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ABSTRACT

Knowledge map, also named Bayesian network, is a graphical model that encodes
probabilistic relationships among variables of interest. A Bayesian network can be used to
learn causal relationships, and hence can be used to gain understanding about a problem
domain and to predict the consequences of intervention.

To develop the dependency structure of Bayesian network is referred to as structural
learning. Human experts can use their domain knowledge to develop the structures. But
different experts can give different and sometimes conflicting assessments due to the
subjective nature of the process.

More recently, researchers have developed methods for learning Bayesian networks
from data. Data mining is a popular data analytical method and can apply to develop the
structures.

In this thesis, one of the data mining techniques, called rough sets theory, is applied to
generate decision rules from data, and apply those rules to develop the Bayesian networks.
The result indicates that the procedures developed in this thesis can deliver a better outcome
in terms of causal structure and data similarity, compared with K2 algorithm.
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1.1

domain
knowledge
data mining
description
prediction
[18][21]
1. concept description
Attribute-Oriented Induction; AOI On-Line

Analytical Processing; OLAP

2. association analysis
apriori algorithm
FP-tree

3. classification supervised learning



Decision tree Neural networks Genetic
algorithms Bayesian networks Rough sets

theory

4. clustering unsupervised learning

k-means algorithm

agglomerative
Knowledge maps
Belief
Networks Causal Probabilistic Networks; CPNs
uncertainty causal relationship
[31[19]
1.
Monte-Carlo, Gaussian approximation, MAP and
ML approximation  EM algorithm
2.
3.
4. over fit

[29]



1.2

conditional probability tables; CPTs



1.3

missing value

1.

1



d-separaton

reduct core

casual
—Norsys Netica[24]
—Grobian[15]
—Bayesware Discovery
K2
(1) S
(2) 8 7 5

3) 15 14



1.4

1.2

|
!
5
1
|
1.1
Norsys Netica
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2.1

2.2
2.3
2.1
directed acyclic graph; DAG
[27] 1921  Sewall Wright
Path Analysis
inference diagrams
Reverend

Bayes 1763

10

[27]

2.1 [41[9][19]



P(B)

0.002

ancestor

conditional probability table;

c |PE)
T 0.70
0.05 0.01
2.1
X={Xy, X} nodes
A,B,C,D.E
link
directed C A
C C A descendantnode A C
node
conditional probability
distribution; CPD
CPT
[9][19]
B=(D,P) D
DAG n

P={p(xi|Tt 1, , p(X|TT ;) }



B joint probability distribution;

JPD (2.1
p(X)zf[ PO | 7) 2.1
(2.1) 2.1
p(a,b,c,d,e) = p(a) p(b) p(c| a,b)p(d | c) p(e| c) (2.2)
A prior
p(A) B A p(A|B)
B posterior p(B|A)

exact propagation algorithms,

approximate propagation algorithms  symbolic propagation algorithms

[9]

p(B|A) = P(A|B)p(B)  p(A|B)p(B)

(A > P(A[B)P(E) (23)

belief

p(X)=1
p(X)=0 9 5 10

[20]
1. S A 0 pA) 1
2. p(S)=1
3. A, Aj S Ai# Aj p(Ai A)=p(Ai)tp(A))
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[91[19]

2.2
2.2
causal discovery
[8]
[3]
[9]
[31]
[10][11]]22]
1. search-&-scoring-based methods
Bayesian approach 2.1
2. constraint-based methods

non-Bayesian approach 2.2
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2.1 [10]

Chow-Liu Trees O(N%)
Rebane-Pearl | Polytrees O(N?)
K2
HGC
prior
net
Kutato
Wong-Xiang
[-maps

BENEDICT

d-separation
CB PC K2
Suzuki MDL
Lam-Bacchus MDL
Friedman- MDL

Goldszmidt
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2.2 [10]
Cl-tests

Wermuth- O(N?)
Lauritzen O(N?)
Boundary
DAG
SRA Boundary DAG
Constructor
SGS
Verma-Pearl SGS
PC O(N*") SGS

Kullback-Leibler

Cl-statements

KL

Bayesian, MDL minimum description length

entropy function

2.2.1

conditional independent statements;

-13-

conditional

5




independence test; Cl-tests
222

Cowell[12]

Cl-tests
[10] d-separation

2.2.1
[9]
1.
2.
3.
quality measure
[9]
1.
MDL
information available data
complexity

-14 -
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(1)

)

3)

(2.4)

logp(B) p(B)
p(B)=p(D.6 ) 6 P IPD
0 p(B)
D
logp(SD,6 ) 5
S D 5
o(D.o|S) = P(P:0.5) _ _p(D.0.5)

pS > p(D.o,9)

__P(D.9)p(S[D,o) _ p(S,D.0)
2. P(D,0)p(S|D,6) > p(D,o)p(S|D,0)

(2.5)

p(D,#|S) e p(S,D,0) = p(D)p(d| D) p(S| D, )
= p(D)p(d]S,D)p(S| D) < p(D)p(¢|S,D)

-15-
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p(D.6 |9 p(SD,
0) p(D)p(® [SD)
p(D) p(® |[D) p(SD,6) p(6 |SD)

(1) p(D) D

(2) p(® |D) D

(3) p(SD.H ) D 6 S
(4) p(® [SD) 6 D S

Qg (D, S) = log D(D)+10gf p(S|D,0)p(6|D)dd

n ) I T(n. N..
=log p(D) + {Z {log—r(;(?k& )+Zlog—(nlfk(;_ )”k)ﬂ 2.6)
i=1 | k=1 ik ik i=0 ijk :

(2.6) Geiger  Heckerman () gamma

Qe (D.S)=log p(D) + {Z{log%+ilogrmuk+l)ﬂ 2.7)
=1 ik i j=0

i k=1

(2.7) Cooper  Herskovits (2.6)
n i N..
Qg (D,S) =log p(D)+ > > > Ny, 1og¢k—l Dim(B)log N (2.8)
i=1 j=0 k=1 N, 2
(2.8) %Dim(B) log N
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Cooper  Herskovits K2 [3][31]
(1
(2)
(3)
4)
n V4 Xi Xiel 18]
Vil?' Viri D m
4 B, Z
Wij T ; D ] T ¢
Nijk D x; Vik TUj Wij
NIJ = Z Nljk
k=1
P(B;,D)=P(By)[ ] 9(i,7) (2.9)
i=1
Cooper  Herskovits g(1, m)
. (A
Lz)=||—————] [ N,! 2.10
g( ) 1;1[(Nij+ri_1)!lk__]1: jk ( )
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K2

K2

Initialization Step:
Order the variables
for i—1 ton do
I, — o
lteration Step:
for i— 1 to n do
repeat
s Xy W1, that
maximizes g =g, ¥}l
O — =g ir[_ |
if & =0 then
1, « I, {¥]

until =0 or I, ={X,..X,

select ¥elx

-
E

2.2K2 [31]

222

Causal Sufficiency, Causal Markov, Faithfulness
[22]
1. Causal Sufficiency
hidden

latent

2. Causal Markov

- 18-



3.

