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Abstract

Introduction
Recent years have seen an increase in linkages between survey and administrative data. It is important
to evaluate the quality of such data linkages to discern the likely reliability of ensuing research.
Evaluation of linkage quality and bias can be conducted using different approaches, but many of
these are not possible when there is a separation of processes for linkage and analysis to help preserve
privacy, as is typically the case in the UK (and elsewhere).

Objectives
We aimed to describe a suite of generalisable methods to evaluate linkage quality and population
representativeness of linked survey and administrative data which remain tractable when users of the
linked data are not party to the linkage process itself. We emphasise issues particular to longitudinal
survey data throughout.

Methods
Our proposed approaches cover several areas: i) Linkage rates, ii) Selection into response, linkage
consent and successful linkage, iii) Linkage quality, and iv) Linked data population representativeness.
We illustrate these methods using a recent linkage between the 1958 National Child Development
Study (NCDS; a cohort following an initial 17,415 people born in Great Britain in a single week of
1958) and Hospital Episode Statistics (HES) databases (containing important information regarding
admissions, accident and emergency attendances and outpatient appointments at NHS hospitals in
England).

Results
Our illustrative analyses suggest that the linkage quality of the NCDS-HES data is high and that
the linked sample maintains an excellent level of population representativeness with respect to the
single dimension we assessed.

Conclusions
Through this work we hope to encourage providers and users of linked data resources to undertake
and publish thorough evaluations. We further hope that providing illustrative analyses using linked
NCDS-HES data will improve the quality and transparency of research using this particular linked
data resource.
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Introduction

Over recent decades, the increasing availability of administrative
data, generally derived from the operation of administrative
systems, typically by public sector agencies [1], has led to
an expansion of research utilising these resources in the
UK and beyond [2–5]. Administrative data afford exciting
new opportunities for health [6] and social science research
[1], in particular to answer questions that require additional
information, large sample sizes or involve hard-to-reach
populations [7]. Data linkage is a tool for enhancing
administrative data, and refers to the process by which
information about the same entity that is recorded in
disparate data sources is brought together [8–11]. Use of
data linkage has increased over recent years, and there has
been a corresponding increase in the linkage of surveys
with administrative data, with the primary motivation being
to enhance the survey data in order to provide greater
opportunities for research [12]. Linkages between surveys and
administrative data provide the opportunity to harness the
richness of the self-reported survey data alongside the scale
and (often) detail of the administrative data, resulting in a
resource with greater potential for research than either data
source in isolation.

There are two main challenges associated with linked
survey-administrative data. First, linkage is generally undertaken
only for survey participants who have given explicit consent
(i.e. have provided permission, usually as part of the survey
data collection, for their administrative data to be linked to
their survey data). Consenters may not be representative of
the broader sample, with evidence that age, sex, ethnicity,
education and income are often related to the likelihood of
consent [13]. There is therefore the potential for selection
bias even in the presence of perfect linkage of administrative
data for consenters. Second, perfect linkage of administrative
data is unlikely in practice, raising further possibility of bias.
‘Linkage error’ describes missed links between records that
relate to the same person (‘missed matches’) or false links
between unrelated records (‘false matches’) [14]. These errors
can occur when there is a lack of a unique identifier (e.g., if
the National Health Service number is unavailable or not well
completed in the survey data), or when partial identifiers that
are collected such as date of birth, postcode or sex are recorded
incorrectly, change over time, or include missing values. This
is often the case with administrative data in the UK. The
problem of a lack of well-completed, unique identifiers can
be exacerbated by the simple deterministic linkage methods
most frequently used by linkage bodies in England [15]: more
sophisticated approaches such as probabilistic linkage are not
yet readily implemented [16].

Despite advances in linkage methods and improvements
in data quality over time [17], some degree of linkage error
or uncertainty therefore remains almost always inevitable
for linkages involving administrative data. Linkage error can
manifest as missing data, misclassification or measurement
error, or erroneous inclusion or exclusion of people from
an analysis [18]. Misclassification and measurement error
may cause information bias, whereas erroneous inclusion
or exclusion can lead to selection bias. Differential linkage
error, where some groups of individuals are more likely to
experience linkage errors than others, can lead to substantial

bias even when overall error rates are low [7]. There is a
large body of evidence that key participant characteristics are
often unevenly distributed in matched and unmatched records
[19], suggesting the potential presence of differential linkage
error. It is therefore important to examine how linkage errors
differ with respect to variables or characteristics of interest,
in order to understand the likely effect of bias on results,
and to assess whether additional methods may need to be
employed to try to address any potential biases. The details
of such methods are beyond the scope of the present paper,
but they include statistical adjustments based on estimated
error rates and distributions (quantitative bias analysis [20])
and probabilistic techniques involving imputation or weighting
[7, 18]. A simple example of a quantitative bias analysis would
be to consider the best- and worst-case scenarios for linkage
error, demonstrating the sensitivity of results to a range of
plausible assumptions [7].

Evaluation of linkage quality and linkage bias can be
conducted using a number of different approaches [21]. For
example, a ‘gold standard’ or training dataset can be used
to quantify false matches and missed matches, comparisons
of characteristics of linked and unlinked data can be used to
identify potential sources of bias, and sensitivity analyses can
be conducted to evaluate how sensitive results are to changes
in linkage procedure. However, since linkage of administrative
data in the UK (and other countries) typically requires a
separation of processes for linkage and analysis [22] to help
preserve privacy (as researchers do not have access to the
identifiers), it can be difficult for researchers to conduct a
comprehensive evaluation of linkage quality. For example,
high quality gold-standard data are rarely available, and
sensitivity analyses varying the linkage procedure requires the
involvement and cooperation of the data linkers, which is not
always possible. Information on the confidence in each link,
for example the match rank, could be requested from the
data linkers and used to conduct sensitivity analyses in which
records with linkage below a certain confidence threshold are
excluded, but this information may not always be available.
Comparisons of characteristics of linked and unlinked data
may therefore be the most viable option, though interpretation
is not straightforward in settings where all records within a
dataset are not necessarily expected to link to records in the
other dataset, for example when linking hospital records into
a general population master dataset [23].

Linkage of survey and administrative data provides an
alternative approach to evaluating linkage quality. If there
exist survey data collected on the survey participants which
capture similar information to that contained in the linked
administrative data, comparison of these variables at the
individual level allows on assessment of the extent to which the
two data sources are in agreement across the linked sample.
Interpretation of any discrepancies must consider whether each
data source can be assumed to provide a valid measure of the
intended underlying construct.

Representativeness of the linked data sample is also
an important issue to consider. This can be considered
in two different ways: whether the individuals within the
linked data sample are typical of individuals in the wider
survey sample, and whether they are typical of individuals
in the broader population that the administrative data
represent. Consideration of survey data relating to the wider
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survey sample and whole-population administrative data
can help us address these questions of representativeness.
A lack of representativeness may suggest the presence of
linkage errors [7]. However, there may be other sources of
discrepancy, including: selective consent to data linkage (i.e.
those consenting being systematically different to those not),
selection into initial survey participation (i.e. those included
in the survey at initiation being systematically different to
those not), and, for longitudinal studies, selective attrition
prior to linkage consent being sought (i.e. those remaining in
the survey being systematically different to those not). Using
external population-level data, in which the survey members
would not be identifiable, comparison must necessarily be at
the sample (or sub-sample), rather than individual, level: is the
distribution of the administrative variable in the linked sample
comparable to the distribution of the same variable in the
population?

