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Abstract

This white paper summarizes the method implemented in the LINKAGE System to link
individuals across data sources, comprised of medical information and services datasets (MI-Data)
(e.g., claims, medical records, etc.) and Data Holder (DH) datasets (e.g., surveys, clinical trials,
registries, etc.). Each data source contains privacy-protected data accessible within the LINKAGE
System. The linkage algorithm derives from a probabilistic approach that scores matches of
individuals' characteristics across diverse data structures, allowing for flexible forms of finder files
with varying overlaps in identifying variables and differing reliabilities of these variables.
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1. Introduction

The task of linking individuals across data sources involves a research analysis consisting of a
sequence of steps aimed at (1) determining the persons in two datasets constituting candidate matches
for being the same individual, and (i1) rating these candidates to assess the most likely selection for
linkage deemed to be the same person. The linkage method developed in this paper, termed the
Probability Uniqueness-Based Linkage Method (PUBLIM), does not adopt a conventional
deterministic or probabilistic approach to linkage, which relies on pre-described or imputed weighting
schemes to balance tradeoffs in discrepancies between individuals' finder-file identifying variables
and prospective candidate characteristics. Instead, the linkage method summarized here implements a
sequential investigative analysis integrating a variant of probabilistic matching that can incorporate
knowledge about data quality in various steps, thus permitting the application of sophisticated criteria
tailored to handle problematic cases.

This linkage approach implements three analysis steps to assign matches across data sources
based on individuals' identifying variables provided in finder files:

Step I: Designating variable categories and match qualities
Step 2: Identifying a pool of candidate matches
Step 3: Scoring and selecting unique linkages.

The approach provides transparency to researchers in understanding the reliability of linked IDs and
their appropriateness for use in various aspects of their data analyses.

The linkage applications addressed in this white paper focus on the record-matching method
implemented in the LINKAGE System to integrate individuals' circumstances across various privacy-
protected data sources. The National Institute of Aging (NIA) supports LINKAGE in providing
confidential data resources to approved research groups, enabling them to conduct a broad range of
studies related to health and aging. The data sources in LINKAGE include administrative medical
information and services datasets (MI-Data) (e.g., claims, medical records, etc.) and datasets (e.g.,
surveys, clinical trials, registries, etc.) maintained by Data Holders (DHs) in the LINKAGE
Environment to make their confidential data accessible to the scholarly and policy communities while
satisfying minimum data necessary criteria.

The output of this research process consists of DH linkage files that relate individual IDs across
datasets, with each ID allotted a linkage score and one of three overall match confidences: Strong,
Fair, and Weak. The determination of these confidence levels encapsulates a novel approach in
PUBLIM for measuring the commonality and trustworthiness of the variables identifying individuals
in the different finder files. The specific weightings of factors in the linkage research steps depend on
the contents of finder files and the assessed accuracy of the various finder-file variables in the
datasets. Documentation accompanies linkage files explaining the criteria implemented to assign
linkages and to convey the degree of confidence in the match.

The following discussion describes the PUBLIM process for producing linkage files. Section 2
presents an overview of probabilistic matching approaches to provide context for the linkage method
developed in this paper. Section 3 describes the PUBLIM algorithm for scoring the uniqueness of
characteristic matches based on probabilistic methods. Section 4 presents an overview of the typical
types of variables included in finder files. Section 5 discusses the elements of Step 1 in the linkage
process; Section 6 outlines the criteria governing the execution of Step 2; and Section 7 covers the
implementation of Step 3. Finally, Section 8 describes the information provided with the linkage files
delivered to researchers.
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2.  Overview of Record Linkage Approaches

The following discussion outlines features of prominent probabilistic matching and linkage
approaches proposed in the literature. These approaches specify algorithms for comparing the
characteristics of persons in Dataset 4 and Dataset B by "scoring" candidate match person-pairs with
the aim of deeming whether pairs represent the same individuals in the two datasets. To conduct this
linkage analysis, approaches analyze finder files for Datasets 4 and B, providing information on K
characteristics for individuals i € 4, i=1,..., N, and individuals j € B, j=1,...,N;. The finder-file
characteristics k = 1,...,K include such variables as persons' name, age, gender, and residence
location. For each individual i in Dataset 4, matching algorithms implement a probabilistic approach
that produce measures of the closeness of the characteristics of candidates j in Dataset B most
comparable to individual i. Depending on the values of closeness measures, analysts assign a linkage
for individual i when a measure achieves a sufficiently high match confidence to justify registering
individuals 7 and j as the same person.

2.1 Framework Underlying Probabilistic Record Linkage

The foundational work of Fellegi and Sunter (1969) (hereafter F&S) specifies the optimal
scoring/matching rules when using probabilistic methods as the basis for linkage algorithms. F&S

designate a comparison vector ¥; =7 (, Vs (i, Jj ),) as gauging the closeness of the characteristics of

individuals 7 and j in the finder files, with the elements }, (i, j )measuring the closeness of the k-th

characteristic. F&S interpret 7, as a randomly distributed vector across the (i, j) pairs, with the

distributions of the element y, (i, j ) determining the properties of this multivariate distribution.

To specify an optimal matching rule, F&S define two key probability parameters, motivated by a
Bayesian approach for reaching decisions based on available evidence. To specify these parameters,
denote Y;;=1 whenie 4 and j € B are the same person, and = 0 otherwise. The set {¥;;=1} includes

the (i, j) pairs constituting true matches (i.e., the same person), and the set {¥;;=0} contains those pairs
not true matches. F&S define the two probabilities:

mU:Pr(}/ij|Y;j:1) uij:Pr(;/y.|Yij:O) . (1)

The "m" and "u" parameters play a major role in computing posterior odds in Bayesian decision
theory. In particular, a fundamental Bayesian formula yields the following relationship:

[posterior odds of(i,j) € {YU = I}J = [prior odds of(i,j) € {Y;j =1}] X Ay (2)

Uy

The m; / u; ratio corresponds to the Bayes Factor, and its information fully determines the posterior
probability that the (i, /) pair is a true match. F&S prove that ranking the ratios m, / u,; from their

highest to the lowest values constitutes the optimal matching of individual pairs, with values falling
below a lower threshold indicating the evidence is too weak to justify assigning this pair a linkage.

In practice, linkage algorithms rank the m/u ratios substituting estimates for these parameters.
The set {¥;;=1} is unknown, and linkage methods replace this set with their inferred match set,
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denoted here by {y;=1}—comprised of those (i, j) pairs deemed linked by the match process. !
Using this match set {y;;=1} and its complement {y;; =0}, linkage approaches estimate the
probabilities:

m; =Pr(7, 1y, =1) u, =Pr(7,1y,=0). 3)

Sorting the ratio m,; / u,; estimates from highest to lowest, a matching algorithm selects the highest

values as linkages. This "scoring" procedure produces the relationship:

[posterior odds of(i,j) € {y[j = 1}] = [prior odds of(i,j) € {yi,. = 1}] X My , 4)

i

which corresponds to the probability of an (i, j) pair being a member of the inferred match set—in
sharp contrast to being a true match.

Additionally, the optimality theory of F&S does not specify the form of comparison vectors and
takes a form as predetermined. Consequently, rank orders of the ratios m,; / u; across the different

specifications of 7 invariably do not provide a basis for inferring a "better" or preferred match set.

2.2 Characterization of Common Record Linkage Approaches

The most widely used linkage methods construct the yx (i, j) elements of the comparison vector y;;
as discrete variables that classify similarities of characteristics into groupings. These approaches (e.g.,
Winkler (1988, 1989, 2002, 2014), Herzog et al. (2007), Christen et al. (2017), Enamorado et al.
(2019), Splink (2024a)) distinguish a k-th characteristic of an (i, j) pair as falling into different groups
¢ (e.g., identical, similar, different) and then interpret characteristics within a given grouping as
equivalent.

Viewed in the F&S framework, this formulation implies y; possesses a multivariate multinomial
distribution, with the y (i, ) 's having their own univariate multinomial distributions.> Additionally,
these algorithms typically assume mutual independence of the elements yx (7, /). Relying on these
assumptions, the approaches decompose the m/u ratios into the product

m; m, My My

u; Uy Uy Uk

where the subscript combinations (f Jk ) designate 7, (i , ]) = with { denoting the grouping assigned

to the k-th characteristics for the (i, j) pair.

Relationship (5) motivates the scoring of match pairs to be calculated separately for each
characteristic k£ of the match (i, j) pair and then aggregated to produce a total score for this pair. This
popular scoring method allows for calculating the separate contribution of the closeness of each
characteristic to the total score for a match (7, j) pair.

A major shortcoming of these approaches concerns the loss of identifying information when
simply allocating characteristic comparisons to groupings with no distinctions accounted for within a

! This assumption mirrors settings in hypothesis testing whereby inference presumes estimates emulate the null
hypothesis.

2 Multinomial distributions encompass Bernoulli distribution, consistent with only two classifications such as agree and
not agree.
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group. Knowing individuals match on a common last name of Smith is less informative than knowing
they match on the name Krzysztof, which is likely to be quite rare in an entire population. Knowing
individuals match on residence in ZIP5 08701, the 5-digit zip code with the largest population located
in New Jersey, is less informative than knowing they match on ZIP5 99762, the 5-digit zip code for
residence in Nome, Alaska. In both cases, popular linkage algorithms classify these comparisons as
"identical" and make no further distinctions.

