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Preface
The Learning Healthcare Project at
Newcastle University was founded in
2014, with funding from The Health
Foundation; we issued our first report,
The Potential of Learning Healthcare
Systems [1], the following year. Since
then, we have collaborated on national
and international policy relating to
Learning Health Systems.

advice on how to build a Learning
Health System. While there can be no
one-size-fits-all blueprint, in this report,
we present a framework for considering
the key sociotechnical challenges. We
also provide links to practical resources
that organisations may find helpful as
they progress towards their own vision
of a Learning Health System.

We predicted that the five years to 2020
would see increasing efforts to learn
from routine data, improvement of user
interfaces, and the further development
of outcome measures and outcomesbased reimbursement. We also
expected to see progress on
interoperability, the development of
platform components, more
interorganisational networks and
greater acceptance of data sharing by
patients. There has been international
movement towards these goals, but not
as much as we had expected. This
report reflects our richer understanding
of the sociotechnical complexity
involved in developing a Learning Health
System and presents tools that can help
to manage it.

This report is a child of the Covid-19
pandemic. Our work and our workshops
moved online, but more broadly; we
witnessed an acceleration in the shift to
digital healthcare. Hopefully the
Learning Health System concept can
channel the “dash for digital” and help
to avoid wasteful spending on siloed
systems that don’t work together.

Since the publication of our first report,
we have been contacted by
organisations around the world, seeking

Most importantly, we hope that you
enjoy our report. Please get in touch to
feedback, to share your experience or if
you would like to collaborate.

Dr Tom Foley
Principal Investigator
The Learning Healthcare Project

thomas.foley@newcastle.ac.uk
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Figure A.
Learning Health System Framework

Executive Summary
A Learning Health System is described as a health system in which outcomes and
experience are continually improved by applying science, informatics, incentives and
culture to generate and use knowledge in the delivery of care. A Learning Health System
can also improve value, reduce unjustified variation, support research and enhance
workforce education, training and performance.

This report presents a framework for considering the key challenges facing anyone
building a Learning Health System (Figure A). The fractal nature of a Learning Health
System means that conceptually, many of the challenges are the same, whatever the
system’s scale – from a small medical practice to an international health system.

At the hub of our framework are the technical building blocks for organisational
learning, that enable data generated from practice to create knowledge and for that
knowledge to be put back into practice.

Data must be generated from practice (Practice to Data):
It must be captured, stored, accessed and protected. The quality and provenance of
data must be ensured, and it must be sharable and understood between settings.
Knowledge must be generated from the data (Data to Knowledge):
There are many ways to generate knowledge. Randomised trials are familiar in clinical
medicine, but there is also a range of quasi-experimental analytic methods. Artificial
Intelligence is only the latest field to offer methods of generating insight. More
traditional engineering approaches also have a role, as do qualitative methods.
Knowledge generation cannot be entirely automated and learning communities have a
place at the heart of any Learning Health System.
Knowledge must be put into practice (Knowledge to Practice):
It is not enough to publish knowledge in books, journals and reports. It must be put into
practice. Clinical guidelines, for instance, can be represented in a standardised,
machine-readable and computable form that can guide decision making at the
frontline.
Platforms:
While each Learning Health System is a unique and complex system of technologies,
people and policies, there are usually common infrastructural elements.
These can often be procured as platforms, freeing the health system to focus on the
unique and high-value elements of its Learning Health System.
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Understanding and managing complexity
in a Learning Health System:
Healthcare is complex, a fact that must be
reflected in any Learning Health System. The
Nonadoption, Abandonment, Scale-up,
Spread and Sustainability (NASSS) Framework
suggests seven domains in which the
complexity of a Learning Health System can
be considered: condition/illness, technology,
value proposition, adopters, organisations,
the wider system and adaptation over time.
Considering a proposed Learning Health
System within this framework can aid in
design, implementation and evaluation.
Strategy in a Learning Health System:
A Learning Health System requires strategic
direction, a culture of learning and a scientific
approach to implementation. Individuals and
organisations will have to change their
behaviour. It must be co-designed by the
stakeholders and continually evaluated.

These elements of our framework are represented in
Figure A and described in detail throughout this report,
with links to a huge range of useful resources.
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Introduction and Rationale for a
Learning Health System

T

his report offers guidance for
building a Learning Health
System, focusing on tools,
models and frameworks that might be
helpful. However, it is not a “how to”
guide. Indeed, there is no model for
building a Learning Health System that
can be “lifted and shifted”. Learning
Health Systems are complex by nature
and must be co-designed with local
stakeholders.
We aim to refresh “The Potential of
Learning Healthcare Systems” [1], which
was published in 2015. Here, we
supplement the interviews and
workshops conducted for that report
with five new expert workshops, a
purposeful literature review and six
more years of experience building
Learning Health Systems.
Figure A provides a framework for
thinking about the components of a
Learning Health System which is
mirrored by the sections of the report.
This first section describes how a group
of stakeholders might determine their
Rationale for developing a Learning
Health System (the outer ring of Figure
A). The next section discusses the
Technical Building Blocks of a
Learning Health System (the hub of
Figure A). Next, we explain why
Understanding and Managing
Complexity in a Learning Health
System is about more than just
technology (the ring marked
‘Complexity’). The final main section
explains the key Strategic
Considerations in a Learning Health
System (the ring marked Strategic).
A Learning Health System can operate
at any scale, from a team to a small
provider organisation, or from a

regional group of organisations to a
national or even international system
[2]. The elements considered in this
report are relevant at each scale, as
illustrated by Figure A.

What is a Learning Health
System, and why would
you want one?
Many years before the concept was
applied to healthcare, a learning
organisation was defined as “an
organization skilled at creating,
acquiring, and transferring knowledge,
and at modifying its behaviour to reflect
new knowledge and insights” [3].
The idea was introduced to healthcare
in 2007 by the United States Institute of
Medicine (IoM, now the National
Academy of Medicine) [4], which later
defined it as a system in which “science,
informatics, incentives, and culture are
aligned for continuous improvement
and innovation, with best practices
seamlessly embedded in the delivery
process, [with] patients and families
active participants in all elements, and
new knowledge captured as an integral
by-product of the delivery experience”
[5].
On the face of it, the definitions above
are comprehensive, but not very
specific. Almost any health system can
claim to be a Learning Health System, in
that there are scientific processes,
informatics and incentives in play.
Knowledge is usually captured in some
form or other, and most systems at
least claim to seek improvement.
However, there are few, if any systems
in which these elements are fully

REALISING THE POTENTIAL OF LEARNING HEALTH SYSTEMS

CONTENTS

9

aligned for continuous improvement
and innovation.

be co-designed at the local, regional,
national and international level.

Importantly, the focus is on collecting
data to generate knowledge and
applying it to improve practice (the hub
of Figure A).

There is necessarily an interdisciplinary
science developing around the Learning
Health System concept, evidenced by
the formation of new university
departments [8], conferences [9, 10]
and an academic journal [11].

In most cases, data come from
Electronic Health Records, clinical
registries or other routinely collected
sources. Data are analysed by
communities of practice or by a range of
quantitative methods, often devised by
academic health centres, public bodies
or commercial organisations [6]. The
knowledge generated is then used to
change practice by informing
deliberative processes or by directly
feeding decision support systems.
Learning Health Systems have been
called many different things, including
data hubs, living labs, innovation or
informatics hubs, learning networks,
learning laboratories, communityclinician participatory data healthcare
research, data driven improvement
initiatives, interventional informatics,
practice-based data networks, circular
data-driven healthcare, Learning
Healthcare Systems and Rapid Learning
Health Systems [6].
It is important to recognise that a
Learning Health System is an ongoing
journey rather than a destination; the
very concept of a Learning Health
System is that there is always something
new to learn [7]. They conduct similar
activities regardless of scale, giving them
a fractal property. This means that
many elements will be reusable as
Learning Health Systems scale up.
Figure A shows that each of the
elements considered in this report can

The rationale for developing a Learning
Health System often includes some or
all of the following, which were explored
in more detail in the earlier Learning
Healthcare Project report [1]:
To improve patient outcomes and
experience:
While most health systems seek to
improve the quality and safety of care,
many fail even to measure
comprehensive and robust outcomes. A
Learning Health System with the ability
to deliver actionable knowledge to the
point of care could enable
improvements to patient outcomes and
experience.
To provide better value healthcare:
Patient outcome and patient-level
costing data can enable Value Based
Healthcare Delivery [12]. This may
reduce the cost for a given outcome – in
other words, doing things right. Perhaps
more fundamentally, a Learning Health
System can inform priorities for
resource allocation – doing the right
things.
To reduce unjustified variation:
A Learning Health System can identify
variations in outcomes and in the
availability of health interventions by
geography or by subpopulation. It can
highlight health inequalities or positive
deviants, and apply behaviour change
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methods to address such variations
[13].
To generate generalisable knowledge:
A Learning Health System can empower
research. It can help identify potential
participants for traditional randomised
controlled trials. It can enable low-cost
monitoring or long-term follow-up of
participants, by tracking when they
interact with the health system. It can
host prospective pragmatic trials or
retrospective observational studies. It
can generate evidence that is relevant to
small sub-populations or those with
comorbidities or polypharmacy [14],
and can deliver evidence for
policymaking at the population-level.
To optimise the use of knowledge and
evidence for decision making:
A Learning Health System can improve
the use of research evidence, staff
knowhow, learning from experience and
organisational memory. It can close the
loop by delivering knowledge back to
the front-line, in a form that is likely to
be acted upon. It can also monitor the
impact of that action.
To identify and track epidemiological
phenomena in near real-time:
The Covid-19 pandemic has highlighted
the importance of real-time health
surveillance systems. These can be
developed on top of the infrastructure
required to support other Learning
Health System functions [15].
To maximise the benefits of
technological innovation and
investment:
Many health systems have invested vast
resources into Electronic Health Records

(EHR) and other Health IT infrastructure.
Without investment in something like a
Learning Health System, EHRs often
represent little more than a clunky
version of paper notes. A Learning
Health System can exploit the newly
available data and increase the value of
existing Health IT infrastructure.
To expand the education, training
and performance of clinicians:
A Learning Health System can enable
performance feedback and personalised
professional development using
routinely collected clinical data [16].
Marketing (Because it sounds good):
In some cases, the Learning Health
System concept has been used as a
marketing label, applied to existing
systems. This is due to the vagueness of
the definitions above. It risks diluting
and discrediting the concept, but it can
have benefits. If it provides a set of
organising principles for existing
activities, it can point the way to more
strategic future developments.
Stakeholders should review their
current systems before establishing a
Learning Health System, identifying how
it may address any existing issues. This
could take the form of a simple SWOT
(Strengths, Weaknesses, Opportunities,
Threats) [17] or PESTLE (Political,
Economic, Sociological, Technological,
Legal, Environmental) [18] analysis, or it
could use the more comprehensive
NASSS Framework (outlined later). This
will provide the basis for a strategy to
deliver the right Learning Health
System.
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Case studies
No two Learning Health Systems are the
same, but there is much to be learned
by studying examples and considering
what succeeded, and in what
circumstances.
A recent review of the literature
identified 68 Learning Health System
case studies across 20 countries [19]. A
previous Learning Healthcare Project
report and associated website described

many other examples [1]. This report is
illuminated by several additional
examples that have been identified
from the literature and our workshops.
They are referenced throughout the
report and summarised below. Most
relate to components of a Learning
Health System, though some are full
Learning Health Systems in their own
right.

Learning Health
System

Details

Better Care
Programme (HDR
UK) [20]

A UK-wide hub and spoke funding and collaboration network
designed to support the development of Learning Health Systems
that integrate clinical practice, large-scale data and advanced analytics
in a cycle of continuous improvement.

Evelina London
Children and
Young People’s
Health
Partnership [21,
22]

An interagency model to provide coordinated and tailored care for
children and young people in South London. Anticipatory care is
enabled using a population health model supported by primary and
secondary care data systems.

Geisinger Health
System [23]

Geisinger is an integrated health system in Pennsylvania, USA, that
has embraced the Learning Health System concept to drive
continuous care improvement.

HealthTracker
[24]

A well-evaluated Australian clinical decision support tool that
incorporates ten different clinical practice guidelines into a single onscreen algorithm on the clinician’s desktop. It provides estimates of
cardiovascular risk and suggests further investigations and lifestyle
changes.
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Learning
Networks [25]

The Learning Network approach has been pioneered by Cincinnati
Children’s Hospital. In 2007 it started with ImproveCareNow, a
Learning Health System for Inflammatory Bowel Disease, and now
covers many other conditions. It has scaled up and spread the
concept by sharing its common framework, methods and processes
with other institutions.

Local Health and
Care Records [21]

A group of regional interagency information-sharing initiatives across
England, based on the Learning Health System concept.

Mayo Clinic
Platform [26]

A ten-year strategic initiative aiming to transform healthcare by
delivering data, care, diagnostics and management platforms that
could support a Learning Health System.

Mobilizing
Computable
Biomedical
Knowledge [27]

An international community led by the Department of Learning
Health Sciences at the University of Michigan. Their goal is to ensure
that biomedical knowledge in computable form is Findable,
Accessible, Interoperable and Reusable (FAIR).

Nightingale
Learning System
[28]

In response to the Covid-19 pandemic, the NHS in England converted
a London convention centre into the first of the country’s Nightingale
Hospitals, expanding treatment capacity. A learning system was built
into the organisational architecture of the facility.

Open Lab
Newcastle [29]

Open Lab is a research group that works on advanced HumanComputer Interaction (HCI), digital citizenship, sustainability, design
futures, social innovations and machine learning. The group
essentially creates sociotechnical learning systems in health and
beyond.

Rapid cycle
randomized
testing at NYU
Langone Health
[30]

A Learning Health System was developed by embedding randomised
tests of quality-improvement interventions within an existing
healthcare system, using routinely collected data.

National
Institute for
Health
and Care
Excellence (NICE)
[31]

NICE produces national guidelines across health and social care. It
aims to support a Learning Health System by broadening its scope
from single condition, narrative guidelines, to structured
recommendations encompassing multi-morbidity, polypharmacy, and
wider health system considerations.

