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Abstract

Big data is a term for large and complex datasets that traditional processing ap-
proaches are inefficient to handle them. Big data usually comes from the Internet,
enterprise systems, Internet of Things, and other information systems, Data integra-
tion has become an active area for research due to increasing of information resources
with the need of users and applications to integrate and fusion data from these dif-
ferent sources.addressing the big data integration challenge is critical to realizing
the promise of Big Data.

Big data Integration differs from traditional data integration in many dimensions :
volume , velocity, variety and veracity.

In this document we shall present the definition of big data and some of technolo-
gies and tools developed to handle the big data, furthermore, we explores the new
solutions have been developed by the data integration community on the topics of
schema mapping, record linkage and data fusion in addressing these novel challenges
faced by big data integration.

finally, we have implement the map reduce based linkage method and present the
used tools, algorithms and the result thrown by this method in different computa-

tional nodes.

Keywords: Big data Integration, Big Data Fusion, Data Integration, Hadoop,
MapReduce.



Résumé

Le big data, désigne des ensembles de données devenus si volumineux qu’ils dé-
passent I'intuition et les capacités humaines d’analyse et méme celles des outils infor-
matiques classiques de gestion de base de données ou de I'information. L’intégration
de données a pour objectif de permettre un accés transparent a différentes sources
de données hétérogénes.

Elle donne P’illusion & l'utilisateur (ou & I’application) d’avoir accés a un systéme
unique et homogéne. La diversité des sources d’information et leur hétérogénéité est
une des principales difficultés rencontrées par les systéme d’intégration et de fusion
de données. L’intégration du Big Data différe de 'intégration de données tradition-
nelle dans de nombreuses dimensions: volume, vitesse, variété et véracité. Dans ce
document, nous présenterons la définition du big data et de certaines technologies
et outils développés pour traiter les big data. De plus, nous explorons les nouvelles
solutions développées par la communauté d’intégration de données.

Enfin, nous avons implémenté la map reduce based linkage et présenté les outils util-
isés, les algorithmes et le résultat généré par cette méthode dans différents noeuds

de calcul.

Mots clés: Le Big Data, Intégration des Données, Fusion des Données, Intégra-

tion du Big data.
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(General Introduction

Every second sees huge amounts of exponentially growing data, being gener-
ated, stored, and analyzed, the revolution in the generation of massive data amounts
comes along with the Internet usage which allows data exchange between various
electronic devices and humans.
companies are shifting their focus to analyzing and learning from all this large data
understand their data and transform their data into practical information helps in
making better predictions and smarter decisions. This phenomenon is called "Big
Data" and is identified on the emerging technology hype cycle as one of the biggest
IT trends of the last few years.
managing and analyzing data, often require integrating available data sources and
providing a uniform interface to access data from different sources.
companies are increasingly need to integrate and fusion information from multiple
data sources. in big data environment data from different sources are of different
types, many of the data sources are very dynamic, the data sources are of widely
differing qualities, with significant differences in the coverage, accuracy and timeli-
ness of data provided, and traditional data integration techniques are inefficient to
handle such situation.

The objective of this master thesis is to explore the domain Big Data, in particular
the methods, technologies and tools developed to handle this huge amount of data ,
Furthermore we aim at presenting the issues related to data integration and fusion
in big data environment and giving a survey on new techniques has been proposed
by the researches for big Data integration and fusion. in order to put the reader in
the right way, we have implement the map reduce based linkage method and present
the used tools, algorithms and the result thrown by this method in different compu-
tational nodes.

finally, we put several challenges faced by the researches in the topic of big data

integration and fusion.



Generale Introduction

The rest of this thesis is structured as follows.

Chapter 1: Highlights what exactly Big Data is all about and illustrate the

traditional data integration and fusion techniques.

Chapter 2: Defines the challenges of data integration and fusion related to big
data environment, and giving a survey on the new techniques has been proposed by
the data integration community on the topics of schema alignment, record linkage

and data fusion.

Chapter 3: Present the implementation of Map-Reduce based linkage method
we will examine the results thrown by the method, from the point of view of the
performance in time that took the execution of the method with different amounts

of computational nodes.



Chapter 1

Definitions
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1.1 Introduction

Today, huge data volumes are daily generated at unprecedented rate from
heterogeneous sources (e.g., health, social networks, marketing, financial). This is
due to many technological trends, including the Internet Of Things and the Cloud
Computing, as well as the spread of smart devices. Behind the scene, powerful sys-
tems and distributed applications are supporting such multiple connections systems.
Before Big Data revolution, companies could not store all their archives for long pe-
riods nor efficiently manage huge data sets. certainly, traditional technologies have
limited storage capacity, rigid management tools and are expensive. they lack of
scalability, flexibility and performance needed in Big Data context. as a matter of
fact, Big Data management requires significant resources, new methods and power-
ful technologies.
More precisely, Big Data require to clean, process, analyze, secure and provide a
granular access to huge evolving data sets. companies and industries are more
aware that data analysis is increasingly becoming a vital factor to be competitive,
to discover new insight, and to personalize services.
Because of the interesting value that can be extracted from Big Data, many actors
in different countries have launched important projects. As a result of the different
Big Data projects across the world, many Big Data models, frameworks and new
technologies were created to provide more storage capacity, parallel processing and
real-time analysis of different heterogeneous sources. also, new solutions have been
developed to ensure data privacy and security. to extract knowledge from Big Data,
various models, programs, softwares, hardwares and technologies have been designed
and proposed. they try to ensure more accurate and reliable results for Big Data
applications.
In this chapter, we shall present the definitions of big data and several of recent
technologies developed for Big Data, furthermore we illustrate the traditional data

integration and fusion.
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1.2 Definition of Big Data

Big data is a large and complex collection of data sets, which is difficult to
process using on-hand database management tools and traditional data processing
applications|11].

Big Data can be also defined using the Vs:

1.Volume: refers to size of the data from Terabytes (TB) to Petabytes (PB), and
related big data structures including records, transactions, files, and tables. Data
volumes are expected to grow 50 times by 2020.

2.Variety: Data sources (even in the same field or in distinct) are extremely het-
erogeneous. The files comes in various formats and of any type, it may be structured
or unstructured such as text, audio, videos, log files and more.

3.Velocity: The data comes at high speed, some organizations data velocity is main
challenge. The social media messages and credit card transactions done in millisec-
ond and data generated by this putting in to databases.

4.Value: Which addresses the need for valuation of enterprise data? It is a most
important v in big data. Value is main buzz for big data because it is important for
businesses.

5.Veracity: refers uncertainty of data i.e. quality of data being captured. Data

like posts on social networking sites are imprecise.

1.3 Big Data Layered Architecture

the big data system could be divided into a layered framework, as represented
in Figure 1.1. The big data layered architecture is constructed of three Levels.
The infrastructure layer consists of a pool of computing and a storage including
cloud computer infrastructure. the infrastructure must deliver the request of big
data in terms of maximizing system utilization and storage requirements.
The computing layer is a middle ware layer and contains several big data tools for
data integration, data management, and the programming model.

The application layer offers interfaces by the programming models to implement
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diversity of data analysis functions including statistical analyses, clustering, classi-

fication, data mining, and build various big data applications.

( )
[ Application Layer }
[ Query ] [ Clustring } [ Classification ] Recommendation]
\. /
{ 3\
[ Application Layer ]
[ Integration } [ Management ] [ngraminModel]
\ J
\
[ Infrastructure Layer ]
[ Computation ] [ Network ] [ Storage ]
\ /

Figure 1.1: Layered architecture of big data (from[1])

1.4 Big Data Technologies

Big data is a new concept for handling loads of data thus the architectural
description of this technology is modern, there are the different technologies which
use almost the same approach, there are countless articles, books that describe
Big Data from a technology perspective so we will attempt to present some basic

principles.

1.4.1 No-SQL Database

No-SQL database is an approach to data management and data design that’s
useful for very large sets of distributed data. These databases are in general part of
the real-time events that are detected in process deployed to inbound channels but
can also be seen as an enabling technology following analytical capabilities such as
relative search applications. The advantage of No-SQL is open source, Horizontal
scalability, Fasy to use, store complex data types, Very fast for adding new data
and for simple operations/queries. The disadvantage of No-SQL is Immaturity, No
indexing support, No ACID, Complex consistency models, Absence of standardiza-

tion.



