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The process of data mining comprises of seven major steps: (1) data integration, (2)
data transformation, (3) data cleaning, (4) data selection, (5) pattern extraction or knowledge
mining, (6) pattern evaluation, and (7) knowledge presentation. Steps 1 to 4 are pre-data mining,
whereas steps 6 and 7 may be viewed as post-data mining. Therefore, the seven major steps can be
gro‘uped nto pre-data mining, mining, and post-data mining, This research studies the post-data
mining processing. Most data mining systems finish their proceslsing at the knowledge presentation
step. Qur work further the post-data mining processing to the step of knowledge deployment. This
research illustrates the knowledge deployment step m which its input is the induced knowledge, in
the formalism of classification rules. These rules are evaluated and filtered on the basis of coverage
measurement. High coverage rules are transformed into decision rules to be used by the inference
engine of the expert system. The accuracy of recommendation given by the expert system is
evaluated and compared to other three classification systems, i.e. decision-tree induction (ID3), rule
induction (PRISM), and neural network. The experimental results confirm the high accuracy of our

expert system and the induced knowledge base.
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Outlook Temperature Humidity Windy
1 sunny hot high false N
2 sunny hot high true N
3 overcast hot high false P
4 rain mild high faise P
5 rain cool normal false P
6 rain cool normal true N
7 overcast cool normal true P
8 SRy mild high false N
9 sunny cool normal false P
10 rain mild normal false P
11 sunny mild normal true P
12 overcast mild high true P
13 overcast hot normal falsc P
14 rain mild high true N

lemperature
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Apriori

Minimum support: 0.05

Minimuom metric <confidence>: 0.9

Best rules found:
1. humidity=normal windy=FALSE 4 ==> play=yes 4 confi(1)
2. temperature=cool 4 ==> humidity=normal 4 conf(1)
3. outlook=overcast 4 ==> play=yes 4 confi(1)
4. temperature=cool play=yes 3 ==> humidity=normal 3 conf:(1)
5. outlook=rainy windy=FALSE 3 ==> play=yes 3 confi(1)
6. outlook=rainy play=yes 3 ==> windy=FALSE 3 confi(1)

33. windy=FALSE play=no 2 ==> outlook=sunny 2 conf:(1)

54. outlook=sunny humidity=normal 2 ==> play=yes 2 conf:(1)

55. outlook=sunny play=yes 2 ==> humidity=normal 2 conf:(1)

56. outlook=sunny temperature=hot 2 ==> play=no 2 confi(1)

57. temperature=hot play=no 2 ==> outlook=sunny 2 conf:(l)

58. outlook=sunny temperature=hot 2 ==> humidity=high2 confi(1)
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Algorithm 1 Knowledge evaluation
Input: a data model as decision tree with node and edge structures

Output’ a set of probabilistic decision rules ranking in descending order

(1)  Display GUI to get a dataset name and a minimum probability value
{2) Traverse tree from a root node to each leaf node
(2.1) Collect edge information and count number of data instances

(2.2) Compute probability as a proportion
(number of instances at leaf node) / (total data instances in a data set)

(2.3) Assert a rule containing a triplet
<attribute-value pair, class, probability value> into temporary KB
(3)  Sort rules in the KB in descending order according to the rules’ probability
{(4) Remove rules that have probability less than the specified threshold

(6)  Assert selected rules into the KB and return KB as an output
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Algorithm 2 Knowledge integration and manipulation
Input: a set of probabilistic decision rules stored in KB

Output: a set of rules to be used by an expert system shell

(1) For each probabilistic decision rule
(1.1) Scan information in the If-part and the Then-part

(1.2) Generate head of expert rule from the Then-part
type (Then-part, probability value) -

(1.3) Generate body of expert rule from the If-part
- atrribute_namel(value), ..., attribute_nameN(value).
(1.4) Write an expert rule in a knowledge-base file, KB_file
(2) For each data attribute
(2.1) Generate head of consulting rule
attribute_name(¥X) -
(2.2) Generate body of consulting rule
- menuask( attribute_name, X, [list of attribute values]).

(38)  Assert consulting rules into the KB_file and return KB as an output
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%% Data lens

% attributes: names and their possible values

%

attribute(age, lyoung, pre_presbyopic, preshyopic)).
attribute(spectacle, [myope, hypermetropel).
attribute(astigmatism, [no, yes}).

attribute(tear, [reduced, normall),

attribute(class, { yes, no]).

% data

instance(, class=no, [age=young, spectacle=myope, astigmatism=no, tear=reduced]).

instance(2, class=yes, [age=young, spectacle=myope, astigmatism=no, tear=normall).

instance(3, class=no, [age=young, spectacle=myope, astigmatism=yes, tear=reduced]),

instance(4, class=yes, fage=young, spectacle=myope, astigmatism=no, tear=normall).

instance(5, class=no, [age=young, spectacle=hypermetrope, astigmatism=no, tear=reduced]).
instance(6, class=yes, [age=young, spectacle=hypermetrope, astigmatism=no, tear=normall).
instance(7, class=no, [age=young, spectacle=hypermetrope, astigmatism=yes, tear=reduced}).
instance(8, class=yes, [age=young, spectacle=hypermetrope, astigmatism=ves, tear=normall).
instance(9, class=no, [age=pre_presbyopic, spectacle=myope, astigmatism=no, tear=reduced]).
mstanee(10,class=yes, [age=pre_preshyopic, spectacle=myope, astigmatism=no, tear=normal)).
instance(l 1,cIass=no,[age=prempresbyopic, spectacle=myope, astigmatism=yes, tear=reduced]}.
instance(12,class=yes,[age=pre_presbyopic, spectacle=myope, astigmatism=yes, tear=normal}).
instance(13,class=no,[age=pre _presbyopic,spectacle=hypermetrope,astigmatism=no,tear=reduced]).
instance(14,class=yes, [age=pre _presbyopic,spectacle=hypermetrope, astigmatism=no, tear=normal]).
instance(15,class=no,lage=pre _presbyopic,spectacle=hypermetrope,astigmatism=yes, tear=reduced]).
instance(16,class=no, [age=pre _presbyopic,spectacle=hypermetrope,astigmatism=yes, tear=normall),
instance(17,class=no, lage=presbyopic, spectacle=myope, astigmatism=no, tear=reduced]).
instance(18,class=no, [age=presbyopic, spectacle=myope, astigmatism=no, tear=normall}.
instance(19,class=no, [age=presbyopic, spectacle=myope, astigmatism=yes, tear=reduced]).
instance(20,class=yes, [age=presby0pic, spectacle=myope, astigmatism=yes, tear=normai]).
instance(21,class=no, [age=presbyopic, spectacle=hypermetrope, astigmatism=no, tear=reduced]).
instance(22,class=yes, lage=presbyopic, spectacle=hypermetrope, astigmatism=no, tear=normall}.
instance(23,class=no,[age=presbyopic, spectacle=hypermetrope, astigmatism=yes, tear=reduced]).
instance(24,class=no, [age=presbyopic, spectacle=hypermetrope, astigmatism=yes, tear=normall).
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; v
Mmdaagvesldsunsundnuaasldsati
mainid3(Min) :-  init{AllAttr, EdgeList), % initialize node and edge information
getnode(N), % get node 1D
create_edge onelevel(N, AllAttr, EdgeList), % create tree
addAllKnowledge, % generate decision rules
selectRule(Min, Res), % select top rules
writeln(Res),
tell('1.knb", % write selected decision rules to file

writetHeadF, %o transform to expert rules (head)

maplist(createRulel, Res),

nl, writeTailF, % generate body of expert rules
told, %o write expert rules to file and close it
writeln(endProcess).
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ing(n v
1= dynamic node~s2.

pode(l, [2, ¢, 6. 8. 10, 12, 14, 20, 22)-f1, 3. 5. 7, 9, 11, 13, 15, 16, 17, 18, 19, 21, 23, 24]}.
node(?, [)-[1. 3. 5. 7. %, i1, 13, 15, 17. i%. 21. 231).

node(3. £2, 4. 6. &, 10, 12, 14, 20. 22]-{1%. 18, 243"

node(4. [2, 4. 6. B]-[]1).

node(8, [10, 12, 141-[161}

noded6, [10, 12]-11}.

node(7, [14]1-1156]).

node(B_ [20, 221-[18, 241)

nodefd {za]—na];

node(lﬂ [22]-[24
true.

2 ?- listing(edge).
i~ dynanic edges3.

edge(l, root=nil, 1)}.

edge(l. tearsreduced. 2).

edge{l, tear=normal, 3}.

edge(3, agesyoung, 4.

edge(3, age=pre presbyppic. 5).

edye(5. spectaclesnyope, 6).

edge(5. spectacle=hypernetrope, 7).

edge(ld. age~presbyupic, B).

edge{B. spectacles=nyopes, 9}.

edge(8. spectaclerhypermetrope, 10). I

true.

311 23 venmlddldszyFodoyauas lumadoualudnuas node uns edge

frogalugf 23 szummomnieedivdudi 0001 il idngnisandule
$naumung e o
0.5 >> [tear=reduced] >> no,
0.166667 >> [tear=normal, age=young] >> yes,
0.0833333 >> [tear=normal, age=pre_presbyopic, spectacle=myope] >> yes
InssadvasngmsdadulassszaeudionvavBuaaudiu urssduuensIn

o Y o W

& + td
Aumisdydauel  >>  wasBeadiuusnssynaing Lﬂuﬁﬂaﬁmmiaﬂiwﬂqm’fﬂga

swazBuadmfinoaszydnunsnieusnsiadildssnounsdaiule  unzdaugaie

aa  w o 1 o 4 t [~
Wuramsitiovaamnd M yes mnodawzshldaul¥nidynidumomidaouuin

t ) 3 L] o o ' ' ] =Y
udld M no nuedsliuuzihldldnoundneud detrasungeusnseydr dranldi
o 3/ 3 o L4 ' a - o g 1t v
BATINMIASRIIAIAT (tear=reduced) unwndoz luuuziildldnouuiineud mnnuiesdu

34 3 3
0.5 mnedangilnseungudoya 0.5 niv 50% (iufongiiduasiz ldsindeyanuld 12 51

¥
nindeyany Idanuadiag 24 919)



Wsunsusausanagsanisiunniug

ngmisaaduleitldenTbsunsudinsedaing segaimunadldifiungiteld

3!
Y-

TuszuudiForny Tsunsulaengnisdaduls Iillunguszinn expert rules nanelagad
writeHeadF :-
format('% 1L.knb ~n% for expert shell. ~-- written by Postprocess'),
format('~n% top_goal where the inference starts.~n"),

format('~ntop_goeal(X,V) :- type(X,V).~n").

writeFailF:-

findall(_,(attribute(S,L),
format('~n~w(X):-menuask(~w, X, ~w). Y%generated menu!,[S,S,L])
)

format('~n~n%end of automatic post process’).

2

3

Tsunsuutlasngmsdadulaifidungiszinm consult rutes uansldsei
transform 1 ([X=V], [Res]) :-
atomic_list_concat([X,'(",V,)"], Resl),

term_to_atom(Res, Resl1),!.

transform1([X=V|T], [ResiT1]) :-
atomic_list_concat({X,(,V,V'], Resl),
term_to_atom(Res, Resl),

transform1(T, T1).

createRule1(l) ;- I=Z>>X>>Y,
transform1(X,BodyL),
format('~ntype(~w,~w):-" [Y,Z]),

myformat(BodyL) , write{' % generated rule’),!.

myformat([X]) :- write(X), write("."),!.

myformat([H{T]) :- write(H), write(',"), myformat(T).
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PRE e B
% 1.krb
% for expert shell. --—- written by Postprocess
* top _goal vhere the inference starts.
top,_goal (X, V) - type{X,V).
type [ne, .5} :-tear {reduced) . % generaced rule
type(yes,0,166667) :~cear (normell , age {young} . % generated rule
type (yes,0.0833333} :-tear (normal} sage {pre_presbyopic),spectacle (myope}. 4% generated rule

age [X) t-menuaskiage, X, [youny, pre_preshyopic, presbyopicl). %$generarted menu
spectacle {X) : ~nenuask (spectacle, X, [myape, hypermetropel ). %$generated menu
astigmatism(¥) :-menuask{astigmatism, X, [no, ves]). %generated menu

tear (X} : -menuask{teaz, ¥, {reduced, normall}. *generated menu

clase (X) t-menuaskiclass, X, fyes, no)l). zgenerated menu

3end of automatic podt process

31U 2.4 dayaluvd Linb
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menuask
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known

rules
answer
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Ad 9199 11 expert system shell ugnaldsne 11l
expertshell :- greeting,
repeat,
write{'expert-shell> "),
read(X},
do(X),
(X == quit ; X == g9),

writeln(">>>>Goodbye, see you later<<<<'), I.

greeting ;- write('This is the Easy Expert System shell.'}, nl,
native_help.
do(help) :- native_help, !,
dofload) :- load_kb, .
do{solve) :- solve, 1.
dolwhy} - why,!.
dofquit).
do(99).
dofX) - write(X),
write(' is not a legat command."), n,

fail.
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native_help :-  write('Type help. load. soive. why. quit. or 99.,n,
write('at the prompt.'}, nl.
load_kb :- write(’Enter file name in single quotes (ex. ".knb" ) ",
read(F},

reconsult(F).

solve :- retractall{known{ _) ),
retractali(answer(_,_)),
top_goal{X,V},
format('The answer is __~w__ with probability ~w’,[X,V]},
assert(answer(X,V)), nl.

solve ;- write('No answer found.”),nl.

menuask(Pred, Value, Menu) :-
menuask(Pred,Menu),
atomic_list_concat([Pred,'(' Value,")],X),
term_to_atom(T,X),known(T),!.
menuask(Pred,_) :-
atomic_list_concat([Pred,'(",;'_"")'],X), % check for recorded predicate

term_to_atom(T,X),known(T),!. % not ask again

menuask(Attribute, Menu):-
nl, write('What is the value for "), write{Attribute), write('?"), ni,
addchoice(Menu, MenuRes),
writein(MenuRes}, write('Enter the choice> '), read(C),
member(C-V,MenuRes),
{C=99 -> abort ; true },
atomic_list_concat([Attribute,'(",V,")'1.X),
term_to_atom(T,X),

asserta(known(T)) .
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why - answer{A,V),
format('~nThe answer is ...~w... with probability = ~w.~n'[AV]),
findall{ X , known{X),Result),
writeln{'The known storage are"),

writein{(Resuit).

addchoice(X,Res):- length(X,Len),
numlist(1,Len,NumL),
map(Numb X,Res).

map([], [1, [99-exiiShell]).

map([H|T], [XITT], [H-X|T1]} :- map(T, 7T, T1).

o ] 9} o o A o o w 3/ o o 9
ﬂTE]U'Nﬂ1fﬂlc}f\?1u531“]%“%5']%1‘&31“@%9?1']fslugu']lﬂﬂqnﬂ‘lﬂﬁﬂﬂuuﬂﬂﬁauﬁ llﬁﬂ\?hlﬁ

L

1317 2.6 Wiou Tusunsu expertshelit.pl §ldvziTuduldauy expert system shell §2ams

= PE L o o 1 o 4 5 Y

HUNATTS expertshell (pnddslumui TsBenszApseumdsdimasosune 1) e expert

system shell Ty Aduussiaszalsingdenim expert-shel> iRowTouiuiidann
34

o @ o E o o 1 & W 1 ¥
A dusnvemslfaufiefds load Meonld IWdpuaréifeades Faludesd

=3

3 ’ t A
W ko mifuldiids sove Tusunsuvzuamdeyadennndld olddoun

LY
Y o v s o 9 Yy g & ' ﬁ & g vy w
avamsnswena? swuaasmiushliglamnn wieuisannutias wns Il
' A & e - uly ty P v yg ¢y o e o a
Moy luswusiniuldundomiiosla wast g ledosntsmesuiotseneuduugih
o = oy do o

mnsasungieiuela TasmsAundide why

Tunstindeyaidldsey livsinglunglaq  vespunimd  ssvud@umgee

Taneuditennudagd 2.7




2]

1 7— emxpertshell.

This is the Easy Expert System shell.

Tvpe help. load. solve. why. gquit. or 99.

at the prompt.

expert—shell> load.

Enter file name in single guotes (ex. 'l.kab’'.): 'l.knb'.
% 1.knb conpiled 0.01 sec, 2,336 bytes

expert—shell> solve.

What is the value for tear?
[1-reduced, 2-normal, 99-exitShell]
Enter the choices> 2.

Yhat is the valus for age?

[l-young. 2-pre_presbyopic. 3-presbyopic, 99-sxitShell]
Enter the choice> 1.

The answer is _ _yes_ with probability 0.166667
expert—shell> why.

The answer is ...yes... with probability = 0.166667.
The known storage ares

[age(young). tear(normal)]

expert—shell>

A - S ° o & w 5
517 2.6 srvud@rmgilifuuzhfefoneunnaud

1 7- expertshell.

This is the Easy Expert System shell.

Type help. load. solve. why . quit. or 99.

at the prompt.

expert-shell> load.

Enter file name in single quotes (ex. '1.knb'.): 1. knb'.
% 1 .knbh compiled 0.00 sec. 2.336 bytes

expert—shell> solve.

Vhat is the valus for tear?
[1-reduced, 2-normal. 99-exitShell]
Enter the choice> 2.

Yhat is the value for age?

[1-young. 2-pre_presbyopic, 3-presbyopic, 99-exitShell]
Enter the choice> 3.

Ho answer found.

expert—-shell>

4 3 o esl 0
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/* *%* Test Data

instence {71, clagss=ward, [internalTemp=mid, surfaceTemp=mid, oxygenSaturation-excellent,
bloodPressure=high, tempStability=steble, coreTempStebility=stable]
bpStability=steble, camfort=10}}.

L.knb
% for expert shell., --- written by Postprocess
% top_goal where the inference atarta.

Q\"

top goml(X,V) :- cype{X,V).

type (ward,0.1) t—comfort (10) ,bloodPressaure (high) ,surfaceTemp (low). 5 gensrated rule

type{vard,0.0714286) t~comfort (10} ,bloodPressure (mid) ,surfaceTemp(low) ,bpStebility(stable). 3% generated rule
type|vard,D.D714286) : ~comfort (10} ,kloodPreasuce (mid) ,surfacetemp (high} ,bpStabllity (mod stekle). 5 generated rul
type|vard,5.0571429) ! —comfort (10} ,bloodPreasure thighl , surfaceTemp (mid} ,bpSrabilicy (mod stealrle). % generated ruﬁ
type|vard,0.0428571) —-comfort (15} ,bpStability (unstabie), surfaceTemp (mid)., % generated rule
typefvard,0.0428571) i ~comfort (10} ,bioodPressure (mid} , surfaceTemp (mid) ,bpStability{stable), internalTenp (mid) , cema
type (vard,G.0428571) {—comfort (10} ,kloodPressure (lowl . % generated rule

type (vard,0.0285714) ; ~comfort {15) ,bpStabilivy {unstahle} , surfaceTemp ihigh}. % generated rule
type(ward,},0285714) :~comfornt {15)  bpStability({stabie) , internaliTemp (mid} , surfaceTemp (mid} . % generated rule
type (vard, 0.0285714) :~comtort {15) ,bpSteability (mod stable}. % generatecd rule

type [home,0.0285714) :~comfort {10) ,bloodPreasure {mid) , surfaceTemp {mid) ,bpSrabilicy(mod steble). % generated rulé
rupe{nard; 0. Aye-coefort {10) hloodPressurs thigh) ssuriaceTenp iridi, bpStabilavy{ascahle]; oxygenSaturationexes
type (home, 0.0142857) :—comfork {15) ,bpStability(unstable) ,surfaceTemp{low). % generated rule

type{home,0,0142857) :~comforc {15) ,bpStability(stable}, internal Temp {migd) , surfaceTewp (low) , oxygenSaturation (good)

expert-shell> solve.

What is ths value for comfort?
[1-5. 2-7, 3-10. 4-15, 9%-exitShell]
Enter the choice> 3.

¥hat is the value for bloodPressure?
[1~high, 2-mid, 3~low, 9%-exitShell]
Enter the choice> 1.

Yhat is the value for surfaceTenrp?
[1-mid, 2-high, 3-lov, 99-exitShell]
Enter the choicer 1.

¥hat is the value for bpStability?
[l1-stable, 2-mod _stable, 3-unstable. 9%-exitShell])
Enter the choice> 1.

What is the value for oxygenSaturation?
[l-excellent, 2—good. 3-fair, 4-poor, 99-exitShell]
Enter the choicer 1.

The answer is . _ward_ __ vith probability 0.0285714
expert-shell: why.

The answer is ...ward... with probability = 0.0285714.

