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by Sergio Hernandez Antén

Breast cancer remains one of the leading causes of cancer-related morbidity and
mortality worldwide, requiring robust methodologies for early risk prediction, re-
currence forecasting, and survival analysis. This thesis defines a comprehensive
pipeline for breast cancer risk prediction, emphasizing both technical precision and
clinical relevance. The proposed framework integrates multiple components: data
acquisition, preprocessing, feature extraction, model selection, interpretability, and
explainability, in order to ensure accurate, transparent, and actionable outcomes.

Overall, this thesis aims to advance the field of breast cancer prediction by delivering
a robust, interpretable, and clinically relevant pipeline, aligning with the important
goal of improving patient outcomes through early and precise detection.

Additionally, in an attempt to make this thesis more reachable, we add a feature
dictionary for both used datasets in Appendix A. On top of that, we also share the
project in the shape of a GitHub repository!, so that people can take profit of this
research if at all possible. We also include a guide on its structure in Appendix B.

Ihttps://github.com/SergioHernandezAnton/Final_Thesis_DataScience.git
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Chapter 1

Introduction

1.1 Background on breast cancer risk prediction

Breast cancer is the second major cause of women’s death after lung cancer [1], rep-
resenting about 12% of all new cancer cases and 25% of all cancers in women. As
shown in Figure 1.1, last year it was the most common diagnosed type of cancer
among US citizens (similar statistics for different cancer types can be found here!).
Hence, early detection and precise risk prediction are crucial for improving out-
comes, enabling timely intervention and reducing unnecessary procedures.

New Cancer Cases, 2024 Cancer Deaths, 2024

™ ‘
@ Breast: 313510 (16%) @ Lungand bronchus: 125.070 (20%)
@) Prostate: 299.010 (15%) @ colonand rectum: 53.010 (99)
. Lung and bronchus: 234.580 (12%) Pancreas: 51.750 (8%%)
@ Colon and rectum: 152.810 (8%) @ Breast: 42.780 (7%)
@ Other: 1.001.230 (50%) @ oOther: 339.110 (55%)

FIGURE 1.1: Statistics on new diagnosis and reported deceases for
most common cancer types in 2024 for US citizens.

Risk prediction is accomplished by identifying characteristics associated with a high
or low risk of developing a disease (traditional risk factors are listed in Section 1.2),
and then combining those characteristics in a statistical model to produce a proba-
bility estimate of developing the disease over a certain period.

Ihttps://cancercontrol.cancer.gov/ocs/statistics
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Historically, demographic and clinical risk factors have been used in risk prediction
models; more recently, genetic makeup has been added to certain models. Cancer
risk prediction models have been used to estimate the costs of the population burden
of cancer, plan intervention trials, create benefit-risk indices and design prevention
strategies for at-risk populations [2].

There is an increasing interest in using risk prediction models, since they help in-
dividual patients to estimate their personal chance of being diagnosed with breast
cancer. “What is my risk of getting cancer?” is a question that clinicians frequently
encounter in their everyday practice. It is no wonder why the 2004 Institute of
Medicine report on breast cancer screening identified individual risk assessment as
essential to improve early detection of breast cancer [3].

Breast cancer risk prediction models are commonly assessed in two ways: by mea-
suring their performance at the population level and at the level of the individ-
ual woman. In [4] it was assessed each model’s performance at the population
level. They compared the number of women the model estimated [E] would develop
breast cancer to the ones actually diagnosed with breast cancer (observed [O]). The
Italian and Gail models estimated that 186 and 180 women, respectively, would de-
velop breast cancer. Therefore, the overall E/O ratios for the Italian and Gail models
were similar (0.96, 95% confidence interval [CI] = 0.84 to 1.11; and 0.93, 95% CI =
0.81 to 1.08, respectively).

Naturally, the issue is a matter of concern for researchers worldwide, and new risk
prediction Machine Learning (ML) and Artificial Intelligence (AI) approaches are
being developed nowadays for most types of cancer, as we can observe in Figure
1.2. These methods include classical ML models such as Support Vector Machine
(SVM) and Logistic Regression (LR). For breast cancer specifically, we can also con-
sider traditional approaches such as the Gail and Tyrer-Cuzick models, which rely
on clinical, genetic and lifestyle factors.
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originally mentioned in [5], the results are for the top 100 cited arti-
cles indexed in Scopus database?.
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However, despite the success of the aforementioned methods, they still face signifi-
cant limitations. In particular, they are trained with a single source of data, limiting
their predicting power; they also suffer from inflexibility, failing to adapt to a pa-
tient’s changes over time; and on top of that, they can introduce population-specific
biases, reducing their applicability.

In order to mitigate these limitations, we consider the integration of human micro-
biome data, which has garnered substantial attention by both researchers and the
media. The human microbiome refers to the collective genome of all bacteria, ar-
chaea, fungi, protists and viruses residing in and on the human body. For a more
comprehensive review on microbiome studies, see [6].

Not only does human microbiome capture environmental and lifestyle influences,
it also gives valuable insight into hormonal regulation and immune system modu-
lation. Moreover, it also serves as a dynamic and modifiable biomarker, enabling
personalized risk prediction while also bridging the gap for diverse populations.
On top of that, by integrating microbiome data with clinical, genetic and imaging
factors, risk prediction models can better capture the complex interplay of factors
contributing to cancer, improving accuracy at prediction. For a more comprehensive
and deeper explanation, one can check both [7] and [8].

We will come back to explain it more deeply in Section 1.4, but the main purpose of
this research is to define a pipeline for breast cancer. Our intention is to show the
full picture of a data-oriented project, so we go all the way from data acquisition to
model explainability, including both recurrence and mortality on it. Afterwards, the
original idea was to integrate microbiome data to the pipeline in order to explore
and discover new risk factors through its usage. Unfortunately, we were unable to
access such datasets, as we mention later in Section 5.1.

1.2 Traditional risk factors

In order to get used to the features we work with, in this section we list multiple
breast cancer risk factors identified over the years, as discussed in [9].

* Reproductive and hormonal risk factors: Older age, older age at first live birth
and at menopause, younger age at menarche, and nulliparity are associated
with elevated breast cancer risk, all of which are related to prolonged exposure
to endogenous estrogen. In addition, use of postmenopausal hormone therapy
is a risk factor that is dependent on type and duration of use. Reproductive
and hormonal factors are considered to be modest risk factors (with risk ratios
ranging between 1.0 and 1.5) but, when multiple, have additive effects [10].

* Breast density: Dense breast tissue is an independent risk factor for breast
cancer, with many studies demonstrating an odds ratio of 4.0 or greater when
comparing the most dense to least dense categories [11]. Although increased
breast density confers lower risk than some risk factors, it is more common
among women and thus may account for a considerable proportion of popula-
tion risk [12]. The addition of breast density as a risk factor improves calibra-
tion and discrimination of various risk prediction models [13].

¢ Radiation exposure: Radiation exposure between the ages of 10 and 30 years
(ie, in survivors of Hodgkin lymphoma) is a known risk factor [14].
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* Genetic factors: Family history (in particular, an affected mother, sister, or
male relative, early onset disease, and bilateral disease) is an established risk
factor [9]. Inheritance of high-risk genetic mutations, such as BReast CAncer
gene 1 (BRCA1) and BRCA2, account for some but not all of this risk [15]. Com-
mon risk variants, mostly single-nucleotide ones (formerly known as single-
nucleotide polymorphisms), can explain up to 18% of the familial risk of breast
cancer and, when aggregated, can be incorporated into risk prediction models
as a polygenic risk score [16].

* Benign breast disease and prior biopsy: Proliferative disease with atypia is
a known risk factor. Specifically, there exists a 6- to 10-fold increased risk of
breast cancer in women with lobular carcinoma in situ and a 4- to 5-fold in-
creased risk in women with atypical ductal hyperplasia [17]. In addition, prior
breast biopsy alone is a modest risk factor for breast cancer, with relative risk
associated with histologic findings (ie, proliferative disease with atypia is of
higher risk than proliferative disease without atypia, which is of higher risk
than nonproliferative disease) [18].

¢ Lifestyle factors: Obesity is associated with elevated breast cancer risk in post-
menopausal women, though it is believed to have a protective effect in pre-
menopausal ones [9]. In postmenopausal obese women, the aromatase en-
zyme in adipose tissue converts androgens to estrogen, thus increasing breast
cancer risk [19]. Premenopausal obese, however, have lower levels of serum
estradiol [20]. Additionally, physical activity decreases breast cancer risk in a
dose-dependent manner [21]. High levels of alcohol intake are associated to
elevated breast cancer risk [9].

1.3 Integration of recurrence and mortality

In our context, incorporating recurrence and mortality prediction models is essen-
tial for building a comprehensive framework for patient care and outcomes. These
predictions serve as vital components in understanding the broader implications of
breast cancer management, as they address not only the risk of developing breast
cancet, but also its progression and ultimate prognosis, as done in [22].

By recurrence, we refer to the return of cancer after initial treatment. This can mani-
fest locally (at the original site or in nearby lymph nodes), or distant metastasis. We
refer to these as local and distant recurrence, respectively. By predicting it, clinicians
are able to anticipate disease progression, personalize treatment and guide follow-
ups, all of which are also crucial for survival.

On the other hand, mortality prediction focuses on estimating the risk of death,
whether from cancer or other causes. It is an essential factor for assessing overall
survival, informing palliative care and public health planning. Unfortunately, even
though decease rates for different types of cancer have only diminished over the last
years, there is still a long way to go, as it is reflected in Figure 1.3.

Moving on to what it piqued our interest for this research specifically, recurrence
and death are closely tied to breast cancer risk prediction, as they share important
features such as age, genetic predisposition and receptor statuses. Moreover, while
risk prediction emphasizes prevention and early detection, recurrence and death
models address outcomes post-diagnosis, forming a continuum from prevention to
survivorship, which is precisely what we pursue with this thesis.

4
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Source: Cancer Facts & Figures 2024, American Cancer Society (ACS), Atlanta, Georgia, 2024.

FIGURE 1.3: Count of reported deceases for the eight deadliest cancer
sites in 2024 for US citizens.

