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Abstract

This paper aims to determine and extract the Problem-Solving relation, especially the
Symptom-Treatment relation, which is the relation between the problems as the disease
symptoms and the solving steps as the treatment steps from hospital-web-board documents
downloaded from the non-governmental organization websites of the certain hospitals. The
research results are the reasoning knowledge (based on multiple simple sentence or EDUs,
Elementary Discourse Units) which benefits for inexpert-people to solve their health problems
in preliminary through the automatic question-answering system. The research contains three
problems: first is how to identify a symptom-concept EDU and a treatment-concept EDU.
Second is how to determine a symptom-concept—-EDU boundary and a treatment-concept-
EDU boundary. Third is how to determine the Symptom-Treatment relation from documents.
Therefore, we apply a word co-occurrence having a symptom/treatment concept to identify a
disease-symptom-concept/treatment-concept EDU, respectively, and also apply Support
Vector Machine as the machine learning technique to solve their boundaries. We propose using
Naive Bayes to determine the Symptom-Treatment relation from documents with two feature
groups, a symptom-concept—-EDU group and a treatment-concept-EDU group. Finally, the
result of extracting the Symptom-Treatment relation shows successfully the precision and recall

of 849% and 72%, respectively.
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Tudsandagtiudssnsudrlvaiiinldinalulagasaumauasmsdaasandae
auayumsaiiugshiasanmmazamUsnwmunmaud ledaymes glagehumeiu
uasn (Web-Board) %ﬂ%’lﬂuguﬁﬂmmaqmsﬁuummmqLLf“ﬂmﬁmum (Solving Center)
nanda  (Wugudnanzasmsuaaslamene quasisudvymasssnthuriaussnau
Ml umensudswnmauidymmaiuanng@eng  leswwzagnaidym
guanwiuaasuuivuasae (http://haamor.com/) Zatuiuiidiiiumsleatauila (NGO,

- - [J Vv 4 J d' ]
non-governmental  organization) v lvizthuzesgusuee gilaszeinlulsinenuna
al v (4 Yo 4 c: % G cgl’ Vv
Wasasumssnw  lasuanuiinennuuwmamsudladaymagunn viawnmaiiaseu
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MmUTnnnuwnd  avnunidTeliduiumanudunusseninUymuazismsudtam

FnAamsmeanuFunusTam-35msundasmn (Problem-Solving Relation) laaawe
ANNFNNUSEIMS-IoMS3nE (Symptom-Treatment Relation) a1ntanasmen lnauy
Auuasa (http://haamor.com/) Madaym/ams wadomsuddam /ASMssny  uaes

aaﬂuﬂugmmwawmﬂqﬂﬁx‘[ﬂﬂ usazdseloni3andy EDU (Elementary Discourse

2 g

Unit genAedszlaauaniaiwuudia 9 (Simple Sentence w3a Clause)) lag EDU i

azagiFmanumngluuuda lUindanmatelugui 1

|EDU1|..|EDUm|Dsym |EDU1|.‘|EDUn| AT |EDU1|..|EDUp| RT| EDU]H EDUq|

N> > > >

o Dsym, AT, uaz RT flunguwes EDU fiflunenadaaims, nguuas EDU #ifl
WIANNAMSTMINNMNUJUAIIN, Nguuas EDU Niluuianudaismnens

MUY RNELREIM YMNAIGUY


http://haamor.com/)%20ซึ่ง

Dsym = (EDUgym-1EDUsym2 .. EDUgymes) il a Aataasunudaiian>0,
AT= (EDU,4.1 EDUq2 ..EDUqp) o b At nudaia>0,
RT= (EDU\.;1 EDUjt., ..EDUj) e ¢ Aawrnudiniian>0

em, n, p, and g AU EDU waziian>0

Problem-Topic: Stomachache

EDUL(symptom):[fiae]uaniesednin; [4ie]/[A patient] vaaes/has a stomachache ednmin/heavily
([A patient] has a stomachache heavily.)
EDU2 (symptom): [fihe]dusalunszmzuin;  [fie]/[The patient] i/has ufa/gas lunsemnz/ inside stomach wnna/a lots
(|The patient] has lots of gas in the stomach)
EDU3 (symptom): emsinezdlundamuinauduuazaeunaniv, ems/symptom sinvzilu/mostly occurs wadafter muinaudu/having
dinner vaz/and aeunanav/at night
(The symptom mostly occurs after having dinner and at night)
EDU4:  [fe]avduilulsanszme, [fiwe]/[The patient] avdv/doubts dhilsansems/to get a gastropathy
(|The patient] doubts to get a gastropathy)
EDUS (treatment): [fiau]Auerannsaiteudiiaitos; [4ih6]/[The patient] Averannsa/takes an antacid iioufvhaites /to solve the
stomach ache
(|The patient] takes an antacid to solve the stomach ache )
EDUG6: uad Iimerhe;  ua/But &limeihe /it cannot work. — (But it cannot work)

Physician Suggestion

EDU7 Twmwenseds /Have you seen the doctor?
EDUS8 (recommendation): 1[#iae]idfuTsanszme; - 81 /1f [the patient] dlulsanszmz/ get a gastropathy
( If [the user]| gets a gastropathy )
EDU9 (recommendation): [§ihe]forndesiueraamsndinsalunszmizoms; [#126)/[The patient] Aerdoivevmay take a
medicine aa/to reduce midsnialunszimzenns/ gastric acid secretion
([the user] may take a medicine to reduce the gastric acid secretion )
EDU10 (recommendation): waniassomsiimlidausalunszmng, nandsw/avoid enns/food iiliiae/ causing ufalu
nszmz/stomach gassy  (Avoid food causing stomach gassy.)

