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Fields = Serwer | Model | Expert | Annotations

tode: ) Simple @ Expert

Mame | Value
COMPLEXITY _PEMALTY
Lsmum_INPUT_ATTRIBUTES |255
MAXIMUM_CUTPUT_ATTRIBUTES 285
MINIMLIM_SUPPORT 100
SCORE_METHOD 4
SPLIT_METHOD 3

Specifies the maximum number of input sttributes that the algorithm can handle
before invoking festure selection. Setting this value to 0 dizables feature
gelection for input attributes. [Enterprise Edition]
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Mode: @ Simple @ Expert

Mame | Yalue
CLUSTER_COUNT |10
CLUSTER_SEED 0
CLUSTERING_METHOD 1

WA XIMUM_INPLT_ATTRIBUTES 255
MAXIMUM_STATES 100
MIRIMLIM_SLIPPORT 1
MODELLING _CARDIMNALITY 10
SAMPLE_SIZE 50000
STOPPING_TOLERAMNCE 10

Specifies the approxitmate number of clusters to be buitt by the algorittm. If the
approximate number of clusters cannot be buitt from the data, the algorithm builds az
many clusters as possible, Setting the CLUSTER _COUNT parameter to 0 causes the
algorithim to use hewristics to best determine the number of clusters to build. The
default iz 10.
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Expert

[ Figlds ” Server " fachel Annotations ‘

Mocle: Simple @ Expert

Mame |\-’alue
F&IMUM_INPUT_ATTRIEUTES |55
WA IMUM_OLTPUT _ATTRIBUTES 255
MAXIMUM_STATES 100

MIMIMURM_DEPENDENCY _PROBABILITY 0.5

Specifies the maximum number of input sttributes that the algarithin can handle

before invoking feature zelection. Setting this value to 0 dizsbles feature selection
for input sttributes ., [Enterprise Edition]
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[Fields”Server” Modgl || Expert Annmaﬂonsl
Mode: Simple (G Expert

Mame |Value
FLaMUM_INPUT_ATTRIBUTES |255
MLIMIUM_CUTPUT _ATTRIBUTES 255

Specifies the maximum number of input sttributes that the algorithm can handle
hefore invoking feature selection. Setting this value to 0 dizables feature
selection for input sttributes. [Enterprise Edition]
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Mode: Simple @ Expert

Mame |Value
HOLDOUT _PERCEMTAGE |20
HOLDOUT _SEED ]

ML IMUM_IMPUT _ATTRIBUTES 255
MWLM _CUTPUT_ATTRIBUTES 255
MAKIMUM_STATES 100
SAMPLE_SIZE 10000
HIDDEMN_MODE_RATIO 4.0

Specifies the percentage of training cases used to calculate the holdaut error,

which iz used as part of the stopping criteria during neural netwoark learning.
[Enterprize Edition]
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Mame | Walle
HOLDOUT _PERCEMTAGE |20
HOLDOUT _SEED 0
MAXIMUM_INPUT_ATTRIBUTES 255
MAXIMUM_OUTPUT_ATTRIBUTES 255
MAXIMUM_STATES 100
SAMPLE_SIZE 10000

Specifies the percentage of training cases used to calculate the holdout error,
wehich iz uzed as part of the stopping criteria during neural netvwork learning.
[Enterprize Edition]
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Figlds | Server | Model | Expert || annotations

Mode: (@ Simple ® Expert

Mame | Valug

P IMUIR_ITEMSET_COUNT | 200000

WA MU _ITEMSET_SIZE 3

WA IMUIM_SUPPORT 10
MIRIMLIM_SLIPPORT 003
WIRIMLIM_IMPORTANCE -399999993
MIRIMLIM_ITEMSET_SIZE

MIRIMLIM_PROBABILITY 04

Specifies the maximum number of temsets to praduce. If no number is specified, the
algorithm generates all possible temsets.
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Fields = Server | Model | Expent | Settings = Annotations

wode: @ Simple @ Expert

MName | Value
COMPLEXITY _PEMALTY 01
MIRIMLIM_SUPPORT 10
PERIODICITY _HINT {1}
HISTORIC_MODEL _COLUNT 1
HISTORIC_MODEL _GAP 10
MISSING v ALUE_SUBSTITUTION Mone
[UTO _DETECT PERIODICITY los
MINIMUIM_SERIES_ ALLUE -1E308
MAXIMUM_SERIES_vALLUE +1E303

Specifies a numerical value between 0 and 1 used to detect periodicity. Setting
thiz walue closer to 1 favors discovery of many near-periodic patterns and
automatic generstion of periodicity hints. Dealing with a large number of
periodicity hints will likely lead to significantly longer model training times. If the
value iz clozer to 0, periodicity is detected only for strongly periodic data.
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CREDIT F—&El CREDIT1  CREDITSCORES

ARNU—AEFEITTDHERD SQL WA K I ET,
DROP TABLE CREDITSCORES

CREATE TABLE CREDITSCORES ( "field1" varchar(1),"field2" varchar(255),"field3" f
loat,"field4" varchar(1),"field5" varchar(2),"field6" varchar(2),"field7" varcha



r(2),"field8" float,"field9" varchar(1),"field10" varchar(1),"field11" int,"fiel
d12" varchar(1),"field13" varchar(1),"field14" int,"field15" int,"field16" varch
ar(1),"KEY" int,"$M-field16" varchar(9),"SMC-field16" float )

INSERT INTO CREDITSCORES ('field1",'field2",'field3", field4", field5", "field6","field7" "field8",
"field9", field10","field11","field12",'field 13", 'field 14", field15","field 16",
"KEY","$M-field16","SMC-field16")

