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Key points

Research using routinely collected data
can drive health system effectiveness and
health improvement

The policy environment increasingly
supports the research use of routinely
collected data

Priorities for methods development
include validation studies, and methods
for analysing longitudinal data, exploring
linkage error, and evaluation using
‘natural experiments’

Priorities for workforce development
include building capabilities in computer
science and research translation
Large-scale, long-term partnership
approaches involving government,
industry and researchers offer the most
promising way forward

Abstract

In the era of ‘big data’, research using routinely collected data offers greater
potential than ever before to drive health system effectiveness and efficiency,
and population health improvement. In Australia, the policy environment,

and emerging frameworks and processes for data governance and access,
increasingly support the use of routinely collected data for research.
Capitalising on this strategic resource requires investment in both research
methods and research workforce.

Priorities for methods development include validation studies, techniques for
analysing complex longitudinal data, exploration of bias introduced through
linkage error, and a robust toolkit to evaluate policies and programs using
‘natural experiments’.

Priorities for workforce development include broadening the skills base of the
existing research workforce, and the formation of new, larger, interdisciplinary
research teams to incorporate capabilities in computer science, partnership
research, research translation and the ‘business’ aspects of research.

Large-scale, long-term partnership approaches involving government,
industry and researchers offer the most promising way to maximise returns on
investment in research using routinely collected data.

Routinely collected data as a strategic resource

Large volumes of health-related data are collected routinely by governments,
healthcare providers and insurers, as a byproduct of operating services.!
Research and evaluation have traditionally been termed ‘secondary’ uses

of these data, because the data are used for purposes other than those for
which they were originally collected.

Other routinely collected data are generated to meet regulatory
requirements (e.g. births, deaths, health practitioner registration), or
specifically to monitor health conditions and health outcomes and to inform
disease control and health improvement efforts (e.g. cancer notifications,
communicable disease notifications, perinatal data). Statistical reporting,
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research and evaluation have always been among the
‘primary’ uses of these data.

In the era of ‘big data’, the customary distinction
between primary and secondary uses of routinely
collected data is becoming irrelevant. Data are
increasingly available in electronic form and can be linked
over time, and across data sources, to create longitudinal
records for individuals and multilevel data structures
(e.g. patients within practices within geographic areas).
Data systems such as clinical registries and electronic
health records are being designed with both patient
point-of-care and aggregate uses in mind.

The policy climate in Australia has increasingly
supported greater research use of routinely collected
data. The Council of Australian Governments released
a National Government Information Sharing Strategy in
2009.2 In 2010, the Australian Government endorsed a set
of principles for data integration for research purposes,
first among which is that agencies must treat data as a
strategic resource and support their wider research use
within and across policy portfolios.® Health is recognised
as being a key beneficiary of increased use of routinely
collected data for research, with a recent report from the
Australian Productivity Commission stating that “there is
a case for maximising the benefits that the community

Table 1.

achieves from the data it has paid for. More extensive
research and analysis of these data collections could
deliver significant improvements in the efficiency and
effectiveness of health care”.Recognising this, the
National Health and Medical Research Council (NHMRC)
has led the development of new national principles for
the use of publicly funded data for research®, which have
been endorsed by key data custodians and are currently
being finalised.

In this context, research using routinely collected
data offers greater potential than ever before to drive
health system effectiveness and efficiency, and
population health improvement. Realising this potential
will require capacity building in research methods and
research workforce.

Priorities for research methods

Routinely collected data have particular advantages for
research and evaluation, compared with bespoke modes
of data collection®, and they are also subject to specific
limitations. These benefits and limitations, summarised in
Table 1, indicate priorities for methodological research,
development of new methods and new applications of
existing methods.

Benefits and limitations of using routinely collected health data for research and evaluation

Benefits

Limitations

Population reach: many routine data collections have whole-of-
population coverage, and can be used to study rare outcomes
(e.g. adverse events) and population subgroups (e.g. Indigenous
Australians). They maximise power to identify even marginal
shifts in practice as a result of new policies or programs.