NHS Digital [32]

The English health system’s data hub aims to enable a national
Learning Health System, using cradle-to-grave longitudinal health
data on the entire population.
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OpenClinical [33]

A collaboration between University College London, Oxford University
and Deontics Ltd., created to maintain an open access and opensource repository of medical knowledge in a machine-readable
format.

Optum Labs [1]

A US research partnership with access to the health records of over
100 million patients, Optum Labs has used structured data and
Natural Language Processing to enable a research-based Learning
Health System.

PatientsLikeMe
[29, 34]

A US-based web platform that allows patients around the world to
share their health-related experiences and outcomes in a highly
structured format. The data can be used by individual patients or
researchers to learn from the experience of each patient. This
information has also been linked to biological data and used to train
AI algorithms.

Scottish National
Decision Support
Programme [35,

A development programme aligned to the broader national health
strategy that focuses on improving outcomes in key areas. Each
decision support tool is developed through a participatory co-design
process, engaging all stakeholders.

36]
TRANSfoRm [37]

An EU-wide programme to enable a Learning Health System, this
could improve patient care by speeding up translational research,
enabling more cost-effective Randomised Control Trials and by
deploying diagnostic decision support.
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Technical Building Blocks of a
Learning Health System
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O

ur earlier Learning Healthcare
Project report [1] described the
building blocks of a Learning
Health System in detail. Here we will
summarise that work, expanding on
new developments.
Learning Health Systems have been
described as learning cycles at scale
[38]. Once a decision is made on what to
study, organisational Learning relies on

data being derived from practice
(Practice to Data), knowledge being
generated from the data (Data to
Knowledge), and knowledge being
transferred back into practice
(Knowledge to Practice). This is
illustrated by Figure A, which in turn
forms the hub of the wheel in Figure A.
Each of these stages is described below.

Figure A Adapted from Flynn et al.’s [38] view of the learning health cycle of the Learning Health System

Other models [39] explicitly consider
“information” and “wisdom”, as well as
“data” and “knowledge”. This is often
helpful in considering how specific
Learning Health System cycles operate.

However, for the purposes of this
report, data and information are
considered together, as are knowledge
and wisdom.
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Practice to data

Optum Labs

In a Learning Health System of any
scale, informatics provides an
opportunity to learn from every patient
who is treated. The first step is to collect
and assemble data that accurately
represents what is happening within the
system. This can include data on
patients that is generated within
healthcare organisations or elsewhere,
as well as data on staff, facilities, finance
and the environment.

Optum Labs is a UnitedHealthowned US research partnership that
has access to the health records of
over 100 million patients. It found
that clinicians prefer not to use
structured fields and often leave
them blank. Accordingly, Optum
opted to codify around 70% of its
data from EHRs using NLP [40]. This
real-world evidence has been used
to validate and complement
Randomised Controlled Trials.

Data Capture
There are different approaches to
collecting data [40]. On an Electronic
Health Record (EHR), highly structured
input fields can be used to capture
structured data or Natural Language
Processing (NLP) can be applied to make
sense of free text [1] (see Optum Labs
Box). NLP systems vary in their
performance in different contexts and
do not currently offer an acceptable
solution across settings. Some providers
that lack electronic records still rely on
clinical coders to extract data from
handwritten patient notes. Structured
data, such as genomic or pathology
results, can flow from labs when coding
standards are agreed.

Data collected outside healthcare
settings can be useful: for example,
from smartphones, apps, wearable
technology, online communities and
social media [41]. The Covid-19 health
system response has shown how
patients can be supported remotely
with data on their vitals, eg blood
oxygen levels flowing back to clinicians
in real time via mobile apps [42].
It was thought that these many sources
of data could be routed back into EHRs,
which would act as central repositories
for each provider. However, issues with
performance, the ease of access to
interfaces for importing and extracting
data to and from EHRs, and the ongoing
challenges of interoperability between
EHRs have limited this approach. Many
providers rely on data warehouses to
hold data from multiple sources, and
other platforms have emerged to
manage data flowing in from outside
the clinic and between multiple
organisations. Many now advocate
completely separating the EHR front
end from the data.
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The focus is often on quantitative data,
but it is not always possible to measure
some important factors through
quantitative metrics [43]. It is therefore
also vital that a Learning Health System
can capture qualitative data, such as
experience and narrative. This can be
achieved through a number of methods,
such as interviews and focus groups, as
well as mass-participation tools for
capturing and visualising narratives
from across a population [44]. Health
systems can also embed opportunities
for comment and feedback into routine
practice, such as providing feedback
links in electronic decision support
screens or free text options in staff or
patient surveys.
Data Quality and Provenance
Within a Learning Health System, data
are analysed to generate knowledge
that can be applied to practice. If the
data driving that process is inaccurate,
incomplete or out of date, the insights
generated will be incorrect, resulting in
poor decisions and possibly even
harming patients. Data are often
derived from multiple sources and may
undergo processing by multiple parties.
The technique of describing the history
of data items, where they came from,
how they came to be in their current
state and who has acted upon them, is
known as data provenance [45].
Routinely collected data are particularly
prone to poor data quality because it is
often generated as a by-product of care
provision. Those generating the data are
often unaware of how it will be used
and interpreted beyond direct care.
Improving data quality requires a
multilevel, sociotechnical effort with
patients and staff at the front line,
clinical coders, system designers and
analysts (see DQMI Box).

Data Quality Maturity Index
The Data Quality Team within NHS
Digital have created the automated
Data Quality Maturity Index (DQMI),
which is used to assess the quality
of data submitted by providers
across four metrics:
• Coverage: has data been
received from all expected
data suppliers?
• Completeness: do data
items contain all expected
values?
• Validity: does data satisfy
the agreed standards and
business rules?
• Use of default values:
percentage of times that
the default value is
selected.
Results of the Data Quality
Maturity Index are published
and fed back to data
providers to drive
improvements.
This index cannot, however, detect
several important aspects of data
quality. For example, it would not
necessarily pick up inaccurate data
flowing from a provider. This
currently requires familiarity with
the data set, the providers,
historical data and the clinical
environment where the data are
generated.
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Geisinger Health System
Geisinger Health System is a
leading US non-profit integrated
healthcare system. It has aspired to
become a Learning Health System
since 2014 and has embraced
patient-engaged research. When
investigating data quality, the
Geisinger team found that the most
accurate data items tend to be
those that are most frequently
viewed, and that are viewed by
several stakeholders. Sharing data
with patients has therefore proved
an effective way of improving data
quality.

Data Storage and Access
In Learning Health Systems that span
more than one organisation, data can
be stored and accessed through
centralised or distributed networks. In a
centralised network, the data are
uploaded, in real-time or periodically, to
a central repository, from which it can
be accessed for secondary uses.
Hospital Episode Statistics (HES) data
from the English NHS is an example of
this approach. Each hospital in the
English NHS submits data to NHS Digital
on a monthly basis. This data are
combined into a centralised database,
elements of which can be disseminated
to others [46].
A benefit of this approach is that it
simplifies access to data as only one
location needs to be queried. However,
although patient data can be deidentified, centralised systems can
create concerns over security,
proprietary, legal and privacy issues,
because patients can sometimes be

reidentified and the provider, who may
be legally responsible for the security of
data that they have collected, loses
operational control [47].
By contrast, a distributed network
configuration leaves the data holder in
control of its protected data. The US
Food and Drug Administration (FDA)’s
Sentinel program [48], an active
surveillance system for monitoring the
safety of FDA-regulated medical
products, is a good example.
Through this approach, queries are sent
to each node (organisation) in the
network. Each node returns (often
aggregated) results to a coordinating
centre, using an agreed common data
model. A mapping must be agreed
between each node and the common
data model, if the individual nodes
represent data differently. Moreover,
multiple queries are needed to obtain
complete data.
Distributed implementation is therefore
more complex than the centralised
approach. However, it overcomes many
of the privacy issues, and the
participating organisations maintain
operational control of their data [49].
They may even choose to review each
query before releasing the data.
Data can be disseminated for analysis
(bringing the data to the analysis).
Alternatively, the analysis can be carried
out within a secure environment
operated by the data controller
(bringing the analysis to the data). The
latter option has become increasingly
popular as a way to reduce the risk of
patient-identifiable data being accessed
without authorisation. Traditionally,
queries were performed in a secure
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room, from which data could not be
removed. More recently, the secure
room has been replaced by a secure
web-based portal, where analysis can be
conducted. NHS Digital has developed
such a Data Access Environment, which
permits authorised organisations to
analyse data and extract aggregate
results, but not patient-level data [50].
Information Governance
Information Governance (IG) is critical to
maintaining trust in a Learning Health
System, ensuring that individuals can
trust organisations to use their data
fairly and responsibly [51]. Data must be
obtained, held, used and shared within
a robust, ethically based IG framework.
In the UK, IG is underpinned by the
General Data Protection Regulation
(GDPR). This European Union regulation
is unaffected by Brexit, having been
passed into UK law by the Data
Protection Act 2018 [52]. The legislation
applies to anyone who collects
information about individuals; it is
upheld by the Information
Commissioner’s Office [53], which
provides detailed guidance on its
application. In the US, data sharing is
regulated by the Health Insurance
Portability and Accountability Act that
regulates patients’ data use and
disclosure [54].
In the United States, access to
“protected health information”
(identifiable) is governed by the Health
Insurance Portability and Accountability
Act. Covered entities (clinicians,
insurers, medical service providers,
business associates) must obtain
written permission from patients to
share data unless it is needed to
facilitate treatment, payment or

operations, or for legal reasons. Most of
the activities of a LHS would fall into the
facilitation of treatment or operations
category.
General Data Protection Regulation
Under GDPR and the UK Data
Protection Act, organisations must
establish and publish a basis for the
lawful processing of data. There are
six lawful bases [53]:
A. Consent: The individual has given
clear consent for you to process
their personal data for a specific
purpose.
B. Contract: The processing is
necessary for a contract you have
with the individual, or because they
have asked you to take specific
steps before entering a contract.
C. Legal obligation: The processing is
necessary for you to comply with
the law (not including contractual
obligations).
D. Vital interests: The processing is
necessary to protect someone’s life.
E. Public task: The processing is
necessary for you to perform a task
in the public interest or for your
official functions, and the task or
function has a clear basis in law.
F. Legitimate interests: The processing
is necessary for your legitimate
interests or the legitimate interests
of a third party, unless there is a
good reason to protect the
individual’s personal data which
overrides those legitimate interests.
This lawful basis cannot apply if you
are a public authority processing
data to perform your official tasks.

Data protection regulations have often
been viewed as a challenge for Learning
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Health Systems [49]. They must be
carefully considered and resourced
when planning a Learning Health
System.
Interoperability
Interoperability is the ability of one
system to work with another. Learning
Health Systems are often networks of
networks, rather than single unified
systems [55]. It is therefore usually
necessary to share and use data that
has been collected and stored in
different systems. This requires
standards for [56]:

•

The terminologies and classifications
used to describe things that exist in
the real world

•
•
•

The structure and format of data
The transport of data
The security of data

There are many different approaches to
achieving interoperability [57], with the
appropriate choice depending on the
particular use case [1]. To move data
from one provider to another so that it
can be viewed is relatively
straightforward. It does not matter how
it is transmitted, providing it is
appropriately labelled. However, if it is
to be analysed, then it needs to be
standardised; this is much more difficult
[1].
Even within a single organisation, there
are often multiple separate systems that
are divided by speciality and function,
such as pharmacy, radiology, or
laboratory. This presents problems for
linking a person’s data together and can
lead to duplication of data. It gives rise
to the need for a lot of “plumbing”
technologies [58] . There is therefore a

lot of work involved in generating a
longitudinal record, even for an
individual. Longitudinal data presents
an additional problem because systems
and data representations often change
over time [59]. The nations of the UK
each have an NHS number that
facilitates this process, while in the US,
there is no universal healthcare
identifier.
Data collection is often the first point of
failure. While true interoperability
requires consistent data collection,
there is often no agreement on
acceptable values. For example,
biochemistry results are recorded
differently in different places. These
could be standardised on their way into
the EHR, rather than requiring complex
mapping steps at a later stage [49].
In England, the NHS Digital Data
Standards Team (IReS) [60] maintains
terminology and classification products
for the nation. These include:

•

SNOMED CT: A structured clinical
vocabulary used in EHRs [61]

•

The Dictionary of Medicines and
Devices (dm+d): Identifiers and
descriptors of licenced medicines
[62]

•

ICD-10: A classification of diagnoses
[63]

•

OPCS-4: A classification of
interventions and surgical
procedures [64]

NHS Digital has legal powers in England
to mandate the submission of data by
providers, in a pre-set format at given
intervals [65]. This overcomes many
interoperability issues [65]. However,
when extracting richer data from EHRs
and other systems, the coding
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structures used by providers can create
major challenges [66].
At the regional level in England, there
have been efforts [199]to create
interoperability networks between
providers [200] . More recently, many of
these have been funded centrally
through the Local Health and Care
Records programme. However, each
region has taken a different approach to
sharing data for direct care and
secondary uses [21]. There are
opportunities for researchers,
policymakers, managers and industrial
partners to collaborate around the new
LHCR infrastructure.
In addition to those administered by
NHS Digital, other standards commonly
applied within LHSs include:
Terminologies and classifications:

•

LOINC: A classification of health
measurements (eg, laboratory
studies, radiology results, vital signs)

•

CPT: Billing codes for procedures

Structure and format:

•

Consolidated-CDA: an XML-based
standard format for export of clinical
data

•

OMOP: A clinical data model to
organize data in different domains
(i.e. diagnoses, laboratory studies,
medications)

•

i2b2: A clinical data warehousing and
analytics research platform primarily
used by researchers

Security:

•

HTTPS: a secure protocol for data
transport

Transport:

•

FHIR: A standard for defining data
resources and transmitting them via
an API

•

HL-7: An older standard for defining
and transmitting data

•

DICOM: the standard format for
transmission of imaging data

There is a long-held view that there are
insufficient requirements or incentives
in place to achieve interoperability [58].
In the US, the Office of the National
Coordinator for Health IT (ONC) has
implemented regulations set out in the
21st Century Cures Act (2016) [67], which
improve interoperability by using an
Application Programming Interface (API)
approach [59]. While many in the
industry have welcomed this move, it
has been opposed by some EHR
vendors and others, who cite concerns
over privacy, feasibility and costs [68].
The success of this measure will be
determined through careful monitoring,
assessing whether it can provide a
model for other countries [69].
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Data to knowledge
Once data are consistently obtained in a
standardised, comprehensive,
exchangeable, analysable form, they
must be used to derive knowledge.
Within Learning Health Systems and
clinical informatics more generally, the
emphasis has often been on the
collection, storage, analysis and
dissemination of data. Too often, health
systems collect reams of data but lack
the means of converting them into
reproducible, generalisable knowledge
[57]. This section will signpost some
important methods for deriving
knowledge from data.