Hence, the inclusion of both recurrence and mortality in a breast cancer risk pre-
diction pipeline enriches the model’s utility by addressing the full spectrum of pa-
tient outcomes. These predictions provide actionable insights, influencing clinical
decision-making, optimize treatment plans, and improve patient quality of life.

1.4 Aims of the research

As it is already mentioned in Section 1.1, our main goal is to define a pipeline for
breast cancer using clinical data. We made it the focus of our research because, as
we will see in Section 2.2, current research does not focus on constructing robust,
interpretable and fair models, all of which are crucial in breast cancer risk prediction.
Thus, not only should this pipeline work for healthy and infected subjects alike, but
also has to be able to explain and justify its decision-making.

We will design and test the pipeline at the same time, so we require clinical data and
get results supporting our findings. The main idea is to extract the most important
features for our predictions and see if these features are consistent by justifying their
appearance. In the great scheme of things, the pipeline looks as Figure 1.4, though
there are some details we omit to enhance simplicity. Nonetheless, we are going to
properly explain the whole procedure in Chapter 3.

‘ Data Acquisition }—»{ Data Preprocessing }—{Feature Extraction}

‘ Explainability }«—{ Interpretability }«—[Model Selection}

FIGURE 1.4: Pipeline for breast cancer risk prediction, which also can
be used for recurrence and mortality. Blocks are partitioned by colors.

Additionally, we want the pipeline to be as robust as possible, so we intend to test
it with as many data and models as we can. For this reason, in our experiments we
do not stick to a particular model, but rather select the best performing one for each
case. Furthermore, several metrics are defined in order to control the performance
of models from different perspectives. By implementing these measures, we expect
to obtain coherent and conclusive results.
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Related to robustness, our next goal, and perhaps the most important one from an
ethical point of view, is to select models treating all protected classes® equally. Fig-
ures 1.5 and 1.6 reflect our concern, since black patients have a lower rate of diag-
nosis but a higher rate of decease than white ones. We are fully aware there might
be some other factors causing this outcome, but the point is we want our pipeline to
avoid that.
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400 351.0

304.1
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FIGURE 1.5: New cancer cases in US during 2017-2021 by
race/ethnicity. “Non-Hispanic, b Asian/Pacific Islander, ‘American

Indian/Alaska Native.
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FIGURE 1.6: Reported deceases for cancer in US during 2018-2022 by
race/ethnicity. “Non-Hispanic, ?Asian/Pacific Islander, ¢American
Indian/Alaska Native.

There are also groups which are discriminated due to data availability. As shown
in Figure 1.5, women between 55-74 years old cover more than 50% of all new diag-
noses. Thus, it is highly likely models will show a tendency on predicting correctly
for these age ranges, while for other age groups they will not perform nearly as well.
This is the reason why in Chapter 3 we perform a data exploration, using the fea-
ture dictionary in Appendix A, to manually define which variables are sensitive to
become protected attributes.

Shttps://www.senate.ca.gov/protected-classes
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FIGURE 1.7: New confirmed breast cancer cases during 2017-2021.

Overall, we summarize the objectives of this research in the following:

¢ Define a pipeline starting from data acquisition and going all the way to model
interpretability and explainability.

* Such pipeline should work not only for breast cancer risk prediction, but also
for recurrence and mortality prediction. Thus, covering all possible outcomes.

e Test it with datasets as described above (the bigger, the better). If possible,
these tests should include new or unexplored data, such as microbiome.

¢ Increase its robustness through the definition of several metrics, fairness as-
sessment and the usage of different kinds of models.






Chapter 2

State of the art

ML has revolutionized healthcare by enabling data-driven solutions for disease pre-
diction, prognosis, and management. In breast cancer, ML models have been widely
adopted to enhance early detection, risk stratification, recurrence forecasting and
mortality prediction. This chapter provides an exploration of state-of-the-art appli-
cations of ML in these domains, while paying special attention to Generative Ad-
versarial Imitation Learning (GAIL) models and prognosis prediction models. Ad-
ditionally, a prior review remaking models should include interpretability, explica-
bility and fairness strategies is also examined.

2.1 ML in breast cancer

Breast cancer risk prediction models aim to stratify individuals based on their likeli-
hood of developing the disease. Traditionally, models such as the Gail and Tyrer-
Cuzick models utilized epidemiological and genetic data. However, ML has in-
troduced more sophisticated algorithms capable of handling complex and high-
dimensional datasets.

2.1.1 Traditional models

One of the most well-known models for predicting a woman’s chance of being di-
agnosed with breast cancer is the Gail model. It includes age, race and first degree
relatives with breast cancer amongst another risk factors, making it not only holistic
but also robust. This model predicts the likelihood of having a breast cancer diag-
nose within the following 5 years and within her lifetime (up to 90 years old). Ad-
ditionally, the Gail model and similar risk prediction models are readily available to
clinicians and patients around the world through the Internet (see [23]). Moreover, a
version of the model, available on the National Cancer Institute webpagel, is accessed
20,000 to 30,000 times each month.

The aforementioned breast cancer risk prediction model, commonly known as the
Gail model, was developed in 1989 and originally introduced in [24]. The model
has undergone several modifications over the years, and is now available (in the
link) as the Breast Cancer Risk Assessment Tool (BCRAT), see [25]. The most recent
version of the BCRAT returns estimates for 5-year and lifetime invasive cancer risk
for women who are at least 35 years old, as presented in [26]. In particular, they use
the risk calculator to identify individuals with a 5-year risk greater than 1.67.

Ihttps://berisktool. cancer.gov/
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The Tyrer-Cuzick model, or I/O Buffer Information Specification (IBIS) model, is
also among the most widely used tools for the task at hand. It was firstly presented
in [27], based on data from the IBIS conducted in UK. It combines a genetic segre-
gation model for familiar risk and a regression model for other risk factors. This
genetic segregation assumes a two-locus genetic model, with one locus for BRCA1
or BRCA2 and the other locus for an unknown, low penetrance gene. This model
considers as risk factors age at menarche, parity and height, among many others.
The latest additions are breast density and polygenic risk scores, introduced in [28].
Additionally, a UK study demonstrated these scores based on a large number of
single-nucleotide variants lead to improved risk stratification when combined with
Tyrer-Cuzick risk and breast density, as shown in [29].

The computer program for the Tyrer-Cuzick model displays a chart which shows a
woman’s breast cancer risk until 85 years of age, in addition to 10-year and lifetime
risks [27]. This program also calculates the likelihood of having BRCA mutation of a
hypothetical autosomal dominant gene mutation, assumed to have a low penetrance
but a high frequency in the population. Furthermore, the risk estimates can be used
to identify women who would benefit from chemoprevention [30] and/or Magnetic
Resonance Imaging (MRI) screening.

The model includes a multitude of genetic and nongenetic risk factors, can be used
in women younger than 35, and requires use of a specific computer program. It
demonstrates good calibration and discrimination when used in high-risk popula-
tions. Moreover, recent evidence suggests that models with multigenerational fam-
ily history, such as Tyrer-Cuzick, estimate risk better, even for women with below-
average or average breast cancer risk, which is studied in [31].

2.1.2 GAIL models

GAIL models represent a cutting-edge approach to learning complex distributions
and imitating expert strategies. Thus, they have emerged as a promising framework
in healthcare, including breast cancer risk prediction. By leveraging the strengths
of Generative Adversarial Networks (GANs), these models can simulate complex
data distributions and address the challenges of imbalanced datasets, often found in
breast cancer research.

For instance, GAIL models can synthesize realistic patient profiles to augment train-
ing datasets, thereby improving the performance of risk prediction models. Such
models are particularly beneficial in scenarios where data scarcity or privacy con-
cerns restrict access to comprehensive datasets. Nevertheless, they still present some
limitations, for instance their risk of overfitting to synthetic data and its high com-
putational cost.

In the original paper [32], GAIL models are presented as an approach to address the
challenge of learning policies directly from expert demonstrations without requiring
explicit reward signals, a common limitation in Reinforcement Learning (RL). They
draw inspiration from GANs, where a generator and discriminator compete in a
Zero-sum game.

The generator (here, the policy), learns to produce actions indistinguishable from the
expert’s behavior, while the discriminator identifies whether these actions are taken
by the agent or the expert. This problem is defined as minimizing a divergence
between the state-action distribution of the learned policy and that of the expert.

10



Chapter 2. State of the art 2.1. ML in breast cancer

Mathematically, the GAIL framework optimizes the objective function:

mﬂinml‘)axIEn [log (D(s,a))] +E, [log (1 — D(s,a))] — AH(m),
where:
* 7 represents the policy being learned.
¢ D denotes the discriminator function.
* 71 is the expert policy.
e H(m) signifies the entropy of the policy, promoting exploration.
* A is a weighting factor balancing imitation and exploration.

This formulation allows the policy to learn behaviors statistically similar to the ex-
pert demonstrations, by minimizing the divergence between the agent’s and expert’s
state-action distributions.

GAIL models benefit from great scalability, the unnecessity of defining an explicit
reward function and data efficiency. As shown in [32], these models bridge the gap
between imitation learning and RL, providing a robust method to learn complex
behaviors from expert data without requiring hand-crafted rewards. Thus, they lay
the groundwork for future research in imitation learning and generative modeling
for policy learning, which applies to disease detection and, in particular, to breast
cancer risk prediction.

2.1.3 Prognostic prediction models

Despite the continuous advancements in treatment, predicting the likelihood of re-
currence and overall survival for breast cancer patients remains a critical challenge in
clinical oncology. Traditional prognostic models often rely on well-established clin-
ical and pathological factors such as tumor size, nodal status and hormone receptor
expression. While these variables are valuable, they fail to fully capture the molec-
ular complexity and diversity of breast cancer. This limitation has driven a growing
interest in integrating genomic data with clinical features in order to develop more
precise and personalized prognostic models.

The study in [33] represents a major step forward in this domain. The authors con-
structed models leveraging the wealth of information available from multigenomic
datasets alongside traditional clinical data. Their objective was to improve the accu-
racy of recurrence and survival predictions, providing clinicians with tools to better
tailor treatments and interventions for individual patients.

