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Outline

A Who | Am
A From Data Integration to Big Data Integration

A Entity Resolution (a.k.a. Record Linkage)
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A Privacy-Preserving Record Linkage (PPRL)

A PPRL with MOMIS




Who | Am

Prof. Sonia Bergamaschi

A Full Professor at the University of Modena
and Reggio Emilia
Engineering dept O0EN
A Email: sonia.bergamaschi@unimore.it

A Leader of the Database Research Group
(DBGroup)

A Dean of the ICT Doctorate

A UNIMORE Delegate for ICT Technologies
A ACM Distinguished Researcher

A IEEE Senior Member

A >300 publications in international conferences and journals
DBLP- Google Scholar- Scopus
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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=

DBGroup at Glance

A Current Members: d 1 Postdoc
36 Faculty A Luca Gagliardelli, PhD(RTDA)

A Prof. Sonia Bergamaschi

A Prof. Domenico Beneventano 0 4 ICT PhD Students

A Prof. Francesco Guerra A Luca Zecchini(2 year, Taskdriven Big Data
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Integration
A Prof. Laura Po aration) . o
— A Adeel Aslam (1% year, Big Data and Artificial
A Prof. Maurizio Vincini Intelligence for the enhancement of energy virtuosity
A Giovanni Simonini, PhD(RTDB) ER Gran)

A Giulio De Sabbata (1% year, Big Data and Artificial
Intelligence to the efficiency of production processes in
industrial manufacturing, DataRive)

A Ambra Di Piano (1%t year, Deep learning in reaktime
A Member of the Italian on the astrophysical data obtained from theCerenkov

CINI BIC] Data Lab CTA Observatory INFN)

"
-

A DataRiver : a spin-off (now innovative SME)
to deploy the MOMIS data integration
system

DataRiver

open source data management



http://personale.unimore.it/rubrica/dettaglio/sonia
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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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Outline

A Who | Am

A From Data Integration to Big Data Integration
I Data Integration
I Big Data
I Technologies for Big Data
A Big Data Management

A Big Data Science
A Big Data Integration

I (Big) Data Integration with MOMIS
A Entity Resolution (a.k.a. Record Linkage)
A Privacy-Preserving Record Linkage

A Some Real-World Applications
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Data Integration

A 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)

A The integrated dataset should:
I Correctly and completely represent the content of all data sources;
I Use a single data model and a single schema;
I Only contain a single representation of every real-world entity;
I Not contain any conflicting data about single entities.
A To achieve this, Data Integration needs to resolve various types of heterogeneity

that exist between data sources.




Data Integration

A 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.

A Applications of Data Integration:
i Business, science, government, the Web, he a | t he#dy mpch everywhere
A Data Integration = solving lots of puzzles
I Each puzzle (e.g., Taj Mahal) is an integrated entity
i Each piece of a puzzle comes from some source
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Big Data
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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)
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Big Data - Full faith in the power of data

The quest for
knowledge used to
begin with grand
theories.

Now it begins with
massive amounts of
data. Welcome to
the Petabyte Age !

data deluge .

AND ROW TO HANDLE IT: A 14-PAGE SPECIAL REPORY

The End of Science




The FOUR Vs of Big Data
90% 50,000
e ~:..e:g
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Volume“ .~ Velocity

Variety

= S

~d =4




MORE THAN
OF THE DATA PRODUG
WILL LIVE IN OR PA
THROUGH BUD

Only 0.5% to 1% of
the data is used for
analysis.

2015

12z8
9628 |

WHAT IS A ZETTABYTE?

DATA PRODUCTION

It took roughly
: 1pot . -

1000000000000 _ gigabytes PSRN UM /L BE 44 TIMES GREATER
1,000,000,000 terabytes holdethe 30 contles s ey [N 2020 THAN IT WAS IN 2009
1,000,000 petabytes 210 single- v A SR, More than 70% of the digital universe is
4 e sided DVDs o , s iridsind generated by Individuals. But enterprises have

; responsibility for the storage, protection and
1 zottabyte U \g e —— management of 80% of it*

http://www.csc.com/insights/fixwd/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

Rapid
Changes

Real-Time/Stream
Analysis

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



Increasing Variety of data types

$ L Data today comes in all
types of formats:
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@ from traditional databases to

Variety RDF data stores created by
end users and OLAP

$ systems

to text documents, emaill,

meter-collected data, video,

@ ﬁ audio, stock ticker data and
financial transactions.

