
4 Probabilistic Fellegi-Sunter Linkage

• Estimates match likelihoods from identifier comparison patterns, 

assigns match, possible-match, and non-match decisions under 

threshold rules

2 Supervised Machine Learning Linkage 

• Uses labeled or adjudicated pairs to train classification rules for 

potential record pairs. Best when suitable training data exist, and 

performance gains outweigh tuning overhead5,9

• Settings where labeled data are available and improved 

predictive performance justifies additional tuning and 

implementation overhead5,9,19
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Figure 1: Structured Decision Framework

This framework reflects the reviewed 

literature, but subject-matter expertise should 

take precedence, particularly where linked 

files may contain duplicate entity records. 
Further guidance for applying RL methods in HEOR 

and RWD contexts is needed

CONCLUSIONS    

• Real-world oncology data are inherently fragmented across 

administrative, registry, and clinical sources, each capturing 

an incomplete picture of patient disease history, treatment, 

and outcomes1,4,8

• Linking registry data with electronic health records can 

substantially improve completeness across disease, 

treatment, and health-status variables underrepresented in 

any single source1

• Linkage can shape cohort definition, outcome capture, 

covariates, and effect estimation; therefore, false and missed 

links pose direct threats to validity of Health Economics and 

Outcomes (HEOR) and real-world-evidence (RWE) 

analyses3,8 

BACKGROUND    

• The objective of this study was to develop a tool that can 

help users assess record linkage (RL) candidacy by 

respective use-case, with a focus on HEOR and RWE

OBJECTIVES    

• A structured targeted review was conducted to identify 

sources relevant to linkage decisions in HEOR-oriented real-

world data settings

• Sources (n=20) were selected to cover foundational linkage 

methods, preprocessing and data quality, linkage error and 

bias, privacy and regulatory constraints, and applied 

healthcare and oncology linkage use-cases

• Search concepts combined record-linkage terms with 

healthcare, oncology, bias, machine-learning, Bayesian 

linkage, privacy preservation, and regulatory themes, and 

were supplemented by citation chaining from methods papers 

and official guidance documents

• The resulting evidence base was synthesized into a decision 

framework

METHODS

RESULTS    

• The earlier branches of the decision tree (Figure 1) evaluate linkage permissibility, 

availability of usable identifiers or privacy-preserving tokens, likely analytic 

consequences of linkage error, and field fitness following post-preprocessing3,8,12,15-

19

• Preprocessing (encompassing identifier standardization, missing value handling, 

blocking design, and dataset alignment) must be completed before method 

selection can proceed2,6,9,12,14

• For approx. 1:1 linkage tasks, the lower branches guide method selection based on 

three sequential considerations: whether privacy constraints permit direct identifier 

sharing, whether labeled training data are available and supervised modeling 

overhead is acceptable, and whether the dataset structure supports a canonical 

Fellegi-Sunter workflow or warrants a fully Bayesian RL5,7,9-11,13,18-20

• While the decision framework presented generally captures the literature reviewed, 

subject-expertise should always take precedence over the decision tree framework, 

especially when ≥1 files considered for linkage can be expected to contain ≥1 of the 

same entity9,11,13,19

Validation and Interpretation:

• Validation is a necessary component of any record linkage workflow regardless of 

method chosen3,8. Typical steps include threshold setting, manual review of 

ambiguous pairs, and data quality checks calibrated to the specific use case7,8,9,20

• Missing data and measurement error can substantially affect both method 

performance and estimation accuracy, making use-case-specific validation 

essential6,12,14 

• While precision and recall are important benchmarks, the primary determinant of 

acceptable linkage performance is whether design decisions and their limitations 

could materially affect the estimand or downstream analysis results3,6,8

Method Classes Captured Within This Review:

1 Privacy-Preserving Record Linkage (PPRL) 

BEST SUITED FOR 

• Performs without direct exchange of raw identifiers, usually achieved 

by encoding identifier fields and using a privacy-preserving 

protocol18,19

• Settings where data governance restricts identifier sharing; a 

material tradeoff among privacy, linkage quality, and scalability 

typically applies

BEST SUITED FOR 

3 Bayesian Probabilistic Linkage 

• Models the latent 1:1 structure directly, representing linkage 

uncertainty through posterior inference. Incorporates constraints during 

estimation

BEST SUITED FOR 

• Settings requiring 1:1 constraints should apply, shared fields are 

sparse or noisy, or Fellegi-Sunter weights would be 

unreliable10,11,13   

BEST SUITED FOR 

• Pairwise-score-and-threshold workflow is adequate, files share 

many matching attributes, and shared fields carry limited error 
6,7,11,20
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