In this paper we describe a suite of generalisable methods
to evaluate linkage quality and population representativeness
of linked survey and administrative data, emphasising
issues particular to longitudinal survey data. The proposed
approaches are particularly valuable in the setting where
users of the linked data are not party to the linkage process
itself. We illustrate these approaches using a recent linkage
between the 1958 National Child Development Study (NCDS;
a long-running British cohort study) [24] and Hospital Episode
Statistics (HES; a database of English hospital admissions,
attendances and appointments) data [25, 26]. This linkage
was conducted by NHS Digital using a deterministic linkage
method [27]. We utilise several different approaches for
evaluating linkage quality, using additional variables from
within NCDS and published population-level HES data. As
NCDS is a longitudinal cohort study, we are able to utilise
variables collected at different time points.

We examine the quality of the linkage in terms of the
associations between key cohort member sociodemographic
characteristics and successful linkage (i.e. having at least one
record linked to the survey data of a given cohort member).
We compare the levels of successful linkage within strata
of NCDS variables which may be expected, to a greater or
lesser extent, to be associated with hospital attendance, and
hence with successful HES linkage. We additionally evaluate
the population representativeness of the linked sample using
external population-representative data. One feature of linkage
to HES data is that cohort members may legitimately not have
a HES record (i.e. if they have not attended an NHS hospital
in England over the period being considered) – the links can
be ‘meaningfully interpreted’ [18]. In the absence of additional
contextual information, such cases are not distinguishable from
cohort members who did have HES records but were not
successfully linked (missed matches), but this is an important
difference with consequences for potential bias in subsequent
analyses. Additional consideration will be given to this
issue.

By describing a suite of generalisable methods to evaluate
linkage quality and population representativeness, our aim is
to encourage providers and users of linked data resources to
undertake and publish detailed evaluations. We further aim to
improve the quality and transparency of research using linked
NCDS-HES data by providing detailed illustrative analyses
using this particular linked data resource [28] .

Methods

Illustrative data linkage

NCDS

The NCDS follows the lives of an initial 17,415 people born in
Great Britain in a single week of 1958 [24]. Corresponding
non-Great Britain-born immigrants traced through schools
joined the survey during the childhood sweeps (up to age
16). Since the initial data collection shortly following birth,
NCDS cohort members have been followed up at many
sweeps (rounds of data collection). The most recent completed
conventional sweep (sweep 9) was undertaken in 2013 when
cohort members were 55, three waves of COVID-19-specific
surveys were undertaken between May 2020 and March
2021, and a further conventional sweep is currently underway
(as of 2023). The study includes information on cohort
members’ physical and educational development, economic
circumstances, employment, family life, health behaviour,
wellbeing, social participation, and attitudes. As part of sweep
8 (2008, age 50), consents for administrative data linkages,
including for health data, were sought.

HES

HES is a collection of databases containing details of all
admissions (Admitted Patient Care (APC) and Critical Care
(CC; which always correspond to a parent APC record)),
Accident and Emergency (A&E) attendances and Outpatient
(OP) appointments at NHS hospitals in England, maintained
by NHS Digital [26]. The four HES databases are not mutually
exclusive – an individual can appear in none, one or more
than one of them. The period of data availability differs by
dataset, from 1997 for APC, from 2007 for A&E, from 2009
for CC and from 2003 for OP. Here we focus on data obtained
from the HES APC dataset, which provides, for each hospital
episode, information on admission and discharge dates,
diagnoses, procedures, patient demographics, and hospital
characteristics [29].

Linked NCDS-HES data

Linkage between NCDS and all four HES datasets has recently
been undertaken, on the basis of consent obtained at sweep
8 (age 50) [25], with data available via secure access through
the UK Data Service [30]. Matching was conducted by NHS
Digital using deterministic linkage based on combinations of
the participant’s name, sex, date of birth and postcode (all
fully observed for NCDS cohort members). Linked HES data
are currently available from the start of data availability (see
above) until 2017, with HES data due to be periodically
refreshed. The data linkage itself is not the focus of this
paper; here we are concerned with what researchers can
do to evaluate the quality of the linkage once it has been
performed.

Methods for the evaluation of survey and
administrative data linkages

We describe a suite of generalisable methods for the evaluation
of survey and administrative data linkages across the following
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areas: i) Linkage rates, ii) Selection into response, linkage
consent and successful linkage, iii) Linkage quality, and iv)
Linked data population representativeness. The approaches
are particularly relevant when users of the linked data are
not party to the linkage process itself. Throughout, there is
a focus on nuances specific to the longitudinal survey setting.
We illustrate these methods through their application in the
linked NCDS-HES dataset.

Linkage rates

An important measure of linkage quality is the linkage
rate (the proportion of eligible survey members with linked
administrative data). Before the linkage rate can be calculated
it is essential to have an understanding of which survey
members should be considered eligible for linkage. If linkage
is being undertaken on the basis of consent, then clearly
only those survey members providing linkage consent should
be considered eligible. However, there may be further
considerations. If the survey and administrative data do not
completely align in terms of age, calendar time, geography,
or other factors, then it may be that only a subset of
the survey members are eligible for linkage. Moreover, even
within the subset of survey members considered eligible for
linkage, differential propensities for linkage may be apparent,
particularly in the case of longitudinal surveys where survey
members may enter and leave eligibility. For example, if an
administrative dataset covering a specific geographic area
was linked into a longitudinal survey that covered a broader
geographical area, then survey members may: i) always live
outside the administrative data area; ii) always live inside
the administrative data area; or iii) live sometimes inside
and sometimes outside the administrative data area. Analyses
should be undertaken to explore these issues so that the
consequences of different definitions of linkage eligibility can
be understood. The sensitivity of subsequent substantive
analyses to the definition of linkage eligibility could also be
examined through use of alternative definitions in sensitivity
analyses.

The above example is precisely the situation we observe in
the NCDS-HES linkage: NCDS includes individuals from across
Great Britain, whereas HES only contains data from English
hospitals. To be considered eligible for linkage we required
cohort members to have lived in England at one or more sweeps
between sweep 6 (2000, age 42) and sweep 9 (2013, age 55) to
align with HES data availability. Although these NCDS sweeps
do not cover the entire period of HES data availability (1997-
2017), this is as close as can be achieved given NCDS data
availability. The place of residence at the date of interview
was used, meaning any cohort members who lived in England
only in periods between sweeps would not have been deemed
eligible for linkage.

Under this definition of linkage eligibility there could be
a concern that cohort members who lived in England for
some but not all of sweeps 6-9 may be less likely to have
all their hospital episode data successfully linked (due to the
unavailability within HES of hospital episode data from outside
England). To explore this, we calculated the proportion of
sweeps between sweep 6 and sweep 9 that each cohort member
reported living in England, then calculated the linkage rate for
each different proportion.

However, interpretation of linkage rates calculated in the
context of the NCDS-HES linkage is not straightforward.
Even among NCDS members eligible for linkage, there may
be individuals who had no interactions with English NHS
hospitals over the period covered by the HES datasets,
meaning such individuals would have no HES records to link
to. The subsample of NCDS members without linked HES
data is therefore potentially made up of both individuals who
truly had no HES records (appropriate non-matches) as well
as individuals who did in fact have HES records (missed
matches).

The calculation of linkage rates, both overall and within
population subgroups, is very widely implemented, though the
analysis of strata with assumed different linkage likelihood due
to structural considerations provides relative novelty in this
example.

