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Abstract ‘Big data’ is the collective name for the
increasing capacity of information systems to collect and
store large volumes of data, which are often unstructured
and time stamped, and to analyse these data by using
regression and other statistical techniques. This is a review
of the potential applications of big data and health economics, using a SWOT (strengths, weaknesses, opportunities, threats) approach. In health economics, large
pseudonymized databases, such as the planned care.data
programme in the UK, have the potential to increase
understanding of how drugs work in the real world, taking
into account adherence, co-morbidities, interactions and
side effects. This ‘real-world evidence’ has applications in
individualized medicine. More routine and larger-scale cost
and outcomes data collection will make health economic
analyses more disease specific and population specific but
may require new skill sets. There is potential for biomonitoring and lifestyle data to inform health economic analyses and public health policy.
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Key Points for Decision Makers
‘Big data’ technologies have the potential to advance
health economics as a discipline.
Having larger patient datasets will allow a lot more
real-world evidence to be generated and interactions
between treatments to be understood better.
Having more biomonitoring and lifestyle data will
enable health interventions to be tailored more to
individuals.

1 Introduction
The objective of this paper is to provide the reader with
some ideas around developments that have been collectively labelled as ‘big data’ and how they might have an
impact on the field of health economics in the years ahead.
This piece uses a SWOT analysis approach to understanding the strengths, weaknesses, opportunities and
threats of big-data techniques in the fields of health economics (including pharmacoeconomics), epidemiology and
public health. As with any SWOT analysis, there is an
element of subjectivity behind the ideas in this paper. The
paper first defines and introduces big data (talking specifically about open data), talks about the opportunities for
health economics and biomonitoring, and then discusses
large data repositories, the opportunities for public health,
and some of the risks and challenges around big data.
There are several definitions of big data; most definitions talk about unstructured, large and often time-stamped
datasets, which would be difficult to process in standard
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relational databases [1]. Big data involves technologies that
allow unprecedented opportunities to store, match up,
analyse and visualize datasets in ways that would not have
been possible in the past, and which can reveal aspects of
human behaviour and processes that were previously difficult to measure. There is a question over whether big data
is a genuinely new phenomenon. There are big datasets that
have been used for years, such as the National Health and
Nutrition Examination Survey (NHANES) in the USA; the
volumes of digital data surpassed the volumes of nondigital data globally in 2002 and now constitute 94 % of all
data. Business intelligence technology has moved quickly,
but the real big-data revolution is in the volumes of data
that are collected and stored (with the amount of information stored globally being estimated to double every 40
months), and the increase in the processing power of
computers and servers, with people now talking about peta, exa-, or zettabytes, where in the past they would refer to
kilobytes. We now collect data without necessarily knowing the purpose for collecting them. In the past, developers
would spend months trying to get information systems to
speak to each other, whereas now it is usually a lot quicker
and automated. In the past, data were used to measure
against a performance or a plan, or to test hypotheses,
whereas data mining and automated neural network models
are now used to generate new hypotheses and to look for
links that may not immediately be logical or apparent—
‘unknown unknowns’. In the last 3 years, it has been
revealed that the National Security Agency (NSA) in the
USA and the Government Communications Headquarters
(GCHQ) in the UK have been monitoring people’s phones
and internet use on a massive scale—action that is possible
only through big-data storage and sifting technology. There
is a debate around whether big data will enhance our
human potential or will mean being over-monitored and
manipulated without our knowledge.
Big data often involves ‘open’ datasets, which are
shared in the public domain. In future, amateur or volunteer ‘citizen scientists’ may compete with academic
groups; for example, PXE International has found treatments for a rare disease, pseudoxanthoma elasticum
(PXE), by sharing data and blood samples with interested
parties [2]. The UK Government has had a programme of
putting data into the public domain and has a central
repository, data.gov.uk, for these data; for example, one
sector of the UK Government with a lot of potential
applications is Ordnance Survey (OS), which has allowed
a lot of its previously paid-for geographical mapping
products to be used openly [3]. In terms of health, the UK
Government has faced negative headlines and a backlash
over its plans for care.data, a web interface where linked
general practitioner (GP) and hospital admissions data
would be available to researchers, potentially creating one
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of the world’s biggest linked health datasets. Much of this
negative publicity has arisen because of the possibility of
data being shared with private companies [4]. In the USA,
the Patient-Centered Outcomes Research Institute
(PCORI) has funded similar big-data projects [5]. These
types of datasets could be crucial in understanding the
whole patient journey and meeting healthcare challenges
such as efficiency savings or moving services out of
hospitals.
Phil Hammond, a British doctor, broadcaster and campaigner, has called for open data in healthcare and
aggressive transparency [6], and for the UK health service
to do more to protect whistleblowers who expose poor
standards of care. But having open, transparent data could
put healthcare givers at greater risk of litigation when
things go wrong. It is often quoted that around 1 in 10
people is harmed by healthcare, although this estimate
varies widely [7]. There are risks that with open data,
people will miss the nuances and misinterpret; for example,
in the case of US Medicare cost data being released, some
physicians were identified as being the biggest earners
when in fact they were managing health budgets for large
programmes [8].
There are also ‘closed datasets’, which are owned and
sold by private companies, such as Quintiles. These closed
datasets also have increased potential in big-data applications through data linkage. Dr. Foster, a company that was
initially set up in partnership with the UK Department of
Health, analyses closed datasets to provide hospital data
analytics, including the controversial Hospital Standardised
Mortality Ratios (HSMRs), which were part of identifying
the high mortality rates in the Mid Staffordshire NHS
[National Health Service] Trust, which led to the Francis
Inquiry. These mortality ratios are adjusted for case mix,
age and co-morbidities so that a fair comparison can be
made, although this is disputed by some who argue that it is
over-sensitive to local differences in clinical coding within
hospitals [9]. Hospital readmissions are notoriously tricky
to predict, despite there being several algorithms already,
such as PARR? (Patients at Risk of Readmission), that
estimate a patient’s probability of being readmitted. The
Heritage Health Prize was a competition where analysts
were given access to a large hospital training dataset and
were asked to produce an algorithm that would predict
hospital readmissions as accurately as possible in a test
dataset [10].
Table 1 shows a list of the types of datasets and an
example of each one. These datasets are not all uniquely
linked to the big-data phenomenon; some have been around
for many years. But within each category, big data will
mean that capability is increased.
Most big-data applications use the internet. The influential book Super Crunchers [11] detailed how companies

