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ABSTRACT

Background: Population-based cancer registries are crucial for controlling and
studying cancer incidence, mortality, and survival. These systems focus on
collecting new cancer cases and analyzing their impact in a specific region. In
addition, exploring external information sources to complement the data registry
allows for the identification of search patterns and correlations in each specific
region. This thesis focuses on integrating some databases, such as risk factors
and prescription medicines, cloud computing and artificial intelligence (AI). This
is a term that has been present in the business and social sectors over the last few
years. The capacity of artificial intelligence to learn, simulating the human brain,
has permitted the automation of the process and decreased the time required.
This technique is characterised by an algorithm training process to then decide
what the machine has learned. Artificial intelligence algorithms have opened new
ways for the analysis, detection, prediction and pattern search of cancer which
are explored in this thesis.

Methods: Cloud computing and decision support system were used to imple-
ment a web-platform to show the cancer incidence in a specific region (Lleida).
Non-supervised machine learning algorithms were used as a tool for detecting
patterns of cancer by the different lifestyles of cancer patients. The Multiple
Correspondence Analysis algorithm was trained to detect cancer patterns for the
most frequent cancers. K-means was implemented for cancer detection among
cases of colorectal cancer. Next, epidemiological studies were employed to ensure
the validity of the external databases by assessing the association of some risk
factors with the occurrence of a second cancer. Additionally, the protective effect
of aspirin against certain types of cancer was analyzed, while accounting for
relevant risk factors.

Results: This thesis explores cloud computing methods and artificial intelligence
algorithms for pattern detection. It also explores in depth how some risk factors
increase the risk of cancer and other functionalities, such as estimates the risk of
developing secondary primary cancer. Finally, this thesis explores how to export
this knowledge to society through cutting-edge technology. The main outcomes
of this thesis highlight a cloud application to assist population cancer registries
in analysing cancer incidence and mortality and the use of machine learning
algorithms to detect patterns and associations of the factors that may increase
the risk of cancer. In this exploration, we have discovered a strong association
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between colorectal cancer and individuals living in rural populations. However,
lung cancer is more common among those living in urban areas. On the other
hand, our analysis of the risk of developing secondary primary cancer revealed
that certain risk factors, such as smoking and heavy alcohol use, significantly
increase the likelihood of developing such cancers. Finally, the results show the
protective effect of aspirin against some tumours, taking into account such risk
factors as smoking or heavy alcohol use or excess weight.

Conclusions: This thesis integrates risk factor and medication prescription
databases and employs a cloud-based decision support system (DSS) that utilizes
population-based cancer registry data to assess the current state of cancer in
Lleida. We also analyse and implement various machine learning algorithms,
especially non-supervised. The outcomes provide solid evidence that these non-
supervised algorithms can search for patterns among cancer patients. In addition,
they also help to detect possible associations, which is interesting for the health
sector. In a health context, this thesis demonstrates an association between
smoking and heavy alcohol use with the risk of second primary cancer, especially
among men. It also corroborated that aspirin use decreases the risk of some
specific cancers, taking risk factors into account. The results obtained in this
thesis are an essential seed to continue exploring other methods and algorithms,
with a high potential to become a reference in the use of artificial intelligence in
the epidemiological cancer sector.
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RESUM

Introducció: Els registres poblacions de càncer són crucials pel control i l’estudi
de la incidència, la mortalitat i la supervivència de càncer. Aquests sistemes es
focalitzen en recollir nous casos de càncer i analitzar el seu impacte en una regió
específica. A més, l’exploració de fonts d’informació externes per complementar
el registre permet realitzar un pas més i identificar patrons i correlacions en cada
regió específica. En aquesta tesi, ens focalitzem en la integració de diferents
bases de dades com els factors de risc i les prescripcions de medicaments, els
sistemes basats en el núvol i l’ús de la intel·ligència artificial. Aquest últim és
un terme que durant els últims anys ha estat més present en diferents sectors
empresarials i socials. La capacitat de la intel·ligència artificial en aprendre,
simulant la ment humana, ha permès automatitzar processos disminuint el temps
emprat. Aquesta tècnica es caracteritza per un procés d’entrenament d’algoritmes
perquè a posterior puguin prendre decisions en funció del que han après. Els
algoritmes d’intel·ligència artificial han obert noves maneres d’anàlisi, detecció,
predicció i cerca de patrons en càncer.

Mètodes: La computació en el núvol i els sistemes d’ajuda a la presa de decisions
han estat utilitzats per implementar una plataforma web per tal d’informar de la
situació epidemiològica del càncer en una regió específica (Lleida). Algoritmes
d’aprenentatge automàtic no supervisats s’han usat com a instrument per la
detecció de patrons de càncer a partir dels diferents estils de vida dels pacients.
L’algoritme Multiple Correspondence Analysis s’ha entrenat per la detecció de
patrons en els càncers més incidents. El K-means s’ha implementat per tal de
detectar patrons en el càncer colorectal. A continuació, es van realitzar estudis
epidemiològics per assegurar la validesa de les bases de dades externes mitjançant
l’estudi de l’associació d’alguns factors de risc i el desenvolupament d’un segon
càncer primari. Per altra banda, s’ha analitzat l’efecte protector de l’aspirina
vers alguns càncers tenint en compte certs factors de risc.

Resultats: Aquesta tesi explora mètodes basats en el núvol i algoritmes d’in-
tel·ligència artificial per la detecció de patrons i la predicció en càncer. També
explora en profunditat alguns factors de risc que incrementen el risc de càncer
i també altres factors que actuen com a protectors, com per exemple, el risc
de presentar un segon càncer. Finalment, s’ha explorat com exportar i lliurar
aquest coneixement a la societat mitjançant tecnologia puntera. Els principals
resultats d’aquesta tesi ressalten una aplicació al núvol per assistir a registres
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poblacionals de càncer sobre l’anàlisi de la incidència i la mortalitat d’aquesta
malaltia i l’ús d’algoritmes d’aprenentatge automàtic per la detecció de patrons
i l’associació de factors que poden incrementar el risc de càncer. En aquest
estudi, s’observa que alguns càncers es relacionen més amb la població que viu
en àmbits rurals tal com és el colorectal. En canvi, altres com el pulmó es van
relacionar amb habitants que viuen en zones urbanes. D’altra banda, l’anàlisi
sobre el risc de presentar un segon càncer primari revela que certs factors de risc,
com són el consum de tabac i alcohol, incrementen el risc de presentar aquest
tipus de càncers. Finalment, els resultats mostren que l’aspirina té un efecte
protector vers a alguns càncers tenint en compte factors de risc habituals com el
consum de tabac, alcohol o el sobrepès.

Conclusions: En aquesta tesi s’ha integrat la base de dades de factors de risc i
de medicaments prescrits i s’ha implementat un sistema de suport a la presa de
decisions en el núvol basat en les dades del registre poblacional de càncer. També
s’han analitzat i implementat diversos algoritmes d’aprenentatge automàtic, tant
supervisats com no supervisats. Els resultats obtinguts proporcionen evidències
sòlides que aquests algoritmes no supervisats poden ser utilitzats per la cerca
de patrons en pacients en càncer. A part, ajuden a la detecció de possibles
associacions, interessants pel sector mèdic, que usant altres mètodes no es
podrien detectar. En un context més mèdic, s’ha demostrat que existeix una
associació entre el consum de tabac i alcohol i el risc de patir un segon càncer
primari, especialment entre els homes. També s’ha corroborat que el consum
d’aspirina prolongat actua com a protector vers alguns càncers específics tot i
presentar altres factors de risc. Tots els resultats assolits en aquesta tesi són una
llavor poderosa per continuar explorant altres mètodes i altres algoritmes, amb
un gran potencial per convertir-se en una referència en l’ús de la intel·ligència
artificial en aquest àmbit més epidemiològic del càncer.
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RESUMEN

Introducción: Los registros poblacionales de cáncer son cruciales para el control
y el estudio de la incidencia, la mortalidad y la supervivencia de cáncer. Estos
sistemas se focalizan en recoger nuevos casos de cáncer y analizar su impacto
en una región específica. Además, la exploración de fuentes de información
externas para complementar el registro permite ir un paso más e identificar
patrones y correlaciones en cada región específica. En esta tesis nos focalizamos
en la integración de varias bases de datos como los factores de riesgo y los
medicamentos prescritos, los sistemas basados en la nube y el uso de la inteligencia
artificial. Este último es un término que durante los últimos años ha estado
presente en diferentes sectores empresariales y sociales. La capacidad de la
inteligencia artificial en aprender, simulando la mente humana, ha permitido
automatizar procesos disminuyendo el tiempo utilizado. Esta técnica se caracteriza
por un proceso de entrenamiento de algoritmos para que después puedan tomar
decisiones en función de lo que han aprendido. Los algoritmos de inteligencia
artificial han abierto nuevas maneras de análisis, detección, predicción y búsqueda
de patrones en cáncer.

Métodos: La computación en la nube y los sistemas de ayudas a la toma
de decisiones han estado utilizados para implementar una plataforma web que
permite informar de la situación epidemiológica del cáncer en una región específica
(Lleida). Algoritmos de aprendizaje automático no supervisados se han utilizado
como instrumento para la detección de patrones de cáncer a partir de los diferentes
estilos de vida de los pacientes con cáncer. El algoritmo Multiple Correspondence
Analysis se ha entrenado para la detección de patrones de los cánceres más
incidentes. El K-means se ha implementado para poder detectar patrones en
el cáncer colorrectal. A continuación, se han diseñado estudios epidemiológicos
para asegurar la validez de las bases de datos externas a través del estudio de la
asociación de algunos factores de riesgo con la aparición de un segundo cáncer
primario. Por otro lado, se ha analizado el efector protector de la aspirina frente
algunos cánceres, teniendo en cuenta ciertos factores de riesgo.

Resultados: Esta tesis explora métodos basados en la nube y algoritmos de inteli-
gencia artificial para la detección de patrones y la predicción del cáncer. También
analiza en profundidad ciertos factores de riesgo que aumentan la posibilidad
de padecer cáncer, así como otros factores que actúan como protectores, como
por ejemplo, el riesgo de presentar un segundo cáncer. Por último, se explora
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cómo exportar y difundir el conocimiento a la sociedad mediante tecnología de
vanguardia. Los principales resultados de esta tesis resaltan una aplicación a
la nube para asistir a registros poblacionales de cáncer sobre el análisis de la
incidencia y la mortalidad de esta malatía y el uso de algoritmos de aprendizaje
automático para la detección de patrones y la asociación de factores que puede
incrementar el riesgo de cáncer. En este estudio se observó que algunos cánceres
se asociaron en estilos de vida propios de las poblaciones rurales, tal como es el
colorrectal. En cambio, algunos como el cáncer pulmón se asociaron con estilos de
zonas urbanas. Por otro lado, el análisis sobre el riesgo de presentar un segundo
cáncer primario revela que ciertos factores de riesgo como son el consumo de
tabaco y alcohol incrementan el riesgo de presentar estos tipos de cánceres.
Finalmente, los resultados muestran que la aspirina tiene un efecto protector
frente algunos cánceres, teniendo en cuenta factores de riesgo habituales como
son el consumo de tabaco, alcohol o sobrepeso.

Conclusiones: En esta tesis se han integrado la base de datos de factores de
riesgo y de medicamentos prescritos y se ha implementado un sistema de soporte
a la toma de decisiones en la nube basado en los datos del registro poblacional
de cáncer. También se han analizado e implementado varios algoritmos de
aprendizaje automático, tanto supervisados como no supervisados. Los resultados
obtenidos proporcionan evidencias sólidas que estos algoritmos no supervisados
pueden ser utilizados para la búsqueda de patrones en pacientes con cáncer.
También, detectan posibles asociaciones, interesantes para el sector médico, que
utilizando otros métodos no se podrían detectar. En un contexto más médico, se
ha demostrado que existe una asociación entre el consumo de tabaco y alcohol y
el riesgo de padecer un segundo cáncer primario, especialmente entre los hombres.
También se ha corroborado que el consumo prolongado de aspirina actúa como
protector frente algunos cánceres específicos, aunque se presenten factores de
riesgo. Todos los resultados obtenidos en esta tesis son una semilla poderosa para
continuar explorando otros métodos y otros algoritmos con un gran potencial
para convertirse en una referencia en el uso de la inteligencia artificial en este
ámbito más epidemiológico del cáncer.
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1
INTRODUCTION AND SCOPE OF THE RESEARCH

Many of life’s failures are people who did not realize
how close they were to success when they gave up.

— Thomas Edison

This thesis presents a collection of artificial intelligence algorithms, statistical
techniques and a web platform to tackle problems related to population-based
cancer registries (PBCR). These include data accessibility, data usage and data
automation. It also presents the importance of integrating different external
databases, such as risk factors or registers of exposure to medicines to analyze
possible associations in the Lleida region. This work presents solutions ranging
from providing services and displaying data information to exploring novel methods
for relating cancer factors.

The public health authorities promote population-based cancer registries to
collect new cancer cases and analyze cancer incidence, mortality and survival
in specific regions. Cancer has been associated with lifestyles and other risk
factors. The Lleida region presents particularities that differ from other areas of
Catalonia, Spain. Therefore, the Lleida register has been linked with external
databases, such as medical history records to obtain risk factors and medicine
prescriptions to analyze possible associations.

Cloud platforms open up opportunities for designing new decision support
systems (DSS) to permit the transfer of knowledge from specific sectors to
society. These services aim to store and process the raw data, delivering the
knowledge to end-users. In this way, especially in cancer, we offer access to data
information and permit the cancer situation in a specific region to be known.

Artificial intelligence (AI) simulates human intelligence processes by ma-
chines, especially computer systems. One branch of AI is machine learning
(ML), which uses data and algorithms to imitate how humans learn. These
new methods permit interpretation of the data and add value to society, taking
decisions based on it. ML systems work by absorbing large amounts of trained
data, analyzing it for correlations and patterns, and using these outcomes to
make predictions about future states. In this way, ML can provide practical
solutions to analyze related factors faster. In addition, these methods can be
integrated as a tool in DSS platforms to transfer data knowledge to society.
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2 introduction and scope of the research

There are many ML applications related to cancer, from detection to treatment.
However, this thesis focuses on applying ML algorithms to investigating the
relationship between cancer and lifestyles. Therefore, these techniques enable
some lifestyles that may play a crucial role in cancer to be detected and analyzed.
In consequence, it is essential to guarantee the quality of the data and the results
obtained.

The proposals in this thesis are applied to integrate external databases in order
to enhance the use of PBCR data, present the cancer situation in Lleida, and
detect, understand and predict how lifestyle affects cancer using ML algorithms on
a population-based cancer registry. The study performed in this thesis highlights
the excellent results of combining PBCR with external databases such as risk
factors and prescription medicines, the benefits of AI and ML in detecting cancer
patterns prior to disease detection and other data information and implementing
a cloud platform to analyze the cancer situation.

1.1 context

Cancer is one of the most important health problems that public administrations
focus on understanding, and population-based cancer registries are the key. One
of their primary functions is to collect information on all new cancer cases that
appear in a well-defined population. Storing this information permits the analysis
of cancer incidence, mortality and survival. In addition, combining the PBCR
dataset with external factors, such as risk factors or exposure to medicines, allows
the exploration of possible associations. Consequently, new opportunities arise
where technology, such as web platforms and artificial intelligence, can help
analyze and predict the incidence of cancer.

Figure 1.1 shows an overall scheme of the work involved in this thesis, from
registering and integrating the information with external databases to applying
machine learning algorithms and analytical statistics. The recording, merging,
cleaning and analysis of the data was the key to the significant outcomes obtained
in the studies. A web platform looks at the cancer situation based on cloud
computing as a solution to access the data. The resulting cloud platform enables
the analysis and conditions of cancer in our region to be seen.

The exploration and application of algorithms are carried out in such a web
platform to find associations and patterns among cancer patients. In this
way, we found solutions to transform data into information or knowledge using
machine learning algorithms. The PBCR data was merged with the primary and
hospital clinical records to assess the exposure to risk factors prior to cancer
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diagnosis. In this thesis, we focus on exploiting data in an increasingly complex
and heterogeneous way.

A cohort study was designed and implemented to analyze the relationship
between risk factors and second primary cancer (SPC). Observing the good results
obtained by previous studies about risk factors, we added new information to
analyze the potential of PBCR and explore relationships between the exposure to
medicines prior to a cancer diagnosis. To find associations, firstly, we corroborated
the protective effect of aspirin against colorectal cancer in Lleida, highlighting
the importance of exploring external datasets. Then, an exploration was made of
the effect of aspirin against some cancers, taking the risk factors into account.

Figure 1.1: Overview of the external databases combined with the PBCR and the
technology solutions designed and used.

1.2 population-based cancer registries

Nowadays, cancer is one of the diseases with the highest incidence in the world
and the second cause of death globally. Lung, prostate, colorectal, stomach and
liver cancer are the most common types in men, while breast, colorectal, lung,
cervical and thyroid cancer are the most common among women [1]. In 2020,
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the number of diagnosed breast cancer cases globally was 2.26 million; cases
of lung cancer rose to 2.21 million; there were 1.93 million colorectal cancers,
1.41 million cases of prostate cancer, and 1.09 million cases of gastric cancer.
Approximately 50% of cancer cases present a bad prognosis, and for some, such
as lung cancer, the mortality is higher [1]. These statistics are a challenge for
public health authorities, and researchers putting great efforts into understanding
and finding a prevention for cancer.

Cancer morbidity and mortality are increasing worldwide despite the devel-
opment of new treatments, research studies and trials. The global number of
cancer patients (incidence rate) is expected to increase over the coming years
due to negative lifestyles, demographic changes related to population aging and
growth [2].

Knowing the rate of incidence of cancer is essential for public health surveil-
lance [3]. This rate approximates the average risk of developing cancer, allowing
geographic comparisons of the risk of the disease in different populations. This
calculation requires a population-based cancer registry (PBCR) to record, store
and organise all the cancer cases in a reference region. A continuous systematic
process does this collection, storage, analysis, interpretation and reporting of
data on the occurrence and characteristics of cancer cases [4]. Therefore, the
aim of PBCRs is a continuous and systematic collection, storage and analysis to
estimate cancer incidence and mortality.

Over the last decades, there has been exponential growth in population-
based cancer registries (PBCRs). The first volume of Cancer Incidence in Five
Continents (CI5), published in 1966, contained information from 32 registries in
29 countries, whereas the latest volume, published in 2021, included 343 PBCR
in 65 countries.

Several data sources are integrated into PBCRs, including hospitals, death
certificates, and laboratory services. Moreover, PBCRs follow international
procedures, ensuring their data’s high quality and reliability. This last point is
vital to ensure that PBCRs worldwide follow the same rules to register cancer
cases. These goals are accomplished by performing exhaustive validity checks [5],
mainly manual registration.

PBCRs have commonly been used in epidemiological research. Thus, they have
a crucial role in providing extensive information about tumour histology, stage
at diagnosis, place and nature of the treatment, and survival [6]. Descriptive
studies use the registry database to examine differences in incidence, survival,
and the prevalence of risk factors or comorbidities (obesity, smoking, or diabetes)
across populations and their context (such as variables associated with time,
place, sex, ethnicity, and social status) [7, 8]. Risk factors are characteristics



1.2 population-based cancer registries 5

or exposures that increase the likelihood of developing a disease or condition.
Comorbidities are the presence of two or more chronic medical conditions in a
patient simultaneously.

The data of population-based cancer registries are the basis for estimating
the cancer burden and its trends over time and are crucial in the planning and
evaluation of cancer control programmes in the area of registration [9].

Population-based registry [10] is designed to:

• To determine cancer patterns among various populations or sub-populations.

• To monitor cancer trends over time.

• To guide the planning and evaluation of cancer control efforts.

• To help prioritise health resource allocations.

• To advance clinical, epidemiological and health service research.

The PBCRs aim to identify and register all cancer cases diagnosed in a specific
population or region exhaustively and continuously. In Catalonia (Spain), two
population cancer registries, Tarragona Cancer Registry and Girona Cancer
Registry have enabled the incidence for Catalonia to be estimated. In addition,
they have demonstrated that there are differences between regions, which should
be investigated [11, 12].

Figure 1.2: Provinces of Catalonia (Spain).

In the province of Lleida, except for Lleida city, the population is distributed
in cities and towns with less than 15,000 inhabitants (considered rural areas in
some cases). In this context, different lifestyles, risk factors and specific work
activities can be traduced to specific incidences of certain cancers that can only
be detected and analysed through a population-based cancer registry.
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1.2.1 Lleida Population-based Cancer Registry

The Population-based Cancer Registry in Lleida was established in 2017 to
retrospectively register and validate new cancer cases from 2012. The registry
was implemented to analyze the incidence and risk factors of cancer in the Lleida
region. As mentioned in the previous section, the main goal is to register all new
cases diagnosed among the population of our region. Currently, the available
period for analysis and study is 2012-2017. This system allows us to study the
unique characteristics of Lleida. With half of the population living in rural areas,
the exposure and risk factors may differ from other regions.

This is a new registry that is growing and improving the quality of the data
collected. Initially, the population coverage for new cases was around 80%, but
currently, the registry covers between 90% and 95% of cases. The registry is on
track to be consolidated as a population cancer registry by the REDECAN (Red
Española de Registros de Cáncer) [13]. In fact, the registry is awaiting approval
from the members of REDECAN to be included. The B appendix chapter shows
the rates and percentage of coverage from the PBCR of Lleida (tables B.1 -
B.10). A higher tendency to greater coverage is observed. The tables B.11, B.12
and B.13 show an analysis of the cancer mortality registered in our region.

1.2.2 Data Collection

Cancer registries are responsible for gathering a variety of data, including in-
formation about the demographics of patients, the characteristics of tumours
(cancers), treatment plans and patient outcomes. They also handle the storage
and management of this data.

The process of collecting cancer data begins by identifying individuals who have
been diagnosed with cancer or received treatment for cancer in various settings,
including hospitals, outpatient clinics, radiology departments, doctors’ surgeries,
laboratories, surgical centres or from other providers (such as pharmacists) who
diagnose or treat cancer patients.

The data collected by cancer registries can be classified into several categories:

• Patient demographics: Patient demographic information identifies the
cancer patient. It includes the patient’s name, age, gender, race, ethnicity
and birthplace.

• Tumor (cancer) characteristics: Tumour characteristics describe the tumour
cell type(s), biological and clinical aspects of the malignancy (such as the
body organ where the cancer started), and now genomic information on
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the tumour (such as specific biomarkers that might predict outcomes or
responses to specific therapies).

• Stage of disease: The cancer stage describes the extent of the disease,
such as how far the cancer has spread. This information informs whether a
cancer has been diagnosed early or late and what treatment plans should
be considered.

• Treatment: Treatment information records the various options used to treat
the patient, such as surgery, radiation therapy, chemotherapy, hormone
therapy, and immunotherapy.

• Outcomes: Outcomes information consists of patient’s vital status, cause
of death, and survival time.

The Lleida population-based cancer registry reports that the majority of cancer
cases in the region are found in the Arnau de Vilanova University Hospital and
Santa Maria University Hospital, which are the leading hospitals in the area.
To identify potential cancer cases, the registry initially relied on hospital and
pathological anatomy records as their primary sources of information. This
information is prepared for a software, ASEDAT [14], which is used to validate
all potential cancer cases. The software automatically validates and confirms
some cases based on previously established rules. However, the remaining cases
were manually reviewed and validated by doctors and nurses from the registry.
During this review process, the professionals collected sociodemographic and
tumor information, such as the incidence date, morphology, and pathological
staging. The incidence date is defined initially as the first histology date, and if
this does not exist, the hospital admission date. Another point that should be
taken into account when validating is the possibility of multiple primary tumors.
Cancer cases were identified and validated based on the guidelines established by
the International Association of Cancer Registries, the International Agency for
Research on Cancer (IARC), and the European Network of Cancer Registries [15].
The IARC establishes rules to register multiple tumors which are summarized as
follows: (1) the existence of two or more primary tumors does not depend on
the time at which they have been diagnosed, (2) a primary tumor is one that
originates in a primary location or tissue and is not an extension, recurrence, or
metastasis, (3) primary cancers that originate in the same organ (or tissue) will
be considered a single tumor. Some groups of topographical codes are considered
as a single organ for the purpose of defining multiple tumors (see in annex B,
supplementary table B.14). Finally, once the review process was complete, the
PBCR saved the patients from the Lleida region into their database from the
ASEDAT database.
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Figure 1.3: Workflow of data collection and data validation in the Population-
based cancer registry in Lleida.

Once the cancer cases are registered and validated correctly for an extended
period, it permits the patients’ analysis and follow-up. In some cases, they may
be diagnosed with another new cancer, named Secondary Primary Cancer (SPC).
This thesis also researched the relationship between SPCs and risk factors and
their prediction, exploring machine learning algorithms using the data stored in
the PBCR.

1.2.3 Secondary primary cancer

A secondary primary cancer is a new primary cancer that develops in someone
who has previously had cancer. Second primary cancers can occur months or
years after the initial (primary) cancer is diagnosed and treated. Some cancer
treatments, such as chemotherapy and radiation therapy, may increase the risk
of a second primary cancer. Inheriting specific gene mutations and exposure to
certain cancer-causing substances, such as smoking, may also increase the risk
of a second primary cancer.

Cancer survival trends are generally increasing, even for some of the more
mortal ones such as liver, pancreas and lung cancer [16]. Long-term survivors face
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physical, psychosocial, medical, behavioural, and socioeconomic consequences
due to cancer and its treatment [17]. One medical consequence is an increased
likelihood of subsequent diagnosis with another cancer [18]. Cancer survivors
might be especially prone to developing new cancers for various reasons. These
include common etiologic risk factors with the primary cancer (i.e., environmental
exposure, genetics, lifestyle choices) and the after-effects of the cancer treat-
ment [19]. Such risk factors as obesity, smoking or heavy alcohol use could be
determinant in developing a subsequent primary cancer (SPC) [20, 21]. Some
risk factors were stronger related to specific cancers, such as smoking with cancer
of the larynx or obesity with the stomach cancer [22].

The literature concludes the significant association between cancer and such
risk factors as smoking [20]. This thesis focused on analysing the association
between a first primary cancer (FPC) or SPC and risk factors. This is a challenging
problem in this domain because part of this data is not stored in the PBCR.
Therefore, we need to integrate it with this external database.

1.3 cancer factors

1.3.1 Risk factors

Exposure to risk factors plays an essential role in the biology and burden of
many cancer types. Approximately 40% of cancer are associated with some risk
factor [23]. There are many different risk factors for cancer, some of which
may be controlled [24]. The following list highlight the main critical associated
factors:

• Smoking: tobacco use is the leading cause of preventable death worldwide,
and it is a significant risk factor for many types of cancer, including lung,
throat, and bladder cancer.

• Unhealthy diet and lack of physical activity: a diet that is high in processed
and red meats, and low in fruits and vegetables, can increase the risk of
cancer. Similarly, a lack of physical activity has been linked to an increased
risk of certain types of cancer.

• Heavy alcohol use: drinking alcohol has been linked to an increased risk of
certain types of cancer, including breast, colon, and liver cancer.

• Exposure to radiation: exposure to high radiation levels, either through
medical procedures or environmental sources, can increase cancer risk.
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• Certain infections: some infections, such as human papillomavirus (HPV),
VIH, and hepatitis B and C, can increase the risk of certain types of cancer.

• Exposure to certain chemicals and substances: some chemicals and sub-
stances, such as certain pesticides and asbestos, have been linked to an
increased risk of cancer.

• Family history: having a family history of cancer can increase the risk of
developing certain types of cancer.

• Certain inherited genetic mutations: specific inherited genetic mutations
can increase the risk of developing cancer.

In this thesis we focus on the main preventable risk factors such as smoking,
unhealthy diet and heavy alcohol use. These factors increase the risk of developing
cancer significantly [25, 26]. Smoking is mainly related with lung cancer and
many other types [27–29]. There is also strong evidence that risky alcohol use
causes cancer. In addition to liver cancer [30], such others as oesophageal, gastric
or colorectal cancer has been associated with alcohol [31, 32]. And, excess
weight is also associated with an increased risk of cancer [33].

The residents of the Lleida region present lifestyles, risk factors and work
activity which may increase the incidence of certain types of cancer. Nearly
half the population of Lleida province live in rural and semi-urban areas. As
a consequence, their lifestyle may be different from that of the more urban
populations in other Catalan provinces [34, 35]. Thus, they may face different
risk factors and socioeconomic status (SES).

In order to conduct our research, it was necessary to investigate additional
external sources, such as hospital records and primary care databases, especially
the latter. To access the required information for each patient, we used a personal
identification code called the CIP (Personal Identification Code). The CIP is
only available in Catalonia and was created by the Catalan Health Service to
identify each person when they come into contact with the healthcare system
(hospitals, primary care, and pharmacies) [36]. We used the CIP to retrieve the
height and weight measurements of each patient that were recorded prior to
their cancer diagnosis in order to determine their body mass index (BMI). With
these parameters, we calculated the BMI using the formula

BMI = (weight(kg))/height(m)2

. For smoking, we consulted the primary care database to determine whether
each patient has been registered with smoking, using the Z72.0 code from the
International Classification of Diseases (ICD-10). A similar process was followed
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to determine alcohol consumption, using the F10.9 code (alcohol use) for this
purpose. Once these patients were identified, we obtained data on the number
of grams they consumed per day prior to their cancer diagnosis. The information
about these factors is all extracted before the first primary cancer diagnoses.
Therefore, for each patient, we obtain the first cancer incidence and extract their
BMI, smoking, and alcohol consumption. In the case of the latter two factors, if
a diagnosis exists, we evaluated whether the exposure was for at least five years.

This thesis has made several significant contributions demonstrating the
potential for merging external sources with the population-based cancer registry
and adding studies about cancer in Lleida and the association between risk
factors.

1.3.2 Pharmacology medicines

The long exposure to some medicines could be considered a risk factor for
some pathologies due to their secondary effects [37], despite differences between
the literature. Some previous studies demonstrated the relation between some
medicines and cancer [38]. However, there is also prior evidence for a protective
effect of some drugs. One such case is aspirin, but less research has been done
on other medicines [39].

1.3.2.1 Acetylsalicylic acid

Aspirin belongs to a group of drugs called salicylates. Its action is to stop the
production of certain natural substances that cause fever, pain, inflammation
and blood clots. Aspirin has long been known to prevent cardiovascular and
cerebrovascular diseases [40]. Daily administration of a low dose of aspirin has
been proven beneficial for preventing recurrent cardiovascular events [41]. It is also
prescribed to relieve symptoms of rheumatoid arthritis, osteoarthritis, systemic
lupus erythematosus, and certain other rheumatologic disorders (disorders in
which the immune system attacks parts of the body).

Recently, many studies have shown that long-term use of aspirin can signifi-
cantly reduce the risk of cancer [42]. Specifically, aspirin consumption has been
strongly related with a protective effect against colorectal cancer (CRC) [43]. The
exact mechanism by which aspirin exerts this effect is started to investigate and
understand but it is thought to be related to its anti-inflammatory properties. A
recent study concluded that the preventive effect of aspirin has been attributed to
the inhibition of cy-clooxygenase (COX), the enzyme responsible for the synthesis
of prostaglandins [44].
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Several large studies have shown that regular use of aspirin is associated with
a lower risk of developing colorectal cancer and other types of cancer, such as
breast, pancreas, and prostate cancer [39, 42]. However, it is important to note
that aspirin can also have side effects, including an increased risk of bleeding,
and it is not appropriate for everyone. It is important to speak to a healthcare
specialist before taking any new medications.

The results gathered in this thesis have been made possible by using pharmacy
prescriptions, highlighting the importance of the population-based cancer registry.
This service permits the register and control of cancer cases, which can be used
to analyse other sources, such as exposure to medicines. The results presented
in the paper 5 and 6 show the association between cancer and aspirin use among
Lleida population.

1.4 cloud based decision support system

Decision support systems (DSS) are information system that offers solutions to
help a user in the decision-making process. These systems integrate the data
belonging to different heterogeneous sources. Secondly, they are presented as
usable and attractive, allowing a fluent and simple user interaction. Thirdly, they
can generate descriptive analytics to extract knowledge from the data. Finally, a
DSS must have realistic, credible and successful pilot cases. Figure 1.4 presents
a cloud architecture of a DSS presented in this thesis.

Decision support systems are similar to traditional client/server web applica-
tions. Both must handle a variety of data sources, whether stored locally or
remotely, and both require a client to interact with users, gather information,
process requests, and execute operations. It is beneficial to use restful APIs
(Application Programming Interface) and the JSON (JavaScript Object Notation)
format to organise and communicate between the different components of an
intelligent cloud architecture, including the server, client, data sources, and
workers.

