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D
atabase

Integration:
B

ackground




O
bjective

is
to

provide
transparent,flexible,and

efficientaccess
to

heterogeneous
databases.




“A
ncient”

research
issue

(20

�
years

ofextensive
w

ork).




F
ocus

has
been

on
schem

e
integration

and
m

ore
recently,data

inconsistency.




A
pplications

include
heterogeneous

databases,data
w

arehousing,electronic

com
m

erce,sem
antic

query
processing,and

m
uch

m
ore.
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D
atabase

Integration:
Typical

A
rchitecture
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`a

bc

A
n

E
xam

ple
S

ystem
:

M
ultiple

x

d

A
global(virtual)

database
schem

e
is

constructed
in

the
relationalm

odel

independent
ofsource

schem
es.

d

M
appings

are
notinherent;they

m
ustbe

volunteered.

d

E
ach

m
apping

consists
ofa

pair
ofview

s:
one

the
localdatabase

and
one

on

the
globaldatabase.

d

M
appings

can
be

added
and

rem
oved

continuously
and

dynam
ically.



A
utoplex

C
oopIS

2001
5

ef

gh

C
urrent

Lim
itations

i

R
equires

experts
to

m
anually

produce
the

m
appings.

i

E
ffortis

linear
in

the
num

ber
ofsources.

Integrating
the

nextsource
is

notany

easier
than

the
previous

source.

i

W
orks

under
the

assum
ption

thatthe
com

m
unity

ofm
em

ber
databases

is

sm
alland

stable.

i

M
apping

process
does

notscale
up

to
an

environm
entw

ith
a

very
large

num
ber

ofdatabases.

i

B
ottom

line:
P

rohibitive
costs

ofm
apping

new
sources.
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jk

lm

S
olution:

M
achine

Learning

n

T
he

integration
ofheterogeneous

databases
w

ith
a

globalschem
e

can
be

castas
a

supervised
m

achine
learning

problem
.

n

S
pecifically,the

task
ofdiscovering

contentin
new

inform
ation

sources
can

be

learned
from

exam
ples

thatare
already

m
apped

into
the

globalschem
e.
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op

qr

Tw
o

M
ain

P
rob

lem
s

1.
Locate

a
candidate

database.
M

aybe
a

setoflegacy
databases

or
sources

offthe
w

orld
w

ide
w

eb.

2.
S

earch
the

candidate
for

an
acceptable

contribution
(a

transform
ation

ofthe

candidate
thatfits

into
the

globaldatabase).

W
e

focus
on

2.
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st

uv

F
orm

alization
of

the
P

rob
lem

G
iven

the
follow

ing
virtualdatabase

environm
ent:

1.
A

relation
schem

ew xy z{| }}}| z~� .
T

his
is

the
virtualdatabase.

E
ach

colum
n z�

ofw
is

labeled
as

either
required

or
optional.

2.
A

setofcontribution
exam

ples,each
consisting

ofa
relation

schem
e

� xy �{| }}}| ��� ,a
relation

instance�
ofschem

e�
,and

a
relational

algebra
expression�

on
relation�

thatdefines
a

contribution
tow

.

3.
A

new
,previously

unseen
relation

schem
e� xy �{| }}}| ���

and
a

relation
instance�

of�

.
W

e
shalloften

refer
to�

as
a

candidate
relation.
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F
orm

alization
of

the
P

rob
lem

(contin
ued)

D
eterm

ine:

�

W
hether�

contains
an

acceptable
contribution

to�

,and
ifso,find

the

relationalalgebra
expression��

thatdefines
it.

A
n

acceptable
contribution

is

one
thatsatisfies

allrequired
colum

ns
in�

and
exceeds

a
predeterm

ined

threshold.

C
urrentLim

itation:

�

T
he

exam
ple

expressions
and

the
discovered

expression
are

selection-projection
operations.
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A
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x
A

rchitecture
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B
ayesian

Learning
and

C
lassification

�

T
he

bestclassification
is

the
one

thatis
m

ostprobable.

�

B
ayes

theorem
:

�� �	 
�
� �� 
	 �� �� ��
�� 
�

�

A
ssum

e
conditionalindependence

ofdata
values

given
the

classification,thus

�� 
	 ��
��� ��	 �� �� ��	 �� ����� ��	 �� .

�

Learning:
E

stim
ate

needed
probabilities

by
counting

feature
occurrences

in

exam
ples.

�

C
lassification:

F
ind

the�� � �

such
that� �� � �

and�� � ��� ,

�� ��� ��� �� �� ��	 ��� � �� �� � ��� �� �� ��	 �� �
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Learning
from

E
xam

ples

Learning
from

the
exam

ples
is

accom
plished

in
tw

o
phases:

P
h

ase 1

!" !# !$ !% !&

'( ') '* '+ ',

P
h

ase 2

S
haded

O
vals:

D
ata

in
projection

and
selection

of-
C

lear
O

vals:
D

ata
in

projection
butdiscarded

by
selection

of-
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01

Learning
C

olum
n

F
eatures

2
A

nalogous
to

docum
entclassification.