& il




We see increasing veracity (or accuracy) of data

Refers to the messiness or
trustworthiness of the data.
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$ L With many forms of big data
guality and accuracy are

@ less controllable

(Just think of Twitter posts

$ with hash tags,

c abbreviations, typos and
colloquial speech as well as
the reliability and accuracy of

@ ﬁ content)

but technology now allows
. /".ﬁl us to work with this type of

data.
<

Veracity




Value — The most important V of all!
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A Then there is another V to take into account when looking at
Big Data: Value!

A Having access to big data is no good unless we can turn it into
value.

A What technologies?



Technologies for Big Data
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A Big Data Management
A Big Data Science

A Big Data Integration




Database Philosophy

God made Iintegers,
all else Is the work of man.

(Leopold Kronecker, 19" Century Mathematician)
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Codd made relations,
all else I1s the work of man.

(Raghu Ramakrishan DB Textbook Author)




Traditional RDBMS

THE POWER OF INFINITE POSSIBILITIES

o
o
=
=
=
©
Q
S
O
Q)
oM
O

Stonebraker Says
Turing award 2014

One Size Fits None
“The elephants are toast”




Not only RDBMS - Stonebraker

At This Point, RDBMS is i ang in the tootho'

There are at least 6 (non trivial) markets where a row
store can be clobbered by a specialized architecture !
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A Warehouse (Vertica, Red Shift,
OLTP (VoltDB, HANA, Hekaton, &)

RDF (Vertica, &)

Text (Google, Yahoo, é )

Scientific data (R, MatLab, SciDB, €& )

S S D S =

Data Streaming (Storm, Spark Streaming, InfoSphere, &)




What is NOSQL?
Y SYSNEBAY3I GY2@SYSY (i€ | NP
relational software for Big Data HOW TO WRITE A CV

w bh{v[ adlFryRa FT2NJ ab2i hyf e
F ANBSR dzLll2yo0o>X gKSNB {v[|[ R?2
language, but instead it denotes the traditional relational
DBMS.
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w GoogleBigtable &Mapreducg Memcached | y R | Y ;gi 2 v &\
Dynamol NB G KS GLINR2F 2F 02y 0% Ll Ok d Ay
the NOSQL systems: \

¢ Memcached demonstrated thatimemory indexes can be

DOESN'T

highly scalable, distributing and replicating objects over MATTER.
multiple nodes 2\ DG
¢ Dynamo pioneered the idea eVventual consistengs a way z j lcs'\\
to achieve higher availability and scalability \
¢ BigTable demonstrated that persistent record storage could Leverage the NoSQL boom

be scaled to thousands of nodedMapreduceintroduces
parallel computation fordistributed data platforms.



Challenges - Selection of the Big Data Technology
A Volume , Velocity

Calling for new Big Data systems:

d Big Data Management Systems: NOSQL & more

& redis A S RAVENDS Lo
d : -~ QOrientDB
Wy, 'Ne°4] . 4% Cassandra y
sriak moneoDB Many more &
8

FIPFICHE\.,{

HBRASE L{membase ; amazon
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d Big Data Analysis Systems:
A Batch + Streaming

D
aFlink (ED HERON QF?E)“,EM Many more é

Not only Relational Database Management Systemand Business Intelligence




The Data Science Cake

Ingredients:

50g statistics

1209 linear algebra
200g programming
1kg visualisation
3009 software
engineering
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Additional skills:
creativity

out of the box thinking
grit

team spirit

© istock.com sasilsolutions




The Data Science Pipeline/Waterfall Model

l data collection }1

t data acquisition

[ data profiling,
exploration
&visualization 7

<
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—1ta

data cleaning \

feature engineering/,
v\
modeling

—

{model training

A

t model testing \v

result interpretation

This is at the same time a process model and a dataflow. )

From JendDittrich (Saarland University)




Big Data Science

Data Integration
+
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Data Analysis

(Business Intelligence, Statistics, Data Mining, Math
+

Data-Driven Artificial Intelligence)



Data-Driven Al

Fromthe BigDataera people do not focuson improvingthe quality of data,
but just add more data to overcome errors from noisy and poor-quality
Information:;

In arecenttalk, AndrewNgstatesthat 99%of the papersare modelcentric
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Asaresult,manymodelsdo not work well on real data;