Recognizing this shortcoming, various linkage approaches incorporate frequency-based
adjustments to compensate for the rarity of characteristics within groupings (e.g., Xu et al. (2022),
Splink (2024b), Gill et al. (1997), Yancey (2000), Zhu et al. (2009). Generally, these approaches

modify m,, / u, ratios by factors depending on the rarity of characteristics within groups. For

example, Xu et al. (2022) propose conducting a two-step procedure that adjusts m,, / u, ratios by

factors depending on probability ranges reflecting the agreement of matched pairs on their values of
characteristic k. In essence, this approach introduces subgroups within groups to distinguish
characteristics uniqueness and then conducts a conventional application of the F&S framework.
Another example, Splink (2024b) proposes an approach involving expansion of match classifications
to distinguish particular values of characteristics, such as creating separate categories for individual
names and features of administrative ID values. Such adaptions of Splink substantially increase the
number of cells and burden of calculating match scores which can lead to significant complexities in
the stability of its computational algorithm.? To avoid these computational complications, Splink
offers an alternative method of altering scores after determining the linkage set by creating subgroups
within classifications and increasing scores with more unique matches in the population; these ex-post
adjustments refine Splink scores without changing linkage determinations. Still other examples
introduce continuous similarity measures for comparing string data, but then transfer comparison
values to categorical values representing different levels of agreement (e.g., Herzog et al., 2007;
Sadinle, 2017; Enamorado et al., 2019), which again fall into the conventional F&S framework with
multiple agreement classifications.

The adjustments of match weights implemented by existing frequency-based approaches
typically do not result in substantial alterations in linkages. This outcome, combined with the
computational burden incurred by these approaches, has led to them not commonly being used in
linkage applications.

3. Description of the Probability Uniqueness-Based Linkage Method (PUBLIM)

The record linkage approach proposed in this paper operationalizes a probabilistic frequency-
based matching approach that exploits all the identifying information contained in finder files to score
matches and assign linkages. This approach distinguishes the extent of uniqueness of characteristic
identifiers in datasets, which motivates naming this approach the Probability Uniqueness-Based
Linkage Method (PUBLIM).

PUBLIM scores match pairs based on the comparison vector 7, =7, (, 7, (i, j ),) where
7:(.7)= p, (i, ) with
Pk (i, j) = probability (share of) individuals ; e B. in Dataset B have characteristics k (6)

3 Such complexities can arise, for example, when increasing the number of cells in the multivariate multinomial
distribution underlying Splink leads to cells with insufficient observations to estimate cell probabilities reliably,
including having no observations resulting in parametric identification issues.
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matching those of individual i € 4 in Dataset 4.*

This method computes the total score of the candidate match pairs for individual i, applying the
formula:

K
F, :Hpk (i,j) I :Min_/eNE {sz} : (7)
=1
The probabilities px (i, /) measure the degree of uniqueness of individual i's characteristic & in the
population of Dataset B. The rarer the characteristic, the smaller the py (7, ). The more unique the

characteristics of individual i in the overall population of Dataset B, the smaller the P;.

Transforming this totaled probability into a log odds ratio produces a match score that increases
the more unique a candidate match, with odds defined as:

i

O, = s ratio of the chances of mismatching to matching individual i to the selected
individual j in Dataset B.
Taking common logs produces:
Si =log (O;) = match score for individual . (8)

A higher score signals a higher chance that the linked Dataset B member corresponds to the individual
i in Dataset 4.

As with most probabilistic linkage approaches, PUBLIM translates into the classic F&S
framework. The elements yx (i, j) = p« (i, j) of the comparison vector y;; possess a continuous
distribution with a domain comprised of the unit interval. The vector y;; possesses a multivariate
distribution with its elements each having a continuous distribution over the unit interval. The totaled
probability P; follows a continuous univariate distribution over the unit interval. Finally, the match
score S; possesses a continuous univariate distribution with a domain comprised of positive numbers.
The F&S theory encompasses comparison vectors and scores with continuous distributions. The
PUBLIM approach does not need nor assume any independence of the elements yx (i, j) of the
comparison vector y;. Appendix D presents the details interpreting the PUBLIM algorithm in the F&S
framework and its optimality match score ranking.

An important advantage of PUBLIM concerns its computational efficiency. Its algorithms
compute scores with one pass through the dataset, and this computation readily accommodates
parallel processing. Alternatively, computation of estimates for other scoring methods—e.g., Fastlink
developed by Enamorado et al. (2019) and implemented in Splink (2024a)— requires maximization
of a likelihood function using an expectation-maximization (EM) algorithm or multiple iterative
passes through the data to compute equilibrium parameter estimates. Such methods encounter heavy
computational burden when linking individuals in large datasets.

The following sections explain the three analysis steps enabling efficient computation of match
scores and using these scores to select linkages given the information on individuals' identifying
variables provided in finder files. Section 4 characterizes variables included in finder files. Section 5
(Step 1) describes organizing finder-file information to create a systematic method for computing
match probabilities p«(i, j). Section 6 (Step 2) outlines how to narrow the pool of viable candidates j in
Dataset B to compute the lowest value of P;. Finally, Section 7 (Step 3) describes using match scores
to select linkage sets that infer which individual j in Dataset B most likely represents individual i in
Dataset 4.

4 This analysis presumes that Dataset B is larger than Dataset 4 (i.e., Np> N,).
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4. Description and Categorization of Variables Included in Finder Files

As noted in the Introduction, the linkage applications constituting the focal point of this paper
involve integrating privacy-protected data sources in the LINKAGE System. Accordingly, Datasets 4
typically represents DH datasets (e.g., surveys, clinical trials, registries, etc.) in LINKAGE, and
Datasets B normally correspond to medical information and services datasets (MI-Data) (e.g., claims,
medical records, etc.) available in LINKAGE to supplement and enhance the information available in
DH datasets.® The following discussion freely interchanges the terms Datasets 4 and DH datasets and
the terms Datasets B and MI-Data datasets.

Table 4.1 lists the types of variables contained in DH finder files intended to match the
identification of individuals across datasets, with varying subsets of these variables incorporated in the
finder files provided by different DHs. The most common categories of variables include Name,
Gender, Administrative IDs, Age Information, and Residence Information, with a file giving various
versions of the data elements shown in these categories. Occasionally, DH finder files include
variables in the Health Status and Other Variables categories, which can provide efficient linkage
information when a DH dataset requires individuals to satisfy specific criteria, such as having a
particular health condition (e.g., heart condition, dementia) or being classified in a certain
socioeconomic status (e.g., low income).

Table 4.1: Finder-File Variables for Linking Individuals Across Data Sources

Category | Variable Description
LN Last Name
Name FN  |First Name

MI Middle Initial or Name
Gender Gender |Gender
SSN  [Social Security number
Individual Taxpayer
ITIN Identification Isl)uzlber
Health Insurance Carrier
MBI  [Medicare Beneficiary Identifien
HIID |Health Insurance ID
MID [Medicaid ID
AGE [Reported age
YOB |Year of Birth
Age MOB ([Month of Birth
Information DOB [Day of Birth
YOD |Year of Death
MOD |Month of Death
DOD [Date of Death
State  [State of Residence
County |County

Administrative]
IDs HIC

Residence

Information City _|City
Residence Address [Reported address
- ZIP9 |9-digit ZIP Code
Information 1715515 §iait ZIP Code
ZIP3 |3-digit ZIP Code
DIAG |Specific diagnoses
CD  [Chronic disease
DIS |Disability Indicator
Igf;gsl PREG |Pregnancy Indicator

Procedures (e.g.,
PROC |hospitalization)

5 A prominent source of the MI-Data includes the universe of Medicare and Medicaid claims and assessment data
maintained by the Centers for Medicare & Medicaid Services (CMS).
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Category | Variable Description

OV1 |Email

OV2 |Phone number

OV3 |Primary language code
OV4  |Marital status

OVS5  [Household size

OV6 |English proficiency code
OV7 |Income code

OV8 [Immigration status

OV9 |Location Service Delivery

Other
Variables

Given a finder file including the variables and associated categories in Table 4.1, linkage
algorithms measure the commonality of the variables identifying persons in the different datasets to
select unique matches representing the same individuals in these datasets. The processes followed in
linkage steps depend on the trustworthiness and discriminating power of finder-file variables, which
can result in dynamic and hierarchical analyses to discover the most credible linkages.

5. Step 1: Designating Variable Categories and Match Quality Bands

The first step in implementing a linkage algorithm consists of organizing the finder file variables
into the categories used to check for commonality among individuals and specifying the notion of
closeness in each category deemed to assign a match. This structure establishes the framework for
measuring the closeness of the characteristics of Dataset B members with those supplied for any
finder-file individual.

To explain the PUBLIM approach, Table 5.1 illustrates a typical list of variables included in DH
Table 5.1: Common Finder-File Variables for Linking Individuals Across Data Sources

Category | Variable Description

LN Last Name
FN First Name

Administrative SSN  [Social Security Number

IDs HIC |Health Insurance Carrier
MBI [Medicare Beneficiary Identifier

Gender Gender |Gender

YOB |Year of Birth
Age MOB |Month of Birth
Information DOB |Day of Birth
YOD |Year of Death
Residence State  [State of Residence
Information ZIP5 |5-digit ZIP Code

Name

finder files intended to match the identification of individuals across datasets. The second column lists
the finder-file variables, and the first column presents our classification of these variables into variable
categories used to measure comparisons. In practice, the formulation of variable categories involves
data cleaning procedures and can include multiple finder-file variables, such as several types of
Admin IDs (e.g., SSNs and Health Insurance IDs), more than one value of the same Admin ID (e.g.,
three SSNs), several names, and a list of residence locations.

