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Mining the Commonality of Credit Card Holders
Based on Sratified Sampling

and Rule Induction
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Abstract

In the advent of plastic cash, eventually we changed the spending and saving
habits. According to the statistics of the Department of Finance announced in October
2003, the cyclic credit amount has increased 32.33 percent compared with one year
ago. The cumulated interests and annual revenues increased 31.4 percent compared
with same period of last year, as well. What is the implication concealed on this report?
What should credit card issuing institutions respond to this information? The cyclic
credit from the cardholders is the main income of issuing bank; consequently the

relative risk it carried is very high.

In our research, we are aimed to figure out the commonality of cardholders who
apply cyclic credit, based on customer’s ability in paying back the debt, expense
pattern, credit allowance and profitability of issuing bank. With the popularity of
information technology, we are surrounded by data generated in an unpredictable
speed. Facing this gigantic dataset, to extract useful knowledge and its implication

becomes a hot research topic waiting us to resolve.

Among various classification algorithms, rule induction is the most applied
technique in searching the rules out from homogeneous dataset. But with more
attributes of entities and large amount of training dataset studied, the learning time in
inducing the rules also doubled. So that we tried to stratify the dataset first, followed

by inducing the rules, hopefully it would save processing time significantly.

Keywords: knowledge discovery, data mining, stratified sampling, rule induction,

cyclic credit
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(Linear Discrinant Analyses) ~ = =~ % 4|~ #7 ( Quadratic Discriminant

Analyses) ~ 48 % | 4 47 (Logistic Discriminant Analyses) -

(2). 31 1 szt s (Modern Statistical Techniques) @ b 43k 872 3 Bl 282
( Projection Pursuit Classification, PPC ) ~ % & 4t 7 ;# ( Densty
Estimation ) ~ k i & i1 #8 #8:% (Kk-Nearest Neighbor ) , 7] % i

( Casua Networks) ~ £ <32 % (Bayestheorem) -

(3).2g 4 5 g (Neural Networks) » ] 4rif @ vE 4 g5 ( Back-Propagation
Network ) ~ Kohonen i # #-4] ~ % & 4 i % i (Probabilistic Neural
Network - PNN) ~ # & 3§ . (Hopfield Neural Network, HNN) i &

£ ¥= 32 % e i (Adaptive Resonance Theory Network, ART) ~ B B 18 22 1R
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#e 2 (Bidirectiona Associative Memory Network, BAM) ~ 3 &4 o #ic e B2

( Radia Function Networks) -
(4). £ # = £ (Support Vector Machine, SVM ) -

(5)./&- X A= ;2 (Decision Tree Method s) » &4 ID3~CN2~C4.5~ T2~ Lazy
decision trees~ OODG ~ OC1 -~ AC ~ BayTree~ CAL5~ CART ~ ID5R~ IDL -~

TDIDT ~ PROSM % -
(6). &K R 7 & ;2 (Decision RuleAlgorithms) )4 AQ ,% ] ~ LERS % -

(7).~ s 8 ¥ % % ( Learning Classifier Systems) &) 4~ GOFFER-1 -~

MonaLysa ~ XCS % -

(8). Bk T 2Lp ;% & ;4 (Association Rule Algorithms) » 4~ APPIORI o

24, RRIFHE

AWESY RS kg ¢ o RRIF S (RuleInduction) snd ¥ 2 % B B LR
2t R R 2 - ’*ﬁaﬂ‘lﬁp’fﬁpﬁ?l i Em B FVREG Y F S K E g A
ST T RS A H RRI[24] c RAFR RHAFEFDLE S S AR
AL A AR - SRR R AR (Tree)shd i > N > 11 ID3 5 7[22% 5 i 5 &
BERAM ¥ - s ifthen.,, sV Rl A E 22 o 12 AQ k7

RIS SR S e

ID3 4 7]/ & 2 e 4 B % A 1966 & ¢4 Hunt ~ Marin ~ Stone% 4 i ;%3 £
PR R R LR AN E Y & 5 (Concept Learning System, CLS) -

F19 1970 # i+ 4 1 Ay E(Artificial Intelligence Al)& 3 # JR. Quinlan & * & i

18



BLA B Zafigt #7258 0 T ¢ & 5 ID3(Itemized Dichotomizer 3) - p ¢t 1D3
REBAFET A » T F BN fecaygd2 B 8 521 80 & :ID3

APV E R o

CLS (1963)

ID3 (1979)

ACLS (1981) ASSISTANT (1984)

Rulemaster (1984) EX-TRAN (1984) Expert-Ease (1983)

