
International Journal of Population Data Science (2025) 10:1:34

International Journal of
Population Data Science
Journal Website: www.ijpds.org

Strategies for ascertaining timing of address changes in administrative data
Joseph Lam1∗ , Mario Cortina-Borja1, Peter Christen2,3, Richard Thomas4, Robert Aldridge5, Ruth Blackburn1, Ruth Gilbert1,
Andy Boyd4, and Katie Harron1

Submission History

Submitted: 10/04/2025
Accepted: 30/09/2025
Published: 10/12/2025

1
Great Ormond Street Institute of

Child Health, University College
London, UK
2
University of Edinburgh, UK

3
Australian National University,

AU
4
United Kingdom Longitudinal

Linkage Collaboration, Bristol
Medical School, University of
Bristol, UK
5
Institute for Health Metrics

and Evaluation, University of
Washington, USA

Abstract

Addresses captured in administrative health data can facilitate the analysis of place-based
exposures and their influence on health. If patients change address, hospital records are updated
when individuals next use health services: precise timing of addresses changes must therefore be
inferred. There is therefore a need to determine the temporal accuracy of address recording in these
data.

Using deidentified data, we compared Lower Super Output Areas (LSOAs) derived from English
hospital records (NHS_E, n= 40,102), with linked data on addresses recorded in the UK Longitudinal
Linkage Collaboration cohorts (Cohorts, n= 40,963) from January 1989 to April 2023. We compared
the accuracy of three methods for estimating the timing of changes in LSOA: 1) inferring the end
date of the current address as the start date of the next reported address minus 1 day (N-1 method);
2) using median date between current and next start date as the end date for current address, and
to update the start date for the next address (Median method); 3) generating the address end date
as a function of beta distribution defined in terms of the current and next start dates, assuming that
most people update their address soon after they move (random method).

In total, 39,216 (95.7%) Cohort members had at least 1 matching LSOA reported in both
Cohorts and NHS_E data. 47% of these matching LSOAs were recorded in the hospital data within
the two years prior to or following the Cohorts recorded dates. All three methods demonstrated
LSOA agreement of ∼78%, with negligible differences across methods.

Methods for estimating timing of changes in hospital-recorded LSOA, based on address, are
reasonably similar when compared to LSOA of residence in Cohorts data despite different updating
methods. Researchers should consider the assumptions and implications of each method and justify
their approach. More accurate and standardised methods are needed for recording address across
systems.
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Introduction
In epidemiologic and health services research, residential
address data are increasingly being used to assess place-
based exposures – including household, environmental, social,
and structural factors – and their influence on health
outcomes [1]. For instance, use of solid fuels for cooking
has been associated with premature mortality [2]; residential
proximity to major roads has been associated with increased
asthma prevalence in children [3]; living in socioeconomically
deprived neighbourhoods has been linked to increased risk
for depression, anxiety, and chronic illnesses like diabetes and
hypertension [4, 5].

Establishing a spatial-temporally accurate residential
history from administrative data sources like hospital records
is challenging. Studies frequently rely on a single address
recorded at a specific time point (for example, the recorded
address at hospital admission or at birth) as a proxy for an
individual’s residence over an extended exposure period [6, 7].
Such an approach can be problematic because residential
mobility creates spatial-temporal variation that undermines
the precision of exposure measurements and may yield biased
estimates.

Increasingly, researchers recognise the importance of
temporal and spatial accuracy in place-based exposures
captured in administrative health data. However, precise
information on the timing of address changes is often
unavailable and must therefore be inferred. Temporally precise
representation of address changes is important for accurately
representing (cumulative) exposure to environmental risk
factors, residential mobility and the use of area-level
deprivation measures such as the Index of Multiple Deprivation
in the UK [8, 9]. Accurately representing residential mobility
is also important for evaluating public health interventions.
This is particularly important for populations with a higher
residential mobility than the general public, such as those
with unstable housing, those who are pregnant, and those with
young children [10].