Table 5.2 (page 9) specifies varying stringencies of closeness used in our linkage algorithm to
register a match in a variable category, comparing the characteristics of an individual in a finder file
and a member of Dataset B. In this table, the term "match quality band" designates the different
measures of closeness, with a lower-numbered band constituting a closer match and a higher-
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numbered band relying on weaker criteria to assign a match. A higher band typically produces a larger
number of Dataset B members as matches for a variable category. Constructing match quality bands
can incorporate external knowledge about the accuracy of information provided for variable
categories in finder files.

Inspection of Table 5.2 reveals that for the Name category, Match Quality Band 1 requires exact
matching on both first and last names, while Band 2 also allows for nicknames.® The remaining bands
for the Name category allow for wrong or missing names. Band 3 allows for fuzzy matches of last
names, measured by either the Levenshtein distance (Levenshtein, (1965)) or the Jaro—Winkler
distance (Jaro (1989)). The following examples illustrate the computation of Levenshtein distances
equaling 1 (on the left) and 2 (on the right):

1. Harnry — Harry 1. Harnry — Hanry
= Delete "n" in the middle of Harnry = Delete "r" in the middle of Hamny
2. Hanry — Henry

nan

= Replace "a" with "e" in the middle of Hanry.
For these two examples, the Jaro-Winkler distance, a string metric measuring an edit distance
between two sequences, computes the difference values:

Harnry — Harry Harnry - Henry ) )

» Jaro-Winkler distance is 96.1% » Jaro-Winkler distance is 76.5%
Band 4 also admits names that sound similar, as measured using either Soundex or Metaphone codes.
The accompanying table presents three Name Matches Based on Soundex and Metaphone
example first names, with the . Soundex|Metaphone

. Scenario Name
corresponding Soundex and Metaphone Code Code
codes. Table 5.2 assumes use of the Jaro— (1) Both Soundex Derek | D62 TRK
Winkler distance and Soundex. and Metaphone maich | Derrick D62 TRK
nall 45i (2) Soundex matches, Leanne; L5 LNN

. Flna. y, Band 5 1gnores any. Metaphone does not match| [ ean L5 LN
1nf9rmat10n al?out names in matching, (3) Soundex matches, Haslam | H245 | HSLM
which results in the inclusion of all Metaphone does not match|Heislen| H245 HLN

members of the Dataset B as matches—i.e.,
anyone in the population could be a match. Assignment to this Band penalizes mismatches in
probabilistic scoring by setting p; =1, the worst possible probability in scoring.

For the Administrative ID category in Table 5.2, Match Quality Band 1 requires an exact match
on any of the three Admin IDs (SSN, HIC, MBI). Band 2 designates a match if any of the Admin IDs
for a finder-file individual falls within a Levenshtein distance of 1 for a comparable ID of a Dataset B
member, and Band 3 records a match if the Admin IDs differ by no more than a Levenshtein distance
of 2. Finally, Band 4 nullifies Admin ID information by including all Dataset B members as matches.

For the Gender category, the match quality bands either require an exact match (Band 1) or
ignore any information about gender (Band 2).

For the Age category, Band 1 requires exact agreement on the date of birth to assign a match.
Band 2 allows for only the year of birth to agree to assign a match. Band 3 relaxes these criteria by
designating matches when years of birth fall within one year. Band 4 further relaxes these criteria by
allowing matches when years of birth are precisely one decade of one another. Lastly, Band 5 assigns
matches ignoring Age information, lowering scoring to its worst contribution.

Finally, for the Residence category, Band 1 requires an exact agreement of 5-digit zip codes to

¢ Datasets providing lists of nicknames include “en.wiktionary.org/wiki/Appendix: English_given names” and
“github.com/carltonnorthern/nicknames.”
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designate a match. Band 2 relaxes this rule and requires only state of residence to match exactly.
Lastly, Band 3 assigns matches irrespective of residence information, as if the effective finder-file
observation has no information on Residence.
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Table 5.2:

Specification of Match Qualities for Variable Categories

Category Variables Match Quality Band
1 2 3 4 5 6 7
LN matches
FN with Jaro—
First Name . . Winkler FN Soundex
FNand LN | (including .
N (FN), both match okn ) distance 2 match and Name N/A N/A
ame Last Name oth mate Eat 94%. FN — LN exact mismatch
exactly and LN . .
(LN) including match
match .
nicknames
matches
. . Any
Social Se(:gg;\g Number Admin ID | Any Admin | Any Admin
Administrative Health Insuran(’:e Carrier (SSN, ID matches | ID matches Admin ID
IDs (HIC) HIC, or within a within a mismatch N/A N/A N/A
(Admin ID) . Do MBI) Levenshtein | Levenshtein
Medicare Beneficiary . .
. exact distance <1 | distance <2
Identifier (MBI)
match
Gender Gender Gender Gender N/A N/A N/A N/A N/A
match mismatch
. Day of Birth
i%%g?ﬂh (DOB) and YOB is
Age . Birth date YOB MOB match | YOB is +1 Age
. Birth Date Month of r .
Information match . matches exactly, within £1 | decade | mismatch
Birth (MOB) d
wch YOB is exactly
ma within £10
Residence 5-Digit Zip Code (ZIP5), ZIP5 Residence
Information County, State match County State mismatch N/A N/A N/A
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6. Step 2: Identifying Pools of Candidate Matches

For each individual i included in a DH finder file, constructing the candidate pool of potential
matches consists of identifying those members in the MI-Data with characteristics matching those of
individual i. Given a candidate pool for each variable category, selecting a single Dataset B member
constituting individual i—i.e., the linkage for individual i~amounts to evaluating the best extent of
agreement across all variable categories between these persons.

Keeping the candidate pool as small as possible improves efficiency in the minimization
computation specified in (7) calculating P;. For a variable category, a MI-Data member constitutes a
match candidate for individual 7 when this person's attributes satisfy the criteria for a match quality
band for that category, as specified in Table 5.2. Construction of a candidate pool for a quality band
includes all individuals falling into all the smaller numbered bands for that variable category, resulting
in an ever-expanding pool for the higher numbered bands. An analysis generates a smaller pool using
the most restrictive (best) quality band in a variable category that produces a non-empty set of
candidates.

Establishing candidate match pools in this way for each variable category does not guarantee that
any single member of Dataset B appears in every category set. In such instances, an algorithm must
strategically relax quality bands for some variable categories until at least one MI-Data member
occupies every category pool.

To construct candidate match pools efficiently, the PUBLIM algorithm performs the following
three actions for each individual j included in a DH finder file:

(1) Start with the lowest number of match quality band for each variable category and search for
matches in the MI-Data. If none are found, move to the next lowest band number and stop
when the algorithm produces a non-empty candidate set for the variable category.

(2) Determine whether any MI-Data member appears in every category-candidate set. If yes,
stop and move to Step 3 of the linkage process (i.e., the selection step).

(3) If no intersection of members occurs across category candidate sets, then relax match quality
bands until one achieves a non-empty intersection, focusing first on those categories most
discriminating in identifying unique MI-Data members.

Note that relaxing a quality band in a variable category and reaching the highest number makes the
candidate pool for that category the entire MI-Data population, eliminating information about this
category in selecting a linkage for individual 7.

Determining the hierarchy for performing Action 3 depends on the reliability of the variables
included in a DH finder file and their corresponding MI-Data counterparts in identifying unique
matches in the various variable categories. Strong linkages typically do not go beyond Action 2, with
most assigning the single MI-Data member in the intersection of the minimal-sized candidate sets
constructed for the categories associated with individual i. In those cases with no member in the
intersection across sets, relaxation of quality bands in Action 3 should first occur for those categories
(1) less prone to providing inaccurate information and (i1) most discriminating in limiting the number
of viable match candidates. Consider, for example, a finder file with the variables listed in Table 5.1
and the match criteria presented in Table 5.2. Relaxing match quality in the Name category beyond
Band 4 would ensure low credibility in any assigned linkage, whereas relaxing match criteria to
Bands 3 or 4 for Age would imply less diminishment of credibility with known unreliability of precise
birth dates reported in either a DH finder file or a MI-Data dataset. Similarly, for the Residence
category, relaxing its match quality bands may have little effect on linkage credibility if one knows
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that individuals' locations are fluid in data sources.

7.  Step 3: Scoring and Selecting Unique Matches

The completion of Step 2 produces a candidate pool for each individual 7 in a DH finder file
comprised of members in the MI-Data source that appear in the candidate sets for every variable
category constructed for this individual. Linkage algorithms balance various discrepancies in
characteristics, weighting the effectiveness of variable categories in detecting the MI-Data member
with identifying characteristics consistent with those of individual 7, which might include adjusting for
external knowledge about the accuracy of information provided for variable categories in the data
sources used for linkage.

7.1 Selecting Candidate Linkages Based on Highest Match Score

Applying the probabilistic scoring framework outlined in Section 3 offers an approach for
identifying which candidate in MI-Data has the highest likelihood of being a match to individual i in
the DH finder file. In our application, Dataset B corresponds to that partition of the MI-Data
population tailored to represent the same population from which the DH dataset (Dataset 4) drew its
sample. Scoring, then, measures the likelihood of a member of the MI-Data source having the same
combination of characteristics as individual i in the DH finder file.