Bl 8 ID3 Fo&4 M i i gt B ¢

¥t 02 B £ i3 5% & % (Algorithm for Quasi-optimal solutions, AQ) [28] <% 4 %«
5 F 4 1969 # d Michalski (1969) *7# &) « AQx 7% & ;2 &2ID3 4 7% & /2 %
Fef H A 4 it g% s ifthen.., siE 7N R P4 > @ 2 7 rggigl» R AL e
B E @ TR S v 3 TR FI R 5 AR 44 % s (Decision Support System,

DSS) 2 & F_% (Expert System, ES)#7 /i * » & 1983 # Michdski € 3! * 7 STAR

FwEE e L T AQIF B E I R 2T > ¥ b 4 L AQLIS e hts i enk ?\%'ﬁ
HRCET S AQAFIIFE A BT AR E 5 enFTIRg o b T [20~22~28~33~37 -~
3] :

(1).1983 # Larson §= Michaski 1 AQLL -

(2).1989 # Clark = Niblett 7 CN2 -

(3).1986 &= Michalski, Mozetic, Hong, f= Lavrac -7 AQ15 -

(4).1991 # Bloedorn 4= Michalski 1 AQ17-DCI -

19



(5).1993 # Bloedorn ~ Wnek ~ Michalski = Kaufman =7 AQ17-HCl -
(6).2000 # Kaufman 4+ Michalski 1 AQ18 -
(7).2001 # Michaski f= Kaufman 7 AQ19 -

(8).2004 & Michalski f= Kaufman 1 AQ21

2.5. LEHITE

AEFEEY B e d Makhoul % (1985) #7#% ) ke K-T 322
(K-means)[32]> A @ % 7 fidid K- 302 20 2 i 218 h 2 2 & & 1969
# Ruspini( 1969 )3 1 7 Hok 4% A ehC-L ¥9;2 5% 5 % 514 & ¢ J. C. Dunn(1973)[25]
{r J. C. Bezdek(1981) [18] #-H @b g i * B # A4 &1 T

C- T332 | (Fuzzy C-means Method) -

Fuzzy C-means (FCM ) 7 e A~ #i 4 + 7 gﬁl B e K-means g 5 2 0

¥ d

7R e (Relation Matrix)# &7 ~ #ea v AR B F Tz by £ 4

)

ok AR TR R RA R LG 4 OFTE[09) -

2.6. RIS

BRI 0 BN R - BT (A0 R )R
p 7 Z 1 (Uncertainty)fe 8 (Variation) )k i ? B2k S8 202 o | 2 A
WA REOFRT QA PRI FEEa- fEE 22 [13-19) 0
B FEES ALY > TN - BT T SRR PR BT

FOUR SR  E kAT o
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[ yx 20

v’l.JF

2l B

SUT

m o PR AL

FALE £ IR R T g 8

F]4e T [04]
(1).3 "LenF R o

(2). B TR o

(3). 1 & Hhe® R & 2

ES R

(4). 48 & s 4] -

'i:fﬂ- —“’«’iﬁ.rﬁ#r;‘r ’ rﬁﬁ:ﬂ‘{@ﬂ’ﬁ '\

EAFER I kA 2R AL R R

(5). e TR 4SS ARG b AEAE -

,l-)
R

MR NP 2

TR

L

sz B

(1).7

IR F

(2).7 R RA -

PO REARRE LB ARIE o F

). ¥ & Al

P F R EME R R TR 0 A A

P o

. S T

(1).1#% 5 3 #& (Probability-Sampling) :

¥ % dy R P

L2 30k 73 5%

NEPPZFE O TERL

¥ 5 3 s 57[10]

(SRR

) I,Z[_t.i.

o

T

(IR LAY TR

%P

B ERATE T H A

&7 Heh 4

AR T 1L

)
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AR nE - BERAEY ORI AE BRI E G 22 PR
A TS F MG R - BERA PR F 0 b0 S

BhY LI R
a [@HEHF K (Simple Random Sampling) :

ARV FMBA > T2 AW BI L GREEA EF - B
Az oL wrpE o GHYEBRH KA T LAEEN RS
F2 Ao BHNEBMERER AT HA WSS ) e
B R 4B o

By E s R P

® R > AL L AR AN LrE- iR
@ Hi2 R X AR SHAE = Ak BT B o
b. ki (Systematic Sampling) :

PARYOE CREFRAE R NP RIERE RSB FE

WBIERM B A o 5 - BRAKEY §HEBR RO
K (3 $5Ed4) =N (* 82040) /n (3 A R460)