Within the UK there is no law compelling people to
notify the state when they move address (except to register
the change with the authority in charge of vehicle drivers’
licences). This means people often notify service providers
at their next interaction. When there are gaps or overlaps
between recorded dates of addresses across or within different
datasets, or when address end dates are not collected,
researchers have to make assumptions on which dataset
to prioritise, and when the address change happened. This
is relevant for health administrative data, as addresses
can potentially be recorded at each contact with health
services (such as general practitioners, hospitalisation etc.),
rather than being updated when people move to a new
address.

This study describes and compares the accuracy of three
methods for estimating the timing of changes in Lower Super
Output Areas (LSOA; geographical output areas with between
400 and 1,200 households) in deidentified hospital records
against self-reported deidentified address data from cohort
studies.

Methods
We compared three methods based on different assumptions
about the temporal accuracy of healthcare-recorded address
data (Figure 1).

Method 1: N–1

The N-1 method assumes that the recorded start date
corresponds to the actual date when an individual moved.
Similar to Fecht et al.’s algorithm [8], which favours start dates
over end dates, this method assumes that end dates are usually
imputed in relation to start dates in database design. In our
study, for N-1 method, when there are gaps or overlaps in the
address period, the end date of the earlier address period is
marked as one day before the next start date.

Method 2: Median

The Median method assumes that the reported start date of
the new address is likely to be later than the actual date,
as patients would only update their address at their next
clinical or research encounter. This assumption could be valid
in NHS_E. A study of six general practices in London found
that nearly 40% of patients registered address change more
than six months after they move, 13% delayed for over one
year, and 7% delayed for over three years to update their
address [11]. The size of this gap is likely to vary by the
individual’s health status, their family characteristics (e.g., if
they have care responsibilities), the source of data (primary or
secondary care), length of stay in each address, distance they
moved, and ease of update of residential information (e.g. from
2022, National Healthcare Service allow individuals to update
their emails and contact numbers online, but not their postal
addresses). The Median method uses the midpoint between
current and next address start date as the end date for the
current address and subsequently, it updates the start date for
the next address.

Method 3: Random (Beta)

The Random method also assumes that the recorded date
is later than the actual date. However, instead of using the
midpoint point as the end date for the current address, this
method supposes that the percentage differences between the
recorded and actual end dates are proportional to realisations
from a Beta distribution with parameters α= 5 and β= 2 [12].
This distribution was chosen for its left-skewed shape (long-tail
of the distribution is on the left), which reflects the assumption
that most of the actual end dates will be closer to the recorded
end date than they were if their differences were assumed to be
uniformly distributed. This assumes that most people update
their addresses in NHS_E soon after they move.

Dataset

This study included 40,963 participants of the longitudinal
cohorts which are partners in the UK Longitudinal Linkage
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Figure 1: Three methods of ascertaining periods of time for each address. The same date ascertainment method is applied to both
Cohorts and NHS_E address data. These dates are included only to illustrate how each method works

Highlighted in orange are end dates determined using N-1 method. Highlighted in red are the end dates, and in purple the
subsequently adjusted start dates using median and random method. Median and Beta distribution is illustrated in the background
to visualise how each method is applied.