To calculate values for the pi (i, j) probabilities in Section 3 measuring the likelihood of a
candidate j's characteristics k£ matching those of individual 7, define &, as the quality band (g) used to
designate the match for the candidate. A measure of p« (i, j), denoted shorthand by px;, becomes:

pri = pk (i, j) = share of individuals j € B in Dataset B with k characteristic falling into same
band k, candidate pool as individual i in Dataset A.

In situations where Dataset B comprises an entire population, such as when B comprises the entire
Medicare population, the above measure is the actual probability, not an estimate, that individual i has
the same characteristics as members of the overall population.

Scoring the overall match quality of a candidate amounts to computing py; for each characteristic
k using the most stringent quality band encompassing this person. Weakening a match quality band
often generates a higher number of 1-to-many matches for the category, which increases px.
Probabilistic scoring assigns a candidate the lowest possible py; for each variable category, which
increases this candidate's match score. For complicated cases, a linkage algorithm can entertain
candidate pools for multiple quality bands in a variable category to ensure credible candidates remain
in linkage consideration due to missing and inaccurate data and weak matches in other variable
categories. Given the py's calculated in this way, the formula in Section 3 for P; calculates the
probability that a member of the MI-Data dataset has the same combination of match characteristics
as the candidate, which in turn matches the combination of characteristics identifying individual 7 in
Dataset 4 finder file. The formula in Section 3 for S; computes the match score for individual 7,
interpretable as the log odds of selecting the correct Dataset B member as being individual 7.

A common linkage approach assigns a match to Dataset 4 individual i by selecting the Dataset B
person with the highest match score. The Dataset B candidate group for finding the highest score
initially comprises those individuals included in the intersection of the match pools constructed by the
actions described above. The highest-scored person in this group sets the threshold (i.e., minimum)
value for considering other candidates. For any other Dataset B person, outside the initial intersection
group, to have a score potentially exceeding this threshold, the candidate must be in a higher quality
band than the threshold person for at least one characteristic, typically comprising a relatively small
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set of individuals. Scoring these candidates may involve relaxation of bands for some characteristics
to include them in a new intersection of all category sets, but this individual may be a very high-
quality match for other categories, yielding a score exceeding the initial threshold and setting a new
higher threshold.

Appendix A presents a simple example of the scoring and matching approach described above,
considering the linkage of four individuals in one dataset against five in another using a finder file
containing information on three variable categories.

7.2 Specifying Score Thresholds for Assigning Linkages

Arraying calculations of the match scores for each Dataset 4 individual i from the largest to the
smallest establishes the hierarchy for assigning linkages. Designating a level as the minimally
acceptable score, all individuals with scores exceeding this value acquire a linkage in the Dataset B.

A natural approach for setting an acceptable score threshold relies on bounding the probability of
false matches (Type 1 errors) associated with this threshold. Appendix B outlines an estimation
method for calculating the probabilities of Type 1 errors using the finder file variables implemented in
the linkage of DH dataset. The percentiles of this estimated Type 1 error distribution specify the score
cutoffs corresponding to the probabilities of assigning a false match. For example, the 95™ percentile
of this distribution associates scores above this threshold with a 5% Type 1 error rate. Using these
estimates, a linkage operation can set the score cutoff for assignments by bounding its probability of a
Type 1 error.

Appendix C illustrates an application of the estimation framework outlined in Appendix B to set
score thresholds for assigning linkages to achieve desired Type 1 error rates.

7.3 Accounting for Missing Data for Variables in Finder Files

Finder files with missing (absent) data for some variables and individuals require setting the
linkage threshold values separately for score distributions reflecting the pattern of missing finder file
data. The Type 1 error score distribution for scores computed using missing data for finder file
variables need not be the same as one estimated using complete data.

The linkage approach described above readily accommodates accounting for missing data
patterns in finder file variables. Given a DH finder file, first determine the distinct distributional
patterns of missing data. For each pattern, then calculate the score distributions for DH observations
characterized by this pattern. One may then estimate the Type 1 error score distribution consistent
with this pattern using the procedure described in Appendix B. Finally, using the percentiles of this
constructed Type 1 error score distribution, one can set threshold values for the score distribution
targeted to attain the desired false match error rate.

Performing this exercise for each pattern and calculated score distribution by applying a common
Type 1 error percentile yields a linkage algorithm that achieves a false match error rate corresponding
to this percentile. In sharp contrast to other linkage methods, this approach accounts for missing
finder-file data without relying on distributional assumptions relating missing data and other
characteristics information available in the finder file. Linkage methods in the literature typically
assume that missing finder-file data occurs independently of the informational content of finder-file
characteristics with complete data, generally recognized as a dubious assumption.
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7.4 Illustration of Setting Type 1 Error Score Thresholds with Some Missing Data

Appendix C explains the separate calculations needed to estimate score thresholds for assigning
linkages to achieve a targeted Type 1 error rate for a finder file with complete data for a segment of
the DH population and missing finder-file data for another segment of the DH population. This
appendix summarizes results produced by the PUBLIM approach applied to linking members of the
Health and Retirement Study (HRS) to individuals in the entirety of the Medicare enrollment
population; HRS constitutes a prominent DH dataset currently maintained in the LINKAGE
Environment. The HRS finder file includes the variable categories in Table 5.1, and the linkage
exercise uses the match quality brackets in Table 5.2. The HRS finder file has complete data for
virtually all observations, except for about 16% missing data on Admin IDs.

Table C.1 in Appendix C presents the breakdown of HRS matches to Medicare classified by
candidate pools for the different match quality bands, providing a sense of the specific types of
matches and their corresponding distribution of S scores measured by percentiles. As seen in the first
row of Table C.1, nearly 60% of the observations in the HRS finder file—18,911 out of a total
31,833—have exact matches for all variable categories. Not surprisingly, this group receives high
match scores, ranging from 21.2 for the 1st percentile to 26.2 for the 99th. (As noted above,
differences in S score arise among exact matches due to differences in the likelihood (rarity) of
matches within the same categories, such as matching on a common last name of Smith versus the
rare name of Krzysztof.) In contrast, categories with multiple mismatched variables typically exhibit
S scores falling below 10.

Tables C.2 and C.3 in Appendix C present the score thresholds aligned with achieving specified
Type 1 error rates, recognizing differences in the informational content between the complete and
missing data cases. Because missing data arises only for Admin IDs for a nontrivial share of HRS
observations, Table C.3 provides separate calculations for Type 1 Error thresholds for those segments
of the HRS finder file with and without data on Admin IDs. As expected, the score cutoff thresholds
attaining a given Type 1 error rate are invariably higher for the complete data cases than the missing
data cases. As revealed in rows 1 and 2 of Table C.3, selecting a 5% Type 1 error rate implies setting
the score threshold at 11.6 for the complete data cases and 10.7 for the incomplete data cases;
selecting a 1% rate yields score thresholds of 12.9 for complete data and 12.0 for incomplete. While
these threshold differences may appear small, Appendix C explains how these differences impose
linkage penalties on cases with mismatches on AdminIDs compared to cases with missing AdminIDs.
Using the 5% Type 1 error thresholds, mismatched-data cases are over 20 percentage points less likely
to be linked than missing-data cases.

7.5 Clerical Review and Assigning Linkages Match Confidence Levels

Linkage operations invariably conduct clerical reviews to assess the credibility of analytical
approaches to assign linkages. These reviews may reassign some questionable linkages, with clerical
intervention determining the match status. As part of this review, our group typically assigns a
confidence level to each linkage, classifying them as "Strong ", "Fair ", or "Weak" to guide
researchers in using linkage files produced by the above approach.

As an initial construction of these classifications, we categorize PUBLIM scores falling in the
range with lower than a 1% false match rate (Type 1 error) as Strong; scores with a false match rate
between 1-5% as Fair; and scores with a false match rate between 5-10% as Weak.

The clerical review can result in some linkages being reclassified, with scores assigned to Strong,
Fair, and Weak falling outside the above initial ranges. This review consists of face-validity checks of
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match cases with scores near the thresholds to assess their credibility. In instances where the selection
appears optimal, the assigned confidence level remains unchanged. If the confidence level appears
misassigned, it is adjusted accordingly. If an alternative match candidate with a competing score
seems to constitute a more credible selection, the linkage is switched to the alternative candidate with
an assessed confidence level. Researchers can use these confidence levels in configuring samples
appropriate for their studies or designate their own score thresholds to formulate their samples.

Examples where clerical reviews may result in reclassification include matching an Admin ID or
a Name attribute unique in the entire Dataset B population, which produces a high score, even when
some other key attributes are mismatched (e.g., name is entirely different). In another example,
matching on the exact address if it were available in a finder file and MI-Data would be highly
distinguishing in identifying individuals, and can select a candidate based on scoring even when
names do not match, and over an alternative candidate with a matching name and missing address. In
yet another example, probabilistic scoring aims to penalize a "mismatch" in a characteristic more
severely than the penalty associated with a missing value for this characteristic. This assignment
presumes in the mismatch case that this designation represents errors in the entries of variables in
either the DH or MI-Data databases; in some cases, such an error could trigger a clerical review.
Finally, scoring relies on multiplying probabilities to calculate joint probabilities, justified by
assuming independence in the informational content and reporting accuracy across characteristics.
This assumption is violated for highly correlated finder file variables, such as those grouped into
variable categories listed in Table 2.1. Our approach mitigates this criticism by matching variable
categories and not on the individual variables making up these categories.