Big Data and Health Economics
Table 1 Types of healthrelated data that big data will
have an impact on
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Type of health-related data

Example

Healthcare registries

MINAP

Healthcare claims databases

Medicare

Adverse events databases

FAERS

Lifestyle databases

Experian Mosaic

Biomonitoring data

Propeller Health (asthma devices database)

Large population surveys

NHANES

Internet browsing/searching databases

Google Flu Trends

‘Internet of Things’

Thingful

FAERS US Food and Drug Administration’s Adverse Events Reporting System, MINAP [UK] Myocardial
Ischaemia National Audit Project, NHANES [US] National Health and Nutrition Examination Survey

such as Amazon record every click a customer makes and
how long it takes, and sometimes they test out different
prices for the same product; this has been employed controversially by budget airlines, who increase prices when a
customer looks at a flight several times. Healthcare data are
one of the types of data that individuals are less willing or
less likely to share on the internet, so it could be argued
that there are fewer applications for acquiring these data
routinely. Google Flu Trends was a big-data ‘collective
intelligence’ system, which recorded web searches for flu
symptoms and was postulated as an early warning system
for flu outbreaks. However, despite some early success, it
was found in subsequent analyses to be not very accurate in
predicting rates of flu cases [12]. Because Google’s algorithms are proprietary and not openly available, they cannot be interrogated by other researchers.

