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Report on Methods for Complex Linked Data

Li-Chun Zhang and James Dawber

University of Southampton

Executive Summary

The UK’s longitudinal study resources have been largely survey-based, but there is poten-

tial for increasing the range of variables and coverage of the information through linkage

and harmonisation with other datasets. Combining multiple sources in this way creates

data with complex structures which require appropriate methodologies for analysis. This

report describes the nature of complexities in linked datasets for analysis, and summarises

the methodological requirements for

• analysis of partially overlapping repeated measures;

• analysis of networks within longitudinal data;

• secondary analysis of linked data;

• longitudinal population size estimation.

These approaches all share the feature that they have to deal with the potential for errors

in the data linkage process, particularly where automated solutions are needed to control

costs. A summary of the challenges in providing a scalable linkage methodology which

can deal with multiple datasets is included. Secondary analysis of data that cannot be

linked without errors is a central topic area in the landscape created by longitudinal data

linkage.

Key areas where methodological development seems possible and useful are in the use

of structural equation models and related approaches to make the best use of the all the

available data, and deployment of the entity resolution approach to data linkage to deal

with conflicting information in multiple sources.

1 Introduction

The existing core of UK longitudinal study resources consists chiefly of a suite of longitu-

dinal survey programmes, comprising of both household panels and birth cohort studies,

most of which can be found listed in Coleman (2015). Davis-Kean et al. (2018) outline

two related approaches to enhancing the existing datasets via linkage and harmonisa-

tion with other datasets, including relevant administrative, biomarker, geographical and

environmental data as the main additional sources.
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The combination for research of multiple sources of data of different types requires

complementary methodological approaches to allow robust statistical analysis of and in-

ference from complex, multi-level and/or linked data. For integrative usage of multiple

sources, it is helpful to maintain a broad view of integrated data, which extends beyond

a single linked dataset. For instance, in data fusion (e.g. Braverman, 2008) two datasets

may be concatenated rather than matched. Moreover, the combined data may be given a

network representation instead of as an n× p matrix, in order to capture the interactions

among the n individuals in addition to the p measures at the individual level.

This report aims to describe specific analytic challenges inherent in complex and linked

data, in the context of UK longitudinal study resources. In doing so, we shall

• highlight the attributes of complex/big data and linked data, systemise potential data

quality issues and their implications for robust statistical analysis;

• evidence opportunities and challenges for future UK longitudinal study resources,

which provides a context for integrative usage of disparate data sources;

• outline topics for the analysis and methodology of complex and, in particular, linked or

integrated data, with applications to the likely UK future longitudinal study resources.

2 Complex, linked or integrated data

2.1 Complex data and quality issues

In the tradition of longitudinal data analysis, complex is taken to refer to the common

features of sampling and non-sampling errors, such as stratified multistage selection, com-

pound rotation and attrition patterns over time, which generally complicate the distribu-

tion of the observed sample survey data, and call for adaptation of standard statistical

methods of analysis, such as regression and hypothesis testing, when applied to such data;

see e.g. Skinner et al. (1989) and Lynn (2009). Meanwhile, notwithstanding the lack of a

unifying definition, big data has become omnipresent in discussions of innovative integra-

tive usage of data from multiple sources. All the major additional datasets envisaged for

the UK longitudinal study resources can be big data in one way or another. For instance,

administrative and transaction data can be large, fast and varying in quality (e.g. Hand,

2018). Likewise with biomarker or GIS data.

It is thus helpful to extend the traditional scope of complex data features, which may

cause analytical or computational complications, including when the data is combined

with others. Roughly speaking, the data may be complex unless it is selected according

to a design, complete in content and accurate in observation. The following are some

typical examples of the features that can make the data complex.

• The observed units form a non-probability sample, which is not obtained according

to a probability sampling design. In non-survey sources, the representativeness of the
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sample can often be affected by a combination of coverage and selection issues (see also

work package 5).

• The measures of interest may be missing or subjected to observational deficiencies more

often than is acceptable, because they are not important to the data owner.

