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Can Data Science help us improve
the prognosis and treatment
of cancer patients?
¿Puede data science ayudarnos a mejorar el pronóstico y tratamiento del paciente oncológico?

This work wants to specify preliminary data of the design process of an instrument adapted to a
Spanish population based on different questionnaires to evaluate the attributes of entrepreneurial skills
of university students, and to contribute a valid and reliable measure that serves as a reference for
effective intervention programs in the university environment, and for the development of employability.
The instrument provides students with the possibility of discovering their strengths and opportunities
related to the sub-competences evaluated: the identification of opportunities, the development of
innovative solutions, the ability to learn from failure, and their awareness of their entrepreneurship.
An initial content validity study was carried out through the trial of 13 experts, all of them university
professors expert of the subject, which determined the development of the questionnaire that was
subsequently tested on a pilot sample of 350 students. It concludes to the suitability and usefulness of
the instrument, and discusses the importance of the intervention for the development of entrepreneurial
competence in the University.
KEY WORDS: education, skills, data analysis, evaluation, university students, entrepreneurship.
El campo de la informática de la salud está en la cúspide de su período más emocionante hasta la fecha. Las tecnologías de
big data, IA y data science están ayudando a tomar decisiones relativas a diagnóstico, tratamiento… La alta implantación
de la historia clínica digital es un hecho. El análisis de los datos de la historia clínica permitirá definir nuevas soluciones
para todos los integrantes del sistema sanitario. Es necesaria la cobertura de todos los datos posibles para desarrollar
nuevos servicios con el objetivo de mejorar el seguimiento y la prevención de enfermedades, y generar valor a partir de
ellos. No obstante, el proceso de aplicación de las tecnologías tiene que afrontar todavía retos como el de integración de
la información, aplicación de técnicas de lenguaje natural, y elección de las técnicas mas apropiadas dependiendo del
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problema y de la naturaleza de los datos. En este artículo nos planteamos los retos que tiene la aplicación de estas técnicas
en el caso particular del paciente oncológico.
PALABRAS CLAVE: educación, competencias, análisis de datos, evaluación, alumnado universitario, emprendimiento.

1. Bid Data in the health field
1.1. BIG DATA. DEFINITION AND CHARACTERISTICS
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The field of Health Informatics is on the cusp of its most exciting period to date, entering a
new era where technology is beginning to handle large volumes of data, resulting in unlimited
potential for information growth. Data mining and massive data analysis are helping to make
decisions regarding diagnosis, treatment... And all finally focused on better patient care.
The use of data mining in the U.S. in health care can save the health care industry up to
$450 billion each year (1). This is due to the increasing volumes of data generated and the
technologies to analyse them.
The explosive growth of data generated, already in the 80’s, the appearance of a new field
of research called KDD or Knowledge Discovery in Databases. Under these acronyms lies the
process of knowledge discovery in large volumes of data (2). The KDD process has served
to unite researchers in areas such as artificial intelligence, statistics, visualization techniques,
automatic learning or databases in the search for efficient and effective techniques that help
to find the potential knowledge that is immersed in the large volumes of data stored by
organisations every day.
Although the name under which this research area appeared was KDD, it was later
replaced by terms such as Data Mining, data analytics, business intelligence and today
Artificial Intelligence. While it is true that the emphasis of these terms is different, what they
all agree on is the extraction of knowledge from the data.
Although there is no single definition of Data Mining, the following is possibly the most
accepted:
Data Mining is defined as the “Process of extracting previously unknown, valid, and
potentially useful information from large databases for later use in making important business
decisions”. (3).
The term process implies that knowledge extraction is the conjunction of many steps
repeated in multiple iterations. It is said, on the other hand, that it is not trivial, because
some kind of complex process is supposed to take place. The standards must be valid, with
some degree of certainty, and newness, at least for the system and preferably for the user, to
whom they must bring some kind of (useful) benefit. Finally, it is clear that patterns must be
understandable, if not immediately, then after being pre-processed.
For its part, the term Artificial Intelligence (AI) has been defined1 as an umbrella term covering
both digital and physical intelligence, data and robotics, and related intelligent technologies.
1/ BDVA, EU Robotics: “Strategic Research, Innovation and Deployment Agenda for an AI PPP”.
Consultation Release. June 2019.
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Problems that can be addressed from a data mining perspective are often grouped into
the following categories:

