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Abstract

This work is centered on modeling and predicting Time-to-Event (TTE) episodes, and has
two distinct purposes. The first purpose is to explore the usage of genealogical data for time-
to-event prediction. Additionally, this work aims to aid medical professionals in improving the
diagnosis and prognosis of patients afflicted with Hereditary Transthyretin Amyloidosis (ATTRv
amyloidosis). This is a genetic disease with a strong historical background in the fishing villages
of Pévoa do Varzim, in northern Portugal.

In order to explore the value of genealogical data for time-to-event prediction, this work has
contributions in feature engineering, namely within the area of feature construction and feature
selection. To this end, it explores and compares a summarizing approach focused on manually ex-
tracting meaningful features from genealogical trees, and which may require domain knowledge,
with a more automated one using embeddings.

It contributes to model construction by creating a multivariate data-oriented approach that
tracks a patient’s risk of developing disease onset through different ages. In this case the imple-
mented approach assumes as relevant differences in patient’s age related characteristics. It also
explores the impact of combining different age models of neighboring time windows in order to
combine a set of base learners and construct a more reliable and less variance prone global model.

Finally, it contributes to model evaluation by addressing the implementation issues of a business-
based approach to evaluate the expected return of changing clinical guidelines focused on defining
how asymptomatic patients should be followed by interdisciplinary clinical teams. It also presents
robust evaluation strategies that assist the multivariate data-oriented approach in selecting the best
model. The evaluation strategies are also used to compare and evaluate the feature construction
methods.

The application is focused on patients with ATTRv Amyloidosis.

To present and characterize the work done, this thesis is structured into four main sections. It
begins with an introduction and a presentation of ATTRv Amyloidosis from a medically historic
perspective. Then it presents the relevant background by dwelling into the connection of time-
to-event prediction with feature engineering, model construction and model evaluation, as well as
introducing key concepts of genealogical studies. After this, it presents its technical contributions,
in the form of the main publications that constitute this work (one paper by chapter). It ends
with an epilogue section which overviews the work performed, shares the main conclusions, and,
finally, discusses the thesis from a technical and clinical perspective.

Keywords: Time-to-Event Data, Data Modeling, Regression Models, Decision Trees (DT), Elas-
tic Net (EN), Lasso (LA), Linear Regression (LR), Random Forest (RF), Ridge (RI), Support
Vector Regressor (SV), Extreme Gradient Boosting Trees (XG)
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Resumo

Este trabalho foca-se em modelar e prever episédios Time-to-Event (TTE), e tem dois propési-
tos. O primeiro € explorar o potencial de recorrer a dados genealdgicos para previsdo time-to-
event. Adicionalmente, visa melhorar o diagndstico feito pelos profissionais que trabalham com
pacientes portadores de Hereditary Transthyretin Amyloidosis (ATTRv Amyloidosis). Esta é uma
doenca genética, hereditdria, altamente debilitante, com um passado histérico que transporta para
as aldeias piscatdrias da Pévoa do Varzim, no norte de Portugal.

Para explorar o valor dos dados geneal6gicos para previsdo time-to-event, este trabalho tem
contribuicdes em feature engineering, nomeadamente na drea de construgdo e selecdo de features.
Para este propdsito, explora uma abordagem de sumariza¢do focada na extracdo manual de car-
acteristicas significativas de drvores genealdgicas. De referir que esta abordagem pode necessitar
de conhecimento de negdcio especifico. Posteriormente, compara esta abordagem com uma mais
automatizada que usa embeddings.

Contribui para model construction criando uma abordagem multivariada, orientada a dados,
para rastrear o risco de um paciente desenvolver o inicio de sintomas em diferentes idades. A
abordagem implementada assume ser relevante a existéncia de diferencas 2 medida que os pa-
cientes envelhecem. Ainda neste campo, explora o impacto da combinagao de diferentes modelos
focados em previsdo de idades, usando janelas temporais proximas. Desta forma combina um
conjunto de base learners e constr6i uma solucdo com menor variabilidade.

Finalmente, contribui para model evaluation, abordando as questdes de implementacdo de uma
abordagem que indica o retorno expectdvel em alterar um conjunto de diretrizes clinicas, tomando
partido de capacidades de previsdao. Ainda neste campo, apresenta esquemas de avaliacao robustos
que suportam a abordagem multivariada orientada a dados na selecdo do melhor modelo. Estes
esquemas também sdo usados para avaliar e comparar as abordagens de construc¢do de features
delineadas.

A aplicacdo € focada em pacientes com ATTRv Amyloidosis.

Para caraterizar o trabalho realizado, esta tese estd estruturada em quatro sec¢des principais.
Comeca com uma introducdo e uma apresentacdo de ATTRv Amyloidosis tendo por base uma
perspetiva histdrica. Posteriormente, apresenta o contexto relevante, relacionando a ligagdo entre
previsdo time-to-event com feature engineering, model construction e model evaluation. Ainda
neste ambito, apresenta conceitos-chave de estudos genealdgicos. Em seguida, apresenta as prin-
cipais contribuicdes, na forma das principais publicacdes que contituem este trabalho (um artigo
por capitulo). Termina com um epilogo que resume o trabalho realizado, partilha as principais
conclusdes e, por fim, discute a tese numa perspetiva técnica e clinica.

Palavras-chave: Dados 7ime-to-Event, Modelacao de Dados, Modelos de Regressdo, Decision
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(RI), Support Vector Regressor (SV), Extreme Gradient Boosting Trees (XG)
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Chapter 1

Introduction

The concept of time has varied interpretations in different scientific fields. In physics, it represents
a dimension measuring object movement, while in mathematics, it denotes changes in functions
representing event duration. Also of note that philosophically, time can be seen as an illusion for
addressing reality changes. In this work, time, in tandem with prediction, is important for studying

the likely moment of future event occurrence.

To introduce the work performed, this chapter, explains why this theme is important, provides
its context, outlines the goals, poses the most relevant research questions, and highlights the main

contributions. It ends with the bibliographic note references.

1.1 Scope

The estimation of when an event is going to occur is important or even vital in different situations,
and professionals across different domains are interested in modeling and predicting Time-to-
Event (TTE) episodes [52]. These include doctors and patients aiming to pinpoint severe disease
symptoms to enhance the quality of life, or reduce costs, as well as engineers who need to improve
maintenance scheduling by predicting when the next failure of a specific component is most likely

to occur.

Overall, the areas where Time-to-Event (TTE) modeling and prediction have had, currently
have, and will, most likely, continue to have the greatest impact are management and healthcare
[121]. In these domains, practitioners strive to identify predictors and create models that address
business needs. This is achieved by continuously exploring business rules, finding suitable and
concise representations of real case scenarios, as well by designing, comparing and evaluating
different sets of prediction methodologies. These steps must be considered in conjunction with
the holy grail that corresponds to quality of data, since, garbage in, garbage out [80]. Over time
these can become never-ending tasks.
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1.2 Context

This work focuses on the problem of modeling and predicting Time-to-Event (TTE) episodes [52],
which present time-dependent variables, and whose domain applications have a tight connection
with genealogical data sets. For its connection with modeling and prediction phases, within ma-
chine learning, this concept is explored in feature engineering, model construction, and model
evaluation.

Time-to-Event (TTE) prediction deals with the study, development and exploitation of predic-
tion models, to account for how much time will pass before an event or episode is experienced by
a subject [52]. In this case, event or episode denotes occurrences that are of interest in medicine,
epidemiology, demography, biology or sociology.

Genealogical data sets can be seen as relational or network connected entities, where the re-
lationship between family members is maintained in familial or kinship trees [10]. These repos-
itories of data serve as tools for genealogical-based studies, and can, for example, with the right
manual or automatic feature extraction process, express tendencies of overall demographic evolu-
tion [38]. From a more philosophical point of view they serve as a way to know ones ancestors,
as well as help to explore and understand genetic diseases [107]. As an example, consanguinity
(marriage between close relatives) can increase the prevalence of autosomal recessive disorders in
a population. This is due to the fact that close relatives are more likely to share genes, inherited
from common ancestors. On this note, figure 1.1 depicts a close family where first degree cousins
(depicted with labels 1 and 2), which share grandparents (depicted with labels 9 and 10), have
4 descendants (depicted with labels 3, 4, 5 and 6). These have a 25% chance to express genetic
disorders passed down from their ancestors [13].

From a clinical standpoint, this work was born from the medical need to predict the age-of-
onset of patients diagnosed with ATTRv Amyloidosis. This is a genetic hereditary disease, first
diagnosed by Dr. Mdrio Corino de Andrade, a neurologist that worked in the "outpatients facility
of Hospital Geral de Santo Anténio”" [8]. Since then, this disease has been the focus of multi-
disciplinary research teams working at the recently re-baptized Centro Hospitalar Universitario
de Santo Anténio (CHUdSA). These teams are known for their extensive work in enhancing the
knowledge of this disease, while enduring day-to-day patient care.

When dealing with data, it is crucial to distinguish between descriptive, predictive, prescrip-
tive, as well as diagnostic data analytics.

Descriptive analytics [93] is used to analyze past events and identify hypotheses worth test-
ing, as well as highlight past trends. In medicine, it is relevant during retrospective studies. As an
example, in the course of this work, an extensive longitudinal study was conducted to characterize
profile changes of symptomatic ATTRVal30M patients followed and diagnosed at Centro Hospita-
lar Universitario de Santo Anténio (CHUdSA), since the first patient was diagnosed in 1939 (see
chapter 4).

Diagnostic analytics is a sub-stage of descriptive analytics. It consists on resourcing to data

to figure out, for example, why a specific event occurred. Since it can enhance future recommen-
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dations, without so much trial and error, it can impact prescriptive analytics. In medicine it can be
seen as a task specifically developed to improve the explainability and understandability of sets of
results.

Predictive analytics [93] answers to business questions by, for example, predicting the like-
lihood of specific outcomes, or by forecasting while resorting to historical data. In medicine this
is relevant in the course of management tasks and it can, for example, estimate the medical costs
a facility will incur over a fiscal year, by predicting the number of patients who will access the
hospital emergencies.

Finally, prescriptive analytics [93] corresponds to the most advanced analytic task. It de-
livers actionable insights to decision managers and recommends what actions should be taken to
optimize a desired outcome. In medicine it can be seen as an improvement that shows the impact
of changes in diagnosis and follow-up procedures.

In the course of this work the last three phases correspond mostly to the cost and model eval-

uation tasks.
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Figure 1.1: This image depicts a family tree. Squares depict males and circles depict females. One
circle and one square connected by a strait line depict a marriage, while a line that drops from a
marriage depicts a child.

1.3 Motivation and objectives

Medicine is a field in constant change. It evolves on a daily basis, in response to research, tech-
niques, and expert guidelines. The application of discoveries that emerge from relevant research
projects are leveraged by the need to prevent, diagnose and treat an ever growing range of med-
ical diseases. This was seen in recent past with the SARS-CoV-2 (COVID-19) [47] pandemic.
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Currently, this is the most well known example where predicting when events are going to oc-
cur showed to be of extreme importance, and capable to influence not only patient outcomes but
society.

For reference purposes, the computational objectives that guided this work correspond to:
* develop approaches for feature construction (feature construction);

* build algorithms and methodologies for time-to-event machine learning (model construction

and prediction);

* develop approaches to evaluate and compare different modeling and prediction approaches

of TTE episodes, with a focus on improving their understanding (cost and model evaluation).

1.4 Research questions and main contributions

The main research questions dealt with were:

* RQ1: How can tightly coupled data be exploited to predict time-to-event episodes? In

particular, how can this be achieved with genealogical data?
* RQ2: How to extract effective time-based feature sets for time-to-event episodes prediction?

* RQ3: How well is it possible to evaluate time-to-event episodes prediction occurrences with

genealogical based data sets?

* RQ4: How is it possible to measure the impact of employing a data-oriented prediction

approach in a time-to-event setting?

The contributions, which in academical terms consist of a list of publications referenced in

1.6, are aligned with three areas:

* feature engineering (feature selection and feature construction), with the development
and evaluation of approaches to represent patients evolution over time while, leveraging the

most important feature sets ( [85, 86]);

* model construction, with the development of a multivariate data-oriented approach to track
a patient’s risk of developing disease onset, over different ages, with the purpose of em-
powering medical professionals with the right tools to tailor treatments to patient needs,
as well as exploring the impact of combining age models of relatively near time windows
([83,84,87]);

* model evaluation, with the implementation of a data-oriented approach to supply medical
professionals with the cost assessment of following data oriented guidelines to real medical
problems (to be submitted), as well as by studying and presenting a set of robust evaluation
strategies that assist the multivariate data-oriented prediction methodology in selecting the

best model, as well as in comparing the feature construction methods.
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For reference purposes, the application is entirely focused on data sets of patients diagnosed

with ATTRv Amyloidosis. Next, the thesis outline is presented.

1.5 Thesis outline

This thesis is organized in 10 chapters, organized in 4 thematic areas, outlined as follows.

Part I: Intro
Introduction
Chapter 1 delineates the scope and context, defines the problem, and sets forth the objectives
and research questions.
Transthyretin-Related Familial Amyloid Polyneuropathy (ATTRv Amyloidosis)
In chapter 2, TTR-FAP is presented from a historical perspective. An overview of the profile
of symptomatic patients from a time oriented manner is also presented, as well as main symptoms

and diagnosis procedures.

Part II: Background

Time-to-Event prediction and genealogical studies

The 3rd chapter defines time-to-event prediction, and distinguishes it from survival analysis,
since this is one of the most well known medical methods for analyzing distributional changes.
Fundamentally, it presents the main areas of impact, highlights some of the main algorithms,
while pointing a few of their main caveats. It then presents Time-to-Event prediction in feature
engineering, model construction and model evaluation fields. For clarification purposes, initially,
the focus is on approaches that represent entities which contain heterogeneous sets of data. It
then proceeds to systematize the different methods considered state of the art (SOTA). Then, it
presents key considerations of a modeling approach that highlights the utility of data-driven patient
assessment. It also reviews regression and classification evaluation metrics, and highlighting both
the advantages and disadvantages of each metric used. It closes by exploring a few key concerns

of working with genealogical data sets, namely those regarding data quality issues.

Part III: Contributions

This section presents the main academic contributions by highlighting key concerns regarding
each of the published and to be published papers. In this case, it is important to highlight that the
order of the chapters does not correspond to the temporal order in which they were carried out.
Thus, there are some relevant differences, such as the fact that the indicators for Q1, Q2, Q3 and
Q4 time landmarks are only present in chapter 4, and currently it is not deemed relevant to expand
their usage to the rest of the contribution chapters.

Study on the heterogeneity and variability of Portuguese families diagnosed with ATTRv
Amyloidosis
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Chapter 4 presents the results of an extensive longitudinal study which evaluates profile changes
of the ATTRV30M patients diagnosed at Unidade Corino de Andrade, since the first patient was
diagnosed until mid 2023. It also addresses the changes that occurred in the genealogical trees, by

evaluating a set of genealogical-based indicators over different key time periods.
Preliminary attempt to answer the medical problem

Chapter 5 presents the preliminary results for modeling and selecting features for time-to-event

prediction, with a focus on a data-oriented summarization (synopsis) approach.
What is the importance of feature selection?

Chapter 6 explores results of the data-oriented approach delineated to predict the AOO of
TTR-FAP patients, while focusing on the importance of the different types of features. This way
it highlights the ranks of the different sets of genealogical-based features considered.

Is important information being lost?

Chapter 7 presents results on a new methodology assembled to measure if the summarization
approach leads to any loss of important information. In this case it resorts to feature construction
from an embedding perspective and compares the predictive improvement in three types of models

namely: data set A, data set B and full data set.
Is it possible to blend heterogeneous models?

Chapter 8 presents the results of a model construction improvement, focused on merging data

from approximate time windows.
Clinical model for time-to-event prediction

Chapter 9 presents key computational concerns regarding the multivariate methodology for
predicting the age-of-onset of ATTRv Amyloidosis. It also shares and discusses the results, both
from a clinical as well as from a technical perspective. It increases the previously mentioned fea-

ture construction works by enhancing the different feature sets and exploring the clinical impact.

Finally, this chapter also presents the results of a data-oriented methodology to estimate the
cost-benefit of changing clinical guidelines so as to take advantage of prediction capabilities. This
can be used in other medical related problems to simulate the return on investment (ROI) [60] of

following a set of guidelines for the follow-up of asymptomatic patients.

Of note that it this work considers that the social aspects of following patients are more press-
ing and relevant than monetary concerns, since the cheapest approach is simply not to follow

patients that have not yet shown symptoms.

Part IV: Epilogue
Conclusions and future work

Chapter 10 discusses the results from a clinical as well as a technical perspective. It also
leverages the main achievable conclusions and limitations of this work. It ends with a set of future

work directions.
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Chapter 2

Transthyretin-Related Familial
Amyloid Polyneuropathy (ATTRyv
Amyloidosis)

The work conducted in this thesis addresses a pressing medical issue, that underlines the impor-
tance to model and predict the age-of-onset of patients diagnosed with ATTRv Amyloidosis.
Breaking down the name, one has “A” for Amyloidosis, “TTR” for Transthyretin - the protein
that transports the thyroid hormone thyroxine and retinol to the liver, and “v” for variant [15]. The
event of interest - age-of-onset (AOQ), represents the moment in time when first symptoms are
felt.

Due to its heterogeneity, data scarcity and disease severity, predicting age-of-onset for AT-
TRv Amyloidosis is a challenging problem, both from an academic as well as from a medical
perspective. From early times, this work was deemed clinically relevant due to published evi-
dence [64, 102] showing the connection between the AOO of a patient and that of the ancestor.
The studies focused on Portuguese families and presented different descriptive and statistical
evaluations. Later, clinical researchers from other geographically dispersed cohorts conducted
additional studies [4,25,37,89], still from a descriptive and statistical standpoint.

On a follow-up as well as a more generic path, the study presented in chapter 4 and annex
A points out, also from a descriptive and a statistical basis, the importance of family relations
on AOO differences, between patients which share family relations, namely while considering
families, probands, parents and siblings. One of its major findings consists on exhibiting clear
statistical based evidences of a higher decrease in the AOO difference between siblings, than when
considering other genealogical connections such as parents. Still, currently a few issues remain
unclear, namely why it happens.

As such, this section follows to present the main characteristics of ATTRv Amyloidosis, while

contextualizing as to its discovery and the symptoms that afflict its bearers. This is relevant since it
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Figure 2.1: Types of Transthyretin Amyloidosis (ATTR)

adds context to the heterogeneity regarding age-related factors and its impact in rare disease man-
agement. It also refers a few of the current research lines that are followed by different research

groups, with a focus on clinical practice.

2.1 ATTRv amyloidosis

ATTRv Amyloidosis was until recently known as Transthyretin Familial Amyloid Polyneuropathy
(TTR-FAP) [15,67]. Characterized as a rare neurological hereditary disease, it is also classified as
severe, progressive, and life-threatening.

On a more general perspective, Transthyretin Familial Amyloid Polyneuropathy (ATTRv Amy-
loidosis, where the v stands for variant), over time received different denominations, namely:
Hereditary Amyloidosis, Familial Amyloid Polyneuropathy (TTR-FAP, FAP, PAF), ATTRv Amy-
loidosis, Transthyretin Amyloidotic Familiar Polyneuropathy, Portuguese Familial Amyloidosis,
among others. Also referenced as an irreversible and rare neurological disease, it is worth men-
tioning that different types have been diagnosed over the years (for a full description please see
figure 2.1).

From a historical perspective, ATTRv amyloidosis was first diagnosed in Portugal by Dr.
Mairio Corino da Costa de Andrade [8], in 1952. Over the following 42 years and until 1994,
a total of 1233 cases were diagnosed at Centro de Estudos de Paramiloidose [81], the original
name of the medical facility later denominated as Unidade Corino de Andrade (UCA) and which
is highly valued by the knowledge it shares with other clinical facilities.

Currently, UCA, which acts under the umbrella of Centro Hospitalar Universitirio de Santo
Anténio (CHUdSA), is one of the two medical facilities that in Portugal, diagnose and are respon-
sible for the follow-up of patients and families afflicted with ATTRv Amyloidosis. It contains the
oldest active data repository with information of formerly and currently active families of carriers
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of this disease. For more information regarding the distribution of patients which currently are
actively being followed in UCA please refer to chapter 4 and annex A. These contain an extensive
longitudinal overview of the most current clinical and genealogical profile of Northern Portuguese
carriers.

Thought initially to be restricted to Portugal, Sweden and Japan, over the last decades other
foci of the disease emerged in France, Spain, Turkey, Germany and Austria [33], among other
countries [7].

Depending on the stage at which a patient is, TTR-FAP can have a great impact on social,
economic, familial, and working life quality, mainly due to the damage it causes to the sensory
and autonomic nervous systems. In a more of a public policy perspective, it can also impact
different social aspects such as main demographic indicators, specially in areas where the disease
is not considered rare. From a clinical perspective and as an example, one of those symptoms,
male impotence, directly influences the average dimension of families, namely when the carrier is
male [72] even thought currently most patients undergo medically assisted pregnancies.

In Portugal, as well as Brazil and Sweden, the variant responsible by the largest percentage
of active patient cases has the denomination of p.Val50Met [110], and was formerly known as
ATTRVal30M [98]. Several studies have focused on analyzing which factors influence its pheno-
typic variations, and are responsible for the heterogeneity present on age-of-onset of ATTRVal30M
bearers. It is worth noting that despite numerous attempts to identify the factors influencing this
event, the answer remains unclear, due mainly to the wide dispersion of values observed in active
patients, which in turn make it difficult to resort to classic clinical trials, where from a cohort of
patients medical professionals select subset of patients with possibly a wide age range, to compare,

for example, the distributional differences between symptomatic and control cases.

2.1.1 Amyloid and Amyloidosis

Amyloid is a medical term which references a substance that exists in the human body [20]. Over
time, when this substance appears in abnormal deposits, it can lead to the development of a strain
of degenerative diseases known as amyloidosis. Thus, amyloidosis occurs when proteins misfold
and form insoluble fibrils that deposit in tissues belonging to different organs (e.g. heart, kidneys,
liver, eyes) and interfere with their normal function [2].

For contextualization, in the case of proteins, "misfolding" [76] refers to the abnormal structure
of a protein. Since the correct biological function of a protein depends on their correct and precise
shape formation, when this does not occur, it can lead to a dysfunctional or even harmful clinical
prognosis, which can lead to a degradation of tissues. Depending on the disease, this can occur

due to environmental changes, or genetic mutations.

2.1.2 Impact in the human body

When amyloid sets in the human body it impacts different systems, such as the sensory and the

autonomic nervous system [20].
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The sensory system which is part of the central nervous system, is responsible for processing
and transmitting information from different organs (eyes, ears, skin and tongue) to the brain. It
ensures individuals are able to perceive and interpret different sensations such as touch, sound,
light, taste and smell, besides distinguishing between hot and cold thermal variations [68].

The autonomic nervous system controls the body’s involuntary functions, such as heartbeat
and sweating. It is divided into two branches - the sympathetic nervous system, which prepares
the body to respond to danger; and the parasympathetic nervous system, which helps the body
to relax. The movements related to the autonomic nervous system are involuntary and reflexive,
such as increased heart rate during exercise, sweating in response to heat, or digestion after a
meal [114].

In clinical terms, a disease which affects the sensory as well as the autonomic nervous system
can trigger a wide range of symptoms. In this case, it typically manifests as a severely progressive

sensorimotor and autonomic polyneuropathy, together with cardiac dysfunction [33].

2.1.3 Symptoms and disease progression

TTR-FAP is an amyloid nerve based disease that affects patients’ peripheral nerves, which control
sensation and the movement of arms, as well as legs and autonomic nerves that control automatic
body functions [20,27]. These symptoms define a set of categories that represent different severity
degrees.

Worldwide, medical professionals agreed upon a Polyneuropathy Disability Score (PND) clas-
sification system to define the progression of patients diagnosed with TTR-FAP, and it corresponds

to the following items [3]:

* PND I: Sensory disturbances in extremities and preserved walking capacity.

PND II: Difficulty walking but no need for walking stick.

PND IlIa: One stick or crutch required.

PND IIIb: Two sticks or crutches needed.

PND IV: Confined to a wheelchair or bed.

The main characteristic of this disease is that it is considered a complex disorder, whose symp-
toms can overlap with other conditions, especially in older ages. These factors contribute to the
difficulty to pinpoint the start of symptoms onset, and why it is important to have a set of clinical
guidelines, and not base the diagnosis solely on patient deposition. This is an even more pressing

matter when the depositions are made by close-family relatives.

2.1.4 Characteristics of Portuguese subjects

In clinical terms and accordingly to several publications, TTR-FAP is defined by loss of superficial

sensation, including thermal sensation, and a steady progression of the disease over the course of
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10 to 15 years [63]. These characteristics can greatly impact patients’ lives in all their dimensions,
namely by presenting difficulties in social, familial, and work relationships.

In Portugal, TTR-FAP is characterized by a high penetrance rate. This defines the likelihood
of a carrier of the disease to show its symptoms and in naive terms it states that the likelihood of
a patient developing symptoms is near 100% when considering quite older ages. For references
purposes, current distribution is depicted in figure 2.2. From it, it is clear the difference between
male and female patients, besides the almost full penetrance, for patients over 80 years old. This
factor was highly impacted, over time, by an increase in life expectancy.

In geographical terms, in Portugal, TTR-FAP is spread over both the coastal and interior coun-
try regions, and has one of the largest foci of the disease in the fishing villages of P6voa de Varzim
and Vila do Conde. Early epidemiological studies unraveled that patient zero, i.e. first patient to
genetically acquire the disease, must have come from this region between 1500 and 1850 AC [72].

Currently, Portugal houses two national reference centers entrusted with diagnosing and over-
seeing patients with symptoms linked to ATTRv Amyloidosis. These facilities have teams of
neurologists and professionals from other specialties (e.g. nurses, psychologists, psychiatrists,
ophthalmologists, cardiologists, nephrologists, neurologists) with extensive practice in supporting
these patients and addressing the different dimensions of this disease.

Within the northern reference center, Unidade Corino de Andrade (UCA), a total of 934 fami-
lies are currently enlisted, but not all are focus of regular familial follow-up. This depends on the
status of current and active family branches which study and classification can be addressed with
careful retrospective studies.

In Portugal, the most prevalent mutation of ATTRv Amyloidosis corresponds to the exchange
of the amino acid methionine for valine at protein position 50 (Val30Met following the traditional
TTR classification; c.148G>A; p.Val50Met following the Human Gene Mutation Database) [33],
while in the rest of the countries there is a wider genetic heterogeneity [81]. Of note that in clinical

terms, this fact can induce a difference of diagnosis rates over different countries.

2.1.4.1 AOQ patients profile

Accordingly to recent studies, age of disease onset (AOO) of ATTRv Amyloidosis carriers varies
between the second and ninth decades of life, and presents variations across geographically distinct
and distant cohorts. From a medical point of view, its correct determination is critical to determine
when amyloidosis testing should be requisitioned by medical professionals [7].

The penetrance among positive patients carrying the same mutation varies between countries
[98] and in individuals that belong to the same families. When focusing on the variation between
early (when age of onset occurs before 50 years old) and late onset (when AOO occurs at, or after,
50 years old) there is a wide gender based heterogeneity.

[81] is one of the last published studies that focuses on the profile of ATTRv patients. There,
authors perform a review across Europe. One of the fundamental objectives they had was to clarify
the disease over the different geographical regions it appears. There, they indicate the patients in

terms of early as well as late symptoms presentation, while also characterizing them in terms of
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incidence and clinical presentation. One of the main clarification authors performed was regarding
the definition of disease progression. Authors also expressed that it is not clear the best approach
approach to define disease progression, specially in rare diseases, since they are highly dependent

on medical experience which, can be quite narrow.

2.1.4.2 Progression

Notwithstanding the PND classification presented earlier, in Portugal clinical practice diverges
from it and assesses the progression of the disease in three summary sets of stages that correspond

to: Stage I, Stage II and Stage III [3]. This new category set corresponds to:

* sensory polyneuropathy, where a patient suffers from sensory impairment, which starts at

the lower members and progresses to every member of the body;

» progressive walking disability, when patients start showing difficulties in walking and start

using crutches or a second person to assist them;

» wheelchair bound or bedridden, when patients lose all their ability of walking and are con-

fined to a wheelchair, or to a bed.

For ATTRv Amyloidosis, while in Stage I patients have some difficulty in walking but do not
need assistance, in Stage Il they requires assistance. This stage combines PND IIla and PND IIIb,
and is characterized by a motor disability progression in the lower limbs, by an overall weakness in
hand muscles, and by a high level of impairment, although patients can still move with crutches or
walking sticks. Lastly, in Stage III the patient is wheelchair or bed bound. This stage corresponds
to PND IV [3,26].

On a final note, the literature review shows that both symptoms and the terms that define
disease progression can vary among carriers (due to different mutations). In some cases geograph-
ical dispersion can also influence a wide variability among positive individuals. Even so, in most
cases, progression follows a progressive and debilitating pattern and can present in different forms,
namely with a primary neuropathy or cardiomyopathy format. In the first case AOO tends to man-
ifest early, while in the cardiomyopathy format it presents mainly as a late onset disease [32]. In
general, symptoms tend to worsen over time, as the abnormal protein deposits accumulate and
increase the damage to the affected tissues. Early stages may involve mild peripheral neuropathy,
while later stages may present by significant disability, with patients experiencing severe neuropa-

thy, cardiac complications, and autonomic dysfunction [26].

