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What is a Learning Health System?
A system in which science, informatics, incentives, and culture are
aligned for continuous improvement, innovation, and equity:
• best practices and discovery seamlessly embedded in the
delivery process
• individuals and families are active participants in all elements
• new knowledge is generated as an integral by-product of
healthcare delivery
[Institute of Medicine,
2006]
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The landscape is changing …
Routine care data

Omics data
Traditional
research data

• genome
• proteome

• trials
• case-control studies
• cohort studies

Wearable
sensors

Smartphones

• audits / registries
• symptoms
• administrative data
• GPS
• electronic health
records
Home based sensors
• weighing scales
• blood pressure
monitors
• glucose meters

Learning from every patient
Learning health systems harnesses the power of
Charles P.
Friedman
data and analytics to learn from every patient,
and feed the knowledge of “what works best” back
to clinicians, public health professionals, patients,
and other stakeholders to create cycles of
continuous improvement

Example: systems that learn
• Credit card companies routinely
collect data on all credit card
transactions
• They use data mining methods
to create a “safety net” that issues
early warnings when fraude is suspected
• The safety net
–
–
–
–

learns from every transaction
is continuously updated
varies by region/country
is fully integrated with services
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The LHS infrastructure

LHSs can exist at any level of scale
Single Organization

Network of organisations

Nation
Region

Planet

What the LHS is not
• A technology
• An intervention
• "AI"
• Finished

Characteristics of a fully functional
Learning Health System
1. Secure availability of relevant data to learn from
2. Decision support, based on knowledge derived from
these data
3. Learning and health improvement are routine and
continuous processes
4. Infrastructure enables the routine execution of multiple
learning cycles
5. Stakeholders within the system view these activities as
part of their culture

Why do we need learning
health systems?
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Hampton JR (1982) Should every survivor of a heart attack be given a beta-blocker? Part I: Evidence from clinical trials. BMJ 285:33-36.
Stampfer MJ, Goldhaber SZ, Yusuf S, Peto R, Hennekens CH (1982) Effect of intravenous streptokinase on acute myocardial
infarction: Pooled results from randomized trials. N Engl J Med 307: 1180-1182.
Sacks HS, Chalmers TC, Berk AA, Reitman D (1985) Should mild hypertension be treated? An attempted meta-analysis of the
clinical trials. Mt Sinai J Med 52: 265-270.
Yusuf S, Peto R, Lewis J, Collins R, Sleight P (1985) Beta blockade during and after myocardial infarction: An overview of the
randomized trials. Prog Cardiovasc Dis 27: 335-371.

Number of trials grows exponentially

Bastian et al.
PLoS Med 7(9):
e1000326.
Figure 2. The number of published trials, 1950 to 2007. CCTR is the Cochrane Controlled Trials Registry; Haynes filter uses the ‘‘narrow’’
version of the Therapy filter in PubMed:ClinicalQueries; see Text S1.
doi:10.1371/journal.pmed.1000326.g002

Clinical trial costs

Source: US Department of Health and Human Services, 2014

About 25% of the population have
more than 1 long-term condition

Barnett et al. Lancet 2012; 380: 37–43

About 25% of the population have
more than 1 long-term condition

78% of primary care
consultations

Barnett et al. Lancet 2012; 380: 37–43

Salisbury et al. BJGP 2011;61(582):e12-21.

Most patients with multimorbidity
are excluded from trials

He et al. Trials 2020; 21:228
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the promise of improving patient
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patient care in the very systems
that generated the data.
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used in health care, which tend
to offer physicians such tools as
context-sensitive warning messages, reminders, suggestions for
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Physicians currently struggle
to apply new medical knowledge
to their own patients, since most
evidence regarding the effectiveness of medical innovations has
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own and who were treated in highly controlled research environments. But many data that are
routinely collected in a health
care system can be used to evaluate medical products and interventions and directly influence
patient care in the very systems
that generated the data.
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Benefits of Electronic Health Records
• Representative of real-world populations
• Very large cohorts sizes (e.g. CPRD Aurum: 17m)
• Longitudinal data
• Very long follow-up times (UK primary care >20 years)
• Available against low cost

Discussion: What are the
challenges in creating
learning health systems?

How long will it take to create
learning health systems?
o 1 year
o 5 years
o 10 years
o It will never happen
o It should never happen

sli.do
#402911

What are the challenges in
creating learning health systems?
• The LHS infrastructure is capable of engendering virtuous
cycles of health improvement
• The LHS is trusted and valued by all stakeholders
• The LHS is economically sustainable and governable
• The LHS is adaptable, self-improving, stable, certifiable,
and responsive

Friedman et al. J Am Med Inform Assoc 2014;0:1–6.

