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Abstract. Name matching algorithms play a key role in information
retrieval systems and are especially critical when names may be repre-
sented in a wide variety of valid ways. This is often the case for names
conventionally written with non-Latin characters where there is no de
facto transliteration standard; for example, the same sequence of Ara-
bic characters can be written in a multitude of ways using Latin ones.
We propose a method for encoding transliterated Arabic names that is
highly effective compared to common existing methods. We use our en-
coding to assess whether pairs of transliterated Arabic names match,
i.e., whether they are the same in the original Arabic. We demonstrate
that our method achieves state-of-the-art results, outperforming previ-
ous algorithms for this task. We validate the utility of our encoding on
a collection of hand-curated, transliterated Arabic names. We make this
data set and all of our code available to other authors for reproduction
or expansion.
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1 INTRODUCTION

Conventionally, an individual’s name has a single spelling in its original language.
However, when a name is transliterated to another language (especially one that
does not have the same character set as the language of origin), the name may
be spelled in a variety of ways [1]. As a result, a single name may be identified by
a multitude of character sequences. For example, the same sequence of Arabic
characters can be transliterated as Muhammed, Mohammed, Mohamad, or eleven
other variants, potentially leading to significant confusion [2].

The authors wish to thank COL Brendan Dunne and MAJ Gabriel Samudio of the
United States Special Operations Command (USSOCOM) Global Analytic Platform
(GAP) for their support of this research.
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Rising international travel and migration ensures that more and more indi-
viduals with names traditionally spelled using Arabic characters will have their
names represented with Latin ones, as they travel to countries that use the
Latin alphabet. The high level of ambiguity in written Arabic and the lack of
consistently applied standards for transliteration frequently result in the same
individual’s name being spelled in a wide variety of ways across the various sys-
tems in which their information is recorded [3]. As a result, organizations must
accurately identify matches among transliterated names in order to maintain
data free from duplication and ambiguity.

We propose a method for matching pairs of Arabic names that have been
transliterated using Latin characters. Our algorithm enables rapid retrieval of
names that approximately match a given query string, while requiring no change
to an organization’s underlying data storage processes (e.g., altering databases to
include non-Latin characters). This paper contributes to the existing literature
in several ways:

– It presents a new method for encoding transliterated Arabic names and
shows that method achieves state-of-the-art results on a single-name match-
ing task.

– It demonstrates that the proposed method maintains impressive recall, even
at high values of required precision (e.g., 0.75 or 0.9) and vice versa, espe-
cially compared to other encoding methods.

– It is accompanied by open-source data and code, so that other researchers
may easily compare their work and, hopefully, develop even more effective
name matching algorithms in the future.5

2 PRIOR WORK

Name matching has a long history as a key element of information retrieval sys-
tems. More than a quarter-century ago, Thompson and Dozier observed that
names occur frequently enough in text documents to serve as a useful feature
in document search [4]. Even more commonly, name matches are used to solve
record-linkage (and the broader class of entity resolution) problems, allowing
a system to combine all records that relate to the same individual [5]. Name
matching has been applied to a wide variety of data sets; various name matching
algorithms have seen applications in electronic health records [6], legal informa-
tion systems [7], and voter files [8]. All of these fields, and many more, could
therefore see benefit from a name matching algorithm geared towards matching
transliterated Arabic names.

In order for information retrieval systems to effectively leverage names as
features of a document or record, the names must be comparable, i.e., it must
be possible to quantitatively assess how similar two names are. At the most
basic level, one might determine similarity by comparing the characters in the

5 GitHub link removed to maintain anonymity; it will be added to the final version of
the paper.



An Evaluation of Transliterated Arabic Name Matching Methods 3

names. Approaches that do so are known as “string-similarity” methods and
have historically been applied to many information retrieval and entity resolution
problems, including name matching [9–11]. One well-known example of a string-
similarity method is Levenshtein edit distance, which calculates the number of
character changes to transform one word into another. (Several other string-
similarity algorithms are discussed in Section 4.1.)

