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Executive summary
Social longitudinal analyses in the UK have largely been based on survey data, assisted by the
investment on cohort and panel studies. In recent years there has been a move to utilise alternative
data sources and particularly administrative data. The differences in properties in and benefits and
drawbacks of the different types of data are summarised.
Administrative data sources are becoming more widely used in a range of contexts, but it is more
challenging to discover the detailed changes and metadata. It is recommended that the possibility of
commissioning ‘administrative data biographies’ should be explored, which will describe the evolution
of the administrative sources and the way the information in them is gathered.
Linked administrative data and combined administrative and survey data present a wider range of
analytical possibilities, but there are challenges in consent for linkage and in undertaking the linkage
itself.
A spine is a list of people derived from one or more administrative sources, and to which other data
can be linked. We describe some of the considerations in constructing and using a spine in support of
longitudinal survey taking.

1. Introduction
In recent years there has been a strong development of approaches based on alternative data sources
– administrative and transaction data, and in some cases ‘big data’ (“found data” in the sense of
Connelly et al. (2016), because it is not designed for statistical purposes) – in official statistics and
major research. For convenience, we will refer to these sources generically as administrative data here.
The main drivers for the use of administrative data have been financial, since they are potentially
available at much lower cost than survey data, but have also been driven by their wider coverage, big
increases in data availability within government, and increases in computing power to process large
datasets. Development of new methods, and experience with implementing them in practice, have
been going on in tandem. In the UK this has been supported by the development of research
infrastructure such as the Administrative Data Research Network, but also been mirrored in the
development of statistics in government to make greater use of new data sources, for example in the
ONS’s Data Science Campus.
While there is considerable literature comparing the merits of longitudinal data with cross‐sectional
data, and of administrative data with survey data, there is little comparing longitudinal survey data
with longitudinal data from other sources. However, Hurren et al. (2017) discuss the advantages and
challenges of using longitudinal administrative data with reference to child maltreatment.
In this review we aim to summarise recent thinking on the potential, advantages and challenges of
using survey data and administrative data (separately and together) for longitudinal research.
2. Survey data
Survey data have been the default data for many types of longitudinal analyses, aided by the existence
of some long‐running longitudinal surveys and their associated datasets. They present a number of
advantages, but also some attendant disadvantages, summarised below.

2.1

Data definition and collection

While concepts and measurements are under the control of the survey takers, there are many
challenges in collecting survey data, including: defining the concept to be measured; developing and
testing questions which capture the information required to derive that concept; and controlling the
interview process to maximise the response and minimise any measurement error. A longitudinal
survey may still need to resolve conflicting user requirements and cost‐benefit trade‐offs, but once
the requirements are defined they can be implemented. This makes the data more relevant for
answering specific questions of research and policy interest, and is expected to keep some non‐
sampling errors (such as measurement error) low, improving accuracy.
In a single wave of a survey all the variables are collected at the same time, which means that
associations are less likely to be contaminated by timing differences. It also allows simultaneous
collection of biomarker data (Ruiz et al. 2017).
There are still some challenges – changing social contexts or developments in research agendas may
alter the requirements, and hence the availability and comparability of data. The measurement
occasions are tied to a defined pattern of survey waves, so they measure the state of each variable at
the time of the survey, with transitions between states either inferred by comparison across waves,
or identified by recall with its attendant risks of bias through telescoping (Tourangeau 2018) or seam
bias (Callegaro 2008).
The repeated collection of data from the same respondents potentially gives very rich datasets, but
the respondents may be influenced by the survey process, which may affect their responses to the
survey in different waves (rotation group bias, van den Brakel et al. (2020, forthcoming)), or change
their behaviour, known as panel conditioning (Warren & Halpern‐Manners 2012).
Data may be collected in a number of modes. Face‐to‐face interview mode is generally accepted to be
the most accurate, but it is expensive because of the cost of the interviewer. Internet and post are
much cheaper, but suffer from nonresponse and (for internet) break‐off.
2.2