To develop their predictive models, the authors employed a robust and methodical
approach. They began by using feature selection techniques to identify the most in-
formative genomic and clinical variables. Methods such as Least Absolute Shrinkage
and Selection Operator (LASSO) regression were utilized to reduce the dimension-
ality of the data, while retaining its predictive power. This was important given the
high-dimensional nature of genomic datasets, which lead to overfitting if not man-
aged carefully. Once the key features were identified, the authors used the Cox pro-
portional hazards model to estimate time-to-event outcomes, including recurrence-
free survival and overall survival. Ensemble ML techniques were also explored to
enhance predictive accuracy by combining the strength of multiple models.

11
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A significant strength of the study lies in its rigorous validation strategy. The authors
conducted both internal validation using cross-validation techniques and external
validation with independent datasets. This dual validation ensured the models were
not only accurate, but also generalizable across diverse patient populations.

The findings were striking, models integrating genomic and clinical data signifi-
cantly outperformed those based solely on clinical variables. The integrated mod-
els demonstrated higher metrics, reflecting their superior ability to rank patients by
their risk of recurrence and decease. Furthermore, the models provided individual-
ized risk scores, enabling a more nuanced assessment of each patient’s prognosis.

The study also underscores the practical implications of integrating genomic data
into clinical workflows. By combining traditional and molecular insights, the pro-
posed models represent a major advancement in personalized oncology. Neverthe-
less, they also presented several limitations, such as bias introduction and uncer-
tainty of utility in real-world clinical settings. Additionally, the computational com-
plexity of handling high-dimensional genomic data presents practical challenges,
requiring sophisticated infrastructure and expertise.

Overall, the study represents a significant contribution to the field, providing a foun-
dation for future work aimed at integrating molecular and clinical data for person-
alized risk prediction. This aligns with broader trends in oncology, where the focus
is increasingly shifting towards understanding the unique molecular landscape of
each patient’s disease to guide their treatment and improve outcomes.

2.2 Further interests for our research

The focus of current literature is on developing Al-based risk analyses for breast can-
cer. Nonetheless, [34] delves into the development of a comprehensive pipeline for
breast cancer risk prediction, by reviewing ML approaches to the problem and high-
lighting their shortcomings. It also remarks the importance of integrating diverse
features and ensuring models are both interpretable and fair.

The authors systematically examined 20 studies out of an initial pool of 600, focusing
on those which employed ML techniques for breast cancer risk assessment. They
categorized the variables used into imaging and non-imaging types. In particular,
non-imaging features encompassed clinical factors, such as age, family history, and
genetic information, providing a holistic view of an individual’s risk profile.

In terms of model selection, the review identified various ML algorithms utiilized
across the studies, including Support Vector Machines (SVM), Convolutional Neural
Networks (CNN) and ensemble methods. However, the authors also pointed out
the challenges associated with model selection, such as the risk of overfitting and
the need for large, diverse datasets to train robust models.

Feature extraction was another critical topic of discussion, since the authors empha-
sized the importance of selecting relevant variables to improve model accuracy and
generalizability. Techniques like Sequential Forward Floating Selection (SFFS?) and
Principal Component Analysis (PCA) were highlighted as effective methods for di-
mensionality reduction and feature selection, ensuring models focus on the most
informative attributes.

2https ://rasbt.github.io/mlxtend/user_guide/feature_selection/
SequentialFeatureSelector/

12


https://rasbt.github.io/mlxtend/user_guide/feature_selection/SequentialFeatureSelector/
https://rasbt.github.io/mlxtend/user_guide/feature_selection/SequentialFeatureSelector/

Chapter 2. State of the art 2.2. Further interests for our research

Furthermore, the review underscored the necessity of evaluating models for poten-
tial biases, particularly those arising from imbalanced datasets. Ensuring models
are trained on diverse populations is vital to develop equitable risk prediction tools
generalizable across different demographic groups. Thus, fairness assessment in ML
models is crucial, particularly in medical applications where biased predictions can
lead to disparities in healthcare outcomes.

On top of that, interpretability and explainability of ML models were also focal
points of the review. The authors discussed the application of Explainable Artifi-
cial Intelligence (XAI®) techniques, such as SHapley Additive exPlanations (SHAP)
and Local Interpretable Model-agnostic Explanations (LIME?), which help in elu-
cidating the decision-making process of complex models. These methods enhance
transparency, allowing clinicians to understand and trust the predictions made by
the models, thereby facilitating their integration into clinical practice.

In conclusion, the review offers a comprehensive overview of the shortcomings of
current ML-based breast cancer risk prediction models. The insights provided serve
as a valuable guide for researchers and clinicians aiming to develop and implement
effective, fair, and transparent breast cancer risk prediction tools.

Shttps://www.ibm.com/think/topics/explainable-ai
“https://christophm.github.io/interpretable-ml-book/lime.html
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Chapter 3

Materials and methods

The most difficult part of Data Science is arguably gathering qualitative and quanti-
tative data. This is also the case for healthcare domain, where one has to take further
considerations in order to access data. We discuss in Chapter 5 the particular in-
conveniences we had with this data acquisition, while in this one we detail the data
used for our experiments and the followed methodology.

3.1 Data acquisition

After an extensive period of looking for datasets related to the matter at hand, we
then had to choose which ones suited our interests best.

Unfortunately, the public datasets we found did not have control subjects (that is,
patients not infected with breast cancer). Thus, we decided to use the one in [35],
which we found in the literature, for breast cancer risk prediction. We were fully
aware of its limitations before using it, but we decided to start our experiments with
it regardless and move to a better dataset whenever it arrived. However, due to our
lack of responses we ended up sticking to it.

For our other line of research (recurrence and mortality risk prediction) it was easier,
we just reviewed all the datasets we have found and selected the one with more
subjects and qualitative variables. This dataset is included in the Cancer Imaging
Archive collection!. Because we focus on prediction using clinical data (no use of
medical imaging), we only took the .x1sx file with title Clinical and Other Features.

3.2 Data summary

We will refer to the datasets used in [35] and from Cancer Imaging Archive as Lifestyle
and Duke datasets, respectively. As a reference when looking at our experiments, a
feature dictionary for both datasets is included in Appendix A.

3.2.1 Lifestyle dataset

As explained in [35], this dataset contains the demographic information, moderate
physical activity, lesion volume and story memory recall data for each subject in-
cluded in the analysis (a total of 58). Moreover, it also includes disease and treatment
characteristics of breast cancer survivors (30 subjects).

Ihttps://www.cancerimagingarchive.net/collection/duke-breast-cancer-mri/
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Chapter 3. Materials and methods 3.3. Followed methodology

A great aspect about this dataset is the fact it is already clean. This obviously means
no need of preprocessing it, but more importantly, there is no imputation of values
in order to use some particular models, which could have a negative impact in our
results. Nonetheless, some variables were removed due to being correlated to the
target column Group. Thus, we end up using 16 out of all 22 variables.

3.2.2 Duke dataset

In contrast to the first, based on results recorded in a study, this dataset is a single-
institutional, retrospective collection of 922 biopsy-confirmed invasive breast cancer
patients over a decade. Not only does it contain demographic, clinical, pathology,
treatment, outcomes and genomic data, but also data from screening tests.

Since we had a total of 98 features, we removed all imaging-related data alongside
unnecessary features such as Patient_ID (not appearing in Appendix A). Further-
more, similarly to the Lifestyle dataset, we have a set of features correlated to the
targets Recurrence and Dead, so we included them in another dataset. After these
two removals, we start our experiments using the 69 variables that are left.

3.3 Followed methodology

We now focus on following the steps we made along the project and justify our
decision-making. We divide this section in model selection, data preprocessing, met-
rics definition, baseline assessment and experiments.

3.3.1 Model selection

The first thing discussed after obtaining our data was which models we should use.
Even though neural networks would most likely obtain the best results, we dis-
carded them to consider models with a higher level of interpretability. Since we are
defining a pipeline for potential patients, and the construction of a model heavily
depends on the particular problem, we take some of the most popular ML classifiers
and see which of them works best in our scenarios.

These models were not selected arbitrary, we particularly wanted to include Logistic
Regression (LR) and k-Nearest Neighbors (k = 5 by default) k-NN, but also proba-
bilistic and tree models are used. After discussing it again and again, we end up
using the aforementioned ones, in addition to Decision Tree (DT), Random Forest
(RF), XGBoost (XGB) and SVM. With the exception of K-NN, all these models accept
a random_state parameter (initialized at 42), which enables reproducibility.

3.3.2 Data preprocessing

It is already mentioned in Section 3.2.1 Lifestyle dataset is already clean, so we only
have to focus on the Duke dataset. Some of the models we use (LR, for instance)
do not allow NaN values, which are caused due to no present and no conclusive
(ambiguous) instances. Thus, we must resort to some missing data strategy like
imputation. Nonetheless, in exchange of widening the range of models we can use,
it may introduce noise in our data. For this reason, we remove all features which
have more than 600 NaN values out of all 922 instances. This way we can reduce the
risk and retain only those variables which will benefit from the imputation, as we
will see later.
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Chapter 3. Materials and methods 3.3. Followed methodology

After changing the feature Age from days to years, we use the mean value of each
feature to fill missing data. Although this is a typical approach, we will see it indeed
improves the performance of models with the capacity of dealing with NaN, such as
XGB. However, we only fill the columns where it makes sense to use the mean. After
completing Nottingham_grade by definition, we use an iterative imputer to fill the
remaining missing values (limiting to 10 its iterations). Additionally, we use a label
encoder to transform categorical string data into numeric types.

Due to the nature of our data, we only have columns specifying the days until our
target features. Thus, we have to manually add columns which will serve us as la-
bels for our classifications. Moreover, we combine both Days_to_local_recurrence
and Days_to_distant_recurrence into a single column Days_to_recurrence be-
cause there is not enough data to treat each variable separately. Finally, we fill all
NaN values of our labels dataset with zeros to include them in our control instances.