Collaboration (UK LLC) [13]. The pooled studies within UK
LLC form a dynamic sample which changes over time, we
used denominator file version “Freeze 1” (taken 2022-10-19). A
summary of each cohort included in this paper is described in
Supplementary Table 1 with study sample characteristics and
linkage rates provided online [14]. We included participants
whose data had been linked to UK health administrative data,
who had provided permission for geocoding, and who had
provided at least 1 address with a valid start date in both
cohort and health administrative data (as defined by inclusion
in the UK LLC “geo indicators” dataset; version 2022-09-13).
Within UK LLC, there is capability to look at the encrypted
LSOA derived from participant address information collected
directly by seven longitudinal population cohorts (referred to
from here as Cohorts) as well as encrypted LSOA information
from participants linked NHS England health administrative
data. The NHS LSOA is sourced from both primary and
secondary health services during patient interactions (referred
to as NHS_E. © (2025), NHS England. Data re-used with
the permission of NHS England. All rights reserved.). This
dataset includes participants from Avon Longitudinal Study
of Parents and Children (ALSPAC), Born in Bradford (BiB),
Disorder Genetics Initiative and COVID-19 Psychiatry and
Neurological Genetics Study (COPING), Extended Cohort
for E-Health, Environment and DNA (EXCEED), Generation
Scotland, Medical Research Council National Survey of Health
and Development (NSHD), and TwinsUK [15–20]. The UK
LLC system ensures the encryption of LSOA from linked and
study data is comparable and also preserves the privacy of
participants as neither the researcher nor UK LLC staff have
access to the encryption key (which is managed by a trusted
third party). This capability is rare and allows us to compare
the impact of methods of date ascertainment in linked data.

Each of the cohorts collect information about changes
in addresses differently, and where approaches differ across
time within cohorts. For example, NSHD checked and traced
the current address of their sample members with an annual
birthday card [21]; ALSPAC has a curated address history

database for each individual from multiple waves of study,
asking them to provide month and year of residential moves
[22]. Address changes between waves could be self-reported on
the study online portal; COPING is conducted entirely online,
and only recorded baseline addresses [18].

We included Cohorts-reported addresses from 1990-10-11
to 2022-10-13, and NHS_E-reported addresses from 1989-
01-27 to 2023-04-06 (censor date for linked data). We
sorted the LSOAs by their start date and only retained the
rows where LSOA changes were captured (apart from the
first recorded LSOA; Figure 2). For the 39,216 participants
with at least one matching LSOA across data sources, we
derived end dates for each address using each proposed
method.

Statistical analysis

First, we explored whether there were differences in age
category (≤18, 19-30, 31-59, 60-74, ≥75 years), sex or gender
(male, female), or ethnicity (White, South-east Asian, Other
Asian, Black, Mixed, Other, Missing or NA) between those
who reported more than one LSOA, those who had a single
LSOA (in either NHS_E or Cohorts), and those who did not
appear in NHS_E or provided no LSOAs in NHS_E. Since
sociodemographics were collected using different categories
(such as sex and gender, or ethnicity groups) across
different settings (self-reported, parent-reported, recorded by
healthcare professionals), we first harmonised characteristics
reported across Cohorts using the most disaggregated ethnic
categories. We prioritised self-reported characteristics from
Cohorts and filled missing information with NHS_E reported
characteristics.

This description was restricted to the 39,216 individuals
with at least one reported LSOA in both Cohorts and NHS_E.
We also described the frequency of LSOA changes in both
Cohorts and NHS_E.
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Figure 2: Flow chart of data processing pipeline for this study

LLC=UK Longitudinal Linkage Collaboration, NHS_E=National Health Services Dataset, LSOA= Lower Super Output Areas.

We then assessed the agreement between reported
timing of address changes in Cohorts and NHS_E, using a
cross-sectional comparison. We examined how many LSOAs
reported in Cohorts were also reported in NHS_E; and for
those where the same LSOAs were reported, the minimum
start date difference for each individual across all of their
matching LSOA (Figure 3).

Longitudinal Comparison: Proportion of time
in Cohorts represented by NHS_E

Finally, we estimated the proportion of time that the
LSOA recorded in Cohorts was represented by the LSOA in
NHS_E, over the total period for each individual (longitudinal
comparison, Figure 4). We refer to this metric as “coverage”.
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Figure 3: Illustration of cross-sectional comparison

Figure 4: Illustration of longitudinal Comparison, proportion of time of addresses in Cohorts in agreement with NHS_E, using N-1
method

Let:
TCoh = [tCoh

min , t
Coh
max ]

Be the observation period in Cohorts for a given individual.

TNHS
j = [aj , bj ] , j = 1, . . . , J

denote the intervals in NHS_E where the recorded LSOA
matches the Cohorts LSOA.