The known storage are 5
{oxygenSaturation(ezcellent),. bpStability(stable). surfaceTenp(rid), bloodPressurs{high}. comfol

expert-shell»

ar

51l 3.1 edumsnadeunTgRAD B T UL AT I
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top_goal (X, V) :— type(X,V).

cype (ward, 0. 1] t~comfort {10] chloogfrasaure (high), gurtaceTenp llow] . % generaced ui
type (ward, 0.07142846) : —comfort (10} ;bloodPreasure (mid) , surfaceTerp {iow) ,bpStability(scal ey
type (vard,0.6714206} 1—comfort (1) sbloodPrassure [mid) , surface Tenp (high) ,hpSEa_bi,[j_t'_'y a
type{ward, 0.0571429) : —comtort (10) ;bloodPressure (high) , surfaceTemp (mid)  bpSrapilitg( G
type (wvard,0.0428571) i—comfort (135) bpStability(unatable) ,surfaceTemp (mid). % generetead ity
type {uard,(.0428571) s —comfort (10} ,bloodPressure {mid) , surfaceTemp (mid) ,bpStability(stab
type [ward,0.0428571) t~comfart {10) ,blocdPressure {lov) - % generated rule i
cype {uard, 0.0285714) t~comfort {15) ,JopStebitity {unsteble), surtaceTewp {high), % ge rat
type (vard, 0.0285714) ; -comfort {15) ,bpStability({stable}, intecnalTemp (mid) yaurfaceTenp (mid)
type {vard,D,(285714} : —comfort (15) ;bpStability (wod =cable) . % generated rule s
type (home, 0, 0285714) :-comfort (10) ,bloodPressure (mid} , surfaceTemp (mid) ,bps;ahility(med o
cype{ward, 0.0285714) : —comfort (10}, bloodPressure fnigh) , surfaceTewp (wid) ,bpstabuityz'stghié]
type (home, 0. 0142857) s —comfort (15) ,bpScehility{unstable) (surfaceTenp(low). % genuc'at,'eq":d;
cype{hame,o.olqzssva:—comxoztf15},bpScabilicytacable),ince:nalremp(mid:,sux:aee?emp(loe )
type (ward, 0. 0142857) ;~comfort {1%) ,bpStebilicy(staple}, internalTemp (mid) ,surfaceTemp (iow
wype (home, 0. 0142857 ) 1 —ponfor T {15} JopStebitivy{steple), internalTemp {1ou)  surtaceTemp tmidh iy
type (vard, 0. 0142857) r~comforc{ls) (bpStabilicyiasteble},internalTemp (low), surfacaTenp (high) |
type (home, 0, 0142657} ; ~comfort (15} ,bpStebility(stable), internalTerp (high). 3 genearated rule
type (home, 0, 0142857) : -comfort (10) ,bloodPressure (mid}, surfaceTemp (mid) ,bpSvability (unstable);te
typei{vard, 0. 0142857) ¢ ~gomfort {10} ,blopdPresaure (mid) ,suctaceTemp imid)  bpStablilicy |unstable empSral
type (vard, 0,0142857) : —-comfort (10) .bloodPressure (mid}, surtaceTenp (mid) ,bpStahtlity{unateble)  tenpSrel
cype [howe, 0, 01426857) s—gomfort (10} ,bhloodPressure (mid) , surfaceTemp (mid) ,bpStability [atable}, 1 T
type (home, D.0142857) ¢ ~comfort {10) ,blocdPressure (mid}, surteceTemp (mid) ,bpStability (stabie), internal
wypa {howe, ©.0142857) ;: ~comEors {10} ,bloodPressure wid) , suriaceTenp (10w ,bpStabilitylunsteble},; 1hTeth
type (howe, 0.0142857) ; ~comfort {10) .blpodPressure {mid] , surfaceTenp | lov) ,bpStability (mod_steklel. _'
type (ward,0.0142857} ;-comfort (10} ,bloodPressure (mid) , surfaceTemp (high) ,bpStabilitcy (unstabie) . N
type {home, 0.0142857) : -comfort {10) ,bioodPressure (mid}, surfaceTenp (bigh) ,bpStabiiity(scable), interns

e fuard A (314 RE rmmomdarr 110 RinadDeooenye faddl e Fumo Tawn (himhl FrETerilirnierehial  §ararnei

o

type (vard,0,0142857) r—comfort {10}, blocdPressure (mid}, surtaceTemp thigh},bpStability{unstable).:
type {home,D.0142857) :—comfort (10) ,hlondPressure (mid) ,surfaceTemp (high),bpStebilivy (stable), inte
typeivard,0.0142857) :~comfort (10} ,blootPreasure {mid) , surfaceTemy (high) ,bpStebilivy(stenle),inte
type (home,D.0142857) :—comfort (10) ,kloodfrassure {Righ} , surfaceTemp (nid) ,bpStebilicy (un=ceh le} -
type (ward, 0.0142857) : ~comLortk (10} ,bloodPressura {high}, surfaceTemp {rid) bpStability(stable], oxyy
type {home, 0, 0142857} : «comfort( 10) ,bloodPressure (high) , surfaceTemp (mid) ,bpStabilicy(stable), oxygy
type (home, 0. D142857) :—comiort {10} ,blocdPressuce (high) ,surtaceTewp (high) , internalTemp (mid). % g
cype {vard,0.0142857) 1—comfore {10} ,bloodPressure (high) ,seriaceTemp {high), internalTemp (high) . % :
type (home,.0142857) :—comfort{?). *% generated rule

type (home, 0.0142857) :—comfort (5). 5 generated rule

ipternalTemp (%) : -menvask {intecnelTenp, 4, imid, high, leu]). ¥generatet menu
surfacaeTemp (X) :-menuask (aurfaceTenp, X, [mid, high, lowl}. kgenerated mepu
axygenSaturation(X) : -menuask{uxygenSacuration, X, [excellent, good, fair, poorl). sgensrated menu
bloodPressure (¥) :-menuask (bloodPressure, X, [high, mid, low}}. sgenerated meau
tempSoabilicy{X} s ~menuask(tempStabilicy, X, {stable, mod stable, unscable] ) . 3generated nmenu
coraTempStebility (X) r-wepuask{coreTempStability, X, {sreble, mod_stable, unstebia}} . Sgenerated mis
bpStehility (X} s—menpask {bpStability, X, [stable, wod_stable, unarablel] ., 3generated menu
comfort (X) : -menuask (comfort, X, [5, 7. 40, 18]} . %genarated menu

clasgY) s-menuaskiclass, X, [home, wvard]). sgenerated menu

+

g
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1.knh
for expert shell. -~- written by Postptrocess
top goal where the inference starts.

-

oAt

top_goal (X, V) :- type(X,V}.

tgpe{nc,ﬁ.OSlﬂzaﬁ):—invNodes(:angeD_Z),wenopauﬁe(geﬁo),b:eas:(xighc),degHalig(l},age(rangeE
bype[no,D.OQ]:—invades(rangeG"Z),menapause(p:emenoj,h:eascouad(righc_lou;. ¥ generated
type[no,D.UQ):—invNodes(rangeD_Z),mennpause(geiﬂ],breast(left),degnalig(ll. % generated 1
type{no,0.0342857) : ~invNodes (rangel_2) ,menopause (ge40),breast (left),degtalig{d). 3% gensrat
typeino,ﬂ.ﬂ3§2857}:~invNodes(rangEO_2),mannpausetgeﬁﬁ),bteasttieit),degnaliglzj,irradiattnc
:ype(no,0.9285714]:~invNodes(ange0_2),mennpause(pzemenu),bzeastQuad(left_low],irra&iattno}
cype(nm,D.UZZBS?l):—invNodes(rangeO_z],menapause[premena),b:eestouad{cencralj,breast(lait].
cype(nn,U.DZZBS?l):—invNodes(raageD_Z],menopause(gEQQJ,breast(right),degHaliglz),1rradiat(r

type|ves,0.0171429) :-inviodes{rangeé B),breastQued(right_low)., % generated rule
type(yes,e.nl?lﬁzg):~invNodes(range3*5],degﬁaligtal,b:east(left},irradiat(yesj. % generate
type (no,0.08171428) : ~invNodes (rengeld_5) ,degHalig(l). % generated rule

type(yes,0.01?1429):-invNodes[:angeD_ZJ,nﬁnopause(premano),breastQuad(right_up),irradiat(nc
type (no,.0171429) :—invNodes (ranged 2) ,menopeuse (premenc} breastQuad(left up),degHalig(2),k
type(no,D.0171425} : ~invNodes (range0_2) ,menopeuse (ged0) ,breast(right), deglalig(3), irradiat (r
type(no,0.5171429):—1nvNodes(r&ngeD~2),mennpausetgeee),hteast(leit),degHalig(Z),irradiat(ye

N ) 5 g i

tvpe(no,0.03571429):—invNodes(rangeD_Z),menopausetpremeno),breast@uad{central},breast(right
type {no,D.00571429} :-invNodes (range0_2) ,menopause {1t40} ,deglalig(3) . 5% generated rule

type (no,0.00571429) :~invNodes (rangel 2),wencpause (ltd(),deglalligi{2). &% generated rule

tvpe[no,ﬂ.OOS?léZB):—invNodes[rnngeU_Z),ntnopause(ltﬂcj,ﬁegﬁalig(l),age(rangeEU_GBJ. % ger
type(yea,ﬂ.&&S?l%ZQ):—invNodeatrangeD_Z},mcnopause(geqﬂ),b:easu(right],degﬂaligfa),irradiat
typeiyes,0.00571429) : -invNodes (range0_2),menopause (ged0} ,breast {right} ,deglialig(3) , irradiat
typeiyes,e.unsvlng):—invNodes[zangeD_Z),menopsuze(geqn},breasc(right),degﬁaligi3],irradiat
tvpe(no,O.BDS?iézgl:—invNodes(rangeO_Z),menopause(geﬂo),hreast(right),degﬁalig(S],irrsdiatl
type(no,0.06571429):—invNodes(rangeO_Z},nenopause(ge4ﬂ],breast[right),degnalig(Z),icradiat:
type(no,0.00571429):—invNodes(rangeO_Z],menopause{ge&D}.breast{right),degﬁalig(Z),irradiat:
F type(nu,D.UDS?léZB):—invNodes(rangeU_Z),mennpause(gEQOL,breast(righc),degﬂalig(Z),irradiat;
type {yes, 0.00571429) :—invNodes (rengel)_2),menopause (ge40) breast (right)  degHalig(?), irrediat
type {no,0.00571425) :~invNodes (xenge0_2),menopause (ged) ;brease (right) ,deglalig(l) , age (rangs
typa(yes,ﬂ.OUS?i&ZQ):—invNﬂdes(rangeO_z),menopause{ge&ﬂ),breasc{righc),degﬂalig[l],age(raﬂg
type{nc,0.00571429) :—invNodes (range0_2) , menopause (gedl} breast {right) ,deglalig{l}, age {range
type(nu,B.UDS?lQZB):—invNodes[rangeU_Z),mennpauseﬁge&ﬂ},breast(righc),degﬁalig(lj,age(range
cype(yea,D.DDSTIQZQJ:—invNodea(:aageO_zj,meunpause(ge40),breast(lett),degﬂalig(ZJ,irxadiate
type(no,0.00571429]:-inandes(rangeO_Z),menupause{geQO),breasc(lert),dagHalig(Z),irradiaC{r

age {X) : ~-menuask (age, X, [range20 29, range30 39, rangedl 49, rangeS0 53, range60_69]). %¥gener
§ menopause {X) : ~menuask (menopause, X, [1t40, ged0, premencl). %¥generated mznu

tumorSize (X) :~menuask (tumorSize, X, [rang0 4, ranga5 9, rangel0 14, rangels 19, range20_24, ¢
invNodes (X) :~menuask{invNodes, X, [range0_2, ranged_5, renge6 B, ranged 11, rangels 17, range
nodeCapsz (%) :~menuask (nodeCaps, X, [missing, ves, no)). igenerated menu

deglalig (X} :—-menpuask (deglalig, X, [1, 2, 3]1). %generated menu

breast (X) :-menuask {breast, X, [left, right]). :generated menu :
b:eastQuad(X):—m&nuask{breascouad,x,[laftuup, jeft low, right_up, right_low, centrall). ¥ges
irradiet (X} :—menuask{irradiat, X, {yes, nol}. :*generated menu
clags (] i-wenuasit (class, ¥, [na, yes]). xgenerated wenu

send of automatic pust process

type {no,D.0114286) :-invNodes (ranged 11}, irradiat(yes), nodeCaps{yes). % generated rule

type (yes,0.01314286) :-invNodes (range9 11}, irradiat(no}. % generated rule

cype (yas,0.0114266} :-invNodes (rangat_8) ;breastQuad(lefe_low). % generated rule

type {ves, 0.0114286} :-invNodes (range3_5) ,degMalig(3), irradiac (yes) breast (left}. 5% generale
type (no,0.0114286) :-invNodes (rangel_5) ,degialig(2) ,breast (right), irradiac{yes). * generace§§

type(no,ﬂ.ﬂBs?xQZB):—invNodes(ranqeO_Z},nenopause(pzemeno),breastouadilefc_lau),irradiat(ntﬁgl




26

o

. o o o &
msnareunugndeslumsfsuunhvesszuudifomainanniuly
¥
el szfSeuisudunamsnageylumssuundoyadosanasing ID3 (decision-tree
induction algorithm), PRISM (rule induction algorithm) UA% neural network (multi-layer

perceptron algorithm)

pamsnaaaulilsnnss

k4 o a et =5
wamanagounImgnaeslums i uzhwesssuudiuirig lunsdivosdeya
post-operative patients UTAIAIAIITNG 3.1 uazHamInATOUANUYAADaluns THR Uz

vasszuudirvimglunsdivesdoya breast-cancer recurrences UAAIRINTTIGR 3.2

m31efl 3.1 namsnageuANugndeveszuLRTI MR UToLa post-operative patients

Lo}

foyodi | msdfedoves | dumzimes HamIiuy | wamsiiuw | wanisyiiuneues
uwnd sruudiFurng Y0413 Y94 PRISM Neural network
1 Ward Ward Ward Ward Ward
2 Ward Ward Ward Ward Ward
3 Ward Ward Unclassified Home Ward
4 Ward Home Home Home Home
5 Ward Ward Ward Unclassified Ward
6 Home Ward Ward Home Heme
7 Ward Home Home Home Home
8 Ward Ward Ward Ward Ward
9 Home No answer found Ward Ward Ward
10 Ward Home Home Home Home
11 Ward Ward Ward Unclassified Ward
12 Ward Ward Ward Ward Ward
13 Home Ward Ward Ward Ward
14 Ward Ward Ward Ward Ward
15 Ward Ward Ward Ward Ward
16 Home Ward Ward Ward Ward
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P 9/ i o
AT HN 3.2 wamsmﬂﬁaummgﬂmwmssuupﬁa%unmwagﬂn%’ﬂsga breast-cancer recurrences

Foyait | msiiedoves | Awuzihwes Hamsyiue | wamsium | Hantsiiuteuss
unnd ssuniFuTy Y949 1D3 489 PRISM Neural network
1 No No Yes No Yes
2 No Yes Yes Yes Yes
3 Yes Yes No No No
4 Yes No answer found No Ne Yes
5 No Yes Unclassified No No
6 No No answer found Yes No No
7 Yes No No No No
8 No No Yes Yes No
9 Yes No No Yes No
10 No Yes No Neo Yes
i1 No No No No No
12 No Yes Yes Yes Yes
I3 Yes Yes No No Yes
- 14 No No answer found No No No
i5 No No Unclassified No Yes
16 Yes Yes Yes Yes Yes

snAdeUnTINEou MY (sensitivity) 1935 MINNTAIAMWAANEIATUMININIY

Ed o
Hauee luaa Iﬂtﬂ‘i&ﬂ’t‘il‘ﬂ'5UULﬂUU%ﬂ'ﬁﬁ’l‘ﬁ?ﬂEﬂﬁ%ﬁ’]U?ﬁﬂ'ﬁ‘ﬂﬂ& 10-fold cross validation

o
maiamsaSeudounuuienieyavendiufudin Tuudazseuvesminadeu doyo

A :Ukl:\ln y::iilly v A o oy ° y.&ﬁ
‘Hmm‘u%&:gﬂﬂu AMIUUINL ﬂ‘i}ﬂyjﬂ‘}jﬂﬂﬂﬁﬂﬂ Glm;mzmimgﬂﬂuﬂmmmuwmﬂmm U

Foyariniionite luea

4 o o = 9 ' o n y:'lﬂ ¥
Luﬂﬂ?m1ﬂ5u€f‘i}3@ﬂﬂ]ﬂﬁﬁﬂﬂﬁ?uﬂgﬂiﬁ}ﬂqﬁﬂ']ﬂu_lﬂl umﬂﬂgﬁ

nagoy  wamanfSoudeunamfanmatumsidsuusih  wlemsinneaaavesdoya

naguwe1Usinsy expert system, ID3, PRISM, Neural network ﬁﬁ‘ﬁﬂyﬁ post-operative

patients U0 breast-cancer recurrences AematiamaSeumenul 10-fold cross validation

ueasnans v lugid 3.4 uaz 3.5 mudidu
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Error rate(%)

Expert system D3 PRISM Neural
network

W 3.4 navlinTouidioy eror rate iiienanoufiudoiyn post-operative patients

Error rate(%?)

Expert system D3 PRISM Neural
network

gﬂﬁ 35 nﬂﬁm‘%‘amﬁw error rate &ﬁﬂﬂﬂﬂ@ﬁﬁﬁ‘ﬁﬂgﬁ breast-cancer recurrences

oailsema
b4 at o =] st A
MNHanINadounNganeted llsunsulsamanandimsiunilesdoyn nie
L Y
Tdsunsa expert system lunsaesyadeyadiofousuTsunsy 1D3 wuirTsunsy expert
Y e ogd oy S 4 3 v 4 9
system  MHaawingndosnnndmeqi Tusunsy expert system ¥ Tumadoyasudwily
dulddadulumiouduldsunsy 03 uadounndrsagh Tusunsy expert system 1M

faddungnisdadulenwdmutinzaduiasdadenlfianzngilimnimnihzdugs
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m?J!,'IJ'5UU!T]UUﬂT]?JNﬂWﬂTﬂGluﬂ']‘icl'}’iﬂ"l!,l‘i«!?au'l mammmwmﬂc’tumimuw

v
I=1

¥ 5 [
(error rate) wnaTUsunsuiadnuTsunsy expert system IAIAMUAAKAIARA IR (RO

as

g & = 4 ) ar
37.50% Tudeyansmesgn) uastlonsiianuianainludnbasuny false negative (A9
A ' b =3 - dyé = & Mmoo
m3en 3.3) nunldsunsu expert system WAIWHARmAwTaliANgR FalunsTileiy
f a =Y . 1 3) =1 n Yo sy W
MM NEANUAANAIALTLIAN false negative (Fuauldiiluuzids unldsun1sitdan

t o < T ' =
Mavamidausaulnd)  fehlinowheusannniwnuianaindisnn  false positive
1 oy o 11 8o A w1 (] [} 5 £
erunu Wiy udldfumsideteiuiiuuztweserdesgndelassamendin

HIEN)

i a d = o
A15140 3.3 HANTIATIZHATNAAWA IR JUANHNEYDY false negative

False negative error Expert system ID3 PRISM Neural network

3 . .
#0Yy0 post-operative patients

anyomsiieHa Eior=alis Error = 3/16 Error=4/16 | Error=3/16
vmndendumnadle (ward) ~ 18.75% = 18.75% =25% =18.75%

Hudenduiin (home)

Ed
Yayn breast-cancer recurrences

fAnNMEMINMNEAR Error = 2/16 Error = 5/16 Error = 4/16 Error = 3/16
it e (yes) = 12.50% =3125% =25% = 18.75%

il TSl uwsees € (no)

Tsunui ¥ lneadeyaludnvazvosdulidadule (p3) nieludnuuzveng

oy ' - o ¥ w A An oy

(expert system Liaz PRISM) veiideunwsasfiniulddanunnnamsnanssie Tumainlali
auysel osnneziensdi hisnnseldduuzh vielianmaiwenaavesdoyn

& 1 dad & o
18 FeszarennTusunsy Neural network ARWWUTIWMNsaFlmmaninnisldfandunig
5
adinmaas  (luninaaosild sigmoid function) ldawisednneaaavosdeyald

AsoUAgUANANNN5H
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post-operative patients toailumaadoyadiolilsunsy 103 sldnadnimiiulassads

' 5 o
auldvnalug (IR 41 wasdoyaderduihiionsnlueanioTusunsy  Multi-layer
P T w & 4 =

percentron cﬁq;ﬂuiﬂsuﬂﬁﬂuﬂqu Neural network %DIGBIJWﬁﬂW‘D' (5‘1J‘ﬁ 4.2) Lﬂuiuma%uﬂaiu
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dnwazilinduiulana lanoutandmivghn luduae

comfort = 05: home

comfort = 07; home

comfort = 10

| blcodPressure = high

surfaceTemp = mid

| bpStability = stable

| | oxygenSaturation = excelient; ward

| | oxygenSaturation = good

| | | surfaceTempStability = stable: home

| | | surfaceTempStability = mod-stable: null
| | | surfaceTempStability = unstable; ward
|
|

I 1| | surfaceTempStability = stable: ward
P 1| | surfaceTempStability = mod-stable: null
i 1| | surfaceTempStability = unstable: home
t | | internalTemp = high: ward
i || internalTemp = low: null
} surfaceTemp = high
{ | bpStability = stable
[ | | internalTemp = mid: home
{ | | internalTemp = high: null
[ | | internalTemp = low: ward
[ | bpStability = mod-stable: ward
| oxygenSaturation = fair; nuil [ | bpStability = unstable; ward
} surfaceTemp = low
| | bpStability = stable: ward
| | bpStability = mod-stable: home
| | bpStability = unstable
| | | internalTemp = mid: home
| | | internalTemp = high: null
| | | internalTemp = low: home
bloodPressure = low: ward
omfort = 15

bpStability = stable

| bloodPressure = high: home

| bloodPressure = mid
| internalTemp = mid: ward
| internalTemp = high: null
| internalTemp = low
| | surfaceTemp = mid: home
| | surfaceTemp = high: ward
| | surfaceTemp = low: null
bloodPressure = low: null
bpStability = mod-stable: ward
bpStability = unstable
| surfaceTemp = mid: ward

| surfaceTemp = high: ward

| surfaceTemp = low: home

|

|

[

[
| |
| |
| |
| |
| |
i |
| |
| I
| || oxygenSaturation = poor: null |
| | bpStability = mod-stable: ward |
| | bpStability = unstable: home !
| surfaceTemp = high H
| | internalTemp = mid: home }
] | internalTemp = high: ward i
| | internalTemp = low: null H
| surfaceTemp = low: ward t
bloodPressure = mid c
i surfaceTemp = mid I
i { bpStability = stable |
i 1| internalTemp = mid [
} | surfaceTempStability = stable: ward [
} | surfaceTempStability = mod-stable: null |
I ] surfaceTempStability = unstable: ward |
} internalTemp = high: home |
| internalTemp = low |
f | oxygenSaturation = excellent: home |
[ |
| |
| |
| |
| J
I |

|

|

J

!

!

|

| | oxygenSaturation = good: home
| | oxygenSaturation = fair; null
| | oxygenSaturation = poor: null
bpStability = mod-stable: home
bpStability = unstable

| internalTemp = mid

|
!
{
I
[
I
[
I
|
I
I
I

= 3 3
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Sigmoid Node 0
Inputs Weights
Threshold 4.838013774039095

Node 2 -3.908582636087111 Inputs Weights

Node 3 -3.162267392436414 Threshold -0.2930395536777638

Node 4 1.0981619846468047 Attrib internalTemp=mid 0.062120538342274045
Node 5 0.18908775947239695 Attrib internalTemp=high 0.3128132567811115

Node 6
Node 7
Node 8

Node & -3.5324578914467377 Attrib surfaceTemp=low -0.3416470192893855

Node 10 0.11046630190222735 Attrib oxygenSaturation=excellent -0.0224074338374844
Node 11 -1.7079259280625576 Attrib oxygenSaturation=good -0.0017430323732858114
Node 12 2.566868144965138 Atteib oxygenSaturation=fair -0.01474001715084124
Node 13 -1.1374211603297253 Attrib oxygenSaturation=poor -0.02503529326219822
Node 14 -2.7865026549167866 Attrib bloodPressure=high 0.3330125093594764

Node 15 0.5042240856020124 Attrib bloodPressure=mid -0.3816134197463625

-5.74938601906933
4.422399319810025
0.1999742473645021

Sigmoid Node 1
Inputs Weights
Thresheld -4.837381256263012

Bigmoid Node 15

Attrib internalTemp=low (.018576988447827396
Attrib surfaceTemp=mid 0.04411226345984964
Attrib surfaceTemp=high 0.5845640457361527

Attrib bloodPressure=low 0.32842425053023594
Attrib surfaceTempStability=stable 0.1141892044698123
Attrib surfaceTempStability=mod-stable -0.01323975265

Node 2 3.9522624615165793 Attrib surfaceTempStability=unstable -0.0798619490850
Node 3 3.1682972818602746 Attrib coreTempStability=stable -0.14532864396285983
Node 4 -1.094499095299558 Attrib coreTempStability=mod-stable 0.31474360142549
Node 5 -0.13283814684003517 Attrib coreTempStability=unstable 0.1286261966768477
Node 6 5.746872610366041 Attrib bpStability=stable 0.21950090896499233
Nede 7 -4.424392875653778 Attrib bpStability=mod-stable -0.10037656428787754
Nede 8 -0.18722208735744159 Attrib bpStability=unstable 0.1820629305281999
Node 9 3.527387810727785 Attrib comfort=05 0.04690470481373389
Node 10 -0.10472586398059963 Attrib comfort=07 0.09299279029838585
Node 11 1.6962158718097416 Attrib comfort=1¢ -0.024417621014600892
Node 12 -2.560804638307743 Attrib comfort=15 0.4216833375087676
Node 13 1.0737048825607642 Class home
Node 14 2.7877184996555053 Input
Node 15 -0.5273986540734854 Node ¢

Sigmoid Node 2 Class ward
Inputs Weights Input
Threshold -0.27814804385505276 Node 1

Attrib internalTemp=mid 0.5810283641710741
Attrib internalTemp=high 0.21179494161259477
Attrib internalTemp=low -0.5449481721523186
Attrib surfaceTemp=mid 1.1141644074041142
Attrib surfaceTemp=high 1.5150741028274102

¥l 19 4.2 Tmﬂa%}m%mga breast-cancer recurrences 8319910 Isunsu Multi-layer perceptron
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type{ward,0.1) - comfort(10), bloodPressure(high), surfaceTemp(low).
type(ward,0.07142) - comfort(10), bloodPressure(mid), surfaceTemp(low), bpStability{stable).
typetward,0.07142) :- comfort(10), bloodPressure(mid), surfaceTemp(high), bpStability(mod_stable).
type(ward,0.05714) = comfort(10), bloodPressure(high), surfaceTemp(mid), bpStability(mod_stable).
type(ward,0.04285) - comfort(15), bpStability(unstable), surfaceTemp(mid).
type(ward,0.04285) :- comfort(10), bloodPressure(mid), surfaceTemp(mid), bpStability(stable),
internalTemp(mid), tempStability(unstable).
type{ward,0.04285) - comfort(10}, bloodPressure{low).
typelward,0.02857) :- comfort(15), bpStability(unstable), surfaceTemp(high).
type(ward,0.02857) - comfort(15), bpStability(stable), internalTemp(mid), surfaceTemp(mid).
typelward,0.02857) - comfort(15), bpStability(mod_stable).
type(home,0.02857) :- comfort(10), bloodPressurelmid), surfaceTemp(mid), bpStability(mod_stable).
type(ward,0.02857) *- comfort(10), bloodPressure(high), surfaceTemp(mid),
bpStability(stable), oxygenSaturation(excellent).

