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Abstract: In real time applications, identification of records that represent the same real-world entity 1s a major
challenge to be solved. Such records are termed to be duplicate records. This study presented a thorough
analysis of the literature on duplicate record detection. The duplicate record detection is an important step for
data integration. An overview of data deduplication issue is discussed in detail. This paper covered almost all
the metrics that are commonly used to detect similar entries and a set of duplicate detection algorithms.
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INTRODUCTION

The backbone of today’s IT based economy is
databases. They eventually depend on the accuracy of
databases to carry out operations. There 1s high
probability to compromise data quality by many factors
like data entry errors (e.g., Recod instead of Record),
missing integrity constraints (e.g., Age = 156) and multiple
comventions for recording mformation (e.g., 77 8. 6th
street, 77 South Sixth street).

In case of independently managed databases, not
only the wvalues but the structure,
underlying assumptions about the data may differ as well.

From approximately five decades before, we have the
problem called as record matching problem. The main
objective of record matching 1s to identify the records in
the same or different databases that refer to the same
real-world entity, even if the records are not identical.
This problem is also termed as data duplication,
duplicate record detection, etc. Data mining
technology which mines the possible  sustaiing
decision-making information from huge number of
databases (Chen et al., 2010).
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PRE-DUPLICATE RECORD
DETECTION PHASE

Detection and removal of duplicate records that relate
to the same entity within one data set 1s an important task
i case of the date preprocessing. Data linkage and
duplication can be used to improve data quality and
integrity, to allow re-use of existing data sources for
future research work.

Data processing: In real-world, data tend to be
incomplete, noisy and inconsistent. Such situation
requires data preprocessing. Various forms of data
preprocessing includes data cleamng, data integration,
data transformation and data reduction.

In other words, the data preparation stage includes
data cleaning, data transformation and data
standardization. Typically, the process of duplicate
detection 13 preceded by a data preparation stage, during
which data entries are stored in an uniform manner m the
database.

Data cleamng process attempts to fill the missing
values, smooth out noise while identifying outliers and
correct mconsistencies in the data. Data transformation
process converts the data into appropriate forms for
mining. Data reduction techmques can be used to obtain
areduced representation of the data while minimizing the
loss of mformation content (Fig. 1).

Data transformation: Simple conversions applied to the
data in order to confirm their corresponding data types
also refer to data transformation. This type of conversion
focuses mainly on one field at time without any
consideration of the values in the related fields. Example
of data transformation:

Data —— Data.
> cleaning integration
Data [ Data ¢ |
reduction transformation

Fig. 1: Steps in data preprocessing
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Conversion of a data element from one data type to
another

Renaming of a field from one name to another
Range checking, which involves examination of data
in a field to ensure that if falls within the expected
range, usually a numeric or date range

Dependency checking, involves comparison of value
in a particular field to values mn another field

Pre-duplicate record detection phase: The process of
standardizing the nformation In certain
fields to a specific content format 1s called as data
standardization. This is dene to ensure that the
information stored in many different ways in various data

represented

sources must be converted to a wuform representation
before the duplicate detection process starts. Without the
standardization process, many duplicate entries could
erroneously be designated as non-duplicates. Data
standardization 15 a rather inexpensive step that can lead
to fast identification of duplicates. After the data
preparation (stage) phase, the data are typically stored in
such a manner which easily facilitates for comparison.
Dimensionality reduction technique is used for reduction
of the dimensionality mn datasets could be divided mto
three classes: Feature Extraction, Feature Selection and
Feature Clustering (Vijendra, 2011).

TECHNIQUES TO MATCH
INDIVIDUAL FIELDS

The typographical variations of string data 1s one of
the most common (sources) reasons of mismatches in
database entries. Hence, duplicate detection typically
relies on string comparison techmques to deal with
typographical variations. Based on various types of
errors, multiple methods have been developed for this
task namely:

Character-based siunilarity metrics
Token-based siumilarity metrics
Phonetic similarity metrics
Numeric similarity metrics

These methods can be used to match individual fields
of a record. In most real-life situations, records consist of
multiple fields. Thus, (record) duplicate detection problem
becomes more complicated. There are two (methods)
categories used for matching records with multiple fields
namely:

*  Probabilistic approaches and supervised machine
learning techmques
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Usage of declarative languages for matching and
devise distance metrics for duplicate detection task

Probabilistic matching models: Let A and B be
representation of two tables, having n comparable fields.
In the case of duplicate detection problem, each tuple pair
<g, B>, (a€A, PEB) is assigned to one of the two classes
M and U. The class M contains the record pairs that
represent the same entity (“Match™) and the class U
contains the record pairs that represent two different
entities (“Non-Match”). Each tuple pair <o, P> is
represented as a random vector x = [x, x T with n
components that correspond to the n comparable fields of
Aand B.

Newcombe et al. (1959) were the first to recognize
duplicate detection as a Bayesian inference problem.
Fellegi and Sunter (1969) introduced the notations which
today are very commonly used for duplicate detection
literature. Let x be the comparison vector. x 1s the input to
a decision rule that assigns x to U or to M. The
assumption about x is, it i8 a random vector whose
density function will be differing/different for both
classes.

Bayes decision rule (for minimum error)

Assumption: x be a comparison vector, randomly taken
from the comparison space that corresponds to the record
pair <, 3=

Goal: To determine whether <a, f> €M or <a, p> €U.
Decision rule:

<g, B> €M; if p (M/x) 2p(U/x)

U otherwise (1)

The above decision rule (1) reveals that if the

probability of the match class M, given the comparison

vector x, 18 larger than the probability of the non-match
class U, then x 1s classified to M and vice versa.

Bayes decision rule:

M, if 1(x) = p xM)=p(U)<e, p=> €px/U) p(M)
U, Otherwise (2)
The ratio I(x) = p (x/M) P(x/U) 1s called as likelihood
ratio.
The ratio p(U)/p(M) denotes the threshold value of
the likelihood ratio for the decision.
Equation 2 is known as bayes test for mimmum error.
It 1s very obviously proved (Hastie et af., 2001) that the



Inform. Techrnol. 1, 11 (8): 941-945, 2012

bayes test results in the latest probability of error and it is
in that respect an optimal classifier. The above statement
holds good only when the distributions of p(x/M), p(x/U)
and the priors p(U) and p(M) are known.

Naive bayes rule
Conditional independence: Assumption: p(x,/M), p(x/M)
are independent if [#].

Goal: To compute the distributions of p(x/M) and p(x/U).

Naive bayes rule:

P/M)=T ol M)

P(x| U)=] Tplx, T}

i=1

Using a traiming set of pre-labeled record pairs, the
values of p (x/M) and p (x/U) are computed.

Binary model:

The probabilistic model can also be used without
using training data

A Binary model for the values of x, was introduced by
Taro (1989) such that:

x, = 1, if field 1 matches
x, =0, else

He suggested to calculate the probabilities
p (x;= /M) using an expectation maximization (EM)
algorithm and the probabilities p (x; = 1/UJ) can be
calculated by taking random pairs of records.

Winkler methodology: The conditional independence is
not a reasonable assumption, so Winkler (1999)
suggested a methodology to estimate p(x/M), p(x/U)
using expectation maximization algorithm.

Winkler suggested five conditions to make
unsupervised EM algorithm to work well, namely:

The data contain a relatively large percentage of
matches (say more than 5%)

The matching pairs are “well-separated” from other
classes

The rate of typographical errors is low

There are sufficiently many redundant identifiers to
overcome errors in other fields of the record

The estimates computed under the conditional
independence  assumption result in good
classification performance
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Winkler has proved that this unsupervised EM works
well, even when a limited number of interactions is
allowed between the variables. Tt is interesting to note
that the results under the independence assumption are
not considerably worse compared to the case in which the
EM model allows variable interactions.

Supervised and semi-supervised learning: SVM 1s amost
accepted machine learning techmque. They include many
research reports about the theory and applications of the
SVM model. It resolves classification problems and has
become one of the most useful approaches in the machine
learning area (Yao et al., 2012). SVM is used to learn that
how to categorize the duplicate dates after completion of
preprocessing and transformations. SVM have been
proven as one of the most powerful learning algorithms
for duplicate detection (Subramamyaswamy and
Pandian, 2012).