The new characteristics of information and communication technologies have led to the
emergence of a multitude of applications where data streams are generated, computed and
stored (5,6). This data has specific characteristics: continuous data flows over time, without
size limits, appearing at high speed and whose distribution evolves over time. There are many
applications and examples that generate such data in the health and other environments:
ICU monitors, sensor networks, environmental sensor monitoring.
In order to design efficient algorithms that fit effectively it is necessary to establish which
characteristics identify the data streams. In particular, in (5,7) the following are identified:
•
•
•
•

Unlimited amount of data.
High-speed data entry.
Search for models over a long period of time.
The underlying model changes over time (this effect is known as “model evolution”).
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1. Predictive problems whose objective is to predict the value of a particular attribute
based on the values of other attributes The attribute being predicted is commonly
referred to as the target attribute (or dependent variable), while the attributes being
used for prediction are known as the explanatory attributes (or independent variables).
Here the problems of classification or value estimation stand out and as techniques
we can highlight the approaches based on statistics, regression, decision trees and
neural networks.
2. Descriptive problems aimed at deriving patterns (correlations, trends, clusters,
trajectories and anomalies) that summarise the inherent characteristics of the data.
Within this group, it is worth highlighting the analysis of association rules for which
the “A priori” algorithm (4) is the best known, as well as the problems of segmentation
or clustering.

The inherent characteristics of data streams mean that the classical approach used for
data analysis is not applicable because the nature of appearance and characteristics in the
analysis differ in both cases. In general, classical data mining algorithms are not capable of
analyzing data of this nature since they assume that all data are loaded into a stable and
rarely updated database. It is also important to note that the analysis process can take days,
weeks or even months, after which the results are studied and, if not satisfactory, the analysis
is reproduced by modifying any of the characteristics used (7).
In the case of algorithms for data streams, they must make limited use of memory
(and even of a fixed size (8). In addition, the fact of not being able to review elements
that have appeared in the past means that these algorithms must be able to generate
single-pass models.
It is important to emphasise at this point that the development of technologies in the
last 20 years allows today to have numerous solutions to apply depending on the type of
data, whether they are static or dynamic (data streams). The challenge, however, lies in
understanding the problems and understanding how to integrate, process and clean up
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the data, and in those cases where the data is not structured, such as in the case of texts,
to structure it.
As a consequence of the complexity of the development of data mining projects, at the
beginning of the 90’s the process model standard called CRISP-DM (9), which divides the
process into the following phases:
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• Understanding the business: The aim here is to understand the objectives of the project
and its requirements from a business perspective, turning this knowledge into a data
mining problem and a preliminary plan to meet these objectives.
• Understanding the data: Initially you have a collection of data, you must identify data
quality problems, detect subsets of interest, etc.
• Preparation of the data: This phase builds the final data set obtained from the initial
data collection that will be provided for the modeling tools.
• Modeling: several modeling techniques are selected and applied, adjusting them to
obtain optimal values.
• Evaluation: once a model is built, the steps executed to build a model that achieves the
business objectives must be evaluated and reviewed.
• Deployment: this is the application of the validated models for decision making as part
of some process in the organization.

1.2. DIGITIZATION OF DATA IN HEALTH SYSTEMS
Today, the high level of implementation of digital medical records and electronic prescriptions
has meant that in Spain there are more than 45 million digital records in primary and
specialised care (data from 2014).
But in a very short time from now, technology will have evolved the overall behavior of
users, doctors, researchers, IT solution providers, etc. All individuals regardless of their age
will belong to the digital age.
This new scenario must be taken into account, not only for the challenge of data storage
and analysis within the framework of the new scheme, but also for the construction of the
services required in this period of time, the main objective being to analyse the data to extract
information that can be used for the benefit of society. In this respect, it is important first of
all to analyse the data sources and in this respect we distinguish:
• Traditional sources: health records, demographics, etc.
• Non-traditional sources: sensors, social networks, genomics, literature, etc.
The analysis of these data will allow the definition of new solutions for all the members of the
health system: Healthcare personnel, patients, pharmacy, research, epidemiology, insurance
companies, administration, care services. Coverage of all possible data is needed to develop
new services to improve disease monitoring and prevention, and to generate value from them.
Thanks to these solutions, health professionals will be able to learn from the
recommendations that intelligent platforms can give them and will be able to obtain a greater
capacity of knowledge in a more limited time.
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1.3. CHALLENGES
The challenges we face are overwhelming; they can be grouped into technological and nontechnological. The first obstacle that stands in our way is a technological challenge. Much
of the available real-world data is unstructured and stored in thousands of disconnected
hospitals. The second major barrier is the cultural change required to share information
beyond the centre itself, beyond a region or a country.
Among the technological challenges we face are