WG A BRI YRR R B
T EERBEAT RN TRR LG o T ARG FniE
TR R A A R B B SR A R e Aok G P L
B R A BA MY A A R BRERERE S T B ERR
BRI E fp o 02 PR PRFITHE - G 2 P RFL DT A

= HakEko
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A K bt (Stretified Sampling) -

LA Y et B e R R R (MY B k) H14
HEAFAIS K REE R h BT R R
B* AR BROPEE R - B3R A O B BRI RALS LR

P ek & o
57@_—»,; :

® LuALKEEAAMBASLEIROLRBLA LY D

AR S ﬁ] v B o

@ LUAKERMAWHALEIR L RLR Y DGR

e cviE B AR 0 Bots kSl R E R B A o

AR R B OFIGE R A & - BB TGRS A Y
R RN e AR A S Ak R A S

135%‘\»’5‘0‘@ °

R AR

@ URLHEAPAL P EREAMARETE AR

I -

® CUIRGEL A NIRRT KRR L R A

F_&

RHAREFIARRE
) J‘j?’ﬂ{k_ﬁ”ﬁ 2] &ﬁﬁ%?vﬁm%if%é/”\%%i °

Ao\fé] kL B FFB%E :
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O ot bla Ktk oL AR kP anH dep F A

FH fcp gt £ KPBIF A jE o

® FGIAKRE Gk A Y Gt E L HEA
BR g AH S SR 0 AR LTNHT B
FAREFLEPAT A EAAIT Rk AT R
G2 RRPE 0 P E B RS A R clihR TR T A AT B
PAT LR b R AR R I Y LR R %
H e

3 8 4 # (Cluster Sampling) :

PREDE T ZE BB A LS HPBM o v S Y ES
FB— ] R RS TR N EE S B ERMPN 0T R E
A AR A o ¥ HM AR BT R HE SN R - kR e

AR 4 g e 2 o

BRPTEF SR R A R R R

Tzt g g oo
B R AL REY AR E -
— LRI SRR SRS S F - S B RRAR RS PR 2k AT o
ARt R B R R ]

S HAIN SRL B ]

34

AR iR LM L Rk o

HERFE R LI HW2ZF L BR) > 7 FHMPNNPEL R i

=1
g

S o HMFEER D AENEREY AL RFEROTRARS LA

SOEEARA G H AR R FHAA AR A BT HH
24



HAhs G kF P2 R AL G o
e. 4~ B3 (Subsampling) :

FRAF TG KM RS A BIRRER .

A MR N S A KA A e SR pE
AW 2 B A2 e T RRY AR

®  LBREMEY ST HE TR -

® FiTiifkisi 4 frigd
BB E B R E A L
PRCHE R Rt RS SR E R r o SR A RS
f. 4 & 3 # (Replicated Sampling)

WA A S EI R SR EEERE A - TG A KRS

CEVE- 33 18P
(2). 24 7 o 4%

FPERBERIRD o AR Pl SRk S H R kR Bk

j& o #%J*;%:riﬁﬂz o

a {13 # (Convenience Sampling)
ARAZERET Y RIBETHRADNEFE Al o 4o iR 7 A T35

- ’]},Jo
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£ 54 $ (Judgement Sampling)

bt M2 EARIR T AP P R R BCTC) L PR R HR R L K
RERBE A B R E L FHA R M A T R bk
W Bl § M A ST P ERZ AL B2 TR 2

o

fefE 44 $& (Quota Sampling) :
B TP TERA e g2 BB BA s L 8B
FAH R RSFLIAMR AR A R I 2 E

BIAMY 2 HFABH PERARENE > TL2 Lo
Feffdb 82 & K 4o R 2 vt g

"‘f*'fﬁ‘}iﬁ_ E R AE AR é.#f#” G| Fedwm - RIS ’é'fg—
FERD LB ABFRER K ORI 7 - %64 25

TRBAER| R B Bk 0 R E R AN A B BB

E 2 IR (Snowball Sampling)
FIPEP S 2 AR EABEN R P E L R R R R

LA PEH e Lo M2 P2 A REEFLS S A
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Iy \H