A A recent paper from Google researchersanalyzesthe work of 53 Al
practitioners, reporting that & R I dagcades compoundingevents causing
negative, downstream effects from data issues triggered by conventional
Al/ML practices that undervalue data qualityX are pervasive (92%
prevalence)invisible delayed but often avoidablet

Model-Centric Data-Centric

- Collectsasmuchdataaspossible - Holdsthe modelfixed
- lterativelyimprovesthe modelto dealwith - Iteratively improves the quality of the data to
the noisein the data obtain goodresults



https://it.wikipedia.org/wiki/Andrew_Ng

Data-Driven Al

A Data education lack of adequate training on Al data quality, collection,
and ethics. Al courses focus on toy datasets with clean values, but Al in
practice requires the creation of data pipelines, often from scratch,
going from ground truth to model maintenance.
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A We have to define a systematic pipeline to improve the quality of data.

A Systematic improvement of data quality on a basic model is better
than using the state-of-the-art models with low-quality data.

A In arecent talk, Andrew Ng states that good data for ML/AI:
I Is defined consistently (the label definition is unambiguous);
I Covers important cases (good coverage of inputs);
I Has a feedback from the production data;
I Is sized appropriately.



The Need for Big Data Integration:
the example of eHealth

Data Analysis +
. DataDriven Al
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Mobile

devices Lr)llf&gpnastion
Web
Applications
Medical
devices
Diagnostic
systems

NFCRFIDags

Wearablaedevices




From Data Integration to Big Data Integration

A Data Integration = solving lots of puzzles
iBig data i migmessygptzelesn Y
I E.g., missing, duplicate, damaged pieces
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(Big) Data Integration as a New Commercial Software

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.
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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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(Big) Data Integration in the Research Community

A The 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:

Definitions, architectures, classification of the problems to be addressed,
Different approaches have been proposed and benchmarks developed.

A Open issues

Uncertainty, Provenance, and Cleaning;

Lightweight Integration:
v 4 A \J 1 ' P
MOMIS

Visualizing Integrated Data,
Integrating Social Media;

- Big Data Integratign Mediator environment for Multiple Information Sources

[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

(structured and semi-structured) and distributed
sources (e.g., electronic health record, medical

" i i i i+ wCompleteness
devices, etc_.) In a semi aL_ltomat!c way, exploiting I o0t Quslitponstraints
the semantic relationships existing in the data o

wCorrectness

1 4
(D) Y v \ \ ¢ ® ® o
5 MOMIS (Big) Data Integration with MOMIS
) g _Medi;lor e;vir()nment for Mul;ple Information Sources
-
-
S MOMIS is a (Big) Data Integration system able wSourcecollection A
=1 to aggregate data from heterogeneous | cSourcenaysis
e gg g g Disc?)t\?ery wData patterns )
O
m
a

Validation

sources (made available as open source by wMissingValues b
' Deduplicati
DataRlver). ¢  wDeduplication
Cleaning wDataTransformation
Clinical DB Molecular DB
s iens scoe i s ctepory [icene Loy @Semanticnnotation
598/01 150 2011 14 598/01 Al 1-150M wStandarijIocabularles
wOntologies
Data
150 Transformation
wSchema Generation
L [ e wSchema Mapping
598/01 14 2011

Integrated Schema



http://www.datariver.it/

Virtual Data Integration

MOMIS

www.datariver.it



SCHEMA ALIGNMENT

semil automatic

_ Global as View
-
Mapping

% e Addiecs Lot Longiude)
N\ XS
Now we can query:. 'S==f
Shbbute
FRO Mafchintpanies

Name| Address| Sector | Revenue|Map

1. Attribute Matching Mo MI S

2. Companies Mediated Schema alatatatatats s i
3. Global as View mapping

4. Query

Companies
Mediated
Schema

www.datariver.it



MoMIS

DATA FUSION

bascd on the same key

Name Address Sector Revenue Map
Software | Nimitz Fwy, | Information| €6.000 min| -
Inc. Newark, US | Technology
FashionInc. | ViaSavona, | Textile €930 min

Cuneo, IT

VIRTUAL INTEGRATION

DATA CONFLICTS RESOLUTION

Data stored in
| ocal sources

. XML ’X:
Name Address  Sector N° Emp. "mm
FashionInc. | ViaSavona, | Textile 8000 ; ’ DNE (€
— ;L.mf:\o,FlT — . Compan Location Revenue Software Nimitzlfwy, 37’44 N 122’13 W
oftware imitz Fwy, | Information | 600 Software Nimitz Fwy, | €6.000 min Inc. Newark, US
Inc. Newark,US | Technology Inc Newark. US

