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Abstract

Background The CVD-COVID-UK consortium was formed to understand the relationship between COVID-19 and
cardiovascular diseases through analyses of harmonised electronic health records (EHRs) across the four UK nations.
Beyond COVID-19, data harmonisation and common approaches enable analysis within and across independent
Trusted Research Environments. Here we describe the reproducible harmonisation method developed using large-
scale EHRs in Wales to accommodate the fast and efficient implementation of cross-nation analysis in England and
Wales as part of the CVYD-COVID-UK programme. We characterise current challenges and share lessons learnt.

Methods Serving the scope and scalability of multiple study protocols, we used linked, anonymised individual-level
EHR, demographic and administrative data held within the SAIL Databank for the population of Wales. The harmonisa-
tion method was implemented as a four-layer reproducible process, starting from raw data in the first layer. Then each
of the layers two to four is framed by, but not limited to, the characterised challenges and lessons learnt. We achieved
curated data as part of our second layer, followed by extracting phenotyped data in the third layer. We captured any
project-specific requirements in the fourth layer.

Results Using the implemented four-layer harmonisation method, we retrieved approximately 100 health-related

variables for the 3.2 million individuals in Wales, which are harmonised with corresponding variables for > 56 million
individuals in England. We processed 13 data sources into the first layer of our harmonisation method: five of these
are updated daily or weekly, and the rest at various frequencies providing sufficient data flow updates for frequent

capturing of up-to-date demographic, administrative and clinical information.
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Conclusions We implemented an efficient, transparent, scalable, and reproducible harmonisation method that
enables multi-nation collaborative research. With a current focus on COVID-19 and its relationship with cardiovascular
outcomes, the harmonised data has supported a wide range of research activities across the UK.

Keywords Population health, Data harmonisation, Common data model, Electronic health record, Trusted Research
Environments, Reproducible research, SAIL databank, NHS digital TRE for England, COVID-19

Background

The COVID-19 pandemic emphasised the importance
of efficient, accurate, and collaborative approaches in
research [1]. Electronic health records (EHRs) from a
range of sources have been used in many COVID-19
studies throughout the pandemic. There are still exist-
ing gaps in these studies, such as: (i) cross-validation
of findings in other healthcare systems and nations to
determine generalisability (ii) using a large sample size
for capturing rare events to gain sufficient statistical
power (iii) examining the inequalities across vulnerable
subgroups to estimate and address health inequality
and ensure health justice. Hence it is vital to establish
common approaches for efficient collaborative research
at a national or global scale using EHRs from different
databases across different nations, facilitating compari-
sons of the impact of COVID-19, and supporting public
health decision-making [2-5].

The challenge of establishing common approaches
becomes even greater when analysing sensitive data
within and across Trusted Research Environments
(TREs, secure platforms used to store or analyse sensi-
tive data) [6, 7]. TREs, data access services, and plat-
forms may differ in data access, sharing policies, and
governance, creating a challenge for projects wishing
to combine data at the individual-level. Hence, the
adoption of common approaches at the design level
of projects is of high importance [8]. One solution to
this challenge is federated analytics, whereby the data
from multiple TREs or platforms remains at its source
and is harmonised to a Common Data Model (CDM)
that allows results from multiple locations to be gen-
erated and combined using meta-analysis techniques
[9—-11]. This harmonisation can occur via a rules-based
approach with common, agreed analytic protocols
applied within the separate TREs. CDM harmonisation
includes the harmonisation of phenotypes, typically
composed of several clinical codes to define an event,
such as a diagnosis or prescription to a standard list,
including any harmonisation between different coding
systems (e.g., Read V2 and SNOMED in primary care
data in the UK [12, 13]), all the way to a full harmo-
nisation to a common standard such as Observational
Medical Outcomes Partnership (OMOP) CDM ([14].

Harmonisation is the process of making data and sta-
tistics more comparable, consistent and coherent [15]. In
population studies using routinely collected data, harmo-
nisation can only take a retrospective approach, i.e. post-
data collection [16, 17]. Retrospective harmonisation of
EHRs poses several technical challenges as healthcare
data generally differ by underlying healthcare systems,
type of information collected, drug/vaccine and medi-
cal event coding systems and language. Furthermore,
different data sources have different data structures,
fields, validation procedures, and accuracy issues [9, 16].
In the context of the COVID-19 pandemic, the advan-
tages of harmonising EHRs across different nations have
been shown for investigating the risk of cerebral venous
sinus thrombosis after COVID-19 vaccines across three
UK nations [18], creation of a pan-European cohort to
advance the knowledge of the effects and treatment of
COVID-19 [19], addressing some clinical and epidemio-
logical questions around COVID-19 using hospital data
from 96 hospitals across five countries [2], and study of
COVID-19 associated clinical outcomes in the paediatric
population [20]. The value of harmonisation goes beyond
the context of COVID-19, while the required considera-
tions for the use of National Health Service (NHS) data in
the UK for research and analysis has been detailed in [9]
as well as other guidelines for retrospective data harmo-
nisation [16, 21], all aiming to ensure quality, reproduc-
ibility, and transparency of the harmonisation process.
There are examples of using the CDM approach and har-
monising EHRs from different nations (that go beyond
the COVID-19 challenges) [22-29], proving the useful-
ness and generalisability of such approaches in research.

