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Abstract

FlexRL is an R package for probabilistic record linkage and inference on linked 
data. It provides a method to link observations from the same entities across two 
data sources that lack a unique identifier but share partially identifying variables. 
This method fits a hierarchical latent variable model of the data generation 
process, rather than classifying pairs of records from the comparison of their 
values, and accommodates registration errors and variables changing over time. 
Since linkage may affect subsequent analyses, the package also provides tools 
to assess the linked data quality as functions of the linkage decision rule. Two 
false discovery proportion estimators are implemented: a probabilistic approach 
contingent on the record linkage model and an augmented approach relying on an 
auxiliary estimation using synthetic data. Several measures of divergence of the 
linked sample from the source population are provided. These tools are agnostic to 
the underlying record linkage model and can be applied to any method. Together, 
they connect the output of the linkage to the validity of the subsequent analyses. 
The implementation combines standard R functions and S3 methods with Rcpp 
computations, resulting in fast execution times and a low memory footprint.

Reproduced verified 2026-10-28 Reproducibility record

Result Reported results reproduced. Reproduced on macOS arm64, except the BRL and 
multilink cells of Tables 2 and 4 (other packages’ samplers) and fastLink in Table 
6 (20 GB).

measured

Entry point cd code/FlexRL-e4d511daaf35cb24d88480de49e4cf4e6ea87032/vignettes/
article && quarto render Article-FlexRL.qmd

executed

Environment R 4.5.2 on macOS arm64 (native), Tables 6 and 7 R 4.6.1 on linux/aarch64, 
packages as in Table 1

measured

Determinism Seeded. declared

Archive flexrl-an-r-package-for-flexible-record-linkage-and-linked-data-

quality-assessment-v1-repro.zip · reviewed bundle SHA-256
7ced60afc2cf7c0f08b53a1ec27c83753258ac1fad6e541e34fc169bade51cb3

computed

Data Open. declared, route checked

1 Introduction

Researchers and statistical agencies increasingly combine data sources that do not share a unique iden

tifier (Cleaton et al., 2024; Kramer, 2026; Laidler et al., 2025). Record linkage connects records referring 

to the same entity across sources based on Partially Identifying Variables (PIVs, e.g. birth year, sex, postal 

code or product code, brand and category). Each PIV has limited discriminative power on its own and may 
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be missing, incorrectly recorded or change over time. Record linkage underpins the production of official 

statistics, enables the reuse of administrative and registry data for research (Cooney et al., 2023; Pontesilli 

et al., 2021; Williamson et al., 2020) and improves data quality through linkage and deduplication.

Linked data sets become the study sample for downstream analyses, where linkage errors may 

propagate (Doidge & Harron, 2019; Robach et al., 2026; Vo et al., 2024; Wang et al., 2022). Errors arise 

when links between entities that appear in both sources are missed or when records from distinct entities 

are falsely linked. These errors cannot be reduced simultaneously and may bias the conclusions drawn 

from linked data. A stricter decision rule reduces falsely linked pairs but misses more links. Practitioners 

therefore need not only record linkage methods, but also tools to quantify linkage errors and appraise 

their consequences for statistical analysis.

Two main probabilistic approaches to record linkage have developed through times. First, the tradi

tional mixture model (Fellegi & Sunter, 1969; Fortini et al., 2001; Jaro, 1989; Larsen, 1999; Sadinle, 2017) 

treats linkage as a classification problem between pairs of records that are similar and pairs that are not. 

Second, the hierarchical entity resolution framework (Marchant et al., 2021; Marchant et al., 2023; R. 

C. Steorts, 2015; R. C. Steorts et al., 2016; Tancredi & Liseo, 2011) models the data generation process, 

considering observed values as potentially distorted versions of latent true values. The latter framework 

uses all the information contained in the records and is therefore more flexible but more computationally 

demanding. It has been implemented in R for entity resolution (clustering records from a single file into 

entities) rather than for linkage between two data sources.

We address this gap with the FlexRL R package, which makes two contributions. First, it implements 

the hierarchical record linkage model proposed by Robach, van der Pas, et al. (2025). The model is fitted 

with a Stochastic Expectation Maximisation (StEM) algorithm that accounts for registration errors and 

temporal changes in PIVs. Its architecture and efficient Rcpp backend support scalability to large data 

sets and a wide range of applications: health monitoring studies, survey waves, census and administrative 

records or data from different retailers. Second, it provides tools to assess the quality of the linked data, 

which quantify the linkage error and sample selection. FlexRL implements two estimators of the False 

Discovery Proportion (FDP): one derived from linkage scores (Belin & Rubin, 1995; Enamorado et al., 

2019; Resnick & Asher, 2019) and one based on synthetic data (Robach, Hof, et al., 2025). FlexRL measures 

the divergence of the linked sample from the original sources using standardised mean differences, 

overlap of supports, maximum mean discrepancy and agreement rates. These tools only need the linked 

pairs and, when available, their linkage scores. They therefore apply to the output of any linkage method 

and FlexRL provides wrappers for several existing R packages.

The FlexRL package is aimed at practitioners, statistical agencies and researchers who need to link data 

sources without a unique identifier or who want to measure the error and the sample selection induced by 

record linkage. It builds on three lines of work: the biases that linkage errors cause in inference (Doidge 

& Harron, 2019; Lahiri & Larsen, 2005; Robach et al., 2026; Tancredi & Liseo, 2015; Wang et al., 2022); 

the need for linked data quality control in practice (Harron et al., 2020; Harron et al., 2017; Laidler et al., 

2025; Lam et al., 2024); advances in record linkage methodology (Marchant et al., 2023; Robach, van der 

Pas, et al., 2025; Sadinle, 2017). By combining record linkage and diagnostics in a practical tool, it helps 

evaluating whether inference can be conducted on linked data.

Throughout the paper, we motivate and illustrate the main components of FlexRL on the 2012 and 

2014 waves of the Survey on Household Income and Wealth (SHIW), conducted and made available by the 

Bank of Italy for research purposes. As a secondary analysis of public data, no additional ethics approval 

or participant consent was required. Section 2 introduces the notation, the modelling paradigms, the 

existing software and demonstrates the potential of FlexRL. Section 3 presents the record linkage model 

implemented in FlexRL and its estimation on a subset of the SHIW. On the resulting linked data, Section 4 

describes the diagnostic tools FlexRL provides, and illustrates the impact of linkage errors on a socio-

economic regression analysis. Section 5 demonstrates the scalability of FlexRL approach to record linkage 

on the SHIW. Section 6 concludes.
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2 The record linkage problem

2.1 Setup and notation

We consider two overlapping samples 𝒜︀ and ℬ︀ from the same population with 𝑁 𝒜︀ and 𝑁 ℬ︀ ≥ 𝑁 𝒜︀ records. 

Both sources record the same 𝐾 categorical PIVs, indexed by 𝑘 = 1, …, 𝐾 with 𝑁 𝑘 possible values each. 

Index 𝑖 refers to a record in 𝒜︀ and index 𝑗 to a record in ℬ︀. For PIV 𝑘, we denote by 𝐺𝒜︀
𝑖,𝑘 the registered 

(observed) value and by 𝐻𝒜︀
𝑖,𝑘 the latent true value in record 𝑖 ∈ 𝒜︀. We define 𝐺ℬ︀

𝑗,𝑘 and 𝐻ℬ︀
𝑗,𝑘 analogously. 

Registered values differ from true values because of registration errors: missing values or mistakes 

(e.g. typographical errors). We write 𝐆 and 𝐇 for the collections of all registered and all true values. True 

values may also differ between the two data collections. This is the case for dynamic PIVs like postal code, 

whereas stable PIVs like birth year cannot change. For an entity recorded in both sources, the true values 

of stable PIVs are therefore identical in 𝒜︀ and ℬ︀ and any disagreement between their registered values is 

due to registration errors. We elaborate on dynamic PIVs later.

The object of interest is the linkage matrix 𝚫 ∈ {0, 1}𝑁𝒜︀×𝑁ℬ︀ , with Δ𝑖,𝑗 = 1 if records 𝑖 ∈ 𝒜︀ and 𝑗 ∈ ℬ︀ 

refer to the same entity. We assume that there are no duplicates within a data source. Thus, each record 

forms a link with at most one record in the other data source: ∑𝑗 Δ𝑖,𝑗 ≤ 1 for all 𝑖 and ∑𝑖 Δ𝑖,𝑗 ≤ 1 for all 

𝑗. This is the one-to-one assignment constraint, also referred to as bipartite matching (Sadinle, 2017). We 

denote by 𝛾 ∈ (0, 1) the probability that a record from 𝒜︀ forms a link with a record from ℬ︀, that is, the 

overlap between the sources as a fraction of the smaller data set.

Since record linkage is imperfect, the linked data contain two types of error: false positives (pairs 

declared linked while referring to distinct entities) and false negatives (true links that are missed). 

The non-links in the Cartesian product 𝒜︀ × ℬ︀ are far more numerous than the links and are rarely of 

interest. The useful summaries are therefore the False Discovery Proportion (FDP) among the linked data 

(complement of precision or positive predictive value) and the sensitivity (also called recall, complement 

of miss rate). The two errors affect inference differently: falsely linked pairs contaminate the inference 

and missed links induce sample selection (Doidge & Harron, 2019; Robach et al., 2026).