Electronic Health Records: Limitations
• The data were not collected for research
–
–
–
–

incomplete data
variable follow-up times
selection biases (e.g. lack of attendance)
variable data quality (e.g. depth of coding)

• Retrospective cohort / case-control design
– no protocol for either clinical management or data
collection

• Confounding
– routine care
– hard to make causal inferences

Electronic Health Records: Challenges
• Fragmented data
– data often collected in "silos" with poor inter-operability

• Data protection
– we need to protect people's privacy to ensure their trust
in the LHS
– data protection rules are becoming increasingly
complex

• Phenotyping
– we need to reconstruct clinically meaningful concepts
from transactional data

Example:
SMASH and
the GM Care
Record

PINCER/SMASH methodology
1. Identify evidence-based medication safety
indicators for primary care
2. Select most relevant indicators based on observed
incidence
3. Represent selected indicators in computable form
(SQL queries)
4. Embed computable indicators in feedback tool
Spencer et al., Br J Gen Practice 2014; 64(621):e181–90
Akbarov et al., Drug Safety 2015;38(7):671–82.
Williams J Innov Health Inform. 2018;25(3):183–193.

PINCER/SMASH methodology
1. Identify evidence-based medication safety
indicators for primary care
2. Select most relevant indicators based on observed
incidence
3. Represent selected indicators in computable form
(SQL queries)
4. Embed computable indicators in feedback tool
Spencer et al., Br J Gen Practice 2014; 64(621):e181–90
Akbarov et al., Drug Safety 2015;38(7):671–82.
Williams J Innov Health Inform. 2018;25(3):183–193.

Example indicators
Prescription of an oral NSAID without co-prescription of an ulcerhealing drug in a patient aged ≥65 years.
Prescription of aspirin in combination with another antiplatelet
drug without co-prescription of an ulcer-healing drug.
Prescription of a non-selective beta-blocker to a patient with
asthma.
Prescription of an oral NSAID to a patient with heart failure.
Prescription of an oral NSAID to a patient with chronic renal
failure (eGFR <45)
Prescription of Amiodarone without a thyroid function test
Williams J Innov Health Inform. 2018;25(3):183–193.

SMASH – Salford roll-out
•

SMASH was rolled out in 43 (out of 44) general
practices in Salford (Greater Manchester, UK)

•

Practices had a combined list size of 236k patients

•

Roll-out started in February 2016 and was
completed in August 2017

•

Newly trained pharmacists were allocated to
practices over time

•

We used a “train the trainer” apprach

What users said
“I think the main benefit is that it’s just how quick and
easy it is to access these patients. Running searches on
the GP clinical system is a nightmare.” (pharmacist)
“We want our pharmacist to look at the new initiations. She
then sends a message to the prescribing doctor that that's a
high risk prescribing area and then leave it to the doctor to
decide whether to action it or not.” (GP manager)
“Having this tool depersonalises feedback. […]. It’s not ...
you know, you’ve done this and I don’t think it’s safe ... it’s
the system that has picked this up.” (pharmacist)
Jeffries et al. PLoS One. 2018 Oct;13(10):e0205419.

SMASH – Quantitative evaluation
•

Design: Interrupted time series analysis (43 practices)

•

We measured outcomes during 24 months before
and 12 months after start of the intervention

•

Outcome measures: Prevalence of exposure to
–

any potentially hazardous prescribing
(composite of 10 indicators)

–

any inadequate blood-test monitoring
(composite of 2 indicators)

Peek et al. PLoS Med. 2020 Oct;17(10):e1003286.

ITSA – Aggregated results
6m: –27.9% [–20.3% to –36.8%]
12m: –40.7% [–29.1% to –54.2%]

6m: –22.0% [–0.2% to –50.7%]
12m: –23.5% [+4.5% to –61.6%]
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• It aims to capitalise on opportunities provided by the
data revolution – as has happened in other industries
FIGURE 1

• LHSs require an infrastructure consisting of people,
technology, processes and policies
• SMASH is a learning health system for improving
medication safety in primary care
• The deployment of the GM Care Record has significantly
improved the capability to develop a LHS in GM

archived as an

provide LHSs w

Thank you

Niels Peek
Centre for Health Informatics
The University of Manchester, UK
niels.peek@manchester.ac.uk
@NielsPeek