2 Strengths of Big Data and Opportunities
for Health Economics
Big-data technologies offer opportunities for health economics and pharmacoepidemiology in terms of exponentially larger datasets, linking between systems and using
real-world evidence to see how drugs interact in the real
world and to identify safety issues and rare side effects
more quickly. Big data offers the possibility for a lot more
complexity to be measured and stored in the healthcare
system, which previously may not have been possible with
slow information systems that could not talk to each other.
But big data probably will not replace the gold standards of
clinical research—for instance, having a hypothesis and
running a randomized, controlled trial. In the UK NHS,
increasing use of service-line reporting of healthcare
spending and routine measurement of health outcomes in
programmes such as the national Patient Reported Outcome Measures (PROMs) programme mean that potential
data for cost-effectiveness analyses may be captured

routinely in hospital databases as opposed to requiring
additional data collection and planning; for example, a
study used PROMs data for a cost–utility analysis of hip
and knee replacement [13]. Large datasets may also allow
increased monitoring of consumer behaviour in the
healthcare system to more accurately determine whether
health insurance coverage improves health, increases
healthcare usage or creates moral hazard, such as that in the
famous RAND health insurance experiment and, more
recently, the Oregon experiment [14].

3 Biomonitoring and Lifestyle Data
The increased use of passive biomonitoring devices (such
as continuous heart rate monitors) will mean that in
future, more real-time data on health indicators will be
available and healthy ranges for biometrics can be better
defined. This is part of a movement towards what has
been called ‘lifelogging’ or the ‘quantified self’, where
more individual data are collected, covering health, lifestyle and daily activities. In May 2014, Samsung unveiled
a commercial health sensor called Simband [15]. This
device measures metrics such as the heart rate, blood
pressure and oxygen levels. However, the level of accuracy needed for a commercial device may not be rigorous
enough for a health study. Increasing lifestyle data from
activity monitoring, from shopping habits and from the
‘Internet of Things’ (which is defined as a future scenario
where household functions such as heating, fridges and
doors will be connected to the internet and controlled
remotely) can be used to inform policies to improve
public health through increasing activity and access to
healthy foods [16]. Data from these novel sources may
present issues in the short term—for instance, where
institutional review boards (IRBs) are not used to assess
whether and how researchers should have access to these
types of data sources from human subjects. Research
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Table 2 Strengths, weaknesses, opportunities and threats of big-data technologies and methodologies for the pharmaceutical industry and health
economics, and for the general public

Strengths

For the field of health economics

For the general public

Open datasets mean that more robust long-term outcomes data
are available for economic models. Also, more accurate
disaggregated cost data are available that represent the whole
patient journey

Real-world evidence should mean more tailored, better drugs
and greater efficiency, which means that the system is more
efficient for insurance payers and taxpayers

Open datasets mean that people from different disciplines and
people from outside the research industry can analyse data
and test hypotheses (‘citizen science’), bringing fresh
perspectives and opportunities for more open collaboration

Interactions arising from uncommon drug combinations should
be better understood

Real-world evidence means that the cost effectiveness of drugs
in the real world can be better understood (taking into
account the effects of multiple drugs, and the fact that
adherence is often lower in the real world than in trials),
which may provide better evidence for decision makers

Individual preferences can be better measured so that the
human consequences of treatments can be incorporated into
decisions in a more precise way. Thus, if a drug helps
somebody to live independently or to continue to engage in
pleasurable activities, these changes in capability can be
factored in for cases where there may be only a small
improvement in typical health outcome measures, such as the
EQ-5D

Availability of more individual-level data means that the
effects of drugs at the individual level and changes in
outcomes and value to individuals can be better understood

Giving healthcare providers and patients access to relevant,
well presented, high-quality data should help them to make
better decisions
Behavioural data from sensors and the ‘Internet of Things’ can
be used to make communities healthier by promoting healthy
behaviours such as walking and cycling, and fruit and
vegetable consumption

Weaknesses

It can be costly to store and manipulate large volumes of data
Spurious associations could be identified when multiple
analyses are used without being sense-checked
Does not meet the level of scientific rigour needed in
randomized, controlled trials and thus will not replace them

