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ABSTRACT

Objective To identify observational studies which used
data from more than one primary care electronic health
record (EHR) database, and summarise key characteristics
including: objective and rationale for using multiple data
sources; methods used to manage, analyse and (where
applicable) combine data; and approaches used to assess
and report heterogeneity between data sources.

Design A systematic review of published studies.

Data sources Pubmed and Embase databases were
searched using list of named primary care EHR databases;
supplementary hand searches of reference list of studies
were retained after initial screening.

Study selection Observational studies published
between January 2000 and May 2018 were selected,
which included at least two different primary care EHR
databases.

Results 6054 studies were identified from database

and hand searches, and 109 were included in the final
review, the majority published between 2014 and 2018.
Included studies used 38 different primary care EHR data
sources. Forty-seven studies (44%) were descriptive

or methodological. Of 62 analytical studies, 22 (36%)
presented separate results from each database, with no
attempt to combine them; 29 (48%) combined individual
patient data in a one-stage meta-analysis and 21 (34%)
combined estimates from each database using two-stage
meta-analysis. Discussion and exploration of heterogeneity
was inconsistent across studies.

Conclusions Comparing patterns and trends in different
populations, or in different primary care EHR databases
from the same populations, is important and a common
objective for multi-database studies. When combining
results from several databases using meta-analysis,
provision of separate results from each database is helpful
for interpretation. We found that these were often missing,
particularly for studies using one-stage approaches, which
also often lacked details of any statistical adjustment

for heterogeneity and/or clustering. For two-stage meta-
analysis, a clear rationale should be provided for choice of
fixed effect and/or random effects or other models.

INTRODUCTION
Multi-database observational studies are
increasingly common. They are conducted

Strengths and limitations of this study

» Our systematic review identified the increasing
number of published observational studies, which
specifically used primary care electronic health re-
cord (EHR) data from two or more sources.

» There were no restrictions on study design, expo-
sures or outcomes.

» In the absence of relevant Medical Subject Heading
terms, the search strategy relied on an extensive list
of named primary care EHR databases to achieve as
comprehensive coverage as possible.

» The selected publications were independently re-
viewed by two researchers.

» The findings of this review may not apply to multi-
database studies, which did not use primary care
EHR data sources.

for two main reasons: to compare results
across diverse populations and healthcare
settings, or to combine the data to increase
statistical power. Primary care electronic
health record (EHR) databases are particu-
larly valuable because they provide longitu-
dinal data on individuals, often over many
years, and typically contain richer informa-
tion on a broader range of exposures, risk
factors and health outcomes than administra-
tive databases.'™ Although individual primary
care EHR databases are often relatively small,
covering a single region or other national
population subset, their growing availability
in recent years is likely to further increase
the importance of non-interventional studies,
which combine these databases. Guidelines
identifying best practice in this context have
yet to be established but would be of clear
benefit for researchers working with multiple
databases. An important preliminary step is
to describe current practice, but there is no
comprehensive summary of studies which
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used two or more primary care EHR databases, and the
methods for combining them.

One previous systematic review focused on multi-
database  pharmacoepidemiology studies with a
pre-planned approach to combine data to evaluate drug-
outcome associations.” In that review, studies were not
limited according to the types of databases used, but
descriptive studies and those which did not combine
results from different databases were excluded. The
authors found that for data management arrangements,
analysis of heterogeneity and methods for combining
data reporting were often inadequate, making interpre-
tation of study results more challenging. Since the focus
of that review was pharmacoepidemiology studies and a
wide range of database types, a broader view of combined
primary care EHR data for any study purpose remains
lacking.

The aim of this systematic review was to identify and
describe the full range of completed studies which
brought together primary care EHR data from two or
more sources. The specific objectives were to summarise
key study characteristics, including the main reasons or
motivations for including data from different EHR data-
bases; to describe the methods used to manage, analyse
and (where applicable) combine data; and describe
the approaches used to assess and report heterogeneity
between primary care EHR data sources.

METHODS

The review considered all multi-database studies,
published in English language between 2000 and 2018,
and which included at least two different primary care
EHR databases or data sources, irrespective of whether
other types of database were also included. Primary care
EHR data was defined as data collected by primary care
clinicians and related staff for the purpose of diagnosis,
treatment, management and delivery of care of indi-
vidual patients, and could include information contrib-
uted by other care providers.” It excluded data generated
primarily for administrative purposes such as health insur-
ance claims data, where the motivation for recording is
different. Primary care EHR databases were considered
irrespective of whether they were ‘vertically’ linked (ie,
linked at the individual patient level) to another data
source such as a disease registry or dispensing database.
Each ‘vertically’ linked primary care EHR database was
treated as a single data source. Apart from the specific
focus on primary care EHR databases, no other restric-
tions were applied in terms of populations, geography,
study period, exposure, outcome or study design.

A previous systematic review highlighted the chal-
lenge of identifying multi-database studies, for which
no specific Medical Subject Heading (MeSH) terms
exist.* An alternative approach was, therefore, used,
based on a comprehensive list of named primary
care EHR databases compiled from two online regis-
ters’” and one systematic review of primary care data

collection projects.® For each named database, a
keyword search was generated and run on Medline,
and the results combined. Abstracts of published
studies identified in this search were scanned for
additional terms and phrases, which might be used to
describe the primary care EHR data sources, and from
these additional keyword searches were generated.
The final search strategy (see online supplemental
material) was used to identify studies in Medline and
Embase databases published between January 2000
and May 2018.

Titles and abstracts of all retrieved studies were
screened for eligibility by one reviewer (DD). A random
20% sample was also screened by a second reviewer (MC)
and showed very good agreement between the two. Refer-
ence lists of papers selected for full review were hand
searched for additional studies.

Full text was obtained for all papers selected during
the initial screening, and read by two reviewers (DD and
MC), who independently completed the final eligibility
assessment and data extraction. Each reviewer extracted
standardised information from the study publication and
online supplemental materials (where available), which
was entered into the review database (Microsoft Access)
via electronic data collection form developed by one of
the reviewers (DD), and pilot tested with seven studies.
Information extracted included data sources used, main
objectives, study design, study populations, exposure,
comparators and outcomes, data management arrange-
ments and statistical methods. All discordant results
were reviewed, and the final designation agreed by both
reviewers. No additional information was sought from
investigators.