2.2 Summary

ATTRv Amyloidosis is a rare disease with the largest focus in Portugal. This assists local medical
professionals to gain a high knowledge regarding disease progression, as well as its social and

economic impact on both patients and families.
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In the course of genealogical disease studies, a focus on family history holds considerable
importance. As an example, the study presented in chapter 4 shows the results of an approach
that evaluates the changes of age-of-onset (AOO) and other age-related clinical factors, within
and among families affected by ATTRv amyloidosis. It reveals that currently Portugal faces a
shift in current patient profile, with recent diagnosis showing an increase of male elderly cases,
especially regarding probands. It also shows an overall reduction of time-to-diagnosis, and that
families tend to have a long familial follow-up, since family members tend to be diagnosed over
the course of several years. More importantly, results show the existence of families with both
early and late-onset patients. The study also highlighted that symptomatic patients exhibit less
variability towards siblings then other family members. These observations can have high impact
in the course of family counseling sessions.

In clinical terms, the need to pinpoint the age-of-onset on cohorts of patients can improve
medical resources, and clinical trials. This is not an easy task, especially when in the face of rare,
highly heterogeneous and variable diseases, spread over different countries, and subject to different
clinical guidelines, sometimes biased to local medical knowledge. From a computational-based
technical perspective, the development of methodologies which resort to data sets with highly vari-
able data completeness issues comes with sets of advantages and disadvantages. Notwithstanding,
it is important to keep in mind that resorting to these data sets can be a good starting point. This
can be the case for ATTRVal30M AOO prediction, since without it doctors need to continuously
evaluate asymptomatic patients, at regular and close spanned time intervals, possibly over the
course of several decades, thus straining complicated budget conditions, for health services. To
address this issue, this thesis presents in chapters 7, 8 and 9, a set of models specially engineered
with the purpose of predicting (or improving the prediction) of the AOO of ATTRv Amyloidosis.

On a final note, this chapter gave focus to disease progression since it is impacted by age-
of-onset values, and its study can help to characterize the best age of onset prediction approach,

which can also help in defining disease progression models.



16 Transthyretin-Related Familial Amyloid Polyneuropathy (ATTRv Amyloidosis)

sex
[ male
0.04 1 [ female

>
)
c
o)
©
20 30 40 50 60 70 80
age of onset (AOO)
(a) Distribution of TTR-FAP age of disease onset
1.0
0.8
0.6
c
.0
=
o
Q
o
04
0.2 sex
—— female
—— male
0.0
20 30 40 50 60 70 80

age of onset (AOO)
(b) ECDF of TTR-FAP age of disease onset

Figure 2.2: Distribution of the age of onset of TTR-FAP patients diagnosed and followed at
Unidade Corino de Andrade, since early records until 31st of July of 2023



Chapter 3

Time-to-Event prediction and
genealogical studies

In recent decades, time-to-event prediction gained attention across various fields which lead to
the development of different models for descriptive, predictive or prescriptive analyses [43]. This
chapter discusses time-to-event prediction, relates it with feature engineering, model construction,
as well as model evaluation topics, while explaining the flow of thought that lead to the different
contributions that constitute this work. It also clarifies as to its relation with genealogical studies,

by exploring a few key concerns related with working with genealogical data sets.

3.1 Time-to-Event prediction

The goal of Time-to-Event prediction is to understand and predict the timing of events. This can
be achieved with relevant feature sets. It can also be addressed with different modeling approaches
(classification, regression, time-series), in which case the evaluation schema holds importance.
In this work, for its importance in healthcare, the focus of model construction is on regression
algorithms. This reinforces the need to work with feature construction, to accommodate with
algorithms needs, as well as to delineate a careful model evaluation approach, which deals with

heterogeneous data sets.

3.1.1 Definition

Time-to-event analysis is commonly used in clinical trials and medical research, where it is rel-
evant to evaluate the time a patient took to experience a particular health outcome, or reach a
specific endpoint. This is a wide term and for its intertwined relation with time-to-event prediction

it is important to contextualize it.

17



18 Time-to-Event prediction and genealogical studies

So, when one diverges from the medical field, where the study of time-to-event occurrences
analysis is known as survival analysis [112], one finds other terms referring to it, such as reliabil-
ity analysis [117] in engineering, duration models study within economics, and event history
analysis [6] within sociology, demography, psychology and political sciences [71]. For several
decades [53] it was considered a statistical task for which researchers developed approaches ca-
pable to deal with censored data (e.g. instances for which the event of interest becomes incapable
of being observed after a specific period of time, or when specific instances don’t experience the
event by the end of the follow up period). In these cases, the survival time is said to be censored,
i.e. the observation period was cut off before the event occurred. Thus, the only available informa-
tion is that it didn’t happen by the end of the observation period [111], [5]. Traditional approaches
simplify the problem while deleting censored records from the analysis [5].

When focusing on time-to-event episodes, and while formulating a list of examples, one has
time-to-onset of first symptoms of a disease, time-to-death of a patient, time-to-divorce of a cou-
ple, time-to-unemployment of a professional, and time-to-failure of a mechanical device, as well
known examples. These events can be characterized by both sets of static and dynamic character-
istics that may need to be modeled over different periods of time. This is one of the interesting
aspects of time-to-event data, which over time lead to the appearance of approaches, designed
to cope with, for example, irregular trends, deal with problems, such as correlation among the
predictors, deal with noisy records, or even deal with outliers or aberrant observations.

On a final note, time-to-event problems tend to start with a set of entities for which it is
important to analyze their evolution, regarding a specific event or set of events. On the prediction
side, it has the goal of modeling, predicting or prescribing one or several approaches for when
the event occurs [116]. The study of these occurrences can be categorized between one time only
events, e.g. when a patient will start to feel the symptoms of a disease, and recurrent events !, e.g.
when a patient with, for example, predisposition to develop cancer-based diseases, will develop

the next one.

3.1.2 Time-to-event (TTE) prediction and survival analysis

Most literature reviews [24, 112] that focus on time-to-event emerge as an evolution of a statistical
field known as survival analysis. For this work it is deemed important to differentiate between
time-to-event prediction and survival analysis since, in some cases, they may appear to be the
same.

Although they are often used interchangeably, depending on the context and field of appli-
cation, time-to-event prediction and survival analysis can be seen as two different fields. In the
context of this work survival analysis consists of a branch of statistics that deals with the analysis
of time duration until one or more events happen. It is used to describe or explain the occurrence

and timing of events.

1https ://psiweb.org/docs/default-source/resources/psi-subgroups/scientific/2016/
time-to-event-and-recurrent-event-endpoints/Jjrogers.pdf?sfvrsn=a86d2db_2


https://psiweb.org/docs/default-source/resources/psi-subgroups/scientific/2016/time-to-event-and-recurrent-event-endpoints/jrogers.pdf?sfvrsn=a86d2db_2
https://psiweb.org/docs/default-source/resources/psi-subgroups/scientific/2016/time-to-event-and-recurrent-event-endpoints/jrogers.pdf?sfvrsn=a86d2db_2
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On the other hand, time-to-event prediction is focused on predicting the amount of time until a
specific event will occur. This can be accomplished with statistical or machine learning methods,
with more or less complex approaches, which depend on the characteristics of the problem at
hand, as well as the available data. So, in the context of this research, time-to-event prediction is
considered a broader concept that involves predicting when an event will occur. In this case, the
methods don’t have any particular assumption. Although in [111] authors merge both concepts,
we rely on their work for state of the art positioning, while considering these topics distinct.

Of note that for this work, due to the problem characteristics, the focus on ATTRv Amyloi-
dosis, as well as for the restriction of resorting to genealogical data, the focus is exclusively on
regression algorithms. In this case, since [111] states that methods fall under one of two cate-
gories, namely Statistical or Machine Learning Approaches (see table 3.1), this chapter follows
for an explanation of the most important algorithms, while not focusing exclusively on the ones

chosen for this work. The later ones can be found in sub-section 3.3.

3.1.3 Working with time dimension

Time is important when developing prediction models. By resorting to this dimension one copes
with trend changes, and evaluates historical events to, for example, establish the risk or probability
of future occurrences. For this work, for its relation with the healthcare ecosystem, it is important
to distinguish between prediction time [94] and prediction window [90].

Prediction time answers when is the model going to generate a new prediction, while pre-
diction window defines the time limit or period length for which the model is going to look for
the answer. These concepts are affected if the interest is on developing descriptive, predictive,
prescriptive or diagnostic approaches, and can transform the requirements of a given prediction

problem.

3.1.4 Areas of impact, and their relation with the contributions

Time-to-event prediction is a specialized area of application of machine learning. From the point
of view of this work, the most relevant machine learning stages where one needs to be aware of

the most recent methods, tools and applications, although they are not limited to, consist of:

* Data representation: machine learning based approaches can handle the diverse types of
data often encountered in time-to-event prediction. These data types can include continuous
variables (e.g., patient age), categorical variables (e.g., disease type), and time-to-event data
(e.g., time-to-death of a patient). In this case algorithms need to be able to work with mixed

types of data. For more information refer to sub-section 3.2.

* Feature engineering: feature engineering plays a crucial role in time-to-event prediction
since machine learning practitioners often need to create or transform features to capture
relevant information about the event of interest, and its connection with potential predictors.

For more information refer to sub-section 3.2.
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* Model selection: machine learning offers a variety of models suitable for time-to-event
prediction. Common choices include Cox proportional hazards models, Random Survival
Forests, Support Vector Machines, and Deep Learning models like Recurrent Neural Net-
works (RNNs), or the new Long Short-Term Memory (LSTM) networks. Researchers can
choose the most appropriate model based on the data set and problem characteristics. Spe-
cific algorithms can help to deal with problems such as multicolinearity or over fitting issues

(e.g., regularization techniques). For more information refer to sub-section 3.3.

* Ensemble methods: ensemble methods, such as bagging or boosting, can be applied to
time-to-event prediction models, to improve their robustness and predictive accuracy. For
its possible complexity, it can be relevant to focus on simple approaches that can be easily
understood by professionals with non-technical background. For more information refer to

sub-section 3.3.

* Evaluation metrics: machine learning offers various metrics and approaches suitable to
assess the performance of time-to-event prediction models. As an example, one approach to
deal with multicolinearity is to assess its impact in the course of careful evaluation proce-
dures. Another important requirement deals with results and how to make them explainable

for non-technical users. For more information refer to sub-section 3.4.

The remainder of this chapter will consider these areas of impact, and how the contributions

(publications) can be directly linked to them.

3.1.4.1 Approaches and methods

Currently, there is a multitude of approaches and algorithms for time-to-event prediction. An
overview of the most relevant approaches is performed next. Of note that even thought they
aren’t relevant for the work presented here, they assist in sharing a clear picture of current state
of time-to-event prediction in the healthcare ecosystem. This general overview also assists in
further distinguishing survival analysis from time-to-event prediction. The study over different
model construction algorithms continues in sub-section 3.3. There, the focus is on the algorithms
employed in the methodologies delineated for this work.

Kaplan-Meier (KM) curves:

The Kaplan-Meier (KM) curve [92] is a non-parametric statistical method used to estimate the
survival function from lifetime data. It is used in the course of descriptive analytic tasks to eval-
uate, for example, the time until death. In disease studies this event occurs after symptoms onset
and it shows the cumulative survival probability of the event occurring after a specific moment.

One key point of KM curves consists in the fact that they can be very useful to understand
if, for example, two related populations are distinguishable at any specific point in time, since its
output triggers a good analytic view.

A few key disadvantages consists in how KM curves deal with missing values, estimation of

the prognosis in the presence of competing risks, or how it assists the comparison of treatment
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effects [16]. It is important to reference that it can be problematic to use KM curves when in
the presence of covariates with time-dependent effects. This represents a very important limita-
tion, since when dealing with rare diseases the amount of available subjects can be quite limited.
Notwithstanding, a simple approach can be to subdivide the data set into distinct sub-groups.

Cox proportional hazards (CPH) regression:

The Cox Proportional Hazards (CPH) [109] regression model is a statistical method employed
to analyze the effect of several variables on the time a specific event takes to happen. This cor-
responds, in its essence, to a multivariate regression model which employs the construction of a
survival function to infer as to the probability of an event to happen in a specific moment in time.

The term proportional hazards indicates that the variables (features) [52] are constant over
time. In general, this method is used to compare survival rates across different observational
scenarios.

Random survival forests:

Random Survival Forests (RSF) [61] corresponds to a machine learning algorithm which ex-
tends Random Forests (RF) to handle TTE outcomes in the presence of right-censored data. It
handles these cases by changing the splitting rule that allows for each tree to grow, while resorting
to an ensemble of binary decision trees. These can be used to select the most important variables
linked with the event of interest. It captures complex relationships between predictors and survival
functions without requiring prior specification [58].

Deep learning (DL) approaches:

Deep learning for time-to-event modeling has shown promising results, especially when deal-
ing with multivariate time series, since traditional methods can have difficulties to capture the
complex nature of the underlying dynamical system, and the relationships between sequences of
time values.

Although it has shown great promise in real applications [120], it can have issues when applied
to problems where the amount of available data is small. For rare diseases, even in the cases data

sets are compiled over extensive periods of time, this works as a disadvantage.

3.1.5 Difficulties

Time-to-event prediction poses several challenges that need to be addressed to obtain reliable
predictions. One of them is related with missing data, since it can produce biased estimates with
reduced statistical power. Also the existence of interactions between covariates can be considered
an added difficulty. For the first case it is important to compare different approaches (i.e., have
algorithms which deal with missing data), while in the second case it is important to work with
algorithms capable to deal with such conditions (i.e., Lasso [108], Ridge or Elastic Net [123]).
On top of these, one of the hardest characteristics deals with how it relates with generalizability
issues, since models developed on one population may not generalize well on other populations
or settings. As such it is essential to assess the external validity of the model and to validate it on
an independent data set, which can be hard in some projects. In this work the external data set

schema is considered in chapter 9.
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Addressing these and other challenges requires careful consideration on what are the most
appropriate approaches, and how they work with feature engineering, model construction and
model evaluation. These are taken into consideration from chapters 4 to 9. Important to reference
that for its relation with medicine, the focus of this thesis is on regression based algorithms and

approaches for each of these areas. These will be referenced next.

3.2 Feature Engineering and TTE

In time-to-event prediction, accurate and informative feature engineering is important to produce
effective models. This deals with transforming raw data to create new, stable inputs for data
modeling and prediction. It can also refer to the construction of new features [35].

In this work it is relevant to subdivide feature engineering into feature construction [74] and
feature learning [14]. While with the first the focus is on the creation of new features from raw
data, the later deals with encountering new representations of data.

In this sub-section a set of algorithms for feature selection are also presented [97]. These
consist on general purpose algorithms that can also work in the model construction phase. The
selected algorithms were: Elastic Net [123] (EN), Lasso (L1-regularization, also known as Least
Absolute Shrinkage and Selection Operator) (LA) [108] and Ridge (L2-regularization) (RI) [55].
A set of other algorithms are presented in the next sub-section, namely Linear Regression (LR),
Decision Tree (DT), Random Forest (RF), and Support Vector Machines (SV), despite focused
on the prediction phase. In this case, EN, LA and RI are refereed in feature selection for their
capabilities in working with multicolinearity issues. For a complete study on regression methods
please see [54].

Refocusing on feature construction [35, 74], it involves identifying and transforming the
available predictors to create new features that are more informative for a prediction task. Its
importance is emphasized by the number and nature of available predictors, which can vary de-
pending on the application. Of note that the number and size of available predictors can also make
it challenging to develop accurate, highly performing, and interpretable models. A few of the most
common feature transformation techniques are explored in table 3.2.

As the field continues to advance, it is likely that new and innovative methods for feature
construction will play an increasingly important role in improving the predictive performance of
these models. One such case is related with the development of deep learning based approaches

such as feature learning [14] methods.
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These approaches can be seen as an improvement over manual feature construction methods
since they allow the machine to learn representations and use this knowledge in the mechanics
of prediction models. Nonetheless, it is worth noting that by losing user input they tend to suffer

from a loss of interpretability which undermines their acceptance by non-technical users.

3.2.1 Feature Construction

As stated, feature construction deals with manual or automated approaches to generate new, more
informative features from raw data records [74]. Overall, for time-to-event prediction, there has
been some progress in recent times, namely regarding the appearance of new approaches to deal
with network and sequence data. In either cases, algorithms vary from simple transformations
of available predictors, to more complex approaches focused on, for example, deep learning, or
incorporating mathematical algorithms. Of note that both can in turn be integrated with more
complex model construction necessities by streamlining the feature construction and model con-
structions processes. Next, these items are taken into consideration and used for assessing feature

construction for genealogical tree data sets.

3.2.1.1 From genealogical trees to feature construction

Overall, this work focuses on the use of genealogical data in time-to-event prediction scenarios.
In such cases data sets are characterized by complex relationships between the observations which
can make it challenging to construct informative features.

In simple terms genealogical data describes familial relationships between individuals who are
related to one another through a common ancestor. These relationships can be seen as connectors,
and can provide valuable information about groups of events, such as the risk of diseases, as well as
key genetic or environmental factors that are shared across family members ( [38]). In such cases,
a simple abstraction approach is to see these data sets as graph-based data, where the individuals
correspond to nodes and the relationships to connectors (e.g., edges), that in turn assist in the task
of informing about the interactions that connect entities. In this case the challenge of constructing
informative features relies in identifying the key network characteristics that are associated with
the outcome of interest. Afterwards, one can resort to classic machine learning algorithms to
construct models to answer to business needs, in the form of predictions. This was the approach
followed in this work.

To navigate from genealogical trees to feature construction it is relevant to survey the scien-
tific literature while focusing on medical and computer science articles.

While the literature is a bit reduced, one of the most interesting works resorts to genealogical
data sets to study different social aspects of a group of individuals. So, in [38], authors identify a
set of 21 features to reveal lifespan patterns in human population. To extract these features authors
considered genealogical trees as networks of nodes and resorted to statistical measurements to

characterize lifespan variations over time. Later, they constructed a classification-based model
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to identify the main characteristics of individuals who outlived 50, which would also outlive 80
years, thus focusing on a specific subset of individuals.

When diverging from social sciences and entering into scientific networks, the type of features
found are focused on graph, vertex and edge based statistics. In [113], authors analyzed the evolu-
tion of the number of entering and exiting nodes to identify writing trends, while evaluating their
scientific impact over time. Their objective was to evaluate the degree of importance of scientific
papers over time while their approach was to model the scientific papers as networks of data.

When inferring as to the usage and application of genealogical trees in the medical sciences
to assess events, it is clear that researchers resort to these data structures to store data to be later
target of manual analysis. Their focus deals with extracting information regarding the ancestor
that transmitted the disease and little more. For reference purposes and as an early example,
please check [17]. In this work authors take a data set from patients diagnosed with Huntington
disease and use as features year of onset, year of birth, gender of transmitting ancestor and gender
of offspring to delineate a linear model that infers as to the age of onset of a patient diagnosed
with Huntington disease. In this case they relate a subject’s AOO with the age-of-onset of the
transmitting ancestor and age at the moment of the affected individual’s birth. They conclude as to
the independence of the gender of affected child with transmitting ancestor. Another example can
be seen in [96], where the purpose is to identify key factors that influence age of symptoms onset of
Autosomal Dominant Alzheimer Disease (ADAD). In this case, authors assess the contribution of
parental age of onset, age of onset by mutation type, family contribution, besides APOE genotype
and patient gender. In this case, they identify a correspondence of the variance of the age of onset
with the type of mutation.

From the above works it is clear the focus on establishing relations between a patient or sub-
ject age-of-onset with that of the transmitting ancestor, neglecting other familial relations such
as brothers, sisters or cousins. One reason can be the need to evaluate how different levels of
information can impact the results. As such, the need to take several different types of familial
connections into account suggests it may be important to summarize genealogical trees. This is
evaluated next and can be seen in chapter 5.

Notwithstanding, from a clinical perspective it is noteworthy that the effect of environmental
factors should be evaluated, since over time the evolution of different habits can impact ones
health. For the need to collect different types of information this will not be subject of study in
this thesis.

3.2.1.2 Summarizing genealogical trees

From the previous literature review an idea emerged: the importance to summarize genealogical
trees. This lead to a key question, namely what type of information is relevant when inferring
general hypothesis regarding hereditary diseases?

To allow for a computational based answer it is important to evaluate what frameworks exist
that can help to indicate a more general path for the summarization (synopsis) of genealogical

trees. So, the next stage of this research lead to the works of [46] and [45]. From these it was
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possible to compile a list of metrics that leverage genealogical based characteristics. The selected

characteristics consist of:
* number of women or male relatives that have a specific strain of a disease;
* number of women or male relatives present in a genealogy;
 percentage of genealogical data completeness;
* number of children of a couple;
 generation number (class) of an individual;

* ratio of family members that are or were affected by an illness, taking into account their

familiar relationships.

These served as initial requirements for the information to be gathered from multi-rooted pedi-
grees and which ended up differentiating the genealogical trees. Chapters 5 and 9 present the
work that followed this survey as they list the most relevant manual features extracted from the
genealogical trees studied.

After this assessment another key question emerged. It consisted on if it was possible to define
a rank for different sets of features and what approaches could be used to assess their predictive
value? The background issues relevant to answer it are referenced next and its answer is on chapter
6.

3.2.2 Feature Selection

To answer the previous question the path lead to feature selection approaches. Variable selec-
tion approaches consist of algorithms and methodologies that identify which predictive variables
should be retained in a model and a possible strategy consists on penalize the features accordingly

to their degree of importance.

3.2.2.1 Penalized or shrinkage regression methods

When working on regression problems it is relevant to delineate approaches capable to deal with
different sets of problems, compare the results and focus on the best approach. One example of a
common problem consists on dealing with the possibility of over fitting. In simple terms this con-
sists on developing models that don’t generalize well, and it happens when the model developed
becomes considerably attached to the training data set. Another possible problem consists in how
to deal with multicollinearity issues. Of note that multicollinearity consists on having a predictor
variable, or feature, highly correlated with other features which can generate models biased to
specific situations. Other examples of possible problems consist on: working with a large number
of variables, or working with a low ratio of instances per number of variables. To deal with a few

of the most common data set problems one can resort to shrinkage methods [54]. In this work the
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focus relies on Elastic Net (EN), Lasso (LA) and Ridge (RI) algorithms. Although resorting to pe-
nalized linear models constrains the sizes of the coefficients, it brings the need for a tuning phase
to identify the optimal subset of relevant features. This introduces additional complexity to the
knowledge data discovery pipeline and increases the overall computational cost of the modeling
strategy [97], which can lead to the need of special evaluation strategies.

Lasso (L1-regularization) is designed for feature selection in sparse feature spaces. Since it
reduces the number of variables upon which the given solution is dependent, it is considered useful
in some contexts. This means it is good for variable selection and bad for group selection when
the predictive variables are strongly correlated.

Ridge regression (L2-regularization) addresses some of the problems of Linear Regression by
imposing a penalty on the size of coefficients. It is good for multicollinearity, and group feature
selection, while having difficulties in variable selection cases.

Finally, Elastic Net is a model that is capable of dealing with multicollinearity issues that need
variable selection (combines the strengths of Lasso and Ridge algorithms) [123].

After the summarizing works and the feature selection study, another important question
emerged, namely if important information was being lost while resorting to such summariz-
ing methods. In this case the path lead to study representation and feature learning approaches
and their results are depicted in chapter 7 while the associated background will be introduced next.
As for the impact of feature selection by resorting to shrinkage methods, it is explored in chapter
6.

3.2.3 Representation Learning

Feature construction deals with the creation of new features based on raw data sets. This can be
achieved in (semi) automatic approaches such as Principal Component Analysis (PCA) [59] which
transforms a data set into a new set of features represented by their principal components. Both
genealogical trees and representation learning involve the mapping of complex structures into a
more computationally understandable format. In this case, just as a genealogical tree simplifies
the understanding of family relationships, representation learning simplifies the understanding of
complex data.

Another interesting aspect related with genealogical trees is that individuals (e.g., nodes) and
relationships (e.g., edges) can appear with a time component, since they appear and disappear
accordingly with event occurrences. In these cases the features (or reduction methods) need to
evolve accordingly. In this work the chosen approach was to resort to embeddings to bypass
temporal restrictions. This topic is introduced next from an academic perspective, while from a

contribution point of view it is explored in chapter 7.

3.2.3.1 Evaluating possible loss of relevant information

Machine learning (ML) systems express complex real-world scenarios so as to transform inputs

into descriptive, predictive or prescriptive answers. One of its principal phases corresponds to the
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construction, selection, extraction, and engineering of features [74]. This consists on the applica-
tion of sets of constructive operators over existing data records, to learn or generate new sets of
predictors [74]. One of the most interesting approaches deals with predicting while resorting to
network data. Here problems acquire a different dimension since prediction over nodes or edges,
sometimes with directionally concerns, requires approaches to handle time-related characteris-
tics [50]. One field of research that deals with different representation learning aspects in these
complex scenarios is network embedding (NE).

Network embedding (NE) is a research field that focuses on the representation of complex
systems in low dimensional spaces. Since its creation, researchers have dealt with the conceptual-
ization, development, and application of different solutions, namely: analysis of social networks;
language modeling, for example, by studying co-occurrence of words; and networks of commu-
nication [48]. NE algorithms focus on resourcing to the underlying structure present in network
data, its vertex content, as well as any other available secondary information [119], while provid-
ing answers to intricate questions. Of note that several "new" approaches are developed on top
of graph convolutional networks (GCN). This is the case in the works of [105] and [65]. In the
first reference, authors propose a general framework that learns embeddings of emails and users to
improve a classification task over state-of-the-art approaches. In the second case, authors propose
a node embedding approach to disentangle the information shared by the structure of a network
and the characteristics presented in its nodes, with a multitask graph convolutional network varia-
tional autoencoder. For this, different dimensions of the final embeddings are dedicated to encode
feature information, network structure, and also shared feature-network information.

Embeddings correspond to numerical vectors that represent discrete and relational objects,
into a fixed set of numerical features. In the early years of its usage, embeddings were useful as
a form of dimensionality reduction [22]. These arrays of numbers, which lack human meaning,
are obtained at a feature construction phase. Further transformation approaches, focused, for ex-
ample, on retrieving distance or location patterns, help data-mining algorithms in solving specific
problems.

In general terms, given a set of independent and identically distributed (i.i.d.) data points,
graph embedding algorithms construct an affinity graph, and embed them in a new lower-dimensional
space. With this, the algorithm transforms itself into a new model of lower dimensionality while
maintaining the main characteristics of the network, since connected vertices are kept closer to
each other in the new embedding space [119]. Current research trends focus on one of two paths:
(i) learning the best representation expressing multipurpose scenarios when combining graphs,
their sub-components, or sub-parts [75]; and node embedding approaches, where the focus is on
representing nodes or their connections [44] to express meaningful patterns. In the first case, cur-
rent works extend the graph2vec [75] algorithm, while in the latter most significant contributions
are based on node2vec [50] or edge2vec [44] algorithms.

A node2vec model is constructed by learning a mapping of nodes in a low-dimensional space
of features that maximizes the likelihood of preserving the actual neighborhood of a node [50].

A graph2vec model, on the other hand, extends document embedding neural networks to learn
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representations of entire graphs. It forces structurally similar graphs to be closer to each other in

the embedding space [75].

An edge2vec model extends information regarding connections between individuals to lever-
age them on the representation onto a new feature space [44]. With the latest embedding in-
novations, it became possible to learn task-agnostic representations of complex networks and to
use these features as inputs in different prediction algorithms. Chapter 7 assesses the impact of
summarizing genealogical trees through manual feature extraction, by exploring a new feature

construction methodology based on embeddings, and comparing both.

3.2.4 Discussion

The previous background reveals key aspects to retain.

Current studies examining how familial relationships influence event prediction often sim-
plify the problem and focus solely on a subject’s ancestors, neglecting other familial relationships
(siblings). This fact suggests that evaluating different familial relationships could be beneficial.
Additionally, researchers resort to genealogical trees in a simplistic manner. Particularly, they do
not assess the impact of time and use it mostly for descriptive or visual assessment in genealogical
studies. This suggests that developing methods that are able to condense the information present
in genealogical trees, and integrate it into prediction models can represent a valuable application

contribution. This corresponds to the manual feature construction approach developed.

Another key consideration consists on developing a method to evaluate the potential loss of
relevant information, triggered by manual feature construction over genealogical trees. In this case
the focus is on representation learning approaches and how they can be used to capture information
from genealogical trees to represent individuals. One possible path is to convert the graphs (e.g.,
genealogical trees) into low-dimensional feature vectors. It’s worth noting that in genealogical
data, each individual is represented as a node in a graph, with edges connecting individuals who
share a familial relationship. This suggests leveraging current graph-embedding approaches to
create genealogical-based embeddings. After constructing the embeddings, the next step is to
evaluate their effectiveness as input features for traditional time-to-event prediction models. This
corresponds to the automatic feature construction approach developed and is connected with the

model evaluation contributions.

Lastly, and since feature construction and representation learning can lead to over ambiguous
sets of features, it can be important to assess the most important sets of covariates (or feature sets).
In this case another research path can be to resort to feature selection with penalized or shrinkage
methods to assist in evaluating each approach. In this case it can be also relevant to resort to PCA,
with the loss of explainability it entails, since features loose actual meaning, to further enhance
this path.
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3.3 Model Construction and TTE

Understanding, comparing and evaluating various approaches is paramount for a successfully
completion of a prediction task. Some of the key considerations involved in constructing time-
to-event prediction models, which include the choice of an appropriate algorithm, which mod-
eling approach to use, and what are the main considerations for developing a proper evaluation
for model performance, are explored next. The focus is on Regression [53] (see chapters 5 to 7
for application results), Ensemble Learning [70] (see chapter 8 for application results) as well as
Classification [42] tasks (see chapter 9 for application results). The two last with considerations

regarding the need for an easy adaptation from regression models.

