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Monk All 12 1/3 1/4 1/5 i/6 1/7 1/8 1/9 1/10
15 Prob. Imax !max Imax Imax !max {max |max | max | max
Prob i Prob | Prob {Prob | Prob | Prob : Prob ! Prob ! Prob

Accuracy | 79.03 § 24.76 { 24.76 2513263 13263132631 38,191 38.19:79.62

18 #rules 54 1 i 2 5 5 5 7 7 13
._3:_ -Post- All 1/2 13 1/4 1/5 1/6 1/7 1/8 1/9 1710
[operative Prob. !max !max {max {max !max {max ! max ! max | max
1 Prob | Prob ! Prob | Prob | Prob | Prob | Prob | Prob | Prob

Accuracy | 81.65 1 60.09 { 60.09 i 74.65 | 74.65 | 863.27 | 80.27 { 80.95 | 80.95 | 80.95

# rules 32 7 7 ) 15 19 19 23 23 23
i;" :Breast All 12 1/3 1/4 1/5 1/6 1/7 1/8 1/9 110
St cancer Prob. | max max imax {max jmax |max | max imax | max
: Prob i Prob {Prob : Prob {Prob i Prob { Prob ! Prob | Prob

Accuracy | 63.15 { 50,52 : 5473 1 57.12 { 57.12 {1 64.21 § 64.21 ; 64.21 { 64.21 | 64.21

13 #rules 200 5 13 19 19 42 42 42 42 42
:Vote All 172 173 1/4 1/5 1/6 1/7 1/8 1/ 1/10
Prob. i max {max !max {max imax max max max | max
Prob | Prob {Prob ! Prob ! Prob | Prob ! Prob | Prob | Prob

Accuracy | 8433 {1 5555 8741 874 874, 874: 874 874 8741 874

# rules 47 1 2 2 2 2 2 2 2 2
|| Hepatitis All 12 1/3 1/4 1/5 1/6 1/7 1/8 1/9 1/10
il 3 Prob. | max max | max max max max max. | omax max,
Prob [ Prob i{Prob | Prob {Prob | Prob i Prob | Prob | Prob

Accuracy | 7142 ¢ 609 75 75 75 75 7541 7691 7691 769

# rules 16 3 4 4 4 4 4 5 5 5
‘I Mushroom All 172 173 1/4 1/5 1/6 7 1/8 1/% 1/1¢
e Prob. | max max max max max max max max max
Prob { Prob {Prob i{Prob i Prob | Prob | Prob i Prob i Prob

Accuracy 1001 9148 1 91.48 § 96.72 i 96.72 160 100 100 100 100

#rules 25 3 3 5 5 8 8 8 9 g
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Algorithm 4.3 Probabilisticdecision-rule inferring

Input: a knowledge base (KB) containing probabilistic decision rules, and
a new case with unknown class information

Output: a decision on most likely class of the new case

(1) Read all attribute-value pairs appeared in the given case

(2) Compare the attribute-value pairs with each relevant rule in the KB to get
the decision class value

(3} Compute the decision confidence as
(number of matched attribute-value pair) x (probability of the decision rule)

{4) Output a final decision based on the majority voting scheme

(5) Ifthere is no rule matched the new case,

Output a final decision based on the majority of the top five decision rules
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Algorithm 5.1 Knowledge evaluation
Input: a data model as decision tree with node and edge structures

Qutput® a set of probahilistic 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
{numher 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

(5) Assert selected rules into the KB and return KB as an output

5
22

ar <5 = 1 o o t

Jumpusnuosdanssiuilunieiudeynsin node ung edge FUAUIIL
= o [ T = 2

mngauTvua TasGuan TvuasinidluTvuamnoavgud lanwisaznnio edge aaun

aunserisne Tnualy Tuvariswdoyalusaaziesniviuudeyaiignuendosaunluun

= L. ¥ ' o 4 @ ’ ' o
azhaomumumanutnadulunsaseuagudoyareingnisdaduly  swanihezdu




81

Dby

e a5 s o o Y o ¥ 4 o ¥
unJuﬁﬂmu's:m’mmu’;wua;;a1f|Twuﬂumimﬂmmu‘uay’amwm (Huﬂf}ﬁ’liﬂ?ﬂ‘ﬂﬂ{éﬁ