Studies were classified as analytical if they esti-
mated an exposure—outcome association, or
descriptive otherwise. We noted whether and how
between-database heterogeneity was assessed, how
this informed the decision to combine the data and
whether a one-stage meta-analysis of pooled individual
patient data (IPD) or two-stage meta-analysis of study-
specific effect estimates was used, as well as choice of
fixed-effects (FE) versus random-effects (RE) models.
A clear rationale for using multiple data sources was
not always stated, but in some instances could be
inferred. For analytical studies where results were
combined using one-stage or two-stage meta-analysis,
unless stated otherwise the rationale was assumed to
be an increase in the statistical precision of the expo-
sure—outcome effect estimate. Three main models for
data management and analysis were considered, based
on previous reviews* *'!: a fully centralised model for
management and analysis of the raw data provided by
each contributing database; a fully distributed model
where all data management and analysis was under-
taken locally, and only fully aggregated results were
shared; and a partially distributed model with local
extraction and data management to generate stan-
dardised patient level or partially aggregated datasets
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in standardised format, which were then shared for
final centralised analysis. Partially aggregated (or
semi-aggregated) data summarise information on
more than one individual (thereby enhancing privacy
protection) while still allowing the pooling of data
across databases for further analysis, including one-
stage meta-analysis. Examples include total person
time and event counts for groups of patients sharing
the same characteristics.

We noted whether studies used a global common data
model (CDM) such as those from OMOP (Observational
Medical Outcomes Partnership)'® ' or Sentinel," * and
whether they were part of a wider programme or initia-
tive for developing database networks and methods for
combining results—such as IMI-PROTECT (Innovative
Medicines Initiative Pharmacoepidemiological Research
on Outcomes of Therapeutics by a European Consor-
Tium),'® ' EU-ADR(European Union Adverse Drug
Reaction database network)'® or ARITMO (Arrhythmo-
genic Potential of Medicines project).'?*

The focus of the review was on describing the range
of multi-database studies and methods for combining
primary care EHR data, rather than evaluating
evidence of effectiveness of specific interventions.
Given this, and in the absence of consensus or vali-
dated reporting guidelines for multi-database studies,
no formal assessment of risk of bias or study quality
was attempted.

The study protocol, including the final Medline search
strategy and details of data items extracted, is provided in
online supplemental file 1.

Patient and public involvement

Patients or the public were not involved in the design,
or conduct, or reporting, or dissemination plans of our
research.

RESULTS

The Medline and Embase searches returned 6049 results,
and a further 5 were identified by hand searches. After
initial screening of abstracts, 138 papers were selected for
full text review, and 109 were included in the final review
(figure 1). Summary information on the included studies
is provided in online supplemental table S1.

Included studies used data from 38 different primary
care EHR databases. Most studies (98, 89%) used 2 or 3
primary care EHR databases, and 43 studies (39%) also
included 1 or more non-primary care EHR database. All
but 3 studies used exclusively European primary care data,
and 35 (32%) used data from a single country. Details of
the primary care EHR databases used in included studies
are summarised in online supplemental table S2.

The annual number of published studies increased
over time (online supplemental figure S1), with fewer
than 10 studies per year between 2003 and 2013, while a
peak in 2016 (25 studies) included 10 studies published

in a special supplement on the IMI-PROTECT research
programme.'® "

General characteristics of included studies are given in
table 1. More than half (62 studies, 57%) were classified
as analytical. Most studies (76, 70%) examined safety,
effectiveness or utilisation of specific drugs accounted for,
while 21% (23 studies) were disease epidemiology or risk
prediction studies with no specific focus on pharmacolog-
ical therapies.

Cohort studies were the most common study design (72
studies, 66%), and the majority of these were descriptive.
Six studies included more than one study design.

The most common approach for data management
and analysis was a fully centralised model (44 studies,
40%). A fully distributed model was used in 23 studies
(21%), including 15 studies conducted as part of the
IMI-PROTECT programme.'® *' A partially distributed
approach was used in 20 studies (18%), including 9
studies from the EU-ADR programme'® and 5 from the
ARITMO project.'?*’ No studies reported using a CDM.

Methodological aspects of the 62 analytical studies
are summarised in table 2. All 23 case—control studies
employed individual matching, and used conditional
logistic regression to estimate adjusted ORs, but for
cohort studies a range of statistical approaches was used.

In 22 analytical studies (35%), data were not combined,
and all results were presented separately for each data-
base—usually in order to describe and assess the consis-
tency of findings in different populations or settings,
using a common study protocol and analysis approach.
In the remaining five studies, risk prediction models were
developed in one primary care EHR database, and vali-
dated using a second primary care EHR database from
the same country (the UK) 2226

In 40 analytical studies (65%), including the majority
(20/23) of case—control studies, and half (18/34) of cohort
studies, some form of pooled analysis or meta-analysis was
undertaken. A one-stage meta-analysis of pooled IPD or
partially aggregated data was undertaken in 29 studies
(47%). In 19 of these studies, no assessment or discussion
of between-database heterogeneity was provided, and
only 4 studies reported any form of analytical adjustment
for the clustered nature of the pooled data—in each case
by including database as a covariate in a multiple regres-
sion model, with one study also including interaction
terms between database and covariates.”” Two-stage meta-
analysis of database-specific effect estimates was used in
21 studies (34%), of which 14 presented some discussion
or formal assessment of heterogeneity. The choice of FE
or RE models was not clearly justified in most studies,
though in four cases model choice was based on formal
tests of heterogeneity (results not shown).

In 41 analytical studies (66%), separate effect estimates
were reported for each database. Between database hetero-
geneity was formally assessed (most commonly using the
I? statistic) in 17 studies (27%) and was discussed but not
formally assessed in a further 6 studies (10%). In 17 studies
(27%)—all of which used a one-stage approach—results
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Figure 1

were presented for the combined dataset only. Only 2 of
these 17 studies additionally included a two-stage meta-
analysis and reported heterogeneity statistics.