SELECT T0.C0 AS C0,T0.C1 AS C1,T0.C2 AS C2,T0.C3 AS C3,T0.C4 AS C4,T0.C5 AS C5,

T0.C6 AS C6,T0.C7 AS C7T0.C8 AS C8,T0.C9 AS C9,T0.C10 AS C10,

T0.C11 AS C11,70.C12 AS C12,T0.C13 AS C13,T0.C14 AS C14,

T0.C15 AS C15,T0.C16 AS C16,T0.C17 AS C17,T0.C18 AS C18

FROM (

SELECT CONVERT(NVARCHAR,[TA].[field1]) AS C0, CONVERT(NVARCHAR,[TA].[field2]) AS C1,

[TA].[field3] AS C2, CONVERT(NVARCHAR,[TA].[field4]) AS C3,
CONVERT(NVARCHAR,[TA].[field5]) AS C4, CONVERT(NVARCHAR,[TA].[field6]) AS C5,
CONVERT(NVARCHAR,[TA].[field7]) AS C6, [TA].[field8] AS C7,
CONVERT(NVARCHAR,[TA].[field9]) AS C8, CONVERT(NVARCHAR,[TA].[field10]) AS C9,
[TAL[field11] AS C10, CONVERT(NVARCHAR,[TA][field12]) AS C11,
CONVERT(NVARCHAR,[TA].[field13]) AS C12, [TA].[field14] AS C13,
[TAL[field15] AS C14, CONVERT(NVARCHAR,[TAL[field16]) AS C15,
[TALIKEY] AS C16, CONVERT(NVARCHAR,[TA].[$M-field16]) AS C17,
[TAL[SMC-field16] AS C18

FROM openrowset('MSOLAP',

‘Datasource=localhost;Initial catalog=FoodMart 2000',

'SELECT [T].[CO] AS [field1],[TL.[C1] AS [field2],[T].[C2] AS [field3],
[T1.IC3] AS [field4],[T1.[C4] AS [field5],[T].[C5] AS [field6],
[T].[C6] AS [field7],[TL.[C7] AS [field8],[T].[C8] AS [field9],
[T1.[C9] AS [field10],[T].[C10] AS [field11],[TL.[C11] AS [field12],
[T1.IC12] AS [field13],[T].[C13] AS [field14],[T].[C14] AS [field15],
[T1.[C15] AS [field16],[T].[C16] AS [KEY],[CREDIT1].[field16] AS [$M-field16],
PredictProbability([CREDIT1].[field16]) AS [$MC-field16]

FROM [CREDIT1] PREDICTION JOIN
openrowset("MSDASQL",
"Dsn=LocalServer;Uid=;pwd=","SELECT T0."field1" AS C0,T0."field2" AS C1,
T0."field3" AS C2,T0."field4" AS C3,T0."field5" AS C4,T0."field6" AS C5,
T0."field7" AS C6,T0."field8" AS C7,T0."field9" AS C8,T0."field10" AS C9,
To."field11" AS C10,T0."field12" AS C11,70."field13" AS C12,
T0."field14" AS C13,T0."field15" AS C14,70."field16" AS C15,
T0."KEY" AS C16 FROM "dbo".CREDITDATA T0") AS [T]

ON [T].[C2] = [CREDIT1].[field3] and [T].[C7] = [CREDIT1].[field8]
and [T].[C8] = [CREDIT1].[field9] and [T].[C9] = [CREDIT1].[field10]
and [T].[C10] = [CREDIT1].[field11] and [T].[C11] = [CREDIT1].[field12]
and [T].[C14] = [CREDIT1].[field15]') AS [TA]

) TO
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ITWAEA, ODM 1%, 73U XN ERT — X A HEIICET

LE9, s,
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Oracle Attribute Importance (AI)

BYEOEEEOHMIX, HRICHEETLITFT -2y FOBEME, BXY
R 7RI EE 52 DEELY R4 Z & TJ, Oracle Attribute
Importance &7 WMERK / — RNiX, T—X &0, "Z— %k, BHE L
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LRTEET,
F—RRPT—REER: T—ARXS 74— L EREBZESNLTWELEES, =
DA aryTIEFERT 2R 0T =2 DOHEHEHL T, ETVEHE
HLFET, FEMIX. 4 FE F—H%[X4 /— K in IBM SPSS Modeler 14.2
AN —FR, 7mtx /J—F HhHh/—F 2R LTI7ZI0,

BET—4%E: (1lg ®H) Oracle Data Mining ® B#)T — & ¥EfiE— K
EHEMME (T 7NN FRIXENMELEST, ORI ART v I &
NTWBEA, OM X, T3V RACHE LT — % % B8 T
LE9., #EMiX. [Oracle Data Mining Concepts)] ZZ&M L TL 72 &0y,
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AT DT 74V FOBREEBETEET, TO®K, UEOET VEEE
XTHEHTEZ7 40—V RO Ty NEERIRT L2012, AT —A~
EFNLEBMTEET, £201F. TEFTLVOAERKICET LV 77 0PN T
BIMOZ 4=V REBRIRLEZVERZMEBELIZV LT, 20X KT
EEXTAZLELTEETS, L. TNV NOEREIXFENLL EE
ELRLTHLETIN Ty MIEHTE 2D T, 227 V7 MEERTD
Hzxk L Cix, fricE A9,
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T EEY B THEDIHEHINDDERED 7 N, WETEET,
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RDF o7 LEEENFBRINADT, Z7A4NEZV L TTHT 40— R
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va ST ETHS, MBS TENO T 4 — /L RERIRLTZD, &
WEMBELZY T&E £,
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o EEENEN, BN, BEEENMIW, ELTADNT =V RET UL
FIT 500X, T A FOAFNICERINET, 25D
Eix, ETAER/ — FNTHRESNET,

Oracle ETILDEHE
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Ny MBS, 1FEAFRELCI I T E9, 72721, SPSS
Modeler W CTHARK X724 Oracle ETF WTERIZIZTT —F RX—RA P ——
FIZHDETNAVA~DODBRBTHL R ED, HEREFEWVLNRW O0H Y £,

ETIVFTIRD [H—R—]14T

ODM &7 /)L DOA#ESE 1L, IBM® SPSS® Modeler %@ U C SPSS Modeler N TE
FNEER L. &5IZ, Oracle T — X X—ZANTET LVEEMRE - IXEHR
LET, ZoOfMED SPSS Modeler EF/NMIL, T—H _X—Z Hh—"—|Z
BHISNTWATF—Z_X—2 EF)LONEBEZEM L F9, SPSS Modeler
IZ. SPSS Modeler EF /L& Oracle EF/LOMGFIZ, Fl—DFF IV F—L
FHNEERLUTHML, BEETF =y 7 2FEITLET,

FNEFEND Oracle TTF/LVHAOF— XFIX, [T LVO—E] AT
oy Ry 7 A0 [FFIUER] FICERENET, SPSS Modeler EF /LD
X —3CFEHX, SPSS Modeler EF /LD [H—R_—] 7D [£FFIL F—] &
LCEREINET (AN —2ICEINTSGA),