Faithfulness
faithful

Causal Markov

SGS
SGS 2.3

SGS

b, E+0

I.  From a complete undirected graph with edge set £ on the set of nodes €.

For each pair of nodes X ¥, do:
If for all subset S of UW—{X,Y}L X L¥|S,
set B = B = {(X,¥), (¥, X)}

2. Foreach triple of nodes X, ¥, Z, such that {(X,2) € £,(Y,Z) € E,(X,2) € £, du:
If for all subsets § of U= {X,¥,Z}, X LV |SU{Z},
set T TU[(X,Z),(V,2)}
3, Repeat:

If(X,¥) €L, (¥V,Z) € £ (X,Z) & £ and AW such that (W,Y) € T,

set £ +— EU{(Y,Z)}

If (X,¥) € E and there is a directed path from X w0 ¥ in E,

set £ + EU{(X,¥)}

LUntil no more edges can be oriented Cadded 1o E)

4.  Return Bavesian network ¢ with edge set .

2.3 SGS [22]
SGS XY edge
E
E-0O
undirected graph E’
X, Y X, Y
XY Faithfulness X, Y
E-{(X,Y), (Y, X)} XY
XY SGS
d-separation X, Y

-19-

Cl-tests

complete

XY
d-separation
U-{X,Y}



X, Y, Z X, Z Y, Z X, Y S'cU-{X,Y, Z}

S={Z} S S d-separate X, Y X, Y, Z
Y-Z E<E {(X,2),(Y,2Z2)}
XoYoZ XeYZ XY-Z X Z
Pearl  Verma[28§] IC inductive causation

Cheng et al.[10]

XsZ<Y X Y Z

28 S n-2 SGS
TPDA three-phase dependency analysis

2.2.3 d-separation

Cl-tests

d-separation direction-dependent separation

=20 -

X-Z

SGS
IC



Y
1. Z
2. Z
3. Z

2.5

[29]

E X Y d-separation X
E block E Z
2.4
E Z linear
E Z
Z E
d-separation
X E Y
o| OHOIOHOTO
| HOTOTOTO
0| OHO-@-O1O
2. 4 d-separation [29]
d-separation
Ignition Gas
Radio d-separation

Battery

221 -

Gas



Radio d-separation

3.
Starts Radio
Gas
Moves d-separation
( Battery )
# \| # ."-.-'—'-'_‘-‘-H"'\.
| Radio ) { Ignition | Gas )
N PSS
\5“':“/
( Moves )
| vas |
b
2.5 d-separation [29]
2.3
[3]
M
Jordan [3]
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Jordan

Jordan
0
Jordan
M 7'My
T
K2
Slezak reduct
information reduct
A=(U,A) U
A
acA V. a
BcA B
function

Inf, :U — F{Bvaa

acB

X {(a,a(x):ae B}

-23-

Jordan
Jordan
Jordan
M  Jordan J
M=JTJ"!
M T
K2
K2

reduct network([32][33]

objects

B-information

2.11)



B

B-indiscernibility relation

IND(B) = {(x, y) €U xU : Inf(x) = Inf, (y)} (2.12)

reduct

information reduct

B A=(U, A) information reduct
IND(B) = IND(A) (2.13)
information reduct reduct network

decision reduct

A=(U, A, {d})

d reduct decision reduct

IND(B) = IND(BU {d}) (2.14)

Slezak  reduct network

reduct network D=(A, E) reduct
network A a reduct Tt (a)
T (a)
7(a) = {b e A: thereis arrow from b to ain D} (2.15)
M={U. (a).{a}} M (a)
[1(a) = {b e A: thereis direct path from b to ain D} (2.16)
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decision reduct reduct

network
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> D

> .

3.2

=26 -

Heckerman [19]

3.1

3.3
34

3.5



K2

—Bayesware Discovery

1

3.

3.6

IIIIIIIIIIIIIIIIIII

3.2

3.1

IIIIIIIIIIIIIIIIIII

34

33

A 4
1

3.5

— —
— ——
—

1

3.

3.1

casual

[51[7][14]

3.3

3.2

400

_27-



3.2

[34]
nominal variables
orderal variables
3-4-5
[18]
140
90 100
60
3.2.1

Pawlak 1985 Rough Set Theory [25][26][34]
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W DN

o C

(1) Vq

2)

equivalence relation

information system 1=(U,2 Vq.fy)
Q q
q
3.1
object| A B C D
1 1 1 1 1
2 2 1 2 2
3 2 1 2 1
4 1 2 2 1
5 1 1 1 1
QeQ 0 ¢

Q

3.

3.