But we also face non-technological challenges including legal and privacy issues. It is
essential to take into account the consequences of the entry into force of the General Data
Protection Regulation in May 2018.
On the other hand, the data are collected in the language of each country/region and
consequently we find problems derived from multilingualism because regardless of how the
data are collected in general, medical literature is available in English. Although all the data
in the clinical history used in Spain are in Spanish and, in some cases, in the co-official
languages, most of the tools that have been developed are for English.
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• The volume of data: genomics, monitoring (ICU, mobile devices), ubiquity, social data
On the one hand, new methods for data storage will be required; on the other hand,
these data also require new applications for integration, queries and analysis.
• Physical storage of the data: Data requires new media and architectures for efficient
storage and processing.
• Interoperability problems: Different hospitals have different storage systems. There has
to be a layer of interoperability to build on the IT solutions.
• Data cleaning, integration, analysis, tools: When you have access to information of all
kinds: health records, background information, genomics, and other data, new tools
and services will be needed to differentiate noise from valuable data.
• Interpretability of models obtained with artificial intelligence techniques
• Impact of changes in data logging protocols and changes in regulations on recorded
data.
• Access to Open Data platforms

CANCER AND THE PROBLEM OF CANCER
Cancer remains one of the major public health problems worldwide. It remains one of the
world’s leading causes of morbidity and mortality. According to the latest available data
estimated within the GLOBOCAN project, the number of tumours continues to grow, having
increased from an estimated 14 million cases worldwide in 2012 to 18.1 million in 2018
(10). Population estimates indicate that the number of new cases will increase over the next
two decades, reaching 29.5 million by 2040. Despite the high figures of mortality, survival is
increasing continuously and in Spain it is similar to that of the rest of the countries around us,
being 53% at five years.
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PULMÓN
2,093,876 (11.6 %)

OTHERS
4,446,448 (24.6 %)

MON
2,088,849 (11.6 %)

UTERUS
382,069 (2.1 %)

TOTAL: 18,078,957

KIDNEY 403,262 (2.2 %)
COLORECT
1,849,518 (10.2 %)

LEUKEMIA 437,033 (2.4 %)
PANCREAS 458,918 (2.8 %)

PROSTATE
1,276,106 (7.1 %)

NON-HODGKIN LYMPHOMA 509,590 (2.8 %)
BLADDER 549,393 (3 %)
THYROID 567,233 (3.1 %)
Source: GLOBOCAN 2018
Graphic: Global Cancer Observatory (http://gco.iarc.fr/)
©International Agency for Research on Cancer 2019

STOMACH 1,033,701 (5.7 %)
CERVIX EXOPHAGUS
569.847
572,034
(3.2 %)
(3.2 %)

LIVER 814,080 (4.7 %)