2

A
localdatabase

colum
n

is
a

“docum
ent”

and
globalcolum

n
nam

e
is

the

docum
entclassification.

2

Inputs
to

the
colum

n
learner

are:

1.
D

ocum
ents

(colum
n

values).

2.
D

ocum
entclassifications

(colum
n

nam
es).

2

C
lassifier

m
ustansw

er
“D

oes
docum

ent34
m

atch
class

5
6 ?”

1.34

is
an

arbitrary
colum

n
in

a
candidate

table.

2.

5
6

is
an

arbitrary
colum

n
in

the
virtualtable.

2

E
m

ploy
one

learner
and

classifier
for

each
docum

entclass.
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78

9:

Learning
R

ow
F

eatures

;

A
nalogous

to
the

“P
lay

Tennis”
m

achine
learning

problem
:

G
iven

a
tuple

describing
the

w
eather

conditions,w
ould

w
e

play
tennis?

;

Transpose
to:

G
iven

a
tuple

from
a

candidate
table,should

the
tuple

be

accepted
into

the
virtualtable?

;

Inputs
to

the
row

learner
are:

1.
Tuples

ofvalues
from

exam
ples.

2.
Labelrepresenting

w
hether

this
tuple

contributes
to

the
virtualtable.
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A
S

im
ple

Learning
E

xam
ple

C
onsider

this
exam

ple
relation

thatis
m

apped
to

our
globaldatabase:

O
utlook

Tem
p

H
um

idity
W

ind

sunny
87

low
5

sunny
90

low
3

overcast
86

norm
al

2

overcast
80

norm
al

10

rainy
70

high
11

rainy
75

high
9

@AABAAC

S
elected

Tuples

@BC
D

iscarded
Tuples
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DE

FG

C
lassification:

F
inding

C
ontent

in
a

C
andidate

S
tep

1
of4

C
alculate

probabilities
ofallpossible

colum
n

m
atches.

O
utputis

a
bipartite

graph.

LetH IJ KLM KNM KOM KPQ
and

R IJ SLM SNM SOM SPM STM SU )
KL
KN
KO
KP

SL

0.3
(0.7)

0.3
(0.7)

0.6
(0.4)

0.0
(1.0)

SN

0.8
(0.2)

0.9
(0.1)

0.7
(0.3)

0.0
(1.0)

SO

0.6
(0.4)

0.2
(0.8)

0.3
(0.7)

0.0
(1.0)

SP

0.7
(0.3)

0.2
(0.8)

0.3
(0.7)

0.0
(1.0)

ST

0.2
(0.8)

0.7
(0.3)

0.1
(0.9)

0.0
(1.0)

SU

0.0
(1.0)

0.0
(1.0)

0.0
(1.0)

0.9
(0.1)
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VW

XY

C
lassification:

F
inding

C
ontent

in
a

C
andidate

S
tep

2
of4

D
eterm

ine
the

projection
by

finding
the

m
axim

um
w

eighted
m

atching
ofthe

bipartite
graph.

P
rojection

found:Z [\]^_ ]`_ ]a_ ]b c de :
fg
fh
fi
fj

kg

0.6
(0.4)

kh

0.9
(0.1)

kikj

0.7
(0.3)

klkm

0.9
(0.1)
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no

pq

C
lassification:

F
inding

C
ontent

in
a

C
andidate

S
tep

3
of4

C
alculate

the
probability

ofeach
tuple

being
a

contributor.
O

utputis
a

setof

labeled
tuples.

Ifrs t uvuwx
y z { |
} ,then

labelis
“Yes.”

~� ~� ~� ~� ~� ~� rs t uvuwx
y

a
b

2
c

d
e

0.7

q
r

9
s

t
u

0.3

q
r

8
c

d
u

0.1

a
b

4
c

d
f

0.9
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C
lassification:

F
inding

C
ontent

in
a

C
andidate

S
tep

4
of4

D
eterm

ine
the

selection
predicate

by
finding

rules
for

the
labeled

tuples.
F

inal

expression�������� ��� ��� �� � ���� �� ���C
3

<
=

4
>

4

Y
es

N
o
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V
alidating

the
A

pproac
h

�
W

e
use

stratified
cross-validation

for
learning

and
classifying.

�

F
or

exam
ple,w

ith
a

virtualdatabase
oftw

o
relations

and
three

exam
ples

for

each
relation,w

e
divide

the
m

appings
into

three
folds

ofequalcontent.