1

indiscernibility relation

X=0,yo (VaeQ)f (x)= f. (y)

1

3.2

-29.-
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3.1)



3.2

Q) CEY)

A {1,4,5},{2,3}

B {1,2,3,5},{4}

C {1,5},{2,3,4}

D {1,3,4,5},{2}

lower
approximation upper approximation
[13][25][34]
1. U Y YcU Y
Y
Y positive region
POSx(Y)
Y?={xeU:0,xc Y} (3.2)
2. U Y YcU Y
Y
Y possible
region
Y° = {xeU :6,xNY =@} (3.3)
3.2
Y
uncertainty region approximation boundary
BNY(X)

-30 -



—  |owear approximation

= ypper approximation

[34]

0 QX1={1,4,8} 0 QX2:{2,5,7} 0 QX3:{3} 0

oX4={06} Y={3,6,8}
Y= (3,6}
YO ={13.4,68)
BN, (X) = {1,4.8}
Y
a [25][34]
def | X
r(X)= ﬁ (3.4)
Y X X
vyY X Y dependency
consistency y =1 X-Y y £1 X -
Y uncertainty
“ [X]
ay(X) = W (3.5)
a X a =1 X

Y deterministic a#1 X Y

231 -



decision table

P, Q
R P Q-indispensable[25]
POS,_r, (Q) # POS, (Q)
P R Q-indispensable
ScP S P Q-reduct P
POS;(Q) = POS; (Q)
Q-reduct Q-core Q-core

reduct

det

P->Q P=0Q

3.3 R={AB,C}

-32-

R P

(3.6)

P Q-independent

Q-independent S

(3.7)

deterministic rules



3.3 A
objects | A B C Q
1 1 1 1 1
2 2 2 2 3
3 1 1 3 2
4 1 1 3 2
5 1 1 1 1
6 1 2 1 1
7 1 2 2 3
8 2 2 2 4

POS ) (Q) = {1,3,4,5,6} # POS,(Q) A
POSy 5, (Q) = {1,3,4,5,6,7} = POS,(Q) B
POSe ¢, (Q) = # POS:(Q)
R-{B}={A,C}
ACH

Q-reduct Q-core

AnrC =Q

Q-indispensable
Q-indispensable

C  Q-indispensable

POS(R—{B})(Q) = POS{A,C} (Q) = POSR (Q)

ANC,=Q,
ArC =Q,
AnrC,=Q,
A nC,=Q,

discernibility matrix
[34]

nXn Cij

[25]

-33-

reduct

corc



{cijz{aegza(x)¢a(xj)} i,j=12,-,n (3.8)
&, otherwise
3.4 a,b,c d
3.4 B

object a b c d

1 2 1 3 1

2 3 2 1 2

3 2 1 3 1

4 2 2 3 2

5 1 1 4 3

6 1 1 2 3

7 3 2 1 2

8 1 1 4 3

9 2 1 3 1

10 3 2 1 2

1,3

1,2 a,b,c
a,b,c 10
3.5  10x10
3.5
1 2 3 4 5 6 7 8 9 10

1 -
2 a,b,c |-
3 - ab,c |-
4 b - b -
5 a,c ab,clac |ab,c|-
6 a,c ab,clac |ab,.c|- -
7 ab,c |- a,b,c | - a,b,c |ab,c |-
8 a,c ab,c|ac |abyc|- - ab,c |-
9 - a,b,c |- b ac |ac |ab,c|ac |-
1 ab,c |- a,b,c | - a,b,c |a,b,c |- a,b,c |a,b,c |-

-34 -



f(D)=(a+b+c)b(a+c)a+c)a+b+c)a+c)a+b+c)a+b+c)a+b+c)

b}

x(a+b+c)a+b+c)a+b+c)b(a+c)a+c)a+b+c)a+c)a+b+c)

x(a+b+c)a+b+c)a+b+c)b(a+c)a+b+c)a+c)a+b+c)a+b+c)
x(a+c)a+b+c)a+b+c)a+b+c)a+c)a+b+c)a+b+c)
=b(a+c)=ab+bc

3.5

3.6
3.7

D-reduct {a,b} {b,c} D-core
3.6
3. 6 reduct {a, b}
object a b d
1 2 1 1
2 3 2 2
3 2 1 1
4 2 2 2
5 1 1 3
6 1 1 3
7 3 2 2
8 1 1 3
9 2 1 1
10 3 2 2

-35-

{b}

reduct {a,



3. 7 reduct {a, b}

2 3 4 5 6 7 8 9

10

—

ab |- b a a ab |a -

a,b

- ab |- ab |ab |- ab |ab

ab |- b a a ab |a -

a,b

- b - ab |ab |- ab |b

ab |a ab |- - ab |- a

a,b

ab |a ab |- - ab |- a

a,b

- ab |- ab |ab |- ab |ab

ab |a ab |- - ab |- a

a,b

O | 0| | N | = LW | DN

ab |- b a a ab |a -

a,b

p—
e

- ab |- ab |ab |- ab |ab

f,(d)=(a+b)baa(a+b)a(a+b)=ab
f,(d)=(a+b)(a+b)(a+b)a+b)a+b)a+b)=a+b
f,(d) =(a+b)baa(a+b)a(a+b)=ab
f,(d)=bb(a+b)(a+b)(a+b)b=>b
f.(d)=a(a+b)a(a+b)(a+b)a(a+b)=a
f,(d)=a(a+b)a(a+b)(a+b)a(a+b)=a
f.(d)=(a+b)(a+b)(a+b)a+b)(a+b)a+b)=a+b
f;(d)=a(a+b)a(a+b)(a+b)a(a+b)=a

fo(d) =(a+b)baa(a+b)a(a+b)=ab
f,,(d)=(a+b)(a+b)a+b)a+b)a+b)(a+b)=a+b

core
reduct {a, b} 3.8

-36 -
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3.2.2

Y

reduct

3.8

3.8 reduct {a, b}
object a b d
1 2 1 1
2 * 2 2
3 2 1 1
4 * 2 2
5 1 * 3
6 1 * 3
7 * 2 2
8 1 * 3
9 2 1 1
10 * 2 2

%
a,,b = d,
b, =>d,
a =d,
n
[6][23]
reduct %

reduct

-37-




confidence 1

1
Confidence(A=> B) = # tuples contai ning. _.A_ and B (3.9)
# tuples containing A
a,b d a=1,
b=1 20 a,b—>d 18 a,b —d,
confidence(a,,b — d,)=18/20=0.9
P Q [23]
#(N 0 0,)N6,)
1——PP PP R0 %N, 6,)>0
error — #(m o ep) ( pcP p) >
0, #(0per 0,)=0 (3.10)
0o Q 0 »p P
3.9 a,b, ,i Q

-38 -



3.9

b

object | a

10

11

12
13
14
15
16
17
18
19
20

21

reduct {a, d, e, 1}

10

3. 10 reduct {a, d, e, i}

support

Q

a

*
0
0
*
1
*

rules
rulel

rule2
rule3

rule4
rule5

rule6

redect {a, 1}

0.4
3.