•
•

Data that indicates trajectory or trend

•
•

Data that reflects staff experience

Data and knowledge
Knowledge is the insight produced by
processing data. The data might be of
any form, and the processing could be
conducted by humans or machines.
Knowledge can include instructions to
complete a task, a predictive model, the
results of an experiment, a physical law,
a practice guideline, or anything else
that can be known.
Knowledge can be generated using a
wide range of qualitative and
quantitative methods. In a Learning
Health System, the data collected is
often the product of a knowledgegenerating process. For example:

•

Data that incorporates clinician
judgment, assessment, and expertise,
such as structured reasons for
ordering a test or stopping a
medication

•

Data that synthesises more basic
data elements, such as risk scores or
predictions
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Data that patients directly contribute
and that reflects lived experience,
such as patient-reported outcomes,
experience and satisfaction
Data generated through
randomisation or quasirandomisation to minimise bias

NYU Langone CTPA
At NYU Langone Health, a
clinical decision support tool
was created to help clinicians
optimise the ordering of CT
pulmonary angiograms for the
detection of pulmonary emboli.
The tool incorporated an
automatic risk calculation.
During the design phase,
clinicians noted that they
trusted their clinical intuition
more than the risk score. The
decision support tool therefore
incorporated specific reasons
for ignoring the risk score,
including “high clinical
suspicion”. In a number of
cases, patients with low risk
scores were still sent for tests,
based on high clinical
suspicion; subsequent analysis
showed that these patients
were just as likely to have a
pulmonary embolism as those
with high risk scores. This
indicated that “high clinical
suspicion” was a very valuable
prognostic data element.
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Randomisation and the Learning
Health System
Among the most sophisticated methods
of creating value added data is to
embed trials within routine care.
Randomised trials are now the mainstay
of knowledge generation in clinical
medicine and have been widely adopted
by other industries, rebranded as A/B
testing. Randomisation is particularly
valuable in situations in which there is
likely to be substantial bias in
observational data (eg selection bias,
regression to the mean, differential loss
to follow up). While they remain rare in
health system operations and
implementation, there are many
opportunities for randomised studies in
the health system beyond tests of novel
therapeutics. Interventions can be
studied versus usual care (no additional
intervention).
However, sometimes healthcare
providers object to randomisation
because they don’t want to withhold a
perceived beneficial intervention.
Capacity-constrained interventions
(such as intensive case management or
post-discharge telephone calls) are
excellent opportunities to randomise
while still providing the intervention to
the same number of people: converting
data collected on convenience and often
biased sample to data collected on an
unbiased, randomized population.
Interventions being given to all those
eligible are also excellent candidates for
randomisation without withholding care
by randomising the intervention form,
content, frequency or delivery.
Randomisation can take place at any
level (patient, clinician, hospital unit,
ambulatory practice, health system)
depending on the target of the

intervention. Randomisation can be
simple (intervention vs none) or can
involve more complex designs. Factorial
designs allow simultaneous testing of
multiple [70] different interventions –
important given the multicomponent
nature of many health system
interventions – or of multiple variations
of the same intervention (eg changes in
both content and timing). New statistical
methods allow for “fractional” factorial
designs that do not test every single
possible iteration, but efficiently test
those of most interest. Adaptive trials
allow for changes in group allocation or
intensity as the trial progresses to
optimize sample size and speed of the
trial [71].
Pure randomisation is not always
practical when embedding
randomisation into routine care. In such
cases, quasi-randomisation (eg, week
on/week off, randomisation by odd vs
even medical record number) is often
an option. In such cases, it is important
to minimize potential bias. For instance,
randomisation by odd vs even record
number is likely to be more truly
“random” than randomisation by first
letter of last name, since patients from
certain racial or ethnic backgrounds
might be more prevalent in certain
letters. Randomisation by sequential
week on/week off is likely to be less
biased than randomisation by day of the
week, given that there are known
differences in clinical severity and
volume by day of week.
In cases where it is desirable for the
intervention to be given as is to
everyone, a randomised Stepped Wedge
Design can be employed, in which
clinicians or units/practices begin the
intervention at randomly assigned
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sequential time periods [72]. This allows
for control group comparisons across
the intervention period while still
enabling everyone to receive the
intervention.

NYU Langone Health
Exemplar Box
NYU Langone Health in New York,
USA, established a rapid randomised
quality improvement project unit
and randomised over a dozen
interventions in its first year. The
health system was able to rapidly
determine the effectiveness of a
variety of interventions, including
community health worker
facilitation, post-discharge telephone
calls, mailer outreach, and electronic
clinical decision support [30]. A
similar system has been
implemented at Vanderbilt
University Medical Centre, with the
aim of creating generalisable
knowledge [183].

Quasi-experimental analyses
Randomised interventions can often use
very simple analytics, such as Chi square
tests for categorical outcomes or t-tests
for normally distributed continuous
outcomes. However, because
unobserved confounders are typically
only equally distributed among groups
in randomised studies, non-randomised
interventions require more complex
analyses, as bias between groups is
likely. For situations in which
randomisation is not possible, quasiexperimental analytic methods can
often be used. These methods all have
in common some form of comparison to

the intervention group, whether by time
or by a different cohort. All of these
methods can also incorporate statistical
adjustment for confounding factors,
such as differences in demographics or
comorbidities between patients.
Difference-in-differences analysis
Also known as a controlled before and
after study, this method compares the
difference in average outcomes before
and after an intervention in a control
population to those in the intervention
group. It assumes that trends in the
control and intervention group were
similar in the pre-intervention period,
and that those trends would have
remained similar in the absence of the
intervention. It further assumes that no
changes besides the intervention
affected the intervention group, and
that the intervention did not affect the
control group. It is essential to explore
the validity of these assumptions when
conducting such an analysis, because
they are often not met.
Interrupted time series
This method (also known as a repeated
measure study) essentially examines
whether an intervention a) changed the
absolute level of an outcome and b)
changed the trend by which that
outcome was changing over time [73].
This gives it some advantages over
difference-in-differences analysis, in
that it accounts for pre-intervention
trends and can be conducted without a
control group [74]. However, it requires
similar assumptions that underlying
trends would have continued
unchanged and that [75] no other
changes affected the population in the
intervention period. A comparative
interrupted time series can also be
constructed, which compares

REALISING THE POTENTIAL OF LEARNING HEALTH SYSTEMS

CONTENTS

25

differences in outcomes over time
between control and intervention
groups [76].
Regression discontinuity
This method is useful when there is a
specific point at which an intervention is
applied (ie a target laboratory result, a
qualifying income, a population
percentage). It examines differences in
outcomes for subjects immediately on
one side or another of the intervention
qualifying point [77]. These subjects are
expected to be otherwise similar except
for the arbitrary cut point qualifying
them for intervention. If a substantial
difference is found between those just
on one side of the dividing line and
those on the other, the intervention can
be considered effective [75].
Causal inference
Observational studies are typically
limited by an inability to detect
causality; we can conclude that outcome
B is often associated with intervention A
but not necessarily that A caused B. A
ream of statistical techniques has been
developed to try to disentangle causality
from association. Structural equation
modelling analyses causal paths
prespecified by the investigator on the
basis of hypothesized relationships [78,
79]. Directed acyclic graphs (DAGs),
commonly used in Bayesian analyses,
similarly can be constructed to model
and study causal relationships.
Instrumental variables can serve as
artificial randomizers to help mitigate
selection bias [80].

these should be employed with caution,
given the high risk for unmeasured
confounding that cannot be accounted
for in the matching process, they
nonetheless can be useful to reduce
bias in comparisons with unselected
control groups. Propensity score
matching, Mahalanobis distance
matching and coarsened exact matching
are commonly used methods [81].
Statistical process control
Borrowed from manufacturing,
statistical process control methods
examine whether outcomes are stable
over time – within expected statistical
variation – or whether they vary in a
random fashion or in a non-random
fashion (special cause variation). This is
an alternative method of examining
time-series data. In the case of an
intervention, one would look for special
cause variation in the intervention
period using control limits established in
the baseline period. Special cause
variation has been defined as [82]:

•

Any point above or below three
standard deviations (99.7%)

•

A run of at least eight consecutive
observations above or below the
mean, or 12 of 14 successive points
above or below the mean

•

Two of three points more than two
standard deviations away from the
mean (and on the same side of the
mean)

•

At least four out of five successive
points on the same side of the mean
and more than one standard
deviation from the mean

Artificial control groups
There is a ream of methods for
constructing artificial control groups to
use in standard analyses through
matching or similarity analyses. While
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Machine learning and artificial
intelligence
The newest methods of generating
knowledge from data have come from
the field of artificial intelligence. Broadly
speaking, these approaches use all data
available, rather than a prespecified
subset, to learn patterns. While the
promise of AI in healthcare has so far
exceeded its application, there have
been some promising examples of new
knowledge generation from AI analyses
of data – for instance, discovering
undiagnosed disease [83], identifying
new subtypes of disease [84], predicting
future events [85, 86], optimising
treatment selection [87] and managing
complex [88] medications.
Generating knowledge from local

knowledge from data. Visual or
qualitative representation of data can
also often generate important insights.
Process mapping enables a visual
representation of the various stages of a
particular activity and can identify
redundancies, waste and gaps.
Alternate versions of process maps
include swimlane maps, which organise
steps by location or discipline; service
blueprinting, which divides steps into
those that are visible to the end-user
and those that are not [90]; patient
experience mapping, which depicts
typical emotional reactions and lived
experience at each stage of a [91]
process; and lean value stream
mapping, which focuses on time, waste
and material use at each step of the
process [92].

experience
In some cases, pure descriptive statistics
may suffice to generate useful insight.
For example, consider a new service
from Stanford University; if there is a
question about a patient’s optimal
treatment or ultimate prognosis, the
tool can rapidly query the EHR of all
other, similar patients[89] “Green
Button” query would return a
descriptive summary of what happened
in similar case studies, which could help
guide clinician decisions in the absence
of stronger evidence. Of course, this
approach can be limited by small
samples and is prone to bias. More
complex statistics could also be applied,
to more robustly match similar patients
or to generate stronger predictions.
Engineering approaches to
generating knowledge from data
It is not always necessary to generate
reams of complex statistics to gain

Qualitative methods
Knowledge generation within a Learning
Health System is not the preserve of
machines. Many of the most powerful
insights come from people, working
alone or in groups. People are uniquely
well-equipped to make sense of and
manage complex sociotechnical
environments that may defy
quantification. Each person has a
unique perspective, which can be
captured within a Learning Health
System.
Qualitative methods are invaluable to
the Learning Health System. Interviews,
focus groups, direct
observations/ethnography, user
feedback and free text comments in
surveys are examples of approaches
that can generate insights into WHY and
HOW systems are functioning. This in
turn provides essential insights into
WHAT can be measured quantitatively
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[93]. Indeed, it is difficult to imagine a
successful Learning Health System that
does not make use of qualitative
methods.

Learning Community. Ground rules
and processes are agreed.

•

Phase 3 – Facilitating Learning
Communities: Sessions take place,
including presentations and
discussions. Collective learning is
captured, and reporting
arrangements agreed. The
community reflects on the process.

•

Ongoing – Reflection and
Evaluation: This will form part of
each session and can comprise
regular, standalone sessions.

Learning communities
Learning Communities have a place at
the heart of any Learning Health
System. A Learning Community is a
group of stakeholders who come
together in a safe space to reflect and
share their judgements and
uncertainties about their practice and to
discuss ideas or experiences to
collectively improve [94]. This can
extend to governance and improvement
of the Learning Health System, along
with knowledge generation.
Learning Communities require
members, facilitators and sponsors.
They must be co-designed. The Learning
Community Handbook [94] contains
detailed evidence on the rationale for
Learning Communities, as well as
guidance on establishing and running
such groups. It suggests a four-phase
cyclical development process [94].

•

Phase 1 – Negotiating the Space:
Working with the sponsor to give
permission, resources and time for
people to join a safe space. An
agreement must be reached on the
facilitator, metrics and reporting
mechanisms.

•

Phase 2 – Co-Design Process: The
group takes ownership of the

Learning Communities should foster a
positive error culture, where people feel
comfortable talking about their
mistakes and organisations see them as
an opportunity for improvement. As
well as generating knowledge, Learning
Communities can build trust, capacity,
skills, confidence and agency for change
among members. They can challenge
members, provide reassurance and help
members deal with uncertainty. They
can be action-focused and sustainable,
with low overhead costs [94].
The Department of Learning Health
Sciences at the University of Michigan
has produced a practical guide [95] to
operationalising a Learning Community
for a Learning Health System. This
provides detailed guidance on building a
Learning Community around a problem
of interest, illustrated by the case study
of a gastroenterology community.
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Knowledge to practice

NHS Library and Knowledge
Services

Generating knowledge is not the
ultimate aim of a Learning Health
System. Rather, the goal is to
continuously improve health and care.
For this to happen, the knowledge
generated in the previous steps must be
translated into action or mobilised. This
section outlines how knowledge within a
Learning Health System can be
represented in a machine-readable
format and applied at the front line.

In England, the national NHS
Library and Knowledge
Services team procures a
clinical decision support tool
for all NHS staff and learners,
enabling seamless access to a
high-quality digital knowledge
resource. It has supported
knowledge management within
the health service, providing a
toolkit that covers traditional
and digital forms of knowledge
[86]. It offers e-learning on the
[184] a suite of techniques
through which users can
articulate and share their
learning from experience.
Library and Knowledge
Services in general are
becoming more, rather than
less, important within Learning
Health Systems [185]. The
English service has been shown
to return significant value.

