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Entity matching

The merge/purge problem for large databases - all 5 versions » O)

MA Hemandez, SJ Stolfo -|Proceedings of the 1995 ACM SIGMOD international conferencel..., 1995 - |
Page 1. The Merge/Purge Problem for Large Databases * Abstract Mauricio A. Hern&ndezt
Salvatore J. Stolfo {nrauricio, sal}@cs. columbi.a. edu ...

Cited by 342 - Related Articles - Web Search

@ crmation The Merge/Purge Problem for Large Databases
AH Mauricio] JS Stolfo - Proceedings of the 1995 ACM SIGMOD Conference on Management ..., 1995
Cited by 4 - Related Aricles - Web Search

0 v he merge/ S
SJ Stolfo} Proceedings of the ACM SIGMOD International Conference on ., 1995
ited by 4 - R

elated Articles - Web Search

[ciTatioN) The merge/purge problem for large datasets

MA Hernandez, SJ Stolfo -|Proc. Of the SIGMOD, hC%QS

Cited by 2 - Related Articles - Web Search

rcitation)jandez, SJ Stolfo] The merge/purge problem for large databases
M Hern - Proceedings of the 1995 ACM SIGMOD International Conference ..., 1995
Cited by 3 - Related Articles - Web Search

@ Heterogeneous venue names
@ Extraction errors

® Typos (author name)

@ Missing authors
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Entity matching

e Given two sets of entities A = S, and B c Sy of a particular
semantic entity type from data sources S, and S, the entity
matching (EM) problem is to identify all correspondences between
entities in A x B representing the same real-world object.
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Entity Matching Framework
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Tuning approach

e Treat the objective of determining an EM strategy as a two-class
(match or non-match) classification problem

e Employ supervised machine learning methods (learners)

e Requisite: training data

. UN |VERS|TAT LElPZlG Training Selection for Tuning Entity Matching

gl " Abteilung Datenbanken
Q Institut fur Informatik Kopcke, Hanna  Zingst, 01.07.2008 Folie 6




Training data

e Set of examples of matching and non-matching entity pairs

() ey X Yy

\an’ T Xnm’yn/
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Training data selection

e The effectiveness of a learner critically depends on the size and
quality of the available training data.

e Requirements:

» Representative for the entities to be matched
= Exhibit the variety and distribution of errors observed in practice

= Observation of differences between the available matcher algorithms so that
an effective combination of different algorithms can be learned

» Little manual overhead for labeling
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Selection strategies

e Manual

e Semi-Automatic

= Random
= Threshold-Random

= Active Learning
e Automatic

= Nearest based

UN |VERS|TAT LElPZlG Training Selection for Tuning Entity Matching

0~ Abteilung Datenbanken
a Institut fur Informatik Koépcke, Hanna Zingst, 01.07.2008 Folie 9




Threshold-Random

e Threshold-Random (n,m,t): n object pairs are randomly selected
among the ones satisfying a given minimal threshold t applying a
similarity measure m.

>
Google

Scholar BETA

0, .uni-trier. de

0 Computer Science
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Active Learning (1)

o Attempts to iteratively identify those pairs leading to maximal
performance improvements when added to the training set

e Committee of n learners

training data

(X111 o le’yl\ learners /Xll’ ceey le\
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Active Learning (2)

e Methods for creating committees:

» Randomizing parameters
= Partitioning training data
= Attribute partition
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Nearest based

* Proposed by Peter Christen et. al.*

o Selects entity pairs automatically, does not require manual

labeling by a user

« The similarity vectors of the entity pairs are sorted according to
their distances from the vectors containing only exact similarities
and only total dissimilarities, respectively, and then selects the
nearest entity pairs for training

e Distance measure: Manhattan distance
I8
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0.0, 0.0, 0.0, 0.0, 0.0
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0.7, 03, 05, 0.7, 09

5

4.5
(1.9

d(x,y) =Z|>I<i - yi
d(x,0 ‘
51.8\) 1
0 0
05| = |,

*Peter Christen: Automatic Training Example Selection for Scalable Unsupervised

Record Linkage, PAKDD, 2008.
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Evaluation match tasks (1)

 Bibliographic domain

0, .uni-trier.de

« Matching of publications a

Computer Science

T | Eibliography

T

’1@ MWauricto & Herndnder, Satvatore I Stolfo: The Merge/Purge Problem for Large Databases. SIGMOD 1995:127-138

1 The mergefpurge problem for large databases
@ Mauricio &, Hernandez, Salvatore 1. Stalfo
May 1995  ACM SIGMOD Record, volume 24 Issue 2
Publisher: ACM

Full text a\railable:ﬁ pdfi1.37 MBE)Y

Bibliometrics: Downloads (6 Weeks): 16, Downloads (12 Months): 191, Citation Count: 57

Additional Infarmation: full citation, ahstract, references, cited hy, index terms

Many commercial organizations routinely gather large numbers of databases for various marketine
and business analysis functions. The task is to correlate information from different databases by
identifying distinct individuals that appear in a number ...

