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DISTRIBUTED DATA/ASSOCIATION RULE MINING/ LOGICAL INFERENCE

INATURAL LANGUAGE

In this research, we study the problem of distributed association rule mining
method. The data in traditional storage is centralized; therefore, it is relatively
straightforward to perform association rule mining. But if the data are distributed
among various sources and computer memory is limited, it is almost impossible to
collect all data from difference sources as a centralized data set for association rule
mining. The association rule mining has to be distributed, but it is difficult to combine
many knowledge bases at one location because the process of combining association
rules may lead to inconsistent rules, too many number of association rules, and
missing of significant association rules.

We thus propose in this research the distributed association rule mining
method. In the combining process, association rules that appear frequently in all
knowledge bases are combined and then checked for inconsistency of rules. This
process can generate new association rules from original association rule set with the
inference feature of first-order logic. Finally, the efficient and consistent association

rules are obtained.
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A21961915 01115119 VBINTTIUIU L OYNTULAZ UL VYUY “B168IA1T

Yy v o v v “ o v 'Y v P
5N 1 vadded199a1 1 meuuasauIuianya 10 AW lumsas N uamnedansas NI

vq9 o 4 o 1 ) o ) = o
10 naa ftaSemely 1 @ovvzihesals? mainuuuyyLINIzdIs ALY Uy

100 Ay Tagliauary 10 Ay as 191y 1 ¥de”

Problem

Instructions

l
M 0§70 0=

@ 1

N 2.2 dvgamsiszuianatuueynsy (Leighton, 1992)

QN

Problems Instructions

do_payroll(empl) ——| CPU

do_payroll(emp2) — > CPU

do_payroll(empN) —N > CPU

tN t3 2 tl

@ 1

71N 2.3 dedramsiszuianaun iy (Leighton, 1992)
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Gllu”luﬁflull"lﬂilglﬂuﬂTiWTﬂQﬂ’NﬂJﬁNWH‘ﬁ@’Jﬂ@aﬂ@i‘ﬂllLﬂll‘Wi’fJﬂi“]NblﬂiUﬂ'ﬂllu&llﬂu@fﬂﬂ

1 A I [ AR A 9 Y
LLWTHQRJL‘L!EN"lﬂﬂlﬂ‘u@aﬂ@iT]ﬂJT]ﬁHﬂﬁﬂLGU'IGli]“lﬂ\ﬂﬁl

D.

[

9 9 v
MINNULVVUUTUT TN AATINNTLUIUMITHI DT UADUN VL A1 D
o 9 v o 9 09/1 o Y I 091} ~ (=0 ~ dl [ [ &3
nlgsumsinueruuvinuldiu sududesdlutuaoun luiianuneiesnu daiulu
Y
[ o 4 [ a Aa o ] ] o
nInINgANUFNRutatedanaiine Inseesiuae lulemsdrauunuvuiuves
3 [ I 2,’ o 9 ] a R AL A A
ATZUIUMTNIVNA uaazdluduaounisiiaudeludansTnuwe N3 F9 M1
" e A 79 ¥ A o v A o
nszuIuMImMmuiamsnlszgna lmivenmstiauuuuvuiula 910319 2.4 anading1
] v J o a a < 1 3 ]
mimﬂgmmauwuﬁé’aaaaﬂmﬁmm”lwsaamuumgﬂim v ldnluduaouuean1 sy
d‘ = 1 < 3 = = d' [ [ :/l 4
omanudveaas lomuira (Item Set) Wi lalinumeniloanu auiuauniolszyna
[l s Y o Yo o [l A .
1uaauﬂ1mmwimﬂumwmumemu”lﬂmmamﬂugﬂ‘w 2.5 91091514 Transaction 9%
19 J Y o A ' ] =&
wisvoyasonilu P, P, uaz P, wah lumanud luudas lTemugaaiy Step 1 3414 Step 1

Y o o o a { ' S Ao
ﬁﬂﬁ@ﬂ’liﬂ’l\ﬂﬂ!iﬂﬂﬂlﬂ’lu ‘Vimmﬂuu%“ﬂ1ﬂ1‘§‘§’mmm§1mma$llfJLmJﬁﬂJuﬁau Po P1 Iag

P, ¥ 'laau Step 2 uaz 3

D Cy L,
Transaction 1- itemset |Count Large 1-itemset|Count
ACD A 2 A 2
BCE 1-pass B 3 B 3
ABCE o C B — C 3
BE D 1 E 3

E 3
C; G L,
2- itemset 2- itemset |Count Large 2-itemset [Count
AB AB 1 AC 2
AC AC 2 BC 2
AE 2-pass AE 1 BE 3
BC — BC 2 — CE 2
BE BE 3
CE CE 2
C; C; L;
3- itemset 3-pass 3- itemset |Count Large 3-itemset [Count
BCE — BCE 2 — BCE 2

Result Large Count
itemsets
- BCE 2
AC 2

{ Y 1 v o [ a a
El]‘ﬁ 2.4 @I'JEJEJNﬂTiT‘HﬂQﬂ'JNJﬁJJWH‘E@S{'JEJ@aﬂ@iﬁJJLﬂulWTt’]’t’]ﬁLL‘U‘UﬂHﬂﬂJ

(Agrawal et al., 1993)



TID | Items Bought Processor Number
1 A,B,C,D,E
2 F,B,D,E, G =P

3 B,.D,AEG

4 | A,B.F.G,D
5 | BED,GK =P,
6 | ABFGD
A, RM,K. O
B,F,G,A,D >P
A,B,F,M, 0

L= e

Transactional database example

Counters Proc. # Item Global Counter
Item
P, P, P, A 7
A 2 7 3 B 8 Item Global Item Global
P,
B 3 3 2 ' C 1 Counter Counter
C 1 0 0 D 7 A 7 B 8
D 3 3 il E 3 B 8 A 7
E 3 0 0 F 6 D 7 D 7
P
F I 3 2 L G 6 F 6 F 6
G 2 3 1 K 2 G 6 G 6
K 0 1 1 R 1
Step 3 Step 4
R 0 0 1 1y M 2
M 0 0 2 0 2
0 0 0 2
Step 2
Step 1

@ L]

{ v o (% a a
'g',‘]_]ﬁ 2.5 mafmmwmammﬁuwuﬁﬁaﬂaaﬂaiﬁma”lwmamumum

~ I~ o 1 [ % <Y [ a R a
mngﬂ‘ﬂ 2.6 Lﬂuﬁ’JfJEJNﬂﬁﬂ1iﬁ1ﬂ@]ﬂ313\lﬁ'hwu‘ﬁﬂ’lEJ’E]@ﬂEJ‘i“I/]iJ!EJHlW'i’E)E]'iu‘]JU
< Y1 A 9 4 vy 3 A
VU %zmu”lmmwmmam@i (Master) %meeyaaamﬂquﬂ ‘1 Ao DB,, DB,, ..., DB,

' Y ']
a1 aa vl (Slaves) ugaz@rdmsumaii ldviinud vdsnmivaziduanudnldnnue

= 1 9 1

P J Y o v < = 1 @ oaj ° ..
agclgﬂﬁaWT\lﬂJWLI'JVlﬂJWﬁlﬂﬂi umuﬂﬂﬁmulammwmmmaﬂmmWﬁuumgwuum (Minimum

A

Support) fifnua'ly udinsutistieyaseniiluga 9 Av DB, DB,, ... , DB, d4l1 1% aanl
’c’?W%’Uﬂﬁﬁuﬁmemdaz”lmﬁm«mwé’ﬂmmfuﬂzimmi%’mjmmwiaz”lal,ﬁmwﬁ"lﬁ'mﬂwiaz
Glgﬂﬁmwm'l%’ﬁmﬁmaﬁmz%zﬂé’u"lﬂﬁsi?umuﬁ L i des 4 und et li
Lﬂéﬂuuﬂﬁﬂ (Agrawal and Srikant 1994; Agrawal and Shafer, 1996; Cheung et al., 1996; Cheung

et al., 1996; Cheung et al., 2002; Yu et al., 2010)
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Master N / Master

Slaves Slaves

o

ﬂ‘ﬁ 2.6 G]’)’E']EJNﬂ1§ﬁ1ﬂ§]ﬂ31hﬁhwu‘ﬁﬂﬂﬂ@ﬁﬂf]‘i‘ﬂllLE]UlW‘if]f]i!LUUSUHWH

v (% J
2.3.2 NITHINHAINNANNUTUUY ﬂ§$%1ﬂ§]1ﬂﬂ31ﬂlﬂ5’1ﬂﬂaﬂ (Similarity Based
Distributed Association Rule Mining)

v o o v Y ~ a 1y
ﬂWiWWﬂQﬂ’JWNﬁNWH‘ﬁTﬂﬂ‘WﬂﬂﬁﬁJTﬁﬂ’l’ﬂllﬂiﬂﬂ"UﬂlJ"mWﬂ\?%ﬂlﬂﬁl’) LAY

Y Ay 1y ya v 3 9 Y Y ~ 1A o q ¥ o
ell’t)ialj'dﬂNﬂ’i&ﬂﬂﬂllhhlﬂilﬂﬁi]mﬂﬂ"llfJiJ“aul’JGlu!LWﬁQGUfJiJ"ﬁLWENLLWﬁ\HﬂEJ’J ‘nﬂwmiuwayja

v
1 =

g o o Pe o & Y ) o g YY 9 ~ A
Lﬁa'luu'lﬁ'lﬂ%]ﬂ']'luﬁuwu‘ﬁuuFi]'ll;l]u@@\‘ﬁ')ﬂ"ll@ua‘ﬂﬂﬂﬂﬁgi]'lﬂﬂu’ﬂgcl?”ﬂu"ll’flllualeN"]Zﬂlﬂﬂ'J

U u

D.

A ° @ o Y 1 A ] o Vo A v & v A
LW’E]ﬁﬁJTiﬂuflﬂ’ﬁWﬂaﬂ"]ﬁJﬁiJWu‘ﬁnlﬂ HUALHBIINUDYANN TS YN UDYUUNUNTIANVUBYAN

U

A v 1 [ £ o 9 o 9 ' dy o 4 o
Naﬂﬁm3llﬂﬂﬂ1ﬂﬂu@@ﬂ1ﬂ WQ@T%WWGlWﬂ'Iﬁu'IGU@Nﬁiﬁffl'luNWi?Nﬂu&lﬁju'lhlﬂﬁ'lﬂfd]

v a’qa.zl 9 a A A 12 ) [ o o [ 3 9 A
ﬂ'JWiJﬁiJWlJﬁuullﬂﬂ'ﬁ%ﬁ‘ﬂﬁﬂ'lWﬂhlﬂJﬂW@ﬁ'lﬂi‘UﬂWiu']"hJ‘VI']u'lfJW'ﬁGlufJuWﬂG\ AHUvBYAaN
o 1 o Qall Y A o 9 A~ Y =KX o @
NIZINYNUBDYATNUNAIAN €] HHISADINANHUSVDUANUAIUAAIYAAINY Tﬂﬂﬁ'lll'lﬁﬂ')ﬂ
Y 2 o 9 Y @ Y = . . .
ﬂ'.]"I‘JJﬂ'G‘n'(’JﬂﬁQﬂusUfNGU’[’Jll“ﬁhlﬂﬂ1ﬂ3J'l@3'Jﬂﬂ'ﬂllﬂﬁ18ﬂﬁ\1 (Similarity Measure) (Li et al., 2003)

£ ] =
“lfﬁﬁ"l‘JJ"lﬁﬂﬁ"lhlﬂﬂWﬂﬁNﬂﬁ'ﬂ 2-3

Sim(A B) =212 (2-3)
1+ |2
Tassvuald
AnA,
Z|AuA| |Aiu )
|B ~B. |

|
xAcel U

.,|A,uB| CA"CBJ}
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A 9

A < o v = Y] v
IMNFUNITN 2-3 i]gl,‘]_luﬂﬁ’Jﬂﬂ’J"liJﬂmflﬂﬁﬂsll’stUﬂy‘a 2 6U’EJN”ESI 1D UDYA A L

R

v = 9 =

£ 1 Ay Y ' Y A vy
B GﬁﬂﬂTW"lﬂ@@ﬂjJTﬂgﬂgizﬁ')TQ 031 Iﬂﬂﬂ11]ﬂ”lll”lﬂllﬁﬂ\1')1%@llﬁﬁ A 1182 B UAUAANYAR

)

o 9 Y '

) 1Y Ay Y Ay Y ~ Y =
AUNIN Ll@]ﬂTﬂTﬂﬂﬂ@@ﬂNTNﬂTuﬂﬂLLﬁﬂﬂ’ﬂﬂJﬂNﬁa A 1182 B UANUAAIIANNUUDY AIDYINNIT

) [ Y =< o Y o [ @ @ 4 Y A o Iy ¥ '
u”Ill”l@]53ﬂﬂ31llﬂﬁ"lﬂﬂﬁﬂﬂullﬂ(1"]fﬁ1ﬁﬁﬂﬂTiﬂaﬂ'JTiJﬁiJWH‘ﬁIﬂﬂﬂl@uﬂﬁ%u1u11‘]§1ﬂllﬂ
Computational Geometry (COMPGEOM), Conference on Cryptography (CRYPT) tta& European
Conference on Cryptography (EUROCRYPT) 492 11A1A21AA 19AA9v09oyanudoyaye
A @ :1’ o 9 A~ 4 =R o ~ v 4 )

U 9 ViENi]'lﬂ‘L!‘L!i]Z‘Ll'1611Elialja‘]ﬂllﬂ'J'liJﬂﬁ']flﬂﬂ\‘lﬂull'lﬂTlﬁIﬂiJ']i']ilﬂuLla']‘Ll'lllﬂ‘Vi'lﬂQ
v o d
ANUFURUT Tae1Y Minimum support = 1% 118 Minimum confidence = 80%
= ¥ o Ay Y Y
Fl]'lﬂgﬂlﬂ 28,2918 2.10 l!ﬁ'ﬂ\‘lﬂ;]ﬂ')'liJﬁiJWU‘ﬁﬂhlﬂﬂ'lﬂﬂl@Ha CRYPT,

EUROCRYPT tiaz COMPGEOM a Wy Fazdunaiulainunengaiuduiusszning

o 4 1

6Igl}’ii)iJ‘]’tﬂ CRYPT #taag EUROCRYPT mﬁauﬁu uazgﬁammﬂgmmﬁnwummmmm

k4
% %

Y = o JAN YA g Y A
ﬂa1ﬂﬂﬁiNﬁﬁW‘ﬁﬂ1ﬂﬂ’i)ﬂlﬂyjﬁ CRYPT 1ty EUROCRYPT 1Wﬂ1ﬂ1ﬂﬂq9] ﬂ\iul.lﬂﬁ"i/ﬂﬂa

v o 1 <3| 1 v o 1
anuduusansontseon ldilu 2 ngu fe nsninganuduiuiszniedoya CRYPT

1Az EUROCRYPT A1 n13¥1Inga1uduiusaindeya COMPGEOM 310517 2.7 uaaang

anuduiusildeindeya CRYPT, EUROCRYPT 1ag COMPGEOM #eagiiulaindmau

[ oA

o y o v v A a a i R
ﬂaﬂ’JHJ’c‘fiJWL!‘ﬁ‘ﬂhlﬂ’é)’é)ﬂiﬂuuufJEJﬂ’JuiJE]LﬂiEJUL‘VIEI‘UMﬂEﬂﬂ 2.10 uas 2.11 ‘V]L’]J‘Llﬂ;]

vy Y

v o I 1 Y = & v v A A d? 3 IS
ﬂ'J’lllﬁiqu‘ﬁﬂvlﬂ%']ﬂﬂ']ﬁjﬂﬂ'lﬂj']llﬂa']ﬂﬂaq G]f\‘]‘U'Nﬂaﬂ'J’ljJﬁaJWU‘ﬁVHWiJGUUN']uu@']%LﬂUﬂQ

audunusnadanduly1d

9

1. logarithm — discrete (1.4%,87.1%)
2. voronoi — diagram (1.3%,89.3%)
3. diagram — voronoi (1.2%,96.2%)
4: schem,secret — shar (1.2%,92.3%)
5: schem,shar — secret (1.4%,82.8%)

51 2.7 nganwduiusi Idendeya COMPGEOM, CRYPT 1tag EUROCRYPT
(Li et al., 2003)

1: schem,secret — shar (1.9%,85.7%)

2: schem,shar — secret (2.0%,80%)

3: key,cryptosystem — public (1.6%,83.3%)
4: public,cryptosystem — key (1.6%,83.3%)

~ v o JAn Y v .
Eﬂﬂ 2.8 ﬂj;]ﬂ’313Jﬁ3JW1!‘ﬁ1/I'lﬂ%1ﬂsll’t‘)Hﬁ CRYPT (Liet al., 2003)
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1. adapt — secur (1.2%,87.5%)

2. boolean — func (1.5%,90.0%)

3. digit — signatur (1.5%,80.0%)

4. public — key (3.0%,80.0%)

5. shar — secret (3.4%,82.6%)

6. logarithm — discrete (2.1%,100.0%)

7. low — bound (1.2%,87.5%)

8: schem,secret — shar (1.8%,100.0%)

9: schem,shar — secret (2.1%,85.7%)

10: public,cryptosystem — key (1.3%,100.0%)

511 2.9 nganuduiush 149 ndeya EUROCRYPT (Li et al., 2003)

U

. hull — convex (2.4%,94.1%)

. short — path (3.9%,89.3%)

. voronoi — diagram (3.9%,89.3%)

