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Abstract

Purpose: Heterogeneous results from multi-database studies have been observed,
for example, in the context of generating background incidence rates (IRs) for adverse
events of special interest for SARS-CoV-2 vaccines. In this study, we aimed to
explore different between-database sources of heterogeneity influencing the esti-
mated background IR of venous thromboembolism (VTE).

Methods: Through forest plots and random-effects models, we performed a qualita-
tive and quantitative assessment of heterogeneity of VTE background IR derived
from 11 databases from 6 European countries, using age and gender stratified back-
ground IR for the years 2017-2019 estimated in two studies. Sensitivity analyses
were performed to assess the impact of selection criteria on the variability of the
reported IR.

Results: A total of 54 257 284 subjects were included in this study. Age-gender
pooled VTE IR varied from 5 to 421/100 000 person-years and IR increased with
increasing age for both genders. Wide confidence intervals (Cls) demonstrated con-
siderable within-data-source heterogeneity. Selecting databases with similar charac-
teristics had only a minor impact on the variability as shown in forest plots and the
magnitude of the I? statistic, which remained large. Solely including databases with
primary care and hospital data resulted in a noticeable decrease in heterogeneity.
Conclusions: Large variability in IR between data sources and within age group and
gender strata warrants the need for stratification and limits the feasibility of a mean-
ingful pooled estimate. A more detailed knowledge of the data characteristics, opera-
tionalisation of case definitions and cohort population might support an informed

choice of the adequate databases to calculate reliable estimates.

Key Points
1. Using a multi-database approach provides a more accurate picture of true IRs, as there may
be large clinical differences underpinning the variability in the estimates across different

databases.
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1 | INTRODUCTION

2. After mitigating unwanted heterogeneity through harmonization of database characteristics,
there might still be some heterogeneity present, but this should be considered as a source of
knowledge; our study confirmed prior knowledge that VTE backgrounds IRs were different
dependents on the age and gender of the individual.

3. The level of the heterogeneity in estimates depends on differences in database characteris-
tics. In our study, databases collecting data from different parts of the health-care systems
were the largest contributors to heterogeneity in estimates.

4. When heterogeneity is present, a careful trade-off has to be made for the choice of IR,
between stratified estimates or a pooled estimate, to support use in pharmacoepidemiologi-
cal and regulatory evaluation.

5. To attenuate heterogeneity, a pre-screening of database characteristics through a meta-
dataset and adequate analytical tools at study design stage might be considered.

Plain Language Summary

Real-world data collected in everyday clinical practice can complement information used in reg-
ulatory decision-making and provide evidence to support the benefit-risk assessment of medi-
cines. To improve the added value of real-world data for regulatory decision-making, regulators
pool information from multiple databases to provide a more accurate picture of the outcome of
interest. However, there is regularly variability, also called heterogeneity, in study outcomes
when using data from different databases and this poses challenges for interpretation and com-
munication. In this study, we examined incidence rates of venous thromboembolism, identified
as a potential side effect for some COVID-19 vaccines, derived from multiple databases. We
investigated how differences in database characteristics might cause variation between rate
estimates and concluded that the largest contributor to heterogeneity was the use of data from
different health-care settings. Understanding which database characteristics contribute to vari-
ability can allow to mitigate variation. This can be done by selecting databases with similar data
characteristics, such as harmonised codes to refer to clinical outcomes and comparable selection
criteria for participants and by using appropriate statistical methods to analyse the variability.
Overall, our study provides an overview of the complexity of real-world evidence and can be

used to better understand and analyse sources of variability.

Even though the benefits of using multiple data sources cannot

be denied, data from those sources should not be pooled without a

In the past two decades, the usage of large health-care databases has
increased greatly.! Regulatory agencies such as the European Medi-
cines Agency (EMA) and the US Food and Drug Administration (FDA)
have highlighted the value of real-world data (RWD) in medicines reg-
ulation.>® In Europe, the initiation of the Data Analysis and Real
World Interrogation Network (DARWIN EU),* as well as the European
Health Data Space are changing the landscape of real-world evidence
(RWE) generation towards multi-database studies.

While there are already a number of advantages in using RWD in
regulatory decision-making, those benefits can be improved by using
more than one data source.® Trivially, incorporating data from multiple
data sources in an analysis will increase sample size. This can be cru-
cial in situations with low event counts, such as for estimating the
incidence rates (IRs) of a rare disease. While observational data are
more generalizable to the real world than randomised controlled trials,
the level of generalizability can be even further increased, by covering
a broader and more representative population, thus possibly mitigat-
ing selection biases that are specific to single databases and by allow-
ing for the quantification of true differences between populations.

preliminary assessment of the suitability of pooling data, due to inher-
ent differences in their characteristics. Simulations have shown
increased risks of false-positive and false-negative safety signals when
pooling data from multiple databases.® This heterogeneity can have
multiple forms, some of which are desirable for understanding true
differences in outcomes event rates, while others make interpretation
of results and decision-making regarding selection of suitable back-
ground rates for specific purposes such as observed-to-expected ana-
lyses for vaccines highly challenging.”

Sources of heterogeneity can be categorized into three types:
measurement heterogeneity, information heterogeneity (both may be
considered methodological heterogeneity), and true heterogeneity
(also called clinical heterogeneity).® While measurement (e.g., clinical
classification systems) and information heterogeneity (e.g., granularity
of clinical codes) can generally be considered undesirable, clinical het-
erogeneity has its value, for example, by improving external validity of
results or understanding differences in prescription patterns or impact
of risk minimisation measures (RMMs) between different geographical
regions, health-care systems or behaviours. However, to understand
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heterogeneity, it is important to use appropriate tools to detect,
report and account for it.