Before finalizing linkage files, our group shares findings with the DH supplying a finder file to
seek their assessments of the criteria used to select linkages and assigned confidence levels. Our
linkage analysis provides output information to DHs summarizing the overall match rate (e.g., % of
finder file observations linked to unique matches), listing the scores and confidence levels for linked
individuals, and identifying problematic linkage selections. As needed, our team breaks out matching
statistics based on finder file ID characteristics (e.g., IDs with age greater than 65). Additionally, for
assignments requiring significant judgment in selecting options, our group provides statistics in
meetings with DHs showing the impacts of alternative options on matching rates and assignments.
Any unresolved or problematic matches receive further investigation and discussions with DH
authorities to determine how to handle these cases. In our experience, DH authorities often can
provide additional finder file variables or assessments of the reliability of specific finder-file variables
that permit the resolution of any Strong and Fair candidate cases (e.g., non-unique matches). DHs may
also customize the criteria for selecting unique matches among candidates, and have the option to
drop cases with matches too close to select, or to add unmatched IDs into a pool for re-runs to see
whether any existing matches improve.

Our team interacts closely with each DH to learn about the reliability of variables in DH finder
files and features of the data sources relevant for gauging the certainty of ID candidate linkages. Other
candidates for addition in this linkage classification may include matches provided in historical DH
linkage files that failed to achieve the same matches in the current file, which would allow researchers
to use the earlier linkage files to update findings maintaining time-consistent linkages; such matches
typically receive a Weak confidence level designation to signal inconsistencies across historical
linkages. At their discretion, DHs may decide to include IDs with only Strong or Fair in linkage files,
or not even distinguish between these classifications.
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8. Information Delivered to Researchers About Linkage Files

Upon completion of the matching process and any customization, the LINKAGE team produces

a DH Linkage File and documentation describing the assignment of the match confidence levels

recorded in the file for each ID. This information provides researchers transparency in understanding
the confidence levels assigned to linked IDs.

Table 8.1 presents the structure and contents of a DH Linkage File. Researchers wanting to
integrate data with only a Strong confidence level of individual identification across data sources
would select only those observations with a "1" in the second column of the table; researchers

Table 8.1: Structure of DH Linkage File

DH Individual ID | Confidence Level | Linkage Score Typel El:ror
Percentile
ID # 1,2,0r3 0+ 0+

choosing a Fair (or better) confidence level would select those observations with a "2" in the second
column; and, finally, those choosing the broadest criteria (i.e., including Strong, Fair, and Weak) for

linkage would select observations with a "3" in the second column, which comprises all observations
in the Linkage File. The final column includes the percentile score of the Type 1 error associated with

the corresponding ID, calculated consistent with population composition and patterns of missing

finder-file values used to compute the false match score distribution for this ID.

The documentation accompanying DH Linkage Files also contains summaries of Tables 5.1 and

5.2 applicable for specifying the confidence of linkage designations. Knowledge of these tables

entirely explains the criteria for assigning the three linkage groups designated in the file. Researchers

can refer to these specifications to determine which linkage confidence level best applies to their

various studies.
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Appendix A: Example of Scoring and Linkage Selections

To illustrate the scoring and linkage approach described in this paper, consider the artificial
datasets in Table A.1. Dataset 4 includes four
records, with a finder file containing the information Table A.1: Mustrative Example of Datasets

reported for three variable categories: Name, DOB, Name
and ZIP5. In the lower portion of the table, Dataset B T DOB | ZIP5
. . . . . First | Last
includes five records with corresponding information :
on the variable categories for the individuals in this Dataset A .
dataset. Al James Smith 1943 59921
A2 Robert Martines 1951 77449
Table A.2 presents the scores for each record in A3 Dion  Wooden 1947 77449
Dataset 4 against the individuals in Dataset B. A4 Maya Delgado 1930 11368
Scoring uses the quality bands specified in Table 5.2.  Dataset B
. . Bl Jim Smyth 1943 59921
For record Al scored against B1, name falls in B2 James  Smith 1943 77449
Band 3 of the Name category. Record B2 also falls B3 Robert Martines 1952 77449
in this Band when compared to A1, yielding a B4 Dion Wooden 1947 11368
component score 2/5 = 0.4 (i.e., the p;; probability). B5 Mary Delapaz 1930 77449

For DOB, both B1 and B2 fall into the Band 1
classification, yielding p>; = 2/5 = 0.4 as the

component score. Finally, in the ZIP5 category, Table A.2: Scoring of Linkage Candidates

record B1 exactly matches A1's location information, :
. Variable Category Scores{  Total
producing a component score of p3; =1/5=0.2. ; ;
Name | DOB | ZIPS | P | S
For record A1 scored against B2, names fall in Score Al
Band 1 of the Name category. This yields a Bl 0.4 04 02 10032 1.48
component score of p;; = 1/5 = 0.2 probability. For B2 0.2 0.4 1 1 0.08!1.06
DOB, record Al falls into the Band 1 classification, B3 1 1 1 1
along with B1 and B2. This yields p2; =2/5=0.4 as B4 1 1 1 1
the component score. Finally, in the ZIPS category, BS 1 1 1
B2's location information does not match that of A1, Score A2
implying classification in the lowest quality band Bl 1 1 1 1
yielding a component score of p3; =1. B2 1 1 0.6 | 0.6 -0.18
B3 0.2 1 0.6 |0.120.87
The column labeled P in Table A.2 computes B4 1 1 1 1
the product of the component scores, calculating the BS 1 1 0.6 | 0.6 |-0.18
joint probability P; = pyi * p2i * p3i, measuring the Score A3
uniqueness of the match. The score S equals the log Bl 1 1 1 1
— _ B2 1 1 0.6 | 0.6 {-0.18
odds, _log,((l E)/B). o B3 1 1 06 | 06 -018
Comparing total scores for Al indicates B4 02 02 1 1004 138
selecting B1 as the linkage for this individual. The B5 1 1 06 | 0.6 |-0.18
key factor producing this highest score involves the Score A4
uniqueness of the location information for individual B1 1 1 1 1
Al. B2 1 1 1 1
Calculations of match scores for individuals A2, Ei i i 012 012 0.60
A3, and A4 mirror the computations summarized BS i 02 { 02 | 060

above. All component scores for these individuals
fall into either the highest or lowest quality band for
the relevant variable category. In the highest category, a value of px; = 0.2 indicates that only a single
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record in Dataset B has matching information. A value of pi; = 0.6 indicates that three single records
in Dataset B have matching information. Classification into the lowest quality band yields a
component value of py; = 1.

The bolded scores in the S column identify the highest scores and the primary linkage selection.
Selecting a threshold of 0.8 as the cutoff for establishing a linkage would imply no linkage for
individual A4.

Expanding the number of individuals in Dataset B invariably reduces the match probabilities py's
for the highest quality bands, increasing the scores of the most distinctive matches. For example, the
ZIP5 data for individual A1 in Table A.2 indicates residence in Lake McDonald, Montana, which has
a population of just one resident. Consequently, matching in this circumstance makes zip code
information as discriminating as matching a unique and correct Admin ID, implying a component
probability pi; = 1/(number records in Dataset B).
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Appendix B: Estimating the Probabilities of False Matches

Calculating the probability of false matches—termed Type 1 errors in the linkage literature—
offers a reliability measure of a linkage approach. This appendix outlines a procedure for constructing
such estimates for the PUBLIM linkage algorithm summarized in this paper.

Theoretical Framework for Computing Probability of False Matches

To translate the linkage method described in this paper into the notation of the F&S framework,
designate 4 and B as two datasets with entities denoted asa € 4, b € B. The set
AxB = {(a,b) lae A,b e B} includes all possible matches, which decomposes into the union of two

disjoint sets: M ={(a,b)|a=b,a € A,beB} andU ={(a,b)|a #b,a eA,beB} . The set M contains

all the true matched pairs, and U includes all unmatched entities. The elements of @ and b consist of
an array of comparable attributes identifying the entities a and b.

A linkage operation infers membership of the sets M and U by specifying a comparison vector:
7/ = 7(a(a)aﬂ(b)) = {71 (al (a)aﬂl (b))aaj/l( (aK (a)aﬂK (b))} ?

where a(a) represents the matching variables for entity a in file A, f(b) for entity b in file B, and the
vector elements y, (ak (a),p, (b)) measure the agreement pattern between attribute & recorded for

entities @ and b. When errors occur in reporting attribute k& for entities, ax (a) and/or fx (b) fail to depict
the true information about the k-7 attribute. A linkage algorithm observes » ( a(a),p (b)) and assigns

either y = 1 selecting (a, b) as a matched pair (i.e., (a, b) € M), or y = 0 selecting (a, b) as an
unmatched pair (i.e., (@, b) € U).

Given a finder file containing the elements a(a) describing the attributes of each individual i in
Dataset 4, the linkage algorithm compares these attributes to the corresponding attributes £(b) of the
entities in Dataset B to determine which, if any, entity represents individual i. The algorithm produces
the comparison vectors y =y (p) = {p1, p2,..., Pk}, where p; equals the probability entity @ in Dataset 4
has the same £ attribute(s) as entity b in Dataset B. Given the calculated linkage score S; = S(y;) for
individual 7, y;= 1 when S; > 6 and y; = 0 otherwise, with 6 a prescribed threshold.

Designate the distribution of the linkage score by S0 f(S) = f(S(r))=f(S(p)), where f(*)

denotes a continuous univariate density. The underlying assumption presumes the pi's follow
continuous distributions on the [0,1] space, with values measuring the comparisons of entities a € 4
with their most likely options b € B.

The probability of a false match equals

(A1) P(y=11U)=P(520]U) =] (S |(ab)cU)dS .

