
An Overview of Patient 
Matching

Shaun Grannis, MD MS
Medical Informatics Research Scientist,
Regenstrief Institute

Assistant Professor of Family Medicine,
Indiana University School of Medicine

U.S. Population Health Technical Work 
Group Co-Chair,
Health Information Technology 
Standards Panel



Challenges

� Recording Errors

� Phonetic

� Typographical

� Identifiers change� Identifiers change

� Last Name

� Address 

� Phone

� Sharing Identifiers (SSN, etc.)



Barriers to Accurate Patient Matching

� Recording Errors
� Phonetic (“Shaun”, “Sean”, “Shawn”)

� Typographical
(Smith → Snith, “07” → “01”)(Smith → Snith, “07” → “01”)

� Changing Identifiers
� Last Name (Marriage)

� Geographic location (Home address, etc)

� Sharing Identifiers (SSN, etc.)

� Identifiers Limited or Unavailable



Ideal Identifier Characteristics

� Unique
(eg, fingerprint, Iris, DNA, National ID)

� Ubiquitous
(eg, Name, DOB, Sex, Eye Color)

� Unchanging No identifier � Unchanging
(eg, DOB, Sex, Given Name, DNA)

� Uncomplicated
(eg, Name, DOB, Sex)

� Uncontroversial
(eg, avoid sensitive data)

� Easily and Inexpensively Accessible

No identifier 

meets all of these 

characteristics



Patient Matching Terminology
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Patient Matching Terminology

� Potential Pairs/Potential Links
Record-pairs that have not been declared a match or non-
match

� Blocking/Grouping
Method to limit search space for potential links, usually by 
forcing exact match with one or more fields. (Analogous to 
sorting socks by color before pairing)sorting socks by color before pairing)

� Field Agreement Weight/Score
Value assigned when two fields are declared to agree

� Field Disagreement Weight/Score
Value assigned when two fields are declared to disagree

� Record Pair Score/Composite Score/Global Score
Value derived from individual field contributions (typically the 
product or sum of field weights)

� Score Threshold
record pair score above which a match is declared and/or 
below which a non-match is declared



Potential Solutions

� National Patient Identifier 
� Recording errors

� Sharing ID’s

� Lost ID’s� Lost ID’s

� Controversial (in some regions)

� Biometrics
� Require proprietary hardware for all data 
generators

� How secure?

� Privacy concerns



Patient Matching Methodologies

Increasing Complexity

ProbabilisticDeterministic
Fuzzy 
Match

Machine 
Learning



Deterministic

� ‘Rules-based’ or ‘Heuristic’

� Accuracy is highly dependent on 
presence of discriminating identifiers 
(national or local ID, etc)(national or local ID, etc)

� Rule-based, eg declare a match if 
exact match on:
� National ID + DOB

� Full Name + Address

� etc.



Fuzzy Match

� Non-exact agreement, allows for errors: 

� “If last name agrees on first 6 characters then 
declare agreement”

� “If birth date is within 1 month, then declare 
agreement”

� To loosen agreement, string comparators or phonetic � To loosen agreement, string comparators or phonetic 
transformation functions may be used:

� Soundex - Phonetic

� NYSIIS - Phonetic

� Levenshtein Edit Distance - Comparator

� Jaro-Winkler Comparator - Comparator

� Longest Common Sub-sequence - Comparator



Probabilistic/Machine Learning

� Implements a statistical model for 
matching

� A common model is Felligi-Sunter 
maximum likelihood modelmaximum likelihood model

� Establish parameters for model using 
machine learning algorithms (EM) or 
bootstrap review

� Maximum Entropy Model also used



Patient Matching Methodologies

Deterministic/Heuristic

� Rapid 
Implementation

� Simple calculations

Probabilistic

� Complex 
implementation

� Computationally 
intensive � Relies on accurate 

and consistent data

� May not generalize 
well to other data 
sets

intensive 

� More forgiving of data 
errors

� Algorithms adapt to 
data being linked



Probabilistic (F-S) Example

� Among the 10 true-links, the last names
agreed in 9/10 pairs (e.g. one of the last 
names was misspelled)

� This represents a 90% AGREEMENT RATE for 
last name among TRUE LINKS.

� This represents a 90% AGREEMENT RATE for 
last name among TRUE LINKS.

� Similarly, among the 90 non-links, last 
names agreed (by random chance) in 2/90
pairs

� This represents a 2% AGREEMENT RATE for 
last name among NON-LINKS.



Probabilistic (F-S) Example

90%
2%

= = 4545 �� Records that Records that agreeagree on last name on last name 
are are 45 45 times more likely to be a times more likely to be a 
truetrue--linklink than a nonthan a non--linklink

��Weights for each field are combined to form a Weights for each field are combined to form a ��Weights for each field are combined to form a Weights for each field are combined to form a 
composite record pair score.composite record pair score.

�� Field disagreement contributes a negative Field disagreement contributes a negative 
weight, and reduces the overall record pair weight, and reduces the overall record pair 
score.score.



Probabilistic (F-S) Example

Generate Record-Pairs: 

Record A
Record B
Record C

Record X

Record Z
Record Y

File 1File 1 File 2File 2
Record ARecord A
Record BRecord B
Record CRecord C

Record XRecord X
Record YRecord Y
Record ZRecord Z

Each record pair is assigned a score.
A histogram of scores may look like:

1 2

Which are true links?Which are true links?

Potential Record Pairs



Probabilistic Linkage Overview:
Human Review Thresholds



Global Patient Registry Matching 
Algorithm Features

� One record per assigned patient number per 
institution

� Create logical links between each of these 
records

Match using social security number, patient � Match using social security number, patient 
name, birth date, gender

� Use string comparator algorithm and phonetic 
transformations for near name matches

� Implements the concept of a “patient group”



Global Patient Registry

Assigning
Authority Global # Local Pat # Patient Name Birth date Sex

Hospital A 99-1 231456 Sinkwell, Ralph J 12-2-59 M

Hospital B 123-0 A47239 Sinkwell, RJ 2-12-59 MHospital B 123-0 A47239 Sinkwell, RJ 2-12-59 M

Hospital A 99-1 1032115 Sinkweil, Ralph 12-2-59

Hospital C 101-0 A3276 Fredrick, Alice 4-14-78 F

Hospital A 101-0 2314590 Fredrick, Alyce 4-14-78 F

Global ID is for internal indexing onlyGlobal ID is for internal indexing only
–– not publicly exposednot publicly exposed



Set 
GLOBAL_MATCH_UP_TO_DATE

to ‘No’

SSN, 
Name, DOB 
or Gender 
Change?

Multiple 
Entries in 
Patient 
Group?

Global ID
Present?

Read all records 
with same DOB

Read all records 
with same DOB

Match
All Members
of an existing

group? 

Match
all Members

of an existing
group? 

Assign to existing
patient group

Yes

No No

No

Yes

Assign to a new 
single member
patient group

Keep as a
single member
patient group

No

Yes

Gender 
is ‘M’ or ‘F’?

Name 
and DOB
present?

Assign new 
global ID

Do all 
members still 

match?

Largest subgroup keeps 
Global ID, remainder is
Flagged for re-matching

Keep current
Global ID

Assign to existing
patient groupNo

No

Yes

Yes

Yes

No

Yes

Yes



Results 
Retrieval: 
Patient 
Selection 
Dialog



Results 
Retrieval: 
Patient 
Selection 
Dialog



Results 
Retrieval: 
Global Patient 
Group Display
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