Ten studies reported comparable results (in the main
paper or in supplementary materials) using two or more
analytic approaches, such as both one-stage and two-stage
meta-analysis (nine studies), or two-stage analysis with both
FE and RE models (one study), summarised in figure 2.
In most cases one-stage and two-stage meta-analysis gave
very similar results. CIs from RE meta-analysis were in
almost every case wider than the corresponding FE or
one-stage model estimates. In one study (review database
id: 117), point estimates from one-stage and two-stage
meta-analyses differed appreciably, and RE model Cls
were wider, partly because some databases with very small
numbers of cases were excluded.”® In one self-controlled
case series study examining risk of upper gastrointestinal
bleeding with different drugs alone and in combination,
the point estimates from one-stage model (ignoring
clustering) and two-stage RE effects models were very

'
5 Medline search EMBASE (excluding Medline) Hand searches of references
"g 01 Jan 2000 to 29 May 2018 01 Jan 2000 to 29 May 2018 from full text articles
(3} - - =
& (n =5406) (n=643) (n=5)
L
c
[}
i l
) v
Records after duplicates removed
(n = 6049)
of
=
c
[
[
S
(5}
v Records screened Records excluded
(title/abstract) (n=15917)
(n = 6049)
—
'
- v
=
S Full-text articles assessed for Full-text articles excluded
:ED eligibility (n=29)
w (n=138) Non-primary care data only:3
Only 1 primary care database:20
Study protocol (no data):3
Review (no data):1
— Linkage:1
Duplicate:1
b 2
°
% Studies included in
= qualitative synthesis
(n=109)
—

Selection and inclusion of studies for systematic review (adapted from Moher et a/™®).

different (review database id: 113a-d), and CIs from the
two-stage models were much wider.”

DISCUSSION

This systematic review identified 109 multi-database
studies, which used data from 2 or more primary care
EHR data sources, the great majority of which were
from European countries. Just under half were descrip-
tive studies undertaken either to compare patterns and
trends in different populations or settings, or to assess
comparability of different EHR databases from similar
populations. In these descriptive studies, and in a third of
analytical studies, there was no attempt to combine results
from the different databases. Where data was combined,
a one-stage meta-analysis of pooled IPD was used more
often than two-stage meta-analysis of database-specific
results. Reporting of statistical methods for one-stage
analyses in particular was suboptimal: in all but four such
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Compare availability/quality of data in each source 10.1
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N
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N
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N
(e}

Mean

Databases per study: all types

Median (range) 2 (2-8) 4 (2-8) 5 (2-8) 3 (2-8)

Single country 25 9 1 35 31.8

Study designt

Case-control study 23 0 0 23 21.1

Self-controlled designs 7 0 0 7 6.4

Interrupted time series 1 0 0 1 0.9

Centralised management and analysis: raw data shared 32 11 1 44 40.4

Distributed management+centralised analysis: patient level or 11 8 1 20 18.3
partially aggregated data shared

Study drug (ATC chapter)

Respiratory system 9 5 14 12.8
Multiple categories 7 4 11 10.1
Continued
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Table 1 Continued

Study type

Analytical Descriptive Other* All %
Alimentary tract and metabolism 6 3 1 10 9.2
Antiinfectives for systemic use 4 4 8 7.3
Cardiovascular system 2 2 4 37
Genito urinary system and sex hormonesc 2 1 3 2.8
Blood and blood forming organs 2 2 1.8
Dermatologicals 1 1 0.9
N/A 12 12 1 25 22.9

Study condition (ICD-10 chapter)

Diseases of the circulatory system (I00-199) 15 4 19 17.4
Diseases of the respiratory system (JO0-J99) 11 4 15 13.8
Diseases of the digestive system (KO0-K95) 9 4 13 11.9
Multiple categories 3 7 10 9.2
Endocrine, nutritional and metabolic diseases (EO0-E89) 4 6 2 9 8.3
Injury, poisoning and certain other consequences of external 6 1 7 6.4
causes (S00-T88)
Neoplasms (C00-D49) 5 1 6 585
Diseases of the musculoskeletal system and connective tissue 4 1 5 4.6
(M00-M99)
Diseases of the nervous system (G00-G99) 2 3 5 4.6
Pregnancy, childbirth and the puerperium (O00-09A) 1 3 4 3.7
Certain infectious and parasitic diseases (A00-B99) 2 2 1.8
Diseases of the skin and subcutaneous tissue (L00-L99) 2 2 1.8
Diseases of the blood and blood-forming organs and certain 1 1 0.9
disorders involving the immune mechanism (D50-D89)
Diseases of the genitourinary system (NO0-N99) 1 1 0.9
Health status, including morbidity and/or mortality 1 1 0.9
Mental, behavioural and neurodevelopmental disorders (FO1-F99) 1 1 0.9
N/A 8 8 7.3

*Other study type category included: case definition validation by chart review (one study) and prescribing data quality assessment (one

study).

1Six studies included multiple designs and, therefore, included each relevant category: case—control and cohort [three studies];
case-crossover and self-controlled case series (SCCS) (two studies) and cohort study and SCCS (one study).
ATC, Anatomical Therapeutic Chemical Classification; EHR, electronic health record; ICD-10, International Classification of Diseases 10th

Revision.

studies, adjustment for clustering or effect heterogeneity
was either not explored or not reported.

Whether and how to combine data is a key consider-
ation in multi-database studies, and our results are consis-
tent with a previous systematic review which found that 16
out of 22 multi-database pharmacoepidemiology studies
used a one-stage approach to combine the data.”

One-stage meta-analysis approaches have gained
popularity over the past two decades as a technique for
combining individual participant’” data from randomised
controlled trials and other clinical studies that collect
primary data, identified in systematic reviews.””™® One-
stage meta-analysis has a number of advantages rele-
vant to multi-database studies, which combine IPD from

secondary data sources.” First, it ensures standardisation
of the statistical analysis across all data sources. Second, it
provides maximum flexibility to explore dose-response
patterns, subgroup analyses and effect modification, all
of which may help to account for heterogeneity between
data sources. Third, a one-stage approach can incor-
porate information from smaller databases with sparse
data, even where the database-specific effect cannot be
reliably estimated due to zero cell counts.?® ***° However,
one-stage meta-analysis of IPD should properly account
for the clustered nature of the data from contributing
databases,?” **™ since not doing so may introduce bias,
especially if there is between-study heterogeneity in effect
estimates. The results of this review suggest that clustering
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Study design*
Case—control Cohort Self-controlled
Characteristic studies studies studies Othert All %

Statistical methodst
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(0]
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—
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Poisson regression

Other§

©
—_
-
-
-
-
N
~

w
N
N
)]
[
[0}
©
\I

Multiple regression or Mantel Haenszel test 23

~
~
iy
—_
w

Case only/self-controlled design

N
N
w
N

Instrumental variables

Database comparisons/heterogeneity assessmentf

N
N
iy
()]
(o]
Y

Effect estimates presented for each database 18 19 5

Other or not specified 3 3 4.8

Method for combining data or resultst

Meta-analysis (two-stage) 15 4 3 21 33.9

Fixed effects 7 3 2 13 21.0

Pooled analysis (one-stage) 12 15 3 29 46.8

*Six studies contributed to multiple categories because they included multiple designs: case—control and cohort (three studies);
case-crossover and self-controlled case series (SCCS) (two studies) and cohort study and SCCS (one study).