Defining a population and sampling

In a longitudinal setting it is always challenging to define the population about which inferences can
be made, since the survey covers many periods (Smith et al. 2009), but this is more acute in surveys
where the initial sample is selected from a frame from a specified time. However, the choice of frame
is again under the control of the survey designer, although the frame is often itself an administrative
source, which blurs some of the distinction between surveys and administrative data. For some
population definitions, methods are needed to update the sample to include people who were not
present when it was initially selected (such as births or immigrants). A boost may be added (Watson
& Lynn 2020, forthcoming), but the additional sample often complicates data management and
analysis. The following rules for the survey may allow some elements of the population to be updated
(such as births to original sample members to represent births in the population), but will not cover
all cases. Longitudinal datasets derived from rotating panels, eg the Labour Force Survey, which drop
respondents after a fixed time and therefore allow the sample to change with the population, are less
prone to this, but do not provide consistent long‐term data on the same individuals.
Sample design for a longitudinal survey is a trade‐off among competing requirements for accuracy in
different variables and subpopulations, costs, interview length and predictions about recruitment and
attrition rates. This is not the place to attempt a review of design considerations (see Smith et al. (2009)
for an overview), but note that differential sampling rates to meet various requirements can
complicate the analysis of the collected data, through use of weights, or through combinations of
different types of samples (eg on Life Study, Dezateux et al. 2016 which had a nationally representative
probability sample and location‐based samples). There has been some debate about the necessity for
weights in longitudinal analysis, see WP5 and Goldstein et al. 2015).

2.3

Maintaining the data

There are costs in maintaining a longitudinal survey sample. To support repeated data collection,
sample members must be tracked, typically by tracing activities and keep in touch (KIT)
communications between waves. Even with these efforts there is still attrition, and in severe cases
high attrition could lead to longitudinal studies being stopped (eg the National Longitudinal Survey of
Children and Youth (NLSCY) – a Canadian study – was halted when it became apparent that it was not
representative). Data have to be linked across waves in a suitable way, and item nonresponse must
be dealt with by a suitable longitudinal imputation approach.
Editing, to identify and correct errors, is also an important activity, and is easier in a survey where the
data collection is under the study’s control, so that unexpected observations can be checked at the
time of collection. A survey, even with a large sample, will also have many fewer records to examine
than an administrative dataset. In extreme cases the cost of cleaning a complete administrative
dataset may be so great that it is only practical to clean a sample, and use the cleaned sample in
further processing.
2.4

Ethics and confidentiality

A survey approach deals directly with the ethics of data collection and analysis, because respondents
are asked for their consent to participate in the survey (Lessof 2007). Analytical outputs are also
almost automatically protected against disclosure of any respondent’s attributes by the sampling,
which makes it less likely that any records which are unique in the sample will also be unique in the
population. Nevertheless the large number of variables available in longitudinal microdata means that
they continue to be very sensitive (that is, susceptible to being identified), so microdata and low level
geographic data have restricted access.
2.5

Summary of benefits of longitudinal analyses based on survey data

The key benefits of surveys as a source for longitudinal analysis are the ability to collect the desired
target variables (including biomarkers if necessary) from a defined population with high quality. The
quality of the data should feed through to the quality of the analysis and inference, although there
are technical challenges to be overcome in the process. The ethical basis and confidentiality
procedures are straightforward.

3. Administrative data
Administrative data offer the prospect of large amounts of information at low marginal cost, and there
has been a sustained development of these resources for statistical purposes (e.g. HM Treasury
(2014)). Their principal advantage is that they have no marginal collection cost (though there may be
other costs), but there are other properties which interact with longitudinal analysis as described
below. In particular, administrative data systems are susceptible to changes driven by changes in
administration, policies and systems, and it is important to filter out these changes in any analysis. In
order to understand an administrative dataset and effects of changes in policy and context on the data
contained within it, Connelly et al. (2016) call for a “biographical understanding of the administrative
system”. It seems that many researchers in different fields are trying to understand the properties of
the same administrative datasets, but that there is no systematic documentation and evaluation of
these sources at the most detailed level. One area where ESRC could improve the UK data
infrastructure would be to fund construction of ‘administrative data biographies’, descriptions of the
properties and metadata of the systems and when they have changed, for the major sources. This
would necessarily involve the cooperation of the bodies which produce them, but could include, for
example, details of the instruments used to collect administrative data and when they change, as well
as changes in policies and practices.
Recommendation: Explore the possibility of funding construction of ‘administrative data biographies’.