Selection into response, linkage consent and
successful linkage

For linkage rates below 100%, it is important to consider
whether certain population subgroups are disproportionately
unlikely to have linked data (or, equivalently, to compare
characteristics of linked and unlinked data [21]). Such
differential linkage rates, signifying selection into linkage, may
lead to bias in subsequent substantive analyses [7]. Since
linkage between survey and administrative data is generally
conducted on the basis of explicit consent from survey
members, a further (upstream) potential source of bias is
differential linkage consent rates across population subgroups
(selection into linkage consent). Another issue, specific to
the context of longitudinal surveys, is that if linkage consent
was only sought at a more recent sweep of data collection,
then attrition from the survey prior to this point may already
make respondents at the consent sweep non-representative
of the initial survey sample (selection into response). It may
therefore be helpful to also examine selection into consent
and selection into response at the consent sweep to allow
a more comprehensive understanding of the mechanisms
underlying any imbalances in the linkage rates. Such analyses
typically compare the distributions of previously observed
survey variables between groups (i.e. between those with and
without successfully linkage, those who did and did not consent
to linkage, and those who did and did not respond at the
consent sweep). A strength of longitudinal surveys in this
regard is that they usually include important sociodemographic
variables captured at or close to survey initiation in the vast
majority of survey members. Such variables would naturally be
important targets of investigations into selection due to their
importance in many subsequent substantive analyses of the
linked data. A complication is introduced if variables collected
in later sweeps are to be considered: these will almost certainly
be affected by attrition from the survey. Inclusion of such
variables would therefore require careful handling of missing
data to ensure that this attrition was not conflated with the
selection mechanisms under consideration.

We illustrate this in the NCDS-HES linkage by exploring
the sequence of events leading up to successful linkage: i)
response at sweep 8 (when health data linkage consents were
sought); ii) linkage consent being given; and iii) successful
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linkage of HES data. We considered a small number of
important sociodemographic variables, all recorded at the birth
sweep of data collection: cohort member’s sex, their father’s
social class (a marker of childhood socioeconomic status) and
the number of persons per room in their home (a marker
of socioeconomic circumstances) (for full variable derivation
details see Table 1).

Two different analyses were undertaken. The first used
a sequential approach to consider associations between the
baseline characteristics and i) response at sweep 8 among
cohort members eligible for HES linkage and in the sweep
8 target population (still alive and living in the UK at age
50), ii) consent to health record linkage among respondents
at sweep 8, and iii) successful HES linkage among those
who had consented. The second analysis used an overall
approach to consider separate associations between baseline
characteristics and i) response at sweep 8, ii) consent to health
record linkage, and iii) successful HES linkage, all among all
cohort members eligible for HES linkage and in the sweep
8 target population. Whilst other analytic approaches (e.g.
logistic regression) could be used, we applied modified Poisson
regression (i.e. using a robust standard error estimator) to
model the associations. This method returns risk ratios for
ease of interpretation and avoids issues related to the non-
collapsibility of the odds ratio. Unadjusted univariable models
are presented because the interest is in simple descriptions of
the extent of selection.

Similar methods to those proposed here have been used
elsewhere (e.g. [35–37]), though the sequential analytic
approach is more novel.

Linkage quality

It is also important to examine the quality of the linkage among
individuals for whom successful linkage was possible. To do so,
we can use survey data collected on the survey participants
which capture similar information to that contained in the
linked administrative data. By comparing the corresponding
survey and administrative variables at the individual level it
is possible to assess to what extent the two data sources
are in agreement. Interpretation of any discrepancies must
consider whether each data source can be assumed to provide a
valid measure of the intended underlying construct or whether
measurement error is also likely to be a contributory factor. For
example, self-reported information within either type of data
source may be subject to recall issues or social desirability
bias, while coding omissions in administrative data may
erroneously be interpreted as an individual lacking a certain
characteristic. The potential for measurement error should be
considered within the context of the existing literature relating
to the measurement properties of that variable. Although
the proposed approach is not specific to the context of
longitudinal surveys, such studies will tend to have collected
more information across a longer time period, increasing the
potential for the identification of survey information which is
well aligned with that in the administrative data.

We explored the quality of the linkage in the NCDS-HES
linkage by calculating the percentage of cohort members with
linked HES data (i.e. with a relevant hospital admission) within
strata of NCDS variables which would be expected to be
associated with this. We considered examples of two types

of NCDS variable: i) those that are directly comparable to the
HES data, where we would expect close correspondence with
HES linkage, and ii) those that are indirectly comparable to
the HES data (“proxy” measures), where we would expect less
close correspondence with HES linkage, but where findings
nevertheless provide additional evidence with regards to
linkage quality. The directly comparable NCDS variable we
considered relates to day patient or in-patient attendance
reported at sweep 8 (2008; age 50) [38] (Table 1). This
survey variable conceptually relates closely to the information
recorded in HES, so, under the assumption that the NCDS
variable captures the intended constructs, if linkage quality
is high we would anticipate close correspondence with the
presence of a HES APC record over the same period. However,
measurement/misclassification error, in particular due to errors
in recall, may affect the reliability of the survey data. The
indirectly comparable NCDS variable we considered relates to
self-rated general health observed at sweep 9 (2013; age 55)
[39]. This survey variable may be less directly related to the
presence of a HES APC record, but we would still expect
individuals with lower self-rated general health to be more
likely to have hospital admissions.

We cross-tabulated each survey variable against the
derived HES APC variable. There is potential uncertainty
about whether linkage consenters without linked HES records
truly had no HES record over this period or in fact did have
one or more HES records but were missed matches. This is
an important issue that will potentially affect any linkage
setting with meaningfully interpretable links – and the way
in which such individuals are considered may impact on the
analysis undertaken and the conclusions drawn. Although there
is no approach by which such individuals can be definitively
characterised, performing descriptive analyses under different
assumptions may help to better understand the issue. To
this end, we consider the cross-tabulations within different
subsets of the linked data sample, corresponding to different
assumptions. The cross-tabulations are presented separately
within:

a) Individuals with any linked HES APC record ever
(n= 4,846).

b) Individuals with any linked HES record ever (i.e. in A&E,
APC, CC or OP) (n= 6,119).

c) All HES linkage consenters (n= 6,593).

We would expect that some cohort members will truly not
have had such HES records over this period and their exclusion
will distort the findings. The analysis a) sample definition
is therefore unlikely to be appropriate, but it is included for
comparison. Given that the matching approach was the same
across all HES datasets, it may be reasonable to assume that
a cohort member with no matched record in HES APC but a
matched record in at least one of the other HES datasets truly
did not have any records in HES APC (rather than this being a
missed match): this assumption corresponds to analysis b). An
alternative is to additionally assume that cohort members with
no matched HES records across any HES dataset truly had no
records in any HES dataset (rather than this potentially being
a missed match in one or more HES datasets): this assumption
corresponds to analysis c). Cross-tabulations are presented by
males and females separately and combined.
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Table 1: Variable derivation details

Analysis Dataset Variable Coding

Linkage rates NCDS Lived in England at one or more
sweeps between sweep 6 and
sweep 9

Yes, no

Proportion of sweeps between
sweep 6 and sweep 9 living in
England

Proportion; sweeps with missing information excluded from
calculations given uncertainty over status

Selection into
response, linkage
consent and
successful linkage

NCDS Sex Male, female

Father’s social class at birth of
cohort member

Registrar General’s Social Class1: I (professional)/II
(managerial and technical), III (non-manual skilled), III
(manual skilled), IV (partly-skilled)/V (unskilled)

Number of persons per room in
their home at birth

≤ 1, > 1 to 1.5, >1.5

Linkage quality NCDS Day patient or in-patient
attendance at sweep 8

“Since [date of last interview/1 January 2000], have you been
in a hospital or clinic as a day patient or in-patient, overnight or
longer? Do not include visits for routine, ante-natal or maternity
care”: Yes, no

Self-rated general health at sweep
9

“In general, would you say your health is excellent, very good,
good, fair or poor?”: Excellent, very good, good, fair or poor

Linked
NCDS-HES
data (APC)

Day patient or in-patient
attendance (corresponding to
NCDS sweep 8)

Binary variable indicating whether a cohort member had any
HES APC record(s) over the period between the date of last
interview prior to the sweep 8 interview or 1 January 2000
(whichever was later) and the date of the sweep 8 interview2.

