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%=== Density-biased sampling
% Firstly, generate back from slidingWindows -> POINTs
genWin2P ({]1)~>[]: % input arguments: WindowsList, Den

genWin2P ([ {P,Den} |T])-> if Den>=1 -> dup({center(P),Den)++genWin2P(T);
true -> genWinzP (T}
end.
G- Then, select sampling technique as: Hash-based sampling
specificDensBin (Bin, L, Den) -> take{Bin,specificbDens(L,Den)).
specificDens ([1._)->[1s
specificbens ([{P,D}|T],Den)~> if D>=Den -> [{P,D}!specificbens(T,Den)];
true -> specificbDens (T, Den)
end.
G Or: Simple Random with density bias
simpleRandom{ , ,0)~>[];
simpleRandom (Windowl, Dens, Bin) ->
wth=random:uniform{length (Windowl}),
tp,D}=lists:nth{dNth,Windowl),
if D>=Dens -> [{P,D}|simpleRandom{WindowL,Dens,Bin-1)] ;
true-> simpleRandom(Windowl,Dens,Bin)
end.
%--- Or: Rejection sampling with density bias
rejectionRandom{_ , , ,0)->{]:
rejectionRandom(Para, WindowL, Dens, Bin) ->
Nth=random:uniform{iength (Windcwkl}},
Par=random:uniform{),
[P,D)=lists:nth{Nth,WindowL),
1f (0.5-Para)=<Par, Par=<(0.5+Para},D>=Dens ->
[{P,D}|rejectionRandom(Para,WindowL, Dens,Bin-1}] ¢
true-> rejectionRandom{Para,Windowl., Dens,Bin)
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 kMeans (PL)-> {_,N)j=read{'enter number of clustering>'},
CL:take(N,sets:toﬁlist(sets:fromHlist(PL})), 2initial centroid
clustering(l,CL,PL}.

take(0, )->{}:; % take firts distinct-n element of list
take (N, [HIT]}~->[H|take{N-1,T)].
‘clustering(N,CL, PL) ~>
Li= lists:map({ fun(A) -> nearCentroid(A,CL} end ,PL},
L2 = transform{CL,L1),
NewCentroid = lists:map{fun{{ ,GL))-> findMeans(SL)end, 1.2},
Ni= N+1, B
if NewCentroid==CL -> NewCentroid; % return new centroid
N>=90 -> NewCentroid; % max iterations=90
true ~> clustering(Nl,NewCentroid, PL)
z end.
.nearCentyroid(Point,Centroidl) >
LenListwlists:zip(lists:map(fun{A)—> distance (Point,A)end, CentroidL),Centroidl),
[{“,Centroid}IW]=lists:keysort(1,LenList),
{Point,Centroid}.

©% transform Point-CentroidList to Centroid-PointList
‘transform ([}, )->{1:
transform ([C{TC}, PC)~>[{C,t1(C,PC) )} ftransform(TC,PCH].
L, (D) ->11
SEI(CI, ERITI) ->{P,C}=H,
i 1f Cl==C ~-> {(PI1t1(CLI,T)];
Ci=/=C -> t1{(C1,T)

end.
% compute Euclidean distance
‘distance{[],{]1)~> 0:
‘distance ({X1}{T13, [X2iT2)}-> math:sqrt ((X2-X1) * (X2-X1} +distance (T1,T2} ).

% findMeans([[1,2],[3,471) --> [2.0,3.0]
findMeans (Pointl) ->{H|_}=PeintLl ,Len=length(H),
AllDim=lists:reverse(allDim(Len, Pointl)),
lists:imap (fun{A)-> mymean(A} end, AllDim ).
mymean (L) ->Lists:sum (L) /length (L} .

arlpim(0, }->{];

ailDim(D, L) ->[eachDimList (D, L} |allbim{D-1,1}]).
eachDimList(_, {}) ->[]:

eachDimList (N, [HIT]) ->{lists:nth(N,H) eachDimList(N,T)].
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‘Abstract

._'The process of data mining comprises of three major steps:
'_pre-data mining, mining, and post-data mining, This research
f_sluciies the post-dala mining processing. Most data mining
:_Systems finish their processing at the knowledge presentation
:'Df the mining step. Our work further the post-data mining
processing to the sfep of knowledge deployment, This
.i'esearch ifustrates the knowledge deployment step in which
s input is the induced knowledge, in the formalism of

classification rules. These rules are evaluated and filtered on

the basis of coverage measurement. High coverage rules are
transformed into decision rules to be used by the inference
engine of the expert system. The accuracy of
recommendation given by the expert system is evaluated and
compared to other three classification systems, i.e. decision-
tree induction (ID3). rule inducton (PRISM), and neural
network. The experimental results confirm the high accuracy
of our expert system and the induced knowledge base.

