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Data Quality: Status

Pervasive problem in large databases

Inconsistency with reality: 2% of records obsolete in
customer files in 1 month (deaths, name changes) [DWI02]

Pricing anomalies : UA tickets selling for $5, 1GB of memory
selling for $19.99 at amazon.com

Massive financial impact
$611B/year loss in US due to poor customer data [DWI02]

$2.5B/year loss due to incorrect prices in retail DBs [E0OQ]

Commercial tools: specialized, rule-based, programmatic
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How are Such Problems Created?

Human factors
Incorrect data entry
Ambiguity during data
transformations

Application factors

Erroneous applications
populating databases

Faulty database design
(constraints not enforced)
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Obsolence
Real-world is dynamic
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Application: Merging Lists

Application: merge address lists
(customer lists, company lists)
to avoid redundancy

Current status: “standardize”,
different values treated as
distinct for analysis

Lot of heterogeneity
Need approximate joins

Relevant technologies
Approximate joins
Clustering
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ADDR

11210 WILLS RD ALPHARETTA GA 20076

112810 WILLS ROAD ALPHARETTA GAZ0004

FLR 110 RM 155 11210 WILLS RD ALPHARETTA GA 300042055

FLR. 110 RM MAIM 11510 WILLIS RD ALPHARETTA GA 300042055

FLR 110 RM MAIM 11210 WILLS RD ALPHARETTA GA 30076

FLR BLDG 110 RM 155 11310 WILLS RD ALPHARETTA GA 300042055

FLR BLDG 110 RM MAIN 1112310 WILLS RD ALPHARETTA GA 20076

FLR BLDG 110 RM MAIN 11510 WILLS RD ALPHARETTA GA 2000420355

FLR. MAIM RM 110 112810 WILLS RD ALPHARETTA GA 300042033

FLR. MAIM RM BLGD 110 11810 WILLS RO ALPHARETTA GA 200042055

FLR MA RM MA 112810 WILLS RD ALPHARETTA GA 2000420355

ELDG 110 FLR 1 RM 110 11310 WILLIS RD ALPHARETTA GA 30004205

BLCG 110 FLR 1 RM 110 11310 WILLS RO ALPHARETTA GA 200042055

BLLG 110 FLR 1 RM 110 11310 WILLS RO ALPHARETTA GA 200042081

ELDG 110 FLR 1 RM 110 11310 WILLS RD ALPHARETTA GA 20076

ELDG 110 FLR 1 RM RIMG 11510 WILLS RD ALPHARETTA GA 30004202

FLR. 1 RM 1 11310 WILLS RO ALPHARETTA GA 300042055

FLR. 1 RM 110 11501 WILLIS RO ALPHARETTA GA 30076

FLR. 1 RM 110 11210 WILLIS RD ALPHARETTA GA 200042055

FLR. 1 RM 110 11210 WILLIS RD ALPHARETTA GA 20076

FLR. 1 RM 110 11210 WILLS RD ALPFHARETTA GA 200042055

FLR. 1 RM 110 11210 WILLS RD ALPHARETTA GA 200042081

FLR. 1 RM 110 11210 WILLS RD ALPHARETTA GA 20076

FLR. 1 RM 110 11210 WILLS RD ATLAMTA GA 20076

FLR. 1 RM 110 11210 WILLS ROAD ALPHARETTA GA 20076

FLR. 1 RM BLDG 110 11510 WILLS RD ALPHARETTA GA 200042035

FLR. 1 RM BLDG 11510 WILLS RD ALPHARETTA GA 200042033

FLR. 1 RM COMPUTER 11210 WILLS RD ALFHARETTA GA 2000420355




Application: Homeland Security

Application: correlate airline
passenger data with homeland
security data for no-fly lists

Current status: “match” on
name, deny boarding

Use more match attributes
Obtain more information

Relevant technologies
Schema mappings
Approximate joins
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. "l completely understand the war on

TRAVEL

'No-fly list’ keeps infants off planes

Tuesday, August 16, 2005; Posted: 4:49 a.m. EQT (02:42 GMT)

WASHINGTON (AP) -- Infants have
been stopped from boarding
planes at airports throughout the
United States because their
hames are the same as or similar
to those of possible terrorists on
the government's "no-fly list."