• Precise time labelling may be lacking in many administrative datasets, regarding the

time of an event and the time of registration or updating, which is a common difficulty

for alignment of observations that can change over time, such as place of residence.

• Data may be available in an ‘organic’ format, such as a text string of an address, a

satellite image of a given resolution, etc. Application of Machine Learning techniques

is then necessary to extract the content of interest, which inevitably generates its own

errors.

One may apply the total survey error framework of Groves et al. (2004), and system-

atise the challenging features of complex data along the two dimensions of representation

and measurement. Put simply, for a dataset that can be given as an n × p matrix, the

issues related to the rows (of units) refer to the representation dimension, and those re-

lated to the columns (of measures) refer to the measurement dimension. For both survey

and non-survey sources including big data, the quality issues can generally be caused by

• initial coverage errors, non-probability sample selection or an unknown missing data

mechanism, along the representation dimension;

• initial definitional discrepancy, imperfect measurement instrument or processing or

learning algorithm, along the measurement dimension.

2.2 Linked or integrated data and quality issues

Data from combining two or more sources can be represented as a single linked dataset,

when the units residing in the separate datasets overlap each other. Contextual or mul-

tilevel variables can be obtained, when separate datasets are organised around different

units that are nested in each other. For example, let A be a dataset organised around

persons, and let B be one organised around postcodes. The linked dataset can be organ-

ised around persons, which are nested in postcodes, such that the measures at postcode

level become now contextual variables associated with the persons.

When the units residing in the separate datasets do not overlap each other, they can

be concatenated to form the units of a single fused dataset. For integrative usage of data

from multiple sources, we include also fused data. There are no joint observations of the

measures in the separate datasets. The aim of data fusion, statistical matching (D’Orazio

et al., 2006) or ecological inference (King, 1997) and so on, is to construct or make
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inference about the joint distribution based on observations of the marginal distributions.

A schematic representation of linked vs. fused dataset can be given as

[y z]
linkage

=

 yA\B z∗A\B
y∗B\A zB\A

yA∩B zA∩B

 vs. [y z]
fusion

=

 yA z∗A
y∗B zB

(y∅) (z∅)


where the y-variable is observed in dataset A, and z in B. For emphasis the nonexistent

part [(y∅) (z∅)] is included to contrast the observed data [yA∩B zA∩B]. The superscript ∗

is used to indicate existent but unobserved variables.

It may be more appropriate to adopt a network representation of the combined data.

For instance, given n persons, the kinships among them can be given by the n×n adjacency

matrix, where the (i, j)-th element is 1 if i and j are kins of each other, and 0 otherwise.

All the diagonal elements of this adjacency matrix will be 0. One can associate it with

an n× n value matrix, where the i-th diagonal element is a measure of person i, and the

(i, j)-th element is a measure of the type of kinship between i and j, provided they are

adjacent to each other, which can take on a value different to the (j, i)-th element. Or,

one can use an n × p matrix for all the individual measures. In any case, a network is

then a valued graph (Frank, 2011), where the graph representing the network structure

is defined by the adjacency matrix, and the values associated with the nodes and edges

of the graph by the value matrices. Instead of kinship, one can use other socio-economic

interactions derived from additional data sources, which may be relevant to the analysis

of individuals, or such interactions may even be the primary target of analysis.

For integration of data from multiple sources, Zhang (2012) outlines a total error

framework at the integration phase. Di Zio et al. (2017) identify various statistical tasks

pertaining to (i) transformation of input data objects and attributes to relevant statistical

units and measurements for integrative uses, and (ii) micro- and macro-level integration

of separate datasets, often with overlapping units and measurements. The following are

some typical examples of the problems one needs to deal with in data integration.

• Different datasets may be organised around different objects. For instance, cellphone

data containing location information may be available by time, cell tower and phone

number, which can cause ambiguity regarding the matched individuals.

• In the absence of a common identifier, linkage error is the case if a pair of linked records

do not refer to the same entity, or one may fail to link the records of the same entity.

• Different datasets may contain similar measures that are not fully compatible with each

other. For instance, educational attainment in the different sources may not agree with

each other, and none of sources is deemed the gold standard a priori.

