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Modern organizations normally generate huge amount of data in electronic form stored
in databases. These data are a valuable resource for aufomatic discovering of useful knowledge,
known as knowledge discovery in databases or data 'mining, to support high-level decisions.
Discovered knowledge may be patterns of data represented in summarized form, relationships
among data represented as rules, or representatives of data subgroups represented by mean values.
During the past decades there has been an increasing interest in devising database and machine
learning technologies to automatically induce knowledge from stored data using imperative and
object-oriented programming styles. In this research, we propose a data mining system based on a
logical framework. The proposed logic-based system performs a data classification task. Declarative
programming based on logic can greatly reduce the burden of programumers as it is a very high-level
programming scheme suitable for the development of knowledge intensive tasks. We devise
algorithms to generate probabilistic knowledge from the induced decision tree and infer decision
from the induced probabilistic rules. The implementation of the proposed algorithms is
demonstrated via a Prolog programming language. Experimental results on several data domains
emphasize the simple form of knowledge representation and the potential of incorporating learning

results as probabilistic knowledge in the knowledge-base system.
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(Modei) o

NAME |[RANK YEARS|TENURED
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NAME |RANK YEARS [ TENURED
Tom  |Assistant Prof 2 ho
Merlisa jAssociate Prof] 7 no
George|Professor 5 yes
Joseph |Assistant Prof 7 yes

] ¥
i 1.2 dumoumsnameyTuna



IF rank = ‘professor’
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Algorithm 1 Tree-induction
Input: a data set formatted as Prolog clauses
Output: a decision tree with node/2 and edge/3 structures
(1) Initialization
(L1 Clear temporary knowledge base (KB) by removing all information regarding
the predicates node/2, edge/3 and current_node/1

(1.2) Set node counter = 0

(1.3) Scan data set to get information about data attributes, positive instances,
negative instances, total data instances

(2) Building tree
(2.1) Increment node counter

(2.2) Repeat steps 2.2.1-2.2.4 until there is no more attributes left for creating
decision attributes

(2.2.1) Compute Info value of each candidate attribute

(2.2.2) Choose the attribute that yields minimum Info to be decision node at
current tree level

{2.2.3) Assert edge/3 and node/2 information into KB

(2.2.4) Split data instances along node branches

(2.3) Repeat steps 2.1 and 2.2 until the lists of positive and negative instances are
empty

(2.4) Output tree structure containing node/2 and edge/3 predicates
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Algorithm 2 Probabilisticrule generation
Input: a decision tree with node/2 and edge/3 structures, and
a probability threshold
Output: a set of probabilistic decision rules ranking in descending order
() Traverse tree from a root node to each leaf node
(1.1) Collect edge information and count number of data instances

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

(1.3) Assert a rule containing a triplet
<attribute-value pair, class, probability value> into temporary KB
(2)  Sort rules in the KB in descending order according to the rules’ probability
(3) Remove rules that have probability less than the specified threshold
(4)  Assert selected rules into the KB and return KB as an output
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%% Data weather

%

%attributes: names and their possible values
%

attribute( outlook, [sunny, overcast, rainy} ).
attribute( temperature, [hot, mild, cool] 3
attribute( humidity, fhigh, normal] )
attribute( windy, [true, false] ).
attribute( class, [ves, no] ).
%data

instance(l, class=no, [outlook=sunny, temperature=hot, humidity=high, windy=false]).
instance(2, class=no, {outlook=sunny, temperature=hot, humidity=high, windy=true}).
instance(3, class=yes, {outloock=overcast, temperature=hot, humidity=high, windy=false]).
instance(d, class=yes, [outlook=rainy, temperature=mild, humidity=high, windy=false)).
instance(5, class=yes, [outlook=rainy, temperature=cool, humidity=normal, windy=false]).
instance(6, class=no, [outlook=rainy, temperature=cool, humidity=normal, windy=true]).
instance(7, class=yes, [outlook=overcast, temperature=cool, humidity=normal, windy=true]).
instance(8, class=no, [outlook=sunny, temperature=miid, humidity=high, windy=false]}.
instance(9, class=yes, [outlook=sunny, temperature=cool, humidity=normal, windy=false]).
instance(10, class=yes, [outlook=rainy, temperature=mild, humidity=normal, windy=false]).
instance(11, class=yes, [outlook=sunny, temperature=mild, humidity=normal, windy=true]).
instance(12, class=yes, [outlook=overcast, temperature=mild, humidity=high, windy=true]).
instance(13, class=yes, [outlook=overcast, temperature=hot, humidity=normal, windy=false]).
instance(14, class=no, [outlook=rainy, temperature=mild, humidity=high, windy=true]).

%
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Tsunsy Tree-induction
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seuumilesdoymiemsswun Suduvieusinlsunsunsn Go id3menu)
T @ Y 1 o o - v

ihdaate Gun WRaeuiuld (msanndiu Gut wending xpce fgnmuanegly

2 14 ] 3 ]
SWI Prolog) tatfuszizumsadean IddaduledonisiSondda calllds S1d4 callld3 92
et o e . a'es (4 ' 1 3 5 E v of
wihiSonfds mainlds  Tagszyoriiadudifiudmnminaduiun  $19 bissyani

& o] o ¥ = o @ % ar Poi
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id3menu: -

new{bDialeg,dialog('Create Rules from Id3')),

send list(Dialog, append,

[ new(Per,text item{minProb, '0.0')),
button(cancel, message(Dialoyg, destroy)},
button(enter, and({message({@prolog,callld3,Per?selection ),
message (Dialog, destroy}}) 1)},

send(Dialog, open).

callXd3 (Per):~ term to atom(Perl,Per), mainld3 (Perl).

Fle Edi Ssttings . B Debug  Hel . o : P

% d:/3-2009-Hittaya-3-Research-Grants/NHRCT/ualn «snvisFinal-Reports/Projec
t—3-Classification/Source~Code/id3menu.pl compiled 0.11 sec. 3S%,200 bytes
XPCE 6.6.6%, July 2009 for Win32: NT.2000, XP

Copyright (C)} 1993-2009 University of Amsterdam.

PCE comes with ABSOLUTELY NO YARRANTY. This is free software, o
and you are welcone to redistribute it under certain conditions. i
The host—language is SWI-Prolog versien §5.7.11

For HELP on prolog. please type help. or apropos(topic).
on Xpce, ple:se type manpce.

¥ Create Rulés from 1d3°.

MinProb: ID.D‘

LCancel l Enter I

&

U 2.3 wheendnvosmsGon ¥ Tsunsuadedu liiedule
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o . 3 8 oo v, 4 1 9 Py :v o
A189 mainlD3 NIMINNGen 1Y init cmﬁlumuﬁﬂq node U edge FINOIAIUY

L T ] . ]
nngay Inua nszuaumsad i lfdadulees W fugaiisids addknowledge MM
4 b

o 9 < o f=1

Tufindoya node uny edge atlugmdoyadanin ofaiunouiidldamnsonssnaey
foyaifeaty node tazedge 18Taomsda listing(node) 10 listing(edge) 992145 10azE0n
Usingdaguit 2.4
mainld3(Min) - init{AllAttr, EdgeList),

getnode(N),

create_edge_onelevel(N, AllAttr, EdgeList),

addKnowledge,

selectRule(Min, Res),

maplist{writeln, Res).

STt Toiog - 6
File Edit Settings Run Debug Help

1 7~ listing(node).

t= dynanic node~s2.

node(l. [3, 4. 5, 7, 9, 10, 11, 12, 13]-f1. 2. 6. 8, 141).
node(2, [9, 11]-[1., 2., 81).
node(3, [1-[1, 2, 81).

node(4, [9, 11]1-[1)

node(%, [3, 7, 12, 13]1-[])
node{6, [4. 5, 10]-[6. 14])
node(7, []-[6. 14]).
node(8, [4. 5, 10]~[1)
true.

2 7~ listing(edge)}.
i~ dynanic edge-3.

edge(l, root=nil, 1).

edge(l. outlook=sunny, 2).
edge{2. humidity=high, 3).
edge(2. humidity=normal, 4).
edge(l. outlock=overcast, 5).
edge{l, outlook=rainy, 6).
edge(6, windy=true, 7).
edge(b. wvindy=false, B8).

true.

117 2.4 nwazBoaiivansninms 14md tisting(node) 1y listing(edge)

W & il = Sy P ] - 4

VBUD node '}1111&1&1%111445:1431%’{11ummmﬂuwayami‘lunqu positive f19
3t te oy o ' . oAa
YoyanInunY [3,4,5,7,9,10,11,12,13] ﬂzﬂuagnwagami‘hmqn negative ABUDYANNIAY
[1,2,6,8,14] ioAinrsansznouiudoyn edge Ussiafiass, VTIaT uazussiaivn &

58I
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edge(1, outlook=sunny, 2)

edge(1, outlook=overcast, 5)

edge(1, outlook=rainy, 6)
s mIniuennsin oulook gridentditiuTnualussdunsngn uazdifaumnoon’l
a1 Ao asdhonniTadanay sunny, overcast L8¥ rainy 1a8n3al outlook=sunny 17
'I‘nuﬂuﬂﬁrﬂu14mmmwﬁ'awﬁsﬁuL%anﬂﬂﬁqiwuﬂgnﬁaﬂuiwuﬂwmﬂmmﬁm Tuyhnes
iABITUNIAl  outlook=overcast mﬂiwums:}ﬁaf]uﬁmmawﬁq%zﬁzﬁ’m%aﬂﬂéﬂwuﬂgﬂﬁ
WuTnuaninemi uazgafonsdl outlock=rainy MnTnuauifEumneaynits fidy

A ar P ¥ o Py Y
L‘h'f]l!ll'i.lﬂﬂTﬁuﬂ@ﬂ“ﬂlﬂﬁiﬁuﬂﬂﬁ’lﬂm%ﬁﬂ ﬂ"lW?’]Sﬂ!TYl‘UEHQJ}ﬁ‘U@QTﬁﬂﬂﬁn‘lﬂm‘uﬂ’l
node(5, 3,7, 12, 13- 1

Y :
UsngdoyaluTnuniifisaneiauazynsanainadlungu positive (Tufle class = yes) Ml
e lddoslufiituga Tnod TuuannomuiiduTiualy Tusaed Tnuamnony
aosarnnvmnnddnalimsaedu Wdesds

sziin 1 Inssadredulddndula oo 19 fu Bnanesemsdadulaves
finnean Iahluaemmseliwulafindaduleeen lthduned uazlugammsaiiuulad
wex lioanldlidu uﬁﬁ’u‘lﬁﬁmﬁu‘iﬂﬁvi]zuﬂamm”lﬁfiauaﬁ’nanaﬁm%’ué’i%’ﬁ"lziﬁ’umaﬁn

F=Y i 4 [ L] J 8 Y
Tnssadindeyariiall msmlannudidenhiifensldngmsdaduls d1.uda

Ta/5un 53 Probabilistic-rule generation
msuasInssadredu lidndulefissnoud e node uaz edge Tidlungais
dadule IF. THEN fiduneumsifousmidadanolai
addKnowledge :-
findall{[A], pathFromRootToLeaf(A, ), Res),
retractall( >> >> ),
maplist(apply(assert), Res), writeln(addToKNB), nl.
selectRule(V,Res) :-
findall{N>>X>>Class, (X>>Class>>N,N>=V), Resl),
sort{Res],Res2),reverse(Res2, Res).
path(A, [H} T], C) :- edge(A, H, B), path(B, T, C).

path(C, [], C} :- ..
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pathFromRootToLeaf{V>>Class>>Num,C) :-
path(1, V, C),
node{C, Valuel-Value2),
(Valuel=[]; Value2 =[],
(Valuel=[]->length(Value2, Numb) ; length(Valuel, Numb)),
tota]+Total,
Num is Numb/Total,
(Valuel=[}->Class=yes ; Class=no).
vimmfneduduluglit 23 S liwBsumenminady  ahideldmd
Tulsunsuszy Wil 0.0) diondnitily Enter wilsinguadniiilungmsdaduluaasldegd
fi25 dalunsdifigidszymamuhesdufiumsusgu 0.155 dlondnitilu Enter 921/590g

nodwsifungmsdadulouans @i 2.6

o

4 iCraate Ruiles from 1d3

_P_v_!inProb: ]lII.EJA

Cancel l - Enter. I

_1SW1-Prolog -- d:/3-2009-Nittayal3-Research-Grants/NRCT/
File Edt Settings Run Debug Help

