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Abstract

This Co-Operative Education is intended to study data mining for car
insurance analysis by using classification techniques. They are Decision Tree, Naive
Bayes and K-Nearest Neighbors. Starting with data collection, data selection and data
reduction, the number of data is reduced from 5,000 to 2,134. Using the RapidMiner
program to classify the car insurance buyers for insurance policy prediction by the
above three methods, results in 77.05%, 70.38% and 69.36% accuracies, respectively.
When new examples are input to be classified, the MO1 insurance is the most

suggested policy by all the methods.
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1lfvesgnd Belldiavduieuiunnsnatusenty liamnsadmunaldigniriisneldly

seiula fsziugaviesvdum selddladuiusnuezsedy uwimnfisnsanmsnszaedeya

-] < ' ° -l @
fomazudungulaluvihusudeaiu

Original unclustered data

Clustered data

U 2.2 M3 Clustering Faya



3. Classification & Prediction

) v o v ¥ i doe v 1 1
Wunszuaunsaialuna dansteyalieglunguitdivusunly fetaty

L4 1 L3 =) ' = = = a wa - = '
INNFUUALIEUIT ANIN A Urunana luid TmuwmsmmnﬂiwmuasNamitwwsaum

Y 1 A A vy a ' a % da X 1 &
UssuamvesgnArindedelaiviel Tnsfinrsanandeyadifleg nszurums Classification 1

wuseaniu 3 Jumou

Training > Model Construction
Data v

Classifier Model Testing

Classification

d,..% o R
3UN 2.3 Yumoun13vinau Classification

Model Construction (Learning) Lﬂu'uzumia%'ﬁdumamnmit'i'ﬂuﬁiiagaﬂﬂmsﬁ'muﬂ
padliFeuionuds (Training Data) Sslunatildersuandluguveauuusulal (Decision
Tree) vi3e uuuihseauln (Neural Net) wieduq Fufviresdunadelaunls

Model Evaluation (Accuracy) L"fluﬁ'}"umiﬂssL:‘Jumwgnw’n’admmﬁfa%gavﬁ%maau
(Testing Data) Fananafiuvivivesfoyaiilivaaeuiazgninisuiisutuaanaiim
alFnNsiunesn Model iitennaeumiugndias

Model Usage (Classification) tlumsihlausaitlaluléifteuitigurlunissuundeyai
Lineiiuanniou (Unseen  Data) lasazvhmsvinengulifuteyaitlbiineiuuinou
wlini

wipilafildvin Data Mining Tuwuy Classification %3e Predictive wiNEndng 3 Teeeil

]
v <

! a Y o o Y v VMyed A a
1. Decision Tree \Juwadailinadnsludnuurraslasiadresuls fasdeitonad

Y
=3 °

feansavdangu Avgih attribute s vedeyaduluifieudu Decision Tree a1



dunalu tree  unsyisranadanendfiae namawauawmuaunu [GENGENT
Usgnoudengluguuuy “d Jeuly uds nadns” 1y
“If Income = High and Married = No THEN Risk = Poor”
“If Income = High and Married = Yes THEN RlSk Good”
Yunoulumsaing Decision Tree
1. on Attribute fvimtiillu Root Node
2. a¥radudonledludalnungn Suauduidenlesinfus g
Flulsviamaves Attribute iy Root Node
3. 5’1‘Ewumqntﬂuna"maa‘ﬁ’agaﬁaQ‘Luﬂmmﬁmﬁuﬂv'muﬂ'lﬁuqma%qﬁu‘lﬁ
4. usitnlnungnildeyavemmeamaUruuiuey fesadne Subtree  1ile
duundoyasiely lasiden Subtree uvimiiiil Root Node 184 Subtree 1ve-ludunen
2,3
Uympeasasidenuenvdtog Ty Root Node sufuinasinissndule dor

. a o oo o ' .
Gain RITUINLOANSVINTLAT Gain aeamﬂu Root Node

gns info (T) = — Z fr eql(;”T) 2, ﬁ‘eql(ﬂC,,T)

e info (T) Huilsituiissyuiinadoyaiifesnaifteliannsasuunaaad
ABINS

e [T] fle a‘hmu*ﬁ'aagaﬁy’wuﬂlu Training Dataset freq (C,T) e A1ET Yoyalu T
Usingilumana ¢
war  Gain (X) = info (T) - info, (T)