A cloud-based DSS leverages the benefits of cloud technology to address
the traditional limitations of DSSs. Hosting the DSS on the cloud makes it
accessible to a wider audience and offers elasticity and scalability, allowing virtual
resources to be created and eliminated as needed. It ensures that data storage
can effectively scale to meet various requirements.



1.5 artificial intelligence 13

1.4.1 Cloud platform

Let us start defining the main concepts of cloud computing. Mainly, there are
three kinds of cloud services:

• Infrastructure as a service (IAAS): clients pay-as-you-go access to storage,
networking, servers and other computing resources in the cloud.

• Platform as a service (PAAS): offers access to a cloud-based environment
in which users can build and deliver applications.

• Software as a service (SAAS): provides software and data through the
Internet. Users subscribe to the software and access it via the web or APIs.

This thesis focuses on SAAS implementation to understand the cancer situation.
Software-as-a-service (SAAS) removes the need for a high-powered computer
with a dedicated environment to run tasks. All that is required is a terminal
with an Internet connection. With a web browser, end-users can access virtually
unlimited computing power from any device, including handheld devices, desktop
computers, or laptops.

The implemented platform is a solution for analysing the incidence of cancer,
risk factors and mortality in the Lleida area also for data accessibility and
transparency. In addition, the system has been designed to be deployed to other
PBCRs.

Once the cancer situation in Lleida has been analysed, the thesis focuses on
how artificial intelligence algorithms can detect associations and cancer patterns.
These algorithms are explained in the next section.

1.5 artificial intelligence

Artificial intelligence (AI) is changing the concept of data. It permits value to be
obtained from large data stores and automates any process, thus using less time.
There are many definitions for AI. In the context of this thesis, we could describe
it as a digital computer’s ability to understand and perform tasks associated
with intelligent beings. AI represents many complex algorithms that depend on
the situation, the problem and the solution we want to achieve. AI includes
techniques such as Natural Language Process (NLP), Computer Vision, Machine
Learning (ML), Robotics, Deep Learning, Robotics and Fuzzy Logic. In this
thesis, our system is based on a specific aspect of AI. The research focuses on
using ML, which permits a machine to learn to do an activity or task without
human supervision.



14 introduction and scope of the research

Figure 1.4: Cloud architecture of a DSS presented in this thesis.
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1.5.1 Machine Learning algorithms

As defined in the previous section, ML is a branch of AI that uses data and
algorithms to imitate how humans learn. Its algorithms learn from previous infor-
mation to act without human supervision. Through statistical models, algorithms
are trained to make classifications or predictions. In terms of classification, the
programmes learn, from the given specifications or observation, to classify in
classes or groups. These algorithms, through previous characteristics, permit the
element in the class to be detected and classified. For example, given certain
characteristics, they can classify a dog or cat. The prediction is about fitting a
shape that is as close to the data as possible. As the name indicates, given a
historical dataset, it permits a future outcome to be predicted.

ML is a branch of AI that learns from the data to take decisions and regarding
the output that we want, we will choose supervised, unsupervised or reinforce-
ment learning. Main branches of ML (see figure 1.5 to explore different ML
applications):

• Unsupervised learning

• Supervised learning

• Reinforcement learning

This thesis uses unsupervised and supervised learning for the detection and
prediction of patterns respectively. It also highlights the importance of using this
data to train these algorithms and the value of the outcomes they add.

1.5.2 Unsupervised-learning

Unsupervised learning is a type of machine learning where the model is not given
any labelled training data and is instead asked to learn patterns or relationships
in the data on its own. The goal of unsupervised learning is often to discover the
underlying structure in the data or learn more about it by identifying common
patterns.

Some common types of unsupervised learning algorithms include:

• Clustering algorithms: These algorithms group similar data points to-
gether into clusters.

• Dimensionality reduction algorithms: These algorithms aim to reduce
the number of dimensions or features in the data while preserving as much
important information as possible.
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Figure 1.5: Machine-learning branches and some applications
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• Generative models: These algorithms learn to generate new data points
similar to the ones in the training set.

Unsupervised learning can be helpful for such tasks as anomaly detection, where
the goal is to identify unusual data points that do not fit the pattern of most of
the data. This thesis focuses on applying clustering and dimensionality reduction
algorithms as pattern detection. More specifically, in Multiple Correspondence
Analysis and K-means. This is explained below.

1.5.2.1 Multiple Correspondence Analysis

Multiple Correspondence Analysis (MCA) is an extension of Correspondence
Analysis (CA). MCA is an unsupervised learning algorithm for visualising the
patterns in extensive tables and for multi-dimensional categorical data [45]. This
method can describe, explore, summarise and visualise information on individuals
described by categorical variables within a data table [46]. Unlike CA, MCA can
deal with more than one categorical variable. This is the main advantage of the
MCA technique. In our case, MCA was first used to evaluate the relationships
between the features. It was then used to assess the associations between
socio-demographic information for each cancer.

The factors produced are interpreted with the help of various statistical coeffi-
cients, which complemented each other to provide a better interpretation. The
most common and important are inertia, the eigenvalue and the contribution
and factorial coordinates. Inertia measures the dispersion of the set of computed
distances between points. Analogously, in Principal Component Analysis (PCA),
inertia corresponds to the explained variance of dimensions. The eigenvalue
allows the inertia that a specific category produces to be quantified. The contri-
bution enables us to consider how much influence a category has in determining
a certain percentage relative to the entire set of the active category. The per-
centage coordinates (x- and y-axis) of the graph enable the category points in a
graph to be represented and established. In MCA, the distance between two or
more categories of different variables can be interpreted as the associations and
correlations between these. If two categories present high coordinates and are
close in space, they tend to be directly associated. If two categories present high
coordinates but are distant from each other (e.g. they have opposite signs), they
tend to be inversely associated. If two categories present the same coordinate
sign, they can be related to each other [47, 48].
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1.5.2.2 K-means

K-means [49] is a non-supervised learning algorithm used in data-mining and
pattern recognition. The algorithm partitions the data set into K pre-defined
distinct non-overlapping subgroups (clusters) where each data point belongs
to only one group. It tries to make the intra-cluster data points as similar as
possible while keeping the clusters as different (far) as possible. It assigns data
points to a cluster such that the sum of the squared distance between the data
points and the cluster’s centroid is at the minimum. The less variation we have
within clusters, the more homogeneity (similarity) between the data points within
the same cluster.

The K-means algorithm is composed of the following steps: 1) It places K points
in the space represented by the patients who are being clustered. 2) It assigns
each patient to the group that has the closest centroid. 3) When all patients
have been assigned, it recalculates the positions of the K centroids. Steps 2 and
3 are repeated until the centroids no longer move. This produces a separation
of the patients into homogenous groups while maximising heterogeneity across
groups. The optimal number of clusters was obtained by the elbow method [50].

To the best of our knowledge, this well-studied and traditional method has
not been fully explored to detect patterns of cancer. In this thesis, we prove the
importance and the benefits of using it for cancer.

1.5.3 Supervised-learning

In supervised learning, a model is trained using labelled data that include both
input and corresponding correct output labels. The model uses this input/output
mapping to make predictions and the objective is to accurately predict the output
for new, unseen data. This type of machine learning involves training a model
on labelled data.

Supervised learning involves training a model to learn a function that maps
input data to the correct output labels. The model is provided with a set of
labelled training examples and adjusts its internal parameters to minimise the
error between the predicted output and the correct output. During the training
process, the model is presented with input data and the corresponding correct
output labels, and it uses this information to improve its ability to make accurate
predictions on new, unseen data.

There are various types of supervised learning, including classification, re-
gression, and structured prediction. In classification, the goal is to predict a
categorical label. In regression, the target is to predict a continuous value, such
as the price of a house or the yield of a crop. In structured prediction, the aim
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is to predict a structured output, such as a sequence of words or a tree-like
structure.

It is worth noting that supervised learning is often contrasted with unsupervised
learning, a type of machine learning in which the model is not provided with
correct output labels and must discover patterns in the data on its own.

1.5.3.1 Supervised-learning models

Various classification algorithms can be used to perform predictions for classifica-
tion purposes. Table 1.1 summarises the classification models used in this thesis
including those which use supervised and semi-supervised classification training.

1.5.4 Performance metrics

In a classification or prediction task, there are four possible outcomes:

• If the sample is positive and is correctly classified as positive, it is considered
a true positive (TP).

• If the sample is positive but is incorrectly classified as negative, it is
considered a false negative (FN).

• If the sample is negative and is correctly classified as negative, it is
considered a true negative (TN).

• If the sample is negative but is incorrectly classified as positive, it is
considered a false positive (FP).

Based on that, the Accuracy, Sensitivity (also known as recall), Specificity,
Precision and F-score metrics [58] are the most relevant metrics used to evaluate
the performance of the classification models. The AUC is also useful.

• Accuracy (Eq. 1.1). Ratio between the correctly classified samples.

Accuracy =
TP + TN

TP + TN + FP + FN
(1.1)

• Sensitivity (Eq. 1.2). Proportion of correctly classified positive samples
compared to the total number of positive samples.

Sensitivity =
TP

TP + FN
(1.2)
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Model Definition

RF: Random
Forest

RF classifier is a combination of tree predictors. Each decision
tree performed the classification independently and RF computed
each tree predictor classification as one “vote”. The majority
of the votes computed by all of the tree predictors decided the
overall RF prediction [51].

DT: Decision
Tree

DT is a flowchart with a tree structure, where each internal node
represents a test or decision that needs to be made, while the
branches represent the possible outcomes of that decision. Leaf
nodes represent the final outcome or prediction [52].

NN: Neuronal
Networks

NNs are networks that utilize complex mathematical models for
data processing. A neural network connects simple nodes, also
known as neurons or units. And layers of such nodes forms a
network of nodes. An array of algorithms are used to identify
and recognise relationships in data sets [53].

BNB: Bernoulli
Naive Bayes

BNB supports categorical features and it models each as con-
forming to a Multinomial Distribution [54].

GNB: Gaussian
Naive Bayes

GNB supports continuous valued features and it models each as
conforming to a Gaussian (normal) distribution [54].

LDA: Linear Dis-
criminant Analy-
sis

LDA estimates the mean and variance in the training set and com-
puted the covariance matrix to capture the covariance between
the groups to make predictions by estimating the probability that
the test set belonged to each of the groups [55].

LR: Logistic Re-
gression

LR uses a generalised linear model for binomial distributions. A
logit link function is used to model the probability of “success”.
The purpose of the logit link is to take a linear combination of
the covariate values and convert those values into a probability
scale [56].

SVM: Support
Vector Ma-
chines.

SVM is a powerful, kernel-based classification paradigm.
Support vector machines (SVMs) are particular linear classifiers
which are based on the margin maximisation principle. They per-
form structural risk minimisation, which improves the complexity
of the classifier with the aim of achieving excellent generalisation
performance. The SVM accomplishes the classification task by
constructing, in a higher dimensional space, the hyperplane that
optimally separates the data into two categories [57].

Table 1.1: Supervised-learning models
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• Specificity (Eq. 1.3). Proportion of correctly classified negative samples
compared to the total number of negative samples.

Specificity =
TN

TN + FP
(1.3)

• Balanced accuracy (Eq. 1.4). Arithmetic mean of sensitivity and speci-
ficity

Balanced accuracy =
Sensitivity + Speci f icity

2
(1.4)

• AUC (Eq. 1.5). The Receiver operating characteristics (ROC) curve is
a two-dimensional graph in which Sensitivity is plotted on the y-axis and
1 − Speci f icity is plotted on the x-axis. The points of the curve are
obtained by sweeping the classification threshold from the most positive
classification value to the most negative. The AUC score is a scalar
value that measures the area under the ROC curve and is always bounded
between 0 to 1.

AUC =
1

mn

m

∑
i=1

n

∑
j=1

1pi>pj , (1.5)

where i runs over all m samples with true label positive, and j runs over all
n samples with true label negative; pi and pj denote the probability score
assigned by the classifier to sample i and j, respectively.

1.6 related work and contributions

1.6.1 Risk factors and lifestyle

Risk factors can be crucial when discussing cancer incidence because approxi-
mately 40% of cases are related to some factors [23]. Smoking, risky drinking or
bad diet are one of the most preventable factors associated with cancer. Smoking
and alcohol use have recently been shown to increase the risk of some cancers
by the UK Biobank study [59]. And same happens with excess weight, which
also is associated with cancer risk [33].

Recently some studies have concluded that the incidence of some cancers
depends on the geographical area [60–62]. And another study concludes which
cancers are more related to rural than urban areas, and the contrary [63]. Potential
explanations for lower overall incidence rates in rural areas compared with urban
zones were given. These include smoking (more prevalent in urban areas) and
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exposure to environmental pollutants. And in rural areas, the patients are typically
older, less educated, poorer and have less access to such healthcare services
as early-cancer detection. Whitney E Zahnd et al. presented a report about
rural-urban differences in cancer incidence and trends in the United States [64].

Related to secondary primary cancer, some studies have demonstrated an
increase of this incidence related to effectiveness of the new treatments [16].
In addition, the factors cited before also are related to. Therefore, they play
a crucial role in terms of present a new cancer after the previous one. Risky
drinking and smoking have been related with the risk of second cancer [20, 21].
In section 4.4, relations between SPC and risk factors are discussed for the Lleida
population. Also, section 4.6 an association between some cancers and risk
factors.

This thesis contributes to integrating the external database, such as lifestyles
and PBCR data. Merging these databases permits the analysis of the association
between cancer and risk factors and how they increase the incidence of this
disease. The implications are analysed for the first and the second primary cancer.

1.6.1.1 Acetylsalicylic acid

Above, some factors that increase cancer risk are presented. In this case, we
cite studies about the protective effect of aspirin against cancer. Some previous
studies have corroborated that aspirin protects against colorectal cancer [39]. The
long-term effects of aspirin on colorectal cancer outcomes using trials of aspirin
were corroborated [65]. Many studies have demonstrated this association even
though the effects of risk factors and aspirin use have yet to be analysed [66].

Due to the association between colorectal cancer and aspirin as a protector,
other cancers have been explored. One of the cancers for which the literature has
demonstrated an association with the long-term use of aspirin as a protector is
oesophageal [67]. Other studies have investigated the effect of aspirin on a range
of cancers. Hwang et al. concluded that a low-dose of aspirin was associated
with a significantly lower risk of hepatocellular carcinoma [68]. Another cancer
with a lower risk related to aspirin use was pancreatic cancer [69]. In the case
of lung and bronchial cancer, the combination of aspirin and metformin also
had independent protective associations [70]. Finally, the same conclusions were
obtained for breast cancer, in which the use of aspirin was related to a lower
risk [71].

There is some controversy in other cancer associations, as Tsoi et al. showed [42].
Their study analysed the relation between aspirin use and some cancers. Their
conclusions did not suggest the same results in all cancers. Figure 1.6 shows the
effect of low-dose aspirin consumption against some cancers.
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Figure 1.6: Effect of low-dose of aspirin against some cancers. Outcomes obtained
from the study done by Tsoi et al. [42].

The main contribution in this field is the integration of prescription medicines
into the PBCR data. This merging corroborates that long-use aspirin decreased
the risk of colorectal, liver and pancreatic cancers, taking into account the risk
factors. In section 4.6, the associations between some cancers and aspirin use are
presented, taking into account the role of risk factors for the Lleida population.

1.6.2 Cloud platforms

Cloud platforms based on DSS help the user in the decision-making process.
Recent literature has focused on this kind of platform, even though the use of
these tools for cancer prediction is scarce.

New applications have been designed to facilitate the analysis of data sets.
Some studies have suggested that the latest technologies can extract information
and value from the data rapidly and obtain the results instantly in different
contexts. Miller et al. designed and implemented an application to generate
anatomical visualisations of cancer lesions [72]. They concluded that data
visualisations of clinical tumour characteristics could help to understand the
natural history of malignancies. Therefore, this interactive data visualisation
app was designed to enable the analysis of the tumour characteristics. Another
Rshiny application related to cancer data was published by Zhang et al. [73].
The researchers designed a platform to analyse cell line responses to an anti-
cancer drug. They concluded that it helped researchers understand the response
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of tumour cell lines to 15 therapeutic agents. Finally, a similar platform was
implemented by Xia et al. to visualise cancer risk factors and mortality [74].They
shared a data warehouse and Rshiny app to improve their understanding of spatial
and temporal trends across the population served by the University of Kansas
Cancer Center.

The main contribution to this area is integrating the PBCR data in a web
tool as a service of the society comfortably and intuitively to analyse the cancer
incidence in the Lleida region.

1.6.3 Machine Learning

The emergence of technological advances, such as artificial intelligence and
data analytics during recent years has generated radical changes in the health
sector. In this context, Machine Learning has become a relevant instrument for
understanding the consequences of and help the diagnosis of some diseases, in
particular, cancer, one of the diseases with the highest incidence.

Machine Learning is often used to analyse and predict the prognosis in cancer
patients [75]. Some applications focus on cancer survival by the tumour informa-
tion, age at diagnosis and histology. And most of them focus on specific cancer.
Usually, on the highest incidence cancers such as lung or breast cancer [76, 77].
And another tumour that has been analysed to be predictable is prostate [78]. In
this study, the authors showed that the computer-based decision-support systems
that use machine learning (ML) have the potential to transform medicine by
performing complex tasks that specialists currently carry out. These systems
can improve diagnostic accuracy, increase efficiency in streamlining clinical work-
flow, reducing human resource costs, and enhancing treatment choices. These
characteristics could be particularly useful in managing prostate cancer, with
increasing applications in diagnostic imaging, surgical interventions, skills training
and assessment, digital pathology and genomics.

And also, some studies demonstrated that the use of risk factors and the
combination of interacting genetic variants predict specific cancer, in this case,
for breast and oral cancer [79, 80].

1.6.3.1 Unsupervised learning models

MCA is an unsupervised learning model used in many applications as a dimension-
ality reduction algorithm. In this case, it was used to associate some factors and
search for patterns between them. This is the novelty for cancer epidemiology in
this thesis.
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To understand the application of MCA, we initially based on a study [81] about
healthy ageing. Next, we also based on another study [82] which concluded
that bad driving and crashes could be affected by differences between urban and
rural areas, traffic volume, driver age and more. Another starting point was the
study done by White et al. [83] which evaluated the relationship between air
pollution, PM components and the risk of breast cancer in a United States-wide
prospective cohort using a clustering technique. In addition, a previous study
used MCA to analyse the prognosis in surgery for low rectal cancer [84].

The combination of many unsupervised algorithms, such as MCA and K-
means, was also a novelty in this area, although some previous studies had
been done in other fields. A starting point for this combination was the study
presented in [85]. This used the combination of MCA and K-means to ascertain
multimorbidity patterns. It concluded that these techniques could help to identify
these patterns. Another study our work was based on is the one presented in [86].
It studied the trends in incidence of cancers associated with being overweight
and obese. Another study [87] analyzed the possible relation between obesity
and colorectal cancer. These articles studied the impact of the risk factors on
colorectal cancer but did not use the MCA technique or K-means algorithm
to explore associations between these and their impact. Another study used
K-means to search patterns in colorectal patients. Even though, its main aim
was to detect emotion regulation patterns and personal resilience [88]. Therefore,
many prior studies have used MCA or K-means, although the novelty of this
thesis is how we have applied these techniques to link types of risk factor, SES,
tumor stage and patients’ characteristics as we do.

This thesis contributes to implementing and training of unsupervised algorithms
to detect cancer patterns. Furthermore, we suggest different ways to develop
and adapt them to similar fields.

1.6.3.2 Supervised learning models

Supervised learning algorithms allow researchers to build models that predict
or classify different classes. In this thesis, this enables the risk of cancer to be
predicted depending on risk factors and socio-demographic information. Related
to that, several studies have been carried out to predict cancer risk in general.
Brockmoeller et al. used deep learning to identify risk factors for lymph node
metastasis in colorectal cancer [89]. Another study used machine learning to
construct a model to predict cancer under normal and tumour conditions with
genetic information [90]. Most of the publications related to predictive analytics,
such as Zhang et. al [91], focus on identifying the risk factors for predicting
secondary cancer, but are not used to build tools to transfer this knowledge to
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practical situations. However, many efforts have been made to associate the risk
of an SPC with the FPC and risk factors [92].

The present work does not include the results of the experiment as it is
currently in the initial stages. Despite this, the preliminary findings are promising
and indicate a new avenue for further research.
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1.8 doctoral stays

1.8.1 Arcada University of Applied Science - Helsinki

During the course of the present thesis, I spent a four-month doctoral stay
at the Arcada University of Applied Science in Helsinki, where I was involved
in a project analysing drug exposure and cancer risk. My supervisor was Dr.
Leonardo Espinosa-Leal from the Department of Big Data Analytics. This stay
was supported by the HPC-Europa3 programme, which permits researchers access
to world-class HPC systems for academic and industrial researchers.

My work consisted of designing and implementing software to automate the
analysis of possible associations between cancer and drugs. Next, different
machine learning algorithms were trained to build models capable of predicting
the cancer risk from exposure to medicines.

The main objective of my work was to develop the models and integrate the
data information into a client application and permit access to it for researchers.
The system was based on a non-relational database done with the MongoDB and
an API service to extract the information and prepare the cases to be analysed.
Then, the results are shown and presented to the user through a web-based
dashboard.

Appendix A shows the partial work done in this stay.

1.8.2 Tilburg University

During the course of the present thesis, I spent a three-month doctoral stay at
Tilburg University in Tilburg. There, I was involved in a project about using the
Decision Tree algorithm as a clustering technique using cancer datasets. My
supervisor was Dr. Giacomo Spigler from the Department of Cognitive Science
and Artificial Intelligence.

My work consisted of creating new software to understand and process Decision
Tree nodes. Next, this software was adapted to change the interpretation results
of this algorithm as a cluster algorithm. Finally, the different configurations were
tested to obtain the best performance and corroborate the results of the previous
literature.

The main objective of my work was to develop a library that allows the Decision
Tree algorithm to be adapted like a clustering technique. This new software was
also offered to other researchers. Then, the aim was to discover patterns that
relate risk factors, comorbidities and cancer risk.



2
HYPOTHESES

The implementation of new technological solutions can help automate the use
and accessibility of Population-based Cancer Registry (PBCR) data. Further-
more, these solutions can integrate external databases to enhance the PBCR’s
capabilities. Artificial intelligence can correlate cancer risks and patterns, while
cloud solutions provide fast access to a wide range of analyzed information.

1. Cloud applications enable real-time monitoring and analysis of cancer data
for public health surveillance and outbreak response. Cloud platforms
facilitate the rapid sharing and analysis of epidemiological cancer data.
This can help identify areas or populations at increased risk of cancer and
inform targeted interventions and prevention strategies.

2. Machine learning models are capable of accurately associating cancer risk
based on previous comorbidities and risk factors, and can reveal previously
unknown patterns and associations between these factors. By analyzing
large datasets of medical records, machine learning algorithms may identify
subtle relationships between patient characteristics and cancer risk, leading
to more accurate risk assessments.

3. There is a correlation between the geographical area of exposure and the
risk of developing specific types of cancer. The incidence of certain types
of cancer may be influenced by factors related to the location of exposure,
such as environmental pollutants, lifestyle factors, or genetic predisposition.

4. Studies have shown that cancer patients who smoke or consume alcohol
are at a higher risk of developing secondary primary cancers, which are new
cancers that arise in a different part of the body from the original cancer.

5. The potential benefits of aspirin use for colorectal cancer prevention are
promising, and the decision to use aspirin should be made on an individual
basis after careful consideration of the potential risks and benefits. Aspirin
use over a prolonged period of time has been shown to reduce the risk of
colorectal cancer by 20%.

6. Many observational studies and clinical trials have suggested that aspirin
use may reduce the risk of developing certain types of cancer, over an
extended period of time in patients who are aged > 50 years.
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3
RESEARCH OBJECT IVES

The primary objective of this thesis is to enhance the accessibility and utilization
of the Population-Based Cancer Registry (PCBR) by utilizing artificial intelligence
models and statistical methods. The research aims to investigate the application
of machine learning algorithms and statistical techniques for analyzing cancer
incidence, risk, and patterns in Lleida. This involves extracting and integrating
data on risk factors and prescription medications from various databases. To
address this objective, a set of specific objectives was identified:

1. To analyze the cancer incidence in a specific region (Lleida) by cloud
architecture based on DSS and offer data accessibility to society.

2. To extract and integrate factors such as body mass index, alcohol and
smoking, and a database of prescription medicines from the hospitals and
primary care with the PBCR database.

3. To assess the effectiveness of integrating external databases, including risk
factors and prescription medications, with the PBCR database.

4. To analyze the association of possible risk factors such as overweight/obesity,
smoking or alcohol use and secondary primary cancer by statistical methods.

5. To search for association between geographical area, smoking and body
mass index and specifics cancers by unsupervised learning algorithms.

6. To analyze the association between the effect of acetylsalicylic acid on
some cancers, highlighting the important role of population-based cancer
registries.
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4
METHODOLOGY

This chapter presents the studies conducted and presented in this thesis. As
explained in the previous chapter, the thesis focuses on the use of PBCR data
and its integration with external databases using new technological solutions,
particularly in the Lleida region. The main goal of the registry is to analyze the
incidence, mortality, and morbidity of cancer in a specific territory to identify
its unique characteristics. The data used in the presented studies includes
socio-demographic information such as age, date of birth, date of death, and
population type (urban or rural), tumor information such as location and staging,
risk factors (obtained from external databases), and pharmacological information
(also obtained from external databases). Other variables are also included, and
they are described in detail in the respective studies.

This information is saved and stored on servers that comply with protection
rules. Access to server resources is limited only to authorized personnel who
require it for their job duties. Access controls may involve the use of passwords,
two-factor authentication, and other security measures to prevent unauthorized
access to sensitive data. Regular server maintenance and updates are also
essential to maintain security, including applying security patches, updating
software and hardware, and performing regular security audits to identify and
address potential vulnerabilities. Data is encrypted both when in transit and at
rest. Encryption involves converting data into a form that can only be read with
a decryption key. This ensures that even if data is intercepted by unauthorized
parties, it cannot be read or used without the decryption key.

All data have been anonymized in order to protect the privacy and confidential-
ity of patients. Approval for this thesis and the use of this information has been
granted by the reference ethics committee, specifically the Committee of Ethics
and Clinical Research of Lleida - CEIC. As the present study is a retrospective
investigation, and the patients were blinded to the investigators, written informed
consent is not required, in accordance with the Clinical Investigation Ethical
Committee. The extraction of data has been performed by professionals who did
not directly participate in the subsequent analysis.
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Exploring Cancer Incidence, Risk Factors
and Mortality in the Lleida Region: An

interactive open-source R Shiny
application for cancer data analysis

Abstract: The cancer incidence rate is essential in public health surveillance.
The analysis of this information allows the authorities to know the cancer situation
in their regions. This study aimed to present the design and implementation of a
shiny app to assist cancer registers in conducting rapid descriptive and predictive
analytics in a user-friendly, intuitive, portable and scalable way. Moreover,
we want to describe the design and implementation roadmap to inspire other
population registers to exploit their datasets and develop similar tools and
models. The first step is to consolidate the data into the population register
cancer database. This data is cross-validated by ASEDAT software, checked
later, and reviewed by experts. Next, we developed an online tool to visualise
data and generate reports to assist decision-making under the R Shiny framework.
Currently, the app can generate descriptive analytics using population variables,
such as age, sex and cancer type; cancer incidence in region-level geographical
heatmaps; line plots to visualise temporal trends and typical risk factor plots.
The results provide a successful case study where the tool was applied to the
cancer register of the Lleida region. The study illustrates how researchers and
cancer registers can use the app to analyse cancer databases. Furthermore, the
results highlight the analytics related to risk factors and second tumours. This
paper aims to show a successful methodology for exploiting the data in the
population cancers register and propose guidelines for other similar records to
develop similar tools. We intend to inspire other entities to build an app that
can help decision-making and also make data more accessible and transparent
for the community of users.
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Abstract

Background: The cancer incidence rate is essential to public health surveillance. The analysis of this information allows
authorities to know the cancer situation in their regions, especially to determine cancer patterns, monitor cancer trends, and help
prioritize the allocation of health resource.

Objective: This study aimed to present the design and implementation of an R Shiny application to assist cancer registries
conduct rapid descriptive and predictive analytics in a user-friendly, intuitive, portable, and scalable way. Moreover, we wanted
to describe the design and implementation road map to inspire other population registries to exploit their data sets and develop
similar tools and models.

Methods: The first step was to consolidate the data into the population registry cancer database. These data were cross validated
by ASEDAT software, checked later, and reviewed by experts. Next, we developed an online tool to visualize the data and generate
reports to assist decision-making under the R Shiny framework. Currently, the application can generate descriptive analytics
using population variables, such as age, sex, and cancer type; cancer incidence in region-level geographical heat maps; line plots
to visualize temporal trends; and typical risk factor plots. The application also showed descriptive plots about cancer mortality
in the Lleida region. This web platform was built as a microservices cloud platform. The web back end consists of an application
programming interface and a database, which NodeJS and MongoDB have implemented. All these parts were encapsulated and
deployed by Docker and Docker Compose.

Results: The results provide a successful case study in which the tool was applied to the cancer registry of the Lleida region.
The study illustrates how researchers and cancer registries can use the application to analyze cancer databases. Furthermore, the
results highlight the analytics related to risk factors, second tumors, and cancer mortality. The application shows the incidence
and evolution of each cancer during a specific period for gender, age groups, and cancer location, among other functionalities.
The risk factors view permitted us to detect that approximately 60% of cancer patients were diagnosed with excess weight at
diagnosis. Regarding mortality, the application showed that lung cancer registered the highest number of deaths for both genders.
Breast cancer was the lethal cancer in women. Finally, a customization guide was included as a result of this implementation to
deploy the architecture presented.

Conclusions: This paper aimed to document a successful methodology for exploiting the data in population cancer registries
and propose guidelines for other similar records to develop similar tools. We intend to inspire other entities to build an application
that can help decision-making and make data more accessible and transparent for the community of users.
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Introduction

Cancer morbidity and mortality are increasing worldwide despite
the development of new prevention strategies and screening
programs. This increase can be attributed to several factors,
including population growth, aging, and changes in lifestyle
and environmental factors. The authors of [1] estimated that the
global number of cancer patients (incidence rate) will increase
over the coming years due to negative lifestyle and demographic
changes related to population aging and growth.

The cancer incidence rate is essential for public health
surveillance [2]. The incidence rate approximates the average
risk of developing cancer, allowing geographic comparisons of
the disease risk in different populations. This calculation requires
a population-based cancer registry (PBCR) to record, store, and
organize all the cancer cases in a reference region. This is
achieved by a continuous process of systematic collection,
storage, analysis, interpretation, and reporting of data on the
occurrence and characteristics of cancer cases [3].

Over recent decades, there has been an exponential growth in
PBCRs. The first volume of the Cancer Incidence in Five
Continents (CI5), published in 1966, contained information
from 32 registries in 29 countries, whereas the latest volume,
published in 2021, included information from 343 PBCR in 65
countries.

Several data sources are integrated into PBCRs, including
hospitals, death certificates, and laboratory services. Moreover,
PBCRs follow international procedures, ensuring high-quality
and reliable data. These goals are accomplished by performing
exhaustive (automatic and manual) validity checks [4].

PBCRs are commonly used in epidemiological research. Thus,
they have a crucial role in providing extensive information about
tumor histology, stage at diagnosis, place and nature of the
treatment, and survival [5]. Descriptive studies use registry
databases to examine differences in incidence, survival, and
prevalence of risk factors or comorbidities (obesity, tobacco
consumption, or diabetes) across populations and their context
(such as variables associated with time, place, sex, ethnicity,
and social status) [6,7].

The data sets and databases stored in PBCRs grow year on year.
Data visualization is essential for exploring and communicating
findings in medical research, especially in epidemiological
surveillance. Hence, there is an intrinsic need for rapid raw data
visualization. The current situation and context (historical data)
can be understood by navigating among descriptive analyses,
and, before executing time-consuming predictive or prescriptive
models, it is essential to generate alarms and accurate predictions
or discover hidden trends or patterns.