3.3.3 Metrics definition

There are quite a few ways to measure the performance of a model, but we prefer
to continue with a more classical machine learning approach. This does not mean
we selected metrics arbitrary. After a first gathering of the most popular and used
metrics in Health domain, we chose the five most relevants for our study:

* Accuracy: Even though accuracy can be misleading in imbalanced datasets
(like ours), it still gives us an overall sense of model performance.

¢ Precision: Defined as the proportion between true positives among all pre-
dicted positives, it measures the reliability of a positive prediction. In our
particular problem, false positives can lead to unnecessary interventions or
anxiety, so it is crucial to assess how trustworthy our positive predictions are.

Recall: This is the proportion of true positives correctly identified. It is critical
when missing a true positive has severe consequences, such as undiagnosed
breast cancer.

F1-Score: It is defined as the harmonic mean of precision and recall. It mea-
sures the trade-off between identifying positives and avoiding false positives,
making it useful while working with imbalanced datasets.

Matthews Correlation Coefficient (MCC): Defined as a correlation coefficient
considering all four confusion matrix outcomes, it measures the overall quality
of a classification. Moreover, not only does it provide a balanced evaluation,
but it is also robust to imbalanced datasets.

Test

Recurrence (NaNj)
Recurrence

Dead (NaN)

Dead

Accuracy
0.874 + 0.009
0.890 + 0.010
0.924 = 0.018

0.926 £ 0.011

Precision

0.139 + 0.086

0.140 + 0.196

0.450 = 0.210

0.467 + 0.287

Recall

0.067 £ 0.054

0.022 = 0.027

0.164 £ 0.107

0.097 £ 0.035

F1-Score

0.088 = 0.064

0.037 = 0.046

0.219 £ 0.124

0.150 + 0.039

MCC

0.035 = 0.061

0.021 £ 0.072

0.225 £ 0.132

0.173 = 0.069

FIGURE 3.1: Metrics before and after data imputation. Predictions for
our target variables Recurrence and Dead using XGB.
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Chapter 3. Materials and methods 3.3. Followed methodology

Since we both want to check these metrics and whether our preprocessing is success-
tul, a little test was performed. In Figure 3.1 we show the metrics while predicting
both target variables (Recurrence and Dead) using data before and after imputation
(features with excessive NaN values already removed) using XGB. Notice that metrics
are shown with some unconfidence, we will explain it in the experiments section.

3.3.4 Baseline assessment

Before starting with our experiments and in order to see if the preprocessing and
the models are successful, we it would be best to first compute metrics for a simple
model with unprocessed data. In the case of Duke dataset specifically, this means
we retain features with more than 600 NaN.

For the Lifestyle dataset, we chose 1-NN, since it is the simplest of all the considered
models. On the other hand, for Duke we only had XGB as an option, due to being
able to natively deal with NaN, contrary to the rest of classifiers.

3.3.5 Experiments

As mentioned in Section 1.4, our goal is to assess both risk prediction for breast
cancer and, additionally, to its recurrence and mortality. For the latter ones, we also
try to predict the time before the events occur, though it obviously is a much more
difficult problem. For its performance to be acceptable, it requires a quality and
quantity of data we do not have. We will come back to it in Chapter 5, but the limits
of our data will be reflected in the performance of the models, so please take into
account we focus on giving a pipeline for breast cancer prevention.

For this reason, we really put emphasis on selecting the best model for our purposes,
assessing a trade-off between performance and fairness. Once we choose the model,
we try to interpret it by showing the most relevant features in the classification.

In case you check the code provided in the GitHub repository, you will notice note-
books only contain the essential. This is because all hand-crafted methods are gath-
ered in the utils.py module to both improve the reading and the running perfor-
mance as much as possible.

Risk prediction

Our goal is to compare all selected models, in addition to the baseline, using the met-
rics defined before. Since we want to perform a 80-20 split, we take the opportunity
to also include a 5-fold stratified cross-validation (which maintains the proportion
of the split for both classes) to increase robustness. This is the reason why in Fig-
ure 3.1 and the ones we will see in Chapter 4, metrics are represented with a certain
degree of confidence. The reason for that is we are showing the mean and standard
deviation from all 5 computations, which we consider it a natural way to express it.

Additionally, we scale data to better capture its patterns. This is controled by a
boolean parameter passed to the methods, which we set to False while computing
the baseline. Furthermore, another boolean was added, this one controls whether
or not we balance the training set. This is a typical approach while working with
imbalanced datasets, and the most popular strategy is SMOTE, originally proposed
in [36]. Thus, we test this technique with a view to improve our results.
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Fairness assessment

In order to measure fairness, we first select some of our features as protected at-
tributes (variables for which if we split data depending on its value the model should
behave similarly). After carefully considering our features (see Appendix A), we
chose Age for both datasets, in addition to Mol_Subtype and Race_and_Ethnicity
for the Duke dataset specifically.

Unfortunately, Lifestyle dataset does not benefit from an abundancy of columns,
and the ones it has are not elegible for this test. On the other hand, we wanted to
also include Tumor_Location for Duke dataset, but changed our minds after noticing
instances for both classes were equally distributed and, on top of that, we did not
have any clue on which should be the privileged class.

The next step is to split data in privileged and unprivileged classes. In the case
of Mol_Subtype and Race_and_Ethnicity, we count each of the values and notice
there is a predominant value, which we consider as the privileged class (the more
instances we have from one class, the more the model will adapt to its particular
characteristics). The actual values of these features are 0 for the former (associated
to luminal-1ike) and 1 for the latter (label for white).

We want to follow a similar approach for Age even though it is not a categorical fea-
ture. Hence, by defining a threshold we create a new feature (denoted as Age_Group)
splitting data into two classes. Based on the literature, we set the threshold to 50
years, when women start gaining access to routine breast screenings (increasing the
rate of detection).

We still have to see how to measure the change of behaviour between classes. To
solve this issue, we select the best models from our risk prediction test and compute
the same metrics as before by classes. That is, we are going to split data depending
on the class of each protected attribute and assess performance for all divisions.
After the test, we will be able to select our top model as the one with the best trade-
off between performance and fairness.

Interpretability

Once we have selected a model based on the previous two steps (we only take one
because for some models the computations are quite expensive), we focus on under-
standing its predictions. The most popular approach is arguably the use of SHapley
Additive exPlanations (SHAP) values?, which is a game theoretic approach to ex-
plain the output of any machine learning model. By taking the mean of the absolute
value of each SHAP value, one can rank features by its importance in a prediction.
Since we have too many features to represent, we only take the five most relevant.

Survival time prediction

In the cases of recurrence and mortality specifically, we predict the time before these
events occur using both the target features (Recurrence, Dead) and duration ones
(Days_to_recurrence, Days_to_death) using a Cox’s proportional hazard model®.
Although the results are not promising (see Chapter 4), we consider it an essential
part of the pipeline and include it regardless.

2https://shap.readthedocs.io/en/latest/index.html
Shttps://lifelines.readthedocs.io/en/latest/fitters/regression/CoxPHFitter.html
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Chapter 4

Results and discussion

After explaining our experiments in the previous chapter, we are going to analyze
and extract conclusions from them. Although the order while working in the project
was first the Duke dataset, for the pipeline it makes much more sense to start with
Lifestyle dataset, so we swap their places instead. We encourage you to check out
the GitHub repository if you face any trouble.

4.1 Breast cancer risk prediction

Following the process detailed in Chapter 3, we first compare all models using the
metrics we defined before. In Figure 4.1 you can see the performance for the mod-
els without balancing the dataset through SMOTE, while in Figure 4.2 we show the
same visualization using this strategy. One can notice we maintained the same base-
line in both comparisons, since it does not make sense to augmentate data while
assessing a baseline.

Model Accuracy Precision Recall F1-Score MCC

Baseline 0536 + 0.106 0.533 £ 0.133 0.533 £ 0.194 0.526 £ 0.170 0.062 £ 0.216

Logistic Regression 0.673 + 0.110 0.676 + 0.107 0.667 + 0.183 0.667 £ 0.148 0.343 £ 0.219
Decision Tree  0.447 + 0.091 0.467 = 0.0817 0.500 + 0.105 0.482 £ 0.091 -0.115 £ 0.190
Random Forest 0.503 + 0.144 0.439 = 0.238 0.567 £ 0.309 0495 £ 0.268 -0.023 £ 0.323
XGBoost 0433 + 0,126 04471 £ 0.146 0433 £ 0.170 0434 £ 0.155 -0.145 £ 0.253

SVM  0.656 £ 0.108 0.626 = 0.072 0.800 x 0.163 0.701 £0.106  0.331 £ 0.244

K-Nearest Neighbors 0482 + 0.094 0.500 + 0.069 0.667 +0.105 0.570 £ 0.082 -0.061 + 0.208

FIGURE 4.1: Comparison between models while predicting the risk
of breast cancer (without SMOTE).

Half of the models slightly benefit from the data augmentation, specially LR. As
we can see in both figures, an increase in precision (which means higher rate while
predicting positives) led to a better overall performance. Consequently, it seems
the use of SMOTE really helps in this particular case. However, as we are going
to exemplify next, if we want to improve the overall performance of all models, an
abundance of data is required (in order to really capture data relationships for the
minority class).
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Chapter 4. Results and discussion

4.1. Breast cancer risk prediction

Model Accuracy Precision Recall F1-Score MCC

Baseline 0.536 + 0.106 0.533 £ 0.133 0.533 £ 0.194 0526 + 0.170 0.062 £ 0.216

Logistic Regression 0.708 + 0.145 0.733 £+ 0.170 0.667 + 0.183 0.695 + 0.175 0.416 + 0.294
Decision Tree 0.483 + 0.119 0525 £ 0.131 0.533 £ 0.067 0.521 + 0.074 -0.037 = 0.261
Random Forest 0488 + 0.173 0.469 = 0.271 0467 = 0.245 0463 £ 0.251 -0.045 + 0.374
XGBoost 0450 £ 0.117 0458 £ 0.127 0433 £ 0170 0438 £ 0.149 -0.106 £ 0.239

SVM 0570 £ 0.093 0.589 £ 0.110 0.633 £ 0.067 0.606 £ 0.074 0.131 £ 0.206

K-Nearest Neighbors 0.398 £ 0.140 0414 £ 0.146 0467 £ 0.194 0437 £ 0.166 -0.216 = 0.277

FIGURE 4.2: Comparison between models while predicting the risk
of breast cancer (with SMOTE).