[ [

JUT 1 waaedagnaNNdNNusaIMs-38mssnmluenansuuivuese (Fumanval [.]

ety Mmyazimnagludyuansol)

9n31it 1 Dsym da EDUI-EDU3, AT #a EDUS, uas RT #ia EDUS - EDU10
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S neddell  @ansathlldlussuumseaudmmusalud@dmwiudmauadials
(How Question) Uszian udasdsmsuadamn Asnssnmnlse vuasaneadinusaulay
(Social Network) aglsimunudtemsmeanudunusdam-amsuidam
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n. adnsasey EDU ﬁﬁummmﬁﬂmms/ﬁmm (Symptom Concept EDU,
EDUgym) wazsey EDU *7;53'l,l,mmmﬁﬂ"?%mi%'ﬂm/3§mmﬁ”l°uﬂiym (Treatment
Concept EDU, EDUjyeat) MNt@Ne5LaaeNals

2. wdHNTaITYUauwe EDU ﬁﬁummmﬁﬂmmi/ﬂﬂujm (Dsym) wazuauLe
EDU fifluunenudedsmssnmn Aimsuddam (AT/RT) laathals

A. MIMeNUFNNUS Jaym-I5msuidam (1Bu anudunusaIns-I5mssne)
NNENAIBSIENINNANEST EDU fiuaaauinanudneims waznanes EDU i

wEMILUINNNAAIENIIN ((EDUsym-1EDUsym-2. .. EDUsym-m)(EDUreat-

1EDUtreat-2 . .EDUtreat.n>) 1(;],8 Ei‘]qyls

paunNIeMnentaugy  Rosario  B.(2005) lagnaanadunusiienny

a

aNNMINE (Semantic Relation) swhedasauiandumunagy “lsa/Disease” “I5ms
$nw/Treatment” luniladszloa Mnenansingamansmezzmmn axtuanuduwuss
analaas anuFuNusSsewin DIS Au TREAT ( Disease and Treatment Relation) t2u
Falsa wardesil¥snwr  lew Rosario B.(2005) 1% MeSH Wugruanuiauium

wiNANNANYBY DISuasTREAT  warldgiuuunsu_hensaisinanuvinawniaqe

v
a o

nludszyanaduiiusszuinedinudeaauia  Abacha A. B. and Zweigenbaum P.
(2011) lagnaanuduiusmeanuvananennuiIsnssnw  (Treatment  Relation)
SERINIBMIsnEUazlse uuiugiu UMLS uazgduuumem (Linguistic Pattern) an

o L v g o’gd’ = g ‘3!
MINIFNAANNTNNY umnmﬂu%mﬂss‘[ﬂﬂ

Song S. et al, (2011) laafaanuinanssuds (Procedural Knowledge) an
unandavaswaae (MEDLINE abstract) lagls SVM (Support Vector Machine) wag
CRF (Conditional Random Field) sanumsuseniamusssume ielwlanssaia

Juapumsuitymndeanassnunuithuszaed (Target)

Yeleswarapu et al., (2014) ldafamaemuduiusssiamamsliiludis
Uszandnnmslden (drug-Adverse Event, drug-AE) mmaﬂmsmﬁmitﬁwmfﬂ%’uu
udam (Blogs) warunandavausame (MED-LINE Abstract) Taadee S]“?;Lﬁ'mﬁ'mn
Tsn woer oms eglugtnand  wesfienuduiusiumelunillsslon  wananld
Bayesian Confidence Propagation Neural Network mv‘hmsmfjmmﬁuﬁuﬁ’iwiw

gM3aiues drug-AE



aegnalshosnudsenaunthinananil  mmsmenudunus  Jam-35ms
undlgym  Usnguunikidszlaadanulseuas Rosario B.(2005) Abacha A. B. and
Zweigenbaum P. (2011) waz Yeleswarapu et al., (2014)  uanulzwae Song S. et al,
(2011) azUsznauma wikUsslamasdam wazvaaUsslanaaddundam luvmeh
aw o & A g v o ao o 2
nRenwualuesell Wumsmenuduwus dJym-smsundaym  Fednnguuvens
Usele@/EDU namida ‘Uayn’ @edde @imslse’anazdsnguuvars EDU  agg