FashionInc. | ViaLiberta, | €930 min
Cuneo, IT




ALWAYS UP TO DATE

Name Address Sector Revenue Map
" . - [R /‘Ho\,/“" \)\ e \)\ ’;
Software Nimitz Fwy, | Information | €6.000 min| =
=& s
Inc. Newark, US | Technology 2N e

FashionInc. | ViaSavona, | Textile €1.200 min
Cuneo, IT

VIRTUAL INTEGRATION

Address  Sector = , : : .
FashionInc. | ViaSavona, | Textile , Address Latitude Longitude

Cuneo, IT = 3744 N 122'13 W
Software Nimitz Fwy, | Information Software Nimitz Fwy, | € 6.000 min Inc. Newark, US
|

Inc. Newark, US | Technology Inc Newark. US

i o ¢
Fashion Inc. | Via Liberta, | €1.200 min \ ‘8’ N,
— \

Cuneo, IT




Data Integration Architectures

A Materialized Integration: integrate sources by bringing the data into a single
physical database (Data Warehouse)

A 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
qguery reformulation.

Application 1 Application 2 Application 1 Application 2
Materialized ) J Virtual .
Integration |7 S5 Integration Mediator

Data
arehou
5% Em

/ — \ Wrapper 2
L)

v
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o
=
=
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A Several intermediate architectures.



Virtual Data Integration: Mediators

A 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.

=¥ A The mediator builds a global schema of several (heterogeneous) information
sources and allows a user to formulate a query on it.

A The user query is transformed in a set of sub-queries, one for each data source
involved in the query.

A The results are collected by the mediator, merged and shown to the user.
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S
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DB Grou

Global
Schema (GS)




The Data Integration Process

w Goal:resolve technical, syntactical and data
model heterogeneity so that data from all
sources can be accessed/gathered and
represented in the same data model.

DB Group @ unimore

Schema Alignmen
J } A Access heterogeneitgomprises all differences in

the means to access data, Qot the data itself,
Se3Idr 514G 9EOKFyYy3AS C:

differences in the encoding of values,
l SPIAPsE / KI NI OGSNI C2NXNI
Data Fusion

A Data model heterogeneitgomprises differences
In the data model that is used to represent data,
e.g., Relational vs Object Data Model

{ Record Linkage} A Syntactical heterogeneitgomprises all




The Data Integration Process

w Goal:resolve structural and schenralated

Data Collection . .
semantic heterogeneity

A Structural heterogeneitycomprises differences
In the way different schemata represent the
same part of reality,

e.g., Alternative Modeling, Normalized vs.
Denormalized
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Record Linkage | A semantic heterogeneitgomprises differences
l concerning the meaning of schema elements,

SOPIDPT bl YAYT [/ 2yFEAOG

L Data Fusion }




The Data Integration Process

w Goal:resolve data related semantic

[ Data CoIIchon} heterogeneity by identifying all records in
all data sources that describe the same
realworld entity.
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Schema Alignmen A Multiple data sources as well as multiple
records within one data source may describe
the same reaivorld entity.

L Data Fusion }




The Data Integration Process

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

Data Collection

| ; |
|
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.

Record Linkage}




Data Collection in MOMIS: A Real-World Example

E - ooy -

Energy Box

ey
T -

Energy Distributor
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<
T e R -

ElectricalBox

“ 2 _ N wrapper K4

MQTT Data Source

EXE ' 3 wrapper K J

CSV Data Source

-
" L4 Wrapper IR~

Database

-

\
MoMIS

ki

Ontology
Source Management
services

Storageservices

Querying& Export
services

Analysisservices

Source Management
Dashboard

Data Lake DataBase
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Data Integration Scenario

Top-down integration scenario —

S
Source m Target
Schema Schema

E Source

Database

A Goal: Translate data from a set of
source schemata into a given target
schema.

A Triggered by concrete information need
(= target schema)

Mapping Target
queries Database

Botto m-up integration scenario Integrated

Schema

A Goal: Create a new integrated schema
that can represent all data from a given set
of source schemata (Schema Integration)

A Triggere_d by the goal to fulfill different Sfr?e“r;‘:ael ( matching ) goouree
information needs based on data from all
sources.