=1

Z H ] 1 r =5
#lnuanm nndudufinagnisaadulefiuaaznglidaulsznen 3 au fie Mwesseny3
A ol o a o o 3 - ar & T
tanthinfetsdszaoumsdadule, amavesdoyaniluvavosmsdnduls uay mnny
1 o) o o
wistluveangmandule
4 = = o & =
diondasTaseadedu lidadulodiungmsdaiulaldnsulunnn Hazyn
o ~ =5 o a 1 r 3 i a ) o oeR !
Tnualundy eslimsiFosdwungmumanuinsihy @uasufl 3 awdanoiiy) Iauibu
1 d‘ ¥ %’J ar 'g‘ ﬂiﬁﬂ U ) ; T :
nnAwngaamAiesiige  Aenntuazdafisngiilianimhesdudniunasingls
3 £ ot ar a8 2 :d = w A () ~sY Yo
AU (uneui 4 mudansany) uaz lurusougamaiiumsduinngmsdadule 145y

= @ b
Mafa@onUaIe UG IUAINT

Tu a8 Knowledge integration and maipulation

3

ganoshuluduibimihiindawngnisdadulehdadenldinmeagitiaany
' o =5 st o = = 5 ¥ A o
wezitlugedanusinmvus  Wungieeldtuszuud@eoiny (expert system) Hod1uly
' o o
anwazanldgldmmsnreuamanuiaieg  vingwanuf  ngisuiludesldluszuy

%L%B’J“K“lﬁg%ﬂizﬂﬂué”mﬂgﬁﬁﬂﬂ’j? expert rules LAZ consulting rules

nplunguues expert rules ssgnldluszdl top-goal vesATZLAIUMITBYNIU
i ey @ o ) o e 1 3 =t
(inference process) AmMstiasninngmaadulalmungiizonin expert rule vwABIlmS
519071 head 118207 body YBING expert A4 head sziifunamsaniuly (fo edge label Tu

1 o o ' =]
TnualuvedTnssadredull wSeau Then Tungnisdaiule) @au body sxfiumnvaiden
e A ' W

sonvsiandsing ludau ifvesngmsdadule

nlunguaes consulting rules szgnlfifonts IdneunazaounuTwazBoa

o =2 ] - 2t " = ycl' @ 1= o
doyn (mned svodennidanaien) vind 4 lussnheiiszvud@emgimsinsizy
3 r v ¥
iemdnushinnzauuaaund 1 Susungiasesmidusnnutenyi i
Y ¥ oy A A el 2 - J= Py o
v0deYa 13U head WoInHazitluFouenniing d2u body vesnganiuFemsamaniions

A oy gy A a2 VA 0w aa oW
Audunidluseuenvisinamazmntu 1 ldnanuavesuennstifyug

= 5 1 @ & 9
swareatunsumeg soamaulasngmadatuls iy expert miles taz

T 1 s
consulting rules e M T uszvudiFmmayudas lanidanssiuae il




82

“Algorithm 5.2 Knowledge integration and manipulation
Input: a set of probabilistic decision rules stored in KB

Output: a set of rules te be used by an expert system shel}

{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 expert rule in a file ‘1.knb’
(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]).

(8)  Assert consulting rules into the file ‘1.knb’ and return KB as an output
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%% Data lens

% attributes: names and their possible values

o5

attribute(age, Iyoung, pre_presbyopic, presbyopic).
attribute{spectacle, [myope, hypermetropel).
attribute{astigmatism, [no, yesl).

attributeltear, [reduced, normall).

attributelclass, [ yes, nol).

% data

instance(l, class=no, [age=young, spectacle=myope, astigmatism=no, tear=reducedl}.

instanee(2, class=vyes, [age=young, spectacle=myope, astigmatism=no, tear=normal]).

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

instance{4, class=yes, lage=young, spectacle=myope, astigmatism=no, tear=normall}.