VoA o o o o = v aa Vo y @
GlaLanﬂuLWElU’S'iEnElams}mszlﬁEﬂ luﬂjanLﬁﬂ']ﬂu 'Jﬁﬂ']iLLﬂﬂiUuﬁﬂl Nﬂ%‘d’i’lﬂguu

=Y

wane EDU  agndatiiasnuiiaussengddmsuddam  FendeiomsSnm/tlesnulse
wannniams/dam  war  BMSnwAssundam  dmsumidsiiaglugles

wamsol (Event) Zanansoudeaaneniend (Verb Phrase) asuunuiveillaihge

1
=l [ [ °

(Word-occurrence  3ai3andn  Word-Co) ainaasmfiagiinnunasnnlamindnge

q

Stop Word) aanll Tuwsaz EDU Tagiidhusmiudnsen (Vo) einaaadlumoainini
p

A (Weo) WD VeoeVoo, Voo = VerVews,  Veor Aatauasdinseniiuinliuiy

a

WNANNANIINMST Ve Aaenaadmnseniiunltiunduuinanudaismssns  uas

o o

WeoeWeo | Weo=  WentWeop;  Weorttaz W aizazasdninguarnigai
wANNANIMs  (Symptom  Concept) uwazuuianu@aIdmssne  (Treatment
Concept) MuMAU  LaguaNNAaNIwBualamnnmsmnuaasmeia WordNet way
MeSH
d‘ <~ J a c:d
Vcol = Vcol—strong (% Vcol—weakPIusInfomation (LNB Vcol—strong PR LENUDNAINIEINY
a =] o a 4 VoA
LUNANNANDIMSTLABATI Veor-weakPlusinfomation 918 \B@u8e@Inen laun “d-
verb’/‘have’, “tilu-verb’ /‘be’, waz ‘gan-verb’/feel’ Zlaifiunenndnaims

1 = =N d} = o 1 ‘d Py ¢ Py
Tosase  wusasiuunanyfaaIMstaimeumny 1 (‘v-verb’/ ‘have’ +

‘@1n75-noun’/‘symptom’) / ‘have a_symptom’

Veorstrong = { 018-verb’/‘defecate’,‘t1v-verb’/*push’,‘ tam-verb’/¢ pain’,‘ﬁu-
verb’/pain’, ..}
V co1-weakPlusinfomation=1{ (- &-verb’/*have’+ ‘@7n73-noun’/ ‘symptom’) /

‘have_a_symptom’,  (“‘tHu-verb’/‘be’+uin-noun’/flu’) / ‘get flu’, (‘jﬁn-
verb’/‘feel’+<8nan-verb’/‘be uncomfortable’) / ‘feel_ uncomfortable’ ,..}
Veoo={‘Au-verb’/‘consume’, “m-verb’/‘apply’, “lzverb’ /apply’, ‘sAw-

verb’/‘remedy’, u7gv-verb’/‘nourish’, ‘am-verb’/‘reduce’... }



Weor={* °, ‘enn-adverb’/difficultly’, ‘a1&-noun’/‘stools’, ‘Lf?a-noun’/‘germ’, ‘L1a3-
adverb’/<dissolvingly’, ‘Uszan@au-noun’/period’, ‘#iaN,AswHe,. dIUVANTNAIY-
noun’/‘stomac,head,..human_organ’, ‘usu[riav]-adjective’/fullness’, ‘vavina-
noun’/“flatulence’, ‘Iz “noun’/fever’, .

Weo2 = {‘&1-noun’/‘medicine’, ‘@113-noun’/food’, ‘a1msta3au-noun’/‘supplement’,
‘YN, ATHe,..duzaNINAIg-noun’/ ‘stomac,head,..human_organ’, ‘A1ua

[tdam]-noun’/ <[blood] pressure’, ‘lzsiu[paaiaainasaal-
noun’/‘[cholesterol]fat’,... }

G9e19 WOrd-Co (VeoWeo) 7168 WOrd-Cosym (VeotWeor ; Vo1 € Veot ; Weor€ Weon):
e ‘mz-verb’/‘defecate’ + ‘#1n-adverb’/“difficultly’ = ‘be_constipated’
e ‘grz-verb’/‘defecate’ + ‘tmaa-adverb’/dissolvingly’> ‘have_diarrhea’
e ‘“13m-verb’/‘pain’ + ‘n#asita-noun’/smuscle’> ‘have_muscle_pain’
e “tFu-verb’/‘pain’ + ‘wir@n-noun’/‘chest’> ‘have chest pain’
o (‘T-verb’/have’ + ‘@1m3-noun’/‘symptom’) + ‘#ewila-noun’/flatulence’/

‘have a_flatulence_symptom’

(;l".]ﬂﬁhﬁ WOfd-CO (Vcowco) ﬁLﬂu Word'Cotreat (VCOZWCOZ , VCOZ EVCOZ , Wcole Wcol)
e ‘Au-verb’/‘consume’ + ‘gn-noun’/‘medicine’ 2 ‘take medicine’
e ‘1159-verb’/*nourish’+ “59me&-noun’/*body’ = ‘nourish_the_body’

e ‘am-verb’/‘reduce’ + ¢ lusjl-noun’/fat’ > ‘reduce_ cholesterol

Qgﬂu WOfd-CO (Vcowco) ﬁLﬂu Word'COSym (VCOIWCOI , Vco]_eV(;ol , Wcole Wcol) LLaZ
k4