2.2 Modelling paradigms

Linkage methods can be grouped into four paradigms (Binette & Steorts, 2022; Dusetzina et al., 2014). 

Deterministic (rule based) linkage declares a link when records agree on a set of variables, exactly or up 

to a tolerance. Supervised methods train a classifier on pairs whose linkage status is known (Mudgal et 

al., 2018); such labelled pairs are seldom available. The two remaining paradigms are unsupervised and 

probabilistic, and differ in what they model:

Paradigm 1: classification of comparison vectors
The traditional ‘Fellegi-Sunter’ approach (Dunn, 1946; Fellegi & Sunter, 1969; Newcombe et al., 1959; 

Tepping, 1968) reduces the data to comparison vectors. For each pair (𝑖, 𝑗) ∈ 𝒜︀ × ℬ︀, a vector 𝒄𝑖,𝑗 =
(𝑐𝑖,𝑗,1, …, 𝑐𝑖,𝑗,𝐾) records whether elements 𝐺𝒜︀

𝑖,𝑘 and 𝐺ℬ︀
𝑗,𝑘 for 𝑘 = 1, …, 𝐾 agree or how similar they are. The 

pairs of records are split into the set of matched 𝑀 and the set of unmatched 𝑈. The comparison vectors 

follow a two components mixture:

𝑃(𝒄𝑖,𝑗) = 𝛾𝑚(𝒄𝑖,𝑗) + (1 − 𝛾)𝑢(𝒄𝑖,𝑗),

𝑚(𝒄) = 𝑃(𝒄 ∣ 𝑀),
𝑢(𝒄) = 𝑃(𝒄 ∣ 𝑈),

(1)

where 𝛾 in this paradigm is the proportion of links among all pairs. Under the assumption that the 

𝐾 comparisons are independent given the linkage status, 𝑚 and 𝑢 factorise over 𝑘 ∈ {1, …, 𝐾}. The 

parameters are then estimated with an EM algorithm (Jaro, 1989; Larsen, 1999). Pairs are classified by 

thresholding the ratios 𝑚(𝒄𝑖,𝑗)/𝑢(𝒄𝑖,𝑗) or the posterior linkage probabilities. Bayesian versions place a prior 

on the linkage matrix 𝚫 to enforce the one-to-one assignment constraint (Fortini et al., 2001; Sadinle, 

2017) or a prior on a partition of the records when there are more than two sources or duplicates (Aleshin-

Guendel & Sadinle, 2023). The computations are simple and fast, but memory intensive because they 

operate on 𝑁 𝒜︀ × 𝑁 ℬ︀ comparison vectors. Scaling to large data sets may therefore require blocking, which 
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compares only pairs that agree on some variables (R. C. Steorts et al., 2014). This paradigm treats pairs as 

independent although they share records, and the reduction to comparison vectors discards part of the 

information contained in the records.

Paradigm 2: hierarchical modelling
The second family models how the data were generated (Marchant et al., 2021; Marchant et al., 2023; 

Robach, van der Pas, et al., 2025; R. C. Steorts, 2015; R. C. Steorts et al., 2016; Tancredi & Liseo, 2011). 

Registered values 𝐆 are seen as distorted versions of latent true values 𝐇, which define the linkage 

structure 𝚫. The joint model reads

𝑃(𝐆, 𝐇, 𝚫) = 𝑃(𝐆 ∣ 𝐇)𝑃(𝐇 ∣ 𝚫)𝑃(𝚫), (2)

with a model for registration errors 𝑃(𝐆 ∣ 𝐇), a model for underlying true values 𝑃(𝐇 ∣ 𝚫) and a model 

for the linkage structure 𝑃(𝚫). Since records are never reduced to pairwise comparisons, the model can 

separate missing values, mistakes and changes over time, and it does not need blocking to fit in memory. 

However, it is more computationally demanding.

2.3 Existing software

In Python, recordlinkage (Bruin, 2019), Splink (Linacre et al., 2022) and NameMatch (Jelveh et al., 2022) 

implement Paradigm 1. We list the main R packages for the task considered here in Table 1. Paradigm 2 

is only available in R through methods for entity resolution (Marchant et al., 2021; Marchant et al., 2023; 

R. Steorts et al., 2014). These methods cluster records from a single file, possibly containing duplicates, 

into entities.
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Table 1 Record linkage packages on CRAN compared with FlexRL. The FlexRL package diagnostic tools apply to all 
these packages.

Package Paradigm Estimation Linkage 
structure

Record 
deduplication

PIV dynamics Quality tools

fedmatch 
2.1.0 (Cohen 
et al., 2021; 

Friedrichs et 
al., 2023)

comparison 
vectors

push relabel 
maximum 

flow

many-to-
many

no no no

diyar 0.5.1 
(Nsonwu, 

2023)

comparison 
vectors

multistage 
weights 

comparisons, 
fixed score 

level 
parameters

clusters yes no no

reclin2 0.6.0 
(van der 

Laan, 2025)

comparison 
vectors, 

supervised

EM, machine 
learning

one-to-one 
post hoc

no no no

fastLink 0.6.1 
(Enamorado 
et al., 2019; 

Ted 
Enamorado, 

2023)

comparison 
vectors

EM one-to-one 
post hoc

no no no

BRL 0.1.0 
(Sadinle, 

2017; Sadinle, 
2020)

comparison 
vectors

Bayesian, 
bipartite 

prior, Gibbs 
sampler

one-to-one in 
model

no no no

multilink 
0.1.1 

(Aleshin-
Guendel, 

2023; 
Aleshin-

Guendel & 
Sadinle, 2023)

comparison 
vectors

Bayesian, 
partition 

prior, Gibbs 
sampler

clusters, one-
to-one in 

model

yes no no

FlexRL 2.0.0 
(Robach & 
Hof, 2026)

hierarchical stochastic EM one-to-one in 
model

no yes yes

To our knowledge, no R package implements Paradigm 2 for the linkage of two sources under the one-to-

one assignment constraint or models the dynamics of PIVs over time. While the postlink package (Bukke 

et al., 2026) develops statistical tools for post-linkage data analysis, no record linkage package provides 

tools to assess the quality of the linked data and their suitability for inference.

The implementation of FlexRL relies on Rcpp (potentially parallelised with OpenMP) for the backend 

samplers, Matrix for the sparse linkage matrix, and other standard R packages. The diagnostic tools apply 

to any record linkage output in the required format, with built-in wrappers for BRL, diyar, fastLink, 

fedmatch, multilink and reclin2. Figure 1 shows the workflow, which follows the structure of Section 3 

and Section 4: the data are prepared, linked with StEM() and the linked data quality is assessed with 

RL_diagnostics(). We elaborate on each component along the article.

2.4 Demonstration

Simulation study
As a preliminary demonstration of the functionalities of FlexRL, we simulate data with the package 

simulate_data() function. This function synthesises two files with a given overlap, given rates of 

mistakes and missing values per PIV and file, and given hazard coefficients for structured PIVs, useful 

for exploring and comparing record linkage methods. Here, we generate two data sets of 250 and 300 
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Figure 1  Workflow of FlexRL.

records, with 200 entities common to both. Entities are represented by four independent discrete non-

uniform PIVs. We distort the data in each file uniformly with 2% of mistakes and 0.5% of missing values; 

one of the PIVs undergoes temporal changes.

Note that this data generation process, on which all packages cited in Table 1 are evaluated, is in line 

with the hierarchical model FlexRL fits and represents a simple setting. The fourth PIV follows a dynamic 

process whose hazard is piecewise constant over time and modulated by a Gaussian covariate. We fit 

these changes with an exponential survival model in FlexRL, illustrating the benefits of modelling PIV 

dynamics, even under model misspecification, rather than treating them as registration errors. Later in 

the article, we evaluate all packages on real data for a fairer comparison.
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Naive BRL multilink fastLink reclin2 diyar fedmatch FlexRL 
(dynamics)

FlexRL (no 
dynamics)

TP 118.40 
(5.13)

80.40 
(5.04)

80.60 
(5.95)

101.70 
(6.48)

114.10 
(6.38)

34.90 
(20.24)

122.10 
(6.33)

114.00 
(7.92)

87.50 (8.30)

FP 83.10 
(11.02)

12.30 
(3.23)

14.20 
(4.13)

43.10 
(5.59)

68.30 
(8.82)

3.30 
(2.91)

125.80 
(6.32)

25.90 
(5.15)

19.00 (4.67)

FN 81.60 
(5.13)

119.60 
(5.04)

119.40 
(5.95)

98.30 
(6.48)

85.90 
(6.38)

165.10 
(20.24)

77.90 
(6.33)

86.00 
(7.92)

112.50 (8.30)

sensitivity 0.59 
(0.03)

0.40 
(0.03)

0.40 
(0.03)

0.51 
(0.03)

0.57 
(0.03)

0.17 
(0.10)

0.61 
(0.03)

0.57 (0.04) 0.44 (0.04)

FDP 0.41 
(0.03)

0.13 
(0.03)

0.15 
(0.04)

0.30 
(0.03)

0.37 
(0.03)

0.08 
(0.05)

0.51 
(0.03)

0.18 (0.03) 0.18 (0.04)

time 
(secs)

0.27 
(0.04)

0.97 
(0.05)

18.57 
(1.48)

1.29 
(0.24)

0.29 
(0.01)

1.17 
(0.06)

1.44 
(0.01)

4.59 (0.02) 3.72 (0.01)

memory 
(Mb)

1.04 
(0.05)

78.60 
(10.08)

105.68 
(10.18)

24.85 
(4.42)

41.52 
(0.18)

104.31 
(10.84)

42.14 
(2.59)

102.11 
(9.03)

70.18 (6.42)

Linkage performance of competing record linkage methods on simulated data for the default linkage 

decision rule; see Section 3.3. We report average performance over 10 replications, with standard devia

tions in parentheses.