ETN Ty OEA TR Ry AZHD [BAE] A& L, SPSS
Modeler &5 /L & Oracle ETFTNLDF—N—FHTENE I MERHRET S
7O TE EJ, Oracle IZR CARIOET LRRWVNET L F—
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ETI)N STy bO [BERH] 27T 2T AEOLD BESN) . T
NWNTHEHT 27 =K (74— F), ETNVOBERICEHT IHIHRE
(FEEORE) . BLIOETNLVOFE (FEHOER) 12OV TOFREE
RLUZET,

J— REHO TSRS HGE, [ERN] F70REHAC R THET,
HHIOFME R AR T 51013, HEOLEMICH LB Fa—/L 2 L
THHZERAT 2., 3 [TRTEBE AX %227 U v 7 LTI _XTOR
RERTLET, RKboTREZRITICE, Bz Fre—nZffio
THHOREEZPA L 20, £ [FRTELE] AF¥ %227V v 7 LT
TRTOREREZIERRICLET,

BESH: FEOETNVIZONVWTOEHRER RLEST, ZOET L F
Ty MIER SNV TWDKEE DT ) — REFIT LTS E . ZOE S
BRI va iZERENET, s, 6 & KESH/ —
K in IBM SPSS Modeler 14.2 AJJ/— R, Yutzx /—FK, Hh/ —
F 2L T 7ZEV,

T4—IE: KB 7 4 — LV FBIXOREFAMEEROAN L L THEbIS
T 4=V RRFREINFET,
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BEORE: 7 WVHERFIEONLIREFTRBFRINET,

FEOEHN: T NAOME, ETAVOMERIHEDONTZA MY —L0 FF
NOPERRE . BT VOB AR, 6 X OVE TV ORI 72 & OIF#Ds
FRINET,

Oracle €T JL 5D [RE] 27

ET)V FT Y RO [RE] ¥ 7T, ETMER ) — ROREDOL T v a v
DERTHE, AaT7 VU ZTOHHTELESEL LN TEET,

Oracle Decision Tree

BHOEIARMEER : Oracle Decision Tree ET VTR A &
TEHENEIDERELET, FEMIE. p.65 BOHEaA N 2L T
<TE&EW,

JL—ILEERIF . BIR L7755, L=V ikBFDH|D Oracle Decision Tree
ETVITEBMESNE T, V— i F1x. BEOSEINERINE Y
U—n ) — RE#LET,

Oracle NMF

FTRTOBEERT: HEOEEDOAOETIEAR <, Oracle NIF E7 /LD
EREFEDORE 1D BXOWEREEZR R L ET,

Oracle ETIL DY XA MMERL
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[Oracle ETILD—ERRIFA4705 Ryov R

EdList Models

Server: Local Server

Database connection:  clemdgad@l 19Ora

Maodel Mame Madel Information |Model Type
A 05/01/2009 07:55:57 1 & MNaWE_BAYES —

b4 A8 05/01/2009 07:43:54 / Ffm  MaNWE_BAYES

AR 11/03/2009 06:53:34 [ field3 | ADAPTWE_BAYES_METW...
AB1 10/02/2009 08:33:39 /Druy | ADAPTIWE_BAYES_METW...
ABTA 10/02/2009 08:57:29 /Druy | ADAPTWE_BAYES_METW...
AB2A 10/02/2009 08:58:20 / Druy | ADAPTWE_BAYES_METW...
AB3A 10/02/2009 058:55:53 / Drug | ADAPTIVWE_BAYES_METW...
AB4A 10/02/2009 09:00:14 f Drug | ADAPTIVE_BAYES_METW...
ABSA 10/02/2009 02:01:15 / Drug | ADAPTIVE_BAYES_METW...
ADAPTIVE_BAYES 09/02/2009 06:15:56 f Drug | ADAPTIVE_BAYES_METW...
APR 11/03/2009 07:04:26 f APRIORI_ASSOCIATION_R...
APR1A 03/01/2009 02:57:52 f APRIORI_ASSOCIATION_R...
APRIORI 11/03/2009 05:17:52 ¢ APRIORI_ASSOCIATION_R...
CHOLESTEROL 11/03/2009 07:28:37 f MM _DESCRIPTION_LE...
DaNSDRUGSDT 17/02/2009 05:43:21 fDrug  DECISIOM_TREE
DECISION_TREE 26/03/2009 07:4%:19 /Druy  DECISIOM_TREE
DECT 16/02/2009 06:35:34 fDruy  DECISIOM_TREE
DROGUE 03/01/2009 08:13:11 { Drogue SUPPORT _WECTOR_MACHI...
DRUG 21/08/2009 03:45:56 1 MMM _DESCRIPTION_LE...
oT 11/03/2009 06:53:45 [ field?  DECISION_TREE
DT14 03/01/2009 02:57:51 /BP CECISIOM_TREE
DT 03/01/2009 03:46:05 / Drug ~ DECISIOM_TREE
DL, 03/01/2009 03:43:31 fDrug  DECISIOM_TREE
FIELC 2702/2009 10:37:30 ¢ hIMIURM_DESCRIPTION_LE... [+

Fetrieved maclel details from database server:

FETMZONT, ROERPERSINET,

B BTG ETALOLET (VA MEY—bT 50 ENET)
B ETIER: BEAL SRV LEREINT-TT L T —IHH
B ETILOEE: COET NVOBEIHEHINZT VT Y X LADLHEI]

Oracle Data Miner

Oracle Data Miner I Oracle Data Mining (ODM) IZxf9 B2 —H— A
B—T A A THY ., LIFTO IBM® SPSS® Modeler D a—H— A X —

7oA A% ODM HIcEX#1x £, Oracle Data Miner |X, ODM 7 /L= U
ALDEIRIEICEBNTT F U A MORFRE LT 5 L5 IR ENT
WET, ZOLSRAEZ, W OnDFETRL L E1,
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B oW, F—FOWEL T A TY XADORR O H IR B Fik
AT AHEAICL0ELS O EEAVEL LE T, Oracle Data Miner
X, T4 ~A = /iR AR L CGlEY R FEE R T 2
LR, ZOMEEERIZLET,

m Oracle Data Miner ¥, EB L OMLE SN TR AN TEELET VO
HLEEWMOT 4P —RNIZED T, TET NV EEBROBRELRTT DHEIC
BIFH=7 —RAEKSEZRBLET,