=7 fm‘#t \ﬁgu 3 ooT IRt ep BE TR A TR B E ;rr,,; ,}#

v

ForR B iIE R T BRE L BHF AR BT A L2
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|
i

i

s
FTIS
""—“5&

SR RS KB B SRR S RE R L F R

Bt e

31 FiHE

&~

¥ - R merE o YR AR S EREEREP HEHEY T &
1

"—-ﬁ‘--‘
FeinM A g 2d o AER AR Y B G E AR R B R LR
%*

G oAfHBE A FENEMA S LS MRS BE AEA
WMo R EREL LI UREBTERIE AU IA L R AL
dONFRERA GV EFREL T NORR RZ LY LA KA A

3
&
=
A
c

N BTl § ¥ g STEEE

Flot GBI RRR R R AR S R TR T AR &
BoRFEFNFETHE F FEFOLIED G AL FIL BRI AT B

SREAF RN PE R Y TR AR & SRR R T

N TR LT REER R BETREARE -
AECLPERFFEPEEFENLERNT LB PLBARAF I AR

[05~15] (4@ 9)> 10 A v syl 54117 L) § F IR S - PR
Feil BRSO A Bl F R B TR R 0 S R T
B R ) BB R b AR R et B SR Y R

TORAE BB e AV A v AP RO S - EERNE S A R Y
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32. PRI ReH:
AP BRI SH BT AL A A FALEREEE S KB

FEARPIFRE KRG B R RSBV LS BT

(1). #BFREE2 T HETHEIEFE R PP R

RALZ 28 DA™ FFampL P RpN > g s 5 gL

BRI 2T Ao

TRE RO HE FTORE AN FD G R AT e g

o

B2 P A kFF A ERIR 2 5 o

(2. THEAFEE PR
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3).

(4).

(5).

(6).

(7.

(8).

(9.

FHACH » THBEE A8 0PI THR (£48) b7 Hop A
I -

TEBEAZ L ZRFLEEFTRAEEHK (40F 10)-
reEeg T AL R R B 80% R TR T AL FT h20% R SREETAL o

AT RET A TAQ AL (TR F L A L AR L KRBT A

BREAREE D PE RS (4Rl 1)
YR 2B A EAHRT B 0K BEL KR E IO S -
WO e A K e RS F 2 B RES o

HYRmRSREFET > LHme 847
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33. FIEmFH

3.3.1. Bos Ao 35 8 2

Fuzzy C-means(FCM ) & - f& 35— Bocdp B30 a A { F e lean i o
F oS ARH S Ok ISODATA » (A A BIfR BE A2 7 & * o 22 K-meansk. < ¢
Pl AR T HOROREE 0 R - BTOREXE L BHE B EeEe Boa i
2 M B R B ERAR Y - B4 012 B el kAT e K (e,
Cp s C) 5 AEH chA FHP > 4L A FHOFH A NE (X, Xy, .y X )0 FEEU - B

C x Nefisk & 7 % B TR B RS B e T - BB E BHE R

BAvEGIEFE Lo
”5/\‘5!\ Z u” = 1lvj = 1121"'s n_..l....B..... (3—1)

e Uy AP w g g I3 P anp % 90 (objective function) J:

= =G (32)

i=1 j=1

1_

Heoomi <3 1 hiz mfed o u X E5EOFRR 0 x ELY 5

B wiB e, cRlEE - Eend vt

2
X, —C,| Logr x2 B e k-

B eng| A Bl E5:E F 6 Mo 0P Sl 258 (31) nalp Rt N K

R ATRBAR U S cBciFERE

Nud
he
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U = Z d_IJ i (3°3)

Byp L 5 ha &k 0 BB Fuzzy C-means 4 ¥ o) B de™
1L sgWE pEi U? & 7o 8 alicm( 43 0~1) e 50 0% &3 4255(3-1)e
2.t Sk A F 0 A2 (34) 7 E A HEREOERY G o

3 RFH AN (32) FEAH P RSB whr i ], o Bard,,
—J o )(J F— =l

pre now pre P now)

PR AR R s A B ek (J

SR RIBRRMFEE

4, Ry A2 (3-3) P EaraEt U jﬁ‘?il]ﬁ%: °
332 A K 2%

4o 2.6 Ferit o fIF P IREATE BF AP LA R T T EEAAALA P
R SR (VEARUHART B MR A EE R AP FENR

% -“'?UI?%EE/»\ e P EHE e~ ehBad s &) F e Lethargy 3 & % i
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B MLE ¥ Good Z a4 ()b Wz B ERE 0 50 RAEFR
DR AR A Fe R MR - RTINS R RS LR E K R A

