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Prof. Sonia Bergamaschi

Department of Engineering òEnzo Ferrarió

sonia.bergamaschi@unimore.it

www.dbgroup.unimore.it

mailto:Sonia.bergamaschi@unimore.it
http://www.dbgroup.unimore.it/
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ÅWho I Am

ÅFrom Data Integration to Big Data Integration

ÅEntity Resolution (a.k.a. Record Linkage)

ÅPrivacy-Preserving Record Linkage (PPRL)

ÅPPRL with MOMIS
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Prof. Sonia Bergamaschi

ÅFull Professor at the University of Modena

and Reggio Emilia

Engineering dept òEnzo Ferrarió

ÅEmail: sonia.bergamaschi@unimore.it

ÅLeader of the Database Research Group

(DBGroup)

ÅDean of the ICT Doctorate

ÅUNIMORE Delegate for ICT Technologies

ÅACM Distinguished Researcher

Å IEEE Senior Member

Å>300 publications in international conferences and journals

DBLP· Google Scholar· Scopus

mailto:sonia.bergamaschi@unimore.it
http://www.dbgroup.unimore.it/
http://www.ict.unimore.it/
http://dblp.uni-trier.de/pers/hd/b/Bergamaschi:Sonia
https://scholar.google.com/citations?user=AECQn1MAAAAJ&hl=it&oi=ao
https://www.scopus.com/authid/detail.uri?origin=resultslist&authorId=7006782238&zone=


4

D
B

 G
ro

u
p

 @
 u

n
im

o
re

ÅCurrent Members:

ð6 Faculty
ÅProf. Sonia Bergamaschi

ÅProf. Domenico Beneventano

ÅProf. Francesco Guerra

ÅProf. Laura Po

ÅProf. Maurizio Vincini

ÅGiovanni Simonini, PhD(RTDB)

ÅMember of the Italian

CINI Big Data Lab

ÅDataRiver : a spin-off (now innovative SME) 

to deploy the MOMIS data integration 

system

ð1 Postdoc
ÅLuca Gagliardelli, PhD(RTDA)

ð4 ICT PhD Students
ÅLuca Zecchini (2nd year, Task-driven Big Data 

Integration)

ÅAdeel Aslam (1st year, Big Data and Artificial 

Intelligence for the enhancement of energy virtuosity, 

ER Grant)

ÅGiulio De Sabbata (1st year, Big Data and Artificial 

Intelligence to the efficiency of production processes in 

industrial manufacturing , DataRiver)

ÅAmbra Di Piano (1st year, Deep learning in real-time 

on the astrophysical data obtained from the Cerenkov 

CTA Observatory, INFN)

http://personale.unimore.it/rubrica/dettaglio/sonia
http://personale.unimore.it/rubrica/dettaglio/benevent
http://personale.unimore.it/rubrica/dettaglio/fguerra
http://personale.unimore.it/rubrica/dettaglio/laurapo
http://personale.unimore.it/Rubrica/dettaglio/mvincini
http://personale.unimore.it/rubrica/dettaglio/simonini
https://www.consorzio-cini.it/index.php/it/lab-big-data
http://www.datariver.it/
http://personale.unimore.it/rubrica/dettaglio/luca.gagliardelli
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ÅWho I Am

ÅFrom Data Integration to Big Data Integration

ïData Integration

ïBig Data

ïTechnologies for Big Data
ÅBig Data Management

ÅBig Data Science

ÅBig Data Integration

ï(Big) Data Integration with MOMIS

ÅEntity Resolution (a.k.a. Record Linkage)

ÅPrivacy-Preserving Record Linkage

ÅSome Real-World Applications
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Å Data Integration is the process of consolidating data from a set of heterogeneous 

data sources into a single uniform dataset or view on the data. (Christian Bizer)

Å The integrated dataset should:

ïCorrectly and completely represent the content of all data sources;

ïUse a single data model and a single schema;

ïOnly contain a single representation of every real-world entity;

ïNot contain any conflicting data about single entities.