However, string-similarity methods fail when they encounter words that sound
similar, but are spelled differently (e.g., “Steven” and “Stephen”). This is uniquely
problematic in the case of names (especially transliterated ones), due to the di-
versity of spellings associated with the same pronunciation. As a result of this
deficiency, phonetic similarity algorithms (i.e., algorithms that identify words as
similar if they sound the same) are more common [12–14]. Phonetic similarity
methods typically have an encoding scheme that maps the characters in the orig-
inal string to an “encoded” series of characters (e.g., “Steven” and “Stephen”
are both encoded by the Soundex algorithm as “S135”). These encoded series
are then compared, either to find an exact match or using a string-similarity
method [15].

Because of their ability to account for varying spellings of similar-sounding
terms, phonetic similarity methods are commonly used to match names writ-
ten in Arabic script, either to others in Arabic script or ones that have been
transliterated with Latin characters. There exist a number of phonetic similarity
algorithms (often termed “Arabic Soundex”) used for matching names written in
Arabic script [16–18]. These algorithms each use a distinct mapping strategy to
encode Arabic names; the mappings differ slightly, some accounting for specific
accents or other nuances of the language. There also exist several methods for
matching Arabic script to its transliterated equivalent. Yousef encodes Arabic
script and Latin transliterations with Arabic Soundex and English Soundex, re-
spectively; he then compares the two encodings to each other [19]. Freeman et
al. employ a cross-linguistic Levenshtein edit distance which accounts for sets of
characters considered to “match” between Arabic and English. [20]. In contrast,
Kay and Rineer elect to normalize the Arabic script and then transliterate it to
compare it to its already-transliterated counterpart [21]. Approaches vary, but
the philosophy of comparison using phonetic similarity is consistent throughout
the literature.

While phonetic-similarity methods seem highly applicable to our use case
(matching pairs of transliterated Arabic names), the common phonetic matching
algorithms for words written with Latin characters are based on English pronun-
ciations [22]. To our knowledge, there has been one paper in modern literature
that addresses this problem [23]. Holmes, et al. use a highly-detailed rules-based
process for encoding transliterated names. Their methodology works well, but
fails to account for the variation in Arabic names that could potentially have
resulted in the transliteration. For example, the English “a” may result from
either a short-a (fatha) or long-a (alif) in the original Arabic. In addition, the
methodology from Holmes can produce false positives by eliding distinguishing
characteristics of names, in particular, the common prefix “Abdul-”. Thirdly, the
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Holmes methodology relies on a complex ordering of substitution rules to pro-
vide a surjective mapping between transliterated n-grams and encoded tokens.
The order of rules is of outsize importance in the quality of the matching, and
inadvertent modification of the rule order (for example, by adding, changing, or
removing a rule) can drastically impact the method’s effectiveness.

3 THE ARCODER ENCODING METHOD

ARCoder is an encoding strategy specifically designed for transliterated Arabic
names. It provides a mapping between characters of the transliterated name and
representative encoded symbols, where homophonous elements map to the same
symbol.

ARCoder has three features not commonly found in other name matching
strategies that provide advantages in matching Arabic names:

– The mapping can encode multiple variants, so that a single unencoded el-
ement can be represented by multiple encoded elements. The overall name
therefore is represented by the Cartesian product of all the variant elements.
For example, ARCoder encodes Zeinah as both “sena” and “seina.”

– Characters within a name may be encoded as n-grams (in contrast with, for
example, Soundex, which encodes character-by-character). For example, the
digraph “iy” encodes to “e” in ARCoder, which represents a long “e” sound
(e).

– The position of a character within the name may result in alternate map-
pings: a final “h” is ignored, whereas “h”s are not ignored if they appears
elsewhere in the name, and “t” can map to both “t” and “d” at the end of
a word, but only encodes to “t” within a word.

A detailed description of the encoding methodology used by ARCoder is
provided in Appendix A.