2 The merge/purge problem for large databases
@ Mauricio &, Herndndez, Salvatore 1. Stolfo
June 1885 SIGMOD '95: Proceedings of the 1995 ACKW SIGMOD international conference on
Management of data
Publisher: ACM

Full text available:ﬁ pdfi1.37 MBEY

Bibliometrics: Downloads (B Weeks): 16, Downloads (12 Months): 131, Citation Count: 67

Additional Infarmation: full citation, ahstract, references, cited hy, index terms

Many commercial organizations routinely gather large numbers of databases for various marketing
and business analysis functions. The task is to correlate information from different databases by
identifying distinct individuals that appear in a number ...
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The merge/purge problem for large databases - all © versions »

W& Hemandez, 5J Stolfo - Proceedings of the 1995 ACKW SIGMOD international conference .., 1995 - portal acm.org
Page 1. The Merge/Purge Problem for Large Databases * Abstract Mauricio A, Herndindezt

Salvatore J. Stolfo {nrauricio, salj@cs. columbia. edu ...

Cited by 369 - Related Aicles - Weh Search - BL Direct

cimamion) The merge/purge problem for large databases
3 Stolfo, M Hernandez - Proceedings of the ACW SIGMOD Conference on Management of ... 1995
Cited by 5 - Related Articles - Web Search

cimamion) The merge/purge problem for large databases

W Hernandez, S Stolfo - Proceedings of the ACW SIGMOD International Conference on ..., 1995
Cited by B - Related Articles - Web Search

ranion) The Merge/Purge Problem for Large Databases

AH Mauricio, JS Stolfo - Proceedings of the 1995 ACKM SIGMOD Conference on Management ..., 1995
Cited by 4 - Related Articles - Web Search

iranion andez, SJ Stolfo, The mergefpurge problem for large databases
WA Hern - Proceedings of the 1335 ACK SIGRMOD International Conference .., 1935
Cited by 3 - Related Articles - Web Search

ranion) The Merge/Purge Problem for Large Databases, proceedings of ACK SIGMOD
k& Hermandez, S Stolfo - PODS, San Jose, CA, 1995
Cited by 2 - Related Articles - Web Search
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Evaluation match tasks (2)

e RIDDLE repository

e Restaurant match problem

Walcorne, phiise sign in Hirw Usir? Register or Subscribe for Access | Hidn

ZAGAT.
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Advanced S
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DINING PARTNER
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Philadelphia
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ALL | MEW | TOP LISTS

. Mightlife
il s EW | TOPUSTS
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aLL
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AL

It’s Even Better
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Your
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Matters.

eakhouse
Il

Jein for FREE»
Vote and share opintons!

as Internatianal

Please participate

in dml

Table 31
10 Asts

Tennessee’s BEQ & Grill

t & FREE Guide!
na
Featured Survey

Mew Oreans Restaurants
* Mew Orleans Nightlifs
Europe's Top Restaurants

Videos: New York City

Video profiles of the hottest restaurams keep you up-to-date
befare you hit the town. Start Watching Mow *

s e
‘_-

NEW! Video on ZAGAT.com Text Zagat Information
Directly to Your Phone

* Sen More Survers

Walt Disney Workd
Insider's Guide

Restaurant Name « Meighborhood Cuisine Type Food Decor Service Cost

Art's Deli Studin City Deli, ? 7 7 7
12224 Wertura Blvd. Sandwiches RATED —I —I —I _I

(bet. Laurglgrove & Vantage Acddl vour Revigw »

Aves)
Studdio City, CA | Map
§158-762-1221
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( Environmental Health

o o3 Ao

Counry 13
Public Health

N

Courty Dirsctory of Information & Services | Public Alerts | Public Information | Courty Contact Infor mation

Home | ProgramHome | About | FAQ | Comment | Contact | A-ZIndex

Font Size |4 A A

Service Locator | Select a Center -

| Facility Rating

Inspected retail food facities receive a lefter grade or a score according to their inspection score (The cities of Long
Beach, Pasadena and Yernon inspect their own retail food facilties, 50 inspection resits for thase facilties do not

appear on this se.)