Motivated by the public health importance of under-
standing the relationship between COVID-19 and car-
diovascular diseases (CVD), the Health Data Research
UK (HDR UK) British Heart Foundation (BHF) Data
Science Centre (DSC) established the CVD-COVID-
UK consortium and related research programme [1].
Through the CVD-COVID-UK consortium, anonymised
individual-level data from UK nations (England, Scotland
and Wales) have been accessed on>65 million individu-
als [30, 31], and further work is ongoing to enable access
to Northern Ireland data. Accredited researchers work-
ing on approved projects can access routinely collected
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EHR and administrative data sources within secure, pri-
vacy-protecting TREs provided by NHS Digital in Eng-
land [32], the National Data Safe Haven in Scotland [33]
and the Secure Anonymised Information Linkage (SAIL)
Databank in Wales [34]. The main linkable data sources
in these TREs include primary and secondary care data,
critical and intensive care data, prescribing and dispens-
ing records, COVID-19 testing and vaccination data,
mortality records, maternity services and a range of
other data sources (see [35] for a full list of available data
sources in each TRE available via the consortium).

In this paper, we characterise the challenges of harmo-
nising anonymised individual-level EHRs from multiple
TREs, focusing on the SAIL Databank for Wales and the
NHS Digital TRE for England. We also describe how we
addressed these challenges by creating a reproducible
method for harmonising data from Wales (held within
the SAIL Databank) with data from England (held within
the NHS Digital TRE), as part of the CVD-COVID-UK.
We conclude with recommendations and best practices
for reducing the burden of retrospective harmonisa-
tion of EHRs based on our experiences, which may be
employed and serve as useful starting points for future
collaborations.

Challenges for data harmonisation between TREs
We identified five broad challenges in establishing data
harmonisation between TREs: how to achieve consist-
ent definition of analysis variables, a reliable popula-
tion denominator, transparency and communication
of approaches, IT infrastructure, and disclosure con-
trol and pooling analyses. We recognise many previous
research projects will have potentially undertaken some
of these challenges, often in isolation. However, we need
to start making available our insights in relation to these
challenges to improve the efficiency, reproducibility,
and transferability of the overall research process and
improve the useability and efficiency of research across
the data science and research community.

Consistent definition/derivation of analysis variables

One of the fundamental challenges for research carried
out using multiple data sources across multiple TREs is
achieving consistency in the way variables are derived for
statistical analysis. A good first step towards this is estab-
lishing how to extract meaningful values from the range
of available data sources. To record diagnosis of diseases
and health problems, symptoms and observations, pre-
scribed or dispensed medication, and performed pro-
cedures, separate healthcare systems and data sources
will use different coding systems and clinical terminolo-
gies, resulting in many permutations and options for the
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code-lists that are needed for research using data sources
within a single TRE and more strongly across multi-
ple TREs with more diverse data. Additional challenges
would arise if a coding system is retired or different ver-
sions of a coding system have been used historically. To
achieve meaningful value extraction, phenotypes need
to be established in a unified manner, allowing pro-
cesses for expert review and validation of the mapping
between the different coding systems in use [36—38]. This
is often done through the creation of dynamic phenotype
libraries, an indexed and flexible library of computable
phenotypes (a definition of a condition, disease, or char-
acteristic or clinical event based solely on data that can
be processed by a computer [38]), containing metadata,
supporting information and the lifecycle of phenotypes
(version number or date of last change, and whether the
phenotype is retired due to changes in clinical practice,
the underlying clinical definitions, or the coding sys-
tems). An example is the HDR UK Phenotype Library
[12], an open platform for the creation, storage, dissemi-
nation, reuse, evaluation, and citation of curated algo-
rithms and metadata.

Laboratory results available in EHRs may vary in
reporting units, terminologies, calculated parameters,
and report formatting due to heterogeneous data collec-
tions. Additionally, some data sources containing labo-
ratory results do not have an associated data dictionary.
These factors pose greater challenges for the consistent
derivation of analysis variables from laboratory results
data (within a TRE or across TREs). Working with
healthcare professionals and domain experts is required
to create unified phenotypes and related code-lists for
laboratory data, as well as careful considerations when
choosing a canonical unit for each measurement and
identifying acceptable value ranges [39, 40].