Keywords: data mining, classification rules, expert system
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SevurmdnlFResond@uamuihanladlénan
WL a’nmuﬂaga-ﬁmwuiﬁ’umﬂ’ﬁna‘ﬁmu‘lﬁ {coverage)
armgndasuadnn (confidence) anruliudsiuyaennud
(strength) Awd@RTeInTW (significance) arandnlede
3w (simplicity) arylndrasnsiuny (unexpected-
ness) muﬂummiﬁﬁﬂﬂgmﬁﬂg‘jﬂ??u‘l,ﬁ {actionability) Uadn
mmﬁgnuﬁuun?‘fumﬁmsmﬁ@aﬁn’“zé’wmunmz 71, [10L
1111 tfaibludu coverage, confidence, strength, significance,
simplicity Dushapfaumnahamaindunsamstd Tagh
ﬁa&l‘ﬁ’ﬂ’a;&aw‘saei’u,;.unl*tﬂwnau%qm“ﬂﬁm‘%amnmw;i:‘é{u wt
iladtgu  unexpectedness ud:  actionability huilasnf
woendaduldin

Tudmsamsdansivdfinua g Ailunanianas
ammnwmiiwiesdoye Lm:;l‘m:‘l@'fﬂ'nufﬁ'{aiLﬂuﬂi:‘[umi
Ustusanandiwineunn  Duilymfifsansenuationn
furwihmiasdoyalamanizamilizim  association  {2),
(41, [6, (13} dndduaulng (11, 31 wldiEamzeig
nemuntunilasiays wuliiadnfia {pruning) tFumady
mﬁﬂ'lm'w:m'lﬂiimwgfﬁ‘hjLﬁmﬂﬁ:TUﬁmf An3anludnngy
5], (8], (91 9=183%nanw A (domain knowledge) antiday
Tuszwanduwmanu Tm;'l‘:‘fauqﬁgmﬁ'zmmﬁu‘}ﬁl.ﬁlm
ﬁamzﬂzu’lum‘sdi’@z%u?.wﬁ'@xﬁqHaé‘wﬁmmmiﬁwmﬁmiﬂgaﬁ
a=ldrimsslominsnu

Aadiwimseveunaiin  pruning  uastrafinmsid
domain knowledge thuaaﬂ‘%mmﬂ'zmgjﬁmﬁaﬂiﬂwﬁ el
fmﬁﬂix&aéﬂaaﬁnﬁ@hﬁmameguﬁfz;qulﬂﬂﬁmmmﬁmm
ﬂ"nuj’tﬁmﬁuﬂs:ﬁn‘ﬁmwwaqm:mumsd’ummmj AN
m‘w:Lﬁmgaﬂﬁszmﬂﬁﬁuzﬁf IWaunsntddselomiannua
fwirasmaimilasfeyaldedrafulsindmm  uasiiia
drlomilunmdunady  Twissswasvesnwidtluanms
vruwilastays Winddw [1], [14] Buaswinandu Tz
msdaniiuRadng (Wis anad) flansannrvunilasds

gaaﬂuéaﬁm{lu webimslivslvmlsinmaimiiastays
ThudalufBuasimdennudasmsyniy

ST ul agﬂuummwaan*::mumﬁﬂmjé
Mg Sadmiihy post-processing g InTEWIWITIRERL,
Jaya TapfnsiamunafiausznrzuiumsunTaTIEey.
fmujﬁzf}uwaé‘wﬁ’mnm?ﬁwmﬁaﬁaga Iwanusonunugs
mwjﬁtﬂuzj-sﬂmniaanmnmmé’ﬁ‘&‘iﬂsﬂwzsﬁﬂ'\.ﬁ AN
GanUiomzenuifdunadassuds seralufiuarug
ialduslomltuomdmnsaivayunsdadule  (decision.
support) n'ﬁﬁ’mL‘ﬁanmmflmm%‘m‘fl-ﬂnmm’ coverage 1Wo'
slsauprmnendufeuiinezminndsegn s Teo,
shznauddn  threshold ﬁ%‘tﬁ*zquﬂmnmfvfﬂv'm‘iﬂ'tun'rﬁ'\'wﬁ