T(One cross-sectional and one interrupted time series.

FA single study could be included in more than one category.

§Other statistical methods included: negative binomial regression (two studies); Mantel-Haenszel test (two studies); two-stage instrumental
variable (IV) models (two studies); 'data-mining methods' (two studies); generalised linear models (one study) and univariate tests (one study).

is largely ignored in multi-database studies using primary
care EHR data, and this is consistent with findings from

reviews, and in multi-database pharmacoepidemi-
ology studies.* 7 Barriers to the adoption of methods that
properly account for clustering may include the perceived
statistical complexity, lack of options in commonly avail-
able statistical software or because they can be computa-
tionally intensive.?” ¥

A third of analytical studies in this review used a two-stage
approach to combine database-specific effect estimates
to produce a pooled estimate. This approach avoids the
need to share potentially sensitive IPD and may, therefore,
be the only available option in some instances. It can also
take advantage of local expertise and knowledge of each
database partner, including optimising the use of available
covariate information to control for confounding. In addi-
tion, a two-stage meta-analysis is relatively straightforward

Dedman D, et al. BMJ Open 2020;10:e037405. doi:10.1136/bmjopen-2020-037405

~



[sturﬁ]: Exposure::Outcome

RR  [95%CI]
531; Pioglitazone (/100days)::Bladder cancer
E 1.01 [037, 1 05]
2- stage - 1.02 [0.94, 1.10
ESSa] Chickenpox::Stroke / TIA (0-6m)
i 3% 88
58b]gCh|ckenp0x :Stroke / TIA (7-12m) !
- 1.9210.84,4.42
73ta8e (FE) = 2.05 [0:87, 4.80
639 GPA adherence::Upper Gl event
-sfage —— 1.09 [1.00, 1.18
2-stage (RE) —=— 1.09 [1.01, 119
ElOZa] Bisphosphonates (past use)::Cardiac valvulopathy
tage —— 1.11[1.03, 1.21,
By = il
51025 Bisphosphonates (current use)::Cardiac valvulopathy .
—— 1.18[1.12,1.23,
2- stage FE —— 1.18[1.12,1.24
-stage . A1
2-st: —— 119[1.11,1.28
5111] Pioglitazone (ever)::Bladder cancer
 — 0.99 [0.75, 1.30;
Jtage FE - = 1.00 [0.74; 134
stage (Rl . .65, 1.
2- 1.13 [0.65, 1.95.
EllSa] nsNSAIDs::Upper Gl bleeding
- ST 4
E 131% C(OX 2 inhibitors::Upper Gl bleeding ’
— 2.90(2.67, 3.15
sta —_— 2.20 [1.58, 3.05
11 % Low dose aspirin::Upper Gl bleeding
- 3.05 [234, 3.17]
2 Sta é —_— 2.34[1.87,2.92
Ell?: astroprotective agent (GPA)::Upper Gl bleeding
- 1.61[1.56, 1.66.
2- stage(RE) — - 1.31[0.97,1.77
114] Pamiprexole::Heart failure
-stage 1.61[1.09, 2.38
2-stage (FE) 1.66 [1112, 2.45
5117a] Azithromycin vs amoxicillin:Ventricular arrhythmia
0.94 [OASO, 1.77]
2-sta 1.01[0.38, 2.64
117[:% A1|thromyc|n vs no treatment::Ventricular arrhythmia
stage 1.97[1.35,2.86
2588 (RE) 2.24 [161, 3.69
138] Promethazine (current vs past)::Ventricular arrhythmia
-stage .08,
it —_———— 1.50[1.08, 2.08;
2-stage (FE) 1.55[1.12,2.16

0.10

Relative risk (RR, log scale)

Figure 2 Comparison of relative risk (RR) estimates reported in studies using two or more methods to combine data from
multiple sources. [study] refers to the review database id number (see online supplemental table S1).

to implement and interpret. It is also possible to conduct
pre-planned subgroup analyses, or examine dose-response
effects using a two-stage approach, although sparse data
may limit this, since databases with zero cell counts in one
or both comparison groups will usually have to be excluded,
unless some form of continuity correction is used, which
can introduce bias."!

As for meta-analysis of randomised and prospective
studies, a second key consideration for multi-database
studies is how to assess and interpret results in the
presence of heterogeneity. Limitations associated with
using secondary data not collected for the specific
study question impose an additional challenge in this
context.! * Several approaches for harmonising analyses
of multi-database studies have been used. These include
development and adoption of consistent and validated
case definitions, use of common protocols and statistical
analysis plans, and shared data management and anal-
ysis routines, all aiming to reduce external sources of
variability in results from different databases.'® ' 1¢ 1719
Nevertheless, in studies incorporating data from different
countries with different population characteristics and
healthcare systems, these factors may contribute to real
differences in the effect estimates. Even within a single
country, different primary care EHR software systems are
used, which may introduce heterogeneity in the extracted
data. 1247 With one-stage analysis, both clustering and
heterogeneity can be naturally explored in hierarchical
models incorporating FE and/or RE, though as already
noted the tendency has been to ignore this issue in multi-
database studies. For two-stage meta-analysis, we found
that FE and RE models were used equally frequently and

model choice, where discussed at all, was generally related
to the presence or absence of heterogeneity. Relatively
few studies justified the choice based on some formal
measure or test for heterogeneity, a practice which has
been criticised because such tests often have low power.
This is a problem especially when the number of studies
or databases is small,48 and can result in an FE model
being used even though heterogeneity is present and an
RE model may have been more appropriate.* Simulation
studies have shown that the I” statistic can also be unre-
liable, either underestimating or overestimating hetero-
geneity in certain circumstances, particularly when the
number of studies or databases is small.”’*!

Several countries (Italy, Netherlands, Spain and the UK)
now have two or more primary care EHR databases, and
combining sources from the same country may reduce
heterogeneity. In such cases, an FE model may be appro-
priate, especially where supporting analyses demonstrate
substantial similarities in patient characteristics. Of eight
single-country studies identified in this review and using
two-stage meta-analysis, all eight used FE models™™"—
despite evidence of substantial heterogeneity in some
cases, although two studies did also use RE models for
some analyses.”” >

When combining primary care EHR data from
different countries or settings, an RE model might seem
most appropriate, since these incorporate uncertainty in
effect size when heterogeneity is present, yet reduce to an
FE model if there is no heterogeneity.*® However, when
the number of estimates being combined is very small
(<b) and heterogeneity is present—a common scenario
in multi-database studies—conventional RE models may
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Table 3 Recommendations

Recommendation

Rationale

Studies should report clearly on all aspects of study design
and conduct which impact on harmonisation of analyses
across data sources.