Word-Coyeat  (VeoWeoz 5 Veor€Veo2; Weoz€ Weo2) 173531—,! EDUgym w8z EDUreat

muaau waznideilldmeiiezas SVM invhmsmueuwazas Dsym wazzauazes

AT/RT wazgameniidsizaduamaiiamsaeudzeansad  (Machine  Learning

[

Techniques) o8 Naive Bayes 3¥yMsBeus  anNaduwusaInNs-IsmMssnn
y E)

[ [ s ad v v o’d‘ ¥ d 1 o d’d
(ﬂ')’]&lGNWHﬁﬁﬂJUﬂ’I-']ﬁﬂW‘JLLﬂﬁﬂJWW) Q’]ﬂ@l{)ﬂL(ﬂaiﬂﬂ‘izﬂﬂﬂﬂﬁﬂL’JﬂLﬁa‘i@ﬂ’]ﬂN

wWIANNAAMS  (Word-Cosym  Vector)  daziiataasaimniiuuianunaianssnen

U

(Word-Coyea Vector) Tag Word-Cogym Vector ununiataas EDUsym (EDUsym Vector)

e Word-Coyest Vector unud@tdas EDUypeat (EDUtreat Vector)
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2.1. w1 Word-Cogm 4az Word-Coyesr MINAMZBIERIMNDEAANULBERAILTN
Wudn3en (VeoWeo) Tuusaz EDU
[ [ 4 ac [ v v 4 ad v
2.2. W) eNNANRUEDINIATNIINE (Anudnwusdamn-35msundam) an

N sM Ing

3. duNAgIY

v
I 1 [ [

3.1. gzasasamilagianunasannlamiamvaaaanll uaziidusnidy
MN3EN (VeoWeo) buGaz EDUzadlatumsguaguawinligamainanil

LUIANNANDINITINNITU  VeorWeo1 HHZLUIANINANIDNISINHEINSU

Veo2Weo2
3.2. gnAWa3aa3 Word-CosymVector waz Word-Coyey Vector melalatuums

QUATIMWLEANNFNNUSIZVINDINMSUaZIENMSTNNTNNAD

anuduwusUamn-35msud ladam

o W o

4. UNNAIANN

Problem-Solving Relation: eanaaunusdaym-35msuddam (enudunussznin
Jeymnuazismsundeym)
Symptom-Treatment Relation: @NuduWusaIns-350M3501 (ANUFNNUSILWIN
2IMIUBZIBNMIINE)
Word-occurrence / Word-Co: aé

Corpus: Aa9¢"

5. YBULIOBNNITINY

5.1. sansamenudunusUam-smsundamlasmwzanudunusanms-
Bmsinw mnuawglamleswmnszgalsa
5.2. aNuFNNUSaIMI-15M3inw (anudunuslam-Iamsundam) fanan

d‘ |7 Vv =~ [ = < =
'd"lLWQ‘VIlﬂJ‘ZfU"ZﬁJHﬂaLﬂuIiﬂLﬂﬂﬁWiaﬁﬁLWﬁ!Lﬂﬂ)



a v d‘ cs' Vv
VURENLNSIYDN

MyIeMIanaaNNFNINUMIMaNadNiusTam-3msuidymanienas

< 4 ¥V ydql’ a v \ Y @ g
mwlnauuduuasaUsznaumeanuinugv waznuiTenauntheail
ANUINUFIY

1) Naive Bayes Classifier

4

sandszinnudwiug ( Naive Bayes classifier, NB) (Mitchell 1997) w3a@i3a

1
Yt

S ad = Y < = P v X 1
UsztanNB Lﬂu')ﬁﬂ'ﬁﬁilu'ﬁﬂuﬂﬂiﬁﬂuﬂ'lﬂ LLa‘éiLﬂuﬂ’]'ﬁﬁﬂugﬂi’]g‘lﬂuwuﬂ’]uﬂBQﬂ')’lﬂ\lu’m?&

u

{lu (Probability) ﬁ’uiiagaﬁé’fqmm (Observed Data) @ l#lunmsnaass audl Mitchell

T.M., (1997) lanarnadasznn NB aansauszand lEnunuEauinzueazaiad

U

X (Instance x) Wgﬂa%mﬂi@ﬂmil,%aﬂmmQmé’ﬂwm: (Attribute Values) 699  uwazh
aaanduithvang (Target Function, f(x)) shansaudasenaand (Class Value, v) an
amalvluie (Class Finite Set, V) aaugazasdiagnmsBauduasedtuihningld
o v A& A ' ra X g a v oo ' vy a
gniuua il wanllalidagnlnadiiazufainsessueld Asvanmeadldeeyliiia