Schema Alignment: Top-Down Integration

U Top-down Integration GoalTranslate data from a set of source schemata ir
agiven Mediated Schema.

w Schema alignment: mediated schema + matching + mapping
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S1 (Name, Location, Revenue, Phone number)
{ Mediated Schem%x S2 (Name, Address, Sector, Income)
S3 (CompanyName, City, Address, Phone, Category

{

{Attribute Matching}

{

L Schema Mappin%




Schema Alignment: Top-Down Integration

w Schema alignmentnediated schemat matching + mapping
¢ Enables domain specific modeling
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S1 (Name, Location, Revenue, Phone number)
S2 (Name, Address, Sector, Income)
S3 (CompanyName, City, Address, Phone, Category

MS (Name, Address, Phone, Sector)

Attribute Matching

.

L Schema Mapping}




Schema Alignment: Top-Down Integration

schemata attributes
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S1
{ Mediated Schem} S2

S3

MS

MSAM

L Schema Mappin%

w Schema alignment: mediated schemaatching+ mapping
¢ ldentifies correspondences between mediated and source

(Name, Location, Revenue, Phone number)
(Name, Address, Sector, Income)

(CompanyName, City, AQdress, Phone, Category

(Name, Address, Phone, Sector)

MS.Name S1.Name, S2.Name,
{od/ 2YLI ye&bl YSE X
MS.AddressS1.Location, S2.Address,
S3.City, S3.Address;
MS.Sector S2.Sector, S3.Category;

X
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Schema Alignment: Top-Down Integration

w Schema alignment: mediated schema + matchingapping
¢ Translate data from the set of source schemata into the mediated schema.

{ Mediated Schem}

{

{Attribute I\/Iatching}

S1
S2
S3

MS
MSAM

MSSM
(GAV)

(Name, Location, Revenue, Phone number)
(Name, Address, Sector, Income)

(CompanyName, City, Address, Phone,
Category)

(Name, Address, Phone, Sector)

MS.Name S1.Name, S2.Name,
{od/ 2YLI y&bl YSZ X
MS.AddressS1.Location, S2.Address,
S.Sector S2.Sector, S3.Category;
X

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

(Name, Address, , Sectar):
S2(Name, Address, Sector )




Schema Alignment: Bottom-Up Integration

U Bottom-up Integration GoalCreate a new integrated schema that can
represent all data from a given set of source schemata

w Schema alignment: matching + schema integration + mapping
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S1 (Name, Location, Revenue, Phone number)
_ _ S2 (Name, Address, Sector, Income)
Attribute MatChmg S3 (CompanyName, City, Address, Phone, Category

L

LSchema Integratio}r

L

L Schema MappingJ




Schema Alignment: Bottom-Up Integration

S1
S2
S3
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Schema Integratio

AM

L

Schema Mapping

w Schema alignmentnatching+ schema integration + mapping
¢ ldentifies correspondences among source schemata attributes

(Name, Location, Revenue, Phone number)
(Name, Address, Sector, Income)

(CompanyName, City, Address, Phone, Category

S1.Name, S2.Name
S2.Name, S3CompanyName
X

S1.Location,S2.Address
S2.Address,S3.Address
S2.Address,S3.City




MOMIS Attribute Matching: Common Thesaurus

Common Thesaurusthe set of correspondences between local attributes
(Attribute Matches

MOMIS uses a combination of seautomatic methods:
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w Lexiconderivedcorrespondences, derived by the annotation of local
schemata with respect to a lexical resource, such as WordNet or other
semantic resource

w Schemaderivedcorrespondences
¢ For example, correspondences derived from foreign keys in a relational schema

w Inferred correspondencesderived by exploitindescription Logics techniques

w Designer suppliedorrespondences
¢ The designer can add/delete relationships to the Common Thesaurus




Semantic Enrichment: MOMIS Lexicon-derived Correspondences

* Lexical Annotation w.r.t. a Semantic Resource such as WordNet

— WordNet (https://wordnet.princeton.edu) groups words into sets of
synonyms (synsets), provides short definitions/examples, and records
relations (Hyponymy, Hypernymy, ...) among these synonym sets.
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« S: (n) address, computer address, reference ((computer science) the code

that identifies where a piece of information is stored)
¢ S: (n) address (the place where a person or organization can be found or ,
communicated with) Annotation address
o direct hypernym | inherited hypernym | sister term

o direct hyponym | full hyponym
« S: (n) geographic point, geographical point (a point on the surface
of the Earth)