\ile Gain Wusfivenfesziuruaunsaveimssuunamaluusazienysiog
AvuAlA T unu lwaree Training Set

sal

X wnu uenvisDasngnidentiiludduundeya

v
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<] [y 1 v a .
A9 2.1 NIDYNVDYA 3% Decision Tree

No |-Outlook | Temperature | Humidity | windy | Play
1 Sunny Hot High Weak | No
2 Sunny Hot High Strong | No
3 | Overcast Hot High Weak | Yes
4 Rain Mild High Weak | Yes
5 Rain Cool Normal | Weak | Yes
6 Rain Cool Normal | Strong | No
7 | Overcast Cool Normal | Strong [ Yes
8 | Sunny Mild High Weak [ No
9 Sunny Mild Normal | Weak | Yes

10 Rain Mild Normal | Weak | Yes
11 | Sunny Mild Normal | Strong | Yes
12 | Overcast Mild High Strong | Yes

| 13 | Overcast Hot Normal | Weak | Yes

14 Rain Mild High Strong [ No

nndayalunisei 2.1 Uszneume 5 uean3tad fe

Outlook uananimgilenia Ussnausme 3 f1 fis Sunny, Overcast, Rain
Temperature uansguvnll Usenaume 3 A1 fe Hot, Mild, Cool
Humidity wansrharudiulueinia Ussnouse 2 & fe High, Normal
Windy wanvinduiuiiauusimiel Ussnaudhe 2 dr Ao Weak, Strong

Y 1w oa o v "o
Play uamimsdnwtetuivn dadunata Useneausie 2 a1 fie Yes, No

v v

n15aieliea Decision Tree evinsdmdenuenvstdiitaudunusivaaa

wniigatundulninuugaues Tree (Root Node) wiaaniufivsmuonviDaddaludeny
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v o € - a -4 Yo o o - 5
'lumsmm'mauwummu,amwi Toatlavly 20 senin Information Gain (IG) TunauNs

v/

s o &
NINAIU

L AUIUMAT Info (T) = - PyeslogaPyes = ProlOZPno

9 (9Y 5. (s
= 2o _ 2 0.940
14 gz(mj 14 °g2(14j

2. A 1G veaweny3Ua Outlook, Temp, Humidity, Windy a¢léisadl

Outlook
2) 3
lnfoOutlook—Sunny (T) = —'—lng 5 —glogz =0.971
4
IrTfOOu’clook-Overcast (T) = ——logz [Z) 0=0

Infooutiook=rain (T) = __logz(i) % 0g2(2) 0.971

lnf00utlook (M) = (— x0.97 1) ( )‘l‘

Gain (Outlook) = 0.940 - 0.693 = 0.247

£l x0.97 1) =0.693
14

Temp

I
—_

2
Ir-]foTemp=hot M= - Z 10g2 (

o
\_/

—_—
o

L]

)

— mlw 4>|N
5
8°

Hi— | BN

Ne—— N N
Il
o
\O
Pt
o

4
Im:OTemp =Mild M= —glogz(

= WIEN
\__/

0.623

3 3
lr]foTemp=Cool M= —21082(4) 4 logz

14 14
Gain (Temp) = 0.940 - 0.857 = 0.083

INforemp (T) = (—i X 1) + (1—64- X 0.918) + 4 x 0.623) =(.857

Humidity
3 3) 4 3
Infonumidity=high (T) = —-7—10g2 (7) —7log2 (7) =0.985

6 6) 1 6
mfoHumldity:normal M= - ‘7" logz (7) - 7 10g2 (7) =0.5916

7 7
INforumany (T) = | —x 0.985 | +| —-x0.5916 | = 0.7883
Humidity (14 ) (14 )

Gain (Humidity) = 0.940 - 0.7883 = 0.151
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Wind
6 6) 2
InfOWnd_weak (T = —glogz(g g ng( ) 0.8112
3 3} 3
In'FOVWnd:strong M= _glogz(g g ng( )

8 6
Infourg (M) = | >-x0.8112 |+ & x1] = 0.892
Nfouna ( (14 ) (14 )
Gain (Wind) = 0.940 - 0.892 = 0.048

° - ) . - i i ° v
NNMIANNINITGENAT Gain AnigatuiAe Outlook Yilad1 Outlook 1Ty
| v P - aa a
Root Node LLaz%Lﬁmwagawag’l,uiwummamwimﬁ Outlook = Overcast finaalfgariu

