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Abstract

Medical record linkage is becoming increasingly important as
clinical data is distributed across independent sources. To im-
prove linkage accuracy we studied different name comparison
methods that establish agreement or disagreement between cor-
responding names. In addition to exact raw name matching and
exact phonetic name matching, we tested three approximate
string comparators. The approximate comparators included the
modified Jaro-Winkler method, the longest common substring,
and the Levenshtein edit distance. We also calculated the com-
bined root-mean square of all three. We tested each name com-
parison method using a deterministic record linkage algorithm.
Results were consistent across both hospitals. At a threshold
comparator score of 0.8, the Jaro-Winkler comparator achieved
the highest linkage sensitivities of 97.4% and 97.7%. The com-
bined root-mean square method achieved sensitivities higher
than the Levenshtein edit distance or longest common substring
while sustaining high linkage specificity. Approximate string
comparators increase deterministic linkage sensitivity by up to
10% compared to exact match comparisons and represent an ac-
curate method of linking to vital statistics data.
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Introduction

Health care information is increasingly distributed across many
independent databases and systems, within and among institu-
tions as separate collections with varying types of identifying in-
formation. This is true for data collected within an institution
where there may be multiple identifiers, or for data collected
about the same patient at different health care institutions. While
integrating patient data across such disparate sources is chal-
lenging, answers to important health research, management, and
policy questions can be obtained by linking clinical information
from independent systems[1-3]

Although many variations exist, record linkage techniques can
be broadly divided into two categories: deterministic (heuristic)
and probabilistic. Deterministic algorithms employ a set of
rules based on exact agreement or disagreement results between
corresponding fields in record pairs. Probabilistic methods
commonly use likelihood scores calculated from rates of identi-
fier agreement and disagreement among fields from potentially
linked and non-linked records.[4]
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We previously examined the accuracy of both deterministic and
probabilistic record linkage methods, and found that Social Se-
curity Number (SSN) was insufficient as a single parameter link-
ing patients to a vital statistics database.[5, 6] The methods we
used imposed exact-agreement criteria on all fields. That is, two
corresponding fields within a record are said to agree only if all
characters match; otherwise the fields are considered to disagree.
We recognized that names and other data can include variations
(e.g. as changing last name) and recording errors result in dis-
agreement when a human reader might recognize them or the
equivalent (e.g. “Rob” and “Robert”). To overcome such varia-
tions and recording errors in our previous work, we implemented
the N'YSIIS phonetic compression algorithm [7, 8] to preprocess
name strings.

Approximate string comparators compute a measure of similar-
ity between two strings. String comparators have been described
in the context of record-linkage[9, 10]; however, there is a pau-
city of literature describing the actual performance of such com-
parators in patient record linkage, and no data comparing linkage
accuracy using phonetic compression versus approximate string
comparators. In this paper we will compare the performance of
a deterministic linkage method using exact-match, phonetic
compression, and approximate string comparators.

Materials and Methods

Record Sources

To study how string comparators perform in record linkage, we linked
hospital registry data to a separate data source containing an identifiable
subset of the registry population. We used the Social Security death
master file (SSDMF) as that data source. The SSDMF is a publicly
available database containing demographic data for over 65 million de-
ceased individuals. It includes fields for SSN, name, date of birth, date
of death, state or country of residence, ZIP code of last residence, and
ZIP code of lump-sum payment. Matching patients to the SSDMF has
general relevance to all medical databases and registries because a
match to the SSDMF provides an excellent indicator of vital status and
mortality is an important outcome variable for many research questions.

The data used in this study was derived from two hospitals in
central Indiana. Hospital A is a public inner-city hospital sys-
tem. Hospital B is a private urban hospital system that invested
in extensive patient registry clean-up in 1999.

Manually Reviewed Reference Set

We used two manually reviewed reference sets of record pairs to
gauge the accuracy of string comparators and patient matches.
To generate candidate record pairs for each hospitals’ reference
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sets, we used SSN as the single variable linking patient records
to the SSDMF. This process of generating candidate record
pairs is commonly referred to as blocking. The purpose of
blocking is to reduce the total number of records to process by
placing pairs in smaller bins, or blocks; it is analogous to sorting
trouser socks by color before pairing them together. We ran-
domly selected 6,000 samples from the candidate record pairs
for each hospital and manually reviewed the two data sets, label-
ing individual record pairs as true or false links.

Phonetic Compression

Phonetic encoding algorithms are used to minimize variations in
spelling of what are effectively the same names[11]. There are
several well-known phonetic compression algorithms; examples
include Soundex[12], Metaphone, and the New York State Iden-
tification and Intelligence System algorithm (NYSIIS)[7]. The
NYSIIS algorithm has 11 basic rules that replace common pro-
nunciation variations with standardized characters, remove re-
peated characters, and replace all vowels with the letter ‘A’.
Because it retains information on the sequence of vowels, NY SI-
IS has higher discriminating power than Soundex[7]. The
NYSIIS transformations of ‘“TAMMIE’ and ‘TAMMY’ are both
‘TANY’.