Å To achieve this, Data Integration needs to resolve various types of heterogeneity

that exist between data sources.
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Å The discipline of Data Integration comprises the practices, architectural

techniques and tools that ingest, transform, combine and provision data across

the spectrum of information types in the enterprise and beyond in order to meet

the data consumption requirements of all applications and business processes. 

Å Applications of Data Integration:

ïBusiness, science, government, the Web, healthé pretty much everywhere

Å Data Integration = solving lots of puzzles

ïEach puzzle (e.g., Taj Mahal) is an integrated entity

ïEach piece of a puzzle comes from some source
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Big Data is a collection of data sets so large and complex that it

becomes difficult to process using on-hand database management

tools. The challenges include capture, curation, storage, search,

sharing, analysis, and visualization. The trend to larger data sets is

due to the additional information derivable from analysis of a single

large set of related data, as compared to separate smaller sets with

the same total amount of data, allowing correlations to be found.

(https://en.wikipedia.org/wiki/Big_data)

https://en.wikipedia.org/wiki/Big_data
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The quest for 

knowledge used to 

begin with grand 

theories.

Now it begins with 

massive amounts of 

data. Welcome to 

the Petabyte Age !
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Only 0.5% to 1% of 

the data is used for 

analysis.

http://www.csc.com/insights/flxwd/78931-big_data_growth_just_beginning_to_explode

http://www.guardian.co.uk/news/datablog/2012/dec/19/big-data-study-digital-universe-global-volume

http://www.csc.com/insights/flxwd/78931-big_data_growth_just_beginning_to_explode
http://www.guardian.co.uk/news/datablog/2012/dec/19/big-data-study-digital-universe-global-volume
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Fast 

Data

Current application  examples:  financial services, stock brokerage, weather tracking, movies/entertainment and online retail

Rapid 

Changes

Real-Time/Stream 

Analysis
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Velocity

VolumeVariety

Veracity

Value

Data today comes in all 

types of formats:

from traditional databases to 

RDF data stores created by 

end users and OLAP 

systems

to text documents, email, 

meter-collected data, video, 

audio, stock ticker data and 

financial transactions.
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Velocity

VolumeVariety

Veracity

Value

Refers to the messiness or 

trustworthiness of the data. 

With many forms of big data 

quality and accuracy are 

less controllable

(just think of Twitter posts 

with hash tags, 

abbreviations, typos and 

colloquial speech as well as 

the reliability and accuracy of 

content) 

but technology now allows 

us to work with this type of 

data.
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Å Then there is another V to take into account when looking at 

Big Data: Value! 

Å Having access to big data is no good unless we can turn it into 

value. 

ÅWhat technologies?
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ÅBig Data Management

ÅBig Data Science

ÅBig Data Integration
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God made integers,

all else is the work of man.
(Leopold Kronecker, 19th Century Mathematician)

Codd made relations,

all else is the work of man .
(Raghu Ramakrishan, DB Textbook Author)
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Turing award 2014
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   At This Point, RDBMS is ñlong in the toothò"

There are at least 6 (non trivial) markets where a row 

store can be clobbered by a specialized architecture !

ï Warehouses (Vertica, Red Shift, Sybase IQ)!

ï OLTP (VoltDB, Hana, Hekaton)!

ï RDF (Vertica, et. al.)!

ï Text (Google, Yahoo, é)!

ï Scientiýc data (R, MatLab, SciDB)!

ï Streaming data (coming in part 3 )!

Å Warehouse (Vertica, Red Shift, Sybase IQ, DW Appliances, é)

Å OLTP (VoltDB, HANA, Hekaton, é)

Å RDF (Vertica, é)

Å Text (Google, Yahoo, é)

Å Scientific data (R, MatLab, SciDB, é)

Å Data Streaming (Storm, Spark Streaming, InfoSphere, é)



21

D
B

 G
ro

u
p

 @
 u

n
im

o
re

!ƴ ŜƳŜǊƎƛƴƎ άƳƻǾŜƳŜƴǘέ ŀǊƻǳƴŘ non-
relational software for Big Data

ω bh{v[ ǎǘŀƴŘǎ ŦƻǊ άbƻǘ hƴƭȅ {v[έ όōǳǘ ƛǎ ƴƻǘ ŜƴǘƛǊŜƭȅ 
ŀƎǊŜŜŘ ǳǇƻƴύΣ ǿƘŜǊŜ {v[ ŘƻŜǎƴΩǘ ǊŜŀƭƭȅ ƳŜŀƴ ǘƘŜ ǉǳŜǊȅ 
language, but instead it denotes the traditional relational 
DBMS.