Eananug

2. nszUInATUIENIAHANAY n’usﬁ’ama‘iaaﬁa;&a

2.1 nsauurIda e Iwity

riduiiiagussedndn Wanmianawefiatuns:
ANy Fiumadwsonnszumnarimiissdaya
mﬁmmsﬁummjﬁ’lﬁ TomneBansdinfunmnwed -
mwﬁlﬁsﬁmﬁamawn:mmi ﬁﬂwq:"l%ﬂs:lwﬂﬁmnﬁa;m:.-_
Tnpssuuduuinfidanndy  anlnaudasdiutlaznoundn .
gosdwie @amderziern (knowledge evaluation) Al :53
wmmiinimilasdaya ua:a'm'nummm:ﬁ‘ﬂmsﬁ'umw:f:::{
(knowledge integralion and manipulation} %oa:ﬂuﬁsm‘saauﬂ
owerudivunalilwgweraf  sandeansumsnuss

- [y gu P
s:uuaﬂmsmwguuﬁm‘immgﬂﬂ 1

Knowtedge Base {K8)

Databases

Datawarzhouse

3R 1 ?ﬂna*s"”lwmi:uuﬁﬂmmmj‘wﬁ'smiﬁwmﬁmm’aga

Ffiesieag ﬁmﬁv‘?‘si’uimmaﬁayja‘ﬁtﬂnnaé‘wﬁ %
nnmvhmiasfayanuudiuun Tut@aﬁagﬂﬁaza@ugﬂuw :
gaedwlidngulafiilareatandnfialnuadieg (node) vad
sl Lm:t&’uv‘ﬁaﬂwuaqnta’u {edge) Lﬁﬂ‘lﬁ"%’u-ﬁaga node
h8: edge WMuANLENTY data mining engine &%
Senziamaisulaidays node usr edge Winglupluvy



wpsngmisaaiuls (decision rule) ludumeuilasinisdmm
#i1 coverage MaawdnEn g ud s uddndiusasiiuauds

= a. e . Y & ST
HRﬂﬂ{}ﬂTﬂUﬂq&JLﬂFJIJT'I!J?JWH’JH’UEJQQ‘HJ“NGI AdasIuA iz
= 1

Ldstszwiie 0.0-1.0 antudndnsuilamrnulanmaning
T lwermhedufinganlzgndlFldiumemolia:

a_d y e an v g e o
Lﬂﬂﬂu‘luau"lﬂﬂ ﬁ"lu‘s’)ﬂ?']&lﬂﬂ:'ﬂﬂn"ﬁﬂUﬂ']"l}fg WIRUIT

e & & a . e d e
Faiuarndingtuisvasmgmsdedula  uasishidis

A, Al o
expert system shell fiadiuignua=aan ng}‘x’lwa’zmmaau
vwmrwingunnuld wsdnifiusssbifldifueniude

unsbmsdaiulowdouduuaassimnuianiu  miasdu

4 & v o &
ANALTRNU) Badvalusuy

2.2 Sanaffimfiemadsaiinuazdaidanng
'lun-n'aammué’ana‘%ﬁuﬁtﬂuhgaﬂéﬁmaoTthme oz

ﬂs:nauﬁ'wﬁaﬂa:g.a flo  Knowledge evalumtion um:

Knowledge integration and manipulation MussiBuauandaz

_dnnaSfuuaaslddudalail

Algerithm 1 Knowledge evaluation
Input: a daia model as decision tree with node and edge
structues
Output: a set of probabilistic decision rules ranking in
descending order
(1) Display GUI to get a dataset name and a minimum
probability value
(2) Traverse tree from a root node Lo each leaf node
(2.1} Collect edge information and count number of
data instances
(2.2) Compute prohability as a proportion
{number of instances at leaf node) / (total data
instances in a data sef)
{2.3) Assert arule containing a triplet
<attribute-value pair, class, probabitity value>
into temporary KB
{3) Sortrules in the KB in descending order accurding 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

Algorithm 2 Knowledge integration and manipulation
Input: a set of probabilistic decision rules stored in KB
Output: a set of rules to be used by an expert system shell

(1) For each probabilistic decision rule
(1.1y Scan information in the H-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 H-part
:- atrribute_namel({value), ...,
attribute_nameN{value).
(1.4) Write expert rule in a file, knb-file
(2) For each data attribute
(2.1) Generate head of consulting rule
attribute_name(X) :~
{2.2) Generate body of consulting rule
« menuask( attribute_name, X, [listof
attribute values]),

(3) Assert consulting rules into the knb-file and return KB
as an output

3. msAmwlUsunsunasnsdseniana

Tssnmiianndiomslsien  msebinsiuaen
Wawldsunsssldhsnsaizasmnlsion  snumnesgu
Y8 SWI Prolog Lafdu 5655 (arnilvaeldnndivled
v swi-prolog.org)  AnsazwinUsmmihrasnmilsion
ﬁams'ligﬁuuuzﬁmﬁ'maoﬁv‘aﬁ'a;daua:mé’aﬁmamﬁuia;‘;a