11

0.2

-39-



3.3

331

3. 11 reduct{a, i}

rules a 1 Q support
rulel * 2 0 2
rule2 0 1 1 11
rule3 * 0 2 3
rule4 | * 2 6
*
a,,i, > Q confidence(a,,i, > Q, )=11/12=0.9167

- 40 -

3.10




[18]

# tuples containing both A and B

upport(A= B) =
Pport( ) total # of tuples

80
Support( = )=80/100=0.8
0.1 200
20

3.3.2

A AB —>C

3.3.3

-41 -

(3.8)

100



Q

s 0 OeX X, [14][17]

o

, df{a(x)d, ifr=d

' otherwise (3.9)
o x4 Q-0 (d) Q-0 (d)
y Yy (Q-0 (d): 0 X} Q-d Ho
H,
_HoeX:y(Q—>o(d)2y(Q—>d)}|
P(rQ > d) [ Hy) = HE SRR (3.10)
0.05 p(y (Q- d)[Ho)
Hy
3.4
1 2
1
3.3
A—-D,
D, =K,
B —K,

O
= &




3.4

. A7B-D

A CAR A

CoF

) 0 0
A B
(=)
3.4 2
3.5

unexplained information

3.5

-43 -
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3.5

3.6

S(d Q)

S(d[Q)

Q 0 ¢ Y

0 4 I Xi
T 7;i =1 /n ;7“ Xi Yj
7A7i’ C= X NY conditional entropy
def t A A 1
H(|D)= > 7 X m;; log,(-—) (3.11)
i=C+1 J<s 77i,j
H(d[Q)
S(d|Q)=1-——"F-
@Q=1- 00 (3.12)
1 Q d
0 Q d
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3.6.1

Jaccard [3][30]
A,B a,b ab
X,y m Jaccard m/(x+y-m)
3.6 A a={(P, Q), (P, R), (P, S), (P, T),
(Q,5), (Q, 1), R,T),(5,T) } x=8 B b={(P, R),
(P, S), (P, T),(Q,S),(Q,T), (R, T), (S, T)} y=7 A,B {(P,R), (P,
S), (P, T),(Q,S),(Q,T), (R, T), (S, T)} m=7 B  Jaccard

7/(8+7-7)=0.875=87.5%

3.6

3.6.2
[3]

-45 -



[1]

0.05

Wilcoxon sign-rank test

D= Xl-Xz

30

E(T) = nn+1)

GT:JMn+DQn+D
24

,_T-EM

p 0.025

- 46 -

(3.13)

(3.14)

(3.15)



3.6.3
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4.1

4.3 K2
4.4
4.1
Judea Pearl [24]
Burglary, Earthquakes, Alarm, John, Mary
John  Mary John
Mary
4.1
ALARM
Barglary Eartlguakes
yves 0.0 yes 038 | | |
no 907 w996 : —
1 70,0001 2 1.006 70062
Ty H . ..-.-.-.. "
A P
Alarm
g bid 'I ' ' '
1.992 M).087
- f; H ",
e Y
Jolhm Mary
e G350 | || e L52) | | |
:.? 03,6 h ;? 08,3 “
1.04 .24 1.98 "0.12
4.1
411
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Norsys Netica 400 [24] 200

200
Grobian
4.1
4.1
Grobian

Burglary yes Attributel(al) 1

no 2
Earthquakes yes Attribute2(a2) 1

no 2
Alarm yes Attribute3(a3) |

no 2
John yes Attributed4(ad4) |1

no 2
Mary yes Attribute5(a5) 1

no 2

Burglary, Earthquakes, Alarm, John, Mary
Grobian Attribute5 Mary
4.2
a4, a3, a2, al
20 2
4.2
4.2

(1) a3 Alarm a5 Mary
(2) a3 Alarm —a4 John
(3) al Burglary a2 Earthquakes —a3 Alarm
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W Eules

BEIE
L

—— Skart Aule Exiracilon
Thee dependent afribubes ...
Code 5 AiFibie b

The independent attributes ...
Code 1! Atiribude 1
Code 2 Attribude 2
Code 3 Attribude 1
Code 4 Atiribode 4

Meilod; best miles

Found & Aules:

al=2 =»ah=2 |194 ahjects |

af=1 =» ah=¢ |2 objects |

#1=2 a4=1 =» ab=2 [11 ahjects |
#1=2 ad=F ad=2 =»rab=1 |2 objouts |
a3=1 ad=1 =>ah=1 [Z objecis ]

Mean number of afiributes in roles @ 1,80

4.2 AttributeS Mary
4.2
Rules Support Length
a3=2 =>ab5=2 194 objects 1
a3=2 =>a4=2 185 objects 1

al=2 a2=2 =>a3=2

193 objects 2

4.3

-50 -
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Earthquakes




10.

Norsys Netica 4.4
ALARM
P —— Earthqualkes
ves 009 ' ye 9 -r'”| {
o nu.ﬂh B A
TS5 70 06 1.00% .07
s
H'\. ___."'
P -
L SN .
Alarn
L [ |
ne 951
1.5 .14
-~ T
-~ '-\..‘

Juluy R hlary
yes It:--":‘: - vex 410 | |
e 93 ne  97.6

194 0. 1.9% W18
4.4

(1) a={(Burglary, Alarm),

(Burglary, John), (Burglary, Mary), (Earthquakes, Alarm), (Earthquakes,

John), (Earthquakes, Mary), (Alarm, John), (Alarm, Mary)} X=8
2) b={(Burglary,
Alarm), (Burglary, John), (Burglary, Mary), (Earthquakes, Alarm),
(Earthquakes, John), (Earthquakes, Mary), (Alarm, John), (Alarm,

Mary)} Y=8

3) {(Burglary, Alarm), (Burglary, John), (Burglary,
Mary), (Earthquakes, Alarm), (Earthquakes, John), (Earthquakes,
Mary), (Alarm, John), (Alarm, Mary)} m=8

(4) Jaccard 8/(8+8-8)=1=100

100
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11. Norsys Netica 400
(1) Hy T-T=0
H T-T#0
(2) SPSS[2]
0.025 p=0.570 0.025 Hy
3)

EEL MRLD wmRE ALD SHD FSEd RIS DM Y W

FEek e s - (O e8]

