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Introduction
Fragmentation of patient data across siloed points of care risks patient safety by restricting access to comprehensive medical information, delaying care, deterring effective population health management, limiting public health reporting, and reducing the utility of electronic data for clinical research. Integrating distributed datasets often requires record linkage using patient demographics such as names, gender, birthdate, address, telephone numbers, and identifiers such as Social Security Number (SSN). The Felligi-Sunter linkage algorithm (FS) [1] is a probabilistic linkage algorithm that is widely used for record linkage efforts. FS assigns match/non-match weights to identifiers by means of u-value (probability that an identifier in two non-matching records will agree purely by chance) and m-value (probability a field agrees between true matches). However, there is a notable lack of evidence around best practice guidelines for parametrizing the FS algorithm. We compare the performance of several approaches to parameterize u- and m-values for record linkage using the FS algorithm.
Methods
[bookmark: _GoBack]We leveraged two gold-standard manually reviewed datasets extracted from the Indiana Network for Patient Care (INPC), a large statewide Health Information Exchange: (1) a public health registry containing duplicate registrations (MCHD), and (2) newborn screening laboratory results linked to Electronic Health Records (NBS). Both datasets contained subsets of the following fields: Medical Record Number (MRN), Social Security Number (SSN), Last name (LN), First name (FN), Middle name (MN), Gender (G), Birth Month (MB), Day (DB), and Year (YB), Street (STR), Zip code (ZIP), City (CITY), State (ST), and Telephone number (TEL). The number of record pairs in each dataset, together with the prevalence of true matches are as follows; MCHD (33,005; 5.9%), NBS (15,000; 89.7%) [2]. For each dataset, we applied ‘blocking’, a commonly applied record linkage optimization technique that groups similar records together to form candidate matches. For each dataset and blocking scheme, we evaluated two approaches to calculate m/u values: (1) compute both m- and u-values using Expectation-Maximization (EM), and (2) compute u-values using a novel closed-form calculation followed by using EM to determine m-values. We compared the performance of each dataset, blocking scheme and m/u value calculation approach using sensitivity, specificity, F1-measure and area under the ROC curve values (AUC), together with their 95% confidence intervals.
Results
We identified two blocking schemes for the MCHD dataset (LNFN and SSN) and three schemes for the NBS dataset (LNFN, MRN and TEL). These blocking schemes, together with the percentage of true matches identified within them are as follows; MCHD (LNFN [3.1%] , SSN [70.4%]) and NBS (LNFN [95.1%], MRN [98.5%] and TEL [88.3%]). With the exception of specificity for the TEL blocking scheme, all performance measures exceeded 70% for both EM-based and closed-form parameterization approaches. The PPV of the MCHD LNFN dataset, which reported the lowest true match prevalence of 3.1% also reported the lowest PPV values of ~70%. However, sensitivity, specificity and AUC values of this blocking scheme were compatible with other blocking schemes with much larger true match prevalence. Comparison of performance measures reported by the SSN blocking scheme for the MCHD dataset indicated that the EM based m/u value calculation method outperformed the closed-form method. 
Discussion
Results suggest that use of closed form m/u value calculation methods could lead to statistically significant performance differences across some blocking schemes. Next steps include introduction of a third m/u value calculation approach which uses random sampling sizes for m/u value calculation. Closed form calculation of u-values may perform better when the proportion of non- matching pairs far exceeds the proportion of true matching pairs. True matches represented a substantial portion of the overall record pairs in the two datasets we used. Future work will explore performance of the closed-form approach using data sets where non-matches far exceed true matches.
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