1

d' i . :{d ] [
gﬂ“ﬂ 4.3 Tumawway}a post-operative patents mmmmuw:zﬂuqaﬂm 0.02

1ngs/H1ttaya/Des op: pe elll.p conp1 e
Uelcome to SWI-Prolog (Hulti-threaded. 32 blts Versxan 5 7.11)
Copyright {c) 1990-2009 University of Amsterdan,
SVil-Prolog comes with ABSOLUTELY NO WARRANTY. This is free software,
and you are welcome to redistribute it under certain conditions.
Please visit http:/ wev.swi-prolog.org for details,

For help. use ?- help(Topic). or ?- apropos(Werd).

1 ?- expertshell.

This is the Easy Expert System shell.

Type help. load . solve. why. gquit. or 99.

at the prompt.

expert—shell> load.

Enter file name in single guotes (ex. '1.knb'.): '1_knb'.
% 1.knb compiled 0.080 sec, 4,844 bytes

expert-shelly solve.

What is the value for comfort?
[1-5, 2-7, 3~10. 4-15, 99-exitShell]
Enter the choice> 3.

Vhat is the value for bloodPressure?

{1-high, 2-mid, 3-low, 99-exitShell]

Enter the choicer 3.

The answver is __waxd__ with probability 0.0428571
expert-shell> why.

The answver is .. .ward... with probability = 0.0428571.
The known storage are

[BloodPressure(lov}. comfort(10)}

expert—shell>

31} 4.4 11319 expert system shell wova Tumadoya
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/¥ ==s=s===s=== Post-Data Mining : main program ========= */
f i e - How te run --—-—---

1. call id3menuAli3.pl ~~> expertshelll.pl

2. expertshell.

3. load. and input 'i.knb'.

4. solve.

5. why.

6. qguit.

___________________________ */

:~dynamic known/l, answer/2.

expertsheil :-
greeting,
repeat,
write ('expert~sheli> "),
read(X),
do (X},
(X == quit;X == 99),
writeln('>>>>Goodbye, see you later<<<<'), !.

greeting :-
write('This is the Easy Expert System shell.'), nl,
native_help.

de{help) :- native_help, !.
do{load) :~ load kb, !.
do(solve) :- solve, .

do (why) :-why, ! .

dof{guit). do(99).

do(X) :- write (X},
write{' is nct a legal command.’'), nl, fail.

native_help :-

write('Type help. load. solve. why. guit. or 99.'},nl,
write('at the prompt.'), nl,.

load_kb :- write('Enter file name in single quotes {ex. '‘l.knb''.): '),
read({F},

reconsult {F).

solve - retractall (known{ _} }rretractall {answer(_, )),
top goal (X,V),
format ('The answer is _ ~w__ with probability -~w',[X,V}1),
assert (answer (X, V}),nli.

solve - write('No answer found.')},nl.

menuask{Pred, Value, Menu) : -
menuask (Pred, Menu) ,
atomic_iist concat(([Pred,' (',Value,')'],X},
term_to_atom(T, X}, known (T}, !.

menuask {Pred, ) :-
atomic_list concat ([Pred,'(','_',')'),X), % check for recorded predicate
term to_atom(T,X),known(T),!. % not ask again

menuask {Attribute, Menu} :—
nl,write{'What is the value for '),
write (Attribute),write('?%},nl,
addchoice (Menu, MenuRes) ,writeln {MenuRes),




39

write{'Enter the choice> '},

read(C),

member (C-V, MenuRes),

(C=89 -> abort ; true),

atomic_list concat([Attribute,'(',V,*}'],%},
term_to_atom(T, X},

asserta{known(T}).

why:- answer(A,V),
format ('~nThe answer is ...~w... with probability = ~w.~n', [A,V]),
findall{ X , known(X),Result),
writeln('The known storage are'),
writeln{Result).

addchoice (X,Res) : -
length (X, Len),
numlist (1, Len, NumL),
map {NumL, X, Res) .,

map ([},[}, [99~exitShell]}.
map ({HIT], [X|TT], [H-X|T1}):~ map(T,TT,T1}.
% ========= End of Expert System Shell Program s===s====m=
% EaR o
% Rule induction program
% Ib3-based algorithm with probabilistic values
% Lo
addAllEKnowledge: -
findall({A},pathFromRootToLeaf(A,_),Res) "

retractall (_>> >»> ),
maplist (apply(assert),Res),
write (addToKNB),nl. % add to knowledge base

selectRule (V, Res) :-
findall(N>>x>>Class,(X>>Cla35>>N,N>mV),Resl},
sort (Resi, Res2),
reverse (Res2,Res) .

path (&, [HIT]},C):~
edge (&, H,B),
path(B,T,C}.

path{C, [),C}):-!.

pathFromRootToLeaf (V>>Class>>Num, C) : -
path(1,Vv,C),
node {C, Valuel-Value2),
(Valuel={}] ; Value2=[]),
(Valuel=[]~>length(Value?, Numb) ; length (Valuel, Numb) ),
total+Total,
Num is Numb/Total, hasClass{C1,C2},
(Valuel=[]->Class=C2 ; Class=Cl).

min_cand{[H|T}, Min) :-
min_cand{T, H, Min}.

min cand([], Min, Min).

min cand([H|T], Min0, Min) :-
H=[V, __I_] Min0=[Vv0, _1_] l
{ V<V0 ->Minl=H;Minl=Min0},
min_cand(T, Minl, Min}.
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cand_node ({H|T],CurInstl, [[Val, H,Splitel] |OtherAttr]) -
info(H,CurlInstl,Val, Splitel),
cand_node(T,CurInstL,OtherAttr).

cand_nede([],_, []):-!.
cand_node(_, []1,[]).

concat3(A,B,C,R) -
atom concat (A,B,Rl),
atom_concat {R1,C,R).

info(A,Curlnsti,R, Splite):-
attribute (A, L},
maplist (concat3 (A,=),L,Ll},%make & good Form
suminfo (L1, CurlnstL,R,Splite).

suminfo([H|T),CurlnstL, R, [Splite|ST])} :-

AllBag=CurlnstL, hasClass(C1,C2),

term to_atom(H1,H),

findall(XI,(instance(Xl,_,Ll),member(Xl,Cu:InstL),
member (H1, L)), BagGro),

findall(XZ,(instance(X2,cla55mC1,L2),member{x2,CurInstL),
member (H1, L2) ), BagPos),

findall(XB,(instance(XB,ciass=C2,L3},member(XB,CurInstL},
menmber (K1, L3} ), BagNeq),

{H11=H22} =H1,

length {Bl1Bag, Nall),

length (BagGro, NGro),

length (BagPos, NPos}),

length {BagNeg, NNeg},

Splite=H11-H22/BagPos-BagNeg,

suminfo (T, CurlnstL,R1, ST},

{ NPos is 0 *->L1 = O; Ll is (log(NPos/NGro}/log(2)) ),

( D is NNeg *-»L2 = 0; L2 is (log (NNeg/NGro} /log(2)) 3,

{ NGro is 0 -» R= 899;

R is {NGro/Nall)* (- (NPos/NGro)*Ll~ (NNeg/NGro)*L2)+R1l )
suminfo({], ,0,{}).

:— dynamic current node/l,node/2, edge/3, hasClass/2, type/2.

init (AllAttr, [root-nil/PB-NB]) :-
retractall (hasClass{_, }),
attribute( class, [ Yi, Y21},
assert (hasClass{Y1l,Y2}),
retractall (node(_, )},
retractall (current_node( )),
retractall{type(_, )},
retractall{edge(_, , )},
assert{current node(0}) ,
hasClass {C1,C2},
findall(X,attribute(X,w),AllAttrl),delete(AllAttrl,class,AllAttr)g
findall(X2,instance(x2,class=C1,~),PB),
findall (X3, instance (X3, class=C2, },NB),
length (PB, N1), length (NB,N2),N is N1+NZ,
retractall (total+ ),
apply(assert, [total+N] ).
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getnode (X} :~
current_node (X),
Xl is X+1,
retractall(current_node(_)),
assert (current node(X1)),
X1 <4000. % limit tree size at 4000 nodes

create_edge onelevel ( , ,[]}):-!.
create edge onelevel (_,[], ):-1!, »
create_edge_onelevel (N,AllAttr,Edgelist):- create nodes (N,AllAttr,Edgelist).

create_nodes(N,AllAttr, [H1-H2/PB~NB|T]):-

getnode (N1),

assert {(edge {N,Hi=H2Z,N1)},

assert (node (N1, PB-NB} },

append (PB,NB,AllInst),

( (PBA==[], NB\==[]}->
{cand~node(AllAttr,AilInst,AllSplite),
min_cand(AllSplite, [V,MinAttr,Splite]},
delete (AllAttr, MinAttr, Attr2),
create_edge _onelevel{ N1,Attr2,Splite)) ; true },

create _nodes (N,AllARttr,T).

create_nodes{_, ,[})
create_nodes(_, [],_):-!.

mainId3(Min):-
init (R1lAttr,Bdgelist),
getnode (N),
createmedge_onelevel(N,AllAttr,EdgeList),
addaliknowledge,
selectRule (Min, Res),
writeln (Res),
tell('l.knb'},
writeHeadF,
maplist {createRulel, Res),
nl,writeTailF,
told, writeln(endProcess).

% ________________________
writeHeadF :-~
format ('% 1l.knb ~n% for expert shell. --- written by Postprocess'),
format {'~n% top_goal where the inference starts.~n'},
format ('~ntop_goal (X,V) :- type(X,V).~n').
writeTailfF:~
findall(_, (attribute(s,L),

format ('~n~w (¥) : ~menuask (~w, X, ~w) . %generated menu', {S,S,L)}), ),
format {'~n~n%end of automatic post process').

id3menun: -

new (Dialog,dialeg('Create Rules from 1d3'}),

send_list{Dialog, append,

[ new(DL, text_item(datafile, 'post-operative.pl'}),
new(Per, text_item(minProb, '0.016'}),
button(cancel, message (Dialog, destroy)),
button{enter, and{message (Bproloy, callid3, D1?selection, Per?selection )y
message (Dialog, destroy})) % entersdestroy

1),

send (Dialoyg, open).
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o

K

callld3({Dfile, Per}: -
term_to_atom(Perl, Per),
consult (Dfile},
mainld3 (Peri).

:~id3menu.

transforml { (X=V], [Res]):-
atomic_list_concat ({X,'{(',V,"'}"'],Resl),
term_to_atom({Res,Resl}, !.

transformi {[X=V|T]), [Res{T1l}]):-
atomic_list concat{[X,'(',V,')'],Resl),
term to_atom(Res,Resl),
transforml (T, T1).

createRulel (1} :~
I=2>>X>»>Y,
transforml (X, BodyL),
format ("~ntype (~w,~w) :-", [Y,Z}),
myformat (BodyL) ,
write(' % generated rule'},!.

myformat ({X]) :=write(X),write('.'),!.
myformat ([H|T]}) :~write (H),write(',"'), myformat(T).

oP

EesSSian = End of Rule Induction Program s======
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% bata File: Post-operative.pl

Y e e —— e

% class home = after operation patient prepared to gce home

3 class ward = patient not in good condition: sent to general floor
attribute( internalfemp, [mid, high, low) ).

attribute( surfaceTemp, imid,high, leow)] }.

attribute{ oxygenSaturaticn, fexcellent, good, fair, poor} ).
attribute({ bloodPressure, [high, mid, low] ).

attribute ( tempStability, [stable, mod stable, unstable] ).
attribute( coreTempStability, [stable,mod_stable, unstable} ).
attribute( bpStability, {stable, mod_stable, unstable}] ).
attribute{ comfort, [5, 7, 10, 15} }.

attribute({ class, [ home, wardi}.

instance (1, class=ward, [internaiTemp=mid, surfaceTemp=low, oxygenSaturation=excellent,
bkloodPressure=mid, tempStability=stable, coreTempStability=stable,
bpStability=stable, comfort=15} ;.

instance (2, class=home, [internalTemp=mid, surfaceTemp=high, oxygenSaturation=excellent,
bloodPressure=high, tempStability=stable, coreTempStability=stable,
bpStability=stable, comfort=10) }.

instance{3, class=ward, [internalTemp=high, surfaceTemp=low, oxygenSaturation~excellent,
bloodPressure=high, tempStability=stable, coreTempStability=stable,
bpsStability=mod stable, comfort=10] ).

instance (4, class=ward, [internalTemp=mid, surfaceTemp=low, oxygenSaturation=good,
bloodPressure=high, tempStability=stable, coreTempsStability=unstable,
bpStability=mod_stable, comfort=15} ).

instance (5, class=ward, {internalTemp=mid, surfaceTemp=mid, oxygenSaturation=excellent,
bloodPressure=high, tempStability=stable, coreTempStability=stable,
bpStability=stable, comfort=10} }.

instance (6, class=home, [internalTemp=high, surfaceTemp=low, oxygenSaturation=good,
bloodPressure=mid, tempStability=stable, coreTempStability=stable,
bpStability=unstable, comfort=15] }.

instance(?, class=home, [internalTemp=mid, surfaceTemp=low, oxygenSaturation=excellent,
bloodPressure=high, tempStability=stable, coreTempStability=stable,
bpStability=mod stable, comfort=5} ).

instance {8, class=home, [internalTemp=high, surfaceTemp=mid, oxygenSaturation=excellent,
bloodPressure=mid, tempStability-unstable,
cereTempStability=unstable, bpStability=stable, comfort=10]).

instance (9, class=home, [internalTemp=mid, surfaceTemp=high, oxygenSaturation=good,
bloodPFressure=mid, tempStability=stable, coreTempStability=stable,
bpStability=stable, comfort=10] ).

instance (10, class=home, [internalTemp=mid, surfaceTemp=low, oxygenSaturation=excellent,
blocdPressure=mid, tempStability=unstable, coreTempStability=stable,
bpStability=mod_stable, comfort=19] }.

instance (11, class=ward, [internaiTemp=mid, surfaceTemp=mid, oxygenSaturation=good,
bloocdPressure=mid, tempStability=stable, coreTempStability=stable,
bpStability=stable, comfort=15])}.

instance (12, class=ward, {internalTemp=mid, surfaceTemp=low, oxygenSaturaticn=good,
bloodPressure=high, tempStability=stable, coreTempStability=stable,
bpStability=mod_stable, comfort=10} ).

instance (13, class=ward, [internalTemp=high, surfaceTemp=high, oxygenSaturation=excellent,
bloodPressure=high, tempStability=unstable, coreTempStability=stable,
bpStability=unstable, comfort=15} ).

instance (14, class=ward, [internalTemp=mid, surfaceTemp=high, oxygenSaturation=good,
bloodPressure=migd, tempStability=unstable, coreTempStability=stable,
bpStability=mod stable, comfort=10] ).

instance{l5, class=home, [internalTemp=mid, surfaceTemp=low, oxygenSaturation=good,
bloodPressure=high, tempS3tability=unstable,
coreTempStability=unstable, bpStability=stable, comfort=15}}.

instance (16, class=ward, [internalTemp=high, surfaceTemp=high, oxygenSaturation=excellent,
bloodPressure=high, tempStability=unstable, coreTempStability=stable,
bpStability=unstable, comfort=10} ).

instance (17, ¢lass=ward, [internalTemp=low, surfaceTemp=high, oxygenSaturation=gocod,
bloodPressuxre=high, tempStability=unstable, coreTempStability=stable,
bpsStability=mod stable, comfort=15]),

instance(18, class=ward, {internalTemp=mid, surfaceTemp=low, oxygenSaturation=gcod,
bloodPressure=high, tempStability=unstable, coreTempStability=stable,
bpStability=stable, comfort=10) }.
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instance (20,

instance (21,
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instance (23,
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instance (28,
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instance (31,
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instance (34,
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class=ward,

class=ward,

class=home,

class=ward,
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class=ward,

class=ward,

class=waxrd,

class=home,

class=ward,

class=ward,

class=ward,

class=ward,

class=ward,
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class=home,
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class=home,

class=ward,

class=ward,
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[internalTemp>mid, surfaceTemp=high, oxygenSaturation=good,
blcodPressure=mid, tempStability=unstable, coreTempStabkility=stable,
bpStability=unstable, comfort=15] ).

[internalTemp=mid, surfaceTemp=mid, oxygenSaturation=gcod,
bloodPressure=mid, tempStability=stable, coreTempStability=stable,
bpStability=stable, comfert=10] }.

[internalTemp=low, surfaceTemp=high, oxygenSaturation=good,
bloodPressure=mid, tempStability=unstable, coreTempStability=stable,
bpStability=stable, comfort=15] ).

[internalTemp=low, surfaceTemp=mid, oxygenSaturation=excellent,
bloodPressure=high, tempStability=unstable, coreTempStability=stable,
bpStability=unstable, comfort=1(] ).

[internalTemp=mid, surfaceTemp=mid, oxygenSaturation=good,
bloodPressure=mid, tempStability=unstable, coreTempStability=stabie,
bpStability=unstable, comfort=15] ).

[internalTemp=mid, surfaceTemp=mid, oxygenSaturation=good,
bloodPressure=mid, tempStability=unstable, coreTempStability=stable,
bpstability=stabie, comfort=10} ).

[internalTemp=high, surfaceTemp=high, oxygenSaturation=good,
bloodPressure=mid, tempStability=stable, coreTempStability=stable,
bpstability=mod_stable, comfort=101 ).

[internalTemp=low, surfaceTemp=mid, oxygenSaturation=good,
bloodPressure=mid, tempStability=unstable, coreTempStability=stable,
bpStability=stable, comfort=10] }.

{internalTemp=high, surfaceTemp=mid, oxygenSaturation=good,
bloodPressure=low, tempStability=stable, corefempStability=stable,
bpStakbility=mod stable, comfort=10] }.

[internalTemp=low, surfaceTemp=mid, oxygenSaturation=excellent,
bleoodPressure=high, tempStability=stable, coreTempStability=stable,
bpstabilityzmod_stable, comfort=10} ).

[internalTemp=mid, surfaceTemp-mid, oxygenSaturation=excellent,
bloodPressure=mid, tempStability=stable, coreTempStability=stable,
bpStability=unstable, comfort=15]}.

finternalTemp=mid, surfaceTemp=mid, oxygenSaturation=good,
bloodPressure=mid, tempStability=unstable, coreTempStability=stable,
bpStability=unstable, comfort=10]).

[internalTemp~mid, surfaceTemp=mid, oxygenSaturation=good,
bloodPressure~high, tempStability=unstable, coreTempStability~stable,
bpStability=stable, comfort=10}).

[internalTemp=low, surfaceTemp=low, oxygenSaturation=good,
bloodPressure=mid, tempStability=unstable, coreTempStability=stable,
bpStability=unstable, comfort=10]}.

[internalTemp=mid, surfaceTemp=mid, oxygenSaturation=excellent,
blocdPressure=high, tempStability=unstable, coreTempStability=stable,
bpStability=mod_stable, comfort=10]}.

[internalTemp=mid, surfaceTemp=lcw, oxygenSaturation=good,
bloodPressure=mid, tempStability=stable, coreTempStability=stable,
bpStability=stable, comfort=il]).

[internalTemp=low, surfaceTemp=mid, oxygenSaturation=excellent,
bloodPressure=high, tempStability=stable, coreTempStability=stable,
bpStability=med stable, comfort=10]).

[internalTemp=mid, surfaceTemp-mid, oxygenSaturation=gcod,
bloocdPressure=mid, tempStability=stable, coreTempStability=stable,
bpStability=stable, comfort=10%).

[internalTemp=low, surfaceTemp=mid, oxygenSaturation=excellent,
bloodPressure=mid, tempStability=stable, coreTempStability=stable,
bpStability=stable, comfort=1G)).

[internalTemp=low, surfaceTemp=low, oxygenSaturation=good,
bloodPressure~mid, tempStability=unstable, coreTempStability=stable,
bpStability=unstable, comfort=10]).

[internalTemp=low, surfaceTemp=low, oxygenSaturation=gcod,
bloodPressure~mid, tempStability=stable, coreTempStability=stable,
bpstability=stable, comfort=7]).

finternalTemp=mid, surfaceTemp=mid, oxygenSaturation=good,
bloodPressure=high, tempStability=unstable, coreTempStability=stable,
bpStability=mod_stable, comfort=10]).

[internalTemp=low, surfaceTemp=low, oxygenSaturation=good,
bloodPressure=mid, tempStability=unstable, coreTempStability=stable,
bpStability=stable, comfort=10]).
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instance (48,
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instance (50,
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instance (52,

instance (53,

instance (54,

instance (55,

instance (56,
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instance (58,
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instance (62,
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class=ward,

class=ward,
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class=ward,
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class=ward,

class=home,
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[internalTemp=low, surfaceTemp=mid, oxygenSaturation=good,
blopdPressure=mid, tempStability=stable, coreTempStability=stable,
bpstability=stable, comfort=15]).

finternalTemp=high, surfaceTemp=high, oxygenSaturation=good,
blocdPressure=high, tempStability=unstable, coreTempStability=stable,
bpStability=stable, comfort=i5]}. ;

[internalTemp=mid, surfaceTemp=mid, oxygenSaturation=goocd,
bloodPressure=mid, tempStazbility=stable, coreTempStability=stable,
bpstability=stable, comfort=10}).

[internaiTemp=low, surfaceTemp=low, oxygenSaturation=excellent,
bloodPressure=mid, tempStability=stable, coreTempStability=stable,
bpStability=stable, comfort=1Q0]).

{internalTemp=1low, surfacefempsmid, oxygenSaturation=geod,
bloodPressure=mid, tempStability=unstable, coreTempStability=stable,
bpStability=stable, comfort=10]).