Big data favours people who are more digitally connected,
i.e. those in rich countries
People might feel that they are losing their individual
sovereignty if they are being over-monitored, such as by
biomonitoring systems
People do not always know what their data are being used for,
thus they may be less likely to participate in trials

Opportunities

Have large datasets that communicate with each other better,
which can facilitate complex analyses

Individuals can understand their genetic predisposition to
diseases

Have large trial registries so that the effects of similar drugs
can be cross-matched

Individuals can use their own biomonitoring data to obtain
better and more immediate treatment, or to monitor and
improve their own health

Possibility of understanding mechanisms and side effects of
new drugs better through big datasets, which should reduce
the number of new drugs that fail
Potential to further personalize medicines by informing how
drugs and other treatments work in individual patients,
leading to improved efficiency

More accurate predictions of new developments in diseases
means quicker responses, e.g. in flu epidemics
Availability of more accurate predictive data means better
prevention of diseases, e.g. for understanding of cancer risk
factors

Capacity to build large model datasets that resemble real
populations in size and complexity
Threats

Real-world evidence might show that drugs are not as effective
in the real world
Health economics as an industry might be required less if more
data collection, analysis and modelling can be automated
The health economics field might suffer a backlash in the
public consciousness if people feel that their data are being
misused or that they are being over-monitored
Health economics as a discipline may need to develop a new
skill set for working with big-data applications

Understanding a lot more about individual risks of diseases
may cause anxiety, particularly for diseases with no
treatments available
Risk of adverse selection by insurance companies with better
predictive datasets
Risk of companies using big datasets to collude at the expense
of the customer
Risk of data being lost or stolen
Risk of biological indicators of health being valued over
individual welfare
Ethical risks around excessive genetic screening

protocols may take time to catch up with new methodological and ethical challenges arising as a result of
access to these novel data sources.

Table 2 shows a summary of the strengths, weaknesses,
opportunities and threats of the big-data approach for the
field of health economics and for the general public.

Big Data and Health Economics

4 Real-World Evidence and Personalized
Medicine
Health economists have broadly welcomed the move towards
having big data available and generating more ‘real-world
evidence’, even though some companies might not benefit in
cases where drugs are shown to be less effective in the real
world than they were in clinical trials. Drug companies
already use consultancies to trawl clinical data systems to see
how effective their drugs are in the real world (and also
arguably to check which clinicians are prescribing their
products). Big-data techniques chime with ideas around personalized medicine, whereby clinicians can select treatments
that are most effective and less likely to be discontinued
because of side effects, and, in the case of drugs, they can
select a dose that is tailored more to an individual, potentially
making the healthcare system much more efficient.

5 Data Repositories
The ‘All Trials’ initiative, which several big pharmaceutical
companies have signed up to, is calling for all clinical trials to
be reported in an open central repository, and could represent
a big-data resource. The NHS Economic Evaluation Database (EED) and the Cost-Effectiveness Analysis (CEA)
Registry are popular databases of economic evaluations,
while the Cochrane Collaboration is a well-respected database of systematic reviews. The US Food and Drug
Administration’s Adverse Events Reporting System
(FAERS) is a system for reporting adverse events and
medication errors for drug companies, clinicians and the
public, which has big-data applications [17]. If these registries could be connected with planned databases of trials,
then there may be applications such as automated systematic
reviews and greater sharing between drug companies and
research groups. There may be ethical questions because
traditionally in trials, people are told what their data are being
used for, whereas with big data, the uses of their data may not
always be known yet. However, some big datasets, such as
NHANES and the Health Survey for England, have been
studied for many different purposes over the years [18].
One example of where big-data techniques could help to
settle a health controversy is around the prescribing of statins
to otherwise healthy people. There has been recent debate
about the efficacy of statins, which are prescribed to reduce
cholesterol and reduce cardiovascular risk [19]. In particular,
there is debate about the correct threshold of cardiovascular
risk at which to prescribe statins, as there is also a small risk of
side effects such as diabetes. In the UK, the National Institute
for Health and Care Excellence (NICE) has recommended that
statins should be considered for adults who have a 20 % or
greater 10-year risk of developing CVD [20]. A lot of the
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current cardiovascular risk equations, such as the Framingham
Risk Equation and QRisk, have limitations [21]. Big data
could enable systems to be linked up so that more sophisticated estimates of the correct threshold could be produced at
an individual patient level, along with their level of certainty.
Then, if a risk calculation can be embedded into the health
system, there could be a regression equation that keeps testing
its reliability and updating itself to become more powerful.