• The statistical unit of interest may not exist in any of the sources, and thus need to

be created, which inevitably generates its own errors. A typical example is creating
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living households from individuals (Zhang, 2011), based on information about family

relationships, various addresses of residence, work and other activities.

3 Opportunities and challenges

Longitudinal data linkage is the ability to link longitudinal survey data to a range of other

(often also longitudinal) administrative data, such as health, tax, welfare and educational

records, open or free data, as well as to big data such as digital footprints (Davis-Kean et

al., 2017). In epidemiology and medical studies, longitudinal data linkage is extensively

used to enhance data on clinical performance and health outcomes; see e.g. Guenel et

al. (1990) and Harron et al. (2016) for an early and a more recent example, respectively.

Calderwood and Lessof (2009) review the practice, benefits and challenges of linking

longitudinal surveys to administrative data. In addition to the obvious potential for

enhancing substantive survey data, they stress the possibility for enhancing the quality of

the survey process itself. An example is the ability to use administrative records to track

respondents and to understand and adjust for attrition to longitudinal samples, and these

are important benefits which can ultimately improve the quality of longitudinal surveys

and longitudinal data; see e.g. Cameron et al. (2017) for a recent study.

One may expect that such an outlook to longitudinal data linkage will continue to

be the likely scenario for enhancing future UK longitudinal study resources. The key

advantages are easily understood. To put it shortly, more and better data is expected

to yield more and better analysis and inference, which in turn leads to more and better

knowledge and insight. The relevant data that can be obtained via linkage can be broadly

classified into two categories: (I) missing or additional study variables, (II) auxiliary

information for survey processing, estimation and analysis.

Davis-Kean et al. (2017) describe in addition an ambitious outlook, which is more

concerned with the longitudinal population, than the longitudinal measures that have

been the focus of the traditional perspective. In particular, this aims at standardising

the designs of the various longitudinal surveys so that they all use the same longitudinal

population register (i.e. a population spine) as their sampling frame, and with all ESRC

research-related linkage of different administrative and survey data sources harmonised to

this spine. As an example of such a constructed longitudinal population spine, in countries

that do not have a population register to start with, one may refer to the Integrated Data

Infrastructure (IDI) at Statistics New Zealand (SNZ, 2018). A similar but currently more

limited undertaking in the UK context is the Statistical Population Dataset (SPD) at the

Office for National Statistics (ONS, 2019).
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The various challenges to the opportunities raised above can be summarised below:

Ethical and legal issues

l
Methodology ←→ Longitudinal data linkage ←→ Governance

Data access is obviously the central challenge to legal and ethical issues. In addition, the

fact that the data may be linked to many other sources can be expected to affect survey

consent and response, which in turn can cause coverage and selection errors.

As examples of challenges related to governance, one may mention privacy preserving

linkage infrastructure, access management to aggregated outputs vs. de-identified micro-

data, etc. Establishing approved standards for linkage and dissemination protocols is of

critical importance in this respect; see e.g. GUILD by Gilbert et al. (2017).

When it comes to the methodological issues at the stage of estimation and analysis, it

seems helpful to distinguish between the situations where the key challenges all arise from

the features that make the (integrated) data complex, because data linkage or integration

does not pose serious problems of its own, and those situations where data linkage or

integration is the root cause of the analytic challenges. The following is a classification of

the main issues in accordance with this distinction.

• Regarding complex data features:

– weighting adjustment for coverage and sample selection errors

– imputation and weighting for missing or incomplete observations

– adjustment for measurement errors or analysis of latent variables

– estimation of dynamic populations and analysis of dynamic units

– Machine Learning techniques for content extraction (in order to construct a measure)

– estimation and analysis of network data or network dynamics over time

• Regarding integrated data features:

– generic record linkage methods that are scalable to multiple large datasets

– secondary analysis of linked data (without access to the separate input datasets)