Previous literature has described the research of the
implementation of web platforms to analyze data information
related to cancer. Petrov and Alexeyenko [8] implemented an

application to explore molecular features and responses to
anticancer drugs. Deng et al [9] presented another web
application implemented on R Shiny that permitted the analysis
of molecular cancer gene data sets. The user can analyze
outcomes from individual genes and cancer entities. A similar
application was designed by Yang et al [10]. It also analyzed
and provided information on cancer gene isoform expression.
Finally, another application about cancer genes was presented
by Dwivedi et al [11]. In this case, it was used to perform a
survival analysis on single-cell RNA sequencing data. A study
by van de Water et al [12] presented a web-based tool to inform
patients about esophagogastric cancer treatment options and
their outcomes. These kinds of web applications can also be
linked to a trained prediction tool, as demonstrated by Xu et al
[13]. They developed a sexually transmitted infection prediction
tool. Therefore, the literature has focused on cancer genes,
cancer treatments, or other diseases, but few applications are
based on epidemiological cancer data. In addition, our system
is entirely adaptable to other PBCRs.

Currently, PBCRs expend resources and time to extract, analyze,
and present the data to gain insight into the incidence, mortality,
and survival rates for cancer. Moreover, these insights are
generated manually.

One approach to solving this limitation is to develop a generic
platform based on microservices for PBCRs capable of
generating interactive plots, tables, and statistics to determine
the epidemiological cancer situation. To address this challenge,
in this paper, we propose a platform capable of (1) navigation
across time and feature-based data, (2) plotting aggregated and
disaggregated data on demand, and (3) automatic integration
of new data.

The core activities of the PBCR have expanded beyond the
provision of data to perform epidemiological research or the
provision of cancer reports and statistics for a region. The data
in PBCRs are the basis for estimating the cancer burden and its
trends over time and are crucial in the scheduling and evaluation
of cancer control programs in the registration area. One of the
simplest ways of tackling this problem is to use segregated
information to convince authorities about which population
segments need more or different attention. For instance,
geographical heat maps can be used to spot differences across
urban or rural areas, while age pyramids can highlight age group
differences. This can help authorities to invest and generate
personalized prevention campaigns.

In summary, in this article, we propose a seed to develop this
platform. The main contributions are the presentation of a
successful case study for Lleida PBCR and guidelines to evolve
these into a reference that can be adopted by the community.
The platform was designed to be differentiated by end user. One
end user is the PBCR professional who analyzes the incidence
of cancer in a specific region and makes decisions to research
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or prevent cancer. Another end user is the nonprofessional user
who wants to know the cancer situation in his or her area.

The paper is structured as follows. The next section presents
the methodology involved in designing and implementing the
web platform. The Results section describes the different views
implemented in this application and how the customization
works. The presented data visualizations are related to cancer
incidence, risk factors, and mortality. Finally, the results are
discussed in the Discussion section, which also includes our
conclusions.

Methods

The application is based on the model-view-controller pattern.
For the visual part, we used the open-source programming
language R [14] in conjunction with RStudio [15], an
open-source integrated desktop environment for R. The database
was created by MongoDB [16], an open-source, nonrelational
database, and based on document store database, where
documents are grouped into collections according to their
structure. To communicate these systems and obtain the
information, we implemented an application programming
interface (API). Finally, to encapsulate this system and facilitate
the deployment, we ran it into Docker containers that Docker
Compose orchestrated [17]. Docker permits encapsulating and
deploying the execution of applications in packages. All these
technologies are free of charge. The deployment and code are
available to download in this GitHub repository [18].

Workflow
Until the implementation of this application, PBCR professionals
were manually extracting the data on demand. Once the cases
were received, they cleaned and prepared the tables and plots
to analyze them. Finally, they added these results to a formal
report sent to public health officials.

However, once the application has been deployed, the
professionals can automatically present the data to public health
officials. The data extraction and cleaning steps are done by an
extract, transform, and load system deployed in a server;
therefore, they do not need to spend time preparing the data. In
addition, the application permits real-time comparison of cancer
cases between the previous years. The following subsections
show how the web application has been designed and
implemented.

Front-end Service
The front end was implemented using the Shiny [19] package
from the R programming language, making it easy to build
interactive web applications. Shiny allows R users to create
interactive web applications without extensive knowledge of
web design. It also permits standalone applications to be hosted
on a web page and extends the application with CSS themes,
html widgets, and Javascript actions.

All the plots were made using the plotly library [20], which is
defined as an interactive, open-source, browser-based graphing
library. It contains over 30 types of plots, including scientific
charts, statistical charts, 3D graphs, and more. The tables were
made using DataTable [21], defined as a plug-in for the jQuery

Javascript library, which enabled the building of interactive and
flexible tables. The map was made with the GeoJSON package
[22]. It is a format for encoding a variety of geographic data
structures and uses a geographic coordinate reference system.
It also permits a specific zone and highlighted part of this map
to be represented by a palette of colors.

Back-end Service
The back end consisted of an API and a database for the web
application. Both these services were encapsulated using the
Docker system, which permits scalability to other infrastructures.
The API established the communication between the database
and the view. This system was implemented by NodeJS [23],
which can be described as an open-source environment based
on the JavaScript programming language. This technology has
increased exponentially over the last few years because it is
based on asynchronous tasks, which permit executing calls
without the need to wait for a response from the previous one.
In addition, this uses a single threaded model with an event loop
and is based on JSON format. The database implementation
was based on a nonrelational database using the MongoDB
system [16,24]. It saves the information through documents that
are grouped into collections. This database permits large
volumes of constantly changing structured, semistructured, and
unstructured data. Nonrelational databases are designed by
dynamic schemes to insert data without a specific structure as
the relational databases specify. Therefore, it makes it easy to
make significant changes to applications in real time without
service interruptions.

Docker and Docker Compose
The front-end and back-end technologies were encapsulated
into Docker containers. Docker is a platform designed to build,
share, and run modern applications into containers [17] where
the applications are virtualized and executed. The main purpose
of these containers is to implement some processes and
applications separately to take advantage of the infrastructure
simultaneously. The way Docker is designed is to give a quick
and lightweight environment where code can run efficiently.
Docker contains 4 main internal components: Docker client and
server, Docker images, Docker registries, and Docker containers
[25].

These containers were defined using Docker Compose, which
orchestrated all of them. It composes a set of components, each
of which is an image and a set of options that specify what the
component should have. It uses a configuration file where the
user selects the parameters, and when it is executed, it runs the
needed processes to build the Docker container. The user can
reuse the same image for different components, and these images
will be managed in other containers once instantiated [26].

Data
The case data were extracted from the official Cancer Population
Registry in Lleida and the Mortality Registry of Catalonia.
Experts from the cancer registry previously validated these cases
to ensure the validity of the tumor. In the case of mortality, the
included individuals were those patients who died from cancer
in the Lleida region. The cancer patients were complemented
with their risk factors, extracted from the clinical history records
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at the time of diagnosis. This information permitted us to build
the databases and show them in the visual part.

The database was structured into 3 collections: Patients, Tumors,
and Mortality. The Patients collection included

sociodemographic information and risk factors; the Tumors
collection included such information as the diagnosis and the
kind of tumor. Finally, the Mortality collection registered
sociodemographic information and cause of death (tumor list).
Table 1 specifies the variables in each collection.

Table 1. Database collections and their variables.

SpecificationVariables

Patients

Gender (man/woman)sex

Date of birth (date)data_naix

Postal code of city residence (number)postal_code

Name of city residence (characters)postal_desc

Specific region in Lleida (characters)comarca

Specific region description in Lleida (characters)comarca_desc

Alcohol consumption (yes/no)alcoholism

Diabetes diagnosed (yes/no)diabetes

Smoking consumption (yes/no)smoking

Body mass index (number)bmi

Tumors

Diagnoses date (date)data_inc_pobl

Tumor location (characters)ltum

Tumor location description (characters)ltum_desc

Tumor morphology (characters)morf

Tumor morphology description (characters)morf_descr

Diagnostic method (number)metode_dx

Diagnostic method description (characters)metode_dx_descr

Mortality

Date of birth (date)data_naix

Date of death (date)data_def

Death cause (characters)cause10

Death cause description (characters)cause10_desc

Gender (man/woman)sex

Specific region in Lleida (characters)comarca

Specific region description in Lleida (characters)comarca_desc

Year of death (number)yeard

Ethical Considerations
All data were anonymized to protect patient privacy and
confidentiality. The study was part of the public health response
to the impact of cancer on the society. It was approved by the
Committee of Ethics and Clinical Research of Lleida (CEIC).
As it was a retrospective cohort study and the patients were
blinded to the investigators, no written informed consent was
necessary according to the CEIC. All methods were carried out
in accordance with relevant guidelines and regulations.

Results

This web application consisted of an intuitive analytical web
platform for rapid analysis of the population cancer registry
data set, containing incidence, mortality, and risk factors related
to tumor information. The application shows the incidence and
evolution of each cancer during a specific period for gender and
age groups. It also permits knowledge of the situation of all the
cancers in a particular period and subregion in Lleida. The
application also summarizes patients’ risk factors detected in
the cancer registry and shows results about cancer mortality.
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These plots enable the number of cases to be analyzed for each
year, filtered by tumor location, gender, and age group.

Cancer Incidence
The web application was designed as a web browser–based
dashboard (see Figure 1) to show the information according to
what the user specifies in the filters. The users can filter by years
between 2012 and 2016, gender, age group, and population.
This last filter can show only residents of Lleida or all cases
diagnosed in the reference hospitals. Below the input filters, 3
boxes show the numbers of men and women and the average
age of the patients. If the user decides to filter by men, the
women box will be hidden, and the average age box will be
calculated only for men. Next, the bar plot represents the number
of cases diagnosed by the tumor location. The pyramid age plot
helps the user analyze which age group registered the most
diagnosed cases among men and women. These plots can be
recalculated for all the filter inputs. Next to the pyramid age
plot, the display shows the evolution of the incidence for the
available years, and it allows analysis of the change in men,

women, or a specific age group, depending on the chosen filters.
At the end, a table with the number of diagnosed cases by tumor
location is displayed and can be updated using all the filters.

Figure 2 shows a view for analyzing the incidence in the Lleida
region. Specifically, it permits observation of diagnosed cases
by year and cancer for specific subregions in Lleida, as the filter
header represents. The view is also designed as a dashboard to
enable user interaction. First, a heat map of the Lleida region
is implemented. It shows the cancer incidence (per 100,000
habitants) for each area, where the color represents the incidence
value. The view also offers analysis of this incidence in a bar
plot (see the blue button in the map box). On the right, it shows
a table with the number of cases and incidence for each area
represented in the map information. These 2 elements are
updated by year and the kind of cancer the user chooses in the
filter. Below them, there is an evolution plot of the number of
cancer cases registered. This plot is only recalculated when the
user chooses a different cancer, and the year filter does not affect
it. Finally, the age pyramid plot is represented, and it can be
calculated by cancer and year.

Figure 1. Main menu of the web application.
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Figure 2. Specific incidence view.

Cancer Risk Factors
This view permits the risk factors’ impact on cancer patients to
be analyzed. Figure 3 shows 4 value boxes with the number of
cases for each risk factor. First, it shows the number of patients
exposed to alcohol consumption before a cancer diagnosis. Next,
the number of patients with excess weight (overweight or obese)
and the number of patients diagnosed with diabetes before tumor
registration are shown. Finally, the number of smokers among

all those who were registered is shown. Below the value box,
4 pie charts were designed to compare the exposure to these
risk factors. First, alcohol risk was represented, and only 2.2%
(293/13,030) of the patients were exposed. On the right, body
mass index was defined; overweight affected 27.1%
(3532/13,030) of the patients, and obesity affected 30.2%
(3938/13,030) of the patients. At the bottom, smoking was
reported for 9.3% (1212/13,030) of patients, and diabetes was
reported for 2.2% (292/13,030) of patients.

Figure 3. Risk factors view.

Cancer Mortality
The last implemented view shows an analysis of Lleida residents
affected by tumors. In this case, the observed years were
between 2012 and 2019 because the Mortality Register of
Catalonia was already available for this time. Therefore, as

Figure 4 shows, the filter box enables filtering by a period of
years or by only 1 year. It permits showing the information by
only men or women and by specific tumor location. Below the
filter box, the user sees 2 value boxes representing the number
of men and women who passed away among the chosen years
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and by tumor location. When a specific gender is selected, the
other is hidden, making visible the value box chosen in the filter.

This view also contains 4 figures, 3 plots, and 1 table. At the
top left, there is a horizontal bar plot representing the 10 tumors
with the most cases of mortality. It is recalculated by the period
and gender chosen; the filtered cancer location does not affect
it. On the right, an age pyramid plot analyzes the mortality in
each age group by gender. This plot can also be recalculated by

the period in years and by cancer location. At the bottom, a
table has the tumor locations and the number of patients who
passed away, sorted in descending order. The information is
displayed by the chosen period of years and gender; the cancer
location filter will not affect it. Finally, an evolution plot is
calculated to analyze the increase or decrease in deaths for all
locations or specific tumors. This plot is recalculated depending
on the chosen year, gender, or tumor location.

Figure 4. Mortality view.

Customization
The research team designed the system for easy deployment.
Therefore, the users only need to consider these items:

• Deploy the Mongo database by executing the
docker-compose file. The system will download the Mongo
image (if it is the first time it runs), build the Docker
Container, and deploy the database. Finally, add the
information to show in the dashboard web application.

• Download the web application project and specify the user
and password in the config.js file. Next, execute the
docker-compose file to build the containers for the API
system and R Shiny application. The system will download
the image to make these containers if it is the first time and
then deploy the containers.

Discussion

Principal Findings
The research team designed and implemented a web application
to rapidly analyze the cancer situation in the Lleida region. It
contains information about the incidence of each cancer by
subregion, related risk factors, and the cancer mortality

registered in this region. The application can be used in
computer and mobile browsers because it has been designed
responsively. It has been implemented using open-source
technologies such as Docker, MongoDB, NodeJS, and R Shiny,
which permit easy deployment of cancer registries in other
hospitals. The code is also free to download and can be deployed
within 1 day.

Recently, new applications have been designed to facilitate the
analysis of data sets. Some studies have suggested that the latest
technologies can help to extract information and value of the
data rapidly and obtain the results instantly in different contexts.
Luz et al [27] designed an application called RadarR to analyze
infection management. They described an accessible web
application to analyze infection and antimicrobial stewardship
information. Another study implemented a Shiny application
for automatically coding text responses [28]. They offer an
application in which users can add text to train a model to
analyze this added information. For completely different
information but with the same technologies, Möller et al [29]
presented an R Shiny application for the visualization and
extraction of phenological windows in Germany. As the
literature shows, these kinds of applications are increasing for
all themes as well as cancer. Miller and Shalhout [30] designed
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and implemented an application to generate anatomical
visualizations of cancer lesions. They concluded that data
visualizations of the characteristics of clinical tumors could
help to understand the natural history of malignancies.
Therefore, this interactive data visualization application could
permit analysis of the tumor characteristics. Another R Shiny
application related to cancer data was published by Zhang et al
[31]. The researchers designed a platform to analyze cell line
responses to an anticancer drug. They concluded that it helped
researchers understand the response of tumor cell lines to 15
therapeutic agents. Finally, a similar platform was implemented
by Xia et al [32]. This platform visualizes cancer risk factors
and mortality [32]. They shared a data warehouse and R Shiny
application to improve their understanding of spatial and
temporal trends across the population served by the University
of Kansas Cancer Center.

This system helped the research team rapidly analyze the cancer
information and reach some conclusions about the data and the
use of these technologies. Therefore, regarding cancer incidence,
the analysis detected that the number of cases is higher in men
than in women in all periods and years [33]. Regarding age, the
average age was 67 years, considering both genders. Men aged
65 years to 79 years registered a significant number of cases.
However, cases for women occurred more often between 65
years and 69 years of age and between 75 years and 84 years
of age [34]. Additional observable information was that the
most common were cancers of the colon, lung, breast, prostate,
and bladder [33,34]. Finally, an evolution of the incidence in
Lleida showed an increase in the cases until 2015. The specific
cancer incidence view also gave important information about
some regions in Lleida. We observed that some areas, considered
more urban than rural, had a higher incidence of some kinds of
cancer, such as colon or lung [35,36].

As the incidence showed, the risk factors view also provided
the previous situation of patients with cancer. Regarding risky
drinking, 2.2% of the patients diagnosed consumed high
amounts of alcohol daily [37]. The same percentage, 2.2%, of
patients had diabetes. However, smokers represented 9.3% of
the patients, one of the highest risk factors related to cancer
[38]. Finally, the percentage with excess weight was high
(57.3%), and some studies have pointed out that excess weight
is significantly associated with the risk of cancer [39]. These
results, including the number of cases for each risk factor, were
obtained by the implementation of this application, which also
helps to understand the cancer situation better, as other research
teams have done before [32,40].

The cancer mortality registry permitted us to analyze the severity
and impact of this disease, considered the second cause of death
globally [41]. As we showed previously, analysts need tools
like our web application offers. The application indicated that
more men than women died between 2012 and 2019 [42], which
might be related to the number of observed cases of cancer
diagnosed among men and women [33]. The application also
permitted us to know that lung cancer was the most lethal cancer

among men [43] and breast cancer was the most lethal cancer
in women [44]. Regarding age, the age group of 85 years to 89
years registered the highest number of deaths in both genders.
Finally, we observed a general decrease in cancer deaths until
2018, when the number of patients passing away increased
significantly. In case a user wanted to analyze a specific cancer
location, the web platform recalculates the plots and tables for
this variable.

The application presents some strengths and limitations that
should be noted. This kind of implementation increases the
data’s potential and adds value to the cancer registries. It permits
an analysis and comparison of cancer information trends in
specific areas in real time and helps make decisions about public
health and the impact of cancer. The risk factor situation among
cancer patients suggests some associations between risk factors
and cancer. The scalability of the technologies used helps to
deploy them to other cancer registries. Regarding limitations,
the map plot has to be adapted to the region where it is deployed.
The inconsistency between the cancer registry and cancer
mortality did not permit them to be merged and analyzed in
depth. The codification of some risk factors suggested
underdiagnosis. A future systematic link between the cancer
registry and the primary care medical records could improve
the registry of risk factors. Related to the software, R Shiny
presented some restrictions and incompatibility with some new
libraries even though they were supplied with others that are
accepted and adapted perfectly. MongoDB, in the beginning,
requires extra effort to understand how it works, which delayed
other parts of the application.

Conclusions
The web application discussed in this study offers an analytical
model of population cancer information. In addition, the
technologies used to build this system permit its deployment
into other cancer registries. Although there are web applications
based on similar technologies, none use population cancer
registry data to show the cancer situation in a specific region.

The views presented in the platform show the incidence of
cancer detected in a specific time and particular areas, allowing
it to be filtered by such inputs as year, gender, and tumor
location. It also shows the evolution of cancer in the years
analyzed. In addition, it studies the impact of some risk factors
among the patients in the registry. Finally, it permits users to
explore cancer mortality and its evolution in the Lleida region,
filtering by year, gender, and tumor location.

Regarding future work, the research team is designing new
views to analyze cancer incidence and the impact of the second
primary tumor in depth. They are also creating a new risk factor
view to offer a filter to give the risk factors for specific gender
and tumor locations and integrating treatment data, such as for
radiotherapy and chemotherapy. Finally, new web views are
being created to build machine learning algorithms, train models,
and analyze the results.
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Abstract: Previous works have shown that risk factors for some kinds of cancer
depend on people’s lifestyle (e.g. rural or urban residence). This article looks
into this, seeking relationships between cancer, age group, gender and population
in the region of Lleida (Catalonia, Spain) using Multiple Correspondence Analysis
(MCA). The dataset analysed was made up of 3,408 cancer episodes between
2012 and 2014, extracted from the Population-based Cancer Registry (PCR) for
Lleida province. The cancers studied were colon and rectal (1,059 cases), lung
(551 cases), urinary bladder (446 cases), prostate (609 cases) and breast (743
cases). The MCA technique was applied and used to search relationships among
the main qualitative features. The basic statistics were the percentage explaining
(variance), the inertia and the contribution of each qualitative variable. General
outcomes showed a low and moderate contribution of living in rural areas to
colorectal and male prostate cancer. Males in urban areas were slightly and heavily
affected by lung and urinary bladder cancer respectively. The analysis of each
cancer provided additional information. Colorectal cancer greatly affected males
aged <60, urban residents aged 70-79, and rural females aged ≥ 80. The impact
of lung cancer was high among urban females <60, moderate among males aged
70-79 and high among rural females aged ≥ 80. The results for urinary bladder
cancer results were similar to those for lung cancer. Prostate cancer affected both
the <60 and ≥ 80 age groups significantly in rural areas. Breast cancer hit the
70-79 group significantly and, somewhat less so, rural females aged ≥ 80. MCA
was a significant help for detecting the contributions of qualitative variables and
the associations between them. MCA has proven to be an effective technique for
analyzing the incidence of cancer. The outcomes obtained help to corroborate
suspected trends, as well as detecting and stimulating new hypotheses about
the risk factors associated with a specific area and cancer. These findings will
be helpful for encouraging new studies and prevention campaigns to highlight
observed singularities.
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Abstract—Background: Previous works have shown that
risk factors for some kinds of cancer depend on peo-
ple’s lifestyle (e.g. rural or urban residence). This arti-
cle looks into this, seeking relationships between can-
cer, age group, gender and population in the region of
Lleida (Catalonia, Spain) using Multiple Correspondence
Analysis (MCA). Methods: The dataset analysed was made
up of 3408 cancer episodes between 2012 and 2014, ex-
tracted from the Population-based Cancer Registry (PCR)
for Lleida province. The cancers studied were colon and
rectal (1059 cases), lung (551 cases), urinary bladder (446
cases), prostate (609 cases) and breast (743 cases). The
MCA technique was applied and used to search relation-
ships among the main qualitative features. The basic statis-
tics were the percentage explaining (variance), the inertia
and the contribution of each qualitative variable. Results:
General outcomes showed a low and moderate contribu-
tion of living in rural areas to colorectal and male prostate
cancer. Males in urban areas were slightly and heavily af-
fected by lung and urinary bladder cancer respectively. The
analysis of each cancer provided additional information.
Colorectal cancer greatly affected males aged <60, urban
residents aged 70–79, and rural females aged ≥ 80. The
impact of lung cancer was high among urban females <60,
moderate among males aged 70–79 and high among rural
females aged ≥80. The results for urinary bladder cancer
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results were similar to those for lung cancer. Prostate can-
cer affected both the <60 and ≥80 age groups significantly
in rural areas. Breast cancer hit the 70–79 group signif-
icantly and, somewhat less so, rural females aged ≥80.
Conclusions: MCA was a significant help for detecting the
contributions of qualitative variables and the associations
between them. MCA has proven to be an effective tech-
nique for analyzing the incidence of cancer. The outcomes
obtained help to corroborate suspected trends, as well as
detecting and stimulating new hypotheses about the risk
factors associated with a specific area and cancer. These
findings will be helpful for encouraging new studies and
prevention campaigns to highlight observed singularities.

Index Terms—Cancer, cancer registry, multiple
correspondence analysis, rural, urban.

I. BACKGROUND

CANCER is the second leading cause of death globally.
Between 30–50% of cancers can currently be prevented by

avoiding risk factors and implementing existing evidence-based
prevention strategies. The continuous rise of this disease over
recent decades is attributed to the impact of aging among an
increasingly elderly population [1].

Cancer recording is considered a key factor in controlling the
disease [2]. The purpose of the registers is to detect and fully
record all cases of cancer diagnosed among the residents of the
reference area [2], [3]. There are three population-based cancer
registers (PCR) in Catalonia (Spain), these being the PCRs of
the provinces of Lleida, Girona and Tarragona [4]. Barcelona
is the fourth province. However, it has no PCR. These records
indicate the existence of territorial differences that would need
to be studied. Recent studies suggest differences in the incidence
of cancer, temporal trends, and mortality among urban and
rural areas which are attributable to exposure to different risk
factors, access to screening programs, and regular diagnosis and
treatment [5]. Specifically, the population of the Lleida region
presents life styles, risk factors and work activity which can
be traduced to a specific incidence for certain types of cancer.
Nearly half of the population of Lleida province live in rural
areas. As a consequence, their lifestyle is different from that
of the more urban populations in other Catalan provinces. A
peculiarity of this region is the work environment. In rural areas,

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/
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the main activity is the agri-food industry and, in urban areas, it
is service sector activities such as education, health and catering.

In the literature, there are several reports that present the
incidence of cancer in rural and urban areas. In 1992, the Uni-
versity of North Carolina presented a rural-urban pattern study
of cancer mortality [6] and explained differences in its incidence
among rural versus urban populations. It concluded that cancer is
diagnosed at more advanced and more disseminated stages of the
disease in rural populations because they are typically older, less
educated, poorer and have less access to such health care services
as early-cancer detection. Potential explanations were given for
lower overall incidence rates in rural areas compared with urban
zones. These include smoking (more prevalent in urban areas)
and exposure to environmental pollutants. Whitney E Zahnd
et al ([5]) presented a report about rural-urban differences in
cancer incidence and trends in the United States. The study ana-
lyzed age-adjusted incidence rates, ratios and annual percentage
change (APC) for all cancers detected between 2009 and 2013.
Concretely, this report concludes that cancer rates associated
with modifiable risks-tobacco, human papillomavirus, and some
preventive screening modalities (e.g., colorectal and cervical
cancers)- were higher in rural settings compared with urban
populations. Next, the work in [7] concluded that, although
cigarette smoking is the primary cause of lung cancer, there are
other risk factors which may differ by geographic region. These
include passive smoking, exposure to indoor radon and asbestos.
Finally, [8] present a work investigating urban-rural variations
in the incidence of several cancers after adjusting them for
socioeconomic status. This interesting article concluded that the
risk of some cancers varied with area and gender. For example,
the risk of prostate cancer was higher in rural areas and as was
that of breast cancer in females in urban areas.

Recently, the PCR team in Lleida presented a descriptive-
analytic study highlighting the preliminary results of the im-
pact and incidence of cancer in urban and rural areas [9]. The
article compared the number of cancer cases between rural
and urban areas according to the crude data rates from the
Catalan Population-based Cancer Registry. Tumour ranking and
rates obtained in the different areas of the province of Lleida
suggested that some cancers have particular features that should
be investigated. Jointly with this incipient work, the related
literature [5]–[8] has led us to study the incidence of major
cancers by rural and urban areas. Many efforts have been made
to measure the incidence of cancer by using such traditional
methods as density rates, annual rates or the Spearman rank
correlation coefficient. However, none of them has provided
enough evidence of a relation between cancer and population.

To address these limitations, this paper proposes studying the
differences between urban and rural populations. The method
proposed is the application of Multiple Correspondence Analy-
sis (MCA) to stimulate new hypotheses and relations between
the characteristics of the patients and the incidence of cancer in
the province of Lleida.

As the main contribution of this study, we propose the use
of MCA as a statistical technique to search for associations
between the registered data for cancer in the province of Lleida
(Catalonia). This province has a good balance between rural

and urban populations and the dataset is mainly made up of
categorical variables. In [10], the authors asserted that MCA
helped them to classify the degree of tumor regression with a
categorical dataset. This led us to assess our challenge with the
same statistics using MCA. The outcomes obtained demonstrate
the usefulness of this technique in this kind of data analysis,
made up exclusively of categorical variables.

II. METHODS

The Population-based Cancer Registry (PCR) of the health
region of the province of Lleida (HRPLL) was the basis for
this descriptive epidemiological study into cancer. The main
information sources were hospital records (ICD-9 codes-140.0
to 208.9) and reports from pathological anatomy. Before extract-
ing the information for this study, the cases were reviewed and
validated using ASEDAT1. Then, an accurate description of the
data and basic concepts of the MCA statistical technique used
in this work are explained in this section.

A. Data

Lleida is the largest province in Catalonia with a population
density of 36 people per square kilometre. More specifically,
the population was 438,001 in 2014 [12], 221 891 men and
216,110 women. Approximately half of the population lives in
rural areas. In accordance with [13], people living in cities with
a population of more than 10 000 are classified as “urban” in
this study and the rest as “rural”.2 In 2014, the respective urban
and rural populations were 199,300 and 238,701. Thus, this is
a well-balanced dataset for studying differences between urban
and rural populations in the risk-factors for cancer.

The data are made up of the information registered between
2012-2014 in the Lleida PCR [14], [15] for cancer patients
in the main hospitals in the health region of the province of
Lleida. These are the Arnau de Vilanova University Hospital
(HUAV) and the Santa Maria University Hospital (HUSM).
The study is GDPR3-compliant, maintaining the anonymity
of the patients. Cancer episodes were recorded according to
international criteria. These go from the case definition to the
operation system and the final results obtained in order to ensure
reliability, the validation of the data and comparison with other
hospital registers.

The initial dataset consisted of 3,423 new cancer diagnoses
in the HRPLL during 2012-2014. After applying data cleaning
by using the Box Plot technique to discard statistical outliers,
the data collection became 3408 cancer diagnosis (See box plot
graphs in the Github repositoy [17]). These box plots graphs
are based on each cancer and by age and population and gen-
der. As Figure 1 in the annex shows, this allows outliers for
colorectal cancer by age and gender to be detected. And so

1ASEDAT: Software of the Catalan Institute of Oncology to select, extract
and validate cancer data [11]

2The Spanish National Statistics Institute (Spanish initials: INE) has defined
rural areas as those with fewer than 2,000 inhabitants; semi-urban areas as those
with between 2001 and 10,000 inhabitants; and urban areas as those with more
than 10,000 inhabitants.

3GDPR: General Data Protection Regulation (EU)
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on in the rest of the graphs. This technique uses the median,
approximate quartiles, and the lowest and highest data points
to convey the level, spread, and symmetry of a distribution of
data values [16]. In addition, all the scripts implemented for data
cleaning (done with Python) and data analysis (done with R) can
be freely downloaded from this Github repository [17]. All the
data provided in this link were generated randomly.

Each register contains the following fields: age group (<60,
60–69, 70–79,≥80); gender (male, female); population (rural,
urban) and cancer type. Only the five most frequent types
of cancer were analysed (see incidence tables in the Github
repository [17]). These being colon and rectal (1059), urinary
bladder (446), breast (743), prostate (609) and lung (551).
Gender was divided between males (2088) and females (1319).
The population was divided into rural (1821) and urban (1587).
Finally, age was divided into 4 balanced intervals: <60 years
old with 834 cases, 60 to 69 years old with 927 cases, 70 to 79
with 968 cases and aged ≥80 with 679 cases.

B. Statistics

All the information presented was analyzed using Multi-
ple Correspondence Analysis (MCA), an extension of Corre-
spondence Analysis (CA). MCA is an unsupervised learning
algorithm for visualizing the patterns in large tables and for
multi-dimensional categorical data [18]. This method can be
used to describe, explore, summarize and visualize informa-
tion contained on individuals described by categorical variables
within a data table [19]. Unlike CA, MCA can deal with more
than one categorical variable. This is the main advantage of the
MCA technique. In our case, MCA was firstly used to evaluate
the relationships between the four features. It was then used to
evaluate the relationships between population, age and gender
for each cancer. Associations between features were represented
graphically [10]. The graphs aim to visualize the similarities
and/or differences in the profiles simultaneously, identifying
those dimensions that contain most of the data variability. Fea-
tures or their categories close to each other are significantly
related statistically.

The factors produced were interpreted with the help of var-
ious statistical coefficients which complemented each other to
provide a better interpretation. The most common and impor-
tant are inertia, the eigenvalue and the contribution and fac-
torial coordinates. Inertia is a measurement of the dispersion
of the set of computed distances between points. Analogously,
in Principal Correspondence Analysis (PCA), inertia corre-
sponds to the explained variance of dimensions. The eigenvalue
allows the inertia that a specific category produces to be quanti-
fied. The contribution enables us to consider how much influence
a category has in determining a certain percentage relative to
the entire set of the active category. The percentage coordinates
(x- and y-axis) of the graph enable the category points in a graph
to be represented and established. In MCA, the distance between
two or more categories of different variables can be interpreted in
terms of the associations and correlations between these. If two
categories present high coordinates and are close in space, this
means that they tend to be directly associated. If two categories

present high coordinates but are distant from each other (e.g. they
have opposite signs), this means that they tend to be inversely
associated. If two categories present the same coordinate sign,
they can be related to each other [20], [21].

Thus, the graphic depiction aims to visualize the similarities
and/or differences in the profiles simultaneously, identifying
those dimensions that contain most of the data variability. These
MCA representations can be read like those from a PCA:
the coordinates of a product are its values for the common
factors; the coordinates of a variable are its correlation with
these factors [22]. Categories depicted in the same direction on
the dimension will be significantly related statistically and have
patterns of relative frequencies. This association is also valuable
statistically when the points are located far from the origin of
the graph, representing a mean, uninformative profile [23], [24].

