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UNAALNHIBINGY

Querying a database is a common task for most database systems. To query a database
is to find some answers from stored data. Traditional database systems return exactly what is being
asked. This is a method of direct query answering and a user is required to construct a query
intelligently and properly. To remove the burden of intelligence from the database users, the concept
of intelligent or cooperative query answering has emerged. The process of intelligent query
answering consists of analyzing the intent of query, rewriting the query based on the intention and
other kinds of knowledge, and providing answers in an intelligent way. Intelligent answers could be
generalized, neighborhood or associated information relevant to the query. This concept is based on
the assumption that some users might not have a clear idea of the database content and schema.
Therefore, it is difficult to pose queries correctly to get some useful answers. Producing answers
effectively depends largely on users' knowledge about the query language and the database schema.
Knowledge, either intentional or extensional, is the key ingredient of intelligence. In order to
improve effectiveness and convenience of querying databases, we design a systematic way to
analyze user's request and revise the query with virtual mining and materialized views. Virtual
mining views are data mining rules discovered from the database. Materialized views are pre-
computed data. This research presents the knowledge acquisition method, its implementation, and a
systematic method of rewriting query with virtual mining views and materialized views. We
perform preliminary efficiency tests of the proposed system. The experimental results demonstrate
the effectiveness of our system in answering queries sharing the same pattern as the available

knowledge.
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Q, : SELECT Emp.Name
FROM Emp
WHERE  Emp.Dept# IN
SELECT  Dept.Dept #
FROM  Dept
WHERE  Dept.Loc = 'Bangkok’
AND  Emp.Emp # = Dept.Mgr
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Q,) : SELECT Emp.Name
FROM Emp E, Dept D
WHERE  E.Dept # = D.Dept#
AND D.Loc ='Bangkok'

AND E.Emp # = D.Mgr
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schema : Ships (Name, Type, Weight, Registry, Owner Name, Capacity)
index on Type

semantic rule : IF Ships.Weight > 200 THEN Ships.Type = 'Tanker'



Q, : SELECT Name Q,' : SELECT Name
FROM  Ships => FROM  Ships
WHERE Weight > 250 WHERE Weight > 250

AND Type = 'Tanker'
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Sales (eid, item, vol, date)
Emp (eid, name, dept, salary, age)
Dept (dept, manager, loc)
Item (item, category, size, weight)
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CREATE VIEW V AS
(SELECT E.eid, E.name, Litem, I.category
FROM Emp E, Sales S, Item |



WHERE E.eid=S.eid
AND S.item = Litem
AND S.vol > 100)
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Q, : SELECT E.name, E.dept, D.manager
FROM Emp E, Sales S, Dept D
WHERE E.eid = S.eid

AND E.dept= D.dept
AND S.item = 'computer'

AND S.vol>100
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Q' SELECT V.name, E.dept, D.manager
FROM V, Emp E, Dept D
WHERE V.eid = E.eid
AND  V.dept=D.dept

AND V.item = 'computer'
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CREATE MINING MODEL Risk Class //Name of model
(Customer ID LONG KEY, //Source column
Gender TEXT DISCRETE, //Source column
Risk TEXT DISCRETE PREDICT, //Prediction column
Purchases DOUBLE DISCRETIZED(), //Source column
Age DOUBLE DISCRETIZED() //Source column
)

USING [Decision_tree] //Mining algorithm
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SELECT  D.Customer ID, M.Risk

FROM [Risk Class] M

PREDICTION JOIN
(SELECT Customer_ID, Gender, Age, sum(Purchases) as SP
FROM Customer D
GROUP BY Customer ID, Gender, Age) as D

ON M.Gender = D.Gender and

M.age = D.age and
M.Purchases = T.SP

WHERE M.Risk = "low"

@ 1 < 9 9 o o A 9 [ [] @
nndredeezmiy 1AMy ldlsy TemiTuaaanmsviunilesdeyadiog luszau
o v A o A 9 a o dyd A
Hinadisamsmvuateu lvlumsaouadoya  TasamsdvelivaauaunImanzvey
youwams Inu Tumannmsiumilosdoya lugszaums 1 lueameulszdnsamms

asuntoya



1 a 9 . . 4 a Y 9 y
Tuduvesdrtoya (materialzed view) Namnsationlain Aedoyaniiyuuos
9

A Ay Yy A o Yy a v gy X &
m‘W'IZVi5'0MﬂlﬂuﬂalﬂW’lgﬂ'luT]ﬁiﬂﬂUﬂ'ﬂiJﬁuclﬁ]sll@\‘lﬁ?ﬂ&lf ’J'JGU'EJNﬂaﬂ%ﬁi’mﬂluﬂ’]ﬂﬂl'ﬂy’ﬁwug'lu
v

A ' F) S o a 9 A Y] o A A
mﬂuagclugmﬂmga ﬂi$1€lﬂ)’u1’iﬁﬂﬂlfl\ﬂ’lﬂlﬂi§l‘]a 1) Glcvmumammwmmm %lcvmuslwq;

@ ' ] 9) o 1 Y3 9 U o
ﬁu%uamn%ﬁaumnagmua ﬂ1il,ﬂ'UGU’EJllu'ﬁﬂ\Tﬂa1'Jhl')!ﬂuﬂ’liﬂ’l')iiuﬁ’luﬂl@yjaiﬁnﬂ'U

v X = ¥ Y o o ¥ 3 < Y o < <
51]@NaWug’]u%ﬂ%?ﬂiﬂﬂ’liﬂﬂﬂﬂlﬂﬂ’m’lﬂ‘VI']hlﬂi']ﬂlﬁ'J ﬂ']’liJ!i'JGl,Uﬂ'lﬁﬁﬂﬂﬂl@ﬂ’lﬂ’lj\llﬂuﬂ§'$!ﬂu

k)

dngyluailszinnadsdoya (Agarwal ef al., 1996; Gray et al., 1996) uazmsdszuiana

MIFUNAUVUNTLNY (Levy et al., 1996)

7 Y

in3ve ldneneunisldlse Temninniteyauiluszoznauiu  (Chen  and
Rossopoulos, 1994: Chaudhuri et al., 1995: Gupta et al., 1995: Qian, 1996; Srivastava et al.,

v a9 o

1as ' A o Aa 9 Y = Yy A Aov A
1996) LAITNITANNE] NFUDINUD ﬂ“V]’J’JGUEJiJ"a%%@ﬂQNiﬂﬂ’dﬁQﬂ@]i\inJﬂﬂUN@uuléUﬁlu
P
o a o a o o v o 1 4
Gfllﬂﬂﬁlnl LLL!’JVIN’J%)EJ‘U’ENTﬂiﬁﬂ”l'i’Jﬁ]EJﬁW8181Nﬁﬂﬂi}@%1ﬂﬂﬂﬁﬂﬁn Tﬂﬂwmmuﬂl%’mmm

v A a A a a 9 Aa Y A v 9 o A a 9 Y A
ﬂma@ﬂﬁ’JLW@W%13m133%@%ﬁﬂuﬂ’31u1ﬂﬁlﬂENf‘l‘].l‘llE]ﬂTﬂHJiﬂﬂ‘VleQ UBNIINIIIVDYALAIYIY

RY

A 9

MINUIN TuAaINMI i IMBToYa anselunszuiumsulasgiuoudediowli

vy A o Y o P Y o
mmmﬂizmawa"lmﬁmqﬂ Iﬂﬂﬂ\‘lﬂ\?ﬂ'N?JE]ﬂWENGU’ENNﬁﬁW‘ﬁﬂluﬂﬁﬂ@‘U‘U@ﬂTﬂTN

(Y] d av
1.3 ﬁﬂgﬂi$ﬁﬂﬂﬂl®\1ﬂ153ﬂﬂ

Y o a 9 9 Ay ¥ o = v
®  WAUWUINNNTUNMNUBYAD LLaﬂmﬂaﬂJ@yaﬂﬂmﬂmﬁmmuawaya

PR A a A Y o

nlgmenulszansnmmsdszuianatomiioin
o as v A a 9 ax ya 9 d'

® MUUAITNITAALIADNIIVDYA LLaz3‘ﬁmﬂﬂn’maymwmgﬂmgﬂgmu
Masgounudoya

9 o A g = o
L4 aaﬂLm‘ug1JmJuTaJmam'e')y,aﬂmmimmummay’amwmzauﬂmm
.. . 7 ax 9 Y < .

query optimization uazwmun‘ﬁmﬁuﬂaﬂmmmeyjaﬁlmﬂu semantic
rules

ant ya 9 o A 9 A o
® ‘1/]@’d@‘]_I’J‘ﬁfﬂi{1611’3’3511’03;]ﬁLL’d%ImﬂamﬂﬂTSVITLﬁﬂJﬂQﬂJ@H@LWBﬂiUﬂ?Q

Uszansmmmslszuanatonioin

1.4 YOUIUAVDINITIVY

E4
Aav A

I o a { o
uasetitlumsiamuuanmelumsuarsmidoyauazanudinernudoyalu
@ A o .. I . A o FR
ANHAZUDL luAaNBNITHIUIY (predictive model) utlauilu semantic rules 1o l¥ae

A (% g’; a 4
NAIANNNEINITOVDY semantic query optimizer ANUUNITOONUUY NITAATIEH HATNIT



nagoUIZNARNIE IudIU query optimizer Taglsilanng implement Tud2u Scanner, Code
generator, 130 Execution engine

Y ) 4 Y o
ﬂﬁ‘ﬂﬂﬁ’ﬂ’ﬂﬂﬁjﬂf semantic rules Lﬁ@%?ﬂiﬂﬂigﬂﬂuﬂﬁﬂizh’mNﬁ“llf)ﬂTﬂnJi]Z

a o

[ 9 . 4 { o o v Aa
nIzUNgIUTYalsle (deductive database) 111099 InHgUHDUNMINZAUAUMITNINUADI?

9 9 A @
doyauas Tupatoyanogluanvazueang

1.5 Uszlawinlasuoinmaden

v
@ ] =1

a dyd @ ' Y o
Tﬂiﬁﬂ"li’J meJ%qmgmmemfazwmu’uummﬂm“luﬂﬁﬂizmawaﬂmmmm‘lu

Y
v v a

] A v Ao &4 & ¢ Y, 1A o v v
NUIIUIDYA ﬂﬁuuWﬁNﬁ@]'ﬂ’ﬂgllﬂMf‘lﬂTi’J’i]fJu%3L‘ﬂL!’ENﬂﬂ’)"lllgﬂlWMVIGB’JEJW{?MUTﬂCﬂiJﬂnWUT

YOINMIFIUToyaazMaeunNdoya 53udmsisen 19901aveq scarch engine A199)

wansdveluarumswannmatamsmulszansnumslssuranadofioinin
I 4 Y 1 19 = Ao o A A o
WueeAnu InlweunsaenMsveuunaNIte  duaue  uaz@nu luenasnms
a Y] a yw 1 [l a CaN~1
YsznInmaseaulssmenazinunana  UenINUIIISINIINTHAN UL UMD ITIA TaY
v Aav < o < 4 ] a oA a o a
Trinadouazdaulan ldarniTnan ldnndu ladvesminedfiamsisesuinnssu

9 Y v a v ) ~
VoYalasnNIIAUNINITNG 3J1’i1’3‘1/]81aﬂmﬂiuiaﬂfjiuﬁ

[ v 1 [

Y Y
uﬂﬂﬂWﬂuIﬂiﬁﬂﬁ’J EJUEN%’JEJWGJJIH?]’JHJ’LTHJTiﬂlla$ﬁﬂﬂﬂ1WﬂJ€N::’3 EILm%ij eli

[

a A g = a a a J = I o o w
jﬂﬂﬂlﬂu ﬂﬁﬂ]&l']ﬂ%igig']jﬂﬁT’lﬂ']"]ﬂ'Jﬁ’)ﬂﬁiiJﬂf]iJW')l@]ﬂi °]Ni]$!ﬂ1!ﬂ1’iwmu1mmﬂu

[ Y

a J = a
i%ﬂﬂ’q\‘iﬂTH’J‘Vlﬂ1ﬁ11‘(§l‘illﬁ$mﬂiuiﬁﬂ"llﬂ\i‘lJ‘i$L°l/]ﬁ°lfW]



UNN 2

ﬂ1§ﬂi$N3@Naﬁi’fﬂﬁ1ﬂ1N

2.1 ﬁum@unnﬂsxmawa%ﬁmm

Y o ) < = Y
M3seuranavon1nm (query processing) 1UunIzUIUMINYTZNDUAIBWAY
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query ——» Scanner
Parser

Preprocessor

query expression tree (parse tree)

Query

Optimization Logical query plan generator

logical query plan tree

Query rewriter

better logical query plan tree

Physical query plan generator

physical query plan tree
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Code generator

l code to execute the query

Execution engine 8 @7
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Result to query
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FYAVF 1¥U SQL Motherelilnaninsaeunwssgeminauiiinihiiby
Aaualusavinaluafitiyaddud 1 dnumily
Schema
Employee (Eid, Ename, birthdate, salary)
Project (Pno, Pname, budget, supervisorID)
SOL query (Q1)
SELECT Ename, Pname
FROM  Employee, Project

WHERE Eid = SupervisorID AND budget >= 1000000 ;

3’1 Y 14 [ 1 o < ] 1 1 {

‘ll‘l!ﬂi’)‘lr!ﬁ 2: T‘]J'il!ﬂﬁi]ﬁllﬂulu’ﬂﬁ (scanner) Gﬂ$*ﬂﬂllﬂﬂﬁ’3u“l§llﬂ?ﬂiﬂhLﬂuﬁu’)ﬂﬂ@ﬂ (qﬁjﬂﬁ 2.2) ‘ﬁ
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............................ token
‘ SELECT ‘ | Ename ‘ ‘ ' | ‘ Pname ‘4 """"""""""" -
‘ FROM ‘ l Employee ‘ ‘ , l ‘ Project ‘A' """"
‘ WHERE ‘ | Eid ‘ ‘ = | ‘ supervisorlD ‘ I AND ‘ ‘ budget | >= | | 1000000 | ‘1 ;

514 2.2 msvenduiluTnduTae Tsunsuaunuued

o A ¢ o < s A o &
VUADUN 3: Tﬂﬁl!ﬂii]w']ﬁmfﬂﬁ (parser) ﬁﬂTV]Lﬂuu1ﬂ1ﬂﬁ!lﬂuluﬂﬁl1’\|@ﬂﬁ'}ﬁ]ﬁ@ﬂ'ﬂﬂ’]ﬁ\? SQL
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A a ' = o v Yo
Eﬂll‘ﬂ‘ﬂ‘ﬂliﬂﬂ'ﬂ’] BNF (Backus—Naur Form) UAZUAANNITNIUDIAEN Q] Vlﬂﬂ\j

BNF grammar

g1l 2.3
<Query> = SELECT <SelectList> FROM <FromList> WHERE <Condition> ;
| SELECT <SelectList> FROM <FromList> ;
<SelectList>::= <Atrribute>
| <Attribute> , <SelectList>
<FromList> ::= <Relation>
| <Relation> , <FromList>
<Condition>::= <Condition> AND <Condition>
| <Attribute> <op> <Attribute>
| <Attribute> <op> <Constant>
<op> = =\<>|>|>:|<|<=

/ Parse tree \

Ename

.

SELECT <SelectList> FROM  <FromList> WHERE <Coqdition>  ;

<Attribute> , <SelectList> <Rration> , <EromList> <Condition> AND <Condition>

<Attribute> Employee <Relation> <Attribute> <op> <Attribute> <Attribute> <op> <Constant>

Pname Project Eid = supervisorID budget >= lOOOW

<Query>

v
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]
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i 19U Employee.Ename, Project.Pname

4
I a
AN IRERERN Employee (11 Project 939

P

WHERE Eid = SupervisorID AND budget > = 1000000 ;

' o ' 4 aa o
5U7 2.5 A19619MIATINAOUANNYNADIVOIFOLONNG LA

o a v ) a . o 9 A
Vunoui 5: 1UsuNTUASUHUTMDINTIATTNE (logical query plan generator) IENMHUIN
= I % [ a L= a
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WmsudaszihnndanvesmansyulmIvuasiniiegaiuou  Tagll
a’/ % g
VUADUAIL
- 11¥on1351914 <FromList> 31911 Cartesian product (X)
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a4 Q1 UNUTEMDINTINTTAY

SELECT Ename, Pname T

Ename, Pname

FROM Employee, Project
(0}

Eid = supervisorID AND budget >= 1000000

AND budget > = 1000000 ; X

N

Employee Project

WHERE Eid = SupervisorID

(% [}

{ ¥ Y o a o & F)
ﬂﬁ 2.6 maEmmsmmmumammmmmaﬂzmﬂmmaaummaga
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9 Y 9/4' ygd 1 Y o a .
Tasserdeduldnldtizonn uwudemnmudanssng (logical query plan)
A A =t <3| Hq 9 Y o
nisenyoutimstunuuunuilslszuanatediow Tasmsidszuianass
o U 1 1 v ¥ 3 o }
nszihmnaruangavesau i ladlusedvusuaiu launsenadeInuasin - 1ile
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Uszurarmamsniziinn lvuanadas  negldnasninilumasuvosdomioiui
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7-[:Enalme, Pname 7-cEname, Pname
G Eid = supervisorID I><1 Eid = supervisorID
/X\ TcEid, Ename 7-aname, supervisorID
Employee o _ ‘
poy budget >= 1000000 Employee G pudget > 1000000
Project Project
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: Tlsunsuafamudemaiundemenin (physical query plan generator) WTULNY
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Logical query plan Physical query plan

T

Employee

Extract(Ename, Pname)
Ename, Pname

Two-pass hash-join

I><1 Eid = supervisorID

/\ Extract(Eid, Ename) Extract(Pname, supervisorID)

Eid, Ename

Pname, supervisorID

T
‘ TableScan(Employee) Filter(budget >= 1000000)
(e)

budget >= 1000000 .
‘ ¢ TableScan(Project)

Project

511 2.8 unudemnmiTeassnzuazFimenmdmsuilszuranamda Q7

A A Y o a 1 A
w510y IuunuTamaFINEAIM (¥ TableScan(Employee) #1730
. < A o ak A A 9 o 2
Extract(Eid, Ename) 1iJu¥odanesiufignidonunldlumsiszuanadomoil
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Fuaoudi 7: Tlsunsuadasiamds (code generator) dximhAn/aeudanesiuaie i
Usingluusdemamdimeamltusiamds gy sidanmd) findeuss
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wassgnuiaslegluzlunuvesnuiesuoa 1w ivntiaduWus (relational algebra) W30
v o o . ¥ dy A o Y o Y
Lma@aﬁﬁuwuﬁ (relational  calculus) mmwammﬁzmﬂumiﬂﬁuﬂ'g‘q%mmﬂwu
a A dda! a o = a [ v o 9 a oA [ A .
ﬂﬁ%ﬁ‘ﬂ‘ﬁﬂ?Wﬂﬂlu HWGﬂuﬁlL!W‘]fﬂﬂlﬁﬁllWl!‘ﬁ‘JJﬂﬂ%‘]Jﬁ5ﬂ@ﬂﬂ?ﬂﬂ§]ﬂﬂﬂ1i‘ﬁaﬂ‘] D selection,
. . - a oA ' = A A Y Y a é’ 5
projection, 4ag join UFtiamsuaazilsznnimaianazldlszuranalavarumainyuegiu
9 Y Aq9Y o Y =2 9 ' ¥ A q9
VYUIAVDIVBYA LLﬁ$Tﬂi\?ﬁiN“I/ﬂ“b’?fl!ﬂ?fﬂ‘l!ﬂ?i!alﬂﬂ\‘]‘l]@yjﬁ (19 ﬂl“lfﬂii“b'u, Gl“])'@”li"lﬂl!ﬁ%)
b v
MIeBUIesanes Nua1e vesljiamsiiugiu (Msemdaluszauumudodio
a a & a
IINTING) HAZMINATIZHOAND T NY (Elmasri and Navathe, 2000; Garcia-Molina et al., 2000;
9
Ramakrishnan and Gehrke, 2000; Silberschatz et al., 2002) %zé’nm%’ayjaﬁugm 3 g1519 1dun

1 aa J U
Employee, Works In lii¥ Project Taguaazasltenns diataz aulsznounemenu

Y
aane 11
Employee
Eid Ename gender | birthdate | address salary | dept code
k3 [
auydAli 1 5anesativuig =50 lud fmualfiifefinudeya 1 uden = 4,000 lud

2 o v F%

o Y s o & o 2
mmu%’agamwm =40,000 L3ANDIA ANUUNUIVUADD uﬁﬂsuau”a"lﬂ =80 LIANDIA

) primary index UV Eid t1a . doalFiiin i = 40000/80

Secondary index UU salary tiai& dept_code =500 VAN
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Works In
Eid Pno role start_date finish_date
aq 9 ¢ ¢ Lo vy & da 9 < ¢
ﬁlllmsl’ﬁ 1 13ANDIANVUIN = 40 Ul‘lJG] mwuﬂ"lmuamﬂmm&a 1 Uaen =4,000 ll‘]J@]
o ) g P R ) o =2 9 v 7
VIUIUVBYATNTTUA = 100,000 13AND3IA quuwuwaamummga‘la =100 L5ANDIA
vy quk 4 <
N @04 1%1ie9 = 100000/100 = 1,000 vaen
Project
Pno Pname Psupervisor | budget
aq ¥ s ¢ L, vy & Aa 9 < ¢
ﬁlllmsl’ﬁ 1 13ANBDIANVUIN = 40 Ul‘lJG] mwuﬂ"lmuamﬂmm&a 1 Uaen =4,000 ll‘]J@]
o v ¥ s Ly 9 X dAa ¢ <
VIUIUVBYATNTTUA = 1,000 t13ARND3IA N mﬂmuamaﬂ =10 Uaon

3 hash index UU Pno

2.2.1 a9 selection

Y] a K Y a F) F) 1 o w v 9 [P= ~
2aNINU S1: AU UBUTU (mayallmimmﬂmmmﬂum Illlllﬂiislﬂl)

Y 2 = 4

1. fAumdoyaiiazisanesa

2. nfisufendeyanasanuton lvludemaumnie T
9 o A Y v K 4 A a dy ~ I v J
tasanuFeu’ly Idiuiinisanesa (Msenwia) Hasluasiazuaaailuwadns

liasesvuSouly Iaursanesaae 11

#108197 081911
N1y SOL : fyndiadunus (relational algebra) :
SELECT * G pirthdate-31/12/1950 (EMployee)

FROM  Employee

WHERE birthdate > 31/12/1950 ;

° ¥ A 1 <
mmuﬂiaﬁﬁ}mmu‘wﬂuaeﬂmmmin Employee

Q

a 1 ) o

Y 1
51u3uﬂﬁﬂﬁﬁﬂﬂﬁﬂﬂ@ﬂﬂﬂﬁﬂ

500 59
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(Y] a R Y a 9 = o v 'Y 1= =
ANDINU S2: AUHLUUNINIA (‘ll@ﬂ;ljﬁlﬁﬂﬂﬁWﬂ“UWlﬂJﬂ?ﬂuﬁW llllllﬂiiﬁb’u)

" Y9 = 2 A s A o A Y o
1. LLUQﬂuﬂlﬂgaﬂﬁgﬂﬁﬂLWi’]ﬁ'\LiﬂﬂﬂiﬂW@ﬁﬁﬂﬂlﬂﬂullsllsllﬂﬂsllﬂﬂ'm"m
A s Ay o & 2 A A o &
2. IUBDIDITANDTANGDINIT UUNNLIANDIA (‘Viiﬂn‘W!Wﬂ) aﬂuminwam\lﬁ

) ¢ W vy A 1 o A Y o
3. ﬂu‘l’i%iﬂﬂﬂiﬂﬂﬂllﬂ i]uﬂ’ﬂﬂlﬂ%ﬁﬁ]%11?’1”I]lﬂJ@]iQﬂ']JNi’)u]lsUGU@\i"UﬂﬂTGnJ

v K a0 v A

4 ! ° o
U1!1/]ﬂLﬁﬂﬂ@ﬁﬂﬁ%@MﬁﬂJﬂ?@ﬁﬂﬂﬂN@uulsllsll'é]\isl?i’)ﬂ"m?u ﬁﬁiuﬁTiNNﬁﬁWﬁ’

QU

#8191 1911
SELECT *

FROM  Employee Ogname - 'smit' (EMployee)
WHERE Ename = ‘Smith’; |

v A

gl./ A o g’; Aa 1 J
Tuduaoun (1)  uIUATINAARDNLAEN
o o ¥
= |_10g2 AMUIUVADNINUUAVDIAITN Employee)—|

= log,(500) ~ 9 A33

I ooa Jdar A

g’/ A o 3’; Aa I alg}; 1 J g.}I 12 4
lTudupeun 3) NUIUATINAAADNUATN mmmﬂu"lﬂ"lﬂmgmﬁuﬂmq (lutiisanasa

= H

4 { 14 @ g‘;
9uf Ename = ‘Smith’) DI 500 A9 (NNsAADIAL Ename = ‘Smith’) AIUU
o 3’, 3’, { a 1 v A 4 o 3’, { A 1 v A o 3’, {

TuuAiINanAssAasenUAan = SuiunsinaaaenuAdn lutuaaun (1) +

v [

o g’/ d‘a a £ g’/ d‘
NUIUATINAAABNUATN IUTUABUN 3)

'
1A

[ a 9 9y A A = + ) o Y Y
2aN93INN S3: AUNIAWATIFU (WATIVU B -tree T IUTUATNABDINITAUN)

'
A Y

] 1 Ay
1. Gl,ﬂmﬁ%uwmummvmmmi

v
SIS Al v A

Y
o A o v J
2. @'INGI'J“HU]JJEJ\W]']TN“{]}@%]’aWaﬂllagllﬁ@\?"ﬁ}ﬂu‘.anﬂﬁﬂﬂﬂiﬂﬂﬂﬂ’l@]i\‘lﬂ‘UNﬁ]ullGU"U'E'N

Y o
VAN

9 = o w

#1081 T0A101UN 1 YoyaFeamIAUAILAIAUN

U

SELECT *

FROM  Employee . Ogd - 1234s(Employee)

WHERE Eid = ‘12345’ ;

agq Y A ) o v ¥ o &
auyda i Iaseadrednldues B~ tree d1v5ud01a Employee 1 2 szAUHY
o ?zlz { a 1 v a 14 o [y ?zlz
NuIuATINdesdadenuAan = SduszAuTUveslnsead syl +
° 2 Aay S 9
NUINVANNNVOYANABINT

2+1 =3 A59
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Avgademoiwi 2 doyaluSesdinuaumaun

SELECT *

FROM Ernployee i Gsa|ary>50000(Emp| Oyee)

WHERE salary > 50000 ;

a 1T voAa 4

9 M 9
%fJWHUUﬂiQﬁ&IﬂQ@ﬂﬁ@ﬂUﬂﬁﬂ %‘,WU'Juﬁgﬂﬂﬁlfu"UE]\ﬂﬂﬁ\‘]ﬁ%ﬁ\‘]ﬂii“}fﬁ +

° S Aay Ay
VTUIUUADNNUUDYANADINIT

u

) 3 Aa ) = = Y 9
2+ NUIUUADNNUUDYANADINT (3Jﬂ1LL‘1JSIN1!Ulﬂ

=

Aaue 1 94 500)

o ax v v =t o w1 Ay )
2aN9INN S4: AUNIAIYMNT LIV (UM T WHIVTIHIUAINADINITAUN)

