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Abstract

Finding and matching personal names is at the core of
an increasing number of applications: from text and Web
mining, search engines, to information extraction, dedupli-
cation and data linkage systems. Variations and errors in
names make exact string matching problematic, and ap-
proximate matching techniques have to be applied. When
compared to general text, however, personal names have
different characteristics that need to be considered. In this
paper we discuss the characteristics of personal names and
present potential sources of variations and errors. We then
overview a comprehensive number of commonly used, as
well as some recently developed name matching techniques.
Experimental comparisons using four large name data sets
indicate that there is no clear best matching technique.

1. Introduction

Increasingly large amounts of data are being created,
communicated and stored by many individuals, organisa-
tions and businesses on a daily basis. At lot of this data con-
tains information about people, for example e-mails, cus-
tomer and patient records, news articles, or business and
political memorandums. Even most scientific and techni-
cal documents contain details about their authors. Personal
names are often used to search for documents in large col-
lections (like Web searches, retrieval of patient records, or
bibliographic searches of books and articles). Names are
also important pieces of information when databases are
deduplicated and when data sets are linked or integrated and
no unique entity identifiers are available [5].

Personal names have characteristics that makes them dif-
ferent from general text. While there is only one correct
spelling for many words, there are often several valid vari-
ations for personal names, for example ‘Gail’, ‘Gale’ and
‘Gayle’. People also frequently use (or are given) nick-
names in daily life, for example ‘Bill’ rather than the more
formal ‘William’. Personal names are also heavily influ-

enced by a person’s cultural background, and in certain sit-
uations people do change their names. All these issues make
matching of personal names more challenging compared to
matching of general text [2, 20].

As names are often recorded with different spelling vari-
ations, applying exact string matching leads to poor results.
Many different techniques for approximate string matching
have been developed in the last four decades [12, 17, 21,
25], and new techniques are still being invented [11, 15].
Most techniques are based on pattern matching, phonetic
encoding, or a combination of these two approaches.

The contributions of this paper are a detailed discus-
sion of the characteristics of personal names and possible
sources of variations and errors in them, an overview of a
range of name matching techniques, and a comparison of
their performance using several large real world data sets
containing personal names. A longer, more detailed version
of this paper is available as [4].

2. Personal name characteristics

Even when only considering the English-speaking
world, a name can have several different spelling forms for
a variety of reasons. In the Anglo-Saxon region and most
other Western countries, each person has usually a given
name, an optional middle name, and a surname or family
name [20]. Both ‘Gail Vest’ and ‘Gayle West’ might refer
to the same person, while ‘Tina Smith’ might be recorded
in the same database as ‘Christine J. Smith’ and as ‘C.J.
Smith-Miller’. People change their name over time, most
commonly when they get married. Compound names are
often used by married women, while in certain countries
husbands can take on the surname of their wives.

In daily life, people often use (or are given) nicknames.
These can be short forms of their given names (like ‘Bob’
for ‘Robert’, or ‘Liz’ for ‘Elizabeth’), they can be varia-
tions of their surname (like ‘Vesty’ for ‘Vest’) or they might
relate to some life event, character sketch or physical char-
acteristics of a person [2]. While having one given and one
middle name is common for Anglo-Saxon names, several



European countries favour compound given names instead,
for example ‘Hans-Peter’ or ‘Jean-Pierre’. In general, there
are no legal regulations of what constitutes a name [2].

In today’s multi-cultural societies and worldwide data
collections (e.g. global online businesses, or international
crime and terrorism databases), the challenge is to be able to
match names coming from different cultural backgrounds.
For Asian names, for example, there exist several translit-
eration systems into the Roman alphabet [20], the surname
traditionally appears before the given name, and frequently
a Western given name is added. Hispanic names can con-
tain two surnames, while Arabic names are often made of
several components and contain various affixes.

An early study [8] on spelling errors in general words
found that over 80% of errors were single character errors
(inserts, deletes, or substitutions). Other studies [12, 16, 23]
reported similar results. However, in a study [9] that looked
at patient names within hospital databases, different types
and distributions of errors were found (with 36%, insertion
of an additional name word, initial or title, were the most
common errors, and single character errors accounted for
only 39% of all errors in this study). Thus, there seem to
be significant differences between general text and personal
names, which have to be considered when name matching
algorithm are being developed and applied.