. diagram — voronoi (3.6%,96.2%)

. algorithm, convex — hull (1.1%,87.5%)
. simpl,visibl — polygon (1.1%.87.5%)

. minim,tree — span (1.2%,88.9%)

: minim,span — tree (1.1%,100.0%)

0O -1 Oy bh B L=

511 2.10 nga udTuE 1andeya COMPGEOM (Li et al., 2003)

1. logarithm — discrete (2.2%,87.1%)
2: schem,secret — shar (1.8%,92.3%)
3: schem,shar — secret (2.0%,82.8%)
4: public.cryptosystem — key (1.5%.,90.5%)

1% 2.11 aganudiusi ldandeya CRYPT uag EUROCRYPT (Li et al., 2003)

2.3.3 MyiundestoyadINUoyaNGNINH (Data Mining from Data Clouds)

'
[ =}

I 9 v A ~ ld%} A o (%
anvazveyaluilagiiulvinanlvgyuauma TuTagngnwWannu e dmiy
v 3 9 A A A o ¥ ] o oy A Y
m3damnudeya uadsiauuiaemsananuinndeyaludanyaziiildein iosndes
a P a A (] 4 a o
Td¥nounumos niszansge wu qlulosaouiiames (Super Computer) (Chattratichat et al.,
o H 4 a o o < !
1999) A931/7 2.12 waasnms Igaalnlesneuiames lumsananiwiandoyanlvuialg
I 9 1Y 4 Aa = o Iy 1 A 4
Wudu uanlesimveylnlesnoninimesNsIAIgININ IHURWIZHUIBNUKNTOBIANT
[ 1 09/' - Ao w LY I( ) Bld! 9 dyo (% 1
Ty o mniunansadidamsndlunstiwnly deamsud luilymaselidiviunssioan

1 91 o o a 4 YA ) a o A ]
ﬂ?i“lﬁﬂﬂi‘l!ﬂ?i%ﬂﬁ?‘ﬂgﬂlﬂ@ﬁﬂﬂuwuﬁﬂﬁNWi“KﬂﬂﬂTﬁuTﬂﬂﬂJW)m@iﬁﬁTﬂ 9 n3oasIelung
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o 4 a 4 4 ! Q
Usznranansgii 2.13 uagasms Idneuiumesnate q wieslumsiszuiana uansiiau
Y v
Tudnyaz iAo uT19NLIANITEINNEANAIT (Gu and Grossman, 2009)
1 @ 1 <3 o [
ualuilvgiumaTulad ladvi ldedesaasai ldnsdssuananauly
o A Yy 9 o v ' ' v o s
anvauznnandduamisoiiladie uazansosisann ldiie lunisdanialles
A ¢ A A 7o 9y £ ' .
ADNNUADI HIDABUNAADS 3 1UIUNIN 1A Famsszuranauuungums (Cloud Computing)
I a ] § 1
(Armbrust et al., 2010) tlums THuSmsnswenshldlunsdszuranadoya TaedlHiioawn

[ I3

Fosvoninensndeens llfsszuundrszuuzsaassnsnens Ianudly dagii 2.14 udag

U

1 9 ]
n3tanInunsneInsluszuuuungume Fanasantiuannsotiminensn’laly

o Y { " Y
Uszananudeyantvualng 14 (Grossman 1az Gu, 2008)

SiSiS|S S ASES RS
SICICICE g AR RS,
SiSISIS S AS RS RS

Storage Compute

4 9 J a L [ 9 9y A [l
319 2.12 mslwynlesaeunames lumsanannuinnveyanivia vy

(Grossman and Gu, 2008)

388 &
S8 88
S8 88

=1 9 a 4 A
E‘]J‘VI 2.13 ﬂﬁﬁlﬂfﬂ@ﬁJW’Jlﬁ’t‘)iﬁaw 9 mim“lumiﬂizmawa (Grossman and Gu, 2008)
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NSRS RS AN,
VUL —F
SRS RS AN,

319 2.14 M3IANIAUNTNNT TUILVVLUVNGUINN (Grossman and Gu, 2008)

U

2.4 Attempto Controlled English (ACE)

(A o IS @ 1
Attempto Controlled English 150 ACE Apn1u1n2uAuilanyazilunusingyeds

[ @

] = I o d? Y A @
N1 Nul’JFJWﬂiﬂ‘!‘l/ﬁ]Wﬂﬂ ﬂﬂwwuﬁluuﬂﬂﬂﬂﬁi’J‘JJLEJT’II’E)WU’ENIH‘]&HE‘]J‘HEJ (Formal Language)

U

a9y 9 o A VYA A A %
LAZNTHIDITUBIOUUINITNU Iﬂﬂﬂ@ﬂLLUUNHW@clﬁ'EJL"HEI’J“]HQJJETHJWTL]PUEJH HIDDIULUNUBIA

Y1y o o ! o ' 1

ﬂ’JﬁJE]’lﬂﬂﬂﬂ’Jﬂﬂ‘igjﬂﬂﬂTHWNﬂi]‘H‘ﬂ’J]lﬂ %1ﬂ§ﬂﬁ 2.15 LLﬁﬂ\‘lﬁ’)ﬂﬂNﬂ1iLﬂ§ﬂﬂlﬁﬂﬂigﬂ’ﬂﬂ
&£ 9y 1o & 9 A ) v a %

FOL, DL, OWL, UML tiag ACE G]NQl%ﬂ’)ﬂﬂilluvb\lﬂnﬂlmleJﬂ’JHJE‘VIN@ﬂuﬂTlel']ﬂfJiJW’Jmﬂi
=S QSJI =\ o d o w 4

(Fuchs et al., 2006) EﬂLLUUﬂTi!‘lJfJuuuiJﬂ1iﬂ1ﬁuﬂﬂgﬂlﬂﬂ1’)fﬂﬂim ATANN LLﬁ%gﬂLL‘U‘U

y A 1q ¥ a o o % yay ¥
ﬂi%IﬁlﬂUl’] Lﬁ’f]hlﬂGl‘ﬁ!,ﬂﬂﬂ’JnJ‘I’iﬁ1ﬂﬁZﬂfJGU’0\WI’JﬂTH1 ACE mmmmmﬂmmgﬁ”lmnﬂ

9 A ° ~ 7 ] v
me%mﬂﬂma%ﬁa‘ummmmmmzmmmm3mmﬂmm§®@ﬂm"lﬂ (Fuchs et al., 2006)

first-order logic VX (protein(X) — 3Y (terminus(Y) A has(X,Y)))

DL Protein = Shas.Terminus

<owl:Class rdf:ID="Protein">
<rdfs:subClassdi>
<owl:Restriction>
7 ~ " <owl:onProperty rdf:rescurce="#has"/>
OWL (RDFI Xl\IL) <owl:someValuesFrom rdf:resource="#Terainus"/>
</owl:Restriction>
</rdfs:subClass0f>
</owl:Class>

1.*

oML T e
ACE Every protein has a terminus.

311 2.15 A10819m31f38UMeVI£1 119 FOL, DL, OWL, UML 1182 ACE (Fuchs et al., 2006)
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Every pet is an animal.
Dog is a pet.

Cat is a pet.

31 2.16 Med1lsz Tenlumsunuanuilu ACE

If X is a pet then X is an animal.
If X is a dog then X is a pet.

If X is a cat then X is a pet.

511 2.17 dedramsilasnganuduius ieqlugUuuuves ACE

. o ) .
13U 2.16 naasdaes1elsz Tealunisunuaiuglu ACE deamisodoulu

4
= o

[V 1 ] awv 1] ] 4
EﬂLLUU%@Qﬂi%Iﬂﬂﬂ’l‘H’lﬂﬂﬂﬂ‘H'E')fl’l\N’lﬂ ﬂu’si]ﬂui]$u1!,’f]Wﬂj;]mmmmu‘ﬁm@ﬂuslugﬂuuu
= = Yo A A Y v 9 =
U3 ACE Gmmmiﬂmlﬂuulﬂmgﬂﬂ 2.17 I(UBDIIINADINTITATIVADUAITUUALLYNILLASAAITUUD

v o JAn Y v o d
ﬂaﬂ’]WﬁJﬁNWU‘ﬁﬁhlﬂ%'lﬂﬂ'l'i'ﬁ'lﬂi]ﬂ'J'liJﬁﬂJWUﬁLLUUﬂiginﬂ

2.4.1 MEINIVAN

I~ 1 & a 3 o
ﬂTH"I‘ﬂ'J’UﬂﬂJHJuﬁ’]uﬁﬁ\iﬂl@\iﬂﬁ%ﬂ‘ﬁﬁﬁu‘]ﬂ@ (Natural Language) G?ﬁﬁﬂ']iﬂ']ﬁuﬂ

d o w 4 1 Y] 4 ] o
ﬂaﬂWﬁL%ﬂuﬁ'ﬁJuhfﬂﬂﬁm AFANN LLE‘I%E'IJLLU‘UGMNEHE11%@81\1‘5@@“ Lﬁ@ﬂf?ﬂﬁﬂﬂ’ﬂﬂﬂ?ﬂﬁh

o 9 a ~ ] 79 ¥ o
HAZANUFUFOUUDINTIHIFTITNYIA (Kuhn, 2008) IﬂfﬁJﬂ131!11'1J‘].]3$§|ﬂﬂ16]5ﬂﬂQWHWﬁWﬂWaTEJ
@ [ [} o o a 1 4 o 1 a J v J o @
gfﬁu AIDYNIYU Gl%ﬁ?ﬁﬁﬂﬂ']ﬁ@]ﬂ@]ﬂﬁﬂﬁ'ﬁﬂﬂﬁ$ﬁ'31\1ﬂﬂiJW'JL§]fJﬁﬂ‘U3J1§‘HEJ Gl%}ﬁ'lﬁi‘]_lﬂTiL%fJu
Y o s @ . ) ¥ A o v
Jomvuagonas (Software Specification) Gl,GIﬂW'l’]ﬁu‘]Jﬁuuﬂﬁ%ﬂ’JUﬂ']ﬁL!ﬁ'NTﬂﬂ?ng
4 o 1

(Knowledge Acquisition) L& N1 Lmuammmi (Knowledge Representation) 139819UDINT1H
ﬂ?llﬂuulﬁl 1A Attempto Controlled English (Fuchs et al., 1999), PENG Processable English (Rolf,
2002), Common Logic Controlled English (Sowa, 2004), {t 8¢ Boeing’s Computer-Processable

Language (Clark et al., 2005) Audu
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d a
2.4.2 n;,]mmmmiﬁﬂummﬁssmmﬁw ACE (ACE Construction Rules)
= a o I 9 A 9Y o =
mimjwmmmammiugﬂgmmm ACE i]1Lﬂuﬁﬂﬂﬂﬂlﬂﬂ1ﬁuﬂiuﬂﬁﬂlﬂu
2 A Y o A o = = = Y2 dy
GINueu@ﬂmuﬂm@ﬂgmmmiumimauﬂiziﬂﬂmmazmaﬂmm‘lﬂu
2.4.2.1 f1(Words)

Y o

[y d o o !
Wanduvosdmazadlu ACE lagndmuagiuuuiuds Taodls
ausaimsnlasuulaanseud lu'ld #a1lszneudie A1 uy (Determiners) Ao
a ) ) ' I
SRR (Quantifiers) A1YWUN (Prepositions) A1152 @1 (Coordinators) 154 ‘and’ ‘or’ Wudu
o a . 1 . I Y o
mﬂg]m‘ﬁ (Negation Words) L¥H ‘no’ ‘not’ ‘does not’ ‘is not” ‘do not” ‘are not’ WuAY A1dssn
o AAa o Pl Y A
UY (Pronouns) 1A A1TDUNIN (Query Words) 1N A1Mua 1381911170 there
is/are...such that 141 it is false that... (Kaljurand, 2007)
2.422 Ja (Phrases)
= 9 = a = = = @ csy
’miu ACE ﬂi%ﬂﬁ]'ﬂ@’)ﬂuﬁ\l’)a LagN3IagNIa Iﬂﬂhi?ﬂﬁmﬂﬂ@@\‘lu
= o { I 4
- UIWIA (Noun Phrases) 5znoudlref1uinianiigihiluonwil
(Singular Countable Noun Phrases) %Y ‘a card’ ‘the card’ ‘1 card’ ‘one card’ ‘no card’ ‘every
v ° A A 3 Pl
card’ ‘each card’ ‘not every card’ 1i8& ‘not each card’ wuau mmmawugﬂﬂuwnww
(Plural Countable Noun Phrases) 1% U ‘the cards’ ‘some cards’ “all cards’ ‘no cards’ ‘nothing but
2 9 A 1 . =T
cards’ 4ag 3 cards’ 1WUAU YR NIE (Proper Names) 15U ‘John” ‘Mr-Miller’ t4a1g ‘Pi° Wuau
[ 9 1 L\ . I~ 9 [} 9
AAAUVUASVOAIY IFU 127 =27 3.141° 1ag ‘this is a string!’ nJumu ﬁﬁ‘wumlluﬁzmu
(Non-Reflexive Pronouns) 1Y it *he’ ‘she’ ‘he/she’ ‘they’ ‘him’ ‘her’ ‘him/her’ L191¢ ‘them’
< ! a . .
Lﬂusgfu AITINUINA z‘ffau (Reflexive Pronouns) U ‘itself” ‘himself” ‘herself” ‘himself/herself’
<3| o { o o . 1
1ae ‘themselves’ (JuAY MassnurunlFunudiuin1an2'1y (Indefinite Pronouns) 1354
‘someone’ ‘somebody’ ‘something’ ‘no one’ ‘nobody’ ‘nothing’ ‘everyone’ ‘everybody’
. I Y Y] . 1 I Y
‘everything’ 1182 ‘not every one’ 1IUAY @5 (Variables) 15U ‘X’ *X1” Y’ tag Y1 Wudu
(Kaljurand, 2007)
- A381@ (Verb Phrases) 1 ACE 152noua188n55un381 (Intransitive
] I a 1 I
Verbs) 1¥U ‘wait’ iJUAYW @#AF5UNT01 (Transitive Verbs) 1¥U “enter something’ 1 UAY tay
NS81MIN554 (Ditransitive Verbs) 151 ¢ give something to somebody’ #i 3o ¢ give someone

something’ Wudu (Kaljurand, 2007)
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2.4.2.3 Uszlenvental (Declarative Sentences)
”

U5z Teaven@iednsiieriulsznoudlsuiunaniudlenssnatazay
&01nT 0911897 10610 (Kaljurand, 2007)

A customer enters a card.

Every customer enters a card.

wonmilennTlassadadse Toaita luds ausaadralss Tendieg1u
snuvess undfingUiiuenner Tasl9a3 there isare’ Hintinlse Toa fred1a9u
(Kaljurand, 2007)

There is a customer that enters a card.

There are more than 6 customers.

f’fﬂ]uﬂizﬂaﬂﬂmﬂﬂizﬁiﬂﬂﬂ@ﬂLd1ﬁgﬂﬁ%1@§uiﬂﬂﬂi$18ﬂ\iw | ey
ﬂiﬂﬂmfummaaﬁ%’w"lﬁmﬂgﬂuuuﬁﬁmu@”l%miu Milsgau s muenisua if-
then S5 uiFentss Tomdrdreiy iFudu uazavlszToadrunsesmuisa dreg1uzu
(Kaljurand, 2007)

There is a man X, and every woman likes the man X or every woman
hates the man X.

Use TondFiasaunsald it is false thar 13Tudmmiisduiss Toniile
waaatlss Tomiu ulse TonUfiasfianysal §206193n (Kaljurand, 2007)

It is false that John likes Mary.

It is false that John is a manager and that John likes Mary.

sz Toadou lvamnsald b nas then’ Faiiaaninzdoainda
152 Ton A29819%U (Kaljurand, 2007)

If John enters a card then the clerk accepts it

2.4.2.4 dszlaamen (Interrogative Sentences)

Usz Tondomly ACE 1fugenli1ly 2 siuulsgTened1adie Ao
sz Toas 101w RdeanIsAIABY yes’ N30 ‘no’ Au1lse TonvziS AU “does’ “do’ “is’ A
‘are’ 1A nazdsz Tead 10wz ududae swho' n5e ‘what FannsezTeadinmwesay
sz Tondnoinsoaninedny dregas (Kaljurand, 2007)

Does John enter a card?