[internalTemp=mid, surfaceTemp=mid, oxygenSaturaticon=excellent,
blocdPressure=mid, tempStability=unstable, coreTempStability=stable,
bpStability=stable, comfort=10]).

{internalTemp=mid, surfaceTemp=high, oOxygenSaturation=good,
bloodPressure=low, tempStability=unstable, coreTempStability=stable,
bpStability=stable, comfort=10)}.

[internalTemp=mid, surfaceTemp=high, oxygenSaturation=gocd,
bloodPressure=mid, tempStability=unstable,
coreTempStability=mod_stable, bpStability=med stable, comfort=1Q4]).

[internalTemp=low, surfaceTemp=high, oxygenSaturation=excellent,
bloodPressure=mid, tempStabiliiy=unstable, coreTempStability=stable,
bpStability=stable, comfort=101).

{internalTemp=mid, surfaceTemp=low, oxygenSaturaticon=excellent,
bloodPressure=high, tempStability=unstable, coreTempStability=stable,
bpStability=unstable, comfort=14}1}1.

[internalTemp=mid, surfaceTemp=mid, oxygenSaturation=gocd,
bloodPressure=mid, tempStability=unstable, coreTempStability=stable,
ppStability=mod_ stable, comiort=1017).

[internalTemp=high, surfaceTemp=high, oxygenSaturation=excellent,
blocdPressure=mid, tempStability=unstable, coreTempStability=stable,
bpStability=med _stable, comfort=10]).

[internalTemp=mid, surfaceTemp=mid, oxygenSaturation=good,
bloodPressure=mid, tempStability=unstable, coreTempStability~stable,
bpStability=stable, comfort=15]).

[internalTemp=high, surfaceTemp=mid, oxygenSaturatien=good,
bloodPressure=high, tempStability=stable, coreTempStability=stable,
ppStability=unstable, comfort=15]).

{internalTemp=mid, surfaceTemp=low, oxygenSaturation=good,
bloodPressure=high, tempStability=unstable, coreTempStability=stabie.
bpStability=mod_stable, comfort=10]}.

[internalFemp=low, surfaceTemp=low, oxygenSaturation=good,
bloodPressure=high, tempStability=stable, corefempStability=stable,
bpStability=stable, comfort=1i0}}.

[internalTemp=mid, surfaceTemp=high, oxygenSaturation=good,
bloodPressure=mid, tempStability=stable, coreTempStability=stable,
bpstability=med_stable, comfort=1031}.

[internalTemp=mid, surfaceTemp=high, oxygenSaturation=good,
bloodPressure=mid, tempStability=unstable, coreTempStability=stable,
bpStability=unstable, comfort=10]}.

[internalTemp=mid, surfaceTemp=low, oxygenSaturation=excellent,
bloocdPressure=high, tempStability=stable, coreTempStability=stable,
bpStability=stable, comfort=10}]).

finternalTemp=mid, surfaceTemp=mid, oxygenSaturation=good,
bloodPressure=mid, tempStability=stable, coreTempStability=stable,
bpsStabiiity=unstable, comfort=10}}.

[internalTemp~mid, surfaceTemp=low, oxygenSaturation=excellent,
bloodPressure=mid, tempStability=stable, coreTempStability=stable,
bpsStebility=unstable, comfort=10]).

{internalTemp=high, surfaceTemp=mid, oxygenSaturation=excellent,
bloodPressure=mid, tempStability=unstable,
coreTempStability=unstable, bpStability=unstable, comfort=10)}.

{internalTemp=mid, surfaceTemp=mid, oxygenSaturation=good,
bloodPressure=high, tempStability=stable, coreTempStability=stable,
ppStability=stable, comfort=10]).



instance (65,

instance (66,

instance (&7,

instance (68,

instance (69,

instance (70,

%

class=ward,

class=ward,

class=ward,

class=ward,

class=ward,

class=home,

/* *** Test Data

| =m=m=m=

instance (7],

instance (72,

instance (73,

instance (74,

instance (75,

instance (76,

instance {77,

instance (78,

instance (79,

instance (80,

instance (81,

instance{B82,

instance (83,

instance (84,

instance (85,

instance (86,

*/

class=ward,

class=ward,

class=ward,

class=ward,

class=ward,

class=home,

class=ward,

class=ward,

class=home,

clags=ward,

class=ward,

class=ward,

class=home,

class=ward,

class=ward,

class=home,
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[internalTemp=mid, surfaceTemp=low, oxygenSaturation=excellent,
bloodPressure~mid, tempStability=unstable, coreTempStability=stabie,
bpstability=stable, comfort=10])}.

[internalTemp=mid, surfaceTemp=mid, oxygenSaturation=excellent,
bloodPressure=mid, tempStability=unstable, coreTempStability=stable,
bpStability=stable, comfort=10]).

[internalTemp=mid, surfaceTemp=mid, oxygenSaturation=excellent,
blocdPressure=high, tempStability=stable, corsTempStability=stable,
bpStability=stable, comfort=10]}.

[internalTemp=mid, surfaceTemp=mid, oxygenSaturation=excellent,
bloodPressure=low, tempStability=stable, coreTempStability=stable,
bpStability=stable, comfort=101),

[internalTemp=low, surfaceTemp=low, oxygenSaturation=excellent,
bloodPressure=mid, tempStability=stable, coreTempStability=stable,
bpStability=stable, comfort=10)).

[internalTemp=mid, surfaceTemp=mid, oxygenSaturation=excellent,
bloodPressure=mid, tempStability=stable, coreTempStability=stable,
bpStability=mod stable, comfort=10]).

[internalTemp=mid, surfaceTemp=mid, oxygenSaturation=excellent,
bloodPressure=high, tempStability=stable, coreTempStability=stable,
bpstability=stable, comfort=10}}.

[internaiTemp=mid, surfaceTemp=low, oxygenSaturation=excellent,
bioodPressure=high, tempStability=stable, coreTempStability=stable,
bpStability=mod stable, comfort=10]}).

[internalTemp=low, surfaceTemp=mid, oxygenSaturation=good,
blocdPressure=mid, tempStability=stable, coreTempStability=stable,
bpStability=unstable, comfort=10]).

{internalTemp=mid, surfaceTemp=mid, oxygenSaturation=excellent,
bloocdPressure=mid, tempStability=stable, coreTempStability=stable,
bpstability=mod_stable, comfort=10}).

[internalTemp=mid, surfacefemp=mid, ozygenSaturation=excellent,
blocodPressure=mid, tempStability=stable, coreTempStability=stable,
bpStability=unstable, comfort=16]).

[internalTemp=mid, surfaceTemp=mid, oxygenSaturation=excellent,
bloodPressure=mid, tempStability=unstable,
coreTempStability=unstable, bpStability=stable, comfort=10]}.

[internalTemp=mid, surfaceTemp=mid, oxygenSaturation=good,
bloodPressure=high, tempStability=stable, coreTempStability=stable,
bpStability=stable, comfort=10)}.

finternalTemp=mid, surfaceTemp=mid, oxygenSaturatieon=excellent,
bloocdPressure=mid, tempStability=stable, coreTempStability=stable,
bpStahility=stable, comfort=15}}.

[internalTemp=mid, surfaceTemp=mid, oxygenSaturation=excellent,
bloodPressure=mid, tempStability=stable, coreTempStability=stable,
bpStability=stable, comfort=10]}.

[internalTemp=high, surfaceTemp=mid, oxygenSaturation=excellent,
blcodPressure=mid, tempStability=unstable, coreTempStability=stable,
bpStability=unstable, comfort=5}),

[internalfemp=mid, surfaceTemp=mid, oxygenSaturation=excellent,
bloodPressure=mid, tempStability=stable, coreTempStability=stable,
bpsStability=unstable, comfort=10]).

[internalTemp=mid, surfaceTemp=mid, oxygenSaturation=excellent,
bloodPressure=mid, tempStability-unstable, coreTempStability=stabkle,
bpStability=stable, comfort=10}).

[internalTemp=mid, surfaceFfemp=mid, oxygenSaturation=excellent,
bloodPressure=mid, tempStability=unstable, coreTempStability=stable,
bpStability=stable, comfort=1i%]}.

[internaiTemp=mid, surfaceTemp=mid, oxygenSaturation=good,
bloodPressure=mid, tempStability=unstable, coreTempStability=stable,
bpStability=stable, comfort=15}).

[internalTemp=nid, surfaceTemp=mid, oxygenSaturation=excellent,
bloodPressure=mid, tempStability=unstable, coreTempS5tability=stable,
bpStability=stable, comfort=10]).

[internalTemp=mid, surfaceTemp=mid, oxygenSaturation=good,
bloodPressuresmid, tempStability=unstable, ceoreTempStability=stable,
bpStability=stable, comfort=151).
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% _______________________________

% Data: Breast-cancer.pl

% _______________________________

% Diagnosis recurrence of breast cancer

% class = yes : recurrent events

% class = no ! no recurrence

%

attribute{age, [range20_29, range30_39, ranged4(_49, ranged0_59, rangebd 63}).

attribute (menopause, [1t40, ged0, premenol).

attribute (tumorSize, (rang0 4, range5 9, rangel0_14, rangel5_ 19, range20 24, range25 29,
range3C_ 34, range35 3%, range40_44, rangedS5S_49%, range30_541]).

attribute {invNodes, [rangel_2, range3 5, range6_8, range9_ ll; rangel5_ 17, range2d_26]}.

attribute (nodeCaps, [missing, yes, nel).

attribute (degMalig, [1, 2, 31).

attribute (kreast, fleft, rightl;}.

attribute (breastQuad, [left_up, left low, right_up, right low, centrall).

attribute{irradiat, {yes, nol).

attribute{class, fno, yesi).

instance{l, class=yes, {age=ranged40_4%, menopause=premenc, tumorSize=rangel5 19,
invNodes=range(_2, nodeCaps=yes, degMalig=3, breast=right,
breastQuad=left_up, irradiat=nol).

instance{2, class=no, [age=rangeS50_5%, menopause=ge40, tumorSize=rangel5_ 1%,
invNodes=range0_2, nodeCaps=no, degMalig=1, breast=right,
breastQuad=central, irradiat=nol}.

instance{3, class=yes, lage=range50 5%, menopause=ge4(, tumorsize=range35_39,
invNodes=range0_ 2, nodeCaps=no, degMalig=2, breast=left,
breastQuad=left low, irradiat=no]}. i

instance{4, class=no, [age=range4(_49, mencpause-prerenc, tumorsSize=range35 39,
invNodes=range0_2, nodeCaps=yes, degMalig=3, breast=right,
breastQuad=left low, irradiat=yes]).

instance (5, class=yes, [age=range40_ 4%, mencpause-premenc, tumorSize=range30_34,
invNodes=range3 5, nodeCaps=yes, degMalig-=2, breast-left,
breastQuad=right up, irradiat-=nocl).

instance(6, class=no, [age=range50_ 59, menopause=premeno, tumorSize=range25_ 29,
inviodes=range3d 5, nodeCaps=nc, degMalig=2, breast=right,
breastQuad=left_up, irradiat=yes]).

instance(?, class=no, [age=range50_59, menopause=ge4d, tumorSize=range40_44,
invNodes=range( 2, nodelaps=noc, degMalig=3, breast=left,
breastQuad=left up, irradiat=no]).

instance(8, class=neo, [age=ranged( 49, menopause=premeno, tumorSize=rangel0l_l4,
inviedes=range(_2, nodeCaps=no, degMalig=2, breast=left,
breastQuad=left_up, irradiat=noc]}.

instance(9, class=no, [age=ranged{_ 49, menopause=premenc, tumorSize=range0_4,
invNodes=range0_2, nodeCaps=no, deglalig=2, breast=right,
breastQuad=right low, irradiat=no]}.

instance (10, class=nc, [age=ranged0 49, menopause-gedl, tumorSize=ranged(_44,
invNodes=rangel5_ 17, nodeCaps=yes, degMalig=2, breast=right,
breastQuad=left up, irradiat=yes]).

instance(1l, class=nc, [age=range50 59, menopause=premenc, tumcrSize=range23 29,
invNodes=range0_2, nodeCaps=no, degMalig=2, breast=left,
breastQuad=left_ low, irradiat=no]}.

instance(12, class=no, [age=rangefl 69, menopause=gedl, tumorSize=rangeld_ 1%,
invNodes=range0_2, nodeCaps=no, degMalig=2, breast=right,
breastQuad=left up, irradiat=no]}.

instance (13, class=no, [age=range50_59, menopause=ge40, tumorSize=range30_ 34,
invNodes=range0_2, nodeCaps=no, degMalig=1l, breast=right,
breastQuad=central, irradiat=no}).

instance (14, c¢lass=no, [age=rangebC 59, mencpause=ge40, tumorSize=range25_ 2%,
invNedes=range0_2, nodeCaps=no, degMalig=2, breast=right,
preastQuad=left up, irradiat=nol]).

instance (15, class=yes, [age=range4(_4%, mencpause=premenc, tumorSize=range23 29,
invNodes=range{_ 2, nodeCaps=no, degMalig=2, breast=left,
breastQuad=left low, irradiat=yes]).

instance(16, class=no, [age=range30_ 39, mencpause=premenc, tumorSize=rangez0_24,
invNodes=ranged 2, nodeCaps=no, degMalig=3, breast=left,
breastQuad=central, irradiat=nc]).

instance(17, class=no, [age=range50_59, mencpause=premenc, tumorSize=rangelC_14,
invNodes=range3 5, nodeCaps=no, degMalig=l, breast=right,
preastQuad=left up, irradiat=nol).



instance(18,

instance{l9,

instance (20,

instance(21,

instance{22,

instance {23,

instance (24,

instance (25,

instance (26,

instance (27,

instance (28,

instance (29,

instance (30,

instance {31,

instance (32,

instance (33,

instance (34,

instance (35,

instance (36,

instance (37,

instance (38,

instance {39,

instance (49,

class=no,

class=no,

class=no,

class~=yes,

class=no,

class=no,

class=no,

class=yes,

class=nco,

class=no,

class=no,

class=no,

class=yes,

class=yes,

class=no,

class=no,

class=no,

class=yes,

class=no,

class=no,

class=no,

class=no,

class=no,
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fage=range60_69, menopause=ged(, tumorSize=rangel5 19,
invNodes=ranged_2, nodeCaps=no, degMalig=2, breast=right,
breastQuad=left _up, irradiat=no)}.

[age=range50 59, menopause=premeno, tumorSize= =ranged 44,
invNedes= =rangel_2, nodeCaps=no, degMalig=2, breast*left,
breastQuad~leftwpp, irradiat=nec]).

[age=range50_59, mencpause=gedl, tumorsize=range20_24,
invNodes=rangeU_2, nodeCaps=no, degMalig=3, breast=left,
breastQuad=left_up, irradiat=no]}.

[age=range30_59, menopause=1t40, tumorSize=range20_ 24,
1nvNodes~range0 2, nodeCaps=missing, degMalig=1, breast=left,
breastQuad=}eft_low, irradiat=no]).

{age=range60 6%, menopause=ge40, tumorSize=range4G_44,
invNodes= range3 5, nodeCaps=no, degMalig=2, breast*rlght,
breastQuad=left _up, irradiat=yes]).

fage=range50_59, menopause=gedl, tumorSize=rangel5_19,
invNodes=rangef_2, nodeCaps=no, degMalig=2, breast=right,
breastQuad=left _low, irradiat=noj).

[age=range40 43, menopause=premeno, tumorSize= rangeld_14,
invNodes=rangeQ 2, nodeCaps=no, degMalig=1, breast—rlght,
breastQuad=left up, irradiateno}).

[age=range30_39, menopause~premeno, tumorSize= rangel5 19,
invNodes=range6_B, nodeCaps=yes, degMalig=3, breast=lef:,
breastQuad*left_low, irradiat=yes]}.

[age=range50_59, menopause=ge4{, tumorSize=range20 24,
invNodes=range3 5, nodeCaps=yes, degMalig=2, breast=right,
breastQuad=left_up, irradiat=no)).

[age=range50_59, menopause=ged(, tumorSize= =rangel0_14,
invNodes=range0_2, nodeCaps=no, degMalig=2, breast= =right,
breastQuad= leftnlow, irradiat~=nec]).

fage=ranged0_ 4%, menopausespremeno, tumorSize=rangelC_ 14,
invNodes=range0_2, nodeCaps=no, degMalig=1, breast=right,
breastQuad=left up, irradiat=no]).

[age=range6C 69, menopause=gedl, tumorSize=range30_34,
invNodes=range3 5, ncdeCaps=yes, degMalig=3, breast=left,
breastQuad=left low, irradiat=no]).

[age=ranged40_49, menopause=premeno, tumorSize= =rangel5_ 19,
invNodes=rangel5_ 17, nodeCaps=yes, degMalig=3, breast= left,
breastQuad=left low, irradiat=noj).

[age=range60_69, menopause=gedl, tumorSize=range3( 34,
invNodes=range0_ 2, nodeCaps=no, degMalig=3, breast=right,
breastQuad=central, irradiat=noil).

[age=range60_ 6%, menopause=ged0, tumorSize= =range25_ 29,
invNodes=range3_5, nodeCaps=missing, degMalig=1, breast= right,
breastQuad=left_low, irradiat=yes]}.

fage~range50_5%, menopause=ge40, tumorS8ize~range25 29,
invNodes=range0_2, nodeCaps=no, degMalig=3, breast=left,
breastQuad=right_up, irradiat=no]}.

[age=range50_5%, menopause=ge40, tumorSize=range20 24,
invNedes=range0_2, nodeCaps=noc, degMalig=3, breast=right,
breastQuad=left up, irradiat=ne]).

[age=ranged{ 43, menopause=premeno, tumorSize= range30_34,
invNodes= rangeO 2, nodeCaps=no, degMalig=l, breast=left,
bxeastQuad—left low, irradiat=yes]).

[age=range30_39, menopause=premeno, tumorSize=rangel5_19,
invNodes=range0_2Z, nodeCaps=no, degMalig=1, breast=left,
breastQuad=left low, irradiat=no]).

fage=range40_4%, mencpause=premeno, tumcrsSize=rangelC_14,
invNodes=rangel_2, nodeCaps=no, degMalig=2, breast=right,
breastQuad=left up, irradiat=no)}.

[age=range6) 69, menopause=ge40, tumorsSize=ranged5_ 49,
invNodes=range6_8, nodeCaps=yes, degMalig=3, breast=left,
breastQuad=central, irradiat=nc]).

[age=range40 49, menopause=gedl, tumorSize=range20 24,
invNedes=range0_2, nodeCaps=no, degMalig=3, breast=left,
breastQuad=left low, irradiat=no}).

[age=ranged0 49, mencpause=premenn, tumorSize= =rangel( 14,
invNodes= rangeD 2, nodeCaps=no, degMalig=1, breast= =right,
breastQuad=right low, irradiat=no]).
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instance {41, class=yes, [age= range3{_39, menopause=premenc, tumorSize=range35 39,
inviNodesg= rangeo 2, nodeCaps=no, degMalig=3, breast=left,
breastQuad=left low, irradiat=no]).

instance (42, class=no, [age= range40 49, menopause=premeno, tumorSize=rangel5_39,
invNedes=range8 11, nodeCaps=yes, deghalig=2, breast= =right,
breastQuad—rlqht _up, irradiat=yes]).

instance (43, class=no, {age= =range60_£9, menopause=gedl, tumorSlze*rangeZS 29,
invNodes=range0_2, nodeCaps=no, degMal ig=2, breast= right,
breastQuad=left_low, irradiat=no]).

instance (44, class=yes, [age=range50_ 5%, menocpause=ged0, tumorsize=range20_24,
invNodes=xange3_5, nodeCaps=yes, degMalig=3, breast= right,
breastQuad=right _up, irradiat=no]}.

instance {45, class=no, [age=rangel30_3%, menopause=premenoc, tumorSize=rangels 18,
invNodes=range(_ 2, nodeCaps=no, degMalig=1, breast= left,
breastQuad=left low, irradiat=no]).

instance (46, class=yes, [age=range50 59, menopause=premeno, tumorSize= =range30 34,
invNodes=range0_2, nodeCaps=no, degMalig=3, breast=left,
breastQuad= rlght_up, irradiat=no}).

instance (47, class=no, [age=range60 69, mencpause=ged0, tumorSize- =rangel0_14,
invNedes=range0 2, nodeCaps=no, degMalig=2, breast—rlght,
breastQuads=left | _up, irradiat=yes]).

instance (48, class=no, tage=range40 49, mencpause~premenc, tumorSize= =range35 39,
invNodes=range0_ 2, nodeCaps=yes, degMalig=3, breast= =right,
breastQuad=left _up, irradiat=yes}).

instance (4%, class=no, [age= range50_59, menopause=premeno, tumorSize= =range50_54,
invNodes=rangel_2, nodeCaps=yes, degMalig=2, breast= =right,
breastQuad=left _up, irradiat=yes]}.

instance {50, class=no, l[age=range50_ 5%, mencpause=ged0, tumorSize= =ranged0_44,
invNodes= rangeG 2, nodeCaps=no, degMalig=3, breast= =right,
breastQuad=left _up, irradiat=no)}.

instance({51, class=yes, [age=range60_ 6%, menopause=gedl, tumorSize=rangels 18,
invNodes=range9_11, nodeCaps=missing, degMalig=1, breast=left,
breastQuad=left _low, irradiat=yes]).

instance (52, class=no, [age=range50 5%, menopause=1t40, tumorSize= range30_ 34,
invNodes=rangel_ 2, nodeCaps=no, degMalig=3, breast= right,
breastQuad=left up, irradiat=nol).

instance(53, class=no, fage=ranged4C_49, menopause=premeno, tumorSize= =rangel 4,
inviodes=range_2, nodeCaps=no, degMalig=3, breast= =left,
breastQuadwcentral irradiat=no}).

instance (54, class=no, [age=range60_ 69, menopause=ge40, tumorSize=range40_ 44,
invNodes=range0_2, nodeCaps=no, degMalig=1, breast=right,
breastQuad=right up, irradiat=no}).

instance{55, class=no, [age= =rznged0_49, menopause=premenc, tumorsjze~range25 29,
invNodes=range0_2, nodeCaps=missing, degMalig=2, breast=left,
breastQuad*rlght_low, irradiat=yes}).

instance(56, class=no, [age=range50_59, menopause=ged(, tumorSize= =rangez5 29,
invNodes=rangel5_ 17, nodeCaps=yes, degMalig=3, breast=right,
breastQuad=left Up, irradiat=nec]).

instance (57, class=no, [age= range5{ 5%, menopause=premeno, tumorSize=range20_24,
anNodes—rangeG 2, nodeCaps=no, degMalig=l, breast=left,
breastQuad=left _iow, irradiat=no}}.

instance({58, class=no, [age=rangeSC 59, menopause~ge40, tumorsSize=range3S 39,
invNodes= rangel5 17, nodeCaps=no, degMalig=3, breast=left,
breastQuad= left_low, irradiat=nol}).

instance (5%, class=no, fage=range50_59, menopause=ge40, tumorSize=xange50_54,
invNodes=range(_2, nodeCaps=no, degMalig=l, breast=right,
breastQuad=right _up, irradiat=neo}).

instance (60, class=yes, [age= range30 39, menopause=premeno, tumorSize= =range{_4,
1nvNode5wrangeD 2, nodeCaps=no, degMalig=2, breast= right,
bxeastQuad—central irradiat=no]).