Fulunvyesdaya

ﬁ'azgaé":amaﬁﬂ:tﬂuﬁuvgmaﬂﬂ‘mnmﬁ’lmﬁaoﬁaga
%:ﬁé’num;tf}uﬂam'mﬁagjlugxluuumaeﬂ‘ammﬁLﬁua‘%m‘%a
fact ﬁ'damwae'ﬁa;gﬁLnﬂm‘lﬁé’agﬂﬁ 2 Jdayadsnhiluiays
myifadvasdinmnndheuldine 24 wwflnduns
Fladbudsznsmarmldranufinaudldwtely dhauld

' e v oa B Ay .
gnpldnmfrau@idesidl  dasssyes duvedli

1 = e & . .
gualdneunfinaud (lesnwoanwlivanzay 1y

e & @ on -
fundanudafinli) sxfli class=no

%% Data fens

%  attributes: namces and their possible values

attribute{age. [young, pre_presbyapic, preshyopic]).

attribute(spectacle, [myope, hypermetrope]).

atteibute(astigmatism, [no, yes]).

attribute(tear, [reduced, normal}).

attribute(class, [ yes, no}).

%  data

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

instance(2, class=yes, fage=young, spectacle=myope,
astigmatism=no, tear=normal]).

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

instance(4, class=yes, [age=young, spectacle=myope,
astigmatism=no, tear=normal]}.

- [y - ' vV guar . B o=
i 2 dagadredwredildiunanadauldnawinaud

- . - o w o
usmiausnueateyadududioaiamang % nanefls
comment fﬂnaﬁwaﬂweﬁ‘a:dm:twnﬁeuﬁ'sznauaann‘Ju
fgufraduouanniiing

Fsduia (duddrudaanu

attribute ...) ua:e&muﬂms’lua:té’umaaﬁagaudamﬂﬂafm
(leurdmutony instance ..) ludrufaSursuannitiae
muluszlsneudioassaniinaiug srdiuiudusnizuende
wenniing  andinuhusfizesdudaduasmiiulllsmun
vaaenTI T Tudouvasdoyana instance mlszney
Fmawariioulud fa naneisvvesioys, fnasyoatoya,
ﬁasf'?[s:qﬁmadLm'ﬁ:uaﬂﬂ"‘sﬁ'aé lag3imsszysezlnluu
atiribute-value pair v§a Fawenmithd=sasuanniting o
ﬂ%’naﬁagalugﬂLtnuﬁﬁwumﬂ%a sediasisfinwdliaglugy
wuyvaslisunsy Prolog ffidrwrang {file extension) tiu pi

. ar . w o < WA
viudadatlddayalugii 2 Tufinagluia lens.pl




fﬂmnnﬁmﬁ:ﬁmwj

mfirmseslisensutugmi e@mdnniinrsat
Tumaﬂ’agaﬁ'zwé‘nn':waan'ﬁaﬁ“nﬁu'lﬁﬁﬂ%u’ia (anaifiv
103 (1) saetufinlinaalflwwdiands node uas edge fn

o9 9 paalisunsamanuan sl d

mainld3(Min) :-
init{AllAttr, EdgeList). % initialize node and =dge info.
getnode(N), % get node ID

create_edge(N, AllAttr, EdgeList), % create tree
addAllKnowledge, % generate decision rules
selectRule(Min, Res), % select top rules

tell('Lknb"), % write selected decision rules to file
writeHeadF, % transform to expert rules (head)
maplist(createRulel, Res),

ni, writeTailF, % generate body of expert rules

told, % write expert rules to file and close it
writeln{endProcess).

Tsunsuwdnie mainld3 azSusnifinaug Min ?{T:qeh
ﬂ'smmaztﬂuﬁv'uﬁ'hﬁmﬂﬁ’ﬁaanw yintdaiedulddagule
domsSlEmdtanaauidie init, getnode uac
create_edge A1 create_edge Ariimaiwinuduiaae
dulidaduls nqsas‘wﬁu‘lﬂ‘ﬂzqﬁnﬁammmuﬂnﬁagaﬁﬁam
aanalunu lﬁ’aﬂwﬁegaﬂmmﬁmﬁ’u‘tﬁﬁmm wiaolaid
wanrihdlflFusndayaladnda’ly Mndoya lens.pt luguifl
2 WosFdulidaaulast wldlnsiaty node wa edge
Gﬁgl}ﬁ' 3

1~ dynanic node~2 .

nl:lde(li [2. 4. 6. 8, 19, 12, 4, 20. 22)-[1, 3, &5, 7
1

. 9. 11,13, 15 16, 17, 18. 19, 21. 23, 2413
g?rsleﬂ. [}-f1. 3. 5. 7,9, 11, i3, 1s, 17, 19, 21, 2
z]:?dé(a, £2. 4. 6. 8. 10. 12, 14, 20, 22]1-[16, 18, 24
nade(4. [2, 4. 6. Bl-[1)

node{S5., [10. 12, i4]-[16]1)

node(6. [10, I2]-[1).

node(7. [14}-1161).

node(8. [20. 22]-fl18. 247).

node{9. [26]-[18]).