ω Google Bigtable & Mapreduce, MemcachedΣ ŀƴŘ !ƳŀȊƻƴΩǎ 
Dynamo ŀǊŜ ǘƘŜ άǇǊƻƻŦ ƻŦ ŎƻƴŎŜǇǘέ ǘƘŀǘ ƛƴǎǇƛǊŜŘ Ƴŀƴȅ ƻŦ 
the NOSQL systems:

ς Memcached demonstrated that in-memory indexes can be 
highly scalable, distributing and replicating objects over 
multiple nodes

ς Dynamo pioneered the idea of eventual consistency as a way 
to achieve higher availability and scalability

ς BigTable demonstrated that persistent record storage could 
be scaled to thousands of nodes & Mapreduceintroduces 
parallel computation for distributed data platforms.
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ÅVolume , Velocity
Calling for new Big Data systems:

ðBig Data Management Systems: NOSQL & more

ðBig Data Analysis Systems:

ÅBatch + Streaming

Many moreê

Many moreê

Not only Relational Database Management Systems and Business Intelligence 
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From Jens Dittrich (Saarland University)
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Data Integration

+

Data Analysis

(Business Intelligence, Statistics, Data Mining, Math

+

Data-Driven Artificial Intelligence)
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Model-Centric Data-Centric

- Collectsasmuchdataaspossible
- Iteratively improvesthe model to dealwith

the noisein the data

- Holdsthe modelfixed
- Iteratively improves the quality of the data to

obtaingoodresults

Å Fromthe BigDataera peopledo not focuson improvingthe quality of data,
but just add more data to overcome errors from noisy and poor-quality
information;

Å In a recenttalk, AndrewNgstatesthat 99%of the papersaremodel-centric;

Å Asa result,manymodelsdo not work well on realdata;

Å A recent paper from Google researchersanalyzes the work of 53 AI
practitioners, reporting that άŘŀǘŀcascadesτcompoundingevents causing
negative, downstreameffects from data issuesτtriggered by conventional
AI/ML practices that undervalue data qualityΧ are pervasive (92%
prevalence),invisible,delayed,but oftenavoidable.έ

https://it.wikipedia.org/wiki/Andrew_Ng
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ÅData education lack of adequate training on AI data quality, collection, 

and ethics. AI courses focus on toy datasets with clean values, but AI in 

practice requires the creation of data pipelines, often from scratch, 

going from ground truth to model maintenance.

ÅWe have to define a systematic pipeline to improve the quality of data.

ÅSystematic improvement of data quality on a basic model is better

than using the state-of-the-art models with low-quality data.

Å In a recent talk, Andrew Ng states that good data for ML/AI:

ïIs defined consistently (the label definition is unambiguous);

ïCovers important cases (good coverage of inputs);

ïHas a feedback from the production data;

ïIs sized appropriately.
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Wearable devices

Mobile
devices Information 

systems

Web
Applications

Medical 
devices

Diagnostic
systems

Data Analysis + 
Data-Driven AI

NFC/RFID tags
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ÅData Integration = solving lots of puzzles 

ïBig data integration Ÿ big messy puzzles

ïE.g., missing, duplicate, damaged pieces
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According to Gartner: 

V Gartner estimates that the Data Integration tool market generated more than $2.7 billion in 

software revenue (in constant currency) at the end of 2016.

V A projected five-year compound annual growth rate of 6.32% will bring the total market 

revenue to around $4 billion in 2021 (see "Forecast: Enterprise Software Markets, 

Worldwide, 2014-2021, 2Q17 Update").