It sounds like a joke, hut it's not funny to A
parents who miss flights while scrambling | e
to hawve hahies' passpaorts and other
documents faxed.

Ingrid Sanden's 1-year-old daughter was
stopped in Phoenix, Arizona, hefore
hoarding a flight home to Washingtan at
Thanksgiving.

daughter, who was stopped hefore
hoarding a flight last Thanksgiving.



Approximate Joins: Tip of the Iceberg

An approximate join of R,

and R, is
A subset of the cartesian N,
product of R, and R, "
“Matching” specified
attributes of R, and R,

Labeled with a similarity
score>t>0

Related terms: record
linkage, co-reference
resolution, deduplication
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Classification of the Measures

Edit Based Token based

TF-IDF, cosine similarity
Jaccard Coefficient
KL Divergence

Soundex,
Levenshtein/edit distance
Jaro/Jaro-Winkler

Hybrids
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Approximate Joins: Baseline + Goal

An approximate join of R,(A,, ..., A,) and R,(B,, ..., B,,) is
A subset of the cartesian product of R, and R,
“Matching” specified attributes A, ..., A, with B, ..., By
Labeled with a similarity score >t >0

Naive method: for each record pair, compute similarity score
I/O and CPU intensive, not scalable to millions of records

Goal: reduce O(n?) cost to O(n*w), where w << n

Reduce number of pairs on which similarity is computed
Take advantage of efficient relational join methods
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Historical Timelines

Index NL Join » BigMatch
— Union/find
- . . Multi-relational
. Merge/ for clustering Dimension
Sort-Merge Join — Band Join _’P_q_ S T > approxjoins
urge ierarchies
Spatial
join
FastMap » StringMap
l l l l l l l l ~
| | | | | | | | =
1977 1991 1995 1997 1998 2002 2003 2004
Probe < PILbe
S WHIRL » Fuzzy match Sluster o
| similarity ——Cleaning in
SQL Server
Approx. string _ Q-gram |_>Q—gram_>
edit distance " setjoin — IDFjoin = SPIDER
l l l l l l L
| | | | | | —
1991 1995 1998 2001 2003 2004 2005
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Sorted Neighborhood Method [HS95]

Goal: bring matching records close to each other in linear list
Background: duplicate elimination [DB83], band join [DNS91]
Methodology: domain-specific, arbitrary similarity

Compute discriminating key per record, sort records

Slide fixed size window through sorted list, match in window

Use OPS5 rules (equational theory) to determine match
Multiple passes with small windows, based on distinct keys

Lesson: multiple “cheap” passes faster than an “expensive” one
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Sorted Neighborhood Method [HS95]

Goal: bring matching records close to each other in linear list

Example:

ID Name SS DOB ZIP
r1 Smith, John 123-45 | 1960/08/24 | 07932
r2 | Smyth, Jon 123-45 | 1961/08/24 | 07932
r3 | Smith, John 312-54 | 1995/07/25 | 98301
r4 | Smith, J. 723-45 | 1960/08/24 | 98346
r5 | Smith, J. 456-78 | 1975/12/11 | 98346
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Sorted Neighborhood Method [HS95]

Goal: bring matching records close to each other in linear list

1
1
. 1 yves
Example: 2.
T3],
ID Name SIS DOB ZIP ZIP.Nam€[1..3] 1| ra [!
|
r1 | Smith, John 123-45 | 1960/08/24 | 07932 : r5 :no
r2 | Smyth, Jon 123-45 | 1961/08/24 | 07932 ittt
r3 | Smith, John 312-54 | 1995/07/25 | 98301 r——=n
I |
r4 | Smith, J. 723-45 | 1960/08/24 | 98346 B ' ves
|
. . 4
r5 | Smith, J. 456-78 | 1975/12/11 | 98346 DO el 3]'_ e
r2
r5
r3

Blocking is a special case
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BigMatch [Y02]

Goal: block/index matching records, based on multiple keys
Background: indexed nested loop join [BE77]

Methodology: domain-specific, Jaro-Winkler similarity
Store smaller table (100M) in main memory (4GB)
Create indexes for each set of grouping/blocking criteria
Scan larger table (4B), repeatedly index smaller table
Avoids multiple matches of the same pair

