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Abstract

Approximate data matching applications typically
use similarity functions to quantify the degree of like-
ness between two data instances. There are several
similarity functions available, thus, it is often neces-
sary to evaluate a number of them aiming at choosing
the function that is more adequate to a specific appli-
cation. This paper presents a tool that uses average
precision and discernability to evaluate the quality of
similarity functions over a data set.
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1 Introduction

Approximate or similarity matching deals with the
problem of assessing if two different data instances
represent the same real world entity. Approximate
matching plays a central role in several advanced data
management applications like similarity join (Cohen
2000), entity resolution or record deduplication (Ben-
jelloun et al. 2006) and schema matching.
Approximate matching usually relies on similar-
ity functions to evaluate whether two data instances
(strings, tuples, etc) represent the same real world
entity. A similarity function f(vq,v2) — s takes two
data instances vy and wve as inputs and calculates a
score value s between 0 and 1. If the value for s
surpasses a given threshold ¢, the values v; and v
are considered to be representations of the same real
world entity. There is a large variety of similarity
functions, from simple string metrics (such as Leven-
shtein’s edit distance (Levenshtein 1966)) to metrics
specific to XML trees (Dorneles et al. 2004). Due to
this variety, designers often meet the task of choosing
the most appropriate function for a given application.
One measure often employed for evaluating and
comparing similarity functions is the classical mean
average precision (MAP). MAP measures the abil-
ity that a similarity function has in returning higher
similarity values for relevant matches and returning
lower similarity values for irrelevant matches. Using
the terminology applied in the information retrieval
area, MAP measures the ability that a similarity func-
tion has in moving relevant data instances to the top
of the ranking of results of a query. This means that
MAP is an adequate measure for evaluating similarity
functions in applications that employ top-k queries.
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Top-k queries return the k data instances that are
most similar to the query object. This is the typical
query in many information retrieval applications.

However, the queries employed in the data match-
ing applications are usually range queries. A range
query returns all data instances that when compared
with a query data instance return a similarity score
that is greater than a specified threshold value. This
means that when evaluating similarity functions for
range query applications one must take in account
not only the ability that the similarity function has
in returning relevant values at the top of a ranking,
but also the ability that the function has in return-
ing score values that are greater than the threshold
for relevant matches and returning score values that
are lower than the threshold for matches items. Dis-
cernability (da Silva et al. 2007) is a measure specifi-
cally designed for evaluating the quality of similarity
functions for range queries. An important difference
between these discernability and MAP is that dis-
cernability takes the scores assigned to relevant and
irrelevant data items into consideration and not just
their ranks as MAP does.

This paper presents SimFEval, a tool that evaluates
the quality of similarity functions for a given data set.
In order to perform such evaluation, the tool applies
both quality measures, mean average precision and
discernability.

The remainder of this paper is organized as fol-
lows: Section 2 introduces the two measures for eval-
uating similarity functions; Section 3 presents the tool
and Section 4 presents the conclusions.

2 Evaluating Similarity Functions

The evaluation of similarity functions can be
done using different methods. The next subsec-
tions present the two measures used in our tool
mean average precision and discernability. Both
measures are based on the concept of relevance. An
item from the database that represents the same real
world object as the one in the query is considered rel-
evant. Conversely, an item from the database that
does not represent the same real world entity as the
query is considered irrelevant.

In order to calculate both evaluation measures,
some resources are necessary: (i) a set of database
items to be used as queries; and (ii) a set of simi-
larity functions to be evaluated. Next, a ranking is
generated for each similarity function and each query.
The ranking is sorted decreasingly by similarity score.
Following, a domain expert performs the relevance
judgements, i.e. marks the relevant and irrelevant
data items on each ranking. An example of a ranking
generated by a similarity function is given in Table 1.



2.1 Calculating Mean Average Precision

For each position ¢ in the ranking that corresponds to
a relevant item, the precision at the ¢ — th is the ratio
r; = n/i, where n is the number of relevant results
retrieved up to line i. After calculating the ratio r for
all m relevant ranks, the average precision for a query
is defined as the average of all m ratios r. The mean
average precision (M AP) for a similarity function is
the arithmetic mean of the average precisions for the
individual queries.

2.2 Calculating Discernability

Discernability is a measure specifically designed for
evaluating similarity functions proposed by (da Silva
et al. 2007). Besides providing a means for evaluating
similarity functions, this technique also estimates the
optimal threshold ¢ to be used by a similarity function
for a data set. This threshold aims at minimizing false
negatives and false positives retrieved in response to
a set of queries. Details of the discernability compu-
tation are given in da Silva et al. (2007). This section
provides a brief description of the method.

