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ABSTRACT
Record linkage is an important problem in all data integra-
tion contexts that assume to be valid the hypothesis of data
sources affected by errors.

In this paper we formulate the record linkage problem as
a multiobjective optimization problem and we propose an
algorithm for solving it based on evolutionary computation.
This computational paradigm has a stochastic, adaptive and
intrinsically parallel nature that makes it particularly suit-
able for on-the-fly data integration contexts.

Experiments on real datasets proved the effectiveness and
efficiency of this novel approach.

1. INTRODUCTION
The Record Linkage (RL) problem arises in all application

scenarios in which a data integration activity must be per-
formed. Given two (or more records) RL has the purpose of
comparing them on some common attributes and deciding
if they are a match or not, on the basis of the result of such
a comparison. The complexity of the problem resides in the
lack of identifiers for the sources to be integrated and in the
presence of errors in the records to be matched.

The record linkage problem has been studied for more
than five decades. More specifically, record linkage tech-
niques can be classified into: probabilistic, knowledge-based
and empirical [2]. The main reference for the probabilistic
RL literature is the Fellegi and Sunter model [8]; many dif-
ferent methods have been proposed to estimate the parame-
ters of such a model, most of them based on the Expectation-
Maximization method [12, 22]. One problem of the proba-
bilistic approaches is related to the estimation of the param-
eters of the Fellegi and Sunter model with large data sets
[23]. In knowledge-based techniques (e.g. [17]) the RL pro-
cess is based on the use of rules. These rules represent the
domain knowledge that is extracted from the data sources
to be matched, and reasoning strategies are applied to make
the process more effective. These techniques are typically
based on the usage of training sets to learn rules, so they
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are appropriate for contexts where training sets are available
and can be easily used. Empirical techniques (see [7] for a
survey) focus mainly on the search space reduction problem
and are typically used in conjunction with techniques of the
cited paradigms. Though there is a rich scientific production
for the RL problem, the provided solutions are not immedi-
ately applicable to a new data integration paradigm that is
currently emerging.

The current scenario for accessing separate data sources
in a unified way presents two extreme situations. On the one
hand, there are traditional data integration systems success-
fully working, such as Expedia. On the other hand, there
are search engines, like Google, that access extensive parts
of the Web, but have an inherent page-based view of data.
It is becoming more and more important for several appli-
cations to have systems that: (i) do not have the complexity
and the limitations in terms of scale and rigidity of tradi-
tional data integration systems; (ii) can do more than the
page-based access style of search engines.

In order to face the challenges mentioned above, there is
the urgent need of a new generation of systems that must
be able to do on-the-fly data integration, that is to perform
integration with specific and well-defined features: quick set-
up and access time, large scale and dynamicity.

Given such strict requirements, new RL strategies should
be worked upon. For instance, the usage of probabilistic
techniques for RL has the problem of dealing with large
datasets. Knowledge-based techniques heavily rely on train-
ing set data and on stable configuration of the sources to be
integrated.

To overcome these limitations, we propose to solve record
linkage in on-the-fly integration scenarios by using a com-
pletely novel approach, based on evolutionary computation.
Evolutionary algorithms have all the features desired for this
specific setting: they are stochastic, adaptive and intrinsi-
cally parallel search algorithms. Indeed, the stochastic fea-
ture and the intrinsic parallelism can help to face problems
deriving from large scale; adaptiveness is very important for
the dynamicity and openness features.

More specifically, in this paper, we first formulate the
record linkage problem as a multiobjective optimization
problem. Then, we extend an evolutionary algorithm named
NSGA-II in order to solve our problem. We experimen-
tally show that our algorithm has good performance, both
in terms of effectiveness and efficiency.

The rest of the paper is organized as follows. After some
background definitions, provided in Section 2, Section 3 de-
scribes two formulations of the record linkage problem and



Section 4 describes the details of the proposed algorithm. Fi-
nally, we present our experimental results in Section 5 and
we draw some conclusions in Section 7. The related work is
presented in Section 6.

