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We congratulate Professor Hand on a paper that poses challenges across a wide range of topics in
administrative data; here we focus on analysis of linked data and implications for a general framework
(challenges 12 and 13).

Analysis of linked data is now widespread, enabled by data sharing legislation such as in the Statistics
and Registration Service and Digital Economy Acts, and also by projects like the Administrative Data
Research Network. Some linkages use unique identifiers, but often linkage is probabilistic, based on
matching of record-level characteristics, and hence is subject to error.

Given N potential matches and a correct match value Y,, Neter et al. (1965) characterise this error
by defining a new random variable
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where /1+(N—1)7 =1. This has been dubbed the exchangeable linkage errors (ELE) model. Analyses

using the linkage error affected variable Yl* are unbiased for means, but variances are inflated
(increasing type Il errors), correlations between YI* and other variables are attenuated, and estimates

. * .
of regression parameters based on YI are biased.

A simple extension (Chambers 2009, Kim & Chambers 2012a, b) embeds this model within post-strata
assuming no between-stratum matches and 1-1 linkage together with ignorable linkage errors within

strata. Given a matrix X of regression covariates and a vector yz of linked values in stratum g, an
unbiased estimator of the linear regression of y on X under ELE is then
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where Eq =(/1q—;/q)lq +;/q1q1§ (with obvious notation). More complex extensions are possible, for

example allowing linkage errors only with ‘closer’ units giving a banded diagonal E, and also where

A varies from unit to unit. A maximum likelihood estimator (different to £ above) is also available
under additional assumptions on the variances (Chambers 2009, section 2.3).

Other principled ways to analyse linked data have also been suggested, for example Goldstein et al.
(2012) propose Bayesian methods and multiple imputation.

Analysis of linked data should account for linkage errors, minimally to assess the sensitivity of results,
although unbiased analysis quickly becomes challenging even in simple situations. More development
and some case studies implementing these methods would be very valuable. In this respect we think
that Professor Hand’s challenges 12 and 13 are not ambitious enough, and should be extended to
include principled model-based analysis of linked datasets. This would go some way towards



statisticians being more specific about the impact of data quality on analytical outputs from
administrative data.
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