V $3.3 billion software revenue in 2020.

Market Overview: 

V The biggest change in the market from 2016 is the pervasive yet elusive demand for 

metadata-driven solutions.

V Consumers are asking for hybrid deployment not just in the cloud and on-premises but also

across multiple data tiers throughout broad deployment models, plus the ability to blend 

data integration with application integration platforms (which is metadata driven in 

combination with workflow management and process orchestration) and a supplier focus 

on product and delivery initiatives to support these demands.
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ÅThe research community has been investigating Data Integration for

more than 30 years: different research communities (database,

artificial intelligence, semantic web) have been developing and

addressing issues related to Data Integration:

ïDefinitions, architectures, classification of the problems to be addressed;

ïDifferent approaches have been proposed and benchmarks developed.

ÅOpen issues

ïUncertainty, Provenance, and Cleaning;

ïLightweight Integration:

ïVisualizing Integrated Data;

ïIntegrating Social Media;

[1] S. Bergamaschi, S. Castano, M. Vincini: Semantic Integration of Semistructured and Structured Data 

Sources. ACM SIGMOD Record 28(1): 54-59 (1999)

[2] S. Bergamaschi et al.: From Data Integration to Big Data Integration. A Comprehensive Guide 

Through the Italian Database Research Over the Last 25 Years: 43-59 (2018).

https://doi.org/10.1145/309844.309897
https://doi.org/10.1007/978-3-319-61893-7_3


32

D
B

 G
ro

u
p

 @
 u

n
im

o
re

MOMIS is a (Big) Data Integration system able

to aggregate data from heterogeneous

(structured and semi-structured) and distributed

sources (e.g., electronic health record, medical

devices, etc.) in a semi-automatic way, exploiting

the semantic relationships existing in the data

sources (made available as open source by

DataRiver).

Data 
Discovery

ωSource collection

ωSource analysis

ωData patterns

Data 
Validation

ωCorrectness

ωCompleteness

ωData Quality constraints

Data 
Cleaning

ωMissingValues

ωDeduplication

ωData Transformation

Semantic 
Enrichment

ωSemantic Annotation

ωStandards vocabularies

ωOntologies

Data 
Integration

ωSchema Generation

ωSchema Mapping

http://www.datariver.it/
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DBGroup@unimore

Virtual Data Integration

www.datariver.it



34

D
B

G
ro

u
p
 @

 u
n
im

o
re

DBGroup@unimore
34

Name| Address| Sector | N° Emp

Company|Location | RevenueCompany|Location | Revenue

Name| Address| Latitude| Lomgitude

Now we can query: 

SELECT  *

FROM Companies

Name| Address| Sector | Revenue|Map

Name| Address| Latitude| LongitudeName | Address | Sector | N° EmpName | Address | Sector | N° Emp

www.datariver.it

Companies 
Mediated 
Schema

Global as View 
Mapping

Attribute 
Matching

1. Attribute Matching

2. Companies Mediated Schema

3. Global as View mapping

4. Query
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DBGroup@unimore

Data stored in
Local sources

XML

VIRTUAL  INTEGRATION
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DBGroup@unimore

Data stored in
Local sources

VIRTUAL  INTEGRATION

XML
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Å Materialized Integration: integrate sources by bringing the data into a single 

physical database (Data Warehouse)

Å Virtual Integration: leave the data at the sources and access it at query time via 

wrappers by supporting query over a mediated schema and by applying online 

query reformulation.

Å Several intermediate architectures.
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Å A mediator is a software module that exploits encoded knowledge about certain 

sets or subsets of data to create information for a higher layer of applications.

Å The mediator builds a global schema of several (heterogeneous) information 

sources and allows a user to formulate a query on it.

Å The user query is transformed in a set of sub-queries, one for each data source 

involved in the query.

Å The results are collected by the mediator, merged and shown to the user.
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ωGoal:resolve technical, syntactical and data 
model heterogeneity so that data from all 
sources can be accessed/gathered and 
represented in the same data model.