Chapter: 1 Definitions
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Figure 1.2: Architecture of No SQL

1.4.2 Hadoop

Hadoop was created by Doug Cutting and Mike Cafarella in 2005. Doug Cutting,
who was working at Yahoo! at the time, named it after his son’s toy elephant. It was
originally developed to support distribution for the Nutch search engine project.
Formal definition of Hadoop by Apache: “ The Apache Hadoop software library
is a framework that allows for the distributed processing of large data sets across
clusters of computers using simple programming models. It is designed to scale up
from single servers to thousands of machines, each offering local computation and
storage. Rather than rely on hardware to deliver high-availability, the library itself is
designed to detect and handle failures at the application layer, so delivering a highly
available service on top of a cluster of computers, each of which may be prone to

failures”!.

! Apache Hadoop https://hadoop.apache.org
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Figure 1.3: Architecture of Hadoop

A. Hadoop Distributed File System:
The Hadoop Distributed File System (HDFS) is a distributed file system designed to

run on commodity hardware. It has many similarities with existing distributed file

systems. However, the differences from other distributed file systems are significant.

HDFS is highly fault-tolerant and is designed to be deployed on low-cost hardware.

HDFS provides high throughput access to application data and is suitable for ap-

plications that have large data sets. HDFS was originally built as infrastructure

for the Apache Nutch web search engine project. HDFS is now an Apache Hadoop

subproject.
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Meta Data (Name,Replication,..):

VetaOps _.» Name Node Ihome/fooldata 3.
@ Block Ops
Read
Data Node Data Node

Replication / I-l_—l—-|

[] [] [ siocks

L ) Write L )

T T

Rack 1 @ Rack 2

Figure 1.4: Architecture of HDFS (from [2])

e Name Node: manages HDFS meta data, doesn’t deal with files directly.
e Data Node: stores blocks of HDFS—default replication level for each block: 3.

B. Map Reduce:
Map-Reduce was introduced by Google in order to process and store large data sets
on commodity hardware. Map Reduce is a model for processing large-scale data
records in clusters. The Map Reduce programming model is based on two functions
which are map () function and reduce () function. users can simulate their own
processing logic’s having well defined map () and reduce () functions. Map function
performs the task as the master node takes the input, divide into smaller sub mod-
ules and distribute into slave nodes.
Using Map Reduce framework the efficiency and the time to retrieve the data is
quite manageable.
Map Reduce Components:
e Job Tracker: schedules, allocates and monitors job execution on slaves—Task
Trackers.

e Task Tracker: runs Map Reduce operations.

C. Hive:
Apache Hive? is a data warehouse software for data writing and managing of large
data sets in open source Hadoop platform. It converts SQL-like queries into MapRe-

duce jobs for easy execution and processing of extremely large volumes of data.

2Apache Hive https://hive.apache.org
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Figure 1.5: Architecture of Hive (from [3])

As shown in Figure 1.5, the main components of Hive are:

e Driver:The component which receives the queries. This component implements
the notion of session handles and provides execute and fetch APIs modeled on
JDBC/ODBC interfaces.

e Compiler: The component that parses the query, does semantic analysis on the
different query blocks and query expressions and eventually generates an execution
plan with the help of the table and partition metadata looked up from the metastore.
o Metastore: The component that stores all the structure information of the var-
ious tables and partitions in the warehouse including column and column type in-
formation, the serializers and deserializers necessary to read and write data and the
corresponding HDFS files where the data is stored

e Executor: The component which executes the execution plan created by the

10
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compiler. The plan is a DAG (Directed Acyclic Graph) of stages. The execution
engine manages the dependencies between these different stages of the plan and ex-
ecutes these stages on the appropriate system components.

Other Hadoop-related projects at Apache include:

HBase: It is open source, distributed and Non-relational database system imple-
mented in Java. It runs above the layer of HDFS. It can serve the input and output
for the Map Reduce in well-mannered structure.

Oozie: Oozie is a web-application that runs in ajava servlet. Oozie use the database
to gather the information of Workflow which is a collection of actions. It manages
the Hadoop jobs in a mannered way.

Sqoop: Sqoop? is a command-line interface application that provides platform
which is used for converting data from relational databases and Hadoop or vice
versa.

Avro: Avro? is a system that provides functionality of data serialization and service
of data exchange. It is basically used in Apache Hadoop.

Chukwa: Chukwa® is a framework that is used for data collection and analysis to
process and analyze the massive amount of logs. It is built on the upper layer of the
HDFS and Map Reduce framework.

Pig: Pig is high-level platform where the Map Reduce framework is created which
is used with Hadoop platform. It is a high level data processing system where the
data records are analyzed that occurs in high level language.

Zookeeper: It is a centralization based service that provides distributed synchro-
nization and provides group services along with maintenance of the configuration

information and records.

1.5 Traditional data Integration
Data integration systems face two folds of challenges. First, data from disparate
sources are often heterogeneous. Heterogeneity can exist at the schema level, where

multiple data sources often describe the same domain using different schemas.

3 Apache Sqoop https://sqoop.apache.org
4Apache Avro https://avro.apache.org
5 Apache Chukwa http://chukwa.apache.org

11
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Heterogeneity may exist at the instance level, where variety of sources can represent
the same real-world entity in different ways.

Second, different sources can provide conflicting data. Conflicts can arise because
of incomplete data, erroneous data, and out-of-date data. Returning incorrect data
in a query result can be misleading and even harmful: one may visit a store at a
wrong address, and even make bad business decisions. It is thus critical for data
integration systems to resolve conflicts from several sources and identify true values
from false ones.

Data integration has three broad goals: increasing the completeness, conciseness,
and correctness of data that is available to users and applications. Completeness
measures the amount of data, in terms of both the number of records and the number
of attributes. Conciseness measures the uniqueness of object representations in the
integrated data, in terms of both the number of unique objects and the number of
unique attributes of the objects.

Finally, correctness measures correctness of data, that is, whether the data conform
to the real world. whereas high completeness can be obtained by adding more data
sources to the system. To meet these requirements, a data integration system needs

to perform three levels of tasks depicted in Figure 2.1.

' '

Schema Record Data
Alignment Linkage Fusion
4 4

Figure 1.6: Three tasks in data integration (from[4]).

1.5.1 Schema Alignment

First, a data integration system needs to resolve heterogeneity at the schema
level by establishing semantic mappings between contents of disparate data sources.
Integrating schemas passes through several stages, namely: Schema Matching, Schema
Integration and Schema mapping.
e Schema Matching:
Schema matching determines which concepts of one schema match those of another.
if the Global Schema has already been defined, then one of these schemas is typi-
cally the Global schema, and the task is to match each Local Schema to the Global

12
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Schema. otherwise, matching is done on two Local Schemas. The matches that are
determined in this phase are then used in schema mapping to produce a set of di-
rected mappings, which, when applied to the source schema, would map its concepts
to the target schema.

e Schema Integration:

Once schema matching is done, the correspondences between the various Local
schemas have been identified. The next step is to create the Global Schema, and this
is referred to as schema integration.this step is only necessary if a (Global Schema has
not already been defined and matching was performed on individual Local Schema.
If the Global Schema was defined up-front, then the matching step would determine
correspondences between it and each of the Local Schemas and there would be no
need for the integration step.

e Schema Mapping:

Once a Global Schema (or mediated schema) is defined, it is necessary to identify how
the data from each of the local databases (source) can be mapped to Global Schema
(target) while preserving semantic consistency (as defined by both the source and
the target). Although schema matching has identified the correspondences between
the Local Schemas and the Global Schema, it may not have identified explicitly how
to obtain the global database from the local ones.[14], figure 1.7 shows the Schema

integration process.

Global Schema
1».

Schema Generator

Schema Mapping
A

Schema Integration

F

Schema Matching

A

In 81 In 52 In Sn
‘f »f A
Translator 1 Translator 2 Translator n
F 3 F 3 7y
Database Database Database
Schema1 Schema 2 Scheman

Figure 1.7: Schema Integration Process.