Oracle Data Miner M IEHHE D E=H

Oracle Data Miner |%. [Oracle Data Miner MD#E&H] A& %4 L C.
Oracle® [HEZ], [/ —Fo@EM], BLIW W] oroxA4T7a s
Ry 7 AL ThHERBITEET,

@ 4-34
[Oracle Data Miner M #2&h] 7R2>

=

Oracle Data Miner @ [#EfEDMRE] ¥ A 7 v/ K v 7 AL, Oracle
Data Miner DT 7V r— g U NEEITARNIIC2—F =T RENE
T (772, [~R—= TF UV r—varv] A7y a rnNmilcERSh
TWADZ ENREHETT),

T ZoFATns Ry 7 A%, ERSNIERL D ROVEEIZOR
RESNET,

[ 4-35
Oracle Data Miner @ [EfiD#|E] ¥4 7045 RyHv R
=2 Edit Connection ,;:,:5. x|

Connection Mame:

Connection Settings

User: | clemdey |

Pazswwar: | |

|:| Save Pazsword

Host: | locathost |

Part: 1522 |

SID: |oRa |
|£| |i_KJ | Cancel |

m Data Miner O#EFi4 A f5E L. U7 Oracle 10gR1 E£7-1% 10gR2 @
P —R—fEHAE A LET, Oracle ¥ — 3—|% SPSS Modeler THRE
ENTWED LRI —R"—IZTHLERHY 9,
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fith (ERORT v 7 TER) 2WMETLHLOOLF T a v ERLET,
4-36
Oracle Data Miner @ [#EHDRIRN] F 47045 KyHv R

Oracle Data Miner - Choose Connection i 1'

Select a data mining server connection.

Connection:  |test = ]

[tew...| [Esit..| [ potte |

Oracle Data Miner D EAf:, A A h— b BXOEHICBE T

DEEHIL. Oracle @ Web $ A h® Oracle Data Miner

(http://www. oracle. com/technology/products/bi/odm/odminer/odminer_install_102.h
AL T EEW,
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Oracle Data Miner D 1—H'— A2 —Jx (R
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IBM® SPSSe Modeler D7 — X 3E| ) — NiL, T — X DEEELFZITT 57
DOMEL DT 7=y 7 ZEMELTWET, BUTF—ZSENEIEN, H—
D7 4=V RICHBEHDOT7 4 — VW RIZLEHTES LI ICEREINTNE

T, T—H By ML TT—XoEElEE2FIT79 5 &, BIEI AR S
U, SPSS Modeler @ 7 4 —)V R{ER/ — RPERRCTE DL X H 1T &

T 74—V REREEIZ, SQL ICEM T, ET LVOBELLIRRaT
VU 7 ORNCEBATEEY, o7 e—FTiE, 50 E, T—F45F|
%£ﬁ¢574~va®&/—%®% BB BECE TN, T—4F5
HOREIX, EEOET NMAER Y A7 THAHTE £7,

ERHIE

Support Vector Machine &7 /L ~D AJJE LT S5k (BEH
FH) 74—V RiE, ETAVEEETHENCERILTILERDH Y 7, [0
IFOETNLOEE, EHIZ. EFAVEDPSL A a7 2 HERET 57201
HLMETT, SWM ETVOKETIE, [z-2a37], [Min-Max], F7201F &
L] #@IRCTExF3, ESLREIL. Oracle XV ET AR T 0+ A
D1 AFyTELUTERSET, LT, ZOFEHIT SPSS Modeler (2
Ty7r—RE, TOETMMIHRMNINET, AR, FREIL SPSS
Modeler @7 4 —/b FYERRRUIC AL S 4. 127)/7%07 X %
TIVZETRIC, TOT7 —2O¥HICEHAINET, Zo%E. EHt
X, BT AAER S A7 LEEICEBR L TVWET,

Oracle T—2 IA=245 Dl

[BM® SPSSe Modeler & J:(Z ODM Z i 9 2 HIEIZ DWW TR T 5 | 2&
2DV TN AR —AREENTVWET, TRHHDA MY —A
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A= TENANFITHY ET,
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¥ ¢ Demos 7 A /NVFIZiL. Windows @ [AX— K] A==2—@ SPSS
Modeler Y 7' L TN —TINLT VB2 ATEFET,

WDEA MY — A%, EFKFIZEITT S & Oracle Data Mining L3
% Support Vector Machine (SVM) algorithm provided with Oracle Data
Mining ZffH L7127 —% ~A =07 TrtRA0flé LTHEHTEET,

A RY—A B

1_upload_data. str TS5y N TrANDT—F BB L
T, T—HR=A~T v 77— K7T5%
7Dl fEH SN ET,

2_explore_data. str SPSS Modeler TO T — X EZDHI & L
THHINET,

3_build_model. str F— A R=ZAEEFEDOT VT XL EH
HLzET v aHE L 7,

4 evaluate_model. str SPSS Modeler TOEFILFEHOMH & L
THEHINET,

5_deploy_model. str Fe B _X—ANRAaT YT DI
ETNVERRALET,

E o AR FETFTTHICIE. AN —AFRIERICETTALERD
DET, EBIC, FA M) —2FTDODANBLIOETAAERK , — RKiX, #
A4 DT =2 RXR=2ADFNT —H J—AEBRTDHLHICHFT IS
WHRHY FT,

YT AN —ATHEHEINDGT—%Ey ME, 2V Yy b — RS

BT 220 THY, 7 VAR LR Tl 7 ¢+ — L RORIEIZ DN

T, DHEEOREAIERLET, 2OF—% &y bOFEMT. 7L %

) —A LB 74 NMEICHD crx.names 7 7 A NVESR LTIV,
TOT—H v ME.,

ftp://ftp. ics. uci. edu/pub/machine—learning-databases/credit—screening/

\Z% % UCI Machine Learning Repository 7>5H AFFRIGE T,

AN —LDOH - T—E2OT7yIO—F

BHAIDOA N —2] 1_upload_data.str i, 77 v b 77 A VDT—HX %
BE LT Oracle ~7 v 7 u— RT53DIFEHINET,
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Oracle Data Mining (21%., —B&® ID 7 4 — /L RRXLELRDO T, Z DOFIH
AR —AF, 74—V R{ER/ —REMEH LT, 2=—772MH 1, 2.,
3EFO ID EWOHARIOH LT 4 — /L RET—FEy MZBMLE
IBM® SPSS® Modeler ¢ @INDEX 73