Estimation of the Probabilities of False Matches

Constructing estimates of the probabilities of invalid matches involves specifying sets knowing
that no matches exist in these sets. Accordingly, partition Dataset B into two disjoint Datasets G and
H, with entities g € G and /& € H. In this specification, Dataset G corresponds to 4 in the above
theoretical framework, and Dataset H corresponds to B. With Dataset B containing no duplicate
individuals, the unmatched set U = GxH = {( g.h)|lgeGheH } , and the matched set M = (null
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set).

Applying the linkage algorithm described in this paper produces match scores S; for each
individual i in Dataset G and assigns a linkage y; = 1 in Dataset H when S; > 6. An estimate of the
probability of false matches equals

N
DV
(A.2) P(y=l|U)=%=CD.

G

where Ng = size of the G population. The estimate @ represents the share of the G population
matched to an entity in the A population using threshold 6. By construction, all these matches are
false.

One can determine a specified value of @ (size of the Type 1 error) by varying the value of the
threshold €, which alters the number of y; =1 in Dataset H. Lowering 6 increases this number, and
raising it decreases it. The calculated match scores ordered from highest to lowest do not change.

The computation of @ can accommodate the clerical-review adjustments in linkage assignments
described in Section 7.4, which need not rely on strict use of the threshold 6 to assign values of 9.
These clerical reviews can lead to changes in y; = 1 for some individuals in Dataset G. To improve
accuracy, the linkage operation must implement the same judgments in assigning linkages to Datasets
G and H as applied to Datasets 4 and B.

Computation of a reliable estimate @ requires formulating the informational content of the

matching variables a(g) to emulate the content of a(a) as close as feasible. This involves constructing
dataset G to have a population composition analogous to Dataset 4, and applying simulation methods
to replicate the known distributional patterns of missing data and reporting errors in Dataset 4 in
building Dataset G. An analysis would simulate the ax(g) data to emulate the probabilistic
combinations of missing data and reporting errors in the o (a) elements occurring in file 4. In some
instances, DH authorities may know of deficiencies in the personally identifiable information (PII)
available in their Dataset 4 sources, advising on the types of errors and the likelihood of occurrence.
In most other instances, little will be known beyond missing values, leading to @ being an

approximate estimate of the probability of false matches.

NIA Data LINKAGE Program | Linkage Methodology Report 23



Appendix C: Example of Setting Thresholds for Linkage Scores to Bound Probabilities of
False Match Rates for Finder Files with Complete and Missing Data

This appendix illustrates computing score thresholds for assigning linkages to achieve desired
Type 1 error rates. This example covers the cases of a finder file with data available for all variables
and cases with missing data for some variables for some individuals.

The analysis presents scoring results that match finder file information on observations in the
Health and Retirement Study (HRS) and the entire Medicare enrollment population. Section 7.4
describes the contents of the HRS finder file and the match quality bands used in conducting this
linkage exercise.

Overview of HRS-Medicare Matches

To provide context for the nature of the matches in this exercise, Table C.1 (pages 26-27)
quantifies the extent of exact, partial, and mismatches (or missing) across the five variable categories
available in the HRS finder file. For each row designating a match classification, the row lists the
number of observations in the classification group and the mean and percentiles of the score
distribution associated with this group. The HRS finder file has virtually complete data for about 84%
of'its observations, and missing data on Admin IDs for about 16% of its finder-file population.

Distributions of Match Scores

To maintain generality in the discussion below, interpret the finder file of HRS as a Dataset 4
containing data for all variables for segment A/ of its population and some missing data on AdminIDs
for segment 42, with the union of these segments comprising the entire A population. PUBLIM scores
the matching of Dataset 4 to Dataset B, with B constituting the universe of Medicare enrollment data.
Let f(S) denote the score distribution computed for population segment A7, and g(S) denote the score
distribution computed for segment 42.

Table C.2 presents the percentiles of the distributions f(S) and g (S). Row 1 reports the
percentiles of the score distribution computed for those finder-file observations with complete data
matched against the universe of Medicare data; this row reports the f(S) distribution. Row 2 presents
the percentiles of the score distribution computed for those finder-file observations with incomplete
data matched against the universe of Medicare data; this row reports the g (S) distribution.

Table C.2: Distributions of HRS Match Scores

Score Percentiles
Score Distribution

01" 1 5t 10™ | 25™ | 50™ | 75™ | 90™ | 95™ | 99™ | 99 9™

Distributions with Complete and Missing Data on AdminIDs

1. Complete data on

AdminIDs (£ ) 87 197 | 132 | 189 | 221 235246252255} 26.1 | 269

2. Missing data on

AdminIDs (g) 41 | 72 8.2 8.6 9.7 1140} 158167170 17.7 | 184

Distributions of Type 1 Error Scores

Appendix B explains the computation exercise producing Type 1 error score distributions. The
HRS dataset corresponds to Dataset 4 in Appendix B, and the Medicare population corresponds to
Dataset B. Following Appendix B, split the Medicare population in the Datasets G and H. Designate
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f+1(S)as the Type 1 error score distribution computed for the Dataset /7 segment of the Dataset B
population assuming complete finder-file data, and designate g (S) as the Type 1 error score

distribution calculated for the Dataset H segment of Dataset B assuming missing finder-file data on
Admin IDs.

Table C.3 presents the percentiles for the Type 1 error score distributions associated with
complete and missing data in the Dataset 4 finder file. Row 1 shows the Type 1 error score
distribution associated with using complete finder-file data, estimating the f77 (S) percentiles. Row 2
shows the Type 1 error score distribution associated with utilizing a finder file with missing data on
AdminIDs, estimating the g7y (S) percentiles.

Table C.3: Distributions of Type 1 Error Match Scores

Score Percentiles
Score Distribution

1™ 1=t 5™  10™ 25™  50™ | 75™ | 90™ | 95™ | 99™ | 999

Type 1 Error Distributions with Complete and Missing Data on AdminIDs

1. Complete data on

AdminIDs ( f ) 68 | 74 79 | 82 | 86 | 92 | 99 109 116 129 183

2. Missing data on

AdminIDs (g ) 41 {49 73 77 83 | 88 | 95 {102} 10.7 | 120 135

Comparison of Mismatched and Missing AdminIDs

3. Missing data on

AdminIDs” 41 72 82 | 86 | 97 | 140 158 | 167 17.0 | 17.7 | 184

4. Mismatched - Complete

data on AdminIDs 81 | 85 | 88 | 9.1 | 97 [ 113 148|163 | 169 | 17.6 | 187

* Same as row 2 in Table C.2.

Setting Score Thresholds to Achieve Selected Type 1 Error Rates

To construct a score threshold for those observations with complete finder-file information
(segment A7), row 1 of Table C.3 reports the percentiles of its associated Type 1 error distribution £, .

This row reveals that 5% of falsely matched observations with complete data have scores of 11.6 or

greater. Accordingly, assigning linkages to those complete-data observations with scores exceeding
this threshold yields approximately a 5% false match rate.

Setting this threshold in row 1 of Table C.2 falls at the 3.9" percentile of the fdistribution,
producing a linkage rate of 96.1% for segment A/ of the 4 population. Lowering the Type 1 error rate
to 1% would decrease the linkage rate, requiring scores to exceed 12.9 to assign linkage.

To construct a score threshold for those observations with incomplete finder-file information
(segment A2), row 2 of Table C.3 lists the percentiles of its associated Type 1 error score distribution
g7, - This row reveals that 5% of falsely matched observations with missing data have scores of 10.7

or greater. Lowering the Type 1 error rate to 1% requiring scores to exceed 12.0 to assign linkage.

Setting this threshold in row 2 of Table C.2 results in a linkage rate of 68.8% for segment A2 of
the 4 population, corresponding to the threshold at the 31.2% percentile of the g distribution.

Setting these thresholds for the f'and g distributions to the 95 percentiles of their associated
Type 1 error score distributions yields an overall 5% false match rate for assignment of linkage in the
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Dataset 4 population.

The results in Table C.3 demonstrate that implementing a 5% false match across finder file
segments 4/ and 42 induces a penalty on mismatched versus missing Admin ID cases. The close
proximities of the f77 and g7y percentiles in rows 1 and 2 might, at first impression, suggest small
penalties since only minor differences exist in Type 1 error thresholds for mismatched and missing
cases. However, applying the different Type 1 error thresholds to the score distributions associated
with missing and mismatched Admin IDs cases adversely impacts the linkage rates of mismatched
compared to missing data cases. Specifically, row 3 in Table C.3 (which replicates row 2 in Table
C.2) shows the percentiles for the missing data scores, and row 4 presents the percentiles for only
those scores in the f'distribution assigned to the mismatch Admin ID cases (i.e., in Quality Band 4 in
Table 5.2). As noted above, setting a 5% Type 1 error rate for the missing-data distribution (row 3)
yields a 68.8% linkage rate for cases with missing Admin IDs. For the mismatched Admin ID
population, the 11.6 score threshold associated with a 5% Type 1 error rate for the complete-data
distribution corresponds to the 52.0" percentile for the mismatched-data distribution (row 4), implying
a 48.0% linkage rate for cases with mismatched Admin IDs. Consequently, mismatched-data cases are
over 20 percentage points less likely to be linked than missing-data cases—interpretable as a sizable
penalty assuming similar population compositions of these cases.

Comparing the summary statistics in rows 3 and 4 of Table C.3 also reveals important
distributional properties relating to the finder file variables of missing and complete data observations.
In sharp contrast to assumptions maintained in much of the linkage literature, the differences in these
statistics indicate that missing finder-file data are not independent of other matching variables.’