{9,
node{10, [22]-[24]).
Erue.

2 77— listing{edge).
1~ dynanic edge~3.

root=pil, 1).

tear=reduced, 2}.
tear=normal, 3).

age=youny, 4).
age=pre_presbyopic, 53,
spectacle=nyope. 6}.
spectacle=hypernetrope, 7).
age=presbyopic. 8).
spectacle=nyops. 9).
spestacleshypernetrope, 10).

edge(0.
edge{l,
edge{l,
edge{d.
edge(3,
edge(5.
edge(5.
edge(3,
edge(8.
edge(8.

true.

= A w - & kY
i3 aamwuﬂmmﬁ:qmmagaun:naawmﬁuﬁmmmga
Iusnwaizlazsaiie node tar edge vasduliaaaula

daetlugUf 3 ssusnranhandiuiudh 0.001 sy
Uitdngmeaaiutadnnuaung dadelui

0.5 => [tear=reduced] >> no,

0.166667 >> [tear=normal, age=young] >> yes,

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

o
szdRuonIRAuIsAYdnwo: >> daunsnszynrahz

lanainvaangnisdagulaazsznendsaudm

fingliansneseunguiays sufisesrzyinuuzniouonny.
Al ssnaumsanaula wazdugaidunanifasy

& . =2 4 u e v :
waaunng 61 yes winpeunnhbinulindiymdumon
Tanouufinaudld i1 no wainodeliuushlildaanufingy

medwgnngiausniydt  dawldldannsshnhes

{tear=reduced) unndezlivunilildnanufineud fare
shenihi 0.5 wmﬂﬁangffﬂiaum}uﬁayﬁ 0.5 w3a 50% (1
ﬁangﬁé’om‘mﬁ‘iﬁmnﬂagaﬂu"h}' 12 swmnﬁagaﬂu‘lﬁv‘;‘: .
RUATIUIN 24 518)

[ﬂmnsuswﬁmmzé'ﬁmsn"ummj’ _
. T o v
ngnidadulafildenlisunutiensdanaey asgoin

2 o o
wwudadlitlunguinlilnsoudiBroma  Tusunsuulasg:

mradulaliifunnlsanm expert rues wanglaasd
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(2, V).~n").

writeTailF:-
tindall{_(atribute(S,L),
format('~n~w{X}:-menuask(~w, X,~w).
Ygenerated meny,[S,S,.L1) , ),
format{'~n~n%end of auvtomatic post process’).

Tsunsauasngmsdadulaliifunguszinn  consult -

rules ugaaldgail
transformi([X=V], [Res]) :-
atomic_fist_concat([X,'(’,V,)'], Resl},
term_to_atom(Res, Resl),!,

transform1({X=V|T}, [Res|T1}) :-
atomic_list_concat(fX,'(,V,¥], Res1),
term_to_atomn(Res, Resl),
transform I(T, Tt}

createRule 1(1) - I=Z>>X>>Y,
transform1{X,BodyL),
format(*~ntype(~w,~w):-\[Y,Z]),
myformat{BodyL},
write{' % generated rule’),!,

myformat([X]) :- write(X), write(',!.
myformat({H|T]) :- write(H), write(."), myformat(T).
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% l.xnb ;
4 for sxpert shell. —-- wvritten by Postprocess
% top_goal where the inference stares.

top_goaliZ, V) <~ Cype{X,¥).
typeing, d.5) recear (rodyced] . 3 generated rule

cypa(yes, 0.L66667) :-tear (norpal) , age {young) . % genersted rule
cypeiyes, G.0333333) :—cang (nocou ), age {pre_preskyapic, spestaclea imyope) .

sge (3} -menuask{age, X, [young, pre_presbyopic, preshyopic]). igenecatad
spectacieX) -xenuazk {spacracle, ¥, [pyope, hypermetrops}). igenerated mwe
anbigmatism(X) c-peniask (asvigmationm, Z, (he, Yesl). agenerated menu
teaz{X} i~wenuaskitenr, X, {reduced, normell). Sgencraced menu

cleas(¥) semonvankicians, X, fyes, noll. kgenerated menu

tenil of sutqmatic post process

o - . el e 9 w ot
W 4 Tagaluldimimibidhigwarufiossoudidnsmy

! 7~ enpertshell.
This is the Easy Expert System shell.