Is John a manager?
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d a
243 DYNAMNIANINHINGNYIFEIINYIAAIY ACE (ACE Interpretation Rules)
09// = Y £ 1
UszTonlu ACE Wuawnsodnnuaumue laiesriianumuie ualums
2 Y o o = ) &
annunaunedangeiulsgTealu ACE awnsofinnumane ldunnimieanumine
: ] qﬂzl { g
FaarneueIn1sanwlu ACE Wuaenisaanunueiidull1d1ulse Ten ACE uag
J ] E4 I
Tag TludrnnudeanisvesmsadruniesiiolunisAniuues ACE tiu e l¥inana

v Y [ Jq 1o & Y a qﬂxl [
Fauluaunwisanguuaz luenaisvesdldlas lidnudesesueluduaouvoinisivg
sz TeadnugiuuuFeassng (Kaljurand, 2007)
2.43.1 MsUafSinamazveuun (Quantifiers and their scope)
= 1 a 1 Y L2 1 a 3 .
ACE fidnsd5umeg 3 dsznnldun arteil5umiving (Universal
. I . o ] a = [ Y 2
Quantifiers) AD ‘every’ (alternatively ‘each’, ‘all’) LAY ‘no’ 219U L0819 0 13
(Existential Quantifiers) Ao ‘a’ (alternatively ‘an’, ‘some’) HazAIUIUTUIUA @Y 1Y “at least
. @ ] a 1 dy 9 o ) Y dyw Y v ] a 3
2’ TaganialTuauvar Isunudnimeuiy venantdiausalgdrtalsnanmua
YA @ 1 a 1 9 3
WouAnauseTon Ao for every’ (“for each’, “for all’) LazdIUlT 1M Ted19tioaHila Ao
1 4 v
. ] a o ya o ] a n Yo
‘there is/are ... such that’ uaziiie i ldmannudnvvu latidrdalSan 141asun1s
Y Y
auaa 1Y 2> luamnsaldnumstslsmamonua laui i Tunmsenguuiaseaunsam
Y .
14 (Kaljurand, 2007)
2432  msUszau (Coordination)
Y o @ % 9 o o
ACE l@lddlszanunn 2 @2 fio ‘and’ uag ‘or’ Falddmsunmsnrungy
Y] P A o o [} =\ v A & 1
HAANTNNAIINAQUIATOVOITLAVANINHNWY 1FY ‘and’ HANIURNWNUNLIATINIT ‘or’
1 1< o ¥ v W Y = A ) 9 o 3
pgnlsnawamnsahdounauiuld laedisuaieamineganiatimi ‘and 1az ‘or’ A9t
= Yo o o 1 dyo o o = ‘ o . 2 = 1
nldmdeasee llfidmsuuenanurniu Av ‘a > b dou191n “a IANUKNRUALTTIN
b” (Kaljurand, 2007)
and > or >, and >, or
@ 1 A & ] <3
MndvdaAIvUAvedllss Tanmsden Fudasegnieluiudy

A client {enters a UBS-card or enters a ZKB-card}, and types a code.

244 maudasgiluvuves ACE Teglugiuuuves OWL/SWRL
daudasziuuuin ACE Tihilu OWL/SWRL 1wz 14 ACE Parsing Engine
(APE) Tuni1suilasdeniu ACE 1eglugiunuves Discourse Representation Structures

0o < { ] a 4 a 4 0
(DRS) LlagalTﬂWiLLﬂaﬁﬁ’]ﬁﬁ]IﬂﬂﬁqNﬁﬂ'J"IiJN@Wﬁ"I@GU’ENu],'JfJ']ﬂﬁmsUfN ACE Lﬂﬂ:ﬁeu Llé}jﬂg‘ﬂ']
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nsutasgduuy DRS 1Weglugduunves Web Ontology Language (OWL) A d 1A AA 214
Y
U I '
aumanTuduaeumanilasliilu owr szwereunaslieglugiuunves Semantic Web
P4
Rule Language (SWRL) lagdunannuianaindudnazinmsdemanunanaianay lu 1%
o 99 Yo & g A Yy 9 < ¢ A ¥
G135 UNI FIDNszVIUMINNaINIAMET dauYsal OWL B30 SWRL dzgnuiasli
] A 9 o [ = 9 1 . A
aglugtuuvvesmuinlddmsunanilasnutayasziing ACE view ag OWL %139 SWRL
Tag 1% Resource Description Framework (RDF) %30 Extensible Markup Language (XML) & Qg‘ﬂ

#12.18 ugasrun wmsilas ACE Tieglugiuuuues OWL/SWRL (Kaljurand, 2007)

/ \I,! C‘E.Q:JRS verbalizer
Various OWL formats \

/

o) (o)

ACE View plug—ir;:::.";"

5U7 2.18 uwunwmsulasgluuuves ACE 1deglugdnuuves OWL/SWRL

(Kaljurand, 2007)

2.4.5 MIFoNADUDI ACE 1NNHUH Protégé

{ o 9

4 $ A 1 o 1
Tlsunsuilszgnanimihindeuae ACE TWawsainueguuTisunsy
L, . ~ ' . &£ @ 1 o o o = 4
Protégé Editor ;38031 ACE View FuiluuianssuInidmsumsiieouInTaduazmsun ly
A oy [} 9 A
ng TaefhineAenmsananudrveuvesmsdrsnazud lulugiuuuvesesuInng owL
Y 1 ! v 9q Y o & =2 A
uaz SWRL Taglyaiuaeilsseuiug e (User Interface) U ACE #9111 ACE View 33A913

' A A v o A o ) £ o q ¥
LLGIﬂWW1ﬂLﬂ§EN‘JJ@LLﬂ‘lSU OWL itag SWRL ‘VnulﬂVIﬁJﬂUWﬂJ%UGﬂﬁJuﬁlumﬂmm “INmimﬂﬂ
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v Y Y
~

Aa a $ 1 I I
maanud laralumsldnuvesdiFersng i iinugumedmingduld ez ACE View

o

1
v Aa A

185701 2 matamsudasgiuunAnulandunu Protégé Editor io ACE—>OWL/SWRL
ez OWL—ACE Taga1n31/7 2.19 naasdiuilsznonved ACE View Ydnduuy Protége

1 Y
Editor aanunsautamsiavesn liludail (Kaljurand, 2007)

. A ! Aq Yo o vy % =
- Main tab fodrud lgdmsumsumuanuiaelss Teanwidanguiog
4 0 S

Tugilunvves ACE ot ldadrailueeuTnTad
- Index tab AodIuNnaasInseaiwvesnuingnunuacllldeglu

sunuudonm naz 1y HTML lumsuaananaziima

A A~ v 9

- Paraphrasc tab AodIuNuaaInsilannunanevesnui umudunlu

JUunUVeI ACE

) { P ¥ 12y ¥ v
- TInferences tab AvdIUNNAAIToa g nToa U 11N lavinanuingn

unuaa
! qPo o qIYIqY o
- Answers tab Andauilrdmsulidldommazuaasdiney
! () ¥ Y a v
- Debug tab Aodui lansraaeuderanarnvesnuingnunuaslylu

v N o ) Yo 9q Y
ATHINAUAN LLﬂ$uWLﬁUE]LLU’WINLLﬂUlGUGlWﬂUlf/ﬂ“]f

4[ Active Ontology | Entities = Classes = Object Properties  Data Properties  Individuals DL Query |

ACE: MEEE
4[ Main | Index  Paraphrase Inferences  Answers Debug - -— (\, Sync )
The fellowing story talks about Oedipus and his relatives.

Preferences )

Iokaste"s child is Oedipus.

Ickaste"s child is Polyneikes.
Oedipus's child is Polyneikes.
Polyneikes' child is Thersandros. ACE metrics
Oedipus is o paotricide.

Thersandros is not a patricide. sentence count 8
Everybody whose child is a patricide whose child is content word count 13
semebody who is not @ patricide is an answer. ‘nothing but' count 0

a SWRL sentence count 0

non OWL/SWRL sentence count

Messages

31111 2.19 A19819111190 ACE View 1dndunu Protégé Editor (Kaljurand, 2007)
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25 gwanuieauinlad (Ontology Knowledge Base)

] A A A Y o A A
iTuﬂUTNZ@QUIWIﬂﬂ ﬂf’)ﬂ15Uii818LLH')ﬂﬂW§@ﬂJ@ﬂTﬂuﬂﬂlﬂﬂlluﬂﬂﬂ‘ﬂﬁTﬁui% Tﬂfl

a9 ~ v I A (= P 9 1 A [V ] 9
?Jﬂ@]ﬁll?)ialjﬁ‘]/]Qﬂﬁ]mﬂﬂmmmﬁl\‘]iﬂgﬂFJ‘V]L‘U”IGl,i]ﬂ’JHJWN”IEJLLG]Lﬂiﬂﬁi]ﬂill‘JJﬁ’nﬂiﬂl,"‘IJﬂ,i]ﬂ’J”liJ“rﬁJ"lfJ

]
=1

oa./‘ Y 9 v 3 qﬂzl @ 9y 1 [y o 9 v
wula msizdeyangniamuiudina Inseaie ualuilgiiudoyagnaanulugdunuves

U

v o Ia A2 I a ¥ A 3 v = a
AIMUANUNUDIHIAITUHUIIUINYIVU UUAD gmmmgaauiﬂaﬂ A9 NIILNUVBYANYNVTUY
9 F [ Y] s & (] o
A281AT99319ANNFUNUT Fevzedlugiunuvesnaie (Class) tazdunald (Sub-Class)

Y
4 LY
(Gruber, 2014) Tagpsnilsznouvesgiunuioou In laglsznoudie fail

- LU9AA (Concept) A9 VO VIUAVDIFIUAINS 00U INTAD Fadmrsoriall

a A A 14
’E]ﬁU1EJ1’i§E)G]ﬂ’J13JW3J1‘c’Jh1ﬂ

a a9 9

wAa . A a A o 9
- AUAUUA (Properties) AD AN LHDTUIININY TIVREVRAG

Qe

= o W ' Y

v o
- ANUFNNUT (Relationships) 1D ANNANNUTISUINAIING

9y o [ @ 4 . o [
- YRR UAVRIANUFTUWNUT (Axioms) AD 13U JUF1HTUNITUAA

v o d ' a o Aa
ANUAUNUDITEUINNUUIAANVLUUINA

2.6 FaCT++ Reasoner

A o o o a= Y
FaCT++ Reasoner A9 11)5unsui)szgnangniianinunaindanainu FaCT Tagl4sn1u
o 4 ol - 4 &£ A A o @
C++ Tumsiaun $IUNUFIUWI910 Description Logics (DL) Hi] uInTo0d 1M VNS
o . y £ v o H B
asvapUANVIALdIveeon InTagngnadavum Tagnmsaiesu Inlagyuutiuazdeq
" a v Y o = a A g 9ny Y oy
luaanudandanues uazansodnnuainesu Inladie 19 Idn1ug luila (Tsarkov
and Ian, 2006)
! @ ll { o o < 1 {
10319 2.20 uaasdiedese Teandaudeiums azwiu landsz Tean 1 uaz 2910

N15ANINAI8 FaCT-++ Reasoner 92 1dA11w35 1113 Ao “John is a human” Fedaudenuilse Ton

IS IS

v Y
1 3 MDA “John is not a human” 1141 3 U5z Teatinannuiaudanues Tiauisaialy

a1 uiueouInlasld

1. If X is a man then X is a human.
2. If X is a John then X is a man.

3. If X is a John then X is not a human

7191 2.20 Ared1a)sz Teanidaudariues
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2.7 m‘sagmuﬁem‘mz (Logical Inference)

NMIOYNIUFIATINEABNITNTZRIMTONTZUIUMST IuMIHIteagdanamine

u
]

9 &g A A " Y 1 o A Y 1 9 4
L"llflfl] "]N!‘]Juﬁ\i‘ﬂllll]lﬂllﬂﬂﬂﬂﬂm1ﬂﬂ1ﬂﬂfﬂlﬂuﬁﬁﬂi31(!‘17]1@8@5\1 Llﬁﬂ31u§,%ﬁ1u1ﬁﬂﬂi§ﬂ1uqﬂ

oa./l @ { 1 3 ] 3
Wuiinagliman ldisaivisoeyuiunieszidila ldauiusuiiu (Wikipedia, 2014b)
A08191%5 1
- All men are mortal
- Socrates is a man
- Therefore, Socrates is mortal.
9 ' A vy 3 s Ay
1081913z Ten 1 1ag 2 VeNAFENNAWT UNYBEUAT Socrates AONBIE 137
Y A 4 1 [ 1
ansnoyuunaeelse Toausn 11 Socrates AvUYBH ua lumsoyuualsszicludiu
{ < Aa 1 o [l A I 1 1
woanuinsollse Tenniduase uarh hlgmsagusenmseyuunaanainld dredrasu
- All apples are fruit. (Correct)
- Bananas are fruit. (Correct)
- Therefore, bananas are apples. (Wrong)
% [ ~ 1 a Y I a Y 9
1nAed19sz Tead 1 uaz 2 veniwelitlanngnaenalfidueie uazndrefona 14
&4 a o o Y1 oy A a4 < v o
Wuase duiuamisooyuiu ldindledeueilila Feainniseynivaszmiu laiuiums
4 I~ a 9 1 1 A
ieannanuiuasadindrelilsueilila
a ] Y a3 9 1 a o
MsouNIFIAsneawsoutsoon lailu 2 nuy 1dun niseyuiuisegiliie
. . A 9 Y o
(Inductive Inference) (Angluin and Smith, 1983) Ao N3 ITeajdvIndodunanienanis
NAADI 1LAZNTOYNIUTINT Y (Deductive Inference) (MacGregor, 1991) An Mamdoaglan
Y] I a a 9 o 9 a 4 9 ]
wananwiuase Tasnsoyuusiasing lagnii ld1daunneniuees natediu wu

| < a . I
AMUTZUDATYI 0 (Expert System) ATUAULTIAMNHWNIY (Semantic Web) 1T udu

v
Ay A A 9 [

{ @ @ J Qﬁ}l @ d
\ﬂu'J’ﬂfJ‘V]LﬂEJ'JsUf’)Qﬂ‘].lﬂ’]ﬁﬁ’]ﬂ{]ﬂ31Nﬁuwuﬁllﬂﬂﬂ§$ﬂ1ﬂuufl\iﬂﬁ']ﬂ{]ﬁﬂﬂﬂ']ﬂ !ﬁ@
nFeuieunuauIteneaiums S uunuaznMsIANgUIeYALIUNTZY 1HB991NNITHING

v o oaj a o & FY a J 9 03/’ 9 [ & A ~
ﬂ'J']llﬁllW‘Ll‘ﬁLLUUﬂ\‘]lﬂllﬂ']L‘]J‘lW]EN'JLﬂﬁWZ?TﬂJ@MMﬁVNWNﬂWﬁ’ﬂll q NU “D'QHJUL?@QEHﬂ'V]‘UZ

=1

) @ 1 [ @ 4 a o { 1
nszedoyanieiidoyainizaienueguIvinganuduius lagauisenilsingoed

U

1 o a v o d @
‘].]ﬁZﬂi’]‘lJﬁglj'JfN'luéluﬁTLlﬂTiuHﬁu’OLLU’Jﬂ@ﬂ']ﬁﬁWﬂg]‘ﬂ'N?Jﬁ'?JWU‘ﬁLLUU‘UH']H f‘ﬂﬁﬂﬁ‘ﬂﬂiﬂ

Y a o @ 4 3 ) a
@aﬂ@iﬁllﬂ’]ﬁﬁ']ﬂ!;]ﬂ'ﬂﬂﬁﬂwu‘ﬁuﬂﬂellu"lu Glﬁﬁ')@llﬁ') NMTUHUTUDLUIAANITUING
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o 4 9 1 o

o 9y o Y =2 Y 14 aw Aaa a 9y
ANUANNUTIINVDYALUUNQUINDN LAZHID "lﬂmmiﬂﬂyWﬂumwm’sﬁ]ﬂ‘nummmmﬂlm

u q

]
=1

o aw o = = Y v dy
ﬂ‘]J\‘l”I‘L!’Ji]fJ‘V]%3%11@8%518@3!@Elﬂf"fiqﬂllﬂﬂﬁu
k4
v o o
Agrawal 11ag Shafer (1996) ”ls?fmuamimﬂg]mmﬁuwummumumiﬂamﬂaﬁugm

NMTUUANNDLVUNTLIY (Count Distribution) uazmiﬂizmﬂ%’ay‘a (Data Distribution)

= =

Y A v a a dg/ A o Y9 = Y
ArgmaNdeyalmsnsyau Tavuauma Ty Tagi Inveyaiivina Ing $aiilnnisming

U u

o o o Y o o v o o
mmauwuﬁmﬂﬁi’fm%laaﬂymzﬁﬁ’aﬂ%}nmumiumsﬂizmawa muumsmﬂgmmauwu‘ﬁ
) ' Y 2 v o vy < A o
LL‘U‘UGU‘H'ILIETHJ13ﬂml'liJﬂf’JEl!,l,ﬂllsUﬂﬂluWW@iQullﬂ T@mmmu%ummagaaamﬂmgﬂ q aUN

) { ¥ Yo ? o { 1 < $ g J
Joyan 18 nszaelinuTldsaaaes lumsivanudvewaas louaa Faluduaoutioy
I o ~ 1 v o J 1A 4'9} = A d?l
Wumsihaueuuvnunausasisaanal lumsmngaNuauius utadande udomuay
Sa o ' o A 9 ) 0 ¢
MNNIZUIUMIHABTIUINHUIBANUT1NIADI1H (Memory Used) 31191903 T sisaiaos
(Amount of Processor) wazsuresnslumsaadedoas (Amount of Communication)
. Y o A 9 a Y =®
Lietal. (2003) larauonisiuvosdoyannunszaielagiiarsanninauadienaa

9 = v o 9 A~ Y] v 1 A o Y [V < 9 [ Y
ﬂ’]ﬂlﬂﬂIUIaElﬂ'ﬁﬂﬂlﬂ‘]_l"llauﬁaﬂmﬂ'ﬁwwu']u’]@ﬂ’]\?@@!uﬂq ﬂWiﬂﬂWﬁﬂﬂlﬂumﬂHaﬁ’N 9 ll’]cl;u

) ¢ o qyr & g o q YU Yy o 3 »y v 4
ﬂ']uellall”auuvnllﬂ\ﬂﬂ G]Nﬂ’g'uJﬁ'lll']iﬂul@\iﬂ'lclwm’ﬂllahlﬂﬂﬂﬂﬂlﬂﬂlljslUL!WaQﬁ'N 9 GINHJH