4.5

e|+| o] =] ZILY ]
= Wt
= Ry
.- + NPar &
Wikonn MAEFET
B 3
. Wilcoxon {78 S W
L TRHE
8
TER - LRI N | "
F ] - (1] 1]
nan 2
] n
EFEA = CREHEALL
b NEW « ORKINAL
+ ORFINAL = NEW
wrm s
| L3
ORIEEHAL
iﬂﬂ i ] M
u L1
b Srwon 9 R T
i
§ o= S8 i
4.5
100 100
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412K?2
K2

Burglary, Earthquakes, Alarm, John, Mary

—Bayesware Discovery
4.6

4.6 K2

2 Norsys Netica
4.7

(1) a={(Burglary, Alarm),
(Burglary, John), (Burglary, Mary), (Earthquakes, Alarm), (Earthquakes,
John), (Earthquakes, Mary), (Alarm, John), (Alarm, Mary)} X=8

(2) K2 b={(Burglary, Alarm),
(Burglary, John), (Burglary, Mary), (Earthquakes, Alarm), (Earthquakes,
John), (Earthquakes, Mary), (Alarm, John), (Alarm, Mary)} Y=8
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3)

{(Burglary, Alarm), (Burglary, John), (Burglary,

Mary), (Earthquakes, Alarm), (Earthquakes, John), (Earthquakes,
Mary), (Alarm, John), (Alarm, Mary)} m=8

(4) Jaccard 8/(8+8-8)=1=100

100
ALARM
Burglary Earthqualies
= T 1| VEs [k 50 |
£ E&"E | ne 995 L
R 1905 M0 07
- . .-____.- -
Y Fa
Alarm
ves  LBE) [
(i1 0g.1
1.%8 ™M.14
.-'... .\I\I\..\..\-\I\I\'-\.\.\l
* Y
I JTm" SR Mary
ol [ | ves 141) | | |
1o .ﬂrg - f“'-'l e |
1.04 70.24 = ln:-:{"'cu"‘- ;
4.7K2
Norsys Netica 400
() Hy T-T=0
H T-T#0
(2) SPSS
0.025 p=0.570 0.025 Hy 4.8
3)
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EEL BMRL SRT ALQD Sy Al BTG DD Y W

ALl TR = LD IR 1

#|a| #|=| DILH HEHG]
[ 5
- wuay
'§ e + NPar @
H s PR
sl Wilcunan {7 S M
L wrarm
£
TER - LAl N | kK
rmB L] &l W
s =
1 5
ENER « THFHEAL
b NER « CRRINAL
+ ORKIRAL = NEW
R
| RICHAL
‘Iﬂn i | -m
w L1 v L
b Sbrwcn 5 R T
i
® o= EHE i
4. 8 K2
K2
100 K2 100
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4.2

[24]
1.
2.
3.
4.
5.
6.
4.9
Anmnal Charactenistics
Bnfmal
Monkey 200
FPenguin 2000
Platypus 2000
Robin 2000 i
- Tutle 200 Bl
Ewviranment Trusé 200 =
Ay 10.0 i {r Falze  B00 m—
Land &0.0 Class
Water 400 I Rird 200 !
Wammal lIIEIEE
. Peptile 200 jwml | Bearsyounghs
WarmBlesdal Live  20.0 |
Tue 8OO Eqgz 800
False 200w | | BodyCovering
Fus 400 ;
Feathers 400 jmmm |
Scales N0 jpml | Coparrighl 199 Howys Sedbwars Coup.
4.9
421
l. Norsys Netica 400 200
200
2. Grobian
4.3
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Animal, Class, BearsYoungAs, HasShell,

Environment, BodyCovering, WarmBlooded

Grobian Attribute?
WarmBlooded
ab, a5, a4, a3, a2, al

4.3

Grobian
Animal Monkey Attributel(al)
Penguin
Platypus
Robin
Turtle
Class Bird Attribute2(a2)
Mammal
Reptile
BearsYoungAs | Live Attribute3(a3)
Eggs
HasShell True Attribute4(a4)
False
Environment | Air Attribute5(a5)
Land
Water
BodyCovering | Fur Attribute6(a6)
Feathers
Scales
WarmBlooded | True Attribute7(a7)
False

DN [ = [ [N [ = [ [N | = [N | = [N [ = [ [N [ = [N [ N[N | —

20 2
4.4

4.4
(1) a4 HasShell —a7 WarmBlooded
(2) a6 BodyCovering —a7 WarmBlooded
(3) a2 Class —a6 BodyCovering
(4) a4 HasShell —a6 BodyCovering
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11.

(5) al Animal -—a5 Environment
(6) a3 BearsYoungAs —a5 Environment
(7) a2 Class —a4 HasShell
(8) a2 Class —a3 BearsYoungAs
(9) al Animal -—a3 BearsYoungAs
(10)al  Animal —a2 Class
4.4
Rules Support Length
a4=2 =>a7=1 159 objects 1
a6=3 =>a7=2 41 objects 1
a2=1 =>ab6=2 84 objects 1
ad=1 =>a6=3 41 objects 1
al=3 =>a5=3 42 objects 1
a3=1 =>ab5=2 33 objects 1
a2=1 =>a4=2 84 objects 1
a2=1 =>a3=2 84 objects 1
al=3 =>a3=2 42 objects 1
al=2 =>a2=1 42 objects 1
6 4.10

Warm
Blooding

4.10

Body
Covering
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12.
A={(Animal), (BearsYoungAs), (HasShell)} B={(Animal),
(Class), (BearsYoungAs)} C={(Class), (Environment), (BodyCovering)}
D={(Environment), (BodyCovering), (WarmBlooded)}
Unexplained Information 4.11 Unexplained Information
4.12

4.11 Unexplained Information

4.12
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13.

14.

