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Abstract. We introduce a novel string similarity metric based on a

matching problem formulation. This formulation combined with other

heuristics generates comparatively more accurate string similarity scores

than some other methods. The results of the proposed method are im-

proved by training the method on domain data. A detailed description

of the method as well as computational results on many databases are

given.

1 Introduction

Automatic methods for duplicate record detection such as record linkage, [1],
merge/purge, [2], duplicate detection, [3], and Hardening, [4], among others,
have been suggested for many years now. Although different in concept, they
all require, in one form or other, the use of string similarity metrics, in order to
decide if two records are similar enough to be considered as duplicates.

String similarity metrics can be roughly divided into three general groups [5]:
Token-based metrics, character-based metrics and hybrid metrics. The token-

based metrics, of which Jaccard, [6], Cosine and TFIDF, [7], are members, con-

sider strings as "bags of words", [7]. Character-based metrics such as the Jaro

metric, [8], and its variants, count the number of similar characters in a pair
of strings. Edit metrics, such as the Levenshtein, [9], and its variants, count
the number of character-level operations (delete, insert, substitute) required to
transform one string into another treating the string as a sequence of characters.

Hybrid metrics combine both the token-based and the character-based metrics.
In a hybrid metric, a token-based metric uses scores obtained by a character-

based metric. Common examples of hybrid metrics are SoftTFIDF [5], and the

metric due to Monge and Elkan [3], also known as Level2 method. For a good
survey of string metrics, the reader is advised to consult [5]. There, a comparison

between several string metrics has been carried out and SoftTFIDF performed

best on average.

Because the results from using individual metrics often lack consistency, tech-

niques such as the Support Vector Machine (SVM) approach, [10], that combines

results from different metrics, has been introduced. This regressional type ap-

proach may be limited in its applicability due to computational costs particu-
larly when the number of participating metrics is high and the input databases
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are large. The consistency issue spawned other approaches such as those which

rely on training. In [10], [11], [12], [13], [14], [15], [16], [17], [18], [19], [20], and
[21] trained techniques have been suggested. Because parameter tuning is done
according to what domain the input database is concerned with, consistency

performance is therefore enhanced. So far, however, trained techniques are
mainly of the character-based type.

in

Here we suggest a novel metric for string similarity. The approach is hybrid
in nature; it combines a character-based metric and a token-based metric, both

explained later. Moreover, it can also be trained for a given domain. The training
procedure will be explained later too. Both the non-trained and the trained

versions of it are compared on a set of databases with several approaches as

can be found in SecondString, [5], and Simmetrics Java toolkits, [22]. The non-
trained version performs consistently well in all experiments. But, the trained
version performs better and compares favorably with all metrics considered.

In the next section we provide a motivation for this metric. In section 3 we

formalize the presented ideas into a model. In section 4 we explain the string
metric. In section 5 we illustrate the method with an example. In section 6

we define a method to estimate the parameters of the proposed string metric.
Section 7 contains comparison results and section 8, the conclusion.

2 Motivation

Consider a pair of strings T and U, which, through tokenisation, we break
into substrings (tokens) as: T = {T1, T2,..., T1} and U = {U₁,U2,..., UJ}. A
character-based method calculates all similarity scores Sij (T;, U;) between to-
ken T; and token U; for i = 1,..., I and j = 1,..., J. Based on these scores,

a token-based method selects the most adequate token pairs in order to com-

pute the similarity score s (T, U) of strings T and U. Both scores sij (Ti, Uj)
and s (T, U) take positive and possibly zero values with the large values corre-

sponding to good matches and low values to (potentially) non-matches in both
character and token comparisons.

Ideally, similarity metrics (hybrid or otherwise) must be consistent. In other
words, the similarity of similar or near similar strings returned must be high and

that of "not so similar strings" must be low in comparison. Unfortunately, this is
often not the case and the reason may well lie with the way the token similarity
is calculated.

Consider the two most common hybrid methods: SoftTFIDF and Level2.

SoftTFIDF defines CLOSE (0,T, U) as a triplet containing strings T and U

and a scalar 0 such that for any token T; included, there is some token U; such
that Sij (Ti, U;) > 0, and sij is a similarity score from a character-based string
metric, such as Jaro-Winkler, [23]. In contrast, the Level2 method considers the

complete set of tokens in T, and then chooses as similar to each token Ti, those
J

tokens U; from U having: max sij (T;, U3) where si; is a similarity score from a
j=1

character-based string metric, such as a variant of the Levenshtein method due

to Monge and Elkan, [23].
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