3.3.1 Regression

Regression algorithms model the relationship between one or more independent variables, also
known as predictors, covariates or regressors, and a dependent variable, also known as the
response or target variable [53]. When working under the constraint that the response variable has
a continuous value, its goal is to estimate the effect of the independent variables on the dependent
response. Depending on the case, it is possible to resort to mathematical functions to model such
relationships.

In more objective and mathematical terms, regression modeling consists on approximating a
function f from a set of input variables X to a continuous target variable y, which can later be used
to estimate the relationship between the input variables, to the output target. There are several

relevant algorithms considered state of the art [77] and a few of them are explored next.

3.3.1.1 Algorithms

For this work, the best typification of regression methods corresponds to Multivariate Linear
Regression, Tree-Based methods, and Support Vector Machine Algorithms [30].

When doweling over Multivariate Linear Regression Algorithms, one focuses on Linear
Regression (LR), Lasso, referenced as L1-regularization or as Least Absolute Shrinkage or Se-
lection Operator (LA) [108], Ridge, referenced as L2-regularization (RI) [55], and Elastic Net,
reference also as L1 and L2 regularization (EN) [122].

For Tree-Based methods one can work with Decision Tree (DT) [18], Random Forest (RF)
[19], and XGBoost (XG) [23].

For Support Vector Machine algorithms the focus is on Support Vector Regressor (SVR)
[100].

To deal with some of the most common problems in regression problems such as overfitting,
multicolinearity, and low ratio of instances per variables, in [54], authors suggest using Lasso
(LA). Despite LA was explored previously, namely in the feature selection phase, the main char-
acteristics of Lasso (LA), Ridge (RI) and Elastic Net (EN) will be presented next, from a prediction
perspective, so as to allow for their comparison with the other regression algorithms.
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Lasso Regression (LA) helps to select features in sparse feature spaces. It is useful to reduce
the number of variables upon which the solution is dependent, making it a good choice for variable
selection, but a bad choice for group selection when there are predictive variables that are strongly
correlated [122].

It is noteworthy to reference that Ridge regression (RI) also addresses some of the problems of
Linear Regression by imposing a penalty on the size of the coefficients. Considered to be good to
deal with multicollinearity and group feature selection, it can have adverse issues when working
towards single variable selection [122].

Elastic Net (EN) was born by the need to merge LA and RI. As such, it is a model capable of
dealing with multicollinearity issues that need variable selection [122].

As for Decision Tree Regressors (DT) [42], their focus is on predicting quantitative values by
partitioning the predictor variables into non-overlapping regions. In this case partitioning contin-
ues until all of the instance records in each leaf-node have the same target value, or until some
of predefined size limits are reached. If the latter happens, then the predicted value needs to be
measured. How? By calculating the average the target values of all the records that share the same
leaf. This corresponds to a simple and well regarded approach, with the advantage of producing
very explainable results.

Random Forest (RF) [42,70] generally improves the performance of a modeling approach, by
resorting to large numbers of different sets of Decision Trees (DT). Of note that this is considered
an ensemble based algorithm which captures properties of a data set while leveraging the amount
of available data. It works by training different decision trees on, for example, a different subset
of the training data, as well as randomly selecting a subset of the features at each split node based
on the split criterion. In this case the prediction results are obtained by introducing a new record
to all trees and returning the average values encountered.

XGBoost (XG) [23] is one of the most used approaches to answer to a wide range of predictive
questions. It stands for Extreme Gradient Boosting and corresponds to an implementation that
conforms to Gradient Boosting, Stochastic Gradient Boosting or Regularized Gradient Boosting.
It has high computational and performance speed, is capable to automatically handle missing data
values. From an engineering perspective its most important characteristisc relates with the way it
parallelizes the tree construction procedure, while still being updatable when new data is available,
since it can greatly impact the re-training phase of a model.

Finally, Support-Vector Machine (SV) is an algorithm that uses a hyperplane, or a set of hy-
perplanes, and focuses on classification, regression or outlier detection tasks. In the special case
of Support Vector Regressor, one defines a limit (€) to find a function f(x) that has at most € devi-
ation from the obtained targets (y;). In other words, this is an algorithm that, based on a threshold

(&), fits a line to the training data by minimizing a cost function [100].

3.3.1.2 Answering time dependent questions

In the course of a regression based modeling approach, time-oriented responses are crucial, spe-

cially when dealing with time-changing covariates. They assist in understanding and predicting
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the behavior of a variable over time, while taking into account the temporal dependencies that
exist in the data [53]. This is relevant to deal with the independence assumption.

Important to reference that several approaches can be used to deal with answering time depen-
dent questions.

In a time-oriented regression model, the response variable is typically a function of time, and
the predictors can include lagged values of the response variable, known as autoregressive terms.
Another approach is to transform the covariates and have independent models to deal with time
changes. This is considered a more understandable approach for non-technical users and serves as
the foundation for this work’s approach.

In this work the main approach developed to deal with time changing effects for time-to-event
prediction questions deals with transforming the covariates to conform to time changes. This
substantiates to having models focused on the characteristics of patients at specific ages and it is
relevant since the patients evolve over time thus increasing the risk of developing symptoms. Of
note that in these cases the validation phase corresponds to an important step in the prediction
pipeline, due to its need to evaluate the underlying data-generating process and to account for

independence over the covariates.

3.3.2 Ensemble Learning

In regression, base learners forecast a value given a feature vector [53]. This feature vector cor-
responds to a set of independent inputs. Important to note that different regression algorithms
operating over the same problem and while working with the same data sets can generate differ-
ent responses, specially when working with data sets that contain outliers, are unbalanced, and/or
contain missing information. In such cases ensemble methods [70] can be used to obtain better
predictive performance, as well as to deal with problems of traditional regression or classification
approaches.

In general terms, the basic idea of ensemble learning is to create a group (or ensemble) of mod-
els that work together to produce a more accurate prediction than any single model could achieve
alone and it can be constructed in different ways. One of the most simple model construction
approaches consists of averaging a group of predictions (regression setting) generated by multi-
ple models, sometimes instantiated by the same algorithm but with different parameters. Another
approach is to resort to a voting mechanism (classification setting) to select the most common
prediction.

On a wider spectrum, ensemble methods represent generalization approaches that combine
methods created with the joint purpose of predicting a specific outcome [70]. Since the strategies
often consist of leveraging statistical concepts, such as mean or median functions, or concatenating
sequential results, it can be done in stages. In the first stage, i.e. model construction, one can
build different models with different training subsets or different algorithms. In the second stage,
i.e. model selection, the aim is to reduce the number of models to combine. The third stage,
which corresponds to the integration phase, combines the results of the chosen models. For this

thesis, and for ensemble learning strategy engineered, the focus is on this third phase [70].
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Of note that overall, the results obtained with ensemble models reduce the generalization error
of individual learners. Standard strategies incorporate bagging, boosting and stacking approaches
[70].

While bagging corresponds to the aggregation of multiple models trained and instantiated in
parallel and boosting instantiates a new model sequentially to the previous one, stacking combines
a set of different estimators (first-layer) using a meta-model that, depending on the type of model,
combines them to maximize the robustness of the final model.

For its current research focus, ensemble learning benefits from diversity. In this case, by
resorting to multiple models that have different strengths and weaknesses, the ensemble can cover
a wider range of possible solutions and reduce the risk of over fitting, where the model performs
well on the training data but poorly on new data. In this case diversity is achieved by using different
algorithms, different subsets of the data, or by varying the hyper parameters of the models.

On a final note, ensemble learning has become increasingly popular since it can improve the
accuracy and robustness of predictive models, and constitutes an ever growing field of application.
Although there are approaches specially directed for ensemble learning, such as Random Forest
(RF) [19] and Extreme Gradient Boost (XG) [39, 40], sometimes they are referenced as base
learners since they act as already implemented tool sets. In this case and for this work, to delineate
a strategy and since they were already used in the early attempts to answer the medical problem, it
is relevant to consider them as base learners and further aggregate their predictive results. Practical

results are presented in chapter 8.

3.3.2.1 Integration with regression

As stated previously, there are several approaches for an ensemble based predictive answer to a
specific problem. One of the most well known cases is represented by the Random Forest (RF)
since it combines several DTs, by merging individual results in a group answer. On a follow-up
note, this can be seen as the base of the approach developed and presented in chapter 8. This is
the case since by combining the results of individual weak learners it is possible to develop more
stable and less variance prone results. Of note that this is still considered as a powerful technique
although its impact is not always clear, since it can be easily grasped by non-technical individuals
and produce more acceptable results.

It is noteworthy that in the case when several independent models are used to generate an
ensemble predictive response, the objective is to reduce variance and bias, while improving final
results. This exploits the capabilities of individual algorithms, each capturing different aspects of
the data, and leveraging the strengths of each individual model, while mitigating their individual

weaknesses.

3.3.3 Classification

Classification [42] consists in learning a target function f that maps each input set of attributes

X; with i € [1,2,...N], to one of the predefined target labels y;. If k = 2 this is denominated as a
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binary classification task, and if k£ > 2 it is known as a multi-classification problem. As such, in a

more formal notation, and by considering a set of input data points, it can be represented as

(X1,01), (X2,52)5 (X, yn) (3.1)

where X; corresponds to the feature vector and y; corresponds to the target variable. In this
case a prediction model learns the function f that with the input space X maps the target y. This
target function, also known as a classification model, is useful both for descriptive and predictive
modeling.

When focusing on the descriptive setting, the target function is used to summarize input fea-
tures. As such, it is worth to indicate that in this work, there is special focus into which models can

be applied to Time-to-Event prediction, with and without explicit feature engineering approaches.

3.3.3.1 Algorithms

Currently there are several state of the art algorithms applicable for classification based predictive
questions. Most approaches rely on decision trees (DT), random forests (RF), and support
vector classifiers (SVMs) [118].

In this case, both SVM [28] and RF [19] are popular algorithms used in a variety of ap-
plications. In the first case the algorithm blends linear modeling with instance-based learning,
by selecting a small number of critical boundary samples from each category, thus building lin-
ear discriminate functions that separate each category. When no linear separation is possible the
algorithm resorts to a kernel function to automatically inject the training samples into a higher-
dimensional space. Although not easily understandable and loosing on key features such as in-
terpretability, SVM is considered as one of the most reliable algorithms to tackle classification
questions. On the other hand RF [42] is an ensemble learning method that, in the classification
scenario, constructs a multitude of DT at training time, and that outputs the class that corresponds
to the mode of the individual trees. RF corrects DT disadvantage of being prone to over fitting over
the training set, and is widely recognized for its interpretability and highly accurate performance.

As for DT [118], when operating alone, the main difference when considering its regression
counterpart relates with the cost function. In this case the cost considers the Gini Index metric,
also known as Gini Impurity, which assesses the likelihood of an incorrect classification when a
randomly selected data point is assigned to a target, based on the distribution of classes.

When focusing on XG [23], this represents an improvement over DT, since it integrates a
process named boosting to improve performance. It also integrates pre-processing methods to
handle categorical data, namely with binning and one-hot encoding procedures.

As for the EN, LA and RI, main characteristics state that they can handle data with multi-
colinearity issues. In binary classification these can be integrated with logistic regression, thus
generating as output a probability referencing each class.

Lastly, regarding LR and binary classification it isn’t suitable on its own as it needs to trans-

form the results.
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3.3.3.2 Integration with regression

Regression modeling deals with answering problems where the target variable has a continuous
value (for example, predicting a person’s weight or the price of a house). When it is relevant
to model a discrete label or category, such as if a tumor is malignant or benign, classification
comes into play [118]. Although one can consider it as a completely independent prediction
problem, transforming a regression-based response into a classification prediction is considered as
an interesting practice, when the output or target variable of interest is categorical (discrete). The
transformation process involves defining a threshold to separate the continuous output into distinct
classes. For example, if one has a regression model that predicts a person’s risk of developing a
certain disease based on various features (weight, age, gender), one might decide that any predicted
value above 0.8 classifies the person as “at risk”, while any result below that threshold classifies the
person as “not at risk”. The choice of the threshold can impact the performance of the classification
model and must be chosen carefully, both with business as well as data fundamentals. Of note that
one of the most common problems deals with having to deal with unbalanced issues. This can be
dwelt with by evaluating with precision and recall metrics, or by applying smote to the training
set [91].

3.3.4 Discussion

Overall, independently of the solution (classification, regression, ensemble, time-series, outlier
detection) one of the main issues of model construction deals with the definition of the right
amount of data needed. For models with small data, researchers can resort to components such as

bootstrapping to increase the available background knowledge.

Regression is an important field of research in machine learning prediction, and in the health-
care setting this is an even more pressing matter. In regression based modeling main tasks deal
with the choice of the algorithm, the best feature set, as well as the diagnosis of the most relevant
questions. Nonetheless it is important to keep in mind that the most relevant characteristics of
regression algorithms focus on their: ability to deal with missing values; sensibility to outliers;
dependence on specific characteristics of the data, such as normality or independence of the obser-
vations; and model interpretability. From the previously referenced algorithms, the ones that seem
most promising for dealing with genealogical data sets correspond to: EN (seeing it combines
both RI and LA advantages); DT (for their explanatory capabilities); RF (for its generalization
capabilities, specially when compared with DT); and XG (for being a very scalable approach with
good predictive capabilities).

Worth mentioning that after addressing a problem with a regression based setting it can be

interesting to explore other approaches.

Ensemble learning is a powerful tool for improving both interpretability and predictive perfor-

mance. In simple terms it explores approaches which combine multiple models, thus improving
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weaker learning results. In addition, since multiple ML models are involved, this enhances relia-
bility, improves stability, and ensures accurate predictions. In time it can lead to a better accep-
tance rate of prediction approaches from non-machine learning field experts. Another important
characteristic of ensemble methods relates with the increase of time and resources needed during
training time. For example, training 500 trees in a RF consumes more time and resources than with
a single DT. So, it is relevant to keep in mind memory constraints when developing data oriented
prediction answers.

On a final note, another approach can be to explore classification based answers. This area
of application can assist in making the results more easily understood by non-technical users. As
such, it can trigger the generation of new knowledge. In other cases and when integrated with
regression based modeling it can assist in evaluating the relevance of sets of predictive questions.

In this work this corresponds to the intended use case.

3.4 Assessing the utility of TTE models

In the healthcare setting, assessing the utility of a prediction model is essential to evaluate its
performance, as well as to determine its clinical applicability. In this case it is deemed important
that researchers employ a multitude of assessment approaches to measure their utility and value.

By providing a comprehensive overview of different assessment approaches, this section helps
to understand the impact of choosing a method over the other. The focus relies on the metrics used
considering the classification, regression or ensemble prediction results. A few key considera-
tions over the best evaluation strategies are also presented.

Finally, this subsection also introduces a cost modeling approach that measures the utility of
resorting to prediction based approaches to define the follow-up of patients positively diagnosed

with a clinical condition.

3.4.1 Metrics based evaluation

The usefulness of any forecasting model often needs to be measured against specific standards.
Overall, the choice of the best performance metric depends on the application and the goals of the

analysis.

3.4.1.1 Regression based metrics

Over time, researchers developed and analyzed a diverse set of metrics to gauge different perspec-
tives of prediction models. These provide actionable insights that go beyond a simple comparison

of predicted and actual values.

Mean Absolute Error (MAE)



38 Time-to-Event prediction and genealogical studies

The mean absolute error (MAE) [42] corresponds to a statistical estimation of the absolute
error of a model. For a given set of results, where y,.,; represents the observed results of a set of

N records and y),.q4 represents the results obtained by a model, MAE is given by:

Zi’i] |yreal,- — Ypred; |
N

This is an easy to understand measure, as it is expressed in the same units as the predictive

MAE =

3.2)

variables. It allows for non-technical and non-data expert researchers to easily understand the
implications of the results. It has the downside of being less sensitive to very large errors, as it

does not magnify the importance of bigger errors in the difference assessment.

Mean Squared Error (MSE)
On the other hand, mean squared error (MSE) [42], which is also known as mean squared de-
viation (MSD), corresponds to an estimator that measures the average squared difference between
the estimated and the real values. Is is always non-negative, with values closer to zero representing

better results. The equation is given as:

1

MSE = —
NS

(yreal,- *ypred,-)z 3.3)

™=

The major drawback is that the results are expressed in a metric that differs from the target

value, which complicates interpretation.

Root Mean Squared Error (RMSE)
In a regression model, the root mean squared error (RMSE) [42] represents the average dif-
ference between the predicted and the actual values. Mathematically, it represents the standard
deviation of the residuals, and it indicates the how well the data fits the model (e.g. how equal the

observed and predicted points are). Its formula is represented by:

RMSE = vVMSE (3.4)

It has as main disadvantage the fact of being hard to interpret, due to the sqrt of the results. It

is also quite sensitive to outliers, which can distort the interpretation of the results.

R Squared
The coefficient of determination [53], also known as R? or r> provides a measure of how well

a model incorporates the variance present on the data, and is defined as:

SSres
SSt()t

This is a metric useful for descriptive scenarios since it answers if a model is adequate or not.

R>=1 (3.5)

In regression predictive settings it can lead to erroneous assumptions. As such its usage depends

if one is conducting a predictive or descriptive study.
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3.4.1.2 Classification based metrics

The landscape of classification models demands for an understanding as to their efficiency. To
unravel the performance of these models, a group of classification-based metrics has emerged,
offering a multifaceted evaluation of the predictive value of a set of results. Next a list of the pros
and cons of a few of the most important metrics is presented.

For reference purposes, in this context, TN corresponds to True Negative, TP corresponds to

True Positive, FP corresponds to False Positive and FN corresponds to False Negative.

Precision
Precision [42] refers to the ability of the model to correctly identify positive data points.
TP
Precision = —— (3.6)
FP+TP
Accuracy
Accuracy [42] informs as to the rate of the values that were classified correctly. It is calculated
as the sum of all correct classifications divided by all the values.
TP+TN

Accuracy = (3.7
TP+FN+FP+TN

Its usefulness ends when the problem is imbalanced, as the results can be misleading.

Recall
Recall [42] is also known as sensitivity and measures the percentage of correctly classified
positives among the entire sum of actual positives.
TP

Recall = ———— (3.8)
TP+FN

It is helpful when in the presence of an imbalanced data set, or when the goal is to identify a

few critical cases among a larger sample (outlier or fraud detection).

Specificity
Specificity [42] also known as true negative rate measures how well a model can identify true
negatives.
e TN
ty= ——— .
Specificity TN FP 3.9
F1-Score

F1-Score [42] combines Precision and Recall into a single metric.

Precisi Recall
F1—Score=2x rec.zs.zon *Reca (3.10)
Precision + Recall
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3.4.2 Evaluation strategies

Evaluating the performance of machine learning models is critical in the course of model devel-
opment life-cycle. The choice of an appropriate evaluation schema can impact the reliability and
generalization assumptions of a model, and conversely lead to its acceptance or rejection. Next,
a few of the most important considerations over the evaluation strategies used in this work are

shared.

3.4.2.1 Holdout

When resorting to holdout [62], a data set is divided into two distinct disjoint sets: a training
set used for model training, and a holdout or testing set, set aside and reserved for assessing the
performance of the model.

Over the model construction phase, the training of the model is exclusively done on the train-
ing set, and its effectiveness is then evaluated with the holdout set. This is a quick schema that
evaluates model performance in a rapid manner. It is used during initial assessments and consid-
ered suitable when the number of training and testing samples is high. In this case, it is relevant
to ensure that the split reflects the characteristics of the overall data set, and, if need be, it can be
combined with additional techniques like stratified or temporal based sampling, to maintain class

distribution or record sequence.

3.4.2.2 Train, Test, Validation

The train-test-validation [42] schema is a strategy that involves dividing a data set into three
distinct subsets: the training set used to train the model, the test set used for example for tuning
the parameters of the model, and the validation set used to assess the predictive accuracy and
reliability of the model.

While the training set is used for training the model, thus allowing it to learn patterns and
relationships within the data, the test set is employed during model development to, for exam-
ple, fine-tune a set of hyper parameters of the proposed algorithm, besides assisting in specific
decisions about the model’s architecture. Of note that this subset acts as an additional safeguard
against over fitting, by providing a set of data records not used in the training process.

The final set named as the validation set remains unseen during the training and tuning phases
and serves as an independent data set to assess the model’s performance on newly, previously
unseen examples.

This schema offers a balanced approach, ensuring that the model is trained on a sufficiently
large data set, evaluated on independent data, and fine-tuned with a separate set, thus contributing
to the development of more robust and reliable machine learning models.

Its main disadvantage deals with the need to have a large-enough data set, since it is important
to subdivide them on three bulks of data. But since the need to have a large-enough data set is one
of the most important facts in model development it has to be considered as a normal handicap in

most cases.
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3.4.2.3 Cross validation

Cross validation (CV) [62] is a technique employed to compare different modeling approaches
by assessing the predictive performance of each model. This is a well-known robust procedure
that starts by dividing the data set into a k number of slots. Afterwards, interactively, it takes the
records of k-1 of these slots and trains them in a specific predictive modeling pipeline. It then
tests the results on the unused slot and measures the predictive performance of this instance of the
model. This procedure is performed a total of k times, with the final result measures being the

average values of all the & runs [42].

One of the important aspects when dealing with cross validation procedures is the definition
of the evaluation metrics for the different runs of the model since it is relevant to check if over the
different experiments the results have relatively low standard deviation (SD). If it is high enough,
it shows possible problems in the data set or in the different phases before model training (e.g.,
feature construction, data transformations, pre-processing). Another problem can be related with

the existence of drift.

Of note that cross validation can be applied to perform an informed model selection and eval-
uation. Related with this, an in-depth analysis of the work of [9] was performed. In this case the
authors assessed different types of cross validation procedures to be used according to, mainly, the
volume of the data set and the problem approach (i.e. classification versus regression vs time ori-
ented data). These different approaches vary accordingly with the initial problems, the modeling

approach, the amount of available data, and the algorithms used for model selection.
To nest or not to nest

Nested cross validation [21] corresponds to an advanced statistical-based technique that ad-
dresses the potential bias introduced by standard cross validation during hyper-parameter and

model selection phases.

In traditional cross validation, a data set is split into multiple folds for training and validation
phases. This process is then repeated for hyper parameter tuning. One of its main issues is that
it can lead to over fitting of the validation set, as the same data is used for both hyper-parameter

selection and performance evaluation.

Nested cross-validation mitigates over fitting by introducing an outer loop that performs the
standard cross-validation for model evaluation and an inner loop that has the special purpose of

focusing on hyper parameter tuning.

By interactively partitioning the data set into training and test sets in both the inner and outer
loops, nested cross-validation provides a robust framework for unbiased model evaluation. This
methodology is particularly valuable when working with limited data or when the choice of hyper
parameters significantly influences model performance. This nested structure allows for a more
accurate assessment of a model’s generalization performance, ensuring that the hyper parameters
selected during the inner loop are tested on completely unseen data in the outer loop, providing a

more realistic estimate of model performance on new, unseen data.
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3.4.3 Cost based assessment

Cost estimation is relevant in healthcare, as it influences accessibility, quality, and financial sus-
tainability of healthcare services. The greatest impact occurs during budgeting planning activities
since accuracy can ultimately influence the treatments available to patients afflicted by highly
debilitating and impacting diseases.

In clinical terms, and to allow for an earliest as possible treatment time, asymptomatic pa-
tients known to be carriers of a disease should be monitored for symptoms [103]. In the case of
ATTRv Amyloidosis [15], due to the highly variable penetrance across different worldwide co-
horts, as well as wide range of symptoms, it is not easy, even though current literature assesses the
importance of symptoms onset inference methods.

Presently, patient cost evaluations focus on annual healthcare costs estimations, associated
with management of patients, according to disease stage ( [56], [57]). These stages occur after the
symptoms onset [3].

Accordingly to the current literature, if left untreated, patients suffering of ATTRv Amyloido-
sis have a decreased mean life-expectancy of 12 years, after symptoms onset, with yearly mean
healthcare costs of 125.645€ per patient ( [56], [57]). This suggests a follow-up approach focused
on prediction based results can greatly impact overall budgets in healthcare facilities. As such,
there is a need to focus on what approaches are possible to assist management professionals in
estimating the return of investment (ROI) of resorting to a prediction based approach to improve
the follow-up of asymptomatic patients. Chapter 9 focuses on this topic, while also presenting an

in-depth overview of the best prediction based AOO results.

3.4.4 Discussion

Metrics-based evaluation provides a quantitative assessment of a model’s performance. While
different metrics have different purposes they tend to provide an indication of the goodness-of-fit
of a model, and therefore a measure of how well unseen samples are likely to be predicted by a
specific model. This can be impacted by the chosen evaluation schema.

Model-based evaluation methods such as cross validation or holdout procedures are employed
to evaluate machine learning model results, based on data characteristics. These methods provide
a robust measure of the model’s performance, by partitioning the data set into different sets of
records and evaluating results on unseen records. Depending on the case, it can be relevant to
follow data sequence characteristics as well as to evaluate other types of strategies such as time-
oriented data split or sliding window to name a few.

Lastly, business-oriented evaluation focuses on the impact of model predictions on business
metrics. This type of assessment is crucial in understanding the work’s effectiveness on real cases,
as well as its potential return on investment. It often involves domain-specific metrics or domain-
expert evaluations, and requires a deep understanding of the business context.

Next section presents an overview of key characteristics of genealogical data sets and the best

approaches to deal with them.
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3.5 Genealogical studies

3.5.1 Introduction

Event prediction is considered relevant in healthcare since it can impact patient care, help to
optimize resource allocation, as well as enhance the overall efficiency of healthcare systems. Some
of the key medical areas where event prediction plays a crucial role include disease diagnosis and
progression, where it assists in predicting the progression of existing conditions. These results
can assist in developing personalized treatment approaches.

In recent years, the fusion of computational-based research with the field of genealogy has led
to an evolution in the ability to trace and understand human ancestry. This synergy breathed new
life into the age-old pursuit of unraveling one’s roots.

Presently, genealogy is considered as a research field that deals with the extraction of knowl-
edge from families of individuals, while genealogists compile and use different historical records
to explore kinship or pedigree hierarchies between different sets of people. These networks can
then be used to understand the impact of demographic, sociological, as well as epidemiological
events [38].

In Portugal, a few of the most well known genealogical studies leaned over the study of typ-
ically Portuguese diseases such as Transthyretin Familial Amyloid Polyneuropathy (TTR-FAP),
which initial research findings were conducted by Prof. Corino de Andrade and his team [102],
and Machado-Joseph which is a disease originated from Azores and which early findings were
lead by Prof. Dra. Paula Coutinho [29], also under the tuterage of Prof. Corino de Andrade.

Internationally, other studies dwelt with Cystic Fibrosis (Sag.-Lac-St.Jean - Canadd) and My-
otonic Dystrophy (Saguenay — Canadd) [72].

An introductory overview of concepts related with genealogical studies is presented next. It
serves as an introduction to relevant aspects that one needs to have in mind when developing

computational based procedures that act on genealogical trees.

3.5.1.1 Family or Kkinship trees

A family or kinship tree, also known as genealogical or pedigree chart consists on a visual repre-
sentation of families, independent of their size. These visual representations, which can be directly
transformed into a directed graph, represent an abstraction of two types of objects: vertices or
nodes (which represent individuals) and edges (which represent family ties between individuals).

In the cases where there is a type of relation (father or mother to a son or daughter) the rep-
resentation considers an edge with a start and an end node. In the cases there isn’t a blood con-
nection, for example when the relation is for marital concerns, then it can be considered as an
undirected or bi-connected relation [10].

Figure 3.1 shows a family of individuals represented as a kinship. In this case figure 3.1.a

represents the kinship structure, while a graph-based format is represented in figure 3.1.b. This
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abstraction can help to identify possible metrics that can enhance the study of genealogical based

diseases.

1@ 1® e 0o

(a) Kinship Structure

(b) Graph or Network Structure

Figure 3.1: Transforming Family Trees in Graph based Structures

3.5.1.2 Dealing with genealogical data sets

When dealing with genealogical data sets it is important to have two main concerns in mind. In
one hand it is important to evaluate its data quality standards, since data sources compiled over
extensive periods of time can lead to inaccurate sources of data. On the other hand it is important to
continuously process these data records since they can, in the mean time, suffer different types of

corrections. As such a first step when resorting to these lakes of data records deals with researching
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different types of problems that can occur, so as to easily identify sources of noise, corruptions or
incorrect data records [36,79].
A few of the most common and important sources of data quality issues in genealogical data

sets consists of:

* structural differences in data records: historical records may be incomplete or have missing

information such as birth dates, names, or locations.

e errors: transcription errors, typos, and data entry mistakes can introduce inaccuracies into
genealogical databases. Thus cross-referencing and validating information from multiple

sources must be taken into account.

 data quality fluctuations over time: individuals may be recorded under different names or
aliases, especially when dealing with international or multicultural genealogies. In such
cases it is relevant to be aware that variations in spelling or naming conventions, since these

can lead to confusion.

* date discrepancies: discrepancies in dates, such as different birth or marriage dates for the

same individual in different records, can complicate the construction of kinship trees.