Lesson: traditional join technique applicable for approximate join

10/24/2005
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BigMatch [Y02]

Goal: block/index matching records, based on multiple keys

Example: inner table
SS.Name[1..2] ver ID Name SS DOB ZIP
record from r1 | Smith, John | 123-45 | 1960/08/24 | 07932
outer table no r2 | Smyth, Jon 123-45 | 1961/08/24 | 07932
Smith, John | 123-45 | 1960/08/24 | 98346 r3 | Smith, John | 312-54 | 1995/07/25 | 98301
r4 | Smith, J. 723-45 | 1960/08/24 | 98346
r5 | Smith, J. 456-78 | 1975/12/11 | 98346
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BigMatch [Y02]

Goal: block/index matching records, based on multiple keys

Example: inner table
SS.Name[1..2] ver ID Name SS DOB ZIP
record from r1 | Smith, John | 123-45 | 1960/08/24 | 07932
outer table no r2 | Smyth, Jon 123-45 | 1961/08/24 | 07932
Smith, John | 123-45 | 1960/08/24 | 98346 r3 | Smith, John | 312-54 | 1995/07/25 | 98301
= r4 | Smith, J. 723-45 | 1960/08/24 | 98346
r5 | Smith, J. 456-78 | 1975/12/11 | 98346

ZIP.Name[1..3] no

Avoids multiple matches of the same pair
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Use Dimension Hierarchies [ACGO02]

Goal: exploit dimension hierarchies for duplicate elimination

Background: clustering categorical data [GKR98]

Methodology: domain-independent, structure+text similarity
Use hierarchical grouping, instead of sorting, to focus search
“Structural” similarity based on overlap of children sets
Textual similarity based on weighted token set containment

Top-down processing of dimension hierarchy for efficiency

Lesson: useful to consider structure in addition to content

10/24/2005 16



Use Dimension Hierarchies [ACGO02]

Goal: exploit dimension hierarchies for duplicate elimination

10/24/2005

Example:
Al Address Cl | Ci City SI | SI State YI | VYl Country
a1l | 10 Mountain Avenue | c1 | c1 Summit s1 | s1 | NJ yl1 1yl | USA
a2 | 250 McCarter c2 | c2 Newark s2 | s2 | New Jersey y1 ] y2 | United States
a3 | 250 McCarter Hwy c3 | c3 Newark s3 | s3 | NJ y2 | y3 | US
a4 | 10 Mountain c4 | c4 Summit s4 | s4 | New Jersey y2
a5 | 10 Mountain Street cS | c5 Summitt s | s5 | NJ y3
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Use Dimension Hierarchies [ACGO02]

Goal: exploit dimension hierarchies for duplicate elimination

Textual similarity

10/24/2005

Example:
Al Address Cl | Ci City SI | SI State YI | VYl Country
a1l | 10 Mountain Avenue | c1 | c1 Summit s1 | s1 | NJ yl1 1yl | USA
a2 | 250 McCarter c2 | c2 Newark s2 | s2 | New Jersey y1 ] y2 | United States
a3 | 250 McCarter Hwy c3 | c3 Newark s3 | s3 | NJ y2 | ¥3—US
a4 | 10 Mountain c4 | c4 Summit s4 | s4 | New Jersey y2
a5 | 10 Mountain Street c5 | c5 Summitt s5 | s5 | NJ y1
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Use Dimension Hierarchies [ACGO02]

Goal: exploit dimension hierarchies for duplicate elimination

Example:
Al Address Cl | Ci City SI | SI State YI | VYl Country
a1l | 10 Mountain Avenue | c1 | c1 Summit s1 | s1 | NJ yl1 1yl | USA
a2 | 250 McCarter c2 | c2 Newark s2 | s2 | New Jersey y1 | y¥2—United-States—
a3 | 250 McCarter Hwy c3 | c3 Newark s3 | s3 | NJ y1 | ¥3—US
a4 | 10 Mountain c4 | c4 Summit s4 | s4 | New Jersey y1
a5 | 10 Mountain Street c5 | c5 Summitt s5 | s5 | NJ y1

