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ABSTRACT

Data collected and generated by radiation oncology can be classified by the Volume, Variety, Velocity and Veracity (4Vs)
of Big Data because they are spread across different care providers and not easily shared owing to patient privacy
protection. The magnitude of the 4Vs is substantial in oncology, especially owing to imaging modalities and unclear data
definitions. To create useful models ideally all data of all care providers are understood and learned from; however, this
presents challenges in the guise of poor data quality, patient privacy concerns, geographical spread, interoperability and
large volume. In radiation oncology, there are many efforts to collect data for research and innovation purposes. Clinical
trials are the gold standard when proving any hypothesis that directly affects the patient. Collecting data in registries with
strict predefined rules is also a common approach to find answers. A third approach is to develop data stores that can be
used by modern machine learning techniques to provide new insights or answer hypotheses. We believe all three
approaches have their strengths and weaknesses, but they should all strive to create Findable, Accessible, Interoperable,
Reusable (FAIR) data. To learn from these data, we need distributed learning techniques, sending machine learning
algorithms to FAIR data stores around the world, learning from trial data, registries and routine clinical data rather than
trying to centralize all data. To improve and personalize medicine, rapid learning platforms must be able to process FAIR
“Big Data” to evaluate current clinical practice and to guide further innovation.

Primarily because of the ubiquity of imaging in oncology,
as well as many other diagnostic and therapeutic proce-
dures, cancer data are firmly in the realm of “Big Data”.! To
make an estimate, in the past 10 years, approximately
140 million patients were diagnosed with cancer in about
100,000 hospitals globally. If one assumes a data volume
(depending on the hospital) of 0.1-10 Gb of data per pa-
tient, the total volume of cancer patient data in the world is
estimated to be 14-1400 petabyte of data. Specifically, data
in radiation oncology can be classified as “Big Data” be-
cause: the use of data-intensive imaging modalities (Vol-
ume), the imaging archives are growing rapidly (Velocity),
there is an increasing amount of imaging and diagnostic
modalities available (Variety), and interpretation and
quality differs between care providers (Veracity). With this
deluge in data, it becomes increasingly hard to translate all
these data into knowledge and subsequently leverage that
knowledge to guide clinical decisions.” The radiation on-
cologist is overwhelmed with scientific literature, swiftly
evolving treatment techniques and the exponentially in-
creasing amount of clinical data.” To provide high-quality
individualized treatments, radiation oncologists need help

translating all these data into knowledge that supports
decision-making in routine clinical practice.” Collecting
these data provides its own set of challenges. The data are
spread over care providers around the world, difficult to
share while protecting patient privacy, non-interoperable
and varying in quality.

The gold standard to assess the utility of innovations that
directly affect patients is clinical trials. However, clinical
trials only provide information about a select patient
population, which often represents only a small percentage
of the actual population. Also, clinical trials provide the
radiation oncologist with little information when making
clinical decisions for someone who does not (exactly) fit
the trial population owing to age, comorbidities etc. On the
other hand, clinical trials do provide high-quality reusable
data owing to the clear definitions that are provided by trial
protocols. Initiatives such as IBM Watson attempt to
simplify accessing knowledge garnered from scientific lit-
erature for physicians. Patient characteristics provided by
the physician are used to find and retrieve relevant pub-
lications (and possible other sources), which can aid the
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physician in making precision decisions for that particular
patient.”

To fill the gap of evidence between clinical trials and the com-
mon patient (i.e. one who does not fit trial inclusion criteria),
data registries are being created around the world.” In general,
the goal is to register a select set of parameters for all patients
treated for a certain cancer. This results in a large patient pop-
ulation with high-quality data.” However, this requires great
effort from care providers to collect these data, which limits the
number of elements recorded, as someone has to fill in a form,
digital or paper, to provide the registries with the data specified
in the registry protocol. There are some early initiatives® to
automatically provide the registries with the data they require by
data mining the Oncology Information Systems. In theory, this
should work well for all structured data (e.g. the fractionation
schema or age), but is challenging for data which are usually
recorded in free text (e.g. smoking behaviour or comorbidities).
Registries in general give insights in practice but are not
designed to guide decisions for individual patients. ASCO
CancerLinQ is the exception; it aims to create a “super”
registry with a learning approach on routine healthcare data
in medical oncology.” Cancer screening shows promising
advancements in identifying patients at high risk using data
mining techniques;® this particular example shows the power
of centralizing data.