The total Cohorts period (measured in days) is

LCoh = tCoh
max − tCoh

min + 1

the overlap length between the Cohorts interval and NHS
interval TNHS

j is

Loverlap
j = max

(
0,min

{
tCoh
max , bj

}
−max

{
tCoh
min , aj

}
+ 1

)
.

Then the total overlap length is

Loverlap =

J∑
j=1

Loverlap
j

and coverage is defined as:

Coverage =
Loverlap

LCoh

We repeated this analysis using each date ascertainment
method (N-1, Median and Beta). Higher coverage implies
higher agreement in both reported address and the timing
between two data sources, with a maximum of 100%.
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Sensitivity analysis compared Cohorts members with only
one reported LSOA in Cohorts from those with more than
one reported LSOA. We did not consider the between-study
variations in address recording mechanisms in Cohorts.

In addition to the three main rules for assigning address
change dates, we developed a supplementary approach in
which the timing of the change is modelled as a latent
variable with an empirically derived distribution. Using the
subset of records where Cohorts and NHSD address start
dates could be directly compared, we calculated the relative
position of the true change date within the interval between
consecutive address records. These relative positions were
modelled using a Beta distribution whose shape parameters
α and β were estimated directly from the data. This fitted
Beta distribution represents the latent change-time model,
describing the probability that a change occurs at any given
fraction of the observed interval.

We applied a multiple imputation strategy to propagate
this model into the full dataset. For each individual and address
spell (where the end date was not directly observed), we drew
20 independent imputed end dates from the fitted Beta(α,
β) distribution, scaled to the length of the interval until the
next recorded address change, and constrained to precede the
next start date. Each draw produced a complete set of address
histories, resulting in M imputed datasets. The overlap analysis
was repeated on each imputed dataset, and results were
combined using Rubin’s rules to produce pooled estimates and
associated 95% confidence intervals. This approach integrates
a data-driven latent timing model with multiple imputation
to allow both improved realism in the simulated change dates
and formal quantification of the variation it introduces into
the evaluation metrics.

Results

Of the 40,963 Cohorts members, 39,216 (95.7%) had at least
1 matching LSOA in NHS_E, 886 (2.2%) had at least 1 valid
LSOA in NHS_E, but did not match with any Cohorts LSOA,
and 536 (2.1%) did not link to NHS_E, or did not provide
any valid LSOA in NHS_E (Table 1).

For the 39,216 individuals with at least one reported LSOA
in both Cohorts and NHS_E, there were no major differences
by age category, sex, or ethnicity between those who reported
more than one LSOA, those who had a single LSOA (in either
data source), and those who were not included (Table 1).

For the 39,216 Cohorts members with a matching LSOA
in NHS_E, almost half of start dates fell within two years
before or after the Cohorts-reported start date (Figure 5).
Another 18.1% of start dates were reported at least five
years before Cohorts-reported start dates, and <3% of start
dates were >2 years after the Cohorts-reported start date
(Supplementary Table 3). Observed patterns suggest that
variations in reporting were not specific to particular age
groups; and were not driven by a particular cohort.

Longitudinal Comparison: Proportion of time
in Cohorts represented by NHS_E

For the 39,216 participants in the longitudinal analysis, the
overall mean coverage was 78.6% (95% Confidence Interval,

CI 78.3% -78.9%) using the N-1 method, meaning that the
LSOA recorded in Cohorts on average agreed and represented
the LSOA in NHS_E for 78.6% of the time period. The
Median and Random method worked similarly, with a coverage
of 79.3% (95% CI 79.0%-79.6%) for Median, and 78.8% (95%
CI 78.5%–79.1%) for Random method (Figure 6).

Coverage was lower (∼73%) for individuals with more than
one recorded LSOA change in Cohorts across all three methods
(n= 23,707; Supplementary Figure 1), and coverage was
higher (∼87%) for individuals with only one recorded LSOA in
Cohorts across all three methods (n= 15,509, Supplementary
Figure 2, Supplementary Table 4).

