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Lol Helet 4 UE= EorELC

GIOIE] AfOIAEIAES A ME7h= MAHE E2 X9 ol 22 (Predictive Model)2 44511, {22 010|CI0IE EIAESIT, ZM0|M sliE ZHS HUSIH
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o Linear Regression

¢ Generalized Linear Model XE, 2QERE 5)
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¢ Classification Trees *FE Gt

e Clustering o QIEZE|Es}H OJHIE &5
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O H0|EE FESIL QY ER glo| 2t O2F = MAHEO thah
SAl0 2| 2RSS YY5iD ZuE M2/ 4+ UASUC

« EBLEE

2ol ot 2§ H4 E SA| 22 715, ClO|E AiHHE
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SAS® Visual Statistics2 SAS® Visual Analyticsoll Add-on & 4
AF20]| Oj ZHHEB! C|OEf Z%F S AIZHX Hlo|E] B4 V1S5S MISELC
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o U2 HAE S0M 22 ME Znlo| FHS 0|XlE TR HALE 2 EA|
ojet 7ts.

o F7LEM AAS 2ol 08B (outlier) 32 F&E ZQIE Ot I XX A,

o UTH J2HZ, SIAETH, HX OB(box plots), SIE Y, HE XIE, HERA

2H
CHo||a3 S HlO|E] EM(SAS® Visual Analytics 0I).
o M &Z(correlation matrices), M (scatter plots), &At 2&(box
7

plots) OlAf #1458 EHAsin MelEl S7 B4 0l5i0] R

e |o T =

ZX|AE! 2|7(Logistic regression) £ 0I&3 -
0Tl 235 o EFfLCh

RRRRRARRRRY

2% 29 71| D8 5
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Bt DEE (Descriptive Modeling)

S2AHZ2 0|AX DTS Hot SEXQI 02 7o AN, £ 2
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OIE 222 (Predictive Modeling)
0l 222 02 WSS EFJ5t7LE 02H 7IXIE FHeH=0 ZE=0 SAS®
Visual Statistics= 418 27(linear regression), &ttst M3
2(generalized linear model), XIAE! 3|H(logistic regression),
OIAHAE E2|(Decision Tree) 2 7|HE 0|83 &8 05 2HS HME
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AEH Eg| (Decision Tree)
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Hkst M B9 (Generalized linear model)
o X|H HH=E : HEH e, OIF, X|=~, Zat, 7[5, Zoks, &7

=

o HH(offset) H X,
o FREQ/WEIGHT #H=

o Fxf
o ol

BVES
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ZIHResidual diagnostics).
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EXIAE 3|7 (Logistic regression)

¢ log
o &g
o Hip
pS

it % Probit 83 &2 HEst

MEl(Variable selection).

o HH(Offset) Ha X2,
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o TR}

o Tdl

ZIHResidual diagnostics).
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f2! S (Influence statistics).
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