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Abstract—When therapy using IFN (interfer on) medication for
chronic hepatitis patients, various conceptualknowledge/ruleswill
benefitfor giving a treatment. In this paper, we describean ongo-
ing work on using various data mining agentsincluding the GDT-
RS inductive learning systemfor discovering classificationrules,
the LOI (learning with ordered information) for discovering im-
portant features, as well asthe POM (peculiarity oriented min-
ing) for finding peculiarity data/rules,in a multi-p haseprocessor
multi-aspect analysisof the hepatitis data. Our methodologyand
experimental resultsshaw that the perspective of medical doctors
will bechangedfrom a singletype of experimentaldata analysisto-
wards a holistic view, by using our multi-aspect mining approach.

|. INTRODUCTION

Multi-aspest miningin amulti-phaseKDD (Knowledge Dis-
covery and Data Mining) processis an important methalol-
ogy for knowledgediscovery from real-life data[2], [7], [11],
[12]. Therearetwo mainreasos why a multi-aspet mining
appoachneed to be usedfor the hepditis dataanalysis.

Thefirst reasonis thatwe canna exped to developa single
dataminingalgorithm for analyingall mainaspect®f thehep-
atitis datatowards a holistic view sincecomgexity of thereal-
world applicdions. Hence various datamining agentaeedto
be coopeatively usedin the multi-phasedatamining process
for performingmulti-aspectanalysisaswell asmulti-level con-
ceptud abstractiorandlearnirg.

The otherreasoris thatwhenperfaming multi-aspectanal-
ysisfor comgex prodemssuchasthe hepditis datamining, a
datamining taskneedgo be deconposednto sub-taks. Thus
thesesub-taskeanbesolvedby usingoneor moredatamining
agerts that aredistributed over differert computers. Thusthe
decanmpositionprablem leadsus to the prodem of distributed
coorerative systemdesign.

More specifically whentheragy usinglFN (interferon) med-
icationfor chroric hepditis patientsyarious concepual knowl-
edgérules will benefit for giving a treatment. The knowl-
edgérules, for instance,include (1) whenthe IFN shouldbe
usedfor a patient sothat he/shewill be ableto be cured (2)
whatkindsof inspectios areimportantfor adiagrosis,and(3)
whethe somepeculiardata/pattersexist or not.

In this pape, we describeanongadng work on usingvatious
datamining agerts including the GDT-RS inductive learnirg
systemfor discovering classificationrules [8], [13], the LOI
(learring with orderedinformation)for discovering important

features[4], [14], as well asthe POM (peculiarity orierted

mining) for finding peculiaity data/rles[15], for multi-aspect
analysisof thehepatitisdatasothatsuchrulesmenticnedabove

canbediscoveredautamatically,

We emplasizethatbothpre-pocessing/pst-praessingteps
areimportantbefore/afterusingdatamining agerts. In particu-
lar, informedknowledgediscovely, in generg useshaclgrourd
knowledge obtainedfrom expets (e.g medicaldoctos) about
adoman (e.g chramic hepatitis)to guidea discovery process
with multi-phasesuchaspre-pocessingrule mining, andpost-
processingtowards findinginterestingandnovel rules/featues
hiddenin data.Backgraundknowledgemaybeof severalforms
includingrulesalread found taxonanic relationshigg, causal
precoitions,ordeaedinformation,andsemanticatagories.

In our experiments, the result of the blood test of the pa-
tients, who performedINF beforestartingmedicatia, is first
pre-treatedAfter that,the pre-pocessediataareusedfor each
datamining agent,respectiely. By using the GDT-RS, the
ruleswith respecto know whetheramedicaltreatmenis effec-
tive or not,canbefound. And, by usingtheLOI, whatattributes
affectthemedicé treatmenbdf hepatitisC' greatlycanbeinves-
tigated. Our methalology and expeiimentalresultsshow that
the perspectie of medic doctas will bechangedrom a sin-
gle type of expeimentaldataanalysistowards a holistic view,
by usingour multi-aspecmining appoach.