0.285714>>[out look=overcast ]»>no
0.214286>>[outlook=sunny, humidity=high]»>ves
0.214286>>[outlock=rainy, windy=false];>no
0.142857>>{ out look=sunny, hunidity=normal]s>sno
0.142857>>[outlook=rainy. windy=*truel >>yes

31 25 Twmad Idudnuazvesngnsdaduluilofon 19 Tsunsudosnmnieziiy 0.0

¥ iCreate Rules from 1d3 -+ [T

HinProb: 0,155,

Cancel [ Enter l

“USWI-Prolog - d:/3-2009-Nittayal3-Ressarc
File Edit Settings Run Debug Help

h-Grants/NRCT/geTasanass

0.285714>>[outlook=oversast ]3> >no
0.214286>>{out look=sunny, hunidity=high]> yes
0.214286>>[outlook=rainy. windy=false]>>ne
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AsuaneHaAns ludnuazuoangnisandul HoANUIARZUTTVAE
Usznovdwamdseneumudiude manunziy, leduf1sznoumsanduls uae
wamsaniule dedansrangmsdadulelugii 2.6

0.285714 >> [outlook=overcast] >> no

0.214286 >> {outlook=sunny, humidity=high] >> yes

0.214286 >> [outlook=rainy, windy=false] >> no

ﬂ;;]u'iﬂuﬂaﬂ’nwma”lﬁ"jmgi“;ﬁmmﬁwzaﬁu°l,umsmauﬂqn%’agﬁ 0.285714
Taefifoioilsenounmsdndulefo outlook=overcast wazwamsdndulofie no siufeiio
fosthiwannminnedidadulafie lioon ldigunedv

g luussiafimenannudaeismeanu e ngiisinomieesihluns
asouaqudoyn 0214286  Ieediilidbdseneumsdaduledis  outlook=sunny iz
humidity=high Han13AAAU1AD yes wieamny | Tudwidhilsodsznoumsdadula
e and 1 lunsdfifilhdonanimilied)

ngiteuutaau1éh ngﬁyﬁmwﬁwxsﬂuluﬂﬁﬂsausﬁqu%ga 0.214286 Iay

lavulsznounisandulens outlook=rainy 11ag windy=false Han13fadulofe no




Unn 3

msnagauldsunsu

FEmsnaaeuanugndewarlszansnmvesldsunsy

= 3 A o o o g
TSUVUHNIVOYDIWONTFIUUN L'ﬂuTﬂ3!.Eﬂﬁll'ﬂw?Jlﬁ'lﬂ’ﬁ]']ﬂwujﬂluﬁlﬂﬁiﬂﬂlﬂiu

ID3 (Quinlan 1993) #l¥msadiedulddaduluiunsostondnlunsuantouafisnas

u

amanfzfufuldmdeiiungudoyaderidunmadonty  mmiusmdnsasvosdoyaly
' LI 9 a 3 Yo A ok o 3/ A ¥ 3
unaznguoesnn Inssaie Inuauazisvesduldfadule FFnstumndoyafe W 1g Tuma
b b4
Tudnagi ldfumssonsuhiinnugadowvesTumags  uasdamuvesiinmsiine luma
9 3 d'i = T ] é' ) o n.,:, & d.yd
inlvldne (onSSeuiBounuiimsau 1 neural network) Afumisuisanaaaua
o ol ' o w ol
gndosuas Tdsunsudaomsnameunadninld  (1dud  Twadoym)  Suwadnialdein
Tsunsy D3 udieannlumafiGoudnndeyafinvuiangeianududeunn sl
azaaniwnaaeunFouioudilnsadiesiiuaalaonse udz195Enaaouanuniy
& ¥ o 8 n’: 1 ]
asaved lueadie ldiheamavesdoyaganaaey  nimivSeufouanuaiuaselums

» ’ }d
wnaaa Tae Tuaanaienn lusunsufiwantudousuTuaann 1usunsy D3

ludruvesmsnagsudseiniamilunisvageumsanvuiaveslvma Taoly
» v Y
ar 1 3 at 1 = 1 -
Tuweanmuadilimanuinadudwd 00 81 1.0 negeusuuuaselunisyiuag

(predicting accuracy) t3ouivuduaTsluaseidde uaativinmdnas nsaauuinge
aadudadaunnamnimingilugaga ¥ dadausaud 1/2(max.Prob), 1/3(max.Prob),
1/4(max.Prob), 1/5(max.Prob), 1/6(max.Prob), 1/7(max.Prob), 1/8(max.Prob), 1/9{max.Prob),
WA 1/10Gmax.Prob) Faadrasunindeyaiinnodd aundld lunaluzhiwvesng
masadulaiiimamuingdudty (probabilistic decision rules) Wnuafilirau oz
Moluga [0.0-1.0] laun

Rule I: 0.285714>>{outlook=overcast]>>no

Rule 2: 0.214286>>{outlook=sunny, humidity=high}>>yes

Rule 3: 0.214286>>{outlook=rainy, windy=false]>>no

Rule 4: 0.142857>>[outlook=sunny, humidity=normal]>>no

Rule 5: 0.142857>>[outlook=rainy, windy=true]>>yes

Rule 6: 0.011326>>[outlock=rainy, humidity=high]>>no
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b 1
mnmhnziugegavesngmsdadulayaiiie 0285714 uazifedesmsanuuin uaas
) ¥,
Areinsi 1/10(max.Prob) 9218 1/10 * (0.285714) = 0.02857 Safuiininvsants andada
é - 3 ) ot c? q ¥
asnileluduvesannuiesdluee 14 Tumaiiiy Rules 1-5 Tag Rule 6 wynaanuilesning

1 19 'l
anhezlulydunae

doyait 19 Tumsnaaey

minageuAnugadstesmsaduliee  anuiunswesTusalumsyinsaae
vasgadoyanagoy  sufamamereudse@ninmuss lumafiiinsanuuinag s1Fgadeyn
WIATZIN UCT Repository (www.ics.uci.edu/~mlearn/MLRepository.html) $119% 6 a;ﬂ%’m;;a
s ;‘:ﬂﬂmgl’?ti ‘i’f’ﬂlgﬁ Monk, Post-operative, Breast cancer, Vote, Hepatitis, Mushroom %’azg_amia:
4l52noUA0 training data AL test data ANUTEMIMAROUATMIIIATIIIHSE hold out
ﬂ?aﬁ%‘ﬁawni’fagamﬁ@vaemm%’agaﬂﬂ aﬁa‘lﬁmsmﬁeuTmﬂazﬂumsmﬁauﬁu%ga

1 L T
Imilaauioss swaziBoavesdeyandinngndoyangy Idwamsied 3.1

At 3.1 swaziBunvesdoyai lnaaeunugndounslszAnsmwves Tsunsy

 Soyadeya %imu%’aa@‘ﬁﬁ- | fwandeyanegen . §aau $nunana

'(inzﬁtazice.s)' : (ir.ls.tﬁanée.:s.). - p?édicting T goal

attributes attribute
Monk 124 432 6 2
Post-operative 50 36 8 2
Breast cancer 191 95 9 2
Vote 300 135 16 2
Hepatitis 103 52 19 2

Mushroom 5416 2708 22 2
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Hamsnagey

; :
mananeslutunsuusnifummareunrugndesa lsunsuadrengms
Aadule TaewlSoumeuny lusunsuips A3nsnlSeudouldmnnuusiunse (accuracy) Tu
] 5
msinneamadeyanaaeuvesluman lWunisaesTilsunsu mammasouuaadanmig

' 3 T
#1 3.2 uagnamsnaaeuderiniuaauilunmlddagai 3.1

A15199 3.2 HANTINATDUANLULUATI¥DI T31A7A Probabilistic decision rules Wo iRy

Tuea D3
‘éﬂ‘gﬂ%ﬁ)y’ﬁ mmuu'uma {accuracy)

Probabilistic decision rules D3
Monk 79.03% 79.03%
Post-operative 81.65% 81.65%
Breast cancer 74.73% 74.73%
Vote 84.33% 84.33%
Hepatitis 71.42% 71.42%

Mushroom 100% 100%

-
[=}

ANANAVANANANAN

0ib3
M Prob.Rules

Monk Post- Breaset Vote  Hepatitis Mushroom
operalive cancer

g‘ﬂ‘ﬁ 3.1 ps S sudouanuiuns (accuracy) U84 Probabilistic decision rules 1A% ID3
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msmﬁ@‘uiuifuﬂauﬁaaasﬂumsmﬁanﬂszﬁw%mw&raﬂmﬂaﬁ'uﬁm‘luﬁ'ﬂym:
vosngmsdadulofimnomninedlumiy vde Probabilistc decision ries TiMsaAULIAYEY
Tunananmudadiuaien iy Bmsialsznsamesinsanvnunavesluma Gannsuau '
¥8INg) LazaNUEuATIves lumalumsimnesmavestioyn mamsmarsumsad aznado |
‘Eumaﬁuqﬂﬂi’fm_ganmgmﬁ,"wrlagﬂﬁgﬂwa"lﬁﬁemﬂaﬁ 33 uasiaAsHaNTATeuAUYAYeYa

wmsgnurasdoyadiunmnsw ddgui 3237

15797 3.3 AT URT U0 111AR Probabilistic decision rules iaiinmsanuuiaves lunaa

Monk All 172 173 1/4 1/5 1/6 1/7 1/8 1/9
Prob. ! max |max | max | max max | max max | max
Prob | Prob { Prob | Prob | Prob | Prob | Prob | Prob

Accuracy | 79.03 { 24.76 | 24.76 2513263 132631 32.63138.191 3819
# rules 54 i 1 2 5 5 5 7 7

Post- All 12 1/3 1/4 /5 1/6 177 1/8 1/9
operative Prob. {max {max {max [max |max |max | max | max
Prob | Prob | Prob | Prob | Prob | Prob | Prob | Prob

Accuracy | 81.65 | 60.09 ; 60.09 | 74.65 | 74.65 | 80.27 | 80.27 | 80.95 | 80.95
# rules 32 7 7 15 I5 19 19 23 23

Breast All 12 13 1/4 1/5 1/6 177 1/8 1/9
cancer Prob. imax {max !max |{max |max {max | max | max
Prob { Prob {Prob ! Prob {Prob | Prob | Prob | Prob

Accuracy | 63.15 | 50.52 { 54.73 ; 57.12 1 57.12 | 64.21 | 64.21 | 64.21 | 64.21
# rules 200 5 13 19 19 42 42 42 42

Vote All 172 13 1/4 1/5 1/6 1/7 1/8 179
Prob, ; max max. | max max max max max max
Prob | Prob {Prob | Prob | Prob | Prob i Prob | Prob

Accuracy ; 8433 | 55551 874 | 874 | 874 | 874 874 874} 874
# rules 47 1 2 2 2 2 2 2 2

Hepatitis All 12 173 14 1/5 1/6 1/7 /8 1/9
Prob. [max imax [max {max {max |max | max | max
Prob { Prob i Prob [ Prob | Prob | Prob | Prob i Prob

Accuracy | 71.42 1 60.9 75 75 75 75 751 7691 76.9
# rules 16 3 4 4 4 4 4 5 5

Mushroom All i2 i3 1/4 1/5 1/6 1/7 iR 1/9
Prob. | max |max {max |[max |max |max |max | max
Prob i Prob | Prob | Prob | Prob | Prob | Prob | Prob

Accuracy ; 100 §91.48 [91.48196.72 196721 100 100 100 100
# rules 25 B 3 5 5 8 8 8 9




23

80 -
0 U LHACTEEF |Lossmmnn s
T ] e s v L DS B NumRulesioco o] L]