During the COVID-19 pandemic, RWD rapidly provided impactful
evidence on safety and effectiveness of therapeutics and vaccines.”
This included the generation of background IR for adverse events of
special interest (AESIs) for COVID-19 vaccines.'® Those background
rates continue to be used in observed-to-expected analyses to esti-
mate the expected number of cases in the general population prior
introduction of COVID-19 vaccination, or during SARS-CoV2 circula-
tion in non-vaccinated populations.

The list of AESIs included the concepts of deep vein thrombosis
(DVT) and pulmonary embolism (PE). These two concepts make up
the term venous thromboembolism (VTE).}* EMA pharmacovigilance
activities identified VTE as a possible adverse event of Jcovden (for-
mer COVID-19 Vaccine Janssen)*? and listed VTE as an adverse event
of Vaxzevria.'® Background rates were used to calculate the excess
number of cases potentially linked with these vaccines. However, the
reported background rates showed large differences between EU
countries as reflected through national health-care records.1*>

The objective of this study was to explore data characteristics
that trigger heterogeneity in IR through both descriptive and statisti-
cal measures, using VTE as a case study. This investigation will further
provide support in selecting adequate statistical methods for handling
heterogeneity when pooling observations to derive meaningful pooled
estimates to support regulatory decision-making.

2 | METHODS
21 | Data

To demonstrate an analytical workflow for handling heterogeneity
between databases, we selected VTE, a safety concern listed for a
class of COVID-19 vaccines, as a case study.

In order to assess potential adverse reactions related to approve
COVID-19 vaccines in the EU, EMA-funded two studies through large
research consortia: the ACCESS project with University Medical Center
Utrecht and the EU PE&PV Research Network'>*¢ and a study by ERAS-
MUS University Medical Center'” to generate aggregated background IRs
of AESIs, including VTE. Both consortia reported background IRs from
multiple databases stratified by age group and gender, using the same
eight age categories. IRs were estimated by dividing the number of inci-
dent cases by the total person-time at risk, with individuals entering the
study cohort on their first visit after January 1, 2017, and being followed
until the outcome, exit from the database or end of the study period. The
study period covered 2017-2020. In the ACCESS protocol, the study
population included all individuals who were observed in the databases
for at least 1 day during the study period (January 1, 2017 to last date
available) and who had at least 1 year of data availability before cohort
entry, except for individuals <1 year of age with data available since birth.
In the ERASMUS protocol, the study population was defined slightly dif-
ferent people observed on January 1 2017, January 1, 2018, or January
1, 2019 had to be observed continuously for at least 365 days with no

event before this observation date. Ninety-five percent of Cls were calcu-
lated using an exact method described by Ulm.2®

Case definitions for VTE were developed by the researchers inde-
pendently. ACCESS utilized the CodeMapper tool*? to find harmo-
nized definitions across coding systems. The full list of included
concepts and details on its generation process is publicly available.?°
Through using the OMOP common data model for its analyses, clinical
codes in databases to which ERASMUS has access to were mapped to
the SNOMED system, ensuring harmonized case definitions. The list
of clinical codes included by ERASMUS can be accessed in the ATLAS
application.?! Table A1l in the appendix shows included ICD10 codes
for both ACCESS and ERASMUS. Only ICD10 codes are shown since
both research organisations harmonized their definitions across cod-
ing systems. For both PE and DVT, the definition by ACCESS includes
a broader range of concepts. For PE, the additional concepts are
related to septic PE. The additional concepts for DVT mostly corre-
spond to phlebitis, thrombophlebitis and DVT related to pregnancy.
As described in a report by the FDA,?2 there are no clear guidance on
whether these concepts should be included or not.

A short overview of the databases is provided in Table 1. Further
details, including demographic characteristics and total population, are
provided in the corresponding published reports.}>¢ All databases
are listed in the ENCePP research database, which also shows a list of
relevant research publications they have been used in. For three data-
bases (PHARMO, BIFAP, and SIDIAP), the IR had been estimated both
on the total population and on the subset of subjects with linked pri-
mary care and hospital records (PC-H linkage). For the primary analy-
sis, the total population estimates were used.

The data included the years 2017-2019. ACCESS reported IRs by
year; hence, rates were pooled based on counts to match the data
structure of ERASMUS, who reported only combined estimates for all
years. Data from the Danish registries (DCE-AU) were reported only
for the years 2010-2013 and thus were not included in the analysis.
For the PHARMO database, only data for 2017 and 2019 was
reported, due to an error in the imputation of a subset of data for
2018; BIFAP data with hospital linkage were only reported for
2017-2018.

2.2 | Analysis

We used forest plots to visualize heterogeneity, displaying estimated
IRs as squares with Cls for each database. The size of the squares is
proportional to the precision of the estimate.

A random-effects meta-analysis, using the restricted maximum
likelihood (REML) estimation method, was performed on the log scale
of the IRs to calculate a summary estimate and to quantify the level of
heterogeneity, thereby allowing for heterogeneity between databases,
which is more realistic than assuming that the true value of the esti-
mand is exactly the same for each database.