+ S: (n) point (the precise location of something; a spatially
limited location) “she walked to a point where she could
survey the whole street”

» S: (n) location (a point or extent in space)

Annotation I OCa t | on

entity; an entity that can cast a shadow) "it was full
of rackets, balls and other objects”
» S: (n) physical entity (an entity that has
physical existence)

* S: (n) entity (that which is perceived or
known or inferred to have its own
distinct existence (living or nonliving))

o derivationally related form
¢ S: (n) address, speech (the act of delivering a formal spoken communication

to an audience) "he listened to an address on minor Roman poets”
e S (n) addracc (the manner nf cneakina ta annthar individuall "he failed in
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MOMIS Lexicon-derived Correspondences

w Lexical Annotation with respect to a domain thesaurus.

w Two local sources
1. The CEREALAB Database
2. The DBPEDIA Dataset

>
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w Annotationw.r.t. AGROVOC,
a thesaurus covering all areas

of interest of the FAO
(https://agrovoc.fao.org/browse/agrovoc/er)/ AWN ] v mm » = o= Leaves
D A

CEREALAB



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

https://agrovoc.fao.org/browse/agrovoc/en/page/c 9023

Bract

A modifiedleafor leaflikepart justbelow
and protectinganinflorescence
Brattea

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

2ie Glume
' Small drymembranousractfoundin
inflorescencesf Gramineae
| Gluma
Piccola brattea membranosa secca che|s
trova nelle infiorescenze delle Graminacee

Awn
Slendelbristlelikeappendage
foundon thebractsof grasses
Arista
Appendice sottile e setolosa che si trova
sulle brattee delle erbe.



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

Schema Alignment: Bottom-Up Integration

w Schema alignment: attribute matchingsehema integrationt mapping

A Attribute Matches of the Common

[ Attribute I\/Iatching} Thesaurus are used to evaluate
the affinity between local classes
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A Local classes with a given level of affinity
are grouped together iglustersusing a
hierarchical clustering technique

A For each cluster, &lobal Clasthat

: ts the mediated view of all the
Schema M i represen .
{ chema Mapp g} local classes of the cluster is created




Cluster Generation: Example 1

In the following table, localttributes on the same row are matches

S1.Company S2.Enterprise | S3.Company
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Name Name CompanyName ]
There is no match between
Location Address Address, City Revenue and Income
Phone Number Phone, City
Sector Category
Income
Revenue

0 S1.Company and the other two local classes do not have a sufficient affin
thus we obtain two clusters:

{ S2.Enterprise, S3.Company} » Two global classes

{ S1.Company}




Cluster Generation: Example 2

In the following table, localttributes on the same row are matches

S1.Company S2.Enterprise | S3.Company

o
o
=
=
=
©
Q
S
O
Q)
oM
O

_ _ Revenue and Income after
Location Address Address, City i
ahnotation
Phone Number Phone, City
Sector Category
Revenue Income

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

{S1.CompanyS2.Enterprise, SS.Company» One global class




Schema Alignment: Bottom-Up Integration

w Schema alignment: mediated schema + matchingapping
¢ Specifies the transformations between records in different schemas
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_ _ A A Mapping Table represents the
Attribute Matching correspondences between a Global Class

l and its local classés intensionalevel
A How to get Global Class instances from local

LSChemalntegratio}r classe€ extensionallevel

A Global as Vievapproach: each Global Class
Is defined as a view over its Local Classes
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Mapping Table Generation

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

- 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

w For each element MT[GA][Lata Transformation Functiomsan be specified
to transform the local values into the global value.

¢ MT[Phone][S3.Company] BRHone,City companies from different countries, the
country prefix (obtained from City) must be added to Phone.




MOMIS Schema Alignment

(D)
—
: E S1.Company S2.Enterprise S$3.Company
g |Name Location Revenue |Phone Number Name Address |Sector |Income Company Name |City Address Phone  |Category
IBMIConpit s (New Y‘_’rk 131| 469805361 IBM NY I 140 General Electric |Boston  |Farnsworth Str. [443-3000 |Electric
@ Appleinc_|Cupertino, CA 18] 777805361 Apple & Ik 160 IBM Corporation [New York 980-5350 |Information
GE Boston, MA 77 Electric Co MD Electric 3
o
>
@) -
—
Schema matching: Mapping Table of G Globallnstance
Name Address Phone Sector Revenue
IBM Corp New York 469805361 131
Name Name Name CompanyName S1  |AppleInc Cupertino, CA 777805361 158
Address  Location Address Address, City GE Boston, MA 77
Phone Phone Number Phone, City 1BM NY T 140
S2 Apple CA IT 160
Sector Sector Category Electric Co MD Electric 3
Revenue Revenue Income <3 General Electric Boston, Farnsworth Str. 56-443-3000 Electric
IBM Corporation New York 77-980-5350 Information