In [16] character level (or non-word) misspellings are
classified into (1) typographical errors, where it is assumed
that the person doing the data entry does know the correct
spelling of a word but makes a typing error (e.g. ‘Sydeny’
instead of ‘Sydney’); (2) cognitive errors, assumed to come
from a lack of knowledge or misconceptions; and (3) pho-
netic errors, coming from substituting a correct spelling
with a similar sounding one. The combination of phonet-
ical and spelling variations, as well as potentially totally
changed name words, make name matching challenging.

2.1 Sources of name variations

Besides the variations in personal names discussed
above, the nature of data entry [16] will determine the most
likely types of errors and their distributions.

• When handwritten forms are scanned and optical char-
acter recognition (OCR) is applied [12, 23], the most
likely types of errors will be substitutions between
similar looking characters (like ‘q’ and ‘g’), or sub-
stitutions of one character with a similar looking char-
acter sequence (like ‘m’ and ‘r n’, or ‘b’ and ‘l i’).

• Manual keyboard based data entry will mainly result
in wrongly typed neighbouring keys (for example ‘n’
and ‘m’, or ‘e’ and ‘r’).

• Data entry over the telephone (for example as part of
a survey study) is a confounding factor to manual key-

board entry. The person doing the data entry might not
request the correct spelling, but rather assume a de-
fault spelling (which is based on the person’s knowl-
edge and cultural background).

• Limitations in the maximum length of input fields can
force people to use abbreviations, initials only, or even
disregard some parts of a name.

• Finally, people themselves sometimes report their
names differently depending upon the organisation
they are in contact with, or deliberately provide modi-
fied or wrong names.

If names from different sources are to be matched, like
in text mining or data linkage systems [5], then the vari-
ability and error distributions will likely be larger than if all
the names come from one source only. This will also limit
the use of adaptive name matching algorithms [7] that are
trained to deal with certain types of variations and errors.

As many personal names have several valid spelling vari-
ations, it is often not possible to disregard a name as wrong
if it is not found in a dictionary of known names. When
matching names, one has to deal with legitimate name vari-
ations (that should be preserved and matched), and errors
introduced during data entry and recording (that should be
corrected) [2]. The challenge lies in distinguishing between
these two sources of variations.

3. Matching techniques

Name matching can be defined as the process of deter-
mining whether two name strings are instances of the same
name [20]. As name variations and errors are quite com-
mon [9], exact name string comparison will not result in
good matching quality. Rather, an approximate measure of
how similar to names are is desired. Generally, a normalised
similarity measure between 1.0 (two names are identical)
and 0.0 (two names are totally different) is used.

The two main approaches for matching names are pho-
netic encoding and pattern matching. Many techniques have
been developed for both approaches, and several techniques
combine the two with the aim to improve the matching qual-
ity. In the following we give a brief overview of the most
commonly used as well as several recently proposed new
techniques. More detailed descriptions are given in [4].

3.1 Phonetic encoding

Common to all phonetic encoding techniques is that they
convert a name string into a code according to how a name
is pronounced (i.e. the way a name is spoken). Naturally,
this process is language dependent. Most techniques have
been developed mainly with English in mind.



• Soundex [13, 17] is the best known phonetic encoding
algorithm. It keeps the first letter and converts the rest
into numbers according to an encoding table.

• Phonex [17] is a variation of Soundex that aims to im-
prove the encoding quality by pre-processing names
according to their English pronunciation.

• Phonix goes a step further than Phonex and applies
more than one hundred transformation rules on groups
of letters [10]. Some of these rules are limited to the
beginning of a name, some to the end, others to the
middle, and some will be applied anywhere.

• NYSIIS (New York State Identification Intelligence Sys-
tem) is based on transformation rules similar to Phonex
and Phonix, but it returns a code only made of letters.

• Double-Metaphone [22] aims to better account for
non-English words, like European and Asian names.
The algorithm contains many rules that take the posi-
tion within a name, as well as previous and following
letters, into account. Similar as NYSIIS, it returns a
code only made of letters.