) J v o = P Ay Y
1. Glﬂfﬁﬂﬂ%mmma%mmmm bucket NUIIIMNABDINTTAUNN

E4
2. MWAIBV bucket 1dms1edoyanan

#108199 0819711
SELECT * |
FROM  Project Gpno — oo (Project)

WHERE Pno = 09’ ;

=1

o <3 {
UIUVADNNUIIY bucket ﬁ@%}ﬂ\?ﬂ'ﬁ +

q

a 1 woAa 4

P
ﬁiuﬁuﬂiﬁﬁg]}ﬂﬁﬁﬂﬂ@ﬂﬂﬂﬁﬂ

° S Aay A
FTUIUUADNNUUDYANADINIT

u

I1+1

Y
2 A

) ax Y Y ~ Py A ' A Y}
9aNDINN S5: AUNINIYATTIVU (ﬂiﬂ!ll‘l’ia"IEJNf’Ju]‘hJEJ’E]EJLGb'f’JZJﬂ’JEJ AND)

) ~ 4 vy 9
1. "l%ms%ummmu”ﬁmaﬂﬂummayja
) Ay v ? A o A vy A VoA A
2. uwayaw"lﬂmﬂmumuml mﬂmaaﬂﬁ’ammau"l%@wmaa

f198199F 1011
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SELECT  *

FROM Empl
fmproyee S salary > 50000 A (Employee)

birthdate >31/1/1950 A

WHERE salary > 50000 AND

birthdate > 31/12/1950 AND gender ="M’

gender = ‘M’ ;

v A

o ¥ Ay a S o Ay a 1 wva o & A
TUIUATINADINANDNUATN = VTUIUATINADINAADNUATNUDIVUADUN (1)

Y
9anoINy Sé: f’%}‘MTHﬁI’JEJﬂﬁﬁ”I intersection G]’J%Liﬂﬂ@gﬂﬂlﬂﬂﬂiiﬂfﬁ

A A } A k) 1 A ] = dtd‘t!y
(ﬂiﬂ‘!ﬂ\lﬁﬁWNi’)ullleﬂﬂEJLGH@‘JJWJEJ AND LLa:Lmam@u"lmﬂaﬂmﬁ%uw%"lﬂ

o 4
YAUIANDIA)

9 a ' A ' v v o oAY YA o A s X
1. 1%@ii‘Im611mumazm@u%&a&mumm@ga WaaW‘ﬁV]llﬂﬂﬂ@]T]ﬂiﬂﬂﬂﬁﬂ BN
@ 1 A
uﬂﬂzagiugﬂmm record ID ¥13® RID

° AN ¥ A ~ ' A ' o Aa D O
2. 41 RID ‘Vl]lﬂﬁnﬂallu@]’ﬂu‘ﬂl GUE’)QLW]agNﬂuhlsUﬂ@ﬂm1ﬂ1@ulﬁ@ﬁlcﬁﬂ%u

v I 9

YA ¢ Aa o A A &
HAANTD llﬂﬂi’) RID EIJE’NLiﬂﬂ’ﬂ5ﬂ‘VIll51]’8]Hﬁ@iﬂﬂﬂﬂi%uiu!ﬂ@uqﬂmﬂ‘ﬁuﬂ

& o AL vy A9
ionmaawil live Iddoyandoans

#198191A 1911

SELECT *

FROM Employee
Py dept_code = ‘05" A (Employee)
WHERE  dept_code = ‘05" AND salary > 30000
salary > 30000 ;

a 1 @ J o

9 H 9
NUIUATINABIAARDNLUATN = TIUIUTEAVFUVDIIATIA319AT5¥H dept_code +

Y
NUIUTEAVFUVD IATIa319A55%T Salary +

o < A @ 4 1
muau‘uaﬂﬂﬁumsﬁ'auawnﬂmiﬁﬂunﬂﬁauhlﬁuﬁlﬂa

U

lunsain@eu ludosroudis OR  MldluiusuderdunusansIny S6

~ oA o A s 3 I g ° ~ .
!Wﬂ\ulﬂ!ﬂaﬂu%’]ﬂﬂWiﬂW@‘Lﬂﬁ@ilcﬁﬂ%u!ﬂUﬂ1§ﬂ1§LUﬂu (union)
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2.2.2 1l projection

[y a Y4 < Aaa Jad 1 A R a9 %}
2anNdInNu P1: WﬁaW‘ﬁﬁU’fNﬂﬁI‘]Ji!ﬁ]ﬂi’JﬂJLL@VIVI'EU’MVILﬂUﬂWﬂﬂ ﬁ]\illiJﬂJsUﬂig’d“]ﬂ

1. Waufludoya

v A aAa oA o v I v J
2. ﬂﬂlﬁ@ﬂ!ﬂWWZLL’E]TW]iU'N]WiZHGlHﬂ'IﬁQ LLﬁ'@\‘lﬂﬂﬂﬂJ’llﬂuwaaW‘ﬁ

#198191A 1911

SELECT Eid, Ename, salary (Empl )
mployee

Eid, Ename, salary

FROM  Employee ;

a 1T voAa 4

Y 1
iﬁu’)uﬂi\iﬁg]jﬂ\i@ﬂﬂ@ﬂﬂﬂﬁﬂ

o [~} ¥
MUIUVADNMNHUAUDINTTIN Employee

500 59

9 v 9 Y

[ v J <] 2 ° 2 a o W
i’)ﬁﬂi’)%ﬁu P2: WaaW‘ﬁGUfJ\iﬂ']ﬁiﬂimﬂ@'mﬁmau”acﬁ'] ﬂ1%ﬂﬂl@yjagﬁqﬂjﬂlﬂﬂUﬂﬂ']ﬁl%ﬂ\ja'lﬂll

= Y Y v A aa Ja o & ] o
1. L’]J@LW\IM"U@%]}@ ﬂﬂlﬁ@ﬂ!ﬂW’]ZL!ﬂﬂﬂiﬂj@ﬂiguﬁluﬂ'lﬁﬁ Lﬂuhl’ﬂumiwmﬂinT

o v 9

)=} 9 aa J v 3 A
2. Beadnuveyaluasne T Taglannuennitinlszneunuiundlums

= o w
INEIANINIChT

o 9 Aa o w vy = A A a o Yy ¥ o Yo 2
3. HWﬂJ?JlJ“ﬁVILiEJQaWﬂ‘ULLﬁ’HﬂLIEﬂULﬂﬂUuWLWﬁﬂﬂgﬁﬂﬂu ﬂ?“]ﬂﬂuclﬁﬂmﬂ %1

p0n 1l

#1081990819712)

SELECT DISTINCT Ename, dept _code 8(75 (Employee))

Eid, Ename, salary

FROM  Employee ;

9 y a J¢

A 9 A o ] o ]
ﬂsmm@yjamm’m"lmm ?ﬂllﬁﬂu1"llﬂllﬁ1‘l/]\‘l‘1riM@ﬂTﬂﬂﬁﬂiJWll'ﬁuﬁu’Jﬂ

U

' '
A v A

o o aa J o v ] o w %
AU ANINDAALABNLUDNNTUIN Llagﬁﬂﬂﬁ1ﬂﬂ1ﬁmtﬁﬂﬂ1ﬂﬂﬂj}®yjﬂcﬁ1
o Y 4 a 1T oA d o <] 2
i]?ﬂﬁﬂﬂiﬂﬁ@sljﬂ\iﬁ@@@ﬂﬂﬂﬁﬂ = NUIUVADNMNHUAUDINITIN Employee

= 500 A59
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Y Y yas = o w . ] o < '
& 1435M 31589819 UN10UBN (external sorting) 1ABLLIINITHINWDU 2 B9
' 9 a d Y o < [ ) @ A T
(1) ’fﬂu"ll@ﬁalja’ﬂ'lﬂﬂﬁﬂiﬂﬂ?ﬂﬂWU?uUa@ﬂ!ﬂWﬂUﬂWU?uUW!W@iﬂ?WQ@Q
a = 14 A o Aaa Ja 19 [ 9 a
2 W%Tﬁm’]ﬂﬁztﬁﬂﬂﬂﬁﬂl‘wa@ﬂLlﬂﬂﬂﬁﬂﬂﬁﬂquﬁﬂﬁﬂ"ﬁ@@ﬂqﬂ (ﬂﬂll'llﬂw1$!L@VIVlﬁ
A oA Y o
m@mszuﬁlumammu)
(3) iFosdaudoya
v =K < ~ 9 = o o 9 o Aa 4
4) VUNNUADNNUDYALTIIATIAULLAT NA ll‘]_h/lﬂﬁﬂ
o 3 2 = ' y v o 3 ) oo A
(5) MavunsUnN (1)-(4) AUNNICHUAUDYD (™M1 3 i@mz"lmmga 3 auUygaen
1 1 l =%/ ~ o w Y
Llﬁagf’f'}u&ﬂﬂll"]]ﬂﬂsljaﬁfNa”IﬂllLLﬁ'J)
U d’ o 9 2
BFIIN2: N AVDYAL
o 9 I 1 [} 1 a 4 A o 4 1 o o
) U'lellf]iJ”a'Uaf]ﬂL!iﬂGU’E]\1!W]a3ﬁ'J'L!EJ'E]Eﬁ]'lﬂﬂﬁﬂiJ'l‘ﬂUV\lW\lf]isluWu'Jﬂﬂ'ﬂiJFl]'lﬁaﬂ

vy A

a a 1 o 4 4 o a 4

@) "nsafFeuisugunansnvoduaaziies ethwnaniianiosiiga
U I v Jd Y A g A ~ Aa A A A Yo
dewoniluwaans liaan azidonuuiissgwiia@er yunan 1d5ums
a ) 4 4 a o { ) 4
#nsawdd wgnavesn lantvles wazdounwinada llunndutinimes

= y o 3 o A Y v o @ o <

unui e lusuneui (2) Mdeyaiiviies lanuavzihdeyaudon

[ 1 1 ?{, a 4
ﬂﬂulﬂéll@\‘]ﬁﬁuﬂ@ﬂuu ) UINATN

o Y A a 1 oA <

%Tuﬁuﬂiﬁﬁg]}ﬂ\i@ﬂﬂ@ﬂﬂﬂﬁﬂ =
o I 3}4 ] <3 ~ o v 9
UIUVADNTNNUAVDINITIN Employee (GD"NIﬂi!ﬁ]ﬂllﬁ&iﬂ\iﬁ?ﬂﬂ%@]ﬂﬁ)+
° <] ? o 1 [l A
UIUVADNTNNNUAVDINTTIN Employee (UUﬁﬂﬁ’Juﬂﬂﬂﬁ\iﬂﬁﬂ) +
I3 <3 g ' 1 1 o v o ¥
UIUVADNNIUNAVDIATTIN Employee (ﬁumazmuﬂaﬂmmﬁmmmuaz

A5 19HAANT)

500 + 500 + 500

1500 A5

[y a s v <] a9 3 o v 9 3 v a a2
anNdInNu P3: Naawmmmﬂﬂmﬂmﬂmauam NIVAVDUABIAIUUNAUALLTYHI

3297 1: nszniedoyalllIuidndoya (bucket)

9 a d¢ = 3
TUUBUANATNUINASUADN

U

.

1.
a = 4 A o Aa oA 19 v Y 2
2. WATUINALLIANDIA L‘Wi’)@]ﬂlL’f]TlTli‘]J’mTIlliJ@]’ﬂﬂﬂﬁﬂ@ﬂll‘]J (ﬂﬂhl’JLﬂ‘WT&L@VWIi

A A Y o
10 nzyludainin)
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9 Aa oA A 3’; S 1 A o ] d o A
3. lduennsianmideninuaveusanesailuaind W liiulsndunnunenive
° v oA 5 v & 5 & 2 q 9 9 < y o
wisuviiaidhndoya MindhndeyaiwaulvoeTeudoyaninidndoyalid
a s A o v 9 v o o AA
aanei lindnteyaluriteanudmdaningg
o 3 3 ‘ 9
4. MEVUARUN 1-3 IUNNATOYD
1 9 { 9 1 H 1 o o [ $ 9 a 4
5. agToudeyaninishndoyaunaz i luniteanui lldwaasidhndeyaludan

o v 9 3

¥39% 2: AIATDYAT

U

J 9 a 7 &£ A 9
1. ?JTUGIJ@Hﬁ%TﬂﬂﬁﬂﬂJ']ﬂﬁ"l'Jﬁgﬁuxiﬂp\hﬂle@Hﬁ
Y

' . 4 {3 o
2. Tusrvesmansznedeyali I3 lundndoya sanesandnuvzgoueslilly
A 9 = @ [ g’/ A ) = & A 9 o v
Tundhndoyaifeny aniuiieasivgleyaiiazniliichndoyauasfvadoya

¥ A A A a v o o L. AN 1A Y 3
"]ﬂ'ﬂf’]ﬂllﬂﬁﬂﬂlﬁaﬂﬂ@Wf‘]aW‘ﬁGU@\‘]ﬂWTW1 projection V]hlllllmﬂﬂsljacﬁq

f18199F 1911

SELECT DISTINCT Ename, dept code 8(7-5 (Employee))

Eid, Ename, salary
FROM  Employee ;

a 1 woAa s

P
ﬁiuﬁuﬂiﬁﬁg]}ﬂﬁﬁﬂﬂ@ﬂﬂﬂﬁﬂ

° <3 g [
= NUIUVADNMINNUAVDIAIT I Employee (ﬂf')\iﬂﬁgfﬂ']f]sﬂl@ﬁ;ljﬁ) +
o < y 9 1 { a
TIIUVABNNINNAYDIATN Employee (TnAinuaaz ndndoyansdan) +
o < - 1 v { a J o w
MHIUVADNNINUAVDIATTIN Employee (f]’]uuc‘]agﬁp\]'lﬂslal’f]iallaﬂ']ﬂﬂﬁﬂu']ﬂ'mﬂ

) 3
sll’t’)ﬁaljfl‘?]ﬂ)

500 + 500 + 500
1500 M54

FEUDIAMIgIUtoya Informix IHnatauasdalunsi projection Tuvmzi IBM

Y
DB2 uay Oracle 19mATinm3i589d181 a9 Microsoft SQL server MMdaoanaiin
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2.2.3 AN join

9aneIny J1: Simple nested loops join

RX Y)><1S(Y,Z2)

1 1 a v v
1. mwﬂ}auaumzuwma r NANUTUNUDT R

QU

) [ 1 1 1 a v v d
2. AITUUNAE T Gl,ﬁ"ej"luﬁﬂlagmmaznwma s VINANUTAUNUD S

A v J

Y v A 3 & A o = 3
01 r.Y=sY 1WL°]5’E]3J r LY s nJuwumwmauumﬂaﬂuminmﬂuwaam

#8199 1911
SELECT *

FROM  Employee E, Works In W Employee 1><I Works In
WHERE ~ E.Eid = W.Eid

a 1 [T

Swundeiidesdaderuaard
= ﬁi’1muﬂ§aﬁﬁ’mémnﬂu§aﬂmm Employee +
ii’mauuwgﬁaﬁ’wmmm Employee X $1UIUVABNUBIWork In
(Lﬁmmmﬁ@émudaznmﬁa e UBIATN Employee 0481

< A v A A L. v 9,
nﬂﬂﬁf)ﬂﬂlﬂﬂ Worksiln LW@ﬂuﬁTﬂWlWﬁ%ﬁTNﬁﬂ jom Nl e ulﬂ)

500 + 40,000 x 1,000

= 40,000,500 A54

9 1

a s 1 g’: { a aa =
smseudeyannadnuaazasdldaunde 10 Jaaiuni  msdszuiana
' Y ]
M4 join Hagldalszuna 111 $21ue
Y A o a K Y1 9y [
ousuasudansInulo1uveyasInm131e Employee 1151992 VA0N AL
= 9 K ~ < A .. a <
F8NVOYANAITN Works In  YUMINazUdeMND  join NWwWaluvdenves
Employee 1ag Works In  AUA1  Eid 03300 (unundgiiasannaz)minave
4 . . i o 4
Employee 1o join AU Works In) wm I
o o {9 a 1T oA 4 o e { ¥ J <]
NUIUATINADIAAADNLATN = TIUIUATINABIOIUNNVAONUDY Employee +
o < [ ° <
UIUVADNNIHUAVOY Employee X TMUIUUADNUDI Works_In
= 500+ 500 x 1,000
F
= 500,500 A34

= o Y A o =t
Farzm e lumsiseuianaanauraolseunm 1 331w 23 N
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9ane3Ny J2: Block nested loops join

R(X,Y) I><I S(Y,2)

[ Aa R 9 tﬂy A A Y] S A 9 <
gano3ny J1 Tadeniies 2 1iviesieoussgioya 1 VAONIINAIIN R Uaz
< 9 = zﬂy A o 4 v 2 ] 9 I
1 YaonInese S ousiueniviesuinn iy wu M Uuliles  vzawise
o o a o <3 3 o o
Usugedanesinlihauldz vy Tasussydoyaninansie R aslu M-1 1ivlwes

v W

<3 = @ s A ] a R 1 2
Hazv35q 1 vaenved S asludn 1 iioinmaoey Asdanesnuae il

vy 3 ' < A o o

1. uisdoyamsn R oondludiuag M-1 uden oussgadlu M-1 vlies
1 1 1 @ 4 Y~ 1 ]

2. omusazaiued R I hniiesuazdailuTaseadanazaeliaum
9 9 3 1 9 A 9 =\ aa Ji
doyalasingd vy 1¥a1519mey 13019 search tree) Taslionnaiianiu

1 3 1 o
(laun v) Wuaad
) % 1 1 Y = <3 &R o P
3. dwmsuusazaIuved R Wiewdnazudenued S w13 lunilaiviesn
1 4 a A { Y < [
1aDeg INENITAYWNAYEY S NAW5D join 11U R uazudauilunadng

YDINT join

Y Y A o < g A o < ¥
f]'ﬂﬁ B(R) ADNUIUUVADNTNHUAUDI R 1ag B(S) ADINUIUUADNTINHKUA

o A= ' ST < v & a B(R)
U3 S INVANDINY 13U R @ﬂﬂ!ﬂuﬁ’)uaz M-1 Uaon @adUU R 98 —=

A

[ 1 U J [ 1 < o
qIU 1ullﬁﬂ$ﬁ3uﬂl®QR 137974 M-1 1aena1n R UAgeIuNnuaandIn S wWau

o 1 1 [ ?z’z o ?z’z ?z’z { a 1 woAa o
Elsljﬁlyﬁiﬂ join  AUUAAZHIUUDY R ANUY i]Tl!’JuﬂiQVIQWlIﬂﬁﬁjﬁ)ﬂﬁﬂﬁﬂﬂﬂﬂﬁﬂﬁ@
B(R)

m(M -1+ B(S))

R RN AR
SELECT *
FROM  Employee E, Works In W Employee 1><I Works In

WHERE E.Eid=W.Eid

g { 1 1 o Ly 4
Hanstenalunileanud 101 divles
o (91// ci Y a ] v A rd
NUIUATINABIAAADA AN
o < y o < o
= (TIUIUVADNNINUAYDY Works_In /100) X (100 + F1UIUVADNNINUAVD

Works In)

— 500

29 100 +1,000) = 5,500 AT
100
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51L§1Lﬂéﬂuﬁ1ﬁU%®Qﬂ1i join RY Works_In I><I Employee
Snouadefidedndeuaard
— (MU INIATBY Employee /100) X (100 + SuUdenRauaveq
Employee)

1000449, 500)
100

6,000 A9

< Y A A <3 A [~ 1 o o 4
ﬂglfﬁuhlﬂ31ﬂ1§Laf]ﬂG]'li'N1/]llGllu'lﬂLaﬂﬂ'J'ILW'E]L!UQLTJUﬁ'JuG]’]iJ%’Iu'Ju’UWL‘V\lﬂi

1 v A

T A I 2 @ a R A Aa VoA
INNUY (U ﬂ@Lﬂugﬂ“ﬁuu@ﬂﬂWﬂflaﬂﬂﬁ‘ﬂﬂJ 12) uama@ﬂmﬂmmumiwmumuwa

u

' < o 7 "o ) o a
ewfazuaenuussylu 1 ilesimaeng (Tugisulumwdanesiiv 12) vzl

{3 [
lumsiszulamanizann

9ane3Nu J3: Indexed nested loops join

R(X,Y) I><1 S(Y, Z2)

ag YA = aa J
ﬁuymimmwuuuuwmmm Y UDIA1TN1N S

a

] = < a <
1. muéﬁjmgjaR nazyasn LagnIwINNNNING r Glu‘uaaﬂ

ady

9 aa o a I Y = a
2. Gl‘lfﬂ']ilf]ﬂﬂﬁﬂ')ﬁ Y vodnwine r rY) WuagAU (AMYATIVU) G

A

{ 1 aAa @ 4 .. a I
UDI S ﬁfjmuaﬂmmﬁY ANY r.Y WD join nwmmmmﬁmmu

[

o
NAaND

a \ 3

o ¥ A a 7 o < ¥
%']H'J‘l‘lﬂﬁ\iﬁ@s]}i’)\iﬁﬂﬁ@ﬂﬂﬂﬁﬂ = NUIUVADNMNINUAUDY R +

v
=

Sandeyalu s illawennitog Y asafury

mssumdoyaly S 828 B'- tree index 910 Truasn ldaTnualy szdes

1 a o ? o o
ewdoyannaanszunm 2 53 4 59 sz Taena T Tnsead e B-tree sinvzdl 2 Be

9 9
v v

o ) v o Y Y ) a o
4 52a1) LLﬁ%ﬂﬁﬂU‘VﬂmﬂT}’iuﬂiUIlﬂﬂﬂﬁ?]"l]ﬁ)iql,ﬂ %3ﬁ@ﬂ®1uﬂlﬂyﬁﬂiﬂﬂﬁﬂﬂﬂﬂu

49! Y A g a 9 1 . A [ 1
Yuegnulsznnueeassriintlusiiaminguy (clustering) w30 liidng

. Y < A vy 1 £y Y} 1 9 9 Ay
(nonclusterlng) mgﬂu%uﬂ”lmmﬂqu %3@6\1Glflﬂ,’JﬁTﬂfJuﬂJNMWﬂLWiWGU’EJiJﬁTW]@Qﬂﬁﬁ]ﬁ]

u

' <
ﬂ§$ﬂ189q1uﬂa13Uaaﬂ
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ERTANEIRLREY
SELECT * _
FROM  Employee E, Works In W Employee [><I Works In

WHERE E.Eid = W.Eid

14

dd' ag YA + . a A . I =Y 9 1
50N 1: auyAlHY B'-tree index UUUONNIUIA W.Eid uamﬂums%uwummﬂqu

oy

@

3

3

J y ? !z l <
9 1UTOYANINUAVDIA15 N Employee Toyaninuatitnuoglu 500 udon 39doq

U

a 1 v oA <

9
AnABNLATN 500 AT
Y v
AnsuaazAmued EEid 1e Eid #3ldumainesaduly B'-tree index
Y
Y99 Works In ®1 B-tree § 3 3AUFU (30 Inuasndelnualy) wdeq
a 1 v A 4 g’; Y 1 a = ?z’/ A = 9 3 dlal
AAABNUAAN 3 ASY LAZABIBIUAANDN 1 ATY (WOAITDYAVABNNABINITIIN
M319 Works In WUNBYINT join FIWUAIMST join dWSU E.Eid viias
a [ v Aa 4 gj/ g‘/ [ 4
WADIAAABAUATA 4 AFY E.Eid UNIMUA 40,000 A1 (1H991nA1519 Employee
a a 1 v A o g’./
Hvoya 40,000 YNiNa) F9RoIAAADAUAAN = 40,000 x 4 = 160,000 A5

U

FITUIUATINADIRAREN VAT 1UTD (1) 1Az (2) = 500 + 160,000 = 160,500 AS4

4 a aa o 13 a ' '
N30 2: AuyA 1AL B -tree index VoMM TIA W.Eid uailuassuiivialudingu

(1
2

a 1 v A s A

9 ' 9
TuIuniIidesAaaenUARNINEo1UT0YA Employee = 500 A3

=

@ o < a
winaurilauansohaunaellsida’la  Employee fdoya 40,000 pwiiia

= v o d
1Az Works In fidoya 100,000 i simsnszarewiinau llhaulullsia

a1ae Wullegnaiuaue wiinaw 1 au szvhaulasmaey = 1;5)’(?(())(? =25

8 4 . <3 ' ' Y
Tdsidn vazmilosnnasssiiuu WEd duwunlddinguisiTomandoyans
o < J @ & (B [ [
e lulUsRaagvesminnunilauaznszae legarsudeniu M3
o ° ¥ A Y a 1T oA s A .. =< 9 a I U
AUIUTIUIUATINABIAAABAUATAINBNT join IIdBWBNNITU W UADIAIY
A
o
T oA v 1 a +
aun 1 maum ludiuasssiived B -tree
+ = 19 9 =\ a =KX 9 a 1
B -tree ¥ 3 52U HacU0ya Employee § 40,000 YNNG IIADIAAND
9
AUATR = 40,000 x 3= 120,000 A5
aufi 2 msaumludiudoya
Uioya Employee 311U 40,000 Nuiia Yoyamssauauluuaag
< Y 1 T <} v ¥ =
TisRavesminauusazAue199NIz80g I 2.5 VaoN AU

A0901UT0YAINUADA = 40,000 x 2.5 = 100,000 UABN
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saumsaadenuaean (lunadoadIn) = 120,000 + 100,000 = 220,000 A9

(3) 3IUASINARIAARRRUATA IUT0 (1) Az (2) = 500 + 220,000 = 220,500 A5

38R 3 : auuAAT B -tree index ULIIONT3TIA E.Eid
(AdUAAVNY join Ri Works In I><I Employee)
(1) ewdoyanainuaven1s 1y Works In foyavssqeglu 1,000 uien sidesdiade
fuder 1,000 A3

° 1

) ueazA1ved W.Ed 1AUMAUATI¥HU9IM319 Employee  91A33%HY 3
@ g‘/ = Y a 1T v oA 14 g’/ 9 1 a 4
52AUTY (10 TvuasIND Inualy) zAosAnAeNUATN 3 ASY LazABIBIUATN

a Y A= o9 g Ay A aa &,
9N 1 A59 1MDAIUOYAVADNNADINITVINAII 1 Employee 1193910L10NNTUIA Eid

I @ [l 1 ¥ v & 1 ? ..
Punauananven1s1e Employee 391171 Eid $1 d9uuaazniaueIns join

o=

=

92l EEid agnunnigaiissnndeanziily join nu WEid 18 @elidvgn
~ I 9 1 A ) 1
assytvzlunuudingurse Tungu)

9 o . % ! a 1" v oa o y .
5IUUAINS join EMMSU W.Eid wilaAnzdesfndenudan 4 A5e W.Eid U
Y

NaMuA 100,000 NN dpIAAREAVATN = 100,000 x 4 = 400,000 AT
(3) W IUASINAeIAaaeRUATA IUT (1) 1Az (2) = 1,000 + 400,000 = 401,000

3
33

a 7o ¥y A 7 - < !
HUYLYA ﬁ]1ﬂﬂTi3Lﬂi1$ﬂ%1u3uﬂ‘iﬂﬂg]}®\i§]@ﬁ@ﬂﬂﬂﬁﬂiu‘ﬂﬁﬁ?ﬂﬂiaﬂglﬁu31ﬂ15ﬂ1u
) S 2

2 A o Y A & @
sU@1]aLﬂ\3WiJﬂﬂ']ﬂﬁ']51@%%3%1wu1ﬂ!ﬂugﬂ%uu@ﬂ1um

k)

"y

waeun (1) A UBINI
o 31/ - 9 a 1 v A I g’; ~ = o a}z ~
NUIUATINADIAAABNUATN IUVUABUN (2) WA 9 WazmMIA LI THIUaouN (1)