In this study, the MCA method was applied in scripts per-
formed with R [25], an open-source programming language and
environment for statistical computing and graphics. It provides a
wide variety of statistical and graphical techniques, and is highly
extensible. Specifically, the main library used to implement the
methods and obtain the results was FactoMineR [26].

III. RESULTS

In this section, we first present a general analysis of the
results obtained from applying the MCA technique to the
dataset presented in section II. Then, a similar analysis was
applied to each cancer to evaluate these in isolation. It is
important to clarify the differences between contribution and
correlation to understand and interpret the results and figures
presented in this section. The contribution is used to denote
which variables explain better the variations in the data set and
are most important in the construction of the axes. In contrast,
correlation represents the relation between two variables or, in
other words, the degree of influence of one variable compared
with the other.

A. Multiple Correspondence Analysis for All Cancers

The variance obtained was 20.5% (eigenvalue: 0.46) for di-
mension 1 (x-axis) and 12.7% (eigenvalue: 0.285) for the second
one (y-axis). The inertia (sum of the variances) for these two
dimensions was 33.2%. Age variance scored 0.259 and 0.582 in
dimensions 1 (x-axis) and 2 (y-axis) respectively. Cancer was
0.809 and 0.443, gender 0.765 and 0.007, and population 0.008
and 0.107. The variable that gave the worst results for percentage
explanation was population.

Similar results were obtained when discarding the gender
variable. The variances in this case were 16.3% (eigenvalue:
0.433) for dimension 1 and 14.1% (eigenvalue: 0.376) for dimen-
sion 2, and an inertia for these two dimensions of 30.4%. The
percentages of variances explained for population were 0.062
and 0.035.

Removing the age variable, the variances were 28.4% (eigen-
value: 0.568) and 17.3% (eigenvalue: 0.346) for dimensions 1
and 2 respectively. Thus, the inertia for these dimensions was
45.7%. This was the two-dimension combination (the dimen-
sions are ranked with the variance) that gave the highest inertia.
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Fig. 1. Percentage of explained variances of the overall dimensions.

Fig. 2. Two-dimensional MCA plot. Correlations between the variables.

Each variable variance usually increases with the inertia. Fortu-
nately, in this case, the population variances (0.004 and 0.506)
improved significantly. This was also the best combination for
population, the main goal of the present work.

Fig. 1 shows the variances of the overall dimensions (6) for
the combinations of variables obtained. Note that the dimensions
are ranked in descending order. It can be seen that dimensions 1
and 2 have variances of 28.4% and 17.3% respectively. The sum
of the variances of the overall dimensions is 100%. In this figure,
the main idea was to show the percentage of explained variance
in every dimension and not the influence of all the variables.

Fig. 2 presents the results of the MCA algorithm in a two-
dimensional plot (x- and y-axis representing dimensions 1 and
2 respectively) that shows the correlations between the vari-
ables. A two-dimensional plot gives more information about
correlations between variables than higher dimensional ones.
Thus, no higher dimensional-results were presented. It can be
seen that colorectal cancer and rural are very close and appear
in the negative y-axis (dimension 2). This means that they are

Fig. 3. Colorectal cancer. The positive and negative x-axis (repre-
senting gender variable) depicts females and males. The positive and
negative y-axis (representing population variable) depicts urban and
rural.

correlated. Lung and urinary bladder cancers appear on the
positive y-axis (dimension 2) where urban contributes and on the
negative x-axis (dimension 1) where males appear. This suggests
that these cancers are correlated with urban males. Moreover,
prostate appears on the negative y-axis (dimension 2) meaning
that it is significant in rural areas. Finally, the only breast cancer
is correlated with females, with the same contribution in both
areas.

The general outcomes showed a low contribution for colorec-
tal cancer in rural areas. The lowest contributions are depicted in
blue in the ranking. No differences between gender are observed,
due to the location of coordinate 0 on the x-axis. Prostate cancer
(its ranked color is located in the middle of the key) affected
males in rural areas moderately. A low affection of lung cancer
was observed in urban males. Urinary bladder cancer affected
urban dwellers severely, mostly males. Finally, as expected,
breast cancer heavily affected females independently of the area.

B. Multiple Correspondence Analysis by Cancer

This section presents the MCA results for colorectal, lung,
urinary bladder, prostate and breast cancers.

The first cancer studied was colorectal (Fig. 3). The variance
obtained for the first dimension was 22% (eigenvalue: 0.366)
and 21% for the second dimensions (eigenvalue: 0.349). The
total inertia was 43%. The correlation between the population
variable and dimensions was 0.003 on the first and 0.56 on the
second. The gender correlation was 0.533 (dimension 1) and
0.035 (dimension 2), and the age group correlation was 0.561
(dimension 1) and 0.453 (dimension. 2). The urban population
was represented on the positive y-axis (29.55% of the total
category contributions in dimension 2) and the rural on the
negative y-axis (23.85% of the total category contributions in
dimension 2). Gender is represented on the x-axis (dimension 1).
The female contribution was 30.13% on the positive x-axis and
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Fig. 4. Lung cancer. The positive and negative x-axis (representing
population variable) depicts rural and urban respectively. The positive
and negative y-axis (representing gender variable) depicts females and
males respectively.

the male contribution was 18.43% on the negative (dimension
1). The group aged ≥80 contributed 32.62% in dimension 1 and
8.96% in dimension 2. The contribution of the 70-79 group was
0.001% on the former and 28.85% on the later. The contributions
of those aged 60-69 were 4.31% and 3.67%, and the group aged
<60 contributed 14.12% and 1.70%.

The 70-79 age group was closely related to the urban pop-
ulation, regardless of gender. This is a very significant result
because it has an important y-axis component (close to 1). In
the <60 age band, it affected males slightly more. The most
important result was the ≥80 age group, where there is a higher
incidence among women. The incidence among the 60-69 age
group was not significant but mainly affected men.

Fig. 4 shows the results obtained for lung cancer. The variance
for dimension 1 was 23.4% (eigenvalue: 0.390) and 21.7%
for dimension 2 (eigenvalue: 0.362), so the total inertia was
45.1%. In this study, the population correlation was 0.576 on
dimension 1 and 0.008 on dimension 2, the gender corre-
lation was 0.012 and 0.530, and finally, the age group was
0.581 and 0.548. Regarding the categories variables, urban
areas contributed on the negative x-axis (dimension 1) with
25.71% and the rural with 23.48% on the positive x-axis. In
the case of gender, the male contribution was 10.53% on the
negative y-axis (dimension 2) and the female contribution was
38.24% on the positive y-axis. The ≥80 age group contributed
29.28% in the first dimension and 10.37% in the second.
The contributions of the 70-79 age group were 0.01% and
20.21%, then 0.019 and 2.51% for the 60-69 age group and
the <60 age group contributed 20.40% and 17.38%.

The high position of urban females <60 shows that the con-
tribution of this relation was very high. A moderate significance
can be observed for males aged 70-79. Finally, the contribution
for rural females aged ≥80 reached the same significance as
urban females <60.

In urinary bladder cancer (Fig. 5), the variance for the first
dimension was 24.5% (eigenvalue: 0.407) and 22.1% (eigen-
value: 0.367) for the second, and in consequence, the total inertia

Fig. 5. Urinary bladder cancer. The positive and negative x-axis
(representing population variable) depicts urban and rural respectively.
The positive and negative y-axis (representing gender variable) depicts
females and males respectively.

was 46.6%. The population correlation was 0.617 on dimension
1 and 0.0004 on dimension 2, the gender correlations were 0.024
and 0.542 and those for the age group were 0.581 and 0.559. The
urban category contributed 25.13% on the negative x-axis and
the rural on the positive x-axis with 25.36% (dimension 1). The
male category contribution was 7.16% on the negative y-axis and
that of female was 42.01%. The≥80 age group contributed with
4.12% in dimension 1 and 17.86% in dimension 2, the 70-79 age
group contributed 13.74% and 1.2%, the 60-69 age group with
6.13% and 28.08%, and the <60 age group with 23.50% and
3.61%.

The results for urinary bladder cancer were similar to those
for lung cancer. Specifically, females aged <60 contributed
moderately in urban areas (23.50% in dimension 1 and 3.61%
in dimension 2). In the 60-69 age cohort, it affected men in
urban areas moderately but this incidence decreased among
those aged 70-79 living in rural areas (13.74 in dimension 1
and 1.20% in dimension 2). The contribution of men between
60-69 was 6.13% in dimension 1 and 28.08% in dimension 2.
In the ≥80 age group, rural women were slightly affected (4.12
in dimension 1 and 17.86% in dimension 2).

Moderate importance was moved to urban males aged 60-69,
dropping when reaching the 70-79 age group, in the rural zone.
And, attenuated importance was to rural females aged ≥80.

Females are ruled out of prostate cancer (Fig. 6). The variance
for the first dimension was 25% (eigenvalue: 0.5) and 25%
(eigenvalue: 0.5) in the second, resulting in total inertia of 50%.
The population correlation for dimension 1 was 0.527 and this
was 0 for dimension 2, and the correlations for age group were
0.527 and 1. In this case, the gender variable was not included
because this type of cancer only affects men. The contribution
of the urban category was 28.32% on the positive x-axis and the
rural contribution was 21.67% on the negative x-axis (dimension
1). The ≥80 age group’s contribution was 27.12% in the first
dimension and 30.24% in the second. The contributions of the
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Fig. 6. Prostate cancer. The positive and negative x-axis (represent-
ing population variable) depicts rural and urban respectively. The y-axis
has no meaning on this occasion.

Fig. 7. Breast cancer. The positive and negative x-axis (representing
population variable) depicts for rural and urban respectively. The y-axis
has no meaning on this occasion.

70-79 age group were 7.58% and 0.413%, for 60-69 age group,
6.34% and 0.691%. Finally, the <60 age group contributed
8.94% and 68.64%.

In contrast to the previous cancers analyzed, rural males <60
suffered heavily. Hardly any contributions appeared in the 60-69
and 70-79 urban age ranges. In the absence of females, prostate
cancer affected rural males aged ≥80 significantly.

Fig. 7 shows the results obtained when applied the MCA to
breast cancer for females only. The variance obtained for the
first dimension was 25% (eigenvalue: 0.559) and 25% (eigen-
value: 0.5) for the second (total inertia was 50%). The population
correlation was 0.559 for dimension 1 and 0.0 for dimension 2,
and the age group correlations were 0.559 and 1.0. As explained
in subsection II-A, gender was not considered. The contribution
of the urban category was 25.47% on the negative x-axis and

rural contribution was 24.52% on the positive x-axis (dimension
1). The ≥80 age group’s contribution was 27.84% in the first
dimension and 20.42% in the second. The 70-79 age group
contributed 0.002% and 50.25%. For the 60-69 age group, the
percentages were 3.85% and 13.58%, and finally, for the <60
age group, 18.29% and 15.73%.

In the data resulting after applying the screening technique,
breast cancer only presented females cases even though males
can also suffer from it [27]. This cancer affects rural females aged
<60 moderately. Among the 60-69 age group, urban women
were hardly affected. The group which contributed the most
and with a great significance was those aged 70-79, although
the type of population did not influence the results. In the ≥80
group there was, as usual, a high incidence among rural females.

Figs 8 and 9 show the contributions obtained for all categories
of cancer in the first and second dimensions, respectively. The
figures enable the categories that contribute significantly to be
detected and interpreted. They also allow the associations to be
detected by the contribution in the same dimension. As they
show, the x-axis represents each cancer and the y-axis, the
contribution. The categories are represented in each stacked bar.
For example, in Fig. 8, colorectal cancer, the ≥80 age group
suggests an association between gender because it presents a
higher contribution than the others groups. However, in Fig. 9
and for the same cancer, the 70-79 age group suggests an
association with the population.

IV. DISCUSSION

The MCA technique enables the analysis and detection of
new relations between categories not observed in the literature.
It helped to detect that prostate and colorectal cancer have a
high incidence in rural areas. Another important finding was the
correlation between lung and urinary bladder cancer and urban
areas.

During the period presented (2012-2014), the PCR of Lleida
registered approximately 6,000 cases of all possible types of
cancer. In this study, only the types most frequently diagnosed
cancers (see incidence tables in the Github repository [17])
in the region were selected (colorectal, lung, urinary bladder,
prostate, breast cancer). These covered a total of 3408 cases.
New relationships were found through applying MCA to detect
relations with the features used in a health region with a good
balance between urban and rural populations. We based this on
a preliminary study [28] which concludes that the incidence of
some cancers depends more on the area. However, it does not
search for relationships geographic areas and cancers. Another
starting point is the work presented in [8]. This studied the most
important cancers and their relationship with rural and urban
areas. Their most important findings were that the incidence
of prostate cancer was most significant in rural areas and that
of breast cancer, in urban settings. These articles studied the
urban-rural incidence but did not use the MCA technique to
explore associations between categories of qualitative variables
as we do. To understand the application of MCA, we based
ourselves on a study [29] about healthy ageing, and one [30]
which concluded that bad driving and crashes could be affected
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Fig. 8. Contributions by cancer and categories in dimension 1.

Fig. 9. Contributions by cancer and categories in dimension 2.
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by differences between urban and rural areas, traffic volume,
driver age and more. In addition, a previous study used MCA
to analyse the prognosis in surgery for low rectal cancer [10].
However, to the best of our knowledge no prior studies have
used MCA to link types of cancers to rural or urban areas.

Firstly, all the cancers were analyzed together with MCA. The
total inertia was 32.9% and the population variance obtained was
close to 0 in both dimensions (0.008 in dimension 1 and 0.107 in
dimension 2), meaning that this variable combination performed
poorly in associating the dataset centered on the population.
Next, discarding the gender variable, the total inertia worsened
(30.4%), as did the explained population variances (0.062 and
0.035). On also removing the age variable, the population vari-
ances improved significantly, to 0.004 and 0.506. This was the
best result obtained with the population variable. However, these
good results were at the expense of discarding such an important
feature as age group.

Some important outcomes were found. These include the
lower incidence of colorectal cancer (for either gender) and the
moderate rate of prostate cancers among men in rural areas.
Males were also more significantly affected by lung and urinary
bladder cancer in urban areas. As expected, breast cancer had a
high incidence among females. This suggest new hypotheses to
deepen and study these specific cancers.

The analysis then studied each cancer separately. Among the
population aged <60, colorectal cancer affects males severely.
On reaching the age of 70-79, this shifted to the urban popula-
tion. Significant outcomes were obtained in rural females aged
≥80. This can be related to the greater age of females in the rural
population [31]. These associations with rural populations sug-
gest a high incidence in rural areas. A similar rural incidence was
obtained in the study into metropolitan and non-metropolitan
areas in the United States [28].

In lung cancer, the goodness of the results obtained can
be contrasted with human behaviour and genetics. First, the
migration of young people influences this in both urban and
rural areas. This is seen in females aged <60 in urban areas,
contrasting with rural zones, where it tends to affect those
aged ≥80. In both cases, the red in the picture shows that this
associating contribution is very high. These results corroborate
the findings of the work presented in [32]. Furthermore, this
cancer affects males in the 70-79 age group slightly more. The
60-69 contribution is insignificant in any sense.

The results for urinary bladder cancer were similar to those
for lung cancer. Urban females aged <60 and then urban males
(60-69) contributed moderately, but this decreased even more for
the population aged 70-79. Rural females aged ≥80 are hardly
affected.

As expected, prostate cancer only affected males, with a high
incidence among the rural population aged <60 and ≥80. In
contrast the results were insignificant among the other groups in
urban environments. The major incidence among those aged
<60 in the rural environment is very significant and much
attention should be paid to it. In this case, the significant asso-
ciation between rural areas and prostate cancer differs from the
incidence of this cancer in other regions analyzed [28]. However,
a study into the incidence of cancer in Ireland obtained outcomes
that concluded that the risk was higher in rural areas [8].

Again, of course, breast cancer only affected females. There
was a higher incidence among urban women aged <60 (as with
colorectal, lung and urinary bladder cancer). Surprisingly, rural
females in the 60-69 age group were hardly affected. The group
which contributed the most was those aged 70-79 whatever the
population. This contribution was very significant and is a clear
example of a case to be studied. Again it affected rural females
aged ≥80 heavily.

This study has some limitations that should be noted. The
postal address registered for each case was where the patient
lived at the moment of cancer diagnose. However, this may
have changed during the study. Despite this, the number of cases
with changed addresses would be very low and this factor is not
expected to produce bias in the results. Some lifestyle aspects,
such as tobacco and alcohol consumption, profession or other
risk factors that could explain some of the differences observed,
were not taken into account.

V. CONCLUSION

There are incipient research efforts to search for correlations
between cancers and lifestyle, such as the effect of incidence
from living in rural or urban environments. Research using MCA
has been applied in various fields, but no one has focused on
analysing relationships between cancers and urban and rural
lifestyles. This was our main research aim.

Some important outcomes were found, such as the contri-
bution of colorectal cancer (whatever the gender) and prostate
cancers among men in rural areas. Also, there was a low inci-
dence of lung cancer but high rate of bladder cancer, especially
in urban areas, and the incidence of breast cancer has high in
both areas. These outcomes suggest new hypotheses to deepen
the study of these specific cancers.

The analysis of each cancer provided additional information.
Colorectal cancer severely affected males aged <60, and those
in urban areas aged 70-79, as well as women aged ≥80 in
rural areas. Lung cancer had a high impact on urban females
<60, a moderate one on males between 70 and 80 and high
again among females aged ≥80. Similar but lower results were
obtained for urinary bladder cancer. This was moderate in urban
females <60 and urban males aged 60-69, decreasing for rural
residents aged 70-79 and even more for rural females aged ≥80.
Prostate cancer, as expected, only affected males. There was a
high rate among the rural population aged <60, but this was
lower in urban dwellers aged 60-69 and 70-79 before becoming
significant again among rural men aged ≥80. In contrast, cases
of breast cancer were only registered in females in the selected
period. Whatever the area, those aged 70-79 were affected the
most while the incidence among rural females aged ≥80, was
somewhat less.

The outcomes obtained help to corroborate suspected trends
in several of the relationships detected and stimulate new hy-
potheses about the risk factors and new techniques to analyse
the incidence of cancer. They also help the public health system
to focus advice on specific areas and cancers. In future work, it
is important to delve deeper into each cancer in order to study
its risk factors. This means using new variables, such as tumor
characteristics (size, cancer stage or degree of aggressiveness),
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treatments, socioeconomic ratio, environmental conditions and
mortality. Also, new artificial intelligence algorithms can be
explored to search for behavior patterns of cancer, unsupervised
clusters or to analyze risk factors and prior patient comorbidities.
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Abstract: Previous works have shown that risk factors are associated with
an increased likelihood of colorectal cancer. The purpose of this study was to
detect these associations in the region of Lleida (Catalonia) by using multiple
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overweight. Stage III cancer is associated with people aged ≥ 65 years and
rural/semiurban populations, while younger people were associated with stage 0.
MCA and k-means were significantly useful for detecting associations between
risk factors and patient characteristics. These techniques have proven to be
effective tools for analyzing the incidence of some factors in colorectal cancer.
The outcomes obtained help corroborate suspected trends and stimulate the use
of these techniques for finding the association of risk factors with the incidence
of other cancers.
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Abstract

Background: Previous works have shown that risk factors are associated with an increased likelihood of colorectal cancer.

Objective: The purpose of this study was to detect these associations in the region of Lleida (Catalonia) by using multiple
correspondence analysis (MCA) and k-means.

Methods: This cross-sectional study was made up of 1083 colorectal cancer episodes between 2012 and 2015, extracted from
the population-based cancer registry for the province of Lleida (Spain), the Primary Care Centers database, and the Catalan Health
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details. The relations between the risk factors and patient characteristics were identified using MCA and k-means.

Results: The combination of these techniques helps to detect clusters of patients with similar risk factors. Risk of death is
associated with being elderly and obesity or being overweight. Stage III cancer is associated with people aged ≥65 years and
rural/semiurban populations, while younger people were associated with stage 0.

Conclusions: MCA and k-means were significantly useful for detecting associations between risk factors and patient
characteristics. These techniques have proven to be effective tools for analyzing the incidence of some factors in colorectal cancer.
The outcomes obtained help corroborate suspected trends and stimulate the use of these techniques for finding the association of
risk factors with the incidence of other cancers.
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Introduction

Colorectal cancer is the third most common type of cancer
worldwide [1,2]. In Europe, around 250,000 new colorectal
cancer cases are diagnosed each year, accounting for around
9% of all malignancies. The rates of this cancer increase with
industrialization and urbanization. In general, the evidence
shows that the incidence increases in countries where the overall
risk of large bowel cancer is low, while in countries with high
incidence, the rate has either stabilized or decreased, particularly
among younger age groups [3].

In the province of Lleida (Spain), the population-based cancer
registries allow the identification and counting of all incident
cases (new cases) diagnosed among the residents of this
geographical area [4]. The residents of the Lleida region present
lifestyles, risk factors, and work activity, which can be used to
determine the specific incidence of certain types of cancer.
Nearly half the population of the Lleida province live in rural
and semiurban areas. As a consequence, their lifestyle is
different from that of the more urban populations in other
Catalan provinces [5,6]. Thus, they can present different risk
factors and socioeconomic status (SES).

Some studies have demonstrated a higher incidence of colorectal
cancer among those with low SES and risk factors such as BMI
and smoking. A pooled European cohort study [7] demonstrated
that adult weight gain was associated with increased risk of
several major cancers. They also concluded that the degree,
timing, and duration of being overweight and obesity also
seemed to be important. More specifically for colon cancer,
Guo et al [8] presented a prospective cohort study in northern
China. They concluded that obesity increased the risk of colon
cancer in males. Regarding smoking, Mizoue et al [9] presented
a report evaluating the association in the Japanese population
based on a systematic review of epidemiological evidence. This
report concluded that tobacco smoking may increase the risk
of colorectal cancer in the Japanese population. However, there
is still insufficient epidemiological evidence to demonstrate any
clear association with colon cancer. Kim et al [10] studied a
possible association between SES and the risk of colorectal
cancer in women. Their findings suggested that high SES may
protect against colorectal cancer in women. The methodology
used in these studies was similar, namely, the multivariate
regression analysis.

Recent research has applied the techniques used in this study,
but none of these studies were for cancer and risk factors. Ugurlu
and Cicek [11] used the multiple correspondence analysis
(MCA) method to search for relations in ship collisions [11].
However, the k-means algorithm was more widely used in some
cancer aspects. Rustam et al [12] applied this technique to obtain

the centroid of each cluster and predict the class of every data
point in the validation set. Recently, Ronen et al [13] used
k-means as an initial step in a deep learning method to evaluate
the colorectal cancer subtypes. K-means allowed the detection
of relevant clinical patterns that improved the prediction model.
Therefore, the use of MCA and k-means to search for the
relationship between risk factors and cancer incidence is a novel
method.

Several studies [7-10] have found new associations among risk
factors, demographic information, and SES in patients with
colorectal cancer. These studies have taken a great effort to
analyze and compare risk factors such as obesity, cigarette
smoking, and SES in patients with colorectal cancer. They used
statistical methods, including Cox regression, Spearman rank
correlation coefficient, and multilevel logistic regression to
estimate the association between variables. However, none of
them used a combination of a statistical method like MCA and
an artificial intelligence algorithm such as k-means to search
for associations between a group of categorical variables.

As the main contribution of this study, we propose the use of
MCA as a statistical technique to detect relations between risk
factors and patients’ characteristics and k-means as an
unsupervised learning algorithm to search for clusters of patients
with similar risk factor profiles for colorectal cancer.

Methods

Preprocessing
The main information sources were the population-based cancer
registry of the health region of the province of Lleida, the eCAP
(a computerized medical history program used by doctors,
pediatricians, and nurses in primary care centers when they see
their patients [14]) software, and the Central Register of Insured
Persons (a register that allows the unique identification of those
covered by the Catalan Health Service through the personal
identification code, the management and consultation of their
data, and their updates [15]). Before applying the statistical
technique, the information was validated by experienced
professionals (doctors, nurses, and documentalists) in the Lleida
population-based cancer registry who reviewed the clinical
history of each patient. After that, the International Agency for
Research on Cancer tool was applied to detect unlikely or
impossible codes or combinations of codes [16]. Then, an
accurate description of the data and basic concepts of the MCA
and k-means used in this work are explained in this section. See
the system flow chart of the whole process in Figure 1; it shows
the different registers used to extract the data, its process and
transformation, and its applied analysis. The patients with empty
fields were removed.
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Figure 1. System flow chart. CRIP: Central Register of Insured Persons; PCR: population-based cancer registry.

Study Population
The colorectal cancer data were extracted from the new cases
registered between 2012 and 2015 in the Lleida
population-based cancer registry [5,17,18] for patients with
cancer in the main hospitals in the health care region of the
Lleida province. Specifically, the data set consisted of 1083
new colorectal cancer cases. These hospitals were the Arnau de
Vilanova University Hospital and the Santa Maria University
Hospital, and the primary information sources were hospital
records (International Classification of Diseases, ninth revision
codes-140.0 to 208.9) and reports from pathological anatomy.
Additionally, these reports confirmed >92% of cases included
in the sample. Risk factors such as BMI and smoking were
extracted from eCAP software and the SES was extracted from
the Central Register of Insured Persons. The study is compliant
with the General Data Protection Regulation (European Union),
thereby maintaining the anonymity of the patients. Cancer
episodes were recorded according to international criteria. In
addition, the data analysis (done with R) can be freely
downloaded from this GitHub repository [19]. It also included
a mock data set randomly generated to test the models. The
original data set could not be uploaded due to General Data
Protection Regulation, which does not permit sharing patients’
information.

The BMI was used to calculate the obesity of each patient by
standard weight status categories [20]. We categorized the BMI
as the established table: <24.9 as normal weight, 25-29.9 as
overweight, and >30 as obesity. Regarding SES, we categorized
the variable according to the annual income available from the
Central Register of Insured Persons. According to the legislation
[21], we created 2 groups: annual income <€18,000 (low
income) and >€18,000 (high income) (€1=US $1.04). The
population was categorized as rural, semiurban, and urban. In
accordance with [22], people living in cities with a population
of more than 10,000 were classified as urban, population
between 10,000 and 2000 in towns as semiurban, and the rest
as rural. The Spanish National Statistics Institute has defined
rural areas as those with a population of less than 2000,
semiurban areas as those with a population between 2001 and
10,000, and urban areas as those with a population with more
than 10,000 people. All the cancer cases that did not conform
to one of these fields were discarded automatically. To sum up,
each register contains the following fields: age group (50-64
years, 65-74 years, ≥75 years); gender (male, female);
population (rural, semiurban, urban); exitus (death, alive); BMI
(normal, overweight, obesity); smoking (ex-smoker/smoker,
nonsmoker); income (high income, low income); and stage (0,
I, II, III, undefined). Table 1 shows the number of cases for each
category.
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Table 1. Principal comorbidities groups included in this study: patients with colorectal cancer between 2012 and 2015, where all the comorbidities
were properly registered (N=1083).

Values, n (%)Characteristics

Gender

689 (63.6)Male

394 (36.4)Female

Age group (years)

319 (29.5)50-64

328 (30.3)65-74

436 (40.2)≥75

Exitus

221 (20.4)Death

862 (79.6)Alive

Incomea

863 (79.7)<€18,000/year

220 (20.3)>€18,000/year

Population

228 (21.1)Rural

333 (30.7)Semiurban

522 (48.2)Urban

BMI

234 (21.6)Normal

506 (46.7)Overweight

343 (31.7)Obesity

Smoker

232 (21.4)Smoker/Ex-smoker

851 (78.6)Nonsmoker

Stage

64 (5.9)0

115 (10.6)I

168 (15.5)II

91 (8.4)III

645 (59.6)Undefined

a€1=US $1.04.

MCA Algorithm
MCA is an unsupervised learning algorithm for visualizing the
patterns in large and multidimensional categorical data [23].
This method can be used to analyze, explore, summarize, and
visualize information contained of individuals described by
categorical variables [24]. Unlike correspondence analysis (CA),
MCA can deal with more than one categorical variable. This is
the main advantage of the MCA technique. In our case, MCA
was first used to evaluate the relationships between all the
features. MCA was then used to evaluate the relationships
among population, age, gender, exitus, BMI, smoking, and
tumor stage. Associations between features are represented

graphically [25]. The graphs aim to visualize the similarities or
differences in the profiles simultaneously, identifying those
dimensions that contain most of the data variability. Features
or their categories close to each other are significantly related
statistically.

The factors were interpreted with the help of various statistical
coefficients, which complemented each other to provide a better
interpretation. The most common and important are inertia,
eigenvalue, contribution, and factorial coordinates. Inertia is a
measurement of the dispersion of the set of computed distances
between points. Analogously, in principal CA, inertia
corresponds to the explained variance of dimensions. The
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eigenvalue allows the inertia that a specific category produces
to be quantified determining a certain percentage relative to the
entire set of the active category. The percentage coordinates (x-
and y-axis) of the graph enable the category points in a graph
to be represented and established. In MCA, the distance between
2 or more categories of different variables can be interpreted in
terms of the associations and correlations between these. If 2
categories present high coordinates and are close in space, this
means that they tend to be directly associated [26,27]. If 2
categories present high coordinates but are distant from each
other (eg, they have opposite signs), this means that they tend
to be inversely associated [28,29]. A heatmap was created to
help the interpretation of the MCA. This plot used the intensity
of the colors to show the level of association between the
variables. Our graphs showed the association by the distance
between the categories in the MCA plot.

K-means
K-means [30] is a nonsupervised learning algorithm used in
data mining and pattern recognition. The algorithm partitions
the data set in k predefined distinct nonoverlapping subgroups
(clusters) where each data point belongs to only one group. It
tries to make the intracluster data points as similar as possible
while also keeping the clusters as different (far) as possible. It
assigns data points to a cluster such that the sum of the squared
distance between the data points and the cluster’s centroid is at
the minimum. The less variation we have within clusters, the
more homogeneity (similarity) there is between the data points
within the same cluster. The k-means algorithm is composed
of the following steps: (1) it places k points in the space
represented by the patients who are being clustered, (2) it assigns
each patient to the group that has the closest centroid, and (3)
when all patients have been assigned, it recalculates the positions
of the k centroids. Steps 2 and 3 are repeated until the centroids
no longer move. This produces a separation of the patients into
homogenous groups while maximizing heterogeneity across
groups. The optimal number of clusters was obtained by the
elbow method [31]. This consists of plotting the explained
variation as a function of the number of clusters and picking
the elbow of the curve as the number of groups to use. To assess
internal cluster quality, cluster stability of the optimal solution
was computed using Jaccard bootstrap values with 10,000 runs
[32].

Statistical Analysis
All the information presented was analyzed using MCA, an
extension of CA, and the k-means algorithm. The combination
of MCA and k-means benefits the effectiveness of the
calculation process and, in consequence, the k-means results.
MCA helps to reduce the noise, which allows the k-means
algorithm to obtain more accurate distances. The MCA
dimension reduction automatically performs data clustering
according to the k-means objective function [33]. In addition,
the potential confounding factors in this study were assessed
by calculating the distances between the variables (inertia) that
take into account their relative weight in the database as a whole.
However, these variables were related to each other depending
on the similarity of each register. Previously, the patients with
empty fields were removed.

The MCA method was implemented in scripts performed with
R [34], an open-source programming language and environment
for statistical computing and graphics. Specifically, the main
library used to implement the methods and obtain the results
was FactoMineR [35]. K-means was written in Python [36],
and the main library used scikit-learn [37]. These methods were
launched by their default configuration and using a personal
computer.

Results

MCA and K-means Without the Tumor Staging
The analysis of the MCA and k-means without the stage variable
included 1083 registers. Figure 2 shows the different categories
and their possible associations. The variance for dimension 1
was 15% (eigenvalue 0.21) and that for dimension 2 was 12%
(eigenvalue 0.17). Figure 2 also shows the position of each
category in the plot and its contribution on the dimensions. Note
the contribution of mortality (15% on the negative x-axis and
10.2% on the positive y-axis), the ≥75 years age group (18.8%
on the negative x-axis and 4.5% on the positive y-axis), and the
ex-smoker/smoker (16.5% and 12.3% on positive x-y axis).
Figure 3 shows the relation between the categories. The
associations between the points were significant when they were
closer and the distance was minimum. For example, females
and obesity were represented in the same dimension in the MCA
plot. Therefore, the heatmap also demonstrated this association
with a distance of 0.4 between the points in the MCA plot.
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Figure 2. 2D multiple correspondence analysis plot showing the correlations between the categories and their contributions for all data sets.