A different approach is to use routine clinical data from around
the world to transform data into knowledge. As a proof of
concept, the euroCAT project created data stores at several
cancer centres, which can be accessed using web technologies.
The local data are mined, pseudoanonymized, translated, map-
ped to standard concepts and made available to trusted partners
in the network. The trusted partners do not have direct access to
the data, but they can send a machine learning algorithm to the
different data stores to learn from the data without sharing them
(i.e. knowledge sharing, not data sharing). To demonstrate the
power of this technique, an existing model was improved by
combining the data of five centres (www.eurocat.info). However,
a lot of time and effort is still required to access and utilize all
data generated in clinical routine and translate them into
knowledge. The end result of distributed learning is prediction
models which can support physicians when making patient-
specific choices (www.predictcancer.org). A different successful
data mining was started by Public Health England. Data from
all linear accelerators in England were collected automatically
using the Radiotherapy Dataset tools (http://www.ncin.org.uk/
collecting_and_using_data/rtds). This data set was analyzed to
examine the variation in given treatments for different regions
of the country.

An important topic when discussing collection of healthcare
data is patient privacy. All three approaches handle privacy
issues differently. Registries are usually hosted in some central
location by professional societies or government-related entities,
which are often authorized to collect identifiable patient data
and securely store them while giving researchers an anonymized
view of these data. Clinical trials work with informed consent
and with pseudoanonymized data. Distributed systems are
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privacy-by-design systems, as they simply do not allow data to
leave the site where they were collected.

It should be noted that there is a perception among healthcare
providers that data must be kept in isolation owing to privacy
issues. The fact is that there are existing solutions for these
issues. The real barrier to learning from (Big) data in healthcare
is that it requires willingness, resources and expertise.”

Healthcare data are not yet “Big” enough to apply purely data-
driven machine learning approaches and clinical expertise is
needed to create useful models that make sense to the clinicians.
Clinical trials, clinical registries and routine clinical data all
provide unique evidence, which is currently utilized separately.
Combining the three evidence sources into interoperable data
stores makes them complementary to each other and will enable
healthcare to move forward. However, data quality (Volume,
Variety, Velocity and Veracity) and sharing issues are hindering
progress. To achieve “Big Data” in healthcare, the data have to be
Findable, Accessible, Interoperable and Reusable. The Findable,
Accessible, Interoperable and Reusable Guiding Principles'® can
be applied to achieve good data management and stewardship,
which will enable knowledge discovery and innovation. Even-
tually, when data-driven machine learning approaches have
matured, it will provide a large knowledge base and clinical trials
will only be used for a small subset of studies that requires to
specific setup or a trial to prove (i.e. a new experimental
treatment).

IBM have stated that there are numerous ways to improve
healthcare using their technology and they provide a conclusion
of utmost importance: “Information technology cannot drive
change”* “Big Data” can be a powerful tool to move healthcare
forward, but healthcare providers need to invest resources to
make this happen. Consequently, industry leaders in radiation
oncology are already exploring this horizon market in antici-
pation of the opportunities and challenges that “Big Data” in
healthcare represents, both in terms of efficiency and efficacy.
Our experience is that the technical limitations of sharing data
are minimal. Practical reasons are that healthcare providers are
not willing, do not have the resources and/or knowledge to share
their data. Sharing data can have an effect on the reputation of
the healthcare provider because it allows their performance to be
compared with others. Furthermore, these data can be used in
research that a competing institute is working on as well, pos-
sibly creating unwanted competitors. By limiting the access to
data to a machine and only sharing the model learned from the
data, these issues are eliminated or largely negated. Despite the
conflicting interests of healthcare providers, change may be
driven by pressure from external institutions (such as govern-
ment and health insurance companies) to ensure that the highest
standard and most cost-effective care is delivered to the patient.

Many world leaders throughout history have referenced the
seventeenth century poem by John Donne—“No man is an
island”, when illustrating the need for collective responsibility
and action towards a brighter future for all. This maxim rings as
true in healthcare as it does in all other areas of life. We believe
that utilizing patient privacy-preserving distributed machine
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learning to translate and combine all data sources into knowl-
edge will enable healthcare to move to individualized, high-
quality, affordable and safe cancer treatments, ensuring the
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sustainability of healthcare. This will also allow moving further
towards participative medicine with customized patient de-
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