Supplementary Analysis: Latent change-time
model with multiple imputation

Applying the empirically estimated latent change-time model
to the full dataset via multiple imputation produced results
closely aligned with the main analysis. The fitted Beta
distribution (α, β= 4.26, 2.96) to the Cohort-NHS_E date
discrepancies indicated a tendency for address to occur later
within the observed interval, as expected in our random (beta)
model. Using this distribution to generate 20 imputed datasets,
the imputation-pooled mean coverage was 81.9% (95%
Confidence Interval= 81.7%–82.2%, Supplementary Figure
3). The distribution of person-level coverage proportions
across imputations was stable, and the pooled means were
within 3% of the fixed Beta model results. This consistency
suggests that the empirically derived latent timing model
does not materially alter the overall coverage estimates, but
provides a more realistic and data-driven representation of
change-time uncertainty.

Discussion

In this study, despite the difference in context and mechanism
of data collection between data sources, we found acceptable
spatial-temporal coverage of recorded LSOAs. Over 95% of
Cohorts members had at least 1 matching LSOA reported
in NHS_E. Overall, addresses in NHS_E covered 78% of
individuals’ Cohorts-recorded addresses both spatially and
temporarily using all three methods. There is limited evidence
of sizeable differences in coverage between the three methods.

Within Cohorts data, individuals report residential
addresses at varying time intervals for each active study; within
NHS_E, address changes were recorded prospectively at each
contact with health services. There is a higher burden on
individuals in Cohorts to report all previous addresses, which
may introduce recall errors. Study participants may only report
their current address at the time of data collection and are
not always allowed to report multiple current residencies. On
the other hand, late reporting of LSOA in NHS_E likely
corresponds to the delayed reporting others have described
[11]. Addresses recorded in NHS_E could contain more noise
as individuals could be reporting different addresses when they
access different health service providers; where corrections to
address data appear as changes in address; or where patients
are admitted in a condition where they cannot accurately
or willingly provide their address. Since we only used LSOA
instead of exact addresses, LSOAs would be considered a

6



Lam, J et al. International Journal of Population Data Science (2025) 10:1:34

Table 1: Demographics based on harmonised Cohorts and NHS_E data, for the analytical sample, those with no LSOA change,
records without any LSOA match in Cohorts or NHS_E, or not provided any LSOA in NHS_E

Analytical No LSOA No LSOA No LSOA Not
Sample Change (Cohorts) Change (NHS_E) match Included#

Total (n) 39,216 15,509 15,396 886 536

Variable Category
Age group ≤18 years 5030 (12.8) 1941 (12.5) 1941 (12.6) <5% <5%

19-30 years 1417 (3.6) 546 (3.5) 557 (3.6) >5% >5%
31-59 years 16950 (43.2) 6743 (43.5) 6592 (42.8) >45% >45%
60-74 years 9434 (24.1) 3767 (24.3) 3692 (24.0) >20% >20%
≥75 years 5144 (13.1) 2012 (13.0) 2105 (13.7) >10% >10%
Missing 1241 (3.2) 500 (3.2) 509 (3.3) <5% <5%

Gender or sex∧ Female 24471 (62.4) 9670 (62.4) 9596 (62.3) >60% >60%
Male 13785 (35.2) 5457 (35.2) 5408 (35.1) >35% >30%

Missing or NA 960 (2.4) 382 (2.5) 392 (2.5) <5% <5%

Ethnicity White 21801 (55.6) 8761 (56.5) 8682 (56.4) >70% >75%
South-east Asian 5554 (14.2) 2148 (13.9) 2121 (13.8) >5% >15%

Other Asian 383 (1.0) 166 (1.1) 155 (1.0) <5% <5%
Black 372 (0.9) 149 (1.0) 137 (0.9) <5% <5%
Mixed 458 (1.2) 202 (1.3) 175 (1.1) <5% <5%
Other 276 (0.7) 104 (0.7) 122 (0.8) <5% <5%