Representing and managing
knowledge
A Learning Health System can generate
knowledge, but it must also integrate
knowledge generated beyond the
system: in previous studies, for
example. Often knowledge is
represented in books, journal articles,
clinical guidelines and protocols. It can
be passed on through formal and
informal education or training. It can be
used to redesign care environments and
health interventions. These processes
are often slow. These will all continue to
be valuable ways of representing
knowledge within a Learning Health
System, but in order to scale-up and
speed-up the process of knowledge
improving practice, knowledge must be
consumable by the computer systems in
use at the frontline.

There have been efforts to standardise
the representation of knowledge so that
it can be applied at scale within a
Learning Health System.
OpenClinical.net, a collaboration
between University College London and
Oxford University, maintains an openaccess and open-source repository of
medical knowledge in a machinereadable format. OpenClinical uses the
PROforma process modelling language
to create machine-readable clinical
guidelines, clinical algorithms, etc [39].
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A more recent example is provided by
Mobilizing Computable Biomedical
Knowledge (MCBK), a new international
community led by the Department of
Learning Health Sciences at the
University of Michigan. The group’s goal
is to ensure that biomedical knowledge
in computable form is Findable,
Accessible, Interoperable and Reusable
(FAIR). MCBK has formed
multidisciplinary workgroups to develop
key aspects of the solution:

•
•
•
•

Standards
Technical Infrastructure
Trust & Policy
Sustainability & Inclusion

Once knowledge is computable,
processes can be automated; it can be
fed into decision support systems to

help guide decisions, or it can be used
to assess the delivery of care against the
knowledge base. These uses reduce the
time taken for new knowledge to
improve care, compared to the
traditional system, which relies on the
knowledge being published in a journal,
read, acted upon and audited.
The Learning Healthcare Project
collaborated with the Faculty of Clinical
Informatics, NICE, the British Computer
Society, HDR UK and HL7 UK to run a
workshop on Mobilising Computable
Biomedical Knowledge, inspired by the
global MCBK community [27]. The
knowledge generated by the workshop
is available in traditional forms,
including video recordings [96] and as a
series of seven journal articles, forming
a special issue of BMJ Health & Care
Informatics [97].
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National Institute for Health and Care Excellence
The National Institute for Health and Care Excellence (NICE) [186]
produces knowledge in the form of evidence-based guidance to the English
NHS. This knowledge is based on evidence developed through a range of
scientific methods [187] and interpreted through a deliberative committee
process [186]. Figure B shows the range of guidance produced over the last 20
years.

Figure B NICE Products produced over the last 20 years [188]

The MCBK workshop explored NICE’s ambition to broaden its scope from
single condition, narrative guidelines to structured recommendations
encompassing multi-morbidity, polypharmacy and wider health system
considerations [189].
The NICE team have considered their current products against the AHRQ 4
levels of knowledge (Figure C). While currently the products are primarily
narrative, there is an ambition to make their recommendations – and the
evidence that underpins them – more structured, to aid maintenance and
surveillance. Although NICE has explored the potential for reverse engineering
structured guidance from previously generated narrative guidance, the group
has found it to be inefficient and potentially unsafe. Instead, NICE considers a
co-production model to be a better way of bringing together the guideline
development committee and those who produce the executable guidance.
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National Institute for Health and Care Excellence continued.

Figure C AHRQ Four Levels of Knowledge [190]

NICE has recognised that a move to more structured or even executable
knowledge products will require a change in processes, methods, technologies,
and skills, which cannot be achieved quickly. NICE is considering which existing
formalisms, coding and information standards could be used to represent their
knowledge. They are also considering issues around liability when something
goes wrong, for those who develop guidance, those who structure it and those
who apply it. This is further complicated when knowledge is disseminated
through third-party decision support systems.
The lack of existing large exemplars means there is limited evidence to show
that investment in resolving these challenges would result in a greater uptake
of guidelines and improved outcomes for patients. NICE is attempting to
resolve this gap through its NICE Connect transformation programme [31].
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Challenges for Medical Knowledge

•

Inference: To use computable
knowledge in areas like clinical
decision support, it must be
manipulated to produce actionable
outputs. This process is called
inference. Logical or probabilistic
reasoning combines knowledge, such
as a guideline, with specific data
about individual patients. For
example, does the patient require a
CT Head? This reasoning can exploit
IF-THEN rules (eg IF patient meets
any of these criteria THEN perform
CT Head). It becomes much more
difficult if there are multiple
conflicting knowledge sources, multimorbidities or if the accuracy of the
knowledge is uncertain.

•

Outcomes: As seen in the NICE
example (See NICE Box), there is a
need to trace the ways that
computable knowledge impacts on
patient outcomes as well as process
measures, in order to justify
investment and improve systems.

•

Safety: Computable knowledge that
is intended to be applied at the point
of care can cause harm. In England,
compliance with clinical safety
standards DCB0129 (for
manufacturers) [105] and DCB0160
(for deploying organisations) [106] is
mandatory under the Health and
Social Care Act 2012 [107]. Under the
Medical Devices Regulation published
by the European Commission in
2017, software such as a clinical
decision support system would be
classed as a Medical Device [108], so
would need to be registered with the
Medicines and Healthcare Products
Regulatory Agency (MHRA) and
audited by a notified body [109].

Providers
In a session led by BMJ Best Practice, the
MCBK workshop explored the
challenges that Medical Knowledge
Providers face in getting knowledge into
practice [41, 98]. This was
supplemented by a session focusing on
the associated technical [98] challenges
[99, 100]. These sessions highlighted
seven challenges that should be
considered by any organisation seeking
to mobilise computable biomedical
knowledge:

•

•

•

Size of the task: BMJ Best Practice
covers over 1,000 topics, while NICE
[41] has published over 2,000
products. Maintaining these
catalogues alone is a huge
undertaking, yet they represent only
a very small fraction of total medical
knowledge.
Standards: These are necessary to
make knowledge interoperable
between systems. SMART on FHIR
(for building Apps on health
platforms) [101], Guideline
Interchange Format [102], CDS Hooks
(for clinical decision support) [103],
and openEHR (for EHRs) [104] are in
use, along with a range of other open
and proprietary standards.
Making knowledge computable:
This is known as knowledge
formalisation. All background
knowledge is made explicit, along
with the common sense required for
interpretation. Meanwhile, ambiguity
is removed, enabling interpretation
by a machine [99]. This is a highly
skilled process with scope for error
and harm to patients.
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•

Professionalism: Clinicians need
problem solving and procedural
skills, healthy attitudes and
professional behaviours, which
cannot be replaced by computable
knowledge. It is important to
recognise the limits of such systems.

Progress on Mobilising Computable
Biomedical Knowledge
Despite much technological progress,
the goal of Findable, Accessible,
Interoperable and Reusable (FAIR) [110]
knowledge has still not been widely
achieved. Much knowledge is not
computable, as it resides in books,
articles, PDFs etc that are proliferating
faster than clinicians can consume.
Most computable knowledge is in
formats that lack common standards,
such as proprietary decision support
systems. Systems rarely address the
real-world complexity of multimorbidity,
polypharmacy, resource constraints etc.
This limits the development of Learning
Health Systems and causes patient
safety issues, particularly when

knowledge is encoded within systems
that cannot be readily evaluated [111].
When such systems malfunction, large
numbers of patients can be impacted
[112].
Those developing computable
biomedical knowledge can benefit from
the open-source tools, infrastructure
and repositories developed by MCBK
and others [38, 113]. They can also
publish their knowledge objects for peer
review and reuse [114].
It is important to note that in practice,
the evidence applied to decisions [115]
does not necessarily comprise the most
“scientific” or objective items. Decision
makers often prefer local knowledge
and the experience of near neighbours.
This judgement can be difficult to codify
in a computerised system. It may be
sensible for an organisation to start
computerising knowledge in areas that
are characterised by the most
agreement and least complexity;
however, the richest opportunities may
lie beyond.
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Scottish National Decision Support Programme
This workshop explored a new Scottish programme to mobilise knowledge
through decision support systems [35, 36]. It is aligned to the broader national
health strategy and focuses on improving outcomes in key areas. Each
decision support tool is developed through a participatory co-design process,
engaging all stakeholders. It has developed a technology architecture to
facilitate joined-up development across partners in health, academia and
industry (Figure D), which could be applied elsewhere.

Figure D A reusable technology architecture for decision support
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Platforms
A Learning Health System is a complex
system that cannot be lifted and shifted
from one organisation to another. Still,
many aspects of its infrastructure are
common across organisations. Early
examples – such as TRANSfoRm [116] or
FDA Mini-Sentinel – had to develop a
distributed network infrastructure and
rules for operation before deploying the
Learning Health System, making them
very expensive. It is analogous to
recreating a new version of the Internet
every time a new website is launched.
However, the development of platforms
has made it affordable for even small
organisations to build Learning Health
Systems. A platform is a set of systems
that work together to deliver specified
functions according to agreed
standards. These are functions that are
likely to be required by many
organisations. It forms a base on which
organisations can build more specific
functions.
Recent years have seen the emergence
of platforms offering IT, data,
governance, user interfaces, Application
Programming Interfaces, workforce
solutions and clinical outsourcing.
Platform providers include large IT
companies (cloud providers), Electronic
Record System vendors, academic
groups and even healthcare providers.
A Platforms workshop was held to
inform this report and to understand
the implications of such developments

for Learning Health Systems [41]. The
workshop brought together a range of
platform providers and users. The Mayo
Clinic’s approach to platforms was
presented as an exemplar, and its
general applicability was discussed.
NHS Digital has developed [32] a
national Data Services Platform on AWS
Cloud that is capable of landing data
from every English healthcare provider.
The platform manages and de-identifies
the data, before making it available for
analysis to anyone with authorisation,
all within a secure, web-based Data
Access Environment. Because this is
cloud-based, NHS Digital can offer the
Platform as a Service to other
organisations that do not have an inhouse capability.
Platform thinking requires a new level of
collaboration with industry and other
partners; public trust is important and
has been damaged by previous illconceived initiatives [117]. Ideally,
partners would develop long-term
relationships.
Platform providers represent another
useful group, with the potential to bring
cross-sectoral experience to bear on the
challenges faced by Learning Health
Systems. Often healthcare organisations
come to platform providers with a clear
project that they have worked up. They
might also consider collaborations with
industry where they are not entirely
sure of their next move, so that they can
become “thinking partners” [41]. This
clearly requires careful procurement
governance.
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Mayo Clinic Platform
The Mayo Clinic has a 10-year Platform Strategic and Operating Plan that aims
to transform healthcare by 2030 [26]. It involves three building blocks:
•

•

•

A Data Platform on the Google Cloud. Google does not have access to the
data, but provides analytics, metadata characterisation, search etc. Mayo
created a de-identification process in collaboration with the Office for Civil
Rights. It built FIHR-based interfaces to query the data and created
subtenancies on the cloud, where innovators could access but not export
de-identified data.
A Virtual Care Platform enables video consultations for ambulatory care,
remote monitoring for acute care at home and asynchronous sharing of
pictures, results etc.
A Remote Diagnostic and Management Platform that can collect data,
perform an action and return a result. This has already been used to ingest
DICOM objects from other providers and return radiation oncology
treatment regimes. Mayo is planning to ingest data from smartphones and
wearables, apply algorithms and return actions.

These building blocks allow departments to build their own use cases. Mayo is
working with its EHR vendor to bring new search functionality into the record
and to allow patients to better navigate their potential care journeys. They
have also developed an “AI Factory”, allowing clinicians to develop algorithms
by themselves. Platform thinking has involved a cultural transformation,
requiring constant engagement with all parts of the organisation.
In future, smaller providers may be able to subscribe to the platform products
that larger providers create. They could consume products and contribute
data. Some organisations manage the digital implementation but then fail to
realise change on the ground. It requires a multimodal change involving
workforce, buildings, facilities etc. The Mayo example suggests that business
transformation rather than technology is the biggest challenge.
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Understanding and Managing
Complexity in a
Learning Health System
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L

earning Health Systems could
revolutionise healthcare practice.
They have the potential to enable
personalised, proactive services,
capturing and analysing clinical data
that can continuously inform and
improve health decision making and
practice [118, 119] . But six years after
the first Learning Healthcare Project
report [1] and 13 years since the IoM
popularised the concept [120], no
nation, region or individual healthcare
provider has fully realised this promise.
Previous sections have discussed the
delivery of knowledge to the point of
care. This is necessary, but more is
needed to ensure this knowledge
actually influences practice.
In the traditional “pipeline” model of
healthcare innovation, basic research
progresses to the prototype stage,
before moving to Randomised
Controlled Trial, publication and
guideline production, resulting in a
change in practice [121].
Early Learning Health System thinking
recognised the limitations of this model.
Randomised Controlled Trials could not
answer all the clinical questions about
the wide variety of real-world patients.
Even when evidence existed, it was
often not widely employed [122].
Learning Health Systems offered an
improvement, showing how routinely
collected data could provide answers to
more questions and how digital systems
could deliver that knowledge to the
point of care. The pipeline became a
cycle, but it maintained a stepwise
nature.

Our original report covered a range of
complex challenges in developing a
Learning Health System, based on our
study of international exemplars. These
challenges included comorbidities,
technology, interoperability, data
quality, Information Governance,
regulation, ethics, leadership, behaviour
change, value, and patient, clinician and
organisational acceptability [1].
Until this point, there has been no
accepted framework for considering
these challenges when planning,
implementing and evaluating Learning
Health Systems, with most effort so far
spent on developing the technical
aspects of the systems. Consequently,
we have not seen widespread adoption,
scale-up and spread of Learning Health
Systems.