U U

A o o o Y Y} A A v My o g % ' =
!ﬁ’éNEﬂﬂ?ﬂ‘ﬁ‘i“ﬂmiﬁﬂﬂﬂ’amgmﬂﬂmy‘ammu L‘Ll’memlﬂyahlwllﬂﬂﬂﬁ]mﬂuhlﬂmmm 87

U

{ [ 9 @ 3 av ~ 2. Y o a [
ﬁﬁ'lil'lﬁﬂﬁﬂﬂﬂ'TlNE!HJ‘U@iQUhJ@]ﬁ\nJ’I @Quu\?'lu’ﬁ]ﬂ"ll’fN‘WiJﬁ%\‘]hl@u'll;ﬁu’mﬂﬂlllﬂﬂ'ﬁ')ﬂﬂ']'lﬂ

Y =2 A o @ 9 = ' 9 1 T Y 9 = 9 =< o <
ﬂa’lﬂﬂa\HWﬂu'lhl'IJ'Jﬂﬂ'J'liJﬂa’lﬂﬂﬁ\ﬁgﬁ'NQGU’E'J;J“ﬁLmagLLWﬁQ DIVDYANANNAAIYAAINUNIND

o Y ! :JI [ Y o v Ay Y @ Y Y a 1 [}
wihdoyamaniumguswiuudnimadns i la ldanannuiaremaiiag1a  mu ns
o Y 1Y v9 v o J g 9
TWUAVBYA MIIANYUUBYA LATNITHINHANNTUIUT W uau

Y (] a R . . . . [ g
Yu et al. (2010) laianeoana3iiu Distributed Parallel Apriori (DPA) 1un151/501/5
v o J QgJI % @ a v o d
mymnganuduiusuuyuy Tastuaourtaluganesiumsninganuduiug Aens
o A d?l ] =~ 9 o ~ ld%) [ £ 3 dy o
wuanudnsingiudesti Tnssadsvesmaiaui luuaeny daluduaouiiamsoii’ll

] Y o A A a A [ Y] 4 QS/I a Y
ﬂﬁﬂﬂéﬂiﬂﬂﬂ?ﬁﬂ%ﬂuLL‘]J‘UGUHTLJLW?JLWNTJ3$ﬁ‘ﬂ‘ﬁﬂTWﬂ15ﬁ1ﬂaﬂ31hﬁwwuﬁllﬂﬂﬂ\1m Wl

9
= 1

g A a Y Y a 1 1 J 3 o 09/’
TIAUTINVY Llﬂﬁl?ﬂlﬂﬂUﬂiuaﬂEmgﬁ’l’]'lﬂfﬂzlﬂﬂﬂ’]ﬁﬂ’]ﬂﬂ’]uﬂlﬂﬁllﬁagj‘]_]ﬂ“]fﬁ!%'ﬂﬁﬁu ANUU

v '
awv Y o a A

A= a s A o o as
U %ﬂufﬂ\ﬂ,ﬂu'llﬁu@LﬂﬂUﬂIWaﬂ‘U']a']ucﬁ (Load Balance) LW@NWﬂﬁUﬂEQﬂﬁﬂ@ﬁﬂﬁJlﬂu!Wﬂ
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Algorithm Integrate Association Rules

//Tnput: {R,, R,, ..., Ry}, association rules in all nodes.

//Output: C, an association rule set.

1. Create C as empty list;
2.Fori=1 €= toNdo

3. C = intersection (R,)
4. End for

5. Return C;
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age | menopause | tumor-size | inv-nodes node-caps Class
40-49 | premeno 15-19 0-2 yes recurrence-events
50-59 ge40 15-19 0-2 no no-recurrence-events
50-59 ge40 35-39 0-2 no recurrence-events
50-59 ge40 15-19 0-2 no no-recurrence-events
40-49 | premeno 15-19 0-2 yes recurrence-events
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R, R, R

{Class=no-recurrence-

events }=>{inv-nodes=0-2}

{inv-nodes=0-2}=>{irradiat=no} {inv-nodes=0-2}=>{irradiat=no} {inv-nodes=0-2}=>{irradiat=no}
{irradiat=no}=>{node-caps=no} {irradiat=no}=>{node-caps=no} {irradiat=no}=>{node-caps=no}
R

{inv-nodes=0-2 }=>{irradiat=no}

{irradiat=no}=>{node-caps=no}
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1. If X is a man then X is a human.
2. If X is a John then X is a man.

3. If X is a John then X is not a human
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Original association rules Association rules in ACE

If X is a n: Class_equal_no-recurrence-events then
{Class=no-recurrence-events }=>{inv-nodes=0-2}
X is a n:inv-nodes_equal 0-2.

If X is a n:inv-nodes_equal 0-2 then X is a
{inv-nodes=0-2 }=>{irradiat=no}
n:irradiat_equal no.

If X is a n:irradiat_equal no then X is a n: node-
{irradiat=no}=>{node-caps=no}
caps_equal_no.
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Algorithm Transform to Natural L.anguage Format

//Input: C, an association rule set.

//Output: CACE, an association rule set in the form of natural language.

1. Create CACE as empty list;

2. Create D as dictionary = { "A{' if Xisan:

3. '=>':"'then X is a',
4. '=':"' equal ',

5. '":"and X isan:',
6. {":'n:,

7. e

8.}

9. Fori=1 € to length(C) do

10. RN = multiple replace(D, C);
11. add RN to CACE;

12. End for

13. Return CACE;
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- @ deg-malig-2 + @ deg-malig-2

V- @inv_nodes_equal_0-2 = no-node-caps = no-irradiat
- @ no-recurrence-events

- @ left-breast

- @ menopasue-ged0

- @ no-irradiat = inv_nodes_equal_0-2 = no-node-caps

“- @ no-recurrence-events

no-node-caps = inv_nodes_equal_0-2 = no-irradiat
----- @ no-recurrence-events

-- @ premeno-menopasue
@ right-breast

4
4

inv_nodes_equal_0-2 = no-node-caps = no-irradiat
----- @ no-recurrence-events

left-breast

no-irradiat = inv_nodes_equal_0-2 = no-node-caps
no-node-caps = inv_nodes_equal_0-2 = no-irradiat
: @ no-recurrence-events

~- @ premeno-menopasue
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Entailment

ACE If-then

Every inv_nodes_equal 0-2 is a no-irradiat

that is a no-node-caps.

If X is an:inv_nodes_equal 0-2 and X is a

n:no-irradiat then X is a n:no-node-caps .

Every no-irradiat is an inv_nodes_equal_0-2

that is a no-node-caps.

If X is a n:no-irradiat and X is a
n:inv_nodes_equal 0-2 then X is a n:no-node-

caps .

Every no-node-caps is an inv_nodes_equal 0-

2 that is a no-irradiat.

If X is a n:no-node-caps and X is a
n:inv_nodes _equal 0-2 then X is a n:no-

irradiat .

1. I=true

\S]

. Ontology = ACE_views (CACE);

[\

. While I = true{

7. Return (I, E);

Algorithm Check Inconsistency with Reasoner

//Input: CACE, an association rule set in the form of natural language.
//Output: I, Inconsistency of Association Rules as true or false.

E, Association rules entailed from reasoner.

3. (I, E) = Reasoner (Ontology)

4. If I = true

5. Ontology = Remove rules_inconsistent (CACE)
6.}
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CLASS AGE SEX SURVIVED
first adult male yes
first adult male yes
first adult male yes
first adult female no
first adult female no
first child male yes
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age menopause | tumor-size | inv-nodes | node-caps | deg-malig breast breast-quad irradiat Class
40-49 premeno 15-19 0-2 yes 3 right left up no recurrence-events
50-59 ge40 15-19 0-2 no 1 right central no no-recurrence-events
50-59 ge40 35-39 0-2 no 2 left left low no recurrence-events
50-59 ge40 15-19 0-2 no 1 right central no no-recurrence-events
40-49 premeno 15-19 0-2 yes 3 right left up no recurrence-events

a3l 4.3 fredredeyadihelsamly

age sex cp trestbps chol fbs restecg thalach | exang | oldpeak | slope ca thal num
61-77 | male | typ angina | 129-164 | 126-272 t left vent hyper | 115-158 no 2 down 0 fixed defect <50
61-77 | male asympt 129-164 | 273-418 f left vent hyper | 71-114 yes 1 flat 3 normal >50 1
61-77 | male asympt 94-129 | 126-272 f left vent hyper | 115-158 | yes 2 flat 2 reversable defect | >50 1
29-45 | male | non anginal | 129-164 | 126-272 f normal 159-202 | no 3 down 0 normal <50
61-77 | male asympt 129-164 | 273-418 f left vent hyper | 71-114 yes 1 flat 3 normal >50 1

LE
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# Association rules from
Results # Original # Association Rules

multiple sources without

Data sets association rules from Reasoner
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Titanic 26 25 25

Breast Cancer 883 372 380

Heart Disease 7,245 2,158 2,160
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Result
Entailment If-Then Rules
Datasets
Titanic - -
Breast Every age equal 50-59 is an inv-
If age=50-59 Then inv-nodes=0-2
Cancer nodes equal 0-2.
Every inv-nodes_equal 0-2 is an If inv-nodes=0-2 and irradiat=no Then
irradiat_equal no that is a node-caps_equal no. | node-caps=no
Every irradiat_equal_no is an inv- If irradiat=no and inv-nodes=0-2 Then
nodes_equal 0-2 that is a node-caps_equal no. | node-caps=no
Every node-caps_equal no is an inv- If node-caps=no and inv-nodes=0-2
nodes_equal 0-2 that is an irradiat_equal no . Then irradiat=no
Every deg-malig_equal_1 is a Class_equal_no- If deg-malig=1 Then Class=no-
recurrence-events . recurrence-events
Every Class_equal no-recurrence-events is an If Class=no-recurrence-events Then inv-
inv-nodes_equal 0-2 . nodes=0-2
Every age _equal 50-59 is a node-
If age=50-59 Then node-caps=no
caps_equal _no.
Every Class_equal_no-recurrence-events is an If Class=no-recurrence-events Then
irradiat_equal no . irradiat=no
Heart Every sex_equal_female is a thal_equal normal. | If sex=female Then thal=normal
Disease Every cp_equal_atyp angina is a fbs_equal_f. If cp=atyp_angina Then fbs=f
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# Association rules from
Results # Original # Association Rules

multiple sources without

Data sets association rules from Reasoner

reasoner

Titanic 17 17 17

Breast Cancer 203 119 126

Heart Disease 726 282 283
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Result
Entailment If-Then Rules
Datasets
Titanic - -
Breast Every age equal 50-59 is an inv-
If age=50-59 Then inv-nodes=0-2
Cancer nodes equal 0-2.
Every inv-nodes_equal 0-2 is an If inv-nodes=0-2 and irradiat=no Then

irradiat_equal no that is a node-caps_equal no. | node-caps=no

Every irradiat_equal_no is an inv- If irradiat=no and inv-nodes=0-2 Then
nodes_equal 0-2 that is a node-caps_equal no. | node-caps=no

Every node-caps_equal no is an inv- If node-caps=no and inv-nodes=0-2
nodes_equal 0-2 that is an irradiat_equal no . Then irradiat=no

Every Class_equal no-recurrence-events is an If Class=no-recurrence-events Then inv-
inv-nodes_equal 0-2 . nodes=0-2

Every age _equal 50-59 is a node-
If age=50-59 Then node-caps=no
caps_equal no.

Every Class_equal no-recurrence-events is an If Class=no-recurrence-events Then
irradiat_equal no . irradiat=no
Heart Every num_equal less than 50is a

If num=< 50 Then thal=normal

Disease thal_equal_normal .
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# Association rules from
Results # Original # Association Rules

multiple sources without

Data sets association rules from Reasoner

reasoner

Titanic 13 9 9

Breast Cancer 62 30 35

Heart Disease 118 42 42
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Result
Entailment If-Then Rules

Datasets

Titanic - -

Breast Every inv-nodes_equal 0-2 is an If inv-nodes=0-2 and irradiat=no Then

Cancer irradiat_equal no that is a node-caps_equal no. | node-caps=no
Every irradiat_equal_no is an inv- If irradiat=no and inv-nodes=0-2 Then
nodes equal 0-2 that is a node-caps_equal no. | node-caps=no
Every node-caps_equal no is an inv- If node-caps=no and inv-nodes=0-2
nodes_equal 0-2 that is an irradiat_equal no . Then irradiat=no
Every Class_equal_no-recurrence-events is an If Class=no-recurrence-events Then inv-
inv-nodes_equal 0-2 . nodes=0-2
Every Class_equal no-recurrence-events is an If Class=no-recurrence-events Then
irradiat_equal no . irradiat=no

Heart

Disease ; _
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# Association rules from
Results # Original # Association Rules

multiple sources without

Data sets association rules from Reasoner

reasoner

Titanic 6 5 5

Breast Cancer 24 19 24

Heart Disease 18 10 10
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Result
Entailment If-Then Rules

Datasets

Titanic - -

Breast Every inv-nodes_equal_0-2 is an If inv-nodes=0-2 and irradiat=no Then

Cancer irradiat_equal_no that is a node-caps_equal no. | node-caps=no
Every irradiat_equal no is an inv- If irradiat=no and inv-nodes=0-2 Then
nodes_equal 0-2 that is a node-caps_equal no. | node-caps=no
Every node-caps_equal no is an inv- If node-caps=no and inv-nodes=0-2
nodes_equal 0-2 that is an irradiat_equal no . Then irradiat=no
Every Class_equal_no-recurrence-events is an If Class=no-recurrence-events Then inv-
inv-nodes_equal 0-2 . nodes=0-2
Every Class_equal_no-recurrence-events is an If Class=no-recurrence-events Then
irradiat_equal no . irradiat=no

Heart

Disease - -
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# Association rules from
Results # Original # Association Rules

multiple sources without

Data sets association rules from Reasoner

reasoner

Titanic 5 5 5

Breast Cancer 24 10 15

Heart Disease 4 4 4
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Result
Entailment If-Then Rules

Datasets

Titanic - -

Breast Every inv-nodes_equal 0-2 is an If inv-nodes=0-2 and irradiat=no Then

Cancer irradiat_equal no that is a node-caps_equal no. | node-caps=no
Every irradiat_equal_no is an inv- If irradiat=no and inv-nodes=0-2 Then
nodes equal 0-2 that is a node-caps_equal no. | node-caps=no
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inv-nodes_equal 0-2 . nodes=0-2
Every Class_equal no-recurrence-events is an If Class=no-recurrence-events Then
irradiat_equal no . irradiat=no
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# Association rules from
Results # Original # Association Rules

multiple sources without

Data sets association rules from Reasoner

reasoner

Titanic 5 3 3

Breast Cancer 9 6 9

Heart Disease 1 0 0
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Result
Entailment If-Then Rules
Datasets
Titanic g -
Breast Every inv-nodes_equal_0-2 is an If inv-nodes=0-2 and irradiat=no Then
Cancer irradiat_equal_no that is a node-caps_equal no. | node-caps=no
Every irradiat_equal no is an inv- If irradiat=no and inv-nodes=0-2 Then
nodes_equal 0-2 that is a node-caps_equal no. | node-caps=no
Every node-caps_equal no is an inv- If node-caps=no and inv-nodes=0-2
nodes_equal 0-2 that is an irradiat_equal no . Then irradiat=no
Heart
Disease - -
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# Original # Association rules %
Results # Association Rules
Association | from multiple sources Improvement
Support from Reasoner
rules without reasoner by Reasoner
0.1 26 25 25 0.00%
0.2 17 17 17 0.00%
0.3 13 9 9 0.00%
0.4 6 5 5 0.00%
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ngmmauwuﬁmnﬁmmmda

{CLASS=crew }=>{AGE=adult}

{SURVIVED=no}=>{SEX=male}

{SURVIVED=no}=>{SEX=male}

{SURVIVED=no}=>{AGE=adult}

{SURVIVED=no}=>{AGE=adult}

{SEX=male}=>{AGE=adult}

{SEX=male}=>{AGE=adult}

{SEX=male,SURVIVED=no}=>{AGE=adult}

{SEX=male,SURVIVED=no}=>{AGE=adult}

{AGE=adult,SURVIVED=no}=>{SEX=male}

{AGE=adult, SURVIVED=no}=>{SEX=male}

{ Y v o J ' v o J Qs: a
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n;]mmﬁuwuﬁmnﬂmmmda