For both RF and SVM some metrics improve while other diminish, but any of these
changes is of big magnitude. Nonetheless, 5-NN experiences a decreasing in all
metrics, reflecting the fact that SMOTE does indeed not work for all models in this
particular scenario.

Taking a deeper look to Figure 4.1, the best performing models in this first phase are
without a doubt LR and SVM, which move on to the fairness test. Remember that
for the Lifestyle dataset we only considered Age_Group as a protected attribute, so
the comparison will be much easier than latter.

For LR, we show in Figure 4.3 which are the metrics when splitting data in classes
depending on the value of the protected attribute. Similarly, in Figure 4.4 we show
the same kind of results but for SVM instead.

Attribute Group Accuracy Precision Recall F1-Score MCC

Age Group Unprivileged 0.667 £ 0.380 0333 £ 0422 0400 £ 0490 0360 £ 0.445 0.275 + 0497

Age Group Privileged 0.668 + 0.123 0.703 £ 0.200 0.697 £ 0.127 0.694 + 0.151 0.326 + 0.254
FIGURE 4.3: Metrics for LR when splitting data depending on the
value of the protected attribute Age_Group (privileged class above 50

years) for breast cancer risk prediction.

Attribute Group Accuracy Precision Recall F1-Score McCcC
Age Group  Unprivileged 0450 £0.332 0180 £ 0.223 0400 £ 0490 0.248 £ 0.305 -0.052 + 0.2580
Age Group Privileged 0.756 + 0.168 0756 + 0.160 0.840 £ 0.196 0.783 + 0.153 0.539 £ 0.333

FIGURE 4.4: Metrics for SVM when splitting data depending on the
value of the protected attribute Age_Group (privileged class above 50
years) for breast cancer risk prediction.

Even though SVM gets better metrics for the privileged class, the disparity of per-
formance is clearly greater than for LR. In fact, the latter has almost the same overall
performance (accuracy) for both classes, though the rest of metrics suffer from re-
ductions of around 50% in most cases. In spite of this, it seems reasonable to pick LR
as the best model when considering the trade-off between performance and classes
disparity.
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Chapter 4. Results and discussion 4.2. Recurrence and mortality prediction

Finally, we show which features are the most relevant for prediction when using LR,
which can be seen in Figure 4.5. The most important feature is Story_Memory_Recall,
which might be surprising at first glance, but it is actually an indirect effect of can-
cer. In fact, in [37] they show a cognitive decline among cancer survivors, most likely
due to the nature of its aggressive treatments. Hence, it seems the model regarded it
as an important factor to assess breast cancer. Moreover, cognitive decline is further
enhanced by aging, so it is no wonder why it happens to be another of these features.

Top 5 features using Logistic Regression

Story Memory Recall

PS5 Stress

PANAS Negative

Feature

HADS Anxiety

T T
0.00 0.02 0.04 0.06 0.08 0.10 0.12

Mean Absolute SHAP Value

FIGURE 4.5: Plot of the 5 most relevant features for breast cancer risk
prediction when using LR (using SHAP values).

On the other hand, the rest of the features (expect Age) reflect psychosocial stres-
sors, which are intricately linked to physical health. In particular, chronic stress and
negative affect are thought to exacerbate cancer risk through immune suppression,
chronic inflammation and unhealthy lifestyle behaviours. One can also notice all of
these may be aggravated by aging; thus, it is indeed consistent the appearance of
Age as a relevant feature.

4.2 Recurrence and mortality prediction

The goal of this section is to follow the same procedure as in the previous one. How-
ever, due to the nature of our experiments and in order to maintain the structure by
not mixing explanations, we will focus first on recurrence and, afterwards, on mor-
tality. Notice almost all visualizations will be of the same kind as the ones from the
previous section (though more models are considered for fairness assessment), with
the single exception of the survival time prediction plot at the end.

23
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4.2.1 Target 1. Recurrence

As before, the first step is to compare the performance of all models with our pro-
cessed data, seen in Figure 4.6, and using SMOTE to balance the dataset, shown in
Figure 4.7, which hopefully will improve the results.

Model Accuracy Precision Recall F1-Score MCC
Baseline 0.889 + 0.011 0.367 = 0.323 0.056 + 0.000 0.090 + 0.009 0.091 £ 0.071
Logistic Regression 0.897 + 0.011 0.200 + 0.400 0.022 + 0.044 0.040 £ 0.080 0.042 £ 0.139
Decision Tree 0.801 £ 0.018 0.097 £ 0.018 0.122 + 0.022 0.108 £ 0.018 -0.002 £ 0.024
Random Forest 0.900 + 0.003 0.200 + 0.245 0.022 £ 0.027 0.040 £ 0.049 0.047 £ 0.078
XGBoost 0.8%90 £ 0.010 0.140 £ 0.196 0.022 + 0.027 0.037 = 0.046 0.021 = 0.072
SVM 0901 £ 0.002 0.000 = 0.000 0.000 + 0.000 0.000 £ 0.000 -0.005 £ 0.010
K-Nearest Neighbors 0.899 + 0.008 0.200 £ 0400 0.011 £ 0.022 0.021 £ 0.042 0.032 = 0.098

FIGURE 4.6: Comparison between models while predicting the risk

of recurrence (without SMOTE).

Model Accuracy Precision Recall F1-5core McCC
Baseline 0.889 + 0.011 0.367 £ 0.323 0.056 = 0.000 0.090 = 0.009 0.091 £ 0.071
Logistic Regression 0.674 + 0.022 0.144 + 0.023 0478 £ 0.097 0.221 £ 0.038 0.109 + 0.057
Decision Tree 0.280 + 0.122 0.101 £ 0.020 0.778 + 0.099 0177 £ 0.031 -0.010 £ 0.112
Random Forest 0.378 + 0.109 0.105 + 0.012 0.700 £ 0.083 0.182 £ 0,019 0.018 £ 0.075
XGBoost 0171 £ 0.047 0.103 £ 0.005 0.967 + 0.044 0.186 £ 0.008 0.058 £ 0.041
SVM 0830 £ 0.041 0.164 £ 0.061 0.156 £ 0.054 0,156 £ 0.056  0.065 = 0.071
K-Mearest Neighbors 0.644 = 0.041 0.116 = 0.029 0389 + 0.070 0.178 £ 0.042 0.040 £ 0.067

FIGURE 4.7: Comparison between models while predicting the risk
of recurrence (with SMOTE).

We first notice that the use of SMOTE does not seem to particularly help in any case.
It certainly improves recall in all instances and precision for the worst values, but it
is not worth when considering how much the overall performance gets diminished
(with the exception of SVM).

When selecting which models should move on to the fairness step, we should im-
mediatly discard SVM. It is indeed the model with the best accuracy, but the rest
of the metrics make it inelegible. Next, even though DT gets the highest values for
recall and Fl-score, the disparity between it and models with better overall perfor-
mance (almost by 10%) for precision is similar to the one for the metrics which DT is
superior, so we also discard it.

Due to the fact that for Duke dataset we consider three protected attributes, we
should discard at least one more model. Since the rest of them are better than the
others in some metric, we ruled LR out. The cause is it almost gets the same values
as RF, but in all cases with higher standard deviation.
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The next step is fairness assessment, where we are going to show the disparity of
metrics when splitting data depending on the value of the protected attributes se-
lected in the previous chapter. One can see these tables in Figures 4.8, 4.9 and 4.10

for RE, XGB and 5-NN, respectively.

Attribute Group Accuracy Precision Recall F1-Score MCC
Age Group  Unprivileged 0.888 £ 0.027 0.100 £ 0.200 0.020 + 0.040 0.033 + 0.067 0.031 £ 0.076
Age Group Privileged 0912 £ 0.021 0.000 £ 0.000 0.000 + 0.000 0.000 £ 0.000 -0.011 = 0.014
Mol Subtype Unprivileged 0868 + 0.022 0.100 £ 0.200 0.022 = 0.044 0.036 +0.073 0.030 £ 0.080
Mol Subtype Privileged 0916 £ 0.015 0.000 £ 0.000 0.000 + 0.000 0.000 £ 0.000 -0.011 = 0.014
Race and Ethnicity Unprivileged 0.860 + 0.010 0.067 £ 0.133 0.033 = 0.067 0.044 + 0.089 0.023 £ 0.077
Race and Ethnicity Privileged 0.916 + 0.009 0.000 = 0.000 0.000 + 0.000 0.000 £ 0.000 -0.005 + 0.010
FIGURE 4.8: Metrics for RF while predicting recurrence. Data
was splitted depending on the value of the protected attributes
Age_Group, Mol_Subtype and Race_and_Ethnicity.
Attribute Group Accuracy Precision Recall F1-Score MCC
Age Group  Unprivileged 0.880 + 0.034 0,100 + 0.200 0.020 + 0.040 0.033 = 0.067 0.009 + 0.089
Age Group Privileged 0.904 £ 0.013 0.200 + 0.400 0.013 £ 0.027 0.025 £ 0.050 0.023 £ 0.111
Mol Subtype Unprivileged 0.865 £ 0.026 0,067 £ 0,133 0.022 £ 0.044 0.033 £ 0.067 0.016 + 0.057
Mal Subtype Privileged 0.904 + 0.018 0.100 + 0.200 0.017 £ 0.033 0.029 £ 0.057 0.007 * 0.085
Race and Ethnicity Unprivileged 0.857 £ 0.017 0,100 £ 0.200 0.033 £ 0.067 0.050 £ 0.100 0.022 £ 0.114
Race and Ethnicity Privileged 0.905 £ 0.019 0.200 + 0.400 0.015 £ 0.031 0.029 £ 0.057 0.026 + 0.121
FIGURE 4.9: Metrics for XGB while predicting recurrence. Data
was splitted depending on the value of the protected attributes
Age_Group, Mol_Subtype and Race_and_Ethnicity.
Attribute Group Accuracy Precision Recall F1-Score MCC
Age Group Unprivileged 0.883 £ 0.037 0.200 £ 0,400 0.017 £ 0033 0.031 £0.082 0.031 £0.122
Age Group Privileged 0,914 £ 0.0271 0.000 £ 0.000 0.000 £ 0.000 0.000 £ 0.000 -0.005 £ 0.010
Mol Subtype Unprivileged 08862 £ 0.041 0.200 £ 0.400 0.020 = 0.040 0.036 £ 0.073 0.037 £ 0.134
Mol Subtype Privileged 0916 £ 0.012 0.000 £ 0.000 0.000 £ 0.000 0.000 £ 0.000 -0.010£0.012
Race and Ethnicity Unprivileged 0.859 £ 0.033 0.000 £ 0.000 0.000 £ 0.000 0.000 £ 0.000 -0.019 £ 0.038
Race and Ethnicity Privileged 0914 + 0.009 0.100 £ 0.200 0.018 £ 0.036 0.031 £ 0.062 0.027 + 0.081

FIGURE 4.10: Metrics for 5-NN while predicting recurrence. Data
was splitted depending on the value of the protected attributes
Age_Group, Mol_Subtype and Race_and_Ethnicity.