instance(6l, class=yes, [age~range50_59, menopause=ge4(, tumorSize= =rangesl_44,
1nvNodes*range6 8, nodeCaps=yes, degMalig=3, breast=left,
breastQuad=left _low, irradiat=yes]).

instance (62, class=no, [age= ranged0 4%, menopause=premenc, tumorSize= =range30_34,
invNodes= rangeG 2, nodeCaps=nc, degMalig=2Z, breast~r1ght,
breastQuad=right_up, irradiat=yes]}.

instance (63, class=no, fage= ranged40_49, menopause=ged0, tumorSize= =rangeZC 24,
invlodes=rangel_2, nodeCaps=no, degMalig=3, breast=left,
breastQuad=left_up, irradiat=noc]).



instance {64,
instance (653,
instance (66,
instance (67,
instance (68,
instance {69,
instance {70,
instance (71,
instance (72,
instance (73,
instance{74,
insta?ce(75,
instance (76,
instance (77,
instance (78,
instance{79,
instance {80,
instance{B1,
instance (32,
instance {33,
instance (84,
instance {85,

instance {86,
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class=yes, [age~ranged40_49, menopause=premeno, tumorSize=range30_34,
invNodes=rangel5 17, ncdeCaps=yes, degMalig=3, breast=left,
breastQuad=left low, irradiat=no]).

class=yes, [age=ranged 49, menopause=ged), tumerSize=rangez0_24,
invNodes=rangel_2, nodeCaps=nc, degMalig=2, breast=right,
breastQuad=left up, irradiat=no]}.

clazss=no, [age~range30_59, menopause=gedl, tumorSize=rangel5_19,
invNodes=rangel 2, nodeCaps=no, degMalig=1l, breast=right,
breastQuad=central, irradiat=no]).

class=no, [age=range30_39, menopause=premeno, tumorSize=range25 29,
invNodes=range0_2, nodeCaps=no, degMalig=2, breast=right,
breastQuad=3ieft low, irradiat=nol}.

class=no, [age=range6( 6%, menopause=gedl, tumerSize=rangel5 18,
invNodes=range®_ 2, nodeCaps=no, degMalig=2, breast=left,
breastQuad=left low, irradiat=nol}.

class=yes, [age=range50 59, menopause=premeno, tumorSize=range50 54,
invRodes=range9 11, nodeCaps=yes, degMalig=2, breast=right,
breastQuad=left_up, irradiat=no}).

class=no, [age=~rangeld_ 39, mencpause=premeno, tumcrsize=rangel0_14,
invNodes=rangel_2, nodeCaps-=no, degMalig=1, breast=right,
breastQuad=left low, irradiat=nc])}.

class=yes, [age=range50_5%, menopause=premeno, tumorSize=range25 29,
invNodes=range3_5, nodeCaps=yes, degMalig=3, breast=left,
breastQuad=left low, irradiat=yesl]).

class=no, [age=range60 69, menopause=ge40, tumcrSize=rangel5 29,
invNedes=range3_5, ncdeCaps=missing, degMalig=1l, breast=right,
breastQuad=left_up, irradiat=yes]}.

class=no, [age=range6l 6%, menopause=ged0, tumorsSize=rangelQ 14,
invNodes=rangeG_2, nodeCaps=no, degMalig=l, breast=right,
breastQuad=left low, irradiat=no]).

class=yes, [age=range50 59, menopause=ged40, tumecrSizesrange30 34,
invNodes~rangeé_8, nocdeCaps=yes, degMalig=3, breast=left,
breastQuad=right leow, irradiat=no]}.

class=yes, [age=range3f_ 39, mencpause=premeno, tumorSize=range25 29,
invNodes=range6_ 8, nodeCaps=yes, degMalig=3, breast=left,
breastQuad=right_low, irradiat~yes}).

class=no, {[age=range50 53, menopause=ge40, tumcrSize=rangell 14,
invNodes=range0_2, nodeCaps=no, degMalig=1, hreast=left,
breastQuad=left low, irradiat=no}).

class=no, [age=rangeb0_ 59, mencpause=premenoc, tumorSize=rangelS~19,
inviedes=range0_ 2, nodeCaps=no, degMalig=l, breast=left,
breastQuad=left low, irradiat=no]).

class=no, [age-ranged40_4%, menopause=premenc, tumorSize=range25 29,
invNodes=range0_2, nodeCaps=no, degMalig=2, breast=right,
breastQuad=central, irradiat=no})}.

class=yes, [age=range40_49, menopause=premenc, LumorSize=range25 29,
invNodes=rangel_2, nodeCaps~noc, degMalig=3, breast=left,
breastQuad=right up, irradiat=no}).

class=nc, [age=range60_65, mencpause=gedl, tumorsSize=range3( 34,
invNodes=range&_ 8, nodeCaps=yes, degMalig=2, breast=right,
breastQuad=right up, irradiat=no]).

class=no, [age=range50_53, menopause=1t40, tumcrSize=rangel5 19,
invNodes=range0 2, nodeCaps=no, degMalig=2, breast=left,
breastQuad=left low, irradiat=nol).

class=no, [age=range40_49, menopause=premeno, tumorSize=range25 29,
invNedes=rangel 2, nodeCaps=no, degMalig=2, breast=right,
breastQuad~=left low, irradiat=no]).

class=no, [age=rangedC_4%, menopause=premeno, tumorSize=range3(_3¢,
invNeodes=range0_ 2, nodeCaps=no, degMalig=1l, breast=right,
breastQuad=leff up, irradiat=noj).

class=no, {age=ranget0_%9, menopause=gedl, tumorSizesrangel3 19,
invNodes=range0_2, necdeCaps=no, degMalig=2, breast=left,
breastQuad=left up, irradiat=yes]).

class=no, [age=range30_39, menopausespremeno, tumorSize=range( 4,
invilodes-range0_2, nodeCaps=nc, degMalig=2, breast=right,
breastQuad=central, irradiat=no]}.

class=nc, [age=range30_58, menopause=ged0, tumorSize=range35 39,
invNodes=rangel_ 2, nodeCaps=no, degMalig=3, breast=left,
breastQuad=left up, irradiat=no}l).




instance (87,

instance (88,

instance {89,

instance (90,

instance (91,

instance {92,

instance (93,

instance (94,

instance {95,

instance (95,

instance {97,

instance (98,

instance (99,

instance {100,

instance (10%,

instance (102,

instance (103,

instance (104,

instance {105,

instance (106,

instance (107,

instance {108,

instance (109,
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class=no, [age=ranged40_49, mencpause=premenc, tumorSize= ranged_44,
1nvN0des—zangeO 2, nodeCaps=no, degMalig=1, breast= right,
breastQuad=left up, irradiat=no]}.

class=no, [age=range30_39, menopause=—premeno, tumorSize— =rangeZb 29,
invNodes=rangeé 8, nodeCaps=yes, degMalig=2, breast= =right,
breastQuad=}eft up, irradiat=yes]).

class=no, {age=range50_ 5%, menopause=ge40, tumorSize=range20_24,
invNodes=range(_2, nodeCaps=no, degMalig=1, breast= =night,
breastQuad=left_low, irradiat=no]).

class=no, [age=range50 59, menopause gedd, tumorSize= range30_34,
1nvNodesmrangeD 2, nodeCaps=no, degMalig=1, breast= =left,
breastQuad=left up, irradiat=no]}.

class=yes, [age=range&l €9, mencpause=gedl, tumorSize= =range20 24,
invNodes= rangeD 2, nodeCaps=no, degMalig=l, breast= right,
breastQuad=left_up, irradiat=no}).

class=yes, [age=range30_ 39, menopause=premenc, tumorSize= range3(d_34,
invNedes=range3_5, necdeCaps=neo, degMalig=3, breasts= rlght,
breastQuad=left up, irradiat=yes]).

class=yes, [age~range50_59, menopause=1t40, tumocrSize= range20_24,
invNodes=ranged_2, nodeCaps=missing, degMalig=1, breast=left,
breastQuad=left _up, irradiat=nol}.

class=no, [age=rangei0_59, menopause=premeno, tumorSize=rangel0_14,
invNodes= rangeo 2, nodeCaps=no, degMalig=2, breast= right,
breastQuadwleft_up, irradiat=ne]).

class=no, {age=range50_59, menopause=ged{, tumorSize= =range2( 24,
invieodes=rangel_2, nodeCaps=no, degMalig=2, breast= =right,
breastQuad=left _up, irradiat=no}).

class=no, [age=range40_42, menopause=premenc, tumorSize= range45_49,
invNodes=rangeQ 2, nodeCaps=no, degMalig=2, breast= left,
bzeastQuad“left low, irradiat=yes)).

class=yes, [age=range30_ 39, mencpause=premenc, tumorSize= =ranged(_ 44,
invNodes=range0 2, nodeCaps=no, degMalig=1l, breast=left,
breastQuad=left_up, irradiat=ncl).

class=no, {age=range50 5%, menopause—premeno, tumorSize= =rangel0_14,
invNeodes=rangel_2, nodeCaps=no, degMalig=1, breast= =left,
breastQuad=left low, irradiat=no]).

cilass=yes, [age=range60 6%, menopause=ge40, tumorsSize=range30_ 34,
invNodes=rangeQ_2, nodeCaps=no, degMalig=3, breast=right,
breastQuad=left_up, irradiat=yes)).

class=yes, [age=range40_49, menopause=premeno, tumorSize=range35 39,
invNodes=range0_2, nodeCaps=no, degMalig=1, breast=right,
breastQuad=left up, irradiat=nol).

class=yes, [age=ranged40_49, menopause=premeno, tumorsize= =range20_24,
invNodes=range3_5, nodeCaps=yes, degMalig=2, breast=ieft,
breastQuad=left_ low, irradiat=yes}}.

class=yes, {age-range5C_59, menopause=premenc, tumorSizes= rangel5 19,
invNodes=ranged_ 2, nodeCaps=nc, degMalig=2, breast=left,
breastQuad—left_low, irradiat=no]}.

class=no, [age=range50 39, mencpause=ged0, tumorSize=range3® 34,
invNodes=range0_2, nodeCaps=no, degMalig=3, breast=right,
breastQuad=left low, irradiat=no]}.

class=no, [sge=ranget0 69, menopause=gedD, tumorSizes= =range2Q_24,
invNodes=range( 2, nodeCaps=no, degMalig=2, breast=left,
breastQuad=left up, irradiat=no]).

class=no, [age=range40_49, menopause=premeno, tumorSize=range20_24,
invNodes=range0_2, nodeCaps=nc, degMalig=1, breast=left,
breastQuad=right low, irradiat=ng]).

class=yes, lage=range60_&9, menppause=ged0, tumorSize=range30_34,
invNodes=range3 5, nodeCaps=yes, degMalig=2, breast=left,
breastQuad=central, irradiat=yes]).

class=yes, [age-range60_ 69, menopause=ged0, tumorSize=range2C 24,
invNodes=range3_5, nodeCaps=no, degMalig=2, breast=left,
breastQuad=left low, irradiat=yes]}.

class=yes, [age-range50_%9, mencpause=premenc, tumorSize=range?s 289,
invNodes=rangeD_2, nocdeCaps=no, degMalig=2, breast=left,
breastQuad=right_up, irradiat=neo}).

class=no, [age~rangeSC 5%, menopause=gedl, tumorsSize=range30_34,
invilodes=range0_2, nodeCaps=no, degMalig=l, breast=right,
breastQuad=right_up, irradiat=no}).



52

instance{l10, class=no. [age=range40_49, mencpause=premenc, tumorSize=range20 24,
invNodes=range( 2, nodeCaps=no, degMalig=2, breast=left,
breastQuad=right low, irradiat=ncl).

instance (111, class=no, [age=rangeé0 €9, menopause=gedl, tumorsize=rangel5_19,
invNedes=range0_2, nodeCaps=no, degMalig=1, breast=right,
breastQuad=left_up, irradiat=no]).

instance (112, class=no, [age=range6{ 69, menopause=ge40, tumorSize=range3t 34,
invNodes=range0_2, nodeCaps=no, degMalig=2, breast=left,
breastQuad=left low, irradiat=yesij).

instance (113, class=no, [age=range30_39, menopause-premeno, tumorSize=range30 34,
invNodes=range0_2, nodeCaps=no, degMalig=2, breast=left,
breastQuad=left up, irradiat=no]l}.

instance (114, class=no, [age=range30_39, menopause=premeno, tumor§ize=ranged0 44,
invNodes=range3_5, nodeCaps=no, degMalig=3, breast=right,
breastQuad=right up, irradiat=yes]).

instance (115, class=no, [age=range60_6%, menopause~gedl, tumorSize=rangeb_9,
invNodes=range(_ 2, nodeCaps=no, degMalig=1, breast=left,
breastQuad=central, irradiat=no}).

instance (116, class=no, lage=range60 6%, menopause=gedl, tumorSize=rangell 14,
invNodes=range0_2, nodeCaps=no, degMalig=l, breast=left,
breastQuad=left up, irradiat=no]}.

instance{ll7, class=yes, [age=range40_49, menopausespremeno, tumorSize=range30_34,
invNedes=rangeé 8, nodeCaps=yes, degMalig=3, breast=right,
breastQuad=ieft up, irradiat=no}).

instance (118, class=no, [age=range6( 69, menopause=ged{, tumorSize=rangel0_14,
invNodes=rangel_2, nodeCaps=nc, degMalig=1l, breast=left,
breastQuad=left up, irradiat=no]}.

instance (118, class=no, [age=range4(_4%, menopause=premeno, tumorSize=range35 39,
inviodes=range9 11, nodeCaps=yes, degMalig=2, breast=right,
breastQuad=left up, irradiat=yes]).

instance (120, class=no, [age=range40_49, menopausespremeno, tumorSize=range2( 24,
invedes=ranged_ 2, nodeCaps=no, degMalig=1, bhreast=right,
breastQuad=left low, irradiat=no}).

instance {121, class=yes, [age=range4C_49, menopause=premenc, tumorSize=range30 34,
invNodes=range0_2, nodeCaps=yes, degMallig=3, breast=right,
breastQuad=right_up, irradiat=no]}.

instance (122, class=no, [age=range50_5%, mencpause=premeno, tumorSize=range25_ 2%,
invNodes=range0_ 2, nodeCaps=yes, degMalig=2, breast=left,
breastQuad=left up, irradiat=no}).

instance (123, class=no, [age=ranged4(0_49, menopause=premenc, tumorSize=rangeld_ 19,
invNecdes=rangel 2, nedeCaps=no, degMalig=2, breast=left,
breastQuad=left low, irradiat=nec]).

instance{l24, class-yes, [age-range30_39, menopause=premenc, tumorSize=range35 39,
invBodes=ranged 11, nodeCaps=yes, degMalig=3, breast=left,
breastQuad=left low, irradiat=nc]).

instance{125, class=no, [age=range30_39, menopause=premenc, tumorSize=rangel( 14,
inviodes=range0_2, nodeCaps=no, degMalig=2, breast=left,
breastQuad=right_ lew, irradiat=no]).

instance (126, class=no, [age=range50 59, menopause=ge4l, tumorSize=range30_ 34,
invNodes=ranged_2, nodeCaps=no, degMalig=1, breast=right,
breastQuad=left_low, irradiat=no]).

instance (127, class=no, [age=range60_6%, menopause=ged(, tumorSize=range3C_34,
invNodes=rangel 2, nodeCaps=no, degMalig=2, breast=left,
breastQuad=left up, irradiat=nc]).

instance (128, class=no, [age~range60_ 69, menopause=ge40, tumorSize=range25 29,
invNodes=range0_2, nodeCaps=noc, degMalig=2, breast=left,
breastQuad=left low, irradiat=no]).

instance (129, class=yes, [age=range40_49, menopause=premenc, tumorSize=rangel5_19,
invNodes=range( 2, nodeCaps=no, degMalig=2, breast=left,
breastQuad=left up, irradiat=no}).

instance (130, class=no, [age=range60 69, menopause=ged0l, tumersSize=rangelS 19,
invNedes=range( 2, nodeCaps=no, degMalig=2, breast=right,
breastQuad=left_ low, irradiat=ne]).

instance (131, class=no, [age~ranged{_ 49, menopause=premenc, tumorSize=range30 34,
invNedes=range0_2, nodeCaps=no, degMalig=2, breast=left,
breastQuad=right_low, irradiat=no]).

instance {132, class=no, [age=range2(_29, menopause=premenc, tumorSize=rangels 39,
invNodes=rangel_2, nodeCaps=no, degMalig=2, breast=right,
breastQuad=right_up, irradiat=no}}.




instance (133,

instance (134,

instance {135,

instance {136,

instance (137,

instance (138,

instance (139,

instance (140,

instance (141,

instance({l42,

instance (143,

instance {144,

instance (145,

instance (146,

instance (147,

instance (148,

instance {149,

instance (150,

instance (151,

instance (152,

instance (153,

instance (154,

instance (155,
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class=yes, [age=ranged4(_49, menopause=premenc, tumorSize=range30_34,
invNodes=range0_2, nodeCaps=noc, degMalig=3, breast=right,
breastQuad=right _up, irradiat=nc]).

class=yes, [age= =ranged(_ 4%, menopauvsespremenoc, tumerSizes= =rangel25 29,
invNodes=range¢_2, nodeCaps=no, degMalig=2, breast= =right,
breastQuad=left _low, irradiat=no]).

class=no, [age=range30_39, menopause=premenc, tumorSize= range30_34,
inviedes=ranged 2, nodeCaps=no, degMalig=3, breast=left,
breastQuad=left _low, irradiat=no}).

class=yes, [age= =range30_39%, menopause=premeno, tumorSize= =rangel5 19,
invNodes=range0 2, nodeCaps=no, degMalig=1, breastmrlght,
breastQuad—lefthlow, irradiat=noj).

class=no, [age= =range50_59, menopause=ged(, tumorSize= rangel_4,
invNodes= rangeD 2, nodeCaps=no, degMalig=l, breast= right,
breastQuad—central irradiat=noj).

class=no, [age~range50_ 59, mencpause=ged(, tumorSize=rangel 4,
lnvNodeswrangeO 2, nodeCaps=no, degMalig=}, breast= =left,
breastQuad—left_low irradiat=nol).

class=yes, [age~range60_69, menopause=ged(, tumorSizes= range50_ 54,
invNodes=range0_2, nodeCaps=no, degMalig=3, breast=right,
breastQuad=left _up, irradiat=nol).

c¢lass=no, [age=range50_5%, menopause=premenc, tumorSize= =range30_34,
invNodes=range(_2, nodeCaps=no, degMalig=1, breast= left,
breastQuadﬂcentzal irradiat=nol) .

class=yes, [age~range6l_ 6%, menopause=gedl, tumersSize=rangez0 24,
lnvNOdes-rangezq 26, nodeCaps=yes, degMalig=3, breast=left,
breastQuad=left low, irradiat=yes)).

class=no, [age=ranged40_49, menopause=premenc, tumorSize= range25 29,
invNodes=range(_2, nodeCaps=nu, degMalig=2, hreast=left,
breastQuad=left up, irradiat=no)).

class=yes, [age=ranged(_49, menopause=premeno, tumor$ize=range30_ 34,
invNodes—range3_5, nodeCaps=no, degMalig=2, breast=right,
breastQuad=left up, irradiat=no]}.

class=no, [age=range50_59, menopause=premenc, tumorSize= =range20_24,
invNodes=range3_5, nodeCaps=yes, degMalig=2, breast=left,
breastQuad“left_low, irradiat=no]}.

class=no, l[age=range50 59, menopause=ged0, tumorSize=rangel5 19,
invNedes=range(_2, nodeCaps=yes, degMalig=2, breast=left,
breastQuad=central, irradiat=yes]}.

class=no, [age=range50_59, menopause=premenc, tumorSizes rangeld_14,
invNodes=range0_ 2, nodeCaps=nc, degMaiig=3, breast= =left,
breastQuad=left low, irradiat=nol).

class=yes, [age=range30_39, menopause=premeno, tumorSize=range30_34,
lnvNodes-rangeQ 11, nodeCaps=no, degMalig=2, breast= rlght,
breastQuadmleft“up, irradiat=yesi).

class=no, [age=range6l 69, mencpause=gedl, tumorSize= =rangel(C_14,
invitodes=range0_2, nodeCaps=no, degMalig=1, breast=left,
breastQuad=left _low, irradiat=no}).

class=no, [age=range40_4%, menopause=premeno, tumorSize~ranged0_ 44,
invNodes=range0 2, nodeCaps=no, degMalig=2, breast= =right,
breastQuad=left lcw, irradiat=nol}.

class=no, [age=rangeS(¢ 59, menopause=ged(, tumorSize= =range3(_ 34,
1nvNodes»range9 11, nodeCaps=missing, degMalig=3, breast=left,
breastQuad=left up, irradiat=ves]}.

class=yes, {age=ranged4C_49, menopause=premenc, tumorSize= =range50 54,
invNodes=range0_2, nodeCaps=no, degMalig=2, breastwrzght,
breastQuadwleft_low, irradiat=yes]}.

class=no, fage=range50_59, menopause=ge40, tumorSize=rangel5_19,
invNodes=rangeQ 2, nodeCaps=no, degMalig=2, breast=right,
breastQuad=right up, irradiat=no]}.

class=no, [age=range50_ 59, menopause=ge40, tumorSize=ranged{ 44,
invNodes=range3_5, nodeCaps=yes, degMalig=2, breast=left,
breastQuad=left_low, irradiat=noc}).

class=yes, [age=range30_39, menopause=premeno, tumor$izes= range25_ 29,
1nvNodes~range3 5, nodeCaps=yes, degMalig=3, breast=left,
breastQuaduleft_low, irradiat=yes]).

class=nc, [age=range&0_ €9, menopause=ge40, tumorSize=rangeld 14,
invNodes=range0_2, nodeCaps=no, degMalig=2, breast=left,
breastQuad=left low, irradiat=no]).
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instance {158,

instance (159,
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instance (161,
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instance (175,
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class=no, [age=range6l 6%, menopause=1t40, tumorsize=rangel0_14,
invNodes=range0_2, nodeCaps=no, degMalig=1, breast=left,
breastQuad=right up, irradiat=no]}.

class=yes, [age=range30_39, menopause~premenc, tumorSize=range30 34,
invNodes=rangeQ_2, nodeCaps=no, degMalig=2, breast=left,
breastQuad=left up, irradiat=no}l).

class=yes, [age=range3{ 39, menopause=premeno, tumorSize=range20 24,
invNodes=range3_5, neodeCaps=yes, degMalig=2, breast=left,
breastQuad=left low, irradiat=no]).

class=no, [age=range3¢ 59, menopause=gedl, tumorSize=rangel0_14,
inviodes~rangel 2, nodeCaps=no, degMalig=1, breast=right,
breastQuad=left up, irradiat=no]).

class=no, [age=range60_ 69, menopause=ge40, tumorSize=range25 29,
invNodes=rangeQ 2, nodeCaps=no, degMalig=3, breast=right,
breastQuad=left up, irradiat=nc]).

class=no, {age=range’0_ 5%, menopause=ged(, tumorSize~range25 289,
invNodes=range3_5, nodeCaps=yes, degMalig=3, breast=right,
breastQuad=left up, irradiat=no}).

class=no, [age=range40_49, menopause-premeno, tumorSize=range30 34,
invNodes~range®_8, nocdeCaps=nc, degMalig=2, breast=lef:,
breastQuad=left up, irradiat=no]},

class=no, [age=range60_69, menopause=gedl, tumorSize=range50 54,
invNodes=range(_ 2, nodeCaps=no, degMalig=2, breast=left,
breastQuad=left low, irradiat=no]}.