{Class=no-recurrence-events }=>{inv-nodes=0-2}

{Class=no-recurrence-events }=>{inv-nodes=0-2}

{Class=no-recurrence-events }=>{irradiat=no}

{Class=no-recurrence-events }=>{irradiat=no}

{Class=no-recurrence-events }=>{node-caps=no}

{Class=no-recurrence-events }=>{node-caps=no}

{inv-nodes=0-2 }=>{irradiat=no}

{inv-nodes=0-2 }=>{irradiat=no}

{irradiat=no}=>{inv-nodes=0-2}

{irradiat=no}=>{inv-nodes=0-2}

{inv-nodes=0-2}=>{node-caps=no}

{inv-nodes=0-2}=>{node-caps=no}

{node-caps=no}=>{inv-nodes=0-2}

{node-caps=no}=>{inv-nodes=0-2}

{irradiat=no}=>{node-caps=no}

{irradiat=no}=>{node-caps=no}

{node-caps=no}=>{irradiat=no}

{node-caps=no}=>{irradiat=no}

{inv-nodes=0-2,Class=no-recurrence-

events }=>{irradiat=no}

{inv-nodes=0-2,Class=no-recurrence-

events }=>{irradiat=no}

{irradiat=no,Class=no-recurrence-events }=>{inv-

nodes=0-2}

{irradiat=no,Class=no-recurrence-events }=>{inv-

nodes=0-2}

{inv-nodes=0-2,irradiat=no }=>{Class=no-

recurrence-events }
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{inv-nodes=0-2,Class=no-recurrence-

events}=>{node-caps=no}

{inv-nodes=0-2,Class=no-recurrence-

events}=>{node-caps=no}

{node-caps=no,Class=no-recurrence-

events}=>{inv-nodes=0-2}

{node-caps=no,Class=no-recurrence-

events }=>{inv-nodes=0-2}

{irradiat=no,Class=no-recurrence-

events}=>{node-caps=no}

{irradiat=no,Class=no-recurrence-

events}=>{node-caps=no}

{node-caps=no,Class=no-recurrence-

events}=>{irradiat=no}

{node-caps=no,Class=no-recurrence-

events}=>{irradiat=no}

{node-caps=no,irradiat=no }=>{Class=no-

recurrence-events}

{inv-nodes=0-2,irradiat=no }=>{node-

caps=no}

{inv-nodes=0-2,irradiat=no }=>{node-

caps=no}

{inv-nodes=0-2,node-

caps=no}=>{irradiat=no}

{inv-nodes=0-2,node-

caps=no }=>{irradiat=no}

{node-caps=no,irradiat=no }=>{inv-nodes=0-

2}

{node-caps=no,irradiat=no }=>{inv-nodes=0-

2}

{inv-nodes=0-2,irradiat=no,Class=no-

recurrence-events }=>{node-caps=no}

{inv-nodes=0-2.irradiat=no,Class=no-

recurrence-events }=>{node-caps=no}

{inv-nodes=0-2,node-caps=no,Class=no-

recurrence-events }=>{irradiat=no}

{inv-nodes=0-2,node-caps=no,Class=no-

recurrence-events }=>{irradiat=no}

{node-caps=no,irradiat=no,Class=no-

recurrence-events }=>{inv-nodes=0-2}

{node-caps=no,irradiat=no,Class=no-

recurrence-events }=>{inv-nodes=0-2}

{inv-nodes=0-2,node-

caps=no,irradiat=no } =>{Class=no-recurrence-

events}
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{slope=up }=>{fbs=f}

{cp=asympt}=>{fbs=f}

{restecg=normal }=>{fbs=f}

{thalach=115-158}=>{fbs=f}

{trestbps=129-164}=>{fbs=f}

{trestbps=129-164}=>{fbs=f}

{num=<50}=>{exang=no}

{num=<50}=>{exang=no}

{num=<50}=>{fbs=f}

{num=<50}=>{fbs=f}

{oldpeak=0}=>{fbs=f}

{oldpeak=0}=>{fbs=f}

{thal=normal}=>{exang=no}

{thal=normal }=>{fbs=f}

{thal=normal }=>{fbs=f}

{age=46-60}=>{fbs=f}

{ca=0.0}=>{fbs=f}

{ca=0.0}=>{fbs=f}

{exang=no}=>{fbs=f}

{exang=no }=>{fbs=f}

{sex=male }=>{fbs=f}

{sex=male }=>{fbs=f}

{chol=126-272}=>{fbs=f}

{chol=126-272}=>{fbs=f}

{chol=126-272,ca=0.0}=>{fbs=f}

{chol=126-272,exang=no }=>{fbs=f}

{chol=126-272,exang=no }=>{fbs=f}
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snvyInegzluuvveIn s suma

- =

ﬁtl.bd—NDtepad = e &
File Edit Format View Help
{cLAss=third} => {AGE=adult}
{CLASS=crew} => {SEx=male}
{cLASS=crew} => {AGE=adult}
{SURVIVED=no} => {SEX=male}
{SURVIVED=no} =»> {AGE=adult}
{SEX=male} => {AGE=adult}
{AGE=adult} => {SEX=male}
{CLASS=crew,SURVIVED=no} => {SEX=male}
{CLASS=crew,SURVIVED=ho} =»> {AGE=adult}
{CLASS=crew,SEX=male} => {AGE=adult}
{CLASS=crew,AGE=adult} => {SEX=male}
{SsEx=male,SURVIVED=ho} => {AGE=adult}
{AGE=adult,SURVIVED=no} => {SEX=male}
{cLASS=crew,SEX=male,SURVIVED=no} => {AGE=adult}
{CLASS=crew,AGE=adult,SURVIVED=no} => {SEX=male}
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# Spyder (Python 2.7)
File Edit Search Source Run Debug Interpreters Tools View 7

Hid P s diia 2 8 p E BE A &
Editor - C:'Users'\Rm2k\Documents\Python Scripts\New folderuntitledd. py & X Console

A asso_L.py  untitledo.py [£) == 73| 7 python 1B

—

1 x»» runfile('C:/Users/Rm2k/Documents/P

2" [raer

3 Created on Mon Dec @1 12:57:52 2814 ISURVIVED=no} =» {SEX=male}

4 HCLASS=crew} => {SEX=male}

5 @author: Rm2k {SEX=male} => {AGE=adult}

6 """ o o A v o [[CLASS=crew,SEX=male} => {AGE=adult}

7 ﬂﬁT\‘]ljﬁjﬂ"]fﬂﬂaﬂ’ﬂu’d WUD U CLASS=crew,AGE=adult} =» [SEX=male}
& 8 import re ° HAGE=adult,SURVIVED=no} => {SEX=male}

9 HCLASS=crew} =» {AGE=adult}

12 def read_names(filename): [ SEX=male, SURVIVED=no} => {AGE=adult}

11 with open(filename, 'r') as jAleopen: HSURVIVED=no} => {AGE=adult}

12 name_list = [line.stripgf) for line in fileopen] |

13 return name list f

5rl = read_names("tl.txt") o o Jdn Y

612 = read_names(t2.txt’) ﬂg,]mmﬁuwuﬁm”lﬂmﬂmﬁm

7r3 = read_names( t3.txt')

.
19 new_list = [rl, r2, r3]
28 result = set(new_list[®]).intersection(*new_list)

o o v o 7
2 for member in result: & ﬂ’]ﬁQijmﬂaﬂj’luﬁquﬁ

print member

[(SEe §)

% L]

{ 9 v o J 1 Y
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FINNYANUFURUTNINUNAIAN 9 1AITIMIAMUATEANUNTOAIONBINADINTAUHIEAY
= A y_ ¥ o 9 A o o A9 v ¥ o
ununaunnaludedu uaziivenuNToA10NYINABINTAUNINIBNAUNY
¥ o o do 4 v o & '
AnuduRUS 10 multiple_replace() tionasnganuduius ldoglugdunuves
Aa o (] ] & A 9 1 9
ABITITUYIA A20619WaadNTN 1A 19U {SURVIVED=no} => {SEX=male} %x"lﬂﬂg
v o IA a
anuauiusI@eulugluuunIW1555u%1AA0 “if X is a n:SURVIVED _equal_no then X is a
I 9 v J 9 A v o Ja 1 a
n:SEX_equal_male’ 1Wudu wadnsgamensnganuduiusnedlugiluunveanusssumna
4 o Qs}l [ @ @ {
erh 15l uduaeuvesmsadruiiuesuInTaduazasraaeuanuiauds dgii n.4 udag
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& Spyder (Python 2.7)

File Edit Search Source Run Debug Interpreters Tools View ?

v o oA
Wkl b b S bie 0w @ B naanuduiusldanmsulag

Editor oy & X Console \
;[ 00'191 o ~ =__"—\"Fnu_:ﬁll
| MEIAUNWASUNUN #+> runfile("Cs Msers/Rn2k/Dacunents/Pythan Scripte/lien folderfuntitledo.py’, whir-r C:
folder')

3 Cri

S @author: Rm2k

eated on Tue May 13 §0:54:04 2014 {SURVIVED=no} => {SEX=male}
if X is a n:SURVIVED equal_ne then X is a n:SEX_equal_male

o

33

7 import re {CLASS=crew} => {SEX=male}

F if X is a n:CLASS_equal_crew then X is a n:SEX_equal_male

9 def multiple replace(dict, text):

18 regex = re.compile(”(%s)" % "|".join(map(re.escape, di

1 {SEX-male} > {AGE-adult}

12 return regex.sub(lambda mo: dict[mo.string[mo.start() if X is a n:SEX_equal_male then X is a n:AGE_equal_adult

13

s— e [CLASS=crew,SEX=male} => [AGE=adult}

16 myList = [] if X is a n:CLASS_equal_crew and X is a n:SEX_equal_male then X is a n:AGE_equal_adult

H
i 2 9 4 v {SEX=male,SURVIVED=no} => {AGE=adult}
32\ ﬂ'lwuﬂell@ﬂ')'lﬂ"rfﬁ@@ﬂyi if X is a n:SEX_equal_male and X is & n:SURVIVED equal_no then X is a n:AGE_equal_adult
f=
34 F.wril

' '

= N 9 9 =1

35 f.cl {SURVIVED=no} => {AGE=adult}
NADNNTAUNULASLUNUN 57 X is a n:SURVIVED_equal_no then X is a n:AGE_equal_adult

r member in result:
print member {CLASS=crew,AGE=adult} => {SEX=male}
sl = re.sub{my_patternl, if X is a n:',member) if X is a n:CLASS_equal_crew and X is a n:AGE_equal_adult then X is a n:SEX_equal male
dict = {
> : "then X is a°",
'_equal_’, {AGE=adult,SURVIVED=no} => {SEX=male}
and X is a n:', if X is & n:AGE_equal_sdult and X is a n:SURVIVED equal_no then X is a n:SEX_equal_male
s otnet,

{CLASS=crew} => {AGE=adult}

H
52 = multiple replace(dict, s1) if X is a n:CLASS_equal_crew then X is a n:AGE_equal_adult

% @

51 0.3 MedumslFnuTsunsulasgununganuduiusinld1¥eglug i

A
MPIBITUBIN

| rusult_txt - Notepad 4 "

File Edit Format View Help

Ff X is a n:SURVIVED_equal_no then X is a n:SEX_equal_male

if X is a n:CLASS_equal_crew then X is a n:SEX_equal_male

if X is a n:SEX_equal_male then X is a n:AGE_equal_adult

if X is a n:CLASS_equal_crew and X is a n:SEX_equal_male then X is a n:AGE_equal_adult

if X is a n:CLASS_equal_crew and X is a n:AGE_equal_adult then X is a n:SEX_equal_male

if X is a n:AGE_equal_adult and X is a n:SURVIVED_equal_no then X is a n:SEX_equal_male

if X is a n:cLASS_equal_crew then X is a n:AGE_equal_adult

if X is a n:SEX_equal_male and X is a n:SURVIVED_equal_no then X is a n:AGE_equal_adult

if X is a n:SURVIVED_equal_no then X is a n:AGE_equal_adult

@
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anuduIus Tneisuduszihngauduiusneglugluuvvesnimisssuma llumuniwg

' 8 o = ' A ~ 2
Tudiuves ACE Text iivoth ladrailusonInTad uadilideAanaainaduaziimsududou
4 )

Tanudldsunsw drlulideAanaramaduamisaien s FaCT++ Reasoner 10329801
@ 9 v o Yy a [ Jy a dg/ a Y A Yo 9q 9

anuTaudvesnganuduius Tnsdunannudaudunaduazinisuduaeuldnudle

o Yy 1 o 9 oa & v Y 1y ¥ £ g £

Sunsn 1 ludianudaudanaduez 1danuiIninldnnmsasnaeuanuiundalsiingiu

v E4
Tudauv09 ACE Entailment tazn21w3 n Idanadrutiawnsmi ludadldeglugiuuuves

v o Y A o A v v da
ngAwduus Idmel Ty luganganudusiusiay

[ ACE Snippets | ACE Word Usage | ACE Q&A | AGE Lexicon . Lmuﬂmu%’ﬁ’gﬂﬂaﬂmuﬁ’uﬁuﬁ
ACE Text: 1 snippet *

|f ¥is an inv-nodes_equal_0-2 and ¥ is a n. Class_egual_no-recurrence-events then X is a n: irradiat_equal_no. if X
iz an deg-malig_sgual_2 and X is a n: irradiat_squal_no then X is a n: node-caps_equal_no.if Xis an:
inv-nodes_equal_0-2 and X is a n. deg-malig_squal_2 then X is a n: node-caps_equal_no. if X is a n; irradiat_equal_no
then X iz a n: inv-nodes_equal_0-2.if X iz a n: irradiat_equal_no and X is a n: Class_equal_no-recurrence-events then |
¥is an inv-nodes_equal_0-2.if ¥ is an: inv-nodes_equal_0-2 then X is a n: node-caps_equal_no.if Xisan: =
Class_equal_no-recurrence-avents then X is a n: node-caps_equal_no. if X is a i inv-nodes_equal_0-2 and Xisan:
breast_equal_left then ¥ is a n: node-caps_equal_no. if X is a n: node-caps_eqgual_nothen Xisan: ||
inv-nodes_equal_0-2. if X is a n. node-caps_equal_no and X is a n: Class_equal_no-recurrence-events then Xis an:
inv-nodes_equal_0-2.if X is a n: inv-nodes_equal_0-2 and X is a n: breast_equal_left and X is a n: irradiat_squal_no
then X is a n: node-caps_equal_no. if ¥ is a n: node-caps_equal_no and X is a n: breast_equal_leftthen Xis an:
inv-nodes_equal_0-2.if X iz a n: node-caps_equal_no and X is a n: breast_esqual_left then ¥ iz a n: irradiat_squal_no.
if ¥ is an: inv-nodes_egual_0-2 and ¥ is a n. node-caps_squal_no then X is a n: irradiat_equal_no. if Xisan:
irradiat_equal_no and X iz a n: Class_egual_no-recurrence-events then X is a n: node-caps_equal_no.if Xisan:
breast_equal_left and ¥ is a n: irradiat_sgqual_no then X is a i node-caps_equal_no.if Xisan:
menopause_equal_premeno and X is a n: irradiat_egual_no then X is a n. node-caps_equal_no. ifXisan

il

lnncls rame annal me and ¥ie e Clace saosl ms racorranes suants than Yie an irradist asoal ne i Yie =
bl S WEHUHW] U SELUTTA

v Ay 9
A2103 1113071 18910 FaCT++ Resoner

[ ACE Explanation | ACE Entailments |

ACF Frtailments 2 sninnats (all shown

Find snippet by: @ Highlight ) Filter

Snippet Timesta...
Every Class_equal_no-recurrence-events is an irradiat_esqual_no. ol
Every inv-nodes_saqual _0-2 is an irradiat_squal_no that is a node-caps_squal_n... ]
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v v d
TiJmnsumﬁmngmmauwummunszmﬂ
import re

def read names(filename):
with open(filename, 'r') as fileopen:
name_list = [line.strip() for line in fileopen]

return name_list

def multiple replace(dict, text):

regex = re.compile("(%s)" % "|".join(map(re.escape, dict.keys())))

return regex.sub(lambda mo: dict[mo.string[mo.start():mo.end()]], text)

rl =read names('tl.txt')
r2 = read names('t2.txt')

r3 =read names('t3.txt')

new_list = [r1, 12, 3]

result = set(new_list[0]).intersection(*new _list)

my patternl ="A{'

myList = []

for member in result:
print member
sl =re.sub(my patternl,'if X is a n:',member)
dict = {
'=>':"'then X is a',

' equal ',
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'':'and X is an:',
"{':'n,
3
h
s2 = multiple_replace(dict, s1)
print s2

myList.append(s2)

f=open("rusult_t.txt", "w")
f.write("\n" join(map(lambda x: str(x), myList)))

f.close()




HNNARUIN A

a d' Yo a A d v =
‘]J‘ﬂﬂ’nN’J‘Iﬂm5‘nvlﬂi‘]JﬂﬁﬂWNW!NEJ!!WﬂNi%ﬁ’JNmﬁﬂﬂ‘kﬂ



74

A a t:i Y a2 A J ' =]
‘5181‘5E)‘]J“Vlﬂ'ﬂ@l?‘lﬂﬂ]‘iﬂvlﬂ5'1.Iﬂ1‘§ﬂ°l/‘lNWLNH!&W§1u53ﬂ31Qﬂ1§ﬁﬂH1

4

a A aAag a a a a a v o d
UNYA ASDIN, NAAANA Lﬂﬂﬂigﬁw, UAY Lﬂﬂﬂﬁgﬁw. 2557. ﬁmﬂgmmﬁuwuﬁmn‘ffaga

4

Wunal azdan, neaadna alszaw, dae1inadszan. 2557. msmnganuduiuson
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Nuntawut Kaoungku, Kittisak Kerdprasop and Nittaya Kerdprasop. 2014. A Technique to
Association Rule Mining on Multiple Datasets. Journal of Advances in Information

Technology, 5.2 (2014): 53-57.
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o o & "
mawinganuduindayswawganuiinnugnn