– privacy preserving linkage and analysis methods

– data fusion and inference from fused data

It is useful to keep in mind that, while many of the challenges apply to any type

of complex or integrated data, the longitudinal set-up can add its own extra twist. For

instance, one almost always needs to handle multivariate observations in a longitudi-

nal study, whereas it is often possible to focus on scalar observations in theoretical and

methodological developments for cross-sectional studies.
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A particular challenge above that is specific to longitudinal studies arises from the

fact that the population and units of interest are generally dynamic (rather than static)

over the period of study. The population of individuals is dynamic due to the natural

demographic events of birth, death, internal and external migration. The unit that can

be relevant in longitudinal studies is dynamic as long as it can consist of more than one

individual, such as family, household, siblings, school class, etc.

4 Analysis and methodology

Many of the complex data features outlined above can be dealt with by novel applications

and extensions of existing methods, some of which may well have been developed outside

the longitudinal data setting. However, Davis-Kean et al. (2017) draw special attention

to the linked data: “The creation of longitudinal survey databases with links to various

administrative databases is half the story. The other half is what is done with these linked

datasets”, “This is in sharp contrast to the sophisticated methodologies, and associated

software implementation, that have been developed to account for sampling and attrition

biases when analysing data collected from respondents to longitudinal surveys.”

We believe it is useful to extend the scope, from linked data to integrated data, to

include in particular fused data and network data as well. Below we motivate and highlight

some topic areas of methodology for integrated data, in the context of longitudinal data

linkage envisaged for the UK future longitudinal study resources.

4.1 Analysis of partially overlapping repeated measures

Analysis of repeated measures is obviously a standard topic in longitudinal studies. Com-

plications due to missing data have received ample attention in the past (e.g. Little and

Rubin, 1987). Similarly with applications of latent variable/class analysis to the estima-

tion of gross flows over time in the presence of measurement errors (e.g. Vermunt, 1996).

Longitudinal data linkage can easily create a situation where multiple conflicting mea-

sures become available over time, albeit for different individuals over the study period, in

which case one is faced with partially overlapping repeated measures.

Take employment status as an example. Suppose a panel of individuals are linked

to the Labour Force Survey (LFS) over time, from which one obtains the LFS status in

addition to the status originally observed in the panel survey. However, the observations

may be in conflict with each other, which indicates the presence of measurement error.

Moreover, due to the rotating design of the LFS, the LFS status will only be available for

some but not all the time points covered by the panel study. In short, at any given time

point, one would observe both (i.e. overlapping) measures for some of the panel members,

while for the others one would observe only the status in the panel survey. This creates

a setting of partially overlapping measures at the given moment, the pattern of which
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varies over time. Hence, a situation of partially overlapping repeated measures.

The data can be further enhanced, given the ability to link to the relevant adminis-

trative registers on employment and social benefits. Suppose as a result one can obtain

a fully overlapping series of register-based employment status for all the panel members

over the entire study period. This not only strengthens the analysis of partially overlap-

ping repeated measures using the same approach, but it can offer additional possibilities

via data fusion. As shown in Zhang (2015b), data fusion techniques can be effective for

the estimation of gross flows from one time point to another, for which the LFS status

is only observed for different individuals at the two time points, i.e. in the absence of

any repeated LFS measures, when the marginal LFS observations are combined with the

proxy repeated measures derived from the relevant administrative data.

In short, longitudinal data linkage can create partially overlapping repeated measures,

which require more advanced methods in order to make use of all the available data. For

instance, it seems possible and useful to extend methods based on structural equation

modelling (e.g. Kline, 2016), including latent class models, possibly in combination with

data fusion techniques, in order to make better use of all the available data.

4.2 Analysis of networks in longitudinal populations over time

Any study unit that consists of more than one individual (e.g. a household) is dynamic

if it can change over time. Lavallée (2007) applies the generalised weight share method

(GWSM), by which the measure of a dynamic unit at a later time point is transferred to

the initial sampling units, which can lead to the observation of the given dynamic unit.

This allows one to base estimation and inference on the known initial sampling design, and

avoid the complications associated with the unknown sampling design for the dynamic

units (and the population) at the later time points.