class=no, [age=range50_59, menopause-premenc, tumorSize=range30 34,
invNodes=range(_2, nodeCaps=no, degialig=3, breast=left,
breastQuad=left low, irradiat=no)).

class=yes, [age=range4(_49, menopause=ge40, tumorSize=range20_24,
invNedes=range3 5, nodeCaps=no, degMalig=3, breast=right,
breastQuad=left low, irradiat=yes]}.

class=yes, [age=range30_59, menopause=ge4(, tumorSize=range30_34,
invNodes=rangeé_8, nodeCaps=yes, degMalig=2, breast=left,
breastQuad~right low, irradiat=yes}).

class=yes, [age=range60_ 69, menopause=ged0, tumorSize=range25_ 29,
invRodes=range3_5, nodeCaps=no, degMalig=2, breast=right,
breastQuad=right_up, irradiat=no}).

class=no, [age=ranged40_439, menopause=premeno, tumorSize=range20_24,
invNodes=range(_2, nodeCaps=no, degialig=2, breast=left,
breastQuad=central, irradiat=nocl).

class=no, [age=ranged( 49, menopause=premeno, tumorSize=rangezl 24,
invNodes=range0_2, nodeCaps=no, degMalig=2, breast=left,
breastQuad=left up, irradiat=no]}.

class=no, {age=range40_49, menopause=premeno, tumorSize=range50 54,
invNecdes=range0_2, nedeCaps=no, degMalig=2, breast=left,
breastQuad=ieft low, irradiat=nol}.

class=yes, [age=rangeS0_ 52, mencpause=ge40, tumcrSize=range20 24,
invRodes=range0_2, nodeCaps=no, degMalig=2, breast=right,
breastQuad=central, irradiat=nol).

class=yes, {age=range50_59, menopause=ge40, tumorSize=range30 34,
invilodes=range3_5, nodeCaps=no, degMalig=3, breast=right,
breastQuad=left up, irradiat=no)}.

class=no, [age=ranged0_49, menopause-gedl, tumorSize=range25 29,
invNodes=range{_2, nodeCaps=no, degMalig=2, breast=left,
breastQuad=left low, irradiat=noc}).

class=yes, {[age=range50_59, menopause=premena, tumorSize=range25 29,
invNedes=range(_ 2, nodeCaps=no, degMalig=1, breast=right,
breastQuad=left up, irradiat=no)}.

class=no, [age=ranged{_49, menopause=premenc, tumersSize=ranged0_44,
invNodes=range3 5, nodeCaps=yes, degMalig=3, breast=right,
breastQuad~left up, irradiat=yes}).
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% ***+ Test Data

/* mEmE

instance {176,

instance(177,

instance (178,

instance (179,

instance (180,

instance (181,

instance{l182,

instance (183,

instance (184,

instance {183,

instance (186,

instance (187,

instance (188,

instance (189,

instance{190,

instance(l9l,

& ———

End of Data File
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class=no, l[age=range40 _49, menopausespremenc, LunorSize= range2_ 24,
lnvNDdesﬁrangeo 2, nodeCaps=no, degMalig=2, breast= rlght,
breastQuad=left up, irradiat=no}).

class=no, [age=ranged40_49, menopause=premeno, tumctSize= =range2( 24,

1nvNodesMrange3 S5, nodeCaps=ne, degMalig=2, breast—rlght,
breastQuad=left up, irradiat=no]).

class=yes, {age=ranged0_49, menopause=premenc, tumorSizes= range25 28,

invNedes= rangeQ 11,
breastQuad=left _up, irradiat=no}).

class=yes, [age=range40_49%, menopause=premeno, tumorSize= =range25 29,

invNodes= rangeo 2, nodeCaps=no, degMalig=2, breast= rlght,
breastQuad=left low irradiat=nol).

class=no, [age=ranged4) 49, menopause=premeno, tumcrSize=range20 24,
invNodes=range{_ 2, nodeCaps=no, degMalig=1, bxeast—\:lgm;,
breastQuad=right up, irradiat=nol}.

class=no, [age~range30_3%, menopause=premeno, tumorSize=range40_44,

invNeodes=range( 2, nodeCaps=nc, degMalig=2,
breastQuad*rlght up, irradiat=no}).
[age=range60_€9, menopause=ged0, tumorSize=rangel(_14,
invNodes= rangeG 8, nodeCaps=yes, degMalig=3, breast=left,
breastQuad=left up, irradiat=yes]).

[age= =ranged?d 49, menopause=premeno, tumorslzemrange35 39,
inviodes= rangeﬂ 2, nedeCaps=no, degMalig=1, breast=left,
breastQuad=left low, irradiat=nol).

fage=range5¢_ 59, menopause=ge4(, tumorSize= range30_34,
1nvNodeswrange3 5, nodeCaps=no, degMalig=3, breast=left,
breastQuad=left low, irradiat=no}).

[age=ranged0_49, mencpause=premeno, tumorSize=range5 9,
1nvNodES“xangeO 2, nodeCaps=no, degMalig=1l, breast=left,
breastQuad=left low, irradiat=yes]}.

lage=range60_69, menopause=ged0, tumorSize=rangel5 19,
inviodes=range®_2, nodeCaps=no, degMalig=1, breast=left,
breastQuad=right_low, irradiat=no]).

[age=range40_49, mencpause=premenc, tumorSize= =range30_34,
invNodes= rangeo 2, nodeCaps=no, degMalig=3, breast“rlght
breastQuad=right_up, irradiat=nol).

class=yes, [age=range40 49, menopause=premeno, tumorSize= range25 29,

1nvNodes~rangeO 2, nodeCaps=no, degMalig=3, breast=left,
breastQuad=left_up, irradiat=nol).

breast= rlght,

class=yes,

class=no,

class=yes,

class=no,

class=no,

class=no,

class=no, [age=range50_59, menopause=ged0, tumorsize=range5 9,
invNodes=rangeC 2, ncdeCaps=nc, degMalig=2, breast=right,
breastQuad=right up, irradiat=nol).

class=no, [age=range50_5%, menopause=premena, tumorSize=range25_29,

invNodes=range0_2, nodeCaps=no, degMalig=2, breast=right,
breastQuad=right low, irradiat=nol}.

[age=range50_ 59, menopause=premeno, tumorSize=range25 29,
1nvNodes~range0 2, nodeCaps=no, degMalig=2, breast= left,
breastQuad=right_up, irradiat=nol}.

class~yes,

nodeCaps=yes, degMalig=3, breast=right,
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Abstract The concept of triggers has been around for more than two decades. Despite their diverse potential
usages, trigger rules are difficult to define correctly and have to be carefully hand-coded by database
programmers. We suggest an automatic way of trigger rule creation by the advanced technology of data
mining. We propose a framework of trigger rule induction as well as a method for trigger conflict resolution.
On trigger firing the problem may arise if several trigger rules are eligible for execution. We propose a conflict
resolution scheme that incorporates derived knowledge as a major part of the trigger rule prioritization. By
means of trigger scheduling, deterministic behavior of the trigger processing can be guaranteed. We
demonstrate the utilization of our proposed method on enhancing medical database consistency.

1 Introduction

A database is a collection of objects such as patient records together with a set of integrity constraints on these
objects. Integrity constraints are predicates defined by the database designer as a requirement for database to
be true on any database state. The values of objects in the database at any given time determine the state of the
database. The state changes if there is a modification in the value of a database object. A database state is
consistent if the values of the objects satisfy the specified integrity constraints. Database consistency is an
important property to gharantee its reliability on any application.

To prevent the database from being inconsistent, data objects have to be accessed and modified only
through the transactions. A transaction is a set of operations such as INSERT, DELETE, UPDATE that
causes the database to change from one consistent state to another, On transaction processing, integrity
constraints pertaining to the transaction are evaluated. If the constraints evaluate to false, called constraint
violation, then the transaction that causes this event is undone. Integrity constraints are, however, capable of
ensuring simple events such as domain integrity, referential integrity. To impose complex enforcement such
as business rules or complicated update constraints across applications, trigger rules are deployed as a
powerful and expressive tool to enforce integrity checking and thus enabling the filtering of state changes that
violate database consistency.

Triggers, also known as event-condition-action (ECA) rules [26], are one major concept of active
databases which extend traditional database systems with the mechanism to respond automatically to some
specific events. The events may take place either inside or ouiside the database system. Upon the occurrence
of the specified event, the rule condition is evaluated. If the condition is satisfied, then some actions are
pertdithedgh triggers are regarded as an important database feature on consistency monitoring, their
deployment is still limited. This is due to the fact that creating complex trigger rules is not an easy task [9,
17, 19]. Tools and environments to aid users and database programmers are certainly needed. It is thus our
aim to provide a method to automatically generating trigger rules from current database contents by means of
data mining techniques. The induced trigger rules can be viewed as supplementary constraints to help
increasing database consistency.
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This paper is organized as follows. After the introduction section, we review some background on triggers
and their related issues. Section 3 is the proposed framework of inducing trigger rules from database contents
and its application to medical database. We also provide an algorithm to solve trigger conflict problem
together with detailed explanation of the algorithm in section 4. Section 5 discusses other work related to
ours. Section 6 concludes the paper.

2 Triggers and refated issues

In SQL standard [11, 14], triggers are expressed by means of event-condition-action rules, as presented in
figure 1. Each trigger is identified by a name. It is possible to specify whether a trigger must be executed
BEFORE or AFTER its triggering event. SQL triggers allow only the INSERT, DELETE, and UPDATE as triggering
event, and limit to a single event be monitored per single trigger rule.

<trigger definition> ::= CREATE TRIGGER <trigger name>
{BEFORE | AFTER } <trigser event> ON <table>
[ REFERENCING <tran_tahle or var list> ]

striggered action>
Strigger event> := INSERT | DELETE | UPDATE | OF < column list> ]

<triggered action> ::=[ FOR EACH { ROW | STATEMENT i1
[ WHEN ( <condition> ) ] <trizgered SQL statement>

Fig. 1 Definition of SQL triggers.

The WHEN clause specifies an additional condition to be checked once the trigger rule is fired and before
the action is executed. Conditions are predicates over the database state, If the WHEN clause is missing, the
condition is supposed to be true and the trigger action is executed as soon as the trigger event occurs. The
action is executed when the rule is triggered and its condition is true. Actions are stored procedures and may
include SQL statements, control constructs, and calls to user-defined functions. The following example
shows a trigger rule to impose a constraint on the database that the age of any person may never decrease.

Example I: Trigger rule to puarantee no decrease on age value.

CREATE TRIGGER age-no-decrease BEFORE UPDATE OF Patient
FOR EACH ROW
WHEN (new.Age < old.Age) begin log the event; signal error condition; end

The potential applications of triggers are significant {9, 19, 23]: signal integrity constraint violation and
force rollbacks of the violating transactions, maintain consistency across system catalogs or other metadata,
notify users in the form of messages, implement business rules or workflow management, and many more.

The behavior of triggers is defined as the “execution model.” It specifies how trigger rules are evaluated
and treated at runtime. Figure 2 illustrates the steps in processing triggers [22]. The signaling phase detects
and signals the occurrence of an event. The event activates the corresponding trigger rules in the triggering
phase, and the condition parts of the triggered rules are evaluated in the evaluation phase. The trigger conflict
problem occurs when the conditions of more than one trigger rules are evaluated to be true. The scheduling
phase indicates the order to process conflict triggers. The execution phase processes the scheduled trigger
rules. On processing rule’s action, the change in a database state may trigger another or even the same set of
rules.
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Fig. 2 Trigger rule execution steps.

After the evaluation phase, more than one rule may be eligible for execution. This problem is known as
trigger rule conflict [4, 22]. To solve the problem, the database management system must provide a conflict
resolution policy to select a trigger rule for execution. The common conflict resolution policy adopted by
most systems is assigning rule priority {21, 26]. The rule prioritization is either assigning a high priority to
the rule that is most recently fired, or setting priority on the specificity of the rule. The two approaches are
dynamic, thus less practical in the system with large and complex trigger rule set. When deterministic
behavior is highly desirable, the scheme to associate rules with priority statically is more appropriate. Static
priotity mechanism determines order of trigger rules either by the system (e.g., based on rule creation time) or
by the user (e.g., explicitly associate each rule with a numeric value). We propose a conflict resolution
mechanism (in section 4) to incorporate derived knowledge (i.e., the knowledge obtained from the database
content) into the rule prioritization scheme.

3 The trigger induction framework and its application

We design the framework to add active behavior to the medical database through the induced trigger rules and
rule processing module as shown in figure 3. There are three major components in our model: mining, trigger
generation and conflict resolution components. Mining component induces knowledge in form of rules,
association and classification, from the database contents. The data repository contains both base data and
trigger rules. Trigger generation component is responsible for converting induced classification/association
rules into trigger format then stores generated triggers in the repository. In case of trigger rule application and
rule conflict occurs, conflict resolution component will handle the situation. We demonstrate the application of
our proposed framework towards database consistency enforcement through example 2.




60

induced knowledge
OO YOI

‘nduced rule,

triggers

aggregated data

Triggerrules

Fig. 3 A framework of active medical datzbase containing trigger rule induction and trigger conflict resolution
components.

Example 2: Trigger induction on Diabetes database.

For a given medical database containing base tables related 10 patient personal information and treatment
records, the aggregated information collected from related base tables with selected features suitable for
mining component is shown schematically as follows.

Diabetes { Patient ID, Name, Sex, Age, Temperature, Blood_Pressure_Upper,
Blood_Fressure_Low, Diabetes_family, Weight, Height, BMI, Blood_Sugar, Diabetes, Insulin_level)

These data are input to the mining component to induce the following classification rules:

1. If Diabetes_family=yes and BMI>24.9 Then Diabetes=yes
2. If Diabetes_family=no and blood_sugar>128  Then Diabetes=yes

The trigger generation component then converts these rules into SQL triggers,

CRBATE TRIGGER rule_1 ON diabetes FOR UPDATE. INSERT
AS IF (SELECT COUNT(*) FROM diabetes

WHERE (diahetes_family = 'ves’) and (BMI > 24.9) and (diabetes <> ‘ves) } > 0
BEGIN ROLLBACK TRAN; RAISERROR (‘diagnose error’); END

CREATE TRIGGER rule_2 ON diabetes FOR UPDATE, INSERT

ASIF (SELECT COUNT(*) FROM diabetes

WHERE (diabetes_family = ‘na'} and (blood _sugar > 128) and {diabetes <> ‘ver)) > 0
BEGIN ROLLBACK TRAN; RAISERROR ('diagnose error’); END

Suppose there is an attempt to insert the following information into the database.

INSERT INTCQ Diabetics (Patient_ID, Name, Sex, Age, Temperaturve, Blood_Pressure_Upper,
Bloed, Pressure_Low, Diabetes family, Weight, Height, BMI, Blood_Sugar, Diabetes,
Insulin_level)

Values(P021, Amitta, Female, 33, 37.6, 130, 80, no, 72, 1.62, 27.4, 130, no, 0)

This new information violates Trigger rule_2 since Diabetes _family = 'no’ and Blood_Sugar = 130, but
the diagnosed Diabetes = 'no’. Therefore, this transaction has to be undone and the database remains in a
consistent state,

The proposed framework is semi-automatic in that the trigger induction process has to be invoked by the
database administrator. After database contents have been created and modified and numerous new contents
might have been inserted into the database, the administrator may consider activating the trigger induction
process. Upon activation the previous induced trigger rules are removed as they may not be relevant to the
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current database state. The mining component has been set to induce only rules with 100% accuracy rate
since precision is critical criteria in medical domain. Induced rules are prioritized in descending order of their
support (or coverage) values. The top-k rules will be sent to trigger generation component; the & value is
adjustable by the database administrator. At the moment we do not consider the issue of rule conflict since
we assume that database integrity constraints are powerful mechanism sufficient to prevent conflicting cases
inserted into database contents.

4 A method for trigger conflict resolution

After triggers have been created, the problem of trigger conflict might ocour during trigger processing phase.
In this section, we define an algorithm (in figure 4) to handle trigger conflict by reorganizing the trigger rules
into different layers, or strata. Then, associate each stratum with a numeric priority. The major mechanism
leading to priority assigning is the induced knowledge regarding the database state modification.

an event E can fnvoke its
i

Fig. 4 Trigger conflict resolution algorithm.

We have applied the concept of stratum [3] to guarantee that trigger rule execution eventually terminates.
A stratum is an ordered set of trigger rules that locally converge. A stratum locally converges if after any
transaction invoking trigger rules, rule processing terminates in a final state in which the set of triggered rules
is empty. Stratum set is an unordered set of strata in which each stratum is independent from other strata so
that the trigger rule execution in one straturmn does not affect rules in other strata. The example of non-
terminate trigger execution due to the cycle in action-triggering events is shown in figure 5. Breaking the
cycle into different layers, depicted in figure 6, and the local convergence within each stratum are two
sufficient conditions for termination on trigger execution.
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gorithm to solve the problem of multiple

in step 2, knowledge induced from the database
s} to guide the priority assigning scheme. The

function to compute priority for each stratum is defined as:

= #matched rules
Degree_of Constrainf(K ,1C )= =

#fotal rules

where # maiched_rule is the number of induced knowledge, represented in the format of rule, completely
matching with the integrity constraint rule (i.e., NOT (k) AND c yields the contradiction when k e
Kandc e IC),
# iotal_rules is the total number of induced knowledge represented as rules,
« is the average accuracy of the induced knowledge rules normalized in order to prevent the
domination of the accuracy over the proportion of matched_rules and total_rules.

Step 4 of the algorithm groups triggers into several
the Degree_of Constraint values. At a final step,
assoctated with it.

strata, then each stratum will be sorted according to
each stratum has been returned with the pricrity value

5 Related work

The importance of integrating active behavior into the database
[12]. However, it was not until the late 1980s to early 1990s tha
interest among researchers {8, 10, 13, 22, 26]
IBM DB2, Microsoft SQL Server,
commercial object-oriented database

A simple concept of triggers has

example, Sengupta et al [23] employ triggers to alert intrusion d

systems has been recognized since the 19705
t the arez of active databases has caught high

. At present most commercial database systems, such as Oracle,
support the simple forms of triggers and also incorporate triggers into
s [7, 21). The SQL standard [11, 14] has extensive caverage of triggers.

been successfully applied to solve problems in various domains (9]. For

etection system administrator when a suspect
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event has been detected. In medical domain the employment of triggers to achieve active behavior is quite
rare. Most of the proposed methods are for detecting static events such as the discovery of relationships that
suggest risks of adverse events in patient records [20, 24], detection of dependency patterns of process
sequences for curing brain stroke patients [18], the generation of rules to annotated protein data in medical
database [16], or the exploration of environmental health data [6]. Our work differ from those appeared in the
literature in that we propose a framework of employing knowledge discovery techniques to automatically
create trigger rules and also prioritize rules in case of conflict. The utilization of our proposed method is to
increase consistency in medical database. Any database modification events violating constraints will be
alerted and undone. The system designed by Agrawal and Johnson [1] is also to support medical database but
in a different aspect; they concentrate on security and privacy preservation of patients and other sensitive
healith data.

Although trigger is a powerful mechanism in active database systems, designing and writing correct
trigger rules are not an easy and straightforward task. The difficulty is due to the complex and sometime
unpredictable behavior of the triggers. Poorly designed triggers can activate each other indefinitely, which
feads to the non-terminate execution. Several methods have been proposed [2, 3, 4, 5, 15, 25] to analyze
trigger behavior at compile time and runtime. There exist some work on developing tools to aid trigger
designing semantically [19] and visually [17]. Another problem regarding trigger behavior is the
deterministic property of the triggers. Deterministic trigger processing guarantees the same order of execution
when several trigger rules are activated simultaneously. We propose a mechanism to utilize domain-
knowledge in choosing among activated triggered rules.

6 Conclusions

We present the design framework of active medical databases. Active behavior of the database system has
been obtained through a set of trigger rules. Triggers are both created manually by database programmers and
induced automatically via data mining techniques. We devise a method to induce trigger rules from existing
database contents. We also propose a method to solve trigger conflict problem.

The trigger rule conflict occurs when an event activates several trigger rules simultaneously. To maintain
the deterministic property of the active database processing, the database management system has to provide
a conflict resolution policy. The common policy adopted by most systems is to assign rule priority. The rule
prioritization is based on either the recent update or the complexity of the rule’s condition. We propose a
different scheme of prioritization by taking into account the knowledge regarding the database state.
Moreover, we consider priority at the level of stratum, which may contain several related triggers. The
concept of stratification preserves the termination property of trigger rule processing.

The design of medical active database framework and the trigger-conflict-resolution algorithm is the
preliminary work toward the design and implementation of a set of tools to help database designer on
designing and analyzing a complex set of triggers. A further investigation on a more practical active database
with a larger trigger set is necessary.
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Decision Rule Induction in a Learning Content Management System

Nittaya Kerdprasop, Narin Muenrat, and Kittisak Kerdprasop

Abstract-—-A learning content management system (LCMS} is an environment to support web-based learning content
development. Primary function of the system is to manage the learning process as well as to generate content customized to
meet a unique requirement of each learner. Among the available supporting tools offered by several vendors, we propose to
enhance the LCMS functionality to individualize the presented content with the induction ability. Our induction technique
is based on rough set theory. The induced rules are intended to be the supportive knowledge for guiding the content flow
planning. They can also be used as decision rules to help content developers on managing content delivered to individual
learner.

Keywords—Decision rules, Knowledge induction, Leaming content management system, Rough set,

L INTRODUCTION

HE term learning content management system (LCMS) refers to a suite of software tools designed to

facilitate learning developers to create, manage and deliver learning content to distant learners [2]. The

main features of an LLCMS include content creation, content repository management, content delivery and
interface, and learning process management such as course enrollment, assessment and performance tracking.
An LCMS is adaptive and scalable in that creates proprietary content to meet the needs of individual learner.

The system offers course developers a feature to create and manage learning objects as customized
content. Thus, the course development process can be viewed as a compilation of pieces of content retrieved
from content repository to fit unique needs of different learners,

We, therefore, propose a knowledge induction technique to support course developers in designing flow
of content appropriate to the ability of each learner. The induced knowledge is in the form of rules which are
observed from the performance history of previous learners. These rules play the role of decision support in
the course ptanning phase.

Decision support normally invelves the integration of data and knowledge management to assist human
on making effective and efficient cheices [5], {16]. In the context of online course content delivery scalable to
fit unique individual, decision making is on the basis of constant changing requirements that require a quick
response. Traditional intwitive methods of decision making are no longer adequate to deal with such
complicate situation. We consider rough set theory as a methodology to identify useful trends by exploring
current and historical data.

Rough set theory is a new mathematical tool to deal with incomplete and inconsistent information. The
theory was proposed by Pawlak, a Polish mathematician, in 1982 [12]. Since then it has drawn much attention
from researchers interested in its theoretical aspects and applications [1], [4], [6], [8], {10], [18], [20]. Recent
successful applications in the domains of machine learning and knowledge discovery have been reported [9],

{11}, [15}, [19]-

Manuscript received March 26, 2008. This work was supported ia part by the National Research Council of Thailand. DEKD research
unit is fully supported by Suranaree University of Technology.

Nittaya Kerdprasop is a principal researcher of DEK.D research unit and ae associaie professor at the School of Computer Engineering,
Suranaree University of Technology, 111 University Ave., Nakhon Ratchasima 30000, Thaitand (e-mail: pittavaf@sut.ac.th,

nittaya. k@gmail.com ).