Figure 1. Most frequently diagnosed tumours in the world. Estimate for 2018 for both sexes.
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Although Europe comprises only one eighth of the total world population, it has about
a quarter of the world’s total cancer cases: about 3.2 million new patients per year. The
most prevalent cancers in Europe are breast cancer (464,000 cases), followed by colorectal
(447,000), prostate (417,000) and lung (410,000). These four represent half of the overall cancer
burden in Europe. The most common causes of cancer death are lung cancer (353,000 deaths),
colorectal cancer (215,000), breast cancer (131,000) and stomach cancer (107,000) (11).
Cancer is, also in Spain, one of the main causes of morbidity. The number of tumours
diagnosed in Spain in 2019 will reach 277,234, according to REDECAN’s estimates, compared
with 247,771 cases diagnosed in 2015: 148,827 in men and 98,944 in women. The most
frequent cancers diagnosed in Spain in 2019 will be those of the colon and rectum (44,937
new cases), prostate (34,394), breast (32,536), lung (29,503) and urinary bladder (23,819). By
far the next most common cancers will be non-Hodgkin’s lymphomas, and cancers of the
oral cavity and pharynx, pancreas, and stomach.
It is important to note that lung cancer will move from being the fourth most diagnosed
tumour in women in the estimates for 2015 to the third most prevalent by 2019, in likely
relation to the increase in female smoking (later). Thus, the incidence of lung cancer in women
has continued to increase, while the incidence rate in men continues to decline. Despite this,
tobacco consumption continues to be more frequent in men than in women according to
EUROSTAT data for 2014, 26.2% of smokers among men compared to 18.5 % of women.
Lung cancer was the tumour responsible for the highest number of deaths, 22,896 cases in
2018 (0.3% decrease compared to the previous year), and colorectal cancer was the second
(2.4% decrease) (12).

2.1. CURRENT PROBLEM
Current approaches to cancer diagnosis, treatment and follow-up require urgent improvements
and advances. Personalized medicine, understood as the unitary and independent development
Dra. Ernestina Menasalvas, Dr. Alejandro Rodríguez-González, Dra. María Torrente y Dr. Mariano Provencio. “Can Data Science
help us improve the prognosis and treatment of cancer patients?”. Comunicación y Hombre. 2020, nº 16, pp 151-166.
DOI: https://doi.org/10.32466/eufv-cyh.2020.16.584.151-166