1B Accuracy

[

Num.Rules

40

30 -Emm-- gt -

I | NN WOUOUN - RUNSNN . SO DUUSN - I

10

0 il

%Q\o ) ?Kc')o. Q(‘O.'O' ?\60. ?\60‘ ?&60. Q\do- +?‘° ?&60. Q\éo‘

» & @ & & & & & &
o o o8 W8 & W o o oF
A\ N N A\ N N N NN

U7 3.3 Anmiunseuea LA Probabilistic decision rules AR fuvesyadoyn Post-operative

a




24

; ' , : . - " ; ;
QS Qﬂéo Q\G’o Qxe’g Q&GO Q&C"Q © _\_<:<“ Q@'O QtéQ
» - - N - - &
'b@ 'b@ b‘@ (0((‘ Cbé\ ,\6\ @ Q«S &
A\ N\ N A N N » NN

Accuracy
B Num. Rules

1107 3.5 AniunssvesTuian Probabilistic decision rules v 1aR1e Muvosadoya Vore



100

25

_..|[dAccuracy
--| B Num.Rules

100

O Accuracy
.-+ @ Num,Rules

311 3.7 Anminiunssvoa luma Probabilistic decision rules HU1IARA 197 AUYBIYAT01R Mushroom




26

afsuna

ﬂ'liﬂﬁﬁ@ﬂﬂ?1ﬂﬂﬂﬁ@@1u%uﬂﬂuﬂ’l‘iZ‘I'SNT?JLﬂﬁ“E}’ENIﬂ?ikﬂihﬂ’ﬁ‘ﬂ']m&ﬂﬁﬂfﬂﬂﬁ

ems$unn Usngrat Tmaadt 1€1usnumsues probabilistic decision rules Tmm v

=)

msammu‘imﬂnw‘lﬁmnTﬂmmu ID3 Rauermslues g 3.2 uazsdi 3.1 Naﬁ"lﬁﬁmsaﬁ'ui’fﬂ

o
3

auyRgubesduseuhimsnanos weavndaneSiuiivannduild5ans el
Andulamudeafudane$iy 103 ualdiudumss s uhesdyu@unien e
snfawsiag nualufidudwesmsdaiule mmu'm::a'f]uﬁmmsnuﬂamm‘lﬁsﬁumm
asounguued luma ludumaninTuuannde Tnualy
aﬁ"amsmﬁ@nmmmﬁmmmmﬁ%’n‘Euma”lﬁ’wamamummmﬂﬁmmm Tu
muﬁa"lﬂni‘iumwmmmﬂ'mJmm3mlmmsﬂsuﬁsmawmﬂmmiuma VNAUYAFIU
floednfie maiﬂsuﬂmuﬁﬂmaawm‘i‘.‘iuTnma1usﬂmmﬂgn1smﬁu%mmmmmmﬁu
iy usswadwilinaSesddungausanmheaily  dufurmsndiassamnsaan
mmungmmﬂﬁuhaﬂﬂ Tﬂﬂﬂﬂmaﬂ"l'smm‘vﬂgwnmwmxwws‘i‘luaq mamafieivdyy
wIRaiA nsdifingnisiadulafinnmingdiudh Wy o001 dmndeyainiildlums
as’iﬂumaumu'sumemmﬁm 1000 aneia  ngmsdnduladandinazgnaiiuiie
oBunie lumadoyaifivanilusanesaminiy mmmm‘lmﬂamawmmﬂmﬂamauaiw

lﬂﬂmmumﬂmmT,'amammnﬂ%y’lﬂTumamanymzmzwmﬂmu‘lﬁ (overfitting)

]
£ s

2 o Y o =4 = d‘ o
myadiTunaifidnvae overfitting sz iRanaEeante ot Twea

& 1 3r & g a =y -5 ¥ @
(231} FUYsyavnagel mamanamzmﬂwnlﬂn“lu?}mﬂﬂ W

o

ldhuesnmavesdfoyaye
5 0 P k1 3 g < @ n’; o w  gF :&
°l14wam311mwuﬂ'swﬂfmmaﬂmﬂ:nm5ﬂlﬂnmammnuuumuwﬂmanaﬂﬂ HINANIT
mammumswﬂ 3.3 ﬂuuumaﬁum§1uu uuﬂa °lummwanaw°l=mﬂﬁauwmm mrana
mmm (”Iﬂunmaua Monk, Breast cancer, Vote, Hepatitis) vﬂ,wNamsmmawmmtmume

£ '
awmﬁeﬁmaaﬂimﬂaiﬂnmwwﬂgmmﬂﬁuhwumm’mm%aﬂuqq

L)

Tugadoya Mushroom Tuwnafifimmzngatsdadulefiiiianuheziiugeee
Wramsvaaeunamuniunssquiivuiiy Tueadeafae s 188 msanvinn uazluduon

g ot gl a4 oy : El g o
HNYATDYRINGITOYAYAIAGINDTDYD  Postoperative 71 nnvinmidnifinmzngms
daduleiigismnuiheziugs Tnamsnagenitiinnuuiuassasasnn Tuaadng
ol
wntfes (Usgnin 1.38%)
o ' ° ¥ F
vsHanInageunInaI mnsea;lldhmsasvinaves Tuaa Tay

Amden Pipwizngmsdaduleiifidaninadiugs sl hunafowismi iyl




27

S
3t 2

1 bl
vinnodeyaldatu TumafilAee liidnyas overfiting dnvazmsadonnguiuiifionfios
18fumsi1 post-pruning ¥BUNATIA decision-tree induction UATENIVINTIWAIMAZLUUIRA
Tidudeu

= = U = ] n’;’
Tudlsziduresmstinsandnisssoavnnaves lumaasludTinamilady  wa
dy g 1 o @ o [} = :: yw 1
manaaesdidisiuiunasindaduz el Aelldnvarguuudeyanazmisnsyaie
v o w { o ' 7t el Voot =]
vosdeynvzduilsfoddghn i awsoahanamiangg 14 using e lsAnumans
3 . e wod - g 9
nanesludeyarianayadliiui mssavuieaveslumamwisefnsanainaghldanam
' n’: ' v > s Cw A 1 1 n’; 5
ihazilugega smbuldinruinedududiiunaddaing Taemaruinadudud
a1

W

fifnmlden 174 X (maximum probability) audslyzinm 1/6 X (maximum probability)




UNN 4

unagy

ot
aylwamsivy

o ar oA

" 4
IasamsTseasmswannmsiuniosdoyauuuiuuni 5ngdssaerndmite

(]

o S da o o ) 3 o o3/
wcaluwa‘v@mnﬂuaﬂymwaﬂamuma‘m mﬂu‘w‘smami“l%mmmﬂwajam“iuaﬂymz

o oW Sy ) a dy oA ° Ay
vesmasiniestoys ilvouandnnmsiinsizideyaninlngd Aemsiunilesdeyany
o den o o e o J o @ det
T lsunsudmihifmaeimanuduingsendedaulsuiouonniidiss amseldly
4 P . ar aa  dd ar 7
MM (predicting  attributes)  AunenniBaaidluthmnondnlumsdinme  (arget
. ; o o da gt aa o 9
attribute, goal attribute) Uszidulunisunsiznfadesnmsniivuennsidaamuiseldlums
o ' aa d oo e oo ot
feawewennsiahvine ldiiudige  msasaeunuenniidaminzayezls
o ' ar s : = o =
lumsvinneauthminoeedhu i Taosa Tuid Tuvasinszuiumsiinseddoyonmlndoe
mea de 2 o ey CTY 4 M aa da
asnaouwennI anmuzauunwalulda  Taodndmsiedadsnuonnithen
sh 9 =y 2 ma oo w aa o
o ldlumshuneldufdesen comelation woaennsidinnesunennstdithwuted
aa & Y @ A s daa . o = o Mg 2 o
axuennslIg uasganevEimbenuennSiIARl comclation Afiga Msunilesdeyaded
S 3 w o o 5 o WS &
sz Terinmsldouveninimsizddoyar 141519y
° My o a4 ed ~ o '
msiunilesveyailuma luladiinsovaguandmszidoyaymlszinn 1w
o . : = & . =y L4
m'ﬁmmn%@ya (data classification), mmmﬂzﬁnqn%’ayﬁ (cluster analysis), MTAUATIEH
o4 or o t . . ar 1 E
armduiusmelungudoyn (association analysis), M133aNNIAMYYDYA (data segmentation),

S o = 4 { - .
m3njUdeya (data summarization), m‘nmﬂm%’wmﬁmmu {data deviation analysis) L@z

4
P

< o’ dﬁ et Y] u’: o =] 9t o 3 2
madmseilunuueug Snumedszian Auiuauiteiifofummensiunndoyadaiiy
= ' =% o 21 ¥
s ilszinnnilsvesmstuniiesdoya
»
I3 3¢ o i 2 k4
mstumndoyaimbunuoufilszinniimsfuug (supervised leaming) Al

@ = o3 1 o oo o
WsunsumSordnTiangidoyn sedludszydhmnoidesmsiuundoyaluennisdla

o

n’a’ L) ‘!1:’] 9 P aa g P | ma O
nnuumsuyniluveyaniinnlsngluwennitddhvuie  sadadlmlunennsinaue
i an o a ¥ 4 <& - 4
thuennitadszney deyaiignFonidoyafin (raining date) 1fioeninTdsunsueeld

¥ i 3 4 g g 2 ' as o ¥
ﬁjﬂwﬁuﬁlﬂﬂﬁz'lj')uﬂﬁﬁi']\'iilllﬂa L‘WE)CI‘D"IMLﬂﬁ‘u“r’l’l‘L!'!Elﬂ'I'BE]Q!Lﬂﬂﬂ‘iﬁ'}ﬂl‘ﬂ'}ﬁﬂ'lﬂviﬂﬂﬂﬂ

L'}

T a Ay o =% v aa o M 3
LU fﬂiVHL‘HM@Q‘I}'ElH'ﬁlL‘l_i‘U"il'ILL‘Uﬂi]%l‘]djuﬂi5li'Juﬂ'l‘iﬂ‘Lﬂ'?'iHE]Vl?’IﬁU'QFI‘YIﬁ'I?J']'iﬂH']lJ'E‘I‘B

v
o =

1 o 3 o [ ooy o ] [} o
Frohuwauiming miedumnawewennitwmidhmineg ldedwuiuiiiga madialy

8t aa oo 1 - 1 W @ 4
MIAUHT uennitannena il Mduatemaiin wu 1¥n15a319 decision tree il Iasaadng

1
=i 1

3 =Sy A ° v am & A gy e 3
‘tlﬂﬂ,lvﬁ‘lﬂ]lﬂlﬂutﬂi'ENM'B‘I‘L!ﬂ']"iii’m“l«lﬂﬂ'llﬁﬂ‘i’mi‘l}?ﬂlﬁ’]ﬂlﬂﬂ Hiﬂi‘ﬁﬂ'liﬂ']uﬁﬂiﬂ'ﬁlﬂgﬁﬂ ]

a




29

Y o o

3}.:: ] oo o o u’: - 4 = AL [
Indngaudanduawennsiaadhmmenudeyain uazmailabug dnun msifonld
=y dl. ] or kT <2 o ] ar st ::{ i) ar
matiaiusnaistuag IdlsednTamveslumaunnamieiu  wesldstuun Tumaiuandieiu
aw  sluuunseniuiuTeen liludeanuldheuasanuninddoudrsgefionms 1

decision tree Ta150MUaEu decision rule 14 Tnsanunsnoves Tuaa linlaou Ty
v )
masvildenldmaianisad decision tree H3aau Idaduls Wosnndoants
[ ¥
WAl llewnselduazdnmudile Tuealfde Fnsaduluealdmatdnfiugy
|} 4 W = = 1 a = o
WUREINIEANDTHY ID3 (Quinlan 1986; 1993) ud IduAENANNMINITOVDY laalH
annsonaniwaludnsmzasingnisdaiuls (decision rules) ioldansariluealuiflu
b4 s de' P a1 o A 2 dv
YoyaluguanuivesssuuAEeIny nisssuunyislumsaaduluuubug yennnily
o dyw b -~ Py & ar o 1 ] .. [
S ldmnEuAsumsmuanauheztuszoouiuInsiadne decision tree A1
] ‘id_j &:i"d'i &£  as [ 3/ \ 1 PR
arwhsziiuiiden lusdedadumsnsoungudoyaveslumn  manwieziiuindaig

o

¥ ¥
mnedengmsaaduleiufianuiiulddgsiezgmih l)iduundwenns Tt mmne

U
¥ e

t t Aot n' = = I a o 9 a 9 o n’ﬁ, T

sazmanuiezilufiisdineninets lemafinguuesgni T ¥ ouiides dniumany

¥ b ¥
thwiiuifagnilihlszgndlFlumsanvnavesTumansld  fisfimselums oS
A - 3 3t b o ) o . - ¥ e
e IsunsuSouinndoyaniivinalvguasitmaunenniidmn - Taaeimadniidu
Tumaffaunnivguasianududoun  Twaauiise TiezainlumniildFauues
tnezfiTomaldmansiwundeyahiinnuuiudid

w of A o w Qr o

Hadnsh lannmaiiauves Tsunsuludnyazvesngmsdadule uanane:

] o & o a o * A d i
wlosaldhwndy  fudersmsdsvlimaaws idivanianasls  Tumafifivinadneely
suazamnnTuwailvnalnguazdudon  msAnsanasvnavesluaase Idmanu
] & = 1 9 (dvo ' T 2
wenflugegeidwnmet (SoniA1 maxProb) uazldnamiildmuasinuheziiuiigs
o4 (L . o4 Yo M o o @  a At 1 ] 1 ]
(SunN minProb) Moz l9fmAensadng ngmsdadulafilimaininziluegszuiiegn

. ny r c’: Pe; Y ar o o - 2 - 1

[minProb-maxProb] fiiniufiszgnrndendlumadnigaiie aiieil ldnaassinsand
minProb NiUsALATMNAT maxProb Ruuameiuduvuia 1AuUn 1/2(maxProb), 1/3(maxProb),
1/4(maxProb), 1/5(maxProb), 1/6{maxProb), 1/7(maxProb), 1/8(maxProb), 1/9(maxProb),
1/10{maxProb)

INHANMINRABINUNAVUIR 1/3(maxProb) 89 1/6(maxProb) 1% luaaniianiiu
WNUAS (accuracy) ¥BamsSwundeyadiga uazanseaavaves huaa 14 lnumdoge
2 1) A ¥ Aa v a A W oA v oy
4 72.37% Wuned 1 luwealsuaulh usungmsdadule 100 ng WedaRendruinusisnanu
ueziluszanimungmdeivs 28 ng

vannnanuanielumsanvinavedluea  Mild ldnadvwin idan 1dazan

k1 a 1 A [+ a oo
a1 %Tﬂﬂﬁﬂ'ﬁ‘ﬂﬂf’l'ENENW'U'J'ﬁllﬂﬂﬁ"ﬂﬂ‘liu'lﬂmﬂﬁ'lﬂ'ﬁ ﬂﬂ']lﬂﬂkmwﬂSU'J{FTLﬂ?T‘EiJTUiH‘.ﬁﬂ




30

gf 1 i 1 s 2 ] 1 J’
Joyannreu ldan Tumandelulfonawiens  aungudnvssntsmusinmusiuas il

o o ' ;
finanin Tumaniivuiamdnasezsivasanansenu 11509 overfitting 1949 luia

T T A T

nowanmsaaunavesluea  dwenmisldmmizagmsdadulenisnim
¥ o 3 ={1=l o ¥ ] -~ P c; o A g
unzdlugs i ldaTumadlsnnungdes  udwafionszmuindengfigndadon s

P - ¥ 1 o g/ ¥ o & 1 o 9 o

p1wezdidou lumsAnrsan lasudi i lwea ldauysel  wienguisdiuervdaudanu
wuanaud leilgminsdifou lvliasududvzdesdl defaukt rule wion1d drulunsdiiing
o 3 e 25 af 3 3 Y1 o 15-] (L] 1
Taudionldiims Inamannyangiifeades  miuldaviuodluadiuIvgvonalnan

¥ ¥
uwanems e Tuea lunsisenanuansiiiuaou ldnssans i iuas 11

Algorithm 3 Probabilistic-decision-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) If there 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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/* ======zss=== Classification : main program =====s=== */
; To run the program, call this procedure:

% id3menu.

: -------------- MENU -~-vwoooomoomoon

id3menu ;-

new(Dialog,dialeg('Create Rules from Id3a'}),
send_list (Dialog, append,

[ new(D1l, text_ item(datafile, 'post-operative.pl')},
new{Per, text item(minProb,'0.0")),
button{cancel, message(Dialog, destroy)),
button(enter, and(message (@prolog,calllds,

Dl?selection,
Per?selection ),
message (Dialog, destroy))) % entersdestroy
i),
send (Dialog, open).
callIid3(Dfile,Per) :-
term_to_atom(Perl,Per},
consult (Dfile},
mainid3 (Perl) .

:~ dymamic current node/l,node/2,edge/3,hasClass/2.

mainId3 (Min) :-
init (AllAttr,Edgelist),
getnede (N},
create_edge_onelevel (N, Al1Attr,EdgeLlist),
addKnowledge,
selectRule (Min, Res) ,
maplist (writeln,Res) .

init{AllAttr, [root-nil/PB-NB]) :-
writeln(limitUptod400nodes),
retractall (hasClass(_, )),
attribute{ class, [ Y1, Y21},
assert {hasClasg(Y¥1,¥2)},
retractall(node(_, }),
retractall (current node(_ )},
retractall(edge{_ , ., )},
assert (current node(0)} ,
hasClass {(C1,C2},
findall (X,attribute{X, ) ,AllAttrl),
delete (AllAttrl,class,AllAttr),
findall (X2, instance (X2, class=Cl, ) ,PFB),
findall (X3, instance (X3, class=C2, ) ,NB),
length (PB,N1},
length{NB,N2},
N is N1+N2Z,
retractall (total+ },
apply (assert, [total+N]) .
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getnode (X) : -
current necde (X),
X1 is X+1,
retractall (current nede({ )),
aggert (current node(X1)),
X1 <400. % limit at 400 nodes

create_edge_ocnelevel (_, ,{l):-1.
create_edge onelevel (_,[],_}:-1!.

create edge_onelevel (N,Al1Attr,Edgelist):-
¢reate nodes (N,AllAttr, fdgelist).

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

getnode (N1},

assert (edge (N,H1=H2,N1}},

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

append (PB,NB,AllIngt),

( (PB\==1], NB\=={})->
(cand_node (AllAttr,AllInst,AllSplit),
min_cand(AllSplite,[V,MinAttr,Split]},
delete (AllAttry,MinAttr,Attr2), -
create_edge_onelevel ( N1, Attrz, Split))
5 true )},

create_nodes (N,A11Attr,T).

create_neodes(_, ,f[]}):-1!.
create nodes(_, [], =1,

checkl :~ node(X,Y),write(node/X+Y),fail ; true.

checkz :- edge (X,Y, 2) ,node (Z,N} ,writeln (edge/X+Y+2*N) , fail ; true.

check3 :- edge (X, Y, Z) ,node (X, L) ,node{%,N),
writeln{edge/X*L+¥Y+Z*N),fail ; true.

checkd :- X»>>Class>>N,writeln (X>>Classs>>N), Fail ; btrue.

addKnowledge :-

findall([A],pathFromRootToLeaf{A,_),Res),
retractall (_>>_»>> },

maplist (apply{assert),Res),

write {addToK¥NB) .

selectRule (V,Res) : -
findall(N>>X>>Class,{X>>C1ass>>N,N>=V),Resl),
sort (Resl,Res2},
reverse (Regs2, Res) .

path(a, [H[T],C):-
edge (A,H, B},
path(2,T,C).

path(C, [},Cy:-1,
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pathFromRootToLeaf (V>>Clags>>Num,C) : -
path(1,v,C),
node {C,Valuel-Value2),
(Valuel={];Value2=[]),
(Valuel=[]->length(Valuez, Numb} ; length (Valuel,Numb) ),
total+Total,
Num is Numb/Total,hasClass{Cl,C2),
(Valuel=[]-»Class=C1;Class=C2) .

min_cand({{H|T], Min) :-
min_cand (T, H, Min).

min_cand([], Min, Min).
min_cand{(H|T}, Min0, Min) :-
B={v, ., 1,
Mino=[vo,_, 1,
( VeV0 ->Minl=H;Minl=Ming),
% Minl is min{H, Mino),
min_cand (T, Minl, Min).

cand_ncde ( [H|T], CurInstL, [ [Val,H,SpliteL] [OtherAttr]) :-
info{H,CurlnstL,Val,SplitelL),
cand_nocde (T, CurInstl, OtherAttr).

cand node ({1, ,[1):-t.
cand_node(_, []1,1)).

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

info (A, CurlnstL,R,Splite) : -
attribute (A, L},
maplist{concat3{a,=)},L,L1),%make a good form
suminfo (L1, CurlnstL,R, Splite) . %Ll=[size-small, size-large]

%suminfo(+[color:red,color:blue],+[1,2,3,4},—info,—SplitList).

suminfo ( [H|T],CurInstL,R, [Split|ST]) :-
AllBag=Curlinsti,
hasClass (C1,C2),
term to atom(H1,H),
findall (X1, (instance (X1, _,L1),member (X1,CurInstL),
member (Hi,L1)) ,BagGro},
findall(xz,(instance(X2,c1ass=C1,L2),member(X2,CurInstL),
member (H1,L2) ) ,BagPos) ,
findall{XB,(instance(X3,c1ass=cz,L3),member(X3,CurInstL),
member (H1,L3)},BagNeqg),
(H11=H22) =H1,
1ength(A11Eag,Nall),length(BagGro,NGro),1ength(BagPos,NPos),
length (BagNeg, NNeg) ,
Split=H11-H22/BagPos-BagNeq,
suminfo (T, CurInstL,R1,8T),
( NPos is 0 *->L1 = 0; L1 is {log{NPos/NGro)/log{2}} },
( 0 is NNeg *-:L2 = 0; L2 is {log (NNeg/NGro) /log(2}) ),
{ NGro is 0 -> R= 939;
R is {NGro/Nall)*(—(NPos/NGro)*Ll—(NNeg/NGro)*L2}+Rl ).
suminfo ({],_,0,[1}.
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%% Data: ‘Post_operative.pl’

%

% class yes = patient sent to ICU

% class no = patient not in critical condition: sent to general floor
% or prepared to go homs
attribute( internalTemp, fmid, high, low] ).

attribute( surfaceTemp, fmid,high, low]l }.

attribute{ oxygenSaturation, [excellent, goed, fair, poor] ).
attribute{ bloodPressure, [high, mid, low] }.

attribute{ tempStability, [stable, mod stable, unstable]l ).
attribute( coreTempStability, [stable,mod_stable, unstable] }.
attribute({ bpStability, [stable, mod stable, unstable] ).
attribute( comfort, [5, 7, 10, 15] 1}.

attribute( class, |{ home, ward]).

%data

instance (1, class=ward, [internalTemp=mid, surfaceTemp=low,
oxygenSaturation=excellent, bloodPressure=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, coreTempStabhility=stable,
bpStability=mcd_stable, comfort=10} }.

instance {4, class=ward, [internalTemp=mid, surfaceTemp=low,
oxygenSaturation=good, bloodPressure=high, tempsStability=stable,
coreTempStability=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 {7, class=home, [internalTemp=mid, surfaceTemp=low,
oxygenSaturation=excellent, bloodPressure=high,
tempStability=stable, coreTempStability=stable,
bpStability=mod_stable, ccmfort=5} ).

instance (8, class=home, [internalTemp=high, surfaceTemp=mid,
oxygenSaturation=excellent, blcodPressure=mig,
tempStability=unstable, coreTempStability=unstable,
bpstability=stable, comfort=10]).

instance (2, class=home, [interpalTemp=mid, surfaceTemp=high,
oxygenSaturation=good, bloodPressure=mid, tempStability=stable,
coreTempStability=stable, bpStability=stable, comfort=10] }.

instance (10, class=home, [internalTemp=mid, surfaceTemp=low,
oxygenSaturation=excellent, bloodPressure=mid,
tempStapility=unstable, coreTempStability=stable,
bpStability=mod_stable, comfort=i0] }.