Complexity in the
Learning Health System
Healthcare is increasingly recognised as
a complex adaptive system [123].
Snowden [124] outlined the
characteristics of a complex system:

•

A large number of interacting
elements

•

Non-linear interaction – minor
changes can produce
disproportionate consequences

•

Emergence – the whole is greater
than the sum of its parts

•

Elements evolve with one another
and with the environment in an
irreversible way

•

While it may appear predictable in
retrospect, this is misleading:
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external conditions and the system
are constantly changing

•

Agents and the system constrain one
another over time, unlike an ordered
system (where the system constrains
the agent) or a chaotic system (no
constraints)

The Cynefin Framework [125] can be
used to understand whether a given
system is Obvious/Simple, Complicated,
Complex, Chaotic or Disordered. This
understanding
can suggest the most appropriate way
to intervene (
Figure E):

Figure E A representation of the connection strengths of the Cynefin framework (D. Snowden, 2010)

Simple Context: These are processoriented systems in which there is clear
cause and effect and best practice can
be established. The solution is obvious
to everyone. For example, a system for
allocating patients to child or adult
services: if their age is under 18, allocate
to child services, and if their age is 18 or

greater, allocate to adult services. A
command-and-control approach can be
effective in such systems, and extensive
discussion is unnecessary.
Complicated Context: Cause and effect
is still present, but it may not be
obvious. There could be multiple right
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answers, and expertise is required to
analyse the situation: for example,
building or repairing a piece of medical
equipment. Good practice is therefore
more appropriate than best practice.
With enough time, at least one right
answer can usually be found.
Complex Context: Complex systems
are in constant flux, so cause and effect
break down. The whole is greater than
the sum of its parts. Snowden uses the
analogy of a Ferrari (complicated but
static) and a rainforest (complex). While
an expert can take the Ferrari apart and
put it back together, a rainforest is more
than the sum of its parts. Command and
control management, fail-safe plans and
defined outcomes do not work in
complex contexts, due to their
unpredictability. Instructive patterns
emerge by setting up many parallel, safe
to fail experiments, and a way forward
can be determined by amplifying
interventions that work and dampening
those that do not [126]. Learning Health
Systems generally fall into this complex
category.
Chaotic Context: This is a crisis
situation. The relationship between
cause and effect is impossible to
determine and constantly changing.
Searching for the right answer is futile
and immediate action is required to
establish stability, allowing the situation
to move from chaotic to complex. A
directive leadership approach is
required, but this is also a time when
innovation can be accelerated; hence

the term, “never let a good crisis go to
waste”.
Disordered Context: It is not clear
which context prevails, and there are
multiple perspectives. Resolution lies in
breaking the situation down into its
constituent parts, each of which can be
assigned to one of the other contexts.
Understanding which context describes
a particular situation can help
determine the most likely successful
approaches. Situations can also shift
between contexts. For example, a
complex situation can become
complicated when it is better
understood, or a simple situation can
become chaotic as a result of
complacency.
For some experts, uncontrolled
complexity explains the failure of many
health IT interventions, including those
associated with Learning Health
Systems [127]. Complex systems may
require alternative, more human
approaches to governance and
improving outcomes [128].
In 2017, Greenhalgh et al. [127]
reviewed 28 technology implementation
frameworks and integrated the findings
with 400 hours of ethnographic
observation and 165 semi-structured
interviews. They used this to develop
the Nonadoption, Abandonment, Scaleup, Spread, and Sustainability (NASSS)
Framework for Health and Care
Technologies.
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The NASSS Framework identifies a range
of challenges across seven domains,
each of which can be

classified as simple, complicated or
complex, in line with the Cynefin
Framework [124]

Figure F The NASSS Framework [24]
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An expert workshop was held to inform
this report, chaired by Prof Greenhalgh
and attended by a group of experts in
Learning Health Systems and
implementation science [129].
The workshop considered how the
NASSS Framework could be applied to
Learning Health Systems, using four
exemplars (See boxes below).

HealthTracker
A Clinical Decision Support Tool
which incorporates ten different
clinical practice guidelines into a
single on-screen algorithm on the
clinician’s desktop. It provides
estimates of cardiovascular risk and
suggests further investigations and
lifestyle changes. The tool was
deployed in 60 general practices in
Australia. A series of evaluations
showed some positive impacts from
deployment, but also wide variations
in the tool’s use between clinicians
and practices[24].
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PatientsLikeMe
PatientsLikeMe [34] is a US-based
web platform that allows patients
around the world to share their
health-related experiences and
outcomes in a highly structured
format. It was established by
brothers Jamie and Ben Heywood
after another brother, Stephen, was
diagnosed with Amyotrophic
Lateral Sclerosis (ALS). Since 2011,
patients have been able to record
their experiences of living with a
large range of other conditions. The
platform now has 750,000
members. The data can be used by
individual patients or researchers
to learn from the experience of
each patient. This data has also
been linked to biological data and
used to train AI algorithms. Recent
studies have shown the platform's
peer-peer connections improve
self-management and self-efficacy
for users.
.
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Evelina London Children and Young People’s Health
Partnership (CYPHP)
The Evelina London CYPHP model [22]
provides coordinated and tailored care
for children and young people that is
responsive to their needs. It integrates
primary and secondary physical health,
mental health, social care and education
through Multidisciplinary Team
meetings. Anticipatory care is enabled
by using a population health model that
allows for early identification and
intervention through primary and
secondary care data systems. The
model combines routine health
administration data with patientgenerated data via a portal, giving
children’s health teams the information
to plan care that is appropriate to a
child’s physical, mental, and social
needs. Templates embedded in
electronic health records, guidelines,
and decision support tools promote
evidence-based care and systematic
collection of data on quality of care and
outcomes. The data generated is
combined with other evidence to enable
continuous improvement in a Learning
Health System.
The Evelina London CYPHP model
covers two inner-city boroughs of South
London (Lambeth and Southwark) with
poor child health outcomes and high
Emergency Department attendance
rates for children and young people,
emergency hospital admission and
hospital appointment use. The Evelina
London CYPHP model is being
implemented across general practices,
schools and hospitals.

TRANSFoRm
The TRANSFoRm project [37]
developed technology to
enable a rapid Learning
Healthcare System that
improves patient care by
speeding up translational
research, enabling more costeffective Randomised Control
Trials and by deploying
diagnostic decision support.
The project brought together a
multidisciplinary consortium of
21 partner organisations from
ten EU member states and was
deployed on multiple EHR
systems across several
countries.

The following sections outline how each
domain (
Figure E) can be applied to understand
the level of complexity within a Learning
Health System, illustrated by the
examples above.
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The Condition
The success of a Learning Health System
depends on the clinical scenario in
question. Previous studies have found
that only a fraction of potential patients
was deemed suitable for new
technology because of the complexity of
their condition, comorbidities or
sociocultural situation. In reality, most
patients are an exception to the general
model.
The HealthTracker tool
produced lifestyle
recommendations suitable for
patients with a structured
lifestyle. However, those at risk
of cardiovascular disease often
had mental and physical
comorbidities, as well as
sociodemographic factors that
made it difficult to comply with
preventative lifestyle changes.

PatientsLikeMe began by
covering one serious, fatal, and
untreatable condition – ALS.
Over time, it expanded to
include a wide range of other
conditions, starting with other
neurological conditions like MS
and Parkinson's. It then
broadened out into other
chronic conditions, such as
mood disorders, autoimmune
and rheumatological diseases,
as well as oncology and rare
diseases. Patients with more
serious conditions with fewer
treatment options were more
likely to engage in the platform
continuously. For example,
non-terminal chronic
conditions like psoriasis had
less uptake [191]. Patients
waiting for an organ transplant
were highly engaged while on
the waiting list, but much less
so once they had successfully
undergone surgery[34].
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CYPHP is a model of healthcare for
children and young people, as well
as a health system strengthening
initiative. It therefore benefits
patients and populations across
multiple conditions. Guiding
principles include anticipatory care,
biopsychosocial care, and equity.
Services are tailored to need using
child-specific data gathered through
a patient and parent portal, together
with system-level administrative data
and registries. CYPHP integrates care
for children and young people
across primary and secondary care,
joining up mental and physical
health and placing prevention and
health promotion at the heart of the
service.

TRANSFoRm initially focused on
diagnosis in abdominal pain [116].
This is a well-defined field, but one
that involves biopsychosocial
complexities. The project later
focused on colorectal cancer, which is
more tightly defined [37].
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The Technology
Usability and dependability have often
been cited as reasons for the failure of
technology interventions. There has
often been a failure to adequately
prototype and test systems. There is
also a risk that technology-produced
data could be misinterpreted by
patients or clinicians, particularly if it
does not directly measure the
underlying illness. Skills and training
requirements can also be a barrier to
scaling and spreading the initiative.
Systems that are plug and play/off the
shelf, which can be replaced by other,
equivalent systems, avoid the risk of
lock in or provider failure.

HealthTracker was co-designed
with clinicians and was visually
appealing, but technical glitches
disrupted workflows and slowed
down the EHR, so many clinicians
stopped using it.

PatientsLikeMe established a
reliable cloud-based database with
an appealing user interface.
Complexity was minimised by
avoiding an interface with Electronic
Record Systems. Over time, more
advanced analytical capabilities were
developed, but the system remained
easy to use, in some ways
resembling a dating website.
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CYPHP’s core technologies are
population health registers from
primary and secondary care, used to
identify risk or diagnoses; shared
interoperable clinical notes between
primary and secondary care; and a
patient or parent portal that
supports self-referral, collecting
biopsychosocial data to help tailor
care to need, and providing health
promotion and supported selfmanagement information. The
patient portal connects to a research
database, enabling participation in
formal research evaluation, with
patient or parent consent [22].

TRANSFoRm built a decision
support system and a user interface
from reusable components. It also
used an ontology to overcome the
challenge of interoperability
between EHRs [116]. Building and
sustaining interfaces with each of
the EHRs was the most burdensome
task [37].

CONTENTS

47

The Value Proposition
Who benefits from a Learning Health
System? Is it worth developing? If there
is no clear business case, a private
company will be unable to scale and
spread. If there is no value to the
organisation (eg hospital, GP practice),
then it is equally likely to fail. This value
can include benefit to patients or
improved efficiency.
Value in healthcare is the outcome
created per unit of resource spent.
Maximising value means achieving the
best outcomes at the lowest cost. It
must also address issues of value to
stakeholders, such as equity,
sustainability and transparency [130].
The Learning Health System can enable
the measurement of outcomes and
generate improved costing data,
allowing for routine measurement and
comparison of value within healthcare
[1].

HealthTracker had a complex and
varied value proposition for
government, GPs and patients,
making it difficult to assess value as
a whole.
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PatientsLikeMe had great value to
the patients who used it, giving them
a feeling of community and
sometimes a sense of being
believed. It also helped them make
decisions about their own care, with
many changing clinicians as a result.
However, charging patients might
have deterred use, while hosting
advertisements could damage its
independence. The data was
valuable to researchers,
pharmaceutical companies and to
the medicines’ regulator. This was
the primary source of funding
(alongside grants) and enabled a
peak turnover of millions of dollars
in revenue per year. For example, it
helped analyse the impact from the
launch of a new drug. It had limited
value to the health system, in which
many clinicians ignored the data,
although some found it useful to
help compare their practice with the
community.
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CYPHP delivers value to patients and
families through more joined-up and
safer care, reduced delays and
better quality. For example,
specialist nurses and doctors work
and share data between hospital,
primary care, and community
organisations to support children.
The system also provides access to
additional expertise for clinicians,
linking clinicians in teams across
organisational and professional
boundaries. There was concern that
additional need might be uncovered
that could not be met by existing
commissioner budgets. Indeed,
CYPHP’s population health approach
to early identification and universal
coverage has uncovered unmet
need: for example, 45% of children
in the community with asthma have
poorly controlled symptoms
requiring clinical support. However,
early intervention and joined up care
has delivered cost savings, and the
service is cost-effective and
commissioned. Moreover, the
population health management
approach has reduced inequalities in
access to care, delivering higher
levels of early intervention to the
children who need it most [22].
.
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TRANSFoRm was shown to improve
diagnostic accuracy in some
situations and was acceptable to
patients and GPs. However, there
were concerns that it might result in
increased demand on other parts of
the system if deployed more widely
[37].
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The Adopter System

participatory co-design (see below) are
key to resolving such concerns.

The staff, patients and carers who adopt
and use a Learning Health System are
critical to its success. Previous studies
[127] have shown that staff sometimes
abandon technology because of
usability issues, but more often do so
because of threats to their scope of
practice, fear of job loss or concerns
over the safety/welfare of patients.
Patients often abandon technology
because of usability and the amount of
work required of them. Technology may
not be used due to weak social
networks or a lack of skills among
carers, so these assumptions must be
made explicit.
This supported previous analysis that
“those on the front line of care
(clinicians, staff, patients) navigate
change through their small part of the
system, adjusting to their local
circumstances, and responding to their
own interests rather than to top-down
instructions” [123].
Digital exclusion is a major concern for
patient-facing systems. In the UK, 7% of
the population lack internet access,
while almost 12 million people do not
possess the digital skills considered
essential for going online [131]. There
are broad government initiatives to
improve digital inclusion, but providers
who offer digital services must also
ensure that patients without the
necessary skills or resources are not
disadvantaged.
Some individuals have ethical concerns
about how their data might be used
[19]. Clarity around Information
Governance (see above) and the use of
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Fewer than one third of GPs used
HealthTracker for more than half of
eligible patients. This was ascribed to
a combination of technical and
sociocultural reasons, as well as
unwritten clinical assumptions. For
example, alerts that appear after the
clinician has decided to do
something can cause cognitive
dissonance.

PatientsLikeMe was eagerly
adopted by patients, reaching
750,000 members. As discussed,
adoption varied by condition and by
age and gender. The stage of illness
was also important, with people
more likely to sign up at diagnosis or
when their condition changed.
Patient activation [192] was another
important factor. Little effort was
made to drive adoption by clinicians;
PatientsLikeMe did not employ any
senior clinicians.