Missing or NA 10372 (26.4) 3979 (25.7) 4004 (26.0) >20% >25%
Number of Unique
LSOAs

8,458 4,001 4,315 NA NA

∗ <5% may include 0. Precise numbers for No LSOA match and ID not in NHS_E are suppressed due to risk of disclosure,
therefore only percentages are given. ∧sex and gender terms were harmonised to options in “sex” variables. # Not Included when
ID did not appear NHS_E or did not provide any LSOA in NHS_E.Around 40% of individuals in both data sources reported a
single LSOA during the study period (Table 2). However, only 15.5% reported a single LSOA in both data sources (Supplementary
Table 2). A greater proportion of individuals reported higher numbers of LSOA changes (4+) in NHS_E versus Cohorts data over
a comparable time-period.

Table 2: Number of LSOA changes in Cohorts and NHS_E. Note that this table includes records from individuals that did not
have any matching LSOA in NHS_E, who are excluded from subsequent analysis

Number of LSOA Changes
Cohorts NHS_E

n % n %

0 (No changes) 16878 41.2% 15737 39.2%
1 9987 24.4% 2833 7.1%
2 5984 14.6% 3388 8.4%
3 3400 8.3% 1507 3.8%
4 1915 4.7% 2332 5.8%
5 to 9 2582 6.3% 5467 13.6%
10 to 14 183 0.4% 3032 7.6%
above 15 34 0.1% 5806 14.5%

Total 40,963 40,102

match even if the exact addresses are different. Addresses in
the same area recorded in NHS_E but not in Cohorts could
explain why some NHS_E start dates fell before Cohorts in
our cross-sectional comparison.

Choice of date ascertainment methods should take
into account the characteristics of the underlying data.
For example, N-1 method works best when records have

minimal errors. However, if the recorded dates are wrong,
missing or out-of-order, N-1 methods can introduce significant
inaccuracies; the Median method works well for capturing
short stays and frequent address changes, such as in
populations with high mobility, but can underestimate long-
duration stays if moves are infrequent. The Random (Beta)
method is a flexible way to adjust systematic difference
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Figure 5: Minimum difference (in years) between LSOA start dates recorded in Cohorts and NHS_E, for Cohorts members with a
matching LSOA in NHS_E, by age group

NHS_E-reported start dates 5-10 years or >10 years after Cohorts-reported start dates were suppressed due to small numbers.
Negative values mean that the NHS_E-reported start date fell before the Cohorts-reported start date; positive values mean that
NHS_E-reported start dates fell after the Cohorts-reported start date.

between recorded dates from actual dates (such as in health
records), but introduces some model-based uncertainties.
Researchers should consider how appropriate these different
assumptions are for their study.

Researchers should also consider key contextual factors
such as cohort characteristics and environmental exposure of
interest when choosing date ascertainment methods. In terms
of cohort characteristics, for example, households expecting
newborns or with children are more likely to move than
the general population [9, 23]. People experiencing poverty
may have shorter residency periods at each address, and be
less likely to move to less deprived neighbourhoods [24–26].
In our study, participants who moved tended to remain in
equally or more deprived areas compared to less deprived
areas, especially for those starting in more deprived areas
(Supplementary Figure 4, 5). By nature, errors and biases in
date ascertainment affect those who with higher residential
mobility disproportionately. However, the size of bias varies
by environmental exposure of interest. For example, Hoek
et al. [27] suggested that for long-term exposures such as
outdoor air pollution, biases arising from not accounting for
neighbourhood-level exposures (e.g. journeys to school or
work) are typically quite small where the population catchment
area is also small. This was also described by Chen et al. [28]
for a small cohort of pregnant mothers, where most moves in
their cohort were within the same neighbourhood, or between
neighbourhoods of similar characteristics. In these cases,

improvements from using a more temporally and spatially
accurate address may be small.