IMTHAERVBINTTINNG AN UTUWHEIINUREIA 9
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maszgaimnmszaudsamaaminaluladan

cda

- v o - v a o
walilanganusunusnddszininmlndidsanums
winganudunuindeyaifissgaidoininiga lay
s il o Bl ek i 0t o
wddsfidsngagunilaldinsuioufioy
UszinSnwliiiuanatann [2, 3, 4]
a4 . < kY = . =
Anfindnawidisduaziinlddiinisiiaznang
oo wies e e
anudunusndayanduwalnguuitldon finlwi
anuindudainszaiedeyalidszuianaaiuinios
AaNAILAETAAY 9 19389 LAMINZINYANUFUNUTN
. 4 & a .
Tédanudaziaiesiussaziiadyniludiuvesaia
FaudanuasvaInganuaNniuasszinsnwasng
O ) A
ANUFUR KT aIuuIuIdeidslaiansitniming

anusuRuindayanaega

2. MIINYANNANNUS
N1ININGAMUTUNWUT (Association Rule Mining) 1l

4 4 o a o e
nazvawnmIniaf ldsuanufisulunsmanuaunus

. @ 4 daa v o €w @
szndndoys S9iFFlunsminganuduiusdienu
ia aw Mge. ma -

wamnmnaeds lunuddoitliaanaifiu Apriori [5] lunns
winganuFuRus 3in1sudststayausznimwing

anudunusaiinadadayadiadrsannni 1

o P AP . 2
ATHN 1. numwaaummaagnmmuua

TMumssum ui h YUY l&nsen
1 1 1 ) 0
2 0 1 1 0
3 0 0 0 1
4 1 1 1 0
5 0 1 0 0

& ) P P o 4 o = -
MITHN 2. ANUNVBINITAFUAVBIGNAT Wamanufusyefuiusas

Gligh]

w h amy 1dnsen
W 2 2 1 0
h 2 re 2 0
Ty 1 1 2 0
1énsan 0 0 0 1"

4 . v & a e Y

INAITWN 1 lﬂumagaﬁumimaaummaagnm

v o . 4 4 o o o .
umm'lﬂmumimn’mm'uaamwaaummaagnm’lmm
2 a - v o a . |

aziupaIRuUM Lwammwauwufmaoﬂuﬁmm:amwo

v &

o 4 - E 5 o a = 4
uaad laaInN5197 2 nasaNTufsi EuMAlanud

o o P o -
galusfnganudunus Saagluguuuuas IF condition
i & o &
Then result laginmsinlglumninguu fasil
& A . dd a &
- Support {ludfivanitanudiiadutasun
Hasudlnu
L R
- Confidence Lilusfivaninlemafiezifiadn 11w
wa s X d s o
il condition tiatiu lanafaziiia result Gu7n

.
Hosue lnu

3. Attempto Controlled English
ACE 1{un1#1a2u9 4 (controlled natural language) h
'ﬁug’mu’m’m First-order logic language ";jalﬂun’lii’m
1819af@va9 Formal language Waz Natural languages L'ﬁ.a
ﬁaqmsﬁaﬂﬁmmm'ﬁvﬁuuaz‘J;'lujlﬂl.Luuﬁm‘mﬁua:
aaufamaiiilald lasmausndoueglugdvesscloa
nwdangeesisineld [2] ﬂ"auammu;ﬂﬁ 110w
MaiiemsiIoufisusening FOL, DL, OWL, UML uas
Ace lvglilidniudasiionaimeduaaniuaati
munsafiezldlsloanmsingsadnsislunisily
Uszynaldiusudiudis 9 1d 154 Semantic web,
Expert system L udu ACE 3z1ilu Plugin va3lusunsa
Protégé [6] fﬁqluuﬂuﬁui{auiwngmwa"uvTuﬁ'leagi'lu.
sduvuvas ACE Wassnazianganuduwusly
A3I19FOUAUTALGIA 28 Reasoner LAZ@BINTT
wWisuifisulssninmwsznihanganuduiuinndays
wNETALAZMIMINgANUFINUTIINTayaiResTaLden
@I 3 ugased Mkl anuFuNutliar

Tuzuuuniwas ACE

first-order logic VX (protein(X) — 3Y (terminus(Y) A has(X,Y)))

DL Protein = 3has.Terminus

<owl:Class rdf:ID="Proteia">
<rdfs;subClass0f>
<owl:Restriction>
<owl:caProperty rdf:resources"stas"/>
<ovl:someValuesFros rd?:rescurces"#Terzizus"/>

OWL (RDF/XML)

</owl:Class>

ACE Every protein has a terminus

31]'71 1. Mathemafoufisusswing FOL, DL, OWL, UML uas ACE [7]
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mredt 3. Mathamaul asngaruduiuiliaglugiuuuves ACE

Association rules

Association rules in ACE

{CLASS=crew) => {SEX=male}

If X is a crew then X is a male.

{CLASS=crew, AGE=adult} =>
{SEX=male}

If X is a crew and X is an adult then X

is a male

{CLASS=crew, AGE=adult, If Xis a crew and X is an adult and X

SURVIVED=no} => {SEX=male} is a n: not-survivor then X is a male.

4. FaCT++ Reasoner
FaCT++ ilu Reasoner gnwawiana1ndanaifly FaCT
Tavldnim c++ luniswaun %Jiﬁugwummﬂ
Description Logics (DL) Lﬁal’ﬁ’ﬁ’m%’mm'ﬁm’mﬁaum’ﬂu
lisaandasnninn Ontology ﬁgﬂain%um 8]
A10HITH

Every man is a human.
John is a man.

John is not a human.

nimadrsduldinfianndaudeiuduly
UszTuad John is not a human Hles91n 2 Yszluariew
wihitléuanlyudasn John is a human vinlwdaatined
Wannudaudanuied vnlildamunni ldeade
Ontology 1&f @ alusruise ﬁtﬁﬂaﬁnnﬂﬁnﬂng
AU RIsT R ssiLananafuaanly anarili
nganuFuRuiiwianudaediiues dikuis
Fududasld Reasoner vt 18TaNNIATIVFALAIIY

daudaiwaspasnsmnganuduiusiindoyanaruga

e e &

5. MIWINGANUTNNUSDINDOYARAILYA
gidndnTanuwafalunisninganudunuiaindays
WALTA Imu-ﬁ'ngaa:gml.i_idaan'Lﬂmw.mia@i’m 9 1\
FrslumIlssananIngauFuRuT unufimsning

B o e . d
anuduiutandoyaisgaidvafidowialngd
e FV cda | a s
dndudasldaaufinaaiifdiziniaingslunns
Uszuaass uinmIsnpanuERRuiniayanaaTans
anainldnganusuwuin lafiaanudaudeny aann
wideidadinsauuwafalunimingainudunutain
dayanansya

310707 2 UAAITUABUNTITWINGAMUFURUTIN

@ 4 & P
'lIEIHﬂ'HEHEI'JEﬂ TITUHADULINIZHINS AN ﬁuwu€a1n

'tTaHﬂ Dy, Dy, ..., D; Toni= 1,2,..,n 'flzuﬁinaaa:nn
ApgAlI NFaRNuiAldanduaanun
R=R;NR;N..NR, lav i=1,2,..,n ﬁogﬂﬁ 3
{?mauﬁmua:uﬂmngmwﬁuﬁuﬂﬁai‘.‘i'Lugﬂl,mu ACE
TumauiizezarasauauTasiiveIng AT RuE
@28 FaCT++ Reasoner haziua augarituazldng
m’luﬁuﬁufﬁnn'ﬂbgﬂﬁmm_mﬁﬁﬂi:%w%mwlﬂﬁl.ﬁuaﬁ'w
UHERRHE RIS SRt HEE DI Femunsnameseuld

327N Ontology Agnannldsunsy Protégé

ﬂ\ssociatlon rule

Query
r

| Combined rules R, - R; |

v

| Convert rules to ACE ‘

'

‘ Reasoner association |

'

| Association rules |

3 2. usmsrumaumMIMINgATERUE N Tayana e

Ry R; Ry

{CLASS=third} => (AGE=adult}
{CLASS=crew} => {SEX=male} | [CLASS=crew} =>{SEX=male]
{(CLASS=crew} = [AGE=adull} | (CLASS=crew) =>[AGE=adult}

0

(CLASS=crew} => {SEX=male}
{CLASS=crew) => {AGE=adulf}

{CLASS=crew} => [SEX=male}

{CLASS=crew) => {AGE=adul}

17 3. fadumsnunganuduiuianniayswanuge
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msszgaimmsszaudsamasmsmalulaiarsaund (National C on ion Te NCIT) a53fi 6
aafl 4. MathedayadilonsFadu
age tu i i d de-cap: deg-malig breast breast-quad irradiat Class
40-49 premeno 15-19 02 yes 3 right left_up no recurrence-events
50-59 ged0 15-19 0-2 no 1 right central no no-recurrence-events
50-59 ged0 35-39 0-2 no 2 left left_low no recurrence-events
40-49 premeno 35-39 0-2 yes 3 right left_low yes no-recurrence-events
40-49 premeno 30-34 3-5 yes 2 left right_up no recurrence-events
31471 5. Entailment 2MMIMINMMFLAUEF28 Minimum support 0.3
Entailment ACE If-then
Every inv_nodes_equal_0-2 is a no-irradiat that is a no-node-caps If X is a niinv_nodes_equal_0-2 and X is a n:no-irradiat then X is a n: de-cap:
Every no-irradiat is an inv_nodes_equal_0-2 that is a no-node-caps If X is a n:no-irradiat and X is a n:inv_nodes_equal_0-2 then X is a n:no-node-caps
Every no-node-caps is an inv_nodes_equal_0-2 that is a no-irradiat If X is a n:no-node-caps and X is a n:inv_nodes_equal_0-2 then X is a n:no-irradiat
AT 6. Entailment TINMIWINganuduiuian Minimum support 0.5
Entailment ACE If-then
Every ts is a diat . If X is a n:no-recurrer ts then Xis an irradiat
Every inv_nodes_equal_0-2 is a no-irradiat that is a no-node-caps If X is a n: inv_nodes_equal_0-2 and X is a n: diat then X is a n: i ps
Every no-irradiat is an inv_nodes_equal_0-2 that is a no-node-caps If X is a n:no-irradiat and X is a niinv_nodes_equal_0-2 then X is a n:no-node-caps
Every no-node-caps is an inv_nodes_equal_0-2 that is a no-irradiat If X is a n:no-node-caps and X is a niinv_nodes_equal_0-2 then X is a n:no-irradiat
“Ciona ooy | Gassrssery | Gampsmehy pasasa)
= VAL - __mEms 1 [ECE
N @ hing v ®Thing
deg-malig-2 dag.malig-2
¥- ®inv_nodes_equal_0-2 = no-node-caps = no-irradiat ¥ @ inv_nodes_equal_0-2 = no-node-caps = no-irradiat
no-recurrence-events % no-recurrence-events
left-breast left-breast
menopasue-gedn no-irradiat = inv_nodes_equal_0-2 = no-node-caps
¥ @no-irradiat = inv_nodes_equal_0-2 = no-node-caps 7 @ no-nede-caps = inv_nodes_equal_0-2 = no-irradiat
ne-recurrence-events no-recurrence-events
¥ ®no-node-caps = inv_nedes_equal_0- -irradiat premeno-menopasue
no-recurrence-cvents
premeno-menopasue |
right-breast
(a) (b)

317 4. #8173 Ontology m:mngmmﬁ'uﬁuﬁmmi‘aHaqmﬁm (a) WaEINTaYANALTA (b) Minimum support 0.3

Clambistarchy | Clathhscarchy (niened) y | Class Mty infese)

¥-®Thing v--@Thing
¥ ®inv_nodes_equal_0-2 = no-node-caps = no-irradiat ¥ ®inv_nodes_equal_0-2 = no-node-caps = no-irradiat
no-recurrence-cvents no-recurrence-events
¥ ®rno-irradiat = inv_nodes_equal_0-2 = no-node-caps no-irradial = inv_nodes_equal_0-2 = no-node-caps
No-recurrenc rents ¥ ®no-node-caps = inv_nodes_equal_{ no-irradiat
¥ @ no-node-caps = inv_nodes_equal_0-2 = no-irradiat no-recurrence-events

(@) (b)

35U 5. uaas Ontology Mswingamuduiufnndayagmi (a) uazsndoyanaua (b) Minimum support 0.5
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6. HAN15392
rwiisilldimmenssfoufsunsinsitldnnns
winganuiuiuivindeyagadivaiudoyanaioga lao
’qwﬁaﬂaﬁlitﬂwg@i’aﬂwm;‘?ﬂwu:ﬁ\nﬁwuu (Breast
cancer) 911 UCI Machine Learning Repository 'iTﬂ;‘J‘ﬂf:ﬁ
286 170R0TA 10 LYNTHIA BINANTR 4 Wuieng
deyavasdiholsauziSaimu 5 1anata

mmesadazuiviayagineusTdEun R TInINg
anuduiusaaniiu 3 1o lagls Minimum support 03
WAz 0.5 3MNA1397 7 uaadnislFouiouituaung
MRS sIRivImMmInganuanRuindayaga
\dsiudayananagadas Minimum support 0.3 azifinld
Tingaruduutnndayanansgainieagann uazan
Eﬂ'ﬁ" 4 ilafavan Ontology andnldingenusuius
nndayanansganumInInganusunusIndayaTe
@ idnwmsAnandatuadiataian uassmaung
ARSI IINganuANRUSIINTayaza
@iudayanaiegasie Minimum support 0.5 ifu e
-

PiiRennanganufuiuiviiuidaneesd wazangy

=

# 5 1fiaf913041 Ontology RN NNFNRREIN
dayavarsgaiivszniawlndifsanuniming
anuduRuiIndayagaifan
PINMININGANUFUHUTE8 Minimum support 0.3
uaz 0.5 @WAIAY !’ﬁangmwuﬁmﬁuf’mnﬂ'a;ﬂjwmuqmﬁ'
'l@i’m‘ifuﬁ\iﬁmw?imwa;‘il.ﬁ;al,ﬁwﬁungmmfﬁ’uﬁufﬁnn
Toyaidgagaiio aana19saf 7 azdnlddang
m'\uﬁuﬁuﬁmn'ﬁaﬂwmﬂ’g@ﬁ'ﬁm Minimum support
0.5 azlddmaunganusuiuslnaifoanuduaung
auFunuiandeyafisagaidoaninniing
mnuﬁuﬁuﬁmn'ﬁaga%muqm'ﬁ'ﬁm Minimum support
03 LLa:lmhungﬂ’nué’uﬁuf’mniﬂga%mﬂ’gm‘?ﬂﬁmﬁ‘fu
u“'oﬁd'm'?im'ma;l:'fumm'smi.’m'nn;]ﬂ’nué’uﬁ'ufﬁ'm
@197 5 uaz 6 udungaruduiuialdannis
Entailment ludunaun1s Reasoner a13n3niluunulu

v o gd o
UHNNHANUTUNRINTINNA F.IvL'lJvLGI

myaf 7. uansmsiFou sudwanngarmduiuinndayanarogauas
Fwnganudiuinndayagaido

Minimum | dwaungandayage [ Swaungandaya
support 1@ R
0.3 62 37
0.5 24 19

7. apluazandmena
niInIngaufuNuiandayaifivunalagwu
PR o o a €da a a
indudasldnanfinmaififidszininngslunis

4 e ooed s gu.an. 4
Uszmanaiiamnganuauwut adasldnlddofig
msnszanpdeyasanidlszuramuaiasnanfinaed
o 4 4 , S o
mldidumafenniieiezdrouilotlywiassild lay
YUADUNIITINNGANNANAUT luaszunaInuaziiu
L@NNZNHANUFURRET InTl anlrinik uazaziinTagey
ANMUTALGITBINYANUFUNUT 11899 NNYANUTNAUE
nnnurasiuanaanuanarildnganusunusilaie
hanTunwiaanudaudanuies

anni1inaassednaiaziuladianiining
ANAUFNWUTFIBAT Minimum support funandayanany
garuidsininmindifssiumamnganuduiuian
ot 4 = . .
doyatioagaifia Safarsmaldannisiang
auaunutllaiadu Ontology uazngAMURUNRERN
Teuwlitaudoiuas uddslivnanganusuinifgse
A g e P
wiliifaunfSsufsuiunganuduiutaindayaiio
p Ny ala
7o SamanIniwadildan Reasoner unduludm

o o gd o P9
“ﬂaammgmwauwuﬁﬂmm@mum‘lm
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mMsmnganuduusandeyauuunszany
DISTRIBUTED ASSOCIATION RULE MINING

v s w e sy £ a - -
dundl axdan®, Anddng tinusyan, deen Waysyan
Nuntawut Kaoungku*, Kittisak Kerdprasop, Nittaya Kerdprasop

undngo

mAfeiliinquszasdiioausnanisinyidasiusasauansavuudniaatunismng
rwduiusanunasdeyafinseanedu esnndagiumeliladléiduniunumilunsindiuieya
mumisnuvisasdnsing q wniy ldmsdaiudeyaduamnsoildiouaniussuy uide
weluladfduniiunumiilideyagnnssastuagmuundssng 4 Bildgndaiudnuliluiiden
wiu Joyamamsunmdvestsmeunausazuis sy vlinsmngawdiniusieliliguang
LﬁﬂwﬁaLﬁumm’i@gﬁmdﬂfuﬁwlﬁa’m dasnnismngaaduiusTaedi luwdadunsming
mwduiusandoyaiiisaymiealudnsassugud fudunuideidaansinsaziauensey
wnAnRnRuMIngediundeyainsyaeiu

Addy nsnganuduniug, nsviumiieslevauuunszany

Abstract
The aims of this paper are to present the preliminary study results and to propose a
conceptual framework for distributed association rule mining. Current technology plays an
important role in data collection among modern agencies and organizations. With the
advancement of computer and internet technologies, data are stored in several places such
as the medical information of each hospital. This situation has made association rule mining
a difficult task because traditional mining method has been designed for centralized analysis.
Therefore, this paper intends to solve the distributed association rule mining problem by

proposing a framework for this distributive situation.