L

aa ag YA + . aa J . .
N3N 4: AUYATHN B'- tree index VULONNIUA E.Eid tiag W.Eid
$1A55¥UVY E.Eid 1ag W.Eid Fesddund? amwnsalsms join uuyudnusn
. - v o ! =~ .. 9 J . = 3’/
(zig-zag join) A9208191UgUN 2.9 M3 join l¥MIauAUA Eid DUATIFUNIADI
(E.Eid 1ag W.Eid) wieunu ev1a1 Eid Ansanuiiionua Eid NAsanu (Fua 2 a9
v X Y
5UN 2.9) 92010 YAINAI1T19 Employee 1Az Works In 1O join NW 91n1UE
' . = 1 ' . T Aa [ .. 9 Qddy
aunua Eid vuassadiae 11 aundnnzwua Eid gas lUhliaasani n13 join A26351
o csal/ a 1 v A L4 1 Aa 1 o < g)/
wldsunsiesmsaaaenuaan  liinuAwawINveItIuINIASNTOYANINLA
¥ A ¥ % 2y ' L. Y and
YDINIAOIANTT N UUAD 500 + 1,000 = 1,500 AT FI9LUAIDINIING join AIBITOUC)

) o & .. 9 1t = aa oa ..
11991 lumsilszunanamas join a1611a34“a”laJmsﬂuummﬂmm@mﬂ%’iumi join
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=

@ 9 a Y 2 = 1 Y
53‘]J‘]Ji]ﬂﬂ'lﬁi'luellﬂyﬁf]'li]i]gwi]'liil!'l'ﬁi'Nﬂi5G]ﬂlﬁ‘L!L‘]Juﬂ’lilﬂW’lZLWi’lgfl'ﬁﬁ]Z"]ﬂﬂiﬁ

o & & 3 X
ﬂ'lﬁ“lJigiJ'JﬁNﬁﬂ'lﬁ\“quc] 133UVU

AT5¥NUY E.Eid

SV bV N N

1 2 |«> |3 4 |5 6+>7 8§8#9 10

ATT¥UVY W.Eid

(3 ]

JUN 2.9 @219819M15 join LUVFNLEN

dane3nu J4: Sort - merge join

R(X)Y) I><1 S(Y, Z2)

= o v 9

9 aa 4 < [
1. Gesaaudoyalumsie R uaz S laglsuennsiig v @uvanlums

=3 o w
INEIANISRIH

a 9 [ d‘ A Aa a A 4
2. ﬁi?%ﬂﬂﬂvWLWﬁiu R uag S llﬂ‘Wi@iJﬂL! NBHINWINANNAUDNNTUIN Y

ATINULAZIING join

Avg1990m 10
SELECT * |
FROM  Employee E, Works In W Employee 1><I Works In

WHERE E.Eid = W.Eid

A10819003AV09A1519 Employee 1182 Works_In 11aA9 18ada15197 2.1 taz 2.2 a1

v o o {
UASHAaWTUDI Employee [><I Works In naaelananisnai 2.3
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{ @ ' 9
@’]5’]\1'7] 2.1 AIDYWNUBYAUDIATTN Employee

Eid | Ename | gender | birthdate | address | salary | dept code
18 | Dan M N/A NY 4000 | 01
19 | Jane F N/A LA 5000 | 04
20 | Mark | M N/A FL 4500 | 05
25 | Paul M N/A NY 4800 | 01
27 | Bob M N/A LA 6000 | 04

{ (3 1 9
G]'li'l\‘i‘ﬁ 2.2 ANDYNUBYAVDIATTN Works_In

Eid | Pno | role | start date | finish date

19 |20 | Sup | 01/01/00 | 31/12/01

19 |21 | SA | 01/01/00 | 31/12/02

25 | 8 Sup | 01/02/99 | 01/01/01

25 |10 | SA | 01/03/99 | 31/12/02

25 |12 | SA | 01/01/01 | 31/12/01

m’iN‘ﬁ 2.3 Glgl}’é]ﬂgjaﬁ Yunadniveans join 1319 Employee 116 Works_In
Eid | Ename | gender | birth | address | salary | dept | Pno | role | start finish_
date code date date
19 | Jane F N/A | LA 5000 | 04 20 | Sup | 01/01/00 | 31/12/01
19 | Jane F N/A | LA 5000 | 04 21 | SA | 01/01/00 | 31/12/02
25 | Paul M N/A | NY 4800 | 01 8 Sup | 01/02/99 | 01/01/01
25 | Paul M N/A | NY 4800 | 01 10 | SA | 01/03/99 | 31/12/02
25 | Paul M N/A | NY 4800 | 01 12 | SA | 01/01/01 | 31/12/01

g { o a .. ' <
Tuvupoun €)) YDI8ANDI NY Sort-merge join Lmazuaaﬂmm%ya Employee

1 v W s A A o o 9 1 . g}/ <3 A
iag Works In %zgﬂ’e]mu1EN‘1JWw\lmmmimmﬂumagamum Eid 91nUUUanny

=) o w 1

. o [ v a J o 1 <3 1
Joyaizosdiauaua Eid udrzgniuiinnauldban aniuuaazudenszgnein
b4
=

& g o £ 3
HUIATI UASYNVUNNHUIATI

g-’l A 1 [ 1 v W 4
Tuvupoun (2) UMazUADNUDI Employee L8 Works_In ﬁ]%gﬂﬂﬂ!lﬂﬂﬂﬂﬂlﬂ@i

1WO¥1INT join
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F) = [} I 9 =1 1
Uo3a Employee 1UNnegly 500 uden wagdoya Works In 1iuninegly

kY 9

[ 9
1,000 VAON AIHUTIUIUASINADIAAADAUATS = 3(500 + 1,000) = 4,500 A9

{ o o 9 ] . [} ] Y
Tun3aiNA1319 Employee Foadauiayaniual Eid 0guad 958 1va 1130

U

(43

gll A o Y o ~ Y a 1 v Aa 4
aﬂﬂa’liumu@]fluﬂ (1) L!agﬂ'lslﬂﬂ'lu'JUﬂfNﬂﬁﬂﬂmﬂﬁﬂﬂﬂﬂﬁ'ﬂ = 500+ 3 x 1,000 =

3,500 59

w a K . .
2andINN J5: Hash join

RX,Y) I><I S(Y,2)

] Y a 9 aa o 3 ad o o Y
L. 9IUVBYANNPWNAIINATITN R GlGISLLfJVl‘VI'i‘U'J@ Y Wung m”lﬂmu’;mma
d v 4 o ] { o
WendFunuuney memaurisichndoya (bucket) Tumisiaey  wagiiuiin

a 4
AT NUIVANATN

' Y a 9 aa o I Ad o o Y
2. DIUIBYANNPWNAIINAITI S 1“1)'&&@1’]1’131]']@ Y Wung HWUlﬂﬂWN'Jﬂlﬂ'JfJ

@

Jd v Y] H 4 a
WenduRernuinldlude (1) Weussynwiiaamsuey  uaziuiinas
a 4
HF¥UDI S AIATN
3. 91UUARZE bucket NHNIBIAY bucket ATINU IINAITINWFBVDI R HAZA131418%
&' - a d' 9 a dld 1 . ldl
YOI S 1D join YA (oMW r MM Y =i gnuas Ti)ogh bucket k

a { J < { 1 Y
Pwia s AN Y =i nazgnuas 1 bucket k 1R IN)

a

R RN LRt REY
SELECT *
FROM  Employee E, Works In W Employee I><I Works In

WHERE E.Eid = W.Eid

Y

v a

o ?z’/ A a J L4
MUIUATINADINANDNUATN
Y

o A ' < y o a
mmumwﬁ’mmunﬂuaaﬂﬂlm Employee 8¢ Works_In !ﬁ'ﬁ)ﬂ'lllﬁl“]f“]f\‘i +

Y '
UIUATINABITUNNYA bucket VOIA13191L8FUDI Employee 118 Works_In a4

Q

v 1
v A 1 = 1

a 4 o 4 .« .
aan + SuaunsINdeseuiiazeg bucket O join To1a
1,500 + 1,500 + 1,500

4,500 59
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9ane3Ny J6: Hybrid hash join
R(X,Y) I><I S(Y,2)

Y
A A o [

4 o @ a o <3 2 4
ausieniviesun ansolSuilzedanes iy hash join 1¥sau 15100

9 = < [ Y a o 1 1 d o
1. 2191519 S Hvwnaanna Tewmnywinaves s ha Y Tuulesnsunuy
A o [l < o & o 4 1A = ,ﬁ” A
HEBNDMIAIHUY bucket (N1 bucket 311UHHe I3 lnfies (vneziiilien
o A i A o Y] g Y o a 4
17iM93919) bucket NAUTIMITINBS 9 I iunnasdanmionly
fanesnu hash join
1 9 1 a o 1 1 Y A
2. owdoyauaazRWNanINA1I e R A Y Tdiudsndunuunemion
A1 bucket
Y o ] @ { ' o 9 Y, .
- 916U bucket #3901 bucket ¥93011519 S Nog Tu W5 14 join

=

9 Y a Y o
Foyanidoannia lanud
o [] ] [ { 1 o 4 o
- AU bucket 11ATIND bucket ¥9IM13 19 S Noglutivios 1diudin
a 4
bucket AT

1 1 1 a 4 4 o ..
3. 2IUUAREH bucket UD S L1AZ R 11NAEAN m!,ﬁ@mms join

Avg1990m 10
SELECT * _
FROM  Employee E, Works In W Employee 1><I Works In

WHERE E.Eid = W.Eid
Y v < < Y
Joyalum119 Employee Idiiloiinudoya 500 uden doiya Works_In 1#iiie
e < A A o <
nudeya 1,000 vaen sleinaluiiviles ussyveya’ls 300 vden
1 I~ 1 v < 4 o a 1 d o
(1) usdoya Employee Huansdau Asausn (250 vaen) iorhywia luruilandn
< o 2 A a3 § o
uuuussudanudoyalu bucket 13luiivivles Bnaseiiide (250 uden) e

a @ A ¢ o &
uawmé’muﬁﬂ bucket a3ATN AIUU

o ¥ A a 1 oA d o ? < §
NuIuATINdedadenuAas =  uduaTIidessuteyaUaenVBY Employee LD

2

g’/ Y v K

o a o A a J
MUFFHBI + VUIUATINADIVUND bucket AIATN

500 + 250

750 A54
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' ) i o a Y v ' o
2) DIUUBYAVINATI N Works_In LﬁE]‘VHLLE’IG]f‘]N ﬂﬂl’f]iJ“aflﬂﬁﬂi%ﬁﬂﬁl’ﬂﬁﬂ\‘]ﬁmuﬁh@

. o 9 < L e Y :
(uniform distribution) dzN¥eyalszumATLINTD join NUTOYAATIUTNUBY

= =

{ ) o 2 & v o ' ] {
Employee ‘ﬁﬂdﬂN]lﬂuU‘V\IW\lf]i uamamgﬂuwaam Llﬁﬂ$ﬁﬂlﬂyﬁﬂﬂﬂiﬂﬁlﬁaﬂ

< { Y L. v 9 a ¢ 9 {
(ﬂizmm 500 Uaen) N92AD950 join NUUBYA Employee Tu@en UBYa Wors_In il

9
[ Y

Y .. 1 =] a o
ADNTB join Gluiaumaulﬂ%gﬂuuﬂﬂmﬂﬁﬂ ANUU

9 a 1 v A o

o ¥y A o Y A v <
fuuniindesAagenuaan =  Swauniiiidessudeyannudenves Works In
d‘ o a ) g’J td' 9 v =K 1:'
NOLETTI + DUIUATINADILUNN bucket N
% m 9y, . a 4
§913'14 join as@an
Y
= 1,000 +500 = 1,500 f39
(3) ©1udoYa bucket NWADIUAITINLEVVOI Employee 1Az Works In wIntioing
join

a 1 v A <

PV
ﬁiJTH’JUﬂiﬁﬁgllﬂﬁﬁﬂﬁﬂﬂUﬂﬁﬂ

Pl v
PuIUATINA IO ULART bucket 91 Employee +
v

NUIUATINADIBIULADE bucket 910 Works_In

250+500 = 750 359

9 v A

o 3’, gl./ ' o g’; ! a 1 4
FIUNTNINIUMN 3 VUADU ﬂz"lﬁ”nmummﬁmmﬂmmu an

= 750+ 1,500 + 750 = 3,000 54

] Y1 A = Y L. aa . .. o
i lalonSouieuny hash join 9% hybrid hash join §IUITDAAVIUIU
?x}f d‘ 9 a 1 v Aa 4 Y1 9 A Y A o Y] 14 1 o ax
ﬂi\1‘1/]ﬁ@ﬂﬁﬂ@@ﬂﬂﬂﬁﬂﬁﬂqﬂﬂ@uﬂﬂ\‘m1ﬂ geoiutvies luruleanudwn 35
. L. A9y ada Yo T Y Ao s ~ 3
hybrid hash join 9284 1vraaRFL IaFAY 13U SrdiwimlesuInNENILNY bucket VD
a 1 oA J A

Y Y 1
Employee 1 lanarina 1uiuasindesdnnenuaanizanaunaniiies = 500 + 1,000

=1,500 54

2.3 ﬂ1‘H1ﬁi’)‘Uﬂ1N%i’)3&ﬂ SQL uag Datalog

muniifionldaenamdeyanngudoyainziluamn soL ifesnndisiuny
fihwdemsrat Mdaenamdeyaniuuasgiuues QL ﬁgﬂgmuéﬁﬁ
SELECT [ALL | DISTINCT] column_list
FROM table list
[WHERE conditional _expression]
[GROUP BY group by column_list]
[HAVING conditional _expression]

[ORDER BY order by column_list]
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' v
U 1 = 1

o < FY Y o v o o v
ﬂ']ﬁ\'lﬁ’guﬂ@ﬂﬂ']ﬂiu:]\uaﬂ [ ]ﬁ'lll'ﬁﬂagnu]l@ Llaga'lﬂﬂ‘luﬂ’liﬂ'l\ﬂum’lllﬂ'lﬁ\i

U

SQL 1Hudszilii 2.10

Y { ¥ v
FROM : ﬂﬂlaflﬂﬁﬁ%‘lﬁ@ﬂﬂ%

A 4

F) A A o A
WHERE : Auvgwianasanuiou lu
GROUP BY : 9anguniianutenniiianszy

v A oA Ad'
HAVING : ﬂmaaﬂﬂquwmmmmau%

!

v A 9 aa A
SELECT : ﬂﬂLaE)ﬂvl’JLﬂW1$LLE)WW31J'JWWi$L!

v

ORDER BY : i3ead1aus)wiaa1mionns 1@ nsz

v

Results

o w

317 2.10 Svumsszuanafmdeaeuniudeya SQL

wo’d‘wdg} []

3 ! a o
M1 SQL Wlunmmildaevamdeyaningudeyaseduiusmiviindoyaoy

Y U

v { o I y a
Tudnyuzvesnse doyantiunmilulansdeyagiv (base table) wazIrdoya (materialized

RY Rl

Y
= o [ a KR

view)  ualuauiteilazsiannuaznageusanas numsiivilszantannmsiszuianade
MomuugIutoyaiisie (deductive database) NUBNIINITEMNTDIUNNTOYAgIULALI

9 Y o v KR . 1 9 Aan 9 ' v 9
UVBYALAY PITTNITDUUNN semantic rules ‘mmjqiugmmayjmmzm%ﬁﬂiﬂ%ﬂﬂi’;hﬂu%y‘a

v J

Uszinnouq laazainnigiudoyadeduiug

v Y
udeyatinienldlunuitelinegudeya DES (Datalog Educational System)

7o A PR v 3
1IDIFU 2.0 (released on August 2010) Nawso lenaniy SQL uaza191aan (Datalog) 19

o @ 9 ] 9 Jou o Pt
ﬂ'l‘HTﬁ'l’ﬂi‘ljﬂ'li’ﬁf]ﬂi‘l'lllll’d%ﬂigﬂ’)ﬁWﬁ"llﬂll”a ﬂ'l‘HWﬂWI'lafJﬂGlf]f@iiﬂﬁ1ﬁ@]i@uﬂﬂﬂudlﬂu
dy 9 Ao = 1 9 a o vy .

NUITHVDINTIYT VBaN u°nﬂ@gﬂugmmagauma%ﬂigﬂauma extensional database LD

U

intensional database
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. A 9 A T v 9 A a A
extensional database ﬂamay‘amgiuaﬂymzmmmammmﬂmﬂ 199 ground
(] X 9 o
fact 1%U employee(18, ‘Dan’, ‘M’,"N/A’,"NY’,4000,01) G?NnJuﬂlayawummﬂummmmiN

A F) A a v, . =KX 9 A 1 9 9 1
Nn 2.1 "Uﬂﬂal,a‘VIl,iEJﬂ'J'l intensional database ﬂgﬂﬂ'lﬂﬂ\ﬂlf]ﬂﬂ'lﬂﬂagiugﬂﬂlﬂQﬂfd]ﬂ'l-l,l,a'l (S
highly paid employee(X) :- employee(X, , , , , Salary, ), Salary > 5000.

I 1% 1y 9 4 . . 1
Wumsszyanaz  (Tagludewaniasdoyannisnnein) 9 highly paid employee 31

= @ Ada A ' s 9
UUWIINWUNNUNUNUADUGINTT 5,000 ABARATT ﬂl@ﬂ’]']iﬂugﬂlmﬂ pX) - gq(Y) W93

Jou v & & = Y <
IDUAVNUIBIV NI D1 q(Y) 19u
< Y a
ﬂﬂﬁlﬂyaiuaﬂym$@13131la$')'J“UEN

amaenIzATInUgULDLYN p(X) € q(Y) Tuassnman

a I a {
wwdr px) wduie U 211 ulSeuidieuma

a o o v W

J a o
IudoyaBduNus nudnbuzUoIlonIuHIoAARH (clause) lugrudoyaiisiiy

Base table .
as Extensional databases:
Eid | Ename | gender | birthdate | address | salary | dept_code employee(18, ‘Dan’, ‘M’,"N/A’,"NY’,4000,01)
I8 [Dm M NA NY 400 ot employee(19, ‘Jane’, “F>,’N/A’,"LA”,5000,04).
19 [Jane |F N/A LA 5000 | 04
employee(20, ‘Mark’, ‘M’,"N/A’,’FL’,4500,05).
20 |Mak (M N/A FL 4500 | 05
employee(25, ‘Paul’, ‘M’,"N/A’,’NY",4800,01).
25 |Paul M N/A NY 4800 | 01
employee(27, ‘Bob’, ‘M’,"N/A’,"LA’,6000,04).
27 |Bob M N/A LA 6000 | 04
View Intensional database:
CREATE VIEW HIGHLY_ PAID EMPLOYEE highly paid_employee(X) :-
AS SELECT EID employee(X, , , , , Salary, ),
FROM EMPLOYEE E Salary > 5000.
WHERE E.SALARY > 5000;

d' = [ 9J Y a o v J 9 a o
g‘ﬂ‘ﬂ 2.11 Llﬁﬂumﬂuaﬂymzmagaiugmmagamﬁuwumngmmagauiuﬂ

9 Y Yy 3 Y 9 A ] )
fﬂiﬁﬂﬂﬂ?ﬂﬂ]@ﬂ;}ﬂﬂ’)ﬂﬂﬂeﬂﬂ?@ﬂa@ﬂ‘l]3Gl%gﬂllﬂﬂmﬂﬂﬂlﬂﬂ?TNﬁi@ﬂa@ﬁ WY D
9 A @ A o 1 9 Y o [ czj
mmmiaaummwﬁmwummwmqm@qimmm 01 %31%3ﬂllﬂﬂﬂlﬁ]ﬂ1ﬂiuﬂﬂu
? employee(_, Name, , , , ,01).
Name = Dan;
Name= Paul.

o Ay YA~ o A
ﬂW]EJ‘lJTl"lﬂﬂEJiJWUﬂﬂHiMLNHﬂ 01 d#93AUYD Dan L1ag Paul
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manylszansammsiszananavemorn

3.1 NOVVBINUIY

A A A a 9 o ° I 1A

smaiulssansmmmsdszutanatemoiausoduuniy 2 nquae M3
A a a a 4 A a a a
mindseansnwiae lensel (syntactic query optimization) HagMInulsansnwd

. I a2 = a.a =q v o b
AWMU (semantic query optimization) f;‘ﬁmimuﬂizﬁmmwﬂﬂmzumﬂmigmsumga

[ []

@ I ax A a a a t4 a 2 a A @
Tﬂﬂﬂ?vlﬂi]gL‘]J‘Ll')‘ﬁﬂ’lil‘WiJﬂigﬁ‘]/l‘ﬁﬂ’lWL“]f\?thﬂﬂim Iﬂﬁ\?fﬂﬁﬂ JUUYAYIHTNIINIS WA

v o

o . 1 9 9 1 A a a
query optimizer 1HeN13 1FANUHIIBLAZANUANWUT IUTByRNIBNLTEANTAINMS

[ 1

Y o = { o I { ' A a a a
Uszuranatomniu TN INITNANVUUIADY IUNGUITMIINNTEANTA T

ANUMNIG LUINWMTAUTUNUITE 03110 Iddeunun AL Li 3.1

v query >
gx@\ % »{ User Interface Scanner/Parser/Translater
L
User
Optimizer T
> " formation rul
— Syntac tic Op timizer | —1 Transformation rules
Materialized views Statistical data
ning models ~—> emantic Optimizer
: NS,
l Integrity Constraints
To code generator and execution engine Business Rules

= 9 1 A Aa A Y o 9 A A 9
gﬂﬂ 3.1 Iﬂiminﬁaumnﬂizﬁﬂﬁmwm’iﬂiznmWamaﬂwamuazmagamﬂﬂwm
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2 1 o A aw Y = a ax g 9
TUADUAN VBIMIA NI UMY 52NUAIY (o) AnuNATaLazITMsN Iy
A A a o 2 a 4 a
msmuiszansnmmsidszuranadesinwnalud hensaluazizannumne, (o)
Y an @ o 9 9 an Y 1
PONUUDLATWAINITMITUATIZH Iueatayangudoya  wazismauasluaaliiodly
JUnDVVeINYH5e semantic rules Muanzauiumsili1diwemlasguuudodiow, (o)
2t ya 9 o A g A A
ponuUUIBM3 19 toyauas Twaannmsiuniesdoyafioglugiunnvesng  ouag
0 s & o
sunpudemowldannsodszmanalatiin, wer () wannTUsunsuduuuy  adg

9 =2 o Y o A 9
;@TL!"IJ’EanJﬂ 5’Jllilﬂﬂ11’iuﬂ"’ll’ﬁlﬂ1ﬂ1u‘1/]i]%i‘lf‘luﬂﬁ‘ﬂﬂﬁﬂﬂigﬁu

an Q’ a a Y o 1% a v
3.2 ’Jﬁﬂ'li!‘W%J‘lJigﬁ‘ﬂﬁﬂTWﬂ1§‘]J‘§$3~l’mNﬁ°UE]ﬂ1€l“l%~lﬂ3£li?~l!ﬂa!m$’3’35]]?)33@
A A a Y o aw &
ﬂﬁLWiJ‘}JSZﬁ'VI‘ﬁﬂTWﬂTﬂJSwJ’mNaéll’f)ﬂTEHiJ (query Optimization) “lumm g
Y A A Aa A a Y = Y A o o Y o =R

Luuﬂﬂﬁmﬂﬂigﬁ‘ﬂ‘ﬁﬂTWWQﬂ’NMﬁiﬂﬂ mﬂmsgsﬂugmammizﬁTmﬂamaweyjauazuumﬂ

2 ) A A ' . A . A ~ [
Tmﬂauuiuaﬂymzmmﬂgmiﬂmw semantic rules ¥3® business rules mﬂuﬂmmﬂugiuma
9 Ya o A 9 FY o v R .. A o Y
maga%a‘ﬁmimmmway’mmumiﬂummmauwu‘ﬁ (assoc1at10n mlnlng) ‘1/1ﬂ11’i‘11!ﬂﬁl1/i

o Y Y A . = 9

uﬁ@ﬂumaiuaﬂymmmﬂg “D1-1a7” Y190 IF antecedent THEN conclusion msl,ugmmayja

a o . A T o = 9
uiuﬂﬂzuamﬂgiugﬂgmu conclusion :- antecedent NUANUHVIULFUASINUNITIVIUUDAINY

conclusion € antecedent

) ¥ v ¢ 9 ' 4 4 ' o ' '
ﬂ;]ﬁvlmﬂuNaawmmmﬁmmmg%nu (conﬁdence) lliJ@']'lﬂ'J'l 1.0 W%’E]flﬂ'lﬂ?]'lll

[

A & ) ~ gy A g ao Ao Y o

w91 100% Turuaoumsizougimeaselumaluauidsimvualimeaiuayy (support)

= 1o 1 A Ao 9 1 Y LY A 9y !

e ludna 0.7 wielituaudeyaod1aios 70% aviudayungh 14 (naeme A1 support LAz
' Y

confidence NAMAMFANDZFIFADYTTNIN 0.0 DY 1.0 awdan) Taemamivayuiiennlsula

Y [
uanaennil ldamuanumngaudmsvunaz grudoya maivayunmasazlinans

'
° =

2 9a . Ao 2
Lﬁﬂugl‘ﬂu semantic rules NUUIUNHNUINVY

uonnlumatoyaludnyuzuod semantic rules MINTVUUNVUTZANT NN

E4
[ v

Vo A sttt g - . N TV
midszuanatomoinluanuiten mmﬂmamay’a (materialized view) arelSunlasu

P4
=<

Y o Y o ys Yy a 9 a
gﬂgmmammﬂwmmmﬂizmawammmau"lmsamu NTAITNIIVIYAISWIITUIIN

a

an ¥ 9 v Y o A 91 Vo o A Yy v g
Usziamsastomauued 1y domnmlangnldvesaz 1dsumsaadenlvaiiuiluia

]
=\

) A o ¥ Ad v 1 ) A A v Y o ~
magammwmmﬂumauaw“lmiu;ﬂ;mmaga mmﬂgmummmzamazmaﬂmammumﬂ%

Y Q U u

2

9 o Y

1 Y o A o a 9 Yo
ﬁuiﬁ]ﬁ@ﬂﬂwuﬂﬂﬂﬂi\‘] i’)aﬂi’)i‘ﬂll‘lufni‘]JTLl‘]J?Qﬂlﬂﬂ?ﬂﬂmﬂaﬂiulﬂauaS’J’J“’U@Hallﬁﬂﬂllﬂﬂﬂgﬂ
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Algorithm Semantic query optimizer
Input: a database D,
a set of semantic rules S,
a set of materialized views V,
current user’s query Q
Output: a new query Q’
Steps:
1. [Extract conditions C from the user’s query Q

2. ForeachceC

3. Search for applicable semantic rules from S by
3.1 assert ¢ as a temporary database fact

3.2 search for predicates in S that related to ¢
3.3 report searching result as an answer set A

4. If Ais empty Then return Q, Else proceed to the next step
5. Form a new query Q by

5.1 Construct a head of query clause with C appeared as arguments
5.2 Construct clause body with applicable materialized view from V
5.3 Conjunct a clause body with predicates appeared in A

6. Return a new query Q

gﬂﬁ 3.2 6an037¥ Semantic query optimizer

o a R . .. ¥ A < Y o Y ) v J
90NDINY Semantic query optimizer ﬂziueuvgmﬂumammu Q uad Iinaans
< 9 o A 9 Jou o =&
dudofinim Q Mgﬂuumamaaﬁ N30U9ANUATINAAATOUAVH UL TN 11N Datalog