Longitudinal: when linked internally or across datasets, routine
data have a longitudinal structure that supports studies across

the lifecourse, enabling long-term follow-up and allowing better
causal inference.

Avoids nonresponse, attrition and reporting bias: routine
data have complete coverage, unlike surveys, which are

subject to high and rising rates of socially and health-patterned
nonresponse and attrition, as well as social desirability, reporting
and recall biases.

Cost-effective: the use of routine data for research and
evaluation increases return on investment for the public
resources expended in collecting them, and studies of whole
populations over many decades can be undertaken time-
efficiently and cost-efficiently compared with prospective data
collection.

Real world: routine data often present the only way to evaluate
the outcomes of care in population groups for which there is

no evidence from clinical trials, or to evaluate the impacts of
policies or services that have been rolled out in a nonrandomised
manner.

Event based: many routine data collections contain records
that are generated as the result of an event, such as a hospital
episode or death. They provide no information about individuals
who have not experienced such events, creating difficulties in
defining denominators for calculation of rates or appropriate
comparison groups.

Uncertain validity: valid recording of information

(e.g. diagnoses) requires that the correct information is available
for data entry (e.g. is present in the medical record) and that the
correct value is entered. ‘Rare’ values in large datasets may be
more likely to represent keystroke or coding errors than valid
entries.

Limited data items: routine data collections often contain

only a parsimonious set of items relating to the administrative
purpose of the collection, and as a result may include very
limited information on key confounders and risk factors, such as
socioeconomic status, smoking status, bodyweight or height.

Linkage error: bias may be introduced through errors in linkage,
which are likely to be nonrandom (e.g. difficulties in matching
names may be more prevalent in people from some cultural
backgrounds).

Lack of metadata: detailed metadata and documentation to
support the research use of the data may not be readily, or
publicly, available.
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An increasing number of validation studies have
investigated the accuracy of recording of demographics,
diagnoses, comorbidities and procedures in routinely
collected Australian hospital”~'® and perinatal' data.
There is an ongoing need for such studies. Data quality
is fluid and will change with coding standards and
practices, the evolution of information systems, and
sometimes in response to policy changes (e.g. ‘upcoding’
in response to casemix-based funding).'?

Robust methods for analysis of longitudinal data
are needed for use with linked routinely collected data
and emerging routine data sources that are inherently
longitudinal and person-centred, such as electronic
medical records. Priorities include techniques for dealing
with missing values'®, methods to explore the impact of
measurement error and unmeasured confounders, joint
modelling of survival and longitudinal data', methods for
modelling recurrent events'® and methods for real-time
data analysis to support clinical prediction.'” Additionally,
new ways to visualise complex health data for large
numbers of individuals'® hold promise for both exploration
of data and communication of research findings to policy
makers and the public.

The use of probabilistic (‘fuzzy’) matching to link
routine data in Australia (many other countries mainly
rely on unique health identifiers for data linkage) creates
an imperative to explore the potential bias that may be
introduced through linkage error.™ This may be especially
important in large routine data studies, which are better
protected from sampling (random) error because of their
size, but are not protected from sources of systematic
error. Data linkage errors are likely to be nonrandom — for
example, difficulties in matching names may be more
prevalent in people from some cultural backgrounds,
and healthier people may be more likely to migrate and
therefore be lost to follow-up through linkage.

Perhaps most pressing of these methodological
priorities is the need to develop a robust toolkit for
evaluation of policies and programs using ‘natural
experiments’.® Natural experiments use changes in
programs and services that are not randomised, but
they are the next best thing to a randomised controlled
trial (RCT). They can be an extremely valuable and
practical (and often the only) means of evaluating
changes in policies or services. The key to making causal
inference about the policy or service change is finding a
reasonable comparison group that has not been exposed
to the change but is sufficiently similar to the exposed
population, analogous to the ‘untreated’ arm of an RCT.
Methods such as propensity score matching, inverse
probability of treatment weighting and interrupted time-
series analysis are increasingly being applied to evaluate
policies and programs®, but a common problem is a
lack of robust information about the characteristics of
these ‘interventions’, and of how, when and where they
were implemented.