Structural similarity

10/24/2005 19



Use Dimension Hierarchies [ACGO02]

Goal: exploit dimension hierarchies for duplicate elimination

10/24/2005

Example:
Al Address Cl | Ci City SI | SI State YI | VYl Country
a1l | 10 Mountain Avenue | c1 | c1 Summit s1 | s1 | NJ yl1 1yl | USA
a2 | 250 McCarter c2 | c2 Newark s2 | s2 | New Jersey y1 | y¥2—United-States—
a3 | 250 McCarter Hwy c3 | c3 Newark s1 | s3—NJ vt | y¥3—US
a4 | 10 Mountain c4 | c4 Summit s2 | s4—1NewJdersey y4
a5 | 10 Mountain Street c5 | c5 Summitt s1 | s5—1NJ v
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Use Dimension Hierarchies [ACGO02]

Goal: exploit dimension hierarchies for duplicate elimination

Example:
Al Address Cl | Ci City SI | SI State YI | VYl Country
a1l | 10 Mountain Avenue | c1 | c1 Summit s1 | s1 | NJ yl1 1yl | USA
a2 | 250 McCarter c2 | c2 Newark s1 | s2—{New-Jersey v+ | y2—United-States—
a3 | 250 McCarter Hwy c3 | c3 Newark s1 | s3—NJ vt | y¥3—US
a4 | 10 Mountain c4 | c4 Summit s1 | s4—1NewJdersey y4
a5 | 10 Mountain Street c5 | c5 Summitt s1 | s5—1NJ v
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Use Dimension Hierarchies [ACGO02]

Goal: exploit dimension hierarchies for duplicate elimination

Example:
Al Address Cl | Ci City SI | SI State YI | VYl Country
a1l | 10 Mountain Avenue | c1 | c1 Summit s1 | s1 | NJ yl1 1yl | USA
a2 | 250 McCarter c2 | c2 Newark s1 | s2—{New-Jersey v+ | y2—United-States—
a3 | 250 McCarter Hwy c2 | €3 Newark st | s3—NJ vt | y¥3—US
a4 | 10 Mountain cl | €4 Summit s1- | s4—1NewJersey y4
a5 | 10 Mountain Street cl | €5 Summitt st | s5—NJ v
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Use Dimension Hierarchies [ACGO02]

Goal: exploit dimension hierarchies for duplicate elimination

Example:
Al Address Cl | Ci City SI | SI State YI | VYl Country
a1l | 10 Mountain Avenue | c1 | c1 Summit s1 | s1 | NJ yl1 1yl | USA
a2—1250MeCarter—— | c2 | c2 Newark s1 | s2—{New-Jersey v+ | y2—United-States—
a3 | 250 McCarter Hwy c2 | €3 Newark st | s3—NJ vt | y¥3—US
a4—10-Meuntain——— | ¢c1 | e4—-Summit st | s4—Newdersey—y1
-a5—110-Meuntain-Street— | c1 | €5 Summitt st | s5—NJ v
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Q-gram Set Join [GI1J+01]

Goal: compute thresholded edit distance join on string attributes

Background: combinatorial pattern matching [JU91]

Methodology: domain-independent, edit distance similarity
Extract set of all overlapping g-grams Q(s) from string s
ED(sy,8,) =d — |Q(sy) N Q(s;)| = max(|s4|.|s,|) - (d-1)*q - 1
Cheap filters (length, count, position) to prune non-matches

Pure SQL solution: cost-based join methods

Lesson: reduce approximate join to aggregated set intersection
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Q-gram Set Join [GI1J+01]

Goal: compute thresholded edit distance join on string attributes

Example:

ID

Name

r1

Srivastava

r2

Shrivastava

r3

Shrivastav

10/24/2005
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Q-gram Set Join [GI1J+01]

Goal: compute thresholded edit distance join on string attributes

Example:

ID Name 3-grams

r1 | Srivastava #its, #sr, sri, riv, iva, vas, ast, sta, tav, ava, va$, a$$

r2 | Shrivastava | #is, #sh, shr, hri, riv, iva, vas, ast, sta, tav, ava, va$, a$$

r3 | Shrivastav

ED(s;.s,) =d — |Q(sy) N Q(s;)| = max(|s,],[s,|) - (d-1)*q - 1
ED(r1,r2) =1, |Q(r1) n Q(r2)| = 10
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Q-gram Set Join [GI1J+01]