- v Y % v o a a o Y ° a
nuUnRAD play = yes ﬂQuUIMuﬂmumaqw']ﬂ']SLLmﬂﬂ\‘]ma‘l'daﬂ LLGITMUG]E]N‘]G!ENVI’]H’]SLLCMN

sanlusudeyaluisasinuniinanadneuisaiy

3. 92¥N1sm info (Outlook = Sunny) = —élogz(—?)—glogz(g) =0.971

WA iNfOrem, (Outlook = Sunny)

Inforemp=tot (Outlook = Sunny) = 0 —log, 1=0

1 1) 1 1
INfOTemp=mia (OQutlook = Sunny) = _EIOgZ(E) —EIOgZ(E) =1

INfOTemp=cool (Qutlook = Sunny) = —1log,1-0=0

INfOremp (Outlook = Sunny) = (% X 0)_+ (% X 1) + (% X 0) =04

Gain (Temp) = 0.971 - 0.4 = 0.571
1A infopymidiy (Outlook = Sunny)
INfOHumidity=High (Outlook = Sunny) = 0 —1log, 1=0

INfOpumidity=Normal (Outlook = Sunny) =—1log ,1-0=0

Infopumigy (Qutlook = Sunny) =(§ X O) + (% X O) =0
Gain (Humidity) = 0.971'- 0 = 0.971

A1 infowing (Outlook = Sunny)

INfowind-weak (Outlook = Sunny) = —élogz(%) —glogz(é) =00918

INfowing=strong (Outlook = Sunny) = —%logz(%) - llog 5 (1) =1

Infowing (Outlook = Sunny) = (% X O.918) + (% X 1) =0.9508
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Gain (Wind) = 0.971 - 0.9508 = 0.0202
o -] 1 . o - ) -] v e ° [ . 1 [
INMIAUINILLTENAT Gain Nunfigaiun@e Humidity virliladn Humidity (du
Root Node 91ndumsuilaziiiuinlvun Outlook = Suuny wag Humidity = High finand no
waz Jayaiiaglnua Outlook = Sunny waz Humidity = Normal finana yes wameinanansa
wgavimsuaniaseninuawmal e

4. sinlUazfinnsan Info (Outlook = Rain) = —%logz(é) —glogz(g) =0.971

5) 5
A" iNfOremp (Outlook = Rain)

INfOtemp=Hot (Outlook = Rain) = 0

. 2 2) 1 1
INfOremp=mig (Outlook = Rain) = — Elogz(—g) - glog2 (5) =0.918

INfOremp=coot (Outlook = Rain) = —%logz(

N
~—
|
N | =
P—

(@]
gQ

(8
I/
N
~
Il

Inforemp(Outlook = Rain) = (% X 0.918) + (Z X 1) =0.9508

Gain (Temp) = 0.971 - 0.9508 = 0.0202

AT INfouumidny (Outlook = Rain)

. 1 1y 1 1
INfORumidity=tign (Outlook = Rain) = — Elogz(E) - Elogzta) =1

INfOpumidity=Normat (Outlook = Rain) = ——i—logz(é) —élogz(i) =0.918

INfOpumigiyt (Outlook = Rain) = (% X 1) + (% X 0.91_8) =0.950

Gain (Humidity) = 0.971 - 0.950 = 0.021
1A infoy;ng (Outlook = Rain)
Infowing=weak (Outlook = Rain) = —1log,,— 0 =10

INfowing=strong (OutlQok = Rain) = 0 —1log, 1 =0
Infowing (Outlook = Rain) = (% X O) + (% X 0) =0

Gain (Wind) = 0.971 - 0 = 0.971
[ -~ 1 . d d' a’; - . [-] Ll .
INMIANNUILFNAT Gain MUNAgATUAFAD Wind vhislaan Wind 1Tu
Root Node a1ndunauilaziviuiiivum Outlook = Rain waz Wind = Strong §iAana no wa

1 24

Yoyaieginun Outlook = Rain uay Wind = Weak ilnana yes \isluungnifiunguues
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P v O - ° ] Ha & v £
ﬁa%aﬂaf‘ﬂUﬂaqﬁtﬁU')ﬂquwuﬂ "NME.‘lﬂﬂ'ﬁﬂquqm'ﬂ\‘lvmﬂllﬁE]'Uumaufﬂsaiq*ﬂllW]a decision

tree a¢lnagy

outlook
= overcast = rainy = sunny
= ny
= FALSE = TRUE = high = normal

31]'7‘! 2.4 uamsluiga Decision Tree
2. Naive Bayesian Classification

nmsduundayalaslinguasud

- \Wunshuunussavlagldvdnadlunsnensalmmuninanduvesandn

- Wunssuunlaedinnuiizesnnuinasidy (Probability) iitesadulalunis
Fuunirfeyaiinernsalifuniseglunanala nsswunuuiasdiniilusndede Naive
Bayesian