F
old

V
irtual

Local

1
 ¡ ¢
¡£ ¤¡£ ¥¡

1

 ¦ ¢
¦£ ¤¦£ ¥¦

2

 ¡ ¢
§£ ¤§£ ¥§

2

 ¦ ¢
¨£ ¤¨£ ¥¨

3

 ¡ ¢
©£ ¤©£ ¥©

3

 ¦ ¢
ª£ ¤ª£ ¥ª
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M
easuring

P
erform

ance

To
m

easure
perform

ance,the
outputs

ofA
utoplex

are
regarded

as
four

types
of

B
oolean

decisions:

1.
C

olum
n

M
apping

2.
Table

M
apping

3.
Tuple

P
artitioning

4.
Tuple

S
election



A
utoplex

C
oopIS

2001
22

¯°

±²

M
easuring

P
erform

ance
(contin

ued)

F
or

each
ofthese

four
decisions,the

outputfalls
into

four
disjointcategories:

A
:

D
ecision

is
True

and
the

correctansw
er

is
True.

D
ecisions

in
this

partition
are

called
true

positives
.

B
:

D
ecision

is
False

and
the

correctansw
er

is
True.

D
ecisions

in
this

partition

are
called

false
negatives

.

C
:

D
ecision

is
True

and
the

correctansw
er

is
False.

D
ecisions

in
this

partition

are
called

false
positives

.

D
:

D
ecision

is
False

and
the

correctansw
er

is
False.

D
ecisions

in
this

partition

are
called

true
negatives

.
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M
easuring

P
erform

ance
(contin

ued)
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ãä

åæ

C
urrent

P
rototype

A
utoplex
T

ables
E

xam
ple

T
ables

Java A
pplication

LE
D

A
W

E
K

A
C

O
R

E

O
D

B
C

D
atabaseC

andidate
T

ables
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çè

éê

E
xperim

ent

D
efined

a
globalschem

e
for

com
puter

retailinform
ation

w
ith

the
follow

ing

relations:

1.
D

esktops
=

(R
etailer,D

esktopM
aker,D

esktopM
odel,D

esktopC
ost,

A
vailability)

2.
M

onitors
=

(R
etailer,M

onitorM
aker,M

onitorM
odel,P

eripheralC
ost,

A
vailability)

3.
P

rinters
=

(R
etailer,P

rinterM
aker,P

rinterM
odel,P

eripheralC
ost,A

vailability)
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ëì

íî

W
W

W
S

ources
U

sed
for

E
xperim

ent

15
S

ource
Tables,21

M
appings,1095

tuples

W
W

W
S

ource
V

irtualD
atabase

R
elation

aberdeeninc.com
P

rinters
accessm

icro.com
M

onitors
beyond.com

P
rinters

buy.com
D

esktops,M
onitors

buybuddy.com
P

rinters
cnet.com

M
onitors

com
paq.com

P
rinters

com
puplus.com

M
onitors

cyberw
arehouse.com

D
esktops,M

onitors
egghead.com

D
esktops,M

onitors
firstsource.com

D
esktops

gatew
ay.com

M
onitors,P

rinters
m

aven.com
P

rinters
outpost.com

D
esktops,P

rinters
pcstop.com

D
esktops,M

onitors
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E
m

pirical
R

esults

U
sing

stratified
three-fold

cross
validation:

C
ategory

A
B

C
D

S
oundness

C
om

pleteness

C
olum

n
M

apping
74

17
17

660
0.81

0.81

Table
M

apping
18

3
0

24
1.00

0.86

Tuple
P

artitioning
969

60
117

612
0.89

0.94

Tuple
S

election
967

62
104

625
0.90

0.94
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C
onc

lusions

÷

M
achine

Learning
can

be
used

to
overcom

e
scale-up

barrier.

÷

Initialprototype
and

testing
is

prom
ising.

÷

N
ew

paradigm
:

sources
are

discovered
autom

atically
and

are
drafted

into
the

globalschem
e.

C
ontrastw

ith
traditionalm

ethod
ofw

aiting
for

som
eone

to

volunteer
a

new
source.
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F
uture

W
ork

1.
S

uppor
t

M
ore

G
eneral

V
ie

w
s:

A
llow

source
and

targetview
s

thatinvolve

joins,unions,or
transform

ations.

2.
U

se
Intensional

Inform
ation:

E
xtractintensionalinform

ation
from

exam
ple

sources
and

use
this

inform
ation

in
the

discovery
process

(currently
w

e
use

only
extensionalinform

ation).

3.
A

ssurance:
C

om
bine

the
statisticalperform

ance
ofthe

discovery
process

w
ith

confidence
m

easures
ofindividualdiscoveries

to
produce

a
m

eaningful

“pedigree”
to

be
stored

alongside
the

contribution.