In (tbl-demonstration?), we compare the methods presented in Table 1 to the FlexRL record linkage 

algorithm with and without modelling PIV dynamics in terms of sensitivity and FDP. When appropriate, 

modelling PIV dynamics improves record linkage by increasing sensitivity (more true links are recovered) 

while keeping the FDP under control. The original methodological article provides a more comprehensive 

study of the behaviour of FlexRL with and without modelling PIV dynamics (Robach, van der Pas, et al., 

2025). (tbl-demonstration?) also shows the differences in computational time and in memory usage 

between the methods. More details on this demonstration showcasing the utility of accounting for PIV 

dynamics are given in the package vignette ‘Linkage and Diagnostics with FlexRL’ available through 

vignette('FlexRL-RL-vignette', 'FlexRL') or the online documentation.

The results presented in this article are obtained on a MacBook Pro (Apple M1 Max ARM chip archi

tecture, 32GB memory, 8 cores) with R version 4.6.1. The random seed is set to 1 in each code cell that 

produces output (some compared packages call set.seed() internally). The computations are robust 

to different operating systems (MacOS, Linux, Windows). We measure the memory usage using the R 

garbage collector. External allocations are therefore likely underestimated. All methods compared in this 

article rely on Rcpp or C, except for diyar which is fully implemented in R. Time and memory usage may 

vary depending on the operating system, hardware, and system configuration.

3 The hierarchical architecture

3.1 Data preparation and PIVs configuration

The record linkage model requires each PIV 𝑘 to be categorical, encoded by integers 1, …, 𝑁 𝑘 with missing 

values coded as 0. The PIVs must cover a common support across the two sources. The smaller source 

should be labelled as 𝒜︀.
As a first step in the workflow represented in Figure 1, the prepare_data() function which we will 

describe validates the PIVs configuration, labels the data sources and encodes the PIVs. When a unique 

identifier is available, like in simulation studies or in benchmark record linkage data such as the SHIW, 

it also returns the set of true links. This set may be used to evaluate linkage performance.

The function naive_linkage() links records that agree exactly on all PIVs (a missing value matching 

any value when na_match = TRUE), without enforcing the one-to-one constraint. When the true links 

are known, the performance of this deterministic linkage indicates the discriminative power of the PIVs 

and the difficulty of the task. The FDP of the ‘Naive’ linkage reflects how many records share the same 

combination of PIV values.
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The package distinguishes different kinds of PIVs, which determine how the components of the 

complete data likelihood of Equation (3) are used when fitting the model in Section 3.2. Candidate pairs of 

records are formed from records whose latent true values agree on every PIV for which temporal changes 

are not modelled; whether a candidate pair is linked is then decided from its contribution to the complete 

likelihood. We elaborate on candidate pairs and linked pairs in Section 3.2.

• Stable: the latent true values do not change (e.g. birth year). Such PIV is used to form candidate pairs 

and its probability of mistake may be bounded (for example by 0.10) for algorithm stability (Robach, 

van der Pas, et al., 2025).

• Dynamic: the true values may change (e.g. postal code between two survey waves):

– Flexible: changes cannot be modelled, typically because registration dates are not available. The PIV 

is still used to form candidate pairs, but its probability of mistake should not be bounded, so that the 

registration model absorbs both mistakes and changes.

– Structured: changes are modelled by the survival function of Equation (4). Such PIV is not used to 

form candidate pairs. Registration dates are needed in both sources and covariates for the hazard may 

be supplied. Mistakes cannot be distinguished from temporal changes, so the probability of mistake 

should be fixed (for example at 0.02), unless enough linked pairs have time gaps near zero, where 

changes are not plausible and mistakes can be estimated without confusion. Estimating the changes 

also requires variation in the time gaps among linked pairs.

To illustrate the usage of the FlexRL package throughout the paper, we consider the Emilia-Romagna 

regional subset of the SHIW data. The record linkage task can be validated in this example where the 

linkage structure can be reconstructed. After preparation, the 2012 and 2014 waves cover 1479 and 1524 

individuals, with 898 individuals observed in both waves. In Section 4, we analyse a regression of the 

expected age of retirement in 2014 on the expected age of retirement in 2012.

To link the two survey waves, we use the following variables: year and region of birth, sex, marital 

status, working status and branch of activity. The strong association between working status and branch 

of activity violates the PIV independence assumption of the method and may degrade the record linkage 

performance (Robach, van der Pas, et al., 2025). We thus combine these variables into a single variable 

‘occupation’. Although marital status and occupation are ‘dynamic’ PIVs, we do not have enough infor

mation to model their temporal changes and set them as ‘flexible’ in the configuration:

PIVs_config <- list(BirthYear     = list(dynamics        = "stable", 

                                         bound_mistakes  = c(0.10, 0.10), 

                                         fix_mistakes    = c(NA, NA)),

                    Sex           = list(dynamics        = "stable",

                                         bound_mistakes  = c(0.10, 0.10),

                                         fix_mistakes    = c(NA, NA)),

                    MaritalStatus = list(dynamics        = "flexible",

                                         bound_mistakes  = c(NA, NA),

                                         fix_mistakes    = c(NA, NA)),

                    BirthRegion   = list(dynamics        = "stable", 

                                         bound_mistakes  = c(0.10, 0.10), 

                                         fix_mistakes    = c(NA, NA)),

                    Occupation    = list(dynamics        = "flexible", 

                                         bound_mistakes  = c(NA, NA), 

                                         fix_mistakes    = c(NA, NA)))

PIVs <- names(PIVs_config)

We prepare the two data sources for the StEM() record linkage algorithm with the prepare_data() 

function, which takes as inputs the data sources and their labels df2012, df2014, '2012', '2014'; the 

PIVs configuration PIVs_config; a logical same_mistakes describing whether the parameters fitting the 

probability of mistakes among PIVs should be the same between data sources (TRUE when the data are 

sampled from a same source population); a potential record identifier variable uniq_id when available; 

a logical restrict_support_intersection to harmonise the support of the PIVs in the observed data. 

In the application, records with birth years outside of the range shared by the sources are excluded.
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prep_data <- prepare_data(df2012, df2014, "2012", "2014", PIVs_config, 

                          same_mistakes = TRUE, uniq_id = "ID")

'2014' is the larger source, saved as B; '2012' saved as A.

This function outputs a list suited for StEM(), where data sources have been encoded and labelled as 

encodedA and encodedB. It additionally includes the number of unique values per PIV n_values, the 

validated PIVs_config, the logical same_mistakes and a data set of indices of true links true_pairs 

when uniq_id was provided. It alerts the user to potential issues, including inconsistent configurations, 

strongly associated PIVs and values outside the common support. For instance, the following warnings 

appear on the Emilia-Romagna subsets of the 2012 and 2014 waves of the SHIW data:

PIV 'BirthYear': values out of the common support in data1 [1920, 1912] in data2 [2013, 

2014].

PIVs 'Occupation' and 'Sex' are associated (Cramer's V = 0.32 in data1, 0.35 in data2); 

FlexRL assumes conditional independence between PIVs, consider merging or dropping one.

Among the true links, known in this application, there are some registration errors or temporal changes 

in the PIVs. As a consequence the true links do not necessarily carry the exact same information in their 

records. With the RL_agreement function, the user can see the proportion of agreements among pairs of 

records (for example among linked pairs of records or, in the case presented below, among true links).

    BirthYear           Sex MaritalStatus   BirthRegion    Occupation 

         0.99          1.00          0.98          0.99          0.82 

In (tbl-illustration?), we compare the record linkage methods mentioned in Table 1 on this regional 

subset of the SHIW data. Memory usage is of the same order of magnitude on these relatively small data 

sets for all methods. The figures and tables based on the SHIW data reflect a single random realisation. 

They depend on the seed we use in the script and on the seed some other packages use internally.

Naive BRL multilink fastLink reclin2 diyar fedmatch FlexRL

TP 710.00 158.00 160.00 467.00 721.00 20.00 510.00 297.00

FP 3494.00 24.00 72.00 850.00 339232.00 0.00 969.00 103.00

FN 188.00 740.00 738.00 431.00 177.00 878.00 388.00 601.00

sensitivity 0.79 0.18 0.18 0.52 0.80 0.02 0.57 0.33

FDP 0.83 0.13 0.31 0.65 1.00 0.00 0.66 0.26

time (secs) 0.37 17.78 1118.04 33.69 0.84 11.04 8.88 22.57

memory 
(Mb)

8.30 523.20 1901.90 2436.20 1180.20 699.50 213.20 263.20

Comparison of record linkage methods on the SHIW in Emilia-Romagna (for the default linkage decision 

rule, see Section 3.3).