- LﬂuﬁnLwﬂﬁﬂwﬁqﬂﬁ']m'li‘lumsﬁwmﬁaaﬁagadms"umﬂ‘huuni’ay‘auasmmsn
mansaivadnslauarannsnesureldmensiseiruduiusseninaiuysdassusiay

J 14 P 1 o ! o
'Jnumutlsmmwa'lﬁ'lun’ﬁaswNauhm'mu'mLﬂuﬁﬂmuumazmmﬁuwuﬁ'

% Naive Bayes nénn1svesisnmsteeldnsunmmmninnady
P(ANB)
P(B)
P (AIB) i@ #i1 conditional probability w3 mtinazduiiiAamenisel B ureu

P(4|B) =

wazardvnnsal A auun
- T R = D ey ' a ¢ ¢
P (A 1 B) i #i1 joint probability w3emmniesduiiugnisel A uazmansal
a & o
B \intusauriu

- ' 1) GJ a -3
P (B) fie ArmInsninvziluiivgnisal B 1indy
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o L3 1 1 4 - ¥ !
ludnwazidoaiusendou P (BJa) viermnumhesduiivgnisel A intureuuay

winmsal B intunsaniivdldidu
_ P(4NB)
P(4)

NNV 2. wuuasiiudniien P (A N B) mileutusgdmiuinausadeuaunisves

P(B| A)

P(A N B) Ioustai]
_ P(4|B)x P(B)
P(4)
uasfifeaun1siigondt Bayes Theorem vivengufiveaud lunsthluldaumadiu Data

P(B| A)

. P o LY Ld L% P Pl aa ¢ .
Mining wWasudganual A waz B delvalndu A uaz C Tnedl A fie wean3dad (Attribute)

way C fis Armana (Class) Asaunisauans

P(4] C)x P(C)
P(4)

NNAUNTSVRN Bayes wil 3 druitdrdey fio

P(C|4) =

. e U ' a‘ 124 a -
Posterior probability v3e P (C|A) e Aaruthenlunideyaifiuean3tadifu A
sinaa C
. o 4 -~ ' ' o v L. of it P
Likelihood 38 P (AC) fie Areuunasiluifeya Training Data fiirana C uasd
o a N a o aa « .
uonn3Und Alnefl A = a; [ a, .. N aylagdl M AoswauwenvisSanlu Training Data
Prior probability %39 P (C) Aie Avruuasiduseraia C
] o = da X . . a o
usinsuonn3ton A =a, M a, .. M ay, MAnTUlY Training Data 9199eiday
L3 A 1 aa (4 c‘l’ a :‘l’ [ q‘.: =t L 74 s al ' J
vagunuislifiuuuuresneanitaduuuiliinduas dafudalalindnnisitiudaz

woAn3 Ty independent sefuhliannsowdsuaunis P (AIC) ¢y
P(4|C)=P(a,|C)x P(a, |C)x...x P(a,, | C)
f9814
msasululuina Naive Bayes luifaslétoyaideaiuiu Decision Tree ufedoya
weather
P (Play = yes) = 0.64
P (Play = No) = 0.36
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ﬂl o t 124 oo .
AN 2.2 MIe81NUBYA 15 Naive Bayes

Attribute play = yes | play = no
Outlook = Sunny 0.22 0.6
Outlook = Overcast 0.45 9
Outlook = Rainy 0.33 0.4
Temperature = Hot 0.22 0.4
Temperature = Mild 0.45 0.4
Temperature = Cool 0.33 0.2
Humidity = High 0.33 0.8
Humidity = Normal 0.67 0.2
Windy = Strong 0.33 0.6
Windy = Weak 0.67 0.4

nmsuiiffelunaves Naive Bayes viaumzumms'l'ifmu‘lmmaﬁ wielaya
instance wsnNtuANSR 2.2 Ivihunessluna Naive Bayes usniUszneudne
wonn3U outlook = sunny
wamn3Ua% temperature = hot
weavistng humidity = high

woanv3U98 windy = Weak

v
v

 desdwnameinhasluiiuesvitiimariudnounaid play = yes lggafi
- P (play =yes|A) = P (outlook = sunny|play = yes) * P (temperature = hot|play = yes)
* P (humidity = high|play = yes) * P (windy = Weak|play = yes) * P (play = yes)
= 0.22*0.22*0.33*0.67*0.64 = 0.0068