ÅAccess heterogeneitycomprises all differences in 
the means to access data, not the data itself,
ŜΦƎΦΣ 5ŀǘŀ 9ȄŎƘŀƴƎŜ CƻǊƳŀǘ ό·a[Σ W{hbΣ /{±Σ Χύ

ÅSyntactical heterogeneitycomprises all 
differences in the encoding of values,
ŜΦƎΦΣ /ƘŀǊŀŎǘŜǊ CƻǊƳŀǘ ό!{/LLΣ ¦ƴƛŎƻŘŜΣ Χύ

ÅData model heterogeneity comprises differences 
in the data model that is used to represent data,
e.g., Relational vs Object Data Model

Record Linkage

Data Fusion

Schema Alignment

Data Collection



40

D
B

 G
ro

u
p

 @
 u

n
im

o
re

Record Linkage

Data Fusion

Data Collection

Schema Alignment

ωGoal:resolve structural and schema-related 
semantic heterogeneity

ÅStructural heterogeneitycomprises differences 
in the way different schemata represent the 
same part of reality,
e.g., Alternative Modeling, Normalized vs. 
Denormalized

ÅSemantic heterogeneity comprises differences 
concerning the meaning of schema elements,
ŜΦƎΦΣ bŀƳƛƴƎ /ƻƴŦƭƛŎǘǎ όǎȅƴƻƴȅƳǎΣ ƘƻƳƻƴȅƳǎΣ Χύ
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Data Fusion

Data Collection

Schema Alignment

Record Linkage

ωGoal:resolve data related semantic 
heterogeneity by identifying all records in 
all data sources that describe the same 
real-world entity. 

ÅMultiple data sources as well as multiple 
records within one data source may describe 
the same real-world entity.
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Data Collection

Schema Alignment

Record Linkage

Data Fusion

ωGoal:resolve data conflicts by combining 
attribute values of duplicate records into a 
single consolidated description of an entity. 
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wrapper

wrapper

wrapper

Energy Box

Energy Distributor

ElectricalBox

Ontology

Source Management 
services

Source Management
Dashboard

DataBase

SQL

Data Lake

NoSQL

Storage services

Analysis services

Querying& Export 
services

MQTT Data Source

CSV Data Source

Database

wrapper

wrapper

wrapper
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Å Goal: Translate data from a set of 

source schemata into a given target 

schema. 

Å Triggered by concrete information need 
(= target schema) 

Top-down integration scenario 

Å Goal : Create a new integrated schema 

that can represent all data from a given set 

of source schemata (Schema Integration) 

Å Triggered by the goal to fulfill different 
information needs based on data from all 

sources. 

 

Botto m-up integration scenario 

9
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üTop-down Integration Goal:Translate data from a set of source schemata into 
a given Mediated Schema.

ωSchema alignment: mediated schema + matching + mapping

Mediated Schema

Attribute Matching

Schema Mapping

S1 (Name, Location, Revenue, Phone number)

S2 (Name, Address, Sector, Income)

S3 (CompanyName, City, Address, Phone, Category)
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ωSchema alignment: mediated schema + matching + mapping

ςEnables domain specific modeling

Mediated Schema

Attribute Matching

Schema Mapping

S1 (Name, Location, Revenue, Phone number)

S2 (Name, Address, Sector, Income)

S3 (CompanyName, City, Address, Phone, Category)

MS (Name, Address, Phone, Sector)
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ωSchema alignment: mediated schema + matching+ mapping

ςIdentifies correspondences between mediated and source 
schemata attributes

Mediated Schema

Attribute Matching

Schema Mapping

MSAM MS.Name: S1.Name, S2.Name,
{оΦ/ƻƳǇŀƴȅbŀƳŜΣ Χ

MS.Address: S1.Location, S2.Address,
S3.City, S3.Address;

MS.Sector: S2.Sector, S3.Category;
Χ

S1 (Name, Location, Revenue, Phone number)

S2 (Name, Address, Sector, Income)

S3 (CompanyName, City, Address, Phone, Category)

MS (Name, Address, Phone, Sector)
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ωSchema alignment: mediated schema + matching + mapping

ςTranslate data from the set of source schemata  into the mediated schema.