Therestof the paperis organizedasfollows. Section2 de-
scribeshow to pre-gocessthe hepatitisdataand decice the
thresholdvalues for condtion attributesaccordim to the back-
grourd knowledge obtaired from medicaldoctors. Section3
gives the main resultsmined by using the GDT-RS and the
post-pra@essing. Section4 discusseshe analysisand evalua-
tion of theresultsgivenin Section3, basedon a medicaldoc-
tor’'s adviceandcommets. Thenin Section5, we extendour
systemby addingthe LOI (learnirg with orderal information)
andPOM (peculiaity orientedmining) datamining agerts for
multi-aspectmining andanalysis.Finally, Section6 gives con-
clusions.

Il. MINING BY GDT-RS
A. Pre-processing

1) Selectiorof Inspectimn Data and ClassDetermination
We usethefollowing condtions to extractinspectiondata.
« Patientsof chranic hepatitisype C' whomaybemedicated
with IFN.



« Patientswith the dataof judging the IFN effect by using
whetler ahepatitisvirus exists or not.
« Patientswith inspectiondatacollectedin oneyearbefae
IFN is used.
Thus, 197 patientswith 11 condtion attributesasshavnin Ta-
ble| areselectecandwill beusedin ourdataminingagents.

TABLE |
CONDITION ATTRIBUTES
T-CHO CHE ALB TP
T-BIL D-BIL I-BIL PLT
WBC HGB  GPT

Furthemore, the decisionattribute (i.e. classes)s selected
accodingto aresultof judging theIFN effect by usingwhether
ahepatitisvirus existsor not. Hence the 197 extractedpatients
canbeclassifiednto 3 classesasshavnin Tablell.

TABLE I
THE DECISION ATTRIBUTE (CLASSES)

class| Theconditionof thepatientafterlFN | # of patients
R | Disappeganceof thevirus 58
N Existene of virus 86
? Reliability lack of data 53

2) Evaluation of ConditionAttributes: As shovnin Fig. 1,

thecondtion attributesareevaluatedasfollows.

1) All theinspectionvalues in oneyearbeforelFN is used
for eachpatientaredivided into two groups, thefirst half
andthe secondhalf of theinspectionvalues.

2) Whenthe absolutevalue of the differencebetweenav-
eragevalues of the first half andthe secondhalf of the
inspectio values exceedshethresholdlit is estimatedhs
up or down. Otherwise,it is estimatedas“~" (i.e. no
charge). Moreover, it is estimatedas “?” in the case
wherenot inspectim dataor only once(i.e. a patientis
examnedonly once).

The distance of ‘the average of the first half’
and ‘theaverage of the second half’
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Fig. 1. Theevaluation methodof conditon attributes

Furthemore, the thresholdvalues can be decidel as fol-

lows.

« Thethresholdvaluesfor eachattrib ute exceptGPT are
setupto 10%of thenormal rangeof eachinspectiondata.
As the chang of a hepatitispatients GPT valuewill ex-
ceedthe nomal rangegreatly the threshdd valuefor the
GPT needdgo be calculatedn a morecompex methodto
bedescribe belov. Thethreshdd valuesusedfor evalu
atingeachcondition attributeis shavnin Tablelll.

« Thethresholdvaluefor GPT is calculatedasfollows. As
shavnin Fig. 2, thestandardieviation of thediffererce of

A difference with the last value

Inspection value

e

The number of times of inspection

Fig. 2. Standad deviation of thedifferene of adja@ntvalues

the adjacentestvaluesof eachhepatitispatients GPTis
first calculatedrespectiely; And thenthe standardlevia-
tion of suchstandad deviationis usedasathrestold value.
In the GPTtest,let m bethe numter of patientsg,,, (1 <
m < M) thetime of test(thatmay be differentfor each
patient),d.,;(1 < ¢ < t,, — 1) thedifferenceof adjacent
testvalues. Thus,thethreshdd valueof GPT canbe cal-
culatedin thefollowing equatia.

M
1 2
threshold of GPT = i E ($m —3) (1)

m=1

wheres, (1 < m < M) is the standarddeviation of the

differerced,,; of thetestvaluethatis calculatedfor each

patient,respectiely, ands is theaveragevalueof s .
Finally, thethreshdd valuesaresetup asshavn in Tablelll.