3.2 StEM estimation

The FlexRL hierarchical model for record linkage adapts Equation  (2) to two sources under the one-

to-one assignment constraint. For non-linked records, the true values are independent draws from the 

population distribution. For a linked pair (𝑖, 𝑗), 𝐻ℬ︀
𝑗,𝑘 is a copy of 𝐻𝒜︀

𝑖,𝑘 except when 𝑘 is a dynamic PIV, 

whose values may have changed between the two registrations. The registered values are versions of the 

true values distorted by registration errors.

With parameters 𝜽 = (𝛾, 𝜼, 𝜶, 𝝓), the complete data likelihood factorises as
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ℒ︀𝜽 ( 𝐆𝒜︀, 𝐆ℬ︀, 𝐇𝒜︀, 𝐇ℬ︀, 𝚫 ) = ℒ︀𝝓𝒜︀ ( 𝐆𝒜︀ ∣ 𝐇𝒜︀ ) ℒ︀𝝓ℬ︀ ( 𝐆ℬ︀ ∣ 𝐇ℬ︀ )⏟
registration errors

ℒ︀𝜶,𝜼 ( 𝐇ℬ︀ ∣ 𝐇𝒜︀, 𝚫 )⏟
changes over time

ℒ︀𝜼 ( 𝐇𝒜︀ )⏟
true values

ℒ︀𝛾 ( 𝚫 )⏟
linkage

.

(3)

The parameter 𝝓 governs the possible distortion mechanisms (mistakes, missing values) at the source 

of the differences between registered and latent true values. The parameter 𝜶 shapes the model for 

temporal changes between latent true values in data sources depending on the chosen ‘structure’ (see the 

different survival models for Equation (4)). The parameter 𝜼 characterises the distributions of the PIVs. 

The parameter 𝛾 represents the probability that an observation in 𝒜︀ forms a link with an observation 

in ℬ︀. Each component of Equation (3) and each parameter is developed in the original methodological 

paper (Robach, van der Pas, et al., 2025).

Notably, the probability that true values have not changed between data collections is modelled with 

a survival function. By default, the package uses an exponential model with proportional hazards. For 

a dynamic structured PIV 𝑘 whose changes are modelled and a linked pair (𝑖, 𝑗) with time gap 𝑡𝑖,𝑗 =
|𝑡ℬ︀

𝑗 − 𝑡𝒜︀
𝑖 |:

𝑃 ( 𝐻ℬ︀
𝑗,𝑘 = 𝐻𝒜︀

𝑖,𝑘 ∣ 𝑡𝑖,𝑗 , 𝒙𝑖,𝑗 , Δ𝑖,𝑗 = 1 ) = 𝑆𝜶𝑘
(𝒙𝑖,𝑗 , 𝑡𝑖,𝑗) = exp { − exp(𝒙𝑇

𝑖,𝑗𝜶𝑘)𝑡𝑖,𝑗 }, (4)

where 𝒙𝑖,𝑗  contains an intercept and, optionally, covariates from either data source that explain the hazard 

of change (for example age or income for a relocation) and 𝜶𝑘 contains the log hazard coefficients. The 

user can choose another survival model, such as a Weibull, a Gompertz, a piecewise constant hazard or 

any custom model.

The likelihood of the observed data is obtained by summing Equation (3) over all values of the latent 

𝐇 and 𝚫. FlexRL maximises it with the StEM() function, a Stochastic Expectation Maximisation (StEM) 

algorithm (Celeux & Diebolt, 1986). In a classical EM, the E-step computes the conditional expectation 

of the complete likelihood given the observed data. In the stochastic version, this expectation is approx

imated by Monte Carlo: a Gibbs sampler simulates the latent variables given the current parameters. 

The averages of the summary statistics collected after burn-in estimate the conditional expectation 

from which the M-step derives the parameter updates. Algorithm 1 summarises the procedure, detailed 

hereafter.

Algorithm 1

Input: encoded sources G_A, G_B; PIV configuration;

       N_StEM iterations (burn-in N0_StEM); N_Gibbs iterations (burn-in N0_Gibbs)

Initialise θ = (γ, η, α, φ)

for StEM iter = 1, ..., N_StEM do

    Δ ← 0

    # stochastic E-step

    for Gibbs iter = 1, ..., N_Gibbs do          

        draw H_A, H_B | G_A, G_B, Δ, θ, x, t

        form candidate pairs (i,j) such that H_A[i,k] = H_B[j,k] for all stable or 

flexible k

        for each non-linked candidate pair: propose to link

        for each linked candidate pair: propose to break the link

        accept each proposal with the likelihood of the model

        if Gibbs iter > N0_Gibbs then

            accumulate summary statistics: 

              number of linked pairs, 

              latent true values distribution, 

              temporal changes in linked (H_A = H_B, x, t), 

              registration errors in linked and non-linked (G = H)

        end if

    end for
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    average the accumulated summary statistics # estimate E[ H, Δ | G; θ]

    # M-step

    update and store θ = (γ, η, α, φ)

end for

θ_hat ← average of θ over StEM iter > N0_StEM

run further Gibbs iterations at θ_hat to build D_hat:

D_hat[i,j] ← proportion of iterations in which (i,j) is linked

Stochastic EM for record linkage.

Initialisation
The probability 𝛾 is drawn uniformly in (0.2, 0.8), the distribution of each PIV 𝑘, 𝜼𝑘, is uniform over the 

𝑁 𝑘 values, the probabilities of mistakes are drawn in (0.03, 0.20) and the probabilities of missing values 

are set to the observed proportions. For structured PIVs, the log baseline hazard is drawn between 0.01 

and 1 per time unit and the covariate coefficients near 0. The user can supply other starting values.

Stochastic E-step
Given 𝜽, the Gibbs sampler alternates two blocks. First, the latent true values are drawn. For a non-linked 

record 𝐻𝒜︀
𝑖,𝑘 or 𝐻ℬ︀

𝑗,𝑘 is drawn from 𝜼𝑘 weighted by the registration model. For a linked pair (𝐻𝒜︀
𝑖,𝑘, 𝐻ℬ︀

𝑗,𝑘) is 

drawn jointly among the 𝑁 𝑘 × 𝑁 𝑘 possible values, from 𝜼𝑘 weighted by the registration model and the 

survival model.

Second, the linkage is updated. Candidate pairs are formed from matching sampled latent true values: 

records 𝑖 ∈ 𝒜︀ and 𝑗 ∈ ℬ︀ are candidates when 𝐻𝒜︀
𝑖,𝑘 = 𝐻ℬ︀

𝑗,𝑘 for every non-structured PIV 𝑘 (stable or 

flexible). For each candidate pair (𝑖, 𝑗), we evaluate the log likelihood contribution to Equation (3) when 

the records are linked, log ℒ︀linked
𝑖,𝑗 , and when they are not, log ℒ︀𝒜︀

𝑖 + log ℒ︀ℬ︀
𝑗 . A sequential sweep over the 

candidate pairs then proposes to create or break links. A proposal is accepted by comparing the proposed 

‘new’ state of Equation (3) to the current ‘old’ state with probability ℒ︀new/(ℒ︀old + ℒ︀new); the two states 

differ by log ℒ︀linked
𝑖,𝑗 − log ℒ︀𝒜︀

𝑖 − log ℒ︀ℬ︀
𝑗  and by the contributions from changes in the linkage matrix.

Over the Gibbs iterations, the sampler stochastically explores the latent space of possible linkage 

matrices and PIVs true values. At each iteration after burn-in we store the number of pairs that were 

linked, the distribution of latent true values, the temporal changes (disagreements between the linked 

records latent true values) and the registration errors (disagreements between 𝐆 and 𝐇)—summary 

statistics required for the M-step.

Restricting the sweep to candidate pairs keeps the algorithm light in memory: likelihood contributions 

are computed only for these pairs and for the remaining non-linked records in each data source, which 

together represent the estimated unique entities in the population.

M-step
The summary statistics averaged over the Gibbs draws after burn-in give the parameter updates. Thanks 

to the factorisation of Equation (3), 𝛾, 𝜼 and 𝝓 have separate closed form updates (Robach, van der Pas, et 

al., 2025), and 𝜶 is obtained by numerical optimisation. Optional bounds on the probabilities of a mistake 

are applied at this stage. A warning is displayed when a bound is reached in many iterations, suggesting 

that the bound is too tight or that the PIV is dynamic.

3.3 Linkage scores and decision rule

Based on the StEM chains of estimates, we build an estimate of the set of parameters, 𝜽,̂ by averaging 

the post burn-in elements in the sequence. These are used to sample further linkage matrices that are 

averaged to return a probabilistic estimate of 𝚫 as a final output, namely 𝑫̂, whose entries 𝐷̂𝑖,𝑗  are the 

posterior probabilities for the pair (𝑖, 𝑗) to be linked, which we call the linkage scores. A decision rule on 

each entry 𝜉 ∈ [0.5, 1) then defines the final set of linked data 𝒟︀ = {(𝑖, 𝑗); 𝐷̂𝑖,𝑗 > 𝜉}. Since the scores of a 

record sum to at most one, a threshold of at least 0.5 ensures the one-to-one assignment (Sadinle, 2017; 

Tancredi & Liseo, 2011). The choice of 𝜉 is the subject of the upcoming Section 4.