To quantify the absolute value of this heterogeneity, we reported
estimates of 72 measuring the ‘dispersion of true effect sizes between

studies in terms of the scale of the effect size’?® and I?> measuring
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TABLE 1 Overview of main characteristics by data source.
Type of data source/health
care system: Primary care Clinical Classification
Consortium  Region (PC) or Hospital (H) data Study population  Coding system
PHARMO ACCESS Netherlands H 9 184 832 ICD10
PHARMO ACCESS Netherlands PCand H 496 197 ICPC (PC), ICD10 (H)
BIFAP ACCESS Spain PC 10 266 468 SNOMED, ICD?9
BIFAP ACCESS Spain PCand H 4423 843 SNOMED, ICD9 (PC), ICD10 (H)
SIDIAP ACCESS Catalonia (Spain) PC 6205 573 ICD10
SIDIAP ACCESS Catalonia (Spain) PCand H 1 758 239 ICD10
FISABIO ACCESS Valencia region (Spain)  PC and H 5886 560 ICD9, ICD10
PEDIANET ACCESS Italy PC 181 290 ICD9
ARS ACCESS Tuscany (ltaly) PC and H 3 067 602 ICD9
CPRD GOLD ACCESS United Kingdom PC 4 688 710 READ, SNOMED
CPRD GOLD ERASMUS United Kingdom PC 3 913 071 READ
IQVIA DA Germany  ERASMUS Germany PC 8 459 098 ICD10
IQVIA LPD France ERASMUS France PC 3 951 633 ICD10
IPCI ERASMUS Netherlands PC 1 299 288 ICPC
IQVIA LPD lItaly ERASMUS Italy PC 1 066 230 ICD9
SIDIAP ERASMUS Catalonia (Spain) PCand H 1 909 814 ICD10

Abbreviations: ARS, Agenzia Regionale di Sanita Toscana; BIFAP, Base de Datos para la Investigacion Farmacoepidemiologica en Atencian Primaria; CPRD,
clinical practice research datalink; DA, disease analyzer; FISABIO, Fundacion para el Fomento de la Investigacion Sanitaria y Biomédica de la Comunitat
Valenciana; IPCI, integrated primary care function; LPD, longitudinal patient data; SIDIAP, Sistema d'Informacié per al Desenvolupament de la Investigacio

en Atenci6 Primaria.

what proportion of variation in the observed effects is due to varia-
tion in true effects, that is, due to inherent differences between the
investigated data sources rather than sampling error.2* Borenstein
et al.’® stress that |2 represents a proportion rather than an absolute
value. Therefore, we estimated the level of heterogeneity in compari-
son with statistical variability rather than heterogeneity itself. In addi-
tion, a prediction interval was calculated.?® Such an interval combines
uncertainty due to sampling variation and due to heterogeneity to
provide an approximate range of true values.

Finally, based on the available metadata characteristics of each of
the included databases (see Table 1), several supplementary analyses
were performed omitting or selecting a set of databases meeting
selected criteria, aiming to reduce potential unwanted measurement
and information heterogeneity, in order to assess more accurately
true differences in subject-level data (i.e., true heterogeneity). These
exploratory analyses allowed determining the contribution of each
database characteristic to the heterogeneity in IR across databases.

The following supplementary analyses were performed:

a. Restricting the analysis to a subpopulation; only those databases
with linkage between primary care and hospital data can provide
information on the influence of the health-care setting (i.e., type of
data source). Including data sources with only primary care data
might lead to underestimation in case of in-patient diagnosis. Data
sources with only hospital data may underestimate the events in
case of out-patient diagnosis.

b. Restricting the analysis to only those databases using the same
clinical classification system for diseases. In this study we included

only databases that used the International Clinical Classification of
Disease (ICD10)? to diagnose VTE as it is the most widely used
vocabulary among the available data sources.

c. Restricting the analysis to databases with homogeneous case defi-
nition. Table A1 in the appendix specifies the ICD10 codes used to
diagnose VTE in the two studies. We performed separate analyses
by study, that is, ACCESS and ERASMUS, to explore differences in
case definitions and population selection criteria.

d. The analyses were performed using the R software?” package

meta.?®

3 | RESULTS

A total of 60 080 169 subjects contributed to the 13 databases. See
Tables A2 and A3 for an overview of the reported IRs stratified by
age category and gender, by database and by study.

Two databases (CPRD GOLD and SIDIAP) were used in both
studies by both consortia. Differences in defining the study cohort
resulted in the cohort entry criteria not being identical. After removing
the duplicated databases, a total of 54 257 284 subjects derived from
11 databases were included in the main analysis, representing collec-
tively all age and gender subgroups from six countries.

As the first step, we display the age-gender-database-specific IR
estimates in a forest plot (Figure 1) using total population estimates.
The forest plot showed a relatively large amount of heterogeneity
between databases and within strata of age groups and gender. While
for the 0-19 age group the IRs appeared to be in the same order of
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magnitude, with increasing age and increasing IRs the heterogeneity
increased. In the 80+ age group, estimates ranged from <100 to
>1 000 per 100 000 person-years. There did not seem to be a large
difference in heterogeneity between gender categories. Two data-
bases, LPD France and PHARMO, showed considerably lower esti-
mates than the other databases in most age groups. The Dutch IPCI
database, on the other hand, showed the highest estimates, especially
for younger age groups and women. We generally observed consis-
tent ranking of IR estimates across age groups, that is, across strata
estimates are consistently high or low relative to the other databases.