Mé’qmﬂﬂu'u%ﬁﬁmmmmmm%Lﬂuﬁﬁuamm?ﬁ'sﬁmdﬂﬁuﬁamaUﬂma play = no

(EES
- P (play = no|A) = P (outlook = sunny|play = no) * P (temperature = hot|play = no) *
P (humidity = high|play = no) * P (windy = Weak|play = no) * P (play = no)
= 0.60%0.40*0.80*0.40*0.36 = 0.0276
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- - 1 1 v v v ]
dewSsuiisuimanienduiiléinn 2 aaaudmudn P (play = nolA)

0.0276 fidwnndn P (play = yes|A) = 0.0068 Fululnnavesdaviiungintoya instance

o
ulmAaNg play = no

3. K-Nearest Neighbors (K-NN) fin 38nslunisdnuusnana lnawmatiatiavdndule
Mrandlafiezunudeulaviensdlnig Iethelaenisasrsdeusunuuiesn (K7 Ty K-

. { { v/ 1 4 o/ d L o
Nearest Neighbor) vaansdivasiioulvivileutuvielndifisesiuuniign wannisvinaiuwes

v/ ] 1 8/ A v
'JﬂizEJSM'I\?S%’VI'J'N"U@HﬁVlW@Qﬂ'ﬁ
e 34 P> =
VI‘V].']U']UbLﬂﬂaﬂa']aV]WUiﬂﬂ‘VI?!ﬂ’Uaﬂ

K-NN azadrgiuntsuuangu (Clustering) Ao 9¥iinas
° v v o v (J ' ° £ (J
nusiudeyaieglindifissludumu K f dwdudneu

L4

= { v Y
Foyanduieudulu k i

& ° (=3
TuABUNITINNUVEIIT K-NN
° ! o v ¥ o o v ° <
1. MwuaA K (K = Snnudeyalndifisanisesnisihunfiatsan)
2. wesssvisewinteyaiudayalml
° LA t o L4 PP 1 2/ - @
3. Mvuarandlifiudeyalmd lagfinsanandeyaifsvesviradosiign K i
A79E19

d o ] b 74 - .
AT 2.3 MY NYoYa 75 K-Nearest Neighbors

No Petallength | Petalwidth | Class

1 1.40 0.20 Iris-setosa

2 1.70 0.30 Iris-setosa

3 1.60 0.40 Iris-setosa

4 1.90 0.40 Iris-setosa

5 1.00 0.20 Iris-setosa

6 4.70 1.40 Iris-versicolor
7 4.50 1.50 Iris-versicolor
8 4.00 1.30 Iris-versicolor
9 3.50 1.00 Iris-versicolor
10 4.20 1.50 Iris-versicolor
11 5.80 2.20 Iris-virginca
12 6.60 2.10 Iris-virginca
13 4.50 1.70 Iris-virginca
14 6.30 1.80 Iris-virginca
15 6.70 2.00 Iris-virginca




Heyatunlminisazey Class luy
No Petallength | Petalwidth | Class
16 4.25 1.60 ?

L

A
s

PUNDUN

]
<t

Yumoun 1 : nmvuaa K luliftvuald K=5

2 : Amnanszezvhndeyalmifudeyaimun Tneldans Euctidean 16

17

D=y(x ~ %) + (=3,
L9y
Point No1 (p1) : (1.40,0.20)
Point No 16 (p16) : (4.25,1.60)

Distance (p1,p16) = +/(1.40—4.25)* +(0.20~1.60)° = 3.18
Point No2 (p2) : (1.70,0.30)
Point No 16 : (4.25,1.60)

Distance (p2,p16) = +/(1.70—4.25)* + (0.30~1.60)? = 2.86
Aslaan

| [ o °
A9 2.4 YOHAVEIINATUIUY

Point (4.25, 1.60)
1 | (1.80,0.20) 3.18
2 | (1.70, 0.30) 2.86
3 | (1.60, 0.40) 2.91
4 | (1.90, 0.40) 2.64
5 | (1.00, 0.20) 3.54
6 | (4.70, 1.40) 0.49
7 | (4.50, 1.50) 0.27
8 | (4.00, 1.30) 0.39
9 | (3.50, 1.00) 0.96
10 | (4.20, 1.50) 011
11| (5.80, 2.20) 1.66
12| (6.60, 2.10) 2.4
13| (4.50, 1.70) 0.27