BIEOTEE L E o S AR I 0 9T T B enfk A B[10] o

AR A KRR R %Ry William Mendenhall (1995) % #73% e K 3o

%7 2[35] 0 4o Akl

BFEREHEAES nFT A (35) 3 E

G- kR ABINT SN (3322) #rn

p.a /C
P; i /Cu

N % = g (population)t » % dc » ~ % SB & 2% 1999 = o

N 5% - k&2 #4488 9 %Ny(Bad) 2 600 = - Ny(Lethargy) 7= 400

= » N3(Good) = 999 = -

Wis %% d 1R~ REa b o

B 5 73 w34+ *Y(Bound on the error of estimation) » ~ ¢ % % 0.1 >
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# D % 0.0025 -
L 5acm B2 fdico kgph- 2 = Fpokies 5 3% -

b ¥ ikehnFEA %o HY p =035 p,=02> p,=05 -

Cr i RPiR=S~TFL AR DD FTHREE 73 gL Lo

i 5% i k2 %% -Bad i i=1 > Lethargy % i=2 > Good 3 i=3 °

333, SR Gk P

R LB g a2 B 2 N g - il - f e e
.. /E (lf/Then)J —»ﬁéﬁ%ﬁ ?"f»'xélf‘r A L"J’J;‘[j';,{i:r’ "4.-'? 2 H F Bé*:—lir'l”
R 5§ ot PR L AT 2 e el p A PIg s

foA 2 m R & DBIERR -
EDRAFPZFEAHRT Y A BB o 4o 0
(1.7~ ddpags s -

(2). B ot K eviw BTN 5 A 0 d N - BATNEAES RS A A
EFT WAL AL R ARPDEFS 0 BAFBREFH 0T o B4

& - ﬁ]ﬁﬁ’? ’;‘223-5“}"); I,H‘JF"‘Q mFI ‘}J-"I)\llfgi T I‘E‘RJ'F.'_,EIJ,EJ 4“—5’?\7},'_0

(3). 1 & e Bl & 4584 —  in Bl u] (EAR]AF S5 0 00— R SO

ity TR T RLE 5 -



a BE % - 'ﬁﬁfvf”tP\

b B % = Py

4

LR

C. %% - BHImizis iz

d 4o% ¥ - Bt s g

e EiEHI: i~iv

(4). 45 % 5% 1

ERGERRBRTEMRGT

~3 3 3|4 AR

o

A 4G bl 2P NO L Flledcshi  FI~F4 5
Grehih #F
NO| F1| F2 | F3 | F4 | class
10} 1} 0| 2| Zeo
2 1 ¥ 0| 2 | Two
3] 0] 0] 0| 1] Zeo
4101 1) 1] 0] One
5(101]0 1| 3 | Zeo

2 4 RiBETEE

EES - HFEpclassERE A2 0k 5

NO| F1| F2| F3 | F4 | class
41 0) 1) 1] 0] One
21 1] 1} 0] 2| Two
1|0} 1| 0| 2| Zero
3,0 0] 0] 1] Zeo
5|1 0] 0] 1] 3| Zeo

% 5 #kﬁf‘fé ﬁq}ﬁ"ﬁé/?'}}é?;}iﬁ;
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B S Liw B s Oneds & 5 — ERA]

d iz

kX

LLEE‘,:E. _‘;E'/

If F4=0 then D=O0One

Hu g RRERETE S FS g Two 1

If F1=1 then D=Two

B W Zeroo 5 FIHE W] Zero & — 1E AP

If F2=0 then D=Zeo

O - BT 5 SR > K8 R R IR il

Bide— BRE k2T 35 Bl ehdots - 1E LR

Bfs #

If F1=0 And F3=0 then D=Zero

Fle 2P B 2B (4cB 12) 4o -

F4

D =0ne

Bl 12 AR7EF f$ e3P B
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3.34. AQ iF & 2

AQ i# ¥ i#4-1D3 7 Fp cni_ID3 £ A 2 i { Mt @ AQ H_& 4 ;- K 4R - ID3
s - BRERA - T pF - BRLa (Entropy) > v Entropy & e/
Piri a2 EeL(Note) £ LT A % AQiw & i Pl % ik Fh4r A S crsf 2 A

i 12::}7%-4 - BEEN D FH P LR .

AQwhizits Ak TR B h FrE - Bagal Ll F - f@;;{ﬁvﬂ?g

OB RIEE 0 B B R EE - S RIEE - BRSNS g aniE i o

AQ#F & i 4™ #t7 (4-@ 13):
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let examples = a set of training examples
let classes = the set of all classes

procedur e ag(examples, classes);

let allrules={}

for each classcin classes:
sort examples into pos (members of ¢) and neg (the rest)
generate rules by agrules(pos, neg, )
add rulesto dlrules

endfor

return alrules.