The calculation of discernability takes two aspects
into consideration:

(i) whether the similarity function succeeded in
separating relevant and irrelevant data items.
A good similarity function should assign higher
scores to all relevant data items than to the ir-
relevant ones; and

(ii) the level of separation between relevant and ir-
relevant data items. An ideal similarity function
should not only separate relevant and irrelevant
data items, but it should also place them within
a reasonable distance, creating two clearly dis-
tinct sets.

The formula for calculating the discernability of
a similarity function is given in equation 1:

discernability® (nin gmax f ) =
C1 max min C2 fmax
_ 7 max . 1
Cl+02< best best) Cl+02 2n ( )
where: L is the similarity function being anal-
min max

ysed; ¢pih and ¢5.2% are the limits for the optimal
threshold interval; ¢; and co are coefficients which al-
low the user to express the importance given to each
of the two aspects considered above; fy,q., which is
explained more thoroughly below, is the number of
points achieved by the threshold interval [t72F, tp22%];
and n is the number of queries.

The relevance judgements provided by the user en-
able the identification of two important points in a
ranking generated by a similarity function in response
to a query:

® s..; - The lowest score achieved by a relevant
data item

® Sirrei - The highest score achieved by an irrele-
vant data item

Example: Consider a database containing titles
of Computing Science subjects. The object “Rank-
ing in Databases” is represented in five different
forms, namely: “Ranking in Databases”, “Ranking
on Databases” ,“Ranking on DBs”, “Rankin in DBs”,
“Ranking and DBs”. Assuming that the database
contains eight data items, a similarity ranking accord-
ing to the Levenshtein (Levenshtein 1966) metric is

Table 1: Example of similarity ranking

Score | Data Item | Relevance
1.0000 | Ranking in Databases | Relevant
0.9444 | Ranking on Databases | Relevant
0.6111 | Ranking on DBs Relevant
0.6111 | Ranking and DBs Relevant
0.6111 | Rankin in DBs Relevant
0.5789 | Relational Databases | Irrelevant
0.4444 | Ranking on IR Irrelevant
0.3889 | Ranking Correlation Irrelevant

given in Table 1. According to this ranking, the low-
est score of a relevant item is s,.; = 0.6111 and the
highest score of an irrelevant item is s;,r; = 0.5789.

In this example, the similarity function has suc-
ceeded in separating relevant and irrelevant items
since the last relevant item was retrieved before the
first irrelevant one. However, the two sets are quite
close in the ranking, which is not desirable. When a
function fails to do a correct separation, $;,.; will be
greater than s,.;. As a result, the function will be
penalized scoring a low discernability value.

Plotting a set of queries with their respective s;,¢;
and S;rrel, as in Figure 1, it is possible to visualize
the distance between the relevant and irrelevant data
items assigned by the similarity function. In our ap-
proach, such a distance is an important parameter
used to evaluate the quality of a given similarity met-
ric. As mentioned before, a good similarity function
will clearly separate the relevant set from the irrele-
vant set.

The BestThresh algorithm (da Silva et al. 2007),
which finds the optimal threshold interval (high-
lighted gray in Figure 1), is based on a reward func-
tion. It proceeds as follows: Each threshold ¢ in the
interval [0,1] (varying according to a predefined nu-
meric precision), is compared to S;.¢; and $;,¢; for the
rankings produced in response to a number of queries.
One of three outcomes is possible from such compar-
isons:

(i) the threshold ¢ is at the same time less than s,
and greater than s;...;. This means that it is
able to separate relevant and irrelevant items,
so it earns two points.

(ii) the threshold t¢ satisfies only one of the condi-
tions. This means that both relevant and irrele-
vant items are on the same side (either above or
below) the line drawn by the threshold. It then
scores zero points.

(iii) the threshold ¢ fails both conditions. In that
situation, the last relevant result is below the
threshold line whilst the first irrelevant result is
above it. As a result, ¢ loses 2 points.

The algorithm then searches for the highest
number of points (fima.) achieved by a threshold.
Once fq, is found, the algorithm searches for the
contiguous interval of values of ¢ ([tn | ¢max]) that
achieve (fmaz)-

In addition to BestThresh, da Silva et al. (2007)
propose a statistical method for finding the optimal
threshold. This method is based on the distribution of
Srel and S;re; values for a sample of n queries. Exper-
imental results show that both methods for threshold
estimation are in agreement. For the tests performed
in this paper we have used the algorithmic method
BestThresh.
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Figure 1: Plot of s,..; (dots) and s;.re; (squares) values over 50 queries. The interval of threshold that best
separates relevant and irrelevant data items is highlighted.