4 EVALUATION OF ENCODING STRATEGIES

In additional to Holmes’ methodology, we compare ARCoder to three other
common encoding strategies:

– Metaphone [24]
– New York State Information and Intelligence System (NYSIIS) [25]
– Soundex [26]

All of these algorithms were originally developed to compare English-language
words. Their performance can be considered a reasonable baseline for the com-
parison of transliterated Arabic names, as these algorithms are designed to op-
erate on Latin letters that result in English pronunciation (which is the nominal
use of transliterations). We also consider the original transliteration to be its
own encoding (“None”).
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4.1 Similarity Measures

In order to compare two encoded names, one needs to establish a metric by which
to assess their similarity. In the interest of providing a fair comparison, we use
several common text similarity measures as outlined below. Each computes p,
the similarity between strings s1 and s2. For each measure, 0 ≤ p ≤ 1.

4.1.1 Jaro Jaro similarity accounts for both the number of exact matches
between two strings, as well as the number of character transpositions that
would yield a match.

p =

{
0 if m == 0
1
3 (

m
|s1| +

m
|s2| +

m−t
m ) otherwise

(1)

where m is the number of matching characters, t is the number of transpo-
sitions (i.e., pairs of transposed characters), and |si| is the number of characters
in si.

4.1.2 Jaro-Winkler (JW) Jaro-Winkler similarity extends Jaro similarity
by adding a bonus for overlap between the first several characters in a string.

p = pj + cd(1− pj) (2)

where pj is the Jaro similarity between s1 and s2, c is the number of overlap-
ping characters (capped at 4) at the beginning of each string, and d is a scaling
factor (here, set to 0.1, as is convention). So long as d does not exceed 0.25, p
has an upper bound of 1.

4.1.3 Levenshtein Levenshtein edit distance is the number of single-character
changes (additions, deletions, substitutions) required to change one word to an-
other. Since the Levenshtein algorithm computes an unnormalized distance, we
use it to compute a similarity between s1 and s2, as follows:

p = 1− l

max(|s1|, |s2|)
(3)

where l is the Levenshtein edit distance between the strings.

4.1.4 Damerau-Levenshtein(DL) Damerau-Levenshtein edit distance is iden-
tical to Levenshtein edit distance except in that it accounts for transpositions
of adjacent letters, treating these as one change, rather than two changes. We
obtain a similarity based on Damerau-Levenshtein edit distance in the same way
we do for Levenshtein, above.
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4.2 Data

We employ a set of 1,519 transliterated Arabic names compiled by a native
Arabic linguist. These names are divided into 501 name groups, i.e., collections of
names transliterated from the same sequence of Arabic characters. For example,
a single name group may contain Ahmed, Ahmad, and Ahmet, because these are
all transliterations of the Arabic YÔg@.

We create pairwise combinations of these transliterated names and mark
them as matches or non-matches, depending on whether they are from the same
name group. Naturally, our data are heavily skewed in the direction of non-
matches, per Table 1. We believe this distribution approximately reflects the
real-world data onto which our algorithm might be applied, since in any given
pool of names, there are far more non-matching pairs than matching ones.

Regardless of the underlying distribution, our key metrics – precision and re-
call – do not tend to be heavily skewed by the data distribution. We prefer preci-
sion / recall curves to standard receiver operating characteristics (ROC) curves
to avoid obscuring the algorithms’ performance on the negative (non-matching)
class. Specifically, the false-positive rate used by the ROC curve tends to remain
artificially low, when there is a large number of negatives (non-matches) in the
data set, as is the case here [27–29]. Precision (the fraction of true matches out
of those assessed to be matches) does not encounter the same problem and so it
remains an informative metric in spite of the skewed distribution.

Table 1. Number of matches and non-matches in evaluation data.

Category Number

Match 2,100
Non-match 1,134,178

4.3 Comparison to Other Encoding Algorithms

Per Figure 1 and Table 2, ARCoder outperforms all other encoding strategies
using every assessed measure of similarity. Unsurprisingly, the English-based en-
coding algorithms (including no-encoding / “None”) perform significantly worse
than the two Arabic-specific encoding strategies.