Norsys Netica 4.13

Aduiiial Chaiactenshic s

ERTTI |
“Morkey 239 | Efvii o i
Femghen 141 Hur L1
Flakypus 230 I Land BT %
R obi 205 IR I3
Tule {76 { S TO.63
T 1 - e e
L] -~
Lls .
HasEhell urg e
" - Eird 2 | H-ll:ll"l-l-gﬂ.: |
I'ries 15.0 g
L L] bda—ynal 47 3 |
Fals BI.0 ey
: Fgar _105m| | | i |
1 A1 70 3% | :"1 ||:| - |
| ;
1
|
1
i
1 ¥
|
¥ L
WarmBlooded | | B.m: avermg
= e — Far T3
;-::r ﬁ ?\. - ) Frathers L e
Flin 192 j | Seatee 1esm| | | |
L I¥ ' 5w | | 171 T TE
(1) a={(Animal, Class),

(Animal, BearsYoungAs), (Animal, HasShell), (Animal, Environment),
(Animal, BodyCovering), (Animal, WarmBlooded), (Class,
BodyCovering), (Class, WarmBlooded)} X=8
(2) b={(Animal,
Class), (Animal, BearsYoungAs), (Animal, HasShell), (Animal,
Environment), (Animal, BodyCovering), (Animal, WarmBlooded),
(Class, HasShell), (Class, BodyCovering), (Class, WarmBlooded),
(HasShell, WarmBlooded), (BodyCovering, WarmBlooded)} Y=11
3) {(Animal, Class), (Animal, BearsYoungAs), (Animal,
HasShell), (Animal, Environment), (Animal, BodyCovering), (Animal,
WarmBlooded), (Class, BodyCovering), (Class, WarmBlooded)} m=8
(4) Jaccard 8/(8+11-8)=0.7272=72.72
72.72
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15. Norsys Netica 400
(1) Hy T'-T=0

H T-T#0
) SPSS
0.025 p=0 0.025 Hy 4. 14
(3)
XD WRE SR ALD SRO AFL BEG CMERD =RV WDRAH
| ] e R - | D] ] @
w|e| ol =] ZILY A
- E‘g&. = NFar 87
e Wilkconan F7¥ Sl
L TanE
.
Ll ) P =
pa ] ko TN I
e [
1 =
i
CREHEAL = NEW
TR
|i£ln|mi i lu;
w b LA
b Sikrws W EREET
: ¥ o= a8 cate
4.14
78.78 78.78
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422K?2
K2

Animal, Class, BearsYoungAs, HasShell,

Environment, BodyCovering, WarmBlooded

—Bayesware Discovery

4.15K2

2 Norsys Netica

(1) a={(Animal, Class),
(Animal, BearsYoungAs), (Animal, HasShell), (Animal, Environment),
(Animal, BodyCovering), (Animal, WarmBlooded), (Class,
BodyCovering), (Class, WarmBlooded)} X=8

(2) K2 b={(Animal, Class), (Animal,
BearsYoungAs), (Animal, HasShell), (Animal, Environment), (Animal,
BodyCovering), (Animal, WarmBlooded), (Class, BodyCovering),
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(Class, WarmBlooded), (Class, HasShell), (Class, BearsYoungAs),
(BearsYoungAs, BodyCovering), (BearsYoungAs, HasShell),
(BearsYoungAs, WarmBlooded), (HasShell, BodyCovering), (HasShell,
WarmBlooded), (BodyCovering, WarmBlooded )} Y=16

3) {(Animal, Class), (Animal, BearsYoungAs), (Animal,
HasShell), (Animal, Environment), (Animal, BodyCovering), (Animal,
WarmBlooded), (Class, BodyCovering), (Class, WarmBlooded)} m=8

(4) Jaccard 8/(8+16-8)=0.5=50

50
Anmal Clarscienshcs
Snnwsl
Meaksy 230 NN
e 14 |
Paiypr 230 | .‘ it
Eidge ST — T —=—m Lixe 5 &
Twte 170 Egp 714
57114 T AW 4
e -
R - =
226 W63 | Pepile RS p| T = m JL
1.84 %71 179 104
e "__Hh.m'._:. : . ].Iud-'l-l'lll'll'hii |
Fase 202l ] s 341 F |
L2514 I TN 1
4.16 K2
Norsys Netica 400
(1) H() le N2
H, N # N,
) SPSS
0.025 p=0 0.025 Hy 4.17
)
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NE MBE SN ML) Smg AEy ENEQ MRl EEE WDENE)
FESE S - Db e
wle] ol DI SR

=3
= Ry

-]
(513
- ki PR T
| ah ]
W
L STEHE

= WFar #w

Wikcomon FFEERET

b LT+ ORNINAL
¥ 3= GRIOEAL
+ ORNHEAL = E2

s b

o-
OEIEHAL
T L0
[ P= 1 i 11 ]

w L v L
b Mikrwe 9 W BN T

¥ o= B4 8 Caid

4.17 K2

K2

K2

50 K2
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—Norsys Netica[24]

100%
2. K2
100
3. Norsys Netica
96.1 1.96 1.96
4. K2
5. 55 K2
K2

K2

BearYoungAs HasShell BodyCovering

WarmBlooded
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4.5

| BearYoungAs(%) HasShell(%)  BodyCovering(%)  WarmBlooded(%)
Monkey 100(Live) 100(False) 100(Fur) 100(True)
98 97.1 94.2 96.2
K2 96.1 95.2 93 94.8
Penguin 100(Eggs) 100(False) 100(Feathers) 100(True)
96.7 95.5 91.1 943
K2 93.7 92.2 89.2 92.1
Platypus 100(Eggs) 100(False) 100(Fur) 100(True)
98 97.1 94.2 96.2
K2 96.1 95.2 93 94.8
Robin 100(Eggs) 100(False) 100(Feathers) 100(True)
97.7 96.4 92.9 95.2
K2 95.5 94.4 91.5 93.6
Turtle 100(Eggs) 100(True) 100(Scales) 100(False)
97.3 92.2 89.8 88.7
K2 94.8 93.6 88.3 89.5
4.18 4.19 4.20
4.21 4.22
K2
Monkey

BearsYoungAs(Live)

HasShell (Fal se)

udpd

4. 18 Mokey
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yCovering(Fur)




Penguin

BearsYoungAs(Eggs) HasShell (Fal se) edHﬂdw%@vering(Featr

4. 19Pengiun

Platypus

BearsYoungAs( Eggs) HasShell (Fal se) uBpdlyCovering(Fur)

4. 20 Platypus
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Robin

BearsYoungAs( Eggs)

HasShell (Fal se) edBbddy

€pvering(Feate

4.21 Robin

Turtle

BearsYoungAs(Eggs)

HasShell (True) FEad dsye

Qovering(Scal e:

4. 22 Turtle
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4.3

14

[24]