Keywords: Association rule mining, Distributed data mining

amnivimnssurauiuaes dininimnssumans ainendemelulaggsuni
School of Computer Engineering, Institute of Engineering, Suranaree University of
Technology, Nakhon Ratchasima, 30000.
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1. unin

HhytusmomaluladiiauisgismdhlimsiafuiayaiuiuSesdiausoriline
sufiuldmumitsuniessdnsans q dulwgjzldneufiumaidmivnmsdadiudoua uadians
v & w evwi & o o q v S woa § oo A w '
daiudayafiannsavhlaheiioatuampilvideyangniaduindivinalvyviedoyanssieey
P3RS 9 L Jeyananisumdinszaeegaalsametuianie 4 Wiy Jeitliduwsesiion
Tunsafinruianunasioyamaiiu Wesndeddnasiinme liussaninmgdunsuseaiana
dayansivuialny visnsadaauiandayaiinszateivegiielilagiuauiifiswmiaserdui

lenn [7]

. Ao wowsaw o o o s o
fumguafinanuddurhldmsiumilestaya (Date Mining) tulildegluveuwnifud
Wlumsafmnimiandeyafissyaideiuaziivinavasiayaildlvgjundn udazdunsmaiug

ndeyafinszanagnuunasng q wiedeyaiiliniefuvany 9 wa amgudl 1 zdulddinsmeh
wilswoyasndeyaiinszareiuagiuasuanisanmsimiisdeygauvuiduiisniussssindoya

«Iu I R V]

Vg deaiunouiasannsarila

T

Centralized Data Data Mining
Revository

Model

Data
Source |

Data
Source M

Data Mining
Model

Distributed
Computation

Knowledge
Consolidation

Data / Data /
Computation ® ® @ | Computation
Node 1 Node M

) '

JUA 1 fedumavinmiissdayauuuiiuuazmavinmilasleyafinseaneiuegy
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2. FBandun153e

mAdeiidunsiausranisinwilosiuasi@usnssuwwipaiisaiunsmngauduius
ndeyaiinsyaneiu Fwsuisduveansifiunueenidu 2 dwde Anvinsmnganuduiug
wasfinwinsmngenuduiusuuunszay

2.1 MIWINGAUTUNUS

N13MINgANUFURUS (Association rule mining) fis AFUTUSVRLMANTTAINTO TNg]
a & v oo v o, & oo oS a & 4 o
WnTusiufunienieuiu uiaiiemjuwuuiiiiniutes (Frequent Pattern) Litetnluldluns
Asest vievhuegusingmsalang 9 Jsmsmnganuduiusivamsadiluldnulivaeguuy

' a € - 2 v v v & o v v o & P @ v

Wy MTlATingAnssugeduA d1gnArtedud A udinazde B muludie 1Wudu lasazegly
ULV IF condition Then result [5] inasilunisAnidenauduiusaeinnsanain

- fadfuayu (Support) Aie Afiuenitmudvesmuduiusveunsnisal A uaz B 9
indutesiniiesualuy amnsamlian

Support{A - B} =P(AAB) = mmﬂwmﬂuﬁlﬁﬂwnmﬁ Auay B

' A O - i a ' - a & a v - '
- AAMNULEeIiU (Confidence) A Arivanitlenanasiinluiiuintesfissda 1

v o R a & o a - v v

il condition A 1intu Tenanaziin result B Sunntssualuu aansamlaain

prudnas A uaz B
Confidence {A —» B} = =
awies A

Slaves Slaves

o '

< v v eV o o -
E‘IJ‘VI 2 AIBYNMININHANUFUNUTAIYDANDINU Apriori WUUIUIU
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2.2 MswngAuduiuskuunsEae
mswanuduiusvesnanisainielagiiinTuswiunionenduandeyaifiouinlng

el U
- < o

viatayafinsyaeiuegiudulldroudrsenn ilaminnsmenuduiusuuui@utugnitanninli

dmdumemenudiusandeyaiiesgaien i wludassudayaninnane 9 undansandu

: w
o = v

= 1w = 1 a ° & ° o ol &
doyaiissyniie wideyafilfiuonadvualngifuludmiunmsiludssnanamnganudusiug

o
W o=

fathAvhninate 2 wedafiazduvsuiludgmiludiul
2.2.1 msvnganaduiusiuuruy (Parallel Association Rule Mining)

mstsznananiurenfianesluadanoussduluguuuunsyhauuuy Serial 4
o o € a & = = o i ° @ ° 1 s '
fdeananisalifoaintulunanies Sonhbilivangdmivmsiiliisznanadayansivunlng
1 wishethytunalulainuaunesfiaweslagnimundusnifusdwunniinzannsauiloilamlu

&y v P ¢ o =T o o o '

9ailld uazsruuAsiawmesAnailauasalunisussananaludnuueilsniondy Parallel
Processing falnan1saiundt 1 wanisal dialunseuiulunanien [3] “dregratSeunsiimy
YN IULUY Serial kag Parallel §19890158579074 1 vasaeeldiaa) 1 ideuuazauaIu
vianun 10 aulunsase uadwesnisasnty 10 vadldiasenielu 1 ideuasyieehals? msviinu
wuu Parallel 9¢daed1auaivuniiy 100 au lnaldauey 10 au a51907y 1 ¥ae”

N3V 2 uansiragrsmsmsngemdiiusTedans3iu Aprior WuuwLN 98
Whilddn3udu Master szutisfayavantfiuya « D8, DB,, ..., DB, ddlUlH Slaves usiazdadmiy
nstlumenud wdmndurrsauauiildainuiazegn slaves 137 Master udniTlugn item
set AiAtiaen31 minimum support Airuualy udvhnisulstayasenifuyn 9 DB, DBy, ... , DB,
AlUTH Slaves dmiunisduduatusias item set udaniuassunsduguesusios item set Als
Mnusazyn Slaves 1137 Master uazasnduluiiduseud 1 vuuuiluiFes 9 aundt item set 1
Wasuulas [1]

2.2.2 MamngATNENRUSKUUATYI B INAUAGIEARS (Similarity Based

Distributed Association Rule Mining)

mamnganuduiuglanvbluannsamldanndeyaiiomaio uissdeyauia
Vssanlaildfinnsdmiudoyaliluundsdeyaifivsundaios silfnisiadoyamdiduming
auduiusdudnfudesnudeuafignnszaretusglidutoyafissgaier i eaunsadilumng
Arduitusly uiiosndeyainszanetuegdulinmstaiviouaiiiidnvaruenatusenly &
orwviliinisindeyamandunsuiuudanilumngromduiusiulfussavs awdlifnedmiuns

iluvhunealuewian Asiudayainszareiuegmuunasing q duagdedidnuuetoyaniay
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13 - 1Y [ v - [ v v i v - - & o
agneadaiu lngawisatnanuadiendsiuresdeyalaainuinsinaauadiends (Similarity
Measure) [2] Feanunsamlaanaunisaaseluil

Sim(4, B) 25
S = Tk
Tneivunled
|4; nA| ( |AinA|)
R i 1 Cii, Cir),
ZIA UA| +|A U4 min{Cai G}
|B; n B ( |B,-nBj|>
1=Z—1 1+ 1——L ) min{Cp;, C5; ),
2 — |BiUBj| i +|BiUBj| mln{ B BJ}
L]

|4in B[, (1 |4: 0 B)|

= Yy — & in{Ci; Cas
0 |4; v B ° |4; UBfl)mm{ 0 Cos}

& Y v, = v & v & 1 oy

Mnaumsandunsinanuadentesdeya 2 yn fe doya A uaz B Terwild

panINALagsEnIng 0 fs 1 Tngihildminuansiideya A uag B fimnuadiendeiuunn uddAiild
sanundiAmiesuansinteya A uag B danuadieadsiules

3. NTULLIAA
dideiinseunuiAnlunismingauduiiusuuunszane lagangua 3 fideyaegaiu

d
undadoyasine q wiedeyaignuuseenlumnganuduiusauunasdoyasng o danisming
audiiusvestoyaurazaariitusioty Weldnganudiiusvestoyausasgaudaluiunauves
msnungamduiusiu svsunganuduiusTasiunemenganuduiusivioutureudas
yatoya uiilssninngarwdiniusildunandeyanaeynorahlinganuduiusiliesnuniin
mudaudefuetasiivingeudiuidinamelulansuiiisutumamnngeudiiuan
Foyaifisayatfion daduszinganuduiusililuuvasguliegluguuuresniviniuay
(Controlled Natural Language) [4] tilafiazansnsatdingannuduius ilddnluldlu FacTe+
Reasoner [6] Fuiundesiiodmiunsnsisaeumiudaudinarannsaizouiandeyaiinsaasy
welildnuilnisenunld Iﬂsmm%’lwuwimaanmuummmmlﬂmuLmu‘lumwaqng
rruduiusTgavamelulE a&m1Ufﬂv‘Lmngﬂfnuauwumwawmﬂmmmmnmauawmwﬂwu
UsravBnmlndlAsfumsmnganudiiusuuunady
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Ry Ry Ry Entailment ACE if-then
Every Ga | XBsan -

(CLASSsthird] => {AGEwadult)

(CLASSwerew) o> [50Kermate]_| (CUASS—crow] = (55kemate] | [CLASS~crem o5 5Btermat)_| oo imadiat ___| then X isa mno-irmadiat .
Fvery im_modes_cquil 03 58| 17X b a m iny_nodes_oqual 02
ICLASS~crew > IAGE=adult]_| (CLASS-cren) = [AGE-adult]_| CLASS=crew) => (AGESadwtl | | o i X e s el then X Is
that is 2 no-node-caps a nmo-node-caps .
Intersection @ Every no-irradiat is an 17X is @ nno-irmadiat and X i5 @
inv_nodes_cqual (-2 minv_nodes_oqual_0-2 then X is
" that is 3 no-node-caps a neno-node-caps -
[V —— vy bk o I 0 mode<aps X s
Knowledse Bases inv_nodes_cqual_0-2 aniiny_nodes_oqual 0-2 then
JUASE-crewd = PGE-acktt) thatis @ no-irradian s eno-imadiat

»

'/\l \‘ Step 3.
H
L_ﬁ_m—. e Transform to natural Check inconsistency
Q / assochationLiles language (ACE) format. with Fact++ Reasoner
@ /

Step 4.

T
Step 2. i

! Knowledge Base
'
1

Association rules Association rules in ACE
{CLASS=crew} => {SEX=male} 1f X is & crew then X is a male.
&_@ {CLASS=crew, AGE=adult} => It X is a crew and X is an adult then X
¥ {SEX=male} is a male.
{CLASS=crew, AGE=adult, If X is & crew and X is an aduft and X.
Step 1. SURVIVED=no} => {SEX=male} is a n: not-survivor then X is a male.

3UN 3 nspuuuAamsningaNuEuRusLUUNTEI1e

4. ajluazaiumewa
[V ) o v v A s w o o o '
nmsdaivdeyaludagiuaiusailide iewnwaluladivuadefignWauiuiegi

§ v Y v i ) i ] ' Vo ' o
aafies domanaiiesdoyafigniniuiufivuedilug wisgnnszaelusgmuunasdoyasiis 4 vh
WinsvhmiesdeyameTmngaruduiusdurinldaen Fanuddenusingegdsliansansulang

YeINsnngANNdTusuuUnszglaniniag Fazdesaninsominganuduiuglauinit 1 ga
lngmsmnganuduiuiudasyatoyatzliudenu wasannsatisanaildialunsverauimed

flusEnSnmgdlunisussiana

nnnsaukwAndiildinausllaunsamngauduiusuuunseaelilaoudazyndeyansli
£« v w € = < o v v v Y. & v v
Fusofiy wazanansavngaaduiusanaenfiawesuaie < 3o dlanioy 4 fu Fdlidnlusiedd
caa

wInaneufinmesifiuszAninmasianuisaszuingaruduiusls wnuiiszldnouiunesad
UsgAnsamaganiismunslunisUszinana vietiounlgmludimesunarnuifinszansiuey

P ) o @ o & w e 1 & v o v oo S
ANULUARIAT w|.1JuLiaamﬂmm‘umiu7ﬂgmmammuammuum‘lmﬂui"mmmgmamuamm
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Abstract— This research aims at studying the method for
association rule mining on multiple datasets. Current with
technology and information systems enabling agencies or
organization has a dat age system, but the problem is
that those with a larger data set, which is difficult in the
association rule mining, because it requires a computer with
a high-performance to process, which was followed by a cost
increase. How it can help solve this problem is to distribute
data process according to multiple computers, then
combined rules of each machine using Fact + + Reasoner for
check conflicts of rules, and will therefore have powerful
association rules similar to the method for association rule
mining on one dataset. We thus propose a technique for
association rule mining on multiple datasets.

Index Terms—Association rule mining, Controlled language,
Attempto Controlled English

I. INTRODUCTION

Current, with the rapid development of technology
allows agencies and organizations have adopted various
technologies applied to the agency or the organization
even more. These technologies make it possible to easily
and systematically, but what follows is data that is stored
large, which is difficult in association rule mining. As it
required a computer with high-performance to processing
and high cost, which the large organizations to have the
financial resources to association rule mining from large
data set. There is a technique to help fix this problem is to
distribute the data set to be processed by multiple
computers, by the computer, it does not require a high-
performance to processing in association rule mining.
However, it may have a conflict with the association rules
in the process of combining association rules from each
machine, and association rules from multiple datasets
may be inefficient compared to the association rules from
only data set. So in the process of combining association
rules requires a technique to help fix the problems
mentioned above.

Step in the combine association rules from distributed
data is essential as well, as association rules from
multiple datasets must be close to the most powerful
association rules from one datasets and association rules
must be inconsistency. Examination of conflict in
association rules is used Fact + + Reasoner [7] and need
to write rules in the form of Attempto Controlled English
(ACE) [2], which is a Controlled Natural Language
(CNL) on the Protégé.

Researches related to association rule mining on
multiple datasets have to appear very little. Probably, due
to the association rule mining on multiple dataset that is
difficult process of combined association rules from
distributed data, association rules with efficient close to
that of association rule mining from one datasets. The
researchers appeared, there was an inefficient comparison
clearly. [1, 3, 8]

From the above it can be seen that association rule
mining relations from large dataset it is difficult, there is
a need to distribute data processing according to multiple
computers. Combining association rule from each of
computers may be a problem in the conflict of association
rules and the efficiency of association rules. We thus
propose a technique to association rule mining on
multiple datasets.

II. BACKGROUND

A. Association rule mining

Association Rule Mining is a process that has been
popular in the relationship between the data that is how
most association rule mining in a variety of ways. In this
paper, the algorithm Apriori [6] of the association rule
mining.

Manuscript received November 30, 2013; revised December 15,
2013; accepted December 31, 2013,

TABLE 1
PURCHASE TRANSACTIONS OF ALL CUSTOMERS
Order Milk ‘Water Candy Sausage

1 1 1 0 0

0 1 1 0
3 0 0 0 1
4 1 1 1 0
5 0 1 0 0

Journal of Computers (JCP, ISSN 1796-203X), correspondi
author.
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Table 1 is show a purchase transaction of all customers
and then fined the frequency pattern of purchases of
customers in each piece, to find the relationship of each
product which is shown in Table 2, after which it will be
used with high frequency items set to generate
association rules, which is in the form of IF condition
Then result by the criteria used in the present are the
following:

e Support is the frequency of the event occurring
e Confidence is the frequency of the incident with
other events occurring together.

TABLE 2
THE FREQUENCY OF CUSTOMER PURCHASES.
Milk Water Candy Sausage
Milk 2% 2 1 0
Water 2 4* 2 0
Candy 1 1 2% 0
Sausage 0 0 0 1%

B. Attempto Controlled English

ACE is a controlled natural language that is based on
first-order logic language, which combines the
advantages of natural languages and formal language to
want to make the writing language in the form of human
and machine can understand, can be written in the form
of simple English sentences [2], as shown by Figure 1 is
an example of comparison between FOL, DL, OWL,
UML, and ACE. ACE is a plugin of Protégé editor, in
this research association rules are written in the form of
ACE because will lead association rules to check
conflicts with Fact++ Reasoner in Protégé editor. Table 3
shows an example of converting association rules in the
form of ACE.

first-order logic VX (protein(X) = 3Y (terminus(Y) A has(X,Y)))

DL Protein = 3has.Términus

OWL (RDF/XML)
</ow1:Class>
UML Protein ;
ACE Every protein has a terminus.

Figure 1 Example of comparison between FOL, DL, OWL, UML, and
ACE

TABLE 3
EXAMPLE OF CONVERTING ASSOCIATION RULES IN THE FORM OF ACE
Original association rules Association rules in ACE

{CLASS=crew} => {SEX=male} If X is a crew then X is a male.

{CLASS=crew, AGE=adult} =>
{SEX=male}

{CLASS=crew, AGE=adult,
SURVIVED=no} => {SEX=male}

If X is a crew and X is an adult then
X is a male.

If X is a crew and X is an adult and X
is a n: not-survivor then X is a male.

C. FaCT++ Reasoner

FaCT + + is reasoner was developed from FaCT
algorithm using C + + language development, which is
based on Description Logics (DL), to be used for
checking the inconsistency of Ontology [7], for example
following:

Every man is a human.
John is a man.
John is not a human.

For example, it can be seen that the conflict in the
sentence “John is not a human”, because two sentences
have previously said that “John is a human” and could
not use sentences in an example to created ontology. In
this research, association rule mining from distribute data,
may be association rules is a conflict, so it need FaCT++
Reasoner to checking the conflict of the association rules
from multiple datasets

III. METHODOLOGY

This research proposed a technique for association rule
mining on multiple datasets, the data is divided according
to multiple computers to help in the association rule
mining, replace association rule mining from large
dataset, which require a computer with high-performance
to process. But in the process of combined association
rules from multiple datasets is difficult, because to the
association rules with performance close to the
association rule mining from large dataset and association
rules that may conflict.