Participant characteristics and effect estimates (where
applicable) should be reported for each data source.

Where one-stage methods are used, studies should report
whether and how analyses accounted for clustering and
between database heterogeneity.

Where two-stage meta-analysis is used, studies should
provide a clear rationale for choice of fixed effect (FE),
random effects (RE) or other model.

Sensitivity analyses should include alternative methods for
combining data.

Further research is needed to compare performance of one-
stage and two-stage approaches for multi-database studies.

Allows assessment of the relative importance of heterogeneity
induced by data management and analysis decisions vs
heterogeneity inherent in the data.

Assessment of heterogeneity is essential for interpretation, but
formal methods for quantifying heterogeneity are inefficient and
possibly biased in multi-database settings.

Interpretation requires understanding of extent to which
heterogeneity might influence study results.

Interpretation requires understanding of extent to which
heterogeneity might influence study results.

Comparing the results of one-stage vs two-stage analyses, or
FE vs RE models, provides information about potential impact
of modelling assumptions.

Relatively few studies have specifically addressed meta-
analysis for multi-database studies.

perform poorly. Simulation studies show that they can
produce ClIs which are too narrow, thereby increasing type
one error rates.”® A number of alternatives to conven-
tional RE models have been proposed which partially
address these limitations in some circumstances® 63_66;
nevertheless, several authors have urged caution when
interpreting results from meta-analysis of very few hetero-
geneous studies.® %% For multi-database studies, it may,
therefore, be helpful to present estimates for both FE and
RE models—or other alternative models, but always along
with the results from individual databases.

Despite the differences outlined above, where studies
combined data using more than one method, they
produced similar estimates in most cases. However, in at
least one study, one-stage and two-stage methods yielded
large differences in both the point estimates and their
precision. This may in part be related to the substantial
heterogeneity in the database-specific estimates (reported
I? between 86% and 98% for the estimates shown), but
incomplete reporting of statistical methods limits further
interpretation of these results. When the same modelling
assumptions are used, one-stage and two-stage approaches
are expected to give very similar results if the number of
studies combined is relatively large.?’7 However, few studies
have systematically compared performance of one-stage
and two-stage approaches for multi-database studies.””

Limitations

The search strategy for this review included a list of named
primary care EHR databases compiled from publicly avail-
able registers. This was to circumvent the poor sensitivity
and specificity of conceptual searches based on MeSH
terms, as reported in a previous review,' and confirmed
in the current review. Our approach could have missed
some eligible studies—if the abstract only mentioned
primary care EHR data sources that were not in our list

or did not mention the use of health databases or related
terms at all. We would also have missed non-English
language and abstract-only publications. Nevertheless, we
expect the number of missed studies to be small, and any
such studies are unlikely to have differed systematically
from the included studies in terms of key methodolog-
ical aspects. A more recent inventory of EHR databases
in Europe did not identify any additional primary care
databases that were not included in our review.”® A
further limitation was that some subjective interpretation
was occasionally necessary to classify aspects of certain
studies—for example, the rationale for combining, or the
methods for managing and analysing data. The use of two
reviewers helped to achieve some consistency across the
included studies.

In conclusion, we found a growing body of literature
reporting on studies using two or more sources of primary
care EHR data. These addressed a range of research
questions, and in many cases the results were presented
separately and not combined. When data was combined,
a one-stage meta-analysis was preferred. One-stage
methods offer advantages in terms of analytical flexibility
but are only possible where data management and gover-
nance arrangements allow for sharing of IPD. However,
in many studies using one-stage approaches, the clustered
nature of data from multi-database studies was frequently
ignored, with unknown impact for interpretation. Two-
stage meta-analysis requires only sharing of aggregated
results, but there are known limitations with current
two-stage methods when the number of studies is small,
especially when some heterogeneity is expected. Irrespec-
tive of whether a one-stage or two-stage approach is used,
combined results should be accompanied by results from
each data source separately. This information, together
with clear and complete reporting on methods used to
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standardise and analyse the data (including the rationale
for these decisions), affords a more considered assess-
ment of potential sources of heterogeneity and greatly
aids interpretation of the overall results. These consider-
ations are relevant more widely to multi-database studies
irrespective of the types of EHR or administrative data-
bases being used, particularly where the number of data-
bases being combined is relatively small, as was generally
the case in our sample. Further research is required to
understand the impact of analysis methods and other
design aspects on overall study quality, and the develop-
ment of reporting guidelines for multi-database studies,
or extension of the existing RECORD guidance,” might
be an important first step. Table 3 summarises key recom-
mendations arising from our review.

Acknowledgements We would like to thank Russell Burke (Information Services,
London School of Hygiene and Tropical Medicine) for his advice on bibliographic
search strategies.

Contributors | confirm that all authors made substantial contributions to the
study (detailed below), agree with and give final approval of the content of the
current version, and agree to be accountable for all aspects of the work and

for resolving questions related to any part of the work if they arise. DD: study
concept and design, including search strategy; data extraction proformas and
study database design; screening of titles and abstracts, and data extraction;
analysis; interpretation of results; and drafting of manuscript. MC: screening of
titles and abstracts, and data extraction; interpretation of results; critical review of
manuscript and approval of final version. RW, KB and ID: study concept and design,
including search strategy; interpretation of results; critical review of manuscript and
approval of final version. SE: interpretation of results, critical review of manuscript
and approval of final version.

Funding This research was conducted as part of a postgraduate doctoral
degree funded by the Clinical Practice Research Datalink. KB holds a Sir Henry
Dale Fellowship funded by Wellcome and the Royal Society (grant number
107731/2/15/2).

Competing interests None declared.

Patient and public involvement Patients and/or the public were not involved in
the design, or conduct, or reporting, or dissemination plans of this research.

Patient consent for publication Not required.
Provenance and peer review Not commissioned; externally peer reviewed.

Data availability statement Data are available upon reasonable request. The
study database and data-extraction proformas are available on request from DD.

Open access This is an open access article distributed in accordance with the
Creative Commons Attribution 4.0 Unported (CC BY 4.0) license, which permits
others to copy, redistribute, remix, transform and build upon this work for any
purpose, provided the original work is properly cited, a link to the licence is given,
and indication of whether changes were made. See: https://creativecommons.org/
licenses/by/4.0/.