* geographic changes: changes which can incur in borders or regarding the name of regions

or streets can make it challenging to locate ancestral locations accurately.

* inconsistent formats: historical records may use different date formats, calendars, and lan-

guages, making data interpretation and standardization challenging.

* privacy concerns: in modern genealogy, privacy considerations are essential, especially
when dealing with living individuals. Thus it is important to be mindful of data protec-

tion laws and ethical guidelines.

Table 3.3 completes the previous list of problems, since it shows the most well known occur-
rences that can impact any data extraction process, specially when dealing with historical unstruc-

tured data records compiled over long periods of time.
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To deal with different data quality issues, researchers need to adopt practices that measure,

evaluate and correct data records. A few of the most common ones include:
* implement mechanisms to cross-reference different sources of information.

* keep detailed information regarding the different sources of information, such as people,

dates and file formats.

« standardize all possible data records such as names, dates and locations, in order to set high

levels of consistency in the databases.
* use genealogy software as they offer tools for source citation and data validation.

More information regarding this issue can be obtained in [79] but it is important to reference
that when first dealing with the genealogical trees from Unidade Corino de Andrade these and
other problems were encountered. Although chapter 5 contains a list of the most relevant problems
encountered during data cleaning phases this process had to be continuously refined so as to deal

with the appearance of new problems.

3.6 Summary

From its inception, this work had two distinct purposes. While on one hand it was deemed im-
portant to explore the value of genealogical data sets, in the other hand it was considered relevant
to focus on ATTRv Amyloidosis. These purposes, from a technical standpoint, suggest it is more
relevant to focus the development on data driven assisted methodologies which can be rapidly
transformed, depending on requirements changes.

So, from a technical standpoint, both statistical and machine learning-based approaches have
sets of strengths and weaknesses, and can be used in different situations, depending on the fea-
tures, target and research questions. While on one hand, statistical models may be preferred when
the goal is to address specific hypotheses, on the other hand, machine learning approaches may
be preferred when the focus is on making accurate predictions, or when the data is complex, suf-
fers from high-dimensionality, or when it has conditions which are more suitable for data-driven
personalized methodologies.

Also noteworthy that a careful data exploring procedure can assist on understanding possible
future data drifts which can lead, from a business perspective, to additional difficulties in turning
the results actionable. Of note that in the case of rare diseases this is an even more pressing concern
since the data sets tend to be compiled over extensive periods of time, sometimes dispersed over
different clinical units, with different guidelines.

On a final note, in this work, it is important to reference that when developing a data-driven
approach for medical problems it is considered relevant to enforce a proper evaluation schema. As

such in the application studies different types of evaluation strategies were taken into account.
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Chapter 4

Study on the heterogeneity and
variability of Portuguese families
diagnosed with ATTRv Amyloidosis

Hereditary transthyretin amyloidosis, clinical named ATTRv amyloidosis, is an inherited disease
with significant variability, where the study of family history holds importance in baseline evalu-
ations and clinical follow-up. This study aims to evaluate the changes of age-of-onset and other

age-related clinical factors.

Overall, this descriptive work is relevant since it gives a clear picture of the heterogeneity that
surrounds carriers and their families, and expresses how their shared profile changed since the
first patient was diagnosed. The initial format of this study is incorporated in this thesis since
it was published early this year in Amyloid, The Journal of Protein Folding Disorders (for more
information please check the publication in [82]). This is a medical journal which consistently

publishes articles on amyloid based diseases.

On a quick summary and preview of the main conclusions achieved, this study reveals that
there has been a consistent increase in elderly cases over recent decades, primarily among male
proband patients. When focusing on the analysis of familial data, it shows that symptomatic pa-
tients exhibit less variability toward siblings, especially when compared to other family members,
namely the transmitting ancestors’ age-of-onset. It is also noteworthy that both the clinical as well
as the genealogy-based indicators studied are characterized by high standard deviation (SD) val-
ues, which emphasizes the heterogeneity present in ATTRv Amyloidosis over the different decades

of its presence in Northern Portugal.

49
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4.1 Introduction

Genetic studies delve into the evolution of genes, heredity, and how certain traits are passed from
parents to offspring [107].

Most genetic diseases are rare, thus affecting a small number of people, while others are more
common and may be prevalent in specific populations or ethnic groups. Depending on the duration
for which these groups are monitored by disease specialists, there is a need to document family
history over time.

From a medical perspective, the notion of family history encompasses an individual’s health
and disease records, as well as their familial connections, both living and diseased. This historical
survey helps to determine a patient’s risk of developing specific clinical conditions. Its study is
important as it can shed a light on the hereditary, as well as the biological or environmental factors

that affect a patient’s prognosis.

4.2 Objectives

This study aims to evaluate the changes of age-of-onset (AOO) and other age-related clinical

factors, within and among families affected by ATTRv Amyloidosis.

4.3 Patients and methods

As analysis of the information in 934 genealogical trees was performed, encompassing family,
close and extended relatives, especially siblings, ancestors and descendants. The clinical variabil-
ity of the patients cohort was also assessed, specifically in relation to a key familial figure, known
as the proband. This represents the initial patient diagnosed in a family and prompts further famil-
ial investigation. The results are presented alongside a comparison of current cases with historical

records.

4.3.1 Subjects

At present, Portugal has two national reference centers entrusted with diagnosing and oversee-
ing patients with symptoms linked to ATTRv Amyloidosis. Within the northern reference cen-
ter, Unidade Corino de Andrade (UCA), which operates under the umbrella of Centro Hospitalar
Universitdrio de Santo Antonio, a total of 934 families are enlisted, with 4611 symptomatic and
asymptomatic patients (49.89% male, 50.12% female). From these, 873 families (93.5%) are
listed as ATTRV30M families. This is the variant with the highest expression in Portugal families.

4.3.2 Materials and Methods

To ensure a comprehensive evaluation of the entire patient cohort, and a distinct understanding

of the characteristics of the most recent patients, the last, most well organized version of the data
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Figure 4.1: Age-of-onset (AOO) of all observed carriers. Blue shows the male symptomatic carri-
ers AOO, while red shows the female symptomatic carriers AOO distribution. There is a difference
close to five years for the peak of each distribution, with male patients having a risk of presenting
symptoms earlier. Mann-Whitney has a p-value result below 0.05 which shows there is a signifi-
cant difference in AOO between genders.

sets of clinical and genealogical information was divided into clusters (groups of symptomatic

carriers), based on their year of diagnosis.

’Year of diagnosis’ refers to the year when the primary medical professional overseeing a

patient’s clinical process accurately documents that the patient’s onset already commenced.

After plotting the distribution of the age-of-onset of symptomatic patients (see figure 4.1), and
performing several experiments, the chosen procedure was to divide the cohort into four equal
sized distinct groups of patients. This way it is possible to account for the increase and decrease in
the 1960s and 2010s decades, as well as the appearance of two distinct peaks of patients’ diagnosis
in between. The groups, henceforth referred to as Q1, Q2, Q3, and Q4 are illustrated in figure 4.2.

Each group (Q1, Q2, Q3, and Q4) comprises approximately 25% of the complete set of pos-
itively diagnosed patients, who have valid age of onset information. This includes valid year of
birth and year of onset. This is crucial, as patients with unclear year of birth or onset cannot have
their AOO accurately determined. With the stratification of the entire cohort, it is possible to com-
pare both between and within each group. This assists in assessing the potential differences in the

diagnostic procedure and evaluate the impact of advancements in disease research over time.

To align with recognized clinical categories, and within each category labeled as Q1, Q2, Q3,
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Figure 4.2: Distribution of positive carriers diagnosis showing the 25% (until 1985), 50% (until
1998), and 75% (until 2008) percentiles. While Q1 represents the patients diagnosed between
1939 and 1985 (46 years), Q2 represents the patients diagnosed between 1985 and 1998 (13 years),
Q3 represents the patients diagnosed between 1998 and 2008 (10 years), and, Q4 represents the
patients diagnosed after 2008 (15 years).
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Table 4.1: Statistics of clinical indicators of symptomatic male patients. Bold values indicate
smaller variability. Only significant differences obtained by the Mann-Whitney between each Q’s
and Q4 are present.

early onset late onset
Qi Q2 Q3 Q4 Q1 Q2 Q3 Q4
n 425 368 331 268 26 45 45 99
average | 294 30.1 30.1 322 558 59.1 602 642
stdev | 6.1 5.6 5.8 6.7 5.1 6.5 6.9 74
coefvar | 0.2 0.2 0.2 0.2 0.1 0.1 0.1 0.1
median | 28 29 29 31 55 57 60 64
age.onsetinge | [1949]  [2049] [1949] [1949] | [50.68] [50,78] [50.82] [50,80]
statistic | 42654.5  40678.0  36686.0 479.0 13545 15240
p-value | <0.001%  0.0002%  0.0003* <0.001*  0.0002% 0.002*
average 33 33.1 31.5 334 60.8 62.9 63.3 66.9
stdev | 6.5 6.4 6.4 7.1 5.8 6.8 74 7.8
coefvar | 0.2 0.2 0.2 0.2 0.1 0.1 0.1 0.1
, median | 31 32 30 32 60 63 62 68
agediag oo | [1954]  [2260]  [2057] [20,54] | [5274] [5279] [50.84] [51,82]
statistic 37281.0 7015 15520 1613.0
p-value 0.0008* 0.0004  0.004  0.008
average 3.5 3 1.4 1.3 4.9 3.8 3.1 2.7
stdev | 2.8 2.6 17 15 2.8 2.5 27 2
coefvar | 0.8 0.9 1.2 1.2 0.6 0.7 0.9 0.7
time.diag median 3 2 1 1 4.5 3 2 2
range | [0,18] [0,171  [0.13] [011] | [L10]  [0.11]  [0,10] [0,10]
statistic | 90330.5  72420.0 1897.5  2839.0
p-value | < 0.001% < 0.001% 0.0002  0.007
average | 40.8 437 34 428 67 67.1 707 738
stdev 7 8 8.6 7.1 6.1 56 5.8 6.3
coefvar | 0.2 0.2 0.2 0.2 0.1 0.1 0.1 0.1
median | 40 43 43 42 66 67 71 75
agedeath = oo | [2478]  [2671] [2465] [30,59] | [56.81] [56.81] [57.85] [57.85]
statistic 2120 3180 5735
p-value 0.000  <0.001  0.009
average 11.3 13.2 11.2 8.8 10.6 8.5 10 7.1
stdev | 4.7 6.4 5.8 45 42 37 3.7 2.6
coefvar | 0.4 0.5 0.5 0.5 0.4 0.4 0.4 0.4
imedeqy MediaN 11 12 11 9 9 8 10 7
range | [1,55] (1,321  [227]  [120] | [621]  [3.18] [320] [0,13]
statistic | 5748.5 47345 763.0 1278.5
p-value | 0.004  0.0004 0.0005 0.0001

and Q4, the patient set was further divided into early and late onset. These are clinical categories
that determine whether a patient is classified as having early onset, that is, if they exhibit symptoms
before the age of 50, or late onset, which indicates if symptoms occur at the age of 50 or older.
These sub-groups were then examined to check for differences in age-of-onset, age-at-diagnosis,
time-to-diagnosis, age-at-death and time-to-death (refer to tables 4.1 and 4.2).

To assess genealogical variability, the focus went to the number of patients represented in the
trees, during each of the time periods corresponding to the Q1, Q2, Q3, and Q4 clusters. This
allowed for the categorization of the genealogical trees into new families or old families, within

each individual group, as well as to quantify their changes over time.



Study on the heterogeneity and variability of Portuguese families diagnosed with ATTRv
54 Amyloidosis

Table 4.2: Statistics of clinical indicators of symptomatic female patients. Bold values indicate
smaller variability. Only significant differences obtained by the Mann-Whitney between each Q’s
and Q4 are present.

early onset late onset
Qi Q2 Q3 Q4 Q1 Q2 Q3 Q4
n 290 321 316 271 16 51 62 75
average 32.7 349 34.6 36 57.3 59.2 59.3 61.6
stdev | 5.7 6.1 6.3 6.3 6.1 75 7.1 8.3
coefvar | 0.2 0.2 0.2 0.2 0.1 0.1 0.1 0.1
wgeonser | Median |32 34 34 35 55 57 58 60
range | [22,49] [2149] [2149] [20,49] | [51,70] [50,76] [50,79] [50,82]
statistic | 27101.5  39070.0 37308.0
p-value | <0.001  0.032  0.007
average | 36.4 38 361 375 | 613 625 63 63.6
stdev | 6.1 7.3 6.9 6.8 6.4 7 75 8.3
coef.var 0.2 0.2 0.2 0.2 0.1 0.1 0.1 0.1
. median | 35 37 35 36 59.5 61 63 64
agediag oo | [2456)  [22.62] [2259] [21,60] | [5275] [5L,77] [51,83] [51,84]
statistic | 35461.0 37603.5
p-value | 0.045 0.011
average 3.6 3.1 1.5 1.6 3.9 34 3.6 2
stdev | 2.9 32 2 2 2.7 3 3.6 1.7
coef.var 0.8 1 1.3 1.3 0.7 0.9 1 0.9
time.diag median 3 2 1 1 3 3 3 2
range | [0,15]  [0,20]  [0,06]  [0,14] | [1,11] [0,04] [0,16]  [0.8]
statistic | 58743.5 58429.5 888.5 24105 2848.0
p-value | <0.001 < 0.001 0002 0012  0.022
average | 45.5 488 476 476 | 654 70 713 733
stdev | 6.7 7.8 9 10 6.7 72 6.9 8.5
coefvar | 0.1 0.2 0.2 0.2 0.1 0.1 0.1 0.1
median | 45 48 48 47 64 69.5 71 72
agedeath oo | 28811 [3073] [27,68] [29.68] | [56.79] [58.87] [56.91] [58,90]
statistic 58.5
p-value 0.017
average 12.7 13.6 10.4 9.6 8.1 10.9 11.4 9.7
stdev | 4.9 5.7 6.3 5 2.8 5 4.9 3.4
coefvar | 0.4 0.4 0.6 0.5 03 0.5 0.4 0.4
o deay, | Median |12 13 9 9 8.5 10 115 9
range | [3,35]  [1,32]  [2.29] [2.20] | [4,13] [427] [021] [4,15]
statistic | 4529.0  4915.5
p-value | 0.002  0.0004
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On average, the genealogical trees clearly identify between 78.02% and 99.77%. These values
depend on the category of each patient, which rests on the type of clinical patient, onset status, as

well as living status.

For this work, a family is classified as a new family if the proband (i.e., the first diagnosed
patient) receives the diagnosis within the time period under consideration. Conversely, a family is
categorized as an old family if the proband was diagnosed in a preceding time period, relative to
the current period for which the current measures are being compiled (i.e., Q1, Q2 or Q3). In each
individual assessment, only families with known diagnosed symptomatic patients were included.
Each of these categories were further differentiated between early onset, late onset, and mixed

onset families, and these can be considered as the active families at that given period.

To evaluate genealogical variability in both new and older families, four genealogical-based
metrics were identified and calculated (please refer to tables from A.1 to A.4). These were cho-
sen to capture the variability in age-of-onset within and between families, and consist of average
largest difference of age of disease onset, average largest age of disease onset difference be-
tween siblings, largest age of onset difference between parents and children, and largest age
of disease onset difference between probands and patients. For old families, these metrics
were assessed for both most recent cases (OMR), which only considers records that share the
current time period, and not most recent cases (NMR), which also considers patients diagnosed

in previous time periods.

As per analysis results and to comprehensively evaluate genealogical variability, this chapter
includes an analysis of the complete age-of-onset variability within pairs of patients who share
a family connection, or that have proband-patient, parent-child, or sibling relationships. These
assessments were conducted across both the full variability spectrum (multiple records per family)
and the maximum variability spectrum (one record per family). For these results, please refer to
figures 4.6 and 4.7.

4.3.3 Descriptive and statistical analysis

The results are reported with a set of statistical metrics. These are average, standard deviation
(stdev), coefficient of variation (coef.var), median and range ([minimum, maximum]). The coef-
ficient of variation is a statistical metric that measures variability changes across data sets. When
it shows changes across data or time frames it means that the relative variability of the data is not

consistent.

Disparities were evaluated using a Mann-Whitney U test. This consists of a non-parametric
test used to identify significant differences between groups. To account for overall changes, the
evolution in diagnosed patients was analysed with Generalized Linear Models (GLM). This aided

in the comparison of the clinical indicators with the Q’s and gender variables (see table 4.3).

All tests were two-sided, and a p-value of <= 0.05 was deemed statistically significant. All

statistical analyses were performed using Python [version 3.9.7].
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4.3.3.1 Comparing distributions

To compare the distributions of the different groups, including those categorised as Q1, Q2, Q3,
and Q4, density-based distribution plots were employed. These are valuable when the purpose is
to compare distribution shapes across different data sets or variables, regardless of their sample
sizes. Since the area under each histogram bar is normalised, the raw values are available in tabular

format, as needed.

4.4 Results

The upcoming results encompass an analysis of the distribution of symptomatic carriers, to show

heterogeneity among patients, and a study of the familial-based indicators.

4.4.1 Diagnosed patients variability

Since 1939, UCA has diagnosed and provided follow-up care for a total of 4611 subjects classified
as positive for the Val30Met mutation. However, due to the variable nature of symptom onset,
fluctuations in patient follow-up caused by the natural progression of the disease, or the simple
unavailability of current patient data, a total of 407 patients (230 females and 177 males) could
not be definitively classified between symptomatic and asymptomatic and will not be included in
this study. Also, 237 patients (115 females and 122 males) lacked matched birth dates and/or onset
dates. This leaves 3967 individuals (1966 females and 2001 males), among which there are 1494

symptomatic females and 1712 symptomatic males.

4.4.1.1 Symptomatic patients

The average age of diagnosis for early-onset cases is 32.3 years (SD=6.6), while for late-onset
cases, it corresponds to 64.5 years (SD=2.7). Across Q1 to Q4, there was a 0.75 increase in
early-onset cases, while late-onset cases exhibited an average increase of four times that (4.2
years). This metric differs from the age of symptom onset, as it is determined within the medical
context during patients’ clinical follow-up. As such, it aids in identifying key factors for day-to-
day clinical practice.

As for gender-specific variations (refer to tables 4.1 and 4.2) results show that these have an
irregular coefficient of variation values in the age-of-diagnosis, time-of-diagnosis and time-of-
death, both for early and late-onset female symptomatic patients. This suggests it is important to
further evaluate these subgroups.

When considering the AOO among early-onset female patients, from Q1 to Q4, there has been
an average increase of 3.3 years. Among male patients, the growth was less pronounced, with
an increase of 2.8 years. Notably, the greatest change was observed in late-onset cases. Among
female patients, the AOO increased by 4.3 years, while among males, this value nearly doubled,

reaching 8.4 years.
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Figure 4.3: Distribution of age-of-onset of symptomatic carriers for the 25% (1985), 50% (1998),
75% (2008) and 100% (2023) year landmarks. The distributions show an inversion in the propor-
tion of early as well as male onset patients, with an increase of female early-onset patients, as well

as male late-onset patients, in Q4.
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Time-to-diagnosis (difference between age-of-onset and age-of-diagnosis) exhibited a general
decrease, with the most distinct difference observed in late-onset female cases (1.9 years). Inter-
estingly, the other differences between Q1 to Q4 for early (2.5 years) and late male (2.2 years), as
well as early-onset female patients (2 years) showed similar trends.

As for the age-of-death, results show an increase in average values both for early as well as
late, male and female patients. A closer look at the time-of-death (difference between the age-
of-onset and age-of-death) shows an increase for late-onset female patients (1.6 years). As for
male patients, they show a decrease of 2.5 years for early-onset and 3.5 years for late-onset male
patients. In the case of early-onset female patients results show a decrease of 3.1 years since Q1
average results.

Moreover, results show that, in every variable, Q4 is statistically significantly different from
any previous time fold.

In the early-onset group of male patients, the age-of-onset in Q1, Q2, and Q3 has a smaller
median than the group of patients in Q4 (28, 29, 29, 31 respectively) and the statistical test re-
vealed that these groups are statistically different from Q4 (pa~< 0.001, p~ 0.0002 and p~ 0.0003
respectively). Moreover, these patterns are also presented on the late-set groups where Q1 as a
median of 55, Q2 of 57, Q3 of 60 and Q4 of 64. Also, Q1, Q2 and Q3 are statistically different
from Q4 (p~ 0.001, p~ 0.0002 and p~ 0.0002, respectively).

In terms of age-of-diagnosis and for the early-onset group, when compared to Q4, Q3 had
a smaller median (32 for Q4 and 30 for Q3). Q3 is statistically different from Q4 (p~0.0008).
On the late-onset groups, the latter groups present lower medians than Q4 (60 for Q1, 63 for Q2,
62 for Q3 and 68 for Q4) and there are statistically differences between Q1, Q2 and Q3 to Q4
(p~0.0004, p ~ 0.004 and p =~ 0.008 respectively). The time-of-diagnosis had a higher median
in Q1 and Q2 when compared to Q4 (3, 2 and 1 respectively) and statistical tests revealed that
the latter groups are statistically different from Q4 (pa~< 0.001 for both) for the group of early-
onset. Similar findings on the late-onset groups with a more expressive values of medians of 4.5
for Q1, 3 for Q2 and 2 for Q4. Statistical test found that the results of Q1, Q2 are statistically
different from Q4 (p~20.0002 and p~0.007 respectively). The age-of-death, and on the late-onset
group, the groups Q1, Q2 and Q3 are statistically different from Q4 (p ~ 0.0001, p < 0.001 and
p~ 0.009 respectively), moreover the median values are lower in the older times (66, 67 and 71
respectively).

The time-of-death, on the early-onset group, is higher on the Q1 and Q2 when compared to
the Q4 group (11, 12, 9 respectively). These groups (Q1 and Q2) are statistically different from
Q4 (p~0.004 and p~0.0004 respectively). In the late onset group, the older groups represented by
QI and Q3 have higher values than the Q4 (9, 10, 7). These groups (Q1 and Q3) are statistically
different from group Q4 (p~0.0005 and p~0.0001 respectively) (see table 4.1).

In the early-onset group of female patients, the age of onset in Q1, Q2, and Q3 has a smaller
median than the group of patients in Q4 (32, 34, 34, 35 respectively. Also noteworthy that the
statistical tests revealed that these groups are statistically different from Q4 (p~< 0.001, p~ 0.032
and p~ 0.07 respectively). In terms of age-of-diagnosis, when compared to Q4, Q1 and Q3 had
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a smaller median (35 for Q1 and Q3 and 36 for Q4). Q1 and Q3 are statistically different from
Q4 (p~0.045 and p ~ 0.011 respectively). The time-of-diagnosis had a higher median in Q1 and
Q2 when compared to Q4 (3, 2 and 1 respectively) and statistical tests also revealed that the latter
groups are statistically different from Q4 (p~ 0.001 for both). Similar findings are also present
in the time-to-death variable, where Q1 and Q2 have higher median values than Q4 (12,13 and 9
respectively) and later groups are statistically different from Q4 (p~0.002,p~0.0004).

In the late onset group, time of diagnosis have higher median values on the older groups Q1,
Q2 and Q3 when comparing to Q4 (3, 3, 3, 2). In this case, statistical tests also revealed that the
latter groups are statistically different from Q4 (p~ 0.002, p~ 0.012 and p=: 0.022). The age of
death was lower in the Q1 when compared to the Q4 group. These two groups are statistically
different (p =~ 0.017), see table 4.2).

There were no statistical differences between all the other Q’s and Q4 for the other variable

and on the different groups.

The results presented in table 4.3, which correspond to the generalized linear model results,
provide additional support for the descriptive assessments. Specifically, they indicate that in early-
onset patients, women tend to experience symptoms at a later stage of life, when compared to
men. More precisely, women experienced the first symptoms approximately 4 years later than men
(p < 0.01) and when receiving the diagnosis (p < 0.01) in the overall time groups. Additionally,
patients diagnosed in earlier time periods tend to have significantly lower ages of onset (e.g., B =-
2.70 and p < 0.001 for Q1, B =-1.55 and p < 0.001 for Q2, and B =-1.71 and p < 0.001 for Q3)
and lower ages of diagnosis (e.g. B = -1.62 and p < 0.001 for Q3), when compared to the more

recent time period Q4.

The time to diagnosis, in the early onset group, has been decreasing consistently throughout the
years. When compared with Q4, the time to diagnosis was approximately 2 years later (p < 0.001
) in Q1 and 1.6 years (p < 0.001) in Q2. This pattern is also expressed in the late-onset group,
where time to diagnosis was at least 2 years higher in Q1 (p < 0.001) and 1 year higher in Q2 and
Q3 (p = 0.001, p ~ 0.007 respectively).

For late-onset patients, results indicate that a male patient in Q1, Q2 and Q3 tends to develop
symptoms significantly earlier than males in the reference group Q4. The ones in Q1 experienced
approximately 9 years earlier ( p < 0.001 ), the ones in Q2 approximately 6 years (p < 0.001)
and the ones in Q3, 5 years earlier (p < 0.001). The women in Q1 also developed symptoms
significantly 3 years earlier than women in Q4 (p < 0.013).

Regarding the age of diagnosis, results show that a male patient in Q1, Q2 and Q3 tends
to develop symptoms significantly earlier than males in the reference group Q4. The ones in
Q1 experienced approximately 7 years earlier ( p < 0.001 ), and the ones in Q2 and Q3 were
approximately 5 years (p < 0.001 in both groups). The women in Q3 also developed symptoms
significantly 5 years earlier than women in Q4 (p < 0.044).

All the models in the early-onset group had a R? ranging from 10% until 15% and in the late-
onset group ranging from 6% until 13%. This shows that the age onset, the age of diagnosis and
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Table 4.3: Generalized Linear Models (GLM) for age.onset, age.diag and time.diag to evaluate
iterations over time groups (Q1, Q2, Q3, Q4). We considered Q4 and male as the reference
classes.

model Variables coef std.err z p-value [0.025  0.975] R?
Intercept 320366 0281 114.118 <0001 31486 32.587
QIT.Q1] 27016 0335 -8.06 <0001 -3359 -2.045
early.onset and age.onset Q[T.Q2] -1.5469  0.346 -4.468 <0.001 -2.225 -0.868 0.13
QIT.Q3] 17108 0351  -4.879 <0001 -2.398  -1.023
sex[T.women] 4.03 0237  17.035 <0001 3566  4.494
Intercept 332869 0308 108.14 <0001 32.684 33.89
QIT.QI] 04884 0374 -1305 0192 -1222 0245
early.onset and age.diag ~ Q[T.Q2] 0.1387 0379 0366 0714  -0.603 0881 0.10
QIT.Q3] 16266 0384  -4241 <0001 -2.378 -0.875
sex[T.women] 42828 0262 16327 <0001 3769  4.797
Intercept 13756 0.102  13.505 <0001 1.176  1.575
QIT.Q1] 22652 0.136 16.606 <0001 1998  2.533
carly.onset and time.diag  Q[T.Q2] 16777 0138 12.138 <0001 1407 1949  0.15
QIT.Q3] 00824 0.140 0588 0556  -0.192 0357
Intercept 65416 0.676 96.733 <0001 64.091 66.741
QIT.Q1] 88755 1415 -6272 <0001 -11.649 -6.102
QIT.Q2] 62827 1314 -478 <0001 -8.859 -3.706
late.onset and age.onset o 3 5001 1284 4121 <0001 -7.807 -2775 O3
sex[T.women] 31239 1.049  -2979 0003 -5.179  -1.069
QIT.QI]:sex[T.women] 5.5433 2221 2496 0013  1.191  9.89
QIT.Q2l:sex[T.women] 33175  1.863 1781  0.075  -0.333  6.968
QIT.Q3l:sex[T.women] 27176 1784 1523  0.28  -0.780  6.215
Intercept 68.104 0.688 98968 < 0.001 66.755 69.453
QIT.Q1] 73897 1609 4594 <0001 -10.543 -4.237
. QIT.Q2] 51707 1338 -3.866 < 0.001 -7.792  -2.549
laie.onset and agediag 1 5 49582 1306 3795 <0001 -7.519 -2398 007
sex[T.women] 35197 1.067  -3.299 0001  -5.611 -1.428
QIT.Q1]:sex[T.women] 4.6943 2,558  1.835  0.066  -0.318 9.707
QIT.Q2]:sex[T.women] 32595  1.895 1720  0.085  -0.455 6.974
QIT.Q3]:sex[T.women] 3.6551  1.816 2013  0.044 0096 7214
Intercept 25234 0177 14285 <0001 2.177 287
QIT.Q1] 20636 042 4914 <0001 124 2887
late.onset and time.diag QT2 10333 0316 3267 0001 0413 1653

QIT.Q3] 0.807 0301  2.678 0.007 0.216 1.398
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the time of diagnosis can only be partially explained by the Q groups and gender. The lower values

of R? in the late-onset groups can be explained by the lower sample size.

4.4.2 Genealogical variability

Turning the attention to the families, out of the 934 profiles, 873 of them include patients with
positive diagnoses of Val30M mutation at Unidade Corino de Andrade, Centro Hospitalar Univer-
sitdrio de Santo Antdnio.

As previously mentioned, for this study, it is deemed important to distinguish the genealogical
variability between the follow-up of new families and old families. This to study differences of
overall diagnosis and follow-up accordingly to patient historical knowledge. So, among these,
7.45% (65) do not have symptomatic patients, 17.41% (152) encompass both early and late onset
patients, 58.65% (512) consist of early onset patients, while 16.49% exclusively comprise late
onset patients (refer to tables from A.1 to A.4). In total, the family trees account for 4292 subjects
who have been positively diagnosed, with 111 patients appearing in more than one tree. Of these,
3313 are symptomatic patients with valid age of onset, leaving 209 patients with missing data to
determine the age of onset.