A The Mapping Table with the correspondences betweenglobal class @nd
its local classefS1.Company, S2.Enterprise, S3.Companyitensionalevel

A Global as Vievapproach: The instances of the global class G are defined |

view over the local class instand@s extensionallevel



The Data Integration Process
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Name Address Phone Sector Revenue

IBM Corp New York 469805361 131
51 Apple Inc Cupertino, CA 777805361 158

GE Boston, MA 77

IBM NY IT 140
S2  |Apple CA IT 160

Electric Co MD Electric 3
$3 General Electric Boston, Farnsworth Str. 56-443-3000 Electric

IBM Corporation New York 77-980-5350 Information

Record Linkage

Data Fusion




The Data Integration Process
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Name Address Phone Sector Revenue
| IBM Corp New York 469805361 131 E1
S1 Apple Inc Cupertino, CA 777805361 158
. GE Boston, MA - 77
Schema Alignment = v T ) 1
Apple CA IT 160
Electric Co MD Electric 3
.. |General Electric Boston, Farnsworth Str. 5_6443—3000 Electric
| IBM Corporation New York 77-980-5350 Information E1l

A Simplecase: we can define one or more attribute
calledJoin Attributesto identify the same entity

A Complexo NBIf 0 OlFasSy yz2 22
Entity Resolution / Record Linkage

Data Fusion




-
o
£
c
>
®
o
>
O
O
a8
&

Simple Record Linkage: Join Attributes

Join
Adt'b t Name Name Name
ripute —— .
Address Location Address
Phone Phone Number
Sector Sector
Revenue Revenue Income
Name Address Phone Sector Revenue
IBM Qorporation [New York 469805361 131
SI  |Apple Inc Qupertino, CA 777805361 158
General Hectric |Boston, MA 77
IBM Qorporation [NY IT 140
S |Appleinc A IT 160
Hectric @ MD Hectric 3
3 General Hectric |Boston, Farnsworth Sr. [56-443-3000 |Hectric
IBM Qorporation [New York 77-980-5350 |Information

CompanyName

Address, City
Phone, City
Category

Two records oSiand Sj

represent the same real entity

If and only if they satisfy the
join condition
Si.NameSj.Name

- 1

Name Address Phone Sector Revenue
IBM Qorporation [New York 469805361 131
EL  [IBM Qorporation |NY IT 140
IBM Qorporation [New York 77-980-5350 |[Information
Apple Inc Qupertino, CA 777805361 158
Apple Inc A IT 160
= General Hectric |Boston, MA 77
General Hectric |Boston, Farnsworth Sr. [56-443-3000 |Hectric
E4 |Hectric® MD Hectric 3

The operation to be performed iskall Outer Join
A to join records on the basis of join conditions
A to include into the result all the records of all local sources




(D) °
= The Data Integration Process
n— Name Address Phone Sector Revenue
% IBM Corp New York 469805361 131] E1
S1 Apple Inc Cupertino, CA 777805361 158
@ GE Boston, MA 77
IBM NY IT 140 E1
(@B . S2  |Apple CA IT 160
= | Schema Alignmen Flectrizts N ;
o 3 General Electric Boston, Farnsworth Str. 56-443-3000 Electric
(3 IBM Corporation New York 77-980-5350 Information El
m Name Address Phone Sector Revenue
D IBM Corp New York 469805361 131
El IBM NY IT 140
IBM Corporation |[New York 77-980-5350 |Information
Record LI n ka e E2 Apple Inc Cupertino, CA 777805361 158
g Apple CA IT 160
E3 GE Boston, MA 77
General Electric |Boston, Farnsworth Str. 56-443-3000 |Electric
E4 Electric Co MD Electric 3
ResolutionFunctions
longest voting preferS3 preferS2 avg
Name Address Phone Sector Revenue
El IBM Corporation |New York 77-980-5350 |IT 135,5
E2 Apple Inc Cupertino, CA 777805361|IT 159
E3 General Electric  |Boston, Farnsworth Str. 56-443-3000 [Electric 77
E4 Electric Co MD Electric 3




To Summarize...