Day patient or in-patient
attendance (corresponding to
NCDS sweep 9)

Binary variable indicating whether cohort members had any
HES APC record(s) over the five-year period prior to the date
of the sweep 9 interview2.

Linked data
population
representativeness

Linked
NCDS-HES
data (APC)

FAE rate The total number of FAEs across all cohort members (noting
that each cohort member could potentially contribute more
than one FAE) was identified within each financial year between
1997-98 and 2015-16 and the rate per 1000 cohort members
calculated. For example, if there were 1320 FAEs in a given
financial year across 6593 eligible cohort members then the FAE
rate would be 200 per 1000. Data for the financial year 2016-17
were excluded as complete HES data are not yet available in
the NCDS-HES linkage.

Population
HES APC data

FAE rate The number of FAEs across the entire population of England
are available for 5-year age bands from published reports [31,
32]. The number of FAEs within the 5-year age band
corresponding to the current age of the NCDS cohort
was extracted for each financial year (2004–05 to 2015-16;
unavailable for earlier years). For example, in the financial
year 2004-05 the NCDS participants were age 46 years, so
the age 45-49 FAE data were extracted. Office for National
Statistics mid-year population estimates for England by single
year of age were extracted for the relevant years and aggregated
to the same age bands [33]. For example, in the financial
year 2004-05 the age 45, 46, 47, 48 and 49 2004 mid-year
population estimates were aggregated to obtain the estimated
population for the 45-49 year age band. FAE rates per 1000
population for each financial year were then calculated as the
ratio of the number of FAEs and the aggregated population in
each age band. For example, if there were 797,253 FAEs in a
given financial year across an age band-specific population of
3,326,036 then the FAE rate would be 240 per 1000.

APC: Admitted Patient Care; FAE: finished admission episode; HES: Hospital Episode Statistics; NCDS: National Child
Development Survey; OP: Outpatients.
1Registrar General’s Social Class – also referred to as Social Class based on Occupation – is an official scheme of social class
designation used in British surveys and censuses for much of the twentieth century [34].
2The precise period under consideration was allowed to differ between individuals.
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The analytic methods applied here are relatively
straightforward, but they are facilitated by the overlap
in observed substantive information between the two data
sources. This is something that is more likely to be present
in the context of linked survey and administrative data that in
other linkage settings.

Linked data population representativeness

Our earlier consideration of selection into successful linkage
aimed to examine whether the linked dataset remained
representative of the broader survey sample. Whole-population
administrative data will often allow us to also explore the
representativeness of the linked data with respect to the
broader population of the administrative data. In situations
where the survey is intended to be representative of the same
population as that represented by the administrative data, then
such a comparison may again be informative about selection
into the linked data. Even if this is not the case, exploration of
this question will help determine the extent to which analyses
of the linked data are likely to be representative of the broader
population represented by the administrative data [7]. This can
be achieved by comparing distributions of variables within the
linked administrative dataset with distributions of the same
variables in the population administrative dataset – or to
distributions within a relevant subpopulation. For example,
if a regional survey was linked to a national administrative
dataset, then comparison would be made with the distribution
of the variable within the administrative dataset restricted to
individuals in the relevant region. In order for the assessment
of the population representativeness to be meaningful, it
is important that the data are comparable in terms of
scope, timeframe and demography. Where relevant aggregated
population data already exist, it may not be necessary to access
individual-level population data to make such comparisons.
Complete representativeness of the linked dataset – i.e. these
individuals being typical of the population in every conceivable
way – is impossible to assess. In practice, it will only ever
be possible to address representativeness in a relatively more
limited way using a finite set of variables. These should be
chosen so as to evaluate population representativeness with
respect to features that will be important for subsequent
substantive research.

To illustrate this in in the NCDS-HES linkage, we
considered ‘finished admission episodes’ (FAEs). Each record
in HES APC is a ‘hospital episode’ relating to a period of care
for a patient under a single consultant within one hospital
provider. A stay in hospital from admission to discharge is
called a ‘spell’ and can be made up of one or more episodes
of care [32]. FAEs are the first episode in a spell of care and
a count of FAEs therefore equates to the total number of
spells of care. We derived the FAE rate per 1000 NCDS cohort
members for each financial year between 1997-1998 and 2015-
2016 (Table 1). FAE rates were calculated using three different
denominators, corresponding to the assumptions discussed
above (i.e. a), b) and c)).

Comparable population FAE rates per 1000 individuals
for each financial year were calculated using FAE data from
published reports [31, 32] and Office for National Statistics
mid-year population estimates for England [33] (Table 1).

Linked data and population FAE rates were plotted against
financial year for comparison.

Similar approaches have been used in linkage evaluations
(e.g. [40]), though looking at population representativeness
over many individual years and further using this as a tool to
compare between different assumptions around meaningfully
interpretable linkage is not common in the literature.

Results

Linkage rates

The flow of data, from the full sample of NCDS cohort
members to the linked samples for each HES dataset, is shown
in the data flow diagram in Figure 1. Of the 10,355 cohort
members meeting our definition of linkage eligibility (living in
England at one or more sweeps between sweep 6 and sweep
9) and remaining in the target population (alive and living in
the UK), 8,403 responded at sweep 8, with 6,593 providing
consent for linkage, giving a consent rate of 78.5%. Among
these linkage consenters, 6,119 had linked data from one or
more of the HES datasets, giving a linkage rate of 92.8%.

Of the 6,953 cohort members who were considered eligible
and who gave consent for linkage, 6,450 (92.8%) lived in
England for all the sweeps between sweep 6 and sweep 9
at which information was available (Supplementary Table 1).
There was a clear pattern of increasing linkage rates with
increasing proportion of sweeps in which cohort members lived
in England, from 48.0% (12 out of 25) in those living in
England at only one of the four sweeps to 93.3% (6,020 out of
6,450) in those living in England at all sweeps (Supplementary
Table 1).

Selection into response, linkage consent and
successful linkage

In the sequential analysis, there was some evidence that
females were more likely to respond at sweep 8 and were
more likely to have successfully linked HES data conditional
on having consented, but there was no evidence that they
were more likely to consent given that they had responded at
sweep 8 (Table 2). This resulted in females being more likely to
have linked HES data overall (risk ratio 1.03; 95% confidence
interval 1.00, 1.06), though there was no association with
consent overall (1.00; 0.97, 1.03).

A higher social class of the cohort member’s father (I/II or
III non-manual) was associated with higher response at sweep
8 and a lower likelihood of successful linkage given consent
but wasn’t associated with consent conditional on response
at sweep 8. This meant that, overall, there was imbalance in
terms of consent, with both I/II and III non-manual 8% more
likely to give consent relative to IV/V (1.08; 1.03, 1.13 and
1.08; 1.02, 1.15, respectively), but this was somewhat lower
in terms of successful linkage (1.04; 0.99, 1.10 and 1.06; 0.99,
1.12).