ORCID iDs
Daniel Dedman http://orcid.org/0000-0002-3699-5391
Melissa Cabecinha http://orcid.org/0000-0001-6869-4692

REFERENCES

1 Strom BL. Overview of automated databases in
pharmacoepidemiology. In: Textbook of pharmacoepidemiology.
Chichester, UK: John Wiley & Sons Ltd, 2013: 118-22.

2 Hall GC, Sauer B, Bourke A, et al. Guidelines for good database
selection and use in pharmacoepidemiology research.
Pharmacoepidemiol Drug Saf 2012;21:1-10.

3 Devoe JE, Gold R, Mclntire P, et al. Electronic health records vs
Medicaid claims: completeness of diabetes preventive care data in
community health centers. Ann Fam Med 2011;9:351-8.

4 Bazelier MT, Eriksson |, de Vries F, et al. Data management and data
analysis techniques in pharmacoepidemiological studies using a
pre-planned multi-database approach: a systematic literature review.
Pharmacoepidemiol Drug Saf 2015;24:897-905.

5 Hayrinen K, Saranto K, Nykanen P. Definition, structure, content, use
and impacts of electronic health records: a review of the research
literature. Int J Med Inform 2008;77:291-304.

6 ENCePP. ENCePP resource database. Available: http://www.encepp.
eu/encepp/resourcesDatabase.jsp [Accessed 18 Jan 2018].

7 B.R..D.G.E-TO-DATA. DG, LLC. Available: https://www.
bridgetodata.org/ [Accessed 23 Jan 2018].

8 Gentil M-L, Cuggia M, Fiquet L, et al. Factors influencing the
development of primary care data collection projects from electronic
health records: a systematic review of the literature. BMC Med
Inform Decis Mak 2017;17:139.

9 Brown JS, Holmes JH, Shah K, et al. Distributed health data
networks: a practical and preferred approach to multi-institutional
evaluations of comparative effectiveness, safety, and quality of care.
Med Care 2010;48:545-51.

10 Gini R, Schuemie M, Brown J, et al. Data extraction and
management in networks of observational health care databases for
scientific research: a comparison of EU-ADR, OMOP, Mini-Sentinel
and MATRICE strategies. EGEMS 2016;4:2.

11 EC-C L, Stang P, Yang Y-HK, et al. International Multi-database
pharmacoepidemiology: potentials and pitfalls. Curr Epidemiol
Reports 2015;2:229-38.

12 Schuemie MJ, Gini R, Coloma PM, et al. Replication of the OMOP
experiment in Europe: evaluating methods for risk identification
in electronic health record databases. Drug Saf 2013;36(Suppl
1):159-69.

13 Overhage JM, Ryan PB, Reich CG, et al. Validation of a common
data model for active safety surveillance research. J Am Med Inform
Assoc 2012;19:54-60.

14 Toh S, Reichman ME, Houstoun M, et al. Comparative risk
for angioedema associated with the use of drugs that target
the renin-angiotensin-aldosterone system. Arch Intern Med
2012;172:1582-9.

15 Platt R, Carnahan RM, Brown JS, et al. The U.S. food and drug
administration's Mini-Sentinel program: status and direction.
Pharmacoepidemiol Drug Saf 2012;21(Suppl 1):1-8.

16 Klungel OH, Kurz X, de Groot MCH, et al. Multi-centre, multi-
database studies with common protocols: lessons learnt from the
IMI PROTECT project. Pharmacoepidemiol Drug Saf 2016;25(Suppl
1):156-65.

17 Reynolds RF, Kurz X, de Groot MCH, et al. The IMI PROTECT
project: purpose, organizational structure, and procedures.
Pharmacoepidemiol Drug Saf 2016;25(Suppl 1):5-10.

18 Coloma PM, Schuemie MJ, Trifird G, et al. Combining electronic
healthcare databases in Europe to allow for large-scale drug safety
monitoring: the EU-ADR project. Pharmacoepidemiol Drug Saf
2011;20:1-11.

19 Trifird G, Coloma PM, Rijnbeek PR, et al. Combining multiple
healthcare databases for postmarketing drug and vaccine safety
surveillance: why and how? J Intern Med 2014;275:551-61.

20 Mor A, Fraslev T, Thomsen RW, et al. Antibiotic use varies
substantially among adults: a cross-national study from
five European countries in the ARITMO project. Infection
2015;43:453-72.

21 Abbing-Karahagopian V, Kurz X, de Vries F, et al. Bridging differences
in outcomes of pharmacoepidemiological studies: design and first
results of the PROTECT project. Curr Clin Pharmacol 2014;9:130-8.

22 Hippisley-Cox J, Coupland C. Individualising the risks of statins in
men and women in England and Wales: population-based cohort
study. Heart 2010;96:939-47.

23 Hippisley-Cox J, Coupland C. Development and validation of risk
prediction equations to estimate future risk of blindness and lower
limb amputation in patients with diabetes: cohort study. BMJ
2015;351:h5441.

24 Clegg A, Bates C, Young J, et al. Development and validation of an
electronic frailty index using routine primary care electronic health
record data. Age Ageing 2016;45:353-60.

25 Hippisley-Cox J, Coupland C. Predicting the risk of chronic kidney
disease in men and women in England and Wales: prospective
derivation and external validation of the QKidney scores. BMC Fam
Pract 2010;11:49.

26 Hippisley-Cox J, Coupland C. Development and validation of
risk prediction equations to estimate future risk of heart failure
in patients with diabetes: a prospective cohort study. BMJ Open
2015;5:e008508.

27 La Gamba F, Corrao G, Romio S, et al. Combining evidence from
multiple electronic health care databases: performances of one-

10

Dedman D, et al. BMJ Open 2020;10:¢037405. doi:10.1136/bmjopen-2020-037405


https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
http://orcid.org/0000-0002-3699-5391
http://orcid.org/0000-0001-6869-4692
http://dx.doi.org/10.1002/pds.2229
http://dx.doi.org/10.1370/afm.1279
http://dx.doi.org/10.1002/pds.3828
http://dx.doi.org/10.1016/j.ijmedinf.2007.09.001
http://www.encepp.eu/encepp/resourcesDatabase.jsp
http://www.encepp.eu/encepp/resourcesDatabase.jsp
https://www.bridgetodata.org/
https://www.bridgetodata.org/
http://dx.doi.org/10.1186/s12911-017-0538-x
http://dx.doi.org/10.1186/s12911-017-0538-x
http://dx.doi.org/10.1097/MLR.0b013e3181d9919f
http://dx.doi.org/10.13063/2327-9214.1189
http://dx.doi.org/10.1007/s40264-013-0109-8
http://dx.doi.org/10.1136/amiajnl-2011-000376
http://dx.doi.org/10.1136/amiajnl-2011-000376
http://dx.doi.org/10.1001/2013.jamainternmed.34
http://dx.doi.org/10.1002/pds.2343
http://dx.doi.org/10.1002/pds.3968
http://dx.doi.org/10.1002/pds.3933
http://dx.doi.org/10.1002/pds.2053
http://dx.doi.org/10.1111/joim.12159
http://dx.doi.org/10.1007/s15010-015-0768-8
http://dx.doi.org/10.2174/1574884708666131111211802
http://dx.doi.org/10.1136/hrt.2010.199034
http://dx.doi.org/10.1136/bmj.h5441
http://dx.doi.org/10.1093/ageing/afw039
http://dx.doi.org/10.1186/1471-2296-11-49
http://dx.doi.org/10.1186/1471-2296-11-49
http://dx.doi.org/10.1136/bmjopen-2015-008503