String Comparators

We studied three string comparators. The modified Jaro-Win-
kler comparator (JWC) was developed by the U.S. Census Bu-
reau[9]. The basic algorithm[13] computes the number of
common characters in two strings and finds the number of trans-
positions. To be labeled as common, corresponding characters
must be located within half the length of the shorter string. A
transposition occurs when the order of corresponding common
characters is reversed. The method assigns partial scores to
characters that disagree but are similar, either due to typograph-
ical (‘B’ versus ‘V’) or scanning errors (‘7° versus ‘T”). Further,
greater value is given to agreement within the first four charac-
ters of a string, based on research showing that fewer errors oc-
cur at the beginning of a string and the errors increase
monotonically toward the end of a string[14]. Finally, increased
weight is given to strings longer than six characters when more
than half the characters beyond the first four agree. The compar-
ator score for ‘TAMMY SHACKELFORD’ and ‘TAMMIE
SHACKLEFORD’ is 0.9442.

The longest common substring (LCS) algorithm generates a
nearness metric by iteratively locating and deleting the longest
common substring between two strings.[15] The substrings
must meet a minimum length requirement, which we set to three
for our analysis. The nearness metric is calculated by dividing
the total length of the shared substrings by the length of the
shorter of the two strings being compared. For example, the
LCS score for the names ‘TAMMY SHACKELFORD’ and
‘TAMMIE SHACKLEFORD’ is calculated as follows: The to-
tal length of the common substrings is [5 (SHACK) + 4
(TAMM) + 4 (FORD)] = 13. The length of the shorter name
string (ignoring white space) is 16, therefore the LCS score is
(13+16)=0.8125
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The Levenshtein edit distance (LEV)[16] determines the small-
est number of insertions, deletions, and substitutions required to
change one string into another.[REF NIST] From this we con-
struct a metric ranging from 0 to 1.0 using the formula: metric =
1 — [LEV(namel,name2) + MAXLEN (NAME1, NAME2)] A
value of 1 represents an exact match, while zero indicates little
similarity. To illustrate, the Levenshtein edit distance for the
names ‘TAMMY SHACKELFORD’ and ‘TAMMIE SHACK-
LEFORD’ is 4. Changing the former name into the latter, one
substitutes ‘I’ for “Y’, inserts an ‘E’ after ‘I’, and reverses the or-
der of the ‘E’ and ‘L’ (two substitutions). The length of the long-
er name is 17 (ignoring white space); thus the score is (1 — (4 +
17)) =0.7647

In addition to the above algorithms, we also calculated the com-
bined root mean square (RMS) of all three comparator scores.
We did this to examine whether a combined metric would im-
prove linkage accuracy over any single comparator.

Link Criteria

To determine the incremental benefit of adding string compara-
tors, we compared our previous results using exact name match
comparisons to new results using one of the three string compar-
ators or the RMS string comparator. We used six sets of linkage
criteria, which varied only by the name comparison methods.
Table 1 describes the complete list of criteria used to define true
matches. The string comparator algorithms used the full concat-
enated first and last names.

Table 1: Criteria used to define true matches. (FN= first name,

NYS=NYSIIS transformed first name; G=gender;
MB, DB, YB=month, day and year of birth.)

Deterministic Matching Criteria

Exact Exact agreement on SSN, first name, G and at

least one of the following: MB, DB, or YB

NYSIIS Exact agreement on SSN, NYSIIS first name,
G and at least one of the following: MB, DB,

or YB

LEV LEV score > 0.8, exact agreement on SSN,
gender and at least one of the following: MB,

DB, or YB

LCS LCS score > 0.8, exact agreement on SSN,
gender and at least one of the following: MB,

DB, or YB

JWC JWC score > 0.8, exact agreement on SSN,
gender and at least one of the following: MB,

DB, or YB

RMS RMS score > 0.8, exact agreement on SSN,
gender and at least one of the following: MB,

DB, or YB

Computational Costs

To evaluate the computational cost of each algorithm, we ran-
domly selected 50,000 name pairs from candidate record pairs
and measured the time required to process the data for each al-
gorithm. We used the average elapsed time of five trials for each
of the algorithms. All measurements and analyses were per-
formed on a dual processor AMD Athlon MP 1900 system with
4GB RAM running Red Hat Linux 7.2. The algorithms were im-
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plemented in C using a Perl wrapper script to call the comparator
functions.

Results

Using SSN as the blocking variable we generated 65,365 candi-
date record pairs linking hospital A to the SSDMF. From the
6,000 randomly selected record pairs, manual review found
5,298 (88.3%) true-links and 702 (11.7%) non-links. We gener-
ated 169,315 candidate record pairs linking hospital B to the SS-
DMF using SSN as the blocking variable. From the 6,000
sample record pairs, manual review found 5,655 (94.3%) as true-
links and 345 (5.7%) non-links.

Table 2 shows the results using different match criteria for hos-

pitals A and B. Similar trends are noted for both institutions.
Criteria using first name exact agreement demonstrated the low-
est sensitivity. The NYSIIS method improved linkage sensitivity
for criteria that used exact agreement; however, string compara-
tors more substantially improve sensitivity. The JWC had the
lowest specificity while demonstrating the highest sensitivity.
The RMS, a combination of all three comparators, improved
overall sensitivity while sustaining high specificity.