2. DEFINITIONS
Before presenting the details of our algorithm we provide

some background definitions. In general, multiobjective op-
timization problems can be defined in the following way [4,
3]:

Min/Max fm(x) m = 1, 2, ..., M (1)

gj � 0 j = 0, ..., J (2)

hk = 0 k = 1, ..., K (3)

xL
i � xi � xU

i i = 1, ..., n. (4)

Where f is the function to optimize, (2) and (3) represent
constraints to be satisfied and (4) is the interval of values
that xi can assume.
The differences between multiobjective optimization prob-
lems and the single-objective ones are:

• M objectives instead of a single one;

• beside the n-dimensional space of the admissible so-
lutions (which is also present in single-objective opti-
mization problems), there is a further M-dimensional
space whose coordinates correspond to the M objec-
tives of the problem;

• generation of a set of solutions.

In a multiobjective optimization scenario a different defi-
nition of optimum is needed. In the following we introduce
the notion of Pareto optimum that is the one mainly adopted
in these cases.

Definition - Pareto Optimality A solution x ∈ Ω is
Pareto optimal in Ω if and only if there is no y ∈ Ω :
v = F (y) = f1(y), f2(y), ..., fk(y) dominates u = F (x) =
f1(x), f2(x), ..., fk(x).

To state if a solution x is better than a solution y we refer
to the following definition:

Definition - Pareto Dominance A vector u =
(u1, ..., uk) dominates a vector v = (v1, ..., vk) (u � v) if and
only if ∀i ∈ {1, .., k} ui � vi and ∃i ∈ {1, .., k} ui < vi.
With this ordering relation between the solutions an opti-
mal set will be defined in the following way:
Definition - Pareto Optimal Set Let us consider an op-
timization problem where F (x) is the function to be opti-
mized, the Pareto Optimal Set P is: P = {x ∈ Ω | �y ∈
Ω F (y) � F (x)}.

For each decision variable belonging to the Pareto Opti-
mal Set there is a correspondent vector in the space of the
objective function as stated by the following definition:

Definition - Pareto Front Let us consider an optimiza-
tion problem with an objective function F (x) and a Pareto
Optimal Set P, the Pareto Front F is defined as:
F = {u = F (x) | x ∈ P}.

Multiobjective optimization problems can be solved with
evolutionary algorithms [1]. Evolutionary computation is a
paradigm inspired by the biological evolution process that is

ruled by natural selection [13]; it includes techniques of ge-
netic algorithms, evolution strategies and evolutionary pro-
gramming [10]. The use of evolutionary algorithm to solve
multioptimization problems is mainly due to the population-
based nature of these algorithms which allows the generation
of several elements of the Pareto Optimal Set in a single run.
A formal definition for an evolutionary algorithm is provided
in the following.

Definition - Evolutionary Algorithm An evolutionary
algorithm is defined as an 8-tuple
EA = (I, Φ, Ω, μ, λ, s, ι, Ψ)

where:

• I = Ax × As is the space of the individuals with Ax

and As arbitrary sets.

• Φ : I �−→ R denotes the fitness function which assigns
real values to the individuals.

• Ω = {ωΘi, ..., ωΘz | ωΘi : Iλ �→ Iλ} ∪ {ωΘ0 : Iμ �→
Iλ} is a set of probabilistic genetic operators ωΘi,
each one controlled by specific parameters contained
in Θi ⊂ R. λ is the number of son-individuals and μ
is the number of father-individuals.

• sΘi : (Iλ ∪ Iμ+λ) �→ Iμ denotes the selection opera-
tor that can change the number of individuals from
λ to μ + λ where λ = μ is allowed. A further set of
parameters Θs can be used by the selection operator.

• Finally ι : Iμ �→ {true, false} is an ending condition
for the evolutionary algorithm and the transition func-
tion Ψ : Iμ �→ Iμ describes the transformation process
of a population P into the next one by applying the
genetic operators and the selection:

– Ψ = s ◦ ωΘ1 ◦ ... ◦ ωΘj ◦ ωΘ0

– Ψ(P) = sΘi(Q
S

ωΘi1(...(ωΘij (ωΘ0(P)))...))

– {i1, ..., ij} ⊆ {1, ...z} Q ∈ {∅, P}

3. PROBLEM FORMULATION
Let us consider two files, say A and B, of dimension n and

m respectively. Without loss of generality we assume that
n � m.

In our work we formulate the RL problem as a multi-
objective optimization problem, according to two distinct
formulations, detailed in the following.