Unified phenotypes are used to extract values into har-
monised variables ready for analysis. In the extraction
and transformation of these values, two main things need
to be considered: the timing of the recording and the level
of detail recorded. It is only natural for researchers within
each TRE to want to maximise the utility of the avail-
able data, which translates to being as longitudinal, up-
to-date, and granular as possible. However, with EHRs,
coding the most recent clinical events is often incomplete
and will be improved retrospectively at varying rates.
Additionally, the granularity of clinical event recordings
is unlikely to be consistent across data sources in par-
ticipating TREs. Therefore, continued effort is needed to
ensure researchers within and across TREs are aware of
these challenges and are informed about the limitations
and opportunities when using these types of data.
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Reliable population denominator

A reliable population denominator with a consistent set
of demographic characteristics is essential for any epi-
demiological study, especially when the inferences are at
population-level [41]. Trying to achieve this with EHRs
alone can be challenging as, there are TREs that hold
data sources with linkable demographic details for the
general population directly published by official bodies
such as the Office of National Statistics (ONS) census;
while, in others the population denominator is defined
based on those who have a recorded interaction with the
healthcare services or registered with primary care. Both
of these can further be complicated by the longitudinal
nature of health records, leading to an accumulation of
individuals exceeding the general population in number.
If available, it is indeed more reliable to use concord-
ance across multiple data sources, including birth and
death records and registration with primary care ser-
vices, to confirm whether someone is living amongst the
general population and for what time periods. Also, this
is a good opportunity to resolve conflicts around differ-
ences in multiple recordings of, say, date or week of birth,
sex, and ethnic group. Once established, the population
denominator can form the population spine for almost all
types of study and should be updated on a regular basis
to include changes to the population and the respective
available denominator of individuals, including migration
in or out and mortality [42].

Transparency and communication

Within a given project, any individual researcher does
not typically have access to more than one TRE. Thus,
validating approaches within each TRE requires clear
communication and transparent documentation. Estab-
lishing effective communication across various members
of the project as well as stakeholders can be challeng-
ing, but it is essential. Creating a single point of truth is
critical, as is visualising any data flows. Understanding
how approaches within each TRE map on to each other
is a more realistic aim than ensuring they are identical,
and in turn follow the same best practices or naming
conventions.

IT infrastructure

Four key aspects to consider regarding the IT infrastruc-
ture within each collaborating TRE are: version con-
trol system, data storage platform, statistical analysis
software, and the availability of performant hardware.
Given transparency and communication challenges, hav-
ing a version control system in place to track changes in
the developing code is critical. Any differences among
the other aspects mean that divergences in how data
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preparation and analysis are implemented should be
expected, and in fact, greater levels of programming
expertise may be required.

Disclosure control and pooling analyses

To combine analysis results from each TRE, research-
ers need to be aware of the disclosure control processes
each TRE has in place, and how they differ. The main
principle behind each disclosure process is to ensure
that any output requested out of the secure TRE envi-
ronment does not contain information that could be
used either on its own or in conjunction with other
data to identify a person. However, there will be fun-
damental differences in the restrictions over content,
format, structure and granularity of the results. For
example, when using any data obtained through the
Digital Economy Act (DEA), which includes the ONS
2011 Census, no small numbers between zero and 10
are allowed to be released. Independent TREs may also
have different restrictions on whether aggregate counts
with a value of 0 may be released. Whether categories
are aggregated before release to escape small counts or
imputed post-release is a decision for the project.

Methods

To overcome the challenges characterised in the previ-
ous section for harmonising EHRs from the SAIL Data-
bank for Wales and the NHS Digital TRE for England,
we adopted a four-layer process for the CVD-COVID-
UK projects within SAIL, aiming to optimise reusabil-
ity and reproducibility. We used multiple demographic
and EHR data sources, including primary and second-
ary care-related data sources, prescribing and dispens-
ing records, COVID-19 testing and vaccination data,
and mortality records. The data sources contributed
varied follow-up time, which covered the years 1990—
2022 (Additional file 1).

To address transparency and communication chal-
lenges, we have used best practices and rules estab-
lished within the SAIL Databank for Wales and the
NHS Digital TRE for England around naming conven-
tions of files and folders and any database assets created
and maintained. This ensures the effective organisa-
tion and understanding for users who may be actively
working on a proposal or wish to learn or reuse exist-
ing components of the resources. Data visualisation
has also been established to show the flow and layers of
data preparation employed in delivering required data
assets and research, which align with the underlying file
names and locations. Figure 1 shows a simplified exam-
ple of the four-layer process applied for some of these
projects, and Fig. 2 illustrates the detailed version of
the data harmonisation process used in [43].
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Layer 1: raw data

Layer 2:
curated data

Layer 3:
phenotyped
data
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Study population

Layer 4: project-specific data (harmonised layer)