(Tuple) zasaamanvae viseaes (Feature) <ay, a,.an>  WuAsmBauUZIMNEM

] 4

whysnevsansaauinUssandnsuaiaeas luanenan

L £ Vv £ [ a} % gj I o U oy
u,u'mwmﬂmmmﬂ'ssmﬂwﬂumamﬂ‘wu‘nmmumﬂum'ﬁﬂmuﬂmLﬂmmamu

Tomadululdanndige W3afiBend Vmaximum_a posterior (Vmap)  tiBfMMLaMAREN YA

gl <ay, ar.a>  TilFasnacai aanaas luaums(2) uae (3)
Ve =argmax P(v; |a, a,...a,) 1)
VjeV
VMAP:argrUax P(a,,a,..a, |v;)P(v;) @)
Vj S

]
=

MaUseLamNB silvnuuuinugiveasdaauudgruuuudie ndNeulah AAMANYME
1 [ v I~ a 1 [ .:‘ o U % 1 = % a I~
usazgaanvuzazdauiudaszaanuiiamuuamithminglilv  nandadaaundguiu
msmuuamithyrineamat (ANaaman) astuaNNhasduaImsaanams
Fouleanuwes a;, a,.a, AaragaasmanInzilursguEnsusie  aeuaIe

Uszean NB, vng, anansouaaalaaanalilil

Vg = arg_n\)ax P(V,-)H P(a [v;) ®3)



dusumideil nlaléaaadssnn NB dmsumsiSauidaisasde

1.1) Mm3Geuimeaueyes Dsym uazzad AT/RT laamaGauiuenissnnms
duga2aUwn EDUgym ot 20U6 EDUye 1 Dsym waz AT/RT emudiau aauanalu

auns (4)

BoundaryClass = arg max P(class |V ;i Weoj_i + V cojois1 Weoj-i+1)
classeClass

= arg max P(Vcoj—iWcoj—i |CIaSS)P(Vcoj—i+1Wcoj—i+1 | class)P(class) (4)
classeClass

Whel’e VCOj*iWCOJ*i EVWJ and VCOj*i+1WCOj*i+1 EVWJ
i ={1,2,.endOfboundary}  j={L2}

IF j=1 VW; is VMgpnom Which isa Word — Cog, set

IF j=2 VWj IS VM reatment Which is @ Word — COy¢q Set

Class={end, continue}

diaduts Class Wulwluiiam (Finite Set) 2avUsztanuaueuay Dsym  waz 283
AT/RT lﬁﬁuqu'%aé’théuq@ {end, continue} wazAMANHME 81,8, .. &, AB Wiaa3e
Ae 9 (Word-Co Features, Veoj-iWeoj-i 8% Veoj-i+1Weoj-i+1) ﬁvﬂuam%ﬂwm VW, (fﬁ =1
> VW, =VWsymptom e VWsymptom ﬁamm@ﬁwﬁﬁumﬁﬂmms uash  j=2> VW,
“VWoreament 4368V Woreatrment ﬁaLﬁm@ﬁwﬁﬁumﬁﬂﬁﬁmﬁ'ﬂm) wen:nil udar EDU

! o

v = v & o g 1 o v & v & v a ]
AT GIUNUMBNINAM (VeojWeo) G UTRBSFMMauldNnMs@aug EDU 7ag

Ganu (EDUI, EDUi+1; ZNauI0QAUNUGE Veoj-iWeoj-i , Vooj-i+iWeoj-i+1 ) LUMIBIZHZNNG

nil EDU (@@ n35%385, Method Section)
1.2) MmsBaudmannduiuseIms-18msinw asanms (5) lesdiananuiinag
Wurasilwasane aianale wiu Dsym wazAT/RT ihanl#iduaaansuzviailiaesen

SymptomTratmentRe lation =argmaxP(class | Dsym, Treatment)
classeClass

= alrg mlax P(class |Vcol—chol—l ’ Vcol—ZWcol—Z 1 ’Vcol—a Wcol—a ’ V002—1Wc02—1 ’ Vc02—2 WcoZ—Z 1 ’V002—yW0027y )
classeClass

a y
=argmax P(class) H P(Vcol—numwcol—num |C|3.SS) H P(Vcoz—numWCOZ—num | CIaSS) (5)

classeClass num=1 num=1

N4 Class = {“yes”, “no”}; a Aeawiu EDU lu Dsym wazliuvuanudnaims y ae

F1uu EDU Tu AT/RT wasiiunanudaismssnw (y=b anlu AT; y=c duiu
RT)



2) Support Vector Machine

Fwwasanaeasunsdy (Support Vector Machine,SVM) (Cristianini N. and
Shawe-Taylor J.  ,2000) L?Jum'it'%ﬂuisl%qLé{'uwaqtﬂ%aqﬁm%'umsﬁmuﬂﬂszmw
(Classification) %’aya panludaspand (Binary Classes) LLazmmiﬂﬂssqﬂﬁﬁuna‘tﬁ