TABLE Il
THE THRESHOLD VALUES FOR EVALUATING CONDITION ATTRIBUTES

T-CHO> 9.5 CHE > 25 ALB >0.12 TP>0.17
T-BIL >0.1 D-BIL >0.03 I-BIL >0.07 PLT>20
WBC > 0.5 HGB>0.6 GPT> 54.56

B. Main Results

1) Rule Discovery by GDT-RS: GDT-RS is a soft hy-
brid inductionsystemfor discovering classificatiorrulesfrom
databasesvith uncetain andincomgete data[8], [13]. The
systemis basenahybridization of the Genealization Distri-
bution Table (GDT) andthe Roudn Setmethalology. Themain
featuresof GDT-RSarethefollowing:

« Biasedfor searctcontrd canbeselectedn aflexible way.
Backgroundknowledgecanbeusedasabiasto contrd the
initiation of GDT andin therule discovery process.

« The rule discovery processis orientedtoward inducirg
rules with high quality of classificationof unseenin-
stancesTherule uncertainty includng the ability to pre-
dict unseerinstancescanbe explicitly representedy the
rule strength.

« A minimal setof ruleswith the minimal (semi-minmal)
descriptionlength having large strength andcovering of
all instanceganbegenerated

« Interestingrulescanbe indueed by selectinga discovery
targetandclasstransfornation.

In the experimentalresultsat the accuagy 60%, only the

ruleswith which the numberof condtion attributesis lessthan



TABLE IV
RULES WITH RESPECT TO CLASS R

TABLE VI
PATIENTS COVERED BY RULES WITH RESPECT TO CLASS N

rule-1D | rule & accuncy
001 | GPT(up)& (10/16)=62%
002 | T-CHO(down) A PLT(down) & (6/9=66%
003 | T-BIL(up) A GPT(davn) & (3/4=75%
004 | TP(down) A GPT(davn) & (3/4)=5%
TABLE V
RULES WITH RESPECT TO CLASS N
rule-ID | rule & accurag
101 | D-BIL(down) & (26/43=60%
102 | T-CHO(down) A I-BIL(down) & (7/11)63%
103 | I-BIL(down) A WBC(down) & (7/8)=87%
104 | D-BIL(up) A PLT(down) & (4/6)=66%
105 | TP(up)A I-BIL(down) & (5/6)=83%
106 | TP(up)A T-BlL(down) & (4/6)=66%
107 | TP(up)A PLT(down) & (4/5=80%
108 | CHE(up)A T-BIL(down) & (2/4)=50%

or equalto threeareextracted. This is becaseit will becane
unclea if the nunber of condition attributesincreases. Ta-
bleslV andV shav suchrulesthataredividedinto classesRk
andN, respectiely.

2) Resultsof Post-piocessing: As a post-pocessing,we
checled eachdiscovered rule covers what patient(s)related
data. Table VI shaws the results, where the Positive (or
Negative) ID meansthat the patientis covered by a rule as
apositive (Or negative) instance Fromthis table,we cansee
it becanes clear that what patientgroup is covered by what
rule. Hencelt is usefulfor findingthemainfeatuesof apatient

group.

TABLE VI
PATIENTS COVERED BY RULES WITH RESPECT TO CLASS R

rule-ID
001

Positive patientlD
351 534 547
909 923 940
351 650 703

Negative patientlD
188 273
712
712

158
801
002 91
913
003 431 592
004 37 71

778 | 35
942 | 623
732 | 169

452

952

700
730

122
122

As anexanple of post-pocessingTableVIIl shovsapartof
resultof the post-pocessingabou classR. Here“+” and“-”
dende the patientcoveredby a rule as a positive or negative
instancerespectiely. For exanple, rule 001is coveredby the
patientlDs: {158 778 801, 909 923 940 942}.