With respect to new families, it is important to note that the total number has decreased by
237 from Q1 to Q4, signifying a reduction of nearly 65%. Conversely, concerning old families
and their progression from Q2 to Q4, the total number of records increased by 86. This marks a

change of nearly 42%.

4.4.2.1 Symptomatic patients

Across recent decades, in percentage terms, there has been a rise in new families, primarily driven
by the late onset category. These have expanded by almost 50% (refer to tables A.1 and A.2).

In old families, there has been a decrease in the number of patients. This, coupled with the
consistent count of diagnosed families, results in a broader range of patients per family in the most
recent cases, particularly those falling within group Q4. Notably, there has also been an increase
in mixed-onset families, contributing to a heightened variability between familial patient clusters.
Additionally, changes have emerged in the distribution of age of onset (AOO) between new and
old families, and across each data cluster (refer to figure 4.4). Particularly noticeable is the reduced
variation in old families between male and female patients, as the peaks have largely converged in
Q3-Q4. In contrast, among new families, the latest landmarks have seen late male onset carriers
surpassing early male onset carriers.

The distribution of age of onset for symptomatic probands diagnosed within each data group is
depicted in figure 4.5. One of the key characteristics observed is the relationship between the age
and type of probands diagnosed. In Q1, early onset patients significantly drive familial follow-up.
However, this profile undergoes a shift, particularly around Q3 and Q4, with probands becoming
predominantly characterized by middle (after 40 years old) or late onset cases for male patients

(equal or greater to 50 years old).
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Figure 4.4: Distribution of symptomatic carriers with distinction between newly diagnosed fam-
ilies and older diagnosed families (with historical data). On the right we have older families
(patient with family records diagnosed in previously landmarks) while on the left we have newly
diagnosed families. Most relevant differences appeared over the last two landmarks with late male
onset carriers surpassing early male onset carriers in the newly diagnosed families. Also the dif-
ference between male and female carriers has been decreasing over the older diagnosed families.

The relationship between parents’ and their children’s age of onset has been the subject of
numerous studies in recent decades (see [64] and [27]). This focus arises from the presence of an
anticipation factor in the AOO difference between parents and children, which varies according
to the gender of the involved symptomatic patients. Given that this is a familial genealogical
disease, and considering potential genealogical factors that may influence the distribution of AOO
differences among siblings and between parents and children, the attention turned to both the
average and distribution of the variability difference exhibited within each family (refer to figures
4.6 and 4.7, and tables from A.1 to A.4). Although distribution of the variability of genealogical
indicators (across familial, proband, siblings and parents-based relations) should be focused on
the maximum or average variability, in order to remove possible bias, in cases when a subset of
families has growing number of symptomatic patients, the results of the full variability were also

assessed, to present a full picture of onset changes.

So, the genealogical family indicator shows a relatively low average AOO difference in new

families, although these values increase in mix-onset families as well as late-onset families (refer
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Figure 4.5: Distribution of the age of onset for symptomatic probands for the 25% (1985), 50%
(1998), 75% (2008) and 100% (2023) year landmarks. It is clear the change in the type of probands
diagnosed. If in Q1 we have clearly early onset patients this shifts especially around Q3 and Q4
with probands being clearly defined by middle (after 40 years old) or late onset cases for the male

patients.

to tables A.1 and A.2). In old families, there is a concentration on early onset families, with
Only Most Recent (OMR) values showing a smaller average value when compared to Not Most
Recent (NMR) in most cases, due to a decrease in the number of records present in each group.
The change between NMR and OMR in unique family values shows that there is a tendency for
patients of the same family to have dispersal diagnosis years, that is, results show that usually,
patients aren’t diagnosed in familial concentrations.

As for proband-patients genealogical indicator, in general terms, there is a decrease in newly
diagnosed families and an increase in old diagnosed families. Also, in old diagnosed families

there is a tendency for only having values in NMR cases. This shows that in these families there
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is a wide discrepancy in the diagnosis of probands and other family relatives which suggests that
families tend to have a long clinical follow-up.

Regarding parent-child relations, most of the cases are present in old families, more exactly in
not most recent cases (NMR) (see tables A.3 and A.4). This suggests that there is a considerable
difference in the year of diagnosis between parents and their children over the different clusters
(i.e., Q1, Q2, Q3 and Q4). In new families, the average difference in disease onset between parents
and children has been increasing, as well as the raw number of families over the different groups
of data has been decreasing. This can be due to a significant difference in the time of diagnosis
between parents and children.

As for sibling relationships between symptomatic patients, the average difference of AOO has
been decreasing in early onset families over the considered groups, while in late as well as mix-
onset families it has been increasing. It’s worth noting that 68% of the cases exhibit a difference
in the age of onset below 10 years. This suggests a high aggregation of values in terms of sibling
relations.

As for the statistical tests and when considering the extended family evolution for newly di-
agnosed families, the value of the largest AOO difference of Q1 is statistically different from the
values in Q4 (p =~ 0.038 ). It is important to notice that the median value of the largest AOO
difference on Q1 is 8 while the same metric on Q4 is 4. No other statistical differences were found
(table A.1).

In the case of the extended family evolution for old diagnosed families, female patients in Q2
had the largest AOO difference proband-patient significantly different from female patients in Q4
(p < 0.001). The median value for this characteristic in Q2 is 9, and 12 in Q4. Also, female
patients in Q2 are statistically different from females in Q4 in terms of the largest AOO difference
siblings (p ~ 0.008). In this case, the median in Q2 is 7 and reduces to 5 in Q4 (table A.3).

In this study generalized linear models are used to analyze the relationship between the age-
of-onset of a patient and that of their previously symptomatic familial relations. This analysis
provides technical justification for the empirical results presented in figures 4.6 and 4.7 and iden-
tifies trends among the different families being the target of clinical follow-up. Since each patient
can have a highly variable number of relations under the patients, probands, parents and siblings
categories, and to ascertain possible relation bias, the patients were sampled into groups of inde-
pendent records. For each relation, there were created as many groups as the highest number of
relations of a patient. In the end, the groups of models assist on reaching average insights into
the different variables. Of note, that it was considered only viable if there were as many as 10
independent patient records for each coefficient. In the end there were 14 models for patients, 1
model for probands, 1 model for parent relations, and 3 models for sibling relations.

So, the family relation models (refer to table 4.4) indicate that women tend to develop symp-
toms later than other male patients. Specifically, they show that women, in general, tend to ex-
perience symptoms, on average, 5.35 years after male patients and, on average, 1.48 years before
their male relatives. Additionally, results reveal that their age-of-disease onset occurs, on average,

0.21 years later than that of their relatives. As for the proband relation, it indicates that women
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develop symptoms, on average, 4.84 years after other male patients, while women probands tend
to experience symptoms, on average, 1.50 years before male probands. Additionally, it shows that
patients, on average, tend to develop symptoms 0.49 years after their proband relations. When
considering parent relation, results indicate that women, on average, tend to experience symp-
toms 4.45 years after males, and women parents tend to develop symptoms 2.72 years before male
parents. In this case, it also shows that a patient tends to experience symptoms, on average, 0.39
years after their parents. The model that characterizes patients that have siblings as their relations
shows that women tend to develop symptoms, on average, 3.48 years after males, and 2.26 years
before their male siblings. These final results also indicate that a patient, on average, typically

shows symptoms 0.75 years after their siblings’ relations.
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Figure 4.6: Violin plots which depict the distribution of the overall age of onset variability across
familial, proband, siblings, and parents-based relations (several record per family). The central
white dot represents the 50% quantile, while the upper and lower red dots signify the 75% and
25% quantiles, respectively. These plots, along with the quantile positions, highlight that siblings
exhibit the least overall variability within the studied ATTRVal30M families, even though there
are less instances then by taking the family based comparison.

All results have an average R? ranging from 13% (family relation) to 66% (sibling relation),
indicating an increasing explanatory power of the selected variables for the variability in the age-
of-onset, when considering a rank in the familial relations. This rank starts in the siblings rela-
tionship (1*"), proceeds to the parents (2", crosses over to the probands (3"%), and ends with the

family relationship (4'").
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Figure 4.7: Violin plots depict the distribution of maximum age of onset variability across familial,
proband, siblings, and parents-based relations (one record per family). The central white dot
represents the 50% quantile, while the upper and lower red dots signify the 75% and 25% quantiles,
respectively. These plots, along with the quantile positions, highlight that siblings exhibit the least
overall variability within the studied ATTRVal30M families.

4.5 Discussion

Comparing the groups (Q1, Q2, Q3, and Q4) reveals several differences.

From the bagging procedure utilizing the diagnosis years of symptomatic patients, the most
significant years were identified as 1985, 1998, 2008, and 2023. As the first patient was diagnosed
in 1939, the initial three groups were diagnosed within a span of 46, 13, and 10 years, respectively.
The final patient group, corresponding to the most recent 25% of cases, received their diagnoses
over the past 15 years.

Overall, in clinical terms, Q4 represents the most pertinent group as it encompasses the most
current and active patients. The varying time spans leading to the establishment of each group (46,
13, 10, and 15 years) indicate that the peak of patient diagnoses was in the 1990s, and significant
changes transpired over recent decades. One such change is the reduction in newly diagnosed
patients, with the final 25% of patients requiring an additional 33% of time, when compared to the
previous set. Furthermore, a decrease in diagnosis time was observed in the last group compared
to the previous ones. In clinical terms, it’s important to reference those significant changes that
occurred in the diagnosis procedure over time. Across the long period of patient observations,
diagnostic methods were refined, making it easier to confirm the diagnosis. Currently, the criteria
consider a combination of key symptoms, neurophysiological and cardiac exams, alongside a

positive demonstration of amyloid deposition. This, combined with a significant number of cases
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of a specific variant (ATTRVal30Met), contributes to a smaller bias in confirmed diagnosis results.

Interestingly, the years of 1985 and 1998 hold significance in the disease’s history. In 1986,
the introduction of the genetic test marked a pivotal moment, enabling the diagnosis of carriers
even before symptoms emerged. Additionally, in 1992—six years prior to the start of the third
group—a significant milestone was reached in Portugal, with the first liver transplant performed in
symptomatic patients. This marked the inception of available treatments for symptomatic patients.

It is noteworthy that when analyzing each individual group (refer to figure 4.3), one reaches a
series of additional conclusions.

When considering patient variability and focusing in Q4, results suggest a balance between
men and women, both being diagnosed and having symptoms onset in later stages in life. Also,
the profile of proband patients has been evolving, due partly to interaction of neurology with other
clinical specialties such as nephrology ( [66], [73]) and cardiology [115].

Considering familial variability across the four patient groups, several changes stand out. In
Ql1, the emergence of early onset families is evident. In Q2, a balance is observed between newly
diagnosed families and older families, the latter experiencing an increase in diagnoses, following
the introduction of the genetic test. Q3 witnesses a surge in diagnoses among old family cases,
possibly attributed to the introduction of the initial treatment. In Q4, a rise is noted in diagnoses of
mixed and late-onset families within active families, potentially linked to the increased average life
expectancy in recent decades. Lastly, in Q4, a noticeable growth in the diagnosis of new families
is seen, spurred by a rise in late-onset male diagnoses.

Furthermore, it’s worth highlighting that concerning older families, the reduction in patients
within Q4 could be attributed to multiple factors. These include a decline in the birth rate in Por-
tugal, and a broader distribution of clinical follow-up resulting partly from a larger geographical
dispersion of families due to mobility-related immigration and emigration patterns [69].

Collectively, these recent findings demonstrate the diversity in age-of-onset differences among
symptomatic patients, encompassing hereditary considerations (parents and siblings’ relations) as
well as familial aggregation (relations involving all patients and the proband). Late and mixed-
onset families exhibit a heightened average maximum variability, driven by the broader range of

values observed.

4.5.1 Conclusions

This consists in the first study on ATTRv Amyloidosis families that analyses familial data with
this degree of depth. Overall, this study reveals a consistent increase in elderly cases over the
last few decades, which suggests the ever-growing need of further studies in new approaches to
diagnose and treat the ever-elderly symptomatic patients. The analysis of familial data shows
that symptomatic patients exhibit less variability when compared to siblings than other family
members, particularly in terms of the transmitting ancestors’ age of onset.

The genealogy-based indicators studied generally have high standard deviation (SD) values,
highlighting the heterogeneity in the distribution of clinical indicators. It’s also noteworthy that

the results show that when feasible, the presence of symptomatic siblings can serve as a valuable
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Figure 4.8: Distribution of early and late onset diagnosis over time. Yellow shows early-onset
diagnosis while pink shows late-onset.
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Figure 4.9: Distribution of early and late onset diagnosis over the different Q landmarks. Yellow
shows early-onset while pink shows late-onset diagnosis.
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indicator to evaluate the likelihood of a patient developing symptoms in the near future. This is
shown by the distribution of maximum age of onset variability across familial, proband, siblings,
and parents-based relations, and the smaller value of the 50% quantile of the siblings relation (refer
to figure 4.7).

Family-wise, the number of new, late or mixed-onset families has shown a tendency to grow.
In these cases, due to the variable nature of symptoms, trends show that the profile of future
symptomatic patients will most likely continue to change.

Regarding the patient diagnosis, figures 4.8 and 4.9 assist in transmitting the distribution of
the early and late onset diagnosis over time. In this case it shows that the diagnosis of late onset
patients suffered from a delay in Q1, during Q2-Q3 it had a less steep growth when compared to
early-onset (yellow bars) and that in the last landmark it has been decreasing. Also, and as stated
previously, the four groups Q1, Q2, Q3, Q4 are the result of sorting on year of diagnosis. Within
them, there was a distinction between early-onset and late-onset. However, the likelihood of going
to the doctor increased over the years, first because of improvements in the medical system, and
then also because people are more likely to go to the doctor when they get older. This suggests a
variation in the likelihood of observing early-onset increases with the calendar year and, that the
age at which a person was diagnosed as positive is likely to decrease with the calendar year.

Lastly, it is important to note that the current database comprises 934 families, totaling 33608
individuals with diverse familial relationships. These relationships range from close ones, such
as parents, grandparents, siblings, and children, as well as to more extended relations like uncles,
cousins, as well as 2nd, 3rd or 4th-degree relatives. From a clinical perspective, even if an indi-
vidual within a family is not a carrier, they may still be affected by the disease due to their role
of caretakers. This is a common situation, particularly among children or spouses of individuals
with highly debilitating diseases, and underscores the importance of involving psychiatrists and

psychologists in family support and care.

4.5.2 Study limitations

The present study has some limitations. Firstly, it centers on families monitored at a single facility,
although this institution constitutes the largest hub for the disease globally. Secondly, the results
exhibit a notable standard deviation, underscoring the significant variability that patients diagnosed
with the condition tend to inherent. Lastly, the results can be affected by various factors, including
the dimensions of the subsets and the number of patients selected by each indicator. Whenever it

was deemed possible, the decisions aimed to minimize these effects.
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Table 4.4: Genealogical age-of-onset Generalized Linear Models (GLM) for family, proband,
parent and sibling relationships. We considered male as the reference class.

model variables avg coef stdev.coef RZ? stdev.RZ n. models
Intercept 25.26 3.39
. . sex[T.women] 6.09 0.84
family relation sex_other[T.women] -1.75 3.18 0.18 0.09 14
ageonset_other 0.22 0.11
Intercept 15.17
. sex[T.women] 4.84
proband relation sex_proband[T.womenl] 15 - 0.31 - 1
ageonset_proband 0.49
Intercept 17.15
. sex[T.women] 4.45
parent relation sex_parent[T.women] -2.72 i 0.51 i !
ageonset_parent 0.39
Intercept 9.13 5.09
o . sex[T.women] 3.48 0.95
sibling relation sex_sib[T.women] 16 0.55 0.66 0.12 3

ageonset_sib 0.75 0.21




Chapter 5

Preliminary attempt to answer the
medical problem

Complex medical issues often call for a dynamic research strategy, where multidisciplinary teams
continuously reassess and re-adapt. This leads to the need to, from a computational side, entail
an iterative and multifaceted development approach. This was the case for this work, which was
marked by a series of pre processing data sets assessments, each one with its own data quality
evaluations, cleansing procedure phases, relatively complex data extraction procedures to entail
entity deduplication methods, among others. This process was delineated to allow for the continual

refinement, optimization, and tailoring of responses to meet specific ever changing needs.

5.1 Introduction

This chapter describes the first attempt to answer the medical problem of predicting the age-of-
onset of a subject diagnosed as a carrier of ATTRv Amyloidosis and is based on the publication
presented in [84]. It focuses on data cleaning, presents a few of the most relevant data preparation
issues, highlights key considerations regarding the baseline model based on clinical feedback, and
continues to identify a set of key considerations for the modeling and validation methodology.
Then it presents the experiments conducted and the results achieved, before concluding with main

discussion considerations.

5.2 Data cleaning

In this work, from early data processing, it was important to carefully undertake a set of measures
to evaluate and correct for data quality problems.

A few of the most relevant data quality issues found were:

71
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* changes in the naming between clinical data sets and genealogical information, where the

incorporation or not of husbands’ surname changed over time;

* changes in the designation of a patient’s process number, which made it relevant to create
deduplication procedures capable to insure a correct identification of each patient in the tree

based on the clinical data;

* incorrect identification of a patient’s status, which made it important to correct the informa-

tion in the genealogical trees with the information found in the clinical processes;

* existence of information in the genealogical trees with possible double meaning, which
made it important to enhance the deduplication procedures so as to validate the clinical
processes. In this case the problem was related with 4 digit numbers which could identify

important years or process numbers;

* patients referenced with the wrong process numbers, which lead to the development of

specific validation procedures based on name, gender and close-relatives data.

To deal with previously set of problems it was important to define a set of rules to identify and
correct the errors. Over time, the need to process new as well as older genealogical trees lead to
the need to change this process, and to continuously update it. In the end and to ensure quality

results, it was relevant to manually correct near 10% of the patient records.

5.3 Key data preparation concerns

To answer the medical problem for predicting the age-of-onset of ATTRv patients, and after care-
fully cleaning a set of data sets released by medical professionals, assembling entity deduplication
procedures, and ensuring that the data extraction procedures focused on the most relevant (het-
erogeneous) data records, it was possible to create an entirely new, cleaned, predictive data set,
populated by clinical and genealogical-based features.

The initial approach to generate the feature set focused on three sets of features namely patient,
close relatives and extended family data. The primary process only entailed patients with a positive
diagnosis, thus discarding currently asymptomatic patients.

Using the newly created features, the endeavors focused on creating an initial basic predictive
pipeline based on a group of state of the art machine learning regression methods. The initially
chosen ones were Decision Tree (DT), Elastic Net (EN), Lasso (LA), Linear Regression (LR),
Random Forest Regressor (RF), Ridge Regression (RI) and Support Vector Machine Regressor
(SV).

Later, and to compare the predictive results with current medical practice, the focus was on
defining a rule-based baseline model capable to express the clinical practice known at the time.

After assembling the data sets, delineating the evaluation schema, and running the prediction

models, an initial set of results was obtained. These results indicated a clear improvement when
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using a machine learning-based approached, at least when comparing the initial set of results with
the clinical baseline.

A general overview of the main steps regarding data preparation is presented next.

5.3.1 Data set

The work uses data collected from patients hierarchical family structures, also known as genealog-
ical trees or pedigree charts, and patients clinical information available in electronic health records
(EHR).

At the clinical facility, patients are stratified into one of three categories, depending on their

diagnosis status. These correspond to:

» symptomatic patients, which defines patients that already received a positive diagnosis of the
disease and which had a medical professional assure that the symptoms onset had already

commenced;

* pre symptomatic patients, which consist on the cohort of patients that although showing a

few irregular symptoms have the diagnosis not determined with 100%;

* finally, asymptomatic patients, that define the group of patients that have not expressed signs

of the disease yet.

For simplification purposes the modeling will rely on patients that already expressed signs of
the disease and that are, presently classified as symptomatic, despite the data will reference mo-
ments in time when they were classified as asymptomatic. This way the results are of a supervised
nature.

It is noteworthy to refer that if resorting to survival analysis one could rely both on patients
with and without diagnosis, but since the lost for follow-up set of patients correspond to a very
small amount of subjects, the regression-based setting is considered as the most suitable for this
clinical problem.

Next, key concepts associated with the feature modeling approach are presented.

5.3.2 Feature modeling

Overall, the extraction process that was outlined generated three distinct sets of features:
* patient;
e first level;

* expanded family.

For the set of patient features, the pipelines processed information regarding a patient’s birth,
death, and onset events. For the first level family structure, the focus was on information regarding

a patient’s relatives, namely siblings, children, parents, and uncles.
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The genealogical features, classified as expanded family variables, were assembled to account
for potential dimensional variations between families. For example, some genealogical trees, have
a higher number of generations, patients and individuals, than others.

The extraction process also created features to distinguish between patients that were clinically
classified as early or late onset. By early onset, one is interested in family relatives that started
symptoms before 50 years old, while late onset classifies patients that started symptoms onset at
or after 50 years old. These correspond to actively relevant clinical classes. The gender of patients
was used as a further filter rule.

The full set of 58 features are listed in table 5.1. They are all numeric, with the exception of
patients’ gender and born before mother and father had symptoms, which correspond to dichoto-

mous variables.

Table 5.1: Manually extracted features

Type Description N(Features)
Patient Patients’ Gender
Father and Mother Age of Onset
Born before Father or Mother had Symptoms
Age of Onset (Target Variable)
First Level Number of Sons (by gender)
Number of Siblings (by gender)
Number of Uncles (by gender)
Number of Sons with the disease (by gender)
Number of Siblings with the disease (by gender)
Number of Uncles with the disease (by gender)
Avg, Max and Min Age of Onset of Sons (by gender)
Avg, Max and Min Age of Onset of Siblings (by gender)
Avg, Max and Min Age of Onset of Uncles (by gender)
Extended  Avg, Max and Min Age of Onset of Patients fol-
lowed at the Clinical Unit (by gender)

[o)Ne) ke N N (I (ST [ I (RN (SR N R

Avg, Max and Min Age of Onset of Patients in the 6
Family Tree (by gender)

Avg, Max and Min Age of Onset of Early Onset Pa- 6
tients (Patients with Age of Onset < 50 years)

Avg, Max and Min Age of Onset Late Onset Patients 6

(Patients with Age of Onset > 50 years)

Once the feature data set was fully compiled, cleaned and separated, the next step went to
leverage the model construction phase. The approach involved defining a set of virtual scenarios
that correspond to various patient ages. These virtual scenarios allow for the combination of
patients from different decades, by aligning them according to their age. This method enables the
simulation of age-of-onset prediction for patients throughout their lifespan. It also allows for a
focus on the most relevant predictive characteristics at each individual age. Prediction at each age
is seen as a specific and individual regression prediction task. This means that for each patient,

a set of individual prediction instances are created, one for each of the considered ages. Then,
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depending on the age, a different model is created.

5.3.2.1 How to deal with time-related data, data quality issues and main considerations for

data leakage prevention

This preliminary study lead to the creation of individual groups of data, one for each age value. In
this case, an important modeling premise, is that, any patient’s data set only compiles information
known at that time. For instance, if the process is gathering information about a patient in 1950,
it cannot incorporate information related to the patient’s uncles if their symptoms only manifested
in 1960. If not properly managed, this could lead to a data leakage issue.

To achieve this, it was necessary to manage the information considered at each point in time,
as if various snapshots of the genealogical trees were accessible over the years. This allowed for
the precise combination of one patient’s data with newly available information from other patients
or individuals. This process involved a data engineering task that needed to be refactored over
time, to accommodate the integration of various types of clinical information.

Another important step was to evaluate the data sets in terms of missing data, so it was possible
to compare the machine learning models with the baseline results. To this end it was important
to take into account the status and availability of each column of data, both in the clinical and the
family data records.

All the different conditions related with data quality and completeness made it pertinent to
represent the data into two disjoint sets, namely data set A, constituted by patients having a
known ancestor with the disease, and both were or are being followed at the clinical unit; and data
set B, for patients that don’t have a known ancestor with the disease, or one of them hasn’t been
followed at the clinical unit.

The pre-processing stage assisted in having data sets with information regarding each patient
which evolved over time. In this case, in this early attempt, data set A had 1103 patients while
data set B had 1709.

In the final experiments both data sets were also combined thus giving birth to a third set data
set entitled full data set.

5.4 Baseline, methodology, modeling and validation

This work resorts to a supervised learning strategy for which models use information from previ-
ously positive, diagnosed, and currently symptomatic patients. A few clarifications regarding the
modeling strategy are provided next, as well as a discussion about the full prediction results. For

its importance, this section starts with an explanation over the baseline model.

5.4.1 Baseline model

A general clinical rule-based model was extrapolated from the work of [64], so as to compare the

machine learning approach with current medical practice.
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In [64], authors considered valuable to analyze the distribution of age-of-onset of Val30Met
patients, while sampling the patients regarding the gender of both the transmitting parent and af-
fected patient children. From a statistical point of view this is considered interesting if one admits
there is a linear trend between a patient and his ancestors’ age of onset, as well as an anticipation
phenomenon that distinguishes between the gender of a patient and that of his ancestor.

In the case of the baseline model it is relevant to consider four different groups, namely:
e father and son;

« father and daughter;

e mother and son;

* and, mother and daughter.

With these four groups in mind and by measuring the average age-of-onset in each of them,
a predicted value for a new asymptomatic patient can be seen as target = parent(ageonset) — X,
with X representing the average age of onset of the patients within that subgroup.

Thus, the overall baseline model is instantiated as follows:

if (father and son): target = parent(ageonset) - 6.06 ;

if (father and daughter) : target = parent(ageonset) - 1.23;
* if (mother and son): target = parent(ageonset) - 10.43;
* if (mother and daughter): target = parent(ageonset) - 7.43.

Since the standard deviation (SD), for each subgroups is above 9 years [64], the final error
amplitude within each group can already be considered high. Even with this handicap, and as this
model represents the medical practice as of 2018, this is considered as a viable reference.

It’s important to note that the results from the baseline model are only comparable for the
experiments conducted with data set A. This is because the model requires information about the

age-of-onset for a patient’s ancestor.

5.4.2 Modeling schema

After the full set of features was processed and consolidated, the next step was to create a method
that, for a given numerical age, generates an instance of an algorithm after going through training
and tuning phases.

For selection purposes, and due to the low number of available cases, a k-fold cross validation
procedure was transformed to a nested cross validation (see sub-section 3.4.2.3). The technical
issues were reviewed previously and an algorithmic clarification between k-fold cross validation
and nested cross validation can be found in [88].

In this work, the experimental setup, for both of the two k-fold cross validation procedures

(single + nested) takes into account a 10 fold partitioning of the available data.
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5.4.3 Validation schema

To validate the work it was considered relevant to compare, for each set of algorithms, for each of
the experiments (e.g., data set A, data set B, full data set), the MAE score obtained in the outer
folds. The comparison was performed using a Friedman rank test. This corresponds to a non
parametric rank hypothesis test that ranks the algorithms, for each individual data set experiment,
separately. The usage of Friedman rank test has been extensively explored and recommended
in [31].

5.4.3.1 Hypothesis

The null hypothesis (Hp) was considered as stating that the average results for each algorithm can
be considered equivalent, while in the alternative hypothesis (H)) it states that they are not. If only

two algorithms are taken into account, the hypothesis can be represented as:

Hy:uy—u=0
Hi:pu—pp#0

As the Friedman rank test compares the average series of results of the different algorithms,
and the evaluation resorted to the outer cross validation, the comparison is defined as having 10
different data sets. In this case Hyp states that the algorithms are equivalent, meaning that their

ranking positions are equivalent. As such, the statistic that needs to be measured consists of:

12N A(A + 1)?
2 R:_
eyl PO

In the Friedman rank test, when the Hy hypothesis is rejected, it indicates that there are dif-
ferences in the results. To get the indication of which algorithms are different one can resort to a

nemenyi post-hoc test [31].

5.5 Experiments and results

This section report the main results for the preliminary set of experiments.

The comparison has a three layer approach.

The first layer discusses the MAE results for all of the three sets of experiments, that is, the
results for data set A, data set B and full data set are explored (see table 5.2).

The second layer consists in plotting the distribution of the scores of the outer k-fold results,

for each of the models tested, in each of the ages considered.
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Finally, in the last layer, the results of a Friedman rank test are presented and, when there is a
difference, the clusters of results are further analyzed with a nemenyi post-hoc critical difference
diagram.

Of note that as referenced before, the comparison of the results with the baseline model is
only viable for the data set A. Also, to deal with missing data and possible differences among the
amplitude of the features, during the pre processing step a missing-indicator was included in the
feature set. This method indicates that, for each column with missing values, a binary auxiliary
column with 1 when there is information and O when there is no available information, should
be added. In the case there is a missing data this should be encoded with a -100 value [49].
Also it is note worthy that for the SV it is important to standardize its input features, and that the
regularization algorithms need the input features normalized. All the experiments were performed
using scikit-learn framework [1].

Globally, from table 5.2 and in the case of data set A, the results expressed by Elastic Net
(EN), Lasso (LA), Ridge (RI), Linear Regression (LR), Decision Tree (DT), Random Forest (RF)
and Support Vector Regressor (SV) are superior to the results of the Baseline (BL) approach. In
this case it is observable that the results indicate that MAE and SD results are lower, for each of
the outer folds results. If one takes into account the 20 years as opposed to the 30 years it is visible
that there is a tendency for the mean absolute error to decrease. Also, the global standard deviation
results show that the MAE results don’t vary significantly, what suggests that the models tend to
generalize accordingly.

