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2.4 Data Mining Tools and Technologies
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2. Decision Trees
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A A
END USER
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DATA SOURCE

(PAPER, FILE, DATABASE, OLTP)
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1997)
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Data Mining Process

Analyst Teviews

=y
\ Output

Preprocesscs

IECE

- Repart
Data sources 3:::1 &?C;Jil::é w- | rindings >
Databascs, flat E
files, ete,
Search for
pattorns - Interpret
erics, rulos, Results and

Drata warchouse
mapping schemg

neural nets, ML, ) take action
/\ statistics ete., Revise and refine
qUeTics

71 2.8 1AAINTZVINUNTIANT Data Mining

v o d (Y]
ANNTNNUEIZTiI19Data Warehouse NU Data Mining

1. 52UUAAITOYA (Data Warehouse)

A o 9 A a Y A vy 3 v '
ﬂ@ﬁ%ll‘ﬂﬂﬁ\?‘l]@HalW@ﬂWiUﬁﬁWiqﬂQﬂ@@ﬂ!LUUNTLW’OGlGMﬂUGUﬂﬂaﬂlu’]ﬂiﬁiyiugﬂ

QU

1UU RDBMS (Relational Database Management Systems) nuYs zﬁ‘nﬁquq Tusznundede
9 A o 9 A = Y [ I < = [

A VOUANYUFDUISYNTIVIIY ﬁﬁﬂlﬂﬁﬂuuﬂa\‘liﬁﬁ"mﬂ@ﬂ'ﬁfﬂﬂ!ﬂ‘ULLaZﬁWNWimﬁﬂﬂﬂﬁ‘UNT
IN Y 1 < 9 Y 1 ' dy ) Y o o a 4 '

GlGIfllﬂ’E‘JfJ'Nﬁ'Jﬂlﬁ’J gnaed Tﬂﬂmagamm mmngﬂumﬂ% mmumﬁamiwmmzmﬂu

zﬂ' v A [} d‘ = 1 9 (Y] o Q'

!i@ﬂﬂ'li@lﬂﬁualiﬂ (DSS) Iﬂﬂﬂ?ﬁﬂ!ﬂﬁﬂ\iu’ﬂ (Tool) 19 MWi%iuﬂWﬁﬂﬂﬂTi‘ﬂTiWﬂﬁTu LagInNy

a A ) [ v A 3 A 4 a o v A o
‘]Ji%ﬁ‘ﬂ‘ﬁfﬂWﬁ'"I“VTﬁ‘]_lﬂ'lﬁﬂﬂﬁualfﬂalﬁji’lmﬁﬁﬂﬂsﬁu Iﬂﬂé}‘ﬂﬁﬁ'ﬁ UNINUAUINU LASUNUAITITH

o

¥ = 9 A A I Yo A
allﬂlluaﬁ1ﬂ'lﬁﬂ liﬂﬂﬁ’]ﬂlf‘)ﬂua 139 Query L‘Wﬂﬂlﬁllﬂ’i‘lJﬂWlf)‘UﬁlugﬂlL‘meiNﬁWENTL! Hniv 319

o W

& A A t:y A PR A v A ) 4 1 o a3
i nsl Fansosedl ﬂ@‘lﬂanﬂu ﬁ\iﬁﬁlﬂﬂfluau%ﬂguﬁlﬂ\L]ﬂﬂﬁllﬂQ’ﬂ'J']llﬁ']!iﬂﬁluﬂizﬂau

msmsaaaule

@ o o J

nyuadiAydmsuesnlszneuvesszuuadoya

The integration environment N3350 IMY0YANNUNAIAE

The data warchouse environment M3daMsdoyalioguuIATF LAY

(Homogeneous model)