The GWSM is in fact a variation of multiplicity estimation, originally discovered by

Birnbaum and Sirken (1965). A related method is adaptive cluster sampling (Thompson,

1990), where the observation procedure leading from the initial sampling units is such

that the inclusion probability cannot be calculated for all the units observed by the end

of the survey. Zhang and Patone (2017) show that all these sampling methods are special

cases of sampling in finite graphs, under a unified definition of graph sampling.

The graph sampling approach can thus be used to treat many problems associated

with dynamic units over time, which occur in longitudinal studies. Moreover, graph

(or network) sampling methods can naturally be expected to gain increasing importance,

when the integrated data from longitudinal data linkage is given a network representation.

Finally, one can draw on an extensive literature of model-based analysis of networks; see

e.g. Goldberg et al. (2009) for a survey on statistical network models.

In summary, an emerging rich topic area is the application of design- or model-based

methods for network data resulting from longitudinal data linkage. Not only can they
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provide solutions to some perennial problems in longitudinal studies, they can greatly

extend the scope of analysis, from isolated units to network characteristics that capture

the various interactions among the units over time.

4.3 Generic scalable linkage methodology

A pair of records from two separate files (A and B) can be linked deterministically, if

they match exactly and uniquely on a chosen set of linkage key variables, such as name,

birthdate, address, etc. The main shortcoming of deterministic linkage is that it will miss

many true matches. In probabilistic record linkage one recognises that the key variables

may be subject to measurement errors, and allows for links to be made despite the records

not matching completely. Fellegi and Sunter (1969) partition the Cartesian product set

A×B into M ∪U , where M contains the true matched pairs and U the true unmatched

pairs, and set up the Likelihood Ratio Test (LRT) for each pair of records (ab) ∈ A×B:

H0 : (ab) ∈M, vs. H1 : (ab) ∈ U

based on the so-called m-probability, which is the probability of observing how the key

variables of a and b compare to each other under H0, and the u-probability of that under

H1. The pairs whose LRT statistics are above a threshold value are accepted as links,

those below a threshold value are rejected as non-links, and the rest to be determined by

additional processing including clerical review.

The FS-methodology has proven to be very useful in practice, enabling industrial-

strength applications to large datasets of the size of the general population, obtained

from census, tax, health and other sources; see e.g. Zhang and Campell (2009), Owen et

al. (2015). Nevertheless, the formulation does have certain theoretical issues.

• Applying the LRT to all the pairs in A × B creates a multiple comparison problem.

The acceptable pairs require deduplication, e.g. when both (ab) and (ab′) are above

the acceptance threshold. It is difficult to apply the approach to link multiple files in

a transitive manner, e.g. if (ab) in A × B and (bc) in B × C are links, it does not

necessarily follow that (ac) is an acceptable link when looking at A× C.

• The joint distribution of all the nAnB comparison scores is ill-defined, if one treats

e.g. the comparison scores for (ab) and (ab′) as if they were independent of each other.

The so-called maximum likelihood estimator (MLE) of the parameters of the m- and

u-probabilities (Jaro, 1989) is biased in reality; see e.g. Fortini and Tuoto (2019).

It should be noticed that these issues are usually not critical when linking two files because,

to put it this way, what is then important is whether (ab) is more likely to be a match

than (ab′) but not how much more likely. However, one would no longer be able to ignore

these problems, if biased estimates of the linkage errors are used as necessary inputs to
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the analysis of linked data, or when longitudinal data linkage requires linking multiple

large datasets, e.g. in order to create the latent population spine.

Entity resolution provides a theoretically more attractive formulation (e.g. Christen,

2012), where the set of (unique) entities underlying the separate datasets are envisaged

as a latent spine of unknown size, and each record (in any dataset) is attached to one and

only one latent entity on the spine. In this way, the records in different files are linked

to each other or deduplicated, provided they are attached to the same latent entity, in

a transitive manner regardless of the number of datasets involved. There have been

a few applications of the entity resolution perspective under the Bayesian paradigm of

computation (e.g. Tancredi and Liseo, 2011; Stoerts et al., 2017), although there is

nothing intrinsically Bayesian about this perspective to record linkage. Lack of scalability

has been a central challenge to the proposed methodology so far, which is not yet feasible

e.g. to link the population census file with the patient register.