It can be noticed the overall performance (accuracy) is similar in all three cases.
However, for RF and 5-NN, one of the classes gets horrible metrics. One could argue
it is due to the fact that there are very few cases in these classes, and the test set does
not contain any. Nonetheless, we know the splits are the same across models (same
random_state) and it does not happen for XGB, so we discard both RF and 5-NN.
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Chapter 4. Results and discussion 4.2. Recurrence and mortality prediction

We now proceed to the interpretability step, where we show the most important
features for our predictions. Figure 4.11 represents the top 5 variables while using
XGB. The most relevant feature in this context is Days_to_Surgery, due to the fact
that longer delay between diagnosis and surgery can allow the tumor to grow and
potentially metastasize. Tumor cells might also spread locally or systemically during
this period, increasing the risk of recurrence.

Top 5 features using XGBoost

Days to Surgery

Age

Adjuvant Endocrine Therapy Medications

Feature

Staging (Tumor Size)

Tumor Grade (M)

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8

Mean Absolute SHAP Value

FIGURE 4.11: Plot of the 5 most relevant features for recurrence pre-
diction when using XGB (using SHAP values).

Moving on, adjuvant endocrine therapy is used to reduce recurrence in hormone
receptor-positive breast cancers. It is critical because adherence to therapy signif-
icantly lowers recurrence risk, while its type and duration influence the degree of
risk reduction. This is worsened by aging, due to the incapability of receiving aggre-
sive treatment regimens.

Moreover, larger tumors are associated with higher recurrence risk due to an in-
creased likelihood of residual disease post-surgery and greater probability of mi-
crometastasis. In addition, tumor size is a critical component of the TNM staging
system and directly correlates with disease severity and recurrence likelihood, and
larger tumors often require more aggresive adjuvant treatments.

Finally, tumor grade reflects the histological severity of the cancer, describing how
abnormal the cells look. Higher grades often correspond to increased proliferation
rates, genomic instability and resistance to therapies, all of which increase the likeli-
hood of recurrence.

Most, if not all, of the aforementioned features are further enhanced by Age, so its
appearance is consistent in both contracting cancer and relapsing. Hence, it seems
reasonable to expect it is also a critical factor for mortality prediction.
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Chapter 4. Results and discussion 4.2. Recurrence and mortality prediction

The last experiment performed was a survival time prediction, which can be seen in
Figure 4.12. For recurrence specifically, it means the time before relapsing. Notice
that the tendency of the model is to overpredict when the actual time is less than 850
days, and to underpredict otherwise.

Calibration Plot for Predicted vs Actual Survival Time
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FIGURE 4.12: Plot of time estimation before Recurrence occurs.

We already foreshadowed in Chapter 3 the performance would not be great, the
reason behind it being these types of models require more quantity of data than the
one at our disposal. Specially, since it is common in this domain to have datasets of
more than eigthy thousand instances, while Duke contains a couple of hundreds.

4.2.2 Target 2. Mortality

Similarly to the previous two experiments, we first compare in Figure 4.13 the mod-
els without balancing the dataset and, afterwards, their performance when using
SMOTE, as ilustrated in Figure 4.14.

Model

Baseline

Logistic Regression
Decision Tree
Random Forest
XGBoost

SVM

K-Nearest Meighbors

Accuracy
0.932 = 0.011
0.935 £ 0.009
0.905 £ 0.026
0.938 + 0.003
0.926 = 0.011
0.933 £ 0.002

0.936 + 0.009

Precision

0.557 £ 0.259

0.660 + 0.280

0.331 £ 0.151

0.733 + 0.389

0.467 + 0.287

0.000 + 0.000

0.500 + 0.447

Recall

0.128 + 0.0537

0.163 + 0.055

0.308 + 0.066

0.096 = 0.060

0.097 + 0.035

0.000 + 0.000

0.082 + 0.075

F1-Score

0.202 £ 0,059

0.250 + 0.084

0.312 £ 0.098

0.166 * 0.098

0.150 £ 0.039

0.000 + 0.000

0.141 £ 0.128

McCC

(0.238 £ 0.096

0.292 + 0.100

0.266 £ 0.113

0.248 £ 0.130

0.173 £ 0.069

0.000 + 0.000

(0.190 + 0.182

FIGURE 4.13: Comparison between models while predicting the risk
of death (without SMOTE).
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Chapter 4. Results and discussion

4.2. Recurrence and mortality prediction

Model Accuracy Precision Recall F1-5core MCC

Baseline 0,932 £ 0.011 0557 £ 0.25% 0.128 £ 0.037 0.202 £ 0.059 0.238 £ 0.096

Logistic Regression 0.761 £ 0.017 0.160 £ 0.029 0595 £ 0.097 0.252 £ 0.044 0.213 + 0.062
Decision Tree 0,357 £ 0.210 0.070 £ 0.016 0660 £ 0178 0.125 £ 0.027 -0.016 + 0.092
Random Forest 0.595 £ 0.192 0.106 £ 0.018 0.614 + 0.233 0.174 £ 0.025 0.116 + 0.033
XGBoost 0239 £ 0.125 0.074 £ 0.008 0.888 £ 0.109 0137 £0.013 0.053 £ 0.057

SVM  0.899 £ 0.025 0.2453 + 0.106 0.192 + 0.078 0.208 £ 0.075 0.162 + 0.086

K-Mearest Meighbors 0.764 £ 0.014 0.149 £ 0.010 0.532 £ 0.031 0233 £ 0014 0.183 £ 0.020

FIGURE 4.14: Comparison between models while predicting the risk
of death (with SMOTE).

Here we observe a similar behaviour than before: balancing of the dataset improves
all instances of recall, while it fails for the rest of the metrics. It certainly increases
almost all values in the case of SVM, for which it obtains quite interesting results.
However, for the other models it diminishes so much the overall performance we
consider it detrimental rather than helpful.

Next, we must select the models which are going to advance to the second step.
Since SMOTE is not used in further computations, discarding SVM is an easy call.
Moreover, although 5-NN almost ties in accuracy with LR, it is inferior to the latter
for all other metrics, so we also rule it out.

Following the same logic as for recurrence, we should discard at least another model.
Notice that LR and RF lead both accuracy and precision, while DT is on top for recall
and F1-score. Thus, we remove XGB from our selection.

We now move on to the next step, fairness assessment. In a similar way as we did
in the previous two experiments, we are going to show the disparity of performance
when splitting data depending on the values of our predefined protected attributes.
This is represented in Figures 4.15, 4.16 and 4.17, each of them showing metrics using
LR, DT and REF, respectively. One can observe it is a much more difficult situation
that the previous ones, where we only had one protected attribute or could discard
a model at first glance.

Attribute Group Accuracy Precision Recall F1-Score MCC

Age Group Unprivileged 0.948 £ 0.020 0467 £ 0.400 0.233 £ 0.200 0311 +0.267 0.319 £ 0.277

Age Group Privileged 0.524 £ 0.010 0.500 £ 0.447 0.126 £ 0.112 0189 £ 0.159 0.213 £ 0.207

Mol Subtype Unprivileged 0.898 £ 0.025 0.633 + 0.306 0.186 £ 0.046 0.268 + 0.056 0.286 + 0.088

Mol Subtype Privileged 0.855 £ 0.006 0.500 £ 0.447 0.119+0.109 0189 £ 0.170 0.228 £ 0.210
Race and Ethnicity Unprivileged 0912 £ 0.031 0500 + 0447 0.187 £ 0.165 0.256 £ 0.215 0.279 £ 0.234
Race and Ethnicity Privileged 0.945 + 0.013 0.547 £ 0.394 0175+ 0.121 0.245 £ 0.155 0.274 £ 0.187

FIGURE 4.15: Metrics for LR while predicting mortality. Data
was splitted depending on the value of the protected attributes
Age_Group, Mol_Subtype and Race_and_Ethnicity.
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Chapter 4. Results and discussion 4.2. Recurrence and mortality prediction

Attribute Group Accuracy Precision Recall F1-5core McCC

Age Group Unprivileged 0912 £ 0015 0205 £ 0.121 0.267 £ 0.200 0219 + 0.140 0.183 £ 0.146

Age Group Privileged 0.877 £ 0.036 0.281 £ 0133 0.278 £ 0.043 0.257 £ 0.057 0.206 £ 0.075

Mol Subtype Unprivileged 0870 £ 0.051 0.373 +0.131 0330 £ 0175 0330+ 0112 0272 +0.132

Mol Subtype Privileged 0905 £ 0.028 0.154 £ 0.121 0.159 £ 0.093 0.150 £ 0.102 0.104 £ 0.109

Race and Ethnicity Unprivileged 0.875 £ 0.033 0267 £ 0.154 0.306 + 0.207 0.283 £ 0.175 0.219 £ 0.172

Race and Ethnicity Privileged 0.901 £ 0.034 0.214 + 0.148 0.222 + 0.150 0.217 £ 0.148 0.165 £ 0.164

FIGURE 4.16: Metrics for DT while predicting mortality. Data
was splitted depending on the value of the protected attributes
Age_Group, Mol_Subtype and Race_and_Ethnicity.