Note that probabilistic record linkage methods estimate 𝚫 in comparable ways, by classifying pairs 

according to their linkage scores. Although these scores may be on different scales (e.g. likelihood ratios, 
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log odds, posterior probabilities), they can be mapped to a probability scale. Hereafter, we take linkage 

scores to be posterior linkage probabilities in [0, 1] and treat all the methods listed in Table 1 in the same 

way. Accordingly, the default decision rule is 𝜉 = 0.5. The ‘FDP versus linkage decision rule’ curves (see 

Figure 3) provide a more comprehensive assessment of record linkage performance.

3.4 Record linkage with StEM()

StEM() runs Algorithm 1. Its main arguments are:

• data: a list, typically the output of prepare_data(), with the encoded sources encodedA and encodedB, 

the number of distinct values of each PIV n_values (excluding missing values), a logical indicating 

whether both sources share the registration error parameters same_mistakes, and the PIVs configu

ration PIVs_config.

• StEM_iter, StEM_burnin, gibbs_iter, gibbs_burnin: the numbers of iterations of the outer StEM 

algorithm and of the inner Gibbs sampler, and their burn-in periods. gibbs_burnin = 0 sets the burn-in 

automatically: the sampler runs until the number of links changes by fewer than 10 for 10 consecutive 

iterations, with a maximum of 500 iterations.

• threads: the number of OpenMP threads used by the Rcpp samplers, default 4. The argument is ignored 

on systems where the package is built without OpenMP.

• model_dynamics: the survival model for structured PIVs, by default the exponential model of Equa

tion (4). It is only used if a PIV is declared structured in PIVs_config.

• n_post_sample: the number of posterior draws used to compute the linkage scores.

• Starting values for 𝛾 and for the agreement probabilities 1 − 𝝓 can be supplied.

• For long runs, new_directory and save_info_iter = TRUE save the environment after each StEM 

iteration, and music_on = TRUE plays a short tune when the algorithm finishes running.

The function returns Delta, a data frame with columns i (indices in 𝒜︀), j (indices in ℬ︀) and x (scores 

𝐷̂𝑖,𝑗) for every pair with a positive score, and the four chains: gamma (a vector of length StEM_iter), eta 

(one StEM_iter× 𝑁 𝑘 matrix per PIV), alpha (one matrix per structured PIV, with StEM_iter rows and 

one column per parameter of the survival model) and phi (one StEM_iter× 4 matrix per PIV: agreement 

in 𝒜︀, in ℬ︀, missing in 𝒜︀, in ℬ︀).

We run the FlexRL StEM algorithm for record linkage as follows:

fit <- StEM(data = prep_data)

3.5 Computational aspects

The two latent variable samplers are implemented with Rcpp. To draw the true values, sampleH() goes 

through the 𝑁2
𝑘  joint values once per PIV 𝑘 for linked pairs and through the 𝑁 𝑘 values once per PIV 𝑘 for 

non-linked records. sampleD() performs the sequential sweep over candidate pairs, recording the current 

linkage in two vectors that give, for each record of 𝒜︀ and of ℬ︀, the index of the record it is linked to (or a 

negative value when not linked). Reading and updating the linkage takes a fixed number of operations, 

so the sweep is linear in the number of candidate pairs and the memory is linear in the number of records 

𝑁 𝒜︀ + 𝑁 ℬ︀ rather than in 𝑁 𝒜︀ × 𝑁 ℬ︀.
Candidate pairs are found by hashing the pattern of sampled true values on the non-structured PIVs, 

an operation linear in 𝑁 𝒜︀ + 𝑁 ℬ︀. Their contributions to the complete data likelihood are computed in a 

single pass over the records and the candidate pairs, implemented in Rcpp. Built-in survival models are 

evaluated in Rcpp; custom survival functions keep their R implementation.

The single pass over the candidate pairs likelihood contributions can be parallelised over OpenMP 

threads, each processing a disjoint set of candidates. Without OpenMP the code runs sequentially. All 

random draws occur upstream, so the threads never call the R random number generator. Results are 

therefore identical regardless of the number of threads, and set.seed() ensures reproducibility.

Running time grows with the number of records; the number of candidate pairs, larger when PIVs 

have few levels; the number of PIVs and their numbers of levels; the number of structured PIVs, whose 
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survival model is estimated at each iteration; the number of iterations; and decreases with the number 

of threads.

4 Inference on linked data

4.1 Impact of linkage errors on linear regression

Suppose we are interested in estimating the association between 𝑋  recorded in 𝒜︀ and 𝑌  recorded in ℬ︀, 

for instance through the slope 𝛽 of the linear regression 𝑌 = 𝑋𝛽 + 𝜀, with 𝔼[𝜀] = 0 and 𝔼[𝑋𝜀] = 0, so that

𝛽 ̂ = Cov(𝑋, 𝑌)/Var(𝑋). (5)

The target is 𝛽 in the population of entities present in both sources. The analyst only observes the linked 

data 𝒟︀ = {(𝑖, 𝑗); 𝐷̂𝑖,𝑗 > 𝜉} with 𝑋𝑖 from 𝒜︀ and 𝑌 𝑗  from ℬ︀. 𝑌 𝑗  equals 𝑌 𝑖 for truly linked pairs but belongs 

to another entity for falsely linked records. Among the linked data, a proportion 1 − FDP (that may in 

reality depend on 𝑋) carries the correct 𝑌  and a proportion FDP carries a spurious one. Below we denote 

by 𝚫̂ the estimator of 𝚫, with Δ̂𝑖,𝑗 = 1 for pairs (𝑖, 𝑗) in 𝒟︀. Truly linked pairs of records (true positives, 

TP) are thus denoted {𝚫̂ = 1, 𝚫 = 1} and falsely linked pairs of records (false positives, FP) {𝚫̂ = 1, 𝚫 =
0}. Heuristically,

𝔼[𝑌 ∣ 𝑋, 𝚫̂ = 1] = (1 − FDP) ⋅ 𝔼[𝑌 ∣ 𝑋, 𝚫̂ = 1, 𝚫 = 1] + FDP ⋅ 𝔼[𝑌 ∣ 𝑋, 𝚫̂ = 1, 𝚫 = 0]
= (1 − FDP) ⋅ 𝔼𝑇𝑃[𝑌 ∣ 𝑋] + FDP ⋅ 𝔼𝐹𝑃[𝑌 ∣ 𝑋],

where 𝔼𝑇𝑃 and 𝔼𝐹𝑃 denote expectations among truly and falsely linked pairs.

Let us recast 𝛽 ̂accordingly. If 𝑋  has the same mean and variance among all data in 𝒜︀, then 𝛽 ̂ is a 

mixture of 𝛽𝑇̂𝑃 and 𝛽𝐹̂𝑃, defined as in Equation (5) for the subsets of TP and FP,

𝛽 ̂ = (1 − FDP) ⋅ 𝛽𝑇̂𝑃 + FDP ⋅ 𝛽𝐹̂𝑃. (6)

Linkage errors are often assumed to occur at random, in which case 𝔼𝐹𝑃[𝑌 ∣ 𝑋] = 𝔼𝐹𝑃[𝑌] and 𝛽𝐹̂𝑃 = 0. 
However, the PIVs, often demographic, are likely to be associated with variables of interest in the analysis, 

so it is more realistic to consider an association between 𝑋  and 𝑌  among falsely linked pairs.

The estimation error of the analysis can be decomposed into two parts:

𝛽 ̂ − 𝛽 = (𝛽𝑇̂𝑃 − 𝛽)⏟
sampling bias

+ (𝛽 ̂ − 𝛽𝑇̂𝑃)⏟
contamination bias

.

Missed links may cause sample selection and falsely linked data may cause measurement error in the 

linked variables (Doidge & Harron, 2019; Robach et al., 2026; Wang et al., 2022).

Linkage decision rule trade-off
Raising the threshold 𝜉 on the linkage scores reduces the number of falsely linked pairs, which lowers 

the FDP and hence the contamination bias. Falsely linked data would distort the signal in proportion to 

the FDP. Indeed, from Equation (6) we derive:

𝛽 ̂ − 𝛽𝑇̂𝑃⏟
contamination bias

= FDP(𝛽𝐹̂𝑃 − 𝛽𝑇̂𝑃). (7)

However, raising the threshold 𝜉 also selects fewer and more atypical records, which may increase the 

sampling bias due to the implicit record linkage selection. Indeed, the chance of being linked may be 

related to 𝑋 ; in the context of linear regression, this yields:

𝛽𝑇̂𝑃 − 𝛽⏟
sampling bias

=
Cov𝑇𝑃(𝑋, 𝛽𝑋 + 𝜀)

Var𝑇𝑃(𝑋)
− 𝛽 =

Cov𝑇𝑃(𝑋, 𝜀)
Var𝑇𝑃(𝑋)

. (8)

These aspects motivate the complementary tools we develop in FlexRL to quantify these two biases. 