" For example, the scoring algorithms implemented in the popular Fastlink and Splink linkage approaches invoke the
assumption of conditional independence of missing data and other matching variables.

NIA Data LINKAGE Program | Linkage Methodology Report 26



Table C.1: Summary of HRS-Medicare Matches Qualities by Variable Categories

Variable Categories Count” Score Score Percentiles
Admin ID Residence Age Gender Name Mean | pl pS | pl0 | p25 | pSO | p75 | p90 | p95 | p99
Exact Match Exact Zip5 Match Exact Match Exact Match | Exact Match 18,911 239 (212 (218|222 |23.0|24.0 | 24.8 | 253 | 25.6 | 26.2
Missing Exact Zip5 Match Exact Match Exact Match | Exact Match 2,566 156 | 128 | 135|139 | 147 | 157 | 16.6 | 17.0 | 17.3 | 17.9
Exact Match | Exact County Match | Exact Match Exact Match | Exact Match 1,465 227 11991205209 | 21.8 | 22.8 | 23.6 | 24.1 | 245 | 25.1
Exact Match Exact Zip5 Match | Partial Match Exact Match | Exact Match 1,334 21.8 | 187 19.6 | 20.0 | 20.8 | 21.8 | 22.7 | 23.5 | 23.8 | 244
Exact Match Exact Zip5 Match Exact Match Exact Match Mismatch 709 170 | 162|165 | 16.6 | 16.7 | 17.0 | 17.3 | 17.6 | 18.0 | 18.5
Exact Match Exact Zip5 Match Exact Match Exact Match | Partial Match 640 236 | 208|214 | 219 | 227 | 23.7 | 24.6 | 25.1 | 25.5 | 26.1
Exact Match Exact State Match Exact Match Exact Match | Exact Match 632 214 | 188193 | 19.8 | 20.5 | 21.6 | 22.4 | 22.8 | 229 | 232
Missing Exact Zip5 Match | Partial Match Exact Match | Exact Match 392 13.3 96 | 108 | 113 | 12.1 | 134 | 144 | 153 | 15.6 | 16.1
Exact Match Mismatch Exact Match Exact Match | Exact Match 343 19.8 | 1711179 | 183 | 19.0 | 19.8 | 20.8 | 21.2 | 213 | 214
Missing Mismatch Partial Match Exact Match | Exact Match 229 9.1 79 | 82 8.3 8.7 9.0 95 | 100 | 104 | 109
Missing Exact County Match | Exact Match Exact Match | Exact Match 215 140 [ 108 | 11.8 | 12.2 | 129 | 142 | 151 | 157 | 16.0 | 16.8
Partial Match | Exact County Match | Partial Match Exact Match Mismatch 199 10.9 89 | 94 | 97 | 105 | 11.0 | 11.4 | 12.1 | 124 | 12.8
Missing Exact Zip5 Match Exact Match Exact Match Mismatch 185 8.9 8.2 | 82 8.3 8.5 8.9 9.2 9.5 9.8 | 10.2
Missing Exact State Match | Partial Match Exact Match | Exact Match 165 9.8 83 | 8.6 8.8 9.2 96 | 102 | 11.2 | 11.8 | 12.8
Partial Match | Exact State Match | Partial Match Exact Match Mismatch 164 104 | 90 | 92 | 93 9.8 | 103 | 11.0 | 114 | 11.5 | 119
Partial Match | Exact Zip5 Match | Partial Match Exact Match Mismatch 159 11.7 {102 |10.6 | 10.7 | 11.0 | 11.6 | 12.3 | 12.6 | 13.0 | 13.7
Partial Match | Exact Zip5 Match Exact Match Exact Match | Exact Match 142 219 [ 179|187 | 19.2 | 20.7 | 22.1 | 23.5 | 24.1 | 245 | 249
Missing Exact Zip5 Match Exact Match Exact Match | Partial Match 141 154 | 13.1|13.6 | 13.8 | 146 | 154 | 163 | 169 | 17.0 | 17.6
Exact Match | Exact County Match | Partial Match Exact Match | Exact Match 134 207 | 173 | 183 | 18.7 | 19.7 | 20.7 | 21.7 | 223 | 22.5 | 235
Missing Exact County Match | Partial Match Exact Match | Exact Match 114 10.6 85 | 89 | 93 9.6 | 103 | 11.2 | 129 | 13.7 | 14.2
Missing Exact Zip5 Match | Partial Match Exact Match Mismatch 113 7.7 68 | 6.8 | 7.1 7.3 7.6 8.1 8.3 8.4 8.7
Partial Match | Exact County Match | Partial Match Mismatch Mismatch 113 11.0 89 | 99 | 10.1 | 104 | 109 | 11.5 | 12.0 | 12.5 | 13.1
Mismatch Exact Zip5 Match Exact Match Exact Match | Exact Match 100 155 [ 1271133 | 140 | 146 | 156 | 164 | 17.0 | 173 | 17.7
Partial Match | Exact ZipS Match | Partial Match Mismatch Mismatch 93 114 | 100 10.1 | 10.3 | 10.8 | 11.6 | 119 | 124 | 125 | 13.1
Missing Exact Zip5 Match Missing Exact Match | Exact Match 92 11.1 86 | 90 | 92 | 102 | 114 | 122 | 12.6 | 12.7 | 13.2
Missing Mismatch Partial Match Exact Match | Partial Match 85 9.1 82 | 84 8.5 8.7 9.1 9.5 99 | 103 | 105
Missing Exact State Match Exact Match Exact Match | Exact Match 84 129 (1071109 | 11.2 | 11.8 | 12.8 | 13.9 | 145 | 146 | 149
Exact Match Missing Exact Match Exact Match | Exact Match 82 199 (1721 17.8 | 183 | 19.0 | 20.1 | 21.1 | 21.2 | 213 | 214
Partial Match | Exact State Match | Partial Match Mismatch Mismatch 81 10.2 8.9 | 9.2 9.4 9.6 | 10.1 | 10.8 | 11.1 | 11.3 | 12.1
Missing Mismatch Mismatch Exact Match | Exact Match 80 8.1 7.1 | 74 | 7.5 7.8 8.2 8.5 8.6 8.6 8.6
Exact Match | Exact County Match | Exact Match Exact Match Mismatch 79 158 | 14.6 | 147 | 151 | 153 | 157 | 163 | 16.8 | 17.0 | 17.0
Missing Exact State Match | Partial Match Exact Match | Partial Match 76 9.6 84 | 86 | 8.7 9.1 9.5 | 10.0 | 10.6 | 10.8 | 11.3
Missing Exact Zip5 Match Mismatch Exact Match | Exact Match 76 104 | 89 | 9.0 | 9.2 9.6 | 103 | 11.0 | 11.9 | 122 | 12.6
Missing Mismatch Exact Match Exact Match | Exact Match 75 11.3 9.1 1 96 | 98 | 105 | 11.3 | 124 | 129 | 129 | 13.0
Missing Exact County Match Mismatch Exact Match | Exact Match 74 9.5 83 | 85 8.6 9.0 9.5 9.8 | 1051109 | 11.6
Missing Exact State Match Mismatch Exact Match | Exact Match 74 9.1 8.0 | 82 | 83 8.6 9.1 9.4 9.8 | 10.1 | 10.5
Exact Match Exact Zip5 Match | Partial Match Exact Match | Partial Match 72 213 | 184 | 19.1 | 19.7 | 20.3 | 21.7 | 224 | 229 | 23.0 | 234
Exact Match Exact State Match | Partial Match Exact Match | Exact Match 65 19.1 [ 162 ] 16.8 | 17.0 | 182 | 19.2 | 20.1 | 20.7 | 209 | 21.2
Exact Match Exact Zip5 Match Mismatch Exact Match | Exact Match 64 192 [ 167 ]17.0 | 174 | 182 | 194 | 20.2 | 21.1 | 21.2 | 21.7
Exact Match Exact Zip5 Match | Partial Match Exact Match Mismatch 62 150 | 135]13.6 | 139 | 142 | 15.1 | 15.6 | 164 | 16.7 | 16.8
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Variable Categories Count® Score Score Percentiles
Admin ID Residence Age Gender Name Mean | pl p5 | pl0 | p25 | p50 | p75 | p90 | p95 | p99
Partial Match Mismatch Partial Match Exact Match Mismatch 53 9.5 84 | 8.6 8.7 9.2 9.7 9.8 9.9 9.9 9.9
Exact Match | Exact County Match | Exact Match Exact Match | Partial Match 52 223 [ 195(199| 203 | 21.2 | 22.4 | 235 | 239 | 24.1 | 242
Missing Exact County Match | Exact Match Exact Match Mismatch 44 8.1 73 | 75 7.6 7.8 8.1 8.3 8.6 8.8 9.4
Missing Exact State Match Mismatch Exact Match | Partial Match 41 8.9 79 | 8.1 8.4 8.7 8.9 9.2 9.5 9.9 | 10.1
Partial Match | Exact Zip5 Match Mismatch Exact Match Mismatch 35 107 | 90 | 93 | 94 [ 104 ]| 109 | 11.1 | 11.7 | 11.8 | 123
Exact Match Mismatch Partial Match Exact Match | Exact Match 34 17.6 | 159 | 16.1 | 16.1 | 16.7 | 17.5 | 18.7 | 193 | 194 | 19.7
Missing Mismatch Mismatch Exact Match | Partial Match 34 8.2 75 | 17 | 1.7 7.9 8.2 8.5 8.5 8.6 8.6
Missing Exact Zip5 Match Exact Match Mismatch Mismatch 32 8.6 8.0 | 80 | 8.1 8.2 8.6 8.7 9.2 9.2 9.9
Partial Match | Exact County Match Mismatch Exact Match Mismatch 32 10.1 81 | 9.0 | 9.0 9.6 | 103 | 10.8 | 10.9 | 109 | 11.1
Missing Exact Zip5 Match | Partial Match Exact Match | Partial Match 31 126 | 108|109 | 11.0 | 11.5]| 122 | 13.5 | 147 | 154 | 157
Missing Exact County Match Mismatch Exact Match | Partial Match 30 9.4 8.6 | 8.6 8.6 8.9 9.3 9.7 | 104 | 10.7 | 109
Mismatch Mismatch Partial Match Exact Match | Exact Match 30 9.4 8.6 | 8.6 8.7 8.9 9.3 9.8 | 10.3 | 10.6 | 10.7
Missing Exact State Match Missing Exact Match | Exact Match 27 8.4 7.0 | 7.5 7.6 7.9 8.3 8.9 9.2 99 | 103
Mismatch Exact State Match | Partial Match Exact Match | Exact Match 27 10.1 8.8 | 9.2 9.3 9.4 9.7 10.8 | 11.2 | 11.6 | 11.8
Exact Match Exact Zip5 Match Missing Exact Match | Exact Match 24 19.8 | 164|179 | 182 | 19.2 | 20.2 | 20.6 | 21.0 | 21.0 | 214
Mismatch Exact Zip5 Match | Partial Match Exact Match | Exact Match 24 13,0 [ 105] 109 | 11.2 | 122 | 132 | 139 | 142 | 147 | 15.1
Exact Match Exact State Match Exact Match Exact Match Mismatch 23 145 | 137|141 | 141 | 141 | 145 | 148 | 149 | 152 | 153
Missing Exact County Match | Partial Match Exact Match | Partial Match 23 9.9 87 | 88 | 89 9.3 9.7 | 10.5| 11.0 | 11.0 | 12.5
Missing Exact Zip5 Match Mismatch Exact Match | Partial Match 23 10.2 85 | 87 | 89 9.5 | 10.1 | 11.1 | 11.9 | 12.1 | 12.2
Partial Match | Exact State Match Exact Match Exact Match Mismatch 23 114 | 106 | 10.7 | 10.7 | 11.0 | 11.3 | 11.5 | 11.8 | 13.0 | 13.7
Exact Match Exact State Match Exact Match Exact Match | Partial Match 21 21.0 | 18.1 | 188 | 19.1 | 20.0 | 21.1 | 22.4 | 22.5 | 22.8 | 23.0
Mismatch Exact Zip5 Match Mismatch Exact Match | Exact Match 20 109 | 96 | 96 | 9.8 9.8 | 103 | 122 | 12.6 | 12.6 | 129
Exact Match Mismatch Exact Match Exact Match | Partial Match 19 195 | 173 | 17.7 | 180 | 185 | 19.6 | 20.7 | 21.2 | 21.3 | 21.3
Partial Match Mismatch Exact Match Exact Match Mismatch 19 9.9 951 9.6 | 9.6 9.6 9.8 9.8 99 | 112 | 113
Missing Mismatch Missing Exact Match | Exact Match 18 7.9 69 | 69 | 72 7.4 8.0 8.6 8.6 8.6 8.6
Missing Exact County Match Missing Exact Match | Exact Match 17 9.5 8.1 8.1 8.2 8.5 9.7 |1 103 | 106 | 109 | 11.0
Missing Exact Zip5 Match Missing Exact Match Mismatch 16 4.4 38 1 39 | 4.0 4.1 43 4.8 5.2 5.2 53
Partial Match | Exact State Match Exact Match Mismatch Mismatch 16 11.1 | 105 10.6 | 10.6 | 10.8 | 11.1 | 11.2 | 11.9 | 119 | 12.6
Partial Match | Exact ZipS Match | Partial Match Exact Match | Exact Match 16 19.7 | 17.5] 18.0 | 18.2 | 18.8 | 19.6 | 20.5 | 21.6 | 21.6 | 23.2
Partial Match | Exact Zip5S Match Mismatch Mismatch Mismatch 16 10.3 9.0 | 9.1 92 | 100 | 106 | 108 | 11.2 | 11.2 | 11.5
Partial Match Mismatch Partial Match Mismatch Mismatch 16 9.5 84 | 85 9.3 9.4 9.4 9.6 | 10.1 | 10.1 | 10.8
Mismatch Exact County Match | Partial Match Exact Match | Exact Match 16 10.2 8.7 1 9.2 9.3 95 | 103|106 | 114 | 114 | 114
Exact Match Mismatch Exact Match Exact Match Mismatch 15 13.0 | 127 | 12.7 | 12.7 | 13.0 | 13.0 | 13.1 | 13.1 | 13.1 | 13.1
Missing Exact County Match | Exact Match Exact Match | Partial Match 14 142 | 125|135 | 135 | 13.8 | 14.1 | 147 | 156 | 15.6 | 15.7
Missing Missing Partial Match Exact Match | Exact Match 13 8.9 7.8 | 8.1 8.1 8.2 8.9 9.3 9.9 9.9 | 10.1
Mismatch Exact County Match Mismatch Exact Match | Exact Match 13 104 | 84 | 89 | 89 9.5 | 10.1 | 11.2 | 11.9 | 11.9 | 13.1
Missing Exact Zip5 Match Missing Exact Match | Partial Match 12 112 | 92 | 97 | 97 | 101 | 11.3 | 124 | 125 | 12.5 | 12.6
* Cells suppressed with counts <12.
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Appendix D: Characterization of PUBLIM Approach in Fellegi and Sunter Framework