There are a few limitations to our current analysis. Firstly,
our data only included individuals who were successfully
linked to NHS_E and had at least one matching LSOA.
The linkage used the latest available address provided in the
NHS patient demographics service as one of the linkage keys.
Individuals were more likely to be linked and included in
the study if they had provided an up-to-date address. Wider
evaluation of NHS_E data in the general population will
likely find a lower proportion of matched LSOA than in our
study. By demonstrating high temporal agreement between
our data sources, our study showed an opportunity to utilise
temporal information of addresses, instead of just using the
most recently reported address for data linkage. Our findings
provided a reference distribution of dis/agreement decays for
addresses to help attribute appropriate weights for linkage [28].

Secondly, we evaluated our cohort using encrypted LSOA
instead of individual addresses. This means that address
changes within the same LSOA were not captured or described
in our study. The current evaluation of address matches is
therefore likely an under-estimation of true residential mobility;
and an over-estimation of the extent of coverage of NHS_E
LSOA. Using markers of higher geospatial resolution, such as
encrypted Unique Property Reference Numbers, would allow
us to investigate patterns of residential moves and exposure
assignment with higher precision.
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Figure 6: Coverage of NHS_E-reported LSOA relative to Cohorts-reported LSOA, using three methods, according to categorised
number of reported LSOAs in NHS_E (1, quartile)

This corresponds to total number of LSOA reported, which includes repeated LSOAs that correspond to different time-periods
(non-consecutive). The x-axis is chosen to visualise potential differences by total contact with health services, that coverage might
be higher for individuals with more frequent NHS_E contacts.

Thirdly, our approach assumed that addresses reported in
Cohorts are more valid or accurate than NHS_E: this may not
be true. We cannot claim that high agreement between the
two data sources suggest high validity of recorded addresses
dates. We could not properly evaluate coverage for people who
are living in multiple addresses, as it might not be captured
in Cohorts, nor properly labelled in NHS_E. We assumed
the mechanisms of recording and updating addresses to be
the same between cohort studies, and between Cohorts and
NHS_E, by applying the same date ascertainment method for
both data sources. Future replications could apply different
date ascertainment methods sensitive to data generation
mechanisms of each data source.

For our supplementary analysis, the Beta distribution
fitted in this analysis is derived from the smallest observed
administrative interval that encloses a known change date
in the Cohort–NHS_E data. As such, it captures patterns
of relative timing within these minimal enclosing intervals,
but does not reflect the full range of possible change-
date variability when address observations are further apart
in time. In practice, this means that the latent model
characterises fine-scale within-interval noise, conditional on
relatively short detection windows, and may underestimate
the total uncertainty present in change-time ascertainment
for records with longer unobserved periods. However, our
main comparisons focus on relative performance between
ascertainment strategies, and the supplementary multiple-
imputation analysis using the latent Beta model produced
results that were closely aligned with the deterministic and
stochastic rules. This suggests that, while the model may
not capture all sources of variability, its scope is sufficient for

the comparative aims of this study. Approaches that explicitly
model larger enclosing intervals, such as hierarchical timing
models, could extend this work to address both within-interval
and between-interval variability.

Conclusion

When possible, the choice of date ascertainment methods
should be advised by external validation, where an alternative
data source is seen as more valid than another. With
presence of such external geodata (such as the Cohorts),
formal evaluation of date ascertainment methods allows direct
comparison of their impact on the main analysis. This study
shows that choice of method for estimating timing of address
changes may not substantially change the findings. However,
any statistical approach to address poor quality temporal
data for address movement will remain poor estimation of
precise dates of movement. For longitudinal cohorts, when
possible, we recommend implementing routine checks and
internal correction of addresses with participants at each
contact. Much more accurate information for some movements
do exist within the UK’s routine records (e.g., Driver and
Vehicle Licensing Agency drivers licence changes, property
transaction records) and these could be used to generate
more accurate reference lists for research purposes, if public
rights were respected and a protocol could be developed which
established a social licence for this purpose. However, such a
system would likely have substantial bias (e.g., towards car and
property owners) which may impact on research and policy
inequities.
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