Number of persons per room followed a similar pattern,
with fewer people per room associated with higher response
at sweep 8 and a slightly lower likelihood of successful linkage
conditional on consent, but less consistent evidence of an
association with consent given response at sweep 8. Overall,
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Figure 1: Flow diagram showing National Child Development Study (NCDS)-Hospital Episode Statistics (HES) data linkage and
data availability

APC: admitted patient care; CC: critical care; A&E: accident and emergency; OP: outpatients.

there were higher consent rates among those with ≤ 1 or
>1 to 1.5 people per room relative to >1.5 (1.12; 1.06, 1.19
and 1.12; 1.05, 1.19, respectively), and similarly for successful
linkage (1.09; 1.03, 1.16 and 1.10; 1.03, 1.18).

Linkage quality

Table 3 shows the cross-tabulations of HES APC linkage and
self-reported day patient or in-patient attendance at wave
8 (age 50) in males and females combined. There was a
high level of correspondence between the two measures –

for example, among all linkage consenters, 86.0% of cohort
members who reported no day patient or in-patient attendance
had no linked HES APC data and 76.3% of those who
reported having day patient or in-patient attendance did
have linked HES APC data over the corresponding period.
The level of agreement differed somewhat depending on the
sample used, with the no-no correspondence highest (86.0%)
when considering all linkage consenters and the yes-yes
correspondence highest (82.3%) when considering individuals
with linked HES APC data only. It should be noted that these
patterns (though not the magnitudes) are to be expected:
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Table 2: Estimated unadjusted associations with response at sweep 8 (age 50), consent to health record linkage and Hospital
Episode Statistics (HES) linkage among cohort members eligible for HES linkage (lived in England at one or more waves between
wave 6 and wave 9) and in the wave 8 target population (still alive and living in UK at age 50) (n = 10, 355)

Sequential1
Response at wave 8 (age 50) Consent to linkage Linked HES data

N (%) n (%) RR 95% CI n (%) RR 95% CI n (%) RR 95% CI

Sex (N = 10,355)
Male 5,137 (49.6) 4,136 (80.5) 1.00 (ref) 3,270 (79.1) 1.00 (ref) 2,990 (91.4) 1.00 (ref)
Female 5,218 (50.4) 4,267 (81.8) 1.02 1.00, 1.03 3,323 (77.9) 0.99 0.96, 1.01 3,129 (94.2) 1.03 1.02, 1.04

Social class of father (N= 9,276)
I/II 1,739 (18.8) 1,485 (85.4) 1.08 1.05, 1.11 1,164 (78.4) 1.00 0.96, 1.04 1,058 (90.9) 0.96 0.94, 0.99
III non-manual 964 (10.4) 799 (82.9) 1.05 1.01, 1.09 648 (81.1) 1.04 0.99, 1.08 595 (91.8) 0.97 0.95, 1.00
III manual 4,711 (50.8) 3,789 (80.4) 1.02 0.99, 1.04 2,967 (78.3) 1.00 0.97, 1.03 2,783 (93.8) 1.00 0.98, 1.01
IV/V 1,862 (20.1) 1,475 (79.2) 1.00 (ref) 1,155 (78.3) 1.00 (ref) 1,088 (94.2) 1.00 (ref)

Number of persons per room (N= 9,486)
≤ 1 6,894 (72.7) 5,698 (82.7) 1.10 1.06, 1.14 4,464 (78.3) 1.02 0.98, 1.06 4,129 (92.5) 0.97 0.95, 0.99
>1 to 1.5 1,554 (16.4) 1,230 (79.2) 1.06 1.01, 1.10 999 (81.2) 1.06 1.01, 1.11 937 (93.8) 0.98 0.96, 1.01
>1.5 1,038 (10.9) 778 (75.0) 1.00 (ref) 598 (76.9) 1.00 (ref) 570 (95.3) 1.00 (ref)

Overall2
Response at wave 8 (age 50) Consent to linkage Linked HES data

N (%) n (%) RR 95% CI n (%) RR 95% CI n (%) RR 95% CI

Sex (N = 10,355)
Male 5,137 (49.6) 4,136 (80.5) 1.00 (ref) 3,270 (63.7) 1.00 (ref) 2,990 (58.2) 1.00 (ref)
Female 5,218 (50.4) 4,267 (81.8) 1.02 1.00, 1.03 3,323 (63.7) 1.00 0.97, 1.03 3,129 (60.0) 1.03 1.00, 1.06

Social class of father (N= 9,276)
I/II 1,739 (18.8) 1,485 (85.4) 1.08 1.05, 1.11 1,164 (66.9) 1.08 1.03, 1.13 1,058 (60.8) 1.04 0.99, 1.10
III non-manual 964 (10.4) 799 (82.9) 1.05 1.01, 1.09 648 (67.2) 1.08 1.02, 1.15 595 (61.7) 1.06 0.99, 1.12
III manual 4,711 (50.8) 3,789 (80.4) 1.02 0.99, 1.04 2,967 (63.0) 1.02 0.97, 1.06 2,783 (59.1) 1.02 0.97, 1.06
IV/V 1,862 (20.1) 1,475 (79.2) 1.00 (ref) 1,155 (62.0) 1.00 (ref) 1,088 (58.4) 1.00 (ref)

Number of persons per room (N= 9,486)
≤ 1 6,894 (72.7) 5,698 (82.7) 1.10 1.06, 1.14 4,464 (64.8) 1.12 1.06, 1.19 4,129 (59.9) 1.09 1.03, 1.16
>1 to 1.5 1,554 (16.4) 1,230 (79.2) 1.06 1.01, 1.10 999 (64.3) 1.12 1.05, 1.19 937 (60.3) 1.10 1.03, 1.18
>1.5 1,038 (10.9) 778 (75.0) 1.00 (ref) 598 (57.6) 1.00 (ref) 570 (54.9) 1.00 (ref)

RR: Risk ratio.
Risk ratios estimated using modified Poisson regression [41].
1In sequential analyses, associations are considered conditional on the outcome at the previous stage, i.e. i) response at sweep 8
among cohort members eligible for HES linkage (lived in England at one or more waves between wave 6 and wave 9) and in the
sweep 8 target population (still alive and living in UK at age 50), ii) consent to health record linkage among respondents at sweep
8, and iii) successful HES linkage among cohort members who had consented.
2In overall analyses, each association is considered among all cohort members eligible for HES linkage and in the wave 8 target
population.

as we move from those with linked HES APC data through
those with any linked HES data to all linkage consenters, we
are adding exclusively individuals who did not have linked
HES APC data, meaning that no-no correspondence must
increase and yes-yes correspondence must decrease. The levels
of correspondence were similar when males and females were
considered separately (Supplementary Tables 2, 3).

HES APC linkage showed a clear gradient across wave 9
(age 55) categories of self-rated general health (an indirectly
comparable “proxy” measure). Linkage ranged from 25.6%
in the excellent health group to 73.4% in the poor health
group among all linkage consenters (Table 4). Figures were

somewhat higher in females than males (Supplementary Tables
4, 5).