CYPHP’s Learning Health System
adopters include patients, parents,
and professionals. The portal was
developed from another effective
portal and linked to existing EHRs.
There have been a number of issues
from a professional perspective. For
example, it was a challenge to
achieve interoperability between
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CYPHP’s continued.

primary and secondary care clinical
notes, but practical work-around
solutions were found, and care
effectively crossed boundaries.
Concerns about professional
liability and accountability within a
multi-agency, multidisciplinary
system were overcome through
developing a partnership with
shared governance for the
programme, with clinical
governance agreed by clinical
teams. CYPHP was successfully
adopted because it moved from
disruption to embedding new ways
of working within business-asusual systems, using a combination
of “hearts and minds”, parent
power, clinical common sense and
effective management.
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TRANSFoRm was only adopted by
a trial group. It was clinician-facing
and was shown to be acceptable to
GPs [37].
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The Organisation
The organisation’s capacity and
readiness for change will influence the
uptake and scale-up of Learning Health
System interventions internally. The
decision on whether to fund and
support a Learning Health System will
be influenced by the business planning,
yet it is often impossible to predict costs
and benefits in advance. Many
healthcare organisations are already
working at capacity and are focused on
relatively short-term financial, process
and regulatory targets. There may be
limited uptake for Learning Health
System elements that are unaligned
with these targets or demand upfront
investment for long-term payback.

dominate their market [1]. Other
organisations may require additional
incentives to participate.
Organisational slack can make this
process possible. The work involved in
implementation is often extensive and
underestimated at the planning stage,
while there must be a shared vision
about what the Learning Health System
can realistically achieve. In some cases,
innovation can be achieved by working
with another, more innovative
organisation.

A Learning Health System is not just an
IT project. Ideally, within a healthcare
provider or even a national system,
Informatics, Quality Improvement,
Research, Library, Performance, HR,
Training departments and others would
be working together to deliver the
Learning Health System strategy.
Elements of a Learning Health System
that are viewed as a public good – such
as the contribution of data to publicly
funded research with open access to
results – may be seen as a luxury, only
affordable for organisations that trade
on their national reputation or
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Poor technical and support
infrastructure meant that some
organisations could not support
HealthTracker. There was also a
varying capacity for innovation and
quality improvement, while the size
and governance structure had an
impact. Some small practices
struggled to support the change,
while others benefited from
streamlined decision making. In
other practices, inflexible job roles
hindered use.

PatientsLikeMe sought but did not
achieve adoption by existing
healthcare organisations.
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CYPHP is a clinical-academic
programme functioning as an
Active Learning Partnership. It
brings together three Foundation
Trust hospitals (including a mental
health provider), primary care
providers, local authorities, public
health organisations,
commissioners and a university
institute. It is a formal partnership
with shared decision-making and
governance. Building trust took
time but has resulted in profound
change being embedded across
the system. CYPHP is supported by
a mixed funding model, including
a hospital charitable foundation
and local Clinical Commissioning
Groups (CCGs). A twin-track
evaluation programme includes
both pragmatic NHS service
evaluation and a rigorous
research-standard evaluation,
providing new knowledge about
effective models of care for
children and young people.
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TRANSFoRm required
cooperation from several EHR
vendors for whom participation
was not always a priority. This
resulted in delays [37].
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Wider Context
The wider institutional, policy and
sociotechnical context is often identified
as a key factor in the failure to move
from a demonstration project to a
transferable and sustainable
mainstreamed service. This context can
include policy, political, IG,
interoperability, legal, market, IP and
regulatory considerations.

HealthTracker implemented
existing guidelines but had limited
success in securing endorsement
from well-established professional
societies. Attempts to embed it
within the reimbursement model
failed because of the novelty of
the idea.

PatientsLikeMe expanded
beyond patient-reported
experiences and outcomes to
become a biobank. It raised a $100
million investment and secured a
critical technology partnership
with a Chinese genetic research
firm, growing to 250 staff. Shortly
afterwards, a review by the
Committee on Foreign Investment
in the US (CIFUS) ordered a
divestment by the Chinese firm as
part of the wider deterioration in
US-China relations. This prompted
the rapid sale of PatientsLikeMe in
2019 and the loss of a significant
part of the workforce.
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For CYPHP, Information
Governance and public trust have
been central. There have been a
number of challenges, such as
competition rules and pressures
to maintain organisational
financial balance. However, policy
has supported cooperation,
crucially through building
relationships at all levels of
organisations: executive,
managerial, clinical and
administrative. A strong patient
focus has also been key to
success. Ensuring the flow of data
between organisations requires a
complicated set of data-sharing
agreements; this enables data flow
between multiple providers, for
direct clinical care, service
evaluation and research. Intraorganisational liability has also
presented challenges, but a
Partnership approach, as
described above, has enabled
effective, shared governance at
organisational and clinical levels.

TRANSFoRm started as an EUfunded project. The UK’s
participation in such schemes
following Brexit is uncertain [37].
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Adapting over Time
By its nature, a Learning Health System
will change during its implementation
and beyond. To succeed, it must be able
to adapt. Likewise, the organisation
must have the resilience to respond to
critical events and maintain a flexible
approach.

HealthTracker required
knowledgeable staff and was hard to
sustain when staff turnover was
high. There were challenges in
updating the software in response to
bugs and competing systems
emerged over time. Eventually, the
regulatory system caught up, and
created opportunities to align with
reimbursements and broader digital
strategy.

CYPHP technology and
organisational structures have
evolved as the network of
organisations has grown and
funding has become available. The
involvement of university partners
has ensured flexible learning
capability. Being part of this
organisational landscape has helped
CYPHP to adapt to changes like new
EHRs and new patient
administration systems.

TRANSFoRm has found that
maintaining interfaces with a range
of EHRs as they change has been a
huge challenge and threatens
sustainability [37].

PatientsLikeMe grew and adapted
over time, moving from start-up to
mature business, expanding its user
base and generating revenue and
investment. It was subject to an
unforeseen international event
(outlined above) that came close to
destroying the business. It continues
to operate at a different scale, and it
remains to be seen how it will
develop in future.
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Applying the NASSS
Framework to Learning
Health Systems

System. It is likely to be most effective if
used to guide a comprehensive
discussion, rather being applied
mechanistically.

The expert workshop found that the
NASSS Framework could be applied to a
broad range of Learning Health
Systems. Moreover, the understanding
gained could help select projects to
fund, as well as aiding in their design,
implementation and evaluation. Some
NASSS domains will be more important
than others for a given Learning Health
System, while some may not merit
consideration. The framework could be
applied to the entire Learning Health
System or separately to the components
within an umbrella Learning Health

The NASSS Framework has been
deployed within a series of tools called
NASSS-CAT (Complexity Assessment
Tool) [132]. The NASSS-CAT Tools Box
describes each tool and when it should
be used. These tools should be applied
to Learning Health System components
as they are being designed,
implemented and evaluated.
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The aims of these tools are summarised in Figure G

Understand
Complexity

Reduce
Complexity

Respond to
Complexity

• Tease out uncertainties and interdependencies using
narrative as a synthesising and sensemaking device

• Limit scale / scope / interdependencies
• Control programme growth e.g. limit scope creep

• Strengthen leadership; build relationships
• Co-develop a vision through collective sensemaking
• Develop adaptive capacity in individuals and resource
their creative action
• Harness conflict productively to generate multifaceted
solutions

Figure G The NASSS-CAT (Complexity Assessment Tool) 1

1

Adapted from a presentation by Prof Greenhalgh to the workshop on applying NASSS to Learning Health

Systems.
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Reducing and Responding
to Complexity

relationships, reinforcing existing ones
where appropriate and facilitating new
ones.

Greenhalgh and colleagues have
adapted existing [133] principles for
managing complexity, so that they are
relevant to the development of a
Learning Health [134] System. They
suggest that teams:

Encourage sensemaking: Designers
should build focused experimentation
into their designs; implementation
teams should encourage participants to
ask questions, admit ignorance, explore
paradoxes, exchange different
viewpoints, and reflect collectively.

Acknowledge unpredictability:
Designers of interventions should
contemplate multiple plausible futures.
Implementation teams should tailor
designs to the local context and view
surprises as opportunities.
Recognise self-organisation: Designers
should expect their designs to be
modified, perhaps extensively, as they
are taken up in different settings;
implementation teams should actively
capture data and feed it into the
adaptation process.
Facilitate interdependencies:
Designers should develop methods to
assess the nature and strength of
interdependencies; implementation
teams should attend to these

Develop adaptive capability in staff:
Individuals should be trained not merely
to complete tasks as directed but to
tinker with technologies and processes
and make judgments when faced with
incomplete or ambiguous data.
Attend to human relationships:
People must work together to embed
innovation, solving emergent problems
using give-and-take and “muddling
through”.
Harness conflict productively: There is
rarely a single, correct way to tackle a
complex problem, so look upon
conflicting perspectives as the raw
ingredients for multifaceted solutions.
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Strategy in a
Learning Health System
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S

trategic direction is required to
build a Learning Health System. A
culture of learning and
innovation will ensure that individuals
are motivated to participate, while a
scientific approach to implementation
will increase the likelihood of success.
Individuals and organisations will have
to change their behaviour in ways that
may not come naturally. All
stakeholders must have a hand in
designing a system that will change the
way they work or are treated. The
system must be continually evaluated,
and its maturity understood.
This section offers advice on how these
objectives can be achieved.

Strategy and
Organisation
Strategy generally involves setting goals
and priorities, determining actions to
achieve these goals, and mobilising
resources to execute the actions [135]. It
is often thought of as a deliberate,
explicitly stated plan, but can also be
viewed as a “pattern in a stream of
decisions” [136]. While much strategy
literature addresses competition in
business or war, it is not always obvious
how this applies to healthcare,
particularly in public systems [137] or to
a Learning Health System. Ultimately,
strategy is a set of inter-related choices
on how a team or organisation will
deliver value [138].
The Learning Health System can be a
vague concept and there are almost
limitless ways in which it could be
organised. A given organisation must
choose what sort of Learning Health
System will best meet the needs of its

stakeholders. A strategy can help to
make this explicit. Like every other
element of a Learning Health System,
strategy must be co-designed by the
stakeholders. There are many guides
and tools that can assist with this
process [139-142]. For larger
programmes, strategy consultancies can
take an organisation through the
process, though it is also essential to
develop strategic thinking capabilities
within the Learning Health System.
Once a strategy has been developed,
people and resources must be
organised to deliver it effectively. This is
sometimes known as the Target
Operating Model (TOM) or an
Organisational Architecture. An
organisation wishing to become a
Learning Health System can create a
TOM that describes how its people,
processes and technology should be
deployed [143]. Such an approach can
be helpful in a complicated
environment. It can orientate
stakeholders to their role in delivering
the strategy and can aid in planning
long-term investments like
infrastructure and training. It has been
employed by NHS Digital, the recent
NHS London Nightingale hospital, and
other healthcare organisations [28]. It
necessarily makes assumptions about
the future. Because this is often not
possible within a complex system, the
operating model must itself be subject
to learning and change.
If misapplied, this mechanistic systems
approach can have drawbacks.
Longwinded multi-year strategies can be
out of date by the time they are
published and cannot respond to
emerging threats and opportunities.
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This was highlighted by the Covid-19
pandemic.
McCrone and Snape consider strategy
within the different domains of
Snowden’s Cynefin Framework [144]
(see
Figure E). In a complex Learning Health
System, strategy might be better
thought of as a verb than a noun: a
continual process, rather than a
masterplan. It is a series of safe-to-fail
experiments (see
Figure E – Probe, Sense, Respond).
Learning comes from those that fail, as
well as those that succeed. Successes
can be amplified by attracting more
resources. As evidence from
experiments accumulates, an
environment can move from complex to
merely complicated, because cause and
effect becomes better understood and
more stable.
A Learning Health System can have a
shared purpose or mission, while
individuals and groups can have
autonomy to develop complementary
microstrategies and safe-to-fail
experiments [144]. The infrastructure of
a Learning Health System can enable
such an approach (see NYU Langone
Health exemplar box). Over time, a
Learning Health System that is complex
at the enterprise level can have lowerlevel functions that are simple or
complicated, lending themselves to
more traditional strategic planning and
TOM approaches.

can limit strategic innovation. This can,
however, be helpful in planning longterm investments, like infrastructure or
training.
An alternative approach is the actororiented learning network
organisational form, proposed by Britto
et al., which aims to facilitate coproduction and cooperation at scale to
improve healthcare (See Learning
Network Box). This has three
components [145]:

•

Aligning participants around a
common goal: Mission, vision and
values are visible and shared. There
is transparency and learning
between teams. Stakeholders
understand how they can get
involved, while leadership and codesign are distributed.

•

Standards, processes, policies and
infrastructure to enable multiactor collaboration: These can be
shared across centres to reduce
costs and customised as required.
Leaders have dedicated time to
ensure that these elements are
continuously improved using
standardised Quality Improvement
methods.

•

A commons where information,
knowledge, resources and
knowhow to achieve the goal are
created and shared: As well as data
registries, other platforms can be
used to share different resources
within and between networks. This
leads to the development of a
shared knowledge base.

A Learning Health System may well exist
within a wider organisation, such as the
NHS or another funding network. These
organisations might have requirements
for traditional long-term plans, which
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continuous improvement and
innovation.
Learning Network
The Learning Network
approach has been pioneered
by ImproveCareNow [25]
, one of the oldest and most
successful Learning Health
Systems in operation. Unlike
many others, ImproveCareNow
has scaled up and spread by
sharing its common
framework, methods and
processes. It started as a
Learning Health System for
Inflammatory Bowel Disease at
Cincinnati Children’s Hospital
in 2007. By 2017, it had been
followed by nine other
Learning Networks covering a
range of paediatric conditions
[145]. The Cincinnati team
have produced training
materials to help others join
and form new Learning
Networks [196]. They have also
formed a spin-off company to
help scale and spread the
necessary infrastructure. Along
with the Institute of Healthcare
Improvement [197] [198], they
are seeking to develop 100
active Learning works by 2023.

Culture
The most widely cited definition of an
Learning Health System – from the
Institute of Medicine (IoM) [120] –
discusses an alignment of science,
informatics, incentives and culture for

The need for a culture change is often
noted to include learning, innovation,
information use, sharing and
implementation and research [146].
More broadly, there are frequent calls to
change the culture of health and society
[147]. Organisational culture has been
categorised in three layers [147]:

•

Visible manifestations: The
distribution of services and roles, the
physical layout of facilities,
established pathways of care,
staffing practices, reporting
arrangements, dress codes, reward
systems, established ways of tackling
quality improvement and clinical
governance.

