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PONGSAKORN DURONGDUMRONGCHAI: ASSOCIATION
RULESEARCH AND RANKING FOR THE ANALYSIS OF FACTORS
CONTRIBUTING TO DISEASES. THESIS ADVISOR:

ASSOC. PROF. NITTAYA KERDPRASOP, Ph.D., 121 PP.

ASSOCIATION RULES/MERGED RULE/RANKING RULE / REMOVED

REDUNDANT RULE

Thisresearchwasstudiedthe problemof association rulesearchfor medical datasets
with appearancenumeric and nominal of data mixtures. Association rulesearch inthis
research use 3 algorithmincludingApriori, Predictive Apriori,andTertius. However,
normal association rulesearch algorithm cannot deal with numeric data. Therefore,
this research applies discretization technique to enablethe association rulesearch.In the
case of data with missing or unidentified values, we decideto remove such
transactions,with rarely occur in our datasets.Researchin thepast offered
severaltechniques forfinding association rules in various forms,andmeasured
theperformanceof the relationship in terms of confidence, which is a
singlemeasurement. However,  there @ are a  fewresearchinthe  field of
associationrulesearch intheform of mergedruleand ranking ruleas well as removed
redundantassociationrules, because these process are rather complicate. Werealize
theimportanceofthis point and thus propose the pre-processing and post-
processingassociation rule mining techniques to work with the medical datasets that

requiresdetailed andcareful in data analysis.



Moreover we also propose a new performance measurecalled Confidence and
Accuracy(CAA) to integrate the confidence and accuracy metrics for the complete

and accurate analysis of factors contributing to diseases.
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APRIORI (D, 7, minsup):
F+ B
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while C*! =£ ¢ do
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foreach leaf X € C'¥) do
L if sup(X) = minsup then F + Fu {(X,sup(X))}
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| k+k+1

return F %)
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L | if X €C® then sup(X) + sup(X)+1
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Koy — X UK
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Table 1. Algorithm Predictive Apriori: discovery of n most predictive association rules.

7.

. For all ¢, Let w(c) =

. Input: n {(desired number of association rules), database with items a1,...,ak.
2. Let 7= 1.

For i = 1...%k Do: Draw a number of association rules [ = y] with 7 items at
random. Measure their confidence (provided s(z) > 0). Let m;(c) be the distribution

of confidences. .
: By ot
Y noe-n.

S, (e

Let Xq = {0}; Let X, = {{E }oooo, {ax}} be all item sets with one single clement.

Fori=1...k—1While t =1o0r X;_, #0).

(a) If ¢ > 1 Then determine the set of candidate item sets of length ¢ as X; =
{xUa|e,2" € Xic1, |z U 2’| = i}, Generation of X; can be optimized by
considering only item seots ¢ and ' € X;—; that differ only in the clement
with highest item index. Eliminate double occurrences of item sets in X,

(b) Run a database pass and determine the support of the generated item sets.
Eliminate item scts with support less than 7 from X;.

(¢) For all x € X; Call RuleGen(r).

(d) If best has been changed, Then Increase t to be the smallest number such
that E(c|1, T) > E(c(best[n])|é(best[n], s(best[n])) (refer to Equation 6). If 7 >
database size, Then Exit.

(¢) If 7 has been increased in the last step, Then climinate all item sets from X
which have support helow 7.

Output best[l]...best[n], the list of the n best association rules.

Algorithm RuleGen(z) (generate all rules with body x)

10.

11.

12.

Let v be the smallest number such  that E(c|y/s(x),s(x)) >
E(c(best[n])|é(best[n], s(best[n])).
Fori=1...k With a; ¢ z Do (for all items not in )
(a) If i =1 Then Let ¥, = {{a;}|a; ¢ =} (item sets with one clement not in x).
(b) Else Let Y; = {yUy'|y, ¥’ € Yi_1, |yUy'| =i} analogous to the generation of
candidates in step 6a.
(c) Forall y € Y; Do
i. Measure the support s(z Uy). If s(z U y) < 7, Then ecliminate y from Y;
and Continue the for loop with the next y.
ii. Equation 6 gives the predictive accuracy E{e([z = y])|s{zUy)/s(x), s(x)).
iii. If the predictive accuracy is among the n» best found so far (recorded
in best), Then update best, remove rules in best that are subsumed
by other rules, and Increase v to be the smallest number such that
E(ec|v/s(x), s(x)) =2 E(c(best[n])|é(best[n], s(best[n])).

If any subsumed rule has been erased in step 11(c)iii, Then recur from step 10.

Jd Aa A

d' [ a R Y [ v =1
;sﬂvl 2.4 aaﬂai‘n3Jﬂuwmgmmfcm‘wu‘ﬁ‘wmﬂmwm"lwaaai(scheffer, 2001)
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Fori=1 to number_of rules- 1 do
Cur=C,
Forj=1i+ 1 to number of rules do

If Cur and Cj can be resolved then

Cur = resolve (Cur, Cj)

Output Cur

{ ?1‘1 1 v o d
;sﬂﬁ 2.5 611u@laumimdiﬂu%y,aﬂaumiﬁ)uwm;]ﬂ’Jmtmwm (Peter et al., 2006)
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For every cell of the contingency table, generate the corresponding clause D.
For every rule C of the background knowledge
verify if C implies D using the simplified subsumption test.
If so, set to 0 the corresponding cell of the contingency table and exit from the
inner cycle
generate clause D’ by removing the signs of literals from clause D.
For each clause C in the background knowledge
generate clause C’ by removing the signs of literals from C.

use the simplified subsumption test to see whether C’ implies D’.

If so, set to 0 the corresponding cell of the contingency table

=i a & o a = =
gﬂﬂ 2.6 HUIAANUIIUUDIDAND T NUINDI BT (Perter et al., 2006)

=i a A& o a= = A 1 = A A A
fl]'lﬂgﬂﬂ 2.6 llu']ﬂﬂW‘L!iTUﬂl@Q@aﬂ@TVliJWl'ﬂmfﬂﬁ NNANMINILUUNITAALDUNIITUIN

9 =1 an
VoYU TDINA

If for every literal of C there is a literal in D with the same predicate symbol and sign then.
For all couples (L, L,) of literals in C
Consider the couple (M,, M,) formed by the literals of D that correspond to (L,, L,).
For all couples of arguments of (L, L,) that are identical.
If the corresponding arguments of (M,, M, )are different then.
Return failure.
Return success.

Else return failure.

A a A a dy v =R K =
71N 2.7mInageuilszansamuuIAANUgIMYRIANDINUINOITEE (Peter et al., 2006)

v 9
13l 2.7msnadenlss@nTamuuiAaiugIuveIanes NUMoIFed 9z 11n13
a A [ A4 v o v v I3 '
nagoulszaninmvestonganuduiug lasvzgnganuduiusanuduiusiiiuseug

(Couple)
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=} =
w5005 uazmoe

2 9 9 [ v <
uaaa e laglddpyadiod1aunaans Iy 6 NIIUUTATUAINITINN 2.1

M3 2.1e81eteya Tsavevdialdlunssumnganuduriug

Age Sex | Religion Smoking Exercise | Weight | Bodyfat | PA_level
38 Male | Buddhist | Never smoker Exercise 85.2 24.7 High
54 Male | Buddhist | Currents smoker | No_exercise 57 24.5 Low
35 Male | Buddhist | Currents smoker Exercise 59.6 14.1 Moderate
45 | Female | Buddhist | Never smoker Exercise 57 31.9 Moderate
43 | Female | Buddhist | Never smoker | No_exercise 49.8 31.5 Low
42 Male | Buddhist | Previous_smoker Exercise 76.1 27.4 High

v v ¢ [y a
241 JUnupveIMsHEAINgANNENWHTAIBoana I Nue 1 NTe03

IF [ Sex=Female&& Smoking=Never smoker && Exercise=No_exercise ]

THEN][ PA_level=Low ] conf: (1)

v v JdY [ a K AAa A =
2.4.2 ETJLHJ']JGU?Nﬂ1il!ﬁﬂQﬂ{]ﬂ'JHJETN‘W‘HTjﬂ'Jﬂ?)i]ﬂﬂﬁﬂﬂlﬂﬁﬂﬂﬂﬂ!ﬁﬂﬂiﬂﬂﬁ

IF [Exercise=No_exercise]

THEN][ PA_level=Low ] acc: (0.89212)

v v ¢ v a
2.4.3 FUNVUVBINISHAAINYANNFNNUTAIDANBI NMNITH

IF [Sex=Male&&Exercise=Exercise]

THEN][ PA_level=High ] conf: (0.683)
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Age Sex Religion Smoking Exercise Weight | Bodyfat | PA_level
38 Male | Buddhist | Never smoker Exercise 85.2 24.7 High
54 Male | Buddhist | Currents_smoker | No_exercise 57 24.5 Low
35 Male | Buddhist | Currents_smoker Exercise 59.6 14.1 Moderate
45 | Female | Buddhist | Never smoker Exercise 57 31.9 Moderate
43 | Female | Buddhist | Never smoker | No_exercise 49.8 31.5 Low
42 Male | Buddhist | Previous smoker Exercise 76.1 27.4 High
45 | Female | Buddhist | Never smoker | No exercise 68.8 39 Low
44 | Female | Buddhist | Never smoker Exercise 54.6 383 Moderate
41 | Female Islam Never smoker Exercise 52.6 30.9 High
57 Male | Buddhist | Never smoker | No_exercise 70.8 24.5 Low
4] | Female | Buddhist | Never smoker Exercise 43 28.9 Moderate
47 Male | Buddhist | Never smoker Exercise 55.9 16.2 High
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IF [ Exercise=No_exercise ]

THEN [ PA_level=Low ] conf:(0.98)

IF [ Religion=Buddhist&& Exercise=No_exercise ]

THEN [ PA _level=Low ] conf:(0.98)

IF [ Smoking=Never smoker&& Exercise=No_exercise ]

THEN[ PA_level=Low ] conf:(0.975)

IF [ Sex=Female&& Religion=Buddhist& & Exercise=Exercise ]

THEN [ PA_level=Moderate ] conf:(0.96)

IF [ Religion=Buddhist &&Smoking=Never smoker&&Exercise=No_exercise ]

THEN][ PA_level=Low ] conf:(0.97)
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IF [ Exercise=No_exercise ]

THEN [ PA _level=Low ] conf:(0.98)

IF [ Religion=Buddhist&& Exercise=No_exercise ]

THEN [ PA _level=Low ] conf:(0.98)

IF [ Smoking=Never smoker&& Exercise=No_exercise ]

THEN[ PA_level=Low ] conf:(0.975)

IF [ Religion=Buddhist && Smoking=Never smoker&&Exercise=No_exercise ]
THEN][ PA_level=Low ] conf:(0.97)

IF [ Sex=Female&& Religion=Buddhist& & Exercise=Exercise ]

THEN [ PA_level=Moderate ] conf:(0.96)

'
v o I

A v o o o a = =
517 2. 9998 uaDVBINgANUFUNUTH IAandanesiue Insoes

v d

2.7.2 giunvveImsuIangaNNENNUE NG 1Y



20

=h.

< 0 v o Ay Y o v o s 9 Yo
nngUn 299 nganuduRush lduatanganuduiusigdon laaegll

2.10

IF [ Exercise=No_exercise ]
THEN [ PA _level=Low ] conf:(0.98)
IF [ Sex=Female&& Religion=Buddhist& & Exercise=Exercise ]

THEN [ PA_level=Moderate ] conf:(0.96)
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2.8.1 asIaMmativaiu
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AMANVAYUVDING X HAY Y (X > Y)HIeDI3 U UNIUUEaYY 1 X tay Y
a 49! T v g v ] % Z; v 0 ] dy Y o ~
s mnuiuaIvgesvomuusatuiu G iamaiuayull uaaslaasaunish 2-

1 (Mohammed and Wagner, 2014)

Support(X = Y) = Support(XY) (2-1)

2.8.2 asialszansmumanuraiu

Y
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AMANUIFDUUYDING (X > VU IWIUNTUUATY 1T X uaz Y inatu

4

v
1 v 3 U ] v W 1 o o J
safuiludiudosvoinituusaduiiu g wissreaaivayuves X laonadniziinie

e

1 v 9 [
Tu19v949 0 89 111A3IAAIA TN U taaelAnaaunIs N 2-2(Mohammed and Wagner,

2014)

Support(XY)
ConfX2>Y)=—m—— (2-2)
Support(X)
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Y [
aiuayunasiamnuIiuasil naaglaaaauni1sn 2-3(Scheffer, 2001)

P(Conf(X = Y)|Support(X > Y))
Accuracy = (2-3)
Support(X)

2.8.4 MIPEHIMIMIAMENUAYY MANUTONU 1AZAINIMUNUASS

a13190 2.3 doyarile Tsaveouiiaminnldlumsalszansam

Age Sex Religion Smoking Exercise Weight | Bodyfat | PA_level
45 | Female | Buddhist | Never smoker Exercise 57 31.9 Moderate
43 | Female | Buddhist Never_smoker | No_exercise 49.8 31.5 Low
42 Male | Buddhist | Previous smoker Exercise 76.1 27.4 High
38 Male | Buddhist | Never smoker Exercise 85.2 24.7 High
54 Male | Buddhist | Currents_smoker | No_exercise 57 24.5 Low
35 Male | Buddhist | Currents_smoker Exercise 59.6 14.1 Moderate
45 | Female | Buddhist Never_smoker | No_exercise 68.8 39 Low
44 | Female | Buddhist | Never smoker Exercise 54.6 383 Moderate
41 | Female Islam Never smoker Exercise 52.6 30.9 High

fmuald x il {Female,Never smoker} wazimuali Y 311 Moderate
nnaumsi 2-1 s luaunis dda

Support({Female,Never smoker} - {Moderate})

Support =2

m&uﬁwaﬁuaymzﬁmﬂu 2
namsi 2-2unu luauns Idda

Conf({Female,Never _smoker} - {Moderate})

Conf=0.4

?z}/ 1 A o A Q)
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Accuracy

_ P(Conf({Female,Nerver_smoKker }-> {Moderate})|Support({Female,Nerver_smoker }-> {Moderate}))
Support({Female,Nerver_smoker })

Accuracy = 0.16
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FMR = Count(Ny.) (3-2)
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Rules: Rules:
IF [exercise=no_exercise ] IF[ sex=female religion=buddhist exercise=exercise ]
THENI[ PA_level=low ]JCAA:(0.9775)FMR:(2) THENI[ PA_level=moderate JCAA:(0.9775)FMR:(3)

IF[ sex=female religion=buddhist exercise=exercise ] | [[F[exercise=no_exercise ]

THENI[ PA_level=moderate ] CAA:(0.9775)FMR:(3) THEN[ PA level=low ] CAA:(0.9775)FMR:(2)
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Rules: Rules:
IF [exercise=no_exercise ] IF [exercise=no_exercise ]
THENI[PA_level=low ]CAA:(0.9775)FMR:(3) THENI[PA_level=low ]CAA:(0.9775)FMR:(3)

IF [religion=Buddhist && exercise=no_exercise |

THEN[PA_level=low ]CAA:(0.9775)FMR:(3)
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Algorithm Remove_transaction
Input: Dataset, D.

Output: NewDataset ,NewD.

1) Read data = read(D)

2) Initial i =1

3) While (i<=Read_data.Transaction(size))
4) Data[i] = Transaction(Read_data[i])
5) If (Data[i]. Empty() == True)

6) Remove(Transaction[i])

7) NewD = Data[i]. Transaction[i]
8) i=1i+1

9) END While Loop

10) Return (NewD)

11) END
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3.2.2 danesnauuardeyaiiuaay
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udyuvesvoyanegludnyazd1au(Numeric data type)itadadnagii 3.1

U

Algorithm Discretize

Input: Dataset, D.