Figure 3. Correlations between the categories by the distance between them.
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Graphically, the points closer to each other or the points
represented in the same direction of the axis suggest
associations. As can be seen, mortality and older age are very
close in the plot. This suggests a possible association. Another
possible relation observed could be between females and obesity.
Then, a cloud on the positive x-axis and the negative y-axis was
made up of the 65-74 years age group, high income, and
survival. Finally, additional associations could be made up of
the 50-64 years age group, males, smokers or ex-smokers, and
normal weight.

Table 2 shows the centroids of the main clusters obtained after
applying the k-means algorithm. The recommended number of
optimal clusters was 5 [31] (see the GitHub [19] repository to
evaluate the plot). The first cluster grouped 242 registers among
which the main register was males aged ≥75 years from urban
populations, with low income, nonsmokers who were

overweight, and with a low risk of dying. The next cluster (259
registers) represented females aged between 50 and 64 years
with high income. It grouped the cases from rural populations
with normal weight and survival. Cluster number 3 was made
up of 180 registers. These were mostly males aged ≥75 years
with low income and from semiurban populations. They were
nonsmokers but were obese and unfortunately included exitus.
It was the only cluster that included mortality. The fourth cluster
represented urban males aged between 65 and 74 years and with
low income. In this case, they were smokers or ex-smokers with
normal weight and no mortality. It contained 194 registers.
Finally, the last cluster was made up of 208 cases, which
included semiurban females aged between 65 and 74 years with
low income. They were not smokers but they were overweight.
Fortunately, surviving patients predominated in this cluster and
the risk of dying was low. See these clusters represented
graphically in the GitHub [19].

Table 2. Centroids of the main clusters obtained from the k-means algorithm for all data sets.

Cluster 5Cluster 4Cluster 3Cluster 2Cluster 1

SemiurbanUrbanSemiurbanRuralUrban

Age 65-74 yearsAge 65-74 yearsAge ≥75 yearsAge 50-64 yearsAge ≥75 years

Low incomeLow incomeLow incomeHigh incomeLow income

FemaleMaleMaleFemaleMale

NonsmokerSmoker/Ex-smokerNonsmokerNonsmokerNonsmoker

OverweightNormal weightObesityNormal weightOverweight

AliveAliveDeathAliveAlive

MCA and K-means Including the Tumor Staging
This subsection presents the outcomes, including the stage of
the tumor. The data set used for this analysis discarded the
registers, which did not contain the stage (647 registers).
Therefore, the number of cases analyzed was 438 (Table 1).
Figure 4 shows the outcomes obtained after applying MCA.
The variance of dimension 1 was 11.4% (eigenvalue 0.18) and
that of dimension 2 was 10.2% (eigenvalue 0.16). Mortality
was also one of those with the highest contribution (26.4% on
the positive x-axis and 10.5% on the positive y-axis). Near this
was stage III with a high contribution (16.3% on the positive
x-axis and 13.7% on the positive y-axis). Ex-smoker/smoker

contributed significantly compared with the rest of categories
(9.1% on the negative x-axis and 1.3% on the positive y-axis).
The relations between these and other categories are shown in
Figure 5. See the death and its correlation between stage III.
The heatmap differentiated this association clearly, as the MCA
plot also showed. The location of the categories in the plot and
their contributions suggested possible associations. The main
association was between stage III and mortality and with females
with stage II, the ≥75 years age group, and nonsmokers. Another
relation could be males with high income, aged between 50 and
64 years, stage 0, and ex-smokers or smokers. However, these
results could be affected by the decrease in cases.
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Figure 4. 2D multiple correspondence analysis plot showing the correlations between the categories and their contributions.

Figure 5. Correlations between the categories by the distance between them including the tumor staging.
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Table 3 shows the clusters obtained from the data set with the
tumor stage. All the clusters obtained were male nonsmokers
owing to the decrease in the number of registers in the data set.
The first cluster with 135 cases represented obese urban patients
aged between 65 and 74 years with stage II reached and a low
risk of death. The second cluster had 120 registers of patients
with stage II and age ≥75 years from semiurban populations.
Their risk of death was also low. The next cluster included 76
registers and they were from the urban population but

overweight. They included the younger patients (50-64 years
age group), with a low risk of death and the lowest stage (stage
0). The fourth cluster (n=72) represented rural inhabitants, aged
between 65 and 74 years. They were obese with stage III cancer
but low risk of death. However, the fifth cluster was patients
from the semiurban population, aged ≥75 years, overweight, in
an advanced stage (III), and with a high risk of death. See these
clusters represented graphically in the k-means folder of GitHub
[19].

Table 3. Centroids of the main clusters obtained from the k-means algorithm: the final data set after including the stage of the tumor.

Cluster 5Cluster 4Cluster 3Cluster 2Cluster 1

SemiurbanRuralUrbanSemiurbanUrban

Age ≥75 yearsAge 65-74 yearsAge 50-64 yearsAge ≥75 yearsAge 65-74 years

Low incomeLow incomeLow incomeLow incomeHigh income

MaleMaleMaleMaleMale

NonsmokerNonsmokerNonsmokerNonsmokerNonsmoker

OverweightObesityOverweightObesityObesity

DeathAliveAliveAliveAlive

Stage IIIStage IIIStage 0Stage IIStage II

Discussion

The MCA technique and the k-means algorithm permit the
analysis and detection of clusters of patients with similar risk
factors and outcomes not observed in the literature. The
population-based cancer registry for the province of Lleida
registered 1083 colorectal cancers between 2012 and 2015. This
cancer is the most incident in our region [5,17,18] and by
applying MCA and k-means, some relationships were found
between some aspects that corroborate the usefulness of these
techniques. They helped to detect that in colorectal cancer, the
age group and BMI risk factors are related. Another important
corroboration was the risk of death in older people (≥75 years
age group) either obese or overweight and in an advanced stage.
Related to this latter factor, the advanced stage was observed
in older people with obesity. Stages II and III were 65%
(119/181) of the total in the ≥75 years age group.

Previous studies have used clustering techniques to detect
associations, but none of them were used for associating patient
profiles with risk factors. We based our study on a preliminary
paper [38], which evaluated the relationship between air
pollution, particulate matter components, and risk of breast
cancer in a United States–wide prospective cohort by using a
clustering technique. That study concluded that air pollution
measures were related to both invasive breast cancer and ductal
carcinoma in situ within certain geographic regions. Another
starting point was the study presented in [39], which used the
combination of MCA and k-means to ascertain multimorbidity
patterns. That study concluded that these techniques could help
to identify these patterns. Another study our work was based
on is the one presented in [40], which studied the trends in the
incidence of cancers associated with being overweight and
obese. Another study [41] analyzed the possible relation between
obesity and colorectal cancer. These papers studied the impact

of the risk factors on colorectal cancer but did not use the MCA
technique or k-means algorithm to explore associations between
these and their impact. In addition, a previous study used MCA
to analyze the prognosis in surgery for low rectal cancer [42].
Another study used k-means to search patterns in patients with
colorectal cancer, but its main aim was to detect emotion
regulation patterns and personal resilience [43]. However, to
the best of our knowledge, no prior studies have used MCA or
k-means to link types of risk factors, SES, tumor stage, and
patients’ characteristics in cases of colorectal cancer.

One MCA outcome was the inertia (27%). Further, various
variables had high contributions. A strong relation was obtained
between older patients (≥75 years age group) and mortality.
This may suggest an increase in the risk of mortality for
colorectal cancer in older adults, as previous studies showed
[44]. On the opposite side of previous associations, it showed
another association between survival, high SES, and the 65-75
years age group. Even though the contributions of these are
lower than those of mortality and the older population, it is
suggested that the risk of death is lower in people with high
SES [45] and among younger people. An association was
detected between females and obesity although this was not
reflected in the k-means. This relation may be because 37%
(146/394) of all the women were obese. However, obese men
represented 29% (205/689) of the male population, and the
percentage of obesity in the data set was 31% (343/1083). This
relation suggests that obese women could more likely develop
colorectal cancer than men. In general, the probability of
colorectal cancer in obese patients can increase by 30%-70%
[46]. However, although the contribution is too low to establish
a strong relation, the position of males and normal weight in
the plot might suggest that there may be some other factors that
increase the risk of this cancer and that these techniques
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highlighted other associations. Some additional patient clinical
history would be necessary.

Regarding the k-means analysis, the third cluster confirmed the
mortality in the older population with obesity [44]. The first
cluster also represented the ≥75 years age group but who were
overweight and had no exitus. These differences between
clusters suggested that obesity may be a determining factor in
older persons that increases the risk of death. In addition, these
2 clusters were males. Similar outcomes were obtained in the
fifth cluster when the tumor stage was added. Stage III was
directly related with the ≥75 years age group, the semiurban
population, and mortality, thereby suggesting that for older
persons, being overweight or obese and in an advanced stage
could increase the risk of death. The fourth cluster was made
up of smokers or ex-smokers. Although tobacco is not usually
directly related with colorectal cancer, some studies also support
this result [47,48].

The analysis then studied the data set filtered by tumor stage.
The final data set was made up of 438 registers. The MCA
technique obtained a significant relation between stage III and
mortality. However, screening programs and technology
decrease this risk, as recent studies concluded [49]. We can also
see that stage 0 was related with younger people (50-64 years
age group). The k-means results gave similar conclusions as in
the MCA. The younger people, stage 0, and survival appeared
in the same cluster as demonstrated in the previous k-means
analysis with the second cluster. This suggests the importance
of screening programs to detect tumors at an early stage [50].
The fourth cluster in the second analysis related rural and stage
III. This association may insinuate a possible delay in diagnosis
or difficulties in accessing the health care system and mass
screening testing in rural areas [51]. Finally, note that all clusters
that had stage II or III also included obesity or excess weight.
This may suggest that the BMI may be a determinant for having
an aggressive colorectal tumor. However, no significant
outcomes related to income were obtained, although 80%
(863/1083) of the cases were low-income patients. This high
percentage of low-income cases could be explained by the fact
that the average annual net income per person in Catalonia in
2015 was €12,283 [52].

The strengths of using the MCA and k-means cluster analysis
are that the results are less susceptible to outliers in the data,
the influence of chosen distance measures, or the inclusion of
inappropriate or irrelevant variables [53]. This study had some
limitations that should be noted. Regarding the techniques, it
tends to take into account the relative weight of each variable
concerning the set of study variables and allows control for
potential confounding factors such as sex, age, and survival.

However, some residual confounding effects cannot be ruled
out. Further, these include the low number of cases with tumor
stage (438/1083, 40% of total). In consequence, the final data
set also made it difficult to analyze the strength of the causal
relationship between different prediction parameters and
outcomes because it contained few registers. The postal address
registered for each case was the patient’s home address at the
time of cancer diagnosis. However, this address may have
changed during the study. Despite this, the number of cases
with changed addresses would be very low and this factor is
not expected to produce bias in the results. Some lifestyle
aspects such as alcohol consumption, diabetes, or profession
were not considered. The lack of cause of death is another
limitation. The results showed that there is room for other kinds
of risk factors. Additional patient clinical history would be
required in order to find these. Further, related to the
comorbidities, the Charlson index could not be added because
approximately only 15% of the sample received it. A future
study may be the study of the causality, adding synthetic data
to enlarge the data set. Finally, some associations could hide
others due to these techniques even though they showed the
most significant relationships. In addition, the genetic and
hereditary conditions were not considered.

In conclusion, many studies demonstrate that some risk factors
such as BMI, tobacco smoking, or SES could influence the
incidence of colorectal cancer by using traditional techniques.
This study used new techniques such as MCA and k-means to
analyze the relationships between colorectal cancer and risk
factors. The outcomes obtained demonstrated that the
combination of these techniques could help to detect relations
between risk factors and patient characteristics. Obesity and
being overweight in the older population (≥75 years age group)
increases the risk of developing aggressive tumors and death.
Stage 0 was related with younger people and survival. This
highlights the importance of screening programs for colorectal
cancer. The presence of tobacco in a cluster indicated that it
must be considered as a risk factor in colorectal cancer. The
results of our study help to corroborate suspected trends in
several of the relationships detected and confirm the usefulness
of these techniques. Further, they encourage applying these
methods to other cancers and detecting how the risk factors
could be associated. In future work, it is important to delve
deeper into the patients’ characteristics and risk factors. This
means including new variables such as diabetes, alcoholism, or
the cause of death. The findings obtained in this study motivate
us to search for relations between risk factors in other cancers.
Moreover, new techniques and artificial intelligence algorithms
can be implemented to explore patterns of pretumor and
posttumor detection from the clinical history.
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Association of smoking and heavy
drinking with risk of Subsequent Primary

Cancer

Abstract: Smoking and heavy drinking are important preventable risk factors
for cancer. This article investigated the relationship between smoking and heavy
drinking and the risk of a subsequent primary cancer (SPC). A retrospective
cohort study on subsequent primary cancer (SPC) risk factors was conducted in
patients with primary cancer. Participants were patients with primary cancers
from the population registry of cancer in Lleida during 2012-2016. The dependent
variable was an SPC. Risk factors were studied with the adjusted hazard ratio
(aHR) with 95% confidence intervals (CI) using a Cox proportional hazard model.
We studied 5,658 primary cancers: 234 cases developed an SPC (4.1%) of which
2.7% (HR=1.7; 95%CI: 1.3-2.3) were males and 3% (HR=3.0; 95%CI: 1.5-3.3)
were from the 70-79 age group. There were also higher hazard ratios for SPC
in smokers (HR=1.5; 95%CI: 1.1-1.9) and heavy drinkers (HR=2.7; 95%CI:
1.4-5.4). The Cox proportional hazard model showed a relationship with the
risk of SPC in the 60-69 and 70-79 years age groups, males (aHR=1.4; 95%CI:
1.1-1.9), smokers (aHR=1.3; 95%CI: 1.0-1.7) and heavy drinkers (aHR=2.4;
95%CI: 1.3-4.8). The results confirm the association between smoking and heavy
drinking and the risk of a SPC during the early follow-up years. Patients with a
primary cancer should be informed about the risk of an SPC.
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introduction

Smoking and heavy alcohol use increase the risk of cancer [25, 26]. Smoking is
mainly associated with lung cancer and many other types of primary cancer [27–
29]. There is also strong evidence that heavy drinking causes cancer [31]. In
addition to liver cancer [30], other cancers, such as oesophageal, gastric and
colorectal cancer are associated with heavy drinking [32]. Cancer survival trends
are generally increasing, even for some of those with the highest mortality,
such as liver, pancreas and lung cancer [16]. Long-term survivors face physical,
psychosocial, medical, behavioural, and socioeconomic consequences due to
cancer and its treatment [17]. One medical consequence is an increased likelihood
of subsequent diagnosis with another cancer [18]. Cancer survivors might be
especially prone to developing new cancers for various reasons. These include
common etiologic risk factors with the primary cancer (i.e., environmental
exposure, genetics, lifestyle choices) and the after-effects of cancer treatment [19].
Risk factors such as obesity, smoking and heavy drinking could be determinants of
a subsequent primary cancer (SPC) [20, 21] which is defined as first subsequent
primary cancer occurring at least 6 months after the first cancer. Specifically,
some risk factors are more closely related to specific cancers, such as smoking
with the larynx or obesity with the stomach [22]. Several studies have reported an
association between a first primary cancer and the risk of an SPC [93, 94]. They
suggested that cancer survivors have a higher risk of an SPC than the general
population and that some SPCs share lifestyle-associated risk factors with some
primary cancers. Heavy drinking and smoking may be independent additive SPC
risk factors [95]. Other studies considered obesity, insulin resistance and diabetes
as risk factors for several SPCs [96–98]. Supramaniam et al. [18] reported that
35% of all excess risk for SPCs may be attributable to behavioural factors, such
as drinking and smoking. The study by Jassem [99] also suggested that smoking
increased the relative risk of SPCs among patients free of cancer for two or more
years. Sung et al. [22] highlighted that larynx, Hodgkin’s lymphoma, pancreas
and oesophageal cancer meant a higher risk of an SPC.

The literature focused on analysing the association between primary cancer
risk and risk factors. However, relatively few studies have explored the role of
these factors on SPC risk. Previ-ous studies investigated the relationship between
smoking, heavy drinking or body mass index with the risk of developing the
first primary cancer [23, 100] and the role this may play in the future [2] . Few
studies have focused on the relationship between SPC and risk factors in the
years following the first cancer diagnosis [22, 93, 101].
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The objective of this study was to analyse the relationship between smoking
and heavy drinking and the risk of an SPC in the Lleida region (Catalonia).

methods

Study population and design

A retrospective cohort study on SPCs and their association with some risk factors
and sociodemographic information was carried out. Data on cancer diagnoses
were obtained from the Population-based Cancer Registry (PCR) of the health
region of the province of Lleida (HRPLL) with 5 consecutive years of incidence
data from 2012 to 2016. Information on risk factors was extracted from the
eCAP [102] software, a computerized medical record program used by doctors,
paediatricians and nurses in Primary Care Centres. Before applying statistical
techniques, the information was validated by professionals in the Lleida PCR.
Potential cancer cases were validated by checking their medical records to confirm
them. We used hospital records and pathological anatomy records as the main
information sources. Study participants included all persons diagnosed with their
first ever cancer from January 1, 2012 to December 31, 2016. All patients with
a primary cancer in the 5 years before January 1, 2012, were excluded. The
cancer cases detected as FPC during 2016 were also excluded because there
was no follow-up time to register an SPC. These cases were initially included
to detect potential SPCs. Following the first cancer diagnosis every patient was
followed up from the first cancer diagnosis to the detection of an SPC, date
of death or December 31, 2016. An SPC was defined as a first subsequent
primary cancer occurring at least 6 months after the first cancer in patients
aged 50 years or more at time of first primary cancer diagnosis. Primary cancers
were identified according to the rules defined by the International Association of
Cancer Registries (IACR), the International Association for Research on Cancer
(IARC) and the European Network of Cancer Registries (ENCR).

Information on heavy drinking and smoking consumption, body mass index and
diabetes were extracted from the eCAP software. The values of these variables
at the time of the first cancer diagnoses were obtained. Body mass index (BMI)
was calculated by the weight and height of the patient using the formula

BMI = (weight(kg))/height(m)2

and categorized as follows: 18.5–24.9 normal weight, 25-29.9 overweight and
>30 obese. Heavy drinking, smoking and diabetes were identified by the ICD-10
international criteria. The ICD-10 code for alcohol use was F10.9 (alcohol use)
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previously registered by a primary care doctor. We defined this exposure as
heavy drinking that was diagnosed as the consumption of >40 grams/day in
men and >24 grams/day in women for 1 or more years [103]. To determine
diabetes, we used the code E10-E14 (diabetes mellitus). And, for smoking, we
used Z72.0 (tobacco use). Once the patients were detected to be using tobacco,
we analyzed how many cigarettes they smoked per day. We defined this exposure
as smoking when somebody smoked 6 or more cigarettes/day (moderate or
severe smoker) [104]. The eCAP software permits determination of the smoking
exposure per year. Therefore, patients defined as smokers were cases that were
exposed for more than five years before cancer detection. Former smokers were
considered as smokers because the observed cases in the dataset were minimum.

Person-years at risk were calculated as the time from the first cancer diagnosis
until December 31, 2016 or the date of the SPC diagnosis or date of death [94].
Cancer was grouped according to the type and its association with risk factors.
Type 1 covered cancers associated with smoking (larynx, oral cavity and pharynx,
stomach, oesophagus, lung and bronchus, urinary bladder and leukaemia). Type
2 included cancers associated with obesity (colon and rectum, stomach-cardia,
gallbladder (and other biliary), thyroid, corpus and uterus, breast, pancreas,
ovary, kidney and renal pelvis, myeloma). Type 3 was associated with infections
(liver, anus, cervix uteri, vulva and other genital organs, lymphoma, penis and
other genital organs). Type 0 represents other cancers [22].

Data collection

The data consisted of the information registered between 2012-2016 in the Lleida
PCR for cancer patients in the main hospitals in the health region of the province
of Lleida. These are the Arnau de Vilanova University Hospital and the Santa
Maria University Hospital (HUSM). This information included sociodemographic
variables and exposure to smoking and heavy drinking at the moment the cancer
was detected. The variables of this study were: gender (male, female), age group
(50-59, 60-69, 70-79, 80-); person-years at risk, cancer type (type 0, type 1, type
2, type 3), smoking habits (Yes, No), heavy drinking (Yes, No), classification of
BMI (normal weight, overweight, obesity), diabetes (Yes, No).

Statistical Analysis

Patients diagnosed with and without SPCs were compared by socio-demographic
information and risk factors. A bivariate analysis was performed to investigate
the relationships between the dependent variable (primary cancer with SPC and
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non-SPC) and the independent variables, with the crude hazard ratios (HR)
and their 95% confidence intervals (CIs) for SPC in cancer patients. A Cox
proportional hazard model was used to estimate the adjusted hazard ratios (aHR)
and their corresponding 95% CIs. In addition, Cox proportional hazard models
were constructed separately for men and women. The probability values for
statistical tests were two-tailed, and a CI that does not contain 1.0 was regarded
as statistically significant. Results with wide CIs should be interpreted cautiously.
All statistical analyses were performed using R 3.6.2 (R Core Team 2019), an
open-source programming language and environment for statistical analysis and
graphic representation.

results

We studied 5,658 cancer patients (3,477:61.4% males), of whom 234 (4.1%)
had an SPC. Most patients were from the 60-69 years (31.5%) and 70-79 years
(32.7%) age groups. With respect to the first cancer type, 152 cases (2.7%)
were infection cancer types (type 3), 1,190 cases (21.0%) were obese cancer
types (type 2) and 1,573 cases (27.8%) were smoking cancer types. The median
patient follow-up was 2 years and the mean was 1.9 years. Smokers represented
30.5% (1,727 cases), there were 216 cases (3.8%) diagnosed with diabetes, and
97 cases of heavy drinking (1.7%) (table 4.1).

The risk factors for patients with an SPC (table 4.2) were analysed by bivariate
analysis. There were 69 (1.6%) cases of women with a diagnosed SPC and
165 (2.7%) of men (HR=1.7; 95% CI: 1.3-2.2). The age groups associated
with SPCs were those aged 60-69 (HR=1.6; 95% CI: 1.1-2.6) and 70-79 years
(HR=2.1; 95% CI: 1.5-3.3). There was also a relationship between SPC and
smoking (HR=1.5; 95% CI: 1.1-1.9) and heavy drinking (HR=2.6; 95% CI:
1.4-5.4). No associations were found for the primary cancer type, body mass
index and diabetes.

With respect to the outcomes of the Cox proportional hazard model (table
4.3), gender, age, smoking habits and heavy drinking were significantly associated
with the risk of SPCs. The aHR for males was 1.4 (95% CI: 1.1-1.9). With
respect to the age group, the aHR of the 60-69 years age group was 1.6 (95%
CI: 1.1-2.5) and 2.2 (95% CI: 1.5-3.4) for the 70-79 years age group. For the
80 years and over age group, the aHR was 1.2 (95% CI: 0.7-2.0). The aHR for
smoking was 1.3 (95% CI: 1.0-1.7) and for heavy drinking, 2.4 (95% CI: 1.3-4.8).

Table 4.4 shows the results of the Cox proportional hazard analysis stratified
by gender. The outcomes for males were similar to those of table 4.2. For
females, the risk of SPC increased in the 70-79 years age group (HR=2.6; 95%
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Total

N %

Gender

Female 2,181 38.5

Male 3,477 61.4

Age

50-59 1,104 19.5

60-69 1,784 31.5

70-79 1,851 32.7

80- 919 16.2

Cancer type

Type 3 152 2.7

Type 2 1,314 23.3

Type 1 1,446 25.5

Type 0 2,743 48.5

Body mass index

Normal weight 1,537 27.1

Overweight 2,437 43.1

Obese 1,684 29.7

Smoking

No 3,931 69,4

Yes 1,727 30,5

Diabetes

No 5,442 96.2

Yes 216 3.8

Heavy drinking

No 5,561 98.3

Yes 97 1.7

Table 4.1: General characteristics of patients with cancer, Lleida cancer register,
2012-2016.
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Total SPCsa

(py) % n % (n/py) * 100 Crude HR 95% CI

Gender

Female 4,349 42.6 69 1.6 Ref. group -

Male 6,208 58.4 165 2.7 1.7 1.3 - 2.2

Age

50-59 2,195 20.8 30 1.4 Ref. group -

60-69 3,415 32.3 79 2.3 1.7 1.1 - 2.6

70-79 3,416 32.4 102 3.0 2.1 1.5 - 3.3

80- 1,531 14.5 24 1.6 1.1 0.6 - 2.0

Cancer type

Type 3 323 3.1 4 1.2 Ref. group -

Type 2 2,584 23.4 29 1.1 0.9 0.3 - 2.6

Type 1 2,119 21.2 66 3.0 2.4 0.9 - 6.7

Type 0 5,524 52.3 135 2.4 2.0 0.7 - 5.4

Body mass index

Normal weight 2,781 26.3 63 2.3 Ref. group -

Overweight 4,616 43.7 108 2.3 1.0 0.7 - 1.4

Obese 3,160 29.9 63 2.0 0.9 0.6 - 1.3

Smoking

No 7,462 70.7 146 2.0 Ref. group -

Yes 3,095 29.3 88 2.8 1.5 1.1 - 1.9

Diabetes

No 10,162 96.3 224 2.2 Ref. group -

Yes 395 3.7 10 2.5 1.2 0.6 - 2.2

Heavy drinking

No 10,404 98.6 225 2.2 Ref. group -

Yes 153 1.4 9 5.9 2.7 1.4 - 5.4

Table 4.2: Bivariate analysis by the density incidence and subsequent primary
cancer.

a Subsequent primary cancer
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CI: 1.2-5.7) and the 80 years and over age group (HR=3.0; 95% CI: 1.3-7.1).
Smoking and heavy drinking presented similar aHRs but were not statistically
significant.

Finally, potential interactions were calculated between smoking, heavy drinking,
and diabetes with groups of cancer locations (types 0, 1, 2, and 3). However,
there were no statistically significant interactions found. Please see the tables in
the annex for further details ( tables 4.7, 4.8, 4.9).

Hazard ratio 95% CI a

Female 1.0 Ref. group

Male 1.4 1.1 - 1.9

Age 50-59 1.0 Ref. group

Age 60-69 1.6 1.1 - 2.5

Age 70-79 2.2 1.5 - 3.4

Age 80- 1.2 0.7 - 2.0

Smoking 1.3 1.0 - 1.7

Heavy drinking 2.4 1.3 - 4.8

Table 4.3: Cox proportional hazard analysis of risk of subsequent primary cancer.

a Confidence interval

discussion

This study highlighted that 4.1% of patients had an SPC after a mean follow-up
of 1.9 years. Other studies registered up to 10% of patients with SPCs, but over
a longer period of time [22]. This risk is increased by heavy drinking and smoking
during the first follow-up years and suggests that these factors are risk factors
for an SPC. Age also played an important role in the appearance of SPCs.

Previous studies analysed the association of SPC risk with risk factors. Barclay
et al. studied the incidence of second primary cancer related to smoking in
lung cancer cases [105]. They concluded that the incidence of subsequent
cancer increased among lung cancer survivors. Another study also suggested
the association of subsequent risk cancer with smoking and heavy alcohol use,
especially among prostate cancer cases [106]. Another risk factor recently
related to the SPC risk was the human papillomavirus (HPV). Wang et al. [107]
highlighted the importance of finding strategies that prevent or detect SPC early
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Males Females

Adjusted HRa 95% CIb Adjusted HR 95% CI

Age 50-59 1.0 Ref. group 1.0 Ref. group

Age 60-69 1.6 1.0 - 2.7 1.8 0.8 - 3.9

Age 70-79 2.0 1.3 - 3.4 2.6 1.2 - 5.7

Age 80- 0.5 0.2 - 1.2 3.0 1.3 - 7.1

Diabetes 1.4 0.7 - 2.8 - -

Smoking 1.2 1.0 - 1.6 1.8 0.8 - 3.7

Heavy drinking 2.3 1.1 - 4.7 3.2 0.4 - 23.6

Table 4.4: Cox proportional hazard analysis of risk of subsequent primary cancer
stratified by men and women.

a Hazard ratio
b Confidence interval

in cancer survivors. Gilbert et al. [108] quantified the increased risk of a second
HPV-associated cancer following diagnosis and also remarked on the implications
for follow-up, screening and future therapeutic trials.

There were large differences in the percentage of cases among men during the
first years following detection of the first primary cancer. Men were at higher risk
for SPC, and both men and women with primary cancer would be at higher risk
for a new cancer than men and women in the general population [22, 109]. This
can be related to having a higher exposure to heavy drinking and smoking [110].
Ragusa et al., in a population study based on the Sicilian Registry (Italy) also
observed a higher risk of SPC in men [111].

There were also significant differences between age groups. The 60-69 and
70-79 years age groups represented the vast majority of cases with SPCs (31.5%
and 32.7% respectively). During the first primary follow-up years, these groups
had a higher risk. The increase in risk with age has been observed in other
studies and is related to the cumulative effect of exposure to possible risk factors,
such as smoking, heavy drinking and obesity [112]. After the age of 80, the risk
decreased notably because the risk of dying, in general, is higher and there were
fewer follow-up years [113]. Similarly to the incidence of primary cancer in older
people, genetics, underreporting and the age-related physiological effect could
also explain the reduced risk [114].

No significant results were obtained for the primary cancer type and the body
mass index. However, other studies have established an increased risk of SPC
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from being overweight and obese. These factors are a risk for a significant group
of primary cancers and could also behave as risk factors for SPC [96, 115]. In
the case of diabetes, the study also estimated a higher risk of SPCs (HR=1.2),
but this was not statistically significant. Other studies also suggest that diabetes
could be a risk factor for primary cancer and SPCs [116].

We did not find significant associations for cancer location and the risk of
SPCs. This may be related to the relatively short follow-up or the explanatory
role of other variables included in the model such as smoking. However, other
authors concluded that several types of primary cancer are significantly associated
with a greater risk of developing and dying from an SPC compared with the
general population. Chen et al. analysed the risk of an SPC among patients
with oesophageal cancer regardless of risk factors [117]. The authors confirmed
that the risk of an SPC remained high in the follow-up > 10 years. Liu et. al
focused on the risk of SPCs in patients with head and neck carcinoma [118].
They concluded that there are significant differences in SPC incidence but did not
take into account the exposure to risk factors. Another study demonstrated that
some specific cancers increased the risk of SPC [22]. Sung et al. demonstrated
that larynx and oesophageal cancers were closely associated with smoking and
carried a risk of SPC.

Smoking and heavy drinking were significantly associated with the risk of SPCs
and cor-roborated previous studies that reached similar conclusions [119, 120].
Both factors explain part of the risk of SPC associated with age and being male.

The Cox proportional hazard analysis included all the variables that remained
in the model as risk factors for SPCs. The gender and age groups confirmed the
correlation with the risk of SPCs during the first follow-up years after diagnosis.
Smoking and heavy drinking were also significant in the independent model.
These results corroborated the outcomes of previous studies [95]. Smokers were
1.3 times more at risk than non-smokers. Heavy drinking patients were 2.4 times
more at risk than the others [121, 122]. A recent study found similar smoking
outcomes where the authors concluded that smoking increases the SPC risk. In
terms of heavy drinking, our study presented a higher risk even though both
were significant [123]. The Cox proportional hazard analysis stratified by gender
obtained similar results. Males maintained the smoking and heavy drinking
associated with the risk of SPCs. Females also maintained similar risks as the
previous model, even though smoking and heavy drinking were not significant
due to fewer cases and a lower statistical power of the model.

Supplementary tables are included to analyse the association between SPC
risk, risk factors and sociodemographic information stratified by BMI (table 4.5)
and smoking (table 4.6). Table 4.5 shows the adjusted hazard ratios stratified by
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normal weight, overweight and obesity. Similar risks were observed even though
they lost statistical power due to fewer cases. In the case of table 4.6, similar
risks were also obtained. The results for the BMI were similar to those obtained
in the bivariate analysis and the same occurred with diabetes. However, for heavy
drinking there was suggested association among non-smokers and smokers.