procedur e agrules(pos, neg, c):

let rules={}

for each member of pos (each ‘seed’) not covered by any rule on rules:
call agrule (seed, neg, ¢) to generate arule covering seed
add ruleto rules

end for

return rules

procedur e agrule(seed, neg, c):
let mgc = the most general <condition> (‘true’)
let star initially contain only the mgc
for each negative example n in neg:
for each <condition> c in star:
if ccoversn
then remove c from star
& generate al specialisation of ¢ with still cover seed
but no longer cover n by adding an extra attribute test to ¢
(‘c’ becomes ‘c & test’ for each test true of seed and false of n)
& add them all to star.
if  sizeof star > maxstar (a user-defined constant)
then remove worst <condition>sin star until size of star = maxstar.
endfor
endfor
select the best <conition> bestcond in star

return therule *if bestcond then predict ¢

B 13 AQ w2
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41 FETE

dom fTiE o 40T ARTH - BE ST A e Mg, A -PFRRAEE

dESAE BT ERem -y FE S R F i g3 T AR

gle =

)
(). 4 HRY kA PERR
(2).9%+ ¥ 1 LI & o

(3).F PR E ISR e WA S FAER B R LY

FHh PR ERTABBE -PROZERE -
ORESTR-FEERELEE F F EIESE I IS & SN
B).FHAF R AL EFBLAES  Ad AL+ o
(6). MIEHEIR A 1 XF REEREA - ko

FOOMEAAEF EEPEF LSRG F AR RQ)A)FE A o BERE

Rl Ao B paid s BV BEsG A RFEASE

RHREEER 0 SE)OF LA E Lk ok T kR B 4 ¥ ¢
For PR L RREE T ARl r KR mgre F Flr 7 R

W HEE T s REA B R AEFAEL -

FIb AL RE 2 Ayt - B RS G AR BT s g ep

Bad > @ if % < Lethargy > r2 %2 i * %z * 8.4 & ¥ 5hGood = # > # ¥ iU
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4.2.1. TR R

1395 Kotler (1989) 4p IR -3 - P A BN 2 N L |

}J —ﬂmkr'

BE -~ ZR- % Rt B RO XY B - T 215 16]

SRR e ) R R

B~ HHFRE R S

PE BT A e B A Y

™

R RTENECIE Y TN SN S

N B éﬁéﬁ;; o
PR R F B RR A AT

(1).## : 3

af
<=
“m

/4
(s
S
2

(2)'l“i‘?v'l -2 ]

(3. % v A - R

(4). 45 hFpe = ¢ B

(5). B i

40
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rEF
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206 % & i e

% 6 &3

\\?{y

BT H B BE

Y ey i S BT B R
12~31: Al> 32~39: A2 40~47: A3
£ #(Age)
48~58 : A4> 591+ A5
14 5] (Sex) g Mae: * : Femae
KT AR B¢ ] Primary > & ¢ -~ % # : Senior -
(Education) |+ & : College » #71. : Master » # - : Doctor
PAHEHE TR
o . A 4% 1 Single > @ ¥ - Married
(Marital)
B At g : ‘ - ~ i
(Zip) R4 1 Rura » FigFs @ Town > 4 iF+ : City> 2 iF+ : Capita
JY
(House) AP FR 2@ 10
7%y @ié_%:A,;;éizs,ﬁﬁﬁ;gzc,p;ﬁ.;g:D,gw:
(Trade) A
EF Aml#E S1>1-3F :S2>3~5# :S3°5~10# : 4>
(Seniority)  |102 0+ : S5

R

¢ S &t~ Bz ~ 4 ¥ Bad

&) % : Lethargy

(Group)
& ,}ﬁIﬁI; oo 8w i ¥ - Good
4.2.2. B &

MEFECT A RBEEBR RS R 68 5 2 TR
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FHR-EELS LT FE o 2w 5 0~20~ 21~30 ~ 31~40 ~ 41~50 ~ 51~100 > st #k

Yok 7 H & T Bl4c-B 14 ¢

0T RAnE R At

E 0~20 21~30 31~40 41~50 51~100
Lt 129 11944 236777 21267 11784
il P By

.-\. .  — — ._.ll'-
Bl 14 & 82K & 0 & Rods B gE A F

-
SN .