Output: NewDatasetDiscretize,NewDataDisc.
1) Read data=read(D)
2) Initiali=1

3)  While (i<=Read_data.Attribute(size))

4) Typeli] = AttributeCheckType(Read_data[i])
5) If (Typeli] == numeric)

6) Attribute[i].Discretize()

7) NewDataDisc = Data[i].Attribute[i]

8) i=i+l

9)  END While Loop
10) Return(NewDataDisc)

11) END
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3.2.3 9an9INNIINNHANHANNUD
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o [ @ a @ @ @ o
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HdNUDINTTINNANN AU T IEASAaF LN 3.12

Algorithm MergeRules
Input: Rules, R.
Output: NewRules ,NewR.
1) Read rules =read(R)
2) Initial FMR=1,i=1
3) While (i<=Read rules.size))
4)  Case 1 ((Ruleof(APRIORI) equal (Rucof(PREDICTIVE APRIORI))

FMR = FMR + 1, NumofRule = rules.consider()
Confidence(APRIORI)+Accuracy (PREDICTIVE_APRIORI)

- NumofRule

NewR = string.concat (SplitRuleof(APRIORI), FMR, CAA) , i = i+1

CAA

5)  Case 2 ((Ruleof(APRIORI) equal (Rueof(TERTIUS))

FMR = FMR + 1, NumofRule = rules.consider()
Confidence(APRIORI)+Confidence(TERTIUS)

- NumofRule

NewR = string.concat (SplitRuleof(TERTIUS), FMR, CAA) , i =i+1

CAA

6)  Case 3 (Ruleof(PREDICTIVE APRIORI) equal (Rueof(TERTIUS))

FMR = FMR + 1, NumofRule = rules.consider()
_ Accuracy(PREDICTIVE_APRIORI)+Confidence(TERTIUS)

NumofRule
NewR = string.concat (SplitRuleof(PREDICTIVE_APRIORI), FMR, CAA) , i =i+1

CAA

7)  Case 4 ((Ruleof(APRIORI) equal (Ruleof PREDICTIVE_APRIORI) equal (Rueof(TERTIUS))

FMR = FMR + 2, NumofRule = rules.consider()
Confidence(APRIORI)+Accuracy(PREDICTIVE_APRIORI)(CAA*2) + Confidence(TERTIUS)
NumofRule

NewR = string.concat(SplitRuleof(PREDICTIVE_APRIORI), FMR, CAA), i=i+1

CAA =

8)  Other Case FMR = FMR,CAA = Confidence(APRIORI)

NewR = string.concat (SplitRuleof(APRIORI), FMR, CAA) , i =i+l
9)  END While Loop
10) Return(NewR)

11) END
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Algorithm RankingRules

Input: Rules, R.

Output: NewRank, NewRk.
1) Read rules =read(R)
2) Initiali=1

3)  While (i<=Read rules.size))

4) If (Read_rules.split(FMR) == 3)

5) If ((Read _rules.split(CAA) == (Read_rules.split. Maximum(CAA))

6) NewRank = PushRule() ,i=1+ 1

7) Else PopRule()

8) Else If ((Read_rules.split(FMR) == 3).Empty())

9) If (Read_rules.split(FMR) == 2)

10) If ((Read _rules.split(CAA) == (Read_rules.split. Maximum(CAA))
11) NewRank = PushRule() ,i=1i+ 1

12) Else PopRule()

13) Else If ((Read_rules.split(FMR) == 2).Empty())

14) If (Read_rules.split(FMR) == 1)

15) If (Read rules.split(CAA) == (Read_rules.split. Maximum(CAA))
16) NewRank = PushRule() ,i=1i+ 1

17) Else PopRule()

18) END While Loop
19) Return(NewRk)

20) END
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Algorithm RemoveRedundantRules
Input: Rules, R.
Output: NewRules, NewR.

1) Read_rules = read(R)

2) Initial j = 1

3) While (j<=Read_rules.size))

4) Attribute_Rule before[j] = Read rules.split(Attribute)[j]

5) FMR_Rule_before[j] = Read_rules.split(FMR)[j]

6) CAA_Rule_before[j] = Read_rules.split(CAA)[j],j=j+ 1

7) Attribute_Rule_after[j] = Read rules.split(Attribute)[j]

3) FMR_Rule _after[j] = Read rules.split(FMR)[j]

9) CAA_Rule_after[j] = Read rules.split(CAA)[j]

10) If (Attribute_Rule before[j].IsSupperset(). Attribute Rule_after[j] == True)
11) If (FMR_Rule_before[j] >FMR_Rule _after[j])

Read_rules[j].Remove(),j=j+ 1

12) Else If (FMR_Rule before[j] == FMR_Rule _after[j])

13) If (CAA_Rule_before[j] >= CAA_Rule _after[j])

Read rules[j].Remove(),j=j + 1

14) ElseNewR = Write.Rules[j] ,j =] + 1

15) Else If (FMR_Rule_before[j] <FMR_Rule _after[j])
NewR = Write.Rules[j] ,j =] + 1

16) Else If (Attribute_Rule_before[j].IsSupperset().Attribute Rule_after[j] == False)

NewR = Write.Rules[j] ,j =] + 1
17) END While Loop
18) Return NewR

19) END
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A o ' dy Y 9 =
AT 1NN 4.1 @]’Jf’]ﬂTQLU@Q@]HﬂJ@QﬂJ@EﬁTiﬂW@UWﬂ

Age Sex Education Marital_status Religion Smoking Exercise Weight Height | Waist | Bodyfat | PA_level
54 | Female Bachelor degree Married Buddhist Never smoker Exercise 62.4 163 75.5 33 Moderate
48 Female Bachelor degree Divorced Never_smoker Exercise 61.1 156 76.5 36.1 High
52 Female Master degree Married Buddhist | Previous smoker | No_ exercise 47.5 153 65.5 27.6 Low
51 Female Master degree Married Buddhist Never smoker Exercise 57.1 160 83 31.6 Moderate
55 Female Master degree Single Buddhist Never smoker No_exercise 57.7 150 87 38.2 Low
57 Female Bachelor degree Married Buddhist Never smoker No_exercise 53.4 158 76 322 Low
37 Female Bachelor degree Married Buddhist Never smoker No_exercise 44.4 152 63.5 24.5 Low
54 Female Married Buddhist Never_smoker No_exercise 59.1 150 79 36.3 Low
38 Male Lessthan_bachelor degree Married Buddhist Never_smoker Exercise 85.2 179 91.5 24.7 High
54 Male Lessthan_bachelor degree Widowed Buddhist | Currents smoker No_exercise 57 156 84 24.5 Low
35 Male Lessthan_bachelor degree Single Buddhist | Currents smoker Exercise 59.6 169 67.8 14.1 Moderate
35 Female Master degree Single Buddhist Never smoker Exercise 50.3 165 67.5 25 Moderate
58 Female Bachelor degree Single Buddhist Never smoker Exercise 45.2 158 65.5 26.6 High
42 Female Bachelor degree Divorced Buddhist Never smoker Exercise 52.8 159 72 30.9 Moderate
39 Male Master degree Married Buddhist Never_smoker Exercise 69.6 169 84 23 Moderate
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M1T19N 4.2 @]’Jf’]ﬂTQLU@Q@]u%@QﬂJ@E@TiﬂW?i%

Age Sex Cpt Rbp Chol Fbs Restecg MaxHr Exang Oldpeak Slope Ca Thal Class
70 Female Asympt 130 322 F Hyp 109 No 2.4 Flat 3 Normal Presence
67 Male Notang 115 564 F Hyp 160 No 1.6 Flat 0 Reversible defect Absence
57 Female Abnang 124 261 F Norm 141 No 0.3 Up 0 Reversible defect Presence
64 Female Asympt 128 263 F Norm 105 Yes 0.2 Flat 1 Reversible defect Absence
74 Male Abnang 120 269 F Hyp 121 Yes 0.2 Up 1 Normal Absence
65 Female Asympt 120 177 F Norm 140 No 0.4 Up 0 Reversible defect Absence
56 Female Notang 130 256 T Hyp 142 Yes 0.6 Flat 1 Fixed defect Presence
59 Female Asympt 110 239 F Hyp 142 Yes 1.2 Flat 1 Reversible defect Presence
60 Female Asympt 140 293 F Hyp 170 No 1.2 Flat 2 Reversible defect Presence
63 Male Asympt 150 407 F Hyp 154 No 4 Flat 3 Reversible defect Presence
59 Female Asympt 135 234 F Norm 161 No 0.5 Flat 0 Reversible defect Absence
53 Female Asympt 142 226 F Hyp 111 Yes 0 Up 0 Reversible defect Absence
44 Female Notang 140 235 F Hyp 180 No 0 Up 0 Normal Absence
61 Female Angina 134 234 F Norm 145 No 2.6 Flat 2 Normal Presence
57 Male Asympt 128 303 F Hyp 159 No 0 Up 1 Normal Absence
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Age Sex Education Marital_status Religion Smoking Exercise Weight Height Waist Bodyfat PA_level
62 Master degree Married Buddhist Never smoker Exercise 51.8 149 71 33.7 High
52 Female Married Buddhist Never smoker Exercise 55.8 155 78 30.6 Moderate
54 Female Married Buddhist Never smoker No_exercise 59.1 150 79 36.3 Low
54 Female Currents_smoker Exercise 65 86 37.7 Moderate
51 Male Married Buddhist Never smoker No_exercise 80.8 170 94 27.1 Low
36 Female Bachelor degree Buddhist Previous_smoker No_exercise 59.8 156 77 34 Low
39 Male Master degree Buddhist Previous smoker Exercise 69.6 164 85 21.4 Moderate
48 Female Bachelor degree Divorced Never smoker Exercise 61.1 156 76 36.1 High
54 Male Bachelor degree Divorced Currents_smoker Exercise 63.9 79 20.7 Moderate
49 Female Bachelor degree Married Never smoker No_exercise 57.2 151 82 36.6 Low
51 Female Bachelor degree Married Never smoker Exercise 42.6 146 70 26.8 Moderate
54 Female Bachelor degree Married Never_smoker No_exercise 51.7 150 78 335 Low
59 Female Bachelor degree Married Never smoker Exercise 55.9 152 75 339 Moderate
55 Male Bachelor degree Married Never smoker No_exercise 68.2 167 87 20.9 Low
56 Male Bachelor degree Married Previous smoker Exercise 74.9 167 91 25.8 Moderate
55 Female Bachelor degree Single Never _smoker Exercise 57.6 158 76 33.1 Moderate
38 Female Bachelor degree Single Never smoker Exercise 160 62 26.4 Moderate
38 Male Bachelor degree Single Buddhist Never _smoker Exercise 85.7 88 249 Moderate
52 Female Bachelor degree Single Buddhist Never smoker Exercise 64.2 158 37.2 High
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Yy 9 v E4
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ﬂ‘l&lmglﬂu WAVUNNITU S AaNU ﬂ3uu"llu@@uﬁﬂgﬂ'lﬂ'lillﬂ\i%'msllflﬂsﬁ}ﬂEﬁlﬂ‘w'13 5

aeduintanuaziludaay 18un aedinl Age, Weight, Height, Waist a2 Bodyfat §3a13197)

4.6

M3 4.6 Mretadoya Tsanenfiafinnesdeyaiiidnsuziudaia

No. Age Weight Height Waist Bodyfat
1 61.1-64 44.81-52.42 146.1-151.2 69.4-75.6 33.24-36.83
2 61.1-64 44.81-52.42 151.2-156.3 69.4-75.6 29.65-33.24
3 61.1-64 67.64-75.25 176.7-181.8 75.6-81.8 18.88-22.47
4 58.2-61.1 75.25-82.86 156.3-161.4 94.2-100.4 44.01-47.6
5 58.2-61.1 60.03-67.64 0-146.1 88-94.2 40.42-44.01
6 58.2-61.1 75.25-82.86 161.4-166.5 88-94.2 40.42-44.01
7 55.3-58.2 75.25-82.86 156.3-161.4 81.8-88 44.01-47.6
8 55.3-58.2 67.64-75.25 151.2-156.3 88-94.2 44.01-47.6
9 55.3-58.2 67.64-75.25 156.3-161.4 81.8-88 44.01-47.6
10 52.4-55.3 67.64-75.25 0-146.1 81.8-88 44.01-47.6
11 52.4-55.3 67.64-75.25 146.1-151.2 88-94.2 44.01-47.6
12 52.4-55.3 67.64-75.25 146.1-151.2 94.2-100.4 44.01-47.6
13 49.5-52.4 82.86-90.47 156.3-161.4 100.4-106.6 44.01-47.6
14 49.5-52.4 67.64-75.25 146.1-151.2 88-94.2 44.01-47.6
15 49.5-52.4 67.64-75.25 151.2-156.3 75.6-81.8 40.42-44.01
16 46.6-49.5 67.64-75.25 146.1-151.2 94.2-100.4 44.01-47.6
17 46.6-49.5 60.03-67.64 146.1-151.2 81.8-88 40.42-44.01
18 46.6-49.5 75.25-82.86 156.3-161.4 88-94.2 40.42-44.01
19 43.7-46.6 75.25-82.86 151.2-156.3 100.4-106.6 44.01-47.6
20 43.7-46.6 75.25-82.86 156.3-161.4 81.8-88 44.01-47.6
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No. Age Weight Height Waist Bodyfat

21 43.7-46.6 75.25-82.86 156.3-161.4 88-94.2 44.01-47.6
22 40.8-43.7 67.64-75.25 146.1-151.2 88-94.2 44.01-47.6
23 40.8-43.7 75.25-82.86 151.2-156.3 88-94.2 44.01-47.6
24 40.8-43.7 67.64-75.25 151.2-156.3 75.6-81.8 40.42-44.01
25 37.9-40.8 82.86-90.47 161.4-166.5 81.8-88 44.01-47.6
26 37.9-40.8 67.64-75.25 151.2-156.3 81.8-88 40.42-44.01
27 37.9-40.8 67.64-75.25 151.2-156.3 81.8-88 40.42-44.01
28 0-37.9 82.86-90.47 156.3-161.4 106.6-112.8 44.01-47.6
29 0-37.9 75.25-82.86 151.2-156.3 88-94.2 44.01-47.6
30 0-37.9 67.64-75.25 146.1-151.2 75.6-81.8 40.42-44.01

?z‘; A Y o [ 9 A IS
INUVUADUN 2 vlﬂ‘]/]’lﬂ’lillﬂ\ﬂf')\'ﬂl@ﬂ;!aﬂﬂaﬂ‘ﬂmglﬂuﬁjlaﬂl °y
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MSHNTIVDIT YA 10 FI9003a NN 9 ABANY AIA1T19 4.7

A ' 9 Y o (Z o
M319% 4.7 wlasraveyalieg luanyazdavdumg

Y Y
o w A [ r'd o
INTEINIAU 5 AaVY 1A

No. Age Weight Height Waist Bodyfat
1 0-379=1 0-44.81=1 0-146.1=1 0-63.2=1 0-15.29=1
2 38-40.8=2 | 44.82-52.42=2 | 146.2-151.2=2 | 63.3-69.4=2 15.3-18.88 =2
3 40.9-43.6=3 | 52.43-60.03=3 | 151.3-156.3=3 | 69.5-75.6=3 | 18.89-22.47=3
4 43.8-46.6=4 | 60.04-67.64=4 | 156.4-161.4=4 | 75.7-81.8=4 | 22.48-26.06 =4
5 46.7-49.5=5 | 67.65-75.25=5 | 161.5-166.5=5 81.9-88=5 26.07-29.65=5
6 49.6-52.4=6 | 75.26-82.86=6 | 166.6-171.6=6 | 88.1-94.2=6 | 29.66-33.24=6
7 52.5-55.3=7 | 82.87-90.47=7 | 171.7-176.7=7 | 94.3-100.4=7 | 33.25-36.83 =7
8 55.4-58.2=8 | 90.48-98.08 =8 | 176.8-181.8 =8 | 100.5-106.6 =8 | 36.84-40.42 =8
9 58.3-61.1=9 | 98.09-105.69=9 | 181.9-186.9=9 | 106.7-112.8 =9 | 40.43-44.01=9
10 61.2-64=10 | 105.7-113.3=10 | 187-192=10 | 112.9-119=10 | 47.2-51.19=10
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No. | Rules: Confidence

IF { exercise=no_exercise && weight=3 }

THEN { PA_level=low }

IF { religion=buddhist && exercise=no_exercise && weight=3 }

THEN { PA_level=low }

IF { exercise=no_exercise && height=4 }

THEN { PA_level=low }

IF { smoking=never smoker && exercise=no_exercise && weight=3 }

THEN { PA_level=low }

IF { sex=female && exercise=no_exercise && weight=3 }

THEN { PA_level=low }

IF { religion=buddhist && exercise=no_exercise && height=4 }

THEN { PA_level=low }

IF { religion=buddhist && smoking=never smoker &&
7. | exercise=no_exercise && weight=3 } 1

THEN PA_level=low

IF { sex=female && religion=buddhist && exercise=no_exercise&&
8. | weight=3 } 1

THEN { PA_level=low }

IF { smoking=never smoker && exercise=no_exercise && height=4 }

THEN { PA_level=low }
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10.