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

stage and two-stage meta-analysis in matched case-control studies.
Pharmacoepidemiol Drug Saf 2017;26:1213-9.

Trifird G, de Ridder M, Sultana J, et al. Use of azithromycin and risk
of ventricular arrhythmia. CMAJ 2017;189:E560-8.

Masclee GMC, Valkhoff VE, Coloma PM, et al. Risk of upper
gastrointestinal bleeding from different drug combinations.
Gastroenterology 2014;147:784-92.

Simmonds M, Stewart G, Stewart L. A decade of individual
participant data meta-analyses: a review of current practice.
Contemp Clin Trials 2015;45:76-83.

Simmonds MC, Higgins JPT, Stewart LA, et al. Meta-analysis of
individual patient data from randomized trials: a review of methods
used in practice. Clin Trials 2005;2:209-17.

Riley RD, Lambert PC, Abo-Zaid G. Meta-analysis of individual
participant data: rationale, conduct, and reporting. BMJ
2010;340:c221.

Thomas D, Radji S, Benedetti A. Systematic review of methods for
individual patient data meta- analysis with binary outcomes. BMC
Med Res Methodol 2014;14:79.

Mokhles MM, Trifird G, Dieleman JP, et al. The risk of new onset heart
failure associated with dopamine agonist use in Parkinson's disease.
Pharmacol Res 2012;65:358-64.

Poluzzi E, Diemberger |, De Ridder M, et al. Use of antihistamines
and risk of ventricular tachyarrhythmia: a nested case-control study
in five European countries from the ARITMO project. Eur J Clin
Pharmacol 2017;73:1499-510.

Austin PC, Merlo J. Intermediate and advanced topics in multilevel
logistic regression analysis. Stat Med 2017;36:3257-77.

Burke DL, Ensor J, Riley RD. Meta-analysis using individual
participant data: one-stage and two-stage approaches, and why they
may differ. Stat Med 2017;36:855-75.

Debray TPA, Moons KGM, van Valkenhoef G, et al. Get real in
individual participant data (IPD) meta-analysis: a review of the
methodology. Res Synth Methods 2015;6:293-309.

Debray TPA, Moons KGM, Abo-Zaid GMA, et al. Individual
participant data meta-analysis for a binary outcome: one-stage or
two-stage? PLoS One 2013;8:€60650.

Stewart GB, Altman DG, Askie LM, et al. Statistical analysis of
individual participant data meta-analyses: a comparison of methods
and recommendations for practice. PLoS One 2012;7:e46042.
Sweeting MJ, Sutton AJ, Lambert PC. What to add to nothing? Use
and avoidance of continuity corrections in meta-analysis of sparse
data. Stat Med 2004;23:1351-75.

Kumarapeli P, de Lusignan S. Using the computer in the clinical
consultation; setting the stage, reviewing, recording, and taking
actions: multi-channel video study. J Am Med Inform Assoc
2013;20:e67-75.

De Clercq E, Van Casteren V, Jonckheer P, et al. Electronic patient
record data as proxy of GPs' thoughts. Stud Health Technol Inform
2008;141:103-10.

Tai TW, Anandarajah S, Dhoul N, et al. Variation in clinical coding
Lists in UK general practice: a barrier to consistent data entry?
Inform Prim Care 2007;15:143-50.

De Wilde S, Carey IM, Bremner SA, et al. A comparison of the
recording of 30 common childhood conditions in the Doctor’s
Independent Network and General Practice Research Databases.
Heal Stat Q 2004:21-31.

Sollie A, Roskam J, Sijmons RH, et al. Do GPs know their patients
with cancer? Assessing the quality of cancer registration in Dutch
primary care: a cross-sectional validation study. BMJ Open
2016;6:012669.

Carey IM, Cook DG, De Wilde S, et al. Implications of the problem
orientated medical record (POMR) for research using electronic

GP databases: a comparison of the doctors independent network
database (DIN) and the general practice research database (GPRD).
BMC Fam Pract 2003;4:14.

Borenstein M, Hedges LV, Higgins JPT, et al. A basic introduction to
fixed-effect and random-effects models for meta-analysis. Res Synth
Methods 2010;1:97-111.

Kontopantelis E, Springate DA, Reeves D. A Re-analysis of the
Cochrane library data: the dangers of unobserved heterogeneity in
meta-analyses. PLoS One 2013;8:e69930.

50

51

52

53

54

55

56

57

58

59

60

61

62

63

64

65

66

67

68

69

70

Thorlund K, Imberger G, Johnston BC, et al. Evolution of
heterogeneity (12) estimates and their 95% confidence intervals in
large meta-analyses. PLoS One 2012;7:e39471.

von Hippel PT. The heterogeneity statistic 1(2) can be biased in small
meta-analyses. BMC Med Res Methodol 2015;15:35.

Vinogradova Y, Coupland C, Hippisley-Cox J. Use of combined oral
contraceptives and risk of venous thromboembolism: nested case-
control studies using the QResearch and CPRD databases. BMJ
2015;350:h2135.

Thomas SL, Minassian C, Ganesan V, et al. Chickenpox and risk

of stroke: a self-controlled case series analysis. Clin Infect Dis
2014;58:61-8.

Vinogradova Y, Coupland C, Hippisley-Cox J. Exposure to
bisphosphonates and risk of common non-gastrointestinal cancers:
series of nested case-control studies using two primary-care
databases. Br J Cancer 2013;109:795-806.

Vinogradova Y, Coupland C, Hippisley-Cox J. Exposure to
bisphosphonates and risk of gastrointestinal cancers: series of
nested case-control studies with QResearch and CPRD data. BMJ
2013;346:f114.