T ZOT 4=/ FERR/ — FTIE,

R THET,
B — RiZ, REMEOLEIZFEH I, crx.data 7F A~ 77 AL
MOEFHHPIAENTZZED T 4 —)L RENILL fHCEZXH 2 9,

AM)—LDH - T—2DRE

2 ZBHOHIOA NY —A, 2_explore_data.str ZfEH L T, BHHFFB L
N7 E, T—FOMEERET LT — XA — FOMHFIEZH

L E4, FEMi,

6 3= F— XA/ — F in IBM SPSS Modeler 14.2 A
J1/—FR, 7etx J—F HhHh/—F ZZHLTEI0,
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n —
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TR BEVR— I NNDOTFZT72ZTNI ) v $HE FBESNET 4 —
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DETNAEELHALET, 7 —FX—ZAAJ)/—F (CREDIT) % ¥ 7 /v
7V w7 LT, T—H4 VY—AEEELET, MEREELETT 5121, #
H)— K (OO T )V CLASS, T—% Y —RA%ZRET D & FIELDI6 (Z
BE) X TALTY v LET,
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ZIERL £,
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AM)—LDF ETILDO ST
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EHLIET =2 _X—=2ANET MEROFI R ZHRA L ET, TV EZFETT
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45

ETLERBERORT

T—7) J—K&EETN FHF Yy MEHLT, EERIEL T,
$0-field16 7 4 —/L RIZ& 47— A D fieldl6 O THUENFE T L. $0C—field16
WZZOTROREEEMENERINET,

4-44
ERSN-FRICETEHRERRLE-T—TIL
Table {20 fields, 342 records) g@}
lh Fiie |5 Edt ) Generste (@] ]
Table || Annotations |
ield12 | field13 | field14 | field15 | sttt & | Partition [ID | $0-field16 | $0¢-field1s |
1 g a0 - 2_Test.. 454 - &6 P
2 g a0 352 - 2_Test.. 456 - 0&l6
3 g 240 0 - 2_Test.. 456 - 0420
4 g 1600 - 2_Test.. 460 - 0&1a
5 g ® 0 - 2_Test.. 463 - 0&1a
B g 20 e - 2_Test... 464 - 0&20
7 g a0 5 - 2_Test.. 471 - 0&20
8 g 30 1000 - 2_Test.. 474 - 0&1a
5 g 20 5 - 2_Test. 477 - 0&1a
10 s g1 0 - 2_Test... 450 - 0&1a
11 g 240 35 - 2_Test.. 431 - 0&17
12 g 20 a0 - 2_Test.. 482 - k]
13 g 128 6 - 2_Test... 434 - k]
14 g 0 as - 2_Test... 436 - n&22
15 g 180 1 . 2_Test.. 439 - n&22
16 g @3 Bez + 2_Test. 491 + &8
17 g 50 2000 + 2_Test. 492 + k]
18 g 40 0 . 2_Test. 494 + 0&17
19 g 240 0 . 2_Test. 435 + &6
20 g 160 s8B0  + 2_Test. 497 + k] =
E1 I —— |
ETILIERLFE R O FLAE

G = FRzERTLL. FPRTZ 4=V FEXTOHRT 4 —L RO —
BN = R —BUATHI BN TE £3, MREZRT 212304
J—FEEITLET,
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Oracle Data Mining [Z&% DB T4
X 4-45
PHERDBFEREE D [BESH] 20
@] Analysis of [field16] =)<
B B B L I ]l
Analysis u

Collapse Al Expand Al

E-Resutts for output field field16
B Comparing FO-figld! B with figld16

¢ |Correct 288 S4.21%
- Wrong 54 1579%
. | Total 342
E--Coincidence Matriz for FO-field1 6 (raves show actuals)
i +
s 137 14
40 151

(o]

F—7 %, Oracle SWM 743U XAV ERR S LTI, 84.21%
DWERTELN-T2Z ¢ ERLTWET,

P ) — REMEHL T, ZOET ML PORE, BENRLEINT
MERTTFA Y T 7HERTEET, MEERRTDHICEFME, — F
EFEITLET,
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ML, 2 ® IBM SPSS Modeler Solution Publisher MOENMES 1 in IBM
SPSS Modeler 14.2 Solution Publisher Z&M L T 7Z &V,
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IBM InfoSphere Warehouse & IBM SPSS Modeler

IBM InfoSphere Warehouse (ISW) i%. IBM @ DB2 RDBMS (ZH#HA A E 17~
F—k A= TNAITYXLDT7 7 I —%HR—FLET, IBle
SPSS® Modeler %, k™ IBM 7 /LI Y X ADHEEEZYHA— N LET,

T Vary VU —
T E—vary Jb—)b
TET T T4 JTARY T
Kohonen 27 2 A% U 77
= A Jb—)b

28 [0

PRI [E] )5

2 T Am] R

Naive Bayes

0y AT 4 v 7 Al
ST

NSO TNATY X LAOFEMIZ. IBM InfoSphere Warehouse DA A k—

A%

WA BT A2~=aT7 VEBRL T EEN,

InfoSphere Warehouse ED RS ICIHELEH

InfoSphere Warehouse Data Mining ZffH L CTF —H# X—ANDET /L

TERE FATT 556, LFOSUERFIRSEEE D £79, Btk -T

I, IRDDOFRERHTZENTNDENT —F X—RFHF TR WA b T
fER LTS EEW,

Windows FE7zi% UNIX E IBM® SPSSe Modeler Server A » A h—/L{C
%9 % IBMe SPSSe Modeler 04T,

IBM DB2 Data Warehouse Edition Version 9.1

E kS

IBM InfoSphere Warehouse Version 9.5 Enterprise Edition
WIZHIT D K 912, DB2 ~DEHLIZMEN T 5 0DBC 7 —H# Y — X,
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I T _N—=2 BT MAEMI LU SQL AeiE{k TiX. SPSS Modeler
Server f##¢h> SPSS Modeler = > B o —#& L THREETHR TR £
o ZOBREERMNCTDE, T—FX=—R2 TALIAYXLIT 7EAL,
SPSS Modeler 7% SQL ZEBET w2 /N7 SPSS Modeler Server (T
T RATEET, BEOTA L A AT —F AEMFET 5121, SPSS
Modeler @ [~/VT] A==a—0n0 N—UaviEiR] 2 @I L £9, 56
IZ. 3 # IBM SPSS Modeler Server ~®###¢ in IBM SPSS Modeler 14.2
a—%— A K 2L T I,