] ] ' = o A
3909 semantic rules 11a materialized views NvzogluginuvvenaodsReIny Tunsdin

9 @

o A A =~ Y . Y o Ay ¥ o a R ~
VAN Q ul,iJiJN@uUl"UGl@ﬂﬁ@ﬂﬂﬁﬂQ 1 semantic rules UDAIDIN Q’ ‘Vlll@inﬂ@ﬁﬂf)iﬂll WY

A 9 )

= Y] A d Y o g’z g A I ~ o [] %
sUnuudeny Q Nilludemamisudu Natbiesnndlunsaindemow luansndiviys

~ 9 o A

Yy 1y & Aa . A Y o oA A
ulﬂ megﬂuﬂimw semantic rules mﬂmmmﬂmaau‘lmmawammu (UUADNTUN answer set
~ 9 g’/ ~ @ Aa R 9 1 [ Y o ~ I
‘n”lﬂmﬂﬂmmuw 3.1-3.3 U939an0INy hlllGl,‘;]ﬂ,"“]i@nN) VAN Q ﬂzgmﬂaﬂugﬂzmmﬂu Q’
L g ] L. . a a g A A a
msﬂumimmayjamﬂ materialized views UQZUINTALANIIN answer set Lﬂugqau“lmgwugﬁuiu
9

YOFAD WY
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3.3 MSWAMATMINAADUOANBI NN

o o 9 A 2 . P a
Mydunsen laanngudeyaiveutlasluaaily semantic rules 1matians

o v o 7 g - o U g
‘1/11L‘Viﬁﬂﬂ%ﬂHaLLUUﬁHWWﬂ’JﬁJﬁNWH‘ﬁ GU‘L!ﬂfJ‘LJﬁ‘ﬂ1LHJULLEJﬂﬁ")umﬂﬂluﬂﬂuﬂﬁl!ﬂaﬂsﬁ}ﬂ

o 9 [ v J I . @ 9 ~
A1 TﬂEJITJiLLﬂ‘iﬁJﬂL!‘ViWﬂﬁiuﬁuwu‘ﬁllagllﬂENHJU semantic rules WAHUIAIYNIY Erlang N
I a d o o o o
Aunpusalendu Wadunativvesldsunsudsinglumanuan v) MvuanIsaunT rules
Y 1 L. I v A . Ay v ¥ A A ¢
193A1 minimum confidence 11)1 1.0 1YUAD semantic rules w'lﬂmwumzummmw@uu 100%
g’/ 9 Aad Y] v J 1 9 ~ ] A
uaz“luwﬂaummmiﬂumuwmmummmmﬁuwu‘ﬁixmwway‘awﬂimgmﬂ LW@%ZLL‘]J’QQ
ar & g . o : . < 4 A ad Ay y
UWNENS U Y semantic rules MUUAAT minimum support wu 0.7 uuﬂauwmmuﬂ'lﬂ

Y = 9 Y] = 1 .. dy [ Y ds! A o Yy
LANUVOYATUUTAUUNINDY 70% M1 minimum support uﬁﬁﬂﬁﬂ‘lJﬁ‘]JGlWQ\ielluﬁﬁ’f)@nﬁ\illﬂ

U Q

auanuzaudmiuuaazguvoya dedrmdelullsunsufiszya minimum support

=1

Il8¢ minimum confidence Llﬁﬂﬂﬁjﬁlﬂiﬂﬂ 33

U

inputSup(Alllnput) -> Total = length(Alllnput),
{_,Per} = io:read(" input percent> "), % read minimum support value
MinSup = Total*Per/100 .

main() -> NamelList=mylib:read_file( "ipum.NAMES"," ,.\t:|" ),
mylib:text_file(write,NamelList,filetemp),
[H| Tail]=NamelList,
[F,C| T]=lists:reverse(H),

%

DB = myToSet(Alllnput),

MinSup = inputSup(Alllnput),
mylib:c(20,MinSup),
mylib:text_file(write,Alllnput,allinput),
Items=my_flat(PossibleValue),
AllL=aprioriiDB, Items,MinSup).

mainl() -> {,[AllL]}=file:consult("set.raw"), % mainl() is for creating rules
AllAsso2=[list(X) | | {X,_} <-AllL,length(list(X))>1 ],
AllRuleGen=lists:flatten([genRule(L,length(L),length(L)) | | L<-AllAsso2]),
AllRuleConf=[findConf(X,AllL) | | X<-AllRuleGen],
format("~nAllRule=~p ,~nThere are ~p rules ",[AllRuleConf,length(AllRuleConf)]),
mylib:text_file(write,AllRuleConf,allrule),
Sorted= lists:sort(fun({_,_,C1},{_, ,C2})->C1>=C2 end,AllRuleConf),
mylib:text_file(write,Sorted,"allsortedrule.txt"),

Confl=lists:filter(fun({A,B,C})->C==1.0 end,Sorted), % fix confidence value = 1.0

%% write to file
{_,I0}=file:open("rules.pl",[write]),
lists:map(fun(EachR)->transform_to_prolog(EachR,IO) end,Conf1),
_=file:close(lO),
mylib:text_file(append,length(Confl),"allsortedrule.txt"),
mylib:text_file(append,length(Sorted),"allsortedrule.txt"),
format("~n----------- end mainl() process ---------------- ).

=~ o ' o W Y v o 9
Eﬂ‘ﬂ 33 @]'J'E']fl’l\?ﬂ’lﬁ\?cluiﬂillﬂillﬂu'ﬁ’]ﬂ')’lﬂﬁl]WUﬁﬁ]’lﬂﬁ’lu“U@llﬂa
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Al A ] I . 3 Y Y
malaamnisunlsinguesily semantic rules AMuATNIATIATIVO9 rules
g 1u311UDv89 Hom clause NaIUHIVRY rules Uisunsanamed (luaredanugilin 3.4
4 a Ia 4 I { g 1 { @ 1 {
T¥¥omsama p) uaze1snadudsviiuezaeunduaineh 1anidI9819U94 semantic rules

Taaagn 3.4

p(school_1) :- p(schltype_1).
p(schltype_1) :- p(school_1).
p(farm_1) :- p(gq_1), p(bplg_1).
p(farm_1) :- p(gqtypeg 0), p(bplg_1).
p(farm_1) :- p(migplac5_1), p(bplg_1).
p(farm_1) :- p(stepmom_0), p(bplg_1).
p(farm_1) :- p(steppop_0), p(bplg_1).
p(gqtypeg 0) :- p(bplg 1), p(gq_1).
(gg_1) :- p(gqtypeg_0), p(bplg_1).
(

(

(

(

(

(

(

(

ol

p(farm_1) :- p(gq_1), p(eldch_10).

p(farm_1) :- p(ggtypeg_0), p(eldch_10).

p(nchild_O) :- p(eldch_10), p(farm_1).

p(eldch_10) :- p(farm_1), p(nchild_0).

p(farm_1) :- p(nchild_0), p(eldch_10).

p(schltype_1) :- p(school_1), p(stepmom_0), p(farm_1), p(gq_1), p(gqgtypeg_O).
p(school_1) :- p(stepmom_0), p(farm_1), p(gq_1), p(gqtypeg_0), p(schltype_1).
p(farm_1) :- p(gq_1), p(gatypeg 0), p(schltype_1), p(school_1), p(steppop_0).

A , . A g o o o 9
3191 3.4 119AIUVDI semantic rules MY UwaaWFIIN T SUNTUTUATIZH TAaINgIUTOYA

1 Y
msnageusanesnuulasdomamldeglusduuunilseaninmanniu sl

Y o Y 9

Mog1toMDITINIY 6 M0 NadeunuTIUToyaNsznoudIetoya 2 40 (W50 2 M1319

U q

v

A AaAa 9J 9J a o v d 9 g’/ A o J Y
GLL!ﬂiiLl‘I/IWﬁ]”IimTGIJ’E)ﬂ;I,ﬁGluLLUUiWH"U@JJMﬁL‘;]f\‘lﬁiJWLl‘ﬁ) VOYAVNTADIYANITUIULTANDIANINY

J o o
?d]@ 1,000 15ARBDIA msﬂﬁzmawa%mmmzﬂﬁzmuuizuugm%ga DES (Datalog

2 g A @ Aa J o
Educational System) auilugiudoyatisishdamesoialda  awnsoa1nl Tvaaldon

< 4 9 ~ FY I o o
Au o http//des.sourceforge.net/ 3EUUFIUVDYA DES nllunmsnaasuiunessu 2.0 5u

M3z UVUHITANMT Windows 531U 1MY0Ya DES 2.0 a1w1505035umMslszutanatomay

'
=~

9
Tanslugiuuuueanivn Datalog (@regauaasldasgi 3.5) wazluguuvvesniy sQL

U

@3d108131u317 3.6)
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| ACIDE 0.7 - DES2.0 ==X
File Edit Project View Configuration Help
[j @ E @ Lﬂ @ E|datalog sql prolog status consult process listing abolish verb_on verb_off safe_on

=) DES2.0

aggregates.sql (<) aggregates.dl (¥

&2 Jaqgregates.dl

[l - # aggregates.sq|
o family.dl 1 2% Datalog aggregates
-~ % orbits.d| 2
1 parity.dl 3 2% employee (Name,Department,Salary)
- # relop.dl 4 employee (anderson, accounting,1200) .
- # relop.sql & employee (andrews,accounting, 1200) .
- # spaths.dl f employee (arlingon, accounting,1000) .
-4 spaths.sq 7 employee (nolan,null, null).
- @ wsp.dl 8 employee (norton,null, mall).

9 employee (randall, resources, 800).

[
=

employee (3anders, sales, null) .
employee (silver,sales, 1000) .
employee (smith, sales, 1000) .
employee (ateel, sales, 1020) .
employes (sullivan, sales, null).

[l R S S
(LIS R

4 {1 3

DE5-Datalog> employee(X,_,5),3>1000

Info: Processing:
gnaswer(X,5) :-
employee (X, L, 5),
5 > 1000.

anawer {(anderscon,1200),
anawer {andrews, 1200},
anawer(steel,1020)

}
. Info: 3 tuples computed.

|Grammar: DES |Lexioun Configuration:

v 9

115138 DES N3v0M01u1u1u1uv9940111 Datalog
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=ai=n X

File Edit Project View Configuration Help
[j @ B LQ ,_g @ La|datalog sql prolog status consult process listing abolish verb_on verb_off safe_on safe_off time_on tim
=+ DES2.0
aggregates.sql
- % agareqates.d| ggreg q aggregates.dl
B crcqaiescal
- family.d| 1 /sql il
- 4 arbits.dl Z create or replace table employee (name string, department string, salary int);
o parity.dl 3 select count(*) from employee;
= 3 relop_dl 4 select count(salary) from employee; =
- relop.sql 5 insert into employee wvalues('anderson','accounting',1200); I
- # spaths.dl 6 insert into employee values('andrews', 'accounting',K 1200);
- # spaths.sql 7 insert into employee values('arlingon','accounting',h1000); e
- @ wsp.dl 8 insert into employee values('nolan' null null);
9 insert inte employee wvalues ('norton' null null);
10 insert inte employee wvalues('randall','rescurces', 200);
11 insert intoc employee wvalues('sanders', 'sales' null);
12 insert inte employee wvalues('silwver', 'sales', 1000} ;
13 insert intc employee wvalues('smith', 'sales",1000);
14 insert intoc employee wvalues('steel', 'sales", 1020);
15 insert intoc employee wvalues('sullivan','sales' null); il
4 I 3
-
DES-50L> select * from employee where salary>1000;
answer (employee.name, employee.department, employee.salary) ->
{
answer (anderson, accounting, 1200},
answer (andrews, accounting, 1200},
answer (steel, sales, 1020)
1
Info: 3 tuples computed.
3
DES-SCL> | ~
< | 11 | r
JAexamples\aggregates.sql Grammar: DES Lexicon Configuration: des 1:1 13:52:54
‘]Jd' o 9 a o Ao Y o Gl ‘]_I
JUN 3.6 ITVUIUVBYAUTUY DES NyuUafnInu UIVHUVUBINTEI SQL
v
Y dﬂlyﬁl
34 Yayaniwiuninaaoy
¥ 9 A o a = . .. cl 99 !
MTATNIIUVDYAUNONATOUDANDINY  Semantic query optimizer LFUDYATY

o 4 9 o = [ a = &
19U 1,000 t3pAvSAINTOYAdINE TU5z1nsUn.7.1999 veilsemeanigomin Fuilu

9 A U] . . < J @ A @
ﬁuegamwauwaLﬂumﬁﬁmﬂﬂﬂ Minnesota Population Center (Llﬂulcﬁﬁl!ﬁﬂﬂﬂﬂgﬂﬂ 3.7) A1

A aa a'?.’, 9 T a3 1 ~ A =) [ -
wilsnseuennItianInuavesoyauuiluaeingy  (JUN  3.8) fAeoIwazieAnIITOU
(household record) 11az 319az108AUDIYAAA 1UATIUTOU (person record)

9 A Yo A A o 9 @ a R [ Y o
doyan ldaaaenmorinnldlumsnaaeudanesiumslivlysdemnmves

Y
Y 9

av A < 2 : 1% A ] @
Tﬂiﬁﬂ153ﬂ8ﬂﬂi$ﬂﬂﬂﬂ’)ﬂﬂ]®y’ﬁ 2 i "lsll’élllﬁélfﬂlLiﬂLﬂuiWﬂﬁm@ﬂﬂlﬁﬂﬂﬂﬂﬁﬂWWﬂ@g@Wﬁﬂ

a v v 1 a [ g aa J
ﬁiﬂ“b'ﬂlm%ﬂ')nJﬂllWHﬁ5$1"i'31\1ﬁ'l|’l‘]5ﬂcluﬂ§3!§’f]u %ﬂuﬁaﬂg@lliﬂﬁﬂizﬂ@ﬂﬁjﬂﬂ 34 annsuIa

4 aa J o a v v 4
31&1%@&L®1/]1/]5‘]J'J@]Lm3ﬂTfJ‘ﬁ“]JRJ i'JﬂJﬁQﬂ?Wllﬂlﬂﬂ"UfNiﬁﬁﬂij@y’ﬁ!lﬁﬂﬂﬂQQWiWQﬁ 3.1 HaZLeaN

aod1etoyalugiunuved Datalog Taasgili 3.9
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@ IPUMS USA - Windows Internet Explorer

1. Favorites ]@IPUMS USA ‘7 n -

@] hitp://usa.ipums.org/usa/ v| R | 223 | X ||*9| Google
e

Minnesota Popuiation Center
SEARCH

| v DATA 1 v IPUMS-USA NEWS.
Create an Extract New! Sept. data update =
Download or Revise Extracts New! Final linked samples
Analyze Data Online IPUMS Workshop at ASA
IPUMS Registration Info: PUMS age data errors
: : . Data release schedule
. Integrated Public Use Microdata Series
v DOCUMENTATION census microdata for social and economic research
FAQ v OTHER MPC PROJECTS
User's Guide Linked Representative
Variables Samples
Samples ATUS-X
IPUMS- International
v RESOURCES IPUMS-CPS
Enumeration Forms NAPP
Published Census Volumes ASE
Errata and Revisions Ll
v RESEARCH
:;I:fi:;:a::: Use IPUMS-USA is a project dedicated to collecting and distributing
Related Sites United States census data. Its goals are to:
o Collect and preserve data and documentation Y
@ Internet | Protected Mode: On hov ®100% ~

= vy o o =
319 3.7 umasteyadive Tulsernsveslsemaanigomsn

Variable Availability

E;:musehnld Record

iTechnical Variables
\Geographic Variables

Technical Variables
Family Interrelationship Variables

\Group Quarters Variables Demographic Variables

\Economic Characteristic Variables Race, Ethnicity, and Mativity Variables
‘Dwelling Characteristic Variables Health Insurance Variables
Appliances, Mechanical, Other Variables EEducatinn Variables

‘Constructed Household Variables EWnrk Variables

‘Historical Technical Variables EOccupatiDnal Standing Variables

11970 Meighborhood Variables EMigratiDn Variables

EActivitv Five Years Ago Variables
:Disability Variables

E‘\-'eteran Status Variables

EP[ace of Work and Travel Time Variables
EHistnrical Oversample Variables
EHistnrical Technical Variables

iDther Variables

‘Historical Oversample Variables {Income Variables

IPUMS-USA Data Quality Flags

A 1 aa J 9 9
717 3.8 nquuennitiAvesvoyadiueg Tuilszmns
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11D Record-ID
2| gq Group quarters status gq_1=Household, large unit
gq_3=Institution
gq_4=0ther group quarters
3 | gqtypeg Group quarters type -- gqtypeg 0=Not available
general gqtypeg 1=Institution
gqtypeg S5=Non-institution
4 | farm Farm status farm 1=Non-farm
farm_2=Farm
5 | ownershg Ownership of dwelling -- ownershg (0=Not available
general ownershg 1=Owned or being bought (loan)
ownershg 2=Rented
6 | value Value of housing unit value 1=0-5,000
value 2=5,001-30,000
value 3=30,001-50,000
value 4=50,001-70,000
value 5=70,001-100,000
value 6=100,001-200,000
value 7=200,001-999,999
7 | rent Monthly rental payment rent_0=0 or Not available
rent_1=1
rent 2=2-200
rent_ 4=201-400
rent 6=401-600
rent 9=601-900
rent 10=1,000
8 | ftotinc Family total income ftotinc _1=0-999
ftotinc _2=1,000-9,999
ftotinc _3=10,000-99,999
ftotinc 4=100,000-999,999
9 | nfams Number of families within nfams 1=1,
each household unit nfams 2=2, ...,
nfams 9=9
10 | ncouples Number of married couples | ncouples 0=0,
in a household ncouples_1=1, ...,
ncouples 4=4
11 | nmothers Number of mothers within nmothers 0=0,

each household unit

nmothers 1=1, ...,
nmothers 4=4
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12 | nfathers Number of fathers within nfathers 0=0, ...,
each household unit nfathers 4=4

13 | momloc Mother’s location in the momloc_0=0,
household (a variable that monloc_1=1, ...,
indicates whether the momloc_17=17
person’s mother lived in the
same household and, if so,
gives the number of mother)

14 | stepmom Probable step/adopted stepmom_0=0 (no likely stepmother),
mother (whether a person’s | stepmom_1=1 (probable that the person’s
mother was likely to have mother was a step- or adoptive mother), ...,
been the person’s stepmom_7=7
stepmother or adoptive
mother)

15 | momrule Rule for linking mother momrule 0= no mother of this person present

in the household

momrule 1= child-mother link
momrule 2= grandchild link
momrule 3= plausible child-mother link
momrule 4= link by surname similarity
momrule 5= same as rule 2
momrule 6= same as rule 3
momrule 7= child-stepmother link

16 | poploc Father’s location in the poploc_0=0,
household (a constructed poploc_1=1, ...,
variable to identify social poploc_18=18
relationship such as
stepfather, adoptive father,
as well as biological father)

17 | steppop Probable step/adopted father | steppop_O=no stepfather present
steppop_1=improbable age difference
steppop_2=spouse of mother
steppop_3=identified stepfather

18 | poprule Rule for linking father poprule O=no father link

poprule 1=unambiguous father link
poprule 2=son/grandchild link

poprule 3=preceding male (no intervening
person)

poprule 7=husband of mother becomes
stepfather
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19 | sploc Spouse’s location in sploc_0=no spouse
household (a constructed sploc 1, ...,
variable that indicates sploc_21
whether the person’s spouse
lived in the same household
and, if so, gives the person
number of the spouse)
20 | sprule Rule for linking spouse sprule_0=no spouse link
sprule 1=husband-wife link
sprule 2=wife-husband link
sprule 3=non-adjacent links — consistent
relationship to head/age differences
sprule 4=adjacent links (husband-wife — no
age, other relative conflicts)
sprule 5= adjacent links (wife-husband — no
age, other relative conflicts)
21 | famsize Number of own family famsize 1= 1 family member present, ...,
members in household famsize 20=20 family members present
22 | nchild Number of own children in | nchild 0= 0 child present, ...,
the household nchild 9= 9 children present
23 | nchlt5 Number of own children nchlt5 0= 0 young child present, ...,
under age 5 in household nchlt5 5= 5 young children present
24 | famunit Groups of related famunit_1= 1 family group, ...,
individuals in the household | famunit 9= 9 family groups
25 | eldch Age of eldest own child in eldch 1= 0-9 years old
household eldch 2=10-19 years old
eldch 3=20-29 years old
eldch 4= 30-39 years old
eldch 5= 40-49 years old
eldch 6= 50-59 years old
eldch 7= 60-69 years old
eldch 8= 70-79 years old
eldch 9= 80-89 years old
eldch 10=90-99 years old
26 | yngch Age of youngest own child | yngch 1, ...,yngch 10
in household (same coding as eldch attribute)
27 | nsibs Number of own siblings in | nsibs_0= 0 sibling present, ...,

the household

nsibs_9= 9 siblings present
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28 | relateg Relationship to household relateg 1=head/householder, relateg_2=spouse,
head -- general relateg 3=child,

relateg_4=child-in-law,  relateg S5=parent,
relateg 6=parent-in-law, relateg 7=sibling,
relateg_8=sibling-in-law,
relateg 9=grandchild,
relateg_10=other relatives,
relateg 11=partner, friend, visitor
relateg 12=other non-relatives
relateg 13=institutional inmates

29 | age Age of a person age 1= 0-9 years old, age 2= 10-19 years old
age 3= 20-29 years old, age 4= 30-39 years old
age 5=40-49 years old, age 6= 50-59 years old
age 7= 60-69 years old, age 8= 70-79 years old
age 9= 80-89 years old

30 | sex Sex of a person sex l=male
sex_2=female

31 | raceg Race -- general raceg_1=White
raceg_2=Black/Negro
raceg_3=American Indian or Alaska Native
raceg_4=Chinese
raceg_S5=Japanese
raceg_6=0Other Asian or Pacific Islander
raceg_7=Other race

32 | marst Marital status marst_1=married, spouse present
marst 2=married, spouse absent
marst_3=separated
marst 4=divorced
marst_5=widowed
marst 6=never married/ single

33 | chborn Number of children ever chborn 0, ..., chborn 13

born to each woman
34 | bplg Birthplace -- general bplg_1=USA.

bplg 2=US Possessions
bplg_3=North, Central, South America
bplg_4=Europe

bplg_5=Asia

bplg_6=Africa

bplg_7=Pacific

bplg 8=Unknown
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tablel(l,gq 1,ggqtypeg 0,farm 1,ownershg 1,value &,rent 0,ftotinc 3,nfams 1,ncouples
1,nmothers 0,nfathers 0,momloc_ 0, stepmom O, momrule 0,poploc_0, steppop_
0,poprule_0, sploc_2,sprule_1, famsize 2,nchild_0,nchlt5_ 0, famunit_ 1,eldch_
10,yngch_10,nsibs_0,relateg 1l,age_6,sex_l,raceg_l,marst_1,chborn 0,bplg_1).%
tablel(2,gg_1,ggtypeg 0,farm 1,ownershg 1,value 6,rent 0,ftotinc_3,nfams 1,ncouples_
1,nmothers 0,nfathers 0,momloc_0, stepmom O,momrule O,poploc_0, steppop
0,poprule 0,sploc_1,sprule 1,famsize 2,nchild 0,nchlt5_ 0, famunit 1,eldch_
10,yngch 10,nsibs 0,relateg 2,age 6,sex 2,raceg l,marst 1,chborn 4,bplg 1).%
tablel(3,gq 1,gqtypeg 0,farm 1,ownershg 2,value 7,rent 9,ftotinc 3,nfams 2,ncouples
0,nmothers 1,nfathers 0,momloc 0,stepmom O,momrule 0,poploc 0,steppop
0,poprule_0, sploc_0,sprule_0, famsize 2,nchild_1,nchlt5_ 0, famunit 1,eldch_
1,yngch_1,nsibs_0,relateg_l,age_4,s5ex_2,raceg_l,marst_4,chborn 2,bplg 1).%
tablel(4,g9q 1,ggtypeg_0,farm 1,ownershg 2,value_7,rent_ 9, ftotinc_3,nfams_2,ncouples_
0,nmothers_1,nfathers 0,momloc_1, stepmom O,momrule 1,poploc_0, steppop
0,poprule_0,sploc_0,sprule 0, famsize 2,nchild 0,nchlt5_ 0, famunit 1,eldch_
10,yngch_10,nsibs_0,relateg 3,age_1,sex 1,raceg_l,marst_ 6,chborn 0,bplg_1).
tablel (5,gq 1,ggtypeg 0, farm 1,ownershg 2,value 7,rent 9, ftotinc 3,nfams 2, ncouples
0,nmothers 1,nfathers 0,momloc O, stepmom 0, momrule 0 poploc 0, steppop
0,poprule 0, sploc 0, sprule 0, fam51ze 1,nchild 0, nchlt5 0, famunit 2, eldch
10,yngch_10,nsibs_0,relateg 11,age_3,sex_1,raceg_1, marst 6, chborn 0 bplg 1).
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11D Record-ID
2 | school School attendance school 0=not available (N/A)
school 1=No, not in school
school 2=Yes, in school
3 | educrec Highest year of school or degree | educrec_0=N/A or no schooling

completed educrec_1=Nursery school to grade 4
educrec_2=Grade 5,6,7, or 8
educrec_3=Grade 9
educrec_4=Grade 10
educrec_5=Grade 11
educrec_6=Grade 12

educrec_7=1 year of college
educrec_8=2 years of college
educrec_9=3 years of college
educrec_10=4 years of college
educrec_11=5 or more years of college
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4 | schltype School type schltype 0=N/A
schltype 1=Not enrolled
schltype 2=Public school
schltype 3=Private school
5 | empstatg Employment status -- empstatg 0=N/A
general empstatg_1=employed
empstatg_2=unemployed
empstatg_3=not in labor force
6 | labforce Labor force status labforce 0=N/A
labforce 1=No, not in the labor force
labforce 2=Yes, in the labor force
7 | occscore Occupational income score occscore 1=range 0-9
(the median total income in | occscore 2=range 10-19
hundreds of dollars) occscore_3=range 20-29
occscore_4=range 30-39
occscore_S=range 40-49
occscore_6=range 50-79
8 | sei Duncan Socioeconomic sei_l=score 0-9
Index score to each sei_2=score 10-19
occupation (SEI is the sei_3=score 20-29
measure of occupational sei_4=score 30-39
status based upon the sei_5=score 40-49
income level and educational | sei_6=score 50-59
attainment associated with sei_7=score 60-69
each occupation) sei_8=score 70-79
sei_9=score 80-89
sei_10=score 90-99
9 | classwkg Class of worker -- general classwkg 0=N/A
classwkg 1=self-employed
classwkg 2=works for wages/salary
10 | wkswork2 | Weeks worked last year, wkswork2 0=N/A

intervalled

wkswork2 1= 1-13 weeks

wkswork2 2= 14-26 weeks
wkswork2 3= 27-39 weeks
wkswork2 4= 40-47 weeks
wkswork2 5= 48-49 weeks
wkswork2 6= 50-52 weeks
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hrswork?2

Hours work last week,
intervalled

hrswork2 0=N/A

hrswork2 1= 1-14 hours
hrswork2 2= 15-29 hours
hrswork2 3= 30-34 hours
hrswork2 4= 35-39 hours
hrswork2 5= 40 hours
hrswork2 6= 41-48 hours
hrswork2 7= 49-59 hours
hrswork2 8= more than 59 hours

