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Abstract

The explosion in administrative datasets and methods for record linkage has revo-
lutionized social science research. While there has been a proliferation of record linkage
algorithms, there is limited guidance for researchers analyzing linked data. In this
study, we use a series of simulation studies and empirical examples to illustrate the
ways in which false matches and missed matches can impact research results. For our
empirical examples, we investigate three different outcomes—social mobility, shifts in
ethnoracial identification, and the educational gradient of longevity—using publicly
available linkages from the CenSoc, IPUMS-MLP, and ABE projects. Our paper con-
cludes with a series of practical recommendations for researchers conducting inference
with linked data.
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1 Introduction

Advances in the availability of administrative records and linkage techniques have ushered
in a new generation of empirical social science research (Ruggles, Fitch and Roberts; 2018;
Bailey et al.; 2020; Abramitzky, Boustan and Eriksson, 2014). Past research has investigated
technical features of different linkage algorithms, such as overall match rate and number of
false matches. Yet less attention has been devoted to providing researchers with a clear
statistical framework for analyzing linked data.

In this extended abstract, we use three large-scale linked administrative datasets from
the CenSoc Project (Goldstein et al., 2021) to investigate the implications of choice of record
linkage algorithm on a simple research question: the association between a covariate and life
expectancy. Our results show that the choice of record linkage makes a modest difference,
with more conservative algorithms having less attenuated estimates of the association be-
tween a covariate and longevity. However, these differences were modest, and results were
indistinguishable between our most reliable samples. This suggests that the sensitivity of

research results ultimately depends on the specific outcome of interest.

1.1 Data and Methods

For this research, we use the CenSoc datasets — so termed because they link the full-count
1940 Census (“Cen”) with Social Security Administration mortality records (“Soc”) — a
publicly available administrative data resource for researchers studying mortality (Goldstein
et al., 2021). These individual-level datasets provide researchers access to millions of mortal-
ity records with rich sociodemographic covariates.! This allows us to test the effect of record
linkage algorithms in a realistic setting, where researchers are already conducting similar
analyses (Atherwood, 2022).

CenSoc links the 1940 Census to Social Security mortality records using the ABE exact
record linkage algorithm (Abramitzky, Boustan and Eriksson, 2012, 2014, 2016). This linking
strategy requires an exact match on first name, last name, and place of birth, while allowing

+2 years flexibility on year of birth. For additional detail and the specific approach for

!These data are available here: https://censoc.berkeley.edu


https://censoc.berkeley.edu

accounting for women changing their surname during marriage, see (Breen and Osborne,

2022).

1.2 Results

To investigate the effect of record linkage on research results, we first defined three sam-
ples from the Numident cohorts of 1900-1920: standard ABE matches, conservative ABE
matches, and simple exact matches. We then estimated the association between years of
education and longevity in each sample using an OLS regression on age of death. Figure 1
and Figure 2 show that the effect of education and wage and salary income on longevity.
Broadly, these figures demonstrate that while samples created by all three different sam-
ples are highly comparable, there is a slight regression attenuation bias introduced by false
matches in the ABE-Standard sample. However, the results are highly comparable between
the ABE-conservative sample and basic exact match algorithm.

Next, for each sample, we defined three subsamples based on middle initial agreement
— agree, disagree, or both agree and disagree (“pooled”). In total, this gives nine different
samples. On each of the nine samples, we ran separate regression estimating the association
between years of education and longevity Figure 3 plots each of the estimated regression
coefficients. Several insights emerge from this figure. First, the regression coefficient for the
full “pooled” sample was largest for the conservative matches, very slightly attenuated for
the standard matches, and substantially attenuated for the standard matches not deemed
conservative. Second, when middle initials agree, regression coefficient point estimates are
identical across all three samples (conservative, standard, standard not conservative). Third,
when middle initials disagree, the estimated regression coefficient is highly attenuated, and
is most attenuated for the standard, matches deemed not conservative sample. Finally, for
conservative matches, the estimated coefficient is nearly identical for the “pooled” sample
and “agree” sample, suggesting that false matches have minimal impact on inference for this
sample.

This analysis demonstrates that false matches systematically introduce measurement
error, downwardly biasing the magnitude of estimated regression coefficients (Bailey et al.,

2020). However, the attenuation bias in this example is modest—Iless than 10%. Further,



the direction of the bias is consistent across all samples; the estimated regression coefficients

are always biased downwards.

1.3 Next Steps

The full paper will extend this analysis in several ways. First, it will test a much broader
range of record linkage algorithms, including probabilistic algorithms (Fnamorado, Fifield
and Imai, 2019). Second, it will investigate a wider range of outcomes. Finally, our full

paper will introduce a set of practical guidelines for researchers working with linked data.



Income pattern of longevity at age 65 (Cohort of 1910)
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Figure 1: Estimated association between longevity and wage income decile for three different
algorithms.



Educational pattern of longevity at age 65
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Figure 2: The estimated association between longevity and a given wage income decile.



Association between years of education and longevity (OLS)
CenSoc—-Numident, Birth cohorts of 1900-1920 (Men Only)
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Figure 3: The estimated education gradient using regression on age of death from nine
different CenSoc-Numident samples. Blue estimates, where middle initials matched, are
nearly identical across samples. Green estimates from the full sample (“pooled”) include
records where middle initials agree and disagree. Red estimates, where middle initials didn’t

match are attenuated (biased towards 0).
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