•

Shared ways of thinking: Values
and beliefs used to justify the visible
manifestations and the rationales
for doing things differently, such as
prevailing views on autonomy,
dignity, evidence and service
improvement.

•

Deeper shared assumptions: The
unconscious underpinnings of dayto-day practice, such as assumptions
about the role of patients, carers
and different professionals.

These layers are learned, shaped and
reinforced through training and
experience. There may be subgroups
with different cultures within any given
system (eg clinicians and managers).
Such cultures can help deliver
organisational goals; on the other hand,
they can undermine drives for change.
This is a fundamental source of
complexity within healthcare. The
multidisciplinary, often multi-agency
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nature of a Learning Health System
increases the risk of culture clashes [19].
There are many quantitative tools for
assessing organisational culture, but
they often lack evidence. There is no
one tool that is appropriate in all
circumstances [148]. Another approach,
which recognises the constraints of
measuring complex systems, is to
explore culture through narrative [149].
While culture is clearly important, it is
not always possible to determine a
causal relationship with performance
within a complex system. Equally, it is
not easy to influence culture in a
predictable way. Even so, the King’s
Fund has produced a tool to help
organisations assess their culture and
identify targets for improvement in six
areas [150]:

•

Inspiring vision and values:
Leaders should communicate an
inspiring, ambitious vision.

•

Goals and performance: Goals
should be set at every level, from
board to frontline staff, then
measured on patient outcomes and
patient feedback.

•

Support and compassion: Everyone
should treat colleagues with respect,
care and compassion.

•

Learning and innovation: Teams
should take time to review, debate
and improve performance. Quality
and safety improvement should be a
priority for all. Everyone should
welcome feedback.

•

Effective teamwork: Leaders
should ensure effective teamwork
and inter-teamwork, within and
across organisational boundaries.

•

Collective leadership: Everyone
(including patients) should take
responsibility for the success of the
organisation, not just a few leaders
at the top.

Workforce
At the heart of a Learning Health System
is a multidisciplinary team bringing
together the right people, skills,
specialisms and subject matter
expertise. The nature of the work will
determine the make-up of this team,
but a multidisciplinary Learning Health
System could include patients, clinicians,
researchers, designers, strategy and
operational delivery staff, information
analysts and other support professions.
The team may not all be directly
employed; some might be seconded,
some could be contractors or
consultants, while others may be
employed by platform providers.
Leadership within each of these groups
and organisational leadership
understanding and buy-in will also be
essential, given the scope of a Learning
Health System [151].
Learning Health Systems are unlikely to
reduce the number of clinical
professionals required. Indeed, many of
the same skill categories will continue to
be required, but the content of those
skills and the context in which they are
applied may differ in the following ways
[152]:

•

Communication skills: These will
need to extend to online modes

•

Personal and people
development: Professionalism,
teaching, personalised lifelong
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learning, management and
leadership will take on new
dimensions

•

Health, safety and security: Online
issues, cybersecurity, information
governance and digital ethics will
become more important

•

Service improvement: As services
become more digitised, staff will
need the skills to optimise these
systems

•

Clinical effectiveness: Staff will
need to understand the theoretical
frameworks underpinning clinical
assessments, investigations and
interventions that utilise technology

•

Equality and diversity: Digital
inclusion will be central to accessing
care

Clinicians may also need some new
skills. They may need to:

•

Become more aware of how the data
they record might be used by the
system [153]

•

Be able to interpret results of
routine data analytics [7, 40, 49].

•

Become more confident with an
element of research in their role [40]

•

Be capable of leveraging data from
non-healthcare system sources [153]

•

Be able to interpret and act upon
feedback on their practice [23]

•

Be able to live with continual change
[153]

These needs have been captured by the
Faculty of Clinical Informatics
Competency Framework [154].
Many of the skills and disciplines
required to develop a Learning Health
System are in short supply and take

many years to develop, so the Learning
Health System should be part of a longterm workforce or people strategy.

Implementation Science
Implementation Science is the scientific
study of methods to promote the
systematic uptake of research findings
and other evidence-based practices into
routine practice, to improve the quality
and effectiveness of health services
[155].
The fact that it takes on average 17
years for Evidence-Based Practices (EBP)
to become routine [156] is a widely cited
driver for the development of Learning
Health Systems. Discourse on Learning
Health Systems often assumes that
knowledge delivered to the point of care
– such as through a decision support
system – will actually change practice.
Despite positive efforts to integrate
knowledge delivery with clinical
workflow [62], previous sections of this
report have shown that this is slow and
variable, something that is supported by
the literature [157]. Indeed, the Learning
Health System concept itself is
approaching the 17-year milestone
without becoming routine practice.
Traditionally, the efficacy of individual
interventions has been studied in
isolation in a controlled environment. As
discussed in previous sections, Learning
Health Systems are complex, rather
than controlled environments. It can be
more important to optimise their realworld effectiveness by ensuring that
they are used correctly, rather than
seeking to understand their efficacy in a
lab.
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Learning Health Systems are likely to
require an implementation strategy: an
integrated package of discrete
approaches ideally selected to address
identified barriers to implementation
success [156]. For example, these might
include behaviour change, training,
feedback, incentives, learning
collaboratives and community
engagement. The focus is on the
successful integration and use of the
Learning Health System elements,
rather than their individual efficacy.

Implementation Science is a common
source of failure for Learning Health
Systems. However, there are many
guides available [156] and an extensive
academic literature [158]. Large
Learning Health Systems will benefit
from a team of Implementation
Scientists, but even smaller Learning
Health Systems would profit from
tapping at least some external
expertise.
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Behaviour
To realise an improvement in practice, a
Learning Health System often requires
patients, clinicians and others to change
their behaviour. There are many
theories and models that can be
deployed to understand and aid this
process. The Behaviour Change Wheel
(BCW) (Figure H) [159] is a systematic
approach to designing, implementing
and evaluating behaviour change
interventions in any setting. It is based

on a collection of existing theoretical
frameworks.
The BCW represents a theory of what
drives behaviour and how it can be
influenced in different situations. This
leads to an accessible and rigorous
process that can be integrated into a
Learning Health System, increasing the
likelihood that the knowledge generated
will result in behaviour associated with
better outcomes.

Figure H The behaviour change wheel [159]

The hub of the BCW is concerned with understanding the behaviour that has to be
changed. This is achieved using the COM-B model (
Figure I).
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Figure I The COM-B Framework for understanding behaviour; reproduced from the behaviour change wheel [159]

Changing the behaviour of an individual,
group or population requires a change
in capability, opportunity and
motivation, or some combination of the
three. Standardised questionnaires
have already been developed [159] to
capture the drivers of a particular
behaviour.
The next circle in the wheel outlines the
possible intervention functions. These
are broad categories of means by which
an intervention can change behaviour:
Education, Persuasion, Incentivisation,
Coercion, Training, Enablement,
Modelling, Environmental Restructuring
and Restrictions [159].
The BCW guide provides a matrix that
links the COM-B model to the
intervention functions [159]. For
example, if the barrier to behaviour
change is identified as Physical
Capability, then Training and
Enablement are potential functions that
the intervention could serve. If the
barrier to change has been identified as
relating to Reflective Motivation, then

the intervention could serve the
functions of Education, Persuasion,
Incentivisation and Coercion (or a
combination of these).
The final element on the BCW is the set
of possible policy categories: seven ways
that policy could deliver the
intervention. These include
Communication/Marketing, Guidelines,
Fiscal Measures, Regulation, Legislation,
Environmental/Social Planning and
Service Provision [159]. Again, a matrix
has been created in the BCW guide that
links intervention functions to policy
categories.
In order to operationalise the BCW, the
intervention functions are linked to
Behaviour Change Techniques (BCTs),
which are the smallest active
components of an intervention and
designed to change behaviour (eg selfmonitoring, goal setting, action planning
etc). A taxonomy of 93 techniques has
been developed that can be used to
describe BCTs used in interventions. The
most frequently used BCTs have been
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mapped onto the intervention functions
of the BCW.
The BCW enables a theoretical and
systematic approach to intervention
design. The COM-B model can be used
to analyse user data and help
“diagnose” what needs to shift in order
for change to occur. Guided by matrices
in the BCW guide, the most appropriate
intervention functions, policy categories
and BCTs for the context, behaviour and
population of the intervention can be
selected [159].
Elements of this process could be
automated within a Learning Health
System. Crucially, evidence could be
collected on the effectiveness and costeffectiveness of each of the BCTs in
various situations, resulting in further
learning. There are examples of the
BCW being integrated in the design of
mHealth apps [160]. Behaviour change
will be necessary for patients, clinicians
and organisations to adopt elements of
the Learning Health System, and to
ensure that they act on the evidence
generated.
The BCW has been constructed from an
analysis of existing frameworks and has
been assessed in terms of its reliability
in practice [159]. If it is to improve
healthcare outcomes, any Learning
Health System must have a method for
delivering behaviour change [7]. It is
also important to note that these
approaches operate best in a wellunderstood system and may fail to
produce reproducible results in a
complex system.

Participatory co-design
This report has emphasised the
importance of stakeholder involvement
when designing the elements of a
Learning Health System. It has
described how the stakeholders are
critical to understanding the true
complexity of what may superficially
look like a technical undertaking. This
process has been called many things –
co-design, co-production, co-creation,
patient-centred design, patient
engagement and more. All of these
differ in subtle but important ways. This
report is not concerned with these
distinctions, but simply that those
developing Learning Health Systems
find an approach that meets their
needs.
Design is a creative process to solve
complex problems [161]; user-centred
design brings stakeholders into the
process. ISO 9241-210 is the
international standard in Humancentred Design for Interactive Systems
[162]. NHS Digital has created a set of
NHS Design Principles based on this
standard [163]. They can be usefully
applied when developing each element
of a Learning Health System.
The co-design approach emerged as a
way of engaging representatives of
stakeholders in the system
development lifecycle. This emphasises
the realisation of ideas that work in
reality [164, 165], as well as the
application of knowledge and the
production of prototypes [38, 94]. The
history of these developments has been
traced from Hippocrates to the Learning
Health System [166]. Involving potential
users in participatory co-design aims to
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sustain their contribution to ongoing
improvements [164]. A set of core
principles has been suggested [167]:

•

•

Democracy: Include representatives
of all stakeholders who will be
affected by the new system. The aim
is to increase diversity of experience,
values and knowledge, while
fostering trust among those
involved. Careful attention should be
paid to ensure that the participants
are representative of the full range
of stakeholders.
Mutual Learning: Participants will
learn from each other and from
themselves as they reflect on the
work. Efforts must be made to
ensure that all participants are able
to engage.

•

Capture Tacit or Latent
Knowledge: Assess the needs of
stakeholders, including those that
are not easily observable. Tacit
needs are conscious but not
expressed, while latent needs are
subconscious and cannot be
expressed in words.

•

Collective Creativity: Stakeholders
can work together creatively in a way
that encourages the development of
values and embeds them in the
product. Certain tools and
facilitation techniques may stimulate
creativity more than others.

Participatory co-design offers a reliable,
responsible and ethical approach to the
development of Learning Health
Systems. However, because it can seem
resource-intensive, it is sometimes
neglected by developers who fail to
grasp the true complexity of a project.
A workshop was held in collaboration
with Open Lab – Newcastle University
[29] to explore how co-design and
participatory design approaches could
be applied within a Learning Health
System. It brought together a group of
20 Learning Health System experts,
clinicians, patients, technology providers
and software design researchers.
The workshop featured extensive group
collaboration on a range of designbased research methods, tools, and
techniques, and followed a design
thinking process [168]. It was held
online due to the Covid-19 outbreak.
This entailed using Zoom, with breakout
rooms and a brainstorming and design
software (Miro board) that provided a
vast virtual collaboration space for
collaboration. Key to this workshop was
condensing the design thinking process
in manageable blocks and rapidly move
from idea to presentation within a few
hours as a ‘taster’ approach [169]. It was
more of an abridged sprint [170, 171] to
rapidly transform an idea to a
prototype.
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Open Lab
Based at Newcastle University, Open Lab is a research group that works on advanced
Human-Computer Interaction (HCI), social innovation, digital citizenship,
sustainability, design futures, social innovations and machine learning. With its
multidisciplinary and cross-disciplinary groups, Open Lab researchers address
imminent challenges in healthcare, education and social justice. Much of the work
undertaken by Open Lab designers and collaborators engages the perspectives of
“normal citizens” in participatory design, co-design and collaborative design. This
aims to bridge the gaps between technology, scientists and society; effectively, Open
Lab creates sociotechnical learning systems in health and beyond.
The workshop aimed at eliciting the
participants' objectives, perspectives,
requirements and concerns by testing a
menu of participatory co-design tools on
a Miro board (Figure J). The groups were
asked to apply the various participatory

co-design tools in an invented Learning
Health System scenario. These tools
were sourced from online, open-source
databases of design tools: Service
Design Tools [172], Design Kit [173] and
Right Question [174].

Figure J. Overview of a sample collaborative board for the co-design workshop.

REALISING THE POTENTIAL OF LEARNING HEALTH SYSTEMS

CONTENTS

70

There is limited evidence for how to
select the most appropriate tools [167].
In the workshop, participants selected a
range of tools to address the same
challenges, illustrating that the choice of
tool can be influenced by the task, the
stakeholders, and by the type of
knowledge sought. Participants noted
that each tool provided a different
perspective on the complexity within the
task.
There are also many overarching
frameworks to guide participatory codesign. Each framework can be
assessed against the core principles
listed above, the ISO 9241-210 standard
and the preferences of the Learning
Health System stakeholders and
developers. The Point of Care
Foundation [175] offers a guide and
toolkit for running Experience-based codesign projects. The Good Things
Foundation: Digital Health Lab [176]
offers a step-by-step guide to co-design
in health that could be applied to a
Learning Health System. Teams can
review these and other approaches to
find the best fit for their stakeholders.
Participatory co-design should not be
viewed as a one-off process within a
Learning Health System, but as an
integral, continuous process. By
definition, a Learning Health System
must continually learn. This learning
and its application must be mediated by
participatory co-design at every stage.