Analysis dataset

Fig. 1 A simplified example of the four-layer data preparation process used to harmonise data within SAIL with data for England (within the NHS
Digital TRE for England). Layer 1 consists of raw data sources in SAIL (e.g., primary care and secondary care data sources). Layer 2 includes Research
Ready Data Assets (RRDAs) and generated curated version of raw data sources. Examples of RRDAs are the COVID-19 C20 cohort, combined
mortality data for COVID-19 C20 cohort [47] and RRDA version of dispensing data [45]. In Layer 3, phenotypes related data are generated using
Layer 2 data and phenotype code-lists. Many phenotype code-lists in the HDR UK Phenotype Library [12] have already been imported into SAIL
(only a subset of phenotypes has been displayed for illustrative purposes). Finally, in Layer 4 fully harmonised project-specific data tables are derived

from Layer 2 and 3 data

Layer 1 (raw data sources)

Layer 1 consists of raw data sources in SAIL which
are available to all approved users conducting CVD-
COVID-UK projects in a “read-only” database schema.
Additional file 1 shows key details of all data sources
currently available for CVD-COVID-UK projects
within SAIL Databank and the NHS Digital TRE for
England. All these raw data sources (apart from the
data for ONS 2001 Census, and Congenital Anoma-
lies Register and Information Services for Wales) are
updated regularly within these TREs daily, weekly,
fortnightly, or quarterly, depending on the data source.
More information about these data sources and their
meta-data can be found in the Health Data Research
Innovation Gateway [44].

Layer 2 (curated data)

There are two types of data tables in Layer 2 (derived
from raw data sources in Layer 1). The first type are
general purpose, pre-prepared, cleaned tables with

derived columns, known as Research Ready Data Assets
(RRDAs). These are generated from two or more raw
data sources by applying quality checks, linkage, and pre-
processing procedures [45]. The RRDAs are maintained
by the Population Data Science group at Swansea Univer-
sity [46] and made available for several projects including
CVD-COVID-UK.

An example of an RRDA is the COVID-19 “C20 elec-
tronic cohort” [47] which provides a population spine of
3.2 million Welsh residents alive and registered within
the NHS in Wales from the 1st January 2020, including
those who have moved into Wales or were born after 1st
January 2020. Multiple demographic and healthcare data
sources have been used to create the cohort (see [47] for
more details), which is updated monthly. Columns cover
information regarding demographics (e.g. age, sex, week
of birth, date of death), residence (e.g. date moved in
and out of Wales, residential anonymised linkage field,
Lower-layer Super Output Area (LSOA, a geographic
hierarchy in England and Wales used to estimate the
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Layer 4: project-specific data

Fig. 2 The four-layer data harmonisation process for Welsh data analysis used in [43]. See the GitHub repository [62] for the scripts

characteristics of the people who live in a particular area)
version 2011), and registration with primary care general
practices. An equivalent entity in the NHS Digital TRE
for England is the “key patient characteristics” table,
which includes > 56 million individuals alive on 1st Janu-
ary 2020 and registered with an NHS general practice in
England [32]. Primary care and hospital episode records
(covering inpatient, outpatient, and emergency depart-
ment episodes) have been combined prior to the index
date of 1st January 2020 to define key characteristics,
including sex and age. We have used these population
denominators to derive harmonised variables for age, sex,
date of death, and deprivation.

Another key RRDA in Layer 2 is the derived ethnicity
data table in the SAIL Databank based on 26 data sources
and harmonised into a national ethnicity spine for the
population of Wales [48]. While ethnicity is usually con-
sidered a single variable in studies, each patient might
have their ethnicity recorded once, many times, or never
[9]. These codes might differ and even conflict for various
reasons, including different categories being used across
data sources and TREs [49]. Harmonised ethnic groups
corresponding to the ONS categories (i.e. White, Mixed,
Asian and Asian British, Black and Black British, and
Other ethnic groups) are available in the ethnicity spine
RRDA in SAIL and the key patient characteristics table in
the NHS Digital TRE.

In addition to the RRDAs in Layer 2, we have generated
a curated version of other raw data sources by applying
initial data cleaning, which is common across projects.
This cleaning process includes linking the data sources
to two population spines for Wales, the C20 cohort and
C16 cohort (a counterfactual and contextual compara-
tive population spine consisting of the whole~3 mil-
lion population of Wales from the 1st January 2016 to
31st December 2019 [47], see Additional file 1 for more
details), removing records whose unique anonymised
identifier is missing, and applying some pre-processing
procedures (e.g. removing records whose date is out of
data coverage). Examples includes the curated version
of the Welsh Longitudinal General Practice (WLGP),
Patient Episode Dataset for Wales (PEDW), Outpatient
Dataset for Wales (OPDW), and COVID-19 Test Results
(PATD). All RRDAs and generated data tables in Layer 2
are updated monthly.