35

. . . d v % =) 4
The decision support environment 1funszuIumsaivayumsaadullngldinios
ﬁ’é]ﬂ'NG] 1% Ad-hoc querying, What-if analysis, Analyzing or OLAP and Data mining 9%
a o a a 4
TumsInsizi Tomanegsne LagmsNuEuFInagns
d v A
2. szuuMsInszHideyanazyalumsaadule (Data Mining)
4 Aa a Y a Y ' =2 9y
24ANI 3N Iaammzg3na TRUTMIA I TNIALIANA NN INAN B9 Ya 91NN
Trusmsieaswanuianelavesgndmied1dusms  waznismsvimsdeyauaziive
{ g 4 1 3 Aa A Aa A ..
yamilulsg TemimaniumnldIntilszansom vazldilsz@ninagega Data mining 19
& o v A o ¢ 1Yo : ..
Wunauedingieiiedns ligdihluaaia’ld FunaTulad data mining 18 14nmianih
a o an a o 7 4 o
nuMsAATIzENNanatazmalauuuiacs  lumsmzluouuazanuduiusvesgiudo
A 9 v 9 J A = Jas
ya (database) H30V0YAUUTZUVAGIVOYA (Data Warchouse) Y0I09ANTNHOUDY FIN15 1935
1 <3
5355A1 010 JiE@NTON U
v v d
3. ANUENNUEIZHI Data mining iag Data Warehouse
{ v o Jdo J @ 1
ANUNEIVOIFUIUTAUTL1I19 Data Warehouse N1 Data Mining ﬂgﬁ Data Mining
A A o o v v & Hq 9o ..
ADINAUA 8Hﬁ1§ﬂ1uﬂ15ﬂuﬂ1gﬂllﬂﬂ (Pattern) VOIUBYAWI Tool 11991 Data Mining LN
1 { ) I
A19910 Tool N1y msAuvwazswauTaenall Tasldgnsausimer13ily Package Tu
Aaw Ao a a dy o dy ) 9 Y a s 9 a
Software Tools UTHNNAUHUFINVAWITOFD Tool AT IANINTIUANDUNIADS AeImNALIA
UYDY Data Mining 9819191 Neural Networks, Decision Tree, Statistical Processing g Data
1 o a 4
Visualization i]$?Hllﬁﬂ%ﬁﬂiﬁ!ﬂﬁZ‘Tﬁ’si]gﬂlLUU%@QQLLQ&’JW?WW%@QQGI,H Data Warehouse
o sldd? Y A o A & o o o @ 1 2 Y A 1
mldavuy  wnTduilnadigedaiduianndueseg 1510nez 1Agusedn Warehouse

Enabled OLTP fo Application N5 usameImsanvayumsaadulaninmsiiData

Warehouse 1182N1351/5217aWa11 Online Transaction Processing : OLTP



36

gﬂ!!ﬂﬂﬂlﬂﬁﬂ’l‘iﬁ%ﬁﬁi%‘ﬂ‘ﬂ Data Mining mmsmmnaanmna’mmm Data

% v % dw
Warehouse Tatiluanuazaail
1. Data Mining Above the Warehouse
) [ a <Y A 9 1 @ 4
L‘I"ilﬂ%ﬁWW‘iUﬂTﬁ’JLﬂﬂZW’U@{J,aﬂﬁZﬂfJ‘]J ﬂhliJGLGHLﬂW‘ilJWWﬁﬂ"UfN@Qﬂﬂi (Key

objective) H3odoyasiuau lun luadududon Janyuzaanin

S

/‘_h

Data
Mining

Data
Mining

Conceptual
View 3

Conceptual
View 1

Conceptual
View 2
External
Lagical Sch
RO

Physical Schema

3 1 2.9 uaA3 Data Mining Above the Warehouse

2. Data Mining Beside the Warehouse
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#1134 2.2 Business_info

Age Rent_period Buy
23 3 No
36 1.5 No
20 1.5 No
27 2 Yes
20 1 No
50 2.5 Yes
36 1 No
36 2 Yes
22 2.5 No
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SQL #1431 Decision tree ¥oaiadaiimjuii 2 ya dmiviadeunazedn
1. SQL @1%5V root node ﬁﬂﬁ

SELECT B.rent_Period , B.Buy ,COUNT(*)

FROM Business_info B

WHERE B.Rent Period > 2

GROUP BY B.Rent Period,B.Buy

M1379 2.3 HAaNTV99 SQL d131 root node

Rent Period Buy Yes No
1 0 2

1.5 0 2

2 2 0

2.5 1 1

3 0 1

2. SQL #1%5U node tTY child MIVNVLI root AD
SELECT B.Age , B.Buy ,COUNT(*)

FROM Business_info B

WHERE B.Age > 25
GROUP BY B.Age,B.Buy
TN 2.4 LLﬁﬂQNﬁﬁW‘ﬁ"’U@Q SQL 19151 node ﬁrﬂu node NNNVINVDN root
Rent_period Buy Yes No
20 0 2
22 0 1
23 2 1
27 1 0
36 1 2
50 1 0

Y] P 1 [
naanin lduaaz 11MuAYa Decision tree 380791 AVC sets (Attribute value , Class

Y 1 < 1 4 @ J
label ) 9109108198 19AUIZIAN IR 11T 2 AVC sets o 1F lumstangugnd
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HEAIIBNIAS19 Decision tree lumniinenui

Top-Down Decision tree Induction schema :

BuildTree (Node n. data partition D ,split selection method S)

(1) Apply S to D to find the splitting criterion

(2) If (a good splitting criterion is found)

(3) Create two children nodes nl and n2 of n

(4) Partition D into D1 and D2

(5) BuildTree (nl ,D1,S)

(6) BuildTree(n2 , D2,S)

(7) Endif
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