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

instance (12, class=ward, {internalTemp=mid, surfaceTemp=low,
oxygenSaturation=good, bloodPressure=high, tempStability=stable,
coreTempStability=gstable, 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] }.
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class=ward, (internalTemp=mid, surfaceTemp=high,
oxygenSaturation=good, bloodPressure=mid, tempStability=unstable,
coreTempStability=stable, bpStability=mod stable, comfort=10] ).
¢lass=home, [internalTemp=mid, surfaceTemp=low,
oxygenSaturation=good, bloodPressure=high, tempStability=unstable,
coreTempStability=unstable, bpStability=stable, comfort=15]).
class=ward, [internalTemp=high, surfaceTemp=high,
oxygenSaturation=excellent, bloodPressure=high,
tempStability=unstable, coreTempStability=stable,
bpsStability=unstable, comfort=10] }.
class=ward, [internalTemp=low, surfaceTemp=high,
oxygenSaturation=good, blocdPressure=high, tempStability=unstable,
coreTempStability=stable, bpStability=mod stable, comfort=15]}.
class=ward, [intermalTemp=mid, surfaceTemp=1low,
oxygenSaturation=good, bloodPressure=high, tempStability=unstable,
coreTempStability=stable, bpStability=stable, comfort=10] }.
class=ward, [internalTemp=mid, surfaceTemp=high,
oxygenSaturation=good, bloodPressure=mid, tempStability=unstable,
coreTempStability=stable, bpStability=unstable, comfort=i5} }.
class=ward, [internalTemp=mid, surfaceTemp=mid,
oxygenSaturation=good, bloodPressure=mid, tempStability=stable,
coreTempStability=stable, bpStability=stable, comfort=10] }.
class=ward, [internalTemp=low, surfaceTemp=high,
oxygenSaturation=good, bloodPressure=mid, tempStability=unstable,
coreTempStability=stable, bpStability=stable, comfort=15] ).
class=home, [internalTemp=low, surfaceTemp=mid,
oxygenSaturation=excellent, blocdPressure=high,
tempStability=unstable, coreTempStability=stable,
bpsStability=unstable, comfort=1i0c] }.
class=ward, [internalTemp=mié&, surfaceTemp=mid,
oxygenSaturation=good, bloodPressure=mid, tempStability=unstable,
coreTempStability=stable, bpStability=unstable, comfort=15] }.
class=ward, {internalTemp=mid, surfaceTemp=mid,
oxygenSaturation=good, blocdPressure=mid, tempStability=unstable,
coreTempStability=stable, bpStability=stable, comfort=10] ).
class=ward, [internalTemp=high, surfaceTempshigh,
oxygenSaturation=good, bloodPressure=mid, tempStability=stable,
coreTempStability=stable, bpStability=mod_stable, comfort=10] ).
class=ward, [internalTemp=low, surfaceTemp=mid,
oxygenSaturation=good, bloodPressure=mid, tempStability=unstable,
coreTempStability=stable, bpStability=stable, comfort=10] }.
class=ward, [internalTemp=high, surfaceTemp=mid,
oxygenSaturation=good, blcodPressure=low, tempStability=stable,
coreTempStability=stable, bpStability=mod stable, comfort=10} ).
¢lags=ward, {internalTemp=low, surfaceTemp=mid,
oxygenSaturation=excellent, bloodPressure=high,
tempStability=stable, coreTempStability=stable,
bpStability=mod_stable, comfort=10] }.
class=ward, [internalTemp=mid, surfaceTemp=mid,
oxygenSaturation=excellent, blocdPressure=mid, tempStability=stabile,
coreTempStability=stable, bpStability~unstable, comfort=151).
class=home, [internalTemp=mid, surfaceTemp-mid,
oxygenSaturation=good, bloodPressure=mid, tempStability=unstable,
coreTempStability=stable, bpStapility-unstable, comfort=19]).
class=ward, [internalTemp=mid, surfaceTemp=mid,
oxygenSaturation=good, bloodPressure=high, tempStability=unstable,
coreTempStability=stable, bpStability=stable, comfort=10}).
class=ward, [internalTemp=low, surfaceTemp=low,
oxygenSaturation=good, blocdPressure=mid, tempStabilitys=unstable,
coreTempStability=stable, bpStability-unstable, comfort=10]).
clags=ward, [internalTemp=mid, surfaceTemp=mid,
oxygenSaturation=excellent, bloodPressure=high,
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tempStability-unstable, coreTempStability=stable,
bpsStability-mod_stable, comfort=1Q]}.
instance (34, class=ward, [internalTemp=mid, surfaceTemp=Llow,
oxygenSaturation=good, bloodPressure=mid, tempStability=stable,
coreTempStability=stable, bpStability=stable, comfort=101) .
instance (35, class=ward, [internalTemp=low, surfaceTemp=mid,
oxygenSaturation=excellent, bloodPressure=high,
tempStability=stable, coreTempStability=stable,
bpStability-mod stable, comfort=10]1.
instance ({26, class=ward, {internalTemp=mig, surfaceYemp=mid,
oxygenSaturation=good, bloodPressure=mid, tempStability=stable,
coreTempStability=stable, bpStability=stable, comfort=10}).
instance (37, class=home, [internalTemp=1low, surfaceTemp=mid,
oxygenSaturation=excellent, bloodPressure=mid, tempStability=stable,
coreTempStability=stable, bpStability-stable, comfort=101).
instance (38, class=home, [internalTemp=low, surfaceTemp=low,
oxygenSaturation=good, blocdPressure=mid, tempStability=unstable,
coreTempStability=stable, bpStability=unstable, comfort=10}) .
instance {39, class=home, [internalTemp=low, surfaceTemp=low,
oxygenSaturation=good, blocdPressure=mid, tempStability=stable,
coreTempStability=stable, bpStability=stable, comfort=7}}.
instance {40, class=ward, [internalTemp=-wmid, surfaceTemp=mid,
oxygenSaturaticn=good, bloodPressure=high, tempsStability=unstable,
coreTempStability=stable, bpStabilitysmod_stable, comfort=101}.
instance {41, class=ward, [internalTemp=low, surfaceTemp=low,
oxygenSaturation=good, bloodPressure=mid, tempStability=unstable,
coreTempStability-stable, bpStabilitysstable, comfort=10}).
ingtance {42, class=home, [internalTemp=low, surfaceTemp=mnid,
oxygenSaturation=good, bloodPressure=mid, tempStability=stable,
coreTempStability=stable, bpStability=stable, comfort=15]}.
instance (43, class=home, [internalTemp=high, surfaceTemp=high,
oxygenSaturation=good, bloodPressure=high, tempStability=unstable,
coreTempStability=stable, bpStability=stable, comfort=15]).
instance (44, class=home, [internmalTemp=-mid, surfaceTemp=mid,
oxygenSaturation=good, blocdPressure=mid, tempStabilitys=stable,
coreTempStability=stable, bpStability=stable, comfort=10]).
instance {45, class=ward, [internalTemp=low, surfaceTemp=low,
oxygenSaturation=excellent, blocdPressure=mid, tempStability=stable,
corefTempStability=stable, bpStability=stable, comfort=10}).
ingtance (46, class=home, [internalTemp=low, surfaceTemp=mid,
oxygensSaturation=good, bloodPressure-mid, tempStability=unstable,
coreTempStability=stable, bpStability=stable, comfort=10]}.
instance (47, class=ward, [internalTemp=mid, surfaceTemp=mid,
oxygenSaturation=excellent, bloodPressure=mid,
tempStability~unstable, coreTempStapility=stable,
bpsStability=stable, comfort=10]).
instance {48, class=ward, [internalTemp=mid, surfaceTemp=high,
oxygengSaturation=good, bloodPressure=low, tempStability=unstable,
coreTempStability=stable, bpStabilitys=stable, comfort=10]).
instance {49, class=ward, {intermalTemp=mid, surfaceTemp=high,
oxygensaturation=good, bleodPressure=mid, tempStability=unstable,
corefempStability=mod_stable, bpStability=mod_stable, comfort=10}).
instance {50, class=ward, [internalTemp=low, surfaceTempshigh,
oxygenSaturation=excellent, blocdPressure=mid,
tempStability=unstable, coreTempStability=stable,
bps$tability=stable, comfort=10}).
instance (51, class=ward, [internalTemp=mid, surfaceTemp=low,
oxygensSaturation=excellent, bloodPressure=high,
tempStability~unstable, coreTempStability=stable,
bpetability=unstable, comfort=101).
instance (52, class=home, [internalTemp=mid, surfaceTemp=mid,
oxygengSaturation=good, bloodPressure=mid, tempStability=unstable,
coreTempStability=stable, bpStability=mod stable, comfort=101}.
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instance (53, ¢lass=ward, finternalTemp=high, surfaceTemp=high,
oxydenSaturaticn=excellent, bloodPressure=mid,
tempStability=unstable, coreTempStability=stable,
bpstability=mod_stable, comfort=10]}.

instance(54, class=ward, [internalTemp=mid, surfaceTemp=mid,
oxygenSaturation=good, bloodPressure=mid, tempStability=unstable,
coreTempStability=stable, bpStability=stable, comfort=15]).

instance (55, ¢lass=ward, {internalTemp=high, surfaceTemp=mid,
oxygenSaturation=good, bloodPressure=high, tempStability=stable,
coreTempStability=stable, bpStability-unstable, comfort=15]}.

instance (56, class=ward, [internalTemp=mid, surfaceTemp=lcow,
oxygenSaturation=good, bloodPressure=high, tempStability=unstable,
coreTempStability=stable, bpStability=mod stable, comfort=10]).

instance (57, class=ward, [internalTemp=low, surfaceTemp=1low,
oxygenSaturation=gocd, bloodPressure=high, tempStability=stable,
coreTempStability=stable, bpStability=stable, comfort=10]).

instance {58, c¢lass=ward, [internalTemp=mid, surfaceTemp=high,
oxygenSaturation=good, bloodPressure=mid, tempStability=stable,
coreTempStability=stable, bpStability=mod stable, comfort=10])).

instance (59, class=ward, [internalTemp=mid, surfaceTemp=high,
oxygensaturation=good, bloodPressure=mid, tempStability=unstable,
coreTempStability=stable, bpStability-unstable, comfort=10]}.

instance (60, class=ward, finternalTemp=mid, surfaceTemp=low,
oxygenSaturation=excellent, bloodPressure=high,
tempStability=stable, coreTempStability=stable, bpStability=stable,
comfort=10]) .

instance(61l, class=ward, [internalTemp=mid, surfaceTemp=mid,
oxygenSaturation=good, bloodPressure=mid, tempStability=stable,
coreTempStability=stable, bpStability=unstable, comfort=10]}.

instance{62, class=home, [internalTemp=mid, surfaceTemp=low,
oxygenSaturation=excellent, bloodPressure=mid, tempStability=stable,
coreTempStability=stable, bpStability=unstable, comfort=10]}.

instance(63, class=ward, [internalTemp=high, surfaceTemp=mid,
oxygenSaturation=excellent, bloodPressure=mid,
tempStability-unstable, coreTempStabilitys=unstable,
bpStability=unstable, comfort=10}).

instance (64, class=home, [internalTemp=mid, surfaceTemp=mid,
oxygenSaturation=good, bloodPressure=high, tempStability=stable,
coreTempStability=stable, bpStability=stable, comfort=10]).

instance (65, class=ward, [internalTemp=mid, surfaceTemp=low,
oxygenSaturation=excellent, bloodPressure=mid,
tempStability=unstable, coreTempStability=stahle,
bpStability=stable, comfort=10]}.

instance (66, class=ward, [internalTemp=mid, surfaceTemp=mid,
oxygenSaturation=excellent, bloodPressure=mid,
tempStability=unstable, coreTempStability=stable,
bpsStability=stable, comfort=10}).

instance(67, class=ward, [internalTemp=mid, surfaceTemp=mid,
oxygenSaturation=excellent, bloodPressure=high,
tempStability=stable, coreTempStability=atable, bpStability=stable,
comfort=10]1}.

instance (68, class=ward, [internalTemp=mid, surfaceTemp=mig,
oxygenSaturation=excellent, bloodPressure=low, tempStability-stable,
coreTempStability=stable, bpStability=stable, comfort=10]).

instance(69, ¢lass=ward, [internalTemp=low, surfaceTemp=low,
oxygenSaturation=excellent, blocodPressure=mid, tempStability=stable,
coreTempStability=stable, bpS8tability=stable, comfort-10]).

instance (70, class=home, [internalTemp=nid, surfaceTemp=mid,
oxygenSaturation=excellent, bloodPressure=mid, tempStability=gtable,
coreTempStability=stable, bpStability=mod stable, comfort=10}).

instance (71, class=ward, [internalTemp=mid, surfaceTemp=mnid,
oxygenSaturation=excellent, bloodPressure=high,




instance (72,
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tempStability=stable, coreTempStability=stable, bpStability=stable,
comEort=10}) .