In conclusion, generic scalable linkage methodology is of key interest to the vision of

longitudinal data linkage. Scalable methods for the linkage of multiple population-size

datasets are clearly important to the creation of a latent population register. Moreover, to

enhance a survey dataset by linkage, the generic ability to link multiple files in a transitive

manner can be expected to improve the quality of statistical information harnessed in the

linked dataset. Replacing the FS-paradigm of record linkage by the entity resolution

perspective can provide the angle for innovative approaches. Finally, it is essential that

the methodology allows for consistent estimation of the different types of linkage error

probabilities, which are necessary for subsequent analysis of the linked data.

4.4 Secondary analysis of linked data

A secondary analyst of linked data can be assumed to have access only to non-sensitive

summary information about the performance of the data linkage method (Chambers and

Da Silva, 2019), but not the unlinked records in the different files, nor all variables in the

linkage key, nor the details of the linkage procedure (Zhang, 2019). By contrast, a primary

analyst would have access to all of these information. Secondary analysis of linked data

is the default setting for users of the UK longitudinal study resources.

It requires a bit more notation than so far in this report, to properly appreciate the

challenges in secondary analysis of linked data, because the underlying entity ambiguity

problem is rather different to the selection or measurement error problems common in the

statistical literature. Let A and B denote two separate datasets, of respective size nA and

nB. Denote by AB the true matched entities, and by Au and Bu the unmatched entities

in A and B, respectively, such that ω = (AB,Au, Bu) forms a tripartition of the set of

underlying entities, with unknown size min(nA, nB) ≤ |Au| + |AB| + |Bu| ≤ nA + nB, in

the absence of duplicated records in either dataset. Let (XA, KA) denote the statistical

and linkage key variables associated with A, and (YB, KB) those of B, all of which are
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observed. What is unobserved is the partition ω. Denote the complete data by (Z, ω),

where Z = (XA, KA, YB, KB) is observed. A joint model of (Z, ω) can e.g. be given as

f(XA, YB|ω;ψ, η, θ) =
∏
Au

f(xa;ψ) ·
∏
Bu

f(yb; η) ·
∏
AB

f(xa, yb; θ)

f(KA, KB|ω,XA, YB) =
∏
Au

f(ka|xa) ·
∏
Bu

f(kb|yb) ·
∏
AB

f(ka, kb|xa, yb)

DeGroot and Goel (1980) consider inference of the correlation coefficient from a broken

sample from a bivariate normal distribution, where Au = Bu = ∅ and ω is a permutation

matrix. The MLE is found to behave erratically, whether one treats ω as part of the

parameter to be maximised or the missing data to be integrated out. Zhang (2019) shows

that for linear regression, where the dependent and independent variables come separately

from two datasets, the MLE of the regression coefficients is inconsistent, if it is obtained

via the EM algorithm by treating ω as missing observations to be integrated out at the

E-step, even when the non-informative model of the key variables f(KA, KB|ω) is known.

Thus, at present, it is unclear whether or how exact likelihood-based inference of linked

data can be correctly formulated, unlike inference in the presence of missing observations

or measurement errors. Instead, adjustment methods need to be tailored for different

problems, of which linear regression has so far received the most extensive treatment in

the literature; see e.g. Lahiri and Larsen (2005), Chambers (2009), Kim and Chambers

(2012a, 2012b), Han and Lahiri (2018), Chambers and Da Silva (2019). However, as

outlined below, these existing approaches under the so-called linkage model do have some

serious restrictions, which point to directions for future development.

• Take the case of two datasets, it is commonly assumed either that |Au| = |Bu| = ∅ or

|Au| = ∅, which may be referred to as the complete match space assumption. However,

this is unrealistic in many practical situations where there exist unmatched entities in

each separate file, such as when linking tax and health data.