instance(, class=no, [age=young, spectacleshypermetrope, astigmatism=no, tear=reduced]).
instance(6, class=yes, [age=young, spectacle=hypermetrope, astigmatism=no, tear=normall).
instance(7, class=no, fage=young, spectacle=hypermetrope, astigmatism=yes, tear=reduced]).
instance(8, class=yes, [age=young, spectacle=hypermetrope, astigmatism=yes, tear=normall).
instance(9, class=no, [age=pre_presbyopic, spectacle=myope, astigmatism=no, tear=reduced]).
instance(10,class=yes, [age=pre_presbyopic, spectacle=myope, astigmatism=no, tear=normall}.
instance{11,class=no,[age=pre_presbyopic, spectacte=myope, astigmatism=yes, tear=reduced]).
instance{12,class=yes,[age=pre_presbyopic, spectacle=myope, astigmatism=yes, tear=normall).
instance(13,c1ass=no,[age=pre_"presbyopic,spectaclezhypennetrope,astigmatism=no,tear=reducedl).
instance{14,class=yes, [age=pre_presbyopic,spectacle=hypermetrope,astigmatism=no,tear=normall).
instance(15 class=no,[age=pre_presbyopic,spectacle=hypermetrope,astigmatism=yes,tear=reduced]}.
instance(16,class=no,fage=pre_presbyopic,spectacle=hypermetrope,astigmatism=yes, tear=normal]).
instance(17,class=no, [age=presbyopic, spectacle=myope, astigmatism=ne, tear=reduced]).
instance(18,class=no, lage=presbyopic, spectacle=myope, astigmatism=no, tear=normall).
instance(19,class=no, {age=presbyopic, spectacle=myope, astigmatism=yes, tear=reduced]).
instance{20,class=yes, [age=presbyopic, spectacle=myope, astigmatism=yes, tear=normall).
instance(21,class=no,lage=presbyopic, spectacle=hypermetrope, astigmatism=no, tear=reduced]).
instance(22,class=yes,[age=preshyopic, spectacle=hypermetrope, astigmatism=no, tear=normall).
instance(23,class=no,lage=presbyopic, spectacle=hypermetrope, astigmatism=ves, tear=reduced}).
instance(24,class=no,[age=presbyopic, spectacle=hypermetrope, astigmatism=yes, tear=normall).
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msvhamvesTsunsuludandl wGundamninsadulumatoyadas
wdnmsvesmsairdulddaduls Fansiiy D3) wasifuiinTumaSlumsainado node
e edge SdsaaquoeTsunsunanuanaldaat
mainld3(Min) :-  init(AllAttr, Edgelist), % initialize node and edge information
getnode(N), % get node ID
create_edge_onelevel(N, AllAtir, EdgeList), % create tree
addAllKnowledge, %o generate decision rules
selectRule(Min, Res), % select top rules
writeln{Res),
tell('1.knb'), % write selected deciston rules to file
writeHeadF, % transform to expert rules (head)
maplist{createRulel, Res),
nl, writeTailF, % generate body of expert rules
told, % write expert rules to file and close it

writeln{endProcess).
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=
:— dynamic node~2.

node(l. [2. 4. &, §. 10, %2, 14, 20, 22}-[1, 3. 5, 7. 9. 11, 13, 15, 16, 17, 18. 19, 21, 23, 241).
node(2. [)}-[1. 3, &. 7. 9, i1, 13, 15 17, 19, 21, 23]}

node{3. [2. 4. 6. 8, 10, 12. 14, 206, 22]-[1%. 18, 247).

node(4, [2. 4. 6, 83-[1).

node(s5, [10, 12, 141-T15])

node{6, [10, 123-f1).

node{7, [14]-[16]).

node{8, [20, 231-fi8, 241}

node(d. [20}-[18])

true.

2 ?- listing{edge).
1= dynamic edges3.

edge{fl, root=nil, 1).

edge{l, tearsreduced, 2}.

edge(l, tear=nornal. 3).

edge({3, age=young, 4).

edge{3. age=pre_ presbyopic, 5)

edge(5, spectacle=myope, 6).

edge({§, spsctacleshypernetrope, 7).

edge(3, age=presbyopic. 8).

edge(8, spectacle=myope, 9).

edge(8, spectaclerhypernetirope, 103. I

true.

51#1 5.3 seamId1dszybedoyauas Tuwadeyaludnuue node ay edge
1 a ' ] 5 ; o o =
mesnlugifit 53 szymmmuiezdududg 0001 sei i ldngaidatuls
o v 7
§rueung awe 11
0.5 >> [tear=reduced] >> no,
0.166667 >> [tear=normal, age~young] >> yes,

0.0833333 >> [tear=normal, age=-pre_presbyopic, spectacle=myope] >> yes
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Dfsunsusiusnazsamsduaryy

npmasadulefidnn TdsunsuSansinnmgd avgninnuasldifiungiteld
TussvudiFomy Tsunsunlasngnisdaiulalfifiunguszinmn expert rules tierme lddaT
writeHeadF :-
format('% 1.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').

write TatlF:-
findall(_,(attribute(S,L),
format('~n~w{X):-menuvask(~w,X,~w). %generated menu’,[S,S,L])

k) )J

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

Tsunsuunlasngnisaadulabfitlunguszinn consult rules namalddail
transform H{{X=V], [Res]) :-
atomic_list_concat([X,'(,V,)], Resl),

term_to_atom(Res, Resi),!.

transform 1([X=V|T], [Res|T1]) :-
atomic_list concat(IX,'(,V,)], Resl),
term_to_atom(Res, Resl),

transform (T, T1).

createRule (D) :- [=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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) ] 3t A = ar Py
91Rd10819701A lens.pl ilonlasngeavs Iadoyadagli 5.4

% 1l.knb
5 for expert shell, —-—-- written by Postprecess
% top goal where the inference starts.