3.1

Data definitions

Administrative data requirements are defined to support administration, so the variables included are
determined by that requirement. Where these are the variables of substantive interest, they will be
measured very well by the administrative data (much better than in self‐reports); for example lifetime
earnings would be much better measured by a tax system than by recall, and medical histories by GP
and hospital records. Administrative data are also unobtrusive, in that they record events close to the
time they happen, and do not require a respondent to recall potentially uncomfortable or traumatic
situations.
It may be possible to influence the controllers of administrative data to include one or two key
variables, particularly identifiers which enable datasets to be linked (see section 3.4) and therefore
enable a wider use of the administrative data. Additional collection has a substantial additional cost
in the administrative process because it is implemented for the whole population, and so would need
a strong cost‐benefit justification. Hence, in general only the administrative variables are available.
These are not controlled by the researchers, and are susceptible to changes in the underlying
administrative systems, which may change or remove variables unexpectedly (recent examples
include the introduction of Universal Credit, changes to rules for Free School Meals, and changes to
Child Benefit entitlement; see also van Delden et al. (2011)).
One important variable which is often not available in administrative data is an identifier showing
which people constitute a family or household. Households are often important in analyses, and it is
challenging (and therefore subject to error) to reconstruct these purely from administrative variables
(Zhang 2011); errors may be associated with characteristics which define groups of particular policy
interest, such as those with complex living arrangements, and may therefore disproportionately affect
some types of analysis. Identifying families is important from a ‘linked lives’ perspective which says
that the development of an individual is intertwined with development of other family members.
Administrative data are able to record changes at any time, and thus present more granular event
data, not susceptible to recall or similar biases. This should improve event history analyses (possibly
with further adjustment to deal with censoring, see Courgeau & Najim (1996)). The period over which
people interact with administrative data may however be fuzzy, with lags in identifying changes
possibly long; Zhang & Fosen (2012, Table 2) document an example where some changes are still
taking place 7 years after the reference date. Administrative data can be collected with some delay
relative to the reference period (eg income tax), but timeliness is not usually a critical factor in
longitudinal studies. Long lags though may have an important effect on estimates of changes and gross
flows.
3.2

Coverage

Administrative sources cover the population of people who interact with an administrative system. If
this population coincides with or approximates to the one required for analysis, then the
administrative sources provide data for the whole population. This particularly means that population
subgroups will be well covered, so administrative data increase the scope for analyses of these
subgroups.
Administrative data can however suffer from under‐ and over‐coverage of a population of research or
policy interest. The use of administrative data as the basis for sampling means that surveys may also
suffer from undercoverage; in either case a separate exercise is needed to measure undercoverage,
basically a problem of population size estimation (many details of which are covered in the chapters
of Böhning et al. 2017). Adjustment for undercoverage is usually achieved through weighting with
weights calibrated to ‘known’ population totals which have been adjusted for undercoverage.
Overcoverage principally affects administrative data, and means that records that should not be
included are present in the data and affect the analyses. Zhang (2015) offers some strategies for
modelling overcoverage, but this always requires a source without overcoverage.

Administrative data are not affected by attrition. In order to continue to gain the benefits of using an
administrative process (or avoid the sanctions from failing to use it), people need to continue
providing data in support of the system’s administration. However, people may move in and out of
the population covered by the administrative process, and there may therefore be incomplete
histories.
In principle the administrative data cover all, or a large part, of the population of interest, and
therefore facilitate the analysis of subpopulations which may be included too infrequently in samples
to allow separate analysis.
3.3

Ethics and confidentiality

The ethical basis for use of administrative data is more challenging than for survey data. Sexton et al.
(2017) highlight the competing public goods of data re‐use to improve efficiency and outcomes, and
privacy. They also show that where there is a lack of trust in the system, boycotts of data collections
(eg the schools census) can result, which would affect longitudinal analyses.
Because they contain all records, administrative data also present a higher risk of disclosure, and are
subject to more stringent security and confidentiality protection. Gaining access may be challenging
in some cases, and the data are usually available only in secure environments. Analyses may need to
be assessed for disclosure risk before they can be released from these environments and published.
3.4