BB A I TR E AT £ B h R A B S A HEATE A I

oAl SN

408 Hoke AR L HATIEA Bt 4
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N 81.25% 82.46% 93.75% 0.75
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Ak E T 81.25% 84.46% 93.75% 1.922
N 75.00% 83.71% 93.75% 1.922
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AGE SEX Education Marital Zip House| Trade | Seniority
=A3,A4 =Female =Married =PR = =S1
=A3,A4 =F,PO|=FA =S5
=A2 =Mae [=Senior,College =Single =PR =AE [=S3,$4,S5
=A2,A5 =Male |=Senior,College =Rural, Town =PR [D =4,S5
=A3,A4 =Male =Rural, Town =FP = =4,S5
=A4 =Male [=Primary,Senior,College KAE’F’ =D,E =S1,S5
=A4 =Male [=Primary,College =Rural ,Capital %F'M‘ —E =S1,$4,S5
=A2,A3,A4 =Female |=Primary,Senior =Married |=Town,Capita =PR [FAE
=A4 =Primary,Senior =Married |[=Rural,Town,City =PR,OFAE =S1,$4,S5
=A2 A4 =Senior,College =Rural,Capital =PR =AE [FS2,S3

=Senior =Rural, Town = =

=A2,A4,A5 =Male |=Senior,College =Town = =AE =S1,S5
=A4 =Female =Capital =FR [ =S1,52,4

=Female |=Primary,College =Married =M,R FAE =S2,54,S5
=A2,A4 =Female |=Primary,College =Married [FRurd,City,Capital | =FP |FED,E [FS1,$4

=Primary =Rural,Town =FO = =S1

=A3,A5 =Female |=Primary,Senior =PO [A,B,E [=S3,S5
=A3,A4,A5 =Made |=Primary,Senior =Town,City,Capital | FE,R [FA,E =S1
=A3,A4 =Female |=Senior,College =Town,Capital =AE
=A2,A4 =Rural ,Capital = =AE =S2,S3
=A2 =Primary,College =Married |=Rural,City,Capita |=P =D,E [FS1,4
=A2,A4 =Primary,College =Rural ;F’M’ =E =S1
=A3,A4 =Made =Single =Town =FR [IC =S2,S3,34
=A3,A4 =Male =Rural, Town = =B,E =S1
=A3,A4 =Senior =Married |=Rural (_)E’R‘ =A,C
=A3,A4A5 =Made [=College =Married [FRura,Town,Capital PR [|=B,D =S1,S3
=A2,A5 =Female |=Primary,College =Rura =FO [FCE =S1,$4,S5
=A4,A5 =Senior,College =Town,Capital =M,P =CE [=S2,$4,S6

=Female |=Primary,College =Married = =DE [
=A2,A4 =Female |=Primary,Senior =Married [=Rura =PR [|-C,D,E
=A3,A4 =Male |=College =Town,Capital =R = =S1,S3
=A2,A5 =Senior =Married [=Rural = = =S1,S5
=A3 =Male =Single =Rural, Town =PR [=AE =
=A3,A4 =Mae [=College =Single  [FRura,Town =PR,OFE =S1,S2
=A3,A5 =Primary,College =Married |=Rural,Capital =FP [ =
=A3 =Married = = =S1,$4,S5
=A3,A5 =Married |=Rural,City,Capital  |=P = =S1,$4,S5
=A4,A5 =College =Town =FP [B,CE [
=A4,A5 =Male =Married |[=Capital =PR [FAB =S1
=A3,A5 =Male |=College =Rural, Town = = =S1,S5
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AGE SEX Education Marital Zip House Trade Seniority
=A2,A3 =Female |=Senior,College =Rural,Capital =M,PO [FAB,C =S1
=A2,A3,A4 —=College =Single =FP =A,C =S1
=A2,A3,A5 [=Female |=Senior,College =Rural,Capital =M,PO [FA,C =S1
=A3 =Senior,College [=Single =Rural,City =E,FR [FAB =S1
=A3 =Senior,College =Rural,Capital =M,P =A =S1
=A2,A3 =Mae |[=Senior,College =Single  |=Rural,Capital =FP =A,C =S1
=A2 =Senior =Rural,Town =EM,P [FA,C =S1
=A3,A4,A5 |FFemae =Town =E.M,P |FA =S1
=A4 =Senior =Rural,Town =FM =A,B =S1
=A3 =Senior =Married |=Rural,Capital =M,P |FA,CEE =S1
=A2,A4 —Female =Town,Capital =E,F =A,B =S1

=Male [=Senior =Town =EM,P =B,D
=A3,A4,A5 [=Female [=Senior =Married [FTown =EM,P [FA,C =S1
=A2 =Single =City,Capital =PR =A,B =S1
=A3 =Senior,College [=Single =Rural,Capital =FM =B,C.E =S1
=A3 =Senior,College [=Single =Rural,Town,Capital =M,R [FB,C =S1
=A3,A4 =Female |=Senior =Town,Capital =FM,P |=C,D =S1
=A3 =Senior,College =Town =E,O =AE =S1,4
=A3 =Married [=Town,City =M,PR [FA =S1
=A2,A4 =Male |=Senior,College =Town =P =C,D =S1
=A2,A4A5 [FFemale |=Senior =Town =M,P |FA,B =S1,4
=A3,A4 =Male |=College =Single =Town =FPR,O FA,B =S1
=A2,A3 =Senior =Town,Capital =F =A =S1
=A2,A4A5 |FFemae =Town =E,F =A =S1
=A2 =College =Rural,Town =PR =A,B =S1