• Fuzzy Soundex is based on q-gram substitutions [13]
and combines elements from other phonetic encoding
algorithms. Similar to Phonix, it has transformation
rules that are limited to the beginning or end of a name,
or that are applicable anywhere.

When matching names, phonetic encoding can be used
as a filtering step (called blocking in data linkage [5]),
i.e. only names having the same phonetic code will be
compared using a computationally more expensive pattern
matching algorithm. Alternatively, exact string comparison
of the phonetic encodings can be used.

3.2 Pattern matching

Pattern matching techniques are commonly used in
approximate string matching [12, 14, 19], which has
widespread applications, from data linkage and duplicate
detection [2, 5, 7, 24], information retrieval [11, 15, 25],
correction of spelling errors [8, 16, 23], to bio- and health
informatics [9].

• Levenshtein or Edit distance [19] is defined as the
smallest number of edit operations (inserts, deletes and
substitutions) required to change one string into an-
other. It is calculated using a dynamic programming
algorithm [14].

• Damerau-Levenshtein distance is a variation of edit
distance where a transposition of two characters is also
considered to be an elementary edit operation [8, 19].

• Bag distance [1] has recently been proposed as a cheap
approximation to edit distance (a bag is defined as a
multi-set of the characters in a string). The bag dis-
tance is always smaller or equal to the edit distance.

• Smith-Waterman distance [18] was developed to find
optimal alignments between biological sequences. It is
based on a dynamic programming approach and allows
gaps as well as character specific match scores.

• Longest common sub-string (LCS) [9] repeatedly finds
and removes the longest common sub-string in the two
strings compared, up to a minimum lengths.

• Q-grams [16] are sub-strings of length q. A similar-
ity measure is calculated as the number of q-grams in
common divided by the minimum, average or maxi-
mum number of q-grams in two strings.

• Positional q-grams are an extension to q-grams with
positional information added (the locations of q-grams
within a string), and only q-grams that are within a
maximum distance from each other are matched.

• Skip-grams [15] are based on the idea of not only form-
ing bigrams (2-grams) of two adjacent characters, but
also bigrams that skip one or more characters. Cer-
tain skip-grams have properties that relate to character
edits like inserts, deletes and substitutions.

• Compression based similarity calculations have re-
cently been investigated [6] for use in clustering of bi-
ological sequences, optical character recognition, and
music. The basic idea is to use the length of the com-
pressed strings (using a standard compressor like Zip
or BZ2) to calculate a similarity measure.

• Jaro [24] is an algorithm commonly used in data link-
age systems [5]. A similarity measure is calculated
using the number of common characters (same charac-
ters that are within half the length of the longer string)
and the number of transpositions.

• Winkler [24] (or Jaro-Winkler) improves upon the Jaro
algorithm by applying ideas based on studies [23] that
found fewer errors typically occur at the beginning of
names. The algorithm increases the Jaro similarity
measure for up to four agreeing initial characters.

3.3 Combined techniques

Two techniques combine phonetic encoding and pattern
matching with the aim to improve the matching quality.

• Editex [25] combines edit distance based methods with
the letter-grouping techniques of Soundex and Phonix.



Pairs Singles
Midwives given names 15,233 49,380
Midwives surnames 14,180 79,007
Midwives full names 36,614 339,915
COMPLETE surnames 8,942 13,941

Table 1. Number of name pairs and single
names in test data sets used for experiments.

Its edit costs are 0 if two letters are the same, 1 if they
are in the same letter group, and 2 otherwise. Compar-
ison experiments [25] showed that Editex performed
better than edit distance, q-grams, Phonix and Soundex
on a database containing around 30,000 surnames.

• Syllable alignment distance [11] is based on the idea of
matching two names syllable by syllable, rather than
character by character. It uses Phonix transformations
as a preprocessing step and then applies rules to find
the beginning of syllables. The distance between two
strings of syllables is then calculated using an edit dis-
tance based approach.

4 Experiments and discussion

Here we present and discuss the results from a series of
comparison experiments using four name data sets. The aim
was to investigate which techniques achieve the best match-
ing quality for different personal name types. All name
matching techniques were implemented in Python as part
of the Febrl open source data linkage system [5].