IF { sex=female && smoking=never smoker && exercise=no_exercise
&& weight=3 }
THEN { PA_level=low }

11.

IF { religion=buddhist && smoking=never smoker &&
exercise=no_exercise && height=4 }

THEN { PA_level=low }

12.

IF { sex=female && religion=buddhist && smoking=never smoker &&
exercise=no_exercise &&weight=3 }

THEN { PA_level=low }

13.

IF { sex=female && exercise=no_exercise && height=4 }

THEN { PA_level=low }

14.

IF { exercise=no_exercise && height=3 }

THEN { PA_level=low }

15.

IF { sex=female && religion=buddhist && exercise=no_exercise &&
height=4}

THEN { PA_level=low }

16.

IF { sex=female && smoking=never smoker && exercise=no_exercise
&& height=4 }

THEN { PA_level=low }

17.

IF { religion=buddhist && exercise=no_exercise && height=3 }

THEN { PA_level=low }

18.

IF { sex=female && exercise=no_exercise && height=3 }

THEN { PA_level=low }

19.

IF { sex=female && religion=buddhist && smoking=never smoker &&
exercise=no_exercise && height=4 }

THEN { PA_level=low }
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20.

IF { exercise=no_exercise && waist=3 }

THEN { PA_level=low }

21.

IF { smoking=never smoker && exercise=no_exercise && height=3

THEN { PA_level=low }

22.

IF { sex=female && religion=buddhist && exercise=no_exercise &&
height=3}

THEN {PA_level=low }

23.

IF { sex=female && exercise=no_exercise && waist=3 }

THEN { PA_level=low }

24,

IF { smoking=never smoker&& exercise=no_exercise&& waist=3 }

THEN PA_level=low }

25.

IF{ religion=buddhist && exercise=no_exercise&& waist=3 }

THEN { PA_level=low }

26.

IF { sex=female&& smoking=never smoker&& exercise=no_exercise&&
height=3 }

THEN { PA_level=low }

27.

IF { sex=female&& smoking=never smoker&& exercise=no_exercise&&
waist=3 }

THEN { PA_level=low }

28.

IF { religion=buddhist &&
smoking=never smoker&&exercise=no_exercise&& height=3 }

THEN { PA_level=low }

29.

IF { sex=female&& religion=buddhist && exercise=no_exercise&& waist=3}

THEN { PA_level=low }

30.

IF { religion=buddhist && smoking=never smoker&&
exercise=no_exercise&& waist=3 }

THEN { PA_level=low }
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No. | Rules: Accuracy
IF { exercise=no_exercise&& weight=3 }
1. 0.99494
THEN { PA_level=low }
IF { exercise=no_exercise&& height=4 }
2. 0.99493
THEN { PA_level=low }
IF { exercise=no_exercise&& height=3 }
3. 0.99491
THEN { PA_level=low }
IF { exercise=no_exercise&& waist=3 }
4. 0.9949
THEN { PA_level=low }
IF { exercise=no_exercise&& bodyfat=6 }
5. 0.99487
THEN { PA_level=low }
IF { exercise=no_exercise&& bodyfat=5 }
6. 0.99486
THEN { PA_level=low }
IF { exercise=no_exercise&& height=5 }
7. 0.99486
THEN { PA_level=low }
IF { exercise=no_exercise&& waist=5 }
8. 0.99486
THEN { PA_level=low }
IF { exercise=no_exercise&& weight=2 }
9. 0.99485
THEN { PA_level=low 62 }
IF { exercise=no_exercise&& waist=4 }
10. 0.99485
THEN { PA_level=low 62 }
IF { exercise=no_exercise&& bodyfat=7 }
11. 0.99483
THEN { PA_level=low }
IF { exercise=no_exercise&& weight=4 }
12. 0.99482
THEN { PA_level=low }
IF { exercise=no_exercise&& weight=5 }
13. 0.99481

THEN { PA_level=low }
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No. | Rules: Accuracy
IF { age=4&& exercise=no_exercise }

14. 0.99476
THEN { PA_level=low }
IF { exercise=no_exercise&& bodyfat=4 }

15. 0.99473
THEN { PA_level=low }
IF { age=3&& exercise=no_exercise }

16. 0.9947
THEN { PA_level=low }
IF { age=5&& exercise=no_exercise }

17. 0.9947
THEN { PA_level=low }
IF { exercise=no_exercise&& waist=2 }

18. 0.9947
THEN { PA_level=low }
IF { age=6&& exercise=no_exercise |

19. 0.99466
THEN { PA_level=low }
IF { exercise=no_exercise&& height=2 }

20. 0.99462
THEN { PA_level=low }
IF { exercise=no_exercise&& waist=6 }

21. 0.99462
THEN { PA_level=low }
IF { exercise=no_exercise&& bodyfat=8 }

22. 0.99462
THEN { PA_level=low }
IF { age=7&& exercise=no_exercise }

23. 0.99458
THEN { PA_level=low }
IF { age=8 &&exercise=no_exercise }

24, 0.99454
THEN { PA_level=low }
IF{ age=1&& exercise=no_exercise }

25. 0.99451
THEN { PA_level=low }
IF { exercise=no_exercise&& weight=6 }

26. 0.99441

THEN { PA_level=low }
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No. | Rules: Accuracy
IF{ age=2&& exercise=no_exercise }
217. 0.99433
THEN { PA_level=low }
IF { exercise=no_exercise&& height=6 }
28. 0.99429
THEN { PA_level=low }
IF { exercise=no_exercise && bodyfat=3 }
29. 0.99411
THEN { PA_level=low }
IF { exercise=no_exercise&& waist=7 }
30. 0.99364
THEN { PA_level=low }
M13197 4.10 nANWANRUTIINNTMINGANNTNITISA10danes NumeIFod
No. | Rules: Confidence
IF { exercise=no_exercise && weight=3 }
1. 0.9725
THEN { PA_level=low }
IF { exercise=no_exercise&& height=4}
2. 0.972
THEN { PA_level=low }
IF { exercise=no_exercise&& waist=3 }
3. 0.971
THEN { PA_level=low }
IF { religion = buddhist && exercise = exercise && height = 3}
4. 0.235903
THEN { PA_level = moderate }
IF { sex = female && exercise = exercise && height =3 }
5. 0.235903
THEN { PA_level = moderate }
IF { sex = female && religion = buddhist && exercise = exercise &&
6. | height=3} 0.235012
THEN { PA_level = moderate }
IF { exercise = exercise && bodyfat=6 }
7. 0.229250

THEN { PA_level = moderate }
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IF { religion = buddhist && exercise = exercise && bodyfat=6 }

8. 0.228738
THEN { PA_level = moderate }
IF { sex = female && exercise = exercise && bodyfat =6 }

9. 0.227570
THEN { PA_level = moderate }
IF { sex = female && religion = buddhist && exercise = exercise &&

10. | bodyfat=6 } 0.227318
THEN { PA_level = moderate }
IF { sex = female && smoking = never smoker && exercise = exercise

11. | && bodyfat=6 } 0.223198
THEN { PA_level = moderate }
IF { exercise = exercise && weight =3 }

12. 0.221723
THEN { PA_level = moderate }
IF { religion = buddhist && exercise = exercise && weight =3 }

13. 0.219779
THEN { PA_level = moderate }
IF { smoking = never smoker && exercise = exercise && bodyfat=6 }

14. 0.219317
THEN { PA_level = moderate }
IF { religion = buddhist && smoking = never_smoker && exercise =

15. | exercise && bodyfat=6 } 0.219052
THEN { PA_level = moderate }
IF { exercise = exercise && height =4 }

16. 0.215500
THEN { PA_level = moderate }
IF { religion = buddhist && exercise = exercise && height = 4}

17. 0.215152
THEN { PA_level = moderate }
IF { sex = female && exercise = exercise && height =4 }

18. 0.214898
THEN { PA_level = moderate }
IF { smoking = never smoker && exercise = exercise && weight =3 }

19. 0.213863

THEN { PA_level = moderate }
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IF { religion = buddhist && smoking = never_smoker && exercise =

20. | exercise && weight =3 } 0.212156
THEN { PA_level = moderate }
IF { religion = buddhist && exercise = exercise && weight = 3 &&

21. | bodyfat=6 } 0.199310
THEN { PA_level = moderate }
IF { exercise = exercise && weight = 3 && bodyfat =6 }

22. 0.198611
THEN { PA_level = moderate }
IF { religion = buddhist && smoking = never smoker && exercise =

23. | exercise && height=4 } 0.193302
THEN { PA_level = moderate }
IF { religion = buddhist && exercise = exercise && weight = 4}

24. 0.189896
THEN { PA_level = moderate }
IF { smoking = never smoker && exercise = exercise && height =4 }

25. 0.189183
THEN { PA_level = moderate |
IF { exercise = exercise && weight =4 }

26. 0.188025
THEN { PA_level = moderate }
IF{ marital status = married &&religion = buddhist && exercise =

27. | exercise&& weight =4 } 0.183677
THEN { PA_level = moderate }
IF { exercise = exercise && waist =4 }

28. 0.177064
THEN { PA_level = moderate }
IF{ religion = buddhist && exercise = exercise && waist=4 }

29. 0.176023
THEN { PA_level = moderate }
IF { exercise = exercise && waist =5 }

30. 0.170662

THEN { PA_level = moderate }
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No. | Rules: FMR CAA
IF { exercise=no_exercise && weight=3 }
1. 3 0.98914
THEN { PA_level=low }
IF { religion=buddhist && exercise=no_exercise &&weight=3 }
> THEN { PA_level=low } 1 1
IF { exercise=no_exercise && height=4 }
3. 3 0.98897
THEN { PA_level=low }
IF { smoking=never smoker && exercise=no_exercise &&
4. | weight=3 } 1 1
THEN { PA_level=low }
IF { sex=female && exercise=no_exercise && weight=3 }
> THEN { PA_level=low } 1 1
IF { religion=buddhist && exercise=no_exercise && height=4 }
° THEN { PA_level=low } 1 1
IF { religion=buddhist && smoking=never smoker &&
7. | exercise=no_exercise && weight=3 } 1 1
THEN PA_level=low
IF { exercise=no_exercise && height=3 }
8. 2 0.997455
THEN { PA_level=low }
IF { sex=female && religion=buddhist
9. | &&exercise=no_exercise&& weight=3 } 1 1
THEN { PA_level=low }
IF { smoking=never smoker && exercise=no_exercise &&
10. | height=4 } 1 1
THEN { PA_level=low }
IF { sex=female && smoking=never smoker &&
11. | exercise=no_exercise && weight=3 } 1 1

THEN { PA_level=low }
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No. | Rules: FMR CAA
IF { religion=buddhist && smoking=never smoker

12. | &&exercise=no_exercise && height=4 } 1 1
THEN { PA_level=low }
IF { sex=female && religion=buddhist &&

13. | smoking=never smoker && exercise=no_exercise && weight=3} 1 1
THEN { PA_level=low }
IF { sex=female && exercise=no_exercise && height=4 }

4 THEN { PA_level=low } 1 1
IF { sex=female && religion=buddhist &&exercise=no_exercise

15. | && height=4 } 1 1
THEN { PA_level=low }
IF { sex=female && smoking=never _smoker &&

16. | exercise=no_exercise && height=4 } 1 1
THEN { PA_level=low }
IF { religion=buddhist && exercise=no_exercise&& height=3 }

7 THEN { PA_level=low } 1 1
IF { sex=female&&exercise=no_exercise && height=3}

' THEN { PA_level=low } 1 1
IF { sex=female&& religion=buddhist
&&smoking=never smoker&&exercise=no_exercise&& height=4 | |

19. \
THEN { PA_level=low }
IF { exercise=no_exercise&& waist=3 }

20. 3 0.98683
THEN { PA_level=low }
IF { smoking=never smoker&&exercise=no_exercise&&

21. | height=3} 1 1

THEN { PA_level=low }
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IF { sex=female&& religion=buddhist &&
22. | exercise=no_exercise&& height=3 }

THEN {PA_level=low }

IF { sex=female&& exercise=no_exercise&& waist=3 }
23.
THEN { PA_level=low }

24, |}

THEN PA_level=low }

IF { smoking=never smoker&&exercise=no_exercise&& waist=3

IF{ religion=buddhist && exercise=no_exercise&& waist=3 }
25.
THEN { PA_level=low }

IF { sex=female&& smoking=never smoker&&
26. | exercise=no_exercise&& height=3 }

THEN { PA_level=low }

IF { sex=female&& smoking=never smoker&&
27. | exercise=no_exercise&& waist=3 }

THEN { PA_level=low }

IF { religion=buddhist &&smoking=never smoker&&
28. | exercise=no_exercise&& height=3 }

THEN { PA_level=low }

IF { sex=female&& religion=buddhist &&
29. | exercise=no_exercise&& waist=3 }

THEN { PA_level=low }

IF { religion=buddhist && smoking=never smoker&&
30. | exercise=no_exercise&& waist=3 }

THEN { PA_level=low }

31. | IF { exercise=no_exercise&& bodyfat=6 }

0.99487
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IF { exercise=no_exercise&& bodyfat=5 }

32. 1 0.99486
THEN { PA_level=low }
IF { exercise=no_exercise&& height=5 }

33. 1 0.99486
THEN { PA_level=low }
IF { exercise=no_exercise&& waist=5 }

34. 1 0.99486
THEN { PA_level=low }
IF { exercise=no_exercise&& weight=2 }

35. 1 0.99485
THEN { PA_level=low }
IF { exercise=no_exercise&& waist=4 }

36. 1 0.99485
THEN { PA_level=low }
IF { exercise=no_exercise&& bodyfat=7 }

37. 1 0.99483
THEN { PA_level=low }
IF { exercise=no_exercise&& weight=4 }

38. 1 0.99482
THEN { PA_level=low }
IF { exercise=no_exercise&& weight=5 }

39. 1 0.99481
THEN { PA_level=low }
IF { age=4&& exercise=no_exercise |

40. 1 0.99476
THEN { PA_level=low }
IF { exercise=no_exercise&& bodyfat=4 }

41. 1 0.99473
THEN { PA_level=low }
IF { age=3&& exercise=no_exercise }

42. 1 0.9947
THEN { PA_level=low }
IF { age=5&& exercise=no_exercise }

43. 1 0.9947
THEN { PA_level=low }
IF { exercise=no_exercise&& waist=2 }

44. 1 0.9947

THEN { PA_level=low }
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IF { age=6&& exercise=no_exercise }