.
—

NN\ O N B O

S
—

—
—

N
—

o
—

A_..
—

4.23
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Trus &
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| s i
:',T ¥ 3ET ] F:‘;L o1 ] Unhsgs o plun
& r £ o mlioneg =
-"-. \ﬁ.:"r N e WO 13 I |
| 'Bﬂﬂlﬂ villapgi __'_,.i—'—"'-' i, - et e
Higigy 405 e g Il'- A \
T B3 L *. 1] ' ,'I i
dead A1 e b , k. / 1
¥ _.;:F l'. \".\. Sgarh timing -'II III
N e \ %, et 7 |;F—rT- / |
= - 3 . T iz y 1
Spark phuns | ._-,,_Lh-!_:-‘;r"‘]_ W | verpbad 1 RS a | III. I'.
ok 1.B | o - ¥
lakid 13 6 | | L L " &
X . i
s A" ‘IIII‘ Lt I.' -\. " L1
\ '-. i . 1
- | f -\. 1
Altmibiales Halisey ags Sarien Moles Mads fuss | .|:|h|:|*...ﬁ| |
[ a7 nEw B4 Ok K |
R e T -] | I v R e R
4.23
43.1
Norsys Netica 400 200
200
Grobian
4.6

Quality, Car starts

Alternator, Battery age, Starter Motor, Main
fuse, Distributer, Spark plugs, Charging system, Spark timing, Battery

starts

Grobian

all, al0, a9, a8, a7, a6, a5, a4, a3, a2, al

voltage, Voltage at plugs, Headlights, Starter system, Car cranks, Spark

Attributel5 Car

al4,al3,al2
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4.6

Grobian

Alternator

Okay

Faulty

Attributel(al)

Battery age

ncw

old

very old

Attribute2(a2)

Starter Motor

Okay

Faulty

Attribute3(a3)

Main fuse

Okay

blown

Attribute4(a4)

Distributer

Okay

Faulty

Attribute5(a5)

Spark plugs

Okay

too wide

fouled

Attribute6(a6)

Charging system

Okay

faulty

Attribute7(a7)

Spark timing

good

bad

very bad

Attribute8(a8)

Battery voltage

strong

weak

dead

Attribute9(a9)

Voltage at plugs

strong

weak

none

Attribute10(al10)

Headlights

bright

dim

off

Attributel1(all)

Starter system

Okay

faulty

Attribute12(al2)

Car cranks

True

False

Attribute13(al3)

Spark Quality

good

bad

very bad

Attribute14(al4)

Car starts

True

False

Attribute15(al5)

N M= [ WN [N N[ [WIN MW [WIN[—[WIN [N WIN N[NNI [WIN— D] —
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20 2
4.7
4.7

Rules Support Length

a2=2 a7=2 =>al5=2 44 objects | 2

al4=3 =>al5=2 100 objects | 1

al3=2 =>al5=2 97 objects | 1

a6=1 al0=2 =>al4=2 31 objects | 2

al0=3 =>al4=3 89 objects | 1

al0=3 al2=1 =>al3=l 20 objects | 2

al2=2 =>al3=2 72 objects | 1

a9=1 =>al2=1 81 objects | 1

a2=2 a7=1 =>al2=1 34 objects |2

a9=2 =>all=2 38 objects | 1

a8=1 a9=3 =>all=3 67 objects |2

a2=1 al0=1 =>all=1 30 objects | 2

a7=2 a%9=2 =>al0=2 21 objects | 2

aS=1 a9=3 =>al0=3 78 objects | 2

a2=1 a7=1 =>a%=1 40 objects |2

4.8

(1) a2 Batteryage a7 Chargingsystem —al5 Car Starts
(2) al4 Spark Quality —al5 Car Starts
(3) al3 Carcranks —al5 Car Starts
(4) a6 Spark plugs al0 Voltage at plugs —al4 Spark Quality
(5) al0 Voltage at plugs —al4 Spark Quality
(6) al0 Voltage at plugs al2 Starter system —al3 Car cranks
(7) al2 Starter system —al3 Car cranks
(8) a9 Battery voltage —al2 Starter system
(9) a2  Battery age a7 Chargingsystem —al2 Starter system
(10)a9 Battery voltage —all Headlights
(11)a8  Spark timing a9 Battery voltage —all Headlights
(12)a2  Battery age al0O Voltage at plugs —all Headlights
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(13)a7 Charging system a9 Battery voltage —al0 Voltage at plugs
(14)a5  Distributer a9 Battery voltage —al0O Voltage at plugs
(15)a2  Battery age a7 Charging system —a9 Battery voltage

6 4.24

Distri-
buter

A={(Battery voltage), (Plugs at voltage), (Headlights)}
Unexplained Information 4.25 Unexplained

Information 4.26
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4.25 Unexplained Information

Norsys Netica 4.27
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4.27
(1) a={(Car Starts, Spark

quality), (Car Starts, Car cranks), (Car Starts, Starter system), (Car
Starts, Voltage at plug), (Car Starts, Battery voltage), (Car Starts, Spark
timing), (Car Starts, Charging system), (Car Starts, Spark plugs), (Car
Starts, Distributer), (Car Starts, Main fuse), (Car Starts, Starter Motor),
(Car Starts, Battery age), (Car Starts, Alternator), (Spark quality,
Voltage at plugs), (Spark quality, Battery voltage ), (Spark quality,
Charging system), (Spark quality, Spark plugs), (Spark quality,
Distributer), (Spark quality, Main fuse), (Spark quality, Battery age),
(Spark quality, Alternator), (Car cranks, Starter system), (Car cranks,
Battery voltage), (Car cranks, Charging system), (Car cranks, Main
fuse), (Car cranks, Starter Motor), (Car cranks, Battery age), (Car
cranks, Alternator), (Starter system, Battery voltage), (Starter system,
Charging system), (Starter system, Main fuse), (Starter system, Starter
Motor), (Starter system, Battery age), (Starter system, Alternator),
(Headlights, Battery voltage), (Headlights, Charging system),
(Headlights, Battery age), (Headlights, Alternator), (Voltage at plug,
Battery voltage), (Voltage at plug, Charging system), (Voltage at plug,
Distributer), (Voltage at plug, Main fuse), (Voltage at plug, Battery age),
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(Voltage at plug, Alternator ), (Battery voltage, Charging system),
(Battery voltage, Battery age), (Battery voltage, Alternator), (Spark
timing, Distributer)} X=48