12

yrlastwk

Year last worked

yrlastwk 0=N/A

yrlastwk 10= worked current year

yrlastwk 20= worked previous year
yrlastwk 31= worked 2 years prior

yrlastwk 33= worked 3-5 years ago
yrlastwk 35= worked 6-10 year ago

yrlastwk 40= worked more than 10 years ago
yrlastwk 50=never worked

13

workedyr

Worked last year

workedyr 0=N/A
workedyr 1=No, and did not work in past 5 years
workedyr 2=No, but worked 1-5 years ago

14

inctot

Total personal income

inctot_O=less than 0
inctot_1=range 0-999

inctot 2=range 1,000-9,999
inctot_3=range 10,000-99,999
inctot_4=more than 99,999

15

incwage

Wage and salary

income

incwage 1= range 0-999
incwage 2= range 1,000-9,999
incwage 3= range 10,000-99,999
incwage 4= more than 99,999

16

incbus

Non-farm business

income

incbus_0= less than 0
incbus_1=range 0-999
incbus_2=range 1,000-9,999
incbus_3=range 10,000-99,999
incbus 4= more than 99,999

17

incfarm

Farm income

incfarm_0= less than 0
incfarm_1=range 0-999
incfarm_2= range 1,000-9,999
incfarm_3= range 10,000-99,999
incfarm_4= more than 99,999
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18 | incss Social security income (social | incss_0= less than 0
security pensions, survivors incss_1=range 0-999
benefits, permanent disability | incss_2=range 1,000-9,999
insurance) incss_3=range 10,000-99,999
incss_4= more than 99,999
19 | incwelfr Welfare income (federal/state | incwelfr 0= less than 0
supplemental security income | incwelfr 1= range 0-999
payments to elderly, blind, or | incwelfr 2= range 1,000-9,999
disabled persons with low incwelfr_3=range 10,000-99,999
incomes; families with incwelfr_4= more than 99,999
dependent children)
20 | incother Other income incother 0= less than 0
incother 1= range 0-999
incother 2= range 1,000-9,999
incother 3= range 10,000-99,999
incother 4= more than 99,999
21 | poverty Poverty status (It expresses Example: if a person's family income is $20,000
each family’s total income for | and the poverty threshold for such a person is
the previous year as a $13,861, then the value of POVERTY for that
percentage of the poverty individual is $20,000/$13,861 * 100 percent, or
threshold established by the 144,
Social Security poverty 1=value 0-99
Administration.) poverty 2=value 100-199
poverty 3=value 200-299
poverty 4=value 300-399
poverty 5=value 400-499
poverty 6=value 500-599
22 | migratSg Migration status, 5 years — migratSg 0=N/A
general migratSg 1=same house
migrat5g 2=moved, place not reported
23 | migplac5 State or country of residence 5 | migplac5 0=N/A
years ago migplac5 1=USA.
migplac5 2=abroad
24 | movedin Number of years ago that the | movedin_0=N/A

householder moved into the
dwelling unit

movedin_1=this year or last year
movedin_2= 2-5 years ago
movedin_5= 6-10 years ago
movedin_6= 11-20 years ago
movedin 7= 21-30 years ago
movedin_8= more than 30 years ago
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25 | vetstat Veteran status vetstat 0=N/A
vetstat _1=not a veteran
vetstat 2=veteran

26 | tranwork Means of transportation to tranwork 0= N/A

work tranwork 10=auto, truck, or van
tranwork 20=motorcycle
tranwork 31=bus or trolley bus
tranwork 32=streetcar
tranwork 33=subway

tranwork 34=railroad
tranwork 35=taxi

tranwork 36=ferry boat
tranwork 40=Dbicycle

tranwork 50=walked only
tranwork 60=other

tranwork 70=worked at home

27 | occupation | Occupational classification occupation_1=professional, technical

occupation_4=at home / at school
occupation_5=unknown

table2(1,school_1,educrec_7,schltype_1,empstatg_1,labforce_2,occscore_3,sei_2,
classwkg 2,wkswork2_4 hrswork2_6,yrlastwk_0,workedyr_2,inctot_3,
incwage_3,incbus_1l,incfarm_1,incss_1,incwelfr_1,incother_1,poverty_6,
migrat5g 1,migplac5_0,movedin_7,vetstat_l,tranwork_10,occupation_2).%

table2(2,school_1,educrec_8,schltype_1,empstatg 1,labforce_2,occscore_2,sei_3,
classwkg 1,wkswork2_3 hrswork2_6,yrlastwk_0,workedyr_2,inctot_2,
incwage_2,incbus_2,incfarm_1,incss_1,incwelfr_1,incother_1,poverty_6,
migratbg 1,migplac5_1,movedin_0,vetstat_1,tranwork_10,occupation_3).%

table2(3,school_1,educrec_7,schltype_1,empstatg_1,labforce_2,occscore_3,sei_5,
classwkg 2 wkswork2_6,hrswork?2_5,yrlastwk_0,workedyr_2,inctot_3,
incwage_3,incbus_1,incfarm_1,incss_1,incwelfr_1,incother_1,poverty_2,
migratbg 2 migplac5_1,movedin_2,vetstat_1,tranwork_10,occupation_2).%

d' Z 1 9 ~
711 3.10 AreE19vEYAYAN 2

occupation_2=farmers, operative workers
occupation_3=private and service workers
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an o Y o Y . 7
MInaaUIsNIUTVU3900MD 1WA semantic rules tazHanslszuianavo
° Aq ¥ v 3 a9 a Ay A A ) [
mownlsmsaevomdeyanilunsauiuvoyayafed  taznsdiaealmsroy lestoyans
ao9ya B9z 1dmsdSulgedemnmdremsdounuaininveya agimsdizulranauazia
[ E4
I CACEAELY TR
Y o A Y 1 A 1 o A aa Ja Y A &
Yo 1 1duaaayanveanegedy (value WIBLUENNILIAN 6) INVoYA IUPANHI
{ < { I o 4 aa oA
(table1) N unogordoszinnvhisy (farm_2 Tunennitioah 4)

DES-Datalog> /assert queryl (X) :-

tablel (Al,A2,A3,A4,A5,A6,A7,A8,A9,A10,A11,A12,A13,A14,A15,A16,A
17,A18,A19,A20,A21,A22,A23,A24,A25,A26,A27,A28,A29,A30,A31,A32,
A33,A34) ,Ad=farm 2,X=A6.

DES-Datalog> queryl (X) .
{

}
Info: 0 tuples computed.
Info: Total elapsed time: 110 ms.

) ANy o ood A ) g & A 1 o
domnwil lawaansilusanuiiosnndoyanivualy  tablel  1iuiiogoirs
v A aAa o A g e
152191 non-farm (HuABLENNTUIA A4 UANIIU farm_1 NIvNA)

[ Y o Y .
M31/511 999181978 semanctic rules

DES-Datalog> /assert p(farm 2).
DES-Datalog> p(C) .
{
p(farm 2)
}
Info: 1 tuple computed.
Info: Total elapsed time: 295 ms.

nansiSulgadedionw: lulsngleu lvaunzawnsmbunldsomy

a

Uszansnmmslszuranadonioiy

~ 9 9 A dsl a aa =1
nann e lsnaunuay 295 Yaalun

Y o ~ 9y ' ~ 1 [ A aa S 9 ~ =
dornwi 2 lduaaayanveanegedy (value MIBLBENNILIAN 6) VoY TUgANHI
L g ~ ] o ~ G 1 4 Aa oA
(table1) Miluogordoilszinnd lalavhsy (farm_1 Tunennsdam 4)

DES-Datalog> /assert query2 (X) :-

tablel (A1,A2,A3,A4,A5,A6,A7,A8,A9,A10,A11,A12,A13,A14,A15,A16,A
17,A18,A19,A20,A21,A22,A23,A24,A25,A26,A27,A28,A29,A30,A31,A32,
A33,A34) ,Ad4=farm 1,X=A6.

DES-Datalog> query2 (X) .

{
query?2
query?2
query?2
query?2
query?2
query?2

value 1),
value 2),
value 3),
value 4),
value 5),
value 6),
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query2 (value 7)
}
Info: 7 tuples computed.
Info: Total elapsed time: 1029 ms.
v

Y o dy kY v A F) ~ ] o
domnwil lawaansdluyamidsingludoya  tablel  Ninuavesiiogoirt
< aa o g
152190 non-farm (WuAoUENNILIA A4 UANIY farm 1)
@ Y o 9 .
M31/5D1/3999A101A8 semanctic rules

DES-Datalog> /assert p(farm 1).
DES-Datalog> p(C) .
{
p(farm 1)
}
Info: 1 tuple computed.
Info: Total elapsed time: 296 ms.

namsUsulgadedion: hidsingSeulvdunsgansoiunldsemy
Uszansnmmmsdszuanadoedio

A 9 9 2 dzl a Aan =
NN 1% lFaunuIy 296 Yaalun

Y o ~ Y @ v ¥ @ . A aa Ja 9

Jomawi 3 Tiudaaszaus e lanimunvednsouns? (fotine 1I0HONNITIAN 8) 9 NToYA
Tugafinile  (blel) NN mIudoIRTOUATIOARGTUATITOUALINY
(famunit 2)

DES-Datalog> /assert query3(X) :-

tablel (Al,A2,A3,A4,A5,A6,A7,A8,A9,A10,A11,A12,A13,A14,A15,A16,A
17,A18,A19,A20,A21,A22,A23,A24,A25,A26,A27,A28,A29,A30,A31,A32,
A33,A34),A24=famunit 2, X=A8.

DES-Datalog> query3 (X) .
{
query3 (ftotinc 1),
query3 (ftotinc 2),
query3 (ftotinc_3)
}
Info: 3 tuples computed.
Info: Total elapsed time: 906 ms.

o Y o 9y .
M31/5D1/3999A101A8 semanctic rules

DES-Datalog> /assert p(famunit 2).
DES-Datalog> p(C) .
{
p (famunit 2)
}
Info: 1 tuple computed.
Info: Total elapsed time: 282 ms.

namsiSulgadodionw: lulsingReu lvdunzawnsoihunldsem
Uszaninmmsdszunanadedion

A 9 9 A dy a aa =
nan 1% lnaunuay 282 Jaaluin
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Y o A 9 [ . A aa Ja A d o A
om0 4 TALAAUUINUDINTOUASY (famsize HIBUONNITIAN 21) Miuaiusou
UszIAN non_farm (130 farm_1) uaglisteldvesnsounsaiegizning 10,000-

99,999 #301UFZAD 3 (fotine_3)

DES-Datalog> /assert queryéd (X) :-

tablel (A1,A2,A3,A4,A5,A6,A7,A8,A9,A10,A11,A12,A13,A14,A15,A106,A
17,A18,A19,A20,A21,A22,A23,A24,A25,A26,A27,A28,A29,A30,A31,A32,
A33,A34) ,Ad=farm 1,A8=ftotinc 3,X=A21.

DES-Datalog> query4 (X) .

{
query4 (famsize 1),
queryé (famsize 2),
queryé (famsize 3),
queryé (famsize 4),
query4 (famsize 5),
queryd (famsize 6),
query4 (famsize 7)

}

Info: 7 tuples computed.

Info: Total elapsed time: 1028 ms.

[ Y o Y .
M31/511 5999101978 semanctic rules

DES-Datalog> /assert p(farm 1).
DES-Datalog> /assert p(ftotinc 3).
DES-Datalog> p(C) .
{
p(farm_l),
p(ftotinc_ 3),
p(gq_ 1),
p(ggtypeg 0)
}
Info: 6 tuples computed.
Info: Total elapsed time: 594 ms.

namsUsuilgadedio:

DES-Datalog> /assert query4B(X) :-

tablel (Al,A2,A3,A4,A5,A6,A7,A8,A9,A10,A11,A12,A13,A14,A15,A16,A
17,A18,A19,A20,A21,A22,A23,A24,A25,A26,A27,A28,A29,A30,A31,A32,
A33,A34),A4=farm 1,A8=ftotinc 3,A2=gq 1,A3=gqgtypeg 0,X=A21.

DES-Datalog> query4B (X) .

{
query4B (famsize 1),
query4B (famsize 2),
query4B (famsize 3),
query4B (famsize 4),
query4B (famsize 5),
query4B (famsize 6),
query4B (famsize 7)

}

Info: 7 tuples computed.

Info: Total elapsed time: 94 ms.

na1nld: 141a1a9a3 (1028 — (594+94)) = 340 Taalui
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Y o A Y o = A aa Ja 9 A
YaAMIUN 5 Tﬁuﬁﬂﬂizﬂﬂﬂ13ﬁﬂy1 (educrec ¥FOUBNNTUIAN 3 maqmaga%@wﬁaa)uaz
o Y . A aa  ga 9 A A g a
53@U§161ﬂ (inctot NIBDUBNNIUIAN 15 mﬂﬂ%ﬂyﬁ%ﬂﬂﬁ@ﬂ) ﬂuhMWﬁWQN
aa n'd' 9 d' é
@a&Qiuuﬂﬂﬂiﬂiﬂﬂ30%6%%6Ha%ﬂﬂﬂuﬂ)

DES-Datalog> /assert query5(X,Y):-

tablel (A1,A2,A3,A4,A5,A6,A7,A8,A9,A10,A11,A12,A13,A14,A15,A16,A
17,A18,A19,A20,A21,A22,A23,A24,A25,A26,A27,A28,A29,A30,A31,A32,
A33,A34),table2 (B1,B2,B3,B4,B5,B6,B7,B8,B9,B10,B11,B12,B13,B14,
B15,B16,B17,B18,B19,B20,B21,B22,B23,B24,B25,B26,B27) ,A1=B1, A30=
sex 2,X=B3,Y=Bl5.

DES-Datalog> query5 (X,Y) .
{
query5 (educrec 0, incwage 4),
queryb (educrec_ 1, incwage 1),
query5 (educrec 1, incwage 2),
queryb (educrec_1, incwage 3),
query5 (educrec 1, incwage 4),
queryb (educrec_ 2, incwage 1),
query5 (educrec 2, incwage 3),
query5 (educrec 2, incwage 4),
queryb (educrec_3,incwage 1),
query5 (educrec 3, incwage 2),
queryb (educrec_3, incwage 3),
query5 (educrec 3, incwage 4),
queryb (educrec_4, incwage 1),
query5 (educrec 4, incwage 2),
queryb (educrec_4, incwage 3),
query5 (educrec 4, incwage 4),
queryb (educrec_5, incwage 1),
query5 (educrec 5, incwage 2),
queryb (educrec_5, incwage 3),
query5 (educrec 5, incwage 4),
queryb (educrec_6,incwage 1),
query5 (educrec 6, incwage 2),
queryb (educrec_6, incwage 3),
query5 (educrec_7,incwage 1),
queryb (educrec_7, incwage 2),
query5 (educrec_7,incwage 3),
queryb (educrec_8,incwage 1),
query5 (educrec_8, incwage 2),
queryb (educrec_8, incwage 3),
query5 (educrec_9,incwage 1),
queryb (educrec_9, incwage 2),
query5 (educrec 9, incwage 3),
query5 (educrec_ 9, incwage 4)
}
Info: 756 tuples computed.

Info: Total elapsed time: 10423 ms.

[ Y o 9 a 9
Wﬁﬂ15ﬂiﬂﬂ?ﬂm@ﬂWﬂWNﬂ38ﬂ1iﬁﬂUﬂ1N%1ﬂ33%®Ea:

DES-Datalog> /assert queryb5B(X,Y) :-

viewl (V1l,v2,Vv3,v4,V5,ve6,V7,V8,V9,V10,Vv11,Vv12,Vv13,Vv14,V15,V16,V1
7,V18,V19,V20,V21,V22,V23,V24,V25,V26,V27,V28,V29,V30,V31,V32,V
33,v34,v35,V36,V37,V38,V39,Vv40,V41,V42,V43,V44,V45,V46,V47,V4A8,
v49,v50,Vv51,Vv52,V53,V54,V55,V56,V57,V58,V59),V29=sex 2,X=V35, Y=
v4T.

DES-Datalog> query5B(X,Y).

{
query5B (educrec 0, incwage 4),
query5B (educrec 1, incwage 1),
query5B (educrec 1,incwage 2),
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query5B
query5B
query5B
query5B
query5B
query5B
query5B
query5B
query5B
query5B
query5B
query5B
query5B
query5B
query5B
query5B
query5B
query5B
query5B
query5B
query5B
query5B
query5B
query5B
query5B
query5B
query5B
query5B
query5B
query5B

}

Info: 33 tuples computed.

Info: Total elapsed time: 1060 ms.

educrec_ 1, incwage 3),
educrec_ 1, incwage 4),
educrec_ 2, incwage 1),
educrec_ 2, incwage 3),
educrec_ 2, incwage 4),
educrec_3,incwage 1),
educrec_3,incwage 2),
educrec_3,incwage 3),
educrec_3, incwage 4),
educrec_ 4, incwage 1),
educrec_ 4, incwage 2),
educrec_ 4, incwage 3),
educrec_ 4, incwage 4),
educrec_ 5, incwage 1),
educrec_5, incwage 2),
educrec_5, incwage 3),
educrec_5, incwage 4),
educrec_ 6, incwage 1),
educrec_ 6, incwage 2),
educrec 6, incwage 3),
educrec_7,incwage 1),
educrec 7,incwage 2),
educrec_ 7, incwage 3),
educrec 8,incwage 1),
educrec_8, incwage 2),
educrec 8, incwage 3),
educrec_ 9, incwage 1),
educrec 9, incwage 2),
educrec_ 9, incwage 3),
educrec 9, incwage 4)

na1nld: 19a1anas (10423 — 1060) = 9363 HaaIun

o { % o I
For101ui 6 Iuanelseinnue sy (classwke Fa91uun Il classwkg 0=N/A,
classwkg 1=self-employed, classwkg 2=works for wages/salary) ANHUZO TN
= Y g . . -

(occupation Fasuun Il occupation_1=professional and technical,

occupation_2=farmers and operative workers, occupation_3=private and service

workers, occupation 4=at home / at school, occupation 5=unknown) HazIZAL

v . % o Y3 .
51818 (inctot Fadwun lallu inctot_O=less than 0, inctot 1=range 0-999,
inctot 2=range 1,000-9,999, inctot 3=range 10,000-99,999, inctot 4=more than
a A I o A

9%999)%ﬂﬁﬂi$%1ﬂiﬂﬁm17ﬂﬂw8W1ﬂ%1ﬂq13ﬂuﬁgﬂJUﬂiﬂﬂﬂﬁﬁwmﬂ
DES-Datalog> /assert query6(X,Y,Z):-
tablel (Al,A2,A3,A4,A5,A6,A7,A8,A9,A10,A11,A12,A13,A14,A15,A16,A
17,A18,A19,A20,A21,A22,A23,A24,A25,A26,A27,A28,A29,A30,A31,A32,
A33,A34),table2 (B1,B2,B3,B4,B5,B6,B7,B8,B9,B10,B11,B12,B13,B14,

B15,B16,B17,B18,B19,B20,B21,B22,B23,B24,B25,B26,B27) ,A1=B1,A9=n
fams 1,A31=raceg 1,A34=bplg 4,X=B9,Y=B27,72=Bl4.

DES-Datalog> query6(X,Y,Z).

{
queryb6 (classwkg 0,occupation 5,inctot 1),
query6 (classwkg 0,occupation 5,inctot 2),
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query6 (classwkg 0,occupation 5,inctot 3),
query6 (classwkg 1,occupation 2,inctot 3),
query6 (classwkg 2,occupation 1,inctot 1),
query6 (classwkg 2,occupation 1,inctot 2),
query6 (classwkg 2,occupation 1,inctot 3),
query6 (classwkg 2,occupation 1,inctot 4),
query6 (classwkg 2,occupation 2,inctot 1),
query6 (classwkg 2,occupation 2,inctot 2),
query6 (classwkg 2,occupation 2, inctot 3)

}

Info: 121 tuples computed.

Info: Total elapsed time: 9852 ms.

o Y o Y a 9 9
Naﬂ1§ﬂﬁﬂﬂ§ﬂm@ﬂ1ﬂ1Mﬂ38ﬂ15ﬁﬂUﬂ1%%1ﬂ33m@§ﬁ“ﬁ311ﬂﬂamﬂga:

DES-Datalog> /assert p(nfams 1)
DES-Datalog> p(C)
{
p(famunit 1),
p(farm_l),
p(nfams 1)
}
Info: 3 tuples computed.
Info: Total elapsed time: 452 ms.

DES-Datalog> /assert query6B(X,Y,Z) :-

viewl (vl,v2,v3,v4,V5,ve6,V7,V8,V9,vV10,Vv11,v12,Vv13,Vv14,V15,V16,Vl1
7,v18,v19,v20,v21,v22,V23,V24,V25,V26,V27,V28,V29,V30,V31,V32,V
33,v34,v35,v36,V37,V38,V39,V40,V41,V42,V43,V44,V45,V46,V47,V48,
v49,v50,v51,v52,v53,V54,V55,V56,V57,V58,V59) ,V3=farm 1,V8=nfams
_1,v23=famunit 1,V30=raceg 1,V33=bplg 4,X=V41,Y=V59,72=V46.

DES-Datalog> query6B(X,Y,Z) .

{
query6B(classwkg 0,occupation 5,inctot 1),
query6B(classwkg 0,occupation_ 5,inctot 2),
query6B(classwkg 0,occupation 5,inctot 3),
query6B(classwkg 1,occupation_ 2,inctot 3),
query6B(classwkg 2,occupation 1,inctot 1),
query6B(classwkg 2,occupation 1,inctot 2),
query6B(classwkg 2,occupation_ 1,inctot 3),
query6B(classwkg 2,occupation 1,inctot 4),
query6B (classwkg 2,occupation 2,inctot 1),
query6B(classwkg 2,occupation 2,inctot 2),
query6B(classwkg 2,occupation 2,inctot 3)

}

Info: 11 tuples computed.

Info: Total elapsed time: 1015 ms.

nanld: 19a1anad (9852 — (452+1015)) = 8385 Haau1n
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ABSTRACT

Inductive databases can be viewed as a natural extension of traditional databases to
contain not only persistent data but also the generalization of stored data, which are called
patterns. The idea of inductive databases has been proposed originally as a support system for
the knowledge discovery or data mining process. We perceive the concept of inductive
databases in a different angle. In stead of designing yet another inductive database system, we
are looking for the deployment of an existing inductive query language and environment to
support the database tasks. We focus on the task of query answering which has a high potential
of being a beneficiary of the stored patterns in inductive databases. Our experimental results of
query rewriting technique using induced patterns as a semantic knowledge confirm this

advantage.

Key words : Inductive databases, Data mining
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12
va a

al ae dl %
LL@SL?EIT]Lsﬁﬁlﬂl@\‘ILLWVlW]?uV]VLmu’J’] NE (kUM Th)

Th(L,r,g)={p€L|qg(rp)istrue}

N o 9 A C . JREeY: 1% ad PRy
antgndnesiuteuls q (r, p) A8 inductive query NlszynisAumuwniU p NEldaula
anyuNastinsinmiesdiayadsgnivatsanduiuansueuilsresnisaauniy (querying) lunseu
AnYasg Uiy aitegLi
a o 1 a A dl ] o ¥ a o 1 1 a o Y
s ludasszazaALTnduinresn s g udeyadegily  unguenudde iy
g 1 A ' v 1% Y a o a a dl o Y o 4 a
asangulual [41] Ae nguusniunisAuaiidulwmdmouienimuasngliinugiudeyaid

gy Teeavdiunsiivuestuuuninsgiutedlanaiedeyalugiuieya uazimunnang



1
1 aa o o

NIFT§IUTEN inductive queries  IWAdElunguaesduiunguNinddedinsamiuduaunan Az

q

siluudamasanslfeussdaenenenndfulse DBMS Aldedlutlaqiiy Hawsarmilasdeya
kaannsiiisilugasing I {ansiin pattern mining uaziiaAngadds SQL Wianunsadaniadm
WNTATULAZSANNTAL U {51 iy nstTufin nisulaAeuudas waznsaeunia

1un@jmmﬁnﬁ@“ﬂﬁmu%’mummqL%qmwﬁﬁwugmmmgm%mﬂ@L%mﬂﬁﬂﬁ L. De Raedt uay
Andz [14, 15] dunnamanludtunisesnuuui@onngedineld firstorder logic {uatinaans
ﬁ”ugmm@mmﬁm ﬁﬂﬁﬁﬂlun@uﬁmﬁumm@ﬂLmu‘immmmgméﬁ@g@ [14] uazfinuuANg 104
ﬂ’ﬁ&r’]Lﬁ@ﬂ’]ﬁ‘@@ﬂﬂﬂmﬁﬂyj@LL@&LLWV]L?I%‘LM’mﬂ’]u%ﬂH@ [15] sawdemervuagluuufigedadianis
lsendana inductive queries [29] Wﬁmﬂm?:mma‘nﬂ%uﬂgwm relational algebra HatnnsiiaAn
@21 evaluation function Lﬁ@ﬂiuﬁu@mmwmmuwmLﬁi?u wazdaureenUfIRN s uuwN W

ndereanguiiiunislnasaesgudeyadg iy failuuumenliiuainaulaain

]

UNITEUIUNIN mu’%ﬁmﬁqﬂmﬂumjmﬁﬁLmeﬁmé’wﬁu ﬁm{uﬁuvlﬂﬁmiﬂ%uﬂ?qmm saL
TudnmnILYRaNIAeTENe  (SQL-extensions) Ml inRatuluszarusnuas1¥3nns
g19deiannn 1Hun A1 DMQL (data mining query language) Wi tag J. Han wazanie [21] uaz
mmﬁﬁqmﬁwzﬁ% MINE RULE Wanunlag R. Meo wazAnue [34, 35, 36] ﬁq@ﬂﬂ\ﬂugﬂﬁ 2 (Fauilag
anfetwlu [5]) uansinds DMQL szynskusmunnififullssinn characteristic rules AN
gudieya university_database LasiuRdNEEAENdes Ao gpa, birth_place, grant 284

TnAns AN lua1anAaNnomed

use database university_database find characteristic rules

related to GPA, birth_place, grant, count (*)%

from students

where status = “graduate” and major = “cs” with noise threshold = 0.05

'
v Y

5U" 2 AetheAdedunstuuudeyaresntzn DMQL

NANHIANATAY SQL 729 R. Meo wazAndy MA5a519A149 MINE RULE tWeAumIng

o o ' o

AYNANALS (association rules) AFnaENgAANdlugLln 3 (Aautlasainsnetinglu [5]) Nuansands

e I AUMNIANNANRUSUR9RUAN (item) a1n3wadU transaction( Date, CustlD, Iltem, Value) lasil

£
vy A a 1%

ReulanAuAiuarfialyaf1gand 100 uazgnAtaedudiluasauneiunnnda 4

MINE RULE Associations AS
SELECT DISTINCT 1..n Item AS BODY, 1..1 Item AS HEAD, SUPPORT, CONFIDENCE
WHERE BODY.Value > 100 AND HEAD.Value > 100
FROM transaction
GROUP BY CustID HAVING COUNT(Item) > 4
CLUSTER BY Date HAVING BODY.Date < HEAD.Date
EXTRACTING RULE WITH SUPPORT: 0.2, CONFIDENCE: 0.5

'
o o
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N1 DMQL WAy MINE RULE HAou@unsnlunisduununniisy  wessldaiunm
AAUDINUNNIATY ANAINNTD R LAFUN1 WA WIANLEN 1 MSQL 1w Tasl T. Imielinski kasAnLE
[23] A1 MSQL Afan1gAUMILARsuanis sz association rules  has lMNIUAREFAAN
YBINNINUITIINUIUNIN [2, 8, 40, 45] ﬁfﬁﬁmﬂfg’mmu%mmmiﬁwmﬂﬁu%g.@L%aqﬂﬁﬂLﬁ@ﬁum

ac dgj 1 a o :/I d’ldl @ ac d‘ v v a
wrnzwniiulssinniddune iy iailidesanduunmiisunlduanlwanunesinugsna