InfoSphere Warehouse LD D EFE XL

IBM InfoSphere Warehouse (ISW) Data Mining & @ IBM® SPSS® Modeler
DG 2 AN [Zi%, ISW ZFE L, ODBC Y — A &{ERL LT, SPSS
Modeler @ [/\/I//\— TV r—vav] BATaY Ry ATHRAEEZE
T DHMERHD 9, 51T SQL ERB X O EELZ /I L ET,

ISW D E

ISW 24 A =L LTRET H1Z1L. [InfoSphere Warehouse A > A
=] A ROfERIC ﬁEO’C<71§U\O

ISW @ ODBC Y—RDER

ISW & SPSS Modeler D#EfEZ AT HIZ1E, ODBC v AT A T —H
V—2% (DSN) ZAERKT AHLERH Y £T,

DSN Z1ERd B RiIC, ODBC T —4% Y —AB IO KT A DR FfiF
L. SPSS Modeler 7 —X X—RX%&H%R— T HLENH 3, FHAM
X, 2 B T —X~DOT7 7 A in IBM SPSS Modeler Server 14.2 &I
XORT == R A K 2R LTIEEZ N,

IBM® SPSSe@ Modeler Server & InfoSphere Warehouse Data Mining 23 % #U
R barCa—F ETEITEINTWDIHEIX, MFOoa sy Ba—%
(2[Rl C ODBC DSN ZAER L %9, MWD ar Ea—X T, Z® DSN IZ[F T
LT O ENRSH Y £,

» ODBC RIANEA L A= LET, 2OV U —XIZfET 5 IBMe SPSSe
Data Access Pack f v A h—JL T 4 A 71ZH Y £, setup.exe 77 AL
EFEITLTA A N—F2EEL, BHET LRI\ EZTXITHERRLE
T EE EOERICEST, FIARNEAL A M=V LET,

» DSN ZAEpk L £,

W Ama— = AFFEHT 5 Windows OX—T g k- TR
ZAL/I= 0 BN
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vV v v Vv

B Windows XP: [AX — K] A==a—b, [avka—L /SRIL] ZIER L
9, [BEBY—L] X777 Y vy L, RIZ [FT—2Y—X(0DBC)] %
XTNr w7 LET,

B Windows Vista: [A X — F] A==a—5, [avbkaO—iL 3R] — [SRTL
ATFFUR] BBINLET, (EBY—L] X TNV Y w7 L, RIZ [F—
Ay—2R] ZERL T B 227V v 27 LET,

B Windows7: [AX— h] A=za—)G, [avbkaA—IL 3R] — [VRTFLE
tXaF4] — [BEY—IL] ZERLFT, [F—4 Y—Z (0DBC)] % IER
LTI #27 Yy 7 LET,

[VRFLDSN] #7 %27 Uy 7 LTob, EBm #2270 v7 LET,

SPSS OEM 6.0 DB2 Wire Protocol R 7 4 /3% 3R L £,

(7] #27 Vv 7 LET,

[DBC DB2 VA ¥ Fu bz RIA4N vy NT 7] X470 Ry
J AT, WEFEITLET,

B T—H% VAL ERELET,

m P 7 FL AT, DB2 RDBUS & FATH 5 — =Dk A M L
e

TCP A— MZIEF 74/~ (50000) 2 &L E1,
Bt e DT — 2 RXR—ADL4RIEEEL £7,

[FRMESGI 227 U v 7 LET,

[DB2 VA ¥ Fubhayicalty] 470l Ry AT, F—
HAR—2AERENORAGAENT -2 —Y —Z LA —KZ AL, [0K]
7 Vv 7 LET,

[Connection established! (JEMEMFEILLELI)] E WV A v —UNRNERINET,

IBM DB2 ODBC DRIVER : ODBC K 5 1 »37% IBM DB2 ODBC DRIVER D&%,
WD FNEIZHE - T ODBC DSN Z{ERE L £,

ODBC ¥ —% Y—A 7 RI=A ML —HFT, [VRFLDSNI X T &7 v/
LCrn, Em #27Y vy 7 LET,

[IBM DB2 ODBC DRIVER] Z#i#{R L T, [ET]1 %7V v/ LET,

IBM DB2 ODBC DRIVER @ [EMI] W4 > RO T, T—4% VY —RX&4%EAT]
L. T—ZXR—Z20 A YT AL T Em 2V v s LET,

[CLI/ODBC fXE—<T —H VY —A%4>] U4 RUT, [T—% VY—R] X7
o, T R—=AFHENLRA SN2 —Y— ID EXAT— K& AD
L. [TCP/Pl1 X T %27 U v 7 LET,

[TCP/IP] # 7T, W&E A LET,
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B lo DT — HZ R— 2 4,

TR —=ZADITA YT AL (8 XFLLTF)

BT — 2 _XR—RA = R—DKA

B R — &=

> BT — A RN—R = R—DRA N HEAR— B R [Xa)Fo A T3
VAT EZ D) T L, [FaUF4 A TLavERETE (FTaV)] ZERN L T,
T 7Nk ([(H—/1"—0O DBM BEHNOREEFEALETD) 22T ANET,

> [F—2Y—RIFZT 7 Vv L, & E7Y) v LET,

[Connection tested successfully (BE#ET AMEKIMLELE)] W) X v EB—I0N
BRINET,

J4—FK/3\vyHFE® ODBC DERE (A Fav)

EFLFESEH T InfoSphere Warehouse Data Mining 75D 7 4 — KNw 7
2T HY . SPSS Modeler TOEFAME LT vy L EALTEXAL 951215
IZI%, BEETIERRL7- ODBC & —% Y — 2%, WROFIEICH > THELF
T, ZOZEFNETIL, SPSS Modeler 1%, FF ¥ 27 v a v & EIKEFELT
THZELIZEY, T=HAR_R=2 a3y FENR DB2 T — X & i
HIENTEET, TOLBIZLDIEENLERGAIL, T —FX—X
BHEIZBHRWEDEL I,
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X 5-1

[ODBC DB2 74 FALIL KSA/N wybT7yF1 54705 RyH R, (5] 27

ODBC DB2 Wire Protocol Driver Setup

General Advanced |Modify Elindingsl Failoverl Aboutl

Add to Create Tahle: I Help |
Alternate [D: I Translaie |

Catalog Schema: I

Default Isolation Lexvel: 0 - BEAD UNCORMM

Character Set for CC3I0 BRE3E: I

Feport Codepage Conversion Errors: IU -lgnore Errors LI
[v Application Using Threads
[v Use Current Schema far Catalog Functions