45. 1 0.99466
THEN { PA_level=low }
IF { exercise=no_exercise&& height=2 }

46. 1 0.99462
THEN { PA_level=low }
IF { exercise=no_exercise&& waist=6 }

47. 1 0.99462
THEN { PA_level=low }
IF { exercise=no_exercise&& bodyfat=8 }

48. 1 0.99462
THEN { PA_level=low }
IF { age=7&& exercise=no_exercise }

49. 1 0.99458
THEN { PA_level=low }
IF { age=8 &&exercise=no_exercise |

50. 1 0.99454
THEN { PA_level=low }
IF{ age=1&& exercise=no_exercise }

S51. 1 0.99451
THEN { PA_level=low }
IF { exercise=no_exercise&& weight=6 }

52. 1 0.99441
THEN { PA_level=low }
IF{ age=2&& exercise=no_exercise }

53. 1 0.99433
THEN { PA_level=low }
IF { exercise=no_exercise&& height=6 }

54. 1 0.99429
THEN { PA_level=low }
IF { exercise=no_exercise && bodyfat=3 }

55. 1 0.99411
THEN { PA_level=low }
IF { exercise=no_exercise&& waist=7 }

56. 1 0.99364
THEN { PA_level=low }
IF { religion = buddhist && exercise = exercise && height = 3}

57. 1 0.235903

THEN { PA_level = moderate }
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IF { sex = female && exercise = exercise && height = 3}
58. 1 0.235903
THEN { PA_level = moderate }

IF { sex = female && religion = buddhist && exercise = exercise
59. | && height=3} 1 0.235012

THEN { PA_level = moderate }

IF { exercise = exercise && bodyfat=6 }
60. 1 0.229250
THEN { PA_level = moderate }

IF { religion = buddhist && exercise = exercise && bodyfat = 6}
6l. 1 0.228738
THEN { PA_level = moderate }

IF { sex = female && exercise = exercise && bodyfat =6 }
62. 1 0.227570
THEN { PA_level = moderate }

IF { sex = female && religion = buddhist && exercise = exercise
63. | && bodyfat=6 } 1 0.227318

THEN { PA_level = moderate |

IF { sex = female && smoking = never_smoker && exercise =
64. | exercise && bodyfat =6 } 1 0.223198

THEN { PA_level = moderate }

IF { exercise = exercise && weight =3 }
65. 1 0.221723
THEN { PA_level = moderate }

IF { religion = buddhist && exercise = exercise && weight =3 }
66. 1 0.219779
THEN { PA_level = moderate }

IF { smoking = never smoker && exercise = exercise &&
67. | bodyfat=6 } 1 0.219317

THEN { PA_level = moderate }

IF { religion = buddhist && smoking = never smoker && exercise
68. 1 0.219052
= exercise && bodyfat=6 }




68
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IF { exercise = exercise && height =4 }

69. 1 0.215500
THEN { PA_level = moderate }
IF { religion = buddhist && exercise = exercise && height = 4}

70. 1 0.215152
THEN { PA_level = moderate }
IF { sex = female && exercise = exercise && height = 4}

71. 1 0.214898
THEN { PA_level = moderate }
IF { smoking = never smoker && exercise = exercise&&weight =

72. 13} 1 0.213863
THEN { PA_level = moderate }
IF { religion = buddhist && smoking = never_smoker && exercise

73. | = exercise && weight=3 } 1 0.212156
THEN { PA_level = moderate }
IF { religion = buddhist && exercise = exercise && weight = 3

74. | && bodyfat=6 } 1 0.199310
THEN { PA_level = moderate }
IF { exercise = exercise && weight = 3 && bodyfat= 6 }

75. 1 0.198611
THEN { PA_level = moderate }
IF { religion = buddhist && smoking = never smoker && exercise

76. | = exercise && height=4 } 1 0.193302
THEN { PA_level = moderate }
IF { religion = buddhist && exercise = exercise && weight = 4}

77. 1 0.189896
THEN { PA_level = moderate }
IF { smoking = never smoker && exercise = exercise &&

78. | height =4} 1 0.189183
THEN { PA_level = moderate }

79. | IF { exercise = exercise && weight =4 } 1 0.188025
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THEN { PA_level = moderate }
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IF{ marital status = married &&religion = buddhist && exercise =
80. | exercise&& weight =4 } 1 0.183677

THEN { PA_level = moderate }

IF { exercise = exercise && waist=4 }
81. 1 0.177064
THEN { PA_level = moderate }

IF{ religion = buddhist && exercise = exercise && waist=4 }
82. 1 0.176023
THEN { PA_level = moderate }

IF { exercise = exercise && waist =5 }
83. 1 0.170662
THEN { PA_level = moderate }
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Rank | Rules: FMR CAA

IF { exercise=no_exercise && weight=3 }
1. 3 0.98914
THEN { PA_level=low }

IF { exercise=no_exercise && height=4 }
2. 3 0.98897
THEN { PA_level=low }

IF { exercise=no_exercise && waist=3 }
3. 3 0.98683
THEN { PA_level=low }

IF { exercise=no_exercise && height=3 }
4. 2 0.997455
THEN { PA_level=low }

IF { religion=buddhist && exercise=no_exercise &&weight=3 }

THEN { PA_level=low }
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Rank | Rules: FMR CAA

IF { smoking=never smoker && exercise=no_exercise

6. && weight=3 } 1 1
THEN { PA_level=low }
IF { sex=female && exercise=no_exercise && weight=3 }

! THEN { PA_level=low } ! !
IF { religion=buddhist && exercise=no_exercise && height=4 }

> THEN { PA_level=low } ! !
IF { religion=buddhist && smoking=never smoker &&

9. exercise=no_exercise && weight=3 } 1 1
THEN PA_level=low
IF { sex=female && religion=buddhist

10. | &&exercise=no_exercise&& weight=3 } 1 1
THEN { PA_level=low }
IF { religion=buddhist && smoking=never smoker &&

11. | exercise=no_exercise && height=4 } 1 1
THEN { PA_level=low }
IF { sex=female && religion=buddhist &&

12. | smoking=never smoker && exercise=no_exercise && weight=3} 1 1
THEN { PA_level=low }
IF { sex=female && exercise=no_exercise && height=4 }

B THEN { PA_level=low } 1 1
IF { sex=female && religion=buddhist &&exercise=no_exercise

14. | && height=4 } 1 1
THEN { PA_level=low }

s IF { sex=female && smoking=never smoker && | |

exercise=no_exercise && height=4 }
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THEN { PA_level=low }

{ o o A v v v @ v J 1
M3 4.1209ANVAURUTNHIUNTIADUAVNYANVAUWUT (410)

Rank

Rules:

FMR

CAA

16.

IF { religion=buddhist && exercise=no_exercise&& height=3 }

THEN { PA_level=low }

17.

IF { sex=female&&exercise=no_exercise && height=3}

THEN { PA_level=low }

18.

IF { sex=female&& religion=buddhist
&&smoking=never smoker&&exercise=no_exercise&& height=4

H
THEN { PA_level=low }

19.

IF { smoking=never smoker&&exercise=no_exercise&& height=3

H
THEN { PA_level=low }

20.

IF { sex=female&& religion=buddhist &&
exercise=no_exercise&& height=3 }

THEN {PA_level=low }

21.

IF { sex=female&& exercise=no_exercise&& waist=3}

THEN { PA_level=low }

22.

IF { smoking=never smoker&&exercise=no_exercise&&
waist=3}

THEN PA_level=low }

23.

IF{ religion=buddhist && exercise=no_exercise&& waist=3 }

THEN { PA_level=low }

24,

IF { sex=female&& smoking=never smoker&&
exercise=no_exercise&& height=3 }

THEN { PA_level=low }

25.

IF { sex=female&& smoking=never smoker&&

exercise=no_exercise&& waist=3 }
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THEN { PA_level=low }

{ o o A v v v @ v Jd 0
M3 4.1209ANVFURUTNHIUNTTADUADIINNYANNTUHYT (7D)

Rank | Rules: FMR CAA

IF { religion=buddhist &&smoking=never smoker&&

26. | exercise=no_exercise&& height=3 } 1 1
THEN { PA_level=low }
IF { sex=female&& religion=buddhist &&

27. | exercise=no_exercise&& waist=3 } 1 1
THEn { PA_level=low }
IF { religion=buddhist && smoking=never smoker&&

28. | exercise=no_exercise&& waist=3 } 1 1
THEN { PA_level=low }
IF { exercise=no_exercise&& bodyfat=6 }

29. 1 0.99487
THEN { PA_level=low }
IF { exercise=no_exercise&& bodyfat=5 }

30. 1 0.99486
THEN { PA_level=low }
IF { exercise=no_exercise&& height=5 }

31. 1 0.99486
THEN { PA_level=low }
IF { exercise=no_exercise&& waist=5 }

32. 1 0.99486
THEN { PA_level=low }
IF { exercise=no_exercise&& weight=2 }

33. 1 0.99485
THEN { PA_level=low }
IF { exercise=no_exercise&& waist=4 }

34. 1 0.99485
THEN { PA_level=low }
IF { exercise=no_exercise&& bodyfat=7 }

35. 1 0.99483
THEN { PA_level=low }
IF { exercise=no_exercise&& weight=4 }

36. 1 0.99482

THEN { PA_level=low }
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IF { exercise=no_exercise&& weight=5 }

37. 1 0.99481

THEN { PA_level=low }
A13190 4.1200ANVAURUT NHIUNTIATUNINYANNENWUT (D)
Rank | Rules: FMR CAA

IF { age=4&& exercise=no_exercise }

38. 1 0.99476
THEN { PA_level=low }
IF { exercise=no_exercise&& bodyfat=4 }

39. 1 0.99473
THEN { PA_level=low }
IF { age=3&& exercise=no_exercise |

40. 1 0.9947
THEN { PA_level=low }
IF { age=5&& exercise=no_exercise |

41. 1 0.9947
THEN { PA_level=low }
IF { exercise=no_exercise&& waist=2 }

42. 1 0.9947
THEN { PA_level=low }
IF { age=6&& exercise=no_exercise |

43. 1 0.99466
THEN { PA_level=low }
IF { exercise=no_exercise&& height=2 }

44, 1 0.99462
THEN { PA_level=low }
IF { exercise=no_exercise&& waist=6 }

45. 1 0.99462
THEN { PA_level=low }
IF { exercise=no_exercise&& bodyfat=8 }

46. 1 0.99462
THEN { PA_level=low }
IF { age=7&& exercise=no_exercise }

47. 1 0.99458
THEN { PA_level=low }
IF { age=8 &&exercise=no_exercise }

48. 1 0.99454
THEN { PA_level=low }
IF{ age=1&& exercise=no_exercise }

49. 1 0.99451
THEN { PA_level=low }

50. | IF{ exercise=no_exercise&& weight=6 } 1 0.99441
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THEN { PA_level=low }

{ o o A v v v @ v J 1
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Rank | Rules: FMR CAA

IF{ age=2&& exercise=no_exercise }

S51. 1 0.99433
THEN { PA_level=low }
IF { exercise=no_exercise&& height=6 }

52. 1 0.99429
THEN { PA_level=low }
IF { exercise=no_exercise && bodyfat=3 }

53. 1 0.99411
THEN { PA_level=low }
IF { exercise=no_exercise&& waist=7 }

54. 1 0.99364
THEN { PA_level=low }
IF { religion = buddhist && exercise = exercise && height =3}

55. 1 0.235903
THEN { PA_level = moderate }
IF { sex = female && exercise = exercise &&height = 3}

56. 1 0.235903
THEN { PA_level = moderate |
IF { sex = female && religion = buddhist && exercise = exercise

57. | && height=3} 1 0.235012
THEN { PA_level = moderate }
IF { exercise = exercise && bodyfat=6 }

58. 1 0.229250
THEN { PA_level = moderate }
IF { religion = buddhist && exercise = exercise &&bodyfat =6 }

59. 1 0.228738
THEN { PA_level = moderate }
IF { sex = female && exercise = exercise && bodyfat =6 }

60. 1 0.227570
THEN { PA_level = moderate }
IF { sex = female && religion = buddhist && exercise = exercise

61. | && bodyfat=16 } 1 0.227318

THEN { PA_level = moderate }
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Rank

Rules:

FMR

CAA

62.

IF { sex = female && smoking = never_smoker && exercise =
exercise && bodyfat =6 }

THEN { PA_level = moderate }

0.223198

63.

IF { exercise = exercise && weight =3 }

THEN { PA_level = moderate }

0.221723

64.

IF { religion = buddhist && exercise = exercise &&weight =3 }

THEN { PA_level = moderate }

0.219779

65.

IF { smoking = never smoker && exercise = exercise &&
bodyfat=6 }

THEN { PA_level = moderate }

0.219317

66.

IF { religion = buddhist && smoking = never smoker &&
exercise = exercise && bodyfat =6 }

THEN { PA_level = moderate }

0.219052

67.

IF { exercise = exercise && height =4 }

THEN { PA_level = moderate }

0.215500

68.

IF { religion = buddhist && exercise = exercise && height = 4}

THEN { PA_level = moderate }

0.215152

69.

IF { sex = female && exercise = exercise && height = 4}

THEN { PA_level = moderate }

0.214898

70.

IF { smoking = never smoker && exercise = exercise &&
weight=3 }

THEN { PA_level = moderate }

0.213863

71.

IF { religion = buddhist && smoking = never smoker &&
exercise = exercise && weight=13 }

THEN { PA_level = moderate }

0.212156
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Rank

Rules:

FMR

CAA

72.

IF { religion = buddhist && exercise = exercise && weight = 3
&& bodyfat=6 }

THEN { PA_level = moderate }

0.199310

73.

IF { exercise = exercise && weight = 3 && bodyfat=6 }

THEN { PA_level = moderate }

0.198611

74.

IF { religion = buddhist && smoking = never smoker &&
exercise = exercise && height =4 }

THEN { PA_level = moderate }

0.193302

75.

IF { religion = buddhist && exercise = exercise && weight = 4}

THEN { PA_level = moderate }

0.189896

76.

IF {sex = male &&smoking = never_smoker && exercise =
exercise && height =4 }

THEN { PA_level = moderate }

0.18919

7.

IF { smoking = never smoker && exercise = exercise && height
=4}

THEN { PA_level = moderate }

0.189183

78.

IF {sex = female &&smoking = never_smoker && exercise =
exercise && height =4 }

THEN { PA_level = moderate }

0.18918

79.

IF { age = 3 && sex = female && smoking = never_smoker &&
exercise = exercise && height =4 }

THEN { PA_level = moderate }

0.189175

80.

IF { exercise = exercise && weight =4 }

THEN { PA_level = moderate }

0.188025

81.