11 DMX (data mining extensions) mﬂdﬁ?:uuﬁ’mmﬁ‘ﬁ’mgﬁ@yj@ Microsoft SQL Server [42]

o o

nmszuulfussaAdslunisfuunniiisudssinn  classification  wsin1svNaIUALWNATIES

TiRAapua s luszsuns 1A dafendi  wanaInNNIENeAAAIINANNITTRY  SQL  lu

'
a o a o

Frudayameduriuugn galiienndsanimunimlugduuuau iy ODMAL (object data mining

query language) [16] m?‘ﬁﬁugﬁu?ﬁmﬁﬁﬁ’mq PMML (predictive model markup language) [38] ﬁ

'
o o

Miugudeyain  wazainaruanlalunisuusneuifeidunisinmiledeyadndugasds saL

M liRnsAMuAnInsg1wiin 1SO SQL/MM [24] uazimuaNnsgudaumenseiy Java [25]

a o

:/J ! a a dl [ ¥ A | 49’
ﬁl\‘iLLﬁlﬁ‘tF;IzLLﬁ‘ﬂﬂ.l’ﬂﬂﬂTi‘LﬂmLLu')ﬂﬁ‘lLﬂF_I’]ﬂLIﬁ’]u‘ﬂ'ﬂS;I]@L“ﬁ\?@ﬂuﬁl uanannNNT L SQL Lﬂuwugﬁuiu

]

o A o a o

nsfudgauiumnAdslunigin pattern mining wio fadinadeluannguuilanlin s @nsny
| dsj o ° nl/ d‘ ¥ ac v A o g dsj ¥ '

unugulunisimungardanenisfumunmiiiy dnadelunguit 1Hun L. Dehaspe uazpniz
[11,12] AINRILIAEIUAZNIZLIUNNTAUMN frequent patterns tnaRTABNUIWAINN1EY Datalog 39

| gy o o I a a o . A Y o o o
Lﬂummw‘lfﬁmmuﬂugmmmﬂ@L‘nqua‘uﬂ (deductive databases) LLE°']Luﬂx‘l‘ﬂqﬂﬂ@@’mﬁﬂ‘ﬂﬁﬁs’]uﬂ]@@j@

!
a o A

\detistieasiilsrAnannsesuiledeyatiiuiuan  C. Goh uazansy [20] Aglfiauaianig

o

uiadndenanzieyasunuinliluduneunismn characteristic patterns NISANAINAINITD

o

ugihiiugudeyadetisdaliiumnaulaniedisiaiie TnadinnsiauauuAnyialuis

N

D¢ LD

al

NOEHNUFIU [1, 3, 30, 39] uazluAunIsesnuuL query ieAMUAZAANTILWNNTSI [13, 17,
19, 26, 44]

Tuszazndanidduimugudeyadegily  Alunquiimumas]nugiuuwaznguiiiunig
Uszenaldauasy FuanAMNTARUIBINITULNLENIBLIATANIY  HUININTBNIUITE NI
lgnseenuuusruuguiieyaidegilile IDBMS (inductive database management system) 13l

ad o N o o o a e o
nE)NuguIasiLLaTinANNa T I saniunislieuaslneeanuuy  query Ml lunns
% o o ae % 1 d‘ a o o = :j
AuLazapn1si UL nisulENInndmilalssnn eudse ludnsizniseenuuuszuy IDBMS i
74 first-order logic \uiuguresniseenuuy [18] wasiiiudnenzuaunaisznddan1mig

A o a i Al a o . ) &
AIINZNNNIINNUTENLT2NA (declarative) kazisn13llsunsniiedsanu (imperative) TagnisiAy
dayauazunniiiuazalugudeyadeduriug svuvludnwuznanidiulunifeaziiniuuas

o

wnuztagfluszndneniaiimmn liun szuu CINQ[9], Psycho [10, 37, 43] uaz ConQuest [4]
Tueniddell fAdadauaulalunisimuiszuugudeysidegihienld firstorder logic 1l

NUFIUIBINIININUANTDLLUIAALAZANTDANUULNITNNILAANTZUL  1HA9AINAINNININAIINZTN
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InANAINII0 ANLsznAgINdINIE SAL wiu Adsdasedelugln 4 (Faudasann [19])

1
v Y a o b

WARIENN9TTYNNIAUMNAWATIgNAT e NT e TULiaEe] 189n15TRTe4luATINRENT N9FUMNALA

nszviniugudeya transaction(date, customer, item, price, quantity) WazsEURNeUlUNANI

1 v v

1o ' =

a v 4 ds/ % I ¥ o !
@uﬂ’]%gﬂ“ﬁ ﬂﬂu‘ummxmmgﬂsﬁ@‘im@uﬂmmmumﬂﬂm 10 AU

a

pair( I1, I2, count(C)) :- transaction(D, C, I1, _, ),
transaction(D, C, 12, _, _),
I1\==12.

ans(I1, I2) :- pair(11, I2, C), C > 10.

5UN 4 FiratneAdsfium frequent pattern TunwnimaLlsznie

mﬂﬁfmf;mﬁﬁzﬁl“\ﬂugﬂﬁ 4 AuiulBInan®ULa89NN91  pattern matching  MAHT
tszna  vnlEdendnlunsidedann  nEniEasen AR EudnnnnsnAansaamne ey
pattern mining  1ANAMNAMNANNITN TN IENALAY first-order logic SUMNNTANEIMTUNNS
mumeinuileddeys  lganuanansaludunisfumunmiisuidnsssyfeuls  (constraint
pattern mining) UAXNITAUMIUNNTTIAINUABAINANTLSTaua e udeyaludnEe  multi-

relation mining
ﬂﬁ"ﬂuuu‘)ﬁﬂ‘ﬂ’ﬂﬁﬂﬂﬁ‘@@ﬂLLUUE’]U‘iI”EIE@L%Q’QﬂﬁEI

lunseanuuugudieyaieglilt waNAINEIUIBINIAUNIUAZIANNIALUNNLATULEY

1
o o a o o

s lflauansauwunAa (framework) WAgFUNN2DNRLLLASWRILN IDBMS WHIANANANAaE

222F

sne 7 Iaueludn fe Milninfudaudentamamnislislemiannunniifu YeunsulSedou
Uszananaiinfnny elnlsravan1naeansziaums query answering Wa¥ semantic query
optimization [27, 28] @\1ﬁmmﬁimiﬁiﬁmﬂmu%"m‘f:@:Eﬁ'qﬂiﬁmmmﬁwm?:uudim‘?}]mq”aiﬂ@j
mmmmmﬁﬂuﬁmﬂﬁﬂLmzﬁiﬂﬂ%@mgitﬁmﬁbu NIALLWIAATEINNTRENLLLIT WTBYALT

quiitnansfluununwlfansgly 5

Pattern management

Constraint | Mining engine | Patterns
extractor v
A
Query
query v output
> Parser »Query processor » Optimizer » Executor >

Data management
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nsaLLWIARTEITLLAANTsgudieyaIdeg il (inductive database management system --
IDBMS) isznaufosdquilsznaumanaasdiu Aa daudanisiudeya (data management) wavdau
Ann1sfiugUuuudeya (pattern management) 1uiﬁlqu17;'§/®ﬂ’1?ﬁ/‘1_lgﬂLL‘]_I‘LI?‘ﬁm;IJ@ﬁﬂ’]?ﬂ‘ﬂﬂLL‘LI‘].IT@NZQ%’N
mmﬁﬁum@\‘mwuwu%ﬂgmLngﬂLmU%H@ (data and pattern representation) Lﬁ@\‘l@’msluﬂwﬂ/u
gﬂLLuu%H@mﬁumaﬁﬂwm: 1M1 generalized rule-based patterns, clustering patterns,
association patterns, time-series patterns ﬂﬁ?ﬁmumgﬂLL‘LI‘LIWL‘ﬂummgﬁuﬁmﬁmﬂu?ﬁlﬁﬁL‘ﬂu
dwsuszindla el lemTluneBunlisluundeyateutu (nested pattems) saudielH query

asoinuiugluuudeyalud < Naziaimnaumn luewpe L

doudpnsiudieyaliiniseanuuuuas Wl operators Tunisilszanana query tnagtluuy

1 1 ] v
184 query WALIANIANAN query N lunN1w Datalog 9ENguAUgIuan first-order logic

1
o

1A ﬁi@ﬂﬂLmu?:@m@mm%ﬁ”\izﬁmq“@LngﬁLmugﬁfaH@ Imﬂslumu%”ﬁ‘ﬁ/@:ﬁmamﬂgﬂLmu"ﬁmqﬂa
w3 ﬂﬂ;u‘wﬁﬂ Af classification patterns, clustering patterns Wa& association patterns Tugauans
sruunsdanisiugtuuudeya  1Euniseenuuuliiansnsarinnisfumgduuudegauunnmue
Sewla (constraint pattern mining) N1se@NULLARNS update dayauargluuudeys arWanson
Fnnsdiudlpeguundesyaluiuimiees incremental mining @Az lidszAvanmiiandnluuny

batch
n1snadal mfmmminmmgﬁuﬁ'ﬂgaL%q'qﬂﬂ’zl

n1seenuuusTLLguieyaTegLitrewddell  Nansjannavaniaraiuisaiiguuy
2 Y & 9 dl o ¥ o . . . o wdd” u’/l
fayannlfiuguanufiienistiulanisnendesionn (query optimization) vinliAlu dumeu
nmsdiudpedieAninuanslfingin 6 nmeseuilsydniniwnismeudeninin 4ieya customers
fafludieyadanszil 11996579 (schema) Al
customers (customerlD, name, address, city, country, birthdate, marital, gender,
education, member_card, total_children, occupation, houseowner)

(2
o A

wazgtluundasa ludnwizae association rules NAUNUlHaNdaya customers wanslfifam

gender = m = marital = s

total_children = 0 = marital = s

total_children = 0 = gender =m

gender = m = total_children = 0
houseowner = no = marital = s

member_card = bronze = occupation= skilled_manual
marital = m = gender = f

marital = m = houseowner = yes

city = los_angeles = houseowner = yes

city = nation_city = occupation= skilled_manual



Checle for
Cphimization
Mo

O
Yes
Ciptimize
Process

To code generator and }

Induced
Patterns

executon engine

v

‘ Result of Query |

51 6 uneunislivdganisnevderinintessruudanisgudieyaiegie

sUuudeyamantignin 14 luntsulasgtluuudadins (query rewriting) tneldsnatinadia

A10TN Q1 Tv Q5 aeunwndeyagnifoaRenlesiie o wanimeseuLanInsUiulsdienon

(Q1,Q2, Q3', Q4', Q5) foegtlutudiaya (pattern) uazuanananlilunismavusasdianins

Q1: SELECT * FROM customers WHERE city = ‘santa cruz” AND gender = ‘f’;
Pattern: city = santa cruz = gender = m

Qr’: None: detection of unsatisfiable condition
Answer: null
Time(ms): | query | Test#l | Test#2 | Test#3 | Test#4 | Test#5
Q1 50 50 51 50 51
Qr’ 0 0 0 0 0
Q2: SELECT * FROM customers WHERE city = ‘santa cruz” AND gender = ‘m’
AND marital = ‘m’;
Pattern: city = santa cruz = gender = m, marital=s
Q2’: None: detection of unsatisfiable condition
Answer: null
Time(ms): | query | Test#l | Test#2 | Test#3 | Test#4 | Test#5
Q2 109 103 104 101 104
Q2 0 0 0 0 0
Q3: SELECT * FROM customers WHERE city = ‘los angeles’ AND houseowner = ‘yes’;

Pattern: city = los angeles = houseowner = yes
Q3’: SELECT * FROM customers WHERE city = ‘los angeles’;

Answer: Q3 =27,660 tuples; Q3°= 27,660 tuples



Time(ms): | query | Test#l | Test#2 | Test#3 | Test#4 | Test#b
Q3 1336 1442 1406 1429 1422
Q3’ 1126 | 1303 | 1268 | 1273 | 1230

Q4: SELECT * FROM customers WHERE gender = ‘m’ AND marital = ‘s’

AND total_children = “0’;
Pattern: gender = m = marital=s, total_children =0
Q4’: SELECT * FROM customers WHERE gender = ‘m’;
Answer: Q4 =71,916 tuples; Q4’= 71,916 tuples

Time(ms): | query | Test#l | Test#2 | Test#3 | Test#4 | Test#b
Q4 4559 | 4043 | 4665 | 4043 | 4440
Q4 3377 | 3717 | 3489 | 3690 | 3404

Q5: SELECT * FROM customers WHERE city = ‘santa cruz’ AND gender = ‘m’
AND member_card = ‘bronze’;
Pattern: city = santa cruz = gender = m
Q5’: SELECT * FROM customers WHERE gender = ‘m’ AND member_card = ‘bronze’;
Answer: Q5 = 16,596 tuples; Q5= 16,596 tuples

Time(ms): | query | Test#l | Test#2 | Test#3 | Test#4 | Test#5
Q5 1313 | 1908 | 1185 | 1749 | 1375
Q5° 936 1274 | 1074 962 951

anuanmaseuazwinlidn sluutdeyadoadunumnudauiitluReulavesdesnn Q1
waz Q2 MlianunsaneuldiuianldlAmey (null answer) Turniesidannoin Q3, Q4, Q5 1119
A
7

gnifudgsliiiGeulaanaslifasgtuuudeyanfuny inlildnaranadlunisneudiaaranumanti

a

asluastiaiduanue

ndeiiaueiianelunseslnaNaNnsatessuuguiieyan e we lulaqiiu
Windnauamsnisaulnsnuaniaiduaeanimuniieddeys  nainiarfduiasiilss Tamily
NNIAUMNANNANNUS JANEUSU8Y  association  rules, functional dependencies, semantic
constraints wazAMNANTUSIugluuLan 7 andeyanivlilugiuteys Asuduiusidunuilay
= . Py ~ ac Py > R 3 g '
Gendngduundeya vise  wamiisuzesdeys  udeyamiunnvisdeyauazguundeyaiiizand
Fudieyaitagihie
Tuniseenuuuszuudansgudeyadvglit Aviesdivisdaudnnisiudeya uaz daudnnig
o v a o d”i} 4 ‘ﬂl v v k4 b4
Augduundeya lusdseiliiuniseenuuuguteyamialiiaiunsnAumduuudeyaaingiudeya
% I N a a ¥ o &y oA o oo a !
wazldgtuuudeyaiindss@nannnisnendennin Tnananimaseadessiutududeanymngiui
wwpNAnRa NNt I dsslemildiass  nsmwnadseise i luewasdailuuuonisaes
nsvenveumniidn inseunquANaINsnauTIessuLIudeya W n1sdanimsuuEAtis

N3 update a3y uaznisliauasaiuguieyazunnlie
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Intelligent Query Answering with Virtual
Mining and Materialized Views

Nittaya Kerdprasop, Natthapon Pannurat and Kittisak Kerdprasop

Abstract—Querying a database is a common task for traditional
database systems. Producing answers effectively depends largely on
users' knowledge about the query language and the database schema.
In order to improve effectiveness and convenience of querying
databases, we design a multi-agent system working cooperatively in
an intelligent way to analyze user's request and revise the query with
virtual mining and materialized views. Virtual mining views are data
mining rules discovered from the database and materialized views are
pre-computed data. This paper presents work in progress on the
implementation and preliminary efficiency tests of the proposed
system. The experimental results demonstrate the effectiveness of our
multi-agent system in answering queries sharing the same pattern.

Keywords—Multi-agent, query answering, mining views.

I. INTRODUCTION

O query a database is to find some answers from stored

data. Traditional database systems return exactly what is
being asked. This is a method of direct query answering and a
user is required to construct a query intelligently and properly.
To remove the burden of intelligence from the database users,
the concept of intelligent or cooperative query answering has
emerged [Chu and Chen, 1994; Han et al, 1996].

The process of intelligent query answering consists of
analyzing the intent of query, rewriting the query based on the
intention and other kinds of knowledge, and providing answers
in an intelligent way [Lin et al, 2004]. Intelligent answers
could be generalized, neighborhood or associated information
relevant to the query. This concept is based on the assumption
that some users might not have a clear idea of the database
content and schema. Therefore, it is difficult to pose queries
correctly to get some useful answers.

Knowledge, either intentional or extensional, is the key
ingredient of intelligence. Many researchers [Han et al, 1996;
Lin et al, 2004; Aragao and Fernandes, 2004] propose to
integrate data mining techniques as a knowledge discovery
engine to serve an intelligent query answering purpose. We
extend this idea by incorporating both virtual mining and
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materialized views in the query answering system.

Virtual mining views [Calders et al, 2006; Blockeel et al,
2008] are data mining rules discovered from databases and
stored as tables, whereas materialized views are view relations
computed and stored in the database as well. We consider
virtual mining and materialized views as semantic constraints
capable of transforming queries to be processed intelligently.

We design a query answering system using multi-agent
technology for its advantages of scalability, autonomy and
learnability. The rest of the paper is organized as follows.
Section 2 presents the related work. Section 3 explains
architecture of the proposed query answering system. Section
4 discusses the implementation and some experimental results.
Section 5 concludes the paper and indicates our future work.

II. RELATED WORK

Evaluating queries efficiently and intelligently requires an
important step of query rewriting and modification. Query
rewriting is a basic step in query processing aiming at
transforming a given query into another more efficient one that
uses less time and resources to execute. A rewritten query
normally produces the same answer set as the original query.

Query modification [Chaudhuri, 1990] interprets query
rewriting in a more relaxing way as a query refining process to
produce answers that might be a superset of the expected
answers. The advantage of query relaxation is the increased
possibility of obtaining desired answers when users have
limited knowledge about the problem domain and the database
schema.

Early research in query modification [Chaudhuri, 1990; Chu
and Chen, 1994] has focused on rewriting the query using
generalization concept, neighborhood, and type abstraction
hierarchy. The work of Han et al [1996] is among the early
research in intelligent query answering that incorporates data
mining techniques to rewrite users' queries. Their query
relaxation approach employed the notion of generalization to
build concept hierarchy.

Lin et al [2004] proposed to integrate neighborhood
information and data mining rules discovered from the
databases to rewrite the queries. Muslea [2004] introduced the
LOQR algorithm to learn some knowledge about the problem
domain using a small subset of the database. Then the learned
information is used to relax the constraints in the query that
originally returns an empty answer.

Aragao and Fernandes [2004] proposed a unified foundation
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for query answering and knowledge discovery. The combined

system is called CIDS (Combined Inference Database
Systems).
The integration of knowledge discovery and query

answering system is also the basis of our research. However,
we propose to extend the idea by incorporating not only the
knowledge discovered from databases (or virtual mining
views), but also the materialized views in the process of query
rewriting and answering.

Materialized views are pre-computed data that are stored in
the database. Answering queries using views has long been
extensively studied [Halevy, 2001; Afrati, 2001; Gou, 2006].
Materialized views can provide useful information in query
processing especially in the context of web searching
applications. We thus design our query answering system to
employ both learned knowledge and materialized views to
refine the given query.

III. A FRAMEWORK OF QUERY ANSWERING SYSTEM

The proposed query answering system composed of a
number of autonomous agents working cooperatively to pursue
the common goal of rewriting and producing answers in an
intelligent way. The framework of the system is depicted in
figure 1.

User interface is a front-end agent to get query from the user
and return a final answer set. Constraint extractor is
responsible for extracting constraints from the original query
and inputs these constraints to the mining agent and the
materialized view (MV) manager. A mining agent is thus
driven by the query constraints to discover knowledge such as
association rules [Agrawal and Srikant, 1994] that are relevant
to the given query. MV manager is an agent responsible for
view creation, selection and modification.

The data storage thus contains three kinds of information:
base relations (data), materialized views created by the MV
manager, and virtual mining views discovered by the mining
agent. Materialized view definitions and virtual mining views
are to be used as semantic constraints by the query rewriter in
transforming the given query. Some queries can be answered
at this stage, whereas the more complicate ones are sent to the
query executor in which base relations and materialized data
might be accessed.

IV. IMPLEMENTATION AND EXPERIMENTAL RESULTS

We have implemented the mining agent and the MV
manager to be triggered by the query constraints. The
extracted constraints are employed to guide the association
rule mining process [Agrawal and Srikant, 1994] as well as to
drive the materialized view creation if the frequency count
monitored by the MV manager is above the threshold value. In
the preliminary experimentation we set the threshold to be 5
(which means the same constraint has occurred in the queries
more than 5 times) and mining agent has been set to find
association rules that are 100% accurate and represented in
simple form (i.e., one clause in an antecedent part and one
clause in the conclusion part). We test efficiency in answering
queries of the created materialized views and the discovered
association rules using synthetic data. The database contains
two base relations of automobile details (data taken from the
UCI repository http://www.ics.uci.edu/~mlearn/MLReposit
ory.html) and customer profiles. The examples of discovered
association rules, materialized view definitions, original
queries and revised queries are given as in figure 2.

answer-
User | ]
inswer in < . query Mining Quer};
er j
User > onstraint constraints, | agent executor
face extractor
query I A
f My Query
manager rewriter

M

Virtual mining views
aterialized views

\M

Semantic constraints

Materialized data

Fig. 1 A multi-agent system for query answering
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Association rules:
IF fuel type = diesel THEN fuel system = idi
IF engine_type = ohc
IF num_cylinders = four

Materialized view definitions:

MV1(CustomerID, Name, Phone,

THEN engine_location = front
THEN engine_location = front

Address)

MV2(CustomerID, Name, OwnCar)

MV3(CustomerID, Name, Phone,

Given query
Q;: SELECT * FROM automobile
WHERE fuel type = 'diesel’
AND fuel system = "idi'
AND num_cylinders = 'four'
AND engine location = 'front'

Transformed query

Address, OwnCar)

Q" SELECT * FROM automobile
WHERE fuel type ='diesel'
AND num_cylinder = 'four'

Q,: SELECT CustomerID, Name,
Address, automobile.Make
FROM  automobile, customer

WHERE customer.carID = automobile.ID

Transformed query

Q,": SELECT CustomerID, Name, Address, OwnCar
FROM MV3

Fig. 2 Examples of rules and view definitions used in query answering

Processing time (in millisecond)T(/?;3 giilen queries and transformed queries
Qia Qia' Qis Qis' Qic Qic' Q2 Qaa' Q2n Q'
Time 1132 1541 1011 997 1173 1004 5431 9158 6022 5518
Gain none 1.38% 14.41% none 8.37%

We generated more than twenty queries tested on the sample
database. Query processing time of the given queries and the
revised queries are observed and shown some results as in
table 1. Processing time of the revised queries includes
association rule mining time and time to create materialized
views. Queries Qa, Qip, Qic ask the database with quite
similar constraints. This is also the case for queries Q,, and
Q3p. It can be noticed from the results that there is no profit on
transforming the given query at first occasion because it takes
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much time on mining for association rules or creating
materialized views. However, processing time reduction is
getting better for the subsequent queries asking with almost the
same constraints. It could be inferred from the experimental
results that the proposed architecture of query answering
would be a payoff for the situation that users asking the same
or similar constraints over the databases. The longer the
database persists and users keep on asking the same things, the
higher gain in terms of processing time is expected.
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I. CONCLUSION AND FUTURE WORK

We design and implement a query answering system to
provide an integrated, flexible and efficient platform supported
by a community of agents. To answer queries effectively the
mining agent and the MV manager are two key players to
derive useful knowledge relevant to the given query. Query
rewriter supported by intelligent transformation rules and co-
operated with query executor is expected to produce answers
in an intelligent way. The preliminary experimental results
satisfy the expectation. We are, however, improving the
capability of these agents to analyze the user's intent and
preferences to better providing associated information.
Extending the scope of this project towards the distributed
environment is also the direction of our future work.
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Abstract. We study query evaluation within a framework of inductive databases.
An inductive database is a concept of the next generation database in that the
repository should contain not only persistent and derived data, but also the
patterns of stored data in a unified format. Hence, the database management
system should support both data processing and data mining tasks. Having
provided with a tightly-coupling environment, users can then interact with the
system to create, access, and modify data as well as to induce and query mining
patterns. In this paper, we present a framework and techniques of query
evaluation in such an environment so that the induced patterns can play a key role
as semantic knowledge in the query rewriting and optimization process. Our
knowledge induction approach is based on rough set theory. We present the
knowledge induction algorithm driven by a user’s query and explain the method
through running examples. The advantages of the proposed techniques are
confirmed with experimental results.

1 Introduction

Since the emerging of knowledge discovery in databases (KDD), or data mining, as a
new multi-disciplinary research area in the 1990's [9], it has been soon realized that the
current database system should be extended or re-designed to support the KDD process.
Imielinski and Mannila [13] have argued that existing KDD techniques are simply file
mining because the inductive learning tools are built on top of the databases assuming a
loose coupling between the two components. To fulfill a database mining concept, the
mining engine has to be tightly coupled with the database system. In recent years, this
idea has been realized and several research work along this line have been developed
[2, 20, 23]. The tightly integration of databases with data mining gives rise to the new
concept of inductive databases [5, 7, 19].

An inductive database is a database that contains not only data, but also patterns
which are generalized information induced from data. By providing this tightly
integration framework of data management system and pattern discovery engine, users
can access patterns in the same manner as querying data. To achieve this aim a number
of SQL-based inductive query languages, such as DMQL [11], MINE RULE [4],
MSQL [14], have been proposed and implemented. Most of these languages are an
SQL extension with some primitives to support the data mining task, that is, users can
pose queries to induce, access and update patterns.

LY. Song, J. Eder, and T.M. Nguyen (Eds.): DaWaK 2007, LNCS 4654, pp. 157-169, 2007.
© Springer-Verlag Berlin Heidelberg 2007
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Besides the front-end functionalities, we propose that the induced patterns can also
be useful in the back-end part of query answering. The induced patterns are viewed as a
repository of semantic knowledge highly beneficial to the optimization process. The
purpose of query optimization is to rewrite a given query into an equivalent one that
uses less time and resources. Equivalence is defined in terms of identical answer sets.
Query optimization utilizes syntactic and logic equivalence transformation of a given
query expression. Semantic query optimization (SQO), on the contrary, uses not only
syntactic transformations, but also semantic knowledge, such as integrity constraints
and various forms of data generalization, to transform a query into an optimized one.

Early work on SQO [10, 15] transforms query by reasoning via heuristics such as
index and restriction introduction, join elimination, contradiction detection. Since the
introduction of SQO concept in 1981 [15], semantic-based transformation techniques
have been developed constantly. Some proposed techniques in the literature are
resolution refutation method [6], knowledge deduction [24], knowledge induction
[25]. Recently, the interest on SQO has moved toward the setting of intelligent query
answering [12, 17], which is defined as a procedure that can answer incorrect or
incompletely specified query cooperatively and intelligently. The intelligence is
obtained by analyzing the intent of a query and provide some generalized or
associated answers. Necib and Freytag [21] propose an ontology-based optimization
approach to rewrite a query into another one which is not necessary equivalent but
can provide more meaningful result satisfying the user’s intention.

Our research follows the direction of intelligent query answering with the emphasis
on semantic-based optimization. We consider acquiring semantic knowledge using a
rough set approach. By means of a rough set theory certain knowledge as well as
rough (or vague) knowledge can be induced from the database content. The main
purpose of this paper is to illustrate the idea of inducing and integrating certain and
rough knowledge in the query rewriting and optimization process to produce an
intelligent answer. We present the optimization process within the framework of
inductive database systems that both data content and patterns are stored in the
databases. Unlike previous work on inductive databases that express queries using a
logic-based language [3, 4, 8], we formalize our idea based on a structured query
language (SQL) as it is a typical format used extensively in most database systems.