Type help lead. sclve. why. quit. ar 99

at the prompt.

eapert-shelly loai.

Enter file name in single guotes (ex. 'l.knb'.): 'l.knb'.

% 1.knb conmpiled G.01 sec. 2.336 hytes
expert-shell> solve.

Vhat is the value for teazx?
[l-reduced, 2-normel, 99-exitShell]
Enter the choice> 2,

Yhat is the value for age?

[1-young. 2~-pre_presbyopic. 3-presbyopic. 99-exitSheil}
Enter the choice> 1

The ansver is __yes_ with probahility 0.166667
expert-shell> vhy.

The ansver is .. .yes.., with probability = 0.166667
The knoun storage are

{age(yound). tear(normal))

expert-shells
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IMWTay UCH (hitpifarchive.ics.uci.edumi/datasets.himf) Tan
tianlFfiann post-operative patients (1wrudeysfind 70 1in
nata wdazisneetadsznaudan 8 wenvidhd) uazdous
breast-cancer recurrences (ﬁ1u3uﬁagaﬂnﬂ 175 yenasa ug

£ LY = e 3
sxtsAnziayTznavdaln 9 wanniiing)

rn*smaau’luﬂ‘s:;ﬁummgnﬁaﬂumﬂﬁ'ﬁ'luu:zhfuaa
5:uu§L%mmrgﬁﬁmmﬁuu srifSoufsunvesaninesauly
m‘iﬁ’ltf-%ﬂﬁé);&ﬁﬁ')ﬂi%tﬂﬁﬁy ID3 (decision-tree induction
algorithm), PRISM (rvle induction algorithm) uss neural
network (multi-layer perceptron algorithm) HamsuSouifioy
arufewaalurabiiuuesi wlemaiwsamavasdaya
nagauzadlisunsy expert system, ID3, PRISM, Neural
network fudaya post-operative patients LWas breast-cancer

recurrences Llaﬂ\‘!ﬁ'!:?n‘i’lw%ugﬂﬁ 6 uax 7 enudngy

Error rate(%)

PRISM  Neural
network

B
systemn

A o w g
3 8 nowusudion eror rate Wenamauiudays post-

operative patients

Error rate{%)

D3 FRISM  Neural
netw ork

Expert
system

g8 = A o
3R 7 neuBoufioy eror rate Wianeaauiudaya

breast-cancer recurrences
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fuTdsunsy 103 wodrlusunsy automatic expert system W
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WA IUANWEEYDS false negative wudldunsy automatic
expert system meﬁmwawmﬁm‘f@%wﬁqﬂ Galunsiilady
THAUNTIRnE R TN RAWENaL TN false negative (LEUALL
Tifhwads wildfumsAdadohaumwudausniluing) fe
Fiffenuiusnuinnianudenaslsnm false positive
crueuliflifhand  aaldfunsitasnindnwunsuace:
ﬁ"mgnz&ﬁ.ﬁﬂswmm‘éﬁmﬁmau)
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1ddeguls (D3) wisludnwaeweing (automatic expert
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annsaldduuzi wia blaansonseaasasdayald 2
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minmslslaidunndiemand  (unsmasasilld  sigmoid
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nnndl
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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 1o 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 learning 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
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 [2], [5], [7], [14]. Association rule mining is an
induction method applied for exploring patterns that are frequently occur in medical data [3],
[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 fend 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.
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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
[11]. Decision tree induction is a popular method for mining fnowledge from data and
representing the result 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

Drata repository

Reguest/query

Medical <4————-—
practitioner Response

Figure 1. A general framework for the tree-based probabilistic knowledge induction.

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.
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Given the induced tree, the probabilistic-rule generation component traverses each tree branch
to calculate the likelihood of path occurrence. This likelihood is interpreted as the probability of
event and associated o 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 attribute
(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
(2.5) Repeat steps 2.1 and 2.2 until the lists of positive and negative instances are empty
(24)  Output tree structure containing node and edge predicates

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

(1)  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 (atiribute-value pair, class, probability value) into KB

(2}  Sortrules 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
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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. ail 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 shortly
{class=home), or the condition is quite moderate and should stay at the hospital ward for further
tollow 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.

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

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

attribute( class, fhome, 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, EdgeList), getnode (N},
create_ _edge_onelevel (N,AllAttr, EdgeList),
addRknowledge,
write{chooseMinPraob), 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 £indall
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 ocour 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).
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selectRule(V,Res) : - findall (N>>X>>Class, {(X>>Class>>N,N>=V) ,Resl),
sort (Resl,Resl), reverse(Res2,Res).
pathFromRootToLeaf {(V>>Class>>Num, C) : - path(i,v,.C),
node (C,Valuel-Value2}, (Valuel={]; ValueZ={1},
{(Valuel=[]->length(Value2,Numb); liength(Valuel,unb)),
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),.