Estimating the FDP (see Section 4.2) and evaluating the divergence of the linked sample from the data 

sources (see Section 4.3) over a range of values of 𝜉 may help users appraise this trade-off.
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4.2 False discovery proportion

For the decision rule 𝜉 ∈ [0.5, 1), the FDP is FDP(𝜉) = FP(𝜉)/{TP(𝜉) + FP(𝜉)} where TP(𝜉) and FP(𝜉) are 

the numbers of truly and falsely linked pairs. In real data applications this quantity is unknown. Linkage 

errors can be estimated from the scores of the linkage model (Belin & Rubin, 1995; Enamorado et al., 2019; 

Resnick & Asher, 2019), from synthetic data (Lam et al., 2024; Robach, Hof, et al., 2025) or from a separate 

model under conditions on the distribution of the number of records per entity (Blakely & Salmond, 2002; 

Dasylva & Goussanou, 2020, 2022). FlexRL implements the first two estimation procedures. We focus on 

the FDP because it drives the contamination bias of Equation (7); the sampling bias is addressed by the 

diagnostics of Section 4.3. The estimators are provided as functions of 𝜉, together with the linked sample 

size available for inference, so that the user can choose a threshold controlling the estimated FDP (and 

hopefully, the true underlying FDP).

Score based estimator
If the linkage model is well calibrated, 𝐷̂𝑖,𝑗  should represent the probability that the pair (𝑖, 𝑗) is a true link, 

and the expected number of truly linked pairs among linked data is ∑(𝑖,𝑗) 𝐷̂𝑖,𝑗𝟙{𝐷̂𝑖,𝑗 > 𝜉} (Enamorado et 

al., 2019; Robach, Hof, et al., 2025). Therefore

FDP̂(𝜉) = 1 −
∑(𝑖,𝑗) 𝐷̂𝑖,𝑗𝟙{𝐷̂𝑖,𝑗 > 𝜉}

∑(𝑖,𝑗) 𝟙{𝐷̂𝑖,𝑗 > 𝜉}
. (9)

This estimator comes at no extra cost for any method that returns linkage scores, but it is only as good as 

the linkage model.

Notably, the calibration of the scores and the record linkage performance are affected by missing values 

and mistakes, the size of the overlap between the sources, the number of entities in the population, the 

discriminative power of the PIVs, their changes over time, and their marginal and joint distributions. 

The literature discusses the strengths and limitations of different record linkage paradigms in detail, 

including comparisons of FlexRL and BRL across a range of configurations (Robach, van der Pas, et al., 

2025; Robach, Hof, et al., 2025).

Synthetic data estimator
An estimator that does not rely on linkage scores can be computed with synthetic data (Robach, Hof, et 

al., 2025). Source ℬ︀ is augmented with 𝑁 synth synthetic records, drawn from a generative model fitted 

on the PIVs of ℬ︀—for example arf (Watson et al., 2023), synthpop (Nowok et al., 2016) or mice (Buuren 

& Groothuis-Oudshoorn, 2011). Synthetic records by definition do not form a link in 𝒜︀, so synthetic 

links can represent false positives when links and non-links have similar distributions (Robach, Hof, et 

al., 2025). Then FPsynth(𝜉) is rescaled by 𝑁 ℬ︀/𝑁 synth, which follows from equating FP(𝜉)/(𝑁 𝒜︀ ⋅ 𝑁 ℬ︀) with 

FPsynth(𝜉)/(𝑁 𝒜︀ ⋅ 𝑁 synth). As for the score based estimator, TP(𝜉) + FP(𝜉) corresponds to the number of 

(real) linked pairs 𝑁 real(𝜉) = ∑(𝑖,𝑗) 𝟙{𝐷̂𝑖,𝑗 > 𝜉}:

FDP̂synth(𝜉) =
FPsynth(𝜉) ⋅ 𝑁 ℬ︀/𝑁 synth

𝑁 real(𝜉)
. (10)

The procedure is repeated over several synthetic draws and the results are averaged. The estimator does 

not depend on the linkage model, but it depends on the quality of the data synthesis.

When the two estimators disagree, a practitioner should rely on the one whose assumptions are more 

plausible. The score based estimator relies on the correct specification of the linkage model, including its 

specific assumptions. It reflects the performance the model would achieve under correct specification. 

The synthetic data estimator relies on the fidelity of the synthesiser and on the assumption that links 

and non-links have similar distributions. Earlier work assessed both estimators robustness to the degree 

of overlap between the data sources, the discriminative power of the PIVs and differences between the 

PIV distributions of true links and non-links (Robach, Hof, et al., 2025), but not to deviations from PIV 

independence. In the SHIW in Emilia-Romagna application, the PIV independence is violated (occupa

tion and sex are associated; see the warning in Section 3.1). For models assuming independent PIVs, such 

as FlexRL and Fellegi-Sunter mixture models (see Equation (1)), we expect the score based estimator to 
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be biased, as its validity rests on the violated assumption. The synthetic data estimator though, should 

remain valid provided the synthesiser captures the dependencies among PIVs. This is in line with what 

we observe in the output of (fig-print-output?).

4.3 Representativeness of the linked sample

As explained in Section  4.1, the linked sample may differ from the data sources in ways the analyst 

cannot see (Doidge & Harron, 2019; Robach et al., 2026; Wang et al., 2022). In particular, we appraise the 

sampling bias of Equation (8) by comparing the distributions of variables of interest between the linked 

data (‘selected’ through record linkage) and the original data sources. For any decision rule 𝜉 ∈ [0.5, 1), 

FlexRL compares each source with its linked subset using the following measures, computed on sets of 

variables 𝒱︀ 𝒜︀ and 𝒱︀ ℬ︀ available in sources 𝒜︀ and ℬ︀ respectively:

• Agreement rates: the proportion of linked pairs whose records agree on 𝑣, for each variable 𝑣 ∈ 𝒱︀ 𝒜︀ ∩
𝒱︀ ℬ︀ (such as the PIVs).

• Standardised Mean Differences (SMD): (mean(𝑣linked) − mean(𝑣source))/sd(𝑣source), for a continuous 

variable 𝑣 in a given set; the same quantity is computed for the indicator of each level when 𝑣 is 

categorical.

• Overlap of supports (support IoU): the Intersection over Union (IoU) of the sets of values taken in the 

linked sample and in the source, for a variable 𝑣 in a given set.

• Maximum Mean Discrepancy (MMD): a multivariate measure of the difference between the linked 

sample and the source, computed jointly over a given set of variables, with a Gaussian kernel and the 

median heuristic for the bandwidth (Gretton et al., 2012).

These quantities are computed over a grid of values of 𝜉. They are built on the declared pairs and, when 

available, their linkage scores; they therefore apply to any linkage method.

In (tbl-demonstration-2?) we proceed with the demonstration of Section 2.4 showcasing the func

tionalities of FlexRL on a simulation study. The synthetic data FDP estimates (‘est. FDP* synth’) are not 

reliable for fedmatch and FlexRL (dynamics), possibly because of the specific linkage procedures these 

packages implement. For FlexRL (dynamics), the cause is likely the misspecified PIV dynamics model, 

or the added difficulty of estimating the FDP under modelling of PIV dynamics, since the estimate for 

FlexRL (no dynamics) is reliable.
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Naive BRL multilink fastLink reclin2 diyar fedmatch FlexRL 
(dynamics)

FlexRL (no 
dynamics)

TP 118.40 
(5.13)

80.40 
(5.04)

80.60 
(5.95)

101.70 
(6.48)

114.10 
(6.38)

34.90 
(20.24)

122.10 
(6.33)

114.00 
(7.92)

87.50 (8.30)

FP 83.10 
(11.02)

12.30 
(3.23)

14.20 
(4.13)

43.10 
(5.59)

68.30 
(8.82)

3.30 
(2.91)

125.80 
(6.32)

25.90 
(5.15)

19.00 (4.67)

FN 81.60 
(5.13)

119.60 
(5.04)

119.40 
(5.95)

98.30 
(6.48)

85.90 
(6.38)

165.10 
(20.24)

77.90 
(6.33)

86.00 
(7.92)

112.50 (8.30)

sensitivity 0.59 
(0.03)

0.40 
(0.03)

0.40 
(0.03)

0.51 
(0.03)

0.57 
(0.03)

0.17 
(0.10)

0.61 
(0.03)

0.57 (0.04) 0.44 (0.04)

FDP 0.41 
(0.03)

0.13 
(0.03)

0.15 
(0.04)

0.30 
(0.03)

0.37 
(0.03)

0.08 
(0.05)

0.51 
(0.03)

0.18 (0.03) 0.18 (0.04)

est. FDP 
score

NA 0.19 
(0.02)

NA 0.37 
(0.02)

0.44 
(0.03)

NA 0.10 
(0.01)

0.20 (0.01) 0.18 (0.02)

est. 
FDP* 
score

NA 0.21 
(0.02)

NA 0.39 
(0.02)

0.43 
(0.07)

NA 0.10 
(0.01)

0.21 (0.01) 0.19 (0.02)

est. 
FDP* 
synth

NA 0.18 
(0.10)

0.20 
(0.05)