Priorities for research workforce
development

Despite the recent investment in infrastructure and
development of policy frameworks to support research
using routinely collected data, there has been little
matching investment in expanding Australia’s human
capacity to do this research.

A notable exception is the NSW Ministry of Health’s
Biostatistics Training Program, which has been operating
since 2000. This is a 3-year training program in which
trainees rotate through a series of work placements and
study part time, through distance learning, for a Master of
Biostatistics degree from the Biostatistics Collaboration
of Australia. Almost 50 trainees have completed
the program, and demand for graduates is high.
Additionally, the NHMRC has designated biostatistics
and bioinformatics as priority areas for its people
support schemes since at least 2012, and encourages
applications from these disciplines.

However, the workforce capabilities required for
health research using routinely collected data extend well
beyond biostatistics and bioinformatics (summarised in
Table 2). These imply both a broadening of the skills base
of the existing research workforce and the formation of
new, larger, interdisciplinary research teams.

Table 2. Workforce capabilities for research using
routinely collected health data

Skills in Knowledge of
Applying biostatistical Bioinformatics
methods Biostatistics

Conference presentations

Data management

Data manipulation

Data security

Database design

Grantsmanship

Literature review and
synthesis

Managing contracts

Project management Epidemiology

Research design Ethics

Specifying research questions  Health and clinical domains

Visualisation design Health system structure and

Working with databases operation

Working with policy partners ~ Machine learning

Working with the media Meta-analysis

Writing blogs and Metadata standards
commentaries Research methodology

Writing ethics applications Research translation

Writing for policy Social media

Writing grant applications Unstructured data

Writing scientific papers (e.g. images, text)

Writing tenders Visualisation

Communications
Computer programming
Computer science

Data governance

Data provenance and
interpretation

Data security and privacy
Data standards
Data structures
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Despite concern (expressed by statisticians) that
statistics is ‘losing ground’ to computer science and that
this implies a less rigorous approach?, few would deny
that efficiencies derived from computer science are
underused in health research using routinely collected
data. This research still operates largely under a project-
based, ‘cottage industry’ approach, with limited sharing
of data and methods, and fails to rapidly take advantage
of new technologies to increase computational efficiency,
safeguard data security, and overcome legal and
jurisdictional barriers to data pooling.

On the other hand, appropriate application of
computer science approaches such as machine learning
and data mining in health research requires that content
domain expertise is used. Researchers using routinely
collected data need sophisticated skills in working with
clinicians, health services and policy makers to identify
the key research questions, answer these in the right
way, and facilitate the uptake of findings into policy and
practice. They also need a detailed understanding of the
strengths and weaknesses of routinely collected data,
including issues of provenance, quality, and changes in
data standards and coding practices, to avoid making
novice mistakes in interpreting their findings.

Other priority capability areas such as ‘grantsmanship’
and project and contract management relate to the
‘hand-to-mouth’ nature of health and medical research
in Australia, with intense competition for limited grant
income, and short-term employment tenure as a norm.
Researchers now need to be adept at the ‘business’
of research. Unfortunately, even contract research
commissioned by government agencies is usually project
based rather than programmatic in nature. Again, this
is very inefficient, with funds and effort expended on
the lengthy start-up approval and set-up phases of new
research involving routinely collected data, rather than on
maximising the knowledge outputs.

Conclusions

Making best use of routinely collected data to drive
improvement in health services and health is a

national priority for Australia.* The policy environment,
and emerging frameworks and processes for data
governance and access, increasingly support the use
of routinely collected data for research. Capitalising

on this strategic resource requires investment in both
research methods and research workforce. Large-scale,
long-term partnership approaches involving government,
industry and researchers offer the most promising way
to maximise the returns on such investment. Reliance
on competitive research grant funding mechanisms that
are increasingly driven by citation metrics, which do not
favour research that focuses on local health systems, is
very unlikely to achieve this.
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