• For secondary analysis, one has to adopt greatly simplifying assumptions, such as

the exchangeable linkage error (ELE) model (Chambers, 2009), where there exists

a constant false linkage probability and completely random mismatching in the case

of false linkage. While the ELE assumption is practically appealing, heterogeneous

linkage error is generally the case, where the probability of false linkage is not constant

across the different entities. Moreover, in situations with an incomplete match space,

the unmatched entities in either dataset cannot possibly be correctly linked, so that

the linkage errors for these unmatched entities can never be exchangeable with the

other matched entities that do have a chance to be correctly linked.

• The linkage model is based on the probability of two records being linked, averaged

over all the possible key variable errors that can cause linkage errors. However, in

11



any given application of record linkage, one only faces a particular set of key variable

errors, meaning the linkage result is better in some applications than others, even if

the underlying error mechanism is the same in all these applications. The existing

methods do no allow for conditional inference, given the actual precision achieved.

• In one form or another, assumptions of non-informative linkage errors are required in

all the methods mentioned above.

In summary, secondary analysis of data that cannot be linked without errors is a

central topic area in the landscape created by longitudinal data linkage. The current lack

of exact likelihood-based inference is a fundament challenge that needs to be addressed. To

improve the various tailored solutions to different problems, it is important to overcome

the restrictive assumption of a complete match space, to accommodate heterogeneous

linkage errors, to potentially allow for conditional inference given the achieved linkage

precision, and to be able to test the underlying non-informative linkage error assumption

and develop suitable adjustments in the case of informative linkage error.

4.5 Longitudinal population size estimation

The experience with SPD (ONS, 2019) so far suggests that a longitudinal population

register is likely to suffer from non-negligible coverage errors, when based purely on linkage

of relevant administrative datasets, even if one disregards all the false links committed.

The union of the administrative datasets will most likely have appreciable over-coverage,

in the sense that it contains erroneous enumeration of out-of-scope individuals. Under-

coverage will also be unavoidable, in terms of missing individuals who do not interact with

any of the administrative authorities; see e.g. Zhang and Dunne (2017) for an example

of such under-coverage of the Irish Person Activity Register.

Longitudinal population size estimation is a necessary enabler, in order to support

the bold outlook to the UK future longitudinal study resources, as outlined by Davis-

Kean et al. (2017). One would need to resolve some difficulties, before the traditional

capture-recapture models (Fienberg, 1972) can be extended to the longitudinal setting.

• The log-linear models presume a single closed population, with one structural zero cell

consisting of the individuals missed by all the enumeration lists. In the longitudinal

context, one has at least two populations Ut and Ut+1. Setting U = Ut∪Ut+1 to be the

population implies a peculiar kind of association between Ut and Ut+1, considered as

two additional enumeration lists. Moreover, it would create more than one structural

zero cell, of the individuals missed by all the original enumeration lists.

• The log-linear models are traditionally only applied to deal with under-coverage. How-

ever, erroneous enumeration is unavoidable and possibly non-negligible in the adminis-

trative datasets. Modelling approaches that can simultaneously handle both coverage
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errors are being developed; see e.g. Di Cecco (2019), Zhang (2015a, 2019). A related

problem is sub-population domain misclassification (e.g. Van der Heijden et al., 2019),

which causes domain over-coverage and under-coverage at the same time.

• It is typically assumed that different enumeration lists can be matched without error,

in order to identify the cross-classified cells, which will be violated as long as linkage

error is inevitable; see Di Consiglio et al. (2019) for a recent review.

In summary, longitudinal population size estimation from multiple administrative

datasets, possibly in combination with additional survey sampling data, is an integral

component of the UK’s future longitudinal study resources, in accordance with the bold

outlook of Davis-Kean et al. (2017). Methodological developments and systematic appli-

cations are required to deal with both over- and under-coverage of the relevant admin-

istrative datasets, possibly with extra complications due to linkage error. All in all, the

benefits, of having a time series of plausible, accepted and internally consistent longitu-

dinal domain population sizes, will likely outweigh the known shortcomings of whichever

methodology is chosen in the end.
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