Next to the age-gender-database-specific IRs, age-gender IRs
from meta-analyses were calculated. In our study, the meta-analysis
estimated IR of VTE from 5 to 421 per 100 000 person-years depend-
ing on age-gender strata. The wide confidence interval of the sum-
mary (i.e., pooled) measure identified even within each stratum large
patient-level differences. Table A4 in the appendix displays the age-
gender IR estimates and Cls of the pooled measure for VTE from
meta-analyses.

Figure Al in the appendix shows the calculated prediction inter-
val for the primary analysis. The prediction intervals for each age-
gender group were notably high confirming the substantial
population-level heterogeneity observed across data sources.

Table 2 shows the estimated I? and z? values by age-gender stra-
tum. The values for I? indicated that a majority of the observed

variability is due to differences between databases rather than ran-
dom sampling error. Supporting the impression from the forest plot,
we observed an increasing estimate of I? with increasing age in both
sexes. There did not seem to be an age-related trend in the estimates
of 72, but estimates for 72 appear to be lower for males than for

females.

3.1 | Sensitivity analyses

In the first sensitivity analysis, we restricted the databases to those
with PC-H linkage (Figure 2). The forest plot demonstrates a relatively
large decrease in heterogeneity when restricting the analysis to data-
bases with PC-H linkage, across all age groups. It became apparent
that this restriction of databases primarily leads to low estimates
being excluded from the analysis. In Table A5 in the appendix, which
lists I? and 72 estimates for all sensitivity analyses, we noticed lowered
I? estimates especially for younger age groups and considerably low-
ered 72 values for all age groups. Figure 3 did not imply any reduction
in heterogeneity when restricting the analysis to databases using ICD
10 codes to diagnose VTE. Both range and distribution of estimates
were similar to the primary analysis. The same was true for estimates
of I? and 7. Figure 4a, b showed forest plots of the analysis consider-
ing data from ACCESS and ERASMUS separately. Note that due to
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TABLE 2 Age-gender-stratified I and 72 estimates from meta-

analyses.
Age Gender
0-19 Female
0-19 Male
20-29 Female
20-29 Male
30-39 Female
30-39 Male
40-49 Female
40-49 Male
50-59 Female
50-59 Male
60-69 Female
60-69 Male
70-79 Female
70-79 Male
80+ Female
80+ Male

FIGURE 2 Age-gender-database-
specific IR estimates and 95% Cls for VTE
in databases with PC-H linkage. *Due to
the Cls being too small compared with the
size of the square, some of the Cls are not
noticeable in the figure.

2

0.872
0.921
0.983
0.954
0.992
0.981
0.996
0.991
0.997
0.995
0.998
0.996
0.998
0.997
0.998
0.997

20-29
20-29
30-39
30-39
40-49
40-49
50-59
50-59
60-69
60-69
70-79
70-79
80+

80+

0.253
0.376
0.531
0.381
0.626
0.423
0.600
0.367
0.517
0.299
0.473
0.309
0.527
0.358
0.735
0.625

Female
Male
Female
Male
Female
Male
Female
Male
Female
Male
Female
Male
Female
Male
Female

Male

including the estimates from both the total population and the sub-
population with PC-H linkage, there was some dependence between
the estimates of BIFAP, SIDIAP, and PHARMO. For ACCESS, the hos-
pital database PHARMO showed far lower estimates than all other
databases included. This could be linked to an oversampling of the
denominator. Apart from this, visually there seemed to be some
reduction in heterogeneity. Data from ERASMUS and ACCESS
showed a similar amount of heterogeneity; the forest plots indicate
that estimates from ERASMUS are spread more equally, while the
PHARMO hospital data differ strongly from the other estimates
within ACCESS.

4 | DISCUSSION

This study explored heterogeneity in background IRs of VTE reported
from 11 data sources spanning six EU countries and derived from two
observational studies, by focusing on the database as a source of het-
erogeneity. Through investigating data source characteristics poten-
tially introducing differences in estimated IRs, our aim was to

investigate the amount of unwanted (i.e, methodological)
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heterogeneity or uncertainty between data sources to provide more
valid conclusions for safety surveillance activities. Data sources used
in this study were mostly from primary care settings, partly with link-
age to hospital data. The study used aggregated background IRs of
VTE, considered a relevant AESI for a class of EU-approved COVID-
19 vaccines.

Substantial heterogeneity in the background IRs was observed
between all included data sources, in addition to observed within-data-
source differences across age groups and genders. Age was the main con-
tributor to the heterogeneity as shown in our study. Overall, it was
observed that background rates increased with increasing age with no
clear pattern in IR between males and females. The observation of
increased IRs with increasing age is in line with another study on VTE,?’
with the same study also suggesting a difference in IR between genders:
IRs increase markedly with age for men and women; the overall age-
adjusted IR is higher for men (130 per 100 000) than women (110 per
100 000). The observed heterogeneity in the different age-gender strata
is a source of information that leads to a better understanding of the bur-
den of VTE in the general population. However, as demonstrated through
the summary estimate and Cls, we still found substantial heterogeneity
between data sources within each stratum, suggesting that there still
might be unobserved patient-level heterogeneity and therefore a single

estimate for each stratum might be inaccurate.