0.0930233>>[comfort=10, bloodPressure=high, surfaceTemp=low]>>home

0.0581395>>[comfort=10, bloodPressure=mid, coreTempStability=stable,
internalTemp=mid, bpStability=stable, surfaceTemp=mid,
tempStability=unstable]>>home

0.6465116>>[comfort=1C, bloodPressure=high, surfaceTemp=mid,
bpStability=mod_stable]>>home

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

0.0348837>>{comfort=15, bpStability=stable, internalTemp=mid,
tempStability=stable]>>home

0.0348837>> [comfort=10, bloodPressure=mid, coreTempStability=stable,
internalTemp=mid, bpStability=unstable, surfaceTemp=mid,
tempStability=stable}>>home

0.0348837>>[comfort=190, bloodPressure=low]>>home

0.0348837>>[comfort=10, bloodPressure=high, surfaceTemp=mid,
bpStability=stable, oxygenSaturation=excellentl>>home

0.0232558>>[comfort=15, bpStability=unstable, surfaceTemp=high]>>home

0.0232558>> fcomforkt=15, bpStability=mod_stable]>>home

0.0232558>>[comfort=10, blcodPressure=mid, coreTempStability=unstable,
tempStability-unstable, bpStability=stable]>>ward

0.0232558>>[comfort=10, bloodPressure=mid, coreTempStability=stable,
internalTemp=mid, bpStability=stable, surfaceTemp=low]>>home

0.0232558>> [comfort=10, bloodPressure=mid, coreTempStability=stable,
internalTemp=mid, bpStability-mod_stable,
surfaceTemp=highl >>home

0.0232558>> {comfort=10, bloodPressure=mid, coreTempStability=stable,
internalTemp=low, surfaceTemp=low,
tempStability=stable]>>home

0.0232558>> [comfort=10, bloodPressure=mid, coreTempStability=stable,
internalTemp=high]>>home

4. CONCLUSION

Modern 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
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
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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 also plan to extend our system to work with stream
data that normally occur in modern medical organizations.
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Knowledge Mining with a Higher-Order
Logic Approach

Kittisak Kerdprasop and Nittaya Kerdprasop

Abstract. Knowledge mining is the process of deriving new and useful knowledge
from vast volumes of data and patterns previously discovered and stored as back-
ground knowledge. We propose a knowledge-mining system as a repertoire of
tools for discovering strong and useful patterns. A pattern is strong if it represents
frequently occurring relationships. Usefulness is achieved through constraints
guided by users. To be able to derive strong and useful patterns from underlying
data and background knowledge we consider employing the concept of higher-
order logic as a major approach of our implementation. Higher-order logic can
greatly reduce the burden of programmers as it is a very high level programming
scheme suitable for the development of knowledge-intensive tasks. We have
shown in this paper frequent pattern mining implemented with higher-order logic.
The implementation is applied to mine breast cancer data. Qur design of a logic-
based knowledge-mining system is intended to support higher-order and constraint
mining which is the next step of our research direction.

I Introduction

Knowledge is a valuable asset to most organizations as a substantial source to
support better decisions and thus to enhance organizational competency. Re-
searchers and practitioners in the area of knowledge management view knowledge
in a broad sense as a state of mind, an object, a process, an access to information,
or a capability [2, 11]. The term knowledge assets [17, 19] is used to refer to any
organizational intangible assets related to knowledge such as know-how, exper-
tise, intellectual property. In clinical companies and computerized healthcare
applications knowledge assets include order sets, drug-drug interaction rules,
guidelines for practitioners, and clinical protocols [10].

Knowledge assets can be stored in data repositories either in implicit or explicit
form. Explicit knowledge can be managed through the existing tools available in
the current database technology. Implicit knowledge, on the contrary, is harder to
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achieve and retrieve: Specific tools and suitable environments are needed to ex-
tract such knowledge.

. Impficit knowledge acquisition can be achieved through the availability of the
knowledge-mining system. Knowledge mining is the discovery of hidden knowl-
‘edge stored possibly in various forms and places in large data repositories. In
health and medical domains, knowledge has been discovered in different forms
such as association rules, classification, clustering, trend or temporal pattern
analysis [20]. The discovered knowledge facilitates expert decision support, diag-
nosis and prediction.