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

instance (73, class=ward, f[internalTemp=low, surfaceTemp=mid,

instance (74,

oxygenSaturation=good, bloodPressure=mid, tempStability=stable,
coreTempStability=stable, bpStabilitysunstable, comfort=101}.
class=ward, [internalTemp=mid, surfaceTemp=mid,
oxygenSaturation=excellent, bloodPressure=mid, tempStability=stable,
coreTempStability=stable, bpStability=mod_stable, comfort=10]}.

instance (75, class=ward, [internalTemp=mid, surfaceTemp=mid,

instance (76,

instance {77,

instance (78,

oxygenSaturation=excellent, bloodPregsure=mid, tempStability=stable,
coreTempStability=stable, bpStability=unstable, comfort=10]}.

class=home, [internalTemp=mid, surfaceTemp=mid,
oxygenSaturationsexcellent, bloodPressure=mid,
tempStability=unstable, coreTempStability=unstable,
bpStability=stable, comfort=101}.

class=ward, [internalTemp=mid, surfaceTemp=mid,
oxygenSaturation=gocd, bloodPressure=high, tempStability=stable,
coreTempStability=stable, bpsStability=stable, comfort=10]}.

class=ward, [internailemp=mid, surfaceTemp=mid,
oxygenSaturation=excellent, bloodPressure=irid, tempStability=stable,
corefempStability=stable, bpStability=stable, comfort=151).

instance (79, clags=home, [internalTemp=mid, surfaceTemp=mid,

instance (80,

instance (81,

oxygenSaturation=excellent, blcodPressure=mid, tempStability=stable,
coreTempStability=stable, bpStability=stable, comfort=101]).

class=ward, [internalTemp=high, surfaceTemp=mid,
oxygenSaturation=excellent, bloodPressure=mid,
tempStability=unstable, coreTempStability=stable,
bpStability=unstable, comfort=5]).

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

instance (82, class=ward, [internalTewmp=mid, surfaceTemp=migd,

instance (83,

oxygenSaturation=excellent, blcodPressure=mid,
tempStabilitysunstable, coreTempStability=stable,
bpStability=stable, comfort=101l).

class=home, [internalTemp=mid, surfaceTemp=mid,
oxygenSaturation=excellent, bloodPressure=mid,
tempStability=unstable, coreTempStability=stable,
bpStability=stable, comfort=15}).

instance (84, classsward, [internalTemp=mid, surfaceTemp=mid,

oxygenSaturation=gocd, blocdPressure=mid, tempStability=unstable,
coreTempStability=stable, bpStability=stable, comfort=15]}).

instance {85, class=ward, [internalTemp=mid, surfaceTemp=mid,

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

instance (86, class=home, [internalTemp=mid, surfaceTemp=mid,

oxygenSaturation=goocd, bloodPressure=mid, tempStability=unstable,
coreTempStability=stable, bpStability=stable, comfort=15]).

B S=Emm=m=omms End Of Data File =t
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ABSTRACT

Medical knowledge discovery is an emerging area within the data-mining field that attracts
many new researchers from diverse disciplines. During the past decade numerous learning
techniques had been employed to discover useful knowledge from health examination and
clinical data. Unlike past efforts that simply concentrated on the deployment of well-known
learning techniques on medical data sets, our new approach expands the learning algorithm to
deal with uncertain knowledge. We devise an algorithm to generate probabilistic knowledge
from the induced decision tree. The implementation of the proposed algorithm is
demonstrated via second-order predicates and a meta-programming approach. Experimental
results on several medical domains emphasize the simple form of knowledge representation
and the potential of incorporating learmning results as background knowledge in the
knowledge-base system.

KEYWORDS

Medical knowledge mining, Probabilistic knowledge induction.

1. INTRODUCTION

The automated learning of models from patient data and biomedical records has become more
and more essential since the extensive computerization in healthcare industry and the significant
advancement in genomic and proteomic technologies during the last decade. Medical and clinical
databases have been created and constantly growing at an exponential rate. The development of an
automatic and intelligent data analysis tool is an obvious solution to the data-flooding problem in
medical domains [4], [12], [13].

Knowledge extraction from huge amount of health databases is expected to ease the medical
decision-making process. The ultimate goal of knowledge extraction is to generate the most
accurate and useful knowledge and represent it in an understandable format. Such goal is, however,
difficult to accomplish due to the learning complexity of knowledge induction methods and the
nonconformity of the database contents. Most of the time knowledge discovery from medical
databases results in reporting large number of irrelevant knowledge [6], [9]. We thus focus our
study on this issue and devise a technique to extract a limited number of knowledge that is most
likely relevant to the specific domain.

In medical knowledge mining, interpretability of results is an important feature of the data
analysis tool. Medical practitioners need a system that can produce accurate results in an
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understandable form. Therefore, knowledge represented as rules has been widely used for
knowledge discovery in medical applications. Classification rule induction is an approach
commonly used for building diagnosis models {21, {51, [7], [14]. Association rule mining is an
induction methed applied for exploring patterns that are frequently occur in medical data [31, [10].
Classification and association mining methods are two major techniques for rule generation that
work successfully in many domains. Nevertheless, in medical applications these learning techniques
tend to generate a lot of rules. Too many rules, some are redundant and uninteresting, cause
problems to the medical practitioners because a truly relevant one can be easily overlooked.

We thus propose a rule induction method based on the decision-tree structure that adopts the
probability concept to select the most probable applicable rules. The outline of this paper is as
follows. After the introductory section, we present in Section 2 the general framework and the
algorithms of our proposed method. The implementation and experimental results are illustrated in
Sections 3. Section 4 concludes this paper with the discussion on further research direction.

2. FRAMEWORK AND METHOD FOR PROBABILISTIC KNOWLEDGE
INDUCTION

Our knowledge induction system {Figure 1) is based on the decision-tree induction method Nip
Decision tree induction is a popular method for mining knowledge from data and representing the
resuit as a classifier tree. Popularity is due to the fact that mining result in a form of decision tree is
interpretability, which is more concern among casual users than a sophisticated method but lack of
understandability. A decision tree is a hierarchical structure with each node contains decision
attribute and node branches corresponding to different attribute values of the decision node. The
goal of building decision tree is to partition data with mixing classes down the tree until each leaf
node contains data with pure class.

Probabilistic Knowledge Induction System

Patient records
Clinical data &
Other documents

Medical <————~—
practitioner Response

Figure 1. A genperal framework for the tree-based probabilistic knowledge induction.
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In our system framework, we increase interpretability of the knowledge mining results by
transforming the decision tree structure into a small set of decision rules. After a complete decision
tree has been created, we calculate the probability of case occurrence augmented with each leaf
node. In the phase of decision rule generation, these probability values will be sorted. Rules within
the top ranking part will be displayed to assist medical practitioner for making decision. In the
designed framework, probabilistic knowledge induction system is composed of four main
components: data integration, tree induction, probabilistic-rule generation, and the knowledge
inferring and answering engines. Data integration component is responsible for collecting data from
different sources, cleaning and format transforming. These data are to be used by the tree induction
component.

Given the induced tree, the probabilistic-rule generation component traverses each tree branch to
caleulate the likelihood of path occurrence. This likelihood is interpreted as the probability of event
and associated to the rule generated from the path traversal. The generated probabilistic rules are
then sorted. Rules at the top ranking (specified by the given minimum probability) are stored in the
knowledge base as the probabilistic knowledge and could be used for recommendation or answering
query to the medical practitioner. Algorithms for knowledge induction based on tree structure
(Algorithm 1), probabilistic-rule generation from decision tree (Algorithm 2), and probabilistic
knowledge inferring to answer the most probable class decision on new case (Algorithm 3} are
given in the following.

Algorithm 1 Knowledge induction

Input: a data set formatted as Prolog clauses
Output: a decision tree with node and edge structures

(1) Initialization

(1.1} Clear temporary knowledge base (KB) by removing all information regarding the
predicates node, edge and current_node

(1.2) Set node counter =0

(1.3) Scan data set to get information about data attributes, positive instances, negative
instances, total data instances

(2) Building tree
(2.1) Increment node counter

(2.2) Repeat steps 2.2.1-2.2.4 until there is no more attributes left for creating decision
attributes

(2.2.1) Compute Info value of each candidate atiribute
(2.2.2) Choose the attribute that yields minimum Info to be decision node
(2.2.3) Assert edge and node information into KB
(2.2.4) Split data instances along node branches
(2.3) Repeat steps 2.1 and 2.2 until the lists of positive and negative instances are empty

(2.4) Output tree structure containing node and edge predicates
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Algorithm 2 Probabilistic knowledge generation

Input: a decision tree with node and edge structures, and a probability threshold
Output: a set of probabilistic rules ranking from the highest probability

(I)  Traverse tree from a root node to each leaf node

(1.1)  Collect edge information and count number of data instances

(1.2) Compute probability as a proportion

(number of instances at leaf node) / (total data instances in 2 data set)

(1.3)  Assert a rule containing a triplet (attribute-value pair, class, probability value) into KB
(2) Sort rules in the KB in descending order according to the rules’ probability
(3) Remove rules that have probability less than the specified threshold
(4)  Assert selected rules into the KB and return KB as an output

Algorithm 3 Probabilistic knowledge inferring

Input: a KB containing probabilistic knowledge, and a new case with unknown class value
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 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 voting scheme

3. IMPLEMENTATION AND EXPERIMENTAL RESULTS

In this section, we present the implementation technique of our proposed tree-based
probabilistic-knowledge induction framework using logic programming paradigm. Prolog code is
based on the syntax of SWI Prolog (www.swi-prolog.org).

Data format. In logic programming, program and data take the same format, i.e. all are in
Prolog clausal form. For the purpose of demonstration, we use the health examination data of 86
patients after the operation. The general conditions such as blood pressure and temperature are
observed to determine whether the patient is in good condition and should be sent home shortiy
(class=home), or the condition is quite moderate and should stay at the hospital ward for further
follow up (class=ward). Even though binary classification is a typical task in medical domains, the
code presented in this section can be easily modified to classify data with more than two classes.
The post-operative data set (downloadable from the UCI repository [1]) in Prolog clausal form is
shown some part as the following.




48

attribute( internalTemp, {mid, high, iow]).
attribute( surfaceTemp, [mid, high, low]).
attribute( oxygenSaturation, [excellent, good, fair, poor).
attribute( bloodPressure, fhigh, mid, low}).

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

attribute( class, [home, ward}).

instance(1,class=ward,[internalTemp=mid, surfaceTemp=low, oxygenSaturation=excellent,
bloodPressure=mid, tempStability=stable, coreTempStability=stable,
bpStability=stable, comfort=15]).