For both ARCoder and Holmes, there is a noticeable drop-off in precision
above 0.6 recall, but ARCoder maintains high levels of precision at higher recall
values than Holmes, resulting in a significant outperformance overall. We believe
that the ability of ARCoder to encode transliterated n-grams to multiple variants
increases the overall number of positive match results. When applied intelligently,
these variants improve the true positive rate of the algorithm.
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(a) Jaro (b) JW

(c) Levenshtein (d) DL

Fig. 1. Precision-recall curves for various encoder / measure combinations.

4.4 Performance at Extreme Precision / Recall Values

It is often the case that information retrieval systems must work at very high
levels of precision or recall. For example, in the case of matching candidates
for high-trust jobs in the banking sector to a roster of candidates convicted of
financial crimes, high recall (minimizing false negatives) is absolutely necessary
as it could potentially be very costly to bring on an ineligible employee. However,
in the case of querying a database of existing customers to record a new sale,
high precision might be preferred. It would be far less damaging to create a
duplicate customer entry than to attribute a sale to the wrong customer.

To assess the performance of each algorithm at high levels of precision/recall,
we find the maximum recall value for a given precision level. We then do the same
with precision and recall reversed. For simplicity, we use Damerau-Levenshtein
to make these comparisons; similar results hold for all other similarity measures.
We report these values in Tables 3 and 4. The values may not comport precisely
with chart (d) in Figure 1, because they are affected by the thresholds available
in the data, whereas the precision / recall curves interpolate between them. As
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Table 2. Area under precision-recall curves. ARCoder has higher area across
all distance metrics tested.

Encoding Jaro JW Levenshtein DL

ARCoder 0.801 0.798 0.833 0.833
Holmes 0.707 0.707 0.773 0.773
Metaphone 0.606 0.605 0.612 0.612
None 0.446 0.465 0.514 0.513
NYSIIS 0.466 0.472 0.452 0.452
Soundex 0.561 0.557 0.560 0.560

a result, for a given minimum precision (recall) value, it may be the case that
the true precision (recall) is above the required minimum. To add appropriate
context, we report the true precision and recall values in parentheticals.

ARCoder outperforms the other encoding methods for almost every extreme
value of required precision and recall. In particular, ARCoder has moderately
higher recall, as compared to Holmes, at high required precision (Table 3) and
significantly outperforms Holmes in precision at high required recall (Table 4).
We do note that at the most extreme precision value assessed (0.95), Holmes out-
performs ARCoder. However, this appears to occur largely because ARCoder’s
predictions on this data set do not yield any precision values between 0.92
(where ARCoder achieves recall of approximately 0.76) and 1.0 (where ARCoder
achieves recall of 0).

Table 3. Maximum recall, at specified minimum precision levels. Corresponding
precision values are provided in parentheses, for added context.

Encoding
Minimum Precision

0.95 0.90 0.75

ARCoder 0.00 (1.00) 0.76 (0.92) 0.78 (0.89)
Holmes 0.62 (0.95) 0.63 (0.95) 0.65 (0.90)
Metaphone 0.00 (1.00) 0.00 (1.00) 0.00 (1.00)
None 0.02 (0.95) 0.03 (0.93) 0.19 (0.78)
NYSIIS 0.00 (1.00) 0.00 (1.00) 0.00 (1.00)
Soundex 0.00 (1.00) 0.00 (1.00) 0.00 (1.00)

Recall (Precision)

4.5 Computational Requirements

Given the scale of data on which these algorithms will need to be applied, the
computational requirements associated with encoding need to be taken into ac-
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Table 4. Maximum precision, at specified minimum recall levels. Corresponding
recall values are provided in parentheses, for added context.