Effective July 1, 2007, the California Uniform Retail Food Faciltiss Law (CURFFL) is being repesled in ts ertirety and
replaced with the new California Feetall Food Codle commonly referred to as Cal Code. For @ summary of changes goto

Californis Retail Food Code.

s the result of the changes in the new inspection report, effective July 1, 2007, violation category descriptions and
their numeric: codes have changed. For  detailed explanation of the new Food Facilty Reting System, ootathe
Revised Retai Fond Inspection Guid.

Inspections conducted prior to July 1, 2007 wil continue to display the violation sub-category numbers and

descrigtions from the previous version of the inspection report.

For & detailed explanation of the Foad Faciity Rating system (prior to July 1, 2007, 40 to the Retal Food Inspection

Guide

“ou can look up the inspection results for restaurarts, markets efc., in your area by using the ssarch form below . Wholesale facities such s Wholesals Food Markets and Food
Wiarehouses are not retedfscored but full disclosure of violetions are displayed. For & defailed explanation of ¥holesale Fond Inspections go to the Wholessle Food Inspection

Guide.

To see information regarding which facilties have recertly been closed, please refer to the Food Faciity Closure List

Search Help

|

Facil'fy

Ra?iﬂg List

To limit your search to a particular Hame, Zip Code, City, or Street Name, fill in one or more of the following:

Mame
P 1
Facility Hame Address City Zip Inspected Score |Type
ART'S BURGERS 11629 E WALLEY BLVD EL MONTE 91733 |03M0/2008 |93 Restaurant m
ART'S CHILI DOG STAND 1410 FLORENCE &VE LOS ANGELES 90044 1000472007 |98 |Restaurant m
ART'S COFFEE SHOP 1917 ZOMAL AVE LOS ANGELES 90033 (04022008 |9 Restaurant m
ART'S DELICATESSEN 12224 VENTURA BLWD STUDIO CITY 91604 |0ZETR005 |9 Restaurant m
ART'S SHACK BAR # 1 TEO1 E IMPERIAL HWY DCiAMEY 90242 |0306/2007 100 |Restaurant m
ART'S SHACK BAR #2 7285 QUILL DR DCiAMEY 90242 (052472007 |95 |Restaurant m
ART'S SUBS 20855 VENTURA BLYD #3 WOODLAND HLLS  |31364  [11052007 |99 |Restaurant m
ART'SWING AND THINGS 4213 5 CRENSHAW BLYD LOS ANGELES 90008 (03272008 |93 |Restaurant m
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Evaluation datasets

match # entities
K # attr. | # corresp.
tas sourcel | source2

Scholar-

DBLP 64363 2616 4 5347
ACM-

DBLP 2294 2616 4 2224
Restaurant 533 331 4 112
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matcher configuration

e Trigram similarity
* Trigrams are character substrings of length three.
o Example: zingst

Trigrams: {##z, #zi, zin, ing, ngs, gst, st$, t$$}
o String with lengthl — 1+ 3 -1 Trigrams
o Similar strings have many common Trigrams

2 *‘Trigrams(sl) M TrigramS(Sz)‘
Trigrams(s,)| + Trigrams(s, )

TrigramSim(s,,s,) =

ll Training Selection for Tuning Entity Matching
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Support Vector Machine (SVM)

h(x) =sign| b+ > wx
1=1

- {match, if (0.8-Trigram(titlea,titleb) + 0.8-Trigram(authorsa,authorsb)—1.1)>O
swm (&, D) =

non- match, otherwise
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Evaluation of training selection strategies

e Semi-automatic

= Random
» Threshold-Random(n, TrigramSimilarity, 0.5)

= Active Learning

o 20 initial training examples
o disjoint partitioning to train SVM 10 times
o strategies for intial training selection:

- Random
— Threshold-Random
- Nearest based

e Automatic

= Nearest based
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e Training time
e Application time

e Performance: F-Measure
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Baseline strategies

e Bibliographic match tasks:

= trigram similarity on both title and authors with a threshold of 0. 5
= Scholar-DBLP: 0.823 F-measure
= ACM-DBLP: 0.914 F-measure

e Restaurant match task:

= trigram similarity on name with threshold 0.8

= 0.881 F-measure
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Training time

training time (ms)

Scholar-DBLP
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application time (ms)

Application time

Scholar-DBLP ACM-DBLP Restaurant
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Performance

Scholar-DBLP ACM-DBLP Restaurant
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Summary and outlook

e Training selection
e Evaluation
e Ongoing work
= Time for training selection

= Efficient implementation of similarity measures

= Blocking
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iThank Y ‘_ ;Questions?
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