The study has some limitations. The short follow-up period after the first
diagnosis may have reduced the probability of detecting risk factors related to
body mass index and diabetes. This shorter follow-up did not enable more
SPCs to be observed; therefore, a greater number of years of observation would
improve the quality of the sample. Additionally, this shorter period caused the
first patients included in the cohort to present a higher risk of an SPC due to
the longer follow-up period. Moreover, the codification of the risk factors varied
depending on the coding by the GP. Some cases of primary cancer without an
SPC could develop SPCs later and become cases in future years. In this case,
they also share risk factors for SPCs. Therefore, the effects of the risk factors
might be underestimated, which could explain the observed lack of relationship
between BMI and primary cancer location. In the case of smoking, consumers
of electronic cigarettes and smokeless tobacco were not included because the
software did not register them at the beginning of the cohort, although their
prevalence among patients aged 50 or more years is low. The study’s strengths
included the fact that data are presented on risk factors, such as excess weight,
smoking and heavy drinking. The study was performed with information from
clinical practice, with physicians unaware of the study objectives, thus avoiding
investigator bias.

conclusions

This study carried out between 2012 and 2016 found an association between
smoking and drinking habits and the risk of SPC during the first follow-up years.
It also showed that men were more at risk than women. By age group, the
risk of SPC increased until the age of 80 or more years during the first years
after the primary cancer diagnosis. Therefore, despite some limitiations, such
as the lack information on electronic cigarettes, smokeless tobacco and dietery
factors, the results are in line with recently published reports. In general, these
results reinforce the need for public health messaging about the harmful effects of
smoking and heavy drinking. They also encourage continued research into SPCs
to find new factors associated with these cancers and help the health system
focus on preventing them. Patients with a primary cancer should be informed
about the risks of SPCs.
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supplementary

Normal-weight Overweight Obese

Adjusted HRa 95% CIb Adjusted HR 95% CI Adjusted HR 95% CI

Female 1.0 Ref. group 1.0 Ref. group 1.0 Ref. group

Man 1.6 0.9 – 2.8 1.3 0.8 – 2.1 1.4 0.8 – 2.4

Age 50-59 1.0 Ref. group 1.0 Ref. group 1.0 Ref. group

Age 60-69 1.7 0.8 – 3.6 1.5 0.8 - 2.9 2.0 0.9 – 4.7

Age 70-79 2.0 0.7 - 3.2 2.7 1.5 – 5.0 2.2 1.0 – 5.3

Age 80- 0.5 0.6 – 3.4 0.6 0.2 – 1.7 2.0 0.7 – 5.9

Diabetes 1.0 0.2 – 4.3 1.0 0.3 – 2.8 1.2 0.4 – 3.3

Smoking 1.2 0.7 – 2.0 1.6 1.0 – 2.4 1.2 0.6 – 2.0

Heavy drinking 2.3 0.7 – 7.7 1.2 0.3 – 4.7 4.6 1.6 – 13.1

Table 4.5: Cox proportional hazard analysis of risk of subsequent primary cancer
stratified by normal-weight, overweight and obese.

a Hazard ratio
b Confidence interval
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Non-smoking Smoking

Adjusted HRa 95% CIb Adjusted HR 95% CI

Female 1.0 Ref. group 1.0 Ref. group

Man 1.4 1.0 – 2.1 1.2 0.6 – 2.5

Age 50-59 1.0 Ref. group 1.0 Ref. group2

Age 60-69 1.8 1.0 – 3.4 1.5 0.8 - 2.8

Age 70-79 2.4 1.3 – 4.3 2.0 1.1 – 3.8

Age 80- 1.5 0.7 – 3.0 0.5 0.1 – 1.8

Diabetes 0.6 0.2 – 1.7 1.9 0.8 – 4.5

Normal weight 1.0 Ref. group 1.0 Ref. group

Overweight 0.9 0.6 – 1.3 1.1 0.7 – 1.9

Obese 0.9 0.6 – 1.4 0.8 0.5 – 1.5

Heavy drinking 3.7 1.5 – 9.3 1.6 0.6 – 4.4

Table 4.6: Cox proportional hazard analysis of risk of subsequent primary cancer
stratified by normal-weight, overweight and obese.

a Hazard ratio
b Confidence interval

Hazard ratio 95% CI a

Type 3 1.0 Ref. group

Type 2 0.9 0.3 - 2.6

Type 1 2.6 1.0 - 7.1

Type 0 1.9 0.8 - 5.3

Diabetes 1.0 0.2 - 7.5

Diabetes * Type 2 N/A N/A - N/A

Diabetes * Type 1 0.8 0.1 - 9.4

Diabetes * Type 0 1.2 0.1 - 10.3

Table 4.7: Cox proportional hazard analysis of risk of subsequent primary cancer.
Interactions between diabetes and cancer location groups.

a Confidence interval
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Hazard ratio 95% CIa

Type 3 1.0 Ref. group

Type 2 0.9 0.3 - 2.6

Type 1 2.6 1.0 - 7.1

Type 0 1.9 0.8 - 5.3

Smoking 1.3 1.0 - 1.7

Smoking * Type 3 2.7 0.8 - 9.1

Smoking * Type 2 N/A N/A - N/A

Smoking * Type 1 2.0 0.9 - 4.5

Smoking * Type 0 1.6 0.7 - 3.4

Table 4.8: Cox proportional hazard analysis of risk of subsequent primary cancer.
Interactions between smoking and cancer location groups.

a Confidence interval

Hazard ratio 95% CI a

Type 3 1.0 Ref. group

Type 2 0.9 0.3 - 2.6

Type 1 2.6 1.0 - 7.1

Type 0 1.9 0.8 - 5.3

Heavy drinking 2.4 1.3 - 4.8

Heavy drinking * Type 3 0.0 0.0 - Inf.

Heavy drinking * Type 2 N/A N/A - N/A

Heavy drinking * Type 1 1.1 0.1 - 9.8

Heavy drinking * Type 0 1.2 0.1 - 10.8

Table 4.9: Cox proportional hazard analysis of risk of subsequent primary cancer.
Interactions between heavy drinking and cancer location groups.

a Confidence interval
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deeper into the relationships between risk factors and aspirin use with the risk of
developing CRC. We made a retrospective cohort study of CRC risk factors and
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inhabitants pre-scribed with medication between 2007 and 2016 and patients
with CRC diagnosed between 2012 and 2016. Risk factors and aspirin use were
studied using adjusted HR (aHR) with 95% confi-dence intervals (CI) using a Cox
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years. Of patients with CRC, 62% were male (HR=1.8; 95% CI: 1.6-2.2), 39.5%
were overweight (HR=2.8; 95% CI: 2.3-3.4) and 47.3% were obese (HR=3.0;
95% CI: 2.6-3.6). Cox regression showed an association between aspirin and
CRC (aHR=0.7; 95% CI: 0.6-0.8), confirm-ing a protective effect against CRC
and an association between the risk of CRC and excess weight (aHR=1.4; 95%
CI: 1.2-1.7), smoking (aHR=1.4; 95% CI: 1.3-1.7) and risky drinking (aHR=1.6;
95% CI: 1.2-2.0). Our results show that aspirin use decreased the risk of CRC
and corroborated the relationship between overweight, smoking and risky drinking
and the risk of CRC.
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Abstract: Excess weight, smoking and risky drinking are preventable risk factors for colorectal cancer
(CRC). However, several studies have reported a protective association between aspirin and the risk
of CRC. This article looks deeper into the relationships between risk factors and aspirin use with
the risk of developing CRC. We performed a retrospective cohort study of CRC risk factors and
aspirin use in persons aged >50 years in Lleida province. The participants were inhabitants with
some medication prescribed between 2007 and 2016 that were linked to the Population-Based Cancer
Registry to detect CRC diagnosed between 2012 and 2016. Risk factors and aspirin use were studied
using the adjusted HR (aHR) with 95% confidence intervals (CI) using a Cox proportional hazard
model. We included 154,715 inhabitants of Lleida (Spain) aged >50 years. Of patients with CRC,
62% were male (HR = 1.8; 95% CI: 1.6–2.2), 39.5% were overweight (HR = 2.8; 95% CI: 2.3–3.4) and
47.3% were obese (HR = 3.0; 95% CI: 2.6–3.6). Cox regression showed an association between aspirin
and CRC (aHR = 0.7; 95% CI: 0.6–0.8), confirming a protective effect against CRC and an association
between the risk of CRC and excess weight (aHR = 1.4; 95% CI: 1.2–1.7), smoking (aHR = 1.4; 95%
CI: 1.3–1.7) and risky drinking (aHR = 1.6; 95% CI: 1.2–2.0). Our results show that aspirin use
decreased the risk of CRC and corroborate the relationship between overweight, smoking and risky
drinking and the risk of CRC.

Keywords: colorectal cancer; aspirin use; excess weight; smoking; risky drinking

1. Introduction

Colorectal cancer (CRC) is the third leading cause of cancer death globally and the
second in Europe, and its incidence is steadily rising in developing nations [1], with nearly
520,000 new cases in Europe in 2020 [2], even though a large proportion of these case are
highly preventable [3]. A study in nine European countries found that approximately 20%
of CRC cases may be related to overweight, smoking and risky drinking [4]. In contrast,
studies have shown that long-term aspirin use may prevent CRC [5,6].

Shaukat et al. found a direct relationship between the body mass index (BMI) and
long-term CRC mortality and suggested that BMI modulation may reduce the risk of CRC
mortality [7]. A recent study has shown the role of obesity and overweight in early-onset
CRC, and concluded that obesity is a strong risk factor [8]. Ghazaleh Dashti et al. found an
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association between risky drinking and an increased risk of CRC [9]. Likewise, a study has
suggested an association between passive smoking and the risk of CRC [10].

Some studies have found a protective effect of aspirin against CRC [11] and various
studies have concluded that aspirin reduces the overall risk of CRC recurrence and mortality
and colorectal adenomas. Ma et al. recently found that aspirin, including low-dose aspirin,
reduced the risk of CRC [12]. A recent study by Zhang et al. on the effect of aspirin use
for 5 and 10 years found that the continuous use of aspirin increases the protective effect
on CRC [13]. A Danish study also found that the continuous use of low-dose aspirin was
associated with a reduced CRC risk [14]. Some studies have shown differing results on
the protective effect of aspirin due to the different designs used, the type of follow-up, the
recorded aspirin consumption and the size and type of population. Although the data
seem compelling, a limitation of these analyses is that they do not take into account risk
factors for CRC [15]. These previous studies investigated the association between the use
of aspirin and CRC, but they did not study the role played by risk factors such as tobacco
smoking, alcohol or excess weight. In this study, we explore how these factors, combined
with aspirin use, affect the risk of CRC in a particular society.

The objective of this study was to determine the protective effect of aspirin against
CRC, taking into account the effect of other risk factors (overweight/obesity, risky drinking
and smoking), in Lleida, a province in Catalonia, Spain, with a large rural population and
an agri-food industry that may present specific risk factors [16,17].

2. Materials and Methods
2.1. Study Population

We conducted a retrospective cohort study of aspirin use and risk factors to analyze the
impact of these factors on the risk of CRC. We carried out the study on 154,715 inhabitants
of Lleida aged >50 years at the start of the study period, with data available on aspirin use
from 1 January 2007 to 31 December 2016 in the Catalan Health Service (CatSalut) system.
The reason for selecting this period was to ensure that those CRC cases detected in 2012
had the opportunity to be exposed to aspirin for at least five years. This population was
linked to the Lleida Population-based Cancer Registry to detect CRC diagnosed between
2012 and 2016.

Data on aspirin use were obtained from the number of packages dispensed by pharma-
cies. Catalonia has a public health system in which medicines are dispensed in pharmacies
after presenting a doctor’s prescription. Drugs administered to hospitalized patients and
those prescribed by private providers are not registered in the CatSalut system, and there-
fore were not included in this study. The CRC cases in the sample were obtained from the
Lleida Population-Based Cancer Registry, and the demographic characteristics of partici-
pants, including age and sex, were obtained from the CatSalut system. Figure 1 shows a
flowchart of the study population. Initially, the pharmacy database registered 724,070 inhab-
itants with any prescription, although 346,365 were excluded because they did not reside
in the Lleida region. Another exclusion criterion was age. We only included inhabitants
aged >50 years at the start of the observed period (2007), resulting in 154,717 inhabitants.
We also excluded those inhabitants who did not register the risk factors correctly, although
the cases excluded were minimal.

As has been presented before, this study included different databases. To enable this
linkage, it was necessary to use a personal identification code called CIP. This code is
unique to each inhabitant who resides in Catalonia and permits us to identify them in the
Catalan Health Service and its registers (hospitals, pharmacies or primary care centers).

2.2. Data Collection

Data on CRC diagnoses were obtained from the Lleida Population-Based Cancer
Registry using five consecutive years of incidence data, from 2012 to 2016. This period
was chosen as the available years validated by the professionals of the register. Potential
CRC cases were validated by checking medical records. We used hospital and pathological
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anatomy records as the main information sources. Cancers were identified following
the rules defined by the International Association of Cancer Registries, the International
Association for Research on Cancer and the European Network of Cancer Registries.

Figure 1. Flowchart of subjects included for the analysis.

The risk factors included were risky drinking, smoking and body mass index. This
information was extracted using the eCAP software (V 20.4.3) used by primary care
physicians to record all patient information, which registers information from 2001. The
values of these variables at the time that this study started were obtained. Body mass
index (BMI) was calculated by the weight and height of the patient using the formula
BMI = weight(kg)/height(m)2 and categorized as follows: 18.5–24.9 normal weight,
25–29.9 overweight and >30 obesity [18]. The ICD-10 international criteria identified risky
drinking and smoking. The ICD-10 code for risky drinking is F10.2, and those for smoking
are F17 (mental and behavioral disorders due to tobacco use) and Z72 (tobacco use). Risky
drinking was defined as consumption of >40 g/day of alcohol in men and >24 g/day in
women [19]. The Spanish Health Ministry defined these grams per day with the supervision
of the WHO [20]. The software also states the date of smoking onset. Smokers were defined
as exposure for >5 years before the start of the study. The reason for using a period of five
years was due to a previous study that suggested that this period might increase the risk of
cancer [21]. Former smokers were considered smokers because the observed points in the
dataset were minimal, and adding this new category could have imbalanced the dataset.
General characteristics are represented in Table 1.

2.3. Exposure

Aspirin was categorized according to the Anatomical Therapeutic Chemical (ATC)
classification system as A01AD05 (acetylsalicylic acid) medication. The use of aspirin was
evaluated based on the defined daily dose (DDD) and the milligrams (mg) accumulated
dose consumed by each patient throughout the study period. The DDD is a technical unit
of measurement that corresponds to the daily maintenance dose of a drug for its main
indication in adults and a given route of administration. The DDDs of active ingredients
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are established by the WHO and published on the WHO Collaborating Center for Drug
Statistics Methodology website [22,23].

Table 1. General characteristics of the inhabitants included in this study.

Total Men Women

N % N % N %

Gender
Female 80,865 52.3 - - - -
Male 73,850 47.7 - - - -
Age

[50–59) 46,454 30.0 24,080 32.6 22,374 27.7
[60–69) 35,819 23.2 17,655 23.9 18,164 22.5
[70–79) 28,138 18.2 12,842 17.4 15,296 18.9
[80–89) 23,651 15.3 10,176 13.8 13,475 16.7

[90–) 20,653 13.3 9097 12.3 11,556 14.3
Aspirin
Non-use 138,157 88.1 66,695 90.3 71,462 88.4

Use 16,558 11.9 7155 9.7 9403 11.6
Body Mass Index

Normal weight 47,761 30.9 21,088 28.6 26,673 33.0
Overweight 51,022 33.0 27,005 36.6 24,017 29.7

Obesity 55,932 36.1 25,757 34.9 30,175 37.3
Risky drinking

No 151,323 97.8 71,997 97.5 79,326 98.1
Yes 3392 2.2 1853 2.5 1539 1.9

Smoking
No 140,749 90.9 62,995 85.3 77,754 96.2
Yes 13,966 9.1 10,855 14.7 3111 3.8

Exposure was determined from computerized pharmacy data and consisted of the
total DDD dispensed to an individual during the study period. For instance, if a person
consumed aspirin for a while, then stopped using it and later started again, the total DDD
consumed during the following period was considered. To be considered as exposed to
aspirin, the total number of years of consumption had to be ≥5 years. The number of years
was based on previous studies, which suggested this period as the minimum for aspirin to
have a protective effect [13,24]. To consider exposure to aspirin, the minimum consumed
daily was >75 mg [25,26]. The number of DDD calculated this value in mg.

2.4. Statistical Analysis

Descriptive analyses were performed to evaluate the association between characteris-
tics at baseline, exposure and outcomes. Patients’ characteristics, risk factors and aspirin
exposure were analyzed to determine the association with the risk of CRC. The incidence
rate of CRC was calculated to each factor over a specified period. A bivariate analysis
was initially used to estimate the crude hazard ratios for the association between aspirin
consumption and the risk of incident CRC.

A Cox proportional hazard model was used to determine the HR and the correspond-
ing 95% CI. The models were adjusted by sex, age, aspirin exposure, BMI, risky drinking
and smoking. Subsequently, stratified models were calculated by sex.

The probability values for the statistical tests were two-tailed, and a CI that did not
contain 1.0 was regarded as statistically significant. Results with wide CIs should be
interpreted cautiously. All statistical analyses were performed using R (R Core Team
2019), an open-source programming language and environment for statistical analysis and
graphic representation.
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3. Results

We analyzed 154,715 inhabitants of Lleida aged >50 years, of whom 1276 (0.8%) had
CRC between 2012 and 2016. The mean CRC incidence rate and the total cases by sex and
age group for the five study years are shown in Figure 2a,b.

Figure 2. (a) Total CRC cases by age groups and sex for 5 years. (b) Mean observed CRC incidence
by age groups and sex during one year.

The sociodemographic information and aspirin exposure in patients with CRC (Table 2)
were analyzed in the bivariate analysis.

We recorded 485 (0.8 × 1000) females and 791 (1.4 × 1000) males (HR = 1.9; 95% CI;
1.6–2.0) with CRC. Most patients were from the 60–69 years (HR = 1.8; 95% CI; 1.6–2.1) and
70–79 years age groups (HR = 2.0; 95% CI; 1.9–2.6). There were 1138 (1.2 × 1000) CRC cases
without aspirin consumption and 138 with aspirin consumption (1.0 × 1000) (HR = 0.9;
95% CI; 0.8–1.1). There were 504 (1.2 × 1000) cases with overweight (HR = 2.5; 95% CI;
2.2–3.1) and 603 (1.3 × 1000) with obesity (HR = 2.7; 95% CI; 2.3–3.3), and there were 56
(2.2 × 1000) cases with risky drinking (HR = 2.1; 95% CI; 1.6–2.7), while 220 (2.0 × 1000)
were smokers (HR = 2.0; 95% CI; 1.8–2.4).

Cox regression showed variations in the outcomes (Table 3). Sex, age and aspirin
exposure were significantly associated with CRC. The adjusted HR (aHR) for males was 1.8
(95% CI: 1.6–2.1) and 1.8 (95% CI: 1.6–2.1) in the 60–69 years age group, 2.3 (95% CI: 1.9–2.7)
in the 70–79 years age, 2.2 (95% CI: 1.8–2.6) in the 80–89 years age group and 0.2 (95%
CI: 0.1–0.3) in the 90 years age group. Aspirin consumption had an aHR of 0.7 (95%
CI: 0.6–0.8). The BMI also was significant. Overweight had an aHR of 1.4 (95% CI: 1.2–1.7)
and obesity of 1.5 (95% CI: 1.3–1.8). Risky drinking had a significant aHR of 1.6 (95%
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CI: 1.2–2.0) and smoking an aHR of 1.4 (95% CI: 1.3–1.7). Figure 3 represents the adjusted
hazard ratios graphically.

Table 2. Bivariate analysis with the observed years and CRC patients.

Total
n % (n/p-y)

Crude
HR 1 95% CIPerson-Year

(p-y) %

Gender
Female 639,455 53.1 485 0.8 1.0 Ref. group
Male 563,716 46.9 791 1.4 1.9 1.6–2.1
Age

(50–59) 393,275 32.7 303 0.8 1.0 Ref. group
(60–69) 297,538 24.7 426 1.4 1.8 1.6–2.1
(70–79) 215,272 17.9 349 1.6 2.0 1.9–2.6
(80–89) 147,817 12.3 184 1.2 1.6 1.3–1.9

(90–) 149,269 12.4 14 0.1 0.1 0.1–0.2
Aspirin
Non-use 1,068,470 88.8 1138 1.2 1.0 Ref. group

Use 134,701 11.2 138 1.0 0.9 0.8–1.1
Body mass index
Normal weight 350.994 29.2 169 0.5 1.0 Ref. Group

Overweight 404.905 33.7 504 1.2 2.5 2.2–3.1
Obesity 447,272 37.2 603 1.3 2.7 2.3–3.3

Risky drinking
No 1,177,736 97.9 1220 1.0 1.0 Ref. Group
Yes 25,435 2.1 56 2.2 2.1 1.6–2.7

Smoking
No 1,094,891 91.0 1056 1.0 1.0 Ref. Group
Yes 108,280 9.0 220 2.0 2.0 1.8–2.4

1 Hazard ratio.

Table 3. Multivariate analysis—Cox regression.

Adjusted Hazard Ratio
(aHR); 95% CI 1 p-Value

Female - Ref. Group
Male 1.8 (1.6–2.1) <0.001

(50–59) - Ref. Group
(60–69) 1.8 (1.6–2.1) <0.001
(70–79) 2.3 (1.9–2.7) <0.001
(80–89) 2.2 (1.8–2.6) 0.007

(90-) 0.2 (0.1–0.3) <0.001
Aspirin use 0.7 (0.6–0.8) 0.006

Normal weight - Ref. Group
Overweight 1.4 (1.2–1.7) <0.001

Obesity 1.5 (1.3–1.8) <0.001
Risky drinking 1.6 (1.2–2.0) 0.006

Smoking 1.4 (1.3–1.7) <0.001
1 Confidence interval.

HRs were adjusted by gender, age, aspirin use, BMI, risky drinking and smoking.
Table 4 shows the results of the Cox regression stratified by sex. In the case of males,

the results were similar to the general table. In this model, aspirin exposure remained
significant (aHR: 0.7; 95% CI: 0.6–0.8), as did the BMI, risky drinking and smoking. In
females, aspirin use remained significant (aHR: 0.6; 95% CI: 0.4–0.8), but, of the risk factors,
only obesity remained significant (aHR: 1.4; 95% CI: 1.2–1.9). Figure 4 represents the
adjusted hazard ratios graphically.



Int. J. Environ. Res. Public Health 2023, 20, 4104 7 of 13

Figure 3. Hazard ratios by Cox regression adjusted for gender, age, aspirin use, BMI, risky drinking
and tobacco smoking.

Table 4. Adjusted Cox regression model stratified by men and women.

Men Women

Adjusted
Hazard Ratio

(aHR); 95% CI 1
p-Value

Adjusted
Hazard Ratio

(aHR); 95% CI 1
p-Value

(50–59) - Ref. Group - Ref. Group 2

(60–69) 1.9 (1.7–2.3) <0.001 1.7 (1.3–2.2) <0.001
(70–79) 2.3 (1.9–2.8) <0.001 2.3 (1.7–2.9) <0.001
(80–89) 2.1 (1.6–2.7) <0.001 2.2 (1.7–3.0) <0.001

(90–) 0.2 (0.1–0.4) <0.001 0.2 (0.1–0.5) <0.001
Aspirin use 0.7 (0.6–0.9) 0.005 0.6 (0.4–0.8) 0.005

Normal weight - Ref. Group 2 - Ref. Group 2

Overweight 1.5 (1.2–2.0) <0.001 1.2 (0.9–1.6) 0.1
Obesity 1.6 (1.3–2.1) <0.001 1.4 (1.2–1.9) 0.004

Risky drinking 1.6 (1.2–2.1) 0.001 1.2 (0.4–3.7) 0.7
Smoking 1.5 (1.3–1.7) <0.001 1.4 (0.9–2.2) 0.1

1 Confidence interval. 2 Reference group.

Figure 4. Hazard ratios by Cox regression stratified by males and females. Adjusted for age, aspirin
use, BMI, risky drinking and tobacco smoking.
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HRs were adjusted by age, aspirin use, BMI, risky drinking and smoking.

4. Discussion

Our results confirm the negative association between aspirin consumption and CRC
independently of the other risk factors measured. Males may be at a higher risk of CRC
than females but aspirin may be slightly more protective in females.

Reports support a delayed effect of aspirin on CRC [27]. A meta-analysis by Rothwell
et al. examined the long-term effects of aspirin on CRC outcomes using trials of aspirin [28].
Studies on the impact of aspirin in CRC prevention have been published [6,29], although
the effects of risk factors and aspirin use together have not yet been analyzed. Therefore,
our findings corroborate the research in the field highlighting the protective effect of aspirin
and go beyond comparing this positive effect with the negative effects caused by several
risk factors.

Several recent studies have suggested an association between aspirin use and some
specific cancers. Ciu et al. concluded that high-dose aspirin reduced the risk of pancreatic
cancer [30]. Jacobo et al. analyzed studies on the relationship between aspirin and breast
cancer [31] and concluded that aspirin consumption reduced the relative risk of breast
cancer. Sieros et al. suggested that aspirin reduced the risk of esophageal cancer [32].

We found significant differences according to sex, suggesting that men have a higher
risk of developing CRC. It has been reported that men have higher cumulative levels of
smoking than women and a higher alcohol intake, which may explain the higher risk [33].

People aged between 60 and 80 years had a higher risk of CRC and the 80–89 years and
90–99 years age groups had a lower risk [34,35]. Older adults may have a differential mech-
anism compared with younger people. For example, aging is associated with alterations
in DNA methylation, which may affect the susceptibility to cancer. The gut microbiota of
older people differs from that of younger adults, which may influence drug metabolism and
inflammatory processes. Genetics, underreporting and age-related physiological effects
could explain the reduced risk [36].

We found some differences with respect to risk factors, such as overweight/obesity,
risky drinking and smoking. Overweight represented 39.5% of total CRC cases and obe-
sity 47.3%. Therefore, approximately 85% of patients with CRC presented excess weight,
suggesting exposure to a poor diet. These results corroborated previous studies [37–40].
Excess weight is one of the most important risk factors for CRC. Individuals with a higher
BMI have higher levels of chronic inflammation, and obesity may act through the gut
microbiome on colorectal tumorigenesis and also promotes colorectal cancer in mice. There
were notable differences in risky drinking. Patients with risky drinking had a higher
risk of CRC (HR = 2.2). Meta-analyses of case–control and cohort studies suggest that
high alcohol consumption might be associated with an increased risk of colorectal can-
cer. The epidemiological evidence has been complemented by molecular evidence on the
mechanisms that could explain this association [17,41]. Similar results were obtained for
smoking (HR = 2.0). The crude HR obtained also indicated this association between smok-
ing and CRC [42]. Smoking was more closely associated with colorectal tumors that arose
from non-conventional pathways, such as the serrated polyps pathway, and smoking was
significantly associated with the risk of advanced serrated polyps in a screening population.

The Cox regression included all the remaining model variables, such as risk factors and
aspirin exposure for CRC. Sociodemographic variables such as gender and age confirmed
the correlation with CRC. Males were 1.8 times more at risk than females. This may be
related to men having excess body weight and higher exposure to alcohol and smoking
than women [43]. Regarding the age groups, the results confirmed that the 70–79 years age
group had the highest risk, which was 2.3 times greater than the 50–59 years (ref. group)
and the 69–69 years and 80–89 years age groups. Other studies found similar outcomes on
the incidence and association related to CRC [44,45].

The use of aspirin for ≥5 years was significant in the Cox regression. The analysis
suggested that aspirin decreased the risk of CRC. The HR was 0.7 (95% CI: 0.6–0.8), meaning
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that it reduced the risk of CRC by 30% [46,47]. Studies have found reductions of 20–30% [46]
and 27% [47] in the risk for CRC. The risk factors were correlated with an increased risk
of CRC. Overweight and obesity were significantly associated with a CRC risk 1.4 and
1.5 times higher, respectively. Obesity had a higher risk, although the HR was similar [48].
Risky drinking and smoking also had a significant HR. Risky drinking had a 1.6 times higher
risk and smoking a 1.4 times higher risk. Other studies also found these associations [49,50],
with a 1.3 and 1.2 times higher risk for risky drinking, respectively, and a 1.2 higher risk for
smoking [50].

The Cox regression stratified by sex also obtained significant results. Men and women
had similar outcomes according to age. The trends were the same as the non-stratified
regression. The risk of CRC was higher in people aged 60–89 years in both sexes. The
use of aspirin also maintained the association with a reduced CRC risk. Specifically, in
females, aspirin could prevent CRC, in the best case, by up to 40%. A similar percentage
was obtained by Cook et al. [51] in a randomized controlled trial, which showed 42%
aspirin protection against CRC risk among women. These results corroborated the fact
that aspirin reduces the risk of CRC in both sexes [52]. However, the results related to
risk factors were significant in males. Overweight and obesity were associated with a 1.5
and 1.6 times higher risk of CRC, respectively [53]. Risky drinking and smoking were also
correlated with the CRC risk. The differences between males and females may be that males
more often have a poor diet and drink and smoke more than females [54]. In females, only
obesity was significantly associated with an increased risk of CRC. Moreover, as a previous
study concluded [55], only excess weight among men was significantly associated with
increased CRC risk. In addition, the authors suggested that this risk might be reversed in
obese men taking aspirin. Similarly, in our study, in the analysis stratified by normal weight
and overweight/obesity, aspirin was protective against CRC in both groups, but it was
only statistically significant in overweight/obese patients (Supplementary Table S1) [55].
The remaining risk factors were not related to CRC, although the HR was >1 in all of them.
Individual susceptibility and the type of exposure may explain these results. Men probably
have a different pattern of consumption than women and are more intensely exposed to
alcohol and smoking. In addition, it seems that without the effect of aspirin, these factors
are related to CRC (Supplementary Table S2).

The preventive effect of aspirin has been attributed to the inhibition of cyclooxygenase
(COX), the enzyme responsible for the synthesis of prostaglandins [56,57]. COX-2 is abnor-
mally expressed in many cancer cell lines and is involved in the processes of carcinogenesis,
angiogenesis and tumor growth. Additional mechanisms of aspirin include the induction
of apoptosis through COX-independent pathways. Future research should also study the
role of aspirin metabolites and the role of the intestinal microbiota in cancer prevention
against CRC.

Long-term aspirin is prescribed for patients with a high cardiovascular risk of non-
focal continuous pain due to arthritis, and the results of this study may support this
indication [58,59].

The study has some limitations. Firstly, some patients could buy aspirin directly
in pharmacies without a doctor’s prescription, and this consumption is underreported.
Second, some patients may not take the medication, even if they have purchased it at
the pharmacy, and, in this case, aspirin use will be overreported. Third, although the
Population-Based Cancer Registry is exhaustive, it cannot be ruled out that some cases
were diagnosed in hospitals in other territories and some cases have not been correctly
registered. We were unable to study the dose–response relationship between low-dose
aspirin and CRC because more than 90% of aspirin use in this study was at a dose of
100 mg/day, which did not allow us to assess the highest related dose effect. Another
limitation is the lack of specification of the types of CRC, such as familial polyposis or
familiar cancer genetics, as a possible bias. This information was not taken into account in
the register. A limitation that must be considered concerns the CRC cases diagnosed before
2012. These cases were not included because the Cancer Registry started registering cases in
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2012. However, CRC cases prior to 2012 would not have had the opportunity to be exposed
to risk factors or aspirin for a period of 5 or more years and would not have been recorded
as incident cases in this study. Despite this, CRC is a type of cancer that can present another
primary cancer a few years later; therefore, some CRC cases may be included. moreover,
related to the risk factors, some bias was present due to under-reporting, although the
percentage of our cases was similar to the prevalence observed in Catalonia. Finally, the
impact of these excluded cases was minimal because they were younger than 50, where
cancer may be unrelated to risk factors, or they were cases from other regions, and few
patients had to be excluded due to a lack of information on risk factors.

The study’s strengths included the fact that data are presented on risk factors, such as
excess weight, smoking and risky drinking. The study was performed with information
from clinical practice, with physicians unaware of the study objectives, which avoided
investigator bias.

5. Conclusions

This retrospective study found an association between aspirin use for ≥5 years and a
reduced risk of CRC. The protective effect due to aspirin was higher in women. The results
also showed an association between the risk of CRC and risk factors such as overweight,
obesity, smoking and risky drinking, specifically in men. Moreover, the risk of CRC in
women was significantly associated with obesity. The 70–79 and 80–89 age groups had a
higher risk of CRC in men and women. Therefore, despite some limitations, such as the
lack of information on food or dietary factors or some bias in the aspirin prescriptions, the
results are according to the recently published literature.