Goal: compute thresholded edit distance join on string attributes

Example:

ID Name 3-grams

r1 | Srivastava #its, #sr, sri, riv, iva, vas, ast, sta, tav, ava, va$, a$$

r2 | Shrivastava

r3 | Shrivastav #its, #sh, shr, hri, riv, iva, vas, ast, sta, tav, av$, v$$

ED(s;.s,) =d — |Q(sy) N Q(s;)| = max(|s,],[s,|) - (d-1)*q - 1
ED(r1,r2) =2, |Q(r1) n Q(r2)| =7
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Q-gram Set Join [GI1J+01]

Goal: compute thresholded edit distance join on string attributes

Example:

ID

Name

r1

Srivastava

r2

Shrivastava

r3

Shrivastav

10/24/2005

Q

ID

Qg

r1

#its

r1

#sr

r1

sri

r1

riv

r1

iva

r1

vas

r1

ast

r1

sta

r1

tav

r1

ava

r1

va$d

r1

a$s

ID | Qg
r3 | ##s
r3 | #sh
r3 | shr
r3 | hri
r3 | riv
r3 | iva
r3 | vas
r3 | ast
r3 | sta
r3 | tav
r3 | av$
r3 | v$$
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Q-gram Set Join [GI1J+01]

Goal: compute thresholded edit distance join on string attributes

Example:

ID

Name

r1

Srivastava

r2

Shrivastava

r3

Shrivastav

10/24/2005

Q

SELECT Q1.ID, Q2.ID
FROM Q AS Q1, Q AS Q2
WHERE Q1.Qg = Q2.Qg
GROUP BY Q1.ID, Q2.ID
HAVING COUNT(*) > T

ID

Qg

r1

#its

ID

Qg

r1

#sr

r3

#its

r1

sri

r3

#sh

r1

riv

r3

shr

r1

iva

r3

hri

r1

vas

r3

riv

r1

ast

r3

iva

r1

sta

r3

vas

r1

tav

r3

ast

r1

ava

r3

sta

r1

va$d

r3

tav

r1

a$s

r3

av$

r3

v$$
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Fuzzy Match Similarity [CGGMO03]

Goal: identify K “closest” reference records in on-line setting
Background: IDF weighted cosine similarity, WHIRL [C98]

Methodology: domain-independent, cosine+ED similarity
Similarity metric based on IDF weighted token edit distance
Approximate similarity metric using Jaccard on g-gram sets
Small error tolerant index table, sharing of minhash g-grams
Optimistic short circuiting exploits large token IDF weights

Lesson: IDF weighting useful to capture erroneous tokens
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Fuzzy Match Similarity [CGGMO03]

Goal: identify K “closest” reference records in on-line setting

reference table
Example:

ID OrgName City State ZIP

r1 | Boeing Company Seattle | WA 98004
best ED match

r2 | Bon Corporation Seattle | WA 98014

r3 | Companions Seattle | WA 98024

input record

Beoing Corporation Seattle | WA | 98004

10/24/2005 31



Fuzzy Match Similarity [CGGMO03]

Goal: identify K “closest” reference records in on-line setting

Example:

input record

best FMS match

reference table

ID OrgName City State ZIP
r1 | Boeing Company Seattle | WA 98004
r2 | Bon Corporation Seattle | WA 98014
r3 | Companions Seattle | WA 98024

Beoing Corporation

Seattle

WA

98004

10/24/2005
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Fuzzy Match Similarity [CGGMO03]

Goal: identify K “closest” reference records in on-line setting

reference table

Example:

input record

Beoing Corporatilon Se?ttle WA 980(|)4

[eoi,lin|g] [orp,lati] [sea, ttl] [wa] [980, 004]

all minhash g-grams

ID OrgName City State ZIP
r1 | Boeing Company Seattle | WA 98004
r2 | Bon Corporation Seattle | WA 98014
r3 | Companions Seattle | WA 98024