In an attempt to understand the contribution of database charac-
teristics to the reported heterogeneity, we performed several explor-
atory analyses. Our databases included data derived from both
hospital and primary care settings. In all data sources, when estimating
background rates, it is important to consider how the population
denominator was derived. When linking data between the two set-
tings, depending on the mechanism of linkage, there is a risk of only
capturing those subjects that had a hospital visit recorded, which
could lead to biased estimates. Restricting the databases that included
a link with hospital (PC-H linkage) resulted in a moderate decrease in
the reported variability. Alongside, we did not see a decrease in het-
erogeneity using only databases that used the ICD-10 vocabulary
demonstrating that the type of vocabulary used for clinical classifica-
tion of VTE could not be identified as a major source of heterogeneity.
Differences in background rates remained between the two studies
even if the time at risk in which the rates were collected and age-
gender subgroup definitions and analytical methods were similar.
Comparing more closely the methodology applied in the two studies,
differences in case definitions were noted, with some clinical codes
only included in one of the studies (Table A1l in the appendix). The
inclusion and exclusion criteria for individuals also differed, leading to
non-identical study populations even when within the same data

source. Since we did not find any systematic differences in estimates
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between the two consortia, it is unlikely that differences in case defi-
nition or inclusion criteria had a large influence on observed
heterogeneity.

When quantifying heterogeneity using the statistical measure [?,
a considerable amount of heterogeneity (close to 100%) is reported.
The large values of I? are not surprising, as the large sample sizes in
every database imply small variance estimates. In particular the I? esti-
mates in the 0-19 age group seem to be influenced by this fact: due
to a larger sample size, the variance is lower than for the other age
groups, leading to I? estimates that appear too high in comparison
with the other age groups when looking at the forest plot.

In this study, we have calculated pooled estimates for the primary
analyses. However, when large heterogeneity is present, focusing on
a pooled estimate is not advisable, given that the pooled estimate will
derive largely from the particular choice of databases and the relative
weights associated with each database.*° Following the classification
in Deeks et al.? it is not advised to combine the estimates if the value
of I? was estimated to be larger than 90%. In addition, when reporting
the results after combining estimates, attention needs to be given to
uncertainty quantification. In addition to the common risk of misinter-
pretation for Cls,®! Cls for random-effects meta-analyses are easily
misinterpreted to quantify dispersion of study effects. However, Cls
only represent the uncertainty in estimating the mean effect size, not
taking into account variability due to different database characteris-
tics. This means, that Cls are always smaller than the range of
observed estimates.

A major strength of this study is the use of data aggregated from
a large number of data sources independently provided by two
research consortia using the same calculation method to estimate the
IRs. This enabled the exploration of database-specific aspects related
to heterogeneity. From 11 databases, 54 257 284 subjects contrib-
uted to the main analysis; with the databases spanning a large part of
Europe, this can be considered a representative sample of the total
population.

The above exploratory analyses show that even when certain
database characteristics are harmonized, significant heterogeneity is
still present. A limitation of our study is that only aggregated data was
available which prevented us from investigating potential sources of
heterogeneity attributable to patient characteristics. For instance,
comorbidities may have an influence on IRs.>2 A final limitation is that
clinical validation of the diagnosis codes was not performed in these
studies which might have led to different frequencies of misclassifica-
tion or underreporting of VTE cases, which may affect estimates of
heterogeneity.3?

This study highlights the challenges regarding the varying levels
of available information about database characteristics and the diffi-
culty to identify sufficiently detailed information about the data
sources. For example, some differences can only be explored through
subject matter expertise about the corresponding health-care sys-
tems. Health-care systems might differ between regions, implying
possible differences in the probability of recording certain events
even in the same health-care setting. The process of clinical coding

could also influence the quality of recording, with different levels of

quality control or incentives for correct coding. With the large level of
observed heterogeneity, an important recommendation is to use the
same databases when comparing estimates at different time-points,
for example, for pre- or post-exposure IRs of AESI.

The above considerations highlight the necessity for careful
assessment of the suitability of databases to include in multi-database
studies. In the two studies, a variety of databases was included
because many different AESIs were considered simultaneously. For a
study on a specific outcome, more specific restrictions on the data-
bases should be placed a priori. In our study we have observed that
the type of data source is one of the most important considerations.
Based on subject matter knowledge or available validation studies, it
should be evaluated in which type of setting the most accurate esti-
mation is possible.

Our analysis also highlights the importance of unified case defini-
tions and inclusion and exclusion cohort criteria to select adequate
data sources in multi-database studies. This is evidenced in this study
by the CPRD data source used by both study groups to address the
same objective, but with a difference of 17% in the total number of
individuals included in the study cohort, most likely related to differ-
ences in the operationalization of case definitions.

It is important to note that the methods used for detecting and
addressing heterogeneity should be specified before starting any
meta-analysis. When the forest plot show outliers among observed
rates, it can be tempting to exclude the corresponding databases from
the analysis without further investigating causes for outliers. This
practice is, however, likely to introduce bias and should be avoided in
most situations. Criteria for excluding certain databases should be
specified prior to performing the analysis, but even then, it is advis-
able to also present results with the excluded databases, as a sensitiv-
ity analysis. In parallel, the choice of method for handling
heterogeneity should also be prespecified, conditional of the outcome
of the method for detecting heterogeneity. Also, it is preferable that
the method for estimating the meta-analysis model and its statistical
heterogeneity (e.g., REML), the methods for quantifying Cls (e.g., the
Hartung-Knapp and Sidik-Jonkman modifications to the Wald
method) and prediction intervals are prespecified.>*