Attribute Group Accuracy Precision Recall F1-Score MCC

Age Group Unprivileged 0946 £ 0.015 0400 £ 0450 0.067 + 0.082 0.114 £ 0.140 0.158 £ 0.194

Age Group Privileged 0.930 £ 0.013 0400 + 0490 0.077 £ 0.111 0.125 £ 0174 0.159 £ 0.218

Mol Subtype Unprivileged 0.908 £ 0.021 0.600 £ 0.490 0.087 £ 0.077 0.151 £ 0.131 0.216 + 0.181

Mol Subtype Privileged 0.953 £ 0.006 0400+ 0.4950 0.057 £ 0.070 0.100 £ 0.122 0.144 + 0.183

Race and Ethnicity Unprivileged 0912 £ 0.030 0400 £ 0490 0.100 £ 0.133 0.157 £ 0.204 0191 + 0.241

Race and Ethnicity Privileged 0.948  0.006 0.500 + 0.447 0.084 £ 0.071 0.140 £ 0.116 0.193 £ 0.160

FIGURE 4.17: Metrics for RF while predicting mortality. Data
was splitted depending on the value of the protected attributes
Age_Group, Mol_Subtype and Race_and_Ethnicity.

Firstly, we notice all three models perform similarly, so we rely on particular obser-
vations to select the best. For example, DT seems to be consistent for both Age_Group
and Race_and_Ethnicity. However, for Mol_Subtype the disparity in metrics is
greater than for the other two models (for precision, recall and F1-score values are
doubled from one class to the other). Thus, we discarded it.

To rule out one from the two remaining models, we focus on precision, recall and F1-
score, since accuracy is almost the same for all instances. For Race_and_Ethnicity,
LR slightly outperforms RF, while the latter beats the former for Age_Group. Finally,
in Mol_Subtype we can see bigger difference in values, with LR getting better met-
rics.

In spite of the fact that RF slightly underperforms the aforementioned model, it is
certainly the most robust option. Taking a deeper look to the values, one can notice
standard deviation is more consistent for both classes in this case. Notice that this
supports the idea that not only does the model should perform similarly for both
classes to be fair, but also has to return the same level of uncertainty amongst all
subgroups.

After selecting RF as our model, we now proceed to interpretate its predictions. Fig-
ure 4.18 shows the top 5 relevant features while predicting mortality, following the
same procedure as in both previous experiments. Then, we justify their appearance.
Notice that, as we were expecting, Age happens to also be an important fatality fac-
tor.
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Chapter 4. Results and discussion 4.2. Recurrence and mortality prediction

Top 5 features using Random Forest

Staging (Nodes)

Adjuvant Endocrine Therapy Medications

Histologic type

Feature

Days to Surgery

0.000 0.002 0.004 0.006 0.008 0.010 0.012 0.014 0.016
Mean Absolute SHAP Value

FIGURE 4.18: Plot of the 5 most relevant features for mortality pre-
diction when using RF (using SHAP values).

First of all, staging of lymph nodes reflects the extent of cancer spread within the
lymphatic system. A higher number of affected nodes is associated with advanced
disease and higher mortality risk, while also preceding systemic spread. Hence, it is
one of the strongest predictors of breast cancer survival (which we already know for
being part of the TNM staging system).

Next, as we already discussed for the recurrence case, adjuvant endocrine therapy
is highly effective for hormone receptor-positive breast cancer. Its relevance also
extends to mortality, since inconsistent or incomplete therapy can increase the risk
of disease progression and death.

Similarly to the previous experiment, delayed surgery can allow the cancer to grow
and potentially metastasize. Moreover, patients with advanced disease may require
more preoperative evaluation, contributing to longer delays and, of course, with
worse survival outcomes.

Moving on to the last of these features, Histologic_type describes the microscopic
structure and characteristics of cancer cells, with certain types having better or worse
prognoses. It heavily influences treatment decisions, response to therapy, and likeli-
hood of metastasis, all of which directly affect mortality risk.

Finally, we perform a survival time prediction, which is shown in Figure 4.19. Its
behaviour presents the same tendencies as for recurrence: there are two periods for
which the model overpredicts in the first one, while mostly underperforming in the
other. One can also notice that the threshold is now around 800 days, which seems
to reflect that severe patients generally stay alive less time than cancer survivors
remain healthy before relapsing.
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Calibration Plot for Predicted vs Actual Survival Time
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FIGURE 4.19: Plot of time estimation before the event Dead occurs.

4.3 Further discussion

As we have already explained in previous chapters, our goal in this thesis is not
to obtain the best model for each particular scenario. Rather, we want to test the
robustness of our pipeline for these specific cases. This is also one of the reasons why
we selected RF for mortality prediction, since we wanted to show the performance
of the whole process with as many models as possible.

Summing up our findings, LR was the top performer for breast cancer risk predic-
tion, XGB for recurrence prediction and RF for mortality prediction. We are fully
aware the obtained metrics are not acceptable in healthcare domain (specially in the
first experiment), since we are dealing with human lives and the requirements for a
model to be elegible are quite high. However, we are trying to solve a particularly
difficult problem, and we were able to reflect through our metrics that models are
indeed learning from data.

Furthermore, the interpretability step was a success in all three experiments, where
each feature was consistent with its relevance and Age was proved to be one of the
most important risk factors for breast cancer.

Overall, we ended up satisfied with our results, while being optimistic on the per-
formance and usefulness of the pipeline for different datasets. In spite of this fact,
we consider there are some improvable aspects, which we will include in the next
chapter alongside with how we think this research should continue.
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Chapter 5

Conclusions

After discussing our work and the results extracted from it, we focus on connecting
the dots left behind during this thesis. In particular, we are going to list the obstacles
we faced, remark the limit of our findings and, perhaps most importantly, how this
project can be improved and used in the future.

5.1 Limitations of our research

The aim of this project was initially to work with microbiome data in order to po-
tentially discover new risk factors for breast cancer. We obviously needed first such
data (which is becoming increasingly available, but requires access permission), so
we contacted as many databanks as possible.

We started with the ones featuring microbiome data, but as time went by we decided
it would be for the best to also get in touch with databanks which could provide us
qualitative and quantitative data for breast cancer specifically. Our intention was,
then, switched to just discovering new risk factors, not necessarily coming from mi-
crobiome data.

Unfortunately, very few people actually answered us, and the ones who did it took
at least a week per message. Moreover, some of the datasets had access fees, which
obviously required careful discussion. Adding these to the fact that we had to con-
stantly fill documents for bureaucratic reasons (which needed to be signed by some
faculty responsible we had to find), we realised we were running out of time.

Hence, we lowered our expectations again and searched for public access data which
could be used for our interests. We discarded imaging data, since we wanted to
retain the essence of discovering (or, at least, highlighting) risk factors. After an
extensive period of searching, we selected the aforementioned Lifestyle and Duke
datasets for our experiments. In particular, Duke was the most complete dataset
among the ones containing breast cancer patients, while Lifestyle was the only one
we found with control subjects (and, thus, the only one elegible for predicting breast
cancer risk).

It was in this moment when we noticed we could present a pipeline for breast cancer,
and started our experiments with the delusion of moving to bigger datasets when
access to them was granted. By the time Christmas holidays arrived, the few peo-
ple responding us ceased to do so. We then had no other option than to move on
and stick to the data available for us, which we know it would affect to the overall
performance of the pipeline.
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Chapter 5. Conclusions 5.2. Future work

The experiments themselves did not present any particular issue, apart from the
usual learning process when working with libraries and data new to you. Neverthe-
less, it is really frustating for us that the overall success of the project is compromised
due to not having bigger datasets at our disposal. Ironically, after vacation was over,
we finally gained access to the PLCO dataset!.

This happened exactly one week prior to the delivery, so we quickly explored the
data to see if we could improve our results and support our findings with it. Sadly,
the provided data contained a main dataset with more than 70,000 subjects and more
than a hundred of features. Hence, we did not have enough time to understand and
process this data in order to use it for our purposes.

5.2 Future work

The most noticeable shortcoming of our project is the lack of testing for bigger
datasets, which are common in healthcare domain. For this reason, the first step
would be to follow the same procedure as presented in this thesis with such data (for
instance, we could use the PLCO dataset previously mentioned) and see whether our
findings are consistent with it or not.

Next, we could try to improve the overall performance of the pipeline by adapting
the models to the data. That is, given a particular data, finding the model which best
adapts to it. For risk prediction specifically, one could aim to specialise predictions
by selecting the best model for each class of the protected attributes. Not only would
it increase performance, but also would be the best solution to the fairness assess-
ment issue. However, it is currently a pipe dream, since it requires big datasets like
PLCO for each class.

Another field of interest may be the integration of neural networks to the pipeline.
We decided it would take us too much time for it to work, but with proper time and
dedication one could construct a network adapted to some particular data. With
turther effort, outcomes could also be interpreted and explained (see [38]), which
would make the network elegible for these type of scenarios.

As it was first planned and was originally the focus of this thesis, the pipeline could
also be used to explore and discover new risk factors for breast cancer, but also for
different types of cancer or, even, for other diseases (provided one gets data to do
s0). In particular, we would like to see how the pipeline performs when integrating
microbiome data, and see which features are determined to be the most critical for
predicting breast cancer risk specifically.

Outside research, once all the aforementioned proposals were implemented, we
would like to share it with citizens. The final idea we have in mind is to develop
an app which stores your personal health data (which some countries have already
implemented) with an option to predict the risk of cancer based on your clinical his-
tory. We are fully aware it is an almost impossible task, but a huge number of people
would be diagnosed in time if the project succeeded. Moreover, for terminal state
patients, it may help them to better understand the situation and how to manage it.

Overall, we are confident in the potential of this project, and if time had allowed it,
we would have liked to bring its progress as far as possible.