Linkage and linked administrative data

With an administrative dataset there is a need for linkage across time to produce a longitudinal dataset
for analysis, and also possibly across sources to expand the range of variables. Within an
administrative system there will generally be a consistent identifier which will provide high quality
links. But linkage compounds any coverage problems, which now have components deriving from two
or more periods and/or sources. Any coverage errors potentially affect the linkage, and any linkage
errors in turn may affect longitudinal analyses. Linkage of two different datasets also raises additional
ethical questions, about whether participants have an opportunity to consent to linkage (and if they
do how much the withholding of consent produces a selection effect on who is included in the linked
data; see also 4.1), and the greater number of variables in the linked data, which make them more
sensitive.
Administrative datasets potentially contain variables that have been measured at different times, and
this may affect the estimation of relationships. This property is expected to be more prevalent in data
linked from multiple administrative sources, where there is generally no particular reason for
measurements to be simultaneous. We did not find any empirical evidence of the extent of timing
differences in variables in administrative data or their impact on analyses, and this is an area where
further investigation would be worthwhile.
Recommendation: Commission some example studies which investigate the effect of timing
differences in single and multiple‐source longitudinal administrative data on analyses.
3.5

Analysing longitudinal administrative data independently

Some variables will be relatively well captured by administrative data, which may therefore be an
effective source for longitudinal analysis, with the benefit that most of the population is covered. The
the concept in the administrative data may not be exactly what is required, and there may be lags in
obtaining, cleaning and processing the information relative to a survey. The best process for gathering
administrative data is an open question. In principle they can be available continuously, but this
requires updating and potentially large storage, unless data are stored as changes between states with
an associated timestamp. It is likely to be better to have periodic snapshots, and to ensure that
appropriate editing/cleaning processes are applied. The UK Statistics Authority has good guidance on
cleaning and assessing the quality of administrative data (https://www.statisticsauthority.gov.uk/osr/
what‐we‐do/systemic‐reviews/administrative‐data‐and‐official‐statistics/). Although cleaning is

important for analytical variables, Randall et al. (2013) note that it may not be useful for linkage,
because while it improves linkage rates for (true) matches, it also increases linkage rates for non‐
matches.
The coherence of the administrative data with the concepts being analysed is important – how far do
the administrative data provide the right variables to answer questions of substantive interest? And
this is particularly important if the administrative data are being considered to replace survey data
rather than supplement it. There will always be pressure to make such replacements, for reasons of
cost and coverage. Van Delden et al. (2016) distinguish four cases – control, accept, adjust, reject,
depending on whether there are no, minor, adjustable or nonadjustable differences respectively in
concepts.
The Longitudinal Studies in Scotland, N Ireland and England & Wales already combine information
from successive population censuses and administrative data sources for a sample of their respective
populations, and therefore provide an important source of longitudinal information, though on a more
restricted range of variables than the main ESRC‐funded longitudinal surveys. Nonetheless, these are
suitable for many research questions and are widely analysed (see https://calls.ac.uk/outputs/journal‐
articles/).
3.6

Summary of benefits of longitudinal analyses based on administrative data

The key benefits of administrative data as a source for longitudinal analysis are the low (marginal) cost,
and the high coverage, which allows much more detailed breakdown and analysis of population
subgroups. Where the variables of interest are the administrative data variables, the quality of the
data will be high, but the range of variables is generally smaller than for surveys. Administrative data
are typically collected continuously, so analyses requiring good information on the timing of events
may be of higher quality.

4. Combined administrative and survey data
The advantages of survey and administrative data complement each other well, so combined datasets
have become popular (see, for example, Meyer & Mittag, 2019). They do indeed offer benefits, but
these are offset by an additional challenge which is the need to link data sources, and the dependence
of analyses on the quality of linking and the linkage error. Since the linkage uses a survey as one source,
the linked data consist of only a sample of units and are therefore subject to the analytical challenges
derived from surveys, such as weighting and nonresponse adjustment. A specific application in the
use of an administrative spine to support longitudinal surveys is discussed in more detail in section 5
below. See also WP3.
4.1