Linked data population representativeness

The calculated FAE rates in the linked NCDS-HES data and
population data are reported in Supplementary Table 6 and
presented graphically in Figure 2. FAE rates increased over
the time period under consideration in both data sources. The
pattern of increase in the linked NCDS-HES data was similar to
the population statistics, with the NCDS-HES rates calculated
using individuals with any linked HES record ever or, to a lesser
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Table 3: Linked Hospital Episode Statistics (HES) Admitted Patient Care (APC) data between date of last interview/2000 and
date of wave 8 (age 50) interview against self-reported day patient or in-patient attendance at wave 8 (age 50) in the National
Child Development Study (NCDS): males and females combined

Linked HES APC data between date of last interview/2000
and date of wave 8 (age 50) interview

Individuals with Individuals with at least All linkage
linked APC data one linked HES dataset consenters

No linked Linked Total No linked Linked Total No linked Linked TotalHES data HES data HES data HES data HES data HES data

Age 50 day patient
or in-patient
attendance

No 2,441 (78.8) 657 (21.2) 3,098 3,615 (84.6) 657 (15.4) 4,272 4,050 (86.0) 657 (14.0) 4,707

Yes 309 (17.7) 1,438 (82.3) 1,747 408 (22.1) 1,438 (77.9) 1,846 447 (23.7) 1,438 (76.3) 1,885

Total 2,750 (56.8) 2,095 (43.2) 4,845 4,023 (65.8) 2,095 (34.2) 6,118 4,497 (68.2) 2,095 (31.8) 6,592

Table 4: Linked Hospital Episode Statistics (HES) Admitted Patient Care (APC) data for the 5 years prior to the date of the wave
9 (age 55) interview against self-rated general health at wave 9 (age 55) in the National Child Development Study (NCDS): males
and females combined

Linked HES APC data for the 5 years prior to the
date of the wave 9 (age 55) interview

Individuals with Individuals with at least All linkage
linked APC data one linked HES dataset consenters

No linked Linked Total No linked Linked Total No linked Linked TotalHES data HES data HES data HES data HES data HES data

Excellent 282 (59.1) 195 (40.9) 477 482 (71.2) 195 (28.8) 677 566 (74.4) 195 (25.6) 761
Very good 736 (55.1) 599 (44.9) 1,335 1,202 (66.7) 509 (33.3) 1,801 1,383 (69.8) 509 (30.2) 1,982

Age 55 self-rated Good 625 (45.2) 757 (54.8) 1,382 989 (56.6) 757 (43.4) 1,746 1,102 (59.3) 757 (40.7) 1,859
general health Fair 247 (35.9) 441 (64.1) 688 336 (43.2) 441 (56.8) 777 363 (45.2) 441 (54.8) 804

Poor 68 (21.5) 248 (78.5) 316 84 (25.3) 248 (74.7) 332 90 (26.6) 248 (73.4) 338

Total 1,958 (46.6) 2,240 (53.4) 4,198 3,093 (58.0) 2,240 (42.0) 5,333 3,504 (61.0) 2,240 (39.0) 5,744

extent, using all HES linkage consenters, both corresponding
closely to the population rate.

Discussion

In this paper we have described a suite of generalisable
methods to evaluate linkage quality and population
representativeness of linked survey and administrative data,
particularly in the setting where users of the linked data are
not party to the linkage process itself. Throughout, there has
been a focus on nuances specific to the longitudinal survey
setting, an area which has been relatively neglected in the
existing literature.

We have illustrated the application of the proposed
methods in the NCDS-HES linkage. We observed a clear
pattern of increasing linkage rates with increasing proportion
of sweeps in which cohort members lived in England. Whilst
perhaps unsurprising, this finding is suggestive that cohort
members who lived outside England for part of the period may
well have had additional hospital interactions outside England.
Such hospital interactions would not be observed within HES
and therefore would be unknown to a researcher using the
NCDS-HES data. The implications of this will likely differ on
an analysis-by-analysis basis but are unlikely to be serious in
most cases given that the vast majority (92.8%) of cohort

members who were considered eligible for linkage in fact lived
in England for all the sweeps between sweep 6 and sweep 9 at
which information was available. In other settings where cohort
members may enter and leave linkage eligibility over time, the
disparity of linkage rates may be greater, meaning that further
consideration should be given to this issue. In such situations,
the inclusion of a substantial number of cohort members
with only partial linked administrative data may lead to bias,
particularly if the extent of linkage eligibility is associated
with analysis variables of interest. Researchers might therefore
consider restricting analyses to cohort members who reach
a certain threshold for linkage eligibility (e.g. requiring them
to have lived in England for all the sweeps between sweep
6 and sweep 9 in the case of the NCDS-HES linkage) or
conducting a series of sensitivity analyses at different threshold
values.

We found that females, those whose father was of a higher
social class at birth and those with fewer people per room
in their home at birth were associated with a somewhat
higher likelihood of HES linkage (though all <10% greater
than the respective reference categories). Covariate imbalance
(i.e. lack of representativeness with respect to the original
sample) in linked longitudinal survey-administrative data may
be due to one of several reasons, including: selective attrition
of the sample prior to linkage consent being sought, selective
consent to data linkage, and selection into the linkage itself
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Figure 2: Linked National Child Development Study (NCDS)-Hospital Episode Statistics (HES) Admitted Patient Care (APC) and
whole-population HES APC finished admission episode (FAE) rates and 95% confidence intervals by financial year

Green: rate using linked NCDS-HES data among those with any linked HES APC record ever; blue: rate using linked NCDS-HES
data among those with any linked HES record ever; orange: rate using linked NCDS-HES data among all HES linkage consenters;
grey: rate using whole population HES data.

(i.e. subpopulations having differential propensity for missed
matches) [12]. The NCDS-HES linkage relies on consent
given at sweep 8 (age 50) and previous work in NCDS has
identified predictors of response at this sweep, including more
advantaged socioeconomic background in childhood, better
mental health and higher cognitive ability in early life, and
greater civic and social participation in adulthood [42]. The
correlates of successful linkage identified in the present analysis
are consistent with this previous work, and if there was a similar
likelihood of linkage across these groups within consenters, we
would expect groups with higher consent rates to have higher
linkage rates when considering the NCDS sample as a whole.
Females were more likely to have successfully linked HES data
conditional on having consented to linkage, which is in broad
agreement with the observation that females do generally have
slightly more admissions recorded in HES than males [29]. We
identified lower levels of linkage among cohort members of
higher social class. This finding is counter to the evidence in
the literature, where it has been noted that deprivation tends
to be positively associated with the probability of a missed
match [21]. However, not all NCDS cohort members will have
had an interaction with an NHS hospital over this period
and therefore will not have a HES record to match to. If the
pattern of linkage is in line with that observed in the literature,
this finding could therefore be explained by those in a higher
social class having lower levels of hospital interactions due to
their acknowledged tendency towards better health [43]. This
observation therefore feeds into the discussion of how best

of consider NCDS cohort members with no linked HES data,
suggesting that this group includes many who truly have no
hospital interactions. Future analyses could consider whether a
wider variety of cohort member characteristics are associated
with successful linkage, beyond those considered here for
illustrative purposes. Given these findings, if an analysis of
the linked data was intended to be fully representative of
the original survey sample, then researchers may wish to
consider additional analytic approaches. For example, they
could model the probability of being included in the linked
dataset, either within the original NCDS sample or relative to
a known population distribution, in order to derive weights to
use in inverse probability weighted analyses [44] or use similar
variables within a multiple imputation approach [45]. However,
researchers may first wish to undertake further exploratory
analyses to examine the plausibility of the missing at random
assumption underlying such methods [46].