Ihttps://cdas.cancer.gov/plco/
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Appendix A

Feature dictionary

As mentioned in this thesis, for us it is crucial readers comprehend what we are re-
ferring to while naming a feature. Not only does this help them to better understand
the interpretability part of our experiments, but also serves as a way to get a grasp
on our data structure. Notice we include both training and target features, which
are alphabetically ordered to facilitate the search as much as possible.

A.1 Lifestyle dataset

Adjuvant Treatment: Additional cancer treatment given after the primary
treatment to lower the risk that the cancer will come back. Takes the values
RadiationOnly, ChemotherapyOnly and RadChemo for patients and Control for
the rest of the subjects.

Age: Time since birth, expressed as an integer.
BMI: Body Mass Index.

Cancer: Target variable, True if the subject suffers from breast cancer, False
otherwise.

Education (Years): Time following full-time studies.

Estrogen Receptor Positive: Whether or not breas cancer has receptors for the
hormone estrogen. For control subjects its value is Not_applicable.

Gray Matter Volume (mm): Amount of gray matter.

Group: Variable from which we constructed our target, it takes the values
NonCancer and BreastCancer.

HADS Anxiety: Hospital Anxiety and Depression Scale, it measures anxiety
and depression in a general medical population of patients.

HADS Depression: Same as above.

MMSE: Mini-Mental State Examination, it is the best-known and the most of-
ten used short screening tool for providing an overall measure of cognitive
impairment in clinical, research and community settings.

Moderate Physical Activity: Level of physical exertion that falls between light
and vigorous activity. It is commonly defined in terms of metabolic equivalent
tasks (METs), perceived exertion, or specific examples of activities.
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Appendix A. Feature dictionary A.2. Duke dataset

A2

Months Since Treatment End: Time since primary treatment finished. For
control subjects it takes the value Not_applicable.

PANAS Negative: Positive and Negative Affect Schedule, it is a self-report
questionnaire that consists of two 10-item scales to measure both positive and
negative affect.

PANAS Positive: Same as above.

PSS Stress: Perceived Stress Scale, a popular tool for measuring psychological
stress. It is a self-reported questionnaire that was designed to measure the
degree to which situations in one’s life are appraised as stressful.

STAI State: State-Trait Anxiety Inventory, it is a commonly used measure of
trait and state anxiety.

STAI Trait: Same as above.

Stage: Current step of primary treatment, for control subjects takes the value
Not_applicable.

Story Memory Recall: A cognitive testing paradigm used to assess verbal
episodic memory.

Surgery yes or no: Whether or not patients received surgery, for control sub-
jects takes the value Not_applicable.

White Matter Lesion Volume (%): Measures the total volume of white matter
hyperintensities or other lesions in the brain’s white matter. These are often
visible on magnetic resonance imaging scans and are quantified to assess their
clinical or research significance.

White Matter Lesion Volume (mm): Same as above.

Duke dataset

Adjuvant Anti-Her2 Neu Therapy: Whether or not a subject follows the ther-
apy, which consists of trastuzumab for the remainder of the one year of total
anti-HER?2 therapy.

Adjuvant Chemotherapy: Additional cancer treatment given after the pri-
mary treatment to lower the risk that the cancer will come back.

Adjuvant Endocrine Therapy Medications: Whether or not a subject takes
medication for an adjuvant endocrine treatment.

Adjuvant Radiation Therapy: Same as Adjuvant_Chemotherapy.
Age: Time since birth, expressed as a floating point number.
Bilateral breast cancer?: Whether or not a patient has cancer in both breasts.

Contralateral Breast Involvement: If a tumor in the opposite breast was diag-
nosed more than 6 months following the detection of the first cancer.

Days known alive / to death: If death is reported, days until decease. Other-
wise, days since last time the patient was known to be alive.

Days to Surgery: Time since surgery (negative values) or until surgery.
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* Days to death: Time until confirmed decease, otherwise the value is missing.

¢ Days to distant recurrence: Time until a patient suffers from recurrence in a
part of the body that is far away from where the original tumor first formed.

* Days to last distant recurrence free assessment: Time since last assessment
that a patient is free from distant recurrence.

e Days to last local recurrence free assessment: Similar to above, but for local
recurrence instead.

¢ Days to local recurrence: Time until a patient suffers from recurrence in a part
of the body that is very close to where the original tumor first formed.

* Days to recurrence: Hand-crafted feature, time until recurrence of any type.

¢ Dead: Hand-crafted target feature, whether or not a patient is confirmed to be
deceased.

¢ ER: Whether a patient has receptors for the hormone estrogen (ER positive) or
not (ER negative).

* HER2: Whether a patient tests positive for a protein called Human Epidermal
growth factor Receptor 2.

* Histologic type: Classification of the cancer based on the microscopic appear-
ance of the cancer cells and tissues. It provides important information about
the tumor’s structure, behavior, and how it may respond to treatment.

¢ Known Ovarian Status: Whether or not the status of the ovaries of a patient is
known.

¢ Lymphadenopathy or Suspicious Nodes: Presence of enlarged or abnormal
lymph nodes that may indicate cancer. In breast cancer specifically, it is of-
ten a critical feature used to assess the extent of disease spread and help in
determining prognosis and treatment plans.

* Menopause (at diagnosis): Whether a patient is already menopausal or not.

* Metastatic at Presentation (Outside of Lymph Nodes): Presence of cancer that
has spread to parts of the body beyond the lymph nodes at the time of diagno-
sis or initial presentation.

* Mol Subtype: Classification system that categorizes tumors based on their
gene expression profiles or the presence/absence of certain biomarkers. It
helps to understand the tumor’s biological behavior, response to treatment,
and prognosis.

e Multicentric/Multifocal: Whether or not a breast cancer is multicentric (mul-
tiple tumors develop in different quadrants of the breast) and multifocal (more
than one distinct tumor within the same quadrant).

¢ Neoadjuvant Anti-Her2 Neu Therapy: Use of anti-HER2 targeted treatments
before the main treatment (usually surgery) for HER2-positive breast cancer.

¢ Neoadjuvant Chemotherapy: Whether or not a patient recieved the treatment
before main treatment.

¢ Neoadjuvant Endocrine Therapy Medications: Whether or not a subject takes
medication for a neoadjuvant endocrine treatment.
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* Neoadjuvant Radiation Therapy: Same as Neoadjuvant_Chemotherapy.

¢ Nottingham grade: System used to evaluate the aggressiveness and progno-
sis of breast cancer. It is based on the microscopic appearance of the cancer
cells, specifically assessing the tumor grade and the likelihood of it spreading.
This grading system helps to classify breast cancer tumors and determine the
potential behavior of the cancer, guiding treatment decisions.

¢ PR: Whether a patient has receptors for the hormone progesterone.

¢ Pec/Chest Involvement: Whether or not there is involvement of the pectoral
muscles or the chest wall by a breast cancer tumor. Commonly used in clini-
cal staging, particularly when describing the extent or spread of breast cancer
during radiological imaging (such as mammography, ultrasound, or MRI) or
during surgical examination.

* Race and Ethnicity: Race of patient, takes the values white, black, asian,
native, hispanic, multi, hawa and amer_indian.

* Received Neoadjuvant Therapy: Whether of not a patient was administered
a treatment before the main treatment (usually surgery).

* Recurrence: Hand-crafted target feature, whether or not the patient suffers
from recurrence.

* Recurrence event(s): Same as above, but not used due to ambiguities with
Days_to_local_recurrence and Days_to_distant_recurrence.

¢ Skin/Nipple Involvement: Whether or not the tumor has spread to the skin
or nipple of the breast. This is an important clinical sign that indicates that the
cancer has grown beyond the breast tissue itself and may be more advanced.

¢ Staging (Metastasis): Extent to which the cancer has spread, particularly to
distant organs or tissues.

¢ Staging (Nodes): Extent to which cancer has spread to the lymph nodes, which
are part of the body’s immune system. When cancer cells break away from the
primary tumor, they can travel through the lymphatic system and spread to
nearby lymph nodes. This is a crucial factor in determining the stage of cancer.

¢ Staging (Tumor Size): Describes the size and extent of local invasion for the
primary tumor. It provides important information about the stage of cancer,
which helps guide treatment decisions and predict the patient’s prognosis.

¢ Surgery: Whether or not a patient has undergone surgery.

* Therapeutic or Prophylactic Oophorectomy as part of Endocrine Therapy:
Surgical removal of the ovaries, which is sometimes used in the treatment of
hormone-sensitive conditions. This procedure is often considered as part of
endocrine therapy to manage or reduce the risk of cancer recurrence, especially
in hormone receptor-positive cancers.

¢ Tumor Grade (M): Degree of gravity for Staging_(Metastasis).
¢ Tumor Grade (N): Degree of gravity for Staging_(Nodes).
¢ Tumor Grade (T): Degree of gravity for Staging_(Tumor_Size).

¢ Tumor Location: Side of cancer (left or right).
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Appendix B

GitHub repository structure

Here we detail the structure of this project’s GitHub repository. As one can observe
in Figure B.1, it does not contain too many folders.

0 Final_Thesis_DataScience ' public

¥ main - ¥ 2 Branches > 0 Tags Q Go to file t Add file ~ <> Code ~

0 SergioHernandezAnton Me: fron b2fc - 6 minut ©) 7 Commits

B presentation mmit 17 min
BB thesis

[ README.md

FIGURE B.1: Structure of the shared GitHub repository, where this
document and experiments are stored.

First of all, in README . md you will find the abstract of the thesis and my sign attached.
I also included a line where I leave constancy of the transfer of rights to Universitat
de Barcelona.

Moving on to the folders, in thesis is stored all the necessary material to write this
document, which is also there. Particularly, in the code folder appear the notebooks
of my experiments (one for Lifestyle dataset and the other for Duke dataset), with the
utils.py as mentioned in Chapter 3. On the other hand, in data are contained both
datasets used (one can notice I retained the original name for the Lifestyle dataset).

Finally, in the presentation folder appear the slides I used for the thesis defense,
while in the material folder you will find another a notebook file. It corresponds
to the PLCO dataset mentioned in Chapter 5, which I used in the presentation to
support my findings with a bigger dataset. It also marks the first step towards the
proposed line of future work. As a remark, I cannot include the dataset due to access
permission.
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