Point (4.25, 1.60)
14 | (6.30, 1.80) 2.06
15| (6.70, 2.00) 248

Besdviudeyanusszvinaintiosgalumunngn

2zl

P %) o a o w v
AN 2.5 ‘Ua%awLsﬂﬂa']ﬂquﬂuaEﬂUM'}uqﬂ

Point (4.25, 1.60)
10| (4.20, 1.50) 0.11
7 | (4.50, 1.50) 0.27
13| (4.50, 1.70) 0.27
8 | (4.00, 1.30) 0.39
6 | (4.70, 1.40) 0.49
9 | (3.50, 1.00) 0.96
11 | (5.80, 2.20) 1.66
14 | (6.30, 1.80) 2.06
12 | (6.60, 2.10) 24
15| (6.70, 2.00) 248
4 | (1.90, 0.40) 2.64
2 | (1.70, 0.30) 2.86
3 | (1.60, 0.40) 291
1 | (1.40, 0.20) 3.18
5 | (1.00, 0.20) 3.54

18
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@en 5 suauusn wwlanad

= o v o v W
A3 2.6 JTYEVNNUDLVIGA 5 DUAULIN

Point (4.25, 1.60) | Class
10 | (4.20, 1.50) 0.11 Iris-versicolor
7 | (450, 1.50) 0.27 Iris-versicolor
13.1 (4.50, 1.70) 0.27 Iris-virginca
8 | (4.00, 1.30) 0.39 Iris-versicolor
6 | (4.70, 1.40) 0.49 Iris-versicolor

M 3EEERY I8l rs-versicolor FSuuniigaieasuléih No.16 og

Class Iris-versicolor

2.1.3 findnuseanSninvesluna
- Confusion Matrix {Wun1svimunglfingnaawils

- Precision gAiis" Predict a8nan wdmegnlafiefiudnanisinald
yegnighansaildeeninandiets

- Recall i‘]’wmuﬁv‘huwgnﬁéf's : ANQNABIYBLAarAIney Tunsviunein
deifeamsfionrls fommviunedwauauiithsazglfein Recall senuiiluulidmoy
InnIdenIy

dnfazaintaelunisinnede

- F-Measure 9avAnaieved Precision uag Recall

- Accuracy Snnudeyaiiinunegnuemnaana

- ROC Curve fifndnlng 1 azuaaainiussaninmiania 9annsm

Validation n1sudadeyaifienaaeutseaninmuesiuina 33n1snaaey
Tumautisesnidu 3 fh

- Self-consistency Test (Use Training Set) 181 Training Data unfush
Test tag fie TdteyaiAuudtuinnugndeunnifesunln

- Split test wisvanilu 2 dw Ao Wuluea wazdrumadey 1y 70% ada
Tuna 30% livaaeu w3e 80 : 20 Mideya 2 4 (WuTraining Data dw¥uadre Model uay

Testing Data dwsunadeu i Sampling andinlddeyavadeud Split Test wdloiitoya

unuiiunsouausduly
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- Cross - Validation test Tdrputhaweziniioutiu nsvih Split Ma1eqsey
msvhadeg (U Split udkUsdwau N gawingfu iy N=5, N=10 udvheulaonisad

Lumavianun N 62 auasu Split Test viseurdisauwdrauly Aavfiv 1, 215 wily Cross asten

°

3 Wiludmaaey wdld 2 nduidily udaen 1 Hudmadeu sewuimniaasgniinn

ar

v
nagouvua 1serlarugniisuaisesninluusiazseu wilimnganfunsviuuudtunsd

1 4

fitfoyaunelaiivng
2.1.4 Yszlyunives Data Mining

1. rgBunmnnsdndulawasamanisalnadnwierlsanmsdnguls
a 1 a r. v :
2. dunuSilumsliessigiudeyavunnivg
3.Aumdiudseneuiideusgnislutenans saufennuduiusvesdiu
Usenausing q Mg
d‘ I 1 ¢
4. wolsamtsausng § meluasding

Y Vv ' o ' v & a o v o o
5. msdanguieya 1u Yanqugniviamuavesuisndseiusedivssay

wua

o /s A o = 1 .
JUALYA nwmztﬁmﬂumamtuumima°] AuulgusTeIuSn

2.2 aruinilududssiufesasud

msusziusesaeudsmunls 2 Uszan aun

2.2.1 mavseiudgsasudnIatedu (Compulsory Third Party Insurance )
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