More specifically, exploring the level of heterogeneity using mul-
tiple databases must be considered if these rates are intended to be
used to support safety signal detection activities and to avoid mislead-
ing recommendations. One of the current initiatives is the DIVERSE
project with the aim to develop guidelines for the identification, col-
lection and reporting of heterogeneity in multi-database studies.3* In
addition, EMA's list of metadata for Real World Data catalogues,%
which will be the basis of a catalogue of RWD sources, will provide
researchers with standardized, relevant information about databases
to use for RWE studies. Another approach would be to develop a set
of metrics to measure database heterogeneity or to develop pheno-
type libraries to identify important variables in different databases.
For instance, Ostropolets et al.?2 quantify factors influencing IRs
through a set of sensitivity analysis using patient level data. Finally,
the use of SNOMED CT (systematized nomenclature of
medicine - clinical terms),%’ a terminology that can cross-map to other
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classifications and code systems, may reduce the variability among
estimates derived from different data sources. Nonetheless, the map-
ping of original coding systems to SNOMED may not reduce the het-
erogeneity as such, but may merely conceal possible heterogeneity
introduced by different classification systems to operationalize the
case definition of VTE. This is evidenced in this study by the ERAS-
MUS data sources, where still large variability in the estimates is seen
even when converted to SNOMED.

5 | CONCLUSION

Our study revealed large variability in estimated age-gender-stratified
background IRs of VTE between different databases, demonstrating
the presence of one or several sources of heterogeneity. Restricting
the databases to similar health-care settings contributed to less vari-
ability in the reported rates. Still, variability was present, triggered
most likely by presence of analytical heterogeneity through differ-
ences in the case definitions and population cohorts as defined in the
protocols used by the two study groups. The use of HARPER (harmo-
nized protocol template to enhance reproducibility)®® to operationa-
lize code definitions will improve the creation of unambiguous clinical
codes in studies integrating data from multiple data sources.

Our study can be utilized to better understand the complexity of
RWE and to illustrate the importance of a cautious selection of data-
bases, based on their characteristics, so that the observed heteroge-
neity represents true differences, to ultimately improve the reliability
of RWE. Our findings should be considered in context of similar ana-

lyses with other databases and in other settings.
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TABLE A1 ICD-10 codes used by ACCESS and ERAMUS to TABLE A1 (Continued)
diagnose VTE. .
Coding
Coding system Code Code name
system Code Code name ERASMUS®
ACCESS* ICDIOCM 12602  Saddle embolus of pulmonary artery with
ICD10CM 126 pulmonary (acute) (artery)(vein) acute cor pulmonale
thromboembolism ICD10CM  126.09 Other pulmonary embolism with acute cor
ICD10CM 126 Pulmonary embolism pulmonale
ICD10CM 180 Phlebitis and thrombophlebitis ICD10 126.9 Pulmonary embolism without mention of
ICD10CM 181 Portal vein thrombosis acute cor pulmonale
ICD10CM 182 Other venous embolism and thrombosis ICDI10CM 26,9 Pulmlonarylembollsm without acute cor
pulmonale
ICD10CM 008.2 Embolism following ectopic and molar .
pregnancy ICD10CM  126.92 Saddle embolus of pulmonary artery without
acute cor pulmonale
ICD10CM 0223 Deep phlebothrombosis in pregnancy . .
ICD10CM  126.93 Single subsegmental pulmonary embolism
ICD10CM 087.1 Deep phlebothrombosis in the puerperium without acute cor pulmonale
Coding ICDIOCM  126.94 Multiple subsegmental pulmonary emboli
system Code Code name without acute cor pulmonale
ERASMUS® S
ICD10CM  126.99 Other pulmonary embolism without acute
ICD10 126 Pulmonary embolism cor pulmonale
ICDI10CM 126 Pulmonary embolism ICD10CM  180.21 Phlebitis and thrombophlebitis of iliac vein
ICD10 126.0 Pulmonary embolism with mention of acute ICD10CM  180.219  Phlebitis and thrombophlebitis of
cor pulmonale unspecified iliac vein
ICD10CM  126.0 Pulmonary embolism with acute cor ICD10 182.2 Embolism and thrombosis of vena cava

pulmonale

(Continues)

(Continues)
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TABLE A1l

Coding
system
ERASMUS®
ICD10CM
ICD10CM
ICD10CM
ICD10CM
ICD10CM
ICD10CM

ICD10CM

ICD10
ICD10CM
ICD10CM

ICD10CM

ICD10CM

ICD10CM

ICD10CM

ICD10CM

ICD10CM

ICD10CM

ICD10CM

ICD10CM

ICD10CM

ICD10CM
ICD10CM

ICD10CM

ICD10CM

ICD10CM

ICD10CM

ICD10CM

RUSSEK ET AL.

(Continued)