IF { exercise = exercise && waist =4 }

0.177064
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THEN { PA_level = moderate }

{ o o A v v v [ v J 1
M3 4.12 NYANVAURUTNHIUNTTADUAVNYANVAUWUT (410)

Rank | Rules: FMR CAA

IF{ religion = buddhist && exercise = exercise && waist=4 }
82. 1 0.176023
THEN { PA_level = moderate }

IF { exercise = exercise && waist =35 }
83. 1 0.170662
THEN { PA_level = moderate }
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Rank | Rules: FMR CAA

IF { exercise=no_exercise&& weight=3 }
1. 3 0.98914
THEN { PA_level=low }

IF { exercise=no_exercise&& height=4}
2. 3 0.98897
THEN { PA_level=low }

IF { exercise=no_exercise&& waist=3 }
3. 3 0.98683
THEN { PA_level=low }

IF { exercise=no_exercise && height=3 }
4. 2 0.997455
THEN { PA_level=low }

IF { exercise=no_exercise&& bodyfat=6 }
5. 1 0.99487
THEN { PA_level=low }

IF { exercise=no_exercise&& bodyfat=5 }
6. 1 0.99486
THEN { PA_level=low }

IF { exercise=no_exercise&& height=5 }
7. 1 0.99486
THEN { PA_level=low }
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Rank | Rules: FMR CAA

IF { exercise=no_exercise&& waist=5 }

8. 1 0.99486
THEN { PA_level=low }
IF { exercise=no_exercise&& weight=2 }

9. 1 0.99485
THEN { PA_level=low }
IF { exercise=no_exercise&& waist=4 }

10. 1 0.99485
THEN { PA_level=low }
IF { exercise=no_exercise&& bodyfat=7 }

11. 1 0.99483
THEN { PA_level=low }
IF { exercise=no_exercise&& weight=4 }

12. 1 0.99482
THEN { PA_level=low }
IF { exercise=no_exercise&& weight=5 }

13. 1 0.99481
THEN { PA_level=low }
IF { age=4&& exercise=no_exercise }

14. 1 0.99476
THEN { PA_level=low }
IF { exercise=no_exercise&& bodyfat=4 }

15. 1 0.99473
THEN { PA_level=low }
IF { age=3&& exercise=no_exercise }

16. 1 0.9947
THEN { PA_level=low }
IF { age=5&& exercise=no_exercise }

17. 1 0.9947
THEN { PA_level=low }
IF { exercise=no_exercise&& waist=2 }

18. 1 0.9947
THEN { PA_level=low }
IF { age=6&& exercise=no_exercise }

19. 1 0.99466
THEN { PA_level=low }

20. | IF { exercise=no_exercise&& height=2 } 1 0.99462
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THEN { PA_level=low }
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Rank | Rules: FMR CAA

IF { exercise=no_exercise&& waist=6 }

21. 1 0.99462
THEN { PA_level=low }
IF { exercise=no_exercise&& bodyfat=8 }

22. 1 0.99462
THEN { PA_level=low }
IF { age=7&& exercise=no_exercise |

23. 1 0.99458
THEN { PA_level=low }
IF { age=8 &&exercise=no_exercise |

24, 1 0.99454
THEN { PA_level=low }
IF{ age=1&& exercise=no_exercise }

25. 1 0.99451
THEN { PA_level=low }
IF { exercise=no_exercise&& weight=6 }

26. 1 0.99441
THEN { PA_level=low }
IF{ age=2&& exercise=no_exercise }

27. 1 0.99433
THEN { PA_level=low }
IF { exercise=no_exercise&& height=6 }

28. 1 0.99429
THEN { PA_level=low }
IF { exercise=no_exercise && bodyfat=3 }

29. 1 0.99411
THEN { PA_level=low }
IF { exercise=no_exercise&& waist=7 }

30. 1 0.99364
THEN { PA_level=low }
IF { exercise = exercise && bodyfat=6 }

31. 1 0.229250
THEN { PA_level = moderate }
IF { exercise = exercise && weight =3 }

32. 1 0.221723
THEN { PA_level = moderate }

33. | IF { exercise = exercise && height =4 } 1 0.215500
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THEN { PA_level = moderate }
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Rank | Rules: FMR CAA

IF { exercise = exercise && weight =4 }
34, 1 0.188025
THEN { PA_level = moderate }

IF { exercise = exercise && waist =4 }
35. 1 0.177064
THEN { PA_level = moderate }

IF { exercise = exercise && waist =5 }
36. 1 0.170662
THEN { PA_level = moderate }

v v d
4.2.2mﬁﬁm1mmn;]mmﬁmwuﬁ (Interpreting rules)
1INA15197 4.13 TngaNudNuSHedn 36 ng #9919 36 ngAIWFNRUSI
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mansnanulaasil
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ngANUANTUsAURI
IF{ exercise=no_exercise&& weight=3 } THEN { PA_level=low }
FMR =3 CAA =0.98914
A ldidh dhelifilsz fAmseenidanenazimninedlugaei 3 (52.43-60.03)
URIPA_level oglunata lowdiaauavesnssamngil 3

HazHAIANUFDNULNUATIN 0.98914

D.

[

nANUALTUSSAUN 2
IF { exercise=no_exercise&& height=4 } THEN { PA_level=low }
FMR =3 CAA = 0.98897
fanulga 1 filelifilse SAnmseendidamenazanugeeglugaed 4 (156.4-161.4)
&2 PA_level g lunaa lowimanuivesmssaung i 3

HazHAIA NN UUUUATIN 0.98897
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nQANNENILSTIAUN 3
IF{ exercise=no_exercise&& waist=3 } THEN { PA_level=low }
FMR =3 CAA = 0.98683
fanwlda 1 filelifise SAmseendidamenassoninaeglugaaii 3 (69.5-75.6)
&1 PA_level g lunaa lowimanuivesmssaung i 3
wasfimandesiuiiuased 0.98683

nANNANTUT AT 4
IF { exercise=no_exercise&& height=3 } THEN { PA_level=low }
FMR =2 CAA =0.99746
fanulga § filelifilse Simseendidamenazanugeeglugaed 3 (1513-156.3)
&1 PA _level oglunad lowdaanudveamssmngii 2

HaziAIAMUFDNULUUATIN 0.99746

D.

[

nQANNENUTAIAUN 5
IF{ exercise=no_exercise&& bodyfat=6 } THEN { PA_level=low }
FMR =1 CAA = 0.99487
fanulda 1 filelifise SAnseendidamenazdsiiviameeglugieii 6
(29.66-33.24)
&1 PA_level g unaa lowimanuivesmssaung i 1

HAZHAA MUV UUUUATIN 0.99487

D.

[

nQANNENILTTIAUN 6
IF { exercise=no_exercise&& bodyfat=5 } THEN { PA_level=low }
FMR =1 CAA = 0.99486
fanulda 1 fihelifidse SAmseendidamouasdaiinraniseylugaii s
(26.07-29.65)

9 ] a0 = I
187 PA_level aglunane lowlfn1uduen1ssaung iy 1
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wasfimnnudeiuiungai 0.99486
gANIFTUS IR LR 7
IF { exercise=no_exercise&& height=5 } THEN { PA_level=low }
FMR =1 CAA = 0.99486
fanulga § filelifilse SAmseendidamenazanugeeglugaed 5 (161.5-166.5)
&1 PA_level g unaa lowimanuivesmssaung i 1
wasfimnnudeiumiungai 0.99486
gANUFTUS IR LT 8
IF{ exercise=no_exercise&& waist=5 } THEN { PA_level=low }
FMR =1 CAA =0.99486
fanulda 1 filelifise Simseendidamenas senioaeglugaaii 5 (81.9-88)
&1 PA_level oglunma lowlaanuaveamssmngiiu 1

HazHAAMNUFDNULUUATIN 0.99486

D.

[

nQANNFNILSTIAUN 9
IF{ exercise=no_exercise&& weight=2 } THEN { PA_level=low }
FMR =1 CAA = 0.99485
Annwldh § fihelifse Sinseeniidamenazihmiinedlusgiei 2 (44.82-52.42)
&2 PA_level g unaa lowimanudvesmssaung i 1

HAZHAANUFNUUNUATIN 0.99485

D.

[

nQANNENILSE LR 10
IF{ exercise=no_exercise&& waist=4 } THEN { PA_level=low }
FMR =1 CAA = 0.99485
fanuldd 1 filelifise Simseendidameuassoninaeglugaaii 4 (75.7-81.8)
&1 PA_level g unaa lowimanudivesmssaung i 1

HAZHAIANUFNUUUUATIN 0.99485
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nANUANTUTSAUN 11
IF{ exercise=no_exercise&&bodyfat=7 } THEN { PA_level=low }
FMR =1 CAA =0.99483
fanulda § fihelifise Sinseendidamenazdsiiviameeglugaei 7
(33.25-36.83)
&1 PA_level g lunaa lowimanudivesmssaung i 1
wasfimnndesiuiiuased 0.99483
nANMNFURUTEFUA 12
IF{ exercise=no_exercise&& weight=4 } THEN { PA_level=low }
FMR =1 CAA =0.99482
annlaa a l}i’ﬂ’;a"lajﬁﬂiz’i’amiaaﬂﬁﬁqmﬂuazﬁmﬁﬂagﬂwﬁnﬁ 4 (60.04-67.64)
&1 PA_level oglunad lowiAaudveamssmngiiu 1

HAZHAIA NN UULUATIN 0.99482

D.

[

nQANNENILTTAUN 13
IF{ exercise=no_exercise&& weight=5 } THEN { PA_level=low }
FMR =1 CAA =0.99481
anu'ld1 & é’ﬂ’;ﬂ"lﬂjﬁﬂizfi’amiaaﬂﬁﬁqmmmzﬁmﬁﬂaéiwﬁnﬁ 5(67.65-75.25)
&1 PA_level g unaa lowimanuivesmssaung i 1

HAZHAIANUFONUUUUATIN 0.99481

D.

[

nANUANTUT AN 14
IF{ age = 4 &&exercise=no_exercise } THEN { PA_level=low }
FMR =1 CAA =0.99476
an1wlaa é’ﬂaﬂﬁmqaﬁﬂuﬂmﬁ 4 (43.8-46.6) waz Ltz iamsesniiaanie
&1 PA_level g unaa lowimanudivesmssaung i 1

HaziAAMNUFD N ULNUATIN 0.99476
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nQANNENIUSE LN 15
IF {exercise=no_exercise&& bodyfat=4} THEN { PA_level=low }
FMR =1 CAA =0.99473
fanu1d &1 fhelifilse Rnseenmidimenasdsiiianiveglusaaii 4
(22.48-26.06)
&1 PA_level g lunaa lowimanudivesmssaung i 1
waziimadeuiuas il 0.99473
gANUETUSEIRUT 16
IF{ age = 3 &&exercise=no_exercise } THEN { PA_level=low }
FMR =1 CAA =0.9947
an1wlaa @"ﬂ’;&lﬁmqaiﬂwﬁwﬁ 3 (40.9-43.6) uaz lidlszIansesnidane
&1 PA_level oglunad lowiAaudveamssmngiiu 1

HAzHAINMUFDNULUUATIN 0.9947

D.

[

ngANNENILSTAUR 17
IF{ age = 5 &&exercise=no_exercise } THEN { PA_level=low }
FMR =1 CAA =0.9947
an1wlaa & é’ﬂ’;ﬂﬁmqaﬁﬂuﬂmﬁ 5 (46.7-49.5) naz sz Iansesnidane
&1 PA_level g unaa lowimanuivesmssaung i 1

HAZHAIAMUFDNULNUATIN 0.9947

D.

[

nQANNENILSTAUN 18
IF {exercise=no_exercise&&waist=2} THEN { PA_level=low }
FMR =1 CAA = 0.9947
fanulga § filelifise Simseendidamenassenideglugiaii 2(63.3-69.4)
&1 PA_level g unaa lowimanudivesmssaung i 1

HAzHAIAMUFDNULUUATIN 0.9947
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nQANNENILSTAUR 19
IF{ age = 6 &&exercise=no_exercise } THEN { PA_level=low }
FMR =1 CAA = 0.99466
an1wlaa & é’ﬂ’;ﬂﬁmqaﬁﬂuﬂmﬁ 6 (49.6-52.4) taz sz Iansesnidane
&1 PA_level g unaa lowimanuivesmssaung i 1
wasfimnnudeiumiungai 0.99466

gANUFTUT AU 20
IF {exercise=no_exercise&&height=2} THEN { PA_level=low }
FMR =1 CAA = 0.99466
fanwlga 1 filelifise SAmseendidamenazanugeeglugaed 2 (146.2-151.2)
&1 PA_level oglunma lowlaanuaveamssmngiiu 1

HazHAANUFDNULUUATIN 0.99466

D.

[

ngANUANTUTSAUR 21
IF {exercise=no_exercise&&waist=6} THEN { PA_level=low }
FMR =1 CAA =0.99462
anu'ld1 & pi'ﬂ’;a"lajﬁﬂizi’ﬁmﬁaaﬂﬁﬁmwuaziammagﬂm}wﬁ 6 (88.1-94.2)
&2 PA_level g unaa lowimanudvesmssaung i 1

HAZHAIA MUV UUUUATIN 0.99462

D.

[

ngANUANTUTSAUR 22
IF {exercise=no_exercise&&bodyfat=8} THEN { PA_level=low }
FMR =1 CAA = 0.99462
fanulga § filelifilse Sinseendidamenazdsiivianeeglugiei 8
(36.84-40.42)
&1 PA_level g unaa lowimanudivesmssaung i 1

HAZHAIA NN UULUATIN 0.99462
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ngANNENIST TR 23
IF{ age = 7 &&exercise=no_exercise } THEN { PA_level=low }
FMR =1 CAA =0.99458
an1wlaa & é’ﬂ’;ﬂﬁmqaﬁﬂuﬂmﬁ 7 (52.5-55.3) wag lillszIanisesntdane
&1 PA_level g unaa lowimanuivesmssaung i 1
wasfimauiFeriuiuasaii 0.99458

NANNAUTUT AU 24
IF{ age = 8&&exercise=no_exercise } THEN { PA_level=low }
FMR =1 CAA =0.99454
an1wlda & @"ﬂ’;&lﬁmqaiﬂuﬂhﬁ 8(55.4-58.2) uaz luilszianseonmiainie
&1 PA_level oglunma lowlaanuaveamssmngiiu 1
wasfimauFeriumiuas aii 0.99454

ngANUdTuS SRS
IF{ age = 1&&exercise=no_exercise | THEN { PA_level=low }
FMR =1 CAA =0.99451
an21wlaa & é’ﬂaaﬁmqadiwﬁwﬁ 1 (0-37.9) uaz litilszianmseonmiaanie
&2 PA_level g unaa lowimanudvesmssaung i 1
wasfimauFeriuuiunsaii 0.99451

ngANUFTUS SR UT26
IF {exercise=no_exercise&&weight=6} THEN { PA_level=low }
FMR =1 CAA =0.99441
Anwldh § fihelifsz Sinseeniidamenaztihmiinedlusiei 6 (75.26-82.86)
&1 PA_level g unaa lowimanudivesmssaung i 1

HAZHAIA NN UUUUATIN 0.99441
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ngANNENILS AN 27
IF{ age = 2 &&exercise=no_exercise } THEN { PA_level=low }
FMR =1 CAA =0.99433
an1wlaa & é’ﬂ’;ﬂﬁmqaﬁﬂuﬂmﬁ 2 (38-40.8) uaz sz inmseenidane
&1 PA_level g unaa lowimanuivesmssaung i 1
wasfimandesiuiiuased 099433

ngANUFTUT IR LT 28
IF {exercise=no_exercise&&height=6} THEN { PA_level=low }
FMR =1 CAA =0.99429
fanulga 1 filelifilse SAmseendidamenazanugeeglugaed 6 (166.6-171.6)
&1 PA_level oglunma lowlaanuaveamssmngiiu 1

HAZHAIA NN UULUATIN 0.99429

D.