13



Chapter: 1 Definitions

1.5.2 Record Linkage

Second, a data integration system needs to resolve heterogeneity at the instance
level by detecting records that refer to the same real-world entity.
The Record Linkage problem, also known as Data Matching or Entity Resolution
refers to identify, relate and merge records corresponding to the same entity stored
in different databases. A special case arises when we analyze duplicates of the same
database, this problem is known as duplicate detection. figure 1.8 shows the general

process of record linkage.
I.—"—'\.I lf—"\-\.l

DataSet 1 DataSet 2

| | i !
Mo, - e -~

v b

Pre - Processing——>» Blocking <— Pre - Processing

v

Record pair
comparison

Classification [ Clerical review
~
J/l ¥ \
Matches Non - matches Potontial
matches

Evaluation

Figure 1.8: The general process of Record linkage.

A. Data Pre-Processing:
data matching commonly relies on personal information, such as names, addresses,
and dates of birth, it is important to make sure that data sourced from different
databases have been appropriately cleaned and standardised, the aim of this process
is to ensure that the attributes used for the matching have the same structure, and
their content follows the same formats.

There are three (for certain types of data possibly four) major steps involved in data

14
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pre-preprocessing.
1. Remove unwanted characters, this step corresponds to an initial cleaning, where
characters such as commas, colons, semicolons are removed.
In certain applications, some words can also be removed if it is known that they do
not contain any information that is of relevance to the data matching process.
2. Expand abbreviations and correct misspellings, this second step of data pre-
processing is crucial to improve the quality of the data to be matched. commonly
the data matching process this step is based on look-up tables that contain name
variations, nicknames, and common misspellings, and their correct or expanded ver-
sions.
3. Segment attributes into well-defined and consistent output attributes, this step
deals with the common situation of database attributes that contain several pieces
of information.
The process of segmenting attribute values is also called parsing, it is of high im-
portance for both names and addresses, but also for dates.
4. Verify the correctness of attribute values, this last step can, for example, be
employed for addresses if an external database is available that contains all known
and valid addresses in a country or region.

B. Blocking:
A type of indexing technique that has traditional been employed in record linkage
to reduce the number of record pairs that need to be compared. Blocking splits the
input database(s) according to a blocking key. Only records that have the same
blocking key value are inserted into the same block. Candidate record pairs are
formed from all records in the same block. more details in (section 2.4.1).

C. Record pair comparison:
There are different techniques to compare the fields of the records, in general the
idea that is pursued is to define a function named "sim" that complies with the

following:

sim(value 1 ,value 2 ) = 1 = value 1 is equal to value 2.
sim(value 1 ,value 2 ) = 0 = value 1 is completely different from value 2.
0 < sim(value 1 ,value 2 )<~ 1 = value 1 is possible similar to value2.

with this definition there are many different techniques to calculate the similarity
between two values depending on the type of data.
Edit Distance:

The approximation by distance in type of text fields is based on the concept of
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number of operations to convert one text into another. The best known technique
is Levenshtein’s distance, which is precisely defined as the minimum number of
insertions, substitutions and deletion of characters that must be done to transform
one text into another.
To obtain the similarity function using Levenshtein’s distance we must perform the
following calculation:

distlevenshtein(sl,s2)
maz(|sl],]s2|)

simlevenshtein (sl , s2) =1 -

In addition to these, there are numerous ways to compare the similarity of two texts,
which will not go into detail in this thesis and some of them are:
e Smith-Waterman Edit Distance String Comparison.
e ()-gram Based String Comparison.
e Jaro and Winkler String Comparison.
For types of numerical data and dates there are some ways to calculate the similarity
which are:

Absolute maximum value:
For certain applications, the data used in data matching not only contain string
values, but also attributes that contain numerical information.
A maximum tolerance value is defined in the difference between two numbers, which
is independent of its current values, leaving the similarity function as follows:

[nl—n2|
dmazx

simnum(nl , n2) =1 - ( ), [nl —n2| < dmaz

If it is not met | nl - n2 | <"Maximum difference" then the similarity is 0. This

method can be used to compare dates, since the maximum distance can be the

number of days, months, years, minutes, hours, etc. and the difference | n1 - n2 | it

can be the difference in the selected measure in the maximum distance.
Percentage difference:

this technique requires entering a maximum tolerable difference percentage, so that

this percentage is between 0 and 100. The similarity function is calculated as follows:

simnumper(nl , n2) —1 - (]%) , pC — % x 100

If pc exceeds pc max then the similarity between nl and n2 is 0. Like the previous

method, this can also be used to compare the similarity between two dates, leaving:

: dpc dl—d2
simdate(d1 , d2) =1.0 - (ZF2) » pe = m x 100

Where | d1 - d2 | is the difference in the chosen measure between the two dates

and max (| d1 |, | d2 |) is the maximum value between the two dates in the chosen
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measure.

D. Record Pair Classification:
Classifying the compared record pairs based on their comparison vectors or their
summed similarities is a two-class (binary) or three-class classification task. In the
two-class case, each compared record pair is classified to be either a match or a
non-match. The first class contains the pairs of records that are assumed to refer
to the same real-world entity, while for the second class it is assumed that the two

records in a pair do not refer to the same entity.

Threshold-Based Classification:

The simplest way to classify candidate record pairs into the two classes of matches
and non-matches (and possibly the third class of potential matches) is to sum the
similarity values in their comparison vectors into a single total similarity value (called
‘SimSum’, and to then apply a similarity threshold (or two in the case where po-
tential matches are considered) to decide into which class a candidate record pair
belongs.

With two classes (matches and non-matches), a single classification threshold, t, is

needed for classifying a record pair(r i,r j ):

SimSum]|r i,I' j| >t = [r i, j] — Match,
SimSum [ri,r'j] <t = [rir j — Non-Match.

With three classes (matches, non-matches and potential matches), two classifi- cation
thresholds, t 1 (lower) and t u (upper), are needed, and a record pair(I i, j ) is clas-

sified according to:

SimSum|ri,rj] > t v = [r i1 j] — Match,
t1 < SimSum [ri,rj] <t « = [ri,r j] — Potential Match.
SimSum [ri,r'j] <t1=[rirj — Non-Match.

The main problem with this classification method is that it does not take account
that there are more important attributes than others, which carries the risk of many
incorrect classifications.

To solve this problem you can enter a weight to each attribute and calculate the

Sum of similarities in the following way:
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SimSumWeight=weight A1 x SimSum (R1A1,R2A1) + ..+ weight N x SimSum
(R1IAN,R2AN)

Rule-Based Classification:
It is based on applying logical rules to the similarity calculations of the different
attributes. They use the form P => C, where P is the predicate and C the result of
the classification. P has to be a Boolean expression and C can be Match, No Match

and Potential Match. For example:

if ( simnombre (rl, r2) > 0.7 A simfirstname(rl, r2) > 0.8 ) A simemail (rl, r2) =
1 =Match

The rules must have the following characteristics:

1. High precision, means that a rule that classifies records in a certain class (match,
potential match and non - match), has to classify the majority of those records and
not classify the non-corresponding records.

2. High coverage, each rule should cover as many records as possible.

Probabilistic Classification:
It refers to the techniques developed from the 60’s which are based on the idea of
assigning different weights to the attributes but not only at a general level but also

to local level of each record.

Cost-Based Classification:
Use rules created by Bayesian networks to determine the classification of each pair

of records.

Supervised classification:
They require a set of training data, where a classification model is built, trained and
evaluated, in such a way that the model can classify pairs of records whose outcome
is unknown. the classification models more Popular are decision trees and support

vector machine.
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1.5.3 Data Fusion

Third, a data integration system needs to combine records that refer to the same
real-world entity by fusing them into a single representation and resolving possible
conflicts from different data sources.
there is two types of data conflicts: uncertainty and contradiction. Uncertainty is a
conflict between a non null value and one or more null values that are all used to
describe the same property of a real-world entity. Uncertainty is caused by missing
information, such as null values in a source or a completely missing attribute in a
source. Contradiction is a conflict between two or more different non-null values
that are all used to describe the same property of the same entity. Contradiction
is caused by different sources providing different values for the same attribute of a
real-world entity[17].

Data conflicts, in the form of uncertainties or contradictions, can be resolved in nu-

mMerous ways.
Conflict resolution strategies

There are many different data integration and fusion systems, each with their own

solution. Fig.2.3 classifies existing strategies to approach data conflicts.