0.33 
(0.07)

0.45 
(0.14)

0.14 
(0.07)

0.08 
(0.03)

0.37 (0.11) 0.27 (0.08)

max 
SMD

NA 0.22 
(0.05)

0.22 
(0.06)

0.17 
(0.03)

0.24 
(0.04)

0.68 
(0.31)

0.15 
(0.03)

0.17 (0.04) 0.22 (0.04)

min 
support 
IoU

NA 0.80 
(0.01)

0.80 
(0.01)

0.80 
(0.01)

0.80 
(0.01)

0.76 
(0.10)

0.82 
(0.03)

0.82 (0.03) 0.81 (0.02)

max 
MMD

NA 0.01 
(0.00)

0.01 
(0.00)

0.01 
(0.00)

0.01 
(0.00)

0.08 
(0.05)

0.01 
(0.00)

0.01 (0.00) 0.01 (0.00)

time 
(secs)

0.27 
(0.04)

0.97 
(0.05)

18.57 
(1.48)

1.29 
(0.24)

0.29 
(0.01)

1.17 
(0.06)

1.44 
(0.01)

4.59 (0.02) 3.72 (0.01)

memory 
(Mb)

1.04 
(0.05)

78.60 
(10.08)

105.68 
(10.18)

24.85 
(4.42)

41.52 
(0.18)

104.31 
(10.84)

42.14 
(2.59)

102.11 
(9.03)

70.18 (6.42)

Linkage performance of competing record linkage methods on simulated data for the default decision 

rule 𝜉 = 0.5, with linked data quality assessed through FlexRL. The * symbol denotes the record linkage 

augmented task, see Section  4.2. We report average performance over 10 replications, with standard 

deviations in parentheses.

This short simulation study demonstrates the potential of the FlexRL package. Since FlexRL provides 

linked data quality diagnostics for any record linkage method, we report three estimates of the FDP along 

with measures of the divergence of the linked sample from the data sources. Section 4.2 presented the 

FDP estimators implemented in the package and Section 4.3 discussed the measures of divergence. The 

FDP estimators are averaged over 5 procedures in each of the 10 replications.

4.4 Diagnostics

RL_diagnostics() gathers the tools of Section 4.2 and Section 4.3, summarised in Table 5, and returns 

an S3 object of class RL_diagnostics, with print and plot methods. All measures are computed over 

a grid of thresholds 𝜉 ∈ [0.5, 1) (when the linkage method allows it by returning scores) or for a fixed 

threshold when specified. Each diagnostic can also be computed on its own. We present all commands 

hereafter but show only some outputs. Further details on these diagnostic tools are given in the package 

vignette ‘Linkage and Diagnostics with FlexRL’ available through vignette('FlexRL-RL-vignette', 

'FlexRL') or the online documentation.
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Table 5 Diagnostics performed by RL_diagnostics().

Diagnostic Computation Display

Convergence plot_StEM_convergence() on the 
chains returned by StEM()

plot(x, 'convergence')

Linkage scores plot_linkage_scores() plot(x, 'scores')

FDP estimation compute_RL_FDP_score() 
(Equation (9)), 

compute_augmRL_FDP_synth() 
(Equation (10))

plot(x, 'FDP')

Discrepancy measures smd(), support_iou(), mmd(), 
RL_agreement()

plot(x, 'discrepancy')

Data comparison plot_distributions() on each 
source and its linked subset

plot(x, 'distributions')

The function takes several arguments as input. The record linkage output fit, the data sources encodedA 

and encodedB, the set of variables of interest to compare compare_vars, their type vars_type_cont 

(TRUE if continuous) and the PIVs are passed to RL_diagnostics(), which computes FDP estimates and 

discrepancy measures that characterise the linked sample across a grid of thresholds 𝜉. The true_pairs 

enables reporting the true FDP and sensitivity when known.

compare_vars <- c("BirthYear", "Sex", "MaritalStatus", 

                  "BirthRegion", "Occupation")

vars_type_cont <- list(BirthYear = TRUE, Sex = FALSE, MaritalStatus = FALSE,

                       BirthRegion = FALSE, Occupation = FALSE)

diag <- RL_diagnostics(fit, prep_data$encodedA, prep_data$encodedB,

                       compare_vars, vars_type_cont, PIVs,

                       true_pairs = prep_data$true_pairs, FDP_estimation = TRUE,

                       RL_method = "FlexRL", data = prep_data)

The FDP estimation is optional (FDP_estimation = TRUE) since it can be time consuming. For a given 

RL_method, it is repeated n_repeats times and the estimates are averaged. compute_RL_FDP_score() 

returns the score based estimate on the original task. compute_augmRL_FDP_synth() adds n_synth 

records generated by synth_method to ℬ︀, links the augmented sources as an auxiliary task and computes 

both the score based and the synthetic data estimates on it. Similar score based estimates on the original 

and augmented tasks support the use of the synthetic data estimator. (tbl-demonstration-2?) reported 

these three estimates as ‘est. FDP score’, ‘est. FDP* score’, ‘est. FDP* synth’.

The plot(x, type) method for an object of class RL_diagnostics draws the plots listed in Table 5, 

with type being one of 'convergence', 'scores', 'FDP', 'discrepancy' and 'distributions'. With 

the 'convergence' plots, we could verify that the StEM chains have stabilised.

plot(diag, 'convergence')

With the 'scores' plot, we can analyse the distribution of the linkage scores of the fit as shown in 

Figure 2.

plot(diag, 'scores')
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Figure 2  Distribution of the linkage scores returned by FlexRL StEM() on the SHIW in Emilia-Romagna.

Albeit bimodal, the distribution of linkage scores produced by the record linkage algorithm does not 

indicate where to set the threshold 𝜉. The FDP estimation results and the divergence plots may help 

further. In Figure 3 we show the 'FDP' plot and some of the 'discrepancy' plots for the MMD and 

the SMD. Similar plots for the overlap of supports and the agreement rate are usually displayed by 

plot(diag, 'discrepancy').

plot(diag, 'FDP')
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plot(diag, 'discrepancy')
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Figure 3  Estimated FDP and discrepancy measures against the linkage decision rule threshold obtained with 
FlexRL RL_diagnostics() on the SHIW in Emilia-Romagna.

The graphics from Figure 3 show how each linkage decision rule affects linked data quality. They illus

trate the trade-off of Section 4.1: as the threshold 𝜉 increases, the estimated FDP diminishes while the 

divergence of the linked sample from the sources grows. Ideally, we choose an appropriate threshold for 

inference at the ‘elbow’ of the divergence curves, provided that the estimated FDP at that level is reason

able. This decision rule is a heuristic motivated by the potential impact of linkage errors on inference 

(Doidge & Harron, 2019; Lahiri & Larsen, 2005; Robach et al., 2026; Tancredi & Liseo, 2015; Wang et al., 

2022) and its reliability has not been assessed. Note that the divergence measures are indicators of the 
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sampling bias but do not estimate Equation (8). For our example, we choose 𝜉 = 0.86 following this rule, 

as indicated by the vertical line in Figure 3.

With the 'distributions' plots, we could compare the distribution of the linked data and of the data 

sources at the selected threshold—for example 𝜉 = 0.86.

plot(diag, 'distributions', threshold = 0.86)

The print() method for an S3 object of class RL_diagnostics reports the linked sample size, the FDP 

estimates, the true FDP and sensitivity when available, and the discrepancy measures. We report the 

output in (fig-print-output?). As discussed in Section 4.2, the FDP estimators have different strengths 

and weaknesses. In the SHIW in Emilia-Romagna, the synthetic data estimator yields an estimate of 0.07 

and the score based estimator yields an estimate of 0.01, compared with the true value of 0.15.

print(diag, threshold = 0.86)

  Linked pairs  (score > 0.86):  282

  FDP           (true pairs):    0.16

  Sensitivity   (true pairs):    0.26

  FDP score estimate (RL task):            min threshold 0.50: FDP ~ 0.12 (sd 0.00)

                                               threshold 0.86: FDP ~ 0.02 (sd 0.00)

                                           max threshold 0.99: FDP ~ 0.00 (sd 0.00)

  FDP score estimate (augmented RL task):  min threshold 0.50: FDP ~ 0.13 (sd 0.00)

                                               threshold 0.86: FDP ~ 0.03 (sd 0.00)

                                           max threshold 0.99: FDP ~ 0.00 (sd 0.00)

  FDP synth estimate (augmented RL task):  min threshold 0.50: FDP ~ 0.19 (sd 0.06)

                                               threshold 0.86: FDP ~ 0.10 (sd 0.07)

                                           max threshold 0.99: FDP ~ 0.04 (sd 0.07)

  Multivariate MMD  (linked A vs. A):  0.07

  Multivariate MMD  (linked B vs. B):  0.06

  SMD BirthYear                          (linked A vs. A):  -0.01

  SMD Sex values: {1, 2}                 (linked A vs. A):  -0.01, 0.01

  SMD MaritalStatus values: {2, 3, ...}  (linked A vs. A):  -0.14, 0.19, ...

  SMD BirthRegion values: {13, 17, ...}  (linked A vs. A):  0.35, -0.59, ...

  SMD Occupation values: {7, 25, ...}    (linked A vs. A):  -0.73, 0.24, ...