The remainder of this paper is organized as follows. In section 2, we review the
two important foundations of our work, that is, the relational inductive databases and
rough set theory. We present our framework and algorithm of semantic knowledge
induction using rough set concept in section 3. Section 4 illustrates the steps in query
optimization with some experimental results. Section 5 concludes the paper and
discusses the plausible extension of this research.

2 Preliminaries

2.1 Inductive Database Concept

Inductive databases can be viewed as an extension of the traditional database systems
in that the databases do not only store data, but they also contain patterns of those data.
Mannila [18] formalized a framework of inductive database 7 as a pair (R, P) where R
is a database relation and P is a nested relation of the form (Qj, , €) in which Qj, is a set
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of patterns obtained from querying the base data and e is the evaluation function
measuring some metrics over the patterns. As an example, consider the database
(adapted from [3]) consisting of one base relation, R. The induced patterns P are a set
of rules represented as an implication LHS = RHS; therefore, Q, = { LHS = RHS |
LHS, RHS < R } and the rule’s quality metrics are support and confidence [1]. An
inductive database Z = (R , P) containing one base relation R and a set P of all
association patterns induced from ‘R is shown in figure 1.

R P pattern support confidence
X|Y |Z X=>Y 0.25 0.33
1 0 [0 X=>7 0.50 0.66
1 1 1 Y=>X 0.25 0.50
1 0 |1 Y=>Z 0.50 1.00
0 1 1 Z=>X 0.50 0.66
Z=>Y 0.50 0.66
XY=>Z 0.25 1.00
XZ=>Y 0.25 0.50
YZ=>X 0.25 0.50

Fig. 1. An example of inductive database instance

Given the framework of an inductive database Z, users can query both the stored
data (the part of Z.R in figure 1) as well as the set of patterns (the Z.P part).
Formalization of inductive queries to perform data mining tasks has been studied by
several research groups [5, 8]. We are, however, interested in the concept of inductive
databases from a different perspective. Instead of using a sequence of queries and
operations to create the induced patterns such as association rules [1], we shift our
focus towards the induction of precise and rough rules and then deploy the stored
information to support query answering. We unify the pattern representation to the
relation format normally used in relational databases and call it relational inductive
databases.

2.2 Rough Set Theory

The notion of rough sets has been introduced by Zdzislaw Pawlak in the early 1980s
[22] as a new concept of set with uncertain membership. Unlike fuzzy set, uncertainty
in rough set theory does not need probability or the value of possibility to deal with
vagueness. It is rather formalized through the simple concepts of lower and upper
approximation, which are in turn defined on the basis of set. Rough set concepts are
normally explained within the framework of a decision system. The basic idea is
partitioning universe of discourse into equivalence classes.

Definition 1. A decision system is any system of the form A = <U, A, d>, where U is a
non-empty finite set of objects called the universe, A is a non-empty finite set of
conditions, and d ¢ A is the decision attribute.
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Definition 2. Given a decision system A = <U, A, d>, then with any B C A there exists
an equivalence or indiscernibility relation I ,(B) such that I 4(B) = {(x, x") € UxU | Va €
B [a(x) = a(x)] }.

Table 1. A students’ grading decision table

Conditions Decision

age scorel score2 grade
sl 19 0-20 0-20 fail
s2 19 0-20 21-40 fail
s3 20 0-20 41-60 fail
s4 20 0-20 41-60 fail
s5 19 0-20 81-100 pass
s6 19 41-60 41-60 pass
s7 19 21-40 61-80 pass
s8 20 21-40 21-40 pass

From the data samples in table 1, the followings are equivalent relations.

I(age) = {{sl, s2, s5, s6, s7}, {s3, s4,s8}}

I(scorel) = {{ s1, s2, s3, s4, s5}, {s6}, {s7,s8}}

I(score2) = {{s1},{s2, s8},{s3, s4, s6}, {s5}, {s7}}

I(age, scorel) = {{s1, s2, s5},{s3, s4},{s6},{s7},{s8}}

I(age, score2) = {{s1},{s2},{s3, s4},{s5},{s6},{s7}.{s8}}
I(scorel, score2) = {{s1},{s2},{s3, s4},{s5},{s6},{s7},{s8}}
I(age, scorel, score2) = {{s1},{s2},{s3, s4},{s5},{s6},{s7},{s8}}

Equivalence relations partition the universe into groups of similar objects based on
the values of some attributes. The question often arises is whether one can remove
some attributes and still preserve the same equivalence relations. This question leads to
the notion of reduct [16].

Definition 3. Let A = <U, A, d> be a decision system and P, Q C A, P # Q be two

different sets of conditions. The set P is the reduct of set Q if P is minimal (i.e. no
redundant attributes in P) and the equivalence relations defined by P and Q are the same.

It can be seen from the listed equivalence relations that I(age, score2) = I(scorel,
score2) = I(age, scorel, score2). Therefore, (age, scorel) and (scorel, score2) are
reducts of (age, scorel, score2). The intersection of all reducts produces core attributes.
According to our example, score2 is a core attribute. A reduct table of (scorel, score2)
and its partitions are shown in figure 2(a). If we are interested in the decision criteria for
the pass grade, we can infer decision rules from the reduct table in figure 2(a) as
follows.

TF (scorel = 0-20 A score2 = 81-100) THEN grade = pass

IF (scorel = 21-40 A score2 =21-40) THEN grade = pass

IF (scorel = 21-40 A score2 = 61-80) THEN grade = pass

IF (scorel = 41-60 A score2 =41-60) THEN grade = pass



Semantic Knowledge Integration to Support Inductive Query Optimization 161

scorel  score? | grade scorel
sl | 020 020 | fail g1-100 Bers
£2 | 0-20 2140 | fail 61-80 o
€3 | 0-20  41-60 | fail 41-60 243%4 o6
g4 | 0-20 4160 | fail 21-40 o o8
€5 | 0-20 1100 | pass 0-20 o1
86 | 4160 41-60 | pass 0-20 2140 41-60
§7 | 2140 6180 | pass scorel
s | 2140 2140 pass

(a) equivalence relations on 8 students

scorel score2 | grade score2
s1 0-20 0-20 fail 81-100 | 25
52 0-20 21-40 fail 61-80 %7
3 0-20 41-60 fail 41-60 | °53°39 “s6
4 0-20 41-60 fail 2140 | =g 258 %59
s5 020  81-100 | pass 0-20 | =51 |A
56 41-60 41-60 pass T Sl SIE
57 21-40  G61-80 | pass ~ scorel
<8 21-40 21-40 pass BOllll(lﬂl‘},-’ region
9 21-40  21-40 | fail

(b) equivalence relations on 9 students

Fig. 2. A reduct table and (a) its partition into equivalence relations, each one is represented by
a rectangular region, (b) equivalence relations with conflicting cases of s8 and s9

Suppose we are given additional information of the ninth student as shown in figure
2(b), then the above decision rules for the passing grade is no longer valid. It can be
seen from figure 2(b) that s8 and s9 are in the same equivalence relation but their grades
are different. It is such conflicting cases that inspires the rough set concept. Given the
two decision sets of pass/fail, the uncertain cases such as s8 and s9 can be approximated
their set membership by means of lower and upper approximation [16].

Definition 4. Let 4 = <U, A, d> be a decision system, B C A, X C U be objects of
interest and [x]g denote the equivalence class of  4(B). The B-lower approximation and
B-upper approximation of X, denoted by bX and BX respectively, are defined by bX =
{xI[x]g € X }and BX = {x | [x]g N X == & }. The area between B-lower approximation
and B-upper approximation is called B-boundary region of X, BN, and defined as BN =
BX—bX.

The lower approximation of X is the set of all objects that certainly belong to X. This
set is also called B-positive region of X. The B-negative region of X is defined as
U—BX, or the set of all objects that definitely not belong to X. The B-boundary region
of X is the set of all objects that cannot be classified as not belonging to X.

Given the information as shown in figure 2(b), B = {scorel, score2} and X = {s5,
s6, s7, s8} be set of students with passing grade, then bX = {s5, s6, s7} and BX = {s5, s6,
s7, s8, s9}. The boundary region BN = {s8, s9}. B-negative region of X is {sl, s2, s3,
s4} or the set of all students who definitely fail the exam.
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If the boundary region is empty, it is a crisp (precise) set; otherwise, the set is rough.
The set of passing students in figure 2(a) is a crisp set, whereas it is a rough set in figure
2(b). Decision rules generated from a rough set comprise of certain rules generated from
the positive and negative regions, and possible rules generated from the boundary region.

Such method to generate decision rules is static because the decision attribute is
defined in advance. Within the framework of query answering that decision attributes
are usually not known in advance, the classical static rough set methodology is
certainly impractical. We thus propose in the next section our method of dynamic rule
induction driven by the query predicates.

3 Certain and Rough Knowledge Induction

3.1 A Framework for Semantic Knowledge Induction

In the typical environment of database systems, the size of data repository can be very
large. With the classical rough set method that all prospective decisions have to be
pre-specified, the number of generated rules can be tremendous. We thus propose a
dynamic approach by taking predicate in the user’s query to be a decision attribute at
query processing time. By this scheme, we can limit the induction to only relevant
decision rules and these rules are subsequently used as semantic knowledge in the
process of query rewriting and optimization. The framework of our approach is shown
in figure 3.

User
query
angwer —p Attribute Attribute ranking table
T Extractor |7 | Table Attribute Hit
‘ Parser ‘ | l

il

‘ Query rewriter }1-

il

‘ Cost estimator

- T ¢ | IF . THEN %7 7
‘ Query processor | Certain ne gative 7 47
IF . THEN ...
IF . THEN
Possible

Decision system
Database — conditions | Decision

- opifm

Semantic mles \/
Certain positive
IF .. THEN ...

Partition of

IF .. THEN .. equivalence
classes

Fig. 3. A framework of query-driven induction for rough and precise knowledge

In our proposed framework, rule induction is invoked by user's query. Once the
query has been posted, the component named attribute extractor has been called to
extract the table's and attribute's name from the query. The attribute ranking table is
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also created to collect the history of attributes used in the queries. The column hit
counts the number of times that attributes has been used. The approach of inducing
rules based on query’s attribute is described in the algorithm as shown in figure 4.

Algorithm. Query-driven semantic rule induction

Input: User’s query, a database and background knowledge
Output: Certain and rough semantic rules

1. Call Attribute Extractor to extract table names T; and attribute names A; from the
query
2. Access the attribute ranking table and update the hit counter identified by each T;
and A; and sort the counter in descending order
3. Create a decision table A = <U, A, d> where d = A;, A = a set of attributes in T;,
U = a set of tuples in T;
4. Pre-process A by
= removing attributes with number of distinct values = | Al
=  discretizing attributes with real values
5. Partition U into equivalence classes and search for the first reduct R
6. From R, identify bX, BX, BN regions, then generate certain positive, certain
negative, and possible rules
7. Generalize all three classes of rules using available background knowledge
8. Return the final rule set

Fig. 4. A query-driven semantic rule induction algorithm

3.2 Running Examples

We use the student data shown in table 1 with additional record <s9, 20, 21-40, 21-40,
fail> as our running example. The information on interval order that 81-100 > 61-80 >
41-60 > 21-40 > 0-20 is used as background knowledge for rule generalization.

Example 1. Suppose there is a query asking whether the scorel =55 is high enough for
the passing grade.
Method:

(1) This query asks about grade with scorel as a condition. Hence, a reduct table as in
figure 2(b) is constructed.
(2) Then, the following rules are generated.
Certain positive rules: TF (score1=0-20 A score2=81-100) THEN grade = pass
IF (score1=21-40 A score2=61-80) THEN grade = pass
IF (score1=41-60 A score2=41-60) THEN grade = pass
Certain negative rules: IF (score1=0-20 A score2=0-20) THEN grade = fail
TF (score1=0-20 A score2=21-40) THEN grade = fail
TF (score1=0-20 A score2=41-60) THEN grade = fail
Possible rules: TF (scorel=21-40 A score2=21-40) THEN grade = pass

(3) The three classes of rules are generalized according to the given background
knowledge. The final rules are as follow.
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R1: TF (scorel > 20 A score2 > 60) THEN grade = pass
R2: TF (scorel > 40 A score2 > 40) THEN grade = pass
R3: TF (scorel > 20 A score2 > 20) THEN grade = possibly pass

Notice that with the given information there is no matching rules from the negative
class and R2 can be applied to answer this query.
Answer:
IF score2 > 40 THEN grade = pass.
IF score2 > 20 THEN grade = possibly pass.

Example 2. From the response of example 1, suppose the user wants to know further

that based on the information of her first score, could her second score be predicted.
Method:

(1) The query asks for the value of score2, given the value of scorel=55. Thus, a
decision attribute is score2 and a decision table is as shown in table 2.

Table 2. A d ecision table with respect to query 2

Conditions Decision

age scorel grade scorel
s1 19 0-20 fail 0-20
52 19 0-20 fail 21-40
53 20 0-20 fail 41-60
54 20 0-20 fail 41-60
55 1% 0-20 pass 31-100
H 19 41-60 pass 41-60
57 19 21-40 pass 61-80
58 20 21-40 pass 21-40
59 20 21-40 fail 21-40

(2) There is no reduct. So, all conditional attributes are used in the approximation of
bX, BX, and BN regions. The decision objectives (X) are five sets of students whose
score2 values are in the range 0-20, 21-40, 41-60, 61-80, and 81-100, respectively.
From the approximation, these rules are induced:

Certain rules: TF (age=19 A grade=pass A scorel =0-20) THEN score2 = §1-100
IF (age=19 A grade=pass A score1=21-20) THEN score2 = 61-80
IF (age=20 A grade=fail A scorel =0-20) THEN score2 = 41-60
IF (age=19 A grade=pass A scorel = 0-20) THEN score2 = 41-60
IF (age=20 A scorel = 21-40) THEN score2 = 21-40

Possible rules: 1F (age=19Ascorel=20Agrade=fail) THEN score2 = 0-20 v 21-40
(3) Generalized rules are as follow.

RI: IF (scorel = 0-20) THEN score2 = 8§1-100
R2: IF (scorel =21-40) THEN score2 = 61-80
R3:TF (scorel = 0-20 v 41-60) THEN score2 = 41-60
R4: TF (age=20 A scorel = 21-40) THEN score2 = 21-40

R5: IF (age=19 A scorel = 20 A grade=fail) THEN possibly score2 = 0-40
Answer:
IF scorel =55 THEN score2 = 41-60.
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4 Query Optimization in Inductive Databases

With the mechanism to induce semantic rules, we can then integrate the knowledge to
rewrite and optimize queries in the framework of relational inductive database. We
first explain the steps in query transformation, then show the results of our
experimentation.

4.1 A Method of Query Rewriting and Optimization

We study intelligent query answering in inductive databases in a simplified framework
of relational databases. We illustrate our idea through examples on a business database
containing eight relations: customers, orders, products, categories, order_details,
suppliers, shippers, and employees. To keep this section concise, we will consider only
customers relation with schema as follows.

customers (customerID, name, address, city, state, postalcode, country, phone, fax,
birthdate, marital, gender, education, member_card, total_children,
occupation, houseowner, num_car)

Our objective is to turn this simple database R into an inductive database 7 = (R,
P) by inducing a set of patterns P from the base tables. The processes of inductive
database creation (the P part of the database 7) and query rewriting composed of the
following steps.

Step 1: Preprocess the base table by removing irrelevant attributes, i.e. those without
inherent patterns such as phone number, customerID. After the attribute elimination
step, the customers table contains information as shown in figure 5.

Member Total House | Nunm

City Marital | Gender Education card children Occupation OWner car
los angeles 5 m bachelor golden 0 management yes 1
san diego 5 m partial college | normal 0 skilled manual ne 1
nation city m t bachelor silver 3 skilled manual yes 2
santa Cruz H m bachelor silver ] skilled manual no il

Fig. 5. Some examples from a set of customer instances

Step 2: Perform a semantic rule induction using the algorithm explained in figure 4.
Suppose the query asks about marital, gender, total_children, and houseowner
attributes, some of the induced patterns are shown in figure 6.

Step 3: Transform the induced rules into a tabular form (as shown in figure 7).

Step 4: Evaluate user’s query for the possibility of null answer set detection. If the
query contains unsatisfiable constraints that can be detected in an early stage using the
induced patterns, then the subsequent processing is unnecessary. For example, given
the query: SELECT * FROM customers

WHERE address = ‘Bangkok’ AND member_card = ‘silver’;

and the induced pattern: IF address = ‘Bangkok’ THEN member_card = ‘gold’,
then the answer ‘No’ can be returned instantly.
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IF gender = mTHEN marital = s

IF total_children = 0 THEN
marital = s

IF total_children = 0 THEN

gender =m tablename_1 [column 1 [value_1  [tablename_2 Jcolumn_2  [value_2
IF gena’er = m THEN customers gender m customers marital 5
total children = 0 cuskomers tatal_child a customers marital [
. - cuskomers tatal_child a customers gender m
IF marital = m  THEN cuskamers gender m customers total_chid 0
houseowner = yes cuskomers tatal_child a customers marital 5

Fig. 6. The patterns of customers Fig. 7. The pattern table with some sample values

data represented as semantic rules

Step 5: Rewrite query using the induced patterns. The conjunctive conditions
C1AC2AC3A... in the where clause of the SQL query are matched against the patterns
in an iterative manner. In the first iteration C1 is matched against the antecedent part of
the patterns to search for the one with the consequent part that is unifiable with either
C2 or the rest of the conditions. If this is the case, the unified condition is considered
redundant and thus, can be removed. The subsequent iterations are performed on the
remaining conditions. Consider the following query Q, and the induced patterns P.

Q: SELECT * FROM customers
WHERE total_children = ‘0 AND marital = ‘s AND gender = ‘m’;

P: IF total_childern = 0 THEN marital = s (rule 1)
IF gender =m  THEN total_childern = 0 (rule 2)

First iteration: the antecedent and consequent parts of rule 1 can match with the first
and second conditions of the query. These two conditions are redundant. Thus, the
where clause can be simplified to: WHERE total_children = ‘0’ AND gender = ‘m’;

Second iteration: rule 2 states the fact regarding the association between gender = m
and total_children = 0. Therefore, it can be applied to the query Q which can be
finally rewritten as

Q: SELECT * FROM customers
WHERE gender = ‘m’;

4.2 Experimentation and Results

The proposed technique of query answering and refinement has been tested on a
customer database implemented on MS SQL Server 2000. The patterns are induced
from the customers table and four different queries pertaining to the customers have
been tested on the database. We observe the returned answer set (number of tuples) as
well as the query response time. We perform the experiments on the PC with CPU
speed 3.2 GHz, 512 MB main memory and 80 GB HD. The query evaluation results are
reported (in figure 8) comparatively between the original query processing and the
answering from the query rewritten using the induced patterns.

Query QI illustrate the case of unsatisfiable query in which the condition of the
query is found conflicting with the existing data content. The query asks for female
customers who live in santa cruz. But the induced pattern states that there is no such
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Query | Original query form Pattern applied Transformed query
Ql SELECT * FROM customers IF city = santa cruz None:
WHERE city = ‘santa cruz’ THEN gender = m A detection of unsatisfiable
AND gender = ‘m’ marital=s condition
AND marital = ‘m’;
(9 patterns are induced)
Q2 SELECT * FROM customers IF city = los angeles SELECT * FROM customers
WHERE city = ‘los angeles’ THEN houseowner = yes WHERE city = ‘los angeles’;
AND houseowner = ‘yes’; .
(2 patterns are induced)
Q3 SELECT * FROM customers IF gender = m SELECT * FROM customers
WHERE gender = ‘m’ THEN marital= s A WHERE gender = ‘m’;
AND marital = ‘s’ total_children = 0
AND total_children = ‘0’;
(4 patterns are induced)
Q4 SELECT * FROM customers IF city = santa cruz SELECT * FROM customers
WHERE city = ‘santa cruz’ THEN gender = m WHERE gender = ‘m” AND
AND gender = ‘m’ member_card = ‘bronze’;
AND member_card = ‘bronze’; | (7 patterns are induced)
Size of answer sets (number of tuples) and response time (millisecond):
Ql Q2 Q3 Q4
size time size time | size time size time
Original query 0 104 27,660 | 1406 | 71,916 | 4665 16,596 | 1185
Transformed query 0 0 27,660 | 1268 | 71,916 | 3489 16,596 | 1074
Gain 100% 9.8% 25.2% 9.4%

Fig. 8. Experimental results of asking four queries on a customer database

customers; most customers in santa cruz are male. Therefore, this query can be
answered instantly (i.e., the response time is 0). Queries Q2, Q3, and Q4 are the
examples of queries with redundant predicates. Once redundancy has been removed,
the query response time can be reduced.

5 Conclusions

Our query answering scheme presented in this paper is based on the setting of inductive
databases. An inductive database is the concept proposed as the next generation of
database systems. Within the framework of an inductive database system, data and
patterns which are discovered from data are stored together as database objects. In such
tightly coupling architecture patterns are considered first-class objects in that they can
be created, accessed, and updated in the same manner as persistent data. We present the
framework and techniques of query rewriting and answering that use stored patterns as
semantic knowledge. Our knowledge induction process is based on the rough set
theory. We propose the algorithm to induce rough and precise semantic rules. We limit
the number of discovered rules by inducing only rules that are relevant to user’s need.
Relevancy is guided by query predicates. The intuitive idea of our knowledge induction
algorithm is illustrated trough running examples.
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In the query optimization process, we take into account two major techniques of
transformations: semantically redundant predicate elimination and detection of
unsatisfiable conditions, i.e. conditions that never been true. We plan to extend our
work on additional rewriting techniques and experiments with different kinds of
queries such as range queries, top-k queries. The test on effectiveness with real-world
large database is also our future research.
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Abstract

Inductive databases can be viewed as a natural
extension of traditional databases to contain not only
persistent data but also the generalization of stored
data, which are called patterns. The idea of inductive
databases has been proposed originally as a support
system for the knowledge discovery or data mining
process. Many SQL-like languages have been designed
and implemented to include mining operators in the
SOL primitives. We percept the concept of inductive
databases in a different angle. In stead of designing yet
another inductive database system, we are looking for
the deployment of an existing inductive query language
and environment to support the database tasks. We
focus on the task of query answering which has a high
potential of being a beneficiary of the stored patterns
in inductive databases. Our experimental results of
query rewriting technique using induced patterns as a
semantic knowledge confirm this advantage.

1. Introduction

Knowledge discovery in databases (KDD), or data
mining, has emerged as a new multi-disciplinary
research area in the 1990's [9]. Since then it has been
realized that the current database system should be
extended or re-designed to support the KDD process.
Imielinski and Mannila [11] have argued that existing
KDD techniques are simply file mining because the
inductive learning tools are built on top of the
databases assuming a loose coupling between the two
components. In order to gain the full power of KDD as
a database mining process, the mining engine has to be
tightly coupled with the database system. In recent
years, this idea has been realized and several research
work along this line have been developed [2, 17, 18,
21, 22]. The tightly integration of databases with data
mining gives rise to the new concept of inductive
databases [3, 6, 7, 15]. Inductive databases are defined
[4, 6] as databases that contain not only data, but also
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patterns which are generalized information induced
from data. By providing this tightly integration
framework of data management system and pattern
discovery engine, users can access patterns in the same
manner as querying data. To achieve this aim a number
of SQL-based inductive query languages, such as
MINE RULE [16], MSQL [12], DMQL [10], SQL
Server 2005 [19], have been proposed and
implemented. Most of these languages are an SQL
extension with some primitives to support the data
mining task, that is, users can pose queries to induce,
access and update patterns.

We propose that besides the front-end function-
alities the induced patterns should also be useful in the
back-end part of query answering. The induced
patterns are viewed as a repository of semantic
knowledge which has the high potential to support the
process of query rewriting and optimization. It is thus
the purpose of this paper to illustrate the use of induced
knowledge in the query answering process within the
framework of inductive database systems. Unlike
previous work on inductive databases that express
queries using an object query language [20] or a logic-
based language [4, 5, 8], we formalize our idea using a
structured query language (SQL) of a typical relational
database system.

The paper is organized as follows. Section 2
reviews the concept of inductive databases using the
framework of relational databases. Section 3 proposes
our idea of supporting query answering with the
induced patterns. Section 4 shows the running
examples and the experimental results. Section 5
concludes the paper.

2. Inductive databases

Inductive databases can be viewed as an extension
of the traditional database systems in that the databases
do not only store data, but they also contain patterns of
those data. Mannila [14] formalized a framework of
inductive database 7 as a pair (R, P) where R is a
database relation and P is a nested relation of the form

IEEE
computer
psoue
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(Qx , ) in which Qy is a set of patterns obtained from
querying the base data and e is the evaluation function
measuring some metrics over the patterns.

As an example, consider the database (adapted from
[4]) consisting of one relation with the schema R =
{(X, Y, Z)}; the values of the three attributes are in the
domain {0, 1}. The induced patterns P are a set of
association rules [1] represented as an implication LHS
= RHS; therefore, Qr = {LHS = RHS | LHS, RHS c R}
and the metrics are support (percentage of tuples in R
that contain both LHS and RHS, LHS U RHS) and
confidence ( support(LHS U RHS) / support(LHS)). An
inductive database Z = (R , P) is shown in figure | in
a tabular format for the R and P components.

P
R pattern support | confidence
XY | Z X=Y 0.25 0.33
1 {010 X=7 0.50 0.66
1|1 ]1 Y=X 0.25 0.50
1 |0 |1 Y=7 0.50 1.00
o1 |1 7=X 0.50 0.66
7=Y 0.50 0.66
XY>Z 0.25 1.00
X7Z=Y 0.25 0.50
YZ=X 0.25 0.50

Figure 1. An example of inductive database instance.

Given the framework of an inductive database Z,
users can query both the stored data (the part of Z.R in
figure 1) as well as the set of patterns (the Z.P part).
Formalization of inductive queries to perform data
mining tasks has been studied by several research
groups [6, 8, 13]. We are, however, interested in the
concept of inductive databases from a different
perspective. Instead of using a sequence of queries and
operations to create the induced patterns such as
association rules, we shift our focus towards the
deployment of the stored information (i.e., patterns and
data) to support the process of query answering.

3. Query answering in inductive databases

In this paper, we study inductive databases in a
simplified framework of relational databases that are
extended with SQL primitives to perform some data
mining tasks such as association rule mining. We
illustrate our idea through examples. Suppose we have
a business database with schema as follows (the
underlined attributes are primary keys and the starred
attributes are foreign keys).

product (productID, name, supplierID*, categorylD*,
QuantityPerUnit, unitPrice, unitInStock,
unitOnOrder, reorderLevel)

suppliers (supplierID, name, contactName, address,
city, state province, postalcode, country, phone,
fax, homepage, type)

orders  (orderID, customerID*, employeelD*,
orderdate, requiredate, productID*, quantity,
discount)

customers (customerID, name, address, city,
state_province, postalcode, country, phone, fax,
birthdate,  marital, year income,  gender,
education, member_card, total children,

date_open, occupation, houseowner, num_car)

Our objective is to turn this simple database R =
{product, suppliers, orders, customers} into an
inductive database Z = (R , P) by inducing a set of
patterns P from the base tables. Each table is capable
of being a candidate in the induction process, but we
consider only the customers table to keep this paper
short. The processes of inductive database creation (the
‘P part of the database 7) and querying composed of the
following steps.