FORMULATION I

max
mX

i=1

nX
j=1

F (yA
i , yB

j ) · xij (5)

mX
j=1

xij � 1 (6)

nX
i=1

xij � 1 (7)



F (yA
i , yB

j ) =

2
6666664

f1(y
A
i1, y

B
j1)

f2(y
A
i2, y

B
j2)

.

.

.
fk(yA

ik, yB
jk)

3
7777775

(8)

xij ∈ {0, 1}

Variables xij are equal to 1 when record j of file B
has been assigned/matched to record i of file A and 0
otherwise.

The function F (yA
i , yB

j ) calculates the distances between
fields of record i of file A and fields of record j of file B and
it is composed by the functions f1(y

A
i1, y

B
j1), ..., fn(yA

in, yB
jn).

These functions can be chosen among a set of comparison
functions between strings such as Edit Distance, Jaro and
others [16]. Note that a different function can be used for
comparing different fields.

Constraints (6) and (7) assure that the match is one to
one. Specifically, a record of the file A can be matched with
at most one record of the file B and viceversa.

The goal is to maximize the total values for comparison
functions.

Example.
Let us suppose to run a RL procedure between table 1

and table 2, shown in the following. As a first step we focus
on the common attributes of file A and file B thus obtaining
files A’ and B’ shown in tables 3 and 4.

Table 1: File A
N Surname Address Income
1 Smith Wasington str. 20000
2 Smith Lincoln str. 16 10000
3 White Lincoln str. 90 50000

Table 2: File B
N Address Name Sex Surname
1 Washington str. 16 Antony M Smith
2 Lincoln str. Lucy F Smit
3 Lincoln str. 90 Mary F White
4 Kennedy str. 90 John M Whit

Table 3: File A′
N Surname Address
1 Smith Wasington str.
2 Smith Lincoln str. 16
3 White Lincoln str. 90

Table 4: File B′
N Surname Address
1 Smith Washington str. 16
2 Smit Lincoln str.
3 Whit Lincoln str. 90
4 White Kennedy str. 90

The problem formulation for this input is:

max
3X

i=1

4X
j=1

F (yA′
i , yB′

j ) · xij

4X
j=1

xij � 1

3X
i=1

xij � 1

F (yA′
i , yB′

j ) =

"
EditDistance1(y

A′
i1 , yB′

j1 )

EditDistance2(y
A′
i2 , yB′

j2 ))

#

xij ∈ {0, 1} i = 1, .., 3 j = 1, .., 4

Notice that for both Surname and Address we have chosen
the edit distance as comparison function.

An optimal solution for this case is obtained with the
following assignment of the variables:

x11 = 1 x22 = 1 x33 = 1

∀ij (1 ≤ i ≤ 3 ∧ 1 ≤ j ≤ 4 ∧ i �= j) → xij = 0.

Formulation I does not take into account any threshold value
when comparing different record fields on the basis of sim-
ilarity functions. However, this is a common input to sev-
eral record linkage procedures; therefore, we include these
thresholds in a second problem formulation, detailed in the
following.

FORMULATION II

max
mX

i=1

nX
j=1

(F (yA
i , yB

j ) · xij) · tij (9)

mX
j=1

xij � 1 (10)

nX
i=1

xij � 1 (11)



F (yA
i , yB

j ) =

2
6666664

f1(y
A
i1, y

B
j1)

f2(y
A
i2, y

B
j2)

.

.

.
fk(yA

ik, yB
jk)

3
7777775

(12)

V =

2
6664

α1

.

.

.
αk

3
7775 (13)

tij = 1 iff F (yA
i , yB

j ) � V and xij = 1 (14)

α ∈ [0, 1]

tij ∈ {0, 1}

xij ∈ {0, 1}

The objective of this problem formulation is the max-
imization of the global similarity values of those match that
satisfy the condition F (yA

i , yB
j ) � V and xij = 1 where V is

a vector of similarity thresholds that a match must exceed
or at least be equal in order to be considered a true match.
For this second formulation of the problem we developed
an algorithm that uses a specific mutation genetic operator
in order to focus the search. The genes of the individual of
the population that is submitted to mutation are changed
in a selective way. The mutated genes are those that
correspond to matches that do not satisfy the condition
F (yA

i , yB
j ) � V and xij = 1 .