2.3 Comparing M AP and Discernability

Comparing both evaluation measures it was possible
to conclude that discernability is able to find differ-
ences between similarity functions that are consid-
ered identical by M AP. This is due to the fact that
discernability takes the scores assigned by the simi-
larity functions to relevant and irrelevant data items
into consideration and not just their ranks. In addi-
tion, the two measures not always agree on the best
similarity function. These conflicts do not mean that
one of the measures is wrong in its judgement, since
they were designed for different purposes. M AP was
designed to assess rankings produced in response to
IR-style queries. On the other hand, discernability
was designed to assess rankings produced in response
to range queries.

3 The SimFEval Tool

The SimFEval tool, described in this paper, aims
at assessing the quality of similarity functions ap-
plied to a given domain. SimFEwval is a web appli-
cation, developed in Java, which uses the MySQL
database and a TomCat server. The URL for access-
ing the tool is http://www.inf .ufrgs.br/~heuser/
simeval.html.

The input to the tool is a file with the dataset for
which the evaluation will be performed. The format
for the data file is the same used by FEBRL (Freely
Extensible Biomedical Record Linkage) proposed by
Christen et al. (2004). FEBRL generates synthetic
data sets to be used by record linkage and dedupli-
cation systems. There are two main advantages of
adopting this format:

(i) The relevance judgements are provided within
the file. The identification of each data instance
can be processed to provide relevance informa-
tion.

(ii) Synthetic data sets produced with FEBRL can
be directly used by the tool. This facilitates the
running of experiments.

An example of a fragment from the file is shown
in Figure 2.

The current version of the tool is designed to eval-
uate data sets containing a single column. Therefore,

/ Id of the string

rec-0-org, XM Databases ¢ original string
rec-0-dup-0, XM. Dat abase €————— duplicate string

rec-0-dup-1, XM. Data base
rec- 0-dup-2, XM Dat abse

Figure 5: Input file format

if the input data file contains a set of attributes (tu-
ples), those will be concatenated into a single string
and processed by the tool.

The SimEwval tool provides all 23 similarity func-
tions available from SimMetrics (Chapman 2007),
which is an open source library of similarity func-
tions. It includes a range of similarity measures from
a variety of communities, including statistics, DNA
analysis, artificial intelligence, information retrieval,
and databases. These are listed below:

e Soundex

e JaccardSimilarity

e SmithWaterman

e JaroWinkler

e SmithWatermanGotoh
e EuclideanDistance

e TagLinkToken

e ChapmanMeanLength
e QGramsDistance

e ChapmanMatchingSoundex
e CosineSimilarity

e OverlapCoefficient

e Levenshtein

e Jaro

e NeedlemanWunch

e MongeElkan

e TagLink



DiceSimilarity

SmithWatermanGotohWindowed A ffine

ChapmanOrderedNameCompoundSimilarity
BlockDistance

ChapmanLengthDeviation

MatchingCoefficient

The tool allows the generation of several samples
of queries, for specific similarity functions. For exam-
ple, it is possible to process 10 samples of 50 queries
each, using Soundex, JaroWinkler and Levenshtein.

In order to visualize the results of the evaluation
measures, the tool displays the scores calculated by
discernability and M AP for all samples. It is also
possible to visualize the details for a sample, or the
ranking for a specific query.

The tool is very easy to use. Just three steps are
necessary:

1. Upload data file: the user informs the file con-
taining the data set in FEBRL format. This step
is shown in Figure 3.

2. Sample generation: the user chooses which sim-
ilarity functions to use, how many samples and
how many queries in each sample. This step is
shown in Figure 4.

3. Analysis of results: the scores for M AP and
discernability are shown to the user. All results
are stored in a MySQL database, thus it is possi-
ble to see results previously generated. This step
is shown in Figure 5.

The screen that displays the results has a cell for
each sample. A click on the cell opens the screen
with the details of the sample. This screen shows, for
example, the values of s,..; and s;-¢; for each query.
By clicking on a cell with the query results, the user
is taken to a screen that displays the ranking of all
database items in response to that query.

4 Conclusions

In order to perform range queries it is necessary to
evaluate which similarity function is most suitable for
a given application. The SimFEwal tool, presented
in this paper, aims at fulfilling this need using two
evaluation measures discernability and M AP.

Amongst the possibilities for improvements there
are performance enhancements that can be achieved
through the implementation of the similarity func-
tions directly into the database, and the generation
of graphics to aid the visualization of the results.
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Figure 2: Step 1 - Upload data file
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Figure 3: Step 2 - Choose sample size, number of samples and similarity functions
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Figure 4: Step 3 - Analyze results. The scores for discernability and M AP are shown for each sample and

each similarity function