Layer 3 (phenotyped data)

Layer 3 consists of phenotype-related data tables, called
“PHEN DataSourceName PhenotypeName/Category”.
These include all records related to a phenotype or group
of phenotypes within a data table in Layer 2. Examples of
Layer 3 data tables are “PHEN PEDW COVID19” (which
includes all confirmed or suspected cases of COVID-19
in the curated version of PEDW data in Layer 2), and
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“PHEN PEDW CVD” (which contain all records related
to cardiovascular diseases in the curated version of
PEDW).

Data for secondary care systems such as hospital
admissions, outpatient episodes, and mortality regis-
ters in Wales and England use the same clinical coding
systems for diagnoses and causes of death, the Interna-
tional Classification of Diseases, 10th revision (ICD-10),
and the Office of Population Censuses and Surveys codes
version 4 (OPCS-4) for classification of hospital inter-
ventions and procedures clinical coding [44]. Therefore,
phenotype code-lists developed using ICD-10 or OPCS-4
in either TRE could be used to generate the harmonised
data tables related to these phenotypes.

Medication dispensed through community pharmacies
are available in both SAIL Databank (for COVID-19 pur-
poses) and the NHS Digital TRE for England. In Wales,
dispensing data is available within the Welsh Dispensing
DataSet (WDDS), which includes all NHS prescription
items dispensed from all community pharmacies remu-
nerated by NHS Wales, and is coded in the Dictionary of
Medicines and Devices (DM+D). Work has been done in
SAIL to also include British National Formulary (BNF)
coding to this data through creating an RRDA version of
WDDS [45]. This RRDA is linked to the C20 cohort and
part of Layer 2 in our four-layer process. In England, the
NHS Business Service Authority (NHSBSA) dispensing
data includes prescriptions for all medicines dispensed
in the community in England and is coded in BNF and
DM+D. Therefore, any phenotype developed using
DM+D or BNF in either TRE can be used.

However, this is not the case for other data sources,
such as primary care general practice event data. In
Wales, WLGP data is recorded in Read V2 codes,
whilst in England, the General Practice Extraction Ser-
vice (GPES) Data for Pandemic Planning and Research
(GDPPR) is recorded in Systematized Nomenclature of
Medicine Clinical Terms (SNOMED-CT) [44]. For pri-
mary care phenotypes, previously validated phenotypes
in Read V2 code format from reputable sources such as
CALIBER [37, 50] are used directly in SAIL, while con-
version to Read V2 code format of phenotypes developed
for use in the NHS Digital TRE for England in SNOMED-
CT has been completed in collaboration with healthcare
professionals and domain experts. Novel primary care
phenotypes, such as COVID-19 diagnosis, have been
developed in both SNOMED-CT and Read V2 in parallel
(see Additional file 2). Furthermore, in the NHS Digital
TRE for England, an assessment of comorbidity burden
uses the number of disorders for each individual based
on a SNOMED code-list obtained via an algorithm. The
same approach could not be implemented with Read V2
codes (due to differences in the structure of this coding
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system compared with SNOMED-CT). Hence existing
comorbidity indexes, such as the Charlson, Elixhauser
and other available comorbidity indexes [51, 52], have
been used to obtain this comorbidity burden variable for
the Welsh population.

Emergency Department (ED) data, also known as Acci-
dent and Emergency (A&E) data, are available in Emer-
gency Department Data Set (EDDS) within SAIL and
in the Hospital Episode Statistics (HES) Accident and
Emergency (HES-AE) data within the NHS Digital TRE
for England. These data have their own coding system
and variable format for diagnosis and treatment infor-
mation. In addition, some Welsh hospitals use ICD-10
codes at a 3-character level in EDDS. So ED related phe-
notypes in these TREs have been harmonised following a
detailed clinical review of mappings between these cod-
ing systems. For example, the diagnosis in HES-AE is a
6-character code consisting of diagnosis condition (n2),
sub-analysis (nl), anatomical area (n2) and anatomical
side (anl) [53]. While in EDDS, the diagnosis code has
eight characters, consisting of diagnosis condition (an3),
anatomical area (n3) and anatomical side (n2) [54]. So a
phenotype such as lower limb fracture can be defined for
each of these data sources using the related look up tables
for diagnosis condition, sub-analysis (where applicable),
and anatomical area and side.

Some methods developed based on specific data
sources in one TRE might not apply to another TRE due
to differences in the structure and fields contained within
the corresponding data source(s) or the lack of similar
data source between TREs. For example, the phenotypes
defined for COVID-19 intensive care unit (ICU) admis-
sion, invasive and non-invasive ventilation for the NHS
Digital TRE for England in [55] use code-lists in OPCS-4
for HES Admitted Patient Care (HES-APC) data source
as well as specific fields in the following data sources
(and not clinical coding): HES for Adult Critical Care
(HES-CC) and COVID-19 hospitalisation information
from COVID-19 Hospitalisations in England Surveil-
lance System (CHESS). In SAIL, hospital interventions
and procedures are recorded in PEDW in OPCS-4, and
so phenotypes coded in this coding system can be used in
SAIL. However, the intensive care and critical care data
in SAIL (available in Critical Care Data Set (CCDS), and
ICNARC—Intensive Care National Audit and Research
Centre data (ICNC)) are different, and independent
approaches [56] have been developed with a similar goal
to identify and derive the outcomes needed.