4. EARL: AN EVOLUTIONARY ALGO-
RITHM FOR RECORD LINKAGE

In this section we describe the algorithm we propose for
record linkage, called EARL (Evolutionary Algorithm for
Record Linkage). The aim of the algorithm is to generate a
matching of records where the total distance between each
attribute selected for the match is maximized, according to
the given problem formulations.
The algorithm is composed by the phases shown in Figure
1, which are described in the following.

4.1 Phase I: Initialization and Creation of the
First Population

The parameters that are input to EARL are:

• The dimension of the initial population, the number of
generations and a parameter, named x, which is a neg-
ative integer that supports the creation of individuals
(as better detailed in the following). All these parame-
ters are set on the basis of the results we have obtained
from tests on real datasets, detailed in Section 5.

• Matching attributes, that is those attributes of the in-
put files that will be actually compared for taking the

EARL

Initialization and Creation 
of the First Population

NSGA-II Extended with 
Genetic Operators

Phase I

Phase II

Figure 1: The phases of EARL

matching decision. These attributes are chosen by a
domain expert.

In the following, we will indicate as donor file, the file which
has the highest number of records; we will indicate as receiv-
ing file the other one. The donor and receiving files are read
in two multidimensional arrays, with a number of rows equal
to the records of each file and a number of columns equal to
the number of attributes selected for the match. The first
population is generated in a random way starting from the
files which are input to the record linkage procedure. Let m
be the dimension of the donor file and n be the dimension of
the receiving file. Each individual of the initial population,
say v, is represented by an array of objects with dimension
n. Each object is a vector of k values corresponding to val-
ues of the comparison function function for each attribute in
case of a match, it is vector of zero otherwise. The following
pseudocode shows how each individual is created.

for i=1 to n
z=randomGen(x,m)

if z<0
[vi1 . . . vik] = [0, . . . , 0]

else if z=q>0

[vi1 . . . vik] = [f1(y
don
i1 , yrec

q1 ), . . . , fk(ydon
ik , yrec

qk )]

The function randomGen generates a random value be-
tween x and m, where x is a parameter set in dependence
of the value of m (see Section 5); the idea is to select ran-
domly the index of the record of the donor file to match (or
not) with the current index of the record of the receiving file.
The variable z has a negative value in the case of a decision
of not assigning a match for the corresponding records which
have been compared; it has a positive value otherwise.

In order to satisfy the RL one-to-one constraint, when
creating the new individual a preventive check is performed
to avoid the creation of inadmissible solutions.

4.2 Phase II: NSGA-II extended with Genetic
Operators

4.2.1 NSGA-II



NSGA-II is a multi-objective evolutionary algorithm that
sorts the solutions according to the Pareto non-dominance
principle. The steps of NSGA-II are the followings [4, 3, 5]:

NSGA − II(N, g, fk(xk))

N number of individuals, g number of generations, fk(xk)

function to be optimized

1. Initialization of a population P1 of size N

2. Evaluation of the individuals for each objective

3. Assignment of a rank to each individual in function of a

ranking based on the Pareto dominance principle

4. Generation of individuals from P1 in order to obtain a pop-

ulation P ′
1 of size 2N

(a) Extraction of individuals from P1 with a selection

(b) Crossover and mutation of the extracted individuals

5. for i = 1 to g

For each individual of population P ′
i with i > 1

(a) According to the Pareto dominance principle, as-

signment of a rank to each individual and con-

forming partition of the population into non-

dominated fronts Fk

(b) Creation of a new population Pi+1 of size N from

P ′
i

for j = 0 to j < k Fj .size < N − Pi+1.size

sorting the solutions of Fj by the so-called

crowding distance 1

Pi+1 = Pi+1 ∪ Fj

(c) If N − Pi+1.size > 0

sorting of the solutions of Fj according to the

crowding distance

adding of the first N − Pi+1.size of FJ to Pi+1

(d) Creation of P ′
i+1 through selection, crossover and

mutation on Pi+1

The algorithm creates a population of individuals, it sorts
each individual according to its level of non-domination then
it applies the evolutionary operators to the population. The
favorite individuals for the new population are those with
the best rank and with the best crowding distance (elitism).