of more or less specific molecular markers, will not change the disease situation, if other
specific aspects of routine clinical practice are not addressed.
In oncology, the evaluation of the response to treatment and accurate predictions of
survival are key factors for the effective control of the disease, as well as the design of
new treatment schemes and the development of future treatments. None of the current
diagnostic methods or clinical prognostic factors have completely identified the presence
of micrometastases, which in initial stages contribute to relapse after aggressive surgeries,
or do not identify resistance to treatments early enough to avoid toxicities, due to the
intrinsic heterogeneity of each tumour and each individual patient (13). The new approach to
fighting these diseases involves adding genomic information at the time of diagnosis, which
makes it possible to predict how well a patient will respond to treatments. With the help of
sophisticated diagnostic tests such as NGS (Next Generation Sequencing), these genetic
defects can be detected and we can apply targeted treatments.
However, despite living in the era of the great development of genomics, the clinical
foundations remain anchored in strict monitoring and control, based in the size and
morphology of the tumour. None of the genomic discoveries have been applied in this field
with conclusive results. In this line of thought we cannot help but wonder what difference
these advances would make if they were applied to the more translational parts of oncology
and we could change the paradigms established 50 years ago.
The ideal situation to develop the proof of concept would be the study of a sufficiently
prevalent tumour, for which we have the histology in the diagnosis, a homogeneous treatment
and a standardized evaluation and, unfortunately, a bad prognosis that would allow a quick
check of the prognostic indicators. All of these factors can be found, for example, in patients
with non-small cell lung cancer (NSCLC).
• Diagnosis: within the same stage of the disease, there is great variability between
patients; in lung cancer, for example, while patients in the initial stages are potentially
curable, only 55% are alive after 5 years (14). As patients die mainly from metastases,
this means that 45% of patients had a hidden micrometastatic disease at the time of
diagnosis, which was not detectable by conventional tests. This situation is similar in
other stages and in the whole field of histology. As a result, the vast majority of patients
undergo aggressive treatments and only time will tell us if the risk-benefit was positive
or not (were the treatments appropriate, too toxic or too expensive?).
• Monitoring of the disease: current monitoring of disease progression and remission is based
on biopsies, radiological imaging and pathology. These tests are performed some time
after the treatments and represent only a snapshot; currently there is no effective method
of evaluating the disease in real time. In addition, biopsy-based testing does not take into
account intratumoural variation, so the progression of the entire tumour cannot be accurately
assessed from a small number of biopsies representing a small part of the tumour.
• Therapy and response: The situation is similar when we consider treatments as
the optimal duration of chemotherapy is not established in most cases. A common
occurrence is that a patient may receive chemotherapy treatment, but we are not sure
how many cycles are required if imaging reevaluation shows a stable disease. This
leads to many treatments being maintained until disease progression or even intolerable
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toxicity. We treat many patients who do not get any real benefit from the treatments;
other patients receive treatment while developing resistance to it, and we do not have
any tools to determine those situations early and accurately. The importance of this
ambiguity is not only clinical, but also economic: the cost-benefit ratio is higher due to
the variability in the effectiveness of the treatments.
• Adverse effects: more than 5% of all hospital admissions are due to adverse effects of
treatments (15). The number of deaths worldwide due to this is approximately 100,000
patients per year, often due to inefficient or unnecessary drugs, as shown in the survival
curves of all studies. Although the cost of pharmaceuticals is increasing every year, the
cost of genomic tools for mass sequencing has decreased dramatically: in 2007 it cost
$10 million to sequence the human genome, today it costs less than $1000.
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Sub-optimal management of a cancer patient during treatment and in the subsequent
follow-up prevents better results for the patient, especially in terms of quality of life, and is
responsible for a large part of the avoidable costs generated. The fact is that cancer places
a substantial economic burden on society. The highest health costs are associated with their
prevention and management. To this must be added the psycho-social component, since
after treatment, many patients are unable to continue working, and many depend on friends
and family for support during treatment or in the final stages of the disease. This is why the
quantification of the economic burden of cancer in the EU needs not only an estimate of
the cost of cancer for health, but also an estimate of lost income associated with inability to
work, sick leave and related social costs (16).
In the case of aging and quality of life, the evidence shows that the incidence of most
cancers depends on age. The progressive aging of society is increasing the number of older
people who need cancer treatment (17). Elderly patients present particular characteristics
that make it difficult to choose an adequate treatment, also due to methodological limitations
(higher frequency of illiteracy, worse completion of questionnaires, concomitant diseases,
use of non-validated methodology in the elderly population). In addition, older patients are
under-represented in clinical trials, making their treatment even more difficult. Recently,
health-related quality of life (QoL) has begun to be seen as one of the most crucial, but most
complex issues in clinical research of the elderly with cancer (18).
Finally, it is necessary to address the existing problem due to the costs generated by the
poor use of resources in the final stage of the life of the cancer patient. There are three main
concepts about poor quality cancer care at the end of life that should be examined using
currently available data: the use of new oncological therapies or the continuation of treatments
in the last month of life; a high number of visits to hospital emergency departments, frequent
hospital admissions in the last months of life; admission to intensive care units in the last days
of life; and a high proportion of patients who were not transferred in time to medium-long stay
palliative care hospitals, were only admitted in the last days of life or died in an acute care
setting (19). Concepts such as access to psychosocial and other multidisciplinary services and
pain and symptom control are important and may be possible, but are not currently applicable
in most data systems. Indicators based on in limiting the use of treatments with low probability
of benefit or indicators based in economic efficiency are not accepted by patients, families or
doctors. Several promising quality indicators have been identified which, if considered valid
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and reliable within the data systems, could be useful in identifying health systems with needs
for improved care and identification of patients in the last stage of the disease (20).