Linkage and consent

Combinations of administrative and survey data for longitudinal analysis usually require linkage of the
microdata, so that associations between variables can be modelled. There are several stages in the
process of moving from a frame to a sample linked to an administrative dataset, and all are subject to
some type of error (see Sakshaug & Antoni 2017 for an overview).
There are many procedures for linkage. An ideal solution is to collect a suitable identifier during the
survey. However, in some cases sources must be linked without a common identifier, and then some
comparison of the data is needed, coupled with probabilistic matching. Where high quality of matches
is important (as it is in longitudinal surveys where all the cases have a high value so that errors should
be kept to a minimum), clerical (human) review of challenging cases will be needed.
When a survey is involved, respondents’ consent should be sought to link their data to administrative
records, and this is not always forthcoming. This can have a large impact on the data available for
analysis, since consent may be given differentially in different groups, presenting a situation not unlike
(and additional to) non‐response bias. This means that analyses of variables related to the variables

on which consent is differential will be biased, unless there is a suitable source for adjustment; often
there isn’t.
Sakshaug & Kreuter (2012) find that consent rates vary substantially depending on the survey context
(between 24% and 89% across a range of surveys in different countries). The impact of differential
consent in determining which characteristics are over‐or underrepresented in the final analysis
dataset also varies.
Sakshaug & Huber (2016) consider consent in a panel study, and find that “linkage consent bias […]
decreases over time when respondents who do not provide consent in a prior wave are asked to
reconsider their decision in subsequent waves”. Sala et al. (2014) similarly discovered that there is
more chance to obtain consent from previous non‐consenters if their previous decision is not
mentioned in the interview, which presents a ratchet‐like approach to increasing consent over the
waves of a longitudinal study. See also Mostafa (2016) for a discussion of consent bias.
4.2

Imputation

One potential use of linkage is to derive good imputed values in the case of nonresponse to a survey.
This would by most useful where a survey is the only vehicle for collecting good quality information
about the concept of interest, but where variables in the administrative data are good predictors for
this variable. After a refusal to participate in a survey it would not be ethical to obtain a good
prediction of essentially the same information that had just been refused, by linkage to an
administrative source, but in cases of noncontact it is more reasonable to use the administrative data
as the basis of an imputation.
4.3

Summary of the benefits of longitudinal analyses based on combined survey and
administrative data

The key benefits of linked administrative and survey data as a source for longitudinal analysis are the
availability of variables from high quality data collections under the control of the survey takers
coupled with high quality administrative variables, and the ability to use correlated administrative
variables to understand the coverage and biases in the survey data.

5. An administrative data spine
There is a substantial range of administrative data sources (e.g. ONS 2016), much derived from
government activities and held by different government departments, but also a range of private
sector sources. The ONS has been investigating the use of administrative data sources in the
construction of a population spine, as the basis for development of population estimates without the
need for a population census, and this has led to repeated deliveries of experimental outputs
(https://www.ons.gov.uk/census/censustransformationprogramme/administrativedatacensusprojec
t), and New Zealand has also been undertaking similar research (Black 2016). A spine is not a
population register, as there is no requirement for people to register and update their entries in a
timely fashion. It is a list constructed from one or more sources to which other sources can be linked.
The ESRC longitudinal studies review (Davis‐Kean et al. 2017) had as one of its major themes the use
of administrative data to support longitudinal survey taking. This is closely related to the research
infrastructure development in the Administrative Data Research Partnership (ADRP), which aims to
maximise the potential of administrative data as a resource for high‐quality research in the UK by
making datasets available.
Administrative data have several advantages; they generally have high population coverages
(depending on the type of data), and this means that there are larger numbers of records for minority
groups. They also present a number of challenges, summarised in Hand (2017).