Conflict handling

strategies
e
Conflict ignorance Conflict avoidance Conflict resolution
/\. /\.
Instance Metadata Instance Metadata
based based based baszed
./\. ./\
deciding mediating deciding mediating

Figure 1.9: A classification of conflict resolution strategies (from [5])
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In particular, Conflict ignoring strategies are not aware of conflicts, perform no
resolution, and thus may produce inconsistent results. Conflict avoiding strategies
are aware of conflicts but do not perform individual resolution for each conflict.
Rather, a single decision is made, e.g., preference of a source, and applied to all con-
flicts. Finally, conflict resolving strategies provide the means for individual fusion
decisions for each conflict. Such decisions can be instance-based, i.e., they regard
the actual conflicting data values, or they can be metadata based, i.e., they choose
values based on metadata, such as freshness of data or the reliability of a source.
Finally, strategies can be classified by the result they are able to produce: deciding
strategies choose a preferred value among the existing values, while mediating strate-
gies can produce an entirely new value, such as the average of a set of conflicting

numbers.Table 2.1 lists some of the strategies and their classification.

Strategy Classification Short Description

Pass it on ignoring escalates conflicts to user or application
Consider all possibilities | ignoring creates all possible value combinations
Take the information avoiding, instance based prefers values over null-values

No Gossiping avoiding, instance based returns only consistent tuples.

Trust your friends avoiding, instance based takes the value of a preferred source
Cry with the wolves resolution, instance based, deciding | takes the most often occurring value
Roll the dice resolution, instance based, deciding | takes a random value

Meet in the middle resolution, instance based, deciding | takes an average value

Keep up to date resolution, instance based, deciding | takes the most recent value

Table 1.1: Conflict resolution strategies (from|8])

1.6 Database Integration Approaches

There are many ways to integrate data. the three common approaches are Data

Warehouse Approach, Federated Database and Mediator approach.

1. Data Warehousing Approach
A data warehouse is a collection of data that supports decision-making processes.
It provides the following features:
e [t is subject-oriented.
e It is integrated and consistent.
e [t shows its evolution over time and it is not volatile.
According to [14] Database integration can be either logical or physical. Data ware-

house considered as physical integration because integrated data is materialized.
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2. Federated Database Approach

” refers to an architecture in which middle-ware,

The term “ database federation
consisting of a relational database management system, provides uniform access to
a number of heterogeneous data sources. the data sources are federated, that is,
they are linked together into a unified system by the database management system.
The system shields its users from the need to know what the sources are, what
hardware and software they run on, how they are accessed (via what programming
interface or language), and even how the data stored in these sources are modeled

and managed|[19].

W
rapper -
Wrapper Wrapper Wrapper
W
= rapper

Figure 1.10: Federated Database Architecture.

3. Mediator approach

The mediator approach, originally proposed in 1992, has been used for integrating
heterogeneous data in several projects. It is second generation data integration after
federated framework|20].

Most mediator systems integrate data through a central mediator server accessed on
or several sources through a number of wrappers interface that translate data to a
common data model. However, the original goal of mediator is a distributed software
module that transparently encodes domain-specific knowledge about data and share

abstraction of that data with higher layers of mediators or applications|21].
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1.7 Conclusion

Each second sees a huge amount of data being generated either by human collab-
oration or by machines which are all around us. The Age of Big Data has come and
there is a need to address the challenges which come along with it. Consequently,
the Big Data is widely discussed, many books and journals have been published
to address its challenges, definitions and recommendations on how to deal with it.
Moreover, the terms such as privacy, security and ethical problems are also con-
sidered. Although Big Data is a frequently discussed topic in theoretical manners,
there is deficiency in publications and sources dedicated to its practical usage. Nev-
ertheless, there are some evolving technologies such as Apache Hadoop along with
its ecosystem. This technology is considered as the first open-source and widely used
Big Data technology, building upon a distributed filesystem and an implementation
of MapReduce paradigm. Most of the other technologies dedicated to deal with Big
Data are based on the Hadoop solution. Although Hadoop is often discussed as a
universal Big Data platform, it cannot address all Big Data problems.
Furthermore, Data integration has been an active area because it has become re-
quired in many fields. Several approaches adopted to achieve the goal of integration.
No single technique is better than the others, and different integration solutions
serve different purposes. there are many ways to integrate data and can be logical

or physical integration.
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Chapter 2

Survey on Big Data Integration and

Fusion

2.1 Introduction

The term Big Data initially named from the big or large volume of data.
There is no proper definition for Big Data. It was defined as a situation where the
volume, velocity and variety of data exceed an organizations storage or compute
capacity for accurate and timely decision making. Storage of these big data can
be done by introducing multiple data centers, where as utilizing these data in an
effective manner is a tedious one which is to be considered carefully.
Today, organizations invest more in data manipulation and most of the time the
stored data are unused and they are not retrieved and utilized in a proper way.
enterprises and organizations are spending more in data processing. actually big data
is not a problem whereas it is a big asset to the organizations. Data are from different
sources and integrating such data is very important and available data warehousing
tools are used for doing integration. but in big data environment data from different
sources are of different formats and existing data warehousing techniques in data
mining are inefficient to handle such situation. this chapter present the issues related
to data integration in big data environment and techniques available for Big Data

Integration.
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2.2 Definition

Big data integration (BDI) means linking or fusing large volumes of heteroge-
neous data from many dynamic data sources [10].
Big data integration differs from traditional data integration (which includes virtual
integration and materialized warehousing) in many dimensions.
Volume: Not only can each data source contain a huge volume of data, but also
the number of data sources,even for a single domain, has grown to be in the tens of
thousands.
Velocity: As a direct consequence of the rate at which data is being collected and
continuously made available, many of the data sources are very dynamic.
Variety:Data sources (even in the same domain) are extremely heterogeneous.
Veracity:The data sources are of widely differing qualities with significant differ-
ences in the coverage, accuracy and timeliness of data provided.
To addressing these novel challenges a new techniques have been proposed by the
data integration community on the topics of schema mapping, record linkage and

data fusion(presented in more detail below).

2.3 Techniques on Schema Alignment

the web provides huge volume of structured data, realizing the full potential of
such data requires seamless integration. however, the data are at web scale, the
border between the different domains is fuzzy and the variety within each domain is
huge, and at every moment a new web source may appear or an existing web source
may disappear. all these present big challenges for schema alignment. this section

describes recent progress in schema alignment.

2.3.1 Interfaces to query the Deep Web

The Deep Web is an area of the Internet that is not indexable by search engines
and not linked to pages on the Surface Web. in 2001, an initial study by Bergman
indicated the size of the data in the Deep Web to be approximately 500 times the
size of the data in the Surface Web which included as many as 43,000-96,000 web
sites offering access to 7500 terabytes of datal22].

The Web has been rapidly “deepened” by myriad searchable databases online, where
data are hidden behind query interfaces. Toward large scale integration over this
“deep Web,”. to help users exploring and integrating deep Web sources. a MetaQue-
rier has been biuld by [6], they focus on the integration of deep Web sources in the
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same domain, which is itself an important integration task.

The MetaQuerier System:

The MetaQuerier system consists of two subsystems in a sequence: interface extrac-
tion and schema matching, as Figure 2.1 illustrates. the input of the MetaQuerier
system is a set of Web pages (containing query interfaces) in the same domain. in

practice, crawling and clustering techniques can be used to get such input.

MetaQuerier
Interface Schema
Understanding Matching
Web
£ Tokenization Data Preparation
Weh
Weh > Y > Y 3
Page Parsing Dual Mining
Y Y
Error Handling Matching Selection
Application : Matching two Interface Semantic

Matching
G

Figure 2.1: The MetaQuerier system framework(from|6]).

Interface Extraction: Interface extraction extracts the attribute information
(e.g., names and domain values) from the Web query interfaces in HTML format.
The Web interfaces, mostly have the some conditions patterns in layout. for in-
stance, the most frequently used condition pattern is a text (as the attribute name)
followed by an input box (as the attribute value). they pursue a parsing approach
for understanding Web interfaces [23].
the interface extraction consists of:

1. tokenization: accepts Web pages as input and outputs a set of tokens as in-
stances of terminal symbols (e.g., text, input box) in the grammar.