[ With Haold Cursars

2| x|

Apply |

SPSS OEM 6.0 DB2 7« JFALIJL F54/\: Connect ODBC R 7 A D5 E

E. RO FIMEITHENET,

» ODBC ¥ —4% YV —RA 7T RI=A ML —HFZiEIL,
V—ABEIRL T, MBRIAF 27 ) v LET,

AT TR LT — X

» [ODBC DB2 A ¥ Ymbha)gy RIAN vy NT 7] ¥A4T70ad Ry o

2T, @2 7 %7 ) v LET,

> T 7N NDOSEEL LA [0-FEASvREARYIIZRE L, [0OKlEZ 27 VU v

7 L/i‘g—o
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X 5-2
[CLI/ODBC SRE1 #4705 Ry R, [EMEZTE] 27

CLI/ODBC Settings - DB2_JPTEST _IBM il

Data Source  Advanced Settings |

Select a parameter to change its value.

CLI Parameter | alue | Pending “alue | T pel Description Add

. B

Hint

See the DBE2 Release Motes or Information Center far information on this keyword. :I

QK | Cancel | Apply | Help |

IBM DB2 ODBGC Driver: IBM DB2 R A DAL, RO FNEIZHENF T,

> ODBC F—4& Y—A 7 RI=AhL—X%2EBL, fIETERLET—X
Y- AEBRL T, BRIARZ 227V v LET,

» [CLI/ODBC #%E] ¥4 70V KRy 7 AT, [E@ZEI X 727U v 7 L,
Bl ARZ %27 ) w7 LET,
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o

X 5-3
[CLI/ODBC /A5 A—A]1 54705 RyHI R

Add CLI/ODBC parameter il

Selecta CLI/ODBC parameter

TRACEFLUSH ;|
TRACELOCKS

TRACEPATHNAME

TRACEPIDLST

TRACEPIDTID

TRACEREFRESHINTERWAL

TRACESTMTOMNLY

TRACETIME

UNICODESERVER
USEOLDSTRCALL
-

WARNINGLIST

Hint

Setthe defaultisolation level. This keywaord is only applicable ifthe ;l
defaultizolation lewvel is used. Ifthe application specifically sets the

isolation level for & connection or statement handle, then this keyword will
hawe no effect on that handle.

[
QK I Cancel |

» [CLI/ODBC /X7 A—X DiEM] XA 7 wa 2 K7 AT, [TXNISOLATION]
RTGA—FEERL, OKIEZZ7 Vv 7 LET,

X 5-4
[(DBELANL]I A ATRYT RyHIR

Isolation level il

® Fead Uncommitted (Uncommitted Read):

(" Read Committed (Cursor Stahbility)
(" Repeatable Read (Read Stability)
(" Serializable (Repeatable Read)
Mo Commit

Mote: the term in parenthesis is the |BM equivalent for SALIZ isolation levels

Default I Dk Cancel
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(DB~ V] XA T ay Ky 7 AT, [Fazvrmrasmyl 2R L, [0K]
z7 Vw7 LET,

[CLI/ODBC OFE] ¥ A4 7w Ry 7 AT, [OKINTFTA—=F &Y w7
LT, %EZX%ETLET,

InfoSphere Warehouse Data Mining IZ X > THEIND 7 41— Ky
70E, WO TERRENET,

<ITERATIONNO> / <PROGRESS> / <KERNELPHASE>

I TOEWIIRDEY TY,

m TERATIONNO> [E, T— X DBIEDNRAFZ %2, 1 bR LET,

B <PROGRESS> X, BIfEOKEOEEIRMZ, 0.0 775 1.0 £ TOH
FCTrRLET,

B <KERNELPHASE> [X. v~/ =7 T2 XLDOBED T = — X%t
B L ¥,

IBM SPSS Modeler T InfoSphere Warehouse Data Mining D#iSE B ZIZT 5

SPSS Modeler C InfoSphere Warehouse Data Mining & {2 DB2 %% Wl
BRIZTAICE, £ [~RX—= TV r—vav] X470l Ry
ANHEEZATIOLENH Y £,

X 5-5
(NVIR—TFFUr—232]1 584705 RyHo X, [IBM14T

Ers-7300 —>ay

S

PASVY Statistics | Oracle | Microsoft | 1BM

[&] InfoSphere Warehouse Data Mining # & &5 it
&

[¥ InfoSphere Warehouse Data Mining EFILELE S L L5 L LE-Ea 08t

=]

[&] InfoSphere Warehouse Data Mining 185 & mi2gh =5k

IEM DE2 Intelligent Miner Yizualization M3EFTF 7 - D532 | D

[ InfoSphere Warehouse Data Mining #45 — #F 72 3 »E5E#HE

4

[ OKIO) ] [#?D‘LVJL-[CJ]
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» SPSS Modeler MDA == —HWROMEH ZEIR L E T,

Y—IL>ATay > ANR—FIT)5—3y

> BMl ¥ 7 %27 U w7 LET,

InfoSphere Warehouse Data Mining D#i &2 EXIZT3 [T —FZX—2 5
YT RNy "INELERREINTORWEAIR, 2oLy FEFECL
T, T4¥Yay V)V— TIvxz—vay, V=LA TTAKY
7 BLXOEFZR E O ISW Data Mining #5857 /v 23U X LD ET AR
%/ — RZBMLET (O y MI—EFHITT S &, SPSS Modeler
T4 RO FEICHICRRIRINET),

DB2 #fi: T NLOMEE LM AT 257 7 4/ @ DB2 0DBC 77— #
V—ZAEEELET, TOREEZHEADODETVORBEETH—R"—F 4 FL
T, T J—FRuaAftrenTcaxEd, EKiEs (1) R¥ %
77 LT, T—% J—AEEIRTEET,