- % 4 4 4 = =l Vv 4
wareaad (Multiple Classes) nanmsvasdwnasanmaasuuzdu fds msaalaasin
‘N‘ k4 o ] tdl k4 = Vv - -
au  (Hyper Plane) fitiansanuussinuuasdayacmagnildaaumsiseuws (Training
Data) iWawlugnngadayanuandeny lumsailawasinaufivnanzan  ssashi
1 4 t-zl [l Y 4 t-z: g.’l v & 1
szuihgavasdayaiaglnanulaasiwauinniigansasseu Aa d+ uaz d- ssazi
(Margin , y) thennszaz d+ + d- lawasiwauiisanzan Aslawasiwauifianssazving
y nINNge lasdayadiagNnaguuaauresnnsan v agniEendl “Damasanuayy vie
Y3 14 4 ’9 £y ] ¥ % = Y A v a
fNWaIINALMas (Support Vector) fBENTBYATINITUM IIEUIIBYBUADUNG
(Input Data) Undagluglwesnawasnmdnsme (Attribute Vectors) Wi USgiaunn
& ' n & o v &
(Input  Space)luinagasuas R azuumsHuunlssinndayasanudasnand
(Binary  Classification)  asgnuamiaaniaeWaizuasmdIuIuasi(Real-Valued
Function f: X c R" DR)  Gauu X = (Xi,.....x)) gnimuaiduaanauind f(x) >0
favvuwduemaay  nalllegwasanannnsal f(x) Nluweidudadures x e X a9

aumssaluil

f(X)=(w-xX)+b
:Zn:wixi+b (6)

Wa (w,b) € R" x R Wlumilmasildauauarizu

ool

smsunideilladssandismsnuunsznndayauuuSVM  anlalumsmwaunzas
9IN5  UAZYRAUIAUBIIZMIZNN NN IMEINUKIDITNITn lagnnanFuganIady

Togiwasnld (Tehdsnawasgaansae, X) AaeIMIANGAUNUAIY VerWeer WIBITMS

SNEIEN TNUNUNIY VeooWeoz (Aatdasluza “nssuddaniiunu)
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NN BUBUI

Tgfmidsannineiildauamaiiamae pilamenuduiusdym-3amsuddam
lagmnzanuduiusaIns-ismsinmnnenaslawumsquaguaw  (Health Care
Domain) Tesuiseanily 2 wuanede Ltmmqgﬂuuuﬁaﬂg (Pattern/Rule Based
Approach) u,a::ummqaaaimﬁqmsﬁﬂuiwmm‘%m (Statistical Based Approach

Including Machine Learning )

1. Lmeqgﬂme%an;] (Pattern/Rule Based Approach)

Rosario B.(2005) laanaanuduwusinennuanavang (Semantic Relation)

a s o v o X g v v g 4
ANLDAFININEIAIFAINNTISHIN Iﬂﬂﬂ’nNﬂNWL!ﬁL!Lﬂ‘L!ﬂ’J']Nﬂ&lwuﬁﬁl’mvbﬁlﬂ‘im
[ d! < [ o 4 J di'd o a% &
ﬂ']‘le}']aﬂﬂE]‘HGZNLUHﬂ'J'lSJﬂNWHﬁiz‘WJNGBQLB‘H‘YIGWILﬂuﬂ'lu'lﬂhlu%uﬂﬂﬁz‘[ﬂﬂ ACUU

anndNTusanalaaa DIS and TREAT (Disease and Treatment) saus=landaghs
foluil “Therefore administration of TJ-135 may be useful in patients with severe
acute hepatitis ac-companying cholestasis or in those with autoimmune hepatitis.” &
Mum “TJ-135” wazdnnu  “hepatitis” \Wuanuduwusuuu DIS and TREAT laa
“hepatitis” @8 DIS waz“TJ-135" @a TREAT  Rosario B.(2005) 1% MeSH ilu
FUANUFNUTUMLNANNAAEEY DISWasTREAT  waslddmuuunsu Tagnsoifis

v a

anuvanen e mﬂué’hs:qmmé’{’uwuﬁ'ﬁzmwﬁmmaauauwé NANUINEYD
Rosario laanugneas 96.9% dafitouiiiniseslnng was79.6% iilanaiaudiola
Usng)

Abacha A. B. and Zweigenbaum P. (2011) laanaanuduwus meamssnmn
(Treatment Relation) Fauduenudusmeanamang (UuﬁugquMLS) FEWINIBGMS
Snwuaslsa lagldguuuumenwn (Linguistic Pattern) anyhmsanaanaaumy 3
Aedulunilaselon

Linguistic Pattern: ... E1 ... be effective for L1... | ... E1 was found to reduce
E2 ...

where E1, E2, or Ei is the medical entity and L1 istalsandanns
gy “Fosfomycin (E1) and amoxicillin-clavulanate (E2) appear to be effective

for cystitis (L1) caused by susceptible isolates”wHamsnaaaale 75.72% precisionuas
60.46% recall.
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2. Lmeqaaaimﬁqmsﬁﬂuiwmm’%aq (Statistical Based Approach Including Machine
Learning )