Local Classes
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S1.Company S2.Enterprise S$3.Company
Name Location Revenue [Phone Number Name Address |Sector [Income Company Name |City Address Phone Category
IBM Corp New Y(_)rk 131] 469805361 IBM NY I 140 General Electric |Boston Farnsworth Str. |443-3000 (Electric
Apple Inc Cupertino, CA 158 777805361 Apple CA IT 160 IBM Co i N York 9805350 |Inf %
GE Boston, MA 77 Electric Co MD Electric 3 rporation [New Yor _ nformation
Global Clas€ompany Mapping Table Global Clas€ompanyg Instance(virtual)
Name Ve Ve CompanyName IBM Corporation |New York 77-980-5350 |(IT 135,5
Add 7 . Add Add d Apple Inc Cupertino, CA 777805361(IT 159
ress ocation ress ress, City General Electric |Boston, Farnsworth Str. 56-443-3000 |Electric 77
Phone Phone Number Phone, City Electric Co MD Electric 3
Sector Sector Category
Revenue Revenue Income

Global Query To query the integrated data
9EI YLX SY yIYS YR NBGSydzS FT2NJ O2 YL




The Querying Problem

A How to answer global queries?

SELECT Name, Revenue
FROM  Company
WHERE Address = ANew Yorko and| Sec
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A In a Virtual Data Integration system, data reside at the data sources
then the query processing is based on Query rewriting: a global
guery has to be expressed as an equivalent set of queries on the
local data sources (local queries).

A Global as View approach:

I Instances of a global class G are defined by a view over its local class
iInstances

I rewriting is performed by unfolding, i.e., by expanding a global query on
G according to the view associated to G

U In the following an intuitive example of query unfolding.




Query Unfolding: A simple example

Mapping tableof the global clas€ompany(with only two local classes)

| [sicompany | s2Enterprise | Global query

Name Name Name

Address Location Address SELECT Name, Revenue

Phone Phone Number FROM Company

Sector Sector WHERE Phone | i ke A77*0 anld
Revenue Revenue Income

o
o
=
=
=
©
Q
S
O
Q)
oM
O

Local queries

SELECT Name, Revenue FROM  S1.Company zpa';eemc Reve”U6158
WHERE Phone Number 1[I 1i ke IBM Corporation a1
SELECT Name, Income FROM  S2.Enterprise Name Income
WHERE Sector = Al To IBM Gorporation 140
Apple Inc 160

Local queries results are
1) Transformed by using the Mapping Table to obtain the global attributes
2) Joined by using the join attribubddame

. . . Name Income
3) Fused by using the Resolution Functions (average) IBM Gorporation 1355
Apple Inc 159




Outline

A Who | Am

A From Data Integration to Big Data Integration
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A Entity Resolution (a.k.a. Record Linkage)
I Entity Resolution

I Entity Resolution Pipeline
A Blocking
A Block Cleaning
A Entity Matching
A Entity Clustering
A Data Fusion
A Beyond Traditional Batch ER

A Privacy-Preserving Record Linkage (PPRL)

A PPRL in E-Eath domain




Entity Resolution (ER)

()]
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D . )
wSourcecollection

@ — wSourceanalysis

o Discecl)\?ery wData patterns

-]

o N

(D wCorrectness
wCompleteness

a ] Data - :

0 Validation wData Qualityconstraints

Deduplication

wMissingValues
wDeduplication [
wDataTransformation J

Data
Cleaning

Entity Resolution
standardaocabuianes Data Matching

wOntologies

Record Linkage

wSchema Generation
wSchema Mapping




Entity Resolution (ER)

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.
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Gy
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Data Source A Data Source B
(1 Mary-Ann White ~ West Main Street 29, 1206¢ F Franklin, Tom London (UK) 25 Male
Fonda, NY, New York
2 Thomas J. Franklin 50 Liverpool Street, M Withe, Mary Ann New York (USA) 29 Female
r London r4




Entity Resolution (ER)

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.
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Richard Wright 08/06/1996 Main Street, 12

Anne Marie Thompson 04-09-1998 St James8livd4

Richard Wright Decl5, 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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ER: Why is it so important?

A Data Integration
A Deduplication

A Record Linkage
A Fraud Detection
A Catalogs Fusion

A Reducing the size
of stored data

Aé

AlB|CID
slc|A|of MAlslc|D
EE Deduplication

FraudDetection