2. parsing: accepts tokens generated by the tokenizer and derives besteffort parse
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trees based on the grammar.

3. error handling:handling conflicts and errors in the parsing result such as the
situation of multiple parse trees.

Schema Matching: Schema matching discovers the semantic correspondences
among the attributes in Web interfaces. for instance, in books domain, author
is the synonym of the grouping of last name and first name, i.e., author = first
name, last name.

Traditionally, schema matching relies on matchings between pairwise schemas before
integrating multiple ones. In contrast, they proposed to exploit statistical analysis
to holistically match many schemas at the same time [24]. they developed a mining
approach to match schemas, consisting of:

1. data preparation: as pre-processing, data preparation accepts extracted at-
tributes as input and outputs cleaned data by merging syntactically similar at-
tributes.

2. dual mining: discovering matching with a dual mining of positive correlation
and negative correlation.

3. matching selection: choosing the most convincing and consistent matching

from the mining result.

2.3.2 Crawl and index the Deep Web data

A Web crawler is an Internet bot which helps in Web indexing. they crawl one
page at a time through a website until all pages have been indexed. Web crawlers
help in collecting information about a website and the links related to them, and
also help in validating the HTML code and hyperlinks.

A Web crawler is also known as a Web spider, automatic indexer or simply crawler.

Traditional Web Crawler:
Traditional web crawlers are used to index the surface web. Fig.2.2 shows the work-
ing of a traditional crawler. at first, a URL is selected as the start for the web crawler.
Crawler then retrieves the web pages. from the web pages, data is extracted and
resource discovery is done to extract the hyperlinks, which are further processed.
Data is sent to the indexer which is used as an index during search. Hyperlinks are
used as the new URL and the loop continues. traditional crawler does not distin-
guish between pages with and without forms, structured and semi-structured data

cannot be retrieved.
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Select URL —

!

Retrieve Web Page

l hyperlink

Ressource Discovery
and
Content Extraction

Used for Indexing

Figure 2.2: Working of traditional crawler(from|7]).

Deep Web Crawler:
Deep web data can be accessed by surfacing the web data that is not accessible to
the traditional search engines. following are the major steps to access the deep web
content:
Step 1: Find the Data sources.
Step 2: Data source Selection.
Step 3: Send the selected data source to the Data Integration System.
data sources for accessing the deep web may be web databases, web servers and
many other dynamic web pages. depending upon the integration system, the data
sources can be added. but all sources should not be included in the Integration
System. the disadvantage of including all found data sources are as follows:
e Redundant data may be added.
e [rrelevant data may be added reducing the overall.
e quality of the Data Integration System.
e Low quality data can be included.
e High cost of including data since, networking and processing cost are associated
with including a data source in the integration system.
Deep Web Crawlers are similar to traditional crawlers, but traditional crawlers do
not distinguish between pages with and without forms. the results provided by the
search engine are based on the copy of its local index. If additional steps are added

to process pages, on which forms are detected and extraction of hidden information
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in databases is done then the crawler is termed as Hidden/Deep Web Crawler [25].
Resource discovery and data extraction are the main task of Deep Web Crawler.

Fig.2.3 shows the working of deep web crawler by addition of some extra steps. in
this, the retrieved pages are checked if they have form. if form is present then it is
processed to build an internal representation. forms are filled with untried values
and submitted. the returned page is then analyzed to check if a valid search result
was returned. if the response page contains hypertext links, these are followed and

the loop continues.

Select URL o,

v

Retrieve Web Page

l hyperlink

Analyze Form

w

Fill and Submit Form

v

Response Analysis e

Figure 2.3: Working of Deep web crawler(from|7]).

2.3.3 Schema on Read

Schema on write has been the standard for many years in relational databases.
before any data is written in the database, the structure of that data is strictly
defined, and that metadata stored and tracked. the schema — the columns, rows,
tables and relationships are all defined first for the specific purpose that database
will serve. Then the data is filled into its pre-defined positions. the data must all be
cleansed, transformed and made to fit in that structure before it can be stored [26].
Schema on read is the revolutionary concept that we do not have to know what we
are going to do with our data before we store it. data of many types, sizes, shapes
and structures can all be thrown into the data storage systems. when we access
the data, when we query it, then we determine the structure we want to use [27].
Therefore, this approach can be called “schema on demand”.

Schema on read is simple at first glance: you just write the information to the data

store, unlike schema on write, which requires you to expend time before loading the
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data, schema on read involves very little delay and you generally store the data at a
raw level. Schema on read means you can write your data first and then figure how

you want to organize it later.

Approach | Advantages Disadvantages
e You know exactly where your e The data has been altered
data is. and structured specifically
e The structure is optimized for the | to serve a specific purpose.
specific purpose. e Query limitations.
Schema, e Simple SQL queries e ETL (Extract, Transform
on write | e Fast answers. and Load) processes and
e The data quality is checked. validation rules take time
e The data is checked against to build, time to execute,
business rules. and time to alter if you
e Answers we get from querying this | need to change it to suit a
data are precise and trustworthy. different purpose.
e Query capabilities are e Since the data is not
very flexible. subjected to ETL and data
e Different types of data cleansing processes, nor
Schema generated by different does it pass through any
on read sources can be stored in validation, that data may
the same place. be riddled with missing or
e This allows you to invalid data, duplicates...
query multiple data e The SQL queries tend to
stores and types at once. be very complex. They
take time to write, and
time to execute.

Table 2.1: Schema on read VS. Schema on write (from[9]).

2.3.4 Dataspace Systems

DBMS technology successfully resolved the physical and logical data dependence
problem for structured data, but not for the highly heterogeneous data mix present
in personal information. Franklin et al[28|. recognize this situation for a variety of
domains, and present a broad vision for data management. they argue for a new
system abstraction, a DataSpace Support Platform (DSSP), capable of managing
all data of a particular organization, regardless of its format and location. Unlike
standard data integration systems, a DSSP does not require expensive semantic data
integration before any data services are provided.

For example, keyword searches should be supported at any time on all data (schema

later or schema never)[28|.
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2.4 Techniques on Record Linkage

Record Linkage aims to find records in a dataset that represent the same real-
world entity across many different data sources. with the evolution of Big Data, new
difficulties appeared to deal mainly with the 4 Vs, therefore Record Linkage in Big
Data is more challenging.

To address the volume dimension, new techniques have been proposed to enable par-
allel record linkage using MapReduce. these include techniques for adaptive blocking
and techniques that balance load among different nodes, hen the data sources are
dynamic and continuously evolving, applying record linkage from scratch for each
update becomes unaffordable. to address the velocity aspect, incremental clustering
techniques have been proposed, Record linkage between structured and unstructured
data sources arises, e.g., when linking shopping transactions of people with tweets
or blog posts about their shopping experience. to address the variety aspect, tech-
niques have been proposed that tag and match free text to structured data.

This section present the news techniques developed to apply Record Linkage algo-
rithms that handle the Volume,velocity, variety and the veracity properties of Big
Data.

2.4.1 Adaptive Blocking
Record linkage of millions of individual records for ethically-approved research
purposes is a computationally expensive task. blocking methods are used in record
linkage systems to reduce the number of candidate record comparison pairs to a
feasible number whilst still maintaining linkage accuracy.
there is many techniques for blocking in the literature here are some of they.
Standard Blocking:
The Standard Blocking (SB) method clusters records into blocks where they share
the identical blocking key [29]. A blocking key is defined to be composed from the
record attributes in each data set. An example of a blocking key is the first four
characters of a surname attribute. A blocking key can also be composed of more
than one attribute, for example, a postcode attribute could be combined with an
age category attribute.
Sorted Neighborhood:
The Sorted Neighborhood (SN) method extends the idea of the classical blocking
index in that the values of the blocks, are sorted alphabetically and then a sliding
window is moved over these sorted blocks [31].
When a sorting index is initialized, one argument besides the base class arguments

that needs to be given is:
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e window size a positive integer that gives the size of the sliding window.
For example, lets assume there are five blocks in our index, and we have a sliding
window size of 3 :
b1:[1,2,8,6]
b2:[22,18,33,54]
b3:[41,45,65]
b4:[31,72,76,81]
b5:(91,95]
While with the blocking index only the records within one block are compared with
the records in the corresponding block of the second data set, with the sorting index
and window size 3 larger blocks are formed by combining three consecutive blocks
together:
b1,b2,b3: [1,2,6,8,18,22,33,41,45,54,65|
b2,b3,b4: [18,22,31,33,41,45,54,65,72,76,81]
b3,b4,b5: [31,41,45,65,72,76,81,91,95]
The use of the window limits the number of possible record pair comparisons for each
record to 2w - 1 (where w is the size of the window). The resulting total number of
record pair comparisons (assuming two data sets with n records each) of the sorted
neighbourhood method is O(wn)[30].