When examining linkage quality using directly comparable
survey data we found high levels of agreement between
linked HES APC data and self-reported day patient or in-
patient attendance at sweep 8 (age 50). Linked HES APC
data also showed a clear gradient across age 55 self-rated
general health groups. Differences between the survey-based
measures and HES linkage may be due to linkage errors
(missed matches or false matches), but alternative context-
specific factors should be considered. It is possible that the
scope of the HES APC dataset and the survey questions
(or, more specifically, the cohort members’ interpretation of
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them) may not be fully aligned. The self-reported nature of
the survey data means that misclassification is a possibility:
poor health or hospital attendance may be under-reported
due to stigma, social desirability, or other mechanisms; non-
differential misclassification may be exacerbated by the recall
period extending over many years. To improve comparability,
we restricted HES linkages to the period over which the
survey questions were asked insofar as this was possible.
Given these concerns, we believe that the observed high
levels of correspondence between HES linkage and the highly
comparable survey measures are suggestive of high levels of
linkage quality. Moreover, the findings for self-rated general
health, whilst not so directly comparably with the levels of HES
linkage, provide additional evidence with regards to linkage
quality.

We found the rates of FAEs across time to be similar
in linked NCDS-HES data to population statistics, with
the NCDS-HES rates calculated using individuals with any
linked HES record ever or using all HES linkage consenters
corresponding closely to the population rate. There are a
number of previously discussed factors which could potentially
impact on the population representativeness of the linked
sample, but it is also worth reflecting on the alignment between
the whole population data and the NCDS target population.
In particular, the NCDS sample includes only individuals
born in the designated week in 1958 (the initial sample)
plus corresponding non-Great Britain-born immigrants who
were traced through schools and joined the survey during
the childhood sweeps (up to age 16), whereas the whole
population data will contain all non-Great Britain-born
immigrants. Given all this, it is encouraging that such high
levels of correspondence are observed, indicating a high level
of population representativeness.

Although our analyses do not provide a definitive answer to
the question of how to handle cohort members who consented
to linkage but do not have linked HES records, on the balance
of evidence we would tentatively suggest that they should
be assumed to truly not have HES records (regardless of
whether or not they had matched records in other HES
datasets). Both correspondence of HES linkage with directly
comparable survey variables and population representativeness
remained high under this assumption. In similar settings with
meaningfully interpretable links, the question of how best to
handle individuals with no linked records remains a difficult
one. We suggest the application of the above-described
methods to provide some evidence with which to make a
more informed decision, which may differ on an analysis-
specific basis. As it is not possible to make this decision with
certainty, we would encourage the use of sensitivity analyses
which explore the extent to which conclusions differ depending
on the way in which such individuals are handled.

Overall, our findings suggest that the linkage quality of
the NCDS-HES data is high and that the linked sample
maintains an excellent level of population representativeness
with respect to the single dimension we were able to
assess. However, we have only investigated a relatively
limited characterisation of the linked data and it therefore
remains possible that the observed levels of linkage quality
and population representativeness are not replicated in
other features of the data. Further analyses could be
undertaken, though identification of additional comparable

survey variables or aggregated population-level information is
challenging.

There are several strengths to this analysis. We
demonstrated generalisable methods for evaluating linkage
quality which can be employed even in the absence of
access to linkage identifiers and in settings with a separation
of processes for linkage and analysis. With regards to the
illustrative NCDS-HES analyses, we were able to identify
comparable survey data and population-representative data
with which to compare the linked data. We utilised a number
of different variables and approaches in order to undertake
a thorough examination of linkage quality and population
representativeness.

There are also a number of limitations to the analysis.
Sequential analyses of baseline characteristics with linkage
consent and successful linkage could possibly be subject to
a form of index event (collider) bias due to selection into
the analysis sample: if linkage consent analyses are only
conducted among respondents at the consent sweep and
successful linkage analyses are only conducted among cohort
members who had consented, then unaccounted common
causes of response and consent or of consent and linkage could
lead to bias. Such analyses should therefore be interpreted
with some caution. Alternative analytic approaches, such as
inverse probability weighting or simultaneous estimation of
the sequential models, could be considered. This paper has
focused on exploring potential linkage errors and population
representativeness. Whilst we have briefly described the
potential consequences of linkage error and some approaches
to examine or address these, further details are beyond
the scope of the present paper but have been elucidated
elsewhere [7, 18]. With regards to the illustrative NCDS-HES
analyses, only a single external statistic (FAEs per financial
year) was used to assess population representativeness due
to difficulties in identifying additional directly comparable
population-representative external data. In particular, we were
only able to compare HES APC data (i.e. not CC, A&E or
OP) data to external population-representative data, though
linkage quality would be expected to be similar across HES
datasets since all linkages were undertaken as part of the same
process.

Conclusion

In this paper we have described a suite of generalisable
methods to evaluate linkage quality and population
representativeness of linked survey and administrative data,
particularly in the setting where users of the linked data are
not party to the linkage process itself. This is particularly
important as the use of data safe havens for working
with linked administrative data becomes more common in
the UK, leading to further separation of processes and
meaning that researchers are less likely to access raw data.
Throughout, there has been a focus on nuances specific
to the longitudinal survey setting, an area which has been
relatively neglected in the existing literature. Through this
work we hope to encourage providers and users of such linked
data resources to undertake and publish thorough evaluations.
We further hope that providing detailed illustrative analyses
using linked NCDS-HES data will improve the quality and
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transparency of research using this particular linked data
resource.
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Supplementary Material

Supplementary Table 1: Number (%) of 1958 National Child Development Study (NCDS) cohort members with linked Hospital
Episode Statistics (HES) data by proportion of waves between 6 and 9 that they lived in England. Waves with missing data on
residency are excluded from the proportion calculationA. Analysis restricted to cohort members providing consent for linkage

Proportion of waves between 6 and 9 living in England
1/4 1/3 1/2 2/3 3/4 1 Total

No linked HES data 13 (52.0) 4 (40.0) 13 (36.1) 3 (27.3) 11 (18.0) 430 (6.7) 474 (7.2)
Linked HES data 12 (48.0) 6 (60.0) 23 (63.9) 8 (72.7) 50 (82.0) 6,020 (93.3) 6,119 (92.8)

Total 25 10 36 11 61 6,450 6,593

ASo, for example, a proportion of “1/3” means 1 wave living in England, 2 waves not living in England and 1 wave with unknown
residency and a proportion of “2/4” means either 2 waves living in England and 2 waves not living in England or 1 wave living in
England, 1 wave not living in England and 2 waves with unknown residency.

Supplementary Table 2: Linked Hospital Episode Statistics (HES) Admitted Patient Care (APC) data between date of last
interview/2000 and date of wave 8 (age 50) interview against self-reported day patient or in-patient attendance at wave 8 (age
50) in the National Child Development Study (NCDS): males

Linked HES APC data between date of last interview/2000
and date of wave 8 (age 50) interview

Individuals with Individuals with at least All linkage
linked APC data one linked HES dataset consenters

No linked Linked Total No linked Linked Total No linked Linked TotalHES data HES data HES data HES data HES data HES data

Age 50 day patient
or in-patient
attendance

No 1,189 (78.7) 322 (21.3) 1,511 1,853 (85.2) 322 (14.8) 2,175 2,111 (86.8) 322 (13.2) 2,433
Yes 143 (18.7) 623 (81.3) 766 192 (23.6) 623 (76.4) 815 214 (25.6) 623 (74.4) 837

Total 1,332 (58.5) 945 (41.5) 2,277 2,045 (68.4) 945 (31.6) 2,990 2,325 (71.1) 945 (28.9) 3,270

Supplementary Table 3: Linked Hospital Episode Statistics (HES) Admitted Patient Care (APC) data between date of last
interview/2000 and date of wave 8 (age 50) interview against self-reported day patient or in-patient attendance at wave 8 (age
50) in the National Child Development Study (NCDS): females

Linked HES APC data between date of last interview/2000
and date of wave 8 (age 50) interview