4.1 Name data sets

Three of the test data sets were based on given- and sur-
names extracted from a midwives database [3]. The dedu-
plication status in this data (indicating which records corre-
spond to the same women) allowed us to extract true name
pairs (known matches). From these we removed all pairs
that were exact matches, leaving only pairs of names that
were to some degree different. We then created a full name
data set by concatenating given- with surnames values (sep-
arated by a whitespace). We also extracted single names
from records that did not have duplicates, and randomly
created name pairs (the same number as known matched
pairs in order to get balanced test data sets). The fourth
data set was created in a similar way using the COMPLETE
name database [11, 21] by forming surname pairs from 90
randomly chosen and manually matched queries. Table 1
shows the size of our four test data sets.

4.2 Matching results

We ran a total of 123 tests on all four data sets, by ap-
plying all phonetic encoding (combined with exact string
matching of the phonetic codes) and pattern matching tech-
niques presented in Section 3 with their various ways of cal-
culating similarity measures and other options (like padded
and non-padded q-grams, longest common sub-string with
minimum set to 2 and 3, etc.). For the similarity measures a
threshold can be varied between 0.0 and 1.0 that influences
the classification performance (name pairs with a similarity
value above the threshold are classified matches, and pairs
with similarity value below as non-matches). We evaluated
the matching quality using the f-measure [4]. Here we re-
port average f-measures over all possible threshold values
as they indicate the overall quality of a matching technique.
A more detailed analysis is provided in [4].

Table 2 shows the best results achieved for each of the
presented techniques on all four data sets. As can be seen,
no technique performs better than all others. Pattern match-
ing clearly outperform phonetic encoding techniques. The
simple Phonex technique performs better than the more
complex Phonix and Double-Metaphone algorithms (de-
spite their larger number of transformation rules). Both sur-
name data sets seem to be harder to match than given names,
which might be due to complete surname changes when
women get married or divorced (the Midwives database ob-
viously only contains women). The Jaro and Winkler tech-
niques both perform well on all four data sets, showing their
suitability for personal name data. The two approaches that
combine phonetic encoding with pattern matching (Editex
and syllable alignment distance) do not perform as well as
expected, and neither do the recently developed skip-grams.

5 Conclusion and future work

We have discussed the characteristics of personal names
and the potential sources of variations and errors in them,
and we presented an overview of both pattern matching
and phonetical encoding based name matching techniques.
Experimental results on different real name data sets have
shown that there is no single best technique available. The
characteristics of the name data to be matched, as well as
computational requirements, have to be considered when
selecting a name matching technique.

Personal name matching is very challenging, and more
research into the characteristics of both name data and
matching techniques has to be conducted in order to better
understand why certain techniques perform better than oth-
ers, and which techniques are most suitable for what type of
data. More detailed analysis into the types and distributions
of errors is needed to better understand how certain types of
errors influence the performance of matching techniques.



Midwives COMPLETE
given sur- full surnames
names names names

Soundex .342 .341 .376 .485
Phonex .423 .369 .499 .579
Phonix .339 .330 .368 .617
NYSIIS .275 .296 .299 .351
DMetaphone .304 .306 .330 .410
FuzSoundex .327 .311 .359 .396
Leven dist .658 .513 .737 .624
Dam-L dist .659 .517 .739 .625
Bag dist .597 .522 .670 .616
SWater dist .889 .579 .802 .617
LCS-2 .915 .564 .877 .514
LCS-3 .909 .529 .866 .500
1-grams .839 .588 .787 .627
2-grams .885 .498 .867 .519
3-grams .783 .442 .833 .416
Pos 1-grams .890 .574 .724 .653
Pos 2-grams .880 .473 .697 .508
Pos 3-grams .768 .416 .659 .416
Skip grams .844 .496 .825 .521
Compr BZ2 .458 .547 .568 .633
Compr Zip .532 .456 .684 .481
Jaro .853 .601 .829 .712
Winkler .891 .588 .868 .707
Editex .631 .561 .706 .646
SyllAlign dist .656 .426 .710 .532

Table 2. Average f-measure values (best re-
sults shown boldface and worst results un-
derlined).
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