For data set B, experiments indicate that the MAE results are almost four times as large than
those achieved by data set A, and that these values tend to get smaller as the ages grow. This does
not happen in the case of data set A, even though from a conceptual perspective it is an expected
result.

Regarding the full data set experiments, the results have improved with respect to data set B
even though they continue to be worse then the values achieved by data set A. In this case, the
results have a wider dispersion, suggesting greater fluctuations in the prediction error.

The poor results of the data set B and full data set experiments, when compared to data set
A, are related with the lack of available information. Actually this is a common issue in most
models since if in a set of experiments the pre processing changes slightly even thought the model
construction phase does not change, it can appear as an improvement. This is not true since even if
the overall set of results appear to improve they aren’t related with an actual factual improvement
in the machine learning model construction phase.

The distributions of the MAE for each of the outer folds (see figures 5.1, 5.2 and 5.3) indicate
that:

* in case of data set A, the amplitude of the errors is greater for the baseline than for the

machine-learning based approach;

* and the previous remarks are corroborated.
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Table 5.2: Mean absolute error (MAE) results for each algorithm, regarding ages = [20 and 30

years]

Cuter 10 Fold CV Mean Absolute Error

Model Dataset 20 Years 30 Years

Baseline (BL) A 5.19+£040 5.79 +0.81
Elastic Net (EN) 2.32+£0.32 2.05+0.31
Lasso (LA) 2.28 £0.31 2.0040.26
Ridge (RI) 2.194+0.26 1.90 +0.27
Linear Regression (LR) 2.244+025 1.98+0.25
Decision Tree (DT) 2.174+040 1.94 4+0.37
Random Forest (RF) 2.62+0.32 2.574+0.37
Support Vector Machine (SV) 3.55+0.18 3.383£0.40
Elastic Net (EN) B 8.83 £040 8.11 £0.61
Lasso (LA) 8.88+0.40 8.27+0.59
Ridge (RI) 8.84 £0.39 8.15+0.59
Linear Regression (LR) 8.90+041 8.22+0.51
Decision Tree (DT) 8.78 2047 7.97 £ 0.63
Random Forest (RF) 8.56 041 7.78 £0.68
Support Vector Machine (SV) 871 £0.51 7.94+0.83
Elastic Net (EN) Full 6.87 £0.28 6.75+0.62
Lasso (LA) 6.90 £0.27 6.86 &+ 0.60
Ridge (RI) 6.79 £0.25 6.71 £0.59
Linear Regression (LR) 6.82 +0.27 6.71 £0.59
Decision Tree (DT) 6.70 £0.32 6.67 = 0.60
Random Forest (RF) 6.66 + 0.30 6.43 +0.55
Support Vector Machine (SV) 7.01 £0.37 6.70 £ 0.48
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Figure 5.1: Box-plot for all of the experiments performed for data set A
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Figure 5.4: Nemenyi critical diagrams for 20 and 30 (data set A)

5.5.1 Results of the hypothesis testing procedures

All of the statistical tests performed considered as significance o = 0.05.

Overall, all the hypothesis testing results leads to the rejection of all of the Hy hypothesis
as there are significant differences, namely with the p-value results being below . The critical
difference (CD) diagrams for the nemenyi post-hoc tests are depicted in figures 5.4, 5.5 and 5.6.

These diagrams show which clusters of algorithms exist in the results.
In data set A results (see figure 5.4) it is evident that even though the baseline model has the

worst results, it does not present any statistical difference when compared with the SV model. The
best results are achieved by RI and DT algorithms.

In the case of data set B (see figure 5.5) there are two individual clusters, for both the 20 as
well as 30 years experiments. In particular, the 20 year results show that LA and LR show the
worst rank results, while RF and DT achieved the best rank results. For the 30 year results the

worst results are obtained by LA and RI, while RF and DT have the best ranks.
Finally, in the case of the full data set, (see figure 5.6), the depicted set of results show two
clusters of algorithms, with the best set of results, in both cases, being achieved by RF, DT and RI.
In all of the aforementioned results, when experiments show a higher amount of missing data
(data set B and full data set), RF achieved the top ranked position. When there aren’t any missing
data concerns (data set A), DT and RI regression models show the lowest overall error estimation.

A discussion of the preliminary set of results on the prediction approach for the predition of
the age-of-onset of ATTRVal30M carriers is presented next.
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Figure 5.5: Nemenyi critical diagrams for 20 and 30 years (data set B)
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5.6 Discussion

This work exploits data already being collected in a research center that works under the umbrella
of Centro Hospitalar Universitdrio de Santo Anténio (CHUdSA). This machine-learning based
approach resorts to the distribution of the age-of-onset of diagnosed patients and their individual
familial genealogical trees to model changes over time. The final purpose is to use this information
to predict their risk of developing symptoms onset, and compare, when applicable and possible,
the results to a clinical baseline that represents the medical practice by 2018.

With this approach it is possible to make predictions for patients to whom the baseline model
does not apply. This can represents a valuable contribution for the medical facility.

From the preliminary results it is possible to conclude that when there is a high degree of
missing values (data set B), the best algorithm is RF. This follows previously reviewed background
which states RF works well with missing data. In the case of data set A it is clear that RI, DT,
LA, and LR improve over the baseline results - in other words we enable the improvement of the
current medical practice.

Regarding the research questions explored in chapter 1 the results presented here directly im-
pacts (RQ1) and (RQ2), since it presents results of a summarizing approach focused on extracting
meaningful features, by transforming the genealogical trees into networks of data records. These

results are further explored next.



Chapter 6

What is the importance of feature

selection?

When addressing prediction problems it is crucial to have an integrative and iterative process that
assists in a continuous refinement and adjustment of strategies, based on newly found information
or ideas. This way it is possible to ensure personalized and optimized healthcare outcomes.

In this chapter the focus changes to evaluate the importance of genealogical data, when clinical
records have no information related with the ancestor of the patient, namely its gender or age of
disease onset. This is evaluated with a comparison of the estimated predictive error results after
combining first and extended level features, with the initial set of patient features.

For a clear assessment of each type of features please refer to table 5.1, depicted in the previous
chapter. For reference purposes, this chapter involves the results presented and published both
in [84] and [85].

6.1 Introduction

Feature selection [101] plays a crucial role in machine learning models. It involves indicating both
the importance of sets of features to specific business problems as well as, from a more academical
point of view, what are the types of features that work best with specific sets of algorithms. As
such, feature selection represents an important step in machine learning model development since
having irrelevant features, e.g., noise, can decrease general accuracy. Also, allowing a model to
learn based on irrelevant information can lead to irregular performance values. This suggests that
a careful evaluation of the results presented previously needs to be addressed.

Prediction algorithms can approach feature selection from a different perspective. In this case
it is noteworthy that Ridge (RI), Elastic Net (EN) and Lasso (LA) can contribute in cases were

the results are irregular. RI [55] is a technique used when the data suffers from multicollinearity
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(independent variables are highly correlated). It works by adding a degree of bias to the coefficient
estimates, so as to reduce the standard errors.

LA (Least Absolute Shrinkage and Selection Operator) adds “absolute value of magnitude” of
coefficient as penalty term to the loss function. Its main advantage is to reduce over fitting, not
only help during feature selection phases.

EN can be seen as working as a equilibrium between RI and LA, since it combines the penalties
of RI and LA to get the best of both worlds. It aims at minimizing the complexity of the regression
model, improving overall models’ explainability, which is why it is advantageous when dealing

with a data set with many features with possible correlation issues.

6.2 Chapter research hypothesis

In this study, the research hypothesis are:

* (H1) whether extending the basic set of patient features with first level genealogical features

improves the results of the best performing regression algorithms;

* (H2) whether the further extension of the set of features with extended genealogical features

improves the results of the regression algorithms.

6.3 Approach

This chapter answers which group (or groups) of genealogical-based features best serves to predict
the AOO of ATTRv Amyloidosis patients (please refer to table 5.1).

Since the data set was compiled over several decades, it has information regarding disease
carriers, that were diagnosed as well as observed by different professionals. So, it can be greatly
impacted by possible data problems (missing or erroneous data).

Actually, it is noteworthy that in medical data sets, missing information constitutes one of
the most common issues [49]. Another one, maybe with greater impact, deals with the risk of
errors, due to tedious manual data compilation techniques. This fact underscores the importance
of assessing possible variations in prediction results, specially when incorporating specific feature
sets.

As such, this chapter represents a small evolution or follow-up over the previous chapter. It is
important to note that, as previously, there are three distinct data sets. Firstly, data set A includes
patients with a previously diagnosed ancestor. Secondly, data set B comprises records of patients
for whom we do not have a measurable age of onset for the transmitting ancestor. Lastly, the full
data set encompasses records from both data set A and data set B. To deal with missing data the

approach used previously was maintained.
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6.3.1 Approach and regression algorithms used

As previously stated, this prediction approach builds a set of virtual scenarios, each one focused
on a specific patient’s age. This allows for the simulation of the task of predicting the age-of-onset
of each patient along with their lifespan. This means that, for each of the patients, and considering
their asymptomatic phase (since birth until symptoms onset) each patient was unfolded into a
virtual representation of one of its valid ages. This way, prediction at each age can be seen as a
specific and individual regression predictive task.

The resulting virtual scenarios aligned each patient, independently of their actual year of birth
or year of onset.

In the final evaluation procedures, the patients where aligned accordingly to their year of onset.

This way it is possible to prevent data leakage in the full prediction process.

6.3.2 Modeling schema and experiments setup

To estimate the predictive value of each group of features (please refer to table 5.1), it was im-
portant to create a predictive pipeline with model tuning, selection and evaluation phases. After
the experiments, the results were compared while resorting exclusively to the mean absolute error
(MAE) metric.

The model selection schema was defined in a top-level procedure that, for a given numerical
age, generates an instance of a model. The chosen evaluation schema consisted on a nested cross
validation, where for each training phase, there is another cross validation, to find the set of best
tuning parameters. This way it is possible to have a model selection between different algorithms,
and tune their parameters towards a specific domain. The full algorithm is presented in [88].

After both the tuning of the parameters and the model selection are completed, the predictive
accuracy for each model is estimated by focusing on the MAE present in the outer folds.

In this chapter the experimental setup states that for each individual age group (20 and 30
years-old data sets), and for each individual data set (data set A, data set B, and full data set), a
total of 4 experiments need to be performed.

The final experiments consisted on:

* patient features, hereafter designated as experiment 1;

* patient + first level features, hereafter designated as experiment 2;
* patient + extended features, hereafter designated as experiment 3;

* patient + first level + extended features, hereafter designated as experiment 4.

6.4 Results

The results for both the 20 and 30 age experiments are expressed in figure 6.1.
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Figure 6.1: 20 years (left) and 30 years (right) experiments, for data set A, data set B and full data
set, from top to bottom. Each algorithm has a set of 4 experiments. When there’s a letter (A, B, C,
D) near to the box-plot this means that there is a significant difference in the set of results between:
(A): experiment 1 versus experiment 2; (B): experiment 1 versus experiment 3; (C): experiment 2
versus experiment 4; and (D) experiment 3 versus experiment 4.

An analysis of the individual box-plots shows there is a clear improvement of the predictive

accuracy of data set B and full data set when there is an increase in the number of features.

To check for statistical significance, the chosen procedure was a wilcoxon hypothesis rank test.

This lead to the need to perform 4 individual statistical comparisons, namely:

* (A): Experiment 1 versus Experiment 2;
* (B): Experiment 1 versus Experiment 3;
* (C): Experiment 2 versus Experiment 4;

* (D) Experiment 3 versus Experiment 4.
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Wilcoxon hypothesis rank test consists on a non-parametric statistical hypothesis test used to
compare if two related samples, or repeated measurements on a single sample mean rank values
differ. When there are significant statistical differences, these are represented in the graphs next
to each individual algorithm as (A), (B), (C), and (D). Each comparison (i.e., A, B, C and D) is
considered individually.

The results depicted previously show that when there isn’t a letter in the graph it is not possible
to reject the null hypothesis. On the other hand if there is a letter, then, based on the statistical test,
one can be confident, with a 95% confidence interval, of the existence of significant differences in

the ranks. In this case the main observations consist on:

(data set A): when extra information is integrated to the patients features there is a general

loss of accuracy for the SV results;

* (data set A): the error amplitude is smaller for shrinkage methods, which leads to the con-
clusion that these methods are important for cases with high number of features and that,

have possible correlations between them;

* (data set B and full data set): there is an increase in the amplitude of the errors for most

algorithms when results are compared with data set A;

* (data set B and full data set): and, finally, there is a general increase in the number of outliers
present, which leads to the conclusion that there is a significant difference in the distribution

of the training and testing sets for each fold.

With these sets of results and regarding the previously defined research hypothesis (H1) and
(H2) it is possible to conclude that:

* in the data set A, results tend to get worse when first level and extended level features
are added, which is understandable as this data set is expected to have the more relevant

characteristics of the patient feature set;

* in the case of data set B and full data set, it is evident that there is an improvement in the

predictive accuracy, by adding first level features;

* and, finally, there are high differences in the reaction of the algorithms to each set of features.

6.5 Discussion

This chapter compares the predictive accuracy of three sets of features (please refer to table 5.1)
used in the preliminary results for the prediction of the age of onset of ATTRv Amyloidosis pa-
tients. A set of experiments were defined to determine if, on average, the rank results of a set of
nested cross validation experiments changed.

When considering each individual algorithm, results show that there are large differences in

the results under each of the set of experiments. This signals it may be important to perform a
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thorough evaluation to determine the behavior of the algorithms to each feature. This may be even
more relevant for the RI, LA and EN results.

Regarding the research hypothesis, experiments verified that the addition of first level ge-
nealogical features does indeed improve the predictive accuracy of the tested regression algorithms
for the data set B and for the full data set experiments (H1). It was also verified that the further
extension of features with extended genealogical characteristics also lead to an enhancement of
the predictive results, in both data set B and full data set experiments (H2).

As for the overall research questions in this thesis, this chapter expresses an approach that
takes advantage of the methodological approach for time-to-event prediction. In this case it shows
how it is possible to change tightly coupled data assembled for time-to-event episodes prediction
in order to measure the value of different sets of features (RQ1). It also reinforces that the suma-
rization approach signals it can be an effective approach to extract effective time based feature
sets. Notwithstanding it is worth mentioning that since the feature spaces is large, there may be
curse of dimensionality issue, especially in data set B experiments. This should have been as-
sessed with an analysis regarding the confidence interval of the regressor besides a test against the
NULL hypothesis that says that the outcome is independent of the features considered.

The next chapter further enhances (RQ1) and (RQ2) results by presenting a new feature con-
struction methodology based on embedding feature construction.



Chapter 7

Is important information being lost?

The two previous chapters presented the preliminary results of a predictive approach that takes into
account genealogical, as well as clinical data, from patients being followed at Unidade Corino de
Andrade (UCA) from Centro Hospitalar Universitario de Santo Antdnio, in order to predict their
age-of-onset. In general terms, the previously presented approach summarizes the information
collected in the genealogical trees. Then, by taking into account the amount of available ancestor
data, it resorts to one of three models to indicate the risk of a patient experiencing symptoms in
the future.

Since the feature construction methods studied so far have provided summaries of the overall
information, a question emerged: if when resorting to genealogical tree summaries, is important
information being lost?

This chapter presents a new approach, based on feature embeddings, and evaluates whether
this new, less data loss prone, genealogical feature construction approach can improve the previous
results. For comparison purposes, it is deemed important to continue to compare these results with

the medical baseline.

7.1 Introduction

This chapter presents a new feature construction approach focused on transforming genealogical
family trees into numerically dense vectors, called embeddings in machine learning. The resulting
set of features are then handled as input features into the previously assembled prediction pipeline.

In simpler terms, the purpose of this chapter is to evaluate if the summarizing approach handled
so far is the best (or even the only) possible path for transforming the information present in
genealogical trees for prediction based inputs. In this case, it is also deemed important to check if
there is another approach that can later be used to improve the regression-based setting assembled

so far, for TTR-FAP age-of-onset prediction.
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7.2 Chapter research questions

This chapter has a set of focused research questions related to further exploring possible answers
for RQ1 and RQ2. These are:

* (RQ7.1) can we improve predictive results for TTR-FAP age of onset, using a representation

learning approach?

* (RQ7.2) does the combination of learned and pre-defined features obtains useful predictive

results?

* and (RQ7.3) in what conditions is it useful to employ a representation-learning approach to

the prediction of age of onset of TTR-FAP patients?

The experimental methodology corroborates these hypotheses in what was, at that moment, as
far as it is possible to check, the first work exploiting embeddings as a viable feature construction

methodology to represent heterogeneous sets of family trees.

7.3 Problem overview

This chapter’s objective remains in predicting the age of onset of asymptomatic TTR-FAP patients,
with a dataset based on over 900 individual genealogical trees, as well as a set of clinical informa-
tion of patients. To this purpose the genealogical trees and the patient data records, namely gender,
age-of-onset, birth and death dates were integrated over a set of different age instances. In this case
each patient is unfolded into a set of age centered replicas, with each feature corresponding to the
known value at the date the patient was at a specific age.

With a more computational view in mind, in conceptual terms, to model this approach, it is
important to define a function f that takes as input a set of » manual predictors p, and a feature
vector e, of d dimensions, and outputs an embedding of the genealogical tree for a specific i
year. These representations are fed to a prediction pipeline that conceptualizes a virtual scenario
accordingly to the patient’s age (see Equation 7.1 and figure 7.1) to predict his future age of onset.

It is expected that, even thought each patient has a distinct disease progression from other pa-
tients, they should have a comparable evolution. So, depending on the characteristics, the predic-
tion approach defines that the prediction task, at each age, corresponds to a specific and individual

regression prediction task.

y - f(pl;PQr--aPn—l7pn7€17327--~aed717€d) (71)

7.3.1 Defining and using embeddings

To obtain an optimized vector representation from genealogical trees and relations between in-
dividuals, it is important start from the individual’s life events, namely birth and death, so as to

represent the genealogical trees over their lifetime. Disease diagnosis and symptom onset are also
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Figure 7.1: Conceptual Graph-based Embedding Prediction Pipeline

taken into account, namely when the node of a tree consists of a clinical identifiable patient. Each
patient that is matched to a genealogical tree node v has a set of input and output familial relations
r, where relevant relations are depicted in equation 7.2. Then, it is up to the embedding algorithm

to select and maintain the most representative structural data.

It is important to note that, in this chapter, the interest relies on the relations between biologi-
cal parents and their children, and doesn’t explore second degree or higher familial relations, such
as uncles or cousins. To combine this goal with the work presented in the two previous chapters,
and related with the two previous publications [84, 85], the approach continued by, for each ge-
nealogical tree, generating the embedding representation, on a yearly basis, from 1952 [8] until
the current year. In this way, it is possible to account for when the first patient that belongs to the
tree (proband) is positively diagnosed, kicking-off familial follow-up of relatives. Then, and for
each tuple (patient, prediction scenario), where scenario pertains to data set a, data set b, or data
set f (previously referenced as full data set), the method considered the genealogical embedding

that corresponded to the year prior to the patient’s age instance.

As an example, if the prediction task at hand is to predict the age of onset of asymptomatic
patients at 20 years of age, and if the current patient was 20 years old in 1982, then the familiar
embedding representation of the patient corresponds to the year 1981. The embedding generation
mechanism was implemented with the help of application programming interface (API) presented
in [95].

With this data alignment, the embedding representation of the tree serves as a meta-model of

prevailing familial relations.
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father,;(A,C) (7.2a)
mother,¢(B,C) (7.2b)
child,;(C,A) (7.2¢)
child,(C, B) (7.2d)

7.3.2 Experimental setup

In this chapter, the experimental setup was outlined so as to measure the predictive gain of resort-
ing to graph-embeddings over manually engineered features, while also evaluating possible bias
associated with the missing data imputation approach, and the chosen graph-embeddings dimen-
sion.

To achieve that aim, three important sets of features were delineated, namely:

* a set of original features, henceforth designated as Original, combining the features pre-

sented in previous works in ( [84], [85]);
* aset of embedding based features to be used as predictors, henceforth designated as E;
* and, a set of original and embedding features combined, from now on designated as O.E.

To accomplish the task of evaluating possible bias in the missing imputation approach (k), as
well as the dimensional length (d) of embeddings, the framework developed resorted to varying

the two parameters between:
* 5,10, 15, 20 (parameter k);
* 64, 128 (parameter d).

As to the individual regression tasks themselves, the chosen problem can be defined as fo
predict the age of onset of asymptomatic patients on ages ranging from 22 to 46 with a step of 3
years (22, 25, 28, ..., 46) (parameter a), while testing on linear regression (LR), XGBoost (XG),
elastic net (EN), random forest (RF), lasso (LA), support vector regression machine (SV), ridge
(RI), and decision tree (DT).

The experiments were separated into different models, according to whether the patients have
information on their ancestors’ age of onset or not, thus creating a trio of experimental data sets

henceforth referenced as:

* data set a, for patients with at least one direct ancestor who was previously diagnosed and

referenced as symptomatic;

* data set b, for patients without at least one direct ancestor previously diagnosed as symp-

tomatic carrier with a known age of onset;
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* data set f, that combines all patients, independently of the information of their ancestor;

This separation means that most patients will disappear from data set(b) and appear in data
set(a) as the modeled age increases.

With regards to the estimation and evaluation of the error for the different experiments, the
focus was on the distribution of the mean absolute error (MAE) calculated with a simple holdout
strategy, where the training set holds 80% of the records and the test set considers the most recent
20% of diagnosed patients. The choice of using holdout strategy was mainly for pragmatic reasons,
since a train-test-validation strategy using cross-validation, or even nested cross validation, lead to

unpractical execution times.

7.4 Results

This section outlines and presents the results.

7.4.1 Evaluating embedding variants

If the best variant in each individual regression task is considered - i.e. at each age of prediction
-, it is noticeable that these vary according to the data sets that served as inputs (see table 7.1 and
figure 7.2).

Table 7.1: Rank of the top(3) best variants. E.O.64 represents the variant that combines embedding
and original features with 64 dimensions, while E.O.128 represents the embedding and original
features for 128 dimensions. Original represents the variant that only considers original features.

r; | age variant | k | alg | mae + sd variant | k | alg | mae + sd variant | k | alg | mae + sd
22 Original | 5 | ri | 27+32 E.O.128 | 20 | xg | 42+£53 Original | 20 | la | 2.8 +£3.6
25 E.O0.128 | 10 | en | 24 +2.7 EO.128 | 5 | xg | 3.9+£49 EO.64 |20 |1la |27+34
28 E.O0.128 | 10 | en | 1.9+£23 EO.128 |5 | xg | 3.7+£438 Original | 5 |la | 2.7+3.1
31 EO.128 |5 |la | 21+25 E0.64 |20 | xg |3.7+48 Original | 10 | la | 2.6 +3.3
1|34 Original |5 |la | 1.8+24 EO.128 | 15 | xg | 42+54 E.0.128 | 20 | en | 3.1 £3.9
37 EO.128 |5 |en | 23+24 EO.128 | 10 | xg | 45+54 Original | 5 |1 | 41+49
40 EO64 |10 |la |23+£25 Original | 5 | xg | 46+5.1 EO.128 | 20 |1i | 46+6.0
43 EO0.128 | 10 | en | 1.7£23 EO64 |15 | |52+£56 Original | 15 | xg | 3.9+ 44
46 Original | 20 | en | 2.1 £2.6 Original | 15 | ri 52+£6.0 Original | 15 | la | 3.5+3.9
22 Original | 20 | ri | 2.8 £ 3.1 E.O.128 | 10 | xg | 42+£53 Original | 10 | la | 29 +3.6
25 EO0.64 |10 |en | 24+27 E.O0.128 | 20 | xg | 40+5.0 EO.64 |15 |1a |27+34
28 | | EO64 |5 |en | 19423 | 1| EO.128 | 10 | xg | 3.7+£438 Original | 10 | la | 2.7+ 3.1
31 [ & |EO64 |5 |la |[214+25 ]S |EO0.64 | 10| xg | 3.8+46 § Original | 15 | la | 2.6 +3.3
2| 34 % Original | 5 |en | 1.8 +24 % EO.64 | 15| xg | 44+£56 % E.0.64 |20 |en | 3.1+39
37 § EO64 |5 |en |23+24 § EO.128 | 15 | xg | 45£55 § Original | 20 | i | 4150
40 EO.128 | 10 | la | 23+25 Original | 15 | xg | 49+ 5.1 EO.128 | 15 |ri | 47+62
43 EO.64 |10 |en | 1.7£23 EO64 |20 |ri |53+£58 EO.64 |20 | xg | 4145
46 E.O0.128 | 10 | en | 2.1 £2.6 Original | 20 | ri | 5.3 +6.1 Original | 20 | la | 3.5+3.9
22 Original | 15 | ri | 2.8 £3.2 EO.128 | 15 | xg | 43+£52 Original | 15 | la | 29+3.6
25 EO.128 |5 |en | 24+27 E.O0.128 | 10 | xg | 41 £5.1 EO0.64 |20 |en | 27+33
28 EO.128 | 15 |en | 1.9+23 E.O.128 | 15 | xg | 3.8+4.9 Original | 15 | la | 2.7+ 3.1
31 EO.128 |5 |en | 2.1£25 E.O0.64 |20 |en | 3.8+438 Original | 20 | la | 2.6+3.3
3|34 Original | 10 | la | 1.8 £24 EO64 |5 |ri |44x6.1 EO0.64 |15 |en | 32+39
37 Original | 5 |en | 23+24 EO.128 |5 | xg | 45£52 Original | 15 | i | 4250
40 EO64 |5 |la |23+25 EO.128 | 5 | xg | 52+55 EO0.64 |20 | xg | 47+49
43 Original | 10 | en | 1.7 +£2.3 E.0.128 | 20 | xg | 5.54+5.0 Original | 20 | xg | 4.2 +4.7
46 E.0.64 |10 |en | 2.1+2.6 Original | 5 |ri | 53462 Original | 10 | en | 3.5+ 3.9

The top(3) ranking results suggest that:
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* in all the top performers, the best result is achieved using only the embedding-based features,

and these do not surpass the baselines of human engineered features;

* that there is an improvement, especially in data set(b), when the focus is on the E.O0.128 or
E.O.64 alternative,

This leads to the conclusion that, when a patient does not have enough information regarding
its ancestors, there is predictive gain in generating and resorting to family tree embeddings as
part of the predictors. This is most clear to observe in the fluctuation of the original best results
in data set(b), and the similarity between the E.O.64 variant and the original results in data set(f),

when these are taken into consideration (see figure 7.2).

Dataset A Dataset B Dataset F

N

31 = g —
| \'_\/_\/

0 0
22 25 28 31 34 37 40 43 4o 22 25 28 31 34 37 40 43 46 22 25 28 31 34 37 40 43 46

N
Best MAE Error, K(20)
&

== E.0.128 — E.0.64 — E,128 E.64 Original

Figure 7.2: Best results, for each prediction task, for K(5) experiments. E.O.128 represents the
variant that combines embedding and original features for a dimension of 128, while E.O.64 has
a dimension of 64. Note that, in each age and according to each variant, it is possible to have
different best algorithms. For the case of predictions at 22 years, the best algorithms are EN for
E.O variants, SV for E variants and R/ for Original. In data set(a) all the records have information
regarding the transmitting parent age of onset, while in data set(b) this is unknown. Data set(f)
combines the patients of data set(a) and data set (b). X axis represents the age models while y axis
represents the average mean absolute error (MAE) values.

Next, an evaluation of the prediction of the age of onset of asymptomatic patients is con-
ducted. It focuses on the 22 years old results for 5 nearest neighbors. This hyper-parameter value
for the missing imputation approach was chosen by analytically observing the evolution of the
prediction results; in this case, by focusing on the best variant, as opposed to the original set of
experiments. From the results section (see figure 7.3), it is clear that k(5) experiments are stable

in all experimented ages.

7.4.2 Studying the effect of predicting AOQO for 22 years old asymptomatic carriers

For a clear picture of the variance difference between all the models, for all the individual experi-
ments, a comparison between the error results of all the comparable test sets was conducted. This
was done by resorting to a Friedman rank test, with a level of significance o of 0.05.

The hypothesis results leads to reject all of the Hy hypothesis, as there are significant differ-

ences (p-value below o and near 0). To have a clear view of the magnitude of the difference
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Figure 7.3: Influence of k parameter on the best variants: E.O.128 and Original. Each line rep-
resents the best values for specific patient age prediction task and the different missing data im-
putation results are represented by k(n), where n is the number of closest neighbors averaged for
imputation. In data set(a), these values are constant, while in data set(b) and data set(f) there is
some fluctuation for models starting from the age of 43 years, with values decreasing between k(5)
and k(10), and increasing between k(15) and k(20).
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Figure 7.4: Nemenyie results for each prediction model for age = 22, k(5) and data set(a) pa-
rameters. D(128) represents results for a dimension of 128, while D(64) represents a dimension
of 64. E.O represents the experiments for combining embedding and original features, while E
represents experiments only with embeddings features and original represents experiments with
only manual features. Each individual prediction algorithm is represented in the A(x) parameter
with: LR — linear regression, EL. — elastic net, LA — lasso, RI — ridge, RF — random forest,
DT — decision tree, SV — support vector machine regressor, and XG — XGBoost. Results show
that the combination of original and embedding features statistically performs as well as original
experiments.
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Figure 7.5: Nemenyie results for each prediction model for age = 22, k(5) and data set(b) param-
eters. Results show that combining original and embedding features statistically performs better
than original experiments.

between all the experiments, it is relevant to follow-up with a nemenyi post-hoc test and evaluate
the critical difference diagrams (see figures 7.4, 7.5 and 7.6). Results show that, for all the experi-
ments, there are different levels of similar variance results, observable on the improvement of O.E

experiments for data set(b) and data set(f).