Bigram Indexing:
This index implements a data structure based on bigrams and allows for fuzzy block-
ing. The basic idea is that after an index has been built, the values of the blocking
variables will be converted into a list of bigrams, and permutations of sub-lists will
be built using a given threshold (a number between 0 not including and 1 including
) of all possible permutations [32].
For example, a blocking key value 'gozim’ will result in a bigram list ('go’,’0z’,’zi’,’im’).
With a threshold of 0.8 the following sub-lists of length 4 (calculated as the length
of the bigram list times the threshold: 5 x 0.8) will be inserted into the inverted
index:
(’go’)0z’)71’) ('go’ oz’ im’) (*go’,zi’,’im’) (Poz’,’zi’,)im’)
So, the corresponding record number will be inserted into the inverted index blocks

with keys: ’goozzi’,’goozim’,’goziim’,’ozzim’

2.4.2 MapReduce based linkage

In the last years there have been several studies of MapReduce techniques to

compare large databases, especially in data matching.
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In [33] a method is proposed to distribute the load among different computing nodes
in order to solve the record linkage problem with MapReduce using standard block-
ing. another solution [34] extends the proposed method [33] in order to include
pre-processing tasks indexed by one or two key field, and record comparison using
one, two or more data sets.

Function of MapReduce:
When a program executes a MapReduce method, the following sequence of actions
occurs:
1. Split input files: the data entry is divided into N files.
2. Map Phase: the mapper performs the interesting user-defined work of the first
phase of the MapReduce program. given a key and a value, the map() method emits
(key, value) pair(s) which are forwarded to the Reducers.
3. Partition and Shuffle: After the first map tasks have completed, the nodes
may still be performing several more map tasks each. but they also begin exchang-
ing the intermediate outputs from the map tasks to where they are required by the
reducers. this process of moving map outputs to the reducers is known as shuffling.
A different subset of the intermediate key space is assigned to each reduce node;
these subsets (known as "partitions") are the inputs to the reduce tasks. Each map
task may emit (key, value) pairs to any partition; all values for the same key are
always reduced together regardless of which mapper is its origin.
4. Reduce Phase : once all the mappers have finished the master process, it
notifies each reducer the addresses of the intermediate files that were assigned to
him to process. Each reducer will use remote processes to access this information,
then sends it to the reducer process entered by the user which processes the entry
of (Key, Values ) and emit results.
Record Linkage with MapReduce :
the general Record linkage workflow with MapReduce is relatively straightforward
by implementing pre-processing and blocking within the map function and by im-
plementing matching and classification within the reduce function. to this end, map
first determines the blocking key for each entity.
The MapReduce framework groups entities with the same blocking key to blocks and

redistributes them. the reduce phase then matches the entities within one block.

2.4.3 Incremental linkage

The big data era raises challenges for record linkage. first, the volume of data
and second is the velocity of data updates is often high, quickly making previous

linkage results obsolete. these challenges call for an incremental strategy, such that
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can quickly update linkage results when data updates arrive.

In [35] they define this problem as follow:

Problem definition

Given a set of records, record linkage is essentially a clustering problem, where each
cluster contains records that correspond to a single distinct real-world entity.
denote by D a set of records and by Cp a clustering of records in D as record-linkage
results.

Ideally, the clustering should have both high precision (i.e., records in the same
cluster refer to the same real-world entity) and high recall (i.e., records referring to
the same real-world entity belong to the same cluster). they denote by F the batch
linkage method that obtains Cp on D that is:

F(D) = Cbo.

they consider three types of update operations: Insert adds a new record; Delete
removes an existing record; and Change modifies one or a few values of an existing
record. note that Change can be achieved by first removing the old record and
then inserting the new record. however, considering Change directly can be more
efficient. they call those update operations (Insert, Delete, and Change) made at
the same time an increment, denoted by AD. the result of applying AD to D by D
+ AD. Note that because AD can contain deletes and changes, the number of the
resulting records may be lower than the sum of the number of original records and

the number of records in the increment that is;

ID + AD|)<|D| + |AD.

2.4.4 Linking text to structured data

Record linkage between structured and unstructured data sources arises, for in-
stance, an e-commerce catalog typically comprises of specifications for millions of
products. the search engine receives millions of sales offers from thousands of inde-
pendent merchants that must be matched to the right products.
To address the variety aspect, techniques have been proposed that tag and match
free text to structured data|36].
Following are the major steps in these technique:
1. Semantic Parsing: the matching algorithm is based on understanding the se-
mantics of the offer descriptions and using these semantics to aid matching.this step
consist of three stage process tagging the offer with attributes, identifying plausible
parsing based on the tags, and finally obtaining an optimal parse.
2. Similarity Feature Vectors: The similarity between an offer and a product is

defined in terms of their similarity on the values of the attributes present in them.
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3. Matching Function: the matching function provide a probabilistic score of
match between an offer and a product.

4. Online Matching: in the online matching phase applying a blocking strategy
to reduce the candidate set to only those products that belong to the offer category
then given a previously unseen offer and the goal is to identify the best matching

product.

2.5 Techniques on Data Fusion

Unlike schema alignment and record linkage, data fusion is a new field that has
emerged only recently. Its motivation is exactly the veracity of data: the Web has
made it easy to publish and spread false information across multiple sources and so
it is critical to separate the wheat from the chaff for presenting high quality data.
To address such veracity related challenges, techniques have been proposed to find
the single truth from conflicting values, and to find multiple truths. Such techniques
have also been extended to handle the volume of data (online data fusion), velocity
of data (truth discovery for dynamic data), and variety of data (combining record

linkage and data fusion).

2.5.1 Online Data Fusion

The internet contains a huge volume of structured data in different domains, but
a lot of data are erroneous, and they can be copied from various sources. while data
integration techniques allow querying structured data on the Web, they take the
union of the answers retrieved from different sources and can thus return conflicting
information. data fusion techniques, aim to find the true values, but are designed
for offline data aggregation and can take a long time.
to address the problem of huge volume of data a new solution called * Solaris * have
been proposed.
Solaris is the first online data fusion system. It starts with returning answers from
the first probed source, and refreshes the answers as it probes more sources and ap-
plies fusion techniques on the retrieved data. for each returned answer, it shows the
likelihood that the answer is correct, and stops retrieving data for it after gaining
enough confidence that data from the unprocessed sources are unlikely to change
the answer. here are four major components for such a system: truth finding, prob-

ability computation, termination justification, and (offline) source ordering [37].
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2.5.2 Fusion in a Dynamic World

Modern information management applications often require integrating data
from a variety of data sources. Among these sources, some may copy others, crawl
or aggregate data from others, exchange data with or buy data from other sources.
Sources may provide out-of-date and erroneous data, and such data can be propa-
gated by copiers, resolving conflicts in data from different sources and determining
the true values is critical for improving quality of integrated data.

However, the real world is dynamically changing (e.g., people’s contact information
changes over time, restaurants open and go out of business), and sources often fre-
quently update their data to capture the changes.

to address the velocity dimension of big data a new technique have been proposed
by [38].

they examine the update history of sources and study how to decide the evolving
copying relationship between sources and the evolving true values, their first contri-
bution is to propose several quality measures of data sources, these measures include:
coverage: how many values in the history a source cover.

exactness: how many updates conform to the reality.

freshness: how quickly a source captures a new value.

their second contribution is a set of HiddenMarkovModels (HMM) that decide
whether a source copies from another source and at which moment it copies.

third, they develop a Bayesian model to decide when the true value for a particular

data item changes and what the new value is.