4.2.2 Input Parameters to NSGA-II
The algorithm NSGA-II is initialized in the following way:

• N is the initial population where each individual repre-
sents a linkage between the receiving file and the donor
file;

• g is the number of generations;

1The crowding distance is computed for each objective i in
the following way:
• sorting of the solutions according to the objective i;
• computation of the distance of the individual s as the dif-

ference between the values of fi assumed by the previous
and by the next individual of s, this value is normalized
with the difference that the first and the last individuals
assume for objective i;

• the crowding distance of individual s will be the sum of
these distances obtained for each objective i.

• the function to be optimized is:

F (v) =
nX

i=1

[vi1, . . . , vik] = [v1, . . . , vk] (15)

where v1 denotes (a value for) the global similarity
between the strings of the field that corresponds to the
first matching attribute of the record of the receiving
file and of the donor file of the individual v.

• the genetic operators defined in the following section.

4.2.3 Definition of the Genetic Operators
In this section we describe the genetic operators used in

EARL. The selection operator is binary tournament, as typ-
ically used in NSGA-II.

The binary tournament genetic operator selects the indi-
viduals of the population in the following way:

1. a sorted array whose length is equal to the dimension
of the population is created, each field of the array
contains an integer that represents an individual of the
population, the array can contain the same elements;

2. it takes the individual i and the individual i + 1, se-
lected between the following:

• the individual with the best rank;

• the individual with the best crowding distance,
when having the same rank;

• the individual is randomly selected, when having
the same rank and the same crowding distance.

The crossover and mutation operators have been newly
defined in order to fit our specific problem.
Our crossover operator takes as input two individuals and
returns two individuals built with the best genes of the
starting individuals. To perform this kind of crossover
the genes of the starting individuals are compared one by
one, if there exists a gene that dominates (according to
the Pareto Dominance principle) the other, this gene is
selected to create the new individual, otherwise, if none of
the individuals dominate another one, the choice will be
random.
Our mutation operator changes those genes that correspond
to values of the similarity function that will probably lead
to false-matching. Specifically the similarity functions
assume values between 0 and 1 and if the value computed
between any two attributes of two records is 0 then with a
high probability the two records don’t represent the same
entity.

The genes of the individual submitted to mutation are
changed in part according to the described mutation op-
erator and in part randomly. The described mutation is
mainly performed in the first generations and becomes less
frequent in the next generations when the ratio between non-
good genes and the total genes is less significant. On the
other hand the random mutation, that is always applied to
the same part of the population during all the generations,
avoids the risk of a too premature convergence and the risk
of falling into local maxima of the function.
In order to satisfy the RL one-to-one constraint, when cre-
ating the new individual a repairing action is performed.
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5. EXPERIMENTS
This section describes a set of experiments performed with

the objective of testing the effectiveness and efficiency of
EARL.

We have used real data sets about personal data related
to Rome citizens, owned by an Italian public administra-
tion. Specifically, we have run experiments on two datasets
that were populated by different processes, each of size of
about 8000 records. On these datasets, in the following
called dataset A and dataset B, a record linkage activity had
already been performed in the context of a project lasted
several months and involving both deterministic and prob-
abilistic procedures. A significant human intervention was
also necessary in order to decide the status of matching of
records. We used these already available results as a bench-
mark for evaluating the effectiveness of EARL.

As far as the technological platform, we ran experiments
on a PC with CPU of 2 Ghz and RAM of 1 GB, with OSX
operating system. EARL was developed in Java. A tool
called jmetal [14] supported the development of the evolu-
tionary algorithm, and an open source java library was used
for string comparison functions [19].

5.1 Effectiveness and Efficiency Experiments
In order to better study the behavior of EARL, we ex-

tracted 3 subsets of data from datasets A and B, respectively
of sizes 300, 600, and 1000.

First of all we studied how to set up the dimension of the
initial population.

Figure 2 shows how the number of true matches increases
with the dimension of the initial population for the two prob-
lem formulations we have provided. Specifically, algorithm
EARL 1 corresponds to the first problem formulation: the
curve consistently grows up with number of individuals. Al-
gorithm EARL 2 corresponds to the second problem formu-
lation, in which thresholds on the matching attributes have
all been fixed to 0.8. As it is shown, the EARL 2 curve
is constant when varying the number of individuals of the
initial population, which is a quite interesting finding. In
order to understand the effect on the time behavior of this
result, we have studied the execution times, when varying
the number of individuals of the population. In Figure 3,
we report the execution time for the dataset of 1000 records:
obviously the time increases with the dimension of the initial
population, though quite slowly, confirming the substantial
independence of the EARL 2 algorithm from the dimension
of the initial population.