7.5 Discussion

This chapter presents a new methodology for feature construction, focused on using embeddings
to transform a set of clinical indicators present in genealogical hereditary trees. As such, it
presents an approach that takes advantage of applying network embeddings as a feature construc-
tion method, thus transforming genealogical trees into numerical feature vectors.

The prediction results were compared with manually engineered features, (Original), with
two new set of results, namely individual embedding feature vectors, (E), and combined human
engineered and embedding feature vectors, (O.E).

Results show that there is evidence that the application of embedding feature construction
methods improves current state of the art prediction approaches for the age of onset of TTR-FAP
patients (RQ7.1), and that by combining manually engineered features with graph-embeddings
feature vectors it is possible to have predictive improvement (RQ7.2).

It is also possible to conclude that the O.E approach has greater impact when there is no com-
plementary information regarding the immediate familial history regarding the disease (RQ7.3).
When this is not the case, manually engineered features show better results.

As for the main research questions presented in chapter 1, the work presented here seeks
to answer (RQ1), (RQ2) and (RQ3) by presenting a new methodological approach for feature
construction of tightly coupled data records (RQ1), which is then compared with the manual based
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Figure 7.6: Nemenyie results for each prediction model for age = 22, k(5) and data set(f) parame-
ters. Results show that original and embedding features statistically performs better than original
experiments.

feature construction approach presented in the two previous chapters (RQ2). The comparison
methodology, which uses the Friedman rank test to compare results, allows to robustly evaluate
the impact of using genealogical data for time-to-event prediction (RQ3). Results confirm that it
is indeed possible to resort to such data to robustly evaluate time-to-event prediction.
Notwithstanding since the feature spaces are large and there is a risk to enter into the curse of
dimensionality issue, especially in dataset B, it would be relevant to assess the confidence interval

of the regressors as well as if there are any patients for which the imputation mechanism is biased.



98

Is important information being lost?



Chapter 8

Is it possible to blend heterogeneous
models?

Predicting the age-of-onset for a given patient is relevant for management and clinical issues. Inde-
pendently of the methodologies used, the results can be biased towards algorithms characteristics.
So, it can be interesting to assert as to possible bias of prediction results.

This chapter represents an evolution of the previous ones, as it takes advantage of an estab-
lished practice for predicting age of onset of ATTRv Amyloidosis patients which resorts to ge-
nealogical and clinical data and evaluates if it is possible to take individual predictions and blend
them, while triggering an improvement in prediction accuracy, as well as its acceptance by clinical
professionals. Of note that the intended improvement may not rely solemnly on accuracy but on
other qualitative metrics, such as a decrease in results variability. As such, this chapter intends
to study what approaches are easily integrated with standard regression or classification based
data-oriented prediction methodologies so as to improve state of the art results.

Of note that the approach here presented works while blending the information that exists
in neighboring time models. Its’ purpose consists in combining the results based on each other
capabilities.

The blending mechanism employed corresponds to different methodological strategies, namely
Symmetric (Sym) and Asymmetric (Asym) models. These consist on two different averaging
approaches, which were further extended with a simple weighting mechanism. In this case the
models created were: Symmetric (Sym), Symmetric-weighted (Sym-w), Asymmetric (Asym),
and Asymmetric-weighted (Asym-w). These ensemble models are compared to the original ap-
proach which is focused on individual regression base learners responses. The algorithms consist
of: Baseline (BL), Decision Tree (DT), Elastic Net (EN), Lasso (LA), Linear Regression (LR),
Random Forest (RF), Ridge (RI), Support Vector Regressor (SV) and XGBoost (XG).

Of note that the final results show that by aggregating predictions from neighbor models, the
average mean absolute error obtained by each base learner decreases. Thus, the best results are

99
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achieved by regression-based ensemble tree models as base learners.

8.1 Introduction

Blending regression results with ensemble approaches is a powerful technique in machine learn-
ing. It focuses on developing and evaluating combination strategies that together create more
accurate and robust predictions. This is a useful approach when dealing with complex data sets,
where a single model may not capture all the underlying patterns and relationships.

In the context of regression, blending involves training multiple regression models on the same
data set and then combining their predictions. Each model in the ensemble bag contributes to the
final prediction. This way, the way their outputs are combined can vary. Some common methods
include simple averaging, weighted averaging, or more complex meta-learning approaches, where
the outputs of the individual models are used as inputs to a higher-level model.

While ensemble learning is considered an important approach, it needs careful tuning and
validation strategies. They also need to be carefully implemented since such strategies can lead to

over complex implementations that can ultimately, produce results that suffer from data leakage.

8.2 Chapter research questions

In this chapter, the research questions consist of:

* (RQ8.1) can we improve the predictive results by combining different age-neighbor models?

* (RQ8.2) what is the impact of incorporating a weighting strategy to these bags of predic-

tions?

* (RQ8.3) and, how can we combine our sets of base learner prediction results?

Regarding the last research question, it is important to study combination strategies focused on
the prediction phase, so as to work towards combining base learners developed in geographically
distinct clinical reference centers. This means it is important to develop ways to combine multiple
models, created in different locations, so as to improve the general accuracy of predictions, without
compromising the privacy and security of patients’ personal information. This way this work

ensures that patient data remains confidential, thus agreeing with guidelines for data protection.

8.3 Single learning approach and combination strategies

This section overviews the single learning approach and its’ transformation to output combined

results. This way it is possible to easily compare both.
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8.3.1 Prediction problem and single learning approach

As stated previously, this work focuses on predicting the age-of-onset of ATTRv patients. In
a more conceptual view, one starts with a given patient X known to be a carrier of the ATTRv
mutation, at a given moment in time 7. The medical purpose is to estimate the predicted value of
the variable Y that represents the age when symptoms will manifest by the patient (onset).

The base predictive models are obtained from one baseline (BL) and several state-of-the-art
regression methods, namely: a Decision Tree (DT) model chosen by its interpretability; an Elastic
Net (EN), Lasso (LA), and Ridge (RI) approach due to temporal relations present in the features;
a Linear Regression (LR) for its simplicity, eventhough this is a multivariate methodology (resorts
to several features); a Random Forest (RF) for its results when working with problematic data
sets, i.e. noisy, irregular and outlier prone data; Support Vector Regression Machine (SV) for
assisting in the course of generating models of non-linear relationships between variables; and
finally XGBoost (XG) for its efficient boosting approach.

The BL was implemented following state of the art current medical practice [64] regarding the
predicted age-of-onset of symptomatic patients. In this case, and while assuming a linear trend

between the age of onset of a patient and that of his/her transmitting ancestor the rules state that:
* if (father and son) — target = parent(ageonset) - 6.06 ;
* if (father and daughter) — target = parent(ageonset) - 1.23;
* if (mother and son) — target = parent(ageonset) - 10.43;

¢ if (mother and daughter) — target = parent(ageonset) - 7.43.

8.3.2 Data and evaluation strategy

The data was supplied by Centro Hospitalar Universitario de Santo Anténio (ChuSA) at two dif-

ferent time moments. These were:

* before 2018 with this subset of data being used for training and validating individual algo-

rithms;

» after 2018 with this subset being used for subsequent testing regarding the original and

ensemble scenarios. For the set of features please check [84] and [85] as well chapter 5.

8.3.2.1 Training phase

The training phase takes into account information from all the patients diagnosed previously to
2018 and unfolds each of them into a set of age-specific projections. For each age and patient,
the data is gathered up to the year when the patient reached that age and until the patient becomes
symptomatic. Each of these patient-age projections become one training example described by
clinical as well as genealogical features. The value of the respective age of onset is the target

value. These sets of results consider ages from 22 to 64 with a step of 3 years (22, 25, 28, ..., 64).



102 Is it possible to blend heterogeneous models?

After feature construction, the training pipeline runned, for each training example, an imputing
missing data mechanism focused on resorting to a 5-nearest neighbor mechanism. It also resorts to
hyper-parameter tuning using 5-fold-cross-validation. Then, for each age and learning algorithm,

a prediction model is finally obtained from the age-specific patient projections.

8.3.2.2 Testing phase

In the testing phase, and to evaluate the prediction pipeline, patients diagnosed after 2018 are
selected, and, after performing the same pre processing activities as in the training data, the models
predict their age of onset for each model individually.

So, by taking the data obtained previously to 2018 and for each current symptomatic patient
the process considered the information known at the time at which they were 22, 25, 28, 31, 34,
37,40, 43, 46, 49, 52, 55, 58, 61, and 64 years-old (as long as they were still asymptomatic), and
instantiated an individual prediction model. This means that for each age group there is a single
experiment with each of the 9 different algorithms (i.e. BL, DT, EN, LA, LR, RF, RI, SV and XG).
Later, in the validation phase, patients diagnosed after 2018 were selected and they had their age
of onset predicted, individually, for each algorithm.

This phase includes the ensemble combination strategies, defined next.

8.3.3 Combination strategies

As stated, this chapter studies the effect of combining different models to obtain a new, stable, less
variance-prone, generic model. In this case, the selected approach concatenates models that share
the same algorithm, while focusing on neighboring age instances.

So, considering a patient x with an age a (Equation 8.1), for whom the system has the purpose
of delivering an age of onset prediction, there are two aggregation scenarios. In the first scenario,
there is a combination of the results of an age-based model with the models from the two previous
time frames, namely age — 3 and age — 6 ages. This corresponds to the asymmetric scenario with
a set of predictions (Equation 8.4) that averaged (Equation 8.6) generate an ensemble result. When
combined with a y weight vector (Equation 8.2) they generate a weighted set of results (Equation
8.8).

Alternatively, there is a combination of the current age model’s prediction with the predictions
for age age — 3 and the results of age age 4- 3. In this case, the set of results (Equation 8.5) are later
combined with a weighting feature vector (Equation 8.3) to generate a weighted (Equation 8.9) or

simple ensemble (Equation 8.7) set of results. This corresponds to the symmetric scenario.

yp = model(x,a) (8.1)

Yasym = (0.14,0.29,0.57) (8.2)
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Yom = (0.25,0.5,0.25) (8.3)
yasym(x7a) = (yb(x7a - 6);yb(x7a - 3)7yb(x7a)) (84)
ysym(-xa a) = (yb(-xaa - 3)7yb('x7a)?yb<x7a+ 3)) (85)
asym(x,a) = mean(Yasym(x,a)) (8.6)
sym(x,a) = mean(y’sym(xaa)) (8.7)

I,
asymw(x7a) = gyasym (X, a) * Yasym (88)

1
symw(x,a) = 5)’sym(x7a) *Ysym (8.9)

8.3.3.1 Weighting mechanism

To obtain the weighting vectors referenced in equations 8.2 and 8.3 a generic weight formula
presented in algorithm WeightingPredictions was taken into consideration. This method takes as
input a set of time points.

Time points refer, for example, to the sym,, by a vector with references t-3, t, t+3. In the
algorithm presented, Lines 1 to 3 generate the vector of weights, while lines 5 to 7 scale this
vector in order for its sum to be equal to one.

As an example, to generate the weights for sym,, as presented in equation 8.3 the input must
be [-1, 0, +1]. For the asym,, the same function generates the results in equation 8.2 with the input

[-2,-1,0]. These experiments did not have into account the age gap difference.

Algorithm 1 Weighting Predictions

Input agevec
Output weightvec

for i in agevec do
wli] = 0.5950)

end for

total = sum(weightvec)

for i in range(len(agevec)) do
wli] = wli] /total

end for=0

AN S ol -
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8.3.4 Evaluation

Both with traditional and ensemble modeling strategies the performance was measured by averag-
ing a set of prediction results regarding a specific error metric. In this chapter the chosen metric
corresponds to the mean absolute error (MAE) (Equation 8.10). Of note that MAE is expressed
in the same unit as the target variable and for which larger errors have the same impact as smaller
ones. Other metrics, such as mean squared error (MSE) (Equation 8.11) and root mean squared
error (RMSE) (Equation 8.12) differentiate between larger and smaller errors. In this case, since
the use case corresponds to a medical problem, this is not seen as a requirement. Thus, the interest

relies on MAE for the greater interpretability of absolute errors in special for non-technical users.

1V
MAE = — =y 8.10
V;Jx yil (8.10)

1V
MSE = — L= )2 8.11
y L) (8.11)

1V
RMSE = | — - — ;)2 8.12
SE =\ Ll =) (8.12)

8.4 Results

As is, for each tuple (age, algorithm) this chapter presents a set of five macro-level prediction

results:

* original prediction results where these are given by BL, DT, EN, LA, LR, RF, RI, SV, XG
models (Equation 8.1);

* asymmetric prediction results;

* symmetric prediction results;

e asymmetric-w prediction results;

* and symmetric-w prediction results.

To clarify, the original results correspond to the single learning approach results explained in
section 8.3.1 while the symmetric, asymmetric-w and symmetric-w correspond to the combination
strategies referenced in section 8.3.3. The overall experimental setup and the different testing
combination strategies are schematically referenced in figure 8.1.

After each aggregation, a clipping operation was implemented so as to transforms invalid
results, namely those where the prediction result is smaller than the corresponding age. The cor-
rection post-processing operator changes the predicted result to two years from the current age

a.
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To analyze each scenario the average MAE of the original approach was compared with the
asymmetric and symmetric scenarios (table 8.1).

An analysis of these results shows that:

e there is a clear improvement of the predictive results by combining different prediction mo-
ments, namely by considering the symmetric scenario, both with and without the weighting
mechanism (RQ8.1);

* in the asymmetric scenario there is a predictive improvement when adding the weighting
mechanism, i.e. when adding a vector of weights [0.14, 0.29, 0.57], for the bag of current
and neighbor predictions (RQ8.1);

* and, in the symmetric scenario there isn’t a predictive improvement when adding the weight-
ing mechanism, i.e. the results of (Sym >> Sym —w) when adding a vector of weights [0.25,
0.5, 0.25] (RQ8.2).

Figure 8.2 shows the average error of the BL and the top MAE performers, which correspond
to DT, SV and XG. Here it is noticeable that:

* the machine learning approach improves prediction results when compared with the medical

baseline;

* there is some interpolation between the original and the symmetric results with the original

results being quite irregular over very close ages;
* combining the predictions leads to a smoothing effect over the different age models;

* late onset age models (models for ages greater than 50 years) there the smoothing effect is
accompanied with an overall improvement in the results for DT and XG, while in the SV it

is clear that this does not happen due to the very large peaks in ages around 55 and 58 years.

In is noticeable that these results are impacted by the original individual results of each model.
This fact leads to the question what could the effect be to combine models not only over the ages

but also over the algorithms since some models work better with heterogeneous data sets.
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Figure 8.1: Conceptual Models for the Aggregation Scenarios
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Figure 8.2: Results of the prediction error over the different ages for BL and the three best ML
methods - DT, SV and XG - for the test data. Each graph contains the results for the original and
each of the different combination strategies (Asym, Asym-w, Sym, Sym-w)

Table 8.1: Average MAE for each pair (algorithm, scenario). With a grey background, we have
the approaches that beat the original or base learners.

original | asym | asym-w | sym | sym-w
BL 14.39 14.60 | 15.65 | 1430 | 14.30
DT 5.64 6.13 5.85 5.34 5.38
EN 7.43 8.15 7.87 7.26 7.30
LA 8.68 9.23 8.96 8.54 8.58
LR 7.30 7.93 7.69 7.07 7.10
RF 6.01 6.62 6.29 5.77 5.81
RI 7.33 8.02 7.76 7.15 7.17
Sv 3.29 3.31 3.25 3.14 3.16
XG 591 6.56 6.22 5.68 5.72
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8.5 Discussion

For this chapter the predictive approach first introduced in [84] and [85] was transformed, so as to
determine if single algorithm results would outperform different combination scenarios (RQS8.3).
In this case, two different aggregation scenarios were experimented. One is symmetric, centered
on the age of the patient. The other is asymmetric with the age of the patient at the right. These
scenarios were further enhanced by resorting to a weighting mechanism.

Regarding the research questions it is clear that (RQ8.3) it is possible to take different ag-
gregation approaches and achieve different prediction results. Here, if on the one hand, it was
possible to improve the predictive accuracy of an aggregation scenario when compared to the sin-
gle stand-alone algorithms (RQ8.1), it was also possible to improve upon these results by adding
a weighting factor in the asymmetric case.

For reference purposes, in the asymmetric case, it was not possible to improve the original
single-algorithm runs (RQ8.2). The most noticeable fact of these sets of results comes from the
smoothing effect that the different combination strategies have when compared with the SV results.
This fact can help non-data experts grasp the overall results of the machine learning prediction
based approach when compared with the BL results.

When account for the overall thesis research questions this work focuses on (RQ3) since it en-
hances the base learner methodology for predicting time-to-event for ATTRv patients, and (RQ4)
since it compares the base learner approach and the blending approach and reaches to a set of quan-
titative and qualitative improvements. The latter, by decreasing the variability between sequential

age models.
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Chapter 9

Clinical model for time-to-event
prediction

This chapter represents the merging of the works presented previously at conferences and con-
stitutes a significant milestone in disseminating the findings of this thesis work. It is noteworthy
that the data gathered at the medical facility was continuously gathered over the different publica-
tions, and was target of distinct data pre processing and cleaning procedures, that had to evolve as
new people were assigned to the process. As such, this chapter resorts to information referenced
in [83], and uses patient data not previously used in [84,85]. Also it consists of data records that

were target of several data correction procedures.

9.1 Introduction

As stated, this work follows upon the work referenced previously which correspond to early at-
tempts at answering an intricate medical problem. It acts as an enhancement, since the volume of
experiments as well as of manual constructed features increased from the previously 58 to a total
of 77 features. It also performs a more in-depth explanation of the full methodology assembled to

predict the age-of-onset of ATTRv Amyloidosis patients.

9.2 Materials and methods

This section formulates the problem, defines the current medical practice by presenting a baseline

model, and finishes with a short overview of the cost modeling approach assembled.
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9.2.1 Background

For a given patient X known to be a carrier of TTR-FAP mutation, at a given moment in time 7,
the interest is on estimating the variable Y that represents the age when symptoms will manifest
(onset).

The prediction task is modeled both in a classification and a regression setting. The resulting
models can be used by medical practitioners during a medical appointment to better understand

the clinical case of each patient.

9.2.2 Baseline model

For TTR-FAP, the incorporation of a predicted age of onset to insure a more accurate asymptomatic
patient follow-up of is not an established practice. Relatively recent works that study this need and

acknowledge its importance, in the Portuguese population, can be found in [64] and [27].

In the first work, authors studied the evolution of the age of onset in a group of TTR-FAP
families and found the existence of an anticipation mechanism [41]. This fact has been studied
for TTR-FAP in other geographical areas with the works of [34] and [106]. This work, which is
focused, sound and resorts to a large enough pool set of patient records, can foster the development
of a wide range of analytical inferences focused in the distribution of the age-of-onset of TTR-FAP

patients and its genealogical influence.

On a later work [27], a team of researchers with a wide knowledge in treating and following
patients diagnosed with TTR-FAP debated the importance of establishing the predicted age of
onset of asymptomatic disease (PADO). As authors acknowledge, the definition of a prediction
value can insure the correct monitoring of known TTR-FAP asymptomatic patients until such time
that onset is medically observed with less costs for the public health system. In their work authors
mention that PADO depends on patient mutation, typical age of onset for that mutation, and age
of onset in family members with ATTR amyloidosis, specifically its propositus (e.g. family first
diagnosed case). This work lacks the study and experimentation of a data-driven approach, or at
the very least a basic computational basic transmission of the rules one should follow to established
their methods predicted age-of-onset. With this in mind, in this work, and observing that there isn’t
all of the aforementioned information from the second study, the definition of a medical baseline

will rely on the work of [64].

So, the baseline rule model assumes a linear trend between the age of onset of a patient and

that of the transmitting ancestor, and states that:

if (father and son) then
$ = parent(ageonset ) — 6.06;

if (father and daughter) then

$ = parent(ageonset) — 1.23;
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if (mother and son) then

9 = parent(ageonset) — 10.43;
if (mother and daughter) then

¥ = parent(ageonset) —7.43;

These rules, which have different constant values that represent the average difference in the
age of onset of all previously diagnosed known pairs of (parent, child), are based on the existence
of an anticipation inheritance mechanism. This genetic anticipation, a common factor in most
hereditary diseases, acknowledges that a patient has a higher risk to show symptoms of the disease
prior to that of the parent(s). In this case one takes into account this anticipation mechanism and
for each known different pair of (patient, ancestor) gender the overall differences of each known
element are averaged.

To produce comparable results in all experiments a special rule was added. Its’ intended
purpose was to consider the cases where there isn’t enough information regarding the gender or
the age of onset of the transmitting ancestor. In this case, for simplicity purposes, one states that
the patient will most likely feel symptoms of the disease in the two years after the prediction time
point. Thus the final rule states that:

if (data unknown) then

9 = patient (current_age) +2

As is, this baseline suggests that there is a need to continuously assess and study of familiar

inheritance ( [84], [85]), what represents a common practice in hereditary diseases studies.

9.2.3 Data

As previously stated the data comes from a medical facility in Portugal. From their records one
started by selecting information from 2259 patients, diagnosed and followed before 2018. Then, it
was considered relevant to add a validation data set for the overall prediction approach and include
data from 213 patients, diagnosed between 2018 and the end of 2021 (see table 9.1). By then, there
were 511 patients classified as TTR-FAP asymptomatic carriers that have since then experienced
symptoms of the disease, or are expected to, in the next few years. These numbers have a tendency

to increase over time, as new families are diagnosed.

9.2.4 Cost model

To allow for an earliest as possible treatment time, asymptomatic patients known to be carriers of
a disease should be monitored for symptoms [103]. For TTR-FAP, these may include a wide range

of highly heterogeneous symptoms (progressive symmetric sensory-motor neuropathy, autonomic
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Table 9.1: 2472 Patients diagnosed with TTR-FAP in Unidade Corino de Andrade as of December
2021

Symptoms Gender
Symptomatic (before 2018) Male 1258
Female 1001
Symptomatic (after 2018) Male 110
Female 103
Asymptomatic or Pre-Symptomatic Male 178
Female 333

dysfunction, GI complaints, weight loss, among others) [51]. Current patient cost evaluations fo-
cus on the estimation of annual healthcare costs associated with management of patients according
to disease stage ( [56], [S7]). These stages occur after the symptoms onset, which begins with pa-
tients walking unaided and ends when they are fully bedridden [3]. If left untreated, patients have
a decreased mean life-expectancy of 12 years with mean healthcare costs of 125.645€ per patient
([561, [57D).

To estimate the potential gain of the application of a prediction based approach to coordinate
the triage of asymptomatic patients, this chapter presents an annual cost model estimate and
compares the prediction error estimate that takes into account both the predicted (§) and true

values (y) against the current medical follow-up of TTR-FAP asymptomatic patients ( [78], [51]).

To model the cost error appropriately, it is important to separate between anticipation and
delay errors. In either case, one starts the follow up approach 5 years prior to the prediction of the
onset of symptoms. Of note, in [27] authors debate the importance of predicting the age of onset
of TTR-FAP patients in order to improve the asymptomatic patient follow-up without defining a
prediction-based approach and studying its error distribution. Nonetheless, they define the pre-

prediction follow-up period as 10 years.

9.24.1 Delay

The delay scenario occurs when the patient presents symptoms before the predicted time event.
This originates late diagnosis costs, which includes loss of medical treatments. Although it
presents a decrease in asymptomatic patients follow-up costs, the loss of treatment options by
itself represents a non-negligible set of costs that have direct impact on a patient’s life options. To

account for that, the model treats this error type I case as:

¥y >y,Cost = CDPT

where CDPT stands for Cost Delay Prediction Treatment and represents an impact factor for
final cost values.
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9.2.4.2 Anticipation

If one encounters an anticipation error, then the patient presents symptoms after the predicted time
event. Here one is faced with a set of costs related with the annual revision of the patient status.
These may include exams and medical appointments, both of which are currently included in the
asymptomatic patient follow-up procedure. For this, the error model cost (type II error) is defined

as:
y<ye=y—3J

Cost = exCAPA

where CAPA stands for Cost Asymptomatic Prediction Approach.

It is important to note that as the medical costs of reviewing a patient process are already
included in the current patient follow-up procedure, one expects a decrease of the overall costs by
supporting a predictive-based asymptomatic patients follow-up policy. This decrease depends on

the type of prediction error the chosen model prediction generates (if type I or type II).

9.3 Approach and technical issues

This section describes in depth all the key issues regarding the methodology assembled to predict
the age-of-onset of ATTRv Amyloidosis patients, while resorting to genealogical data for feature
construction. The chosen feature construction methodology is exclusive to the manual synopsis

methodology.

9.3.1 Instance feature construction

To construct the patient feature set, the focus was on information regarding important life events,
namely the time of birth, death, and onset. From those, a set of clinical age related variables were
extrapolated, namely age of onset, current age, and age of death. As these variables delimit the
time horizons where each patient is at, and represent quite different life stages, it was deemed
interesting to represent each patient for a set of specific ages, that will henceforth be referenced as
time marks. These age time marks correspond to: 22, 25, 28, 31, 34, 37, 40, 43, 46, 49, 52, 55,
58, 61, and 64.

Of note that the representation of a patient at a specific time mark is only viable for the predic-
tion pipeline if the patient was still alive, both for the classification and regression case, or if the
patient was still considered asymptomatic by the medical team, in the regression case.

As an example, figure 9.1 shows, for three different patients, their time marks, and their valid
prediction time horizons.

The patient A, consists on a patient with age of onset (30) and age of death (39). To create all
valid patient A instances it is important to focus on: (i) the valid time horizons, which go from 22
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to 30 years; (ii) that currently this is a symptomatic patient, with an age of onset at 30 years; (iii)
that the asymptomatic ages range from 22 to 28 years old; and that this patient died when he was
39 years old. As is, this patient can be incorporated in the prediction pipeline, and can be used in
the model construction phase. Of note that he can’t be used in models for ages greater then 39,
since he died when he was 39 years old.

As for patient B, he can be present in models until he reaches his age of onset (39). In order
to create each patient B instance one has that: (i) the valid time horizons range from 22 to 39;
(ii) this is currently a symptomatic patient, with an age of onset of 39; (iii) the asymptomatic ages
have an interval from 22 to 37 years old. Currently this patient is still alive but is already showing
symptoms of the disease. As is, this patient may be incorporated in the model construction phase.

Finally, patient C, has as life event his current age of 39. His relevant data is that: (i) the valid
time horizon range from 22 to 39 ages; (ii) this is an asymptomatic patient; (iii) the asymptomatic
ages range from 22 to 39 years; (iv) this patient can only be used in the model validation phase,
where this chapter performs asymptomatic patient evaluation as one can not assess his prediction
erTor.

In conclusion, for a specific patient, independently of his current state, and for each time
horizon, this chapter calculates three sets of features (see table 9.2): Patient Feature Set, First
Level Feature Set and Extended Feature Set. When creating each feature one resorts only to the
information known at the time of the event, thus needing to enforce a set of validation constraints.

Most of the first and extended level feature set features are defined by sets of different mathe-
matical operators, and depend on familiar connections between patients and their family members.
In this case it was important to define and create the lowest common ancestor algorithm, so as to
calculate for each age model, the valid relations for each patient [12].

After constructing the set of valid instances for each patient, both for the training and validation
sets, a set of blocks were conceptualized and implemented to assist in the definition of the model
construction and evaluation phases (see Figure 9.1). But before discussing it, it is important to

discuss data separation issues.

9.3.2 Data separation

To validate the approach and compare it with the medical baseline, the methodology resorts to a
temporal validation block [11,104]. So, the prediction pipeline starts by splitting the data set into
two parts: one part containing early treated patients that can be used to develop the model, and
another part containing the most recently treated patients, so as to assess the overall validity of
the process. The algorithm started with a non-random split [104] in which patients that showed
symptoms and were diagnosed prior to 2018 were used in the training set and to check the robust-
ness of the model; while the patients diagnosed after 2018 and the patients that currently haven’t
shown symptoms, but are expected to, were bagged together and used in the validation set. This
corresponds to the horizontal data split.