Mediated Schema

Attribute Matching

Schema Mapping

MSSM
(GAV)

(Name, Address, Phone, _):-
S1(Name, Address, Phone )

(Name, Address, _, Sector):-
S2(Name, Address, Sector )

S1 (Name, Location, Revenue, Phone number)

S2 (Name, Address, Sector, Income)

S3 (CompanyName, City, Address, Phone, 
Category)

MS (Name, Address, Phone, Sector)

MSAM MS.Name: S1.Name, S2.Name,
{оΦ/ƻƳǇŀƴȅbŀƳŜΣ Χ

MS.Address: S1.Location, S2.Address,
S.Sector: S2.Sector, S3.Category;
Χ
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üBottom-up Integration Goal:Create a new integrated schema that can 
represent all data from a given set of source schemata.

ωSchema alignment: matching + schema integration + mapping

Attribute Matching

Schema Integration

Schema Mapping

S1 (Name, Location, Revenue, Phone number)

S2 (Name, Address, Sector, Income)

S3 (CompanyName, City, Address, Phone, Category)
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ωSchema alignment: matching+ schema integration + mapping

ςIdentifies correspondences among source schemata attributes

Attribute Matching

Schema Integration

Schema Mapping

AM S1.Name, S2.Name
S2.Name, S3CompanyName
Χ
S1.Location,S2.Address
S2.Address,S3.Address
S2.Address,S3.City

S1 (Name, Location, Revenue, Phone number)

S2 (Name, Address, Sector, Income)

S3 (CompanyName, City, Address, Phone, Category)
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Common Thesaurus : the set of correspondences between local attributes 
(Attribute Matches)

MOMIS uses a combination of semi-automatic methods:

ωLexicon-derived correspondences, derived by the annotation of local 
schemata with respect to a lexical resource, such as WordNet or other 
semantic resource

ωSchema-derived correspondences
ς For example, correspondences derived from foreign keys in a relational schema

ω Inferred correspondences, derived by exploiting Description Logics  techniques

ωDesigner supplied correspondences

ςThe designer can add/delete relationships to the Common Thesaurus
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ωLexical Annotation with respect to a domain thesaurus.

ωTwo local sources

1. The CEREALAB Database

2. The DBPEDIA Dataset

ωAnnotation w.r.t. AGROVOC, 
a thesaurus covering all areas 
of interest of the FAO
(https://agrovoc.fao.org/browse/agrovoc/en/) 

https://agrovoc.fao.org/browse/agrovoc/en/
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Awn
Slenderbristlelikeappendage

foundon the bractsof grasses
Arista

Appendice sottile e setolosa che si trova 
sulle brattee delle erbe.

Bract
A modifiedleaf or leaflikepart just below

and protectingan inflorescence
Brattea

Una foglia modificata o una parte simile a una 
foglia appena sotto di un'infiorescenza.

Glume
Small dry membranousbract foundin 
inflorescencesof Gramineae

Gluma
Piccola brattea membranosa secca che si 
trova nelle infiorescenze delle Graminacee

https://agrovoc.fao.org/browse/agrovoc/en/page/c_9023

https://agrovoc.fao.org/browse/agrovoc/en/page/c_9023
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ωSchema alignment: attribute matching + schema integration + mapping

Attribute Matching

Schema Integration

Schema Mapping

Å Attribute Matches of the Common 
Thesaurus  are used to evaluate 
the affinity between local classes

Å Local classes with a given level of affinity 
are grouped together in clustersusing a 
hierarchical clustering technique

Å For each cluster, a Global Class that 
represents the mediated view of all the 
local classes of the cluster is created
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S1.Company S2.Enterprise S3.Company

Name Name CompanyName

Location Address Address, City

Phone Number Phone, City

Sector Category

Income

Revenue

In the following table, local attributes on the same row are matches

ü S1.Company and the other two local classes do not have a sufficient affinity, 
thus we obtain two clusters:

{ S2.Enterprise, S3.Company}
{ S1.Company}

Two global classes

There is no match between
Revenue and Income
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S1.Company S2.Enterprise S3.Company

Name Name CompanyName

Location Address Address, City

Phone Number Phone, City

Sector Category

Revenue Income

Thereis a match between
Revenue and Income after 
annotation

In the following table, local attributes on the same row are matches

ü Now, between S1.Company and the other two local classes there is a sufficient 
level of affinity, thus all the three local classes are grouped together;
One cluster

{S1.Company, S2.Enterprise, S3.Company} One global class
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ωSchema alignment: mediated schema + matching + mapping

ςSpecifies the transformations between records in different schemas

Attribute Matching

Schema Integration

Schema Mapping

Å A Mapping Table represents the 
correspondences between a Global Class 
and its local classes Č intensionallevel

Å How to get Global Class instances from local 
classes Č extensionallevel

Å Global as View approach: each Global Class 
is defined as a view over its  Local Classes



59

D
B

 G
ro

u
p

 @
 u

n
im

o
re

ωFor a global class G a Mapping Table MT is automatically generated, whose 
columns represent the local classes belonging to G and whose rows represent 
the global attributes of G. An element MT[GA][L] represents the set of local 
attributes of L which are mapped onto the global attribute GA.

ωFor each element MT[GA][L] a Data Transformation Functionscan be specified 
to transform the local values into the global value.

ςMT[Phone][S3.Company] = {Phone,City}: companies from different countries, the 
country prefix (obtained from City) must be added to Phone.

S1.Company S2.Enterprise S3.Company

Name Name Name CompanyName

Address Location Address Address, City

Phone Phone Number Phone, City

Sector Sector Category

Revenue Revenue Income
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Schema matching: Mapping Table of G Global Instance

Å The Mapping Table with the correspondences between the global class G and 
its local classes {S1.Company, S2.Enterprise, S3.Company}Č intensionallevel

Å Global as View approach: The instances of the global class G are defined by a 
view over the local class instances Č extensionallevel
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Record Linkage

Data Fusion

Schema Alignment
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Data Fusion

Record Linkage

Schema Alignment

E1

E1

E1

Å Simplecase: we can define one or more attributes, 
called Join Attributesto identify the same entity

Å Complex όǊŜŀƭύ ŎŀǎŜΥ ƴƻ Ƨƻƛƴ ŀǘǘǊƛōǳǘŜǎ Ҧ
Entity Resolution / Record Linkage
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Name Address Phone Sector Revenue

IBM Corporation New York 469805361 131

Apple Inc Cupertino, CA 777805361 158

General Electric Boston, MA 77

IBM Corporation NY IT 140

Apple Inc CA IT 160

Electric Co MD Electric 3

General Electric Boston, Farnsworth Str. 56-443-3000 Electric

IBM Corporation New York 77-980-5350 Information

S2

S1

S3

Join 
Attribute

Name Address Phone Sector Revenue

IBM Corporation New York 469805361 131

IBM Corporation NY IT 140

IBM Corporation New York 77-980-5350 Information

Apple Inc Cupertino, CA 777805361 158

Apple Inc CA IT 160

General Electric Boston, MA 77

General Electric Boston, Farnsworth Str. 56-443-3000 Electric

E4 Electric Co MD Electric 3

E1

E2

E3

Two records of Siand Sj
represent the same real entity 
if and only if they satisfy the 
join condition 

Si.Name=Sj.Name

The operation to be performed is a Full Outer Join 
Å to join records on the basis of join conditions 
Å to include into the result all the records of all local sources
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Schema Alignment

E1

E1

E1

Data Fusion

Record Linkage

longest voting preferS3 avgpreferS2

Resolution Functions
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Local Classes

Global ClassCompany - Mapping Table Global ClassCompany ςInstance(virtual)

Global Query- To query the integrated data

9ȄŀƳǇƭŜΥ ƴŀƳŜ ŀƴŘ ǊŜǾŜƴǳŜ ŦƻǊ ŎƻƳǇŀƴƛŜǎ ǿƛǘƘ ŀŘŘǊŜǎǎ άbŜǿ ¸ƻǊƪέ ŀƴŘ ǎŜŎǘƻǊ άL¢έ
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ÅHow to answer global queries?