ETNMAERO B THERT 27T — X X—AEERIL, T —%7 78 AIHEH
THEREFELTH-oTH, BERoTCWTHHELY A, 728 2R,
HD DB2 T—HRXR—=ZADT —H|ZT 7&®AL., SPSS Modeler (2T —H & &
voua—RLTZ V== RFDOMOBIEEITV, EDT — X ZHID
DB2 T —H_R—=R T v 7 ua—RLTETIMMERT DAY —LNAHET
T, HOHWE, AV PFNADT—HNRNT T v b Tr7ANLREDMD Y — R
(DB2 LA b sHmabdEd, ZOHREIX, 7—F% DB2 IT7 v
77— RLTETAMERTHLERDHY 75, WThofzsds, 7—4
T, BT MERICHEH SN T — 2 X—R B SN — 7 — 7 iZ
VEIWZISCTHBEWIZTY v e—REh 7,

InfoSphere Warehouse Data Mining i S €T I L EZHIZEBLETE: 2 D4 S 3

VEBBIRLT, T RXR—RITKEMA SN TWNDET LNEL LT SPSS
Modeler TEEX NNV E2MHEALET,

InfoSphere Warehouse Data Mining ETILERTTS: ZDOA4 T 3 il ko
T, DB2 WM SN TWDHET LE—FHR AL, £I06ET LVEHIFR
THZENTEET, FMIE. p 128 T—HXR_X—R EFLDO—EHK
™ AEERLTSEEN,

InfoSphere Warehouse Data Mining #RE{LZHB#MICT S HRILE =2 — L %
AL AR=VLTWDEEE, 2 THMIC LT SPSS Modeler TOfE
HZErRIZLET,

Visualization BfTAIREI PAIL~AD/R : Visualization ¥ a2 —/VEITT 7
AN (A VA R=ILENTWBHEA) O, 72L& 21X, C:¥Program
Files¥IBM¥ISWarehouse¥Im¥IMVisualization¥bin¥imvisualizer. exe & 72
D E9,

B & 5 Visualization 7545 4> T4LHOKR): R 7%
Visualization 79 v > a 77374 (f A M—Jb
SNTWBEHA) O%ari, 72 & 21X, C:¥Program
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Files¥IBM¥ISWShared¥plugins¥com. ibm. datatools. datamining. imvisualization. flash_
LR ET,

InfoSphere Warehouse Data Mining /N7 — AL av FMITE: 5 — X X— 2
NO~A =27 T RAZAEYHERIREZHEL, FFEDOET IVIC
HLTEDMDIEREOA T v arzawy FIA VR THEETE £,
AEVHIRIZEY, HEAEVZHIL, NTU— 723 D -buf IZfH
FIETEET, oD T a2 2 Ta~vr RIA4 VERTHEE
L T. InfoSphere Warehouse Data Mining IZJE9 Z &3 TEx£9, ZEM
I, p. 132 RU—F T ar EBBLTIIEEN,

InfoSphere Warehouse /SA— 3V DFERR: [/ L T2 InfoSphere Warehouse
D= a VEERL, THEAON—Ya U THR— IR THRNT —
¥ wA = TR EFEATOIREO T —ERELET,

SQL DA ERBEILEEFRIZTS
» SPSS Modeler DA =2 —MHROEHRZERIR L F9,
Y=L >AT ar > [a—F— FFav]
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> [R#E] ¥7E7 Uy LET,

> [SQLER] 7> a VDA >TWAZ LR LET, ZOFRTEIT.
T — A R—=ZADET NWAERPERET D 72 DI TT,

> [SQL £FOEELL] & [F0MOEFTEREL] 2B L T GExFios
RTIEH Y FHAN, RELEINT-NNT =~ RAE2EHD-DII, ER
THZEERSBEIOLET) |

ML, 12 B ik 3 O E in IBM SPSS Modeler 14.2 =—
e A K 2L T TEE N,

InfoSphere Warehouse Data Mining Z{EFAL CETILZ
£95

InfoSphere Warchouse Data Mining CTETFT NV AHEEST HI121%,. FEHEF—X
Yty &, DB2 T—HR—=ANDOT =T NVELIIE 2 —ICHETIVLENDH
DWEJ, F—Z) DB2 [T WHE . E7-1%. DB2 miﬁzm\ff‘ 4 i
B3 & LT IBM® SPSSe Modeler THLERT B MENH H5EIL. 7 —XIFTE
TIOVKEEEDRNZ, DB2 O —pTFT — 7 VI HERIZT v 7 DHFéﬂi?‘o

ETILORATI T LR

ET)V AaT7 VU ZIXEIZ DB2 TiTH4L, InfoSphere Warehouse Data
Mining I2 L » CHEITENE T, T—# 2 IBMe SPSSe Modeler WNIZ&H -
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E] #7 ([(FRTOIVSATHREEEEDHD] T =7 KNy 7 X)) THEHTTRER
ZAaTREMOA 7> 9 T, SPSS Modeler 7 Vi — g B
= U ADETIVCIE, WL ODLDOENE B E T, SPSS Modeler T
1%. IBMe SPSS® Modeler Solution Publisher ZfEH L T. FEITD DI
FITEINTZA MU —LPHND S InfoSphere Warchouse Data Mining £ /1
AT Y7 TEET,

WDT 4 =)V N, T NVEAaT V7 L TERESNET,
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F—JL 5-1
ETIL RATYLY T4—ILE
EF O 2aF v rF Bk
F4vVar VY — $1-field 74—V ROEEDT
W,
$1C-field 74—V RO RO TH
DRERE,
$1C-valuel, (FF>vayv) 74—
$1C-valueN Ko N OEOHAEEE,
a7 $I-field 74—V ROBRBEOT
W,
$1C-field 74—V RO B O T
DRERE,
JTAEY T $I-model_name Ahva— Kok s

FALZEID HT,

$1C-model name

AV a— KOk
ﬁ?z&%b%f@ﬁ%

T E—va v

$I-model_name

Jb— L —E DA T,

$IH-model_name WCHAT A T A
$THN-model_name ST A T A DL

$1S-model_name

JL— )L —F DOV R— K
1@0

$1C-model_name

S — v — B DR BEAE,

$IL-model_name

J——F DY 7 ME,

$IMB-model_name

—BTDHIRIET AT L E
TR ET AT By
O (T XTORET
AT EEZEIRIET AT
Ay MR ZOHE—
HLTWALERD D=
O, RIET AT AEZIT
AKETATH By O
&AM ,

=R

$I-model_name

V— b — B DT

$IH-model_name

=V —H DT AT
VAR AN

$IHN-model_name

N—N—FDRIAT A 7
ANDT A T LD

$1S—model name

=L —F DY R — MHE

$IC-model_name

Jb— )b — B DR FEAE

$IL-model_name
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