Individuals with Individuals with at least All linkage
linked APC data one linked HES dataset consenters

No linked Linked Total No linked Linked Total No linked Linked TotalHES data HES data HES data HES data HES data HES data

Age 50 day patient
or in-patient
attendance

No 1,252 (78.9) 335 (21.1) 1,587 1,762 (84.0) 335 (16.0) 2,097 1,939 (85.3) 335 (14.7) 2,274
Yes 166 (16.9) 815 (83.1) 981 216 (21.0) 815 (79.0) 1,031 233 (22.2) 815 (77.8) 1,048

Total 1,418 (55.2) 1,150 (44.8) 2,568 1,978 (63.2) 1,150 (36.8) 3,128 2,172 (65.4) 1,150 (34.6) 3,322
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Supplementary Table 4: Linked Hospital Episode Statistics (HES) Admitted Patient Care (APC) data for the 5 years prior to the
date of the wave 9 (age 55) interview against self-rated general health at age 55 in the National Child Development Study (NCDS):
males

Linked HES APC data for the 5 years prior to the
date of the wave 9 (age 55) interview

Individuals with Individuals with at least All linkage
linked APC data one linked HES dataset consenters

No linked Linked Total No linked Linked Total No linked Linked TotalHES data HES data HES data HES data HES data HES data

Excellent 124 (57.9) 90 (42.1) 214 237 (72.5) 90 (27.5) 327 293 (76.5) 90 (23.5) 383
Very good 346 (56.1) 271 (43.9) 617 602 (69.0) 271 (31.0) 873 706 (72.3) 271 (27.7) 977

Age 55 self-rated Good 297 (45.3) 359 (54.7) 656 490 (57.7) 359 (42.3) 849 549 (60.5) 359 (39.5) 908
general health Fair 127 (38.7) 201 (61.3) 328 180 (47.2) 201 (52.8) 381 196 (49.4) 201 (50.6) 397

Poor 32 (23.4) 105 (76.6) 137 44 (29.5) 105 (70.5) 149 47 (30.9) 105 (69.1) 152

Total 926 (47.4) 1,026 (52.6) 1,952 1,553 (60.2) 1,026 (39.8) 2,579 1,791 (63.6) 1,026 (36.4) 2,817

Supplementary Table 5: Linked Hospital Episode Statistics (HES) Admitted Patient Care (APC) data for the 5 years prior to the
date of the wave 9 (age 55) interview against self-rated general health at wave 9 (age 55) in the National Child Development
Study (NCDS): females

Linked HES APC data for the 5 years prior to the
date of the wave 9 (age 55) interview

Individuals with Individuals with at least All linkage
linked APC data one linked HES dataset consenters

No linked Linked Total No linked Linked Total No linked Linked TotalHES data HES data HES data HES data HES data HES data

Excellent 158 (60.1) 105 (39.9) 263 245 (70.0) 105 (30.0) 350 273 (72.2) 105 (27.8) 378
Very good 390 (54.3) 328 (45.7) 718 600 (64.7) 328 (35.3) 928 677 (67.4) 328 (32.6) 1,005

Age 55 self-rated Good 328 (45.2) 398 (54.8) 726 499 (55.6) 398 (44.4) 897 553 (58.2) 398 (41.8) 951
general health Fair 120 (33.3) 240 (66.7) 360 156 (39.4) 240 (60.6) 396 167 (41.0) 240 (59.0) 407

Poor 36 (20.1) 143 (79.9) 179 40 (21.9) 143 (78.1) 183 43 (23.1) 143 (76.9) 186

Total 1,032 (46.0) 1,214 (54.0) 2,246 1,540 (55.9) 1,214 (44.1) 2,754 1,713 (58.5) 1,214 (41.5) 2,927
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Supplementary Table 6: Linked National Child Development Study (NCDS)-Hospital Episode Statistics (HES) Admitted Patient
Care (APC) and population (HES APC) finished admission episode (FAE) data by financial year

Linked NCDS-HES data Population data
Financial

Age FAEs
Rate per 1000A Rate per 1000B Rate per 1000C Age

FAEs Population
Rate

year (95% CI) (95% CI) (95% CI) group per 1000

1997–1998 39 665 137.2 (126.8, 146.9) 108.7 (100.9, 116.5) 100.9 (93.6, 108.1) 35–39
1998–1999 40 734 151.5 (140.1, 161.6) 120.0 (111.8, 128.1) 111.3 (103.7, 118.9) 40–44
1999–2000 41 739 152.5 (141.5, 162.6) 120.8 (112.6, 128.9) 112.1 (104.5, 119.7) 40–44
2000–2001 42 731 150.8 (139.7, 160.9) 119.5 (111.3, 127.6) 110.9 (103.3, 118.5) 40–44
2001–2002 43 796 164.3 (153.8, 174.7) 130.1 (121.7, 138.5) 120.7 (112.9, 128.6) 40–44
2002–2003 44 861 177.7 (165.8, 188.4) 140.7 (132.0, 149.4) 130.6 (122.5, 138.7) 40–44
2003–2004 45 841 173.5 (162.0, 184.2) 137.4 (128.8, 146.1) 127.6 (119.5, 135.6) 45–49
2004–2005 46 891 183.9 (172.0, 194.8) 145.6 (136.8, 154.4) 135.1 (126.9, 143.4) 45–49 556,945 3,286,033 169.5
2005–2006 47 952 196.5 (185.0, 207.6) 155.6 (146.5, 164.7) 144.4 (135.9, 152.9) 45–49 598,927 3,371,275 177.7
2006–2007 48 1,130 233.2 (219.7, 245.1) 184.7 (174.9, 194.4) 171.4 (162.3, 180.5) 45–49 630,320 3,467,878 181.8
2007–2008 49 1,025 211.5 (198.8, 223.0) 167.5 (158.2, 176.9) 155.5 (146.7, 164.2) 45–49 669,761 3,558,017 188.2
2008–2009 50 1,321 272.6 (259.3, 285.1) 215.9 (205.6, 226.2) 200.4 (190.7, 210.0) 50–54 728,803 3,173,349 229.7
2009–2010 51 1,282 264.5 (251.9, 277.0) 209.5 (199.3, 219.7) 194.4 (184.9, 204.0) 50–54 759,705 3,242,313 234.3
2010–2011 52 1,320 272.4 (259.1, 284.9) 215.7 (205.4, 226.0) 200.2 (190.6, 209.9) 50–54 797,253 3,326,036 239.7
2011–2012 53 1,463 301.9 (288.2, 314.8) 239.1 (228.4, 249.8) 221.9 (211.9, 231.9) 50–54 818,832 3,422,579 239.2
2012–2013 54 1,582 326.5 (312.0, 339.7) 258.5 (247.6, 269.5) 240.0 (229.6, 250.3) 50–54 845,832 3,523,521 240.1
2013–2014 55 1,736 358.2 (343.4, 371.7) 283.7 (272.4, 295.0) 263.3 (252.7, 273.9) 55–59 910,188 3,114,224 292.3
2014–2015 56 1,900 392.1 (377.3, 405.8) 310.5 (298.9, 322.1) 288.2 (277.3, 299.1) 55–59 962,339 3,186,581 302.0
2015–2016 57 2,002 413.1 (398.1, 427.0) 327.2 (315.4, 338.9) 303.7 (292.6, 314.8) 55–59 1,037,374 3,278,322 316.4

ARate in individuals with any linked HES APC record ever (n = 4, 846).
BRate in individuals with any linked HES record ever (n = 6, 119).
CRate in HES linkage consenters (n = 6, 593).
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