Bremner SA, Carey IM, DeWilde S, et al. Infections presenting for
clinical care in early life and later risk of hay fever in two UK birth
cohorts. Allergy 2008;63:274-83.

Bremner SA, Carey IM, DeWilde S, et al. Early-life exposure to
antibacterials and the subsequent development of hayfever in
childhood in the UK: case-control studies using the general practice
research database and the doctors' independent network. Clin Exp
Allergy 2003;33:1518-25.

Bremner SA, Carey IM, DeWilde S, et al. Timing of routine
immunisations and subsequent hay fever risk. Arch Dis Child
2005;90:567-73.

Bremner SA, Carey IM, DeWilde S, et al. Vaccinations, infections and
antibacterials in the first grass pollen season of life and risk of later
hayfever. Clin Exp Allergy 2007;37:512-7.

Gonnermann A, Framke T, GroBhennig A, et al. No solution yet for
combining two independent studies in the presence of heterogeneity.
Stat Med 2015;34:2476-80.

Rover C, Knapp G, Friede T. Hartung-Knapp-Sidik-dJonkman
approach and its modification for random-effects meta-analysis with
few studies. BMC Med Res Methodol 2015;15:99.

IntHout J, loannidis JPA, Borm GF. The Hartung-Knapp-Sidik-
Jonkman method for random effects meta-analysis is straightforward
and considerably outperforms the standard DerSimonian-Laird
method. BMC Med Res Methodol 2014;14:25.

Friede T, Réver C, Wandel S, et al. Meta-analysis of two studies in
the presence of heterogeneity with applications in rare diseases.
Biom J 2017;59:658-71.

Doi SAR, Barendregt JJ, Khan S, et al. Advances in the meta-
analysis of heterogeneous clinical trials I: the inverse variance
heterogeneity model. Contemp Clin Trials 2015;45:130-8.

Stanley TD, Doucouliagos H. Neither fixed nor random: weighted
least squares meta-regression. Res Synth Methods 2017;8:19-42.
Seide SE, Rover C, Friede T. Likelihood-based random-effects meta-
analysis with few studies: empirical and simulation studies. BMC
Med Res Methodol 2019;19:16.

Selmer R, Haglund B, Furu K, et al. Individual-based versus
aggregate meta-analysis in multi-database studies of pregnancy
outcomes: the Nordic example of selective serotonin reuptake
inhibitors and venlafaxine in pregnancy. Pharmacoepidemiol Drug
Saf 2016;25:1160-9.

Pacurariu A, Plueschke K, McGettigan P, et al. Electronic healthcare
databases in Europe: descriptive analysis of characteristics

and potential for use in medicines regulation. BMJ Open
2018;8:023090.

Benchimol El, Smeeth L, Guttmann A, et al. The reporting of studies
conducted using observational Routinely-collected health data
(record) statement. PLoS Med 2015;12:e1001885.

Moher D, Liberati A, Tetzlaff J, et al. Preferred reporting items for
systematic reviews and meta-analyses: the PRISMA statement. PLoS
Med 2009;6:e1000097.

Dedman D, et al. BMJ Open 2020;10:037405. doi:10.1136/bmjopen-2020-037405

11


http://dx.doi.org/10.1002/pds.4280
http://dx.doi.org/10.1503/cmaj.160355
http://dx.doi.org/10.1053/j.gastro.2014.06.007
http://dx.doi.org/10.1016/j.cct.2015.06.012
http://dx.doi.org/10.1191/1740774505cn087oa
http://dx.doi.org/10.1136/bmj.c221
http://dx.doi.org/10.1186/1471-2288-14-79
http://dx.doi.org/10.1186/1471-2288-14-79
http://dx.doi.org/10.1016/j.phrs.2011.11.009
http://dx.doi.org/10.1007/s00228-017-2317-0
http://dx.doi.org/10.1007/s00228-017-2317-0
http://dx.doi.org/10.1002/sim.7336
http://dx.doi.org/10.1002/sim.7141
http://dx.doi.org/10.1002/jrsm.1160
http://dx.doi.org/10.1371/journal.pone.0060650
http://dx.doi.org/10.1371/journal.pone.0046042
http://dx.doi.org/10.1002/sim.1761
http://dx.doi.org/10.1136/amiajnl-2012-001081
http://www.ncbi.nlm.nih.gov/pubmed/http://www.ncbi.nlm.nih.gov/pubmed/18953130
http://dx.doi.org/10.14236/jhi.v15i3.652
http://dx.doi.org/10.1136/bmjopen-2016-012669
http://dx.doi.org/10.1186/1471-2296-4-14
http://dx.doi.org/10.1002/jrsm.12
http://dx.doi.org/10.1002/jrsm.12
http://dx.doi.org/10.1371/journal.pone.0069930
http://dx.doi.org/10.1371/journal.pone.0039471
http://dx.doi.org/10.1186/s12874-015-0024-z
http://dx.doi.org/10.1136/bmj.h2135
http://dx.doi.org/10.1093/cid/cit659
http://dx.doi.org/10.1038/bjc.2013.383
http://dx.doi.org/10.1136/bmj.f114
http://dx.doi.org/10.1111/j.1398-9995.2007.01599.x
http://dx.doi.org/10.1046/j.1365-2222.2003.01794.x
http://dx.doi.org/10.1046/j.1365-2222.2003.01794.x
http://dx.doi.org/10.1136/adc.2004.051714
http://dx.doi.org/10.1111/j.1365-2222.2007.02697.x
http://dx.doi.org/10.1002/sim.6473
http://dx.doi.org/10.1186/s12874-015-0091-1
http://dx.doi.org/10.1186/1471-2288-14-25
http://dx.doi.org/10.1002/bimj.201500236
http://dx.doi.org/10.1016/j.cct.2015.05.009
http://dx.doi.org/10.1002/jrsm.1211
http://dx.doi.org/10.1186/s12874-018-0618-3
http://dx.doi.org/10.1186/s12874-018-0618-3
http://dx.doi.org/10.1002/pds.4033
http://dx.doi.org/10.1002/pds.4033
http://dx.doi.org/10.1136/bmjopen-2018-023090
http://dx.doi.org/10.1371/journal.pmed.1001885
http://dx.doi.org/10.1371/journal.pmed.1000097
http://dx.doi.org/10.1371/journal.pmed.1000097

	Approaches for combining primary care electronic health record data from multiple sources: a systematic review of observational studies
	Abstract
	Introduction﻿﻿
	Methods
	Patient and public involvement

	Results
	Discussion
	Limitations

	References