In general, these results reinforce the need for public health messaging about the
harmful effects of smoking, alcohol use and excess weight, and the use of aspirin to prevent
CRC under prescription. They also encourage continued research into CRC to find new
factors or interactions among them associated with this cancer. They also may help the
health system to focus on preventing them and recommend the continuous use of aspirin
under medical supervision.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/ijerph20054104/s1, Table S1: Cox regression stratified by excess
weight (obesity-overweight) and normal-weight; Table S2: Cox regression stratified by aspirin and
non-aspirin use.
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Low-dose of acetylsalicylic acid for
cancer prevention taking into account

risk factors: A retrospective cohort study

Abstract: Aspirin has been recently reported as a protector against different
cancers. Excess weight, smoking and risky drinking are risk factors significantly
associated with cancer. This study looks deeper into the relationships between
aspirin consumption, risk factors and diabetes with the risk of developing can-
cer. A retrospective cohort study of aspirin use and cancer risk factors was
carried out in persons aged >50 years in Lleida province. The participants were
prescribed medication between 2007 and 2016, and patients with cancer were
diagnosed between 2012 and 2016. Using a Cox hazard model, risk factors,
comorbidities and aspirin use were studied using adjusted hazard ratios (aHR)
with 95% confidence intervals (CI). : There were 154,715 patients in the study,
16,598 of whom consumed aspirin, and 4,714 had cancer. Aspirin use had a
significant protective effect against colorectal cancer (aHR: 0.7; 95% CI: 0.6-0.8),
pancreatic cancer (aHR: 0.4; 95% CI: 0.2-0.9), prostate cancer (aHR: 0.6; 95%
CI: 0.5-0.7) and lymphoma (aHR: 0.5; 95% CI: 0.2-0.9). A protective effect was
also suggested for the oesophageal cancer (aHR: 0.5; 95% CI: 0.2-1.8), stomach
cancer (aHR: 0.7; 95% CI: 0.4-1.3), liver cancer (aHR: 0.7; 95% CI: 0.3-1.6),
breast cancer (aHR: 0.8; 95% CI: 0.6-1.1) and lung cancer (aHR: 0.9; 95% CI:
0.7-1.2) although this relation was not significant. For leukaemia (aHR: 1.0; 95%
CI: 0.7-1.4) and bladder cancer (aHR: 1.0; 95% CI: 0.8-1.3), aspirin intake was
not significant. Our results show that aspirin use decreased the risk of colorectal,
pancreatic, prostate cancer and lymphoma.
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introduction

Aspirin has long been known to prevent cardiovascular and cerebrovascular [40,
41]. Daily administration of a low dose of aspirin has been proven beneficial
for preventing recurrent cardiovascular events [124] . Recently, many studies
have shown that long-term use of aspirin can significantly reduce the risk of
cancer [42, 43]. Specifically, aspirin consumption has been strongly related with
a protective effect against colorectal cancer (CRC) [125]. Some studies have
found that aspirin has a protective effect against some cancers. Patrignani
et al. demonstrated a potent chemopreventive effect against CRC in adults
age 50 to 59 [126]. For gastrointestinal cancers, Cho et al. concluded that
a long-use of aspirin was related with reduced incidence and mortality from
gastric cancer [127]. Specifically, a similar reduction was also associated for
stomach cancer [128]. Other cancer that has been associated with the long-use
of aspirin is the oesophageal. A recent study carried out in the United Kingdom
confirmed this protective effect [67]. Other studies investigated the effect of
aspirin on further cancers. Tracey et al. concluded that a low-dose of aspirin
was associated with a significantly lower risk of hepatocellular carcinoma [129].
Another cancer where a lower risk could be related to the use of aspirin was
pancreatic cancer [69]. In the case of lung and bronchial cancer, the combination
of aspirin and metformin also had independent protective associations [70].
Liebow et al. concluded that aspirin and other nonsteroidal anti-inflammatory
drugs were associated with a lower risk of non-Hodgkin lymphoma. Similar
conclusions were obtained for breast cancer, in which the use of aspirin was
related to a lower risk [71]. Although some studies have concluded that aspirin
protects against some types of cancer, its effect may vary depending on the
patient’s lifestyle, comorbidities and risk factors. Therefore, further research is
recommended to confirm these associations [130]. Excess weight was associated
with an increased risk of cancer [33]. Smoking and risky drinking were also
associated with cancer risk [59]. Finally, recent some studies presented relation
between diabetes and cancer risk, specifically in pancreas cancer [131]. This
study aimed to analyse the association between aspirin use and different cancers,
considering the effect of risk factors (overweight/obesity, risky drinking and
smoking) and comorbidities such as diabetes in Lleida, Catalonia, Spain.
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methods

Study population

A retrospective cohort study of aspirin use and risk factors for specific cancer
cases was carried out based on data available from 1st January 2007 to 31st
December 2016 in the Catalan Health Service (CatSalut) system, which provided
care for 154,715 inhabitants in Lleida aged > 50 years at the start of the study
period. The cancers included in this study were oesophageal, stomach, colorectal,
liver, pancreatic, lung and bronchial cancers, leukaemia, breast (only women),
prostate and bladder cancers and lymphomas. Person-years at risk were calculated
as the time from the January 1, 2007 until December 31, 2016 or the date of
the cancer diagnosis or date of death [94]. Data on aspirin use was obtained
from the number of packages dispensed by pharmacies. Catalonia has a public
health system in which medicines are dispensed in pharmacies on presentation
of a doctor’s prescription. Drugs administered to hospitalised patients and
those prescribed by private providers did not appear the CatSalut system, and
were therefore not included in this study. The cancer cases in the sample were
obtained from the Lleida Population-based Cancer Registry. The demographic
characteristics of the participants, including age and sex, were obtained from the
CatSalut system.

Data collection

Data on cancer diagnoses were obtained from the Lleida Population-based
Cancer Registry using five consecutive years of incidence data from 2012 to 2016.
Potential cancer cases were validated by checking medical records. Hospital
and pathological anatomy records were used as the main sources of information.
Cancers were identified following the rules defined by the International Association
of Cancer Registries, the International Association for Research on Cancer and
the European Network of Cancer Registries. The risk factors included were
risky drinking, smoking and body mass index, and the comorbidity included
was diabetes. This information was extracted using the eCAP software used by
primary care physicians to record all patient information. The values of these
variables at the time this study started were obtained. Body mass index (BMI)
was calculated from the weight and height of the patient using the formula

BMI = weight(kg)/height(m)2
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and categorised as: 18.5–24.9 normal weight, 25-29.9 overweight and >30 obese.
Heavy drinking, smoking and diabetes were identified by the ICD-10 international
criteria. The ICD-10 code for heavy alcohol use was F10.9 (alcohol use) previously
registered by a primary care doctor. We defined this exposure as heavy drinking
that was diagnosed as the consumption of >40 grams/day in men and >24
grams/day in women for 1 or more years [103]. To determine diabetes, we used
the code E10-E14 (diabetes mellitus). And, for smoking, we used Z72.0 (tobacco
use). Once the patients were detected to be using tobacco, we analyzed how
many cigarettes they smoked per day. We defined this exposure as smoking when
somebody smoked 6 or more cigarettes/day (moderate or severe smoker) [104].
The eCAP software permits determination of the smoking exposure per year.
Therefore, patients defined as smokers were cases that were exposed for more
than five years before cancer detection.

Exposure

Aspirin was categorised according to the Anatomical Therapeutic Chemical
classification system (ATC) as A01AD05 (Acetylsalicylic acid). Medication. The
use of aspirin was evaluated based on the defined daily dose (DDD) and the
milligrams (mg) of accumulated dose consumed by each patient throughout the
study period. The DDD is a technical unit of measurement that corresponds
to the daily maintenance dose of a drug for its main indication in adults and a
given route of administration. The DDDs of active ingredients are established by
the WHO and published on the WHO Collaborating Center for Drug Statistics
Methodology website [37, 132]. Exposure was determined from computerised
pharmacy data and consisted of the total DDDs dispensed to an individual during
the study period. For instance, if a person consumed aspirin for a while, then
stopped using it, and later started again, the total DDDs consumed during the
following period were considered. To be considered exposed to aspirin, the total
time of consumption had to be ≥5 years [133] and the minimum consumed daily
was >75 mg [68, 134]. The number of DDD calculated this value in mg.

Statistical analysis

Descriptive analyses were performed to evaluate the association between charac-
teristics at baseline, exposure and outcomes. Crude hazard ratios were initially
used to estimate the association between aspirin consumption and the risk of
incident cancer. A Cox proportional hazard model was used to determine the
HR and the corresponding 95% CI. The models for estimating the effect of
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aspirin consumption were adjusted by sex, age, aspirin exposure, risky drinking,
smoking and diabetes for each cancer. The probability values for the statisti-
cal tests were two-tailed, and a CI that did not contain 1.0 was regarded as
statistically significant. Results with wide CIs should be interpreted cautiously.
All statistical analyses were performed using R 3.6.2 (R Core Team 2019), an
open-source programming language and environment for statistical analysis and
graphic representation.

results

Patients’ characteristics

From a total of 154,715 inhabitants of Lleida aged > 50, 16,598 (10.7%) had
been prescribed aspirin for five or more years from 2007 to 2016, as observed in
this study (table 4.10). For the aspirin group, there were a total of 5,150 (31.0%)
people registered in the 70-79 age group. There were similar numbers registered
in the 60-60 and 80-89 age groups, respectively 3,954 (23.8%) and 4,537 people
(27.3%). However, for the non-aspirin group, the largest age group was the
50-59 (32.2%). Males were dominant in the aspirin group (54.7%) against
46.9% in the non-aspirin group. Regarding the risk factors, 83.5% of the total
patients receiving aspirin had excess weight represented. 66.9 %. of those in the
non-aspirin group, had excess weight. The total number of smokers registered
in the aspirin group was 2,589 (15.6%), and there were 466 alcohol consumers
(2.8%). In the non-aspirin group, smokers represented 8.2% and heavy alcohol
drinkers, 2.1%. Diabetes was diagnosed in 8.5% and 2.4%, respectively. Finally,
aspirin consumers diagnosed with cancer totalled 568 (3.4%), and for non-aspirin
consumers this number was 4,146 (3.0%).

Cancer incidence

The cumulative incidence of each of the cancers was calculated for all patients
and for users and non-users of aspirin (table 4.10).

Some of the results shown in Table 4.11 suggested the protective effect of
aspirin against cancer. These include oesophageal cancer (RR: 0.86; 95% CI:
0.26-2.82), pancreatic cancer (RR: 0.63; 95% CI: 0.31-1.31) and lymphoma (RR:
0.54; 95% CI: 0.26-1.11). For stomach cancer (RR: 1.28; 95% CI: 0.78-2.1),
CRC (RR: 1.01; 95% CI: 0.8-1.2), liver cancer (RR: 1.09; 95% CI: 0.5-2.42) and
breast cancer (RR: 0.77; 95% CI: 0.58-1.02) the relative risk was not significant.
However, for lung and bronchial cancer (RR: 1.39; 95% CI: 1.06-1.82), leukaemia
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Total n= 154,715 (%) Aspirin group n = 16,598 (%) Non-aspirin n = 138,117 (%)

Age, years

50-59 46,454 (30.03) 1,936 (11.76) 44,518 (32.29)

60-69 35,819 (23.15) 3,945 (23.86) 31,874 (23.14)

70-79 28,138 (18.19) 5,150 (31.03) 22,988 (16.45)

80-89 23,651 (15.29) 4,537 (27.30) 19,114 (13.87)

90- 20,653 (13.35) 1,030 (6.25) 19,623 (14.22)

Sex, male 73,850 (47.73) 9,081 (54.77) 64,769(46.93)

Medication use, dosage >75 mg NA

Body Mass Index

Normal weight 47,761 (30.87) 2,116 (12.71) 45,645 (33.17)

Overweight 51,022 (32.98) 5,938 (35.82) 45,084 (32.62)

Obesity 55,932 (36.15) 8,544 (51.55) 47,388 (34.30)

Smoking, yes 13,966 (9.03) 2,589 (15.60) 11,377 (8.27)

Risky drinking, yes 3,392 (2.19) 466 (2.83) 2,926 (2.19)

Diabetes, yes 4,724 (3.05) 1,422 (8.57) 3,302 (2.43)

Cancers, all 4,714 (3.05) 568 (3.43) 4,146 (3.07)

Table 4.10: Characteristics of the patients in the aspirin and non-aspirin groups.
NA: Not applicable

(RR: 1.71; 95% CI: 1.28-2.28) and bladder cancer (RR: 1.78; 95% CI: 1.43-2.21)
the results were significant.

Cancer Incidence

Cancers Total n= 154,715 (%)
Aspirin group

n = 16,598 (%)

Non-aspirin group n = 138,117 (%) Relative risk (95% CI a)

Oesophagus 32 (0.02) 3 (0.02) 29 (0.03) 0.86 (0.26 - 2.82)

Stomach 135 (0.09) 18 (0.11) 117 (0.08) 1.28 (0.78 – 2.1)

Colorectal 1,276 (0.82) 138 (0.83) 1,138 (0.82) 1.01 (0.8 – 1.2)

Liver 60 (0.04) 7 (0.04) 53 (0.04) 1.09 (0.5 – 2.42)

Pancreas 97 (0.06) 8 (0.05) 89 (0.06) 0.63 (0.31 – 1.31)

Lung and bronchus 426 (0.28) 61 (0.37) 365 (0.26) 1.39 (1.06 – 1.82)

Leukaemia 328 (0.21) 56 (0.34) 272 (0.20) 1.71 (1.28 – 2.28)

Breast (female only) 737 (0.48) 56 (0.34) 681 (0.49) 0.77 (0.58 – 1.02)

Prostate (male only) 916 (0.59) 113 (0.78) 803 (0.58) 1.0 (0.82 – 1.23)

Bladder 567 (0.37) 100 (0.60) 467 (0.34) 1.78 (1.43 – 2.21)

Lymphoma 131 (0.08) 8 (0.05) 123 (0.09) 0.54 (0.26 – 1.11)

Table 4.11: Relative risk of cancer incidence between aspirin and non-aspirin
groups.

a Confidence interval

Cox regression showed variations in the outcomes (Table 4.12). Males have
more risk of suffering cancer than women in all the cancers studied. And in
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general, the age with the highest risk of cancer was between 70 and 89. Such risk
factors as obesity, risky drinking and smoking increase the risk of cancer in most
of the cases studied, as does smoking in lung cancer (aHR: 1.7; 95% CI: 1.4-2.1)
or obesity for CRC (aHR: 1.5; 95% CI: 1.3-1.8). Diabetes was a significant
factor for pancreatic cancer (aHR: 3.0; 95% CI: 1.4-6.3). Aspirin use had a
significant protective effect for CRC (aHR: 0.7; 95% CI: 0.6-0.8), pancreatic
cancer (aHR: 0.4; 95% CI: 0.2-0.9), prostate cancer (aHR: 0.6; 95% CI: 0.5-0.7)
and lymphoma (aHR: 0.5; 95% CI: 0.2-0.9). For oesophageal cancer (aHR: 0.5;
95% CI: 0.2-1.8), stomach cancer (aHR: 0.7; 95% CI: 0.4-1.3), liver cancer (aHR:
0.7; 95% CI: 0.3-1.6), breast cancer (aHR: 0.8; 95% CI: 0.6-1.1) and lung cancer
(aHR: 0.9; 95% CI: 0.7-1.2), aspirin consumption was not significant although
a decreased risk of cancer was suggested. For leukaemia (aHR: 1.0; 95% CI:
0.7-1.4) and bladder cancer (aHR: 1.0; 95% CI: 0.8-1.3), aspirin intake was not
significant.

Adjusted Hazard Ratio (95% CIa)

Oesophagus Stomach Colorectal Liver Pancreas Lung Leukaemia Breast Prostate Bladder Lymphoma

Female - - - - - - - - NA - -

Male 5.5 (2.1-14.8) 1.9 (1.3-2.8) 1.8 (1.6-2.1) 2.1 (1.2-3.8) 1.6 (1.1-2.5) 4.3 (3.4-5.6) 1.7 (1.4-2.2) NA - 6.4 (5.1-8.2) 1.2 (0.8-1.7)

Age [50-59) - - - - - - - -

Age [60-69) 6.5 (0.2-1.7) 1.7 (1.0-3.0) 1.8 (1.6-2.1) 2.8 (1.3-6.0) 1.4 (0.8-2.5) 2.1 (1.6-2.7) 3.5 (2.4-5.3) 1.1 (0.9-1.4) 3.6 (3.0-4.5) 1.8 (1.4-2.2) 1.6 (1.0-2.5)

Age [70-79) 1.2 (0.5-3.2) 3.4 (2.0-5.7) 2.3 (1.9-2.7) 3.7 (1.7-8.1) 2.4 (1.4-4.3) 2.9 (2.2-3.8) 6.7 (4.5-9.9) 1.0 (0.8-1.2) 5.2 (4.2-6.4) 3.2 (2.5-4.0) 2.7 (1.7-4.2)

Age [80-89) 1.9 (0.7-5.4) 4.7 (2.8-8.1) 2.2 (1.8-2.6) 3.7 (1.5-9.1) 2.9 (1.6-5.5) 2.1 (1.5-2.9) 9.1 (6.1-13.6) 1.0 (0.8-1.3) 3.5 (2.7-4.9) 3.2 (2.4-4.2) 1.3 (0.6-2.5)

Age [90-) 3.9 (0-NA) 0.6 (0.2-1.6) 0.2 (0.1-0.3) 0.3 (0.0-2.6) 0.3 (0.1-1.3) 0.1 (0.1-0.3) 0.5 (0.2-1.3) 0.1 (0.0-0.2) 0.1 (0.0-0.3) 0.2 (0.1-0.4) NA

Aspirin use 0.5 (0.2-1.8) 0.7 (0.4-1.3) 0.7 (0.6-0.8) 0.7 (0.3-1.6) 0.5 (0.2-0.9) 0.9 (0.7-1.2) 1.0 (0.7-1.4) 0.8 (0.6-1.1) 0.6 (0.5-0.7) 1.0 (0.8-1.3) 0.5 (0.2-0.9)

Normal weight - - - - - - - -

Overweight 0.7 (0.3-1.4) 1.0 (0.6-1.6) 1.4 (1.2-1.7) 1.0 (0.5-2.2) 1.2 (0.6-2.2) 0.7 (0.6-0.8) 0.9 (0.7-1.3) 1.3 (1.1-1.6) 1.8 (1.4-2.3) 1.0 (0.8-1.3) 0.9 (0.6-1.5)

Obese 0.5 (0.2-1.4) 0.9 (0.5-1.5) 1.5 (1.3-1.8) 1.1 (0.5-2.4) 1.2 (0.7-2.3) 0.6 (0.5-1.0) 1.1 (0.8-1.5) 1.6 (1.3-2.0) 2.0 (1.6-2.6) 1.1 (0.8-1.4) 1.0 (0.6-1.7)

Smoking 1.9 (0.8-4.5) 1.4 (0.8-2.3) 1.4 (1.3-1.7) 1.6 (0.8-3.2) 1.5 (0.8-2.7) 1.7 (1.4-2.1) 0.9 (0.6-1.3) 1.0 (0.7-1.5) 1.0 (0.8-1.1) 1.8 (1.5-2.2) 0.8 (0.4-1.5)

Risky drinking 3.7 (1.3-10.9) 0.9 (0.3-2.9) 1.6 (1.2-2.0) 1.2 (0.3-4.8) 1.6 (0.6-4.5) 1.9 (1.4-2.9) 1.8 (1.0-3-3) 1.0 (0.4-2.6) 0.9 (0.6-1.2) 1.1 (0.7-1.7) 1.4 (0.5-3.8)

Diabetes 2.3 (0.5-10.3) 1.6 (0.7-3.5) 1.1 (0.8-1.5) 1.0 (0.2-4.1) 3.0 (1.4-6.3) 0.9 (0.6-1.7) 0.8 (0.4-1.5) 0.7 (0.4-1.3) 1.2 (0.9-1.7) 1.2 (0.8-1.8) 0.3 (0.1-2.0)

Table 4.12: Adjusted Hazard Ratios for cancer type

a Confidence interval

discussion

This retrospective study confirmed that aspirin reduced the risk of CRC, pancreatic
cancer, prostate cancer and lymphomas. The benefit of aspirin also suggested
the reduction in the risk of oesophageal, stomach, liver and breast cancer,
although the effect is not statistically significant. Risky drinkers and smokers
were significantly associated with the risk of most cancers and diabetes, specifically
with the risk of pancreatic cancer. Several recent studies have suggested an
association between aspirin use and some specific cancers, although not all
concluded similar outcomes. Tsoi et al. analysed the effect of aspirin on
different cancers [42]. They demonstrated aspirin’s protective effect against
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Figure 4.1: Aspirin adjusted hazard ratio for cancer.

liver, colorectal or pancreatic cancers, but it was considered a risk factor for
breast cancer. However, other studies have demonstrated that low-dose aspirin
intake is associated with a significantly lower risk [135]. Lower risk of CRC
was also significantly associated with the use of aspirin [133, 136, 137]. Other
cancers, such as oesophageal [138], stomach [67], liver [129] or pancreatic [69]
were associated with lower risk. Studies on the impact of aspirin use have been
published, even though most of these do not include the other risk factors and
comorbidities that we present in this analysis. Also, some studies focus on a
specific cancer. We included different cancers to have an overview of the role
of aspirin exposure in most cancers. Therefore, our findings corroborate the
research in the field highlighting the protective effect of aspirin in some cancers
and go beyond comparing this positive effect with the negative effects caused by
several risk factors and comorbidities.

We found significant differences according to sex, suggesting that men have
a higher risk of developing CRC. It has been reported that men have higher
cumulative levels of smoking than women and a higher alcohol use, which may
explain the higher risk [139]. Another factor that could explain this discrepancy
is the high intake of animal fats and proteins in men’s diets [140]. Regarding
age, people aged between 70 and 89 had a higher risk of cancer in most cases,
although there were exceptions. The risk of lung and prostate cancer was similar
in the 60-69 age group. This fact could be explained because older adults
may have a different mechanism to younger people. For example, ageing is
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associated with alterations in DNA methylation, which may affect susceptibility
to cancer [114].

Some significant differences were observed in risk factors and comorbidities.
These differences showed that some cancers may be associated with being
overweight/obese. CRC was significantly associated with excess weight [141].
Obese people had 1.5 times the risk [87] and those who were overweight, 1.4 [142].
Excess weight was also significantly related to breast and prostate cancer. Females
(breast) who were overweight or obese had 1.3 and 1.6 times the risk [143] and
males (prostate) 1.8 and 2.0 respectively [144]. The other cancers suggested
an association between excess weight and risk of cancer even though this was
not significant. Smoking and risky drinking were also strongly related to some
cancers.

Smoking increased the risk of lung and bronchial cancer by a factor of 1.7 [145],
as several studies have demonstrated over a long time. Another cancer associated
with smoking was bladder. It gave a risk 1.8 times higher, similar to that
in previous studies [146]. A similar outcome was obtained for CRC [147].
Other cancers, such as the oesophageal, stomach, liver and pancreatic, may be
associated even though these possible relations were not significant.

Regarding risky drinking, our results corroborated previous conclusions. CRC
was significantly associated, with an increase in the risk of 1.6 times, as Park et
al. concluded [148]. Lung cancer has been related to smoking, and an association
was also obtained between risky drinking and lung cancer with a risk 1.9 times
higher [149]. Another cancer significantly related to risky drinking was leukaemia,
with 1.8 times the risk. Other previous studies suggested this relation [150,
151], even though their results were not significant. Our results suggest that an
exhaustive analysis should be carried out to confirm this association. Finally, other
such cancers as liver, pancreas, bladder and lymphomas suggested an association
with risk drinking, but these were non-significant, although other studies into
liver and pancreas cancer have confirmed the link [131, 152]. However, another
studies into bladder cancer and lymphomas have not shown a relationship between
alcohol use and these [153, 154]. Therefore, more research is required. Diabetes
was significantly associated with the risk of pancreas cancer, with a 3.0 times
greater risk. However, with the rest of the cancers, there were no associations.

The results of the possible association between aspirin use and cancer were
promising. There was a significant association shown between CRC and the
use of aspirin. This confirmed a protective effective of around 30% against
CRC [155, 156]. Garcia et al. [67] obtained similar results when they studied
CRC. Another cancer strongly associated with lower risk and the use of aspirin
was pancreatic [42]. The results suggested a risk reduction of 50%. The reduction
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of the risk of pancreatic cancer could be because aspirin inhibits the proliferation
and stimulates the apoptosis of pancreatic cancer cells by inactivating the
P13K/Akt/mTOR signalling pathway [157]. Aspirin consumption (only males)
was also strongly related to a reduction in prostate cancer [158]. Our results
suggested a protection of 40%. The aspirin suppressed prostate cancer cell
invasion by reducing MMP-9 activity and uPA expression by decreasing IKK-
mediated NF-kB activation [159]. Finally, the lower risk of lymphoma (Hodgkin
and non-Hodgkin) was also significantly associated with aspirin consumption.
The results for these suggested a protective effect of 50% [160]. Although there
is not so much literature related to lymphomas, the studies available suggest that
the use of aspirin decreased the risk of Hodgkin lymphoma [161]. However, aspirin
was associated with an increase in the risk of non-Hodgkin lymphoma [162].
The controversy in the published literature needs a deeper into the association
between this kind of cancer and the use of certain medicaments, although a
recent study confirmed the association between the use of dipyridamole and a
lower risk of lymphoid neoplasms [163].

Other outcomes for cancers included in the study suggested the protective
effect of aspirin against them. The use of aspirin against oesophageal cancer
suggested a protective effect of 50% [42, 138], although the outcome was not
statistically significant in our study. This may be due by the small number of
oesophageal cancer cases included in the study (see table 4.11). Similar outcomes
were obtained for stomach cancer. The use of aspirin suggested a 30% lower risk
of stomach cancer, although the result was not significant. Other studies have
recently obtained significant results with a similar protective effect of 32% [164].
The same level of protection was obtained for liver cancer by using aspirin [129].
This is due to the inhibition of the adenosine-monophosphate-activated protein
kinase (AMPK)-TOR pathway, thus resulting in the suppression of the mTORC1
activity [165]. A lower risk of breast cancer was also associated with aspirin
consumption [166], although our results were not significant [167]. Finally, other
cancers, such as lung, bladder and leukaemia, and their association with aspirin
use were not significant.

The study has some limitations. Firstly, some patients could buy aspirin
directly in pharmacies without a doctor’s prescription, and this consumption is
underreported. Second, some patients may not take the medication even though
they have purchased it at the pharmacy, and, in this case, aspirin use will be
over-reported. Third, although the population-based cancer registry is exhaustive,
it cannot be ruled out that some cases were diagnosed in hospitals in other
territories, and some cases were not correctly registered. In addition, there were
few registered cases of some cancers such as oesophagus or liver. We could not
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study a dose-response relationship between low-dose aspirin and cancers because
more than 90% of aspirin use in this study was at a dose of 100 mg/day, which
did not allow us to assess the effect of higher doses.

The strengths of this study included the fact that data is presented by risk
factors, such as excess weight, smoking and risky drinking. The study was made
with information from clinical practice, with physicians unaware of the aims of
the study, thereby preventing researcher bias.

In conclusion, this retrospective cohort study found an association between
aspirin use for ≥ 5 years and a reduced risk of CRC, pancreas cancer, prostate
cancer and lymphomas. In addition, aspirin use among the patients diagnosed
with oesophagus, stomach, liver and breast cancer suggested a possible protective
effect. The results also showed an association between cancers and such risk
factors as excess weight (overweight/obesity), smoking and risky drinking. They
also showed an association between diabetes and pancreatic cancer, which
stimulated more research. In general, these results reinforce the use of aspirin,
under prescription, as a protective factor for some cancers, and they also reinforce
the need for public health messaging about the harmful effects of smoking, alcohol
use and excess weight. They also encourage deep associations between specific
cancers and the use of aspirin to help the health system to focus on preventing
these or the effect of some comorbidities such as diabetes. Also, the use of other
techniques to consolidate the suggestions about the protective effect of aspirin
use in some cancers.





5
GLOBAL DISCUSS ION OF RESULTS

I dream my painting and I paint my dream.
— Vincent van Gogh

The main contribution of this thesis was to explore and develop machine
learning models and an analytical cloud platform to access and use the PBCR
data. The work proposed answers questions about the use of artificial intelligence
and statistical techniques to determine the cancer situation in Lleida region,
integrating and analyzing externals databases with information on factors related
to cancer. Therefore, this thesis presents artificial intelligence solutions to search
cancer patterns, and cancer risk and protective factors analysis.

At the beginning of the research, efforts were focused on understanding and
analyzing the epidemiological cancer situation in Lleida region. For this, we
designed and implemented an interactive cloud platform based on DSS. The
cancer incidence rate is essential in public health surveillance. The incidence
rate approximates the average risk of developing cancer, allowing geographic
comparisons of the disease risk in different populations. In this field, only a few
proposals aimed to represent the incidence and mortality in a DSS web app.
A similar platform was implemented by Xia et al., which visualizes cancer risk
factors and mortality [74]. They shared a data warehouse and the Rshiny app to
improve their understanding of spatial and temporal trends across the population
served by the Kansas University Cancer Center. Our proposal offers a wholly
adaptable and scalable solution which permits analysis of cancer incidence and
mortality in depth and for specific cancers, regions, gender or age periods. This
system helped the research team analyze the cancer information rapidly and
draw some conclusions about the data and the use of these technologies. It also
helps to offer data accessibility to determine the cancer situation. In incidence,
the user can observe the number of cases by gender, age group, region or years.
Evolution plots also help to compare how cancer affects these factors. Specific
maps for different areas are printed to analyze the incidence in real-time. A
summary of risk factors offers a general image of them. Similarly, the mortality
front-end implementation is based on the incidence web-views. General trends
were described to determine the analyzed region’s cancer mortality situation.
In addition, the technologies used to build this system permit deployment in
other cancer registries. Therefore, this analysis motivated the next studies about
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the application of ML algorithms which permits the information shown in the
web-platform to be analyzed and predicted.

Then, efforts were focused on training machine learning algorithms based
on sociodemographic patient information, risk factors and tumor information
to detect cancer patterns among specific cancers. The results of this research
permitted us to discover some regions where specific cancers present a higher
incidence. They also provided affirmative evidence that these algorithms can
be used to detect cancer patterns and cancer associations. A rapidly growing
trend in the use of machine learning applied to cancer opens the door to new
ways of detecting and analyzing cancer. Machine learning, cancer, and risk
factors lie at the heart of the work realized in this thesis aimed at addressing
these challenges. Cancer demands research to understand, analyze and promote
public policies to raise awareness that factors that increase the cancer risk should
be avoided. Understanding cancer in a specific region and sub-region permits
the public government to understand cancer incidence, and this was the first
step of this thesis. Authors in [60] present evidence about the association
between some specific cancers and specific regions. They observe that female
breast and prostate cancer register a greater incidence in metropolitan areas,
and colorectal or cervix cancer in nonmetropolitan areas. On the other hand,
in [82], the authors propose an unsupervised algorithm (MCA) to detect relations
between car accidents and different aspects. They concluded that bad driving
and crashes could be affected by differences between urban and rural areas, traffic
volume, driver age and more. In this thesis, we proposed using MCA to detect
associations between cancer incidence and specific areas such as rural or urban.
Before starting the training of the algorithm, a statistical technique is employed
to eliminate potential outliers. This approach results in only a negligible loss of
information, and consequently, any bias in the results resulting from the removal
of these cases is residual.