Main module. The three algorithms, explained in the previous section, are called by the main
module, which is the top-level of our program implementation. The Prolog coding of main module
is as follows:

main:-init (AllAttr,EdgelList),
getnode (N),
create_edge_onelevel (N,AllAttr, Edgelist),
addKnowledge,
write (chooseMinProb),

read(Min) ,
selectRule (Min,Res),
maplist{writeln, Res).

The built-in predicate maplist is a second-order predicate [8] provided in the library of SWI
Prolog. Its implementation is declared recursively as the following. The predicates init and
getnode in main module invoke the following initialization process. The predicates assert and
retractall are also second-order predicates responsible for asserting and removing,
respectively, information in the knowledge base. Another second-order predicate apply
repeatedly assert clauses into the knowledge base. The built-in second-order predicate findall
searches for all solutions that satisfy the constrained predicates.

Probabilistic-rule generation. In main module, the predicates addKnowledge and
selectRule (Min, Res) are invoked to compute probability along each tree branch to generate
probabilistic rules and then select only rules that could occur at the probability level higher than the
specified threshold. Prolog coding of this module is as follows:

addKnowledge :- findall {[A],pathFromRootToLeaf (A, },Res),
retractall (_>> >> ),
maplist{apply{assert),Res).

selectRule(V,Res) :— findall (N>>X>>Class, (X>>Class>>N,N>=V),Resl),
sort (Resl,Res2},
reverse (ResZ,Res) .
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patnFromRootToLeaf (V>>Classg>>Num,C) o~ path(l,V,C},
node (C,Valuel-Vaiuel) ,
{(Valuel=[]; ValueZ=[l},
(Valuel=[]~>length{Value2, Numb) ; length {Valuel, Numb) ),
total+Total,
Num is Numb/Total,
(Valuel=[]}-» Class=home; Class=ward}.

Running results on probabilistic-rule induction. For the demonstration purpose, we show the

final result of probabilistic rule induction with a specified minimum threshold 0.02. Each result has
been formatted as probability >> rule’s conditions (shown as attribute-value pairs) >> decision on
class value (either home or ward).

0.
0.

0930233>> [comfort=10, bloodPressure=high, surfaceTemp=low}>>home

0581395>> [comfort=10, bloodPressure=mid, coreTempStability=stable,
internalTemp=mid, bpStability=stable, surfaceTemp=mid,
tempStability=unstable]>>home

L0465116>> [comfort=10, bloodPressure=high, surfaceTemp=mid,

ppStability=mod_stable]>>hone

0.0348837>>[comfort=15, bpStability=unstable, surfaceTemp=mid]>>home

0.0348837>>[comfort=15, bpStability=stable, internalTemp=mid,

tempStability=stablej>>home

,0348837>>{comfort=10, bloodPressure=mid, coreTempStability=stable,

internalTemp=mid, bpStability=unstable, surfaceTemp=mid,
tempStability=stable]>>home

0.0348837>>[comfort=10, bloodPressure=low]>>home

0.0348837>>({comfort=10, bloodPressure=high, surfaceTemp=mid,

4.

bpStability=stable, oxygenSaturation=excellent]>>home

L023255B>> [comfort=15, bpStability=unstable, surfaceTemp=highl]>>home
.0232558>> [comfort=15, bpStability=mod stable]>>hone
.0232558>> [comfort=10, bloodPressure=mid, coreTempStability=unstable,

tempStability=unstable, bpStability=stable}>>ward

.0232558>>[comfort=10, blocdPressure=mid, coreTempStability=stable,

internalTemp=mid, bpStability=stable, surfaceTemp=lowl>>homne

.0232558>> [comfort=10, bloodPressure=mid, coreTempStability=stable,

internalTemp=mid, bpStability=mod stable,
surfaceTemp=highl}>>home

.0232558>>[comfort=10, blocdPressure=mid, coreTempStability=stable,

internalTemp=low, surfaceTemp=loW, tempStability=stable]>>home

.0232558>> [comfort=10, ploodPressure=mid, coreTempStability=stable,
internalTemp=high]>>home
CONCLUSION

Modemn healthcare organizations generate huge amount of electronic data stored in

heterogeneous databases. Data collected by hospitals and clinics are not yet turned into useful
knowledge due to the lack of efficient analysis tools. We thus propose a rapid prototyping of an
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automatic knowledge-mining tool to induce probabilistic knowledge from medical data. The
induced knowledge is to be integrated into the knowledge base of a medical decision support
system. Thus, in our design the knowledge base will be composed of precise knowledge as well as a
minimal set of induced probabilistic knowledge. Discovered knowledge can also facilitate the reuse
of knowledge base among decision-support applications within organizations that own
heterogeneous clinical and health databases. Direct application of medical probabilistic knowledge
base is for medical related decision-making. Other indirect but obvious application of such
knowledge is to pre-process other data sets by grouping it into focused subset containing only
relevant data instances.

The main contribution of this work is our implementation of knowledge mining engines based
on the concept of higher-order Horn clauses using Prolog language. Higher-order programming has
been originally appeared in functional languages in which functions can be passed as arguments to
other functions and can also be returned from other functions. This style of programming has soon
been ubiquitous in several modern programming languages such as Perl, PHP, and JavaScript.
Higher order style of programming has shown the outstanding benefits of code reuse and high level
of abstraction. This paper illustrates higher order programming techniques in SWI-Prolog. The
powerful feature of meta-level programming in Prolog facilitates the reuse of mining results
represented as rules to be flexibly applied as conditional clauses in other applications.

The plausible extensions of our current work are to add constraints into the knowledge mining
method in order to limit the search space and therefore yield the most relevant and timely
knowledge, and due to the uniform representation of Prolog’s statements as a clausal form, mining
from the previously mined knowledge should be implemented naturally. The probabilistic
knowledge induction and inferring techniques presented in this paper can be applied to the
development of probabilistic databases. We alsc plan to extend our system to work with stream data
that normally occur in modern medical organizations.
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ABSTRACT

Density estimation is an important pre-processing step in the problem of data stream classification in which the
number of data is overwhelming and the exact data distribution is unknown. We simplify the problem by
employing a statistical sampling technique to obtain an approximate solution. With the proposed method, an
unbounded large data set can be sampled in a number of random configurations, and that data can be used to
describe the data set as a whole, The efficiency of the method depends largely on the ability to draw samples
effectively which in turn depends on how close we can estimate the target density, We use finite mixture
moadels to represent the probability density functions of the data stream. Then, we apply the EM algorithm
twice to Jearn the model parameters. The efficiency of our estimation technique has been shown in the
experimental results.

1. Introduction

The recent advances in hardware and software have enabled the rapid generation of continuous
stream of information such as customer click streams, telephone records, web page visits, and so on.
An accurate and timely analysis over an unbounded stream of data poses a new challenge to
researchers and practitioners in the area of data mining. Data stream is defined as massive amounts
of data continuously generated at a rapid rate, possibly time-varying and unpredictable [1, 6].

Major characteristics of data streams are the continuously online arrival of data elements,
uncontrolled order of such elements upon arrival, variable sizes, and a one-time processing of an
element before it is discarded or archived due to the massive size of data that far exceeds the
storage capacity. Therefore, the process of data stream analysis is required to examine each data
element at most once and produce the analysis results as fast as possible. The requirements of
timely analysis and efficient memory usage constrain most data mining algorithms to sacrifice
accuracy of the analysis results for the fast and feasible processing.

A direct solution to the problem of data stream mining is the development of approximate
algorithms [3, 9]. However, the large volumes of data continuously arriving in a stream could
eventually make the algorithms inefficient. A more practical solution is to apply a data reduction
technique along with the approximation algorithms. Data stream analysis by sampling a set of
representatives out of the incoming stream is a natural solution for producing approximate results.
Nevertheless, in the context of continuous data stream in which the data size is unknown, simply
applying random sampling method cannot give reliable approximation.

We thus propose an estimation technique to approximate the form of the data stream
distribution. Correct density estimation can lead us to an optimal performance on the subsequent
analysis phase such as data classification or discriminant analysis. Our approach employs the
Expectation-Maximization (EM) algorithm [4] to learn the parameters of the density function. We
run EM for only a few iterations to obtain a simplified estimator, and then run EM to full conver-
gence for a more accurate one. The two estimators are the basis of our density estimation approach.
The paper is organized as follows. Section 2 presents the theoretical background of parameter
estimation technique commonly used in finite mixture models. Section 3 explains the proposed
method to estimate density together with the technique to obtain a sample set from the data stream.
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Section 4 shows the experimental results of density estimator assessment and the classification
performance. Section 5 concludes our work with a discussion for future research.

2. Parameter estimation via EM

In situation where one has to build a statistical model from massive amounts of data, a
common practice is to use a random sample of the examples or observations in the data. But in the
domain of data stream in which data may be generated from different sources and the exact data
distribution is unknown, finite mixture models are appropriate and more powerful in representing
arbitrary complex probability density functions.

We consider multi-dimensional data stream as finite mixture models of Gaussian or normal
probability density functions. A finite mixture model {5, 7, 8] is a combination of distributions
written as

K K
pPx10)=3 a,p(x|8), with) a, =1, M
i=l i=1
where X is the number of mixture components, a; = Oare the mixing proportions and add up to one.
The p(x|d,)denotes the multivariate normal distribution with mean vector 4 and covariance matrix
Z, that is & =(y;,%,), and 0={4,,....0¢,,,...,ax} is the complete set of parameters needed to
specify the mixture,
Given a set of » independent and identically distributed observations X ={x,...,%,}, the log-
likelihood corresponding to a K-component mixture is

log p(X|8) =log [ [ p(x; | 6)

J=l

n K
=Zlogzafp(xj | 6,). 2)

=1 =}

The maximum likelihood (ML) estimate of the parameter value is
6 = argmax {log p(X |9)}. (3)
g

The EM algorithm is the usual choice for obtaining ML estimates of the mixture parameters.
The EM algorithm is an iterative procedure to find the maximum of likelihood function in
incomplete data problems. For finite mixtures, the missing data Z ={z,,...,z,} is a set of n labels

associated with the n observations indicating the mixture component from which the observation x
is drawn. Let ¥ = X UZ be a full data set. The probability distribution of Z depends on X and the
unknown parameter 8. Let p(¥|8)denote the joint density of the complete data. The EM algorithm

starts with some initial parameter estimate @®. The algorithm repeats the expectation (E) and
maximization (M) steps until convergence. Let YV denote the current parameter value. Then, in
the subsequent t™ iteration, the algorithm works as follows.
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E-steps: Computes the conditional expectation of the complete data log-likelihood,
0(0160“")=Ellog p(¥6)16 7, X]
= Y logp|opzie“Nx) &)

all possible ¥

M-steps: Replace ¢ that maximizes the function Q, that is 81 satisfies
o@Me Yy 2 018", foral 0.

Given an initial parameter 8, the EM algorithm produces a sequence {6?,0M,6®,..} that
converges to a stationary point of the likelihood function.

3. Density estimation over data stream

To analyze data stream we assume that the observed data have a normal distribution. Given a
specific number of models or components, the EM algorithm is applied twice to obtain the E and
E' distributions (as shown in Figure 1).

oas-

o4

ans

as

azs

[1h-33

Figure 1. A proposed method to estimate density and obtain sample from the estimated
distributions.

The idea of the proposed method is illustrated in Figure 1. The target function, f (x), is
represented as a one-dimensional 3-Gaussian mixture models (the three solid lines at the bottom)
from which we want to draw samples. The proposal density E(x) is estimated from a few iterations
of the EM technique with the upper bound requirement that E(x) > f (x) for all x. Full iterations of
EM produces E'(x), which is the approximation of the unknown target density.

The EM algorithm requires a pre-specified number of K components to be incorporated into
the mixture models. According to our proposed method, a suitable number should be selected by a
user. To cope with multi-dimensional problem, we propose to use a statistical method — principal
component analysis (PCA) — to reduce the complicated problem to a simpler two-dimensional
problem. That is, we take into account only the first and second major components of the data set.
The two-dimenstonal data are used to train the EM algorithm to estimate parameters ¢ and T of the
Gaussian mixture models. The estimated Gaussian distributions are £ and E’.