Encoding
Minimum Recall

0.95 0.90 0.75

ARCoder 0.25 (0.96) 0.31 (0.90) 0.92 (0.76)
Holmes 0.06 (0.95) 0.30 (0.90) 0.37 (0.83)
Metaphone 0.09 (0.95) 0.09 (0.95) 0.48, (0.75)
None 0.04 (0.96) 0.09 (0.91) 0.24 (0.77)
NYSIIS 0.01 (0.96) 0.02 (0.92) 0.12 (0.80)
Soundex 0.03 (0.98) 0.03 (0.98) 0.25 (0.87)

Precision (Recall)

count. We encode every name in our evaluation data 1,000 times to obtain rela-
tive speed values for each algorithm 6 ARCoder’s computational requirements,
as we show in Figure 2, are on par with Holmes (if not an improvement from
their algorithm).7 Both ARCoder and Holmes, however, are significantly more
computationally expensive than the other algorithms we have assessed. It is
worthwhile to note that this problem is trivially parallel, insofar as each name
can be encoded without information about the others.

5 CONCLUSION

In this paper, we introduce ARCoder, a new method of matching transliterated
Arabic names. ARCoder provides unique features not typically found together
in any other encoding algorithm: the ability to encode transliterated names into
multiple variants; the ability to tokenize both single-characters and bigrams; and
the ability to customize encoding rules based on the position of the substring
within the name. Taken together, these features result in improved performance
by ARCoder, relative to existing methods. We demonstrate as much on a hand-
curated set of transliterated Arabic names, which we make available to other
researchers. In addition to demonstrating ARCoder’s overall performance im-
provement, we show its effectiveness at extreme values of precision and recall,
which are often required in information retrieval applications. Finally, we show
that ARCoder is no more computationally expensive than the next-best en-
coding algorithm, making it the optimal choice for transliterated Arabic name
encoding.

6 Speed assessment was conducted on a MacBook Air with a 1.8 GHz Dual-Core Intel
Core i5.

7 The authors have reimplemented Holmes’ algorithm in Python and used this reim-
plementation for the assessment of computational complexity. Given that Holmes’
algorithm was originally implemented in SQL, there may be optimizations on which
we do not fully capitalize.
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Fig. 2. Time to encode 1,519 names. ARCoder takes less time than Holmes
across multiple runs.

Our results in this paper leave ample room for further improvements to
transliterated Arabic name-matching. Potentially informative future work in-
cludes the development of hybrid / ensemble methods where the relative ad-
vantage of Holmes at very high precision values could be leveraged to improve
the overall precision / recall trade-off. Using a traditional classification model
on the raw similarity metrics may also yield improvements in name matching
predictions. Changes to the encoding map itself may also result in improved
performance.
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Appendix A. ARCODER METHODOLOGY

The process for encoding a transliterated Arabic name (with arbitrary capital-
ization) into a set of ARCoder-encoded strings is as follows:

1. Name Preprocessing
1.1 Convert all upper-case to lower-case Latin (“Address-Book!” becomes

“address-book!”).
1.2 Remove all invalid characters. The set of valid characters includes lower-

case alphabetics as well as the forward and reverse single-quotation
marks, spaces, and dashes. (“address-book!” becomes “address-book”)

1.3 Replace dashes with spaces (“address-book” becomes “address book”)
1.4 Remove all consecutive duplicate characters (“address book” becomes

“adres bok”)
1.5 Capitalize the first character in each word and concatenate the words

without spaces (“adres bok” becomes “AdresBok”)
2. Tokenization:

2.1 Create an empty ordered list of sets of tokens and initialize a variable
representing the string index to 0.

2.2 Starting at the first character in the processed name, determine whether
the next two characters match any of the mapping rules, paying atten-
tion to the position of the characters within the word. For example, the
presence of a capitalized letter indicates the start of a word. Perform the
tokenization in the following order:
– position-dependent bigram mapping
– position-independent bigram mapping
– position-dependent single-character mapping
– position-independent single-character mapping

2.3 Append the set of tokens (there can be more than one), and increment
the string index variable by either 1 or 2, depending on whether a bigram
or single-character mapping was used.

2.4 When the string index variable exceeds the length of the string, create
a set of variants by computing the Cartesian product of all items in the
token list, and concatenate each variant into a separate single string.
These strings represent the encoded name variants.

3. Comparison:
Two transliterated names are equivalent if the intersection of their tokenized
variant sets is non-empty. Furthermore, the maximum distance between all
pairs of tokenized variants can be used as a representation of approximate
equivalence.