Song S. et al, (2011)laanaanuimenssais(Procedural Knowledge)an
unandavaunama(MEDLINE abstract)laal#SVM(Support Vector Machine) uag

CRF (Conditional Random Field) swaumsuszanamensssuné«....[In a total

gastrostomy](Target), [clamps are placed on the end of the esophagus and the end of
the small intestine](P1). [The stomach is removed] (P2) and [the esophagus is joined

to the intestine] (P3)....”L§jaP1, P2, wazP3 Wunssadsmsundam winnladienu
ANNFNMINTINIE N Wumsrnnues hlssasd(Target) waAdud T iisanndaaiy
futhisvasd anudmenssuiussnaudhevmeiuaoy  SVM wosCRF gnlédu 4
#waos: content feature (wasanunue (word stemming) wazMINMvEn ﬁ”'qunigram
wazbigrams TuuseTeafidudseToathiszaed), position feature, neighbor feature, was
ontological feature afaziuuntszinihszad  vennniiiiinaday %1 word
feature, context feature, Predicate-argument structure, wazontological feature svsu
Huunlssannssuisilsznoudevme qusslen  wemiddemasmnniianugndas
Wlueuaiugh  (Precision) 0.7279 waz 0.8369 289 CRFUazSVM gudau waz@sean
(Recall) 0.7326, 0.7957 283 CRF uaz SVM smuaiau

Yeleswarapu et al., (2014) laUszandnsasamuazmsanawuuluilat
Aasalusid  (Semi-Automatic Pipeline) nuasziamamsnl liisszasdannslden
(drug-Adverse Event, drug-AE) mﬂﬁmgaﬁlmﬂu‘[ﬂsqa’%ﬂ Y e sMTINIalUN
Q”L%uuuﬁaﬂ (Blogs) wazunAndazasnaas (MED-LINE Abstract) laaeies °“|1'7;
Aeniuen 19 uaz 91mM3 agluguuning Farmdaunouda (Name Entity) dae  uaxil
anuduiusiumeluniisdszlen  wanenmemdnsenauassuma  (Information
Component, IC) ¢ Bayesian Confidence Propagation Neural Network  laaen IC
#aenuliilddasvaasgmemsnilifialszaadnnmslden drusamadssuy
nasuaauaay 1IC Tamvuamanuuiwnss (Robustness) aas IC azvuem IC
mmsmmmﬁqmmLL‘ﬁQmeaqms?yiwiaﬁ'us:mdwm'ﬂ%mLLazmqmsm’lsjﬁqﬂszmﬁmn
mslden & IC Hu 0 wsarhlifimstudeduszwinmsldnuazmgmsailaiiis

Useaaannmslden e IC tiinauduun LaeaNN5EanleamNuINIsu NI L15en
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[ ]
4 L4

wazgmsollaifiaUssandiuiiaan  Wuidsudazd drug-AE fianalaamansavaniiy

lgrasanNFNNusszuinmsldanuasmamsallifialszaadnnmslden



13

Jammamenusunusssuihetamuadsmsuddamanienarsmen nauu

[~ J
NIUUDIN

[

Taymamsunuiaail (Msmanudunusdam-Ismsuidamileamne
[ v I ac (4 < 4 v
ANNFNNUSEINS-IEMISNE  Nnenasm lnauuiuuese) Usznaudasmuiym
L |
anaa
a o . a PP
n. ﬁmu‘Vi”lLﬂEl'Jﬂ‘lJmS‘qu EDU wnuuneanunaoIns (EDUgym) uwazsey EDU iy

LANNANIBEMITNE (EDUyear) mmanmsmmlmﬂfuiu’[mLuum'ﬁ@uaqwmw

mﬂmsﬁﬂquaﬂssuﬂé’ﬁaga (corpus behavior study) WuLUIANINAADINT
LAZUUINNNANIDMTINE VDI EDUsym tae EDUgreat MUY LLamaaﬂuﬂugﬂwm
N3 IDENLTUY
wiANNAMEINIT (Symptom Concept)

a) EDU: “gthe3dndeudswe” ; “ihe/A patient 3dn/feels Seudsue/dizzy”

(A patient feels dizzy.)
b) EDU:  “au[di;ms]ihedswe”; “du/l  [Ha1ns/have  symptom] 1

#dswz/headache”

(I have a headache symptom.)
adnansal]. Junumsazansond

wIANNAMIBNIINE (Treatment Concept)

c) EDU: “Auenaense”; “du/consume snaanin/antacid”

( Take an antacid.)

B‘Ehﬁliﬁﬁﬂ\mﬁﬁﬂ%’%ﬁﬂ NNV DIANNHNBYBINIENIFNUFAIUUIANINAADINS

MDY

¢) EDU: “[auld]enaenn” ; “[auld/patient] eha/defecate enn /difficultly”

([A patient] defecates difficultly.)
f) EDUL: “viavthanisnunn”; “visnih/toilet andsnann/is very dirty.”