2.5.3 Combining Fusion with Linkage

The size of information produced in the world increases by 30% every year and
this rate will only go up. in many domains, there exist a large number of data
sources and a lot of their data overlap, different sources can provide information
about the same real-world entities. though, they may represent the same attribute
value in different ways, and some may even provide erroneous values.

Traditional integration techniques handle this case in two steps: first, the record
linkage step then, the data fusion.

According to [39] traditional integration techniques have at least three problems:
first, erroneous values may prevent correct linking. second, such techniques can fall
short when exceptions to the uniqueness constraints exist. third, locally resolving
conflicts for linked records may overlook important global evidence.

they presents a novel technique to solve the record linkage problem with uniqueness
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constraints and erroneous values. the key is to merge the linkage step and the
fusion step, so we are able to identify incorrect values and differentiate them from
alternative representations of the correct value from the beginning, and obtain better
linkage results. Another crucial part is to make global decisions based on which
sources associate a pair of values in the same record, so we can obtain better fusion
results. finally, although their solution relies on uniqueness constraints to detect
erroneous values, they allow a small number of violations to capture real world

exceptions.

2.5.4 Truth Discovery

The Web has been changing our lives enormously, the amount of useful informa-
tion available on the Web has been growing at a dramatic pace in recent years.
various web source provide conflict information to address the veracity dimension a
new technique have been proposed by [40].
which studies how to find true facts from a large amount of conflicting information
on many subjects that is provided by various web sites. they design a general frame-
work for the Veracity problem, and invent an algorithm called TruthFinder, which
utilizes the relationships between web sites and their information, i.e., a web site is
trustworthy if it provides many pieces of true information, and a piece of information

is likely to be true if it is provided by many trustworthy web sites.
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2.6 Conclusion

Today data are being generated, collected and analyzed at an unprece-
dented scale which creates problems in management and manipulation of data. ad-
dressing the Big data integration and fusion challenge is critical to realizing the
promise of big data, of enabling the large companies to make valuable, data-driven
decisions to alter all aspects of society.

Big Data Integration and fusion raise in many dimension, including volume and
number of sources, velocity, variety, and veracity.

The importance of big data integration and fusion has led to a substantial amount
of research over the past few years on the topics of schema alignment, record linkage
and data fusion to deal with the novel challenges faced by big data integration and
fusion. we shall present some detailed, recent innovative techniques that have been
proposed to address the big data integration and fusion challenges.

Table 3.1 shows a summary of these techniques.

Schema alignment Record linkage Data fusion
Volume | Integrating Deep web ; | Adaptive blocking, Online fusion

web table MapReduce-based linkage
Velocity Incremental linkage Fusion in a dynamic world
Variety | Dataspace systems Linking text to structured data | Combining fusion with linkage
Veracity Value-variety tolerant linkage Truth discovery

Table 2.2: Summary of Big Data Integration Techniques (from[10]).
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Chapter 3

Implementation of Map Reduce

Based Linkage

This chapter present the implementation of the Map Reduce based Linkage method(section
3.4.2), this method include pre-processing task indexed by standard blocking tech-
nique, record comparison and classification.

In addition, we discuss the used data sets, tools and algorithms, finally we will exam-

ine the results thrown by the methods, from the point of view of the performance in

time that took the execution of the method with different amounts of computational

nodes.

3.1 Used Data Set

We use a data set of 500,000 records with information of people stored in CSV
format downloaded from [41], Then the data set was exported to a text file.

we take only the following fields:

Name Description Data type
EmpID employee id integer
First Name first name String
Last Name last name String

E Mail personal email | String
Date of Birth | date of birth | date
Phone No. phone number | integer
County country String
City city String
Zip postal code integer

Table 3.1: Data Set Dictionary
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3.2 Description of the Method

In this section we will explain the implementation of the method, which consists
of two class, the Mapper that is executed first provide the pre-processing and block-
ing tasks, then Reducer that compare and classify the records lateof Map Reduce
Based Linkage. Definition of Mapper and Reducer :

First, we define the main method that create a jobs by specifying for each Job which
is the Map, Reducer, Partitioner and Combiner class, if we don’t define the parti-
tion and the combiner classes hadoop use the default class, in addition for each job
it must be indicated which is the data source and where to store the result of the
execution.

Implementation of Mapper class:

This class receives all records to process, and for pre-processing we performed the
following task:

Ignore the record that have missing value in key field.

Replace numbers in Name field by empty characters.

Turn email personal into lowercase.

Turn first name into lowercase.

Validate date.

Generate random date if the date is missing.

N Otk W

Separate the date into the format :[day| [month| [year]|.

Algorithm 1 Pre-processing

input: record||

output: record ||

method ClearRecords ( record | | )

Remove unwanted Characters And Number (record [last Name]| )
date = record |Date of Birth |

Split date of birth by the delimiter

Checking day

Checking month

Checking year

CheckingPhone (record [phone|)

: CheckingZip (record [Zip)|)

: CheckingCountryAndCity (record [Country])
: CheckingCountryAndCity (record [City])

e
W N = O

For the Blocking task we used the first name as a key.
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Algorithm 2 Class Mapper

input: file text

output: (text key, text value)

method Map ( Text key, Text value )

records | | = split the records by the delimiter
for i—=0; i <— records.size ;i ++

Blocking key <« records|Firstname]
OtherFields = clearRecord(records)

EMIT ( text Blocking key, List OtherFields )
end Class

Implementation of Reducer class:

this class receive block have the same key in format (key, list of value), the reducer

extract the records from the list, then compare them and classify by the call of the

method ComapareRecord AndClassification.

Algorithm 3 Class Reducer

e
U I SIS

input: blocking key and list of values
output: Match result

method reducer ( text key, list of values )
number=0

fori =0 ;i < values.size() ; i++

recordl = values.get(i)

split recordl into fields by the delimiter
for j = i+1 ;j < value.size ; j++

record2 = values.get(j)

split record? into fields by the delimiter

: compare record 1 and record 2 and classify as Match or Non Match

. if (result = "MATCH" )

: number -+

: Finalresult.add (record 1)

: end if

. if reducer finish write the final reslut and the number of all duplication records

for the comparison of fields we used the following algorithms:

Field Comparison Algorithm
Last Name Jaro - winkler String Comparison
E Mail Jaro - winkler String Comparison
Date of Birth | Numerical Comparison
Phone No. Numerical Comparison
County Jaro - winkler String Comparison
City Jaro - winkler String Comparison
Zip Numerical Comparison

Table 3.2: Used Algorithms for fields comparison.
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Finally, for the classification of records we used the threshold based classification.

Algorithm 4 Comparison and classification of records

1: input: two records

2: output: result "Match" or "Non Match"

3: method CompareRecordandClassification (recordl| | , record2| | )
4: compare fields and return the similarity

5: sumsim = sum of similarity of all fields in the record

6: if (sumsim > MaxThreshold) then

7: return "Match"

8: else if (sumsim < MaxThreshold and sumsim > MinThreshold) then
9: return "Potontial Match"

10: end if

11: else return "Non Match"

12: end if

3.3 Discussion and Results

In this section we will examine the results thrown by the method, from the point
of view of the performance in time that took the execution of the method with
different amounts of computational nodes.
we used Oracle VM Virtual box for creating Hadoop cluster, Figure 3.2 shown
the High level diagram of the VirtualBox cluster running hadoop nodes, and the

characteristics of the the host machine.

Master.cluster.com
2 Cores, 8 Go RAM, 40 Go disk

AN 3
node1.cluster.com node2.cluster.com
1Core, 1 Go RAM, 40 Go disk | |1 Cores, 1 Go RAM, 40 Go disk
J\ J
N\ !
noded.cluster.com noded.cluster.com
1CPU, 1 Go RAM, 40 Go disk 1 Core, 1 Go RAM, 40 Go disk
VAN J
Virtual Box
the Host Machine:

AMD Ryzen 5 Processor, 12 Core
16 Go Ram, 1 TB disk

Figure 3.1: High-level diagram of the VirtualBox Cluster.
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For the evaluation of the method we used the following tools:
e Cloudera Manager 5.15 1.
e Oracle VM Virtual Box 2.
e Apache Hadoop 3.1.1.
e Java 8 for the implementation of the MapReduce.
e IDE used was Netbeans.
after the execution we have a 58 of duplication records, table 4.3 shown the time of

execution with the number of nodes.