A second set of experiments was made in order to consider
how to fix the number of generations. Such experiments

0 250 500 750 1000 1250 1500 1750 2000

80

160

240

320

400

480

time(s)

number of individuals 
of initial population

Figure 3: Execution time vs. dimension of initial
population

allowed to study the number of evaluations, defined as the
product between the number of individuals and the number
of generations. The experiments showed:

• A few number of generations was necessary for the
convergence of EARL 1. 2

• how to fix the number of generations of EARL 2, in de-
pendence of the behavior of the number of evaluations
when varying the dimensions of the input datasets.

A third set of experiments allowed us to choose a value
for the x parameter (see Section 4). We have observed that
the parameter has an impact on how fast the algorithm
converges, and hence on effectiveness and efficiency. More
specifically, high values of x leads to a low effectiveness,
remaining constant the number of generations and the di-
mension of the population. Hence, a rule of thumb for the
choice of x is to consider quite low values, between 2% and
5% of the dataset with the highest dimension.

Finally, in Figure 4, we report the effectiveness perfor-
mance of EARL 1 and EARL 2 that must be compared to
the real performance figures we had for our benchmark data.
The number of true matches is reported for EARL 1, EARL
2 and the real data. We can notice that:

• the performance of EARL 1 are quite good for datasets
of 300, 600 and 1000 records, while become dramati-
cally low for the 8000 record data set. This is mainly
due to the fact that for such data set it was not pos-
sible, due to memory limitations of the experimental
environment, to increase the number of individuals of
the initial population in order to have better perfor-
mance.

• the performance of EARL 2 (which are independent
on the number of individuals of the initial population)
are instead very good, even when compared with exact
methods for record linkage, being the percentage of the
true matches always higher than 80% of the real true
matches with peaks of more than the 90%.

In synthesis, algorithm EARL 1 is really independent on
the data, and does not need to fix parameters like threshold
values that require an accurate analysis of the data at hand.
On the other hand it can have performance that are not

2Actually we verified that the behavior of EARL 1 can lead
to a premature convergence to local maxima independent on
the number of generations.
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acceptable (but can be refined by appropriate tuning some
parameters). Algorithm EARL 2 exhibits very good perfor-
mance but threshold values must be fixed for the matching
attributes.

Finally, we ran an experiment with the objective to test
the time efficiency of the two algorithms (EARL 1 and
EARL 2 of course have the same time performance, im-
plementing the same computational steps). In Figure 5, we
show the time necessary for the execution versus the dimen-
sions of the input datasets, to which we added a 20000 record
datasets, obtained synthetically from the 8000 record one.
We can observe that the such performance are really good:
for the maximum size datasets, that is 20000 records each,
the time is of slightly more than one hour.

6. RELATED WORK
In this section, we briefly review some works of the area

of multiobjective optimization through evolutionary algo-
rithms.

In 1985 Schaffer [20] implemented VEGA (Vector Eval-
uated Genetic Algorithm), the first multiobjective genetic
algorithm to find a non-dominate solution set. On the one

hand this algorithm has the advantage of an easy imple-
mentation, on the other the algorithm could, with an high
probability, prefer in the selection step solutions that are
near the optimum only for one single objective.

In 1993 Hajela and Lin [18] proposed a genetic algorithm
based on weights (WBGA). Each objective function is mul-
tiplied by a certain weight; the sum of these weighted objec-
tive functions represents the fitness function. The algorithm
has a low complexity, but it is difficult to obtain a uniform
diversity of non-dominated solutions, because a uniform di-
versity of the weights doesn’t necessarily correspond to a
uniform diversity of solutions.

Fonseca and Fleming in 1993 [11] introduced a multiob-
jective genetic algorithm (MOGA) that uses non-domination
population classification. At each individual of the popula-
tion a rank is assigned. This rank is calculated as a function
of the number of individuals that dominate it. In this way
non-dominated individuals have the same rank. In particu-
lar cases, the algorithm can produce an unexpected bias in
the direction of some solutions in the search space.