C. AnalysesandEvalwations

Theresultsderived by the GDT-RSandpost-pocessindnave
beenevaluaed by a medicaldoctorbasedon acceptabilityand
novelty of eachrule. The evaluatians of the rulesaredivided
into five stages:1 is thelowestand5 is the highestevaluatian
for acceptabilityandnovelty of eachrule.

rule-ID Positve patientID Negative patient ID
101 2 104 125 182 184 37 71 133 169
191 203 208 239 290 | 180 206 248 276
546 439 493 498 529 | 413 593 610 683
578 585 634 652 653 | 702 713 732 771
669 715 719 743 750 | 948
756
102 2 239 563 634 652 | 169 413 650 732
653 952
103 2 138 208 432 578 413
653 736
104 187 260 289 712 703 778
105 72 182 219 546 35
920
106 72 182 219 546 180 610
107 104 182 260 535 180
108 210 634 180 683
TABLE VIl
POST-PROCESSING ABOUT CLASS R
Patient|D rule001 | rule002 | rule003 | rule004
35 -
37 +
71 +
78
91 +
122 - -
158 +
169 -
778 +
801 +
909 +
913 +
923 +
940 +
942 +

1) Evaludion of Rules: From the viewpoint of the rules
with ahighersuppat (e.g.rule-001andrule-10L), we obsened
that

« It will healupin mary casesf apatientis mediatedwith

IFN atthetime whenGPT is goingup (hepditis is getting
worse);

« It doesnothealupin mary casesvenif apatientis med-

icatedwith IFN atthetime whenD-BIL is descendig.

Furthermore thefollowing two pointsontheeffectof IFN is
understod clearly.

« Itisrelevart to different typesof hepatitisviruses;

« It is hardto be effective whentherearelarge amaunts of

hepatitisvirus.
Hence,we canseethat rule-001andrule-101 do not corflict
with theexisting medcine knowledge.

Fromthe two rules, the hypahesis: “IFN is more effective
whentheinflammatia of hepatitisis stronget canbeformed.
Basedon this hypothesis we canevaluatetherulesdiscovered
asfollows.

« In classR, the acceptabilityof the rules with respectto

aggraation of liverfunctionwill begood



TABLE IX
EVALUATION OF RULES WITH RESPECT TO CLASS R

rule-ID | acceptabiity | novelty
001 4 5
002 3 5
003 4 5
004 4 5
TABLE X

EVALUATION OF RULES WITH RESPECT TO CLASS N

rule-ID
101
102
103
104
105
106
107
108

acceptablity

>
Ambbr—‘mwmg
<
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« In classN, the acceptabilityof the ruleswith respectto
recovery of liver functionwill begood
Hence,the evaluationsas shown in TablesIX and X canbe
obtaired. In classN, we canseethatthe acceptabilityof some
rulesis 2. Thisis becausdoththerecovery andaggeavation of
liverfunctionareincludedin thepremiseof therules.

2) Evaluation of Post-piocessing In the discoveredrules,
we can seethereis somerelevarce amory the patientssup-
ported by bilirubin (T-BIL, D-BIL, I-BIL) in classN. From
therelationdendedin T-BIL = D-BIL + I-BIL, it is clearthat
theruleswith respecto bilirubin arerelevart. Hencetherules
aresuppating the samepatientsgroup

Moreover, in orderto examne the hypothesis,'the medical
baclgrourd which a rule shavs is not contradctory to a pa-
tient’s conditiorf, the discoveredrulesare categyarized, based
on liver function, into threecateyories: recovery, aggevation,
or mixed recosery andaggraation,asshavn in TableXI.

FromTable XI, we obseved thattherearemary ruleswith
the samecondtions in the rule group suppoted by a patiers
group, andit may conflict with unknown medicalbackgourd
thatis notrepresenteih the condtions of therules. However,
it doesnot meanthattherulesareincorect. The reasormay
bethattherulescanna be simply cateyorized by recovery and
aggavation.