Step 1: Preprocess the target table by removing
irrelevant attributes, i.e. those without inherent patterns
such as phone number, customerID. After the attribute

elimination step, the customers table contains
information as shown in figure 2.
Member Total House | Num
City Marital | Gender Education card children Occupation owner | car
los angeles H m bachelor golden 0 management yes 1
san diego 3 m partial college | normal 0 skilled manual 0o 1
nation city m f bachelor silver 3 skilled manual yes 2
santa cruz 5 m bachelor silver 0 skilled manual ne 0
san diego 3 m partial college | normal 0 skilled manual no 1
san diego 3 m partial college | normal 0 manual 0o 0
san diego m f bachelor bronze 1 skilled manual yes 1
san diego m f partial college | normal 1 manual yes 0
los angeles 3 m graduate golden 0 management yes 3
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Figure 2. A set of customer instances to be used as
examples in the association mining process.

Step 2: Perform association rule induction using
Apriori algorithm [1] with minimum confidence = 1
and minimum support = 0. Due to the fact that we want
to induce all relations that are consistent among the
existing customers data, the confidence metric has to
be 1.00 or 100% correct. We consider the induced
patterns interesting if they are true over the majority of
our customer population. Thus, we rank the patterns in
descending order of support values. The best ten
patterns are shown in figure 3.




gender = m = marital = s

total _children = 0 = marital = s

total _children = 0 = gender =m

gender = m = total children = 0
houseowner = no = marital = s

member_card = bronze=  occupation= skilled_manual
marital = m = gender = f

marital = m = houseowner = yes

city = los_angeles = houseowner = yes

city = nation_city = occupation= skilled _manual

Figure 3. The best ten patterns of customers data
represented as association rules.

Step 3: Transform the induced association rules into
a tabular form. The table containing induced patterns is
shown in figure 4. We use a fixed format with base
relation name in the first column, the antecedent
attribute and its value in the second and third columns,
respectively. The last three columns contain the
relation name, attribute’s name and value of the
consequent part of the association rule.

tablename 1 [column_1 [value 1 [tablename 2 Jeolumn 2 [value 2
customers gender m cuskomers marital 5
cuskomers tatal_child 0 cuskomers rnarital 5
customers total_child i} cuskomers gender m
customers gender M cuskomers total_child 0
customers total_child 0 cuskomers marital 5

Figure 4. The pattern table with some sample values.

Step 4: Evaluate user’s query for the possibility of
null answer set detection. If the query contains an
unsatisfiable constraint that can be detected in an early
stage against the induced patterns, the subsequent
query processing is unnecessary. For example, given
the query:

SELECT * FROM customers
WHERE address = ‘Bangkok’

AND member card = ‘silver’;

and the induced pattern:

address = ‘Bangkok’ = member _card = ‘gold’
The answer ‘No’ can be returned instantly.

Step 5: Rewrite query with the induce patterns. The
conjunctive conditions CIAC2AC3A... in the where
clause of the SQL query are matched against the
patterns in an iterative manner. In the first iteration CI
is matched against the antecedent part of the patterns to
search for the one with the consequent part that is
unifiable with either C2 or the rest of the conditions. If
this is the case, the unified condition is considered
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redundant and thus, can be removed. The subsequent
iterations are performed on the remaining conditions.
As an example, consider the following query Q, and
the set of induced patterns P.

Q: SELECT * FROM customers
WHERE total children = ‘0’
AND marital = ‘s>  AND gender = ‘m’;
P:  total childern = 0 = marital =s (rule 1)
gender = m = marital = s (rule 2)

gender = m = total_childern = (0 (rule 3)

First iteration: the antecedent and consequent parts of
rule 1 can match with the first and second
conditions of the query. These two conditions are
redundant. Thus, the where clause can be
simplified to

WHERE total children = ‘0> AND gender = ‘m’;
Second iteration: rule 3 states the fact regarding the
association  between  gender m and
total children = 0. Therefore, it can be applied to
the query Q which can be finally rewritten as
Q’: SELECT * FROM customers
WHERE gender = ‘m’;

These steps of query rewriting and answering can
be summarized as a flow chart as shown in figure 5.

Check for
Optimization

Mo

€
Yes

Optimize
Process

Ta code generatar and
execution engine

==
Induced
Patterns

[
Result of Query

Figure 5. The conceptual diagram of query answering
within the framework of inductive databases.

4. Running examples and experimentation

The proposed technique of query answering and
refinement has been tested on a business database
containing eight base tables implemented on MS SQL
Server 2000. The patterns are induced from the



customers table and five different queries pertaining to
the customers have been tested on the database. The
test are repeated five times on each query. We observe
the returned answer set as well as the response time.
We do the experiments on the personal computer with
CPU speed 3.2 GHz, 512 MB main memory and hard
disk 80 GB. The query evaluation results are reported
comparatively between the original query processing
and the answering from the query rewritten using the
induced patterns.

SELECT * FROM customers
WHERE city = ‘santa cruz’
AND gender = ‘f’;

Q1:

Pattern: city = santa cruz = gender = m

Ql’: None: detection of unsatisfiable condition
Answer: null

Time(ms):

query Test#l | Test#2 | Test#3 | Test#4 | Test#5
Q1 50 50 51 50 51
Qr’ 0 0 0 0 0
Q2: SELECT * FROM customers

WHERE city = ‘santa cruz’
AND gender = ‘m’
AND marital = ‘m’;

Pattern: city = santa cruz = gender = m, marital=s

Q2’: None: detection of unsatisfiable condition
Answer: null
Time(ms):
query Test#l | Test#2 | Test#3 | Test#d | Test#5
Q2 109 103 104 101 104
Q2’ 0 0 0 0 0
Q3: SELECT * FROM customers

WHERE city = ‘los angeles’
AND houseowner = ‘yes’;

Pattern: city = los angeles = houseowner = yes

Q3’: SELECT * FROM customers
WHERE city = ‘los angeles’;
Answer: Q3 =27,660 tuples; Q3’= 27,660 tuples
Time(ms):
query Test#l | Test#2 | Test#3 | Test#d | Test#S
Q3 1336 1442 1406 1429 1422
Q3 1126 1303 1268 1273 1230
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SELECT * FROM customers
WHERE gender = ‘m’

AND marital = ‘s’

AND total children = “0’;

Q4:

Pattern: gender = m = marital= s, total children =0

Q4’: SELECT * FROM customers

WHERE gender = ‘m’;

Answer: Q4 =71,916 tuples; Q4’= 71,916 tuples
Time(ms):

query Test#l | Test#2 | Test#3 | Test#d | Test#S
Q4 4559 | 4043 | 4665 | 4043 | 4440
Q4 3377 | 3717 | 3489 | 3690 | 3404
Qs: SELECT * FROM customers

WHERE city = ‘santa cruz’
AND gender = ‘m’
AND member_card = ‘bronze’;

Pattern: city = santa cruz = gender = m

Q5’: SELECT * FROM customers

WHERE gender = ‘m’
AND member card = ‘bronze’;
Answer: QS5 = 16,596 tuples; Q5’= 16,596 tuples
Time(ms):

query Test#l | Test#2 | Test#3 | Test#d | Test#S

Q5 1313 1908 1185 1749 1375

Q5 936 1274 1074 962 951
Queries Q1 and Q2 illustrate the case of

unsatisfiable queries in which the conditions of the
queries conflict with the existing data content. For
instance, Q1 asks for female customers who live in
santa cruz. But the induced pattern states that there is
no such customers because according to our database
most customers in santa cruz are male. Therefore, this
query can be answered instantly (i.e., the response time
is 0) without wasting the time consulting the stored
database. Queries Q3, Q4, and Q5 are the examples of
queries with redundant predicates. Once redundancy
has been removed, the query response time can be
speed up.

5. Conclusions

Inductive databases are the concept proposed
originally by Imielinski and Mannila [11] in 1996 as
the next generation of database systems. Within the
framework of an inductive database system, data and
patterns which are discovered from data are stored



together as database objects. In such tightly coupling
architecture patterns are considered first-class objects
in that they can be created, accessed, and updated in
the same manner as persistent data.

In this paper, we present the techniques of query
rewriting and answering that use stored patterns as
semantic knowledge to facilitate the query evaluation
process. We take into account two major techniques of
semantically redundant predicate elimination and
detection of unsatisfiable conditions, i.e. conditions
that never been true. We plan to work on additional
rewriting techniques and experiments with different
kinds of queries such as range queries, top-k queries in
our future research.
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Abstract: Semantic query optimization is the process of transforming a given query into a
semantically equivalent one that still returns the same answer for any database state satisfying
query’s constraints. The different of both queries is lower execution cost of the transformed
one. The efficiently optimized query depends on semantic constraints or integrity constraints
which are used to remove a useless condition in a query’s where clause. Basically, integrity
constraint is defined by user. It may not cover all data in the database. Therefore, this paper
aims at presenting the utilization of a well known data mining technique, association mining,
to assist the semantic query optimization process.

Introduction: The increase speed of query execution in the database management system is
important for database development. One popular and well known method is query
optimization. Some queries may contain confusing condition in where clause or condition
may conflict with data in the database such that no answer the exists for that query. Then it is
wasteful to execute such query. Therefore, it is our aim to adjust pattern of query before
sending it to database management system for execution. The adjustment or transformation is
based on semantic constraint induced with a data mining technique.

Methodology: We can find semantic constraint by take a dataset on the database into data
mining process. In data mining process, to find association of data. We use apriori algorithm
[1,2] in the data mining process. So the results of mining give association rule in the form of
IF — THEN rule (cause column to result column). But we adjust pattern of rule to become
simple rule that the IF part contains one cause and the THEN part contains one result as
follow:

If column_1 = “value_1" then column_2 = *value_2’

33" Congress on Science and Technology of Thailand 1



In applying algorithm, we must specify the minimum confidence value and the
minimum support value. In this paper, we define minimum confidence to be 1 or 100%
accurate for any induced rule to guarantee correctness in query answering and we define
minimum support to be zero for finding all association among data in the database. In query
optimization process, we get semantic constraint from database for comparing query
condition in the where clause. In this process we divide query into two types [3]: query with
redundant condition and query with conflict condition. For the first type of the given query,
the condition that happens to be redundant will be removed before processing the query.
Figure 1 shows an example of this case.

Original query: select * from table_name

where column_1 = ‘A’ and column_2 = ‘B’;
Association rule: column_1="A’=» column_2 = ‘B’
Optimized query: select * from table_name

where column = ‘A’;

Figure 1 Query with redundant condition

For the second case, query condition may conflict to the semantic constraint induced
from the database. Then, the optimizer can produce immediate answer and save processing
time of the database management system. Figure 2 show the example of conflicting case.

Original query: select * from table_name

where column_1 = “S’ and column_2 = “T’;
Association rule: column_1="S’ =» column_2 = *Q’
Optimized query: No execution.

Figure 2 Query with conflicting condition

Results, Discussion and Conclusion: In our experiment, we use Microsoft SQL Server 2000
database, tested on Pentium IV 3.0 GHz with RAM 512 MB machine. The data sets used in
our experiment are synthetic data and data taken from the UCI Repository(http://www.ics.uci.
edu/~mlearn/MLRepository.html). We compared execution time of original query with the
optimize query. Table 1 shows the execution time for the second type of query: query with
conflicting condition. Once the conflict was detected, the answer no is given immediately.
Therefore, execution time of optimized query is zero. Experimental result for the first type of
query (that is, query with redundant condition) are shown in Figure 4.

Query Query 1 Query 2 Query 3 Query 4 Query 5
Original query 109 ms 103 ms 104 ms 101 ms 104 ms
Optimize query 0 ms 0 ms 0 ms 0 ms 0ms

Table 1 The result of execution time for queries with conflicting condition
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Figure 4 Response time of original queries compared to the optimized queries

This paper demonstrates that the efficiently optimized query depend on semantic
constraints can be learned inductively under association data from a database and using data
mining technique to fine data association. Experimental results show that there is
significantly time different in query with conflict condition to the semantic constraint due to
there is no execution query in database management system. Execution time in query with
redundant condition depends on amount of data in the database.
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Abstract: Modern database contains a wealth of information waiting to be discovered and
understood. However, finding and presenting this information in a timely fashion can be a major
issue, especially when vast amount of data have to be searched. Materialized views help solve this
problem. To realize this potential, the query optimizer should know how and when to exploit
materialized views. This paper presents algorithm for determining whether part or all of a query can
be estimated from materialized views and describes how it can be combined to rewrite query.

Introduction: Materialized views can provide massive improvements in query processing
time, especially for aggregation queries over large data [2]. The materialized view should be
thought of as a special kind of view, which physically exists inside in the database [3, 4]. We
can improve query execution time by pre-computing expensive joins and aggregation
operation prior to execution [6]. Then create a materialized view as a new physical table
which consists of pre-computed data that are much smaller in size and able to answer the
query rapidly [4]. Compared to the original source the need of physical space is very low, but
the increased speed of the answer is substantial. For example, given a database containing a
customer relation customer (C_ID, C_NAME, C_PHONE, PROVINCE_ID) and a province
relation province (PROVINCE_ID, PROVINCE_NAME). Let c_korat_mv be a materialized
view that contains all customers who live in nakhonratchasima (PROVINCE_NAME =
nakhonratchasima). Consider the query that asks for customer whose name is jirawan and live
in nakhonratchasima. We present accessed data path on a base table, compare to accessed
data path on materialized view as follows:
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IT1(C_ID, C_NAME, C_PHONE) IT1 (C_ID, C_NAME, C_PHONE)

l G(C_NAME="Jirawan’ AND
PROVINCE_NAME="Nakhon

(2
/ \ Ratchasima’)

O(C_NAME="Jirawan’)  G(PROVINCE_NAME=
l \ ’Nakhon Ratchasima’) C_KORAT_MV

CUSTOMER PROVINCE Figure 2 Access data path on
materialized view.

Figure 1 Access data path on base table.

In this example, execution time for accessing data on the materialized view is better than
accessing data a base table. That means materialized views have been found to be very effective
at speeding up query answering [5]. Essential for materialized view usage is view selection. The
conceptual idea is selecting views that match the query’s constraints as much as possible.
According to our sample, a view to be selected is MV1. Therefore, we use this view first, thin
apply view MV2.

Q1(C_ID, C_NAME, C_PHONE, C_ADDRESS, MOVIE_TITLE)

—

MV1(C_ID, C_NAME, C_PHONE, C_ADDRESS)

MV2(C_ID, C_NAME, PROVINCE_NAME, MOVIE_TITLE)

Figure 3 Materialized view selecting example.

Methodology: We use the basic architecture for the automated selection process as proposed in
[1] and extend the algorithm for materialized view selection described step by step as follows:

Stepl. Select the materialized view that correlated with the query. Materialized view which is
correlated with the query can give the desired answer. For example, given query Q1 (C_ID,
C_NAME, C PHONE, C_ADDRESS, MOVIE TITLE), there are chances that several
materialized views can be applied. Assume MV1 (C_ID, C_NAME, C_PHONE, C_ADDRESYS),
MV2 (C_ID, C_NAME, PROVINCE_NAME, MOVIE_TITLE), MV3 (C_ID, C_NAME,
C_PHONE, C_ADDRESS, MOVIE_TITLE) are set of views that can give the answer for Q1.
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Step2. Select the materialized views which can give the best answer. From step 1 we will get the
answers which correlated with query but there are the overlapping data in each answer then in
this step we will select the materialized view that can give the best answer. We’ve get a set of
data from this step such as set 1, the materialized view indicates ID code, phone number and
address. Set 2, the materialized view indicates ID code and name of the movie and also set 3, the
materialized view indicates ID code, phone number, address and name of the movie. The example
showed that we don’t need to materialized views all the data but we can get the best answer for
all queries by selecting the materialized views which can give the best answer. In this step we
took advantage of mvBestselect algorithm and Cost-based pruning of syntactically relevant
materialized views algorithm [1] present as figure4.

M={} /* M is the set of materialized views that is useful for at
least one query in workload W */

Fori=1to|W|
Let Si = Set of materialized views proposed for Qi
C = MvBestSelect(Qi,Si)
M=MUC

End For

Return M

Figure 4 Cost-based pruning of syntactically relevant materialized views.

mvBestSelect is the algorithm that is use for selecting the materialized view that can give the best
answer and used with Cost-based pruning of syntactically relevant materialized views algorithm.

Let Si = Set of materialized views proposed for Qi

If (ISi| > 1)
For each v in Si
Vm = MaxOfFequency(v)
Return Vm
End If

Return Si

Figure 5 mvBestSelect algorithm.

Qi is the divided query and v is the member of set of the materialized view that can answer the
query of Qi, Si is a set of the materialized view which can answer the query of Qi for example:
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{MV1, MV2, MV3} is a set that can answer the query of Ql1 (C_ID)
{MV1, MV2, MV3} is a set that can answer the query of le (C_NAME)
{MV1, MV3} is a set that can answer the query of Ql3 (C_PHONE)
{MV1, MV3} is a set that can answer the query of Ql4 (C_ADDRESYS)
{MV3} is a set that can answer the query of Ql5 (MOVIE_TITLE)

Then, M is the materialized view that can give the best answer and M = {MV3}

Results, Discussion and Conclusion: The experiments were run on Pentium4 with CPU speed

3.2 GHz and 512 MB RAM. The databases used for our tests were stored on an internal 80GB
hard drive.

Databases: The algorithms presented in this paper have been extensively tested on Oracle
Database Sample Schemas 10g [6] (sales history (SH) schema) 0.893 GB database size and 128
MB Table spaces size. The result (as shows in figure 6) reveals that response time of new query is
better than original one. This process decreases compute and joins data, and thus shows the better
performance.

Exeution Time

2.5
— 2 [
O
ﬁ 1.5 O Original
g 1 — I BRevrited
" 05 I i

O 1 I 1 I I 1 I I 1

Q1 Q2 Q3 Q4 Q5
Query

Figure 6 Execution time.

Materialized views can provide massive improvements in query processing time, especially for
aggregation queries over large data. Essential for materialized view usage is views selection and
physical design.
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%%% SQO final report file: asso_table.erl
%%% input: ipum.NAMES, ipums-1999-1Krecords.bak
%%% use file: mylib.erl
%%% output:set.raw , allsortedrule.txt, factc.pl+rules.pl= rules_fact1.pl
-module(asso_table).
-import(lists,[sublist/2,seq/2,sum/1,flatten/1,split/2,nth/2,map/2,last/1]).
-import(io,[format/1,format/2]).
-import(ordsets,[to_list/1,from_list/1,is_subset/2,union/1]).
%%% c(mylib,[export_all]), c(asso_table,[export_all]) .
%%% asso_table:main() .
%%% erlang:spawn_opt(asso_table,main,[],[{min_heap_size,73662860}]).
%%% 70%
%%% erlang:spawn_opt(asso_table,mainl,[],[{min_heap_size,73662860}]). % Creat rules with new process
%%% asso_table:mainl(). % Creat rules without new process
main() ->
NameList=mylib:read_file( "ipum.NAMES"," ,.\t:|"),
mylib:text_file(write,NameList,filetemp),
[H|Tail]=NamelList, [F,C|T]=lists:reverse(H),NewClass=[F | T], % make_nornal_class
LL=[NewClass | Tail],
[Al]|A2]=map(fun([H|_])->H end, LL),AttrName=A2++[A1],
[P1|P2]=lists:map(fun(L)->allPossibleAttr(L) end,LL),%swap class to the last
PossibleValue=P2++[P1],
mylib:text_file(write,PossibleValue,filetemp1),
mylib:text_file(write,AttrName,filetemp2),Alllnput=input(AttrName),
%% write fact to file
{_,I0}=file:open("factc.pl",[write]),
lists:map(fun(EachR)->to_prolog(EachR,IO) end,Alllnput),
_=file:close(10),
DB=myToSet(Alllnput), MinSup=inputSup(Alllnput), mylib:c(20,MinSup),
mylib:text_file(write,Alllnput,allinput),
Items=my_{flat(PossibleValue),
AllL=aprioril (DB, Items,MinSup),
format("~n////////// END \NAANANAAAAA\\~n").

my_flat([H|T]) -> H++my_flat(T);
my_flat([]) -> [].

to_prolog(Fact,IO) ->
io:format(10,"~n~p(",[rec]),
print_fact(I0,Fact),io:format(10,").% ",[])-

print_fact(IO,[H]) -> io:format(IO,"~p",[list_to_atom(H)]) ;
print_fact(IO,[H | T]) -> io:format(IO,"~p,",[list_to_atom(H)]),print_fact(IO,T).

aprioril (DB,Items,Min) -> %% findSup(Set,ListOfSet)
mylib:text_file(append,myToList(DB),aprioril),mylib:text_file(append,Items,aprioril),
Cl=[{from_list([X]),findSup(from_list([X]),DB)}| | X<-Items ],
CkPrint=[ {to_list(FS),Sup} | | {FS,Sup}<-C1],
L1=[{FS,Sup} | | {FS,Sup}<-C1,Sup>=Min],
LkPrint=[ {to_list(F'S),Sup,Sup/length(DB)*100} | | {FS,Sup}<-L1],
mylib:text_file(write,CkPrint,lkfile),
K=2, LS=[FS| |{FS,_}<-L1],
AllSet=aprioriAll(L1,DB,LS,K,Min),
mylib:term_file(write,AllSet,"set.raw").

inputSup(Alllnput)->Total=length(Alllnput),
{_,Per}=io:read(" input percent> "),
MinSup=Total*Per/100 .

aprioriAll(AllL, ,[],_,_ ) -> format("~nfinal set=~p~n",[AlIL]),AllL; % return final Set
aprioriAll(AllL, ,[_],_, ) -> format("~nfinal set=~p~n",[AllL]),AllL;
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aprioriAll(AllL,DB,LS,K,Min) -> Com=combi(LS),
C_=myDistinct(usedCombi(Com,K)),
Ck=[{X,findSup(X,DB)}| | X<-C_],mylib:c(35,Min),
Lk=[ {FS,Sup} | | {FS,Sup}<-Ck,Sup>=Min],
LkS=[FS| | {FS,_}<-LK],
LkPrint=[ {to_list(F'S),Sup,Sup/length(DB)*100} | | {FS,Sup}<-Lk],
format("~nK=~w-~p, has ~w set ~n ",[K,LkPrint,length(LkPrint)]),
aprioriAll(AllL++Lk,DB,LkS,K+1,Min) .

allPossibleAttr([H | T]) -> [H++ET| | ET<-T].

input(AttrName) -> LinesList=mylib:read_file( "ipums-1999-1Krecords.bak"," ," ),
Zip=map( fun(EachL)->lists:zip(AttrName,Eachl) end,LinesList ),
UsedData=map(fun(LineOfTuple)->concat_line_tuple(LineOfTuple) end,Zip).

% shift([a,b,c]) --> [b,c,a]
shift([H|T]) -> T++[H].

genR(_,Max,Max) -> [|;
genR(L,N,Max) -> {H,T}=lists:split(N,L), [{H,T}]++genR(L,N+1,Max).

% genRule([2,3,5],3,3).

genRule(_,0, )->[];

genRule(L,Count,Len)-> genR(L,1,Len)++genRule(shift(L),Count-1,Len).
findConf({H,B},AllL) -> {H,B,searchL(set(H++B),AllL)/searchL(set(H),AllL) }.

% mainl|() is for creating rules.

mainl() ->
format('~n------------ START-create rules-------------- "),
{_,[AllL]}=file:consult("set.raw"),
AllAsso2=[list(X) | | {X,_} <-AllL,length(list(X))>1 |,

%gen Rules
AllRuleGen=lists:flatten([genRule(L,length(L),length(L)) | | L<-AllAsso02]),
AllRuleConf=[findConf(X,AllL) | | X<-AllRuleGen],
format("~nAllRule=~p ,~nThere are ~p rules ",[AllRuleConf,length(AllRuleConf)]),
mylib:text_file(write,AllRuleConf,allrule),

Sorted= lists:sort(fun({_,_,C1},{,_,C2})->C1>=C2 end,AllRuleConf),
mylib:text_file(write,Sorted,"allsortedrule.txt"),
Confl=lists:filter(fun({A,B,C})->C==1.0 end,Sorted),

%% write to file

%%% create prolog file Rules+Facts
{,I0}=file:open("rules.pl",[write]),
lists:map(fun(EachR)->transform_to_prolog(EachR,IO) end,Confl),
_=file:close(10),
mylib:text_file(append,length(Confl),"allsortedrule.txt"),
mylib:text_file(append,length(Sorted),"allsortedrule.txt"),
format("~n----------- end mainl() process ---------------- ") .

%%% create prolog file Rules+Facts

transform_to_prolog({Body,Head,Conf},10) ->
if (length(Head)==1) -> [Head1]=Head,
io:format(I0,"~np(~p):-",[list_to_atom(Head 1)]),
print_body(IO,Body), io:format(IO,"% Conf=~p",[Conf]);
true -> io:format("")
end.

print_body(IO,[H]) -> io:format(IO,"p(~p).",[list_to_atom(H)]) ;
print_body(IO,[H|T]) -> io:format(IO,"p(~p),",[list_to_atom(H)]),print_body(IO,T).

set(X) -> from_list(X).
list(X) -> to_list(X).
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searchL(Set,[{Set,Val}|_]) -> Val;
searchL(Set,[{ Another, }|T]) -> searchL(Set,T);
searchL(_Set,[]) -> 1 .% Cannot find Set

concat_line_tuple(LineOfTuple) -> map(fun({A,B})->A++B end, LineOfTuple).

myToSet(L) -> [from_list(X) | | X<-L].
myToList(SL) -> [to_list(S) | | S<-SLJ].

findSup(_,[}) -> 0;
findSup(Set,DB) -> [H| T|=DB,
Cond = is_subset(Set,H),
if Cond -> 1+findSup(Set,T);
true -> findSup(Set,T)
end.

myDistinct(List) -> to_list(from_list(List)).

combi([H|T]) -> [[H,Te] | | Te<-T]++ combi(T);
combi([]) -> [

usedCombi([H| T],K) -> Union=union(H),
Len=ordsets:size(Union),
if Len==K -> [Union | usedCombi(T,K)];
true -> usedCombi(T,K)
end ;
usedCombi([],_) -> []-

Y%o-----=---—- end of association rule mining program ------------------

-module(mylib).
-compile([export_all]).
%% extract data from formatted text file ,delimeter= blank,comma,newline
read_file(FileN,Delimeter) ->
io:format("~nRead from file:~p",[FileN]),
{ok, Binary} = file:read_file(FileN),
Lines = string:tokens(erlang:binary_to_list(Binary), "\n\r"),
ReturnL=lists:map(fun(X) -> string:tokens(X,Delimeter) end,Lines).

my_sort(max,L) -> lists:sort(fun({A,_},{B,_})-> (A >= B ) end,L);
my_sort(min,L) -> lists:sort(fun({A,_},{B,_})-> (A =< B ) end,L).

text_file(Do,Data,FName) ->
{ok,FP}=file:open(FName,[Do]),
io:format(FP,"~n%----- ~p text file:~p {Date,Time}=~p ~n",[Do,FName,calendar:local_time()]),
io:format(FP,"~p",[Data]),
file:close(FP).

term_file(Do,Data,FName) ->
{ok,FP}=file:open(FName,[Do]),
io:format(FP,"%term file:~p {Date,Time}=~p ~n",[FName,calendar:local_time()]),
io:format(FP,"~p.",[Data]),
file:close(FP).

sub_list(L1,L) -> length(L--L1)==length(L)-length(L1).

c(Line,Term) -> io:format("~nin~pCheck=~p~n",|Line,Term]).

R end of mylib module
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