Code Code name

182.2 Embolism and thrombosis of vena cava and
other thoracic veins

182.21 Embolism and thrombosis of superior vena
cava

182.210  Acute embolism and thrombosis of superior
vena cava

182.211  Chronic embolism and thrombosis of
superior vena cava

182.22 Embolism and thrombosis of inferior vena
cava

182.220  Acute embolism and thrombosis of inferior
vena cava

182.221  Chronic embolism and thrombosis of inferior
vena cava

182.3 Embolism and thrombosis of renal vein

182.3 Embolism and thrombosis of renal vein

182.4 Acute embolism and thrombosis of deep
veins of lower extremity

182.40 Acute embolism and thrombosis of
unspecified deep veins of lower extremity

182.401  Acute embolism and thrombosis of unspecified
deep veins of right lower extremity

182.402  Acute embolism and thrombosis of
unspecified deep veins of left lower
extremity

182.403  Acute embolism and thrombosis of unspecified
deep veins of lower extremity, bilateral

182.409  Acute embolism and thrombosis of
unspecified deep veins of unspecified
lower extremity

182.41 Acute embolism and thrombosis of femoral vein

182.411  Acute embolism and thrombosis of right
femoral vein

182.412  Acute embolism and thrombosis of left
femoral vein

182.413  Acute embolism and thrombosis of femoral
vein, bilateral

182.419  Acute embolism and thrombosis of
unspecified femoral vein

182.42 Acute embolism and thrombosis of iliac vein

182.421  Acute embolism and thrombosis of right iliac
vein

182.422  Acute embolism and thrombosis of left iliac
vein

182.423  Acute embolism and thrombosis of iliac vein,
bilateral

182.429  Acute embolism and thrombosis of
unspecified iliac vein

182.43 Acute embolism and thrombosis of popliteal
vein

182.431  Acute embolism and thrombosis of right

popliteal vein

TABLE A1

Coding
system
ERASMUS®
ICD10CM
ICD10CM
ICD10CM
ICD10CM
ICD10CM
ICD10CM
ICD10CM
ICD10CM

ICD10CM

ICD10CM

ICD10CM

ICD10CM

ICD10CM

ICD10CM

ICD10CM

ICD10CM

ICD10CM

ICD10CM

ICD10CM

ICD10CM

ICD10CM

ICD10CM

(Continued)

Code Code name

182.432  Acute embolism and thrombosis of left
popliteal vein

182.433  Acute embolism and thrombosis of popliteal
vein, bilateral

182.439  Acute embolism and thrombosis of
unspecified popliteal vein

182.44 Acute embolism and thrombosis of tibial
vein

182.441  Acute embolism and thrombosis of right
tibial vein

182.442  Acute embolism and thrombosis of left tibial
vein

182.443  Acute embolism and thrombosis of tibial
vein, bilateral

182.449  Acute embolism and thrombosis of
unspecified tibial vein

182.49 Acute embolism and thrombosis of
other specified deep vein of lower extremity

182.491  Acute embolism and thrombosis of other
specified deep vein of right lower
extremity

182.492  Acute embolism and thrombosis of other
specified deep vein of left lower extremity

182.493  Acute embolism and thrombosis of other
specified deep vein of lower extremity,
bilateral

182.499  Acute embolism and thrombosis of other
specified deep vein of unspecified lower
extremity

182.4Y Acute embolism and thrombosis of unspecified
deep veins of proximal lower extremity

182.4Y1  Acute embolism and thrombosis of
unspecified deep veins of right proximal
lower extremity

182.4Y2  Acute embolism and thrombosis of
unspecified deep veins of left proximal
lower extremity

182.4Y3  Acute embolism and thrombosis of
unspecified deep veins of proximal lower
extremity, bilateral

182.4Y9  Acute embolism and thrombosis of
unspecified deep veins of unspecified
proximal lower extremity

182.4Z Acute embolism and thrombosis of unspecified
deep veins of distal lower extremity

182.4Z1  Acute embolism and thrombosis of
unspecified deep veins of right distal
lower extremity