Narin Muenrat is 2 master student of Computer Engineering school, Suranaree University of Technology.

Kittisak Xerdprasop is a director of the Data Engineering and Knowledge Discovery (DEKD) research unit, School of Computer
Engineering, Suranaree University of Technology, 111 University Avenue, Muang Bristrict, Nakhon Ratchasima 30000, Thailand (phone:
+66-44-224349; fax; +66-44-224602; e-maik: kerdpras@ sut.ac.th, KittisakThailand@gmail.com).



66

We study rough set theory within the framework of learning content management system. We focus on
content creation that exploits rough set techniques as a tool to guide the decision on course content planning
suitable to the learning performance of each learner.

The paper is organized as follows. Section 2 reviews the basic concepts of rough sets. Section 3 presents our
idea of decision making with the induced patterns based on rough set approach. Section 4 illustrates the idea
through the running examples. Section 5 concludes the paper.

II. PRELIMINARIES ON ROUGH SET :

The notion of rough sets has been introduced by Zdzislaw Pawlak in the early 1980s f12], [13],[14] as a
new concept of set with uncertain membership. Unlike fuzzy set, uncertainty in rough set theory does not
need probability or the value of possibility to deal with vagueness. It is rather formalized through the simpie
concepts of lower and upper approximation, which are in turn defined on the basis of set. We present the
basic concepts and terminology of rough sets within the framework of decision support system (DSS) [3].

Given the input data, the rough set-based DSS generates a list of certain and possible decision rules. The
input data is a decision table comprising of conditional attributes, or conditions for short, and a decision
attribute. Table 1 gives an example of a decision table containing information of eight students. Conditions .
are number of times the students log-in the system to access the online course and two pretest scores
(intervals of numeric values). The level attribute (either basic or advanced) is a decision. Conditions together
with decision attribute form a decision system. ]

TABLE L.

A DECISION TABLE JUDGING STUDENTS' PERFORMANCE

Conditions Decision

log-in scorel score? level

(cl} (c2) (c3)

sl 5 0-20 0-20 Basic

52| 15 0-20 21-40 Basic

53 ¢ 20 0-20 41-60 Basic

s4 | 20 0-20 41-60 Basic
§5 15 0-20 8i-100 Advanced
56 15 41-60 41-60 Advanced
s7| 15 21-40 61-80 Advanced
s8 | 20 21-40 21-40 Advanced

A decision table is a representation of real-world data. Each row represents one object. Rough set theory
is based on the formation of equivalence relations [7], [17] within the given data.

Definition 1: A decision system is any system of the form A = <U, A, d>, where U is a non-empty finite set
of objects called the universe, A is a non-empty finite set of conditions, and ¢ ¢ A is the decision attribute.

Definition 2: Given a decision system A = <U, A, d>, then with any B C A there exists an equivalence or
indiscernibility relation 1,(B) such that
IA(B} = {(x, X'} € UxU | Va € B [a(x) = a(x)] }.
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From the data samples in Tablel, the followings are equivalent relations.

Kel)= {{sl, s2, 55, s6, s7}, {3, 54, s8}}
Hc2) = {{ s1, s2, 53, 54, 55}, {s6}, {57, 58}}

Kc3) = {{s1},{s2, s8},{s3, 54, s6}, {s5}, {s7}}
Hcele2) = {{s1,52,55},{s3,84},{s6},{s7},{s8}}

Kel,e3) = {{s1},{s2},{s3,54},{s5},{563,{s7},{s8}}
H(c2,03) = {{s1}.{s2},{s3,54},{s5},{s6},{s7},{s8}}
Hel,e2,e3) = {{s1},{s2},{s3,54},{s5},{s6},{s7}.{s8}}

These equivalence relations partition the universe into groups of similar objects based on the values of
some attributes. The question often arises is whether one can remove some attributes and still preserve the
same equivalence relations. This question leads to the notion of reduct [7].

Definition 3: Let A = <U, A, d> be a decision system and P, Q < A be sets of conditions, P # Q. The set P is
the reduct of set Q if P is minimal (i.e. no redundant attributes in P) and the equivalence relations defined by

P and Q are the same.

It can be seen from the tisted equivalence relations that f{cl,c3) = [(c2,c3} = {(c1,c2,e3). Therefore, (log-
in, scorel) and (scorel, score2) are reducts of (log-in, scorel, score2). Either reduct can be used as a
representative set of attributes, The intersection of all reducts produces core attributes. According to our
example, score? is a core attribute, A reduct table of (scorel, score2) and its partitions are shown in Figurel.

score  score2 level
s | 020 1 0-20 basic
| 020 21-40 basic
2] 020 41-60 basic
§ | 020 41-60 basic
4 | 020 81-100 | advanced
§ | 41-60  41-60 | advanced
& | 21-40 61-80 | advanced
g | 21-40  21-40 | advanced

0-20 21-40 41-60

scorel

Figure 1. A reduct ta%ie and its partition into equivalence relations, cach equivalence relation is represented
by a rectangular region.

If we are interested in the decision criteria for the advanced-level students, we can infer decision mles

from Figurel as follows.
IF (score1=0-20 A score2=81-100} THEN level = advanced
IF (score]=21-40 A score2=21-40) THEN level = advanced
IF (scorel=21-40 A score2=61-80} THEN level = advanced
IF (score1=41-60 A score2=41-60) THEN level = advanced

The decision criteria for basic-level students can be inferred accordingly.

IF (scorel=0-20 A score2=0-20) THEN level = basic
IF (score1=0-20 A score2=21-40) THEN level = basic
IF (scorel=0-20 A score2=41-60) THEN level = basic

Suppose we are given additional information of the ninth student as shown in Figure2, then the above
decision rules for the advanced-level students is no longer valid. It can be seen from Figure2 that s8 and 59
are in the same equivalence refation but their performance levels are different. It is such conflicting cases that
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inspire the rough set concept. Given the two decision sets of advanced/basic level, the uncertain cases such as
s8 and s9 can be approximated their membership by means of lower and upper approximation [7].

Definition 4: Let A = <U, A, d> be a decision system, B ¢ A, X c U and [x]g denote the equivalence
class of IA(B). The B-lower approximation and B-upper approximation of X, denoted by bX and BX
respectively, are defined by bX'= {x | [x]e ¢ X } and BX = {x|[x]s " X2 @ }.

scorel scare? tevel
sl 0-20 0-20 basic scorel
52 0-20 21-40 basic 81-

100 B
s3 0-20 41-60 basic 61-80
54 0-20 41-60 basic 41-60 | °s3°%4
55 0-20 81-100 | advanced 21-40 { %2

s6 41-60 41-60 | advanced 0-20 | °1

s7 21-40 61-80 i advanced 0-20 21-40 41-60
score2

Boundary region
Figure 2. A decision table with conflict cases on students’ performance level.

Given the information as shown in Figure2, B = {scorel, score2} and X = {s5, s6, s7, s8} is set of
students with advanced-level performance, then the lower approximation bX = {s5, s6, s7} and the upper
approximation BX = {s5, s6, 57, s8, s9}. That is, the lower approximation of X is the set of all objects that are
certainly belong to X. This set is also called B-positive region of X. The B-negative region of X is defined as
U-BX, i.e. {sl, 52, 53, s4} or the set of all objects that definitely not belong to X. The area between these two
sets is called B-boundary region of X, denoted by BN, and defined as BN = BX—8X, It is the set of all objects
that cannot be classified as not belonging to X.

If the boundary region is empty, it is a crisp (precise) set; otherwise, the set is rough. The set of
advanced-level students in Figurel is a crisp set, but it is a rough set in Figure2. Decision rules generated
from a rough set comprise of certain rules generated from the positive and negative regions, and possible
rules generated from the boundary region.

A method to generate decision rules as explained above is static. The decision attribute is defined in
advance. Within the framework of DSS that decision problems are usually not known in advance, such
classical rough set methodology is inadequate. We thus propose in the next section our method of dynamic
decision rule induction.

HI. ROUGH SET BASED RULE INDUCTION

In the traditional environment of DSS, decision rules are manually encoding by knowledge engineers. It is a
time consuming process that requires close collaboration between experts of the field and the computer
professionals. With the emerging of data warchousing technology, we have a huge valuable resource of
knowledge from which we can induce useful decision rules. But with the classical rough set method, the
number of generated decision ruies is tremendous. We propose a different approach of inducing certain and
possible decision rules; the induction process is triggered by the query. The information regarding learners is
stored in a table form and decision rules on content management guiding are induced by posing query on any
students' attribute. By this scheme, we can limit the induction to only relevance rules. The framework of our
approach is shown in Figure3.
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User
query . .
answch l——-——-————-———-b Attribute ranking table

Table neme | Attribute
User interface

Enfercnee cagine Data warchpuse Decision system
conditions ! Excision

Decision rules

Certain positive

F .. THEN .
DSS IE , THEN ..

Certain negalive

IF .. THEN .
IF . THEN..
Passible .
IF . THEN.. stuivalenee
IF . THEN . classes

Partition of

Figure 3. The induction of rough and precise knowledge.

Our proposed framework of decision rule induction is invoked by query. Once the query has been posted,
the auxiliary data structure named atiribute ranking table has been updated with the table's and attribute's
name extracted from the query. The column Aif counts the number of times that attributes has been used. The
counter is sorted in descending order to place the most frequently used attributz in the first row. This attribute
ahways referred to by users’ queries, therefore it is worth generating decision rules based on this attribute
value, The approach of inducing decision rules based on the most frequently asked attribute is described in
the following algorithm.

Algorithm Decision rule induction

Input: User's query and a data warehouse
Qutput: Decision rules

Step:

. Extract table names T, and attribute names A; from the query

. Access the attribute ranking (AR) table and update the hit counter identified by each T; and A,

. Descending sort the AR-table according to the hit value

. Extract the top row of AR-table to obtain T, and A,

. Create a decision table A = <U, A, d> where d = A,, A = a set of attributes in T}, U = a set of records in
T

6. Pre-process A by

» removing attributes with number of distinct values = | T}

th b w ko o—

» discretizing attributes with real values

7. Partition U into equivalence classes

8. Search for the first reduct R

9. identify bX, BX, BN regions

10. From R, X, BX, and BN, generate certain, negative, possible rules

11. Generalize all three classes of decision rules using dimension tables and hierarchical information from the
data warehouse

12. Insert rules into the knowledge base
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IV. RUNNING EXAMPLES

We use the student data shown in Tablel with additional record <59, 20, 21-40, 21-40, basic> as our
running example. The hierarchical information on interval order that 81-100 > 61-80 > 41-60 > 21-40 > 0-20
is used as background knowledge for decision rule generalization.

Example 1: Suppose there is a query consulting the system whether the scorel = 55 is high enough for the
assigning the student’to the advanced level.
Method:

(I) This query asks about student’s level with scorel as a condition. Hence, a reduct decision table as in
Figure2 is constructed.

(2} Then, the following decision rules are generated.

Certain positive rules

IF (scorel=0-20 A score2=§1-100) THEN level = advanced

IF (scorel=21-40 A score2=61-80) THEN level = advanced

IF (score1=41-60 A score2=41-60) THEN level = advanced
Certain negative rules

IF (scorel=0-20 A score2=0-20) THEN level = basic

IF (score1=0-20 A score2=21-40) THEN level = basic

IF (scorel=0-20 A score2=41-6(1) THEN level = basic

Possible rules
IF (scorei=21-40 A score2=21-40) THEN level = advanced

(3) The three classes of decision rules are generalized according to the background knowledge. The final
decision rules are as follow,

Rl: IF {scorel > 20 A score2 > 60)  THEN level = advanced
R2: TF (scorel > 40 A score2 > 40)  THEN level = advanced
R3: IF (scorel > 20 A score2 > 20) THEN level = possibly advanced

Notice that with the given information there is no matching rules from the negative class and R2 can be
applied to answer this query.

Answer;
IF score2 > 40 THEN level = advanced.
If score2 > 20 THEN level = possibly advanced.
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Example 2! From the response of example 1, suppose the user wants to consult the system further that based
on the information of her first pretest score, could the system predicts her second pretest score.

Method:

(1) The query asks the value of score2, given the value of scorel=53. Thus, a decision attribute is score2 and

a decision table is as shown in Table2.

TABLEIL

A DECISION TABLE WITH RESPECT TO EXAMPLE 2

Conditions Decisio

log-in scorel tevel scorel
sl 15 0-20 Basic 0-20
s2 15 0-20 Basic 21-40
53 20 0-20 Basic 41-60
s4 20 0-20 Basic 41-60
55 15 0-20 Advanced 81-100
56 5 41-60 Advanced 41-60
s7 5 21-40 Advanced 61-80
58 20 2t-40 Basic 2140
59 20 21-40 Advanced 21-40

(2) There is no reduct. So, all conditional attributes are used in the approximation of bX, BX, and BN regions.
The decision objectives (X) are set of all students whose score2 values are in the range 0-20, 21-40, 41-
60, 61-80, and 81-100. From the approximation, these rules are induced:

Certain rules

IF (log-in=15 A level = advanced A score1=0-20)

IF (log-in=15 A level = advanced A scorei=21-20)

IF (log-in=20 A level = basic A score]=0-20)

IF (log-in=15 A level = advanced A scorel=0-20)

IF (log-in=20 A scorel=21-40)

Possible rules

THEN score2~ §1-100
THEN score2=61-80

THEN score2=41-60

THEN score2=41-60
THEN score2=21-40

IF (fog-in=19 A scorel=20 A level=basic) THEN score2=0-20 v 21-40

(3) Generalized decision rules are as follow.
R1: IF (scorel = 0-20) THEN score2 = §1-100
R2: IF (scorel =21-40 ) THEN score2 = 61-80

R3: IF (scorel = 0-20 v 41-60)

THEN score2 = 41-60

R4: IF (log-in=20 A scorel = 21-40) THEN score2 = 21-40

RS: IF (log-in=135 A scorel = 20 A level=basic) THEN possibly score? = 0-40

Answer:

IF scorel = 55 THEN score2 = 41-60.
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V. CONCLUSIONS

In this paper we propose a technique of decision rule induction to induce knowledge that can facilitate the
content management in the learning content management system. The induction process is based on the rough
set theory. Our assumption is that system with the availability of a warehouse as a data and knowledge
repository may produce tremendous amount of decision rules. We thus limit the number of rules by inducing
only rules that are relevant to user's need. Relevancy is guided by query predicates. We propose the
framework of the system and the algorithm of decision rule induction. The intuitive idea is illustrated trough
running examples. Our proposed idea is general, so it can be applied to any kind of domain. We plan to test
the effectiveness of our framework with the real-world data in the future.
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ABSTRACT

Inductive databases can be viewed as a natural extension of traditional databases to contain not only
persistent data but also the generalization of stored data, which are called pattemns. The idea of inductive
databases has been proposed originally as a support system for the knowledge discovery or data mining
process, We perceive the concept of inductive databases in a different angle. Instead of designing yet another
inductive database systerm, we are looking for the deployment of an existing inductive query language and
environment to support the database tasks. We focus on the task of query answering which has a high potential
of being a beneficiary of the stored patterns in inductive databases. Our experimental results of query rewriting

technique using induced patterns as a semantic knowledge confirm this advantage.
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Q.= { LHS —> RHS | LHS, RHS C R} unz e=(support, confidence)

P
R pattern support confidence
Xy iz Xony 0.25 0.33
1o 0 K=a?, 0.50 0.66
111141 Y=X 0.25 .50
14101 Ysg 0.50 1.00
0117411 Z=X 0.50 0.66
Fay 0.50 0.66
XY=2 0.25 1.00
KZonY 0.25 0.50
YZ=oX 0.25 0.50

U 1 MedvesdeyaunzgduuudoyaTugndoyadegihie

o & o o a 4 Ve & A 7 o
uvvdeyansounmiisy P lugfl 1 feduvinnslimdaiessyinusiaie uazdnumszves

ad Ay Ly oo Y = oo WM ot | .«:ly
wnnisufideams msdummndiiulugidoyadagiiefion 18de 11

A A Y ad 9 a @
HeUN 2 miﬂu‘mxmmmuiugm%qquﬂuﬂ
& 5 P~ - . = a a o
ﬂTﬂuﬂiﬂ r ﬂiﬁlﬂi&lﬂ (mstances) 114'51?1‘]51-& R AIAUMINAINTUDINABIAUY L (unu
ey : @ e d oA w ad o 4 oy
language 11!?__11&1'11”71?1'3%?]75 53411 ﬂQﬂUTHﬁNWUQi) ADMITAUNIANIVITU p NATINLLNOY l‘U q (r, P ) uag
] o i v = v
SENFRYBILNIMNIUR 1At NOYE) (UAUA0 Th)

Th(L,r,q)={p € L|q{r,p)istruec}

o ¥ g oA y A . o v
PNUNLYTIAUIIDU hl q (l‘ p ) fID 1nductive query 1‘31‘]15 'igﬂ']‘iﬂuﬂ’l“ﬂﬂl'ﬂi‘u r V}Eﬂ‘mu% 210
‘lllillﬂ\]l&ﬂ'l'i‘i"l'uﬂuﬂﬂﬁfa”ﬁﬂ\iﬂﬂwinﬁﬁlT’J'M‘ﬂ‘uﬁﬂ]&lm”ﬂuqmﬂ@ﬂ'}ﬁﬁﬂﬂﬂ'ﬂi (querymg) 1'Hﬂ5'€)‘Uﬂ‘FI‘U9\1

Pudeyaidagihie

=4

miie s seznmduliidmuesmsianng mdoyadgihie utanguaneiseldiiuaes

] ] ] o ar = o & o [ o at
nguingf [41] Ao ﬂquusﬂn’i’umsﬁuﬂ%’nﬁU‘lus‘mqygmamﬁuﬂﬂngmiﬁﬂugm%’agamqﬂuu Tne
%zui’umsﬁmuﬂ;ﬂuu“umm'sg1mmﬂﬂim‘?"n%’mgaiugmﬂmga HAREMUURREI NN FIUYDS

Foyy) ] i = oA G e r o 1
inductive queries  MW3Tolunguitaesiailunguithindsed s us g vsiiu luudynuoms
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IFnuedalasnmewd vy pBMS Aldegluiligiu WawisonimilestoyalddionsminTugads

7 1HeMIH pattern mining LazAMALYRAITY SOL Taunsodimsfumunwniisutassan1s fuuwn

o o 1 LY 4 4

W5 By adunn nsud lvaldswlas uazmsrovn1y
Tunquuoninddefiaulalumiedmguiiuguvesgudoymfegiiol L. De Raedt unznas

¥
[14, 15] dufineudaludrmmseenuuuFmeuiTaold fistorder logic Mundamanifugiuves
¥ r

wuddia  inddslunguiiszniunseenuuyTuwavesgmdoya [14] uazfmuangufvesniwuitons
8 o o = s 5 a4

gounudeyauasunnmiunngudoya  (15]  sawivmsdmuapliuRsedaiensdsznana

L 3
inductive queries [29] w‘}fﬂmﬂummiﬂﬁwﬂgwm relational algebra AuMIAANT I evaluation
function MO1IsSIlUAMA YDA Y tazd v iRmsfuummAsy

@

o oA oe o a o S & Al Yo
adtsvesnguaniums ldnusTwesgnidoyadighis  Fuduneildsuanuaulonn
» 1 [

dnitehwumnn amdded vy Tunquiiluvamsindionu AojawiufimsdFodzanm sqL lu
o ' i - da 4 W Y T
ANHUTVTIMIADVY I (SQL-extensions) My ludnemziiihstuluszezusouaz 1dsumsdepetann
ldun 711 DMQL (data mining query language) Warnu1lao J. Han unzamy [21] uazaisnil1Fyadids
MINE RULE #ain11ag R. Meo uazamz [34, 35, 36] Aednlugili 2 (amlasnindretalu [5]) uana
flida DMQL szyntsfununmis ulssmn characteristic rules vIngudaya university_database LRz
fmuadnyuzMiNu9e9 Ao gpa, birth_place, grant vouindnyiiusiafnuiluanouisnes

use database university_database find characteristic rules

related to GPA, birth place, grant, count {*}%

from students
where status="“graduate” and major="cs” with noise threshold=0.05

317 2 Meodndidadumzduuuteyaveaniu DMQL

msfiuRANME SQL ¥4 R. Meo wasanz 1935051411 MINE RULE ifedumingnadusiug
(association rules) Aadvdgamdslugff 3 @audasondedniu [5) Auansiduieldmum
anuduiusyosdu (itern) PINTIATY transaction( Date, CustID, Item, Value) I@uﬁﬁau'hrhﬁuﬁ’wgu
sxdpaliyanigandt 100 uazgndrdedudrlunasiaferfumnnd 4 u

MINE RULE Associations AS

SELECT DISTINCT 1..n Item AS BODY, 1..1 Item AS HEAD, SUPPCRT, CONFIDENCE
WHERE BODY.Value > 100 AND HEAD.Value > 100

FROM transacticn

GROUP BY CustID HAVING COUNT (Item) > 4

CLUSTER BY Date HAVING BORY.Date < BEAD.Date
EXTRACTING RULE WITH SUPPORT: 0.2, CONFIDENCE: 0.5

31

o

3 f0419f1d9 MINE RULE themsfuningannduiug

=p.
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E
¥ DMQL uag MINE RULE fianwaunsalumsfummwmigy sl amisoneaty
b A ' +

wmiisy anuannsoil ldFumsWanuiudnly MSOL A las T. Imielinski wasnae [23] a1
MSQL $fiamisAunummiisunmzludszinn association mles  wazluamSsunsmvesivansse
3 do w e =y o 4 =
MNN [2, 8, 40, 45] Adannuen e sianngudeyaFinRe A unuawizun iy

dy | P o u’: o:ly <& ad g o kG a
szianilsafony mmummmﬂmmmmuwhmn‘lmmmamugsna

14 DMX (data mining extensions) ﬂjmi:uuﬁ"ﬂmsgmi’fﬂga Microsoft SQL Server [42] WAW®M
ssvpldusgmidelumsfunumniifulsson  cassification  uamsmausuunRTud e

amaunselusedums ddedoudn  wenvinmsvnelanrumnseves  soL Tugudoymda

r '
@ oo o o &t o

duiuid 891853 fuiiannns ugluuudu iy ODMOL (object data mining query language) [16]
aldfugdoymBatng  PMML (predictive model markup language) [38] nlgfugudeyaiu uaznin
anuaulolumsamnnaswilndumiwlodfoyadhivyadids soL mi¥imstmunnasgiaihs
ISO SQL/MM [24] uazhuuauiasgiud nafouaoiu Java [25]
» 1 ¥
duaszozusnvesmsfisafafndupudeyedgiiis uenainmsld soL Wudugiluns
o & W e o ° .. Y oo aw = v & gy o Fy
Viudsunmandrdalunisi pattern mining 482 daininTVoludangunienigmuusemssnathuiugm

¥

Tumsiamgamduiemsdumumwaiiy 1Wn3dolunguil 18R L. Debaspe uazams [11,12] Awan _'
MFazNTEUMMSAUM frequent pattorns Tauo e ug NN Datalog Sasilun 1wt sy
Fwdoyaferidy (deductive databases) udiftesvindosifnvesgnidoyadeiisiufiesilszAninmdon
aufiodoyafiUSimamnn  C. Goh nazams [20] S ldueiimsquitedadoniamzdoyadaumunly
Tuduaoumsm  characteristic patterms  msuAIEIIaR L Tofus it ey aiiso 18T una
awlowrotaoiio Tﬂﬂﬁm‘iﬁuﬁumimﬁﬂvfﬂm‘?fmqyﬁﬁ'yugm {1, 3, 30, 39] uazluduniseonuuy
query tiofumIRs SamsAuunRTU 13, 17, 19, 26, 44]