In 1989 Goldberg proposed to use the concept of non-
dominated sorting for genetic algorithms. This idea was
implemented by Srinivas and Deb in 1994 [21] in Non-
dominated Sorting Genetic Algorithm (NSGA). The algo-
rithm performance is strongly dependent on the minimum
distance that two solutions must have in order that one
doesn’t influence the other’s fitness value.

In 1998 Zitler and Thiele [25] proposed an elitist evolu-
tionary algorithm (SPEA). In each iteration the external
population is populated with the best individuals. In case
that the insertion of new individuals makes the external pop-
ulation exceed a certain dimension, it will be reduced with
clustering techniques. Fitness assignment procedure is easy
to calculate and a clustering algorithm ensures a good spread
but a large external population increases the selection pres-
sure for the elites and a small external population cancels
the effect of elitism. Moreover there is a bias in fitness as-
signment dependent on the exact population and densities
of solutions in the search space.

In 2000 Knowles and Corne [15] proposed Pareto-Archived
Evolution Strategy (PAES). The approach consists in keep-
ing a small/limited archive of non-dominated solutions. The
archive is updated in the next generations in order to
keep non-dominated solutions with a good degree of diver-
sity. The problem of this algorithm is the definition of the
archive’s size: if too small it can loose optimal solutions, if
too big it can make the algorithm inefficient.

The algorithm used in this paper, namely NSGA-II [5, 6],
implements a specific strategy in order to keep the best indi-
viduals, and a mechanism for preserving the diversity among
the different solutions. We have chosen this algorithm as a
basis for EARL because it allows to have a Pareto ordering of
the individuals in the population, without creating a unique,
artificial macro-objective as a linear combination of the sin-
gle objectives. This feature fits perfectly with the nature
of our problem. Moreover, with respect to other algorithms
similarly using Pareto-based ordering, a better efficiency is
obtained by NSGA-II .

As far as we know, genetic algorithms haven’t been used
expressly for the RL process, but some of the approaches
proposed for database merging provided a useful contribu-
tion to such a usage. In [9] a genetic algorithm is used for



the constrained statistical matching3. In this work the con-
strained statistical matching is reduced to the balanced lin-
ear transportation problem. The function to be minimized
is the sum of the squares of the distances between the fields
of the matched records. This approach is similar to WBGA
where each objective has equal weights. For this reason
it’s hard to know between two solutions with equal fitness
which solution is better in which objective. Zhu and Ungar
[24] propose a technique for database merging that uses the
dynamic programming to compute the distance between a
couple of strings. This approach has a good accuracy after
150 generations, but it needs to define, for each domain, a
dictionary in order to standardize data, otherwise the accu-
racy decreases significantly.

7. CONCLUSION AND FUTURE WORK
In this paper we have presented an original formulation of

the record linkage problem as a multiobjective optimization
problem, and we have proposed an evolutionary algorithm,
EARL, for solving it. The context in which we see the ma-
jor application of this algorithm is the on-the-fly data inte-
gration one. In its current implementation, EARL has the
following advantages if used in this context:

1. It is a one-shot algorithm. Specifically, record link-
age is typically implemented as a process with dif-
ferent algorithms for each of its phases, such as a
search space reduction phase which involves sorting
algorithms, a phase where the appropriate comparison
functions must be chosen, a decision phase with related
algorithms, etc. Instead, EARL is a single algorithm
that can be easily run even in complex contexts like
the on-the-fly integration ones.

2. Being based on the evolutionary paradigm, it depends
just on data, that is, EARL automatically adapts to
data at hand with limited human knowledge required.

On-the-fly data integration is often supported by a peer-to-
peer network where sources can be dynamically integrated
as new peers joining an already built peer network. EARL
could prove very effective if used in a peer-to-peer system,
however, it still needs an accurate design to such a scope.
We plan to address the issues regarding such design in the
future. These issues include:

• the integration of the algorithm within the query an-
swering process;

• the design of distributed mechanisms for enacting the
algorithm in a peer to peer context;

• the physical distributed implementation of the algo-
rithm.

Finally, we plan to perform extensive experimentation in
order to test the behavior of the algorithm with other large
size real datasets.

3Statistical matching is a procedure used to link two files or
datasets where each record from one of the files is matched
with a record from the second file that generally does not
represent the same unit, but does represent a similar unit.
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