[

nQANNENILSTIAUR 29
IF {exercise=no_exercise&&bodyfat=3} THEN { PA_level=low }
FMR =1 CAA =0.99411
fanulda & filelifise Sinseendidamenazdsiiuraneeglugieii 3
(18.89-22.47)
&1 PA_level g unaa lowimanuivesmssaung i 1

HAZHAIANUFONUUNUATIN 0.9941 1

D.

[

nQANNENILSE LN 30
IF {exercise=no_exercise&&waist=7} THEN { PA_level=low }
FMR =1 CAA = 0.99364
fanuldd 1 filelifise Simseendidamenassoninaeglugaaii 7(94.3-100.4)
&1 PA_level g unaa lowimanudivesmssaung i 1

HazHAIANUFDNULNUATIN 0.99364
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nQANNENILS AN 31
IF { exercise=exercise&&bodyfat=6} THEN { PA_level=moderate }
FMR =1 CAA =0.22925
= Y F Al = [ o = 1 1 ~
anwlan §1 dihelidsziamseenmiainmeonazasiivianiveglusiei 6
(29.66-33.24)
1&1 PA_level oglunaia moderatelifinudvesmssaungilu 1
HAZUAIANWFDNULNUATIN 0.229250

nQANNENILS AN 32
IF { exercise=exercise&&weight=3} THEN { PA_level=moderate }
FMR = 1 CAA =0.22172
= Y F Al = [ o w 9:; @ ] ] ~
anwlan §1 dihelidsziamseanmainmenaziiinedlugiei 3(52.43-60.03)
1&1 PA_level oglunaia moderateliminuavesmssaungilu 1

HaziAA NN UULUATIN 0.22172

D.

[

nQANNENILT AN 33
IF { exercise=exercise&&height=4} THEN { PA_level=moderate }
FMR = 1 CAA =0.22155
= Vi Y Yy A an o w ' oA
anwladn s dihelidszianmseonmaineuazaugeegugiei 4(156.4-161.4)
11 PA_level oglunaia moderatelifinnudvesmssaungilu 1

HAZHAANUFNUUNUATIN 0.22155

D.

[

nQANNFNILTE LN 34
IF { exercise=exercise&&weight=4} THEN { PA_level=moderate }
FMR =1 CAA =0.18803
= F2 F A = [ o w 9; Y ] 1 ~
anwladn t dihelidsziamseonmidinenaziiiineguaiai 4(60.04-67.64)
1&1 PA_level oglunaia moderatelifinudvesmssaungilu 1

HAzHAIANUFNUUUUATIN 0.18803
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nQANNENILSE LN 35
IF { exercise=exercise&&waist=4} THEN { PA_level=moderate }
FMR =1 CAA =0.17706
fanulga § fihefivsz Anseenfidamenazsoueieglugaed 4 (75.7-81.8)
ud2 PA_level g unaa moderatefisanuvesmssmngiiiu 1
wasfimnnudeiumiungai 0.17706

ANUETUTEIRUT 36
IF { exercise=exercise&&waist=5} THEN { PA_level=moderate }
FMR =1 CAA =0.17066
fanulga § fiheivsz Anseenfidamenazsouereglugaed 5 (81.9-88)
&1 PA_level 0lunaa moderateliAAnuaveamssmngiiiu 1

HaziAANUFDNULUUATIN 0.17066
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A v o Ay Y AdAa a c’dy
AT NN 4.14 ﬂgmmanwu‘ﬁm"lﬂmmﬁwmmu‘wu‘ﬁumua

Rank | Rules: FMR CAA

IF { MaxHr="[162.7-175.8]'&& Oldpeak="[0-0.62]' &&
1. Thal=normal } 2 0.981435

THEN {Class=absence }

IF { MaxHr="[162.7-175.8]'&& Slope=up&& Thal=normal }
2. 2 0.981435
THEN { Class=absence }

IF { MaxHr="1162.7-175.8]' && Ca='"[0-0.3]' && Thal=normal }
3. 2 0.981335
THEN { Class=absence }

IF { Sex=female&& Cpt=asympt&& Ca='[0.9-1.2]" }
4, 2 0.98093
THEN { Class=presence }

IF { Restecg=norm && MaxHr='[162.7-175.8]' && Exang=no &&
5. Thal=normal } 2 0.96652

THEN { Class=absence }

IF {Fbs=F&& MaxHr='[162.7-175.8]'&& Exang=no&&
6. Thal=normal } 1 0.97

THEN { Class=absence }

IF { Fbs=F&& MaxHr="[162.7-175.8]'&&Ca="[-inf-0.3]'
7. &&Thal=normal } 1 0.97

THEN { Class=absence }

IF { Rbp="[125.8-136.4]'&& Exang=no&& Ca='[-inf-0.3]' }
8. 1 0.96
THEN { Class=absence }

IF { Sex=female&& Cpt=asympt&& Fbs=F&& Ca='[0.9-1.2]' }
9. 1 0.96
THEN { Class=presence }

IF { MaxHr="[162.7-175.8]'&& Exang=no&&

10. | Oldpeak="[-inf-0.62]'&& Thal=normal } 1 0.96

THEN { Class=absence }




~ o o o k) AdAA a c’dy 1
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Rank | Rules: FMR CAA

IF { Sex=male&& Restecg=norm &&Exang=no&&

11. | Ca="[-inf-0.3]"} 1 0.99346
THEN { Class=absence }
IF { Sex=male&& Cpt=notang&& Ca='[-inf-0.3]'

12. 1 0.99334
THEN { Class=absence }
IF { Restecg=norm && MaxHr='[162.7-175.8]' && Exang=no

13. | &&Thal=normal } 1 0.99304
THEN { Class=absence }
IF { Ca="[1.8-2.1]' && Thal=reversible defect }

14. 1 0.99217
THEN { Class=presence }
IF { Sex=female && Cpt=asympt && Restecg=hyp &&

15. | Ca="[0.9-1.2]'} 1 0.99186
THEN { Class=presence }
IF { Exang=yes && Ca="1.8-2.1]' }

16. 1 0.99107
THEN { Class=presence }
IF { Ca="[-inf-0.3]'&& Thal = normal }

17. 1 0.540702
THEN { Class=absence }
IF {Cpt = asympt }

18. 1 0.499227

THEN { Class=presence}
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Rank | Rules: FMR CAA

IF { Sex = female && Exang=no && Ca=0 }
1. 2 0.9901
THEN { Class=absence}

IF { Sex = female && Exang = no && Ca = 0 && Thal = normal }
2. 1 0.98
THEN { Class=absence}

IF { Sex = female && Fbs=F && Ca=0 }
3. 1 0.98
THEN { Class=absence}

IF { Sex = female && Fbs = f && Exang = no && Thal = normal }
4. 1 0.95
THEN { Class=absence}

IF { Rbp="[115.2-136.4]&& Exang =no && Ca=0 &&
5. Thal = normal } 1 0.94

THEN { Class=absence}

IF { Cpt=asympt && Slope = flat && Thal =rev}
6. 1 0.96
THEN { Class=presence }

IF { Cpt=asympt && Exang = yes && Thal =rev}
7. 1 0.94
THEN { Class=presence }

IF { Sex = female && Fbs = f && Restecg && Exang = no &&
8. Thal = normal } 1 0.9938

THEN { Class=absence }

9. | IF { Sex = female && Cpt=notang && Thal = normal } 1 0.9935
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THEN { Class=absence }

=i v o Ay Y Ao . '
MTNN 4.1Sﬂ;]mmauwuﬁ‘n"lﬂmﬂmmi}ﬂﬂjm Jesmin (919)

Rank | Rules: FMR CAA

IF { Age='[48.2-57.8]'&& MaxHr="[149.6-175.8]'Exang = no &&

10. Ca=0} 1 0.99314
THEN {Class=absence }
IF {Age="[36.6-48.2]' &&Rbp="[115.2-136.4]&& Thal = normal}

11. 1 0.9918
THEN {Class=absence }
IF { Age='[48.2-57.8]' && Slope =flat && Ca =1 }

12. 1 0.9902
THEN { Class=presence }
IF { MaxHr="[123.4-149.6]'&&Exang = Yes&& Thal=rev }

13. 1 0.9931
THEN { Class=presence }
IF { Sex=male && Cpt=asympt && Ca=2}

14. 1 0.9915
THEN { Class=presence }
IF {Age='[57.8-67.4]' && Sex=male && Ca=2}

15. 1 0.94

THEN { Class=presence }
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Class = absence

Class = presence

9aNvINNUDI IF { MaxHr="162.7-175.81&& | IF { Sex=female&&
’iﬂmﬁwuﬁaﬁ’m‘i Oldpeak="10-0.62]' && Cpt=asympt&&
Thal=normal } Ca="0.9-1.2]'}
THEN {Class=absence } THEN { Class=presence }
FMR =2 | CAA =0.981435 FMR =2 CAA =0.98093
NUIWVD9 IF { Sex = female && IF { Cpt=asympt &&

Nahar Jesminttag

At

Exang = No &&
Ca=0}
THEN { Class=absence}

Slope = flat &&
Thal =rev}

THEN { Class=presence }

FMR =2 | CAA =0.98505

FMR =1 CAA =0.96
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Abstract

This research aims at sisdying the discretization based
an Chi2 algorithm and visualize technique for association
rule mining. Mumeric atributes with laroe distinet walues
normally do not appear in the association rulbes. We thus
study the discretization method for numeric atributes with
the integrated Chi2 algorithm and wvisualize technique to
handle numeric attributes prior to the asseciation analysis
phase. We comparatively experiment with our proposed
method against existing  techniques. The  comparative
metrics are accuracy and number of fulkes.

Eeywords: Discretization, Association Rule Mining, Chi?,
WVisualize.

I. Introduction

Currently, many orpanizations and merchants do not
use paper to record data, but they use computers for
recording. When the data are in the digital form, we can use
computer to analyze these data in erder to obtain the model
for fiture wse such as to predict patient™s discase, 1o
understand customer purchase behavior, of to assess
learning behavior of sudent The auwtomatic induction of
model from clectronic data is known as data mining **.

Agsociation rule mining is one well-known technique
in data mining. It is the induction of relationships of events
or chjects and generate these relationship as association
riles to understand the current data or to predict the
occwrence of an event o object in the future. There are
many researches abowt the increase in efficiency in
association rube mining, such as increase the speed or the
accuracy of the association rule mining.

Dbl L0 L2792 iciash0] 5 047

The data currently available are in a variety of types,
such as numeric, text of character. Bue, the result of
relationship  induction from the numerical data in
association rule mining was not good enough because the
oumerical data have a wide range of values Thus, the
solution of nuwmerical data handling fir association rule
mining is discretization technique. There exist have many
techniques for discretizing nurmerical data™, guch as Chi2
alperithm and Extend-Chi? algorithm!*"

This rescarch aims at proposing the efficient
diseretization technique based on Chi? algorithm and
vigmalized cut-point analysis for association rule mining to
handle numerical data. The problem cawsed by the
pnumicrical data in association rule mining is that they make
association mules disappear due to the sparseness of cach
oumeric  valuwe. We, therefore, propose an  efficient
algorithm to solve this problem.

1. Related Work

Relaied researches can be divided into several types:
rescarch for proposing the new idea, research fo improve
the original algorithm, rescarch to discretize numerical data
for clagsification, and research to diseretize numerical data
for association rule mining. Thus we study related work
along these rescarch themes with the details as follows:

Gyenesei®? has proposed an algorithm to diseretize
numerical data by using fuzzy sets technique to reduce
runtime and fo increase pumber of effective mules in the
association rule mining. The experimental result has been
compared between discretization by non-normal distriboged
data and mormal disributed data The result of the
digeretization by nommal distributed data  gives  more
effective association mles than non-normal distributed data,
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which is mecasured by the minimum support, Sinimom
confidence and runtime in azsociation rule mining.

Toag et a1¥' has proposed a method for association
rile mining with numerical data wsing k-means clustering
algorithm and Euclidean-baged distance caleulation. They
used synthetic data to test the performance of the algoridim.
Their algorithm results in less pumber of association rules,
but higher in the values of support and confidence
compared to asseciation rule mining without any handling
method for numerical data.

Ke et al® has proposed a method of the association
rle mining with numerical data wsing mutual nformation
and cligue (MIC). This technique bas divided the work inio
3 parts. First, applying diserctization to numerical data.
Second, using the data obtained from the first step to create
the MI graph. And finally, the result of the second step was
used in the finding of frequent itemsets. The experimental
result used 6 datasets and compared the rntime, number of
rules and other measures.

Wei™ has proposed discrefization technique to handle
numerical data for association rule mining with clustering
and genctic alporithm.  His  proposcd  technigue &
multivariste  diseretization ‘hased on densing-based
clustering and genetic algorithm (MYD-CG), which iz an
algorithrn that improves the multivariate discretization
algorithm (MVYD). The experinent used real dats and
compared  between MVYD-CG o algorithrn and  MYD
algorithm. Measurement metrics are number of rules and
effoctive of mibes. The result is that MYD-OG algorithm has
higher confident than MVD algorithm.

Sug'™ has proposed multi-dimensional association rube
mining, which iz different from original association rule
mining in term of the difference of eolumn. This method
can redwce the data size and muntime in association rule
mining. The experiment used real data from UCT. The result
is that the algorithm can create small mult-dimensional
table and roduce the number of nules.

From the related work, it can be scen that there extist
many techniques fir discretization.  Howewer,  most
rescarches do not take into consideration the distribution of
the data in each rang of the divided value. We notice that it
may be possible that some of the data that was in the range
with wery small amount might be unnecessary to be used in
the association rule mining. We thus propose the visualize
technique to detect ranges of values with limited amount of
data in order to consider & cut point during discretization
Process.

3. Background

This rescarch aims at shwdying the discrefization and
proposing a new method based on Chi2 algerithm and
visualize technique for agsociation rule mining. The related
theories are divided into 4 parts, that is, association rule
mining, discretization algorithms, the cut points in Chi2
algorithm, and viswalization by cul points.

3.1 Assoclation Rule Minlng

Association nule mining is 2 popular analysis technique
to automatically find the relationships betaeen the data
There are many methods for association rule mining. In this
papers we use Apriori™ algoridhm for association rule
mining. In the table 1 is a list of customer purchases that
will be used as an example 1o explain the association rule
mining process. The data are counted o find the frequent
customer purchases on each itemset, and then teke the
frequent itemsets i generate the association miles, which is
a rule in the form of “If condition Then resuli™. The
measurement metrics wsed in the selection of frequent
itemsets and mles are the following:

- Support is the frequency of the occurring event
Give the items A and B, the computation for
support of A and B to be purchased is as follows:

Seppent(Ad — B}y =P A B) (n

Asg an cxample, support (Coca cola —p Bread) =
25 =04 or 409G

- Confidenee ig the froquency of the incident with
other events occurring together. The computation
for confident is ag follows:

Conmfidence( 4 —» B) = S?L"’J;” @

For the same exampbe a5 abowe, confidence
{Coca cola —+ Bread) = 0404 = 1.0 or 10074

Table 1. Purchase transactions of customers.