Access to data sources containing identifiable records for the construction of a spine is, however
challenging. Procedures for data sharing within government have become progressively easier with
the Statistics and Registration Service Act 2007 and Digital Economy Act 2017, but there is a continuing
view that the risks from a disclosure of personal data could have very serious consequences for data
collection in the UK statistical system. Data owners have therefore taken a cautious approach, and it
is challenging to assemble the variety of data to form a spine, with appropriate safeguards for
confidentiality and secure storage and access.
The vision at the outset of the Administrative Data Research Network (ADRN) was that a wide range
of administrative data would be available and could be linked to generate bespoke linked datasets for
analysis of particular variables available from at least one of the sources. This process did not work
well in England, where there has not been enough agreement to exchange of data because of the risk
of a reaction from the public. In Wales and Scotland where the datasets involved are smaller and the
devolved administration means that most of the data originate from devolved institutions under more
connected leadership, it has been possible to produce a spine, and to use this as a basis for producing
linked analysis datasets. See, for example, the Welsh Secure Anonymised Information Linkage (SAIL)
annual reports available from https://www.healthandcareresearch.gov.wales/secure‐anonymised‐
information‐linkage‐databank/ and the Scottish electronic Data Research and Innovation Service
(eDRIS) website: https://www.isdscotland.org/Products%2Dand%2DServices/EDRIS/.
Constructing a spine is a challenging procedure even when the data are all available. The UK does not
have a unique personal identifier, and although there are various identification numbers (of which the
National Insurance Number (NINo) and NHS number are the most pervasive), they are not usually
available on datasets to form the basis of linkage. Therefore, much linkage needs to take place with
name, date of birth and address, and these variables are in some cases subject to incompleteness and
measurement error which affect the ability to link them. In these cases some form of probabilistic
linkage is needed for at least some of the records, with associated potential for false or missed links.
The ONS approach has been to use four administrative sources, two of which (HESA and Pupil Census)
cover specific age groups, and to consider the linked records to represent part of the population of
interest only when they derive from more than one source. This leaves a substantial group of records
deriving from only one source whose status is not clearly known. We can interpret these using a “signs
of life” approach, as described in the Irish context by Dunne (2015) and the Estonian context by
Maasing et al. (2017).
5.1
Spine coverage
The constitution of a spine is not straightforward, and there are several considerations about what
should be included:
a. unit coverage: a population spine used as a framework for linked data should include all the
people who appear in any of the datasets to be linked. This is a maximal view of a spine. All
the people who interact with an administrative system will be included, with sufficient
identifying information to allow other datasets (administrative or otherwise) to be linked to
the spine. Such a spine will suffer from overcoverage from duplication, missed links and
overcoverage (eg of emigrants who have not de‐registered or been subsequently removed by
list cleaning exercises) in the base datasets. If the spine is intended as a basis for defining a
population, for example to investigate the representation of a particular subpopulation in a
longitudinal survey recruitment, then a process for removing overcoverage will be needed so
as not to produce biased results from differential overcoverage of this subgroup.
b. temporal coverage: a spine can be dynamic, with the latest information always used to update
it (and this is the principle of business registers (College 1995, section 2.5)). However, in a
longitudinal framework it might be better to be able to track changes through time, which
would suggest a longitudinal spine, containing different information for the same units at
different times. Such a resource would however be much more complex to construct and
maintain; it would certainly require records to be linked over time, adding another process

which is potentially subject to linkage error. Contradictory information from two sources at
approximately the same time might indicate a change (e.g. of address), but not give any clear
information on when it took place, for example. The more information is included, the more
sensitive the spine will be and therefore the more stringent the procedures for accessing and
using it.
c. identification information: identifiers or matching variables are needed for linkage of units in
different source datasets and across time; so for spine construction purposes there has to be
a central linkage procedure with full information at least for a limited time. For some purposes
(eg sampling, evaluating nonresponse) personal identifiers are not needed so a
pseudonymised output dataset could be constructed with personal identifiers dropped.
However, location identifiers are needed, and these mean that the disclosure risk will remain
high even in a pseudonymised dataset, for the kinds of purposes suggested for investigation
in the Longitudinal Studies Review, like evaluating nonresponse and coverage biases.
5.2
Using a spine
The key purpose of a spine is as infrastructure to support the linking of data. Most existing research is
not based on the spine information directly, but needs to define a single, primary data source which
is the basis of a population of interest. Variables can be added to this source from other sources by
linkage through the spine. The primary source need not be an administrative data source, and there
are already examples of surveys being used in this way. The Swedish Gender and Generations Survey
(https://www.ggp‐i.org/data/methodology/) is a two‐wave longitudinal study which combines data
collected in wave one from a telephone/online survey in 2012/2013 to data available from the
Swedish Population Register. Follow up in the second wave was based entirely on data available within
the Population Register. Outcomes are currently available to 2016, but in theory individuals can be
followed up for longer periods of time within Population Registers and life course dynamics (such as
leaving and returning to the parental home) can be examined using a ‘linked lives’ perspective since
Population Registers link data from biologically related individuals (Kleinepier et al., 2017).
To support any particular study there is a need to define the population of interest, and this is already
more complicated for longitudinal surveys than for cross‐sectional surveys because of the temporal
element in the definition (Smith et al. 2009, Lynn in Goldstein et al. 2015). To use a spine as a basis for
assessing (for example) the non‐response bias or differential coverage of different population
subgroups, we would first need to define which units on the (maximal) spine are part of the population
of interest. This is often not straightforward; people do not deregister from administrative systems
when emigrating, and there may be lags between events occurring and records on the spine being
updated, so that people appear to be in different areas than they really are. One approach would be
to get indicative data quickly (perhaps to allow some form of responsive design to compensate for
deficiencies in recruitment), with a more detailed later evaluation when most of the lags have worked
out, to give detailed information on which to base adjustments to estimates.
There is also the possibility that people will be duplicated, or missed within the administrative data. If
some procedure (for example a survey, or a search for duplicates of specific records) is used as the
basis of an assessment, then it will generally be possible to use the information obtained to come to
a judgement about which of a set of duplicate records is correct at a given time. However, records
which are undercovered are by definition not on the spine, and therefore cannot be sampled.
5.3
Development of procedures for an administrative data spine
Davis‐Kean et al. (2016) have made the case for use of administrative data to support and enhance
longitudinal data collection as an infrastructure for a wide range of analyses. The details of how such
this would be put together and analysed still need to be worked out. A single administrative source is
more easily understood and interpreted and does not require linkage for its construction. But it may
not contain enough information on important subpopulations to allow for the envisaged adjustments
of supplementation of a survey collection.