Unified phenotypes related to COVID-19 polymerase
chain reaction (PCR) tests, lateral flow tests, and vac-
cination have been defined using similar data sources
in these TREs. In addition, based on the project’s need,
phenotypes specific to Wales Results Reporting Service
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(WRRS, which contains all pathology laboratory results
in Wales) have also been developed [39]. Examples are
phenotypes (including test codes, their description, unit,
and reference ranges) for influenza, pneumonia and other
respiratory tract infections.

All phenotypes are documented and uploaded to
the Health Data Research UK Phenotype Library [12],
and BHF DSC GitHub repository [57] upon comple-
tion, signoff, and implementation as part of submitted
published work. All generated data tables in Layer 3 are
updated following the monthly update of Layer 2 data
tables.

Layer 4 (project-specific data tables)

Finally in Layer 4, project-specific data tables are created
containing fully harmonised data tables as structured and
formatted in both TREs. That is, all data table names,
column names, and applicable values and ranges are the
same between TREs. For example, demographic catego-
ries and outcomes of interest such as sex, age, ethnic
groups, smoking status, or cardiovascular-related out-
comes are the same for use in research analyses. Also due
to the scale of geography and population size of Wales
and England, Wales has been considered one region
when combining results with England, which has nine
defined regions (North West, North East, East of Eng-
land, London, East Midlands, West Midlands, Yorkshire
and the Humber, South East, South West). When evalu-
ating the impact of socioeconomic factors, the Welsh
Index of Multiple Deprivation [58] and the English Index
of Multiple Deprivation [59] have been used with consid-
eration of the differences between the respective indexes,
as the quintiles are not directly comparable between
them. Therefore, any analytical pipeline developed in one
TRE can be applied to the other with minimal/no change,
and then results from these TREs can be combined
across nations using appropriate meta-analysis methods.

Initial quality checks and descriptive statistics (e.g., fre-
quencies, median, mean, standard deviation, and ranges)
were used to assess the quality of the process and pro-
ject-specific variables and to compare the consistency
(distribution and missing values) of the harmonised data
with corresponding data for England. Where required,
researchers from both TREs engaged in discussions to
understand any potential causes of inconsistencies and to
clarify potential solutions.

Figure 3 shows the process for combining results of
analyses from SAIL and NHS Digital TRE for England
for CVD-COVID-UK projects. In SAIL, disclosure con-
trol through file out requests do not permit outputs that
would intentionally or unintentionally break the privacy-
protection of the anonymised data, primarily handled
through a small number policy (<5 as standard, and <10
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when using any data obtained through the DEA includ-
ing the ONS 2011 Census data), which entails that the
results are considered disclosive, and therefore should
be suppressed. Very similar processes are used for dis-
closure control in the NHS Digital TRE. So, if any results
requested out of each TRE (which are required for meta-
analysis and/or to be included in the final output(s)) fall
below these thresholds, then there will be an issue as
unadjusted analysis should be excluded, and counts<5
for adjusted analysis should be masked. A solution for
this issue could be composite outcomes at a different or
higher level of aggregation.

We note that the software used for data preparation,
generating analytical outputs, visualisations, and results
have been different in these TREs due to the availability
of different software tools in the TREs. For example, for
population-wide analyses, the size of the data in the NHS
Digital TRE for England requires distributed comput-
ing. So Apache Spark (a data processing engine for dis-
tributed computing which sits between the data source
and the analysis tool) is provided in this TRE to run SQL
queries, and can be utilised using Spark SQL or Python
query tools such as PySpark [60]. In SAIL, similar tools
(such as Eclipse and Jupyter notebooks) can be used to
run SQL queries. For more details about available ana-
lytical and version control tools in the SAIL and the NHS
Digital TRE for England see [7, 61].

All data tables generated as part of the harmonisation
process include individual-level details. Hence, these
tables are only accessible within the SAIL Databank TRE.
In order to access these resources, researchers working
on the CVD-COVID-UK program will require to sub-
mit their proposals to the SAIL via (https://www.saild
atabank.com/application-process), and all applications
are reviewed by an independent Information Governance
Review Panel (IGRP). The IGRP considers each project to
ensure proper and appropriate use of SAIL data. When
access has been granted, it is gained through a privacy
protecting safe haven and remote access system, referred
to as the SAIL Gateway. Further details of this process
can be found on the SAIL Databank website (https://saild
atabank.com/).