To measure overall linkage accuracy when using string compar-
ator functions, we calculated the area under the ROC curve
(AUC) for each approximate comparator. Figure 1 shows the re-
sults for hospital A and B. We note a decrease in overall accura-
cy with the JWC method. This is explained by the decreased
specificity reflected in Table 2

Figure 2 shows the computational costs measured in seconds for
each of the string comparison methods using 50,000 randomly
selected record pairs. For reference purposes, exact match com-
parisons took a total of 4 seconds to process. It is of note that the
NYSIIS algorithm demonstrated the greatest cost. The NYSIIS
algorithm invokes multiple rules with sub-iterations requiring
robust pattern matching, and each name is transformed indepen-
dently of one another. Only after two completed transformations
can an exact-match comparison can be made. Alternatively, ap-
proximate string comparators such as JWC, LCS, and LEV use
both strings within the same process, calculating the metric in a
single pass. The RMS calculation was the most computationally
intensive of the string comparators because it requires all three
individual approximate comparator values.

Discussion

When choosing a linkage method, one must consider the use-
case and the cost of false positive and false negatives. Ifthe cost
of false positives is high, one may choose the RMS method,
which sustains high specificity while demonstrating gains in
sensitivity over exact-match criteria. Further, if the cost of false
negatives is high, it may be more appropriate to use the JWC cri-
teria, which achieved the highest sensitivity among the methods
listed.

At a threshold score of 0.8 the Levenshtein edit distance did not
substantially increase linkage accuracy compared with the
NYSIIS algorithm. However, it demonstrated the highest spec-
ificity among the approximate comparators and helped to miti-

45

gate the lower specificity of the Jaro-Winkler comparator when
using the RMS metric. Further work will investigate whether
simple modifications to the LCS or JWC methods can improve
their specificity. As currently defined and implemented, name
pairs such as ‘JON SMITH’ and ‘JON SMITHERS’ receive 1.0
scores for both the JWC and LCS methods.

Although the NYSIIS method requires more computation rela-
tive to the other string comparison methods, it is often used for
blocking purposes in record linkage, rather than directly as a
string comparator. Consequently, because blocking reduces the
total number of record pairs to process, using the NYSIIS algo-
rithm is intended to help to reduce overall processing time.

At a threshold score of 0.8 the Levenshtein edit distance did not
substantially increase linkage accuracy compared with the
NYSIIS algorithm. However, it demonstrated the highest spec-
ificity among the approximate comparators and helped to miti-
gate the lower specificity of the Jaro-Winkler comparator when
using the combined RMS metric. Further work will investigate
whether simple modifications to the LCS or JWC methods can
improve their specificity. As currently defined and implement-
ed, name pairs such as ‘JON SMITH’ and ‘JON SMITHERS?’ re-
ceive 1.0 scores from both JWC and LCS.
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Figure I - String comparator accuracy as measured by the area
under the ROC curve (AUC) for hospitals A and B

This study is limited by the fact that we blocked record-pairs us-
ing SSN alone. Records that agree at the outset on SSN will have
a high proportion of true-links. Record pairs formed with addi-
tional blocking schemes may produce different results. Also, we
used a threshold score of 0.8 to determine agreement status; re-
sults will vary with different thresholds.

These results reflect linkage performance for two hospitals in
central Indiana. Results may vary at other institutions, or when
linking to a source other than the SSDMF. That being the case,
these data sets are an informative spectrum of patient registries:
one hospital recently underwent registry clean-up, while the oth-
er has not. The registry clean-up efforts are reflected in the
greater accuracy noted in Hospital B.
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Table 2: Linkage results using different string comparison methods. (TP-true link, FP-false link, FN-false
non-link, TN-true non-link, FNR-false negative rate; FPR-false positive rate)

Criteria | TP | FP | FN | TN | Sens. | Spec. | FNR | FPR
Hospital A (true links = 5298, non-links = 702)
Exact 4499 2 799 700 .8492 9972 .1508 .0028
NYSIIS 4638 2 660 700 8754 9972 1246 .0028
LEV 4642 1 656 701 .8762 9986 1238 .0014
LCS 4986 2 312 700 9411 9972 .0589 .0028
JwC 5158 7 140 695 9736 9900 .0264 .0100
RMS 5020 1 278 701 9475 9986 .0525 .0014
Hospital B (true links = 5655, non-links = 345)
Exact 5081 1 574 344 .8985 9986 1015 .0014
NYSIIS 5143 2 512 343 .9095 9972 .0905 .0028
LEV 5133 1 522 344 9077 .9986 .0923 .0014
LCS 5459 1 196 344 9653 .9986 .0347 .0014
JwC 5523 5 132 340 9767 9929 .0233 .0071
RMS 5473 1 182 344 9678 .9986 .0322 .0014
as needed. Regardless, the overall accuracy of deterministic pa-
tient linkage is improved by using approximate string compara-
tors.
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