Association rule

Query

Combined rules R, - R;

Convert rules to ACE
format

Association rules

Figure 2 Conceptual framework of the research
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R: Ry

ICLASS-crew] = (SEX-male] | (CLASS-crew) == [SEX-male} | [CLASS-crew] = (SEX-male]
ICLASS=crow) = ult] | {CLASS=crew} = {AGE=adult] | {CLASS=crow) = (AGE=adull]

Figure 3 Example combined association rules

Figure 1 shows conceptual framework of the research.
First, association rule mining from multiple datasets by
Dy,D,,...,D; with i =1,2,...,n. Second, combined
association rules from first step by
R=R;NR;N..NR; with i =1,2,...,n which is
shown in figure 3. Third, converting association rules in
the form of ACE. Forth, checking the conflict of the
association rules with FaCT++ Reasoner. Finally, the
association rules from multiple datasets with similar
efficient to the association rules from one dataset, this can
be checked from the ontology created from Protégé
editor.

1IV. EXPERIMENT RESULT

This research experimented to compare the results from
the association rule mining on multiple datasets and the
association rule mining on one dataset used Breast-cancer
dataset from the UCI Machine Learning Repository.
Breast-cancer dataset has 10 attributes and 286 data
instances, figure 4 is an example of Breast-cancer dataset
are 5 instants.

The experiment will divided breast-cancer dataset for
association rule mining to three datasets, which use
minimum support for association rule mining at 0.3 and
0.5. Table 4 show comparative results of association rule
mining on multiple dataset and association rule mining on
one dataset with minimum support 0.3, it can be seen that
the association rules from multiple dataset missing a lot,
and when considering ontology Figure 5 shows that
association rules from multiple dataset and association
rules from one dataset are clearly different. Table 6 show
comparative results of association rule mining on
multiple dataset and association rule mining on one
dataset with minimum support 0.5, it can be seen that
there are some association rules from multiple dataset
still missing, and when considering Ontology of Figure 6
shows that association rules from multiple dataset
effectively close association rules from one dataset.

Association rule mining with minimum support 0.3 and
0.5, table 8 show association rule mining from multiple
dataset with minimum support 0.5 it provides the number
of rules closely to association rule mining from one
dataset more than minimum support 0.3. Association rule
mining from multiple dataset there is a missing, can be
certain association rules of table 5 and table 7 to fill in
some missing association rules.

wge | menopau | fwma | dve | mede | deg | bremt | brewt | irradit e
se | esice | nodes | caps | malig qund.

4049 | premenn | 1509 | w2 e 3 ip | eo

sos0 | g0 fisio]| o2 o | comral | mo

sos0 | g0 fasa0| 0 2 2 P T

049 | premern [ 3600 | 02 ye 3 sig | tlow | ves

4049 | premen | 5004 | 35 ves 2 en | righiup | mo

Figure 4 Example of Breast-cancer dataset

TABLE 4
COMPARATIVE RESULTS OF ASSOCIATION RULE MINING ON MULTIPLE
DATASET AND ASSOCIATION RULE MINING ON ONE DATASET WITH
MINIMUM SUPPORT 0.3

Original association rules

Combined association rules

if X is a nuimv_nodes_cqual 0-2 and X is
nclefi-breast then n:no-node-caps.

if X is @ minv_nodes_equal_0-2 and X isa
nlefi-breast then X is a n:no-node-caps.

if X is a nno-node-caps and X is a nileft-
breast then X is a n:inv_nodes equal 0-2.
if X is a npremeno-menopasue and X is a
n:inv_nodes_equal_0-2 then X is a n:no-
node-caps.

EX is @ mno-node-caps and X is a mlefi-
breast then X is a n:inv_nodes equal 0-2
EX is a mpremeno-menopasue and X is @
n:inv_nodes_equal_0-2 then X is a n:no-
node-caps.

iTX is a npremeno-menopasuc and X s @
neno-node-caps then X isa
nciny_nodes_equal 0-2.
i X is a nulefi-breast and X is a n:no-irradiat
then X is a n:no-node-caps.

TFX s a n:premeno-menopaste and X i &
n:no-nade-caps then X is a
niiny_nodes_equal 0-2.
iEX is @ mlefi-breast and X is a nino-
irradiat then X is a neno-node-caps

if X is a n:no-node-caps and X is a n:lefi-
breast then X is a n:no-irradiat

if X is a n:no-node-caps and X is a n:left-
breast then X is a n:no-irradiat.

i X is a nuimv_nodes cqual 0-2and X is a
n:lefi-breast then X is a n:no-irradiat

iEX is @ minv_nodes_equal 0-2 and X isa
n:left-breast then X is a n:no-irradiat.

if X is a n:left-breast and X is a n:no-irradiat
then X is a niinv_nodes_cqual_0-2.

ifX is a mlefi-breast and X is a n:no-
irradiat then X is a n:inv_nodes_equal_0-
2

TTX is a minv_nodes_equal_0-2 and X 5 2
n:left-breast and X is a n:no-irradiat then X
is 2 nino-node-caps.

X b a nany_nodes_equal_0-2 and X 553
n:left-breast and X is a n:no-irradiat then X

is a n:no-node-caps.

X is a nuinv_nodes_cqual 0-2 and X b5 a
n:no-node-caps and X is a n:left-breast then
X is a neno-iadiat.

TFX is a minv_nodes_cqual 0-2 and X &5
n:no-node-caps and X is a n:left-breast
then X is a nzno-irradiat.

if X is a n'no-node-caps and X is a n:left-
breast and X is a n:no-irradiat then X is a
n:inv_nodes_equal _0-2.

if X is a n:no-node-caps and X is a nleft-
breast and X is a n:no-irradiat then X is a
n:inv_nodes_equal _0-2.

if X is a n:premeno-menapasue and X is a

n radiat then X is a n:no-node-caps.

i X is a npremeno-menopasue and X is a

n:no-node-caps then X is a n:no-irradiat.

ifX is a mpremeno-menopasue and X is @
-irradiat then X is a n:no-node-caps.

iEX is @ mpremeno-menopasue and X is @
n:no-node-caps then X is a nono-irradiat

iTX is a npremeno-menopasuc and X 15 @
n:inv_nodes_equal_0-2 then X is a n:no-
irradiat

X is a n:premeno-menopasue and X 5 a
neno-imadiat then X is a

nsiny_nodes,_equal 0-2.
winv_nodes_cqual_0-2 and X is 2

ndeg-malig-7 then X is a n-no-node-caps

iEX is @ minv_nodes_equal_0-2 and X is a
n:deg-malig-3 then X is a n-no-node-caps.

if X is a n:no-node-caps and X is a n:deg-
2 then X is a n:inv_nodes_equal_0-2.

TEX is a nono-node-caps and X s a mdeg-
malig-2 then X is a n:inv_nodes_equal 0-
2

if X is a n:lefi-breast and X is a n:no-
recurrence-events then X is a

TEX is a mlefi-breast and X is a m:no-
recurrence-events then X is a
n:iny_nodes_equal_0-2.

an:inv_nodes_cqual 0-2and X s
neleft-breast then X is a n:no-recurrence-
events.

iX is a n-menopasuc-ged0 and X is a
nodes_equal_0-2 then X is a n:no-

a n:menopasuc-ged and X s @ nno-
node-caps then X is a n:inv_nodes_equal 0~

2.

i X is aninv_nodes_cqual_0-2 and X 5
nuright-breast then X is a n:no-node-caps.

iTX is a n:no-node-caps and X is a nright-
breast then X is a n:inv_nodes_equal 0-2.

if X is a n:lefi-breast and X is a n:no-
recurrence-events then X is a n:no-node-

 n:premeno-menopasue and X is
nodes_equal_0-2 and X is a n:no-

irradiat then X is a n:no-node-caps.

iTX is a n:premeno-menopasue and X is a
neinv_nodes_equal_0-2 and X is a n:no-

node-caps then X is a nono-irradiat.

TTX is a n-premeno-menopasue and X is a
n:no-node-caps and X is a n:no-irradiat then

X is an:inv_nodes_equal 0-2

if X is a n:lefi-breast and X is a n:no-
recurrence-events then X is a n:no-irradiat.

X is a n:inv_nodes_oqual 0-2and X 54
nclefi-breast and X is a n:no-recurrence-
events then X is a n:no-node-caps.

if X is a n:no-node-caps and X is a n:left-
breast and X is a n:no-recurrence-events

then X is aneinv_nodes_equal 0-2.
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iTX is a noiny_nodes_equal 0-2and X is a
neno-node-caps and X is a nelefi-breast then
X is a n:no-recurrence-events.

if X is a n:no-node-caps and X is a n:no-
recurrence-events then X is a
n:iny_nodes_equal 0-2.

if X is a n:no-node-caps and X is a n:no-
recurrence-events then X is a
inv_nodes_equal_0-2.

ifX is a n-menopasuc-ged0 and X is a nno-
irradiat then X is a n:no-node-caps.

ifX is a nemenopasue-ged0 and X is a nno-
0ds

o -aps then X is a n:no-irradiat.

TTX is a n-premeno-menopasue and X is
nino-recurrence-vents then X is a nino-

if X is a n:no-irradiat and X is a n:no-
recurrence-events then X is a n:no-node-

cap

if X is a n:no-irradiat and X is a n:no-
recurrence-events then X is a n:no-node-

caps.

s a n:no-node-caps and X is a nno-
recurrence-events then X is a n:no-irradiat.

if X is a n:no-node-caps and X is a n:no-
recurrence-events then X is a n:no-irradiat.

if X is a n:no-node-caps and X is a n:no-
iradiat then X is a nino-recurrence-events.

node-caps.
ifX is a n:deg-malig-2 and X is a nno-
irradiat then X is a n:no-node-caps.

iX is a modeg-malig-2 and X is a mno-
irradiat then X is a n:no-node-caps

i X is a n:no-node-caps and X is a n.deg-
malig-2 then X is a n:no-irradiat

i X is a nono-node-caps and X is a nideg-
2 then X is a n:no-irradiat.

if X is a nright-breast and X is a nino-
irradiat then X is a n:no-node-caps.

i X is a n:no-node-caps and X is a nright-
breast then X is a nono-iadiat.

TAB

LE 5

ENTAILMENT FROM REASONER ASSOCIATION RULES WITH MINIMUM
SUPPORT 0.3

iFX is a n:inv_nodes_cqual 0-2and X is
n:no-recurrence-events then X is a n:no-
irradiat.

ifX is a ninv_nodes_equal 0-2and X s a
neno-recurrence-cvents then X is a nino-
imadiat.

if X is a n:no-irradiat and X is a n:no-
recurrence-events then X is a

n:inv_nodes_equal _0-2.

if X is a n:no-irradiat and X is a n:no-
recurrence-events then X is a

n:inv_nodes_equal_0-2.

iTX is a n:inv_nodes equal 0-2and X 54
neno-iradiat then X is a n:no-recurrence-
events.

Entailment

ACE If-then

Every inv_nodes_equal 0-2isa
no-irradiat
that is a no-node-caps .

If X is a n:inv_nodes_equal 0-2
and X is a n:no-irradiat then X is
a n:no-node-caps .

Every no-irradiat is an
inv_nodes_equal_0-2
that is a no-node-caps .

If X is a n:no-irradiat and X is a
n:inv_nodes_equal_0-2 then X is
a n:no-node-caps .

iTX is a nimv_nodes_equal 0-2and X is.a
neno-imadiat and X is a n:no-recurrence-

iX is a ninv_nodes_equal 0-2and X isa
neno-irradiat and X is a n:no-recurrence-

events then X is a n:no-node-caps. events then X is a n:no-node-caps.

iTX is a nuinv_nodes_equal 0-2 and X is.a
n:no-node-caps and X is a n:

iTX is a minv_nodes_equal 02 and X isa

cvents then X is a n:no-irradiat.
iTX is a nno-node-caps and X isa nno-
irradiat and X is a n:no-recurrence-events

iTX is a n:no-node-caps and X is a nno-
iradiat and X is a n:no-recurrence-events

then X is aniinv_nodes_equal 0-2. then X is a neinv_nodes_equal 0-2.

iTX is a nimy_nodes cqual 0-2and X i5 2
neno-node-caps and X is a neno-irradiat then
X is & n:no-recurrence-events.

Every no-node-caps is an
inv_nodes_equal_0-2
that is a no-irradiat .

If X is a n:no-node-caps and X is
a n:inv_nodes_equal_0-2 then X
is a n:no-irradiat .

TABLE 7
ENTAILMENT FROM REASONER ASSOCIATION RULES WITH MINIMUM
SUPPORT 0.5

Entailment

ACE If-then

menopase 920

o rradint < in_nodes_aquad_0-3 < e node-caps
no-recurence-events

7 ® no-nede-caps = lnv_nodes_squal_0-
i recmrence events

remenc mencpase

o bieast

(a)

o et |
-

e S

= in_nodss_squal_0-2 = no-node-caps
caps = Imy_sodes._ equal 0-2 = ne-leradiat
no-recurrence cvents

(b)

Figure 5 Ontology from association rule mining on one dataset (a) and
association rule mining on multiple dataset (b) with minimum support
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TABI

LE 6

COMPARATIVE RESULTS OF ASSOCIATION RULE MINING ON MULTIPLE
DATASET AND ASSOCIATION RULE MINING ON ONE DATASET WITH

Every no-recurrence-events is a
no-irradiat .

If X is a n:no-recurrence-events
then X is a n:no-irradiat .

Every inv_nodes_equal 0-2isa
no-irradiat
that is a no-node-caps .

If X is an: inv_nodes_equal 0-2
and X is a n: no-irradiat then X is
a n:no-node-caps .

Every no-irradiat is an
inv_nodes_equal_0-2
that is a no-node-caps .

If X is a n:no-irradiat and X is a
:inv_nodes_equal_0-2 then X is
a n:no-node-caps .

Every no-node-caps is an
inv_nodes_equal_0-2
that is a no-irradiat .

If X is a n:no-node-caps and X is
an:inv_nodes_equal_0-2 then X
is a n:no-irradiat .

MINIMUM SUPPORT 0.5
Original ion rules Combined iation rules
ifX is a niimv_nodes_cqual 0-2 then X isa | i X is a noinv_nodes_equal_0-2 then X is a

n:no-node-caps.

n:no-node-caps.

i X is a n:no-node-caps then X is a

minv_nodes_equal 0-2

if X is a nrno-node-caps then X is a

n:inv_nodes_equal 0-2.

v e
¥ S ie_modes_equal_0-7 = nomode-caps = nerirradiot

05 = nv_ncdss_squsl_0-2 = ne-lrradiot
o recurrence events

(a)

if X is a n:no-irradiat then X is a n-no-node-

caps

if X is a n:no-irradiat then X is a n:no-node-

caps.

i X is a n:no-node-caps then X is a n:no-
irradiat

if X is a nzno-node-caps then X is a n:no-
irradiat.

i X is a n:inv_nodes_equal 0-2 then X isa
nno-imadiat.

if X is a n:no-irradiat then X is a

minv_nodes_equal 0-2

if X is a neno-irradiat then X is a

n:inv_nodes_equal 0-2.

(b)
Figure 6 Ontology from association rule mining on one dataset (a) and
iation rule mining on multiple dataset (b) with minimum support

TABLE 8
COMPERATIVE RESULTS OF NUMBER OF RULES FROM ONE DATASET AND
NUMBER OF RULES FROM MULTIPLE DATASET

ifX is a neinv_nodes equal 0-2and X is a
diat then X i a n:no-node-caps.

iFX is a ninv_nodes_cqual 0-2and X is a
n:no-irradiat then X is a n:no-node-caps

Minimum support

Number of rules
from one dataset

Number of rules
from multiple dataset

ifX is a neinv_nodes_equal 0-2and X is a

a n:no-node-caps and X is a n:no-
irradiat then X is a n:inv_podes_equal 0-2.

X is a ninv_nodes_cqual 0-2and X is a

o de-caps then X is a n:no-irradia n:no-node-caps then X is a n:no-irrad

X is a n:no-node-caps and X is a mno-

irradiat then X is a minv_nodes_equal _0-2.

0.3 65 37

0.5 24 19

if X is a n:no-recurrence-events then X is a
nino-node-caps.

iTX is 2 nzno-recurrence-cvents then X is a
n:no-node-caps.

if X is a n:no-recurrence-events then X is a

minv_nodes equal 0-2

if X is a nino-recurrence-events then X is a

n:inv_nodes_equal 0-2.

if. an:no-recurrence-events then X is a
n:no-irradiat.

TTX is a neinv_nodes_equal 0-2and X 5 3
n:no-recurrence-events then X is a nno-

node-caps.

TTX 1s a minv_nodes_cqual 0-2and X &5 @
n:no-recurrence-events then X is a nino-

node-caps.
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V. CONCLUSION

Association rule mining from large dataset, need a
computer with high-performance to process and high
cost. There is a technique to help fix this problem is to
distribute datasets to be processed by multiple computers.
The process combined association rules from distribute
datasets take the same association rules and checking the
conflict of the association rules.

From such experiments can be seen that association
rule mining from multiple dataset with minimum support
that many have a closely efficient the association rule
mining from one dataset. This consider from ontology
and inconsistency association rules, but association rule
mining from multiple dataset there is a missing, can be
result of reasoned process to fill missing association
rules.
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