Appraisal

Systems [177]. It became clear during
the evaluation workshop that the scope
should be expanded to include
appraisal: ie deciding if a project should
proceed. There is no single route for an
organisation to decide to implement a
Learning Health System. The initial idea
may come from staff within the
organisation, who have read about or
experienced such systems elsewhere. It
may come as part of a partnership or
collaboration, such as forming an
Integrated Care System [178]. It may be
part of a national strategy that advises
or mandates the development of such
systems.
Implementing a Learning Health System
is usually not an “all or nothing”
decision. It will often be built on legacy
systems and existing Quality
Improvement capability and may not
require an organisation-wide decision.
Smaller initiatives could be rolled out
within departments, with delegated
authority. Often, the influence of the
person or group proposing the idea – or
who will eventually implement the idea
– is just as important as hard evidence.
A Learning Health System is also more
likely to be implemented if it aligns with
the organisation’s goals. Organisations
sometimes seek evidence yet fail to
challenge the methodology used to
generate it.
The HM Treasury Green Book [18]
presents widely used guidance on
conducting an appraisal, covering the
following topics:

•

An expert workshop was commissioned
to inform this report on the issues
around evaluating Learning Health
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•

Options generation: A longlist of
the options for delivering the stated
outcomes

•

Shortlist options appraisal:
Comparing the different options

•

Valuation of costs and benefits: A
comparison with “business as usual”

•

Distributional analysis: The impact
on different groups in society

•

Uncertainty: Applying sensitivity
analysis to variables that might
change

•

Optimism bias: Adjusting for the
appraiser’s tendency to overestimate
benefits and underestimate costs

•

Risk: Accounting for the impact and
likelihood of risks that might occur
and how they can be mitigated

Following an initial appraisal, the
organisation might be persuaded to
launch a large project, or they could
prefer a pilot study with limited scope.
Pilot studies can be a powerful way to
test hypothesised impacts and
feasibility. They can start to identify
knock-on impacts on other services,
though they sometimes miss important
interactions because of their limited
scope.

Evaluation
Learning Health Systems are expensive
and impact the health of large
populations, so it is important to
understand how effective and costeffective they are. Although failure is an
important source of learning and can
help others to decide whether and how
to join a Learning Health System,
organisations are generally less
enthusiastic about publicising failures

than successes [179]. In writing this
report, it was difficult to find published
examples of Learning Health Systems
that had failed, while a recent review
found no published rigorous evaluation
of a Learning Health System [19].
Another systematic review found 43
articles relating to 23 Learning Health
Systems (local, regional and national)
that reported outcomes. Only six
articles were judged to provide high or
medium quality evidence[6].
However, the authors have personal
experience of several relevant projects
that did not meet their anticipated
objectives. Health IT research also cites
a high failure rate [179], so it is likely
that important learning is being missed.
The sociotechnical nature of Learning
Health Systems makes them difficult to
evaluate. Although the Medical
Research Council (MRC) guidance on
Developing and Evaluating Complex
Interventions [180] remains a gold
standard guide, the field has developed
significantly since it was published in
2008, and Learning Health Systems
present novel challenges. MRC and
National Institute for Health Research
(NIHR) have commissioned an update to
the guidance [180].
Evaluation generally seeks to compare
one intervention with another, or to no
intervention at all. Because of their
heterogeneity, it is not possible to be
prescriptive about the methodology that
should be used to evaluate a Learning
Health System. An evaluation can
examine structural or functional aspects
of a Learning Health System against a
maturity model (see below), but
ultimately, success depends on the
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extent to which each learning cycle
improves patient outcomes.
The MRC guidance states that
randomised trials are the most robust
evaluation method. They can prevent
selection bias: systematic differences
between those who do and do not
receive the intervention. Such methods
might randomise individuals or groups
of participants, such as an entire
hospital. Stepped Wedge Designs can be
appropriate when a new intervention is
being rolled out to a population in
phases, but such methods are often
impractical within a Learning Health
System.
Traditional randomised controlled trials
are often not feasible in Learning Health
Systems, where the intervention
changes rapidly and may not be easily
isolated. The MRC guidance cautions
that non-randomised designs are most
useful where the effects of the
intervention are large or rapidly follow
exposure, and where the effects of
selection, allocation and other biases
are relatively small.
The MRC guide offers a range of
approaches for dealing with such biases,
including conventional covariate
adjustment using a regression model,
and extensions such as instrumental
variable and propensity score methods.
It concludes, however, that the
interpretation of small effects from nonrandomised studies requires particular
care and should draw on supporting
evidence where possible.
Traditional controlled evaluation
methods might not be appropriate in
many complex environments. Constant
change may make it impossible to

generalise the finding from one
evaluation to another environment.
Plan, Do, Study, Act (PDSA) cycles or
Lean approaches – which evolve a
solution suited to the environment –
might be more appropriate. These were
traditionally used at the local level with
rapid cycles but can work at larger
scales. They are based on
manufacturing industries and
measurement is built into the process.
Qualitative evaluation methods can add
an additional dimension. They generally
explore how people make sense of the
world and experience events.
Qualitative data could be collected
through direct or participant
observation, interviews, focus groups
and from documentary analysis. For
example, a qualitative study might
explore how it feels to be a patient with
a long-term condition and aim to gain
insight into how people make sense of
and manage these situations.
In the context of Learning Health
Systems, a qualitative evaluation could
try to explore user acceptability issues
and the barriers and facilitators to
implementation. A qualitative evaluation
of usability and engagement could also
inform the potential design and
development of Learning Health
Systems, as well as helping to
understand if people/patients are
managing their condition better and the
impact on their quality of life.
A decision maker may be interested in a
wide range of measures to determine
whether an intervention was effective.
For example, whether it caused harm,
introduced inequality, had effects
beyond health (social care, education,
justice, employment, etc). They may
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want to differentiate between individual
and population measures. It may be
important to understand how the
intervention works.
True outcomes may be long term and it
could be necessary to measure proxies
that are impacted more rapidly: for
example, high blood pressure as a proxy
for later heart disease. This requires
evidence of the downstream impact of
the proxy on the real outcome of
interest. To model this, it may be
necessary for the investigator to narrow
their question down to a very specific
active ingredient. This is ultimately
reductionist and could lead to a focus
on very specific measures, missing the
broader interactions. It is important to
be aware of these limitations.
It is necessary to identify the active
ingredients and actors in a complex
intervention and to include them in the
evaluation. It is also important to think
about whether these active ingredients
have interactions that the evaluation
might fail to capture. This requires
talking to the people delivering the
interventions, who are likely to know
where the interactions occur.
Quantitative economic methods can be
used to compare two or more
interventions in relation to their cost
and consequences. Commonly used
methods include cost effectiveness,
cost-utility and cost-benefit analysis.
There are methods to compare and
quantify the value of different
outcomes, but they involve trade-offs.
When evaluating Learning Health
Systems that change over time, it should
be noted that the most appropriate
outcome measures may also evolve, as

may the available data. It could
therefore be appropriate to alter or
update the evaluation methodology.
An evaluation can also help explain how
and why an intervention succeeded or
failed. A logic model can be a useful tool
for planning the evaluation strategy,
representing a hypothesis or “theory of
change” on how an intervention works.
This can help prioritise and structure
data collection and analysis to explore
the main aspects of an intervention, as
well as the relationships between these
aspects. It is important to include a wide
range of factors. The NASSS Framework
outlined above can help develop a
comprehensive analysis of factors
across all seven of its domains.
Given the challenges we have outlined,
an organisation may well need external
support from a university, consultancy,
government or other organisation to
complete an evaluation. Common
reasons to bring in an external
organisation include:

•
•

To provide extra capacity

•

To provide an independent
perspective and reduce conflicts of
interest

To provide expertise that the
organisation does not possess inhouse

Maturity
In addition to evaluating an outcome, it
can also be helpful to assess the
maturity of the processes within a
Learning Health System. Maturity refers
to the degree to which a process is able
to achieve a specific objective in a
predictable way [181].
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The maturity of the underlaying
technical infrastructure within a
healthcare provider can be assessed
using a maturity model, such as those
developed by Healthcare Information
and Management Systems Society
(HIMSS) [182]:

•

EMRAM: The Electronic Medical
Record Adoption Model

•

AMAM: The Analytics Maturity
Adoption Model

•

CCMM: The Continuity of Care
Model

•

INFRAM: The Infrastructure
Adoption Model

These can provide a baseline
assessment of an organisation’s
infrastructure, a roadmap for
prioritising improvements, a measure of
improvement and a community of
peers. While these are all necessary,
they are not enough to determine the
maturity of a Learning Health System. It
is not just a piece of technology, whose
speed or capacity can be easily
quantified. It is a complex, constantly
changing, sociotechnical system,
intended to meet a unique and evolving
set of needs. It is therefore important to
consider how well a Learning Health
System is aligned with the needs and

resources of the stakeholders
implementing it.
Lannon et al. [181] propose a process
maturity assessment tool aimed
specifically at Learning Health Systems.
The tool takes the form of a capability
maturity grid covering six domains:

•

Systems of Leadership: Purpose,
understanding the system,
measuring the system, planning for
improvement etc

•

Governance and Management:
Policies, processes, controls,
oversight, norms etc

•

Quality Improvement: Systematic
and continuous actions towards
measurable improvements in
outcomes

•

Community Building and
Engagement: Structures and
processes to enable all stakeholders
to become involved

•

Data and Analytics: Collecting,
validating, organising and
standardising data relevant to the
system’s purpose

•

Research: Generating knowledge
through a range of research
methods.
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Conclusion
Many organisations are setting a
strategic goal of becoming or
supporting a Learning Health System.
However, Learning Health Systems are
complex and constantly changing
entities. No two are the same; they can’t
be lifted and shifted from one
environment to another.
That being said, a great deal can be
learnt from successful and unsuccessful
case studies. While much has been
published on Learning Health Systems,
the sector to this point has lacked a “go
to” repository, containing tools,
frameworks and models that might be
helpful to those developing a Learning
Health System.

This report provides an early step
towards such a resource. As well as
signposting useful resources, it presents
a framework for considering important
topics in developing a Learning Health
System and an introduction to each of
these topics.
No single report can cover this
constantly changing field. The Learning
Healthcare Project will therefore
collaborate with colleagues in the global
Learning Health Community, to develop
this work into a live online toolkit that
can be supplemented by anyone with
relevant experience. This will embody
the learning philosophy.
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Glossary
Analytics (Data): The process of
examining raw datasets to derive new
meaning/information about the
dataset
API: Application Program Interface,
how different software components
interact
BCTs: Behaviour Change Techniques
BCW: Behaviour Change Wheel
Behavioural Economics: The use of
psychological insights to interpret
economic decision making
Big Data: Large datasets that require
complex processing, often analysed
computationally to reveal patterns or
trends
CDRN: Clinical Data Research Network
(US)
CDSS: Clinical Decision Support
System
CER: Comparative Effectiveness
Research
Claims Data: Recorded for health
insurance payment systems
Cognitive dissonance: The feeling of
unease created by holding two or
more contradictory beliefs
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Commissioner (Health): Individuals
or bodies responsible for planning and
funding healthcare delivery
Co-morbidities: Medical conditions
occurring together in the same
individual
Data Mining: The process of
examining datasets to derive new
meaning/information
EHR: Electronic Health Record
Evidence Based Practice: The
application of best available research
findings to clinical practice
False Negative: A result that wrongly
indicates a condition or attribute to be
absent
False Positive: A result that wrongly
indicates a condition or attribute to be
present
FDA: Food and Drug Administration
(US)
Fractal: An object or concept that
appears the same at different scales
GP: General Practice/General
Practitioner. Family Doctor.
HIPAA: Health Information Portability
and Accountability Act (US)
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HES: Hospital Episode Statistics
Published data from NHS Digital
containing details of all admissions to
NHS hospitals in England, derived
from Secondary Uses Services data

Natural Language Processing: The
ability of a computer program to
interpret human language, eg within
free text
NHS: National Health Service (UK)

IG: Information Governance
Implementation Science: The
examination of how research and
evidence is integrated into healthcare
Informatics: Computer information
science, processing data and
engineering of information systems
Informed Consent: Permission given
with a full understanding of issue
Interoperability: The ability of
different systems to communicate

NICE: National Institute for Health and
Care Excellence (England)
Observational Research: A research
technique in which participants are
not randomised or pre-assigned to an
exposure
Open Source Software: Where the
original source code is freely available
for use and modification
Organisational Theory: The study of
organisations and their structures,
relationships and interactions

IoM: Institute of Medicine (US)
LHS: Learning Healthcare System
Longitudinal Data: Data collected
over a period of time
MDT: Multi-Disciplinary Team
Meta-Analysis: Statistical methods for
combining results of multiple studies
Metadata: Data describing other data
or the container of other data
N of 1 Trial/Experiment: A trial in
which only one individual is involved
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Patient Administrative System:
Information systems used to record
data about care provided to patients
Payor: A company or agency that pays
for health services
PCORI: Patient Centered Outcomes
Research Institute (US)
PDF: A file format for capturing and
sending digital documents
Polypharmacy: The use of more than
one drug in an individual
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Primary Care: Healthcare provided in
the community as a first point of
contact with the healthcare

Secondary Care: Healthcare provided
by a specialist in a hospital or
community setting, eg cardiology

system, eg a GP
PROM: Patient Reported Outcome
Measure

Secondary Use: The use of data for
purposes other than those for which it
was originally collected, such as care
delivery data being used for research

Provider (Health): An organisation in
the business of preventing or treating
illness, eg a hospital group

Secondary Uses Services: A
repository of healthcare data in
England

RCT: Randomised Controlled Trial

Semantics (Data): The meaning of
data

Read Codes: A clinical terminology
used in General Practice in the UK and
elsewhere
Routine Data: Any data that is
collected as part of the normal
provision of care
Safe-to-fail: An experiment that can
be allowed to fail without catastrophic
consequences

Standards (Data): The rules used for
describing, recording and transmitting
data
Telemedicine: Remote diagnosis and
treatment enabled by
telecommunication systems
Translational research: The process
of applying knowledge generated by
research to real-world problem
XML: Extensible Markup Language
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