From the estimated density £ and the rough approximate E’, we perform rejection sampling
[117 with the decision criteria {E(x)}/(vd *E'(x))} 2 u, when u is a uniform variable distributed

between 0 and 1, and d is a dimensionality of the data. A broad distance of £ and E' (suchas atx =
1 in Figure 1) represents a rejecting area, whereas a narrow distance (such as at x = 6.5) is an
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acceptance one. The input from stream data has been taken one by one. The data item that satisfies
the criteria will be included in the sample until the specified sample size is compietely filled up.
Then the sampled data set contains representatives of the whole stream. Any analysis metheds can
now be performed on this set. Our algorithm is shown as follows.

Algorithm Density Estimation and Sampling from Data Stream
Input:  ad-dimensional data set D with N observations,
an integer X to specify the number of models,
a required sample size SS.
Output: a sample set .S drawn from the mixture models.
Steps:

1. Hd>0then Apply PCA to obtain 1* and 2" principal components, to get a two-
dimensional data set X

2. Setmax_iteration = max {50, dK}

3. (BX), E(X))= Density_Estimator (X, K, max_iteration) // Density estimation with EM //

4, Setcount=0

5. While count <SS // Refection sampling steps //

6. Sample x from E(X)

7 Generate u from WG, 1)

8 I u<E)AJd E'(x)) then Accept x, add it to S, and increment count

9. Return §

Density Estimator (X, K, max_iteration)
1. Initialize parameter © = (p, Z) for each of X Gaussian models by running K-means
2. Initialize the prior probabilities P(m,) of each model m to VK, k=1,.., K
3. Repeat

P, |10 Mp(x, | 1", 2

4. Compute the probability P(m,” x 8= :
Z] P(m;” Io('?)wp(x' ;Fi’)’ z;ﬂ)

5. Update means i , variances Z; , and priors 7 @@
N il
it Em an(m*“) ,x”’gm) B, Z,L .P(mf} “n’gm) (x" _ n“f [))(x" r p:nn)r
k= i = F
v P 1x,,6%) ) Pl 5,8

1 = ;
P(miﬂl) '9(“}}) = ;ZP(M:J] I X, ,6(”)

a=l
6. Until the max_iferation has been reached or the joint likelihood of all data with respect to all the
models is greater than the lower boundary criterion CL(8)
K K N
L(8)2 CL(8) = 3, P(m, | X,8)log p(X |8} = 3. 3. P(m, | x,,0) log p(x, | 6)
k=1 kx| n=]

7. Return §, = (14,,%;) fork=1,.., K, and arough 8 =(4°,,%°,) from 5 iterations
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4. Experimental evaluation

To validate the utility of our proposed method, we firstly evaluate our density estimation and
sampling method on synthetic Gaussian mixture data and then apply the method to the problem of
classification on real data set obtained from the UCI Machine Learning Library [2].

The objective of our initial experiments is to empirically evaluate the closeness of the
estimated density to the real one. The closeness is determined by comparing the Euclidean distance
of the estimated mean vector {to the original mean vector u, and comparing the estimated

covariance matrix ¥ to the original covariance matrix £. We use a synthetic data generator to
produce two-dimensional Gaussian mixtures. The number of mixture models, number of peints in
each model, original mean vector and covariance matrix are input parameters.

Table 1. Experimental results of sampling from various mixing of Gaussian models, compared against the
uniform random sampling which always assumes a single Gaussian model. The efficiency of the
sampling methods is evaluated on the basis of the closeness of the estimated & =y, %;)to the

original means and covariance matrices of the generative models. The g-differences and -
differences are averaged from X mixture models.

Number of Sampling from Estimated Distributions Uniform Random Sampling
Mixture Models u-difference Z-difference p-difference X-difference
2 0.000113 0.000901 0.088772 0.144793
6 0.000425 0.001527 0.090213 0.231109
8 0.000961 0.001599 0.098055 0.271645
12 (1.000987 0.001938 0.200137 0.430098
14 0.001017 0.001991 0.299873 0.456131
16 0.001025 0.002007 0.300159 0.513772
18 0.001328 0.002031 0.330011 0.720001
20 6.001414 0.002508 0.460101 0.935644
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Figure 2. Classification results on four data sets

In our experiments, we vary the number of models from 2 to 20 with 50 to 1,000 data points in
cach model. To properly initialize the component means for the 8-parameter learning, we find the
approximate mean points by running max{50, 4K} iterations of k-means algorithm [10]. Component
elements and main diagonal covariance matrix elements are also initialized accordingly, and off-
diagonal matrix elements are constrained to zero. Some of our experimental results on the accuracy
of our density estimator compared with the simple uniform sampling are illustrated in Table 1. The
experimental results confirm the applicability of the EM approach toward the problem of 6-
parameter approximation. The estimated means and variances are very close to the original
parameter values.

To verify the utility of the proposed method on the real-world data sets, we run the C4.5
classification algorithm [10] on various sampled data from the UCK repository. We test our
algorithm on four data sets: Wisconsin diagnostic breast cancer {466 observations, 2 classes),
diabetes (512 observations, 2 classes), DNA (2000 observations, 3 classes), and satellite image
(4435 observations, 6 classes). In each data set, we evaluate the error rate of the classification on
separate test data.

We simulate a data stream by generating several sample sizes from each data set. In our
experiments we observe the performance of classification on increasing sample sizes varied from
1%, 5%, 10%, 15%, ... , 50%, and the complete data set. The experimental results are shown in
Figure 2. The results reveal the efficiency of the proposed method that less than 30% of the
population is sufficient for the accurate classification over data stream.

5. Conclusions

In this paper we propose a technique of density estimation to analyze major characteristics of
data stream. We also propose a sampling algorithm to efficiently draw representative samples from
data containing mixture models. We apply the expectation-maximization technique to estimate the
parameters of the mixture models. The algorithm Density Estimator produces two density
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functions, £ and E'. The distance of £ and £’ at each sampling point is the decision criteria for
either sample acceptance or rejection. A narrow distance along the two estimated densities tends to
the acceptance case if the distance ratio is greater than the generated uniform random variable from
the interval [0, 1]. The experimental results verify the utility of the proposed method. The
classification experimentations on real-world data also confirm the efficiency of our method. We
plan to further our study on skewed data in which the distributions are not uniformly distributed.
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Abstract: We make a comparative study of two well-known pruning methods, reduced-
error pruning and error-based pruning. The predictive accuracy, the time taken to build the
model, and size of the pruned trees are evaluated for each pruning method. We conduct the
experiments on ten data sets. Pruning methods aim at simplifying decision trees to avoid
overfitting problem. The pruned trees result in faster classification and do not decrease their
predictive accuracy.

Introduction: Decision tree is one of the tools used for data mining. The main application
area is classification task. The model is built from a set of records, called training set. Each
record consists of a number of attribute-value pairs. One of these attributes represents class
of the record. We also have a test set for evaluating the performance of a decision tree.

When a decision tree is built, many of the branches may be overly expanded due to
noise or outliers in the training set. The built model is too complex, since it tries to classify
all records in the training set including noise and outliers. This problem is called
“overfitting”. We use tree pruning method to remove the least reliable branches, generally
resulting in faster classification and improvement in the ability of the tree to correctly
classify unknown data.

We study the performance of the post-pruning approach. A tree node is pruned by
removing its branches from a fully grown tree (Twmax) [1). In the following subsections, we
summarize the concepts of two pruning methods whose performances are evaluated in this
paper.

Reduced-error pruning (REP): This method is probably the simplest pruning
technique. It uses the pruning set to evaluate the goodness of a subtree of the complete tree.
It starts with Ty, and runs the test data through it. For each internal node, the number of
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classification errors is counted if the subtree is kept compared with if the subtree is pruned.
The decision on whether or not to prune the subtree is based on which alternative yields a
minimum error.

A pruning operation involves replacing a subtree by a leaf. REP will perform this
operation if it does not increase the total number of classification errors. Traversing the tree
in a bottom-up strategy ensures that the result is the smallest pruned tree that has minimum
error on the pruning data.

Error-based pruning (EBP): This method is implemented by the well-known
decision tree inducer C4.5 [3]. Unlike REP, EBP uses the training set for building and
simplifying trees. It visits nodes of Tmax according to a bottom-up traversal strategy and uses
the certainty factor (CF) parameter to control the pruning. CF is used to estimate the upper
limit of the probability that an error occurs over the population at a leaf.

The subtree replacement is performed if the error estimate for the expected leaf is
not greater than the sum of the error estimates for the current leaf nodes of the subtree. EBP
also performs a pruning operation called “subtree raising” that replaces a subtree with its
most populated branch if this does not increase the estimated error.

Methodology: We conducted experiments and used the decision tree on ten data sets from
UCI Machine Learning Repository [2] with the above pruning methods and use the decision
tree inducer C4.5. Model accuracy was tested with ten-fold cross-validation technique. The
main characteristics of the data scts are presented in Table 1.

Table 1. The main characteristics of the data sets used for experiments

Data set No. of No. of No. of No. of Missing No. of
Instances  Attributes Nominal Numeric values Classes
attributes attributes

Anneal 898 38 32 6 yes 5
Audiology 226 6% 69 ] yes 24
Glass 214 9 0 9 no 7
Glass-2 163 9 0 9 no 2
Hepatitis 155 19 I3 6 yes 2
lonosphere 351 34 0 34 no 2
Iris 150 4 0 4 no 3
Labor 57 i6 8 8 yes 2
Soybean 683 35 35 0 yes 19
Vote 435 16 16 0 ves 2

Results, Discussion and Conclusion: We compare the predictive accuracy, the time taken
to build the model and size of the pruned trees with the unpruned trees. These results are
reported in Table 2.
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Table 2. Accuracy, time taken to build the model and size of the pruned trees compare with
the unpruned trees

Time (s) Tree sizes Accuracy (%)
Dataset REP EBP unpruned | REP EBP unpruned | REP  EBP  unpruned
Anneal 055 132 214 113 78 155192.87 9098 93.10
Audiology 0.11 022 0.22 47 54 62171.24 7743 76355
Glass 0.11 022 0.17 17 59 5917150 66.82 65.89
Glass-2 0 0.65 0.05 15 17 17| 7423 80.37 80.37
Hepatitis 0.05 0.11 0.06 13 21 31| 8194 7871 78.06
Ionosphere  1.65 2.14 1.70 13 35 35| 90.60 §8.03 88.32
Iris 0 006 0O 9 9 919467 9.0 96.0
Labor 0 005 0 7 5 2218246 7368 78.95
Soybean 027 055 0.38 120 93 175 | 87.55 91.51 91.36
Vote 0.06 0.06 0.06 9 11 3719563 9632 9632
A
90 11k
o |
50 T B REP
SO N | M EBP
40 il |
30 - 1 | unpruned
20 - i
ik I 1 5
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— i [%a o
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Figure 1. The predictive accuracy of the pruned trees compares with the unpruned trees

Both REP and EBP reduce the size of a fully grown tree by removing some unnecessary
branches and do not significantly decrease the predictive accuracy of most final trees. REP
produces the pruned tree in the shortest period of time, since it must not estimate
classification errors. These experiments are still preliminary and need more systematic and
extensive studies including additional comparative studies to other pruning methods.

References: [1]. Esposito, F., Malerba, D., and Semeraro, G. 4 Comparative Analysis of
Methods for Pruning Decision Trees. IEEE Transactions on Pattern
Analysis and Machine Intelligence, 19, 5, 476-491, 1997.
[2]. Merz, C.J., and Murphy, P.M. UCI Repository of machine learning
databases. http://www.ics.uci.edu/~mlearn/MLRepository.html. 1996.
[3]. Quinlan, J.R. C4.5: Programs for Machine Learning. 1993.

Keywords: decision trees, pruning methods, reduced-error pruning, error-based pruning.
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