182.472  Acute embolism and thrombosis of
unspecified deep veins of left distal lower
extremity

182.4Z3  Acute embolism and thrombosis of

unspecified deep veins of distal lower
extremity, bilateral
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TABLE A1 (Continued) TABLE A1 (Continued)
Coding Coding
system Code Code name system Code Code name
ERASMUS® ERASMUS®
ICD10CM  182.4Z9  Acute embolism and thrombosis of ICD10CM  182.629  Acute embolism and thrombosis of deep
unspecified deep veins of unspecified veins of unspecified upper extremity
distal lower extremity ICDIOCM  182.81  Embolism and thrombosis of superficial
ICD10CM 1825 Chronic embolism and thrombosis of deep veins of lower extremities
veins of lower extremity ICD10CM  182.811  Embolism and thrombosis of superficial
ICD10CM  182.50 Chronic embolism and thrombosis of veins of right lower extremity
unspecified deep veins of lower extremity ICDI0CM  182.812  Embolism and thrombosis of superficial
ICD10CM  182.501  Chronic embolism and thrombosis of veins of left lower extremity
unspecificdideepiveinsiofinightiowen ICDI0CM  182.813  Embolism and thrombosis of superficial
extremity veins of lower extremities, bilateral
ICD10CM 182,502 Chronic e.n?bolism and.thrombosis of ICD10CM  182.819  Embolism and thrombosis of superficial
unspecified deep veins of left lower veins of unspecified lower extremity
extremity
ICD10CM  182.A Embolism and thrombosis of axillary vein
ICD10CM  182.503  Chronic embolism and thrombosis of . . .
unspecified deep veins of lower extremity, ICD10CM  182.A1 Acut.e embolism and thrombosis of axillary
bilateral vein
ICD10CM  182.509  Chronic embolism and thrombosis of ICD10CM  182. ACUt.e embo!ism and thrombosis of right
unspecified deep veins of unspecified All axillary vein
lower extremity ICD10CM 182. Acute embolism and thrombosis of left
ICDIOCM  182.59  Chronic embolism and thrombosis of other A12 axillary vein
specified deep vein of lower extremity ICD10CM  182. Acute embolism and thrombosis of axillary
ICD10CM  182.591  Chronic embolism and thrombosis of other Al13 vein, bilateral
specified deep vein of right lower ICD10CM  182. Acute embolism and thrombosis of
extremity A19 unspecified axillary vein
ICD10CM  182.592  Chronic embolism and thrombosis of other ICD10CM  182.B Embolism and thrombosis of subclavian vein
specified deep vein of left lower extremity ICDIOCM 18281  Acute embolism and thrombosis of
ICD10CM  182.593  Chronic embolism and thrombosis of other subclavian vein
sr:)ecified deep vein of lower extremity, ICD10CM  182. Acute embolism and thrombosis of right
bilateral B11 subclavian vein
ICD10CM  182.599  Chronic embolism and thrombosis of other ICD10CM 182 Acute embolism and thrombosis of left
specified deep vein of unspecified lower B12 subclavian vein
extremity
ICD10CM  182. Acute embolism and thrombosis of
ICD10CM  182.5Y Chronic embolism and thrombosis of B13 I
unspecified deep veins of proximal lower :
extremity ICD10CM  182. Acute embolism and thrombosis of
B19 unspecified subclavian vein
ICD10CM  182.5Y1  Chronic embolism and thrombosis of . . . .
unspecified deep veins of right proximal ICD10CM  182.C Emb9||sm and thrombosis of internal jugular
lower extremity el
ICD10CM  182.5Y2  Chronic embolism and thrombosis of ICD10CM  182.C1 Ac.ute embo!ism and thrombosis of internal
unspecified deep veins of left proximal jugular vein
lower extremity ICD10CM  182. Acute embolism and thrombosis of right
ICDI0CM  182.5Y3  Chronic embolism and thrombosis of S n =TT EIR TN
unspecified deep veins of proximal lower ICD10CM  182. Acute embolism and thrombosis of left
extremity, bilateral C12 internal jugular vein
ICD10CM  182.5Y9  Chronic embolism and thrombosis of ICD10CM  182. Acute embolism and thrombosis of internal
unspecified deep veins of unspecified C13 jugular vein, bilateral
proximal lower extremity ICD10CM  182. Acute embolism and thrombosis of
ICD1I0CM  182.62 Acute embolism and thrombosis of deep C19 unspecified internal jugular vein
veins of upper extremity
2ACCESS included all subcodes, whereas ERASMUS only used the listed
ICD10CM  182.621  Acute embolism and thrombosis of deep codes and not any unlisted codes
veins of right upper extremity bICD-10 codes not included by ERASMUS as compared to ACCESS are:
ICD10CM 182.622  Acute embolism and thrombosis of deep 126.01, 126.90, 180 and subcodes except 180.21 and 180.219, 181 and
veins of left upper extremity subcodes, 182, 182.0, 182.1, 182.29, 182.290, 182.291, 182.51-182.56 and
ICD10CM 182,623  Acute embolism and thrombosis of deep 182.5Z and subcodes, 182.6-182.7 and 182.9 and subcodes except 182.62

veins of upper extremity, bilateral

(Continues)

and subcodes, 182.B2 and 182.C2 and subcodes 008.02, 022.3, 087.1.
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Age
0-19
0-19
20-29
20-29
30-39
30-39
40-49
40-49
50-59
50-59
60-69
60-69
70-79
70-79
80+
80+

TABLE A5

Age
0-19
0-19
20-29
20-29
30-39
30-39
40-49
40-49
50-59
50-59
60-69
60-69
70-79
70-79
80+
80+

RUSSEK ET AL.
TABLE A4 Age-gender IR estimates and Cls for VTE from meta-
Estimate Lower Upper
5.697 4.095 7.924
4.322 2911 6.418
32.773 20.772 51.707
21.825 14.778 32.231
62.316 38.087 101.957
44.485 29.621 66.807
93.155 57.581 150.707
89.761 61.579 130.841
118.074 75.574 184.476
157.258 111.909 220.984
203.979 133.110 312.582
242.021 171.372 341.798
372.142 237.184 583.891
340.595 234.922 493.800
495.147 290.933 842.703
421.791 258.186 689.069
Age-gender-stratified I? and 72 estimates from meta-analyses for the different sensitivity analyses.
PC-H linkage ICD-10 code ACCESS ERASMUS
2 2 I? 2 ? 2 I? 2
0.771 0.145 0.894 0.506 0.851 0.177 0.944 0.521
0.539 0.019 0.928 0.588 0.927 0.309 0.896 0.479
0.942 0.293 0.961 0.328 0.975 0.345 0.988 0.573
0.731 0.042 0.936 0.245 0.950 0.351 0.966 0.290
0.971 0.178 0.985 0.481 0.990 0.443 0.994 0.570
0.904 0.084 0.954 0.208 0.980 0.383 0.983 0.250
0.985 0.184 0.991 0.485 0.993 0.406 0.996 0.554
0.958 0.070 0.976 0.204 0.990 0.322 0.990 0.235
0.988 0.149 0.994 0.463 0.995 0.366 0.995 0.392
0.970 0.042 0.991 0.218 0.994 0.213 0.992 0.199
0.989 0.086 0.997 0.445 0.996 0.321 0.995 0.305
0.968 0.035 0.995 0.286 0.995 0.205 0.994 0.215
0.988 0.045 0.998 0.468 0.997 0.335 0.996 0.304
0.951 0.014 0.997 0.320 0.999 0.226 0.994 0.232
0.967 0.019 0.998 0.368 0.998 0.631 0.994 0.228
0.970 0.018 0.997 0.343 0.997 0.521 0.991 0.222

Gender
Female
Male
Female
Male
Female
Male
Female
Male
Female
Male
Female
Male
Female
Male
Female

Male

Gender
Female
Male
Female
Male
Female
Male
Female
Male
Female
Male
Female
Male
Female
Male
Female

Male
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