6 Modelling
In health economics, modelling is often used to combine
data from different sources or to estimate long-term outcomes from short-term surrogate outcomes. Data on quality
of life and costs are often reused between many studies and
are often used for populations that are different from those
being studied, and such data may be outdated. If data
collection, processing and analysis in economic studies can
become more sophisticated and efficient, then a greater
volume of accurate healthcare outcomes and costing data
can be generated. It is traditional for cost–utility analyses
to take an extra-welfarist perspective, where the value of
health is based on population averages [22]. For example,
in the UK, the utility scores associated with particular
health states in the EQ-5D (which is seen as the gold
standard by NICE in calculating quality-adjusted life
expectancy) are calculated using time trade-off methods
and a general population sample. This is partly so that
health investment decisions reflect the views of taxpayers,
but it is limited by the ability of people to ‘‘put themselves
in someone else’s shoes’’ and imagine health scenarios.
With big-data applications, it may be that the individual
value that people put on health states can be used more
often, and outcomes such as the capability of an individual
to do the things they enjoy could be incorporated, which
would represent moving towards more of a welfarist perspective. In terms of modelling, big data means that in
future, modelled populations or simulations could be closer
to real populations in their size and complexity. However,
the opportunities around using big-data techniques will not
compensate for a model that has been poorly designed.

7 Risks of Big Data and Threats to Health
Economics
There are risks to using big data, such as loss of patient
confidentiality or misuse of data by insurers or other companies. In the US ‘Obamacare’ healthcare reforms, health
insurance markets were not allowed to consider pre-existing
conditions in pricing policies for individuals [23], because it
was recognized that companies will soon be able to predict
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healthcare costs with accuracy by using big-data applications. In Privacy in the Age of Big Data, Payton and Claypoole stated that the biggest threat to individuals is from
cyber-criminals, as most databases can be hacked, even
secure government databases such as the Pentagon’s [24].
There is also a risk that the benefits of biomonitoring and the
Internet of Things will leave the most deprived populations
behind. There have been rapid advances in genomics; a
company called 23andMe previously offered genetic testing
which told individuals their risks of certain diseases [25].
Genetic testing such as this could pose ethical and moral
questions, especially for diseases where there are few
effective treatments, such as Huntington’s chorea.

8 Summary
For health economists, big-data technologies may mean that
more data can be collected and combined from disparate
information sources and with automated analysis. In the future,
open-ended research data may be used more to generate, as well
as to test, hypotheses. Real-world evidence may indicate that
drugs do not perform as well in the real world as they do in
randomized, controlled trials, but, equally, personalized medicine may provide evidence of benefit for individual patients
who may be considered on the borderline of whether a given
treatment would be cost effective. The increasing use of big
data will offer benefits to individuals, such as more tailored
healthcare solutions, better monitoring of health conditions and
fewer mistakes. But there will also be risks of patients feeling
too much like they are a series of numbers and less like individuals, and risks of data being stolen.
In conclusion, the big-data revolution is a real phenomenon and will mean real changes in the field of health
economics, and having an appreciation of the risks and
benefits of it is useful for practitioners in the field. There
may be an increasing demand for analytical skills in
working with large datasets in health economics, as well as
in other research fields. There should be opportunities in
making the health system more efficient and in tailoring
drugs and information more to individuals.
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