Chrder Coca cols Bresd Cundy Milk
1 1 1 1] o
2 a 1 1 a
3 a a i 1
4 1 1 1 ]
-] a 1 i a
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Table 2. Contingency table for cut point computing sarmple | T & | Mwnals Chi?
demonsiration. _I-I:- L
Clas 1 Clans 2 Sum 25 =
Inderval | Aai A Ry rls 7 ] 55 - .
1+
Interval 2 Ay Az Ry 1 g 11 17585 =
fum ' Cx N NE 9 L L/ {B.5,10) —}:-__ >
& I 2 10,17} } El
Rungle | K-l | Ke2 Eu = (12)%1 = 08 L 12 L ) a0 g
=0k L -
2 o I 1 Ep={L2*1 = 03 8 2 130,38) =
. " : : Enq=il2r1= 0 D 2 {3842 =
i : - - Ep={l2)*1=.05 T Ty | {42,45.5} i =
= (0515 + (1515 + (1 SFLS +(0-535 =2 n_ e [} || {45.530=
12 R 1360y
Sl B A Ea=2f2=1
p=il2re= , iy 3 .
= . - s E=(0)92=0 Fig 2. Emmplcdf'mli:nal integration by Chi2
" - = = En = (122 =1 considering valwe.
={2)*2=0
odal 1 0 i () CAIM algotithm

X = {1-1P={0-0R A (1-17 1 HO-0F0 = 0
Fig. 1. Example of ealculation the Chi2 cut poing betwesn
intervals.

32 Discretizaton algorithms

{a) Chi2 algorithm
Chi? aloorithm! ' thag i based on the X* statistics was
uged to perform discretization over the numerical data. The
computation for x? is ag follows:

A —-E.
ZE( i 3
gl ol .:,

where:
k = number of elasses,
Ay= number of patterns in the ith interval, jih
class,
EYf = expected &mmncyafAQ,:R,"C;.fN,
R = number of patiems in  the ik
i I
t I= '
mterval Z;-d .{’

& = npumber of patierns
H
clagszzm,x!*,

N = oea] numbser of pattems =E:-|Rr

in the jik

Clags- Agtribute Interdependence Maximization
(CAIMP" iz a diserctization algorithm by supervised
learning. Main idea of the CAIM algorithm iz to use
class-atiributed  interdependence of the class and the
pumeric  column  to  create  minimal | interval.  The
computation for CLAM is as follows:

It
4
CAIM{C, D | Fy= — Mee @
A
where:
C=class,

D= discretization,

F= columns,

# = number of intervals,

i, = maximum of the qg,

My = number of all continuous columns

{c) CACC algorithm
Class-Atribute Contingency Coefficient (CACCY' is
a discretization algorithm developed from CAIM algorithm
for solving the overfitting problent. The computation for
CACC iz ag follows:

CACC = ;#LM (5)
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where:
M= number of sampling data

}"=M[[Zf..2.. M:'i," ]— l]fbs{n}
when

M = number of sampling data,

o = number of data,

Qe = number of class i by sampling daia
(i=l2,..8 and =12._n) in the
interval (d.id].

Mz = number of class i by sampling data

{d) AMEVA alporithm
AMEVA alporithm®® is discretization algorithm by
supervised leaming. This alporithm increase performance in
terms of corrclations between parameter and decrease
pumber of intervals of the Chi2 algorithm. The computation

for AMEVA in as follows:

x*{k)

Ameva(k) = m (6}

whiere:
k =number of intervals,

xz[.t]=)»’[—l+z:“z:_|%]

33 Cut polot in Chi2 Algorithm

Discretization by Chi2? algorithm is fo find the cue
points fo divide the numerical data to interval data. The
algorithm is based on the bottom-up division of numerical
data in each row into intervals, and then gradually merging
cach interval based on independence, which can be
computed by Chi2 value, We can be demonstrate the cut
point caleolation from contingency table in tahle 2 and
equation {3). Figure | shows an example of calculating the
Chi2 in each interval, such as intervals 2, 3 and 4 hag Chi2
0. Figure 2 shows an example of intcgration the intervals by
cobsidering minimal Chi2 valse, bocause the minimal ChiZ
valuz means less independent beoween intervals. If the
intervals are less independent, they should be in the same
interval. For instance, the intervals 3, 4 and 5 have the Chi2
values 0 They should be in the same interval. Repeat the
interval merging until Chi2? values of all inicreals are
greater than threshold that the wser has defined.

Fig. 3. Example of comparing the number of rules inoeach

inmterval.

34  Visuvallzation Cut Polnt Conslderation Through

Driscretization numerical data by various algorithms has
to consider the eut points, which can be used for grouping
the numerical dafa to intervals. But in some situation the
data in the discretized interval hag oo small amount of data.
This can lead to an inefficient association rule mining. Thus,
we propose to wse wvisualization technique™ in the
post-processing  of the discretization steps to see the
distribution of data in each interval, and then adjust the cut
points o fit the data disribution in each interval. Figure 3
shows an example chant comparing the number of data in
cach interval. It can be seen that the data in e intervals 1,
T and 12 are minimal comparing to other intervals. The cut
points should be adjusied to re-distribute data in dhe
discretized  intervals.  Figure 4 example of interval
integration by visualize technique.

000-3.52

595394 005,95
396419 1.596-4.29
430440 43004 %0
451454 451408
4.R6-4.00 456504
S01-404 4.104.6.61
[ 5A3-7.50
BA2-T35 AR
7. 40-5.01 #.00-8.71
hA2-Se5 §.72.9.80
BI0-ETH ]

[EFETT]

Fig. 4. Example of interval integration by visualize

technique

rir)
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Table 3.  Comparative results of accuracy and number of rules by five diserefization algorithms.

Dafigsen Simubsied Dats ECOLL AFD CLE
Algorithmss #Hules Ase. ¥Rules Ase. #Hules At #Rules Ace
AMEYA ] EH.14 107 T AT Lo 45 2% [H§] 4341
Calv ™ ER3Y EF @147 Lo | S4.RT 43 3303
CACC 1 ER.19 107 orAY L2 49531 H BA S
Chi? 41 LR17 4% 9T.aT 40 H1.H3 139 4137
Chl?+Visaullze 1 9541 4% UTAE Lr¥ity 230 148
120
100
i BO
&
=
g &0
40
m
0 i
FCCHLT AFD
DAaMEVA BCAIM BCACT @Chi2 B Ch+Yisualoe
Fig. 5. The accuracy comparison of the five discretization algorithms.
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Fig. 6. The number of rules comparison of the five discretization algorithms.
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S

Fig. 7. Concepiual framework of the ressarch.

4. Proposed Discretization Methad

This research has proposed a methodology to perfarm
discretization based on the Chi2 algorithm and the viswslize
technique for association rule mining. Figure T sketches the
proposed method o discretize numerical aftributed for
association rule mining. The pre-processing module can be
divided into two parns: discretization step and viswalization
by cut point eonsideration step. Discretization in our
method is based on the Chi2 alporithm because it is casy to
understand. After the diseretization step 1o visualization has
been applied to see distribuiion of dats in cach interval. IF
amount of data in any interval is too small, that interval will
be merged with the previous interval or the next intarval,
which is considered by the distance to the nearest interval.
Finally, the result is data discretized by new cul points.
These data will be further used in the association rule
mining

5. Experimental Setting and Results

The proposed discretization  method has  been
experimented with both symthetic data and real data from
the TICI Machine Leaming Repository. The UCH data are
Appendicitis data (APTY) with 106 records and 7 atiributes.
Ecoli data with 336 records and & attributes. Cleveland data
{CLE) with 303 records and 13 atiributes. Each of these
datascts hasbeen divided inte fraining dataset (70%) and
test dataset (30%). The discretization algorithm is encoded
with the R language™”. The algorithm proposcd in this
research is called Chi2+Visualize discretization algorithrm.
lis performance has boen compared with the AMEWA

CAIM, CACC, and Chi? algorithms. The performance
mctries are number of rules and accuracy of the algorithms.

Tablbe 3 shows the number of rules and accuracy of
alporithms with different datasets It can be scen that the
Chi+Visualize algorithm with the synthetic data and Eeali
data shows higher accuracy with less number of rules when
compared to other algorithms But the performance of cur
alporithm on the CLE and APD data shows lower accuracy
than some algorithms.

Figure 5 shows a chart comparing the accuracy of
alporithms with different detasets It can be seen that the
Chi2+Visualize with synthetic data and Ecoli daia show
higher accuracy when compared to other al porithms. Figure
& shows a chart comparing the number of rules with
different datasets. It can be seen that the Chi?+Viswalize
with gynthetic, Ecoli and APD data has less number of rules
when compared with other algorithms.

6. Conclusions

This research aims at siudying the discretization
method bazed on Chi algorithm and visualize technique
for association rule mining. The problem of association rule
mining with numerical data iz that there will be large
number of rubes and the obtained association rules are not
cffective enough to predict the fomure data. Thus, we
propose §o use the cut point from discretization by Chi2
algorithm to see the distribwied data in each interval, and
then adjust the cut points 1o fit the distribution in each
interval. The experimental results reveal that the proposmd
alporithm can redwee the number of rules and inercase
accwracy in predicting the fitwre data Howewer, the
application of our method over some data show low
aecuracy, but can be traded-off by small number of rules.
But in some data our method shows, low aceuracy and large
aumber of nules. We bypothesize that this dataset may be
non-normal distribution and this kind of distribution has
strong effect o owr method. Howewer, this hypothesis neods
theoretical and experimental proofs further.
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Absiract

The data clustering with afomatic program such s
k-means hag been a popular technique widely used in many
peneral  applications.  Two  interesting  sub-activity of
clustering process are siudied in this paper, selection the
nurnber of clusters and analysis the result of data clustering.
This rescarch aimg at studying the clustering validation o
find appropriate sumber of clusters for k-means method.
The characteristies of experimental data have 3 shapes and
each shape have d datasets {100 itens), which diffusion is
achieved by applying a Gaussian distributed {bommal
distribwion). This research wsed two techniques for
clustering validation: Silbouvette and Sum of Squared Erors
{S5E). The research shows comparative results on data
clustering configuration k from 2 to 10, The resulis of both
Silbovene and SSE are consistent in the semse that
Silbovetie and SSE present appropeiate number of clusters
at the same k-value (Silhouere value: maximum average,
S5E-value: knee point).

Keywords: Clustering YValidity, Silhouette Measure, Sum of
Squared Errors, k-means Algorithm

I. Imtroaduciion

A clustering is to group data. Although the clustering is
gimilar to the data classificatbon in terms of data input, the
clustering s leaming withowt target class The clustering
algarithm forms groups based on object similarities'"!. The
clustering  was  applied to  many  felds swch as
bivinformaiics, genetics, image processing, speech
recognition, market research, document classification, and
weather classification™. In addition, the clustering was
applied to docwment data aralysis that was one of big data

learning™ .

There are various algorithms for the data clustering.
But the most popular one B k-means alporithm The
k-means algorithm iz very simple in operation and suitable
for unraveling compact clusters and a fast lerative
algorithm™. The principle of k-means algorithm has divide
o ohjects from dataset for k clustess that wsed center-based
clustering  methods™. In  sddition, each clogter has
represented by the mmofnbjemﬁ'. Although k-means is
a popular technique, k-means is not known the comect
number of clusiers a priori Consequently, the main
challenge for these clustering methods i in determindng the
number of clusters™. In general, the number of clusters has
bean get by users or archives from knowledge of research!s
1]

Fiz. | shows the distribution of each cluster when =3,
and k=4. The rescarcher found that the determination of
guitable k valoe is not clear ag shown in fig. 1a and fig. Ib.
Ag mentionsd above ahout problem of clustering, there are
various research for selecting an appropriate nomber of
clusters™®' Each of the proposed fechnique is suitable for
each of daa distribution sweh 85 Gausgianity and
non-Graussianity* ™. Therefore, finding the correct k-value
for clustering is still a fundamental problem of elustering
methods!"* "

In this research, we siudy the clustering validity
techniques to quantify the appropriate number of clusters
for k-recans algorithm. These techniques are Silhouette and
Swm of Squared Errors. The rest of this paper is organized
a3 follows. Section 2 discusses related research. Section 3
comaing a description of methodology. Section 4 presensts
the results of experiments. The last section contains
conchsions.

£ 3014 The bregtimee of Indsariad Applications Engineers, Japan.
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1. Related Research

Rousseenw'™ have proposed the concept of the
monitoring cluster, In the rescarch proposed for Silbouette
technique, which is based on the comparison of objects
tightness and separation. The silbowette can reflect the data
is grouped that objects ane arganized into groups that match
it This is & tool o assess the validity of the clustering to be
usid for selecting the optimal k in the cluster

Kwedlo"™ have propossd the concept of problem
solving in order to know the number of cluster using the
Sum of Squared Errors (S3E). The research for developed a
new method, called DE-KM (Differential Ewvolution
Algorithm: DE) technique i the eombination of al gorithma,
k-means clustering by tuning in DE and soet data g0 see the
evolution. Experimenial resulis show that the highest k
wvalues appropriate to the clustering, and DE-EM SSE
values than the ather methods they tested.

Shahbaba and Beheshti™ have proposed the concept of
dealing with the problem of determining the correct number
af cluster o be prouped. The method wed to estimate the
probability of emor point average (ACE), which is the
difference between the actual point and estimate point. The
idea is o explore how to use the k-means clustering with
ACE k-mears Jow (MACE-Means) is wsed with the UCK
data and the other synthetic. They found thar a comect
number of cluster that can be spent on items tha are smrdy
lirthe overlap and time lesa.

Jun et al ™ have proposed the cobcept of clustering the
documents based on the concept of reducing the dimension
af the data, combined with the clustering k-means based on
clustering with support vector and silhovetie measure. They
have experimentsd with the patent, documents from UCH 1o
analyze separately each group of documents to clustering
for technology forecasting.

by kmt

3. Proposed Methodalogy

3.1 AFramework of Data Clustering and Validatlon
Approach

The clustering is a data mining at an unsupervised
learning technique™ "™ The principle of data clustering
that objects in the same cluster will have 1o look wery
similar, while objects in other similar less™ . There are
various alporithma of clistering technique, for example,
Basic Sequential Algorithms Scheme (B345), Partitioning
Arpund  Medoida  Algorithm  (PaM), Fuzzy c-Means
Algorithm {FCM), k-means Algorithn™ and so on.

The main steps in the work of the clustering has 5
steps’™". There are (a) set a number of cluster for clustering
(k) and cluster feature, (b} set a function for objects
similariny measurement, (¢} mn clustering algorithm, (d) set
Visuslization to display chster and (e} clstering validity
analysis, as fig. 2.

al
_[Sc'u namber of chuster for clastering and clusier f:mu:]

1 |

(b}
Ze1 3 funcrion for objects similariny measuremens

“i)
Ran claseering algorithm j
iy
Set Visualizagon 1o display clusier 1

) ‘I
Clustening validity analy=s

g &

Fig. 2. Show § sieps in clusiering process.

& 3014 The lostinee of Indwsirial Applications Engineers, Japan.
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32 k-Means Clustering

The k-meansg clustering is & technique that relics on the
center of cluster. This is ofien represested by the average
{Means) of cluster. The clustering measure the similarity of
the group by iterating the measurement distance between
each object and the center of each cluster™ using
Euclid dist: ing.

The k-tmeans alporithem is an iterative algorithm which
can be deseribed by the following steps.

Alporithne k-means Chistering! ™"

{a) Choosa indtial centroids {wtr.. ) of the clusters
10 -Gl

{b) Calculate new cluster membership. 4 feature vectar
¥, is assigned to the eluster C, if and only if

1 AR | my || (0

{c) Recaleulate centroids for the cluster according.