Å In a Virtual Data Integration system, data reside at the data sources 

then the query processing is based on Query rewriting: a global 

query has to be expressed as an equivalent set of queries on the 

local data sources (local queries).

ÅGlobal as View approach: 

ïInstances of a global class G are defined by a view over its local class 

instances

ïrewriting is performed by unfolding, i.e., by expanding a global query on 

G according to the  view associated to G

ü In the following an intuitive example of query unfolding.

SELECT Name, Revenue

FROM Company

WHERE Address = ñNew Yorkò and Sector = ñITò
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SELECT  Name, Revenue FROM S1.Company

WHERE   Phone Number like ñ77*ò

SELECT  Name, Income FROM S2.Enterprise

WHERE   Sector = ñITò

SELECT  Name, Revenue

FROM Company

WHERE Phone like ñ77*ò and Sector = ñITò

Global query

Mapping table of the global class Company (with only two local classes)

Local queries

Name Revenue

Apple Inc 158

IBM Corporation 131

Name Income

IBM Corporation 140

Apple Inc 160

Name Income

IBM Corporation 135,5

Apple Inc 159

Local queries results are 
1) Transformed  by using the Mapping Table to obtain the global attributes
2) Joined by using the join attribute Name
3) Fused by using the Resolution Functions (average)



68

D
B

 G
ro

u
p

 @
 u

n
im

o
re

ÅWho I Am

ÅFrom Data Integration to Big Data Integration

ÅEntity Resolution (a.k.a. Record Linkage)

ïEntity Resolution

ïEntity Resolution Pipeline
ÅBlocking

ÅBlock Cleaning

ÅEntity Matching

ÅEntity Clustering

ÅData Fusion

ÅBeyond Traditional Batch ER

ÅPrivacy-Preserving Record Linkage (PPRL)

ÅPPRL in E-Eath domain



69

D
B

 G
ro

u
p

 @
 u

n
im

o
re

Data 
Discovery

ωSource collection

ωSource analysis

ωData patterns

Data 
Validation

ωCorrectness

ωCompleteness

ωData Quality constraints

Data 
Cleaning

ωMissingValues

ωDeduplication

ωData Transformation

Semantic 
Enrichment

ωSemantic Annotation

ωStandards vocabularies

ωOntologies

Data 
Integration

ωSchema Generation

ωSchema Mapping

Deduplication

a.k.a.

Entity Resolution

Data Matching

Record Linkage
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Given one or more data sources, Entity Resolution (ER) is the task of 

identifying the records (entity profiles) that refer to the same real-

world object (entity).

We will refer to entity profiles simply as profiles.

Name Surname Address Sex

Mary-Ann White West Main Street 29, 12068, 
Fonda, NY, New York

F

Thomas J. Franklin 50 Liverpool Street,
London

M

Name Residence Age Gender

Franklin, Tom London (UK) 25 Male

Withe, Mary Ann New York (USA) 29 Female

Data Source A Data Source B

r1

r2

r3

r4
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ER is a hard task, since data can be dirty and ambiguous:

- some words can be written in different ways (or even misspelled);

- cases of homonymy and synonymy;

- missing or wrong values.

Name Surname Date of birth Address

Richard Wright 08/06/1996 Main Street, 12

Anne Marie Thompson 04-09-1998 St James Blvd4

Richard Wright Dec15, 1968 Hill Street 98

Rick Wirgth Aug6, 1996 Main St. 12

Nick Mason NULL NULL

Anne-Marie Thompson April 9, 1998 Saint James Boulevard, 12
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ÅData Integration

ÅDeduplication

ÅRecord Linkage

ÅFraud Detection

ÅCatalogs Fusion

ÅReducing the size 

of stored data

Åé

A B

A

AC

C

B

D

D

D CB

A B C D

Deduplication

Record Linkage

FraudDetection