In this paper we present the design of a complete knowledge-mining system to
support a high-level decision not only in medical domains but also in any domain
that requires 2 knowledge-based decision support. A rapid prototyping of the pro-
posed system is also provided to highlight the fact that higher-order logic is an ap-
propriate approach to the implementation of a complex knowledge-mining system.
The intuitive idea of our design and implementation is that for such a complicated
knowledge-based system program coding should be done declaratively at a high
level to alleviate the burden of programmers. The declarative style of program-
ming also eases the future extension of our system to cover the concepts of higher-
order mining [16] and constraint programming [6] that should naturally applied to
the task of knowledge mining.

The rest of this paper is organized as follows. Section 2 reviews related works.
Section 3 is the architecture of SUT-Miner, the proposed knowledge-mining sys-
tern. Section 4 shows the implementation of association mining [1] using higher-
order logic programming scheme with some running examples. Section 5 con-
cludes the paper and discusses our future research directions.

2 Related Works

In recent years we have witnessed increasing number of applications devising data-
base technology and machine learning techniques to mine knowledge from bio-
medicine, clinical and health data. Roddick et al [15] discussed the two categories
of mining techniques applied over medical data: explanatory and exploratory. Ex-
planatory mining refers to techniques that are used for the purpose of confirmation
or making decisions. Exploratory mining is data investigation normally done at an
early stage of data analysis in which an exact mining objective has not yet been set.

Explanatory mining in medical data has been extensively studied in the past
decade employing various learning techniques. Bojarczuk et al [3] applied genetic
programming method with constrained syntax to discover classification rules from
medical data sets. Thongkam et al [21] studied breast cancer survivability using
AdaBoost algorithms. Ghazavi and Liao [7] proposed the idea of fuzzy modeling
on selected features medical data. Huang et al [9] introduced a system to apply
mining techniques to discover rules from health examination data. Then they
employed a case-based reasoning to support the chronic disease diagnosis and
treatments. The recent work of Zhuang et al [25] also combined mining with case-
based reasoning, but applied a different mining method. They performed data
clustering based on self-organizing maps in order to facilitate decision support
on solving new cases of pathology test ordering problem. Biomedical discovery
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support systems are recently proposed by a number of researchers [4, 5, 8, 23, 24].
Some works [14, 18] extended medical databases to the level of data warehouses.

Exploratory, as oppose to explanatory, is rarely applied to medical domains.
Among the rare cases, Nguyen and Kawasaki [13] introduced knowledge visuali-
zation in the study of hepatitis patients. Palaniappan and Ling [14] applied the
functionality of OLAP tools to improve visualization.

It can be seen from the literature that most medical knowledge discovery
systems have applied only some mining techniques such as classification rules
mining, association mining, data clustering to discover hidden patterns and knowl-
edge. We, on the contrary, design a knowledge-mining system aiming at providing
a suite of tools to facilitate users and medical practitioners on discovering different
kinds of knowledge from their data and background knowledge repositories.

3 SUT-Miner: A Knowledge-Mining system

Knowledge mining is a complex and possibly iterative process that involves many
different steps. The main input to the process is data from heterogeneous sources,
and the final output is the useful information desired by the users. For the medical
domains, we design the system to be composed of two main phases as shown in
figure 1. Knowledge induction phase is the back-end of the system responsible for
acquiring and discovering new and useful knowledge. Usefulness is to be vali-
dated at the final step by human experts. Discovered knowledge is stored in the
knowledge base to be applied to solve new cases in knowledge inferring phase
which 1s the front-end of the proposed system.

SUT-Miner in a knowledge induction phase is comprised of three main mod-
ules: pre-DM, DM, post-DM. The term data mining (DM) means automatic learn-
ing of patterns or models from specific data. Parrern is an expression describing a
subset of the data, e.g. f(x) = 3x” + 3 is a pattern induced from a given dataset
{(0,3), (1,6), (2,15), (3,30)}, whereas the term model refers to a representation of
the source generating the data, e.g. f(x) = ax’+ b. In his paper we refer to both pat-
ierns and models as new knowledge discovered from data sources.

The pre-DM module performs data preparation tasks such as to locate and ac-
cess relevant data sets, transform the data format, clean the data if there exists
noise and missing values, reduce the data to a reasonable and sufficient size with
only relevant attributes. The DM module performs mining tasks including classifi-
cation, prediction, clustering, and association. We adopt the ontology concept at
this step to guide the mining methodology selection. A simple form of mining
method ontology is shown in figure 2. The post-DM module is composed of two
main components: knowledge evaluator and knowledge integrator. These compo-
nents perform major functionalities aiming at a feasible knowledge deployment
which is important for the applications in medical diagnosis and predicting.
Knowledge evaluator involves evaluation, based on corresponding measurement
metrics, of the mining results. Knowledge integrator examines the induced pat-
terns to remove redundant knowledge. Ontology has also been applied at this step
to provide essential semantics regarding the domain problems.