=Male |=College —Rural =E.EM  [FA =S1
=A3,A4 =Male [=College =Married  |=Rural, Town =FEM =A,C
=A3,A5 =Female |=College =Town =F =B,C.E =S1
=A3,A5 =Male |=Primary,Senior =Rural,Town =F =B,E =S1,S5
=A2,A5 =Female =Town,Capital =FP =D =S3,54
=A3,A4 =Female [=Senior =Rural,Town,Capital =P =B =S1
=A4,A5 =Male |=Senior,College =Town =M =B =S1
=A3,A4 =Made =Single —=Capital =PO =A =S1
=A3,A4 =College =Rural =F =C =S1
=A3,A5 =Male |=Senior =Rural =P =A,B.E =S1
=A4,A5 =College =Rural =FP =B,D =S1
=A2 —Female |=College =Single =Rural =P =AE =Sb
=A3,A4 =Male =Married |=Town =P =A,D =S1,S2
=A3 =College =Town =R =B =S1
=A3 =Male |=Senior,College =Town =P =B,E =S5
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AGE SEX Education Marital Zip House |Trade| Seniority
=Master =Town,Capita=P,R,0 =D,E [=S1,S5
=A3 —Female [=College,Master =D =S1,4
=A2,A3,A5 —=College, M aster =Married=Rural,Town 'R =D =S1,S5
=Female [=Senior,College,Master =City,Capita =RO =D,E Sl
=A3,A4,A5 =Town,Capital~E,F,O =D [S2,S5
—=College,Master =Married|=Rura,Town FEM,PO =D [=S1,S5
=Femae =Rural,Capital=F,O =D
=A3 =Mae [=CollegeMaster =Married=Rural,Capital|=E,F,P =D,E =S1,S2,S5
=A2,A3 =Senior,College,Master =Rural,Capital|=E,M,O =E =S1,52,S3
=A3,A5 =College,Master =Town,Capitall=E,M,P =C,D Sl
=A2,A3,A5 =College,Master =Married[=Town =F,PO =E =S2,4
=City,Capital =PR,0 =D [S2,A
=A3,A4 =Female =Single |=Rural,CapitaFPR =D,E [=S2,54,S5
=A3,A5 =Female =Married|=Capital =F,O =E [FS1L,A
=Female [=CollegeMaster =Town =E,P =D,E =S5
=A3,A4 =Male [=Senior,College,Master =PO =D =S5
=College,Master =Married=Rural =E,F =D,E [=S1,S2
=A3 =Primary,Senior,Master [=Single [=Rural,Capital=P,R =D,E [=S2,4,S5
=A3,A5 =College =Town =P =D,E [FS3,4
=A3 =Male [=CollegeMaster =Single =PO =D =S1,S5
=A3,A5 =Primary,College,Master =Married|=Town,Capital=F =E =34,S5
=A2,A4 —=College, M aster =Town,City |=F,P =E =S1
=Female =Single [=Rural,Capita=R,0 =E [FS2,S3,4
=A2,A4 —Female [=College,Master =Married |=Town,City =E =S1
=A3,A4 =College =Married |=Capital =0 —E |FS1,S3
=A3,A4 =Male [=Primary,Senior,Master =Town =PR =E =S1
=A3,A5 =College,Master =Married =F =E =4,S5
=A5 =Primary,College =Town =FPO =E =4
=A3 =Male =Single [=Capital =P =D,E
=A5 =Married|=Town =F =B,D [=S1
=A5 =Male |[=Primary,Senior =Married =M,P =C,E [=S1,S5
=A3,A4 —Male |=CollegeMaster =Single [=Town =E,M,R EA’C’ =S1
=A4,A5 =Senior,Master =Town =F =A,E [FS1,.$4
=A5 =Mae  |=Primary,Senior =Married =Rural ,Capital|=F,P =CE [FS1
=A4,A5 =Single =Town =C,D |=S1,82
=A5 —Male |[=Senior =M =A [S1
=Male =Single |=Rura =D |=S2,S5
=A3 =Male =Single [=Capital =R =A,D [=S1
=A2 =Female |=College =Single |=Rural,Capital —E 4
=Male =Single |=Town =E,F =C,E [=S1
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