To have comparable results between the approach and the current medical baseline, the cohort

suffered a further vertical break, and separated between the patients with known age of onset of
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Table 9.2: List of 77 original and generated features classified between Patient, First Level, and

Extended Level
Type Description N.Feat.
Patient Patient’s Gender

Father and Mother Age Onset

Born before Father or Mother had Symptoms
Year of Birth, Death and Onset

Age Current and Age of Death

Survival Current and Survival Length

Death and Onset Status

Age of Onset (Target Variable)

First Level

Number of Children (by gender)

Number of Siblings (by gender)

Number of Uncles and Aunts

Number of Nephews and Nieces

Number of Children with the disease (by gender)
Number of Siblings with the disease (by gender)
Number of Uncles with the disease (by gender)
Number of Nephews with the disease (by gender)
Avg, Max and Min Age Onset of Children (by gender)
Avg, Max and Min Age Onset of Siblings (by gender)
Avg, Max and Min Age Onset of Uncles and Aunts
Avg, Max and Min Age Onset of Nephews and Nieces

Extended

Avg, Max and Min Age Onset of Patients followed at the Clinical Unit (by
gender)

Avg, Max and Min Age of Onset of Patients in the Family Tree (by gender)
Avg, Max and Min Age of Onset of Early Onset Patients (Patients with Age of
Onset < 50)

Avg, Max and Min Age of Onset Late Onset Patients (Patients with Age of
Onset > 50)

(o)) Ne) Ne Ne N (SR SR SR (ST (S I S RN (SR O ) I (O (O (SRR I
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Figure 9.1: Conceptual model of Virtual Age Scenarios

parent(s), and those without. To that end, three types of models were developed: data set A,
containing patients with previously diagnosed ancestor(s); data set B, which contains those for
whom we do not have a measurable age of onset for the ancestor; and data set F', composed of all

available records.

9.3.3 Model construction

After dealing with the horizontal and vertical break of the data set, i.e. the separation between
different sets of features and instances to train and validate the work, each patient-instance was
aligned (see Figure 9.1) according to the age it represented. This alignment allowed for the con-
struction of different models that could be trained according to the age instance of each patient.
This is independent of their actual decade of existence.

With the age alignment process, each patient has a set of prediction results, which correspond
to a risk factor. Also, of note, that since the prediction of the age of onset of a patient at each age
corresponds to an independent task, the bags of patients can be bagged together, even though they

correspond to different temporal decades.
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To evaluate a large set of approaches, the pipeline model incorporated a model selection phase.
This consists of, for each numerical age, generating an instance of a model with the help of a
nested cross-validation operator. In this specific case, and for each training phase, one has an
outer cross-validation method that optimizes the tuning meta-parameters that each algorithm has.

With this model selection approach, one ends up with an independently tuned model for each
time horizon, and can select the best set of hyper-parameters and algorithms for relatively small
data sets [88]. In addition, this step allows for a first evaluation regarding the robustness of the
model when comparing the results among the different cross validation folds. Of note is that in
this case, the focus was on using a random split, since the overall evaluation is only performed

with respect to the validation set.

9.3.4 Model evaluation

For the model evaluation assessment, the focus was on developing different diagnostic procedures
according to the current state of the patient, i.e. symptomatic or asymptomatic, as well as concep-
tualizing, implementing, and presenting an independent cost assessment procedure that follows
the current asymptomatic patients guidelines presented in [78] and [51].

In one case the choice was to measure the predictive ability in a classification-based setting,
while in the other the focus on the regression-based setting.

In the classification-based setting the purpose is to infer the capability of the approach to an-
swer the question of: "if a patient previously diagnosed with the genetic error will show symptoms
of the disease in the next 4 years". In this case, the interest is not in the patient’s age of onset, but
rather on whether he will be accurately diagnosed as showing symptoms of the disease in the pe-
riod between 2018 and 2021. The metrics that will be considered as most important are Precision
(P), Recall (R), F1 and Accuracy (A).

In terms of the regression-based setting, the purpose is to infer the capability of the approach
in answering the question of: "when will a patient show symptoms of the disease". Here the
interest is in the difference between the y and the y values. The mean absolute error (MAE) and
the root mean squared error (RMSE) correspond to the two chosen metrics to evaluate the rank of
each algorithm. These were chosen based on the fact that one is well-known for its interpretability
easiness (MAE), while the other is better suited for robustness issues (RMSE).

Regarding the measure of the cost gain achieved by changing the current asymptomatic pa-
tients follow-up procedure, this value was estimated as the difference between the current and cost
of the prediction-based approach, for each patient.

All these evaluations are subject of further explanation next.

9.4 Results

This section presents the experimental setup and the results.
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Figure 9.2: Evolution of Precision and Recall for V(A), V(B) and V(F) data set

9.4.1 Experimental setup

As discussed previously, each asymptomatic patient had his information compiled at different
ages, namely 22, 25, 28, 31, 34, 37, 40, 43, 46, 49, 52, 55, 58, 61, and 64 years-old (as long as
they were still asymptomatic). Then the pipeline instantiates an individual model for each type of
data set. This means that for each age group, and each data set, a single experiment is performed
with each of the 8 different algorithms (i.e. LR, EN, LA, RI, SV, DT, RF, XG). In total, this
pipeline ran 405 experiments to compare the results for different patients’ ages.

The results are presented in three layers.

For the classification-setting, the validation results are analyzed, for both the asymptomatic
and symptomatic patients. This consists in analyzing, the last prediction age result for each pa-
tient and verify if the result fell in the period set between 2018 and 2021 or not. This results
in each patient having a single prediction value, which allows for them to be bagged together,
independently of the disease stage (see table 9.3 and Figure 9.2).

As for the regression-setting, the average rank of each tuple (algorithm, data set) is analyzed,
so as to have a clear and simple comparison of how each model performs (see table 9.4 and Figure
9.3). In this case, the average rank in the training set as well as the validation set are also target
of analysis. This assists in diagnosing over fitting issues, as well as intuiting the robustness of the
approach. Finally, it assists in labeling each model into top and worst performers.

Regarding the cost assessment, it is important to mention that the cost modeling approach

leads to two main types of cost results. These consist of: (i) real cost (CR) that is calculated
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by taking into account an asymptomatic follow-up approach of all patients from when they are
20 years old; (ii) predicted real cost (CPR) that corresponds to the cost by taking into account
the negative impact of cost of delay prediction treatment (CDPT), i.e. the impact of having a
prediction that results in an unused follow-up result; and (iii) the cost of asymptomatic prediction
follow-up approach (CAPA).

9.4.2 Results
9.4.2.1 Classification setting

For the classification-based evaluation, and by considering the interval between 2018 and 2021,
each patient was aligned at the beginning of 2018. In this case the prediction age was transformed
to a year instance. Since the prediction results only consider patients older than 21, 9 patients were
excluded at this point, since they have less than 22 years and are currently asymptomatic.

Overall it is clear that these results are impacted by the rather small prediction period that
ranges between 2018 and 2021. One factor relates with the early age results identifying mostly
negative samples. This effect tends to decrease for the late onset cases (e.g., before 50 years old
as opposed to after 50 years old).

The ranks of the top and worst performers show that, although there is some fluctuation, the
overall top performer is the SV algorithm for most of the chosen metrics. Although it may not be
the case for the recall (R) results, this was deemed less important due to the overall high scores of
most of the algorithms. In fact, when having a closer look thought the different ages, it is clear the

consistency of the SV algorithm.

9.4.2.2 Regression setting

The validation results of the MAE error distribution (see Figure 9.3) shows that, for the data set A
case, and at the early ages, the approach ranks top when compared with the BL, although in later
ages this isn’t as clear. This fact is likely affected by the decrease of the validation set size, over
the different age groups. This can be due to the lack of new asymptomatic patients as the ages
increase, and in the change between the training and validation sets (see table 9.1).

As for data set B and data set F, it is clear that the machine learning based approach shows the
best results, with SV being the best chosen algorithm, and XG the second best.

Regarding the average ranks (see tables 9.4 9.5), and when comparing the dispersion and
difference between the top-2 performers, two main observations standout. First, that on the one
hand, the different MAE ranks aren’t stable between the training and validation set. In this case
and when looking at the RMSE average ranks it is visible that this does not happen. These ranks
difference between T and V sets in MAE results suggests that there is a difference in large errors
distribution in SV results. This can indicate some future problems, since clinical models need
assurances as to the future performance of the top selected approaches. As is, this point will be

the focus of future work developments.
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Table 9.3: Classification based metrics evaluation. With a black background we show the top
performers, and in light gray we show the worst performers. (P - Precision, R - Recall, A -
Accuracy, F1- harmonic mean of the precision and recall)

Model avg(P)+std avg(R)+std avg(Fl)+std avg(A)+Lstd
BL 042+030 0.61+037 048+£031 0.54+0.26
DT 0.69 + 0.26 0.77 +£0.19  0.76 + 0.20
EN 0.56 031 0.95+0.07  0.66=+026 0.65+ 024

LA 0.63£033 0.88+£0.11 0.68 £0.24 0.67+0.24
V(A) LR 0.53+0.33 0.90+0.25 0.62+0.30 0.63+£0.25
RF 0.75+£030 0.89 +£0.25 0.80£0.26 0.83+0.18
RI 0.55+0.31 0.97 £ 0.06 0.65+0.25 0.65+£0.23
SV IRV W (.81 +0.26 0.85£0.25 0.93 +0.06
XG 0.66 £ 0.31 090+ 0.25 0.73 +£0.27 0.77 £ 0.19
BL 0.55 £ 0.08 pmEI==NIX)) 0.71 £0.07 0.55 +£ 0.08

DT 071 £0.15 098 +£0.03 0.81£0.10 0.74+£0.16
EN 0.62+0.12 0.99 +£0.02 0.76 £0.09 0.65+0.12
LA 0.99 £0.06 0.88 + 0.11 0.92+£0.08 0.92+0.08

VB) LR 0.57 £0.10 0.98 £ 0.06 0.71 £0.07 0.57 £0.10
RF 0.77 £ 0.17 0.98 £0.03 0.86 £0.11 0.80+£0.16
RI 0.59 £0.10 1.00 £ 0.01 0.74 £0.07 0.62 £0.10

SV URSEAIXIRE 0.97 + 0.05 0.98 +0.03 0.97 +0.03
XG 0.70£0.16 0.99 £ 0.02 0.81£0.11 0.73+£0.16

BL 055+0.12 091+0.04  0.67£0.09 0.58+0.08
DT 0.55 £ 0.18 0.69 +£0.14  0.57 +0.17
EN 059+0.19 095+0.06  0.71+£0.12 0.62=+0.15
LA 099003  0.77+0.13 086008 0.88+0.08
V(F) LR 0.56 +021 096+0.05  0.68+0.15 | 0.56 £ 0.19

RF 0.65 £ 0.20 IR I==RIXIX) 0.76 £ 0.14  0.69 £ 0.19

RI 0.57 £0.17 gL ERIXIR) 0.70£0.13  0.60 £ 0.16
SV 0.99 £ 0.02 IR I==RIX0} 0.93 £0.04 094+0.04

XG 0.59 £0.18 IR ENIXIR) 0.72£0.13 0.63+£0.16
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Table 9.4: Average MAE ranks of each tuple (algorithm , dataset) for model-based imputation with
parameter k=10. T(dataset) corresponds to training results. V(dataset) corresponds to validation
results. With a black background we have top(2) Top performers. With grey coloring we have
top(2) Worst performers.

T(A) TMB) TF) | VA) V(B) V()
BL | 747 847 873 883 897 9.00
DT | 463 500 4.67 330  3.03
EN | 557 600 457 [477 587 590
LA [ 463 597 627 | 6.60 7.80 8.00
LR | 813 847 6.67 477 533
IOl 243 173 150 447 423
RI [ 403 290 3.70 590 5.70
SV | 560 6.67 717
p(el 250 173 1.73

Second, that, there is a stability of the ranks between each horizontal data set separation (e.g.
between data set A, data set B and data set F). As is, in this case, and seeing that the MAE ranking
is most stable for the XG algorithm, and that this is the top(2) performer of both training and
validation data sets, the approach produces good results for the XG algorithm.

The results of the XG algorithm might be influenced by its built-in capabilities to prevent over
fitting, while working well with small data, as well as with data with subgroups. Of note that
the differences in size between training and validation set can impact the generalization of each

algorithm, and can lead to differences between training and validation results (see table 9.1).

94.2.3 Cost assessment

The cost model results (see Figures 9.4 and 9.5) show a possible decrease in cost. This can be
relatively high for the cases where the patient follow-up is sustained by the prediction results and
the patients has late onset symptoms. This can be observed by: (i) the rank of SV, independently
of the type of data set; and (ii) the larger dispersion of BL in data set A results. It is important to
note that there are several variables that impact these results which might alter the effectiveness
on similar problems, namely: the CDPT value, and the capability of a specific algorithm to have
higher type I or type II errors (i.e. errors by delay as opposed to errors by anticipation, the cost of
the later also being biased by the CDPT value). In these results, the costs for the BL in the Val(B)

and Val(F) experiments were removed, seen these are biased towards type II errors.

9.4.3 Discussion

This work explores genealogical features in modeling and predicting the Age of Onset of TTR-
FAP patients. The definition of different sets of data explores pre-existing information regarding
the patients’ ancestry.

In this classification setting results show the supremacy of the SV algorithm, even thought

they are impacted by the rather small prediction period. In the regression problem, these show
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Table 9.5: Average RMSE ranks of each tuple (algorithm , dataset) for model-based imputation
with parameter k=10. T(dataset) corresponds to training results. V(dataset) corresponds to vali-
dation results. With a black background we have top(2) Top performers. With grey coloring we
have top(2) Worst performers.

T(A) T@®B) TEF)  V(A) V(B) V)
BL | 887 887 9.00 | 880 897 893
DT | 487 4.13 420 3.63  3.00
EN | 500 600 607 |[477 580 6.13
LA | 553 (773 17.80 | 653 7.80 793
LR | 620 633 667 | 443 490 5.3
RF | 480 3.13 320 | 487 410 4.13
RI | 453 553 607 |567 607 620
SV
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Figure 9.5: Cost Estimation for the difference between the prediction-based approach and current
annual asymptomatic patients follow-up, for Val(A), Val(B) and Val(F) if we consider a pre follow-
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the supremacy of tree based methods: in particular, XG is ranked as top performer in most of
the regression-based experiments, showing stable results when comparing training and validation
results. This was expected due the match between the algorithms strengths and the intrinsic char-
acteristics of the problem namely: the existence of missing values, complex data, and small sized
available inputs. Worth noting that since some of the tried methods show some instability, from
a cautionary perspective, the usage of DT is also suggested, since it was consistently classified as
worst performer, and it is considered as a more intelligent, but still human perceptible, baseline.
In practice, this method represents a simpler approach that, regardless of age group and data set,
can function as a computational baseline.

As for the cost modeling results, these show the gain that can be achieved by the medical
professionals in establishing a prediction based approach to follow patients diagnosed with TTR-
FAP.

On a final note, this work also defined an adequate experimental approach which enables
the exploration of different sets of genealogical features and their comparison, in a time-to-event

prediction setting.



Chapter 10

Conclusions

This section summarizes the key findings and insights drawn from this thesis. It contributes with

a reflection on the results.

10.1 Synthesis and Main Contributions

This work explores the topic of Time-to-Event prediction applied on a real medical problem.
Specifically, it presents actionable results capable of impacting the job of professionals working
with patients afflicted by a genetic hereditary disease known as ATTRv Amyloidosis [15]. From
a clinical perspective, these results can impact the care received by patients, since ranking them
according to the risk of showing symptoms can ultimately improve their quality of life by, for
example, optimizing treatments afforded by health service budgets.

All the different approaches that are summarized next were substantiated on an age oriented
data-driven methodology (see chapters 5 to 8), assembled to assist medical professionals tailor
clinical treatments towards patient needs. From a technical perspective, this work focused mostly
on the assembly of approaches based on feature construction, model construction and model eval-
uation (see chapter 3 for background). From a clinical perspective, it focused on extracting knowl-
edge from clinical and genealogical data sets by generating a set of outputs capable of enhancing

current medical knowledge.

10.1.1 Feature construction

With regards to feature construction, this work focused on solving a set of implementation chal-
lenges, namely on creating and evaluating a synopsis approach focused on extracting meaningful
sets of features from heterogeneous data sets (genealogical trees), and comparing it with a more
automated approach that takes advantage of transforming the genealogical trees using a graph

embedding-based approach (see chapters 5, 6 and 7).
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From a technical side, results showed it is possible to methodologically define a set of steps
capable of ensuring, with a high degree of reliability, that it is feasible to extract statistically
meaningful features from genealogical trees. Of note is that these characteristics, by having clear
concepts behind their definition (average age of onset, maximum age of onset), can be easily
grasped and interpreted by medical professionals. The same does not apply to graph or node
embedding features, since these have a more purely, low level, abstract mathematical conception
whose results aren’t as easily relatable to observable characteristics.

Also, from a technical perspective, feature construction for genealogical data sets can look
like an interesting path, but it demands taking into consideration a few key aspects. Firstly, ge-
nealogical data sets are hard to find, specially in association with the medical field. Secondly, since
doctors spend a lot of time collecting and manually introducing data in heterogeneous data silos,
they have a high degree of ownership over the data records. Anecdotally, it is possible to have a
strong feeling that the amount of time spent collecting the data records is highly proportional to
the feeling of ownership they have. Thirdly, these data sets, when being collected while resorting
to undefined or unknown scenarios, may suffer from highly variable degrees of data completeness.
All of this leads to a high number of problems which need assistance from business owners (for
this work, medical professionals) so that solving the problems doesn’t get lost in unmanageable

paths.

10.1.2 Model construction

As for model construction, this work presents a multivariate data-oriented regression methodology
assembled with the purpose of performing time-to-event prediction, specially focused on resorting
to genealogical data. In this case, the approach tracks patients’ risk of developing disease onset
over different ages. Also on the topic of model construction, it explores the impact of combining
different age models of near time windows (see chapters 8 and 9).

In the end, results show both a clear improvement over baseline results, and an increase on their
interpretability (how results are accepted by non-technical users) - since the blending mechanism
is able to reduce the effect of the heterogeneity of patient clinical data, which in turn assists in
making the results more acceptable to non-technical users.

Notwithstanding the above, there are some caveats when evaluating results. In the first place,
the fact that the data sets used are focused on a single medical facility can lead to biased results.
Secondly, since the assembled approach focused on combining the models over time windows,
and not on blending different models (algorithms), it wasn’t (yet) possible to take advantage of the

special characteristics of each individual base learner.

10.1.3 Model evaluation

With regards to model evaluation, the main contribution deals with the development of an approach
to measure the return of investment (ROI) of triggering patient clinical follow-up based on the

output of a prediction model (see chapter 9). The results show it is possible to reduce the costs if
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the patients are followed on a regular basis while in the asymptomatic stage. If this is not the case,
possibly due to the need to reduce overall costs, or due to a shift of concept for the distribution of
age of onset over the years, then the improvement is reduced.

There is also a methodological contribution given by the different robust approaches that mea-
sure the implications of the prediction methodology, specially when compared with the clinical
baseline. Here results tend to assure the models have a high degree of predictive accuracy on
unseen data, and they also provide statistical assistance in model selection.

In the end, this work also addressed the lack of knowledge that clinical teams face while
working with non-integrated data sets by presenting the results of a descriptive and analytical
longitudinal study capable of showing the evolution of genealogical based indicators over time.
This study is presented in chapter 4 and annex A, and it is published in a more current version
in [82].

10.2 Discussion

Time-to-Event prediction faces significant challenges, specially when applied to medical data. A
focus on genealogical data, even though can be seen as interesting from an academic perspective,
issues several hardships that can be difficult to overcome.

A few of the most important issues that were dealt with here concerned on how to obtain
computationally usable information from raw genealogical data: from data validation, through
data transformation, to result interpretation.

It is also important to mention that a good prediction approach depends on, and thus must first
evaluate, the type of data, its quality characteristics, and accurate clinical adoption. These can not
simply rest upon computational or Al based improvements.

As for future work directions, one should start by noting that this work has contributions with
different degrees of complexity. As such, it can have continuation in several directions, with a few

of the most relevant ones being discussed next.

10.2.1 Recommendations for future work directions

This study concentrated on predictions at specific time points. Given the heterogeneity inherent
in ATTRv Amyloidosis, it could be beneficial to develop models that focus on predicting in time
intervals, specifically using conformal prediction approaches [99]. Such an endeavor would ide-
ally begin with the design of a clinical trial involving a diverse group of patients from various
geographical locations. This would enable the study to evaluate the impact of different variants,
which could potentially lead to heightened clinical interest on this path.

Another significant aspect to consider is that the current contributions primarily focused on
traditional regression methods. While this is a research path with consistent contributions, a po-
tential extension of this work could involve comparing the methodologies developed in this thesis,

specifically the multivariate regression-base prediction approach, with traditional survival analysis
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approaches. This would necessitate the introduction of new genealogical-based medical datasets,
which has proven to be a challenging endeavor.

On a final note, a consistent time-to-event prediction, which could be considered as an essential
tool in the course of clinical trials or when dealing with the healthcare ecosystem, can assist in,
for example, stratifying patients according to their risk of developing certain conditions. It can
also, for example, help clinicians comprehend the effectiveness of a treatment or intervention, and
lead to the adoption of new therapies and other improvements in patient care. These approaches
help to show ways for this work to lead to different follow-up work directions independent from

prediction results, which can assist in gathering interest from clinical professionals.



Appendix A

Chapter 4: Study on the heterogeneity
and variability of Portuguese families
diagnosed with ATTRv Amyloidosis

Hereditary transthyretin amyloidosis, clinical named ATTRv amyloidosis, is an inherited disease
with significant variability, where the study of family history holds importance in baseline evalu-
ations and clinical follow-up.

This annex supplies a set of tables that present genealogical-based clinical indicators that
demonstrate profile changes that occurred in the families that have been target of clinical follow-
up at Unidade Corino de Andrade, Centro Hospitalar Universitdrio de Santo Anténio, since the
first patient was diagnosed in the "outpatients facility of Hospital Geral de Santo Anténio" [8].

The initial format of this study is incorporated in this thesis in chapter 4, but since the first
submission it was accepted and published in Amyloid, The Journal of Protein Folding Disorders.
This is a medical journal which consistently publishes articles on amyloid based diseases and the

full work can be seen in [82].
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Table A.1: Extended familiar evolution for newly diagnosed families. Bold results show the vari-
ables which show, on average, a smaller genealogical variability. Asterisk (*) indicates a signif-
icant difference with Q4 (due to Mann-Whitney having a p-value result below 0.05 which shows
there is a significant difference in age of onset). Only significant differences are shown.

new families Q1 Q2 Q3 Q4
total families with active patients 366 213 97 129
early onset families 316 142 46 44
male / female patients | 417 /285 | 118/103 | 31/40 | 27/26
average 8.7* 7.5 8.1 3.7
stdev 6.3 6 6.6 1.7
largest AOO coef.yar 0.7 0.8 0.8 0.5
difference median 8 6 6 4
range [0,27] [0,24] [2,22] [1,6]
statistic 814
p-value 0.038
average 7.6 6.1 5.3 34
lareest AOO stdev 5.5 4.7 2.4 1.7
difference probanii-patiem coef.yar 0.7 0.8 0.5 0.5
median 7 5 5.5 4
range [0,27] [0,24] [2,9] [1,6]
average 9.1 18.3 22.5
largest AOO stdev 6.2 6 7.5
difference parent-child coef.yar 0.7 0.3 0.3 i
median 8 21 22.5
range [0,30] [10,24] | [15,30]
average 5.9 54 5 3.6
lareest AOO stdev 4.4 3.6 2.5 1.9
dlﬁeremi iblings | oSV 0.7 0.7 0.5 0.5
median 5 4.5 4.5 4
range [0,22] [1,13] [2,9] [1,6]
late onset families 21 44 35 64
male / female patients 16/6 26/21 | 21/15 | 57/22
average 6 9 6.5 114
stdev 0 0 5.5 4.7
lmj;;; 23606 coef.var 0 0 08| 04
median 6 9 6.5 10.5
range - - [1,12] | [3,18]
average 6 9 6.5 9.6
largest AOO stdev 0 0 5.5 3.9
difference proband-patient coef.yar 0 0 0.8 04
median 6 9 6.5 9
range - - [1,12] | [3,18]
average
largest AOO coeslg.(ilea:; i i i i
difference parent-child median
range
average 10 9 8.6
largest AOO stdev 4 0 3.2
difference siblings coef.var 0.4 0 i 0.4
median 10 9 9
range [6,14] - [3,13]
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Table A.2: Extended familiar evolution over time for newly diagnosed mixed onset families. Bold
results show the variables which show, on average, a smaller genealogical variability.

new families Q1 Q2 Q3 Q4
total families with active patients 366 213 97 129
mix onset families 17 21 14 12

male / female patients | 10/10 | 11/16 | 4/12 8/8
average 22.6 26.4 25.9 19.1

stdev 11 8.5 9.9 10.4
largest AOO | coef.var 0.5 0.3 0.4 0.5
difference | median 21 26 28.5 17

range | [2,44] | [9,43] | [11.40] | [5,34]
average 18.6 26.4 25.3 20.2

stdev 8 9.5 8.9 7.2
largest AOO | coef.var 0.4 0.4 0.4 0.4
difference proband-patient | median 19 26 25 19

range | [2,35] | [9.,43] | [11,40] | [13,32]
average 22.1 24.9 30.4 27.8

stdev 6.4 7 5.7 6.4

largest AOO | coef.var 0.3 0.3 0.2 0.2
difference parent-child | median 21 24 30 32
range | [11,35] | [15,43] | [22,40] | [17,34]

average 104 11.9 9.7 13.5

stdev 7.2 10.7 6.6 4.4

largest AOO | coef.var 0.7 0.9 0.7 0.3
difference siblings | median 8 8.5 11 15.5

range [1,21] [2,38] [1,17] [4,17]
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Table A.3: Extended familiar evolution over time for old diagnosed families. Bold results show
the variables which show, on average, a smaller genealogical variability. Asterisk (*) indicates a
significant difference with Q4 (due to Mann-Whitney having a p-value result below 0.05 which
shows there is a significant difference in age of onset). Only significant differences are shown.

old families (OMR / NMR) Q2 Q3 Q4
total families with active patients 205 266 291
early onset families 188 223 221
male / female patients 225/197 25517228 1837195
average 7.9/10.9 7.2/112.6 8.1/134
stdev 49/59 491757 557538
l”g;;; ifcoe coef.var 0.6/0.5 0.7/0.5 0.7/0.4
median 7710 6/12 7/13
range | [0,24]/1[0,27] | [0,23]/[2,27] | [0,22]/[0,27]
average -/ 10.5% -/124 1/13.6
stdev -117 -1175 0/7.8
largest AOO | coef.var -10.7 -/0.6 0/0.6
difference | median -/9 -/11 1/12
proband-patient range -/10,40] -/12,39] -/10,40]
statistic /14168
p-value / < 0.001
average 15.7/9.9 18.8/10.9 -/12
stdev 82/175 7172 -/174
difference g’;f:’:f_fgz coef.var 0.5/0.8 0.4/0.7 106
median 14/8 16.5/10 -/10
range | [5,33]/1[0,35] | [10,31]/[0,40] -/10,35]
average 5.4/7.6* 4.9/4.9 5.2/52
stdev 37/49 35735 3717137
largest AOO | coef.var 0.7/0.6 0.7/0.7 0.7/0.7
difference | median 5/7 474 5/5
siblings range | [0,16]/[0,31] | [0,16]/[0,16] | [0,15]/[0,15]
statistic /3112
p-value /0.008
late onset families 9 18 24
male / female patients 6/6 9/12 11/18
average 13/11.5 6.5/7.9 8.3/10.4
stdev 0/2.6 1.5/5.2 5.8/6.2
l”j;;; ifcoe coef.var 0/02 02/0.7 0.7/0.6
median 13/13 6/7 6/9
range -/[7,13] [5,9]1/[1,15] | [3.18]/[1,22]
average -/20 -/18.6 -/20.3
lareest AOO stdev -174 -/14.4 -/11.3
difference probané:i—patient coef.Yar -/ 04 -/08 -/06
median -/124 -/15 -/16
range -117,27] -/11,49] -11[5, 47]
average -/12 -/15.3 -/15.9
lareest AOO stdev -16.7 -/8.8 -/11.7
difference pafent-child Coef.yar -/06 -/06 -/07
median -/10 -/15 -/14
range -/15,21] -/12,28] -/13,47]
average -/16.2 -/14.1 4/184
stdev -/82 -/9.2 1/11.7
dﬁer£ZZie;223g0s coef.var 105 107 0.3/0.6
median -116.5 -/13 4/16
range -117,25] -/11,32] | [3,5]/[1,40]
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Table A.4: Extended familiar evolution over time for old diagnosed families. Bold results show

the variables which show, on average, a smaller genealogical variability.

old families (OMR / NMR) Q2 Q3 Q4
total families with active patients 205 266 291
mix onset families 8 25 43
male / female patients 4/9 13/25 25730
average 34/35.1 24.2/33.8 24.6/33.1
stdev 6.6/59 12.3/84 10.2/8.7
largest AOO coef.yar 02702 0.5/0.2 04/0.3
difference median 33.5/34.5 25/33.5 24/34.5
range | [26,47]/[26,47] | [4,43]/[10,46] | [3,47]/[17,49]
average -127 -126.6 -/23.8
stdev -14.5 -/8.9 -17.7
largest AOO | coef.var -10.2 -/0.3 -/0.3
difference | median -/28 -/26 -125
proband-patient range -/121,32] -/1[5,43] -/110,43]
average 247171229 29/24.3 21.4/20.9
stdev 34/8.4 2.8/9.8 44/10.3
coef.var 0.1/04 0.1/04 02/05
difference ij’;f::;_fgz median 25.5/25.5 29/25 20/20
: range | [19,29]/[3,32] | [25,33]/1[6,43] | [16,28]/[0,43]
average 8.8/15.1 8.9/20.2 6.8/17.5
stdev 6/8.7 4.7/8.4 5.7/79.1
largest AOO | coef.var 0.7/0.6 0.5/0.4 0.8/0.5
difference | median 5/20 9/19 3.5/16
siblings range [2,171/13,26] | [2,19]1/([2,38] | [1,20]/[3,38]
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