  SMD BirthYear                          (linked B vs. B):  -0.08

  SMD Sex values: {1, 2}                 (linked B vs. B):  -0.01, 0.01

  SMD MaritalStatus values: {2, 3, ...}  (linked B vs. B):  -0.16, 0.13, ...

  SMD BirthRegion values: {17, 18, ...}  (linked B vs. B):  -0.47, 0.30, ...

  SMD Occupation values: {7, 10, ...}    (linked B vs. B):  -0.71, 0.22, ...

Example of output from the print() method on FlexRL RL_diagnostics class, at threshold 0.86, on the 

SHIW in Emilia-Romagna.

Across the diagnostics, record linkage is run through wrappers with a common form, 

link_with_<pkg>(dataA, dataB, ...), returning the indices of linked pairs and their linkage score. 

Wrappers exist for FlexRL, fastLink, BRL, reclin2, multilink, diyar and fedmatch. That way, the diagnostic 

tools apply to any of these methods in a similar fashion.

On the illustrative example developed along this article, we regress the expected age of retirement in 

2014 on the expected age of retirement in 2012 (originally named ‘etapen’ in each wave). After preparation 

of the SHIW in Emilia-Romagna data for record linkage (see prepare_data() in Section 3.1), we work 
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with 1479 and 1524 records in the two data sources, which share 898 true links. The solid red line in 

Figure 4 is the reference estimate computed on these true links.

The tools presented so far help identify a suitable linkage threshold by assessing the trade-off between 

contamination and sampling bias. In Figure 4, a low threshold 𝜉 = 0.55 yields a linked data estimate 

(dotted orange) affected by contamination bias, due to noisy falsely linked data (short dashed yellow 

estimate); see Equation (7). Conversely, a high threshold 𝜉 = 0.99 yields a linked data estimate (dotted 

orange) affected by sampling bias, due to atypical truly linked data (long dashed yellow estimate); see 

Equation (8).

Guided by the diagnostic tools, we choose 𝜉 = 0.86, which yields a linked data estimate (dotted orange) 

closer to the reference. At this threshold, we retain 282 linked observations, corresponding to an FDP of 

0.16 and a sensitivity of 0.26.

5 Scalability

In (tbl-illustration?) of Section  3, we compared record linkage methods on the SHIW in Emilia-

Romagna. Despite heterogeneous linkage performance, running time and memory usage, all methods ran 

at that scale. To complete our investigation, we demonstrate the scalability of FlexRL and examine that 

of other record linkage methods on the complete SHIW data sets. After preparation, the 2012 and 2014 

waves over the 20 Italian regions cover 19215 and 20002 individuals, with 10568 individuals observed 

in both waves. We consider two settings, without and with regional blocking. Note that blocking on the 

region assumes that this variable is stable and free of registration errors.

In Section 3.1, we showed the proportion of agreements between the information carried by records 

among true links of the SHIW in Emilia-Romagna. Below we show the proportion of agreements among 

true links of the complete SHIW data. In this application, the region is indeed free of registration errors 

and stable.

    BirthYear           Sex MaritalStatus   BirthRegion    Occupation 

         0.99          1.00          0.98          1.00          0.82 

       Region 

         1.00 

Record linkage becomes harder on large data sets: the discriminative power of the PIVs is unlikely to grow 

with the size of the sources, whereas the number of candidate records in ℬ︀ for each record in 𝒜︀ does. 

Without blocking, we may therefore expect higher FDPs and also higher sensitivities, since true links that 

blocking excludes (due to registration errors or changes between waves) become recoverable. However, 

in the complete SHIW the region is stable and error free so the expected gain does not apply. FDPs and 

sensitivities are similar without and with blocking for the comparable methods, except for FlexRL which 

has both a higher FDP and a higher sensitivity without blocking. Note that prepare_data() eliminates 

out-of-support records at regional levels, which explains the differences in the partial confusion matrix 

of the ‘Naive’ method between (tbl-scalability?) and (tbl-scalability-block?).

Below, we report the number of unique values of each PIV in the SHIW in Emilia-Romagna and in the 

complete SHIW. These counts indicate the discriminative power of the PIVs in the regional and national 

applications. In addition, we appraise the difficulty of the tasks, without and with regional blocking, 

through the performance of the ‘Naive’ approach in (tbl-scalability?) and (tbl-scalability-block?), 

which reflects how many records share the same combination of PIV values.

    BirthYear           Sex MaritalStatus   BirthRegion    Occupation 

           94             2             4            18            52 

    BirthYear           Sex MaritalStatus   BirthRegion    Occupation 

           99             2             4            20            84 

       Region 

           20 
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Figure 4  Regression analysis on the SHIW in Emilia-Romagna linked through FlexRL.
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(tbl-scalability?) presents the comparative study without blocking; ‘Not Available’ results indicate 

memory errors. When supported, methods run with four threads (threads for FlexRL, n.cores for 

fastLink, nthread for fedmatch). (tbl-scalability-block?) shows the results with blocking on the 

Italian regions. More details on this data application showcasing the scalability of FlexRL are given in 

the package vignette ‘Scalable Record Linkage with FlexRL’ available through vignette('FlexRL-RL-

block-vignette', 'FlexRL') or the online documentation.

Naive BRL multilink fastLink reclin2 diyar fedmatch FlexRL

TP 8289.00 NA NA 5061.00 NA NA 5057.00 4105.00

FP 49350.00 NA NA 11175.00 NA NA 14154.00 5417.00

FN 2279.00 NA NA 5507.00 NA NA 5511.00 6463.00

sensitivity 0.78 NA NA 0.48 NA NA 0.48 0.39

FDP 0.86 NA NA 0.69 NA NA 0.74 0.57

time (mins) 0.00 NA NA 9.00 NA NA 5.00 6.00

memory (Mb) 123.20 NA NA 20070.10 NA NA 1877.00 4030.30

Comparison of record linkage methods on the complete SHIW data application for the default decision 

rule 𝜉 = 0.5.

Naive BRL multilink fastLink reclin2 diyar fedmatch FlexRL

TP 8289.00 1609.00 1771.00 4911.00 8993.00 316.00 5284.00 2916.00

FP 49346.00 449.00 1092.00 11295.00 4092774.00 12.00 13123.00 1308.00

FN 2059.00 8739.00 8577.00 5437.00 1355.00 10032.00 5064.00 7432.00

sensitivity 0.80 0.16 0.17 0.48 0.87 0.03 0.51 0.28

FDP 0.86 0.22 0.38 0.70 1.00 0.04 0.71 0.31

time (mins) 0.33 3.63 206.82 5.82 0.42 2.67 2.25 5.03

memory 
(Mb)

16.00 1150.00 3837.00 4716.00 2223.00 1530.00 766.00 862.00

Comparison of record linkage methods on the complete SHIW data application with regional blocking, 

for the default decision rule 𝜉 = 0.5.

6 Discussion

This article presented FlexRL: an R package for probabilistic record linkage of two overlapping data 

sources using a hierarchical model that accounts for registration errors and accommodates temporal 

changes in Partially Identifying Variables (PIVs). FlexRL provides tools for assessing the quality of the 

resulting linked data. These diagnostics are independent of the linkage method and thus apply broadly. 

These tools are essential for using record linkage in practice, where potential linkage errors and induced 

sample selection cannot be observed directly.

To draw attention to the implications of linkage quality for statistical analysis, FlexRL provides two 

complementary tools as functions of the linkage threshold. First, the estimated False Discovery Propor

tion (FDP), which quantifies contamination among the linked pairs. Second, the divergence of the linked 

sample from the source populations, which captures potential sampling bias. Examining these quantities 

jointly makes the trade-off between contamination and sampling bias explicit and provides users with 

information to select a linkage decision rule in light of its potential consequences for subsequent 

inference.

Several directions follow naturally from this work. On the computational side, the memory footprint 

is linear in the number of records and the running time scales with the number of records, candidate 

pairs, PIVs, their levels and configurations. Memory and running time allow record linkage between 

large data sets on a standard computer. On the modelling side though, the linkage model currently 

assumes independence of PIVs given the latent true values, no duplicates within a source, categorical 

PIVs; extensions would broaden the range of applications. Moreover, the diagnostic estimators and the 
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proposed quality measures, whose validity rests on the assumptions underlying their estimation, would 

benefit from further theoretical and empirical investigation.

Notwithstanding these considerations, FlexRL provides a framework that connects record linkage to 

linked data quality assessment. It offers a solution to record linkage that is scalable in terms of memory 

usage and running time, and flexible in accommodating diverse scenarios. Linkage performance depends 

on the difficulty of the task and the chosen decision rule, controlling the FDP and recovering a fraction 

of the true links accordingly. It brings record linkage into practice, helping researchers and practitioners 

not only to link data, but also to quantify and communicate the extent to which linkage decisions may 

affect downstream inference.

Data and Code Availability

The FlexRL package is available from the Comprehensive R Archive Network (CRAN) or from the package 

GitHub repository alongside documentation and vignettes describing its functionality. FlexRL is also 

available as a module in JASP 1.0 (JASP Team, 2026). The script is available as supplementary material 

and on the GitHub repository of the package.
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