ETI table

Qg | MHC | Col | Freq TIDList

ing |2 1 1 {r1}

orp | 1 1 1 {r2}

sea | 1 2 3 {r1, r2, r3}

004 |2 4 1 {r1}

10/24/2005
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Fuzzy Match Similarity [CGGMO03]

Goal: identify K “closest” reference records in on-line setting

reference table

Example:

input record

Beoing Corporatilon Se?ttle WA 980(|)4

[eoi,lin|g] [orp,lati] [sea, ttl] [wa] [980, 004]

optimistic short circuiting

ID OrgName City State ZIP
r1 | Boeing Company Seattle | WA 98004
r2 | Bon Corporation Seattle | WA 98014
r3 | Companions Seattle | WA 98024

ETI table

Qg | MHC | Col | Freq TIDList

ing |2 1 1 {r1}

orp | 1 1 1 {r2}

sea | 1 2 3 {r1, r2, r3}

004 |2 4 1 {r1}

10/24/2005
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Probe-Cluster: Set Joins [SKO04]

Goal: generic algorithm for set join based on similarity predicate
Background: IR and probe count using inverted index [TF935]
Methodology: domain-independent, arbitrary set similarity

Jaccard similarity, cosine similarity, and their variants

Build inverted lists on individual set elements

Skewness — process lists in increasing size order

Sort lists in decreasing order of record sizes

Lesson: IR query optimizations useful for approximate joins
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Probe-Cluster: Set Joins [SKO04]

Goal: generic algorithm for set join based on similarity predicate

Inverted index

Example:
ID SVA
r1 | {##s, #sr, sri, riv, iva, vas, ast, sta, tav, ava, va$, a$$}
r2 | {##s, #sh, shr, hri, riv, iva, vas, ast, sta, tav, ava, va$,
r3 f#?ﬁs} #sh, shr, hri, riv, iva, vas, ast, sta, tav, av$, v$$}
10/24/2005

SE IDs
#is | r1,r2,r3
#sr | r1

#sh | r2,r3

Sri r1

shr | r2,r3
hri r2, r3
riv r1,r2, r3
tav r1,r2, r3
ava | r1,r2
vé$ | r3

36



Duplicate Elimination

Duplicate elimination = approximate joins, clustering, merging

Clustering techniques for duplicate elimination
Transitive closure (single linkage) [HS95]
Priority queues, union/find [ME97]

Canopy method [MNUOQOQ]
Compact sets, sparse neighborhood [CGMO05]

10/24/2005
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Historical Timelines

Index NL Join » BigMatch
— Union/find
- . . Multi-relational
. Merge/ for clustering Dimension
Sort-Merge Join — Band Join _’P_q_ S T > approxjoins
urge ierarchies
Spatial
join
FastMap » StringMap
l l l l l l l l ~
| | | | | | | | =
1977 1991 1995 1997 1998 2002 2003 2004
Probe < PILbe
S WHIRL » Fuzzy match Sluster o
| similarity ——Cleaning in
SQL Server
Approx. string _ Q-gram |_>Q—gram_>
edit distance " setjoin — IDFjoin = SPIDER
l l l l l l L
| | | | | | —
1991 1995 1998 2001 2003 2004 2005

10/24/2005

38



Open Problem: Inside or Outside?

Issue: optimizable processing in a relational database

Background
Declarative data cleaning in AJAX [GFS+01]
Q-gram based metrics [GlJ+01,GIKS03,KMS04]
Compact sets, sparse neighborhood [CGMO05]

Goal: express arbitrary approximate joins (not just UDF) in SQL
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Open Problem: Multi-table Joins

Issue: information in auxiliary tables can aid matching
Background

Hierarchical models [ACGO02]

lterative matching [BG04]

Graphical models [KMCO03]

Goal: efficient multi-table approximate joins

10/24/2005
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Open Problem: Benchmarking

Issue: many algorithms and similarity measures, no benchmarks

Background
Comparing quality of different similarity measures [CRF03]

Goal: develop standard benchmarks (queries, data generation)
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Conclusions

Approximate joins are critical when data quality is poor
Similarity metrics
Efficient sub-quadratic algorithms

Wealth of challenging technical problems

Sophisticated similarity metrics, massive data sets
Important to work with real datasets

10/24/2005
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