Supervised leaming techmiques treat each record
pair<g, P=independently as in case of probabilistic
technmiques. Cochinwala et al. (2001) used a well known
CART algorithm, a linear discrimmant algorithm and a
“Vector quantization” approach. The experimental results
proved that CART has the smallest percentage of errors.
Bilenko et al. (2003) proved that the SVM approach
outperforms simpler approaches, by treating the whole
record as one large field. A typical post-processing step
for these techniques is to construct a graph for all the
records in the database, linking together the matching
records. Cohen and Richman (2002) has proposed a
supervised approach in which the system learns from
traimng data how to cluster together records that refer to
the same real-world entry. Singla and Domingos (2004)
introduced an approach which uses attribute values as
nodes such that to make it possible to propagate input
across nodes and improve duplicate record detection

Unsupervised learning: A mixture of clustering algorithms
has been used for research in the field of data mining.
They are orgamzed into the following categories:
Partitioning methods, Hierarchical methods, Density-
based methods, Grid-based methods and model-based
methods (Velmurugan and Santhanam, 2011).

The concept of unsupervised learning was used for
duplicate detection which actually emerged out of the
probabilistic The wusage of bootstrapping
technique based on clustering was proposed by
(Verykios et al., 2000) in order to deal with matching
models.

Each entry of the comparison vector was treated as
a continuous, real variable. Cheeseman and Sturz (1996)
clustering tool was used to partition the comparison

model.
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space into clusters. The general idea behind it is that each
cluster will contain comparison vectors with similar
characteristics. TAILOR  toolbox  was used by
Elfeky et al. (2002), for detecting duplicate entries in data
sets.

DUPLICATE DETECTION TOOLS

In the past decade, various data cleamng tools were
sold out in market and they were available as public
software packages mainly for duplicate record detection.

Febrl: The Febrl (Freely Extensible Biomedical Record
Linkage) is an open-source data cleaning tool kit. Tt has
two main components namely:

¢+ Component 1 for data standardization
¢+ Component 2 for duplicate detection

Features:

Data standardization relies maimly on hidden-Markov
models

Supports phonetic encoding namely Soundex,
NYSITS, double metaphone to detect similar names

Tailor: Tailor is a flexible record matching toolbox. The
main feature of this toolbox is that it enables users to
apply different duplicate detection methods on the data
sets. This tool is termed to be flexible because multiple
models are supported.

WHIRL: WHIRIL is an open sowce duplicate record
detection system wused for academic and research
purposes. Similar strings within two lists identified using
a token-based similarity metric.

CONCLUSION

In this swvey, we have presented a complete survey
of the existing techniques used for detecting non-identical
duplicate entries in database records. Deduplication and
data linkage are main tasks mn the pre-processing step for
various data mimng projects. Data cleamng and data
linkage are the difficult and complex problems. Data
mining techniques have an efficient algorithm for solving
the duplicate detection problem.

Presently, there are two major approaches for
duplicate record detection. Research in databases
highlights relatively simple and quick duplicate detection
technicues that can be applied to databases with millions
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of records. Such techniques typically do not rely on the
existence of training data and emphasize efficiency over
effectiveness. On the other hand, research in machine
learning and statistics aims to develop more sophisticated
matching techniques that rely on probabilistic models. An
interesting way for futwe research is to develop
techniques that combine the best of both worlds. Most of
the duplicate systems today
recommend algorithmic  approaches for
speeding up the duplicate detection process. The
varying nature of the duplicate detection process also
requires adaptive methods that detect different patterns
for duplicate detection and automatically adapt
themselves over time.

Finally, a huge amount of structured information is
now derived from unstructured text and from the web.
This information is typically inaccurate and noisy;
duplicate record detection techniques are essential for
improving the quality of the extracted data. The mereasing
popularity of information extraction techmques 1s going
to make this 1ssue meore common m the future,
highlighting the need to develop strong and scalable
solutions. This only adds to the response that more
research 1s needed m the area of duplicate record
detection and in the area of data cleamng and information
excellence in general We conclude with coverage of
existing tools and with a brief discussion of the problems
in duplicate record detection.

detection available

various
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