Number of Nodes | Time of Execution
1 node 3m 22.0 s

2 nodes 2m 33.037 s

4 nodes 1m 30.014 s

Table 3.3: Interpretation of the Result.

As we can see, using only one node we obtained the least performance in time,

as we adding more nodes we obtain better performance.

210

180

150

120

Secondes

90

60

30

1 node 2 nodes 4 nodes

Figure 3.2: Time of execution vs Number of nodes.

Limitations of the Study:
This thesis has some limitations, because of the limitations in materials , resources,
and in the used methods. the implementation of big data integration and fusion

techniques required a supercomputer with a high level of performance.

!Cloudera https://www.cloudera.com
2Oracle VM https://www.virtualbox.org
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Conclusion and Perspectives

In this thesis, we addressed the problem of integration and fusion in Big
Data environment. one of the main contributions of our work is to explore the Big
Data domain and the technologies devlopped to handle this large data sets such as
Apache Hadoop along with its ecosystem, this technology is considered as the first
open-source and widely used Big Data technology, building upon a distributed file
system and an implementation of MapReduce paradigm, most of the other technolo-
gies dedicated to deal with Big Data are based on the Hadoop solution.
Furthermore, the problem of data integration and fusion is widely discussed, many
books and journals have been published to address its challenges, definitions process
and techniques.
Moreover, The importance of big data integration has led to a substantial amount
of research over the past few years on the topics of schema alignment, record linkage
and data fusion to deal with the novel challenges faced by big data integration.
The main focus of our thesis was on giving the outline of challenges of data inte-
gration related to Big Data environment. From the study of Big Data Integration
and fusion, it is identified as the existing techniques and approaches are inefficient
to handle the problems, therefore a new framework, techniques or algorithms can be
proposed in future.
Finally we implement the map reduce based linkage method to touch the implanta-
tion aspect and we present the tools and algorithms used, and examine the result

thrown by the method in different computational of nodes.
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Annex

Definition of Mapper and Reducer :

public class MainHocine {

puklic static void main(String[] args) throws IOException, InterruptedException, ClassNotFoundException {
Configuration conf = new Configuration();
if (args.length '= 2) {
System,err.println("Number of Parameter is not equals 2 ");
System.exit(2);
}
FileSystem fs = FilsSystem,get(conf);
fs.delete(new Path(args[l]), true);
Job job = Job.getInstance(conf);

job.setJarByClass(MainHocine.class);

FileInputFormat.addInputPath(job, new Pathiargs[0]));
FileQutputFormat.setOutputPath(job, new Path(arogs[l])):

job.setMapperClass (Mapper.class);
job.setReducerllass (Reducer.class);

job.setOutputReyClass (Text.class);
job.setOutputValueClass (Text.class):
boolean sucess = job.waltForCompletion(true);
if (sucess) {

System.exit(l);

Figure 3.3: Definition of Mapper class and Reducer class.
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Annex

Implementation of Mapper class:

public void map(Cbject key, Text value, Context context) throws ICException, InterruptedException {

String[] fields = wvalue.toString().split(",");

StringBuilder otherFields;

otherFields = clearRecord(fields);
String firstName = removeUnWantedCaracterdndNumbers(fields[FIRST NAME].toLowerCase());

Text field Name key = new Text(firstName);
Text field ID = new Text(fields[ID]):
if ('firstName.equals("") && firstWName.length{) '= 1) {

context.write(field_Name_key, new Text(field ID +","+ otherFields.toString())}):

}
public StringBuilder clearRecord(String[] record) {

return new StringBuilder (removeUnWantedCaracterdndlumbers(record|[LAST NAME]).trim().toLowerCaze() + ", "

+ Methods.checkingDays(record[DATE OF BIRTH].split("/")[0].tzim()) + ", "

+ Methods.checkingﬁbnths(record[DAEE_CE_SIRTH].split(“;“][1].trim{]] + "
+ Methods.checking¥ears(record[DATE OF BIRTH].split("/")[2].trim()) + ", "
+ Methods.checkingEmails(record[EMAIL].trim()) + ", "

+ Methads. checkingPhone (record[FHONE] .trim{)) + ", "

+ Methods.checkingfip(record[ZIP].txim()) + ", "

+ Methods. checkingCountryAndCity (record [COUNTRY].trim{)) + ", "

+ Methods. checkingCountryAndCity (record [CITY] . trim()));

Figure 3.4: Implementation of Mapper class.
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Implementation of Reducer class:

public static int sum = 0;
pubklic volid reduce | Taxt key, Iterable«<Text> walue, Context context)
throws IQException, InterruptedException {
Intiritable in = new IntFritable():
IntFritablse su = new Intiritabls():
LinkedList<5tring> listOfRecodsByName = new LinkedList<>();
for (Text registerl : walue) {
liztOfRecodsByName.add (registexl. toString() ) :
}
for (int i = 0; 1 < listOfRecodsByName.size(): i++) {
String recordl = listOfREecodsByName.get (i),
int index = 0;
String[] fieldsCfRecordl = recordl.splic(","):
for (int j = i + 1; j < listOfRecodsByName.size () j++) {
String record2 = listOfRecodsByName.get(j):
String[] fields0fBRecord? = record2.split(","):

String result = comparsRegisters(fields0OfRecordl, fieldsOfRecordZ2) :

if (result.eguals ("MATCH")) {

index++;
listOfRecodsByName . remove () ;7
i--:

}

Figure 3.5: Implementation of Reducer class.
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Field comparison and classification functions:

public static String compareRegisters(String[] fieldsregisterl, String[] fieldsregister2) {
double lastNameSimi = getJarofinklerDistance(fieldsregisterl[LASTNANE], fieldsregisterZ[LASTNAME]):
double dayOfBirthSimi = comparisontNumbers(Float.parseFioat(fieldsregisterl[DAﬁ_SE_BIRTH]],
Float.parseFloat(fieldsregister2[DAY OF BIRTH]));
double monthOfBirthSimi = comparisontNumbers(Float.parﬂeFﬁoat(fieldsregisterl[M@NT}_CF;SIRIH]],
Float.parseFloat (fieldsregister2 [MONTE OF BIRTH])):
double yearOfBirthSimi = comparisontNumbers[Float.parsefioat[fieldsregisterl[YEAR_SE_SIRTH]],
Float.parseFleoat(fieldsregister2[YEAR OF BIRTH])):
double dateFinal=day0fBirthSimi+monthCfBirthSimi+yearOfBirthSimi;
if(dateFinal!=1)dateFinal=0;
double emailSim = getJaroWinklerDistance(fieldsregisterl[EMAIL], fieldsregister2 [EMAIL]):
double phoneSimi = comparison0f5Strings(fieldsregisterl[PHONE], fieldsregister2[FHONE]):
double zipSimi = comparisonOfNumbsrs|Integer.parssInt(fieldsregisterl[ZIP]),
Integer.parseInt(fieldsregister2[ZIF])):
double countrySimi = getJaroFinklsrDistance(fieldsregisterl[COUNTRY], fieldsregister2[COUNTRY]);:
double citySimi = getJaroWinklerDistance(fieldsregisterl[CITY], fieldsregister2[CITY]):
double simsum = lastNameSimi+dateFinal + emailSim 4+ phoneSimi 4 zipSimi + countrySimi + citySimi;
float maxPercentage = 90;
float minPercentage = 35;
int sizeCfRecord = 7;
float maxThreshold = (maxPercentage * sizeOfRecord) / 100fF;
float minxThreshold = (minPercentage * sizeCfRecord) / 100f;
if (simsum >= maxThreshold) {
return "MATCE";
} else if (simsum < maxPercentage && simsum »>= minxThreshold) {
simsum = 2 * lastNameSimi + day0fBirthSimi + monthOfBirthSimi +4 yearOfBirthSimi + emailSim +
phoneSimi + zipSimi + countrySimi + citySimi;
maxThreshold = (maxPercentage * sizeOfRecord + 1) / 100£;
if (simsum >= maxThreshold) {

return "MATCH";
} else {
return "Potontial MATICH";
}
}
return "NON MATCH";

Figure 3.6: Comparison and Classification Functions.
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