First of all, the algorithm was trained for all the cancers together and then,
it was stratified by each one. Once the model was trained, we evaluated
the performance to ensure the statistical potential. Then, the results were
corroborated by the previous literature to confirm the obtained relations. The
conclusions give us strong evidence the MCA algorithm proposed can be used to
search for cancer associations among possible related factors. In addition, they
allowed us to find hidden associations that had not previously been raised. Note
that when using this type of technique, certain shared risk factors among some
cancers may be affected when displaying correlations. However, these factors
were not included in the analysis, and therefore, the bias cannot be diluted with
this analysis.
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At this point, the MCA technique could be used to find patterns of cancer.
Thus, we focused on combining it with another unsupervised algorithm that
helped corroborate the same results. This thesis proposed the combination
of MCA and K-means to detect patterns of cancer among colorectal cancer
patients by risk factors, tumor information and sociodemographic information.
To conduct our study and identify risk factors such as BMI, smoking, and
alcohol use, we initially examined hospital records and primary care databases to
extract information. However, the use of this information is often disputed due
to its potential bias in epidemiological studies. Despite this, a previous study
concluded that the prevalence observed in primary care databases is similar to
those from nationally representative surveys [168]. In our region, previous studies
have also demonstrated the potential of primary care databases in cardiovascular
disease [169]. The authors concluded that the prevalence of risk factors associated
with cardiovascular disease and their association with the emergence of vascular
diseases is consistent with the findings of a population-based epidemiological
investigation that used a comprehensive, standardized methodology. Additionally,
a study by Bolibar et al. [170] demonstrated the potential of primary care
databases as a source of information for epidemiological studies. The results
obtained in the thesis using this information may be subject to bias, even though
the associations have been justified by the previous literature [171].

MCA allowed associations to be discovered, and subsequently K-means found
the main cancer profiles. This analysis strategy has been extensively tested in
multiple areas of knowledge, including bio-medicine [172, 173]. The authors
in [85] presented a study about using the combination of MCA and K-means to
ascertain multimorbidity patterns. It concluded that these techniques could help
to identify these patterns. Also, in terms of cancer analysis, the clusters allowed
us to discover that smoking may be associated with colorectal cancer and that
obesity is more incident in older people. In addition, the younger population
presents early tumor staging, which results in higher survival statistics. Therefore,
these techniques have proven to be effective tools for analyzing the incidence
of some factors in colorectal cancer. The outcomes obtained help corroborate
suspected trends and stimulate the use of these techniques to find the association
of risk factors and the incidence of other cancers.

The next milestone of this thesis was to analyze the association between risk
factors and second primary cancer to build models to predict the cancer risk.
Inspired by a previous study [22], we analyzed the situation of the SPC in the
Lleida region and the role of risk factors in the SPC risk. We found an increased
risk of SPC and compared this risk between genders, age groups or the first
primary cancer. We also found that smoking and risky drinking increase the risk
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of SPC. In general, these results reinforce the need for public health messaging
about the harmful effects of tobacco and alcohol. They also encourage continued
research into SPCs to find new factors associated with these cancers and help
the health system to focus on preventing them. These results also added the
statistical potential to train the algorithms in the next study.

These results motivated the next study which focused on building predictive
models to predict the risk of SPC by previous risk factors. Although the experi-
ment is currently in its preliminary stages, it is designed to build on the previous
work by [174] and utilize many supervised machine learning algorithms to develop
the most effective model.

Finally, to highlight a possible use of PBCRs, this thesis focused on the impact
of aspirin, taking into account risk factors, on some cancers. We based this on
previous literature which showed the protective effect of aspirin against cancer,
especially colorectal cancer [65, 66]. In the first study, we corroborated this
protective effect against colorectal cancer, as had previous reports. We found an
association between aspirin use for ≥5 years and a reduced risk of CRC. The
protective effect due to aspirin was higher in women. We also confirmed that
risk factors such as risky drinking, excess weight and smoking increase the risk of
colorectal cancer, especially in men. It has been reported that men have higher
cumulative levels of smoking than women and a higher alcohol intake, which
may explain the higher risk [139]. In general, these results confirm the potential
offered by the combination of these databases, which motivates us to continue to
explore other cancers. Therefore, the second study focused also on the impact of
aspirin on some cancers, such as breast, prostate or lung, among others. For this
study, we used a previous study that analyzed the specific relationship between
aspirin and cancer. The authors in [42] showed the protective effect of aspirin
against liver, colorectal or pancreatic cancers, among others. However, aspirin
was considered a risk factor for breast cancer. In this thesis, the results confirm
that aspirin use decreased the risk of colorectal, pancreatic, prostate cancer and
lymphoma. On the other hand, it was not associated as either a risk or protective
factor in the other cancers. However, excess weight, smoking and risky drinking
were significantly associated with the risk of most cancers, which demonstrate
that, in this region, these factors increase the risk of cancer, as the literature
concludes.

The thesis at hand acknowledges certain limitations that must be taken into
account. Specifically, it should be noted that the Population-based Cancer
Registry in Lleida is a relatively new initiative that began its operations in 2017.
As a result, the registry’s coverage of cancer cases in the region is not yet
comprehensive. This limited coverage has also resulted in a relatively low number
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of registered years, and consequently, a restricted total number of cases. These
factors may impact the generalizability and scope of the findings presented, and
should be taken into consideration when interpreting the results. However, the
outcomes are demonstrated and confirmed by recent published literature.

The use of machine learning techniques in this thesis also has certain limitations
that should be noted. The Multiple Correspondence Analysis (MCA) and K-
means algorithms employed in this study are designed for exploratory data analysis,
where the goal is to identify patterns and significant associations in large databases
without relying on pre-existing hypotheses. However, in cancer epidemiology, the
majority of studies are hypothesis-driven, which has resulted in a relatively low
number of studies using similar techniques as those presented here. Nevertheless,
the potential of these methods to explore complex databases, such as cancer
registries, should not be underestimated. Despite the limitations of MCA and
K-means in the context of hypothesis-driven research, they offer valuable insights
into the structure and distribution of data, which can inform future studies in
cancer epidemiology. Another limitation that should be mentioned is related
to the use of primary care databases as a source of information for risk factors.
It is important to recognize that the analysis is not completely free from bias,
and risk factors can be subject to bias. One of the strengths of the study was
that physicians were unaware of the study objectives, which helped to avoid
investigator bias.

There are some limitations that need to be taken into account regarding the
studies on subsequent primary cancer. The short follow-up period after the first
diagnosis might have reduced the probability of detecting risk factors related to
body mass index and diabetes. This shorter follow-up did not allow for more
SPCs to be observed; therefore, a longer observation period would improve the
quality of the sample. Additionally, this shorter period caused the first patients
included in the cohort to have a higher risk of SPC due to the longer follow-up
period. However, the results are promising and adding more years to the cohort
can improve them further.

Regarding medicine consumption, there are some limitations that need to be
noted. Firstly, some patients may purchase aspirin directly from pharmacies
without a doctor’s prescription, and this consumption may be underreported.
Secondly, some patients may have purchased the medication but not taken it,
leading to an overreported use of aspirin. Despite these limitations, the results
obtained in this study are consistent with previous studies conducted in other
territories.





6
GENERAL CONCLUS IONS AND FUTURE
DIRECT IONS

This chapter summarises the research work on the use of the Population-based
Cancer Registry to analyze the cancer situation and associated factors in Lleida
region by the implementation of a Cloud platform and Machine Learning algo-
rithms.

It also discusses open research problems in the area and outlines many future
research directions.

6.1 conclusions

The objective of this thesis was to contribute new solutions to integrate, analyze,
and search for associations and to detect cancer patterns. It mainly researched
DSS-based cloud platforms and applied machine learning to transfer qualified
knowledge from academia to the medical sector and society. The research in
this thesis highlights two essential fields in three sciences: Cancer Epidemiology,
Machine Learning and Cloud platforms.

The first paper permitted us to integrate risk factor databases and to deter-
mine the epidemiological cancer situation in Lleida through an interactive cloud
application and offers data accessibility to society. This mainly allows cancer
incidence and mortality to be analyzed. The next paper demonstrates the use
of an unsupervised machine-learning algorithm to detect associations between
cancer incidence and demographic information. The following article focuses on
combining two unsupervised machine learning algorithms to detect relationships
and cancer patterns between colorectal cancer, risk factors, demographic infor-
mation and tumor information. Hence, the following paper focus on secondary
primary cancer (SPC) risk which analyzed the association between risk factors
and the SPC risk. The encouraging findings suggest a promising new direction
for future research into cancer risk prediction using machine learning techniques.
Finally, the last two studies demonstrated the protective effect of aspirin against
some cancers, especially colorectal cancer.

The main conclusion that can be drawn from this thesis are:
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• The significance of Population-based Cancer Registries for monitoring and
analyzing cancer and their research potential when integrated with other
databases, such as risk factors or medication exposures.

• Smoking and heavy alcohol use increase the risk of secondary primary
cancer during the first follow-up years, especially among men.

• In terms of risk factors and colorectal cancer, excess weight in the older
population increases the risk of developing aggressive tumors and death.

• The contribution of colorectal cancer (whatever the gender) and prostate
cancers among men in rural areas. There is a high incidence of lung cancer
in urban areas and breast cancer in both areas.

• Aspirin use decreases the risk of colorectal cancer and excess weight,
smoking and heavy drinking increase this risk. Aspirin also decreases the
risk of pancreatic, prostate cancer and lymphoma.

• The cloud applications offer accessibility, elasticity, scalability and variability
that are crucial to add qualified knowledge from data to medical experts.

• Multiple Correspondence Analysis (MCA) is an ideal algorithm to analyze
associations between cancer and some factors.

• The combination of MCA and K-means is a perfect alliance for detecting
patterns and associations of cancer from information about patients and
risk factors.

To sum up, this thesis worked on integrating hospital and primary care
databases to achieve cancer analysis solutions based on machine learning algo-
rithms to detect cancer associations and patterns through risk factors, sociode-
mographic information and tumor information. Consequently, introducing this
methodology into the cancer epidemiology sector allows population-based cancer
registries to benefit from academic expertise and create new ways to understand,
detect and predict cancer incidence.

6.2 future directions

Despite the contributions of the current thesis in Artificial Intelligence and
Population-based Cancer Registries, there are many open research challenges to
address to advance further in these areas.

This thesis has demonstrated the importance and the potential of Population-
based Cancer Registries to search possible association that increase the cancer
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risk. We focused on specific cancer or risk factors, even though the proposed
solutions can be extended to analyze other cancers and find other combinations.
Furthermore, this study aims to utilize supervised machine learning algorithms
to predict cancer risk based on exposure to various risk factors, and investigate
the extent to which these factors influence cancer risk.

Advanced technologies can automate the validation process related to population-
based cancer registries. The use of new technologies, such as the Natural Lan-
guage Process, permits the automation of a process that currently requires more
time. Another point is the comparability with other registries, which can offer
the possibility to compare different regions. The public administration is working
on this integration.

Regarding the risk factors associated with cancer, several can be analyzed to
detect new associations that increase these risks. Lleida presents a particular
lifestyle. Consequently, the associations may vary depending on the area or region.
The impact of radiation exposure could be determinant in some cancers. The
same may be true of certain infections, such as human papillomavirus (HPV),
helicobacter pylori, VIH and hepatitis B and C, which can increase the risk of
certain types of cancer. Therefore, the analysis by these associations can enable
us to understand part of the incidence in Lleida. Finally, the exposure to some
drugs opens a new door for ongoing research into their effects on some cancers.

Artificial Intelligence and Cloud Computing technology perform a vital role
in the future of health and cancer. Data science applied to the medical sector
opens a new way of understanding the diagnosis and prognosis of these diseases.
The prediction of some cancers depending on risk factors or genes can be crucial
to a better prognosis in the future. Also, personalized medicine can help to adapt
treatments and, in consequence, also improve the prognosis. Moreover, analyzing
all the historical information collected in the medical record can help identify
patterns and enable better predictions and prescriptions. Thus, researching this
technology’s use in specific cancers may highlight particularities. Therefore, the
future is the complex models which can help medical decision-making when fed
with intelligent data delivered by cloud-based decision support tools. This thesis
plants the seed of a much bigger and more ambitious idea.
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introduction

Cancer is the leading cause of death worldwide, accounting for nearly 10 million
deaths in 2020 [132], and many of these cancers are highly preventable [175].
Approximately 20% of these cases could be related to excess weight, high alcohol
consumption and smoking [176]. On the other side, several studies have been
recently published about the consumption of some drugs and cancer risk [125,
177]. Some concluded that the extensive exposition of the specific drug could
increase some particular risks. These studies searched for associations between
drugs exposition and cancer risk, but they were not used this to predict it. This
study aims to predict the risk of cancer, in general, by the consumption of the
drugs for five years in the Lleida region (Catalonia, Spain). Also, to detect if
medicines could be used to predict cancer risk.

methods

This is a community-based retrospective cohort study. The observed period was
between January 1, 2007, and December 31, 2016. The dataset included 724,120
patients exposed to some medicine. The information about the drugs exposition
was obtained from the Catalan Health Service (CatSalut). It represents the
public health system of Catalonia, and it registers the medicines dispensed by the
pharmacies after presenting a doctor’s prescription. And the cancer information
was obtained by the Population Cancer Registry of Lleida, which documented all
the cancer cases diagnosed in the leading hospitals in this region. The cancer
cases included in the dataset were diagnosed between 2012 and 2016. Therefore,
the dataset contained 425 medicines groups (features), age groups and gender.
To be considered a drug risk consumer, the person had to be exposed to each
specific drug for five years. The exposition was evaluated based on the defined
daily dose (DDD). The DDD is a technical unit of measurement that indicates
the route of administration. The DDD minimum to be considered had to be >30
DDDs. To build the prediction models, the researchers implemented machine
learning algorithms. Specifically, they create a model based on random forest
(RF), neural network (NN) and logistic regression (LR). Accuracy, precision and
recall metrics were used to evaluate these models.

results

Random forest obtained an accuracy of 86%, which represented that 8,6 of 10
patients will be predicted correctly depending on their medicine’s expositions.
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The neural network also kept similar results. Its accuracy was 85%. Finally,
the logistic regression obtained worse accuracy than previous ones. It was 75%.
These accuracies were obtained with the dataset balanced (100%). See figure
A.1.
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Figure A.1: Obtained metrics with the balanced dataset (100%) for the different
algorithms.

conclusions

Different machine learning algorithms could predict the risk of cancer. In this case,
the best-obtained metrics were from the Random Forest and Neural Network.
However, the metrics of the logistic regression decreased. These results suggested
that the medicine exposition could be used for building predictive models about
the risk of cancer. They are also encouraged to work with specific cancers and
medicines, including other risk factors such as smoking, alcohol consumption
and excess weight.
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Cancer locations Crude rate Expected cases Observed cases % Coverage

Prostate 122.5 276 180 65.2

Colorectal 91.4 206 190 92.2

Lung (and Bronchus) 89.4 201 144 71.6

Urinary bladder 66.5 150 75 50.0

Oral Cavity and Pharynx 24.4 55 37 67.3

Leukaemia 19.1 43 45 104.7

Stomach 17.7 40 38 95.0

Non-Hodgkin lymphoma 17.2 39 28 71.8

Liver 15.4 35 32 91.4

Larynx 15.1 34 23 67.6

Kidney 13.1 30 45 153.3

Pancreas 11.3 25 26 104.0

Melanoma 9.5 21 12 57.1

Brain and Other Nervous System 8.6 19 9 47.4

Total without non-melanoma 581.4 1,310 941 71.8

Table B.1: Comparation of expected cases in men against the residents of Lleida
of Population Cancer Registry. 2012
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Cancer locations Crude rate Expected cases Observed cases % Coverage

Breast 108.8 237 218 92.0

Colorectal 59.9 130 118 90.8

Uterus 19.3 42 38 90.5

Lung (and Bronchus) 14.8 32 43 134.4

Non-Hodgkin lymphoma 13.3 29 18 62.1

Ovary 13.1 29 14 48.3

Cervix Uteri 12.4 27 25 92.6

Pancreas 11.6 25 23 92.0

Urinary bladder 11.1 16 32 66.7

Melanoma 10.9 24 18 75.0

Stomach 9.7 21 13 61.9

Kidney 6.7 15 18 120.0

Brain and Other Nervous System 6.5 14 17 121.4

Liver 6.3 14 4 28.6

Total without non-melanoma 374.8 816 668 81.9

Table B.2: Comparation of expected cases in women against the residents of Lleida
of Population Cancer Registry. 2012

Cancer locations Crude rate Expected cases Observed cases % Coverage

Prostate 120.6 270 185 68.5

Colorectal 87.2 195 179 91.8

Lung (and Bronchus) 82.8 185 179 73.5

Urinary bladder 50.3 113 108 95.6

Oral Cavity and Pharynx 21 47 27 57.4

Leukaemia 13.6 30 49 163.3

Stomach 17.2 38 38 100

Non-Hodgkin lymphoma 17.5 39 34 87.1

Liver 17 38 13 34.1

Larynx 12.1 27 22 81.5

Kidney 18.2 41 40 97.6

Pancreas 13.9 31 34 109.7

Melanoma 10.7 24 28 116.6

Brain and Other Nervous System 9.3 21 16 76.2

Total without non-melanoma 557.6 1,248 1,108 88.7

Table B.3: Comparation of expected cases in men against the residents of Lleida
of Population Cancer Registry. 2013
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Cancer locations Crude rate Expected cases Observed cases % Coverage

Breast 112.4 244 227 93.0

Colorectal 63.1 137 122 89.1

Uterus 21.5 47 44 93.6

Lung (and Bronchus) 17.6 38 32 84.2

Non-Hodgkin lymphoma 14.1 31 31 100

Ovary 11.9 26 22 84.6

Cervix Uteri 8.1 18 13 72.2

Pancreas 12.8 28 19 67.9

Urinary bladder 9.2 20 17 85.0

Melanoma 11 24 28 116.7

Stomach 11.3 25 22 88.0

Kidney 8.9 19 18 94.7

Brain and Other Nervous System 7.3 16 13 81.3

Liver 6.6 14 8 57.1

Total without non-melanoma 393.4 854 795 93.1

Table B.4: Comparation of expected cases in women against the residents of Lleida
of Population Cancer Registry. 2013
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Cancer locations Crude rate Expected cases Observed cases % Coverage

Prostate 120,7 268 243 90,8

Colorectal 87,2 194 218 112,6

Lung (and Bronchus) 82,8 184 149 81,1

Urinary Bladder 50,3 112 157 140,6

Oral Cavity and Pharynx 21,0 47 30 64,3

Kidney 18,2 40 36 89,4

Non-Hodgkin lymphoma 17,5 39 16 41,3

Stomach 17,2 38 40 104,8

Liver 17,0 38 24 63,7

Pancreas 13,9 31 27 87,6

Leukaemia 13,6 30 46 152,8

Larynx 12,1 27 30 111,8

Melanoma 10,7 24 30 126,0

Brain and Other Nervous System 9,3 21 18 87,5

Oesophagus 8,4 19 12 64,6

Myleoma 6,5 14 16 111,1

Testis 5,6 12 8 64,6

Gallbladder and Other Biliary 4,2 9 12 128,5

Hodgkin lymphoma 2,6 6 4 68,8

Thyroid 2,6 6 9 155,4

Total without non-melanoma 557,6 1237 1342 108,5

Table B.5: Comparation of expected cases in men against the residents of Lleida
of Population Cancer Registry. 2014 (221,891 men)
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Cancer locations Crude rate Expected cases Observed cases % Coverage

Breast 112,4 243 253 104,2

Colorectal 63,1 136 148 108,5

Cos Uterusí (endometri) 21,5 46 52 112,0

Lung (and Bronchus) 17,6 38 43 113,2

Non-Hodgkin lymphoma 14,1 30 10 32,9

Pancreas 12,8 28 20 72,4

Ovary 11,9 26 23 89,1

Stomach 11,3 24 26 106,9

Melanoma 11,0 24 23 96,8

Thyroid 10,3 22 19 85,6

Leukaemia 10,2 22 39 176,2

Urinary bladder 9,2 20 26 131,3

Kidney 8,9 19 15 78,3

Cervix Uteri 8,1 18 14 79,7

Brain and Other Nervous System 7,3 16 22 139,3

Liver 6,6 14 10 70,6

Myeloma 6,3 14 17 124,9

Oral Cavity and Pharynx 6,2 13 16 119,0

Gallbladder and Other Biliary 4,6 10 14 139,9

Hodgkin lymphoma 2,6 6 4 72,6

Total without non-melanoma 393,4 850 829 97,5

Table B.6: Comparation of expected cases in women against the residents of Lleida
of Population Cancer Registry. 2014 (216,110 women)
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Cancer locations Crude rate Expected cases Observed cases % Coverage

Prostate 146,4 323 251 77,7

Colorectal 108,7 240 289 120,5

Lung (and Bronchus) 98,4 217 160 73,7

Urinary bladder 76,5 169 141 83,5

Stomach 22,6 50 36 72,2

Oral Cavity and Pharynx 21,9 48 37 76,5

Liver 18,7 41 25 60,6

Non-Hodgkin lymphoma 18,4 41 24 59,1

Leukaemia 16,6 37 67 182,9

Kidney 15,8 35 42 120,4

Pàncreas 15,4 34 33 97,1

Larynx 15 33 38 114,8

Melanoma 11,3 25 35 140,3

Brain and Other Nervous System 10,2 23 32 142,1

Oesophagus 8,7 19 15 78,1

Myeloma 6,5 14 15 104,6

Gallbladder and Other Biliary 4,8 11 15 141,6

Testis 4,3 9 7 73,8

Hodgkin lymphoma 4,1 9 10 110,5

Thyroid 3,8 8 5 59,6

Total without non-melanoma 653,1 1.442 1.329 92,2

Table B.7: Comparation of expected cases in men against the residents of Lleida
of Population Cancer Registry. 2015 (220,719 men)
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Cancer locations Crude rate Expected cases Observed cases % Coverage

Breast 117,5 253 246 97,2

Colorectal 70,6 152 157 103,3

Cos Uterusí 26,1 56 36 64,1

Lung (and Bronchus) 25,1 54 49 90,7

Urinary bladder 15,5 33 21 62,9

Non-Hodgkin lymphoma 14,7 32 20 63,2

Pancreas 14,4 31 19 61,3

Stomach 14,0 30 30 99,5

Ovary 13,7 29 26 88,1

Leukaemia 11,6 25 38 152,1

Thyroid 10,3 22 27 121,7

Cervix Uteri 10,2 22 25 113,8

Melanoma 9,8 21 19 90,0

Kidney 8,4 18 16 88,5

Brain and Other Nervous System 7,2 16 33 212,9

Oral Cavity and Pharynx 7,2 16 16 103,2

Liver 6,8 15 8 54,6

Myeloma 5,3 11 9 78,9

Gallbladder and Other Biliary 4,3 9 6 64,8

Hodgkin lymphoma 2,7 6 5 86,0

Oesophagus 1,6 3 2 58,1

Total without non-melanoma 419,0 902 845 93,7

Table B.8: Comparation of expected cases in women against the residents of Lleida
of Population Cancer Registry. 2015 (215,310 women)
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Cancer locations Crude rate Expected cases Observed cases % Coverage

Prostate 146,4 322 240 74,5

Colorectal 108,7 239 228 95,4

Lung (and Bronchus) 98,4 216 155 71,6

Urinary bladder 76,5 168 138 82,0

Stomach 22,6 50 41 82,5

Oral Cavity and Pharynx 21,9 48 24 49,8

Liver 18,7 41 24 58,4

Non-Hodgkin lymphoma 18,4 40 19 47,0

Leukaemia 16,6 37 60 164,4

Kidney 15,8 35 48 138,1

Pancreas 15,4 34 26 76,8

Larynx 15 33 27 81,8

Melanoma 11,3 25 29 116,7

Brain and Other Nervous System 10,2 22 44 196,2

Oesophagus 8,7 19 12 62,7

Myeloma 6,5 14 20 139,9

Gallbladder and Other Biliary 4,8 11 11 104,2

Testis 4,3 9 9 95,2

Hodgkin lymphoma 4,1 9 8 88,7

Thyroid 3,8 8 15 179,5

Total without non-melanoma 653,1 1.436 1.211 84,3

Table B.9: Comparation of expected cases in men against the residents of Lleida
of Population Cancer Registry. 2016 (219,917 men)
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Cancer locations Crude rate Expected cases Observed cases % Coverage

Breast 117,5 252 255 101,4

Colorectal 70,6 151 136 90,0

Cos Uterusí 26,1 56 43 76,9

Lung (and Bronchus) 25,1 54 45 83,7

Urinary bladder 15,5 33 22 66,3

Non-hodgkin lymphoma 14,7 31 29 92,1

Pancreas 14,4 31 21 68,1

Stomach 14 30 27 90,1

Ovary 13,7 29 19 64,8

Leukaemia 11,6 25 30 120,8

Thyroid 10,3 22 18 81,6

Cervix Uteri 10,2 22 16 73,3

Melnoma 9,8 21 23 109,6

Kidney 8,4 18 19 105,6

Brain and Other Nervous System 7,2 15 42 272,4

Oral Cavity and Pharynx 7,2 15 15 97,3

Liver 6,8 15 7 48,1

Myeloma 5,3 11 16 141,0

Gallbladder and Other Biliary 4,3 9 9 97,7

Hodgkin lymphoma 2,7 6 4 69,2

Oesophagus 1,6 3 4 116,8

Total without non-melanoma 419 897 824 91,8

Table B.10: Comparation of expected cases in women against the residents of
Lleida of Population Cancer Registry. 2016 (214,124 women)
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Cancer locations ACa (2012) AC (2020) APCb (2012-2020) CIc 95%

Oral Cavity and Pharynx 1,8 1,66 -3,79 (-11,94 - 5,14)

Esophagus 1,06 1,76 3,29 (-4,80 - 12,06)

Stomach 4,47 3,29 -3,32 (-6,77 - 0,26)

Colorectal 11,02 10,14 -1,52 (-3,40 - 0,39)

Liver 3,36 2,90 -0,25 (-4,39 - 4,08)

Gallbladder and Other Biliary 0,07 0 -5,24 (-21,53 - 14,45)

Pancreas 5,39 4,89 -0,02 (-2,02 - 2,02)

Larynx 1,74 1,27 -5,24 (-10,75 - 0,60)

Lung (and bronchus) 17,33 16,36 -0,43 (-2,17 - 1,34)

Bones and Joints 0,23 0,07 -1,71 (-23,30 - 25,97)

Melanoma 0,68 0,81 0,56 (-6,36 - 7,99)

Non-melanoma 0,4 0,56 19,84 (-1,25 - 45,43)

Breast 6,53 5,34 -1,66 (-5,29 - 2,10)

Cervix Uteri 0,77 0,9 6,91 (-7,00 - 22,90)

Cos uterí 1,28 1,13 -4,88 (-11,11 - 1,78)

Ovary 1,42 1,65 3,52 (-1,24 - 8,50)

Prostate 3,85 2,81 -4,38 (-6,69 - -2,01)

Kidney 2,86 2,18 0,16 (-6,57 - 7,36)

Urinary bladder 2,84 1,62 -2,96 (-7,18 - 1,45)

Brain and Other Nervous System 3,39 2,68 -1,21 (-8,18 - 6,29)

Hodgkin lymphoma 0 0,13 1,82 (-20,62 - 30,61)

Non-Hodgkin lymphoma 0 0 21,44 (-34,99 - 126,86)

Myeloma 1,24 0,7 -5,60 (-10,16 - -0,80)

Leukaemia 2,42 2,5 2,68 (-4,60 - 10,51)

Total 77,5 68,78 -0,98 (-1,73 - -0,22)

Total without non-melanoma 77,1 68,18 0,09 (-6,15 - 6,74)

Table B.11: Annual percentage change in mortality in both sexes (2012-2020).

a Age-adjusted rate in the world population per 100,000 inhabitants per year.
b Estimation of the Annual Percentage Change
c Confidence Interval
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Cancer locations ACa (2012) AC (2020) APCb (2012-2020) CIc 95%

Oral Cavity and Pharynx 3,64 3,22 -5,24 (-13,30 - 3,57)

Esophagus 2,32 3,5 2,62 (-5,78 - 11,78)

Stomach 7,49 5,19 -3,36 (-7,52 - 0,99)

Colorectal 14,91 12,48 -1,21 (-3,48 - 1,11)

Liver 5,61 4,29 -0,96 (-5,74 - 4,05)

Gallbladder and Other Biliary 0 0 -11,72 (-35,62 - 21,06)

Pancreas 6,31 7,19 1,77 (-1,62 - 5,28)

Larynx 3,44 2,33 -5,44 (-10,13 - -0,52)

Lung (and bronchus) 31,48 26,07 -1,06 (-3,31 - 1,25)

Bones and Joints 0,39 0,08 -7,54 (-29,42 - 21,13)

Melanoma 1,14 1,03 -2,55 (-12,31 - 8,29)

Non-melanoma 0,77 0,8 7,59 (-7,24 - 24,79)

Prostate 9,34 6,77 -4,44 (-6,85 - -1,97)

Kidney 4,3 3,48 1,08 (-5,77 - 8,44)

Urinary bladder 5,39 3,08 -3,95 (-6,85 - -0,96)

Brain and Other Nervous System 3,44 2,88 0,19 (-8,18 - 9,32)

Hodgkin lymphoma 0 0,22 7,70 (-13,73 - 34,46)

Non-Hodgkin lymphoma 0 0 27,60 (-23,90 - 113,94)

Myeloma 2,43 0,93 -7,00 (-17,41 - 4,73)

Leukaemia 3,18 4,23 5,50 (-3,22 - 15,00)

Total 110,03 92,81 -1,13 (-2,56 - 0,32)

Total without non-melanoma 108,89 91,78 -1,12 (-2,61 - 0,41)

Table B.12: Annual percentage change in mortality in men (2012-2020).

a Age-adjusted rate in the world population per 100,000 males per year.
b Estimation of the Annual Percentage Change
c Confidence Interval
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Cancer locations ACa (2012) AC (2020) APCb (2012-2020) CIc 95%

Oral Cavity and Pharynx 0,06 0,22 3,50 (-17,44 - 29,76)

Esophagus 0,06 0,05 1,55 (-26,51 - 40,32)

Stomach 2,09 1,63 -4,36 (-12,48 - 4,52)

Colorectal 8,15 8,57 -2,24 (-6,71 - 2,46)

Liver 1,43 1,71 1,52 (-3,92 - 7,27)

Gallbladder and Other Biliary 0,12 0 2,06 (-20,31 - 30,72)

Pancreas 4,62 2,72 -3,63 (-8,86 - 1,89)

Larinx 0,34 0,27 -17,95 (-47,81 - 29,01)

Lung (and bronchus) 4,78 8,11 2,04 (-2,85 - 7,18)

Bones and Joints 0,06 0,07 26,32 (-11,41 - 80,11)

Melanoma 0,22 0,57 4,36 (-4,63 - 14,20)

Non-melanoma 0,11 0,4 37,81 (-7,06 - 104,35)

Breast 12,66 10,37 -1,77 (-5,80 - 2,44)

Cervix Uteri 1,56 1,82 7,42 (-6,97 - 24,04)

Cos uterí 2,46 2,16 -4,96 (-11,41 - 1,96)

Ovary 2,72 3,21 3,74 (-1,24 - 8,96)

Kidney 1,75 1,06 -4,93 (-13,46 - 4,44)

Urinary bladder 0,91 0,64 3,43 (-10,13 - 19,03)

Brain and Other Nervous System 3,55 2,48 -3,59 (-13,02 - 6,86)

Hodgkin lymphoma 0 0,05 -4,82 (-35,13 - 39,65)

Myeloma 0,17 0,54 -1,72 (-14,46 - 12,91)

Leukeamia 1,77 0,98 -2,45 (-11,44 - 7,46)

Total 52,48 50,27 -1,05 (-2,77 – 0,70)

Total without non-melanoma 52,26 49,69 -1,14 (-2,96 – 0,72)

Table B.13: Annual percentage change in mortality in women (2012-2020).

a Age-adjusted rate in the world population per 100,000 females per year.
b Estimation of the Annual Percentage Change
c Confidence Interval
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ICD-O-3.2 Description Diagnoses code

C01.X Base of tongue C02.9

C02.X Other and unspecified parts of tongue C02.9

C00.X Lip C06.9

C03.X Gum C06.9

C04.X Floor of mouth C06.9

C05.X Palate C06.9

C06.X Other and unspecified parts of mouth C06.9

C09.X Tonsil C14.0

C10.X Oropharynx C14.0

C12.X Pyriform sinus C14.0

C13.X Hypopharyinx C14.0

C14.X Other and ill-defined sites in lip, oral cavity and pharynx C14.0

C19.X Rectosigmoid junction C20.9

C20.X Rectum C20.9

C23.X Gallbladder C24.9

C24.X Other and unspecified parts of biliary tract C24.9

C33.X Trachea C34.9

C34.X Bronchus and lung C34.9

C40.X Bones joints and articular cartilage of limbs C41.9

C41.X Bones joints and articular cartilage of other and unspecified sites C41.9

C65.X Renal pelvis C68.9

C66.X Ureter C68.9

C67.X Bladder C68.9

C68.X Other and unspecified urinary organs C68.9

Table B.14: Groups of topographic codes that are considered a single topography.
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