There are also interesting questions in how to present and analyse a dataset containing complete (or
almost complete) administrative data for selected units (eg addresses), together with data only for
participating units on important analytical variables. The administrative data could be used in the
calculation of non‐response adjustment weights (Särndal & Lundström 1999, Haziza & Lesage 2016),
but calibration to more than a few variables may increase variances by increasing variability in the
weights. There is an outstanding issue between the desirability of bespoke weights for particular
analyses, or general purpose weights for consistency, and some question over whether researchers
make informed decisions to use or not the weights which are already provided. An alternative
approach would be to use a model to produce the best estimates using all of the available information
(as in Skinner & Coker (1996) who use maximum likelihood estimation to take advantage of the wider
information available in the larger dataset); application of fractional imputation is another possible
approach (Yang & Kim in press). These approaches require considerable methodological sophistication,
however, and suggest a need for further training in advanced quantitative methods.
A simpler approach would be to use these data as a quality evaluation for the achieved sample, as a
standard reference for researchers to cite. While likely to be well‐used, this approach however does
not adjust the standard analyses for the characteristics of the achieved sample, and so may not make
best use of the available information.
5.4
Triggers for data collection
A data spine can also behave as an early warning system for events which are likely to be of particular
interest in the life course, and prompt an additional contact. For example a period of unemployment
signalled in an administrative source might be followed up by some additional questions on changes
to financial behaviour or on job search strategies and outcomes.

6. Data linkage
6.1
Data linkage methods
A variety of methods have been proposed for data linkage in the absence of unique identifiers, which
is a frequent occurrence in administrative data linkage in the UK. The traditional approach is based on
the Fellegi & Sunter (1969) paradigm, and there are various approaches to implement this in practice,
with the EM algorithm a popular approach (see Herzog et al. 2007, Chapter 9, for an overview). This
algorithm assigns candidate pairs to be links or non‐links, or a third category where there is insufficient
information to make an automatic choice, and where clerical review is needed. The algorithm is
computationally intensive, and treats different matching variables as if they are independent, when
in fact there may be varying amounts of discriminatory information in each.
Recently, Goldstein et al. (2017) have developed an alternative approach which is less computationally
intensive, and which derives for each variable to reflect the amount of discriminatory information they
contain, in a similar way to multivariate analysis methods, thus avoiding the independence assumption.
More experience with the impact of Goldstein et al. (2017)’s approach in practical situations is needed.
6.2
Quality of linkage
Assessing the quality of automated data linkage generally requires clerical review of a sample of links.
Where the quality of the linkage needs to be high, the required sample size may be large to provide
estimates of quality measures of sufficient accuracy (ONS 2013). Boyd et al. (2016) have suggested a
simple sampling and estimation procedure, and further experience with sampling strategies
(especially for false negatives, which are comparatively very rare) are needed.
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