For exanple,althowhit canshow liverfunctionaggevation,
thelower values of WBC andALB may notbetherealreason

TABLE XI
CATEGORY OF DISCOVERED RULES

Recwvery | Aggravaton | Remvery & Agg.
classR rule 007 rule 001 rule 003
rule 008 rule 002 rule 004
rule 009 rule 005
rule 011 rule 006
rule 010
classN rule 101 rule 104 rule 102
rule 105 rule 109 rule 103
rule 106 rule 107
rule 108 rule 111
rule 110

of liver function aggraation. On othe hand,sinceWBC and
PLT arethe samebload cell ingredien, and T-CHO and ALB
arerelevantto pratein that makesliver, they may be relevant
from this pointof view. However, T-CHO andALB donotonly
provide for liver, but also, for examge, T-CHO is relatedto
eating,andALB is relatedto thekidney, respectiely. Henceit
cannotdeclake thereis suchcorrelation.

In summarythereis correldion if we arementionng about
mathematicatelevancelike BIL. However, it is difficult to find
out correlationfor others. We needthe following methals to
solvetheissue.

« Findingout whatrulesaresignificantfrom the statistical
point of view, basedon roughcateyorizing suchasrecor-
eryandaggavation.

« Shawving whethersuchroughcateyarizing is sufficient or
not.

I1l. MULTI-ASPECT ANALYSISBY LOI AND POM

Basedon the resultsstatedabove, we have beenextendirg
our systemby addingthe LOI (learnirg with ordeedinforma-
tion) andPOM (pecliarity oriertedmining)datamining agerts
for multi-aspet mining andanalysis.

A. Mining by LOI

TheLOI useshaclground knowvledgecalledorderedrelation
for discovering ordering rules andimportan attributesfor an
ordereddecisionclass[4], [14]. For exanple, sincethe values
for T-CHO arethelargerandthebetter theordera relationcan
besetto (VH > H > N > L > VL), where">" dendesaweak
order Furthermore,if a decisionattribute hastwo classes:R
(respoise)andN (noresponselheordeaedrelationcanbeset
toR > N.

An ordeed information table may be viewed as informa-
tion tableswith addedsemanticgbaclgroundknowledge).The
following figure shavs an exanple of creatingsucha tablein
whichbackgoundknowledgeis included.

ALB | CHE GOT | CLASS
pL| VH | VA | .. | UH 1
p2 | N H |.| N 1
p3 | L L | .| VH 0
pa| H | vL | .| H 1
p5 | H H | .| vH 0

=arLB:VH > H»>N»>L>VL
=cHE:VH>H>N>L>VL
>gor:UH>VH >H >N

4 =crass:R>N

An orderal relaion compares p1 with p2.

This operdion is performedfor thecombiration of all objeds.

Object | ALB | CHE GOT | CLASS
1.2 N>~ H>- N< 0
(1.3) L~ L~ VH< N>
(2,1) | VH=< | VH< UH>- 0

Fig. 3. Creatng anorderedinformaton table

After this transfornation, orderirg rules can be discoverd
from theorderedinformationtableby our GDT-RSrule mining



TABLE XII
DISCOVERED RULESBY LOI

Rules(SupprtNUM 10, Support 70%) Support
PLT(N<) A DBIL(H>) A GPT(VH>) 27130-90%
WBC(L>) A GOT(VH>) A GPT(VH-) | 20/22-90%
PLT(VL>) A GOT(VH>) A GPT(VH>) | 16/18-88%
PLT(L>) A TP(H<) A GOT(VH<) 15/16=93%
DBIL(H>) A GPT(VH>) 14/17-82%
HGB(N<) A WBC(L>) A GOT(VH>) | 16/16=100%
DBIL(H>) A GOT(H) 14/16=87%
DBIL(H>) A GOT(H>) A GPT(VH>) 12/15=80%
ALB(L <) AWBC(L>) A GPT(VH-) | 10/12-83%

system. The rulesdiscoseredby LOI areshavn in TableXIl.
From this table, we can seethat conditionattributesincluded
in therulescanbedividedinto two types:“go better’and“go
worse” correspadingto the classvaules:chrmic hepatitispa-
tientsto be curedor not.