All SQL and R scripts used to generate data tables in
Layers 2,3 and their associated documentation, as well as
all scripts used to derive project-specific data tables (in
Layer 4) and related meta-data are available in GitLab
within the SAIL Gateway, and made publicly available via
the BHF DSC GitHub repository [57] following comple-
tion of the project.

Finally, although this harmonisation process has been
implemented as part of the CVD-COVID-UK pro-
gramme to enable cross-nation COVID-19 related
analysis in England and Wales, the data harmonisation
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methodology, data curation and linkage techniques, phe-
notypes definition, and derivation of analysis variables
can be generalised and used by other projects using the
SAIL Databank and replicated across other TREs across
the UK with similar data sources.

Results

Using linked individual-level EHR, demographic and
administrative data, we harmonised approximately 100
analysis variables for the population of Wales with corre-
sponding data for England, as part of the CVD-COVID-
UK programme. Harmonised variables were grouped
into the following categories: demographic variables
(e.g., age, sex, date of death, and size and the average age
of general practices on 1st January 2020), ethnic group,

socio-economic and geographical characteristics (dep-
rivation, LSOA 2011, and region), disease phenotypes
including COVID-19 related and CVD related pheno-
types, biomarkers (body mass index, and blood pressure),
lifestyle risk factors (smoking status, and alcohol con-
sumption), comorbidity indexes (e.g., Charlson and Elix-
hauser comorbidity indexes), hospital interventions and
procedures (e.g., ICU admission, invasive and non-inva-
sive ventilation), medications (e.g., angiotensin-convert-
ing enzyme inhibitors, antiplatelet drugs, lipid regulating
drugs, and anticoagulants), and other variables (e.g.,
number of unique dispensed medications, and primary
care consultation rate). Variables categorised as disease
phenotypes or comorbidity indexes were extracted from
primary care and secondary care data, mortality data,
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and laboratory results, using phenotypes coded in ICD-
10 or Read V2, or phenotypes specific to a data source
in SAIL (e.g., phenotypes for ED data or critical care
data, see Additional file 1). Biomarkers and lifestyle risk
factors were derived from primary care data using code-
lists in Read V2 terms. Variables in the medication cat-
egory were created using dispensing data and phenotypes
coded in BNF. Hospital interventions and procedures
were identified using appropriate fields from second-
ary care data in addition to OPCS-4 procedure codes.
Figure 4 shows categories of harmonised variables, and
Additional file 1 provides an overview of data sources
and their coding system.

The reproducible approach for data harmonisation
described is being used in CVD-COVID-UK projects,
leading to peer-review publications. In these projects,
the same analytical pipeline for each project was applied
within each TRE, and results were combined via meta-
analysis across nations. For each project, the protocol,
code-lists used for phenotypes, and SQL and R codes are
available on GitHub together with any published output.
Some examples include:

+ SARS-CoV-2 infection and risk of venous thrombo-
embolism and arterial thrombotic events in England
and Wales (project reference “CCU002_01" in [30]):
(published paper [43], all code and phenotypes used
to produce this paper are available in [62]). Figure 2
shows the data harmonisation process used in [43].

« COVID-19 vaccination and disease and the risks
of myocarditis and pericarditis (project reference

“CCU002_03" in [30]): Code and phenotypes used in
this study are available in [63].

+ Assessing cardiovascular disease impact through
medicines (project reference “CCU014_01" in [30]):
The WDDS RRDA was used in [64] to harmonise
Wales dispensing data in SAIL with corresponding
data in the NHS Digital TRE for England. Code and
phenotypes used in this study are available in [65].

Discussion

The COVID-19 pandemic has highlighted the need to
implement efficient approaches that enable multi-nation
analytics across different TREs. We have addressed this
challenge by creating a national harmonisation method
which to date has served six projects across England and
Wales and can be scaled up and expanded to many more
in the future.

The harmonisation method has been implemented as a
four-layer process to achieve reproducibility and scalabil-
ity, starting from raw data in the first layer, followed by
curated data in the second layer, phenotyped data in the
third layer, and finally project-specific data in the fourth
layer. The key benefits of data harmonisation using such
a reproducible approach are as follows. Firstly, it makes
replicating the code much easier, whether revisiting an
old project, making revisions following peer review, or
extending the research. For example, when changing or
extending the study period or inclusion/exclusion cri-
teria, only certain tables in specific layers need to be
modified and updated, while others remain unchanged.
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Secondly, transparency can be easily reached by such a
reproducible approach. This reduces risk of errors dur-
ing study development through allowing cross-checking
of results between TREs as well as aiding external vali-
dation of results. Thirdly, initial data cleaning processes
performed for SAIL data sources in Layer 2 are similar
across projects, increasing the transferability of learning
and enabling new studies to start more quickly. Pheno-
types added to data tables in Layer 3 are also available for
all new studies to use. Therefore, data tables generated
in Layers 2 and 3 allow researchers to start from these
layers and derive project-specific data tables for their
project. This removes the need for initial data cleaning,
accelerates the data preparation process, and increases
efficiency. Fourthly, methods used for generating harmo-
nised project-specific data items in Layer 4 and methods
used for combining Welsh and English results are useful
and reusable for future projects studying the population
of both nations. Lastly, new phenotyped data tables can
be easily added to Layer 3, or existing phenotyped data
can be updated or expanded upon revision or addition
of a phenotype (these tables are created in a wide format
to allow the addition of new fields). All the points above
illustrate that this methodology and the respective layers
can be iteratively updated and are scalable.