(2) b={(Car Starts,
Spark quality), (Car Starts, Car cranks), (Car Starts, Starter system),
(Car Starts, Voltage at plug), (Car Starts, Battery voltage), (Car Starts,
Charging system), (Car Starts, Battery age), (Spark quality, Voltage at
plugs), (Spark quality, Battery voltage ), (Spark quality, Charging
system), (Spark quality, Distributer), (Spark quality, Battery age), (Car
cranks, Starter system), (Car cranks, Battery voltage), (Car cranks,
Charging system), (Car cranks, Battery age), (Starter system, Battery
voltage), (Starter system, Charging system), (Starter system, Battery
age), (Headlights, Battery voltage), (Headlights, Spark timing),
(Headlights, Charging system), (Headlights, Battery age), (Voltage at
plug, Battery voltage), (Voltage at plug, Charging system), (Voltage at
plug, Distributer), (Voltage at plug, Battery age), (Battery voltage,
Charging system), (Battery voltage, Battery age)} Y=28

3) {(Car Starts, Spark quality), (Car Starts, Car cranks),
(Car Starts, Starter system), (Car Starts, Voltage at plug), (Car Starts,
Battery voltage), (Car Starts, Charging system), (Car Starts, Battery
age), (Spark quality, Voltage at plugs), (Spark quality, Battery voltage ),
(Spark quality, Charging system), (Spark quality, Distributer), (Spark
quality, Battery age), (Car cranks, Starter system), (Car cranks, Battery
voltage), (Car cranks, Charging system), (Car cranks, Battery age),
(Starter system, Battery voltage), (Starter system, Charging system),
(Starter system, Battery age), (Headlights, Battery voltage), (Headlights,
Charging system), (Headlights, Battery age), (Voltage at plug, Battery
voltage), (Voltage at plug, Charging system), (Voltage at plug,
Distributer), (Voltage at plug, Battery age), (Battery voltage, Charging
system), (Battery voltage, Battery age)} m=27

(4) Jaccard 28/(48+28-27)=0.5714=57.14
57.14

57.14
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12. Norsys Netica 400
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57.14

8 Spark quality, Car cranks, Starter system,
Headlights, Voltage at plug, Battery voltage, Charging system, Battery age

43.2K?2
K2

1. Alternator, Battery age, Starter Motor, Main
fuse, Distributer, Spark plugs, Charging system, Spark timing, Battery
voltage, Voltage at plugs, Headlights, Starter system, Car cranks, Spark
Quality, Car starts

2. —Bayesware Discovery
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(1) a={(Car Starts, Spark

quality), (Car Starts, Car cranks), (Car Starts, Starter system), (Car
Starts, Voltage at plug), (Car Starts, Battery voltage), (Car Starts, Spark
timing), (Car Starts, Charging system), (Car Starts, Spark plugs), (Car
Starts, Distributer), (Car Starts, Main fuse), (Car Starts, Starter Motor),
(Car Starts, Battery age), (Car Starts, Alternator), (Spark quality,
Voltage at plugs), (Spark quality, Battery voltage ), (Spark quality,
Charging system), (Spark quality, Spark plugs), (Spark quality,
Distributer), (Spark quality, Main fuse), (Spark quality, Battery age),
(Spark quality, Alternator), (Car cranks, Starter system), (Car cranks,
Battery voltage), (Car cranks, Charging system), (Car cranks, Main
fuse), (Car cranks, Starter Motor), (Car cranks, Battery age), (Car
cranks, Alternator), (Starter system, Battery voltage), (Starter system,
Charging system), (Starter system, Main fuse), (Starter system, Starter
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Motor), (Starter system, Battery age), (Starter system, Alternator),
(Headlights, Battery voltage), (Headlights, Charging system),
(Headlights, Battery age), (Headlights, Alternator), (Voltage at plug,
Battery voltage), (Voltage at plug, Charging system), (Voltage at plug,
Distributer), (Voltage at plug, Main fuse), (Voltage at plug, Battery age),
(Voltage at plug, Alternator ), (Battery voltage, Charging system),
(Battery voltage, Battery age), (Battery voltage, Alternator), (Spark
timing, Distributer)} X=48

(2) K2 b={(Car Starts, Spark quality),
(Car Starts, Car cranks), (Car Starts, Starter system), (Car Starts,
Voltage at plug), (Car Starts, Battery voltage), (Car Starts, Charging
system), (Car Starts, Spark plugs), (Car Starts, Distributer), (Car Starts,
Starter Motor), (Spark quality, Voltage at plugs), (Spark quality, Battery
voltage ), (Spark quality, Charging system), (Spark quality, Spark
plugs), (Spark quality, Distributer), (Spark quality, Starter Motor), (Car
cranks, Starter system), (Car cranks, Battery voltage), (Car cranks,
Charging system), (Starter system, Battery voltage), (Starter system,
Charging system), (Headlights, Battery voltage), (Headlights, Charging
system), (Voltage at plug, Battery voltage), (Voltage at plug, Charging
system), (Voltage at plug, Distributer), (Voltage at plug, Starter motor),
(Battery voltage, Charging system)} Y=27

3) {(Car Starts, Spark quality), (Car Starts, Car cranks),

(Car Starts, Starter system), (Car Starts, Voltage at plug), (Car Starts,
Battery voltage), (Car Starts, Charging system), (Car Starts, Spark
plugs), (Car Starts, Distributer), (Car Starts, Starter Motor), (Spark
quality, Voltage at plugs), (Spark quality, Battery voltage ), (Spark
quality, Charging system), (Spark quality, Spark plugs), (Spark quality,
Distributer), (Car cranks, Starter system), (Car cranks, Battery voltage),
(Car cranks, Charging system), (Starter system, Battery voltage),
(Starter system, Charging system), (Headlights, Battery voltage),
(Headlights, Charging system), (Voltage at plug, Battery voltage),
(Voltage at plug, Charging system), (Voltage at plug, Distributer),
(Battery voltage, Charging system)} m=25

(4) Jaccard 25/(48+27-25)=0.5=50
50
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4.4

K2
4.8 4.9
K2
100
K2
K2
4.8
100 72.72 57.14
k2 100 50 50
4.9
0.570 0 0.952
K2 0.570 0 0.661
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