1
™= Z X @
¥y

{dy If none of the cluster centroids have changed, finish
the algorithm. Otherwise go to Step (b

33 Clustering Validity Methads
33.1 Slhonene Measure

The concept of Roussseuw! ™ ia described as follows:
the Silhowette is a tool wsed to assess the validity of
clustering. The silboustie constructed to select the optimal
murnber of cluster with a ratio seale data (as in the case of
Evclidean distances) that soitable for clearly separsted
clugter. The chstering are considered average proximities
as the two are dissimilarities and similarities, which work
beat in a situation with roushly spherical elusters.

Fip. 3. Show computation 341} for each object, where
obiect § belone to chister A",

Case #1 considered dissimilarities’ ™.

From fig. 3 described for take the object f in the data
sel, and assigned to cluster A, then define as follows:

= in case of dissimilarities.

i = object [ belong io chister 4.

arff) = average dissimilarity of § to all other objects of 4.

dfl, C) =average dizsimilarity of i to all objects af .

b} = minimum g, O), whene C# A,

B =the cluster B for which minimuen is attained the

neighbor of object {

The cluster & is like the second-best choice for object £
if it could not be scoommodated into cluster A4, which
cluster B would be the clogest competitor In Fig. 3. The
mumber 21} write this in formula:

B(() = afi}
S0 = tatn. b &9
The number =i} is obtained by combining o) and 571 as
follows:
1=a(i)fb() if a(i) < b(i).
s(ij= 40 if aff)y = b{i},
B{iyfa(i) =1 if a{i} > b{i),

i canwillbe =1 =< s{if) =1

Case #2 considered similarities"?".

In this case consideration sienilarities and define a’¥ik
d'fi, C), and put BYH) = maximum 4, CF, where C# A.
The nurbers (1) is obtained by

1=b{Dfa'(l)  if a'i) > b(L).
s{ij= 40 If a'iy = B{i}.
)b ) =1 if a'lf) < b'(i).

For Example, fig 4 shows the results silhoustie of
clustering, when fig. 4 (a) present clustering on k = 2 and
fig. 4 (b} clustering on k = 3. The Figure shows the
comparison of resull: density and separation, Meighbors, the
average Silhovette of each cluster. Which silbowette is used
to support the evaluation clustering with the macinum of
silhouetie.

332 5Sum of Squared Errors

The k-means clustering techniques defines the target
abject (x/) o each group (), which relies on the Euclidean
distance measurement (st 9 the reference poind to check
the quality of clustering. The Sum of Squared Emors: S5E
s anodher technique for clustering validity. SSE is defined
23 fllows"™.

¥
SSEED =Y D lg=mi (4)
[ T T
where

N = Feature vectors

X=fx. %%y} , % £ &MY

N={0, 00} M4Gno=0oUl,q=Xvgza

|l* || = Euclidean distance and m, is centraid of chuster £
which can computed as Eq {2}
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Fig 4. Shown Silhovette was present clustering when =2 and k=311,

Conditions of applied the S5E for clustering, is 1o
dotermine k =2 When the S5E is applied in graph tha
generated from the relationship between the SSE and k
value at knee point (Significant “knee™), which is
positioned o indicate the appropriate sumber of clusier in
the k-means clustering ™ as shown in fg. 5.

34 Selectlon an Appropriate Momber of Cluster

The principle of the monitoring tool for clustering, can
suppont the selection of correct k values for the k-means
clustering, consider the following.

Fig. 4, Silhouette is used to assist in cluster monitoring.
This amalygis is compared between Fig. 4 {a) and (b) it is
found that the average silhouette of clustering when k=3,
the value 33 will be greater than k=2, the value 28.

Fig. 5 the 55E is used in the inspection cluster. This
analysis was shows the spproprizte number at the knee
clearly was 5{a) k=13, 5(b) k =4 and 5{c) k = 5, which the
appropriate number of cluster.

4. Experimentation and Results

4.1 Experimental Data

The rescarch uses data synthesized with 3 shapes and
ecach shape have 4 datasets {100 iterns), which is applying a
Gawssian distribution {normal distribution). Fig 6 is the
distribution of a spherical around the center of dataset, fig.
7 the distribution iz non-spherical lying on the x-axiz, and
fig. B the distribution is spherical, but each group will have
some overlap.

4.2  Results of k-Means Clhistering Method

In experiments, the researchers repeated the k-means
clustering alporithm with datasets by changing the value of
k, set k=2 w k= 10, which illustrate the specific clustering
when k=2 4 and 6 shown in fig. 6, fig Tand g 8.

The next step is to investigate the cluster. This relies on

the analysis of both Silhoustte and S5E of above mentioned,
are a3 follows.

T T e s i || eI TT e — L s
| | ]
‘}l i I'u
- II - Y
,...ll. L
|“| I|I = '!_"
i \ - h
3\
e T
Yttt i My AR ks R Rl |
(ah kw3 i) kmd i) b=t

Fip. 5. MNumber of cluster consideration from the relationship between S5E and the k value.
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Fig. 7. Clustering with non-spherical data shape where k=2 (left), k=4 (middle), and k=6 (right}

Fig. .

43  Chlustering Validicy with Silhouette Measure

Comider Fig. ¢ & an illustration Silhouwette of a
clustering technique to the k-means repeating the grouping
by changing the value of k from 2 to 10, which shows a
comparison of the density and separation of each cluster.
Which found that the density of the k valuesof k=2 and k
=4 show the density and separation is opdimal.

Using the silhowette o assess the quality of clustering
mot silhowettz diagrams only in additios need o consider
the average of silbovette. It was found that the average of
all silbovette values when k=4 the highest shown in bl 1.

Clustering with overlap data where k=2 (left), k=4 (middle), and k=6 (right)

44 Clustering Valldity with SSE

The Result of S5E fiw ingpection the cluster i shown
in Table 2. The table 2 shows the S5E valwe and rate of
change of the S5E when k =2 to 10, found that when k=4

SSE is the maximum rate of change. The rate of change

{%eChanpe ) defined as follows.
_ (S5EofKi-1 — 55EofK;) » 100
ShChange = STEAfK, . (5}

foan willbe § = 2

& 2013 The Iaeatinue of Indearial Applications Engineers, Jopan.
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where
ESEoi®es = E5E values of ker
EREX, = 85E values af k,

Table 1.  Show comparison of the average of the
Silhouette of 2 k-means clustering when k= 2to 10

Mumber of Average of Slibouette
Cluster Spherbeal | MomSphericsl | Spherbeal & Cverisp
K= L.A50% 06518 DAE
K= 0778 A.755% D A60%
[ 0] 9117 19018 [ EYE" ]
Kmid O.H1H2 dL.HS%H DATH
oty LIS MR D447
KT L5059 01.7366 AT
K= 06198 {17553 DA
K=3 5072 6945 DAxT
K=10 05162 ALORS oA

arder to investigate the effect is therefore mecessary o
conaider a graph showing the relationship between k and
the S5E values at the knee point are shown in fig. 100

Table 2. Show SSE walues and %echange from k-means
algorithm when k=2 o 10

Smmber Sum of Squsred Errars
of Spherieal MomSpherical Sphericsl &
Cluster Ohveriap
SSE  |%Chamsge | SSE  (%Change | S5E  |%WChasge
151257 = | niazza - 1303440 -

3,18 T8 | B2es 8| 04 | 9iRSy L6.9%

TILTE | 3pile | HRO1) XONEX | ROHUOH Lp i ]

IAle | &S| XM | ARE2 1124

Gliod | 1143 35281 IroE | 44148 1747

34441 1242 | 450195 ZEET | 3HTOE 14.03

3190 6.4 | 0500 6E4 | 35TXT 1479

PR3 R |E|L|E|R
B
=1

302 Lysd 5e4.09) ek | MzE L1 ik

As the Silhouetie to assess the quality of clustering not LB [ty JHE S e 2
the data in table 2 that showld set correct k value oaly. In
Munsker of Chuster Spharical Shape Mac-&iphesical Shape Spherical Overkip Shape

- 1

i | -
" m u’_t_ w 'I_"

kmi

kmts

Fig. 9. Silbowerte of a clustering technique when k=2, k=4, and k=6
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Fig. 10. The graph showing the relationship between k and the SSE values of different data shapes.

5. Conclusions

The results of research above when examining the
Silbovette clustering analysis is o determine the k = 4 was
the highest average Silhouette with all the dats sets When
examining the clustering of the graph that shows the
relationship between the S5E and k walue with k = 4 the
result was the knee point. That means the examination of
Bboth Silhouette and S5E are resuli inconsistent. Is that the
mumber of clugter as the same number that k=4.

However, 8 comparison of 55E and Silhowste have o
artention is if the data does not overlap. Assessment the
nurwber of cluster is appropriate both S5E and Silhouwette.
However, when the data begin fo overlap S5E will provide
an asgesament that iz moee close to the true valoe.
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Kittisak Kerdprasop, Nittaya Kerdprasop
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Thailand

ABSTRACT

Ta apply data mining classification technique to
the medical data, it is important to have a
classification medel that can perform  effective
amalysis with high accuracy. There are significant
amount of rescarches trying 1o find ways to improve
classification model accuracy. One of the methods
successfully applied is the filter technique. It is the
proceess of preparing data before modeling. Thiz paper
presents. the  filter technique together with the
discretization method for the important of medical
diagnostic model. The proposed data filtration and
diseretization lechnigues has been tested with the six
classification algorithm: support wvecior machine,
nafve Bayes, multilayer perceptron, k-nearest
neighbor, decision stump, and decision wees. The six
medical data and one generated data were used for
accuracy evaluation. Five medical data showed the
improvement on ¢lassification accuracy

Keywords: Filters, Discretization, Classifications,
Accuracy, Medical data

1. INTRODUCTION

Diata mining model for classification of medical
data has proved fo be a success in the prediction of
new data with the relatively high accuracy. Guyon &
Elizgeeff (2003} stated that data filtraion by feature
selection can help the discovery of relationships
hidden in data

Feature selection is in the preprocessing of
machine learning as 2 way to reduce the dimension by
reducing the redundant and ireelevant information.
Thiz will increase the accuracy. Feature selection
generally fall into two categories: flter models and

wrapper madel. Filter model will select some Features
without involving algorithm to learn any model.
Wrapper model is based on the one that iz presst on
the selected feamre. The choice of filter models
studied by Guz (201 1) oftes provide higher accuracy.

Discretization is one of the preprocessing of the
machine learming. How is the nature of the data are
numerie will provide a range of features that will help
increase the accuracy of prediction. Many works have
been action in the field of dimensionality reduction
for medical diagnosis.

The following section presents the summary of
those  works, highlighting  the strengthe and
weaknesses of each method. It may be observed that
the Sequential Forward Feature Selection (SFFS} is
impractical for feature subset selection from a large
number of samples of high-dimensional Ffeatures
(Hall, 198%). Therefore, Hab & Yu (2010} propose the
Filtee-Dominating Hybrid  Sequential  Forward
Feature Selection (FDHSFFS) alporithm for high
dimensional feature subset selection. This method bad
been proved to be fast but wamed preatly
computational complexity. A new approach called
Blulti Filtration Feature Selection (MFES) had been
propoded by Sazikala et al_, (2004). The method used
a halistic and universal method that achieved the best
classification accuracy with fewest features possible.

This paper makes an attempt to design such a
Feamure selection sequence and discretization. It is
called **Multi Fileration with Feature Selection
Discretization (MEFDS)"" This paper is organized as
follows: Section 3 describes the proposed method.
Experimental results and discussions are presented in
Section 4.
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2. METHODOLOGY

Figure | shows the flow of our methadology. The
feature selection technigue has been applied to the
data. Then the discretization technique is used. The
accuracy  is  fested with the =iz elassification

algorithms
(D

Fllters Madel

Fratore Scheclion
- Printiple Compaments Ambyshs
- Carrelation - kase Feature Selection

- Symmetrical Uncerialmiy

Disereiiaation
- Claie- Adriboir lalerdepradence

v

Clasaificatiog M sdel
Mabilyer | [4 Noarest | [ Deciion | [ Decisen
Pereeptron | | Neighbar | | Tree Sdump

Fig. | System flow of the proposed MFFDS model

2.1 Principle Component Analysis [PCA)
A represented of unsupervised dimensionaliny
reduction method i3 Principal Component Analysis
(PCA) Moutselos et al., (1986} which aims 1o
identifying a lower-dimensional space maximizing
the variance among data Sasikala et al., (2014). PCA
is a very effective approach of extracting features
Vinh et al., (2011). The computation for PCA s as
follows:

AATP = LP (1

Let AAT i matrix L is covariance matrix and P is
eigenvector.

2.2 Correlation — base Faature Selection
|CF5)

The correlation between each feamuwre and the class

and between two features can be measured and best-

first gearch. This is realized in the Correlation-baged
Feature Selection (CFS) method Xie, & Wang (2011},
The computation for CFS is as follows:

|y
Merit, = J—Tmfﬁ (2)
- P (3)

4 = TE-NEe-n

Let 3 is feature subsed k is feamre W i the average
value of feature-clazs and SF iz average value of
feature-feature.

Let i and j is correlation berween entities.

2.3 Class-Attribute Intardepandenca
maximization (CAIM}
The goal of the CAIM alporithe is to maximize the
class-attribute interdependence and to pgeperate a
{possibly) minimal sumber of discrete infervals
Yazdani et al., (2002). The computation for CAIM is
as fllows:

maxt
CAIM(C, DIF) = Zu-:n (4)

Let C is class variable and D is discretization variable
for antribute F.

Let n is number of inteevals r =1, 2. _ . n, max, is
maximum value among and My is total sumber of
continuous valwes.

3. EXPERIMENT

3.1 Experimental Apparatus

The tests are carried out in 2 system with Isgel
iT-45000, CPU 1 B0OGHz, 8 GB RAM, 1TH hard drive
on & Windows 8 Enterprise operating system.

The proposed algorithm is implemented vsing
Weka (2013). The input 1o the system is given in the
Attribute-Relation File Format (ARFF). Ten-fold
cross validation iz performed for all classifiers
{Zabedi & Sorkhi 2003). Data sets used in the
expertiment are listed in Tablel.
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Drata set names, number of rows, number of feamures,
and the number of classes.

Mame Instance  Anribute Class
Bnea.sl Can..cer 60 12 9
Wisconsin
E.coli 336 B B
Indian Liver 55 i 3
Patient Dataget
Liver 345 7 2
SPECT Heart &0 45 3
Daatazet
Parkinzon 195 3 2
Generate Dataset 570 3
3.2 Result

Figure 2-7 show the experimental results of the
proposed method (MFFDS) compared to the MFFS
methods and the classification without any data
preprocessing  techmique. The X-axis represents
accuracy and the Y-axis represents medical data.
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Fig. 2 Classification accuracy obtained for existing
and the proposed MEFDS by natve Bayes.
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Fig. 3 Classification accuracy obtained for existing
and the proposed MFFDS by support vector machine.

- BEEEE

HHEEH =

Jﬁgﬁ(;}f' e

Fig. 4 Classification accwracy obtained for existing
and the proposed MFFDS by multilayer perceptron.
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Fig. 5 Classification accwracy obtained for existing
and the proposed MFFDS by k-nearest neighbor.
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Fig. & Classification accwracy obtained for existing
and the proposed MFFDS by decision tree.

R =

iewvfff}f i
d

=
=
=]

B8R

Fig. 7 Classification accuracy obtained for existing
and the proposed MFFDE by decision stump.
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CONCLUSION

MFFDE model performance testing with natve

Bayes, support  wector  machine,  multilayer

perceptron, k-nearest neighbor, decision tree and
decision stump by using Breast Cancer Wisconsing
E_coli, Indian Liver, Patient Dataset, Liver, SPECT
Heart Dataset, Parkinson and Generate data. The
implication of the research is MFFDS Model for best

results, performance testing is five data.
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