This appendix translates this report's PUBLIM match scoring method in the Fellegi and Sunter
(F&S) setting to provide a context for comparisons with alternative linkage methods found in the
literature.?

Representation of the F&S Framework

Drawing on the notation and setting of Appendix B, consider the problem of matching N4
individuals in dataset 4 to Np individuals in dataset B. Denote observationsin4 asie 4, i=1,..N ,

and observations in Bas j € B, j=1,...N,. Designate the comparison vector for individuals j and i as
Vi = l.j(...,}/k (i,j),...).

A matching rule "scores" outcomes of 7;; to determine the ranking of the linkage combinations
(i, j) . Define ¢, = Max NB(o(yﬁ |jeN B) as the score assigned to individual i, with possible values
@ =r, r=1..R.° The F&S framework interprets 7, as a random vector, which induces a

distribution for @, specified here asPr(¢p, =7).

A linkage decision rule determines whether to assign a linkage for individual i to individual j
based on the ranking of j's match score. The F&S framework provides the optimal ranking of these
scores. To specify this ranking, designate the discrete variable y;= 1 when i is linked (= 0 when not
linked), and define the probabilities

m}':P(¢i:r|yi:1) and ”r:P(¢i:r|yi:0)'

m
F&S prove that the optimal ranking orders the ratios — from highest to lowest. Applying this
ul‘

theorem, individuals j receiving scores ¢, = r yielding the highest values of these ratios are assigned y;
= 1, while those with the lowest may or may not be linked depending on that threshold of the ratio

determined to be sufficiently weak to justify assignment.
Application of F&S Optimality Rule
For the linkage approach described in this report, y, = 7/(..., (i, 7), ) =7, (-.es Pyy»-..) Where the

pri's equal the probabilities individual i in dataset 4 has the same characteristics as the matched
individual j in dataset B for the different variable categories. The elements px; possess a continuous
distribution over the unit interval. The scores equal ¢, = ¢(y,) =, , having the distribution

S Uf (Sl. ) where f'is a continuous density with a domain over positive numbers. Given the calculated

linkage score §; for individual 7, y;=1 when S; > 6 and y; = 0 otherwise, with  a prescribed
threshold.

The m, and u, probabilities take the form:

8 See the brief entitled “Comparison of LINKAGE and Fastlink Methods for Assigning Finder File Linkages” to review
a comparison of the PUBLIM approach described here to the Fastlink approach developed in Enamorado, T. Fifield,
B., and Imai, K., “Using a Probabilistic Model to Assist Merging of Large-Scale Administrative Records,” American
Political Science Review (2019).

% The value r is a single value, but its value need not have a 1-to-1 correspondence to a unique j. Also, the values of r
can be continuous on a set.

NIA Data LINKAGE Program | Linkage Methodology Report 29



__1(8)

mg =Pr(S, =r|y =1)= P(5,26) where f,(S,)=/(S,) when S, >0 and =0 otherwise ,
U =P(S =rly, =0)=% where f; (S,)=/(S,) when S, <@ and = 0 otherwise .

The ratios of these probabilities equal:

my _P(Sl.<0)f1(Sl_)_ o when S >0
u,  P(S,20) £,(S) | 0 when 5 <0.

This expression corresponds to the s, / u; estimates in equation (4) of Section 2.2. The posterior

probability of linkage the (i, j) pair being a member of the inferred match set equals one if their score
Si exceeds the threshold 8, and equals zero if their score falls short of this threshold.

Accordingly, the linkage decision rule assigns linkages (y; = 1) to those individuals i with scores
S; exceeding the threshold #, and does not link (y; = 0) individuals in dataset A with scores below this
threshold. Appendix B describes a method for setting 8 to bound the probability of assigning false
matches.
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