TuszozndanuiSodugmdsyaiFaghi ﬁa“ﬁuﬂtju‘ﬁ.ﬁwumqyﬁ‘v{ugmuazﬂfjuﬁtﬁum's
Uszgndlfannss Suannimdanursanisutaenteueayeay suymsrsIsuduiann by
ms'emmmmzuvgm%gm%&qﬂﬂa IDBMS (inductive database management system) ﬁﬁwqyﬁﬁfu
gHsess sy e e IHmng auduns anes s Taveaniy query A% lunsfumas
Famsfuummiisuldnadmidaliann mudtludnvaznsesnuuussuy IDBMS TWaR1d firse
order logic Wuftuguuesnisesnuuy [18) woefidhsdnumemmmmusznhedinsmanssnsfins
wanadalsen i (declarative) Haz35ms Tsunsudedaany Gmperative) Taommfiudoyauazunmiifu
saflugiudeyaFsduius s::ms“luﬁnymwanﬁﬁmﬁlw@ﬁwxL?aﬂ‘-ﬁyuuammzﬁagﬂuizwjnmi

W 18un 5210 CINQ [9], Psycho [10, 37, 43] 182 ConQuest [4]
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td i

Tuemdfell  Fidelanuauhlumsfamssuugudoyadigliohld fisstorder logic 1y
AUFIUVDINTMMUANTOLLUIRALAZAITOBNUUUNIRINIUIDITZUY  1HBIINTTmsnuaTIngiliida
anuannsa luFalsenaganhimet SQL Wy Mdedeitednlugli 4 @audatoin [19]) uaesdiims
szynsfumduiifigndilisudegiutiosy  sesmsdsvedlunsriferiu  msdumFudinszdiit

1 ' 1) >

ﬁmﬂi’f’aga transaction(date, customer, item, price, quantity) um:szuﬁau‘lmwmﬂmmuﬁ’mgﬂ%a AUUDY
A g & Y4 )
HazApagnFe IaggniisuiuuInndl 10 au

pair(Il,I2,count{C)}:- transaction(D,C,I1, , ),transaction(D,C,12, , ),I11\== 12.
ans (I, I2} :- pair(Ii, 12, C), C > 10.

ar 1

31 4 dredhafidatum frequent pattern TunmniFalssms

nndedrafdalugui 4 w18 dnsesveansvh pattern matching TumuFedszme %114
fwnhlunendeadan  anndalsemefildndnmsessrnandsanue fuau pattern  mining
vennnanuamsahufalsemaud fisstorder logic SumnzavdmiumsNannnsiuniiosdeya
'lﬂ'sjmmmmsaiuﬁ’mmsf’l’uﬂmwmﬁ{uﬁﬁmsszmﬁau% (constraint pattern mining) LAZNITAUNILA
niisusnmen nuduRusnTenaegudeyaludnuuz multi-relation mining

ATPULUIRAVBINTROAILVE NV T 101

Tumseonuuugmdeyafagihiy  wenvindmvssmsdummasfams fuunmiisuud)

Yo, o k4

AduialAlauensouuuIfa (framework) Berfumseenuuuuaziand IDBMS Wudueniiinifems 9
Baueliudr Ao Wimsdudnudonlosvesms s Tomfnnunnidisy  doundulfadm
dszuanateiini zﬁ-‘mﬁ"uﬂsxﬁﬂﬁmwwaﬂszmumﬁ query apswering LAY semantic query
optimization 27, 28] eesnnmilnaitlnnmiiiviezsalannsavaunssungudoya iy
mmmminﬁq“luv?aqﬂﬁ’mmzﬁsﬁ’a‘lé’ﬁugmﬁfumﬁu AsBLIIARYEIMIBBNULD BT IUToymTgihie
wanathurumwldgegld s

Pattern management

- Constraint

. Mining engine *
xtractor:: B

Y

Query
query 7 outoput

[y
>

Query processor Optimizer Executor

Data management

: <@ 1 o ¥ = o
51U 5 nspumuAsuaadMlIzneyYBITEYLIRMST IMTBY MY Y
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nseUIIRRYBITzULTAms gTuToymFegthin (inductive database management system -- IDBMS)
znoudwdiutlsenoundngesdiuy ae dnTamsfuteya (data management) WBZAIMIAMIRY
suvudeyn (patten management) “lur;huﬁiﬂmsﬁugﬂsmm’fau“aﬁnﬁaammuTﬂsaﬁ%ﬁwmsgmwa

4 v

msumutoyauazguuudoys (data and pattern representation) sammnluilagtugiudeyaiildnme
anuu 1wy generalized rule-based patterns, clustering patterns, association patterns, time-series patterns 1113
ﬁmuﬂgﬂuun“lﬁ’sﬂummsgmzﬁmﬁmﬂuﬁwﬁuﬁuﬁm?ussvuﬁﬂ vitosz TemIumsSon 195 luu
& & w =3 3 F B a 3 e s A d?
UDYAFBUNU (nested patterns) 3B query awsovhauivgiuuuoyalng q Aeziiu@udunly

au1an1d

dndamanudeya léimssenuuunazsimun operators “Eumsﬂsvmawa query laggtuyvyes
query wmmmnmnmn query 719 unmn Datalog quygwumumn first-order logic yaf1daR
PONUTI 9 aaumnlﬂﬂwaumzmﬂhmnﬁuaua Tﬂﬂiuaamwuvwwmimwsﬂamwaua‘lu 3 NGUUAN
fio classification patterns, clustering patterns 582 association patterns °lumu°umsz'uu m'ﬁmmmugﬁuuu
o Yo ) o ¥ Y o 4y 5 ..
Ty 'lﬂ'sumiaammU°lﬂﬂ1nh’a’mﬂ1mumgﬁuw‘uagmmum‘nuﬂwau 19 (constraint pattern mining)
NIOBMMULIEMS update Foyauazrluuudoya winsaItnsliudsgluuudeyaluunmuves

4 A - A
incremental mining H49 U2 @NEamAn I LYY batch

ManaATBUANNTNIaveIg Ny AT igiiy

» 1
msvonuuuIzuugudoyaiagihivve san3Sui upasminandniioy Ieusobhyduoudoys
o 3 A4 a ¥ o oL o W VS o w
mht{]umummsmemsﬂsuﬂmmsmawammu (query optimization) 11883 Tuaoumsilsuilgs
ﬂuammmmm"lﬂmsﬂw 6 m's‘nmmnﬂrﬁmmwmm@wammn 19ioya customers mﬁ]uﬂuaua
Funsiwr §lrsaaiha (schema) ail
customers {customerID, name, address, city, country, birthdate, marital, gender, education,

member_card, total_children, occupation, houseowner)

Y o .. oy W ¥ Wa
uazgﬂimmaya‘luaﬂymwm association rules ALY lﬂi]‘tﬂ‘lfﬂigﬂ customers uﬂﬂﬂﬂ N7

gender=m = marital=s
total children=0 = marital=s
total children=0 = gender=m

gender=m => total children=0
houseowner=no => marital=s

member card=bronze = occupation=skill ed manual
marital=m = gender=f

marital=m =» houseowner=yes

city=los angeles = houseowner=yes
city=nation_city = occupation=skilled manual
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Check for

Optrmzation

MNo

Yes

COptimize
Process

‘To code generator and ]

execution engine

-
Iliiiiiiill

l Result of Query |

»
o

511 6 Tumoumsifulsimsaendedinnmesssuuiamspiudoyadegilo

@

3
stiundeyamariigniv il umsmlasgiluiuudedion (query rewriting)  Tnulddindisde
fow Q1 B Q5 aeumudeyagnimamionludn q ramsnaaeuuanimsdivilsedodinn @1, Q2.

Q3, Q4, Q3" drwguudeyn (patter) uaznanna I lunisasuudazdodinmw

Ql: SELECT * FROM customers WHERE city=‘santa cruz’ AND gender='f’;
Pattern: city=santa cruz = gender=m
QL' None: detection of unsatisfiable conditicn
Answer: null
Time {ms) : guery Test#l Test#2 Test#3 Test#4 Test#5
Q1 50 50 51 50 31
Q1 0 0 o 0 0
Q2: SELECT * FROM customers WHERE city=‘santa cruz' AND gender='m’
AND marital = ‘m’;
Pattern: clity=santa cruz = gender-m, marital=s
Q27 : None: detection of unsatisfiable condition
Answer: null
Time (ms) : query Test#l Test#2 Test#3 Test#4 Test#5
02 109 103 104 101 104
Q2" 0 0 0 0 o
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* FROM customers WHERE city=‘los angeles’ AND houseowner=‘yes’;

Q3: SELECT
Pattern: «city=los angeles = houseowner=yes
037 SELECT * FROM customers WHERE city = ‘los angeles’
Answer: Q3 = 27,660 tuples: Q3'= 27,660 tuples
Time (ms) : guery Test#1 Test#2 Test#3 Test#4 Test#5
Q3 13386 1442 1406 1425 1422
o3 1126 1303 1268 1273 1230
Q4: SELECT * FROM customers WHERE gender='m’ AND marital=‘s
BND total children = ‘0';
Pattern: gender = m = marital= s, total children = 0
Q47 SELECT * FROM customers WHERE gender = ‘m';
Answer: Q4 = 71,916 tuples; Q4’= 71,916 tuples
Time {(ms) : query Testil Testi2 Test#3 Test#4 Test#s
o4 4559 4043 4665 4043 44490
Q4 3377 3717 3489 3680 3404
Q5: SELECT * FROM customers WHERE city='santa cruz’ AND gender="
AND member card = ‘bronze’;
Pattern: city = santa cruz = gender = m
Q57 : SELECT * FROM customers WHERE gender='m’ AND member card=‘bronze’;
Answer: Q5 = 16,596 tuples; Q5'= 16,596 tuples
Time (ms) : query Test#l Test§z2 Test#3 Test#4 Test#5
Q5 1313 1908 1185 1749 1375
Q5! 9386 1274 1074 962 951

o 1y £ t o [ ¥
vinnanInaTouIsiuldn jliwudeyamofununnudaudiludeu lvvesdos 1o Q1 ung
Q2 vrldmurensy Idiuf i hifidnon (eull answer) Tuvnefdosom Q3, Q4, Q5 mwsognisuilsa

Tifidoulvanas] Iddoguuudoyafituny Hildifnaanaslumsneudesommaniy

agthinedomwenuy

¥
= o

uTseiiiu

ﬁuaumme‘lumsSuenmsﬂmmmmsa'-umswugmmauaﬂ‘muasiui‘}ﬂs;'uu 1o
Wﬂ':1:rmminmm:uTﬂawuuﬂﬁaﬂmwmmsmmuawana misuilatutiaziise Tomilums dum
. v oW f

anuEuus ludnyuzves association rules, functional dependencies, semantic constraints HRZATTUTUNUT
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Abstract

This article presents work in progress on a new methodology for the design and implementation of the next generation rule-
based expert systems. In addition to the set of predefined rules, we include the nules that are automatically induced from the data
repositories. The inductive process has been dome through the knowledge discovery techniques. The induced knowledge is

normally big and sometimes irrelevant, therefore, we propose 2 filter operator for useful-rule setection. The induced, as well as

predefined, rules together form a knowledge base for the inductive expert system.

Keywords: expert system, knowledge induction, knowledge filtration
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Tugwemarsufl 20 Nmsﬂaummﬂ5:Jmmﬂumamamniumumuﬂmm11]'5 £ANT  (Artificial
Intelligence, Al) “ﬂWUTtF"IlJBuTﬂ?Elﬂiﬁ1ﬂlﬂi8¢ﬂ8ﬂﬂ’llﬁﬂ‘i’f‘f”m'ﬁﬂﬂﬂllﬂﬂiy%?viﬂladlﬁnﬂuuuyu Tuilagiwin
ABUNAADS 03 lnmminmaqwqﬂnmﬂn".ﬂm% LARDWABY lﬂmnmmwmmnu fio anufinndhlumantey
A vostlwrlszAng 1Aun avuoud obotics), mmmmﬂuwmmsamns (machine learning), #191M13
P UaHANIHITTTUIR {natural language processing) ua"mmeuq anmﬂnummmgjmﬂwam (expert

systems)
s:uuﬁx%e'z‘mmtilu*::;‘uuﬁﬂizﬂauﬁwmummi’ (knowledge base) s TdsunsufiSeniunins

BN (inference engine) svuum‘ﬁm‘mmm'nmmammﬂ’nmmnmmmmw‘h1umumm'smf}°hfmwsuu
:muumﬂmﬂigm“luﬁ&Nmaq ﬂsauu,umnayuﬁm‘lusﬂmmng IF <condition> THEN <action> 19U #9061
ezﬂ”lﬂuuﬁﬂwslmumasmwiums:mi]t;;mtﬂsawuﬂﬁmw"iuﬂﬂ
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IF car won't start THEN check battery.

1¥ car won't start THEN check gas.

IF check battery AND battery bad THEN replace battery.
IF check gas AND no gas THEN fill gas tank.

fhuﬂ‘isﬂﬂwﬁ’ﬂmmswunﬁﬁ}mmmﬂi‘"nam’hamumm%’uau:ﬂ?awumu Tﬂumsamqmuﬂv
tezneus lsunsubesdnodwiios 3 Tasunsy (m‘sﬂ‘n 1 ﬂalﬂiunsnwmwumwﬂsﬁ:mumwwu'lwm
A5 (pattern matching), TUsunsud T Rss £y P Tudumsnsz B 1unang (execution of the action past) Uy
Tﬂsxmimﬂmmﬂmmmﬂnmﬂumnumq {conflict resolution) ;

nmsialaseadavessy uuwwmmmiﬂmumummswi’]umumwfma uanaanmnmuaumuw
W Tysunsy ‘]f’Jtﬂﬁﬂ'l'iWWmTEu‘.IJ‘IJF-!I‘HU’J‘%)"#EU‘J‘"‘I}Uil‘iﬂ’ﬂhﬂﬂ‘idﬁ‘ﬂduﬂﬂ MYCIN{] #aifuszuy _
m‘ym‘mmw‘lﬂmuu gt lumsitiedvlse vnerwdudoves MYCIN m“lmnﬂsvuuwmmmmnhﬂﬂswsmmu '
Foafutenthusann [y DENDRAL °l=:fm{nmswﬂiﬂ‘smﬂwwmn DIPMETER line PROSPEC‘TOR 'hf _
mmiﬂs1~'rr‘uauam~msmwmlwatm,,mnmlmmvmmnuua“:maaus 32 uuwm’mmmmuua%wunauq fi -
mﬂw?uﬂnmmﬁyﬂ 1970 a2z 1980 ﬁmli’lu‘i“uuwmmmmwm {21

Rue-Based Expert Systems

knowledge base l [ rference Engire l
ﬁ o [ 1
Pattem Execution Corflict
mat ehing rues action resolution

31l 1 muﬂsynawanmmivuur«:ﬁm'mﬂmzmung

swuumam'mmmn ! ﬁ‘:Ngwuﬂﬂmmmﬂmmﬂsmms (knowledge engineer) Mnihfidumyeal
Nm'mmwmﬂusmmmg umnﬂmzﬁnmrmmimmuu?uagiu;ﬂ:mmaeng IF-THEN wﬂeuﬁyﬁamwms
HeRan A (knowledge acquisition) Suihifuneuiidesldinatin mnmmwmmnﬂﬁuﬂwwmuu‘lmﬂu
svmumsaﬂTuuﬂmni‘fmwaTﬂmmmffmgmmmi"lmamswuﬂﬂmnﬂwwmﬂ15|ﬂusuuumamaﬂtyiuw
23]

dnymzisuesszUudE TR 2 ﬂaummi"qnﬂhmﬂuﬂammmmsmugsﬂmsﬂsamnmﬂ‘ﬁ
meﬁumsammmg‘nea"lusﬁamwmnq wﬂumumaumsumammmma sionIsvUdiFnmauuniin
'suwwmwltquﬂus (Inductive expert system) [4-10]

'Imm'mtmﬂm”Fmmﬁunnsamtmﬂﬂiwmﬂumnnuuwmmmmmqﬂuvmu?waﬂuﬂawums
msalsz Qﬂﬂ“lasmﬂuﬂﬂmsﬁugmmmsawfaﬂﬂsmunmstsausmaﬂua (inductive learning) g luduneu

%aqmiumqmmmsum TURDUMTIS UiﬁllWﬂ!ﬂ'iuﬂ'l'ilﬂﬂﬂﬂﬂ‘dﬂﬁlﬂﬁ BIeUuIU mﬂmm‘l‘y&mﬁumsaﬂ
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mumms (knowledge reorgamzatlon) twaaﬂﬂwmmmmmmwmnq uazEwmEsann (heuristics) lWﬂL’r‘l‘lJ
ﬂ’nm'sﬂumsmdmmawuﬂﬂummumummi

2. ssundfmm B eguie

g unnmsdumusifidonny wdnauiiunduphwuvesngezSanuusdwe i (14
/7819970 [8])

Rulel: IF Grade is Director THEN decision is Pass.

Rule2: IF Grade is Senior Manager AND Hotel is A THEN decision is Reject.

Rule3: IF Grade is Senior Manager AND Hotel is B AND Department is Accounts THEN decision is Pass.

Ruled: IF Grade is Senior Manager AND Hotel is B AND Department is Sales THEN decision is Reject.

Rule5: IF Grade is Senior Manager AND Hotel is C THEN decision is Pass.

Rule6: IF Grade Junior Manager AND Hotel is A or B THEN decision is Reject.

Rule7: IF Grade is Junior Manager AND Hotel is C THEN decision is Pass,

mamﬂamsmmmﬁuﬂgwmyﬂ%ﬂummﬂﬁuhﬂmsaaﬂ 11.]ﬂﬂUﬂ\ﬂ‘liﬂ?ﬂ'liﬂﬂﬁ'mﬂd‘m"uEN‘H‘LI'JU»?’!H
srarmnsadniiin 14nde T °lu3~u'uwwmmmmaﬂuuswuummsnﬁuﬂﬁwmg;wulﬂTﬂUBﬂTuumm
foyafifunsfidohevesnsdaduluinvie hiliin mauammu;ﬂui’;’ana“ﬁuﬂﬂﬂm'm*nula‘lumumana
ua“mmsnﬁams1~m1}ui1}1wuﬁﬁﬂswaTaﬂﬂummn}s"ﬂaummﬂﬁuh mfmﬂmnumimmﬂmmmg:ﬂu
wuumsguiudedulimaiiule (decision-tree induction) nmut Idvzifhi Tngaadredu iiadule Soguf 2

31 2 arwdlugtinuvesdu Iidadule

k' Bld. = o
3. InssardevessznudiFean g agule
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ssunfEeIswyFgdoinematiama danzdanud et iuaounsuamaTIvg1a Ing
saTuid Hlassadwvesssvudaumasluzilii 3
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Aulszneuian vossuudFe Iy Eeethisindhided
® Knowledge Acquisition Subsystem 1HuTulsunsugromufie Wi§iSnsguasSmnsanudaunsoni
s A & g 3
g lugduuyeesng nieguuugun dulilugwaimg
® Automatic Knowledge Acquisition Subsystem lf}uTﬂiuﬂsmnm‘nummmﬁmmmg"lugﬁuummn;]
lWﬂmmﬂﬂuh (decision rules) Hag ﬂ;]u?mammﬁnwuﬁ {association rules)
® Inference Engine (Judanfszneundnvassy unmwm‘mmmﬂumaqmm1ﬂ|m}m‘sm'w‘§'amm?au‘lﬂﬁ
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oyumezussyngmani3ludn Agenda Wednddua i fuassuiunuiungiiamudiy
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qagAnou FummFsunsidonngiteduiiurmannseitig B adanieduam Wugu
(background knowledge) xﬁa“l%ﬁhuinn'ﬁ%’ﬂ's’nﬁummﬁwﬁimmngdnq Tugwanug

®  Knowledge Validation and Reorganization Subsystem iﬂumuﬂmﬁmﬂﬂsuﬂiamummgmammﬂvng
Winmnsaudoms ianannty uas nmumuuUummnﬂmwmmmi’wmmﬁmﬁuu’l‘nn

® Explunation and Reasoning Facility iuTsunsufitrsadumsvnanvesszuvdiBume Wannsn
afuumaralsznousmuzhinaaurdlfz vy

®  User Interface ifudrudnsofugdife fuilym unziaaedbuuztiivs foudilym
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1311} greedy algorithm [11-14] uerentiunou 1ddns i
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Algorithm Rule Induction
Input: Example cases
Output: Rule set
[.  Create rule R from existing cases by greedily adding conditions that minimize error
2. AddR totherule setRS
3. Remove cases covered by R and continue with step 1 unti] all cases are covered

4.  ReturnRS

» T
tudmesmsdamsdungienaislugnag fhumsdanmumssonidng luvae sz uudiFery
5 & v g Ay ¥ ¢ At w . A& gy & w & @
Wsmieasaeunng lathai hignlidseTowd ngfihignldamszgaiuaiesmne Iiiensfanatlunonds
TumavesnsdamumsiSenldng 95 uumnisadumsihauves nSnined (rigger) Tugudoya uanslasenite
vos Tuna 1dAag1i 4
; a = & S i - 1 & ¥ Al = 3 3 = ' 4
Tuduneumsiminines (iriggering phase) seiimsaswasuiinglathafiszgniSontd Hinnaimil
P & o o o o 5 ¥ A o oA w g ] a 1 3
ng velimsiadiuaiwdify westhmsSonldnglidnumemshaudedelifingdug sefanmnsGonld
& & @ o 3 = v [ 3 ° 3t o
duludnymizvesns v dudaednlugtd s dnswiifiaining @yce) nanenmshamvesssuudiFoinyoinee
» ¥ 13
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signal Event Signaling
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Source
l triggcr
Triggered Rules Triggering
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males” condition
¥
Evaluated Rules Evaluation
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l schedule
Selected Scheduling
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I cxecute

b Rule processing
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Algorithm 4.4 Trigger conflict resolution algorithm.
Input: an unordered stratum set S, a relational active database R and its metadata
Output: an ordered stratum set O in which the priority of each stratum has been assigned.
Steps:
6. Active Rule Sel, = Activate( §,, E)
* Activate every stratum S, S, € S, such that the occurrence of an event £ can invoke its trigger
rule(s), and record all affected rules in the corresponding Active_Rule Ser, */
7. K Induce(Active_Rule_Set, )
/* The knowledge induction method (such as association-rule learning, decision-tree induction) is
applied to induce knowledge from the content of each Aetive_Rule_Ser. The induced knowledge is
stored in K. */
8. q,= Degree_of Constraint (K,, metadata)
* Caleulate the value ¢, or the Degree of Constraini, of each set of induced knowledge X
comparing to the integrity constraints given as 2 metadata. */
9. sort(i, q) * Apply any sorting algorithm on the g-value associated with each stratum S

10, return an ordered stratum set O = { S, | § has been sorted by its index i }
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memﬁwmumu’mﬂummauﬂa"lﬁi] ﬁ]umiﬁsmj'iqmmmwmmsmaumu (inference engine) THviTld
ﬂwnﬂummummyaﬁuv {deductive and inductive inference)
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