2.2. THE ROLE OF BIGDATA ANALYTICS IN ADDRESSING THIS CANCER PATIENT
MANAGEMENT ISSUE

2.2.1. Why a Big Data approach to Clinical Practice is needed

• Prevention: identification of factors related to cancer, whether occupational, geographic,
dietary or family.
• Detection: Non-invasive screening, without side effects, efficient and with high sensitivity/
specificity capable of identifying patients suspected of developing the disease. Detect
particularly sensitive populations not yet identified.
• Diagnosis: determination of a measure of disease severity (staging) that correlates well
with expected treatment outcomes and the patient’s final health status.
• Treatment:
—— Predicting treatment outcomes: response, progression, relapse, survival, toxicity
and early detection of these events.
—— Precision medicine: Decision-making support in choosing the best treatment at any
given time for each patient.
—— Identification and proactive action towards patients at high risk of consumption
of healthcare resources in order to reduce unnecessary hospital processes (e.g.
unscheduled visits, hospital emergencies, average stay).
—— Development of new, more effective therapies with fewer side effects in the real
world (not just within clinical trials).
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Thanks to Big Data’s techniques we will integrate multiple data sources so that we can
analyse unstructured data, clinical notes and literature; extract patterns to predict toxicity, or
large-scale adverse effects and drug interactions. All this will serve as a support tool in the
management of patients, in an attempt to reduce overtreatments, sick leave, unscheduled
visits to the clinic, number of visits to the ED, time spent searching for related cases in the
literature, or adverse events due to co-morbidities.
Although BigData is not the only solution to this problem, different problems in the whole
cancer care process require the capabilities of BigData analytics to be addressed effectively.

• Follow-up:
—— Early detection of relapse, late toxicity and complications
—— Determination of optimal clinical follow-up, both in health outcomes and in patient
comfort and safety, as well as in cost efficiency
The large amount of data derived from clinical notes (HUPHM generates about 2.5 million clinical
notes/year), tests and their results, along with digital images and all other demographic data,
may contain information and knowledge that is not apparent without the assistance of computer
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systems. Currently, health service systems contain petabytes of patient data that undoubtedly
contain valuable information that could be used both to improve the diagnosis and treatment of
specific cases, and to carry out research that would allow the knowledge generatedfor clinical
practice. Regardless of whether the data are structured or not, mass data processing techniques,
as well as data mining and machine learning, allow us to discover associations between the values
of variables (association problems), groups of subjects that behave in a similar way (segmentation or
clustering) or even, based on historical data, and are able to build a model that allows for predictions
or estimates of the future (classification). Big data analysis techniques and technologies, such as
high performance database management, statistics, data mining and machine learning, including
clustering (K-means, hierarchical and statistical algorithms and Kohonen maps) and association
algorithms (a priori algorithms and their variants), classification, regression and supervised learning
techniques, as well as reinforcement learning methods (RLM), artificial neural networks (ANN) and
support vector machines (SVM), among others. While these techniques are widely used in some
industrial sectors, they have been applied to a much lesser extent in the health sector for many
reasons, most notably the lack of computerisation in health care processes and the fact that most
clinical data are unstructured (it is free text) and difficult to exploit.
STUDIES / ESTUDIOS

Figure 2. From data to knowledge to intervention Precision medicine integrates many data sources using
automatic learning algorithms to help physicians predict what will happen to the patient and decide the
best treatment.

New transformative technologies, both laboratory and computer-based, make it possible
to collect high-resolution clinical and biological data, extract meaningful information and then
provide patients with personalized medical advice. And that means that cancer patients can
expect an earlier diagnosis and therefore better outcomes thanks to advances in genomic
and molecular profiling and computational modeling and AI.

2.2.2. Opportunities for the application of Artificial Intelligence (AI)
Despite methodological difficulties, AI algorithms are already beginning to have an effect on
cancer research and clinical care, such as early diagnosis and prevention, drug discovery,
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appropriate inclusion of patients in clinical trials, and treatment decisions. Many drug developers
are already routinely incorporating such computational pathology models into their clinical
research programmes, relying on machine learning to, for example, quantify levels of biomarkers
that can help explain why only some patients respond to a particular treatment.
For example, advanced computer techniques are already helping to stratify patients
treated with immunotherapy. In a similar vein, researchers at Johns Hopkins University are
applying Deep Learning techniques to the so-called immune synapse to better predict drug
responses and assist in making treatment decisions.
The value of this type of technology goes far beyond knowledge itself, allowing the creation
of new care models based on collaborative networks and making the entire process more
efficient, from diagnostic suspicion to treatment and optimising the resources of the health
system. With Big Data’s techniques we have the opportunity to learn from each patient’s
experience. In short, they make it possible to minimise the variability of clinical practice and
increase the quality of care. Both Big Data and AI techniques represent an opportunity to
break down barriers and enable new models of intelligent, collaborative, patient-centered
care, and a key to accelerating the fight against cancer.
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