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

type (no,0.5) :~tear {reduced) . % generated ruls
vype [ves,0.166667) :~tear (normal) ,age (young) . % generxated rule
cype {yves,0.0833333}) : —tear (normal) , age (pre_presbyopic} ,spectacle (myope) . % generated rule

age {¥} :—menuask (ege, ¥, [young, pre presbyopic, presbyopic]). *generated menu
spectacle(X) :-menuask{spectacle, X, [myope, hypermetropel). ijgenerated menu
astigeatism(X) i -menuask (asciomatism, X, [no, yes}). %fgenerated wenu

tear (X} :~menuask(tear, ¥, [reduced, norwal]). *generated nenu

class (X} :-menuaskiclass, X, [yes, nol). igenerated menu

Yend of automatic post process

51 5.4 Joyaluld Linb

Tlsunsu expert system shell axﬁmﬁﬁaumumﬂ expert rules 118 consult rules
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Tassariiaves expert system shell UsznoUAI8E U User interface iTM11# 1Anoy
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Tudnbmy interactive AUZIE Miden@euduie lddumsiioyludiuiifomds menuask
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oY Inference engine mwmmvmauammaumnpﬁmwawmmm expert rules Tu

o

1
=% 1

grnnuiiazmn iz auigauaawnfd 1% 87U Inference engine 1zAAfDN
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o ]

Working storage °F,uszwéwﬁf’fumﬂaﬁzﬁmsﬁmﬁuﬁsﬁé”lﬂﬁ’mu Tanluaiu Working storage
%&’fﬁﬁﬁ?\? known LA answer ‘UAIUYDY Inference engine ﬁ}xﬂi:ﬂﬂﬂﬁwﬁ"ﬁ%\i load ﬁ”l‘lfiﬁ”lﬁ
gonldlisinortoslugiuaud  uasdide sotve  igl¥duiodszuudiFuanaas
Aniuzin Glui’hmmdg1uﬂ'Jm%’%zﬂ53ﬂauﬁwﬁﬁaizﬁvvumﬁﬂﬂ’h top_goal UALNLA1)
Bond1 rutes Tuns@ifiglddeamansumananiodedue ssuudidvmaesiids why 19
Funldfleuaaaiioiialszaoums Iduuzii
danan Tu expert system shell ueaeldwada il
expertshett - greeting,
repeat,
write('expert-shell> '),
read(X),
do(X),
(X == quit ; X == 99),
writeln{'>>>>Goodbye, see you later<<<<'), 1.
greeting - write{'This is the Easy Expert System shell.”), nl,
native_help.
dothelp) :- native_help, 1.
do(load) :- load_kb, 1.
do{soive) :- solve, 1.
do(why) - why,L.
do{quit).
do(99).
do(X) - write(X),
write{" is not a legal command.”}, nl,
fail.
native_help .~ write('Type help. load. solve. why. quit. or 992.7),nl,

write('at the prompt.”), nl.
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load_kb :- write{'Enter file name in single quotes (ex. "1.knb".): 1),
read(F),

reconsult{F).

solve ;- retractall(known( _) },
retractall(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(iPred,'(,\Valug,)'].X),
term_to_atom(T,X) known(T),1.
menuask(Pred,_) :-
atomic_list_concat{[Pred,'(",;'_',)"1.X), % check for recorded predicate
term_to_atom(T,X},known(T}),1. % not ask again
menuask{Attribute Menu):-
nl, write("What is the value for ), write(Attribute), write("?'), nl,
addchoice(Menu,MenuRes),
writeln{MenuRes), write('Enter the choice> "), read(C),
member{C-V,MenuRes),
{C=099 -> abort ; true },
atomic_list_concat([Attribute,'(",V,)'].X),
term_to_atom{T,X),
asserta(known(T)) .
why - answer(AV),
format(~nThe answer is ...~w... with probability = ~w.~n"[AV]),
findall( X, known(X),Result),
writein('The known storage are’),

writeln{Rasult).