The evaluationof acceptallity andnovelty for therulesde-
pend to a greatextenton the baclgrourd knowledgewith re-
specto theordeedinformationis corrector not. By investiga-
ing thevaluesof eachattributein theordeedinformationtable
by usingEqgs.(2) and(3), thecorrectionrateof the backgourd
knowledgewith respecto “go better” (or “go worse”) canbe
obtairedasshowvnin TableXIll.

#ATT, ,
“Woos = GATT, | + #ATT, - @)
attyeg #ATT< (3)

#ATT:, + #ATT <

where #ATT is the numter of different valuesof eachat-
tribute in the ordeed informationtable,z = CLASS(i,j),
y = ATT(i,5), and(i,j) € Object. As shavn in TableXIll,

thebackgoundknowledgewith ahighcorrection rate(e.g. TP

=78.3%and'HGB = 814%") canbe explainal thatthe back-
ground knowledgeis consistenwith the specific charateris-
tics of therealcollecteddata. On the contray, the backgourd
knowledgewith averylow correctionrate(e.g.'WBC =9.5%’)

maymeanthattheordeedinformationgiven by anexpet may
not suitablefor the specificdataanalysis.

Oneexplandion for this situationis thattheorderel informa-
tion given by anexpertmay be too geneal anddosenot meet
specificcharacteristic®f the real collecteddata,althowgh the
baclgrourd knowledge is correct in geneal. In this casethe
orderedinformationascomma backgourd knowledgeneeds
to be adjustedaccordng to specificcharactdstics of the real
datasuchasthe distribution and clustersof the real data. In
otherwords,differentbackgpundknowledge need to be used
for differentspecialsituations How to adjustthe ordeedinfor-
mationis animportantongoing work in this researcldirection

B. Mining by POM (Peculiarity OrientedMining)
Peculiarityrepresentsnew interpietationof interestingess,
an importart notion long identified in datamining [3], [10],
[15]. Peculiarity unexpectedrelatiorships/rulesmay be hid-
denin arelatively small nunber of data. Peculiarity rules are
atypical reguarity hiddenin mary scientific, statistical, med-
ical, andtransactiordatabasesThey may be difficult to find

TABLE XIlI
THE CORRECTION RATE OF THE BACKGROUND KNOWLEDGE

Attribute | attpos | attneg
ALB 58.9% | 67.2%
CHE 54.7% | 70.6%
D-BIL 26.8% | 35.3%
GOr 34.2% | 47.3%
GPT 36.7% | 47.8%
HGB 78.0% | 81.4%
I-BIL 32.5% | 53.1%
PLT 36.6% | 49.5%
T-BIL 44.0% | 47.1%
T-CHO | 30.6% | 48.3%
TP 62.7% | 78.3%
WBC 9.5% 30.5%

by applying the standardassociatiorrule mining methal [1],
dueto the requiementof large supprt. In contrastthe POM
(peculiarityoriertedmining) agentfocuseson someinteresting
data(peculiardata)in order to find novel andinterestingrules
(peculiarityrules).

We have beenapplying the POM for hepatitisdataanalysis
and had somepreliminary result[6]. Currently we are also
working with Suzul’s groupto integrate the Peculiarity Ori-
entedMining appoachwith the Exceftion Rules/DataMining
appro&hfor discovering morerefinedLC (Liver Cirrhosis)and
non-LC classificationrmodels. The ongoing work will be also
reportedn detailin ournext papes.

IV. CONCLUSIONS

We presenteda multi-aspectmining appioachin a multi-
phase multi-aspecthepatitisdataanalysisprocess.Both pre-
processin@ndpost-pocessingstepsareimpartantbefordafter
using datamining agents. Informed knowledge discovery in
real-life hepatitisdataneed to usebaclgrourd knowledge ob-
tainedfrom medicd docdors to guide the discovery process
with multi-phasesuchaspre-pocessingrule mining, andpost-
processingtowards finding interestingandnovel rules/featues
hiddenin data.

Ourmethoalogyandexpeaimentalresultsshow thatthe per
spectve of medicaldoctos will be changdfrom a singletype
of experimentaldataanalysistowardsa holistic view, by using
our multi-aspectmining apprachin which variousdatamining
agentsareusedin a distributed cooperative moce in the spiral
discovely process.
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