Data harmonisation across TREs has limitations. Data
used to derive harmonised variables are limited to what is
available within the respective TREs. For example, some
data sources available in one TRE might not be avail-
able in others (see Additional file 1 for a comparison of
available data sources currently in the SAIL Databank
and the NHS Digital TRE for England). Other limitations
are associated with the general limitations of routine
health data. Healthcare systems generate large amounts
of routine data for clinical and administrative purposes
in settings such as hospitals, laboratories, general prac-
tices and pharmacies. However, as routine health data
are not primarily collected for research, the usability of
these data presents several limitations. These limitations
include potential incompleteness, inconsistency over
time and between systems with differing coding systems,
varying rates of data accuracy over time and between sys-
tems, and duplicate records.

Lessons learnt and future opportunities

Data harmonisation is a time-consuming process and
requires technical and scientific investments. Here we
outline lessons learnt and best practices based on our
experience to facilitate this process:

1. Where a protocol is developed based on available
data sources in one TRE and then extended to other
TREs, it may not reflect the potential or limitations
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of the data sources available across all of the TREs.
Therefore, as suggested in the Maelstrom guide-
lines [16], before the harmonisation process begins,
it is necessary to develop a project-specific protocol
reflecting the strengths and limitations of data har-
monisation and combining results from these TREs.

2. The variables for harmonisation should be clearly
defined, including their specific nature, format and,
where necessary, their acceptable level of heterogene-
ity. Furthermore, creating early summary statistics on
the cohort generated in each TRE to compare num-
bers between the two/multiple populations is useful
to see if demographic and disease counts are similar
or demonstrate expected differences. This provides
confidence in the harmonisation of data items.

3. It is important to be consistent with naming data
items, data tables, files, folders and even objects in
the analyses across TREs. Consistent naming con-
ventions helps to order files easily and makes the
contents and relationships among data items, tables,
and elements of the analyses understandable and
searchable.

4. Data cleaning, merging, and transforming rules
should be done via scripts, not manually. This is
particularly important when multiple research team
members have access to the data and make modifica-
tions. Coding all the relevant rules can be challenging
but saves time in the long term.

5. Closely documenting the processes used for data har-
monisation is necessary for transparency, reproduc-
ibility and sustainability. All derivations from the data
sources should be documented with a clear descrip-
tion of all the data cleaning rules and the rationale for
deriving new variables.

6. Tools used for documentation and visualisation of
the data preparation process (such as Miro, and R
Markdown) facilitate communication by visualising
and explaining complex relationships, dependencies
and levels of preparation in the data and analytical
pipeline so that both the team completing the steps
and the users that utilise the output from the pipe-
line have a transparent and clear understanding of
the end-to-end process, and where to access various
code and files at the various stages and layers. This
includes version control of all statistical analyses and
data management code, documentation, and other
files and generated data and outputs.

Additional opportunities exist to refine further and
develop the pipelines, methods, and approaches within
the CVD-COVID-UK consortium. These include but are
not limited to: the development of new RRDA’s, which
encapsulate specific data sources or combinations of data
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sources around specific themes or requirements that
other users and future research studies would benefit
from accessing as a ready-to-use data table rather than
just the code or components of the code; establishing fur-
ther phenotypes and harmonisation strategies, including
code and notebook templates for analytical and statistical
requirements; expanding the harmonisation to additional
data sources within the existing TREs and accessing and
deploying the methodologies into new TREs around the
UK and worldwide.

Conclusion

We implemented a collaborative, transparent, and repro-
ducible process to generate valuable harmonised EHRs
for Wales to be used (within the CVD-COVID-UK pro-
gramme) for research on COVID-19 and its relation-
ship with CVD for the population of Wales and England.
This paper describes challenges for harmonising EHRs
between TREs and the harmonisation process used to
address these challenges for SAIL Databank and the NHS
Digital TRE for England, as well as best practices and
recommendations for retrospective data harmonisation
across these TREs. More broadly, it provides an example
of how large-scale multi-national collaborations can suc-
cessfully implement and document retrospective harmo-
nisation to generate comparable demographic and health
indicators.
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