(A toilet is very dirty.)
EDU2: auavagenn” ; “au/l 39/then ane/defecate ann /difficultly”
(Then, I defecate difficultly.)
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PNABEN ) uaz f)  NTEMINUFMUUNANNANDINTAD AIDEN €) MBUUIANNAN

Vv

Na3KN/be constipated’

<

nﬂ' ac 4 = Vv ) et
Lui'N‘\ﬂﬂEl']ﬂ']i/ﬂmuﬂ']LLﬂ?.ﬁ')ﬁﬂ"li‘iﬂEWFJSﬂ']‘JLLﬂﬂQJJ%WIHLBﬂH’]‘JI@ UM IQLUIFUMWEINTU

[

el uaasedluglvaanamsel (Event) hudasenan3endd (Verb Phrase) ey

2

P b=d a 4

mu%auaﬂﬁdwLuumimawm@ﬁ’] e eaNNFNWUs r (relatedness) (Guthrie et al.,

v
I L

1991) Mndasmiiagfanunasannlamiadmngasanly waziidusnidudnien Tuudas
EDU ‘ZJENIG]LNuﬂ’ﬁ@LLaE!‘Uﬂ’IW NILIANNAN DN TIINSU Word-Cosym (Veo1Weo1) /
LUIANNANIDMIINEINTU WOrd-Cogear (VeoWeo?) ﬁllﬁﬁtﬁaﬂﬁ‘jﬂitﬂqﬂﬂqﬁl Word-
Cosym (Veo1€Veot ; Weor€ Weor) el Funy EDUgym waz Word-Cogreat (Veoz € Veoz; Weo2 €

Wio2) #1Huny EDUyese (afilananaluumii) anszy EDUgym e EDUyen MNEIGU

2. Jyvdennumsmzaue EDU niwinenuaaainms (Dsym) uazzauian EDU 9

Junenuaaismssnw (AT/RT)

ann;sﬂ"?'i 1 laifideg (Clue) wWu (i.e. ‘waz/and’, ‘w3a/or’,..) lu EDU3 \iauan
waummmséuqmammmmﬁ(ﬂmms waz  EDUI0 Lﬁﬂﬂﬂﬂ‘llﬂﬂt‘llﬂﬂ’]i%ﬂ&!ﬂ?lm
LUIANNAMITNTINEN azﬁ?wé’qmnlﬁﬁwmﬁzq EDUgym %38 EDUpear 4d 15103270
mstszgneld NB wazSVM  (BuilumaiiamsFeudidaudumauaiosshmwiumsiiuun
Usziamn) iamzeuwa EDUs a9 Dsym uwazwauwe EDUs 2ae AT/RT é'hﬂ@'
Word-Co (Veoj-iWeoj-i Veoj-i+1Weoj-i+1 83U j= {1,2} i=1,2,..,endOfboundary) ldnnms

a

\doug EDU flag@adu (EDUI EDUI+1) Tudheszazmanil EDU

d‘ [} [ s o aco k4
A, Javinennumsssyanudunusdeym-3amsundam

P 4

[ [ < ao [ v 1 4
Tag@mzaNNdNNLEaINs-I5MIsnw  Nnudasguatdfgnamasuns (EDU
Vector Pair) fUsznaumenamaszas EDUs filuunanu@neIms wazianaives
EDUs 713iunanndanisnssny) ((EDUsym.1 EDUgym.2... EDUsym-m){EDUyreat-1EDUyreat-
2. -EDUtreat-n»
45 w % < ao [ d' LAl Vv d‘
HBIINANNENRUTDINSIEM T wlsidsumueihe damwiinaean e waz au )

V1 [ = v oI Y ] 1
LLN?W%%LUUTﬁﬂLﬂﬂﬁﬂuﬂﬁl’IN NIDYNLTY

(a) EDU1symtom: “[s{t)3e]Uaavias/have a stomachache  agwtin/heavily”
([A patient] has a stomachache heavily.)
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EDU2symtom: <[ Q’ﬂaﬂ] filhas und/gas  lunszuwnzlinside stomach  ann/a

lots”
([The patient] has lots of gas in the stomach)

EDUS treatment: “[Q’ﬂw] Au/takes enaansa/an antacid”

([The patient] takes an antacid)
EDU4: “u@/But  fluvealit cannot work”

(But it cannot work)

(b) EDU1symtom: “[ &{the] 1aeavias/have a stomachache”
([A patient] has a stomachache.)
EDU2symtom: “[ fithe] f/has ufa/gas lunssiwns/inside stomach”

([The patient] has gassy in the stomach)
EDUS3 treatment “[;jﬂw] Auenannsa//take an antacid”

([The patient] takes an antacid )
EDU4: “[gihe) 38nduu/ Feel better”

(The patient] feels better)

Pnaedn (@) wer (b) ANNFNNUSDINIT-IBNIINE WIaaNNFNNUsUym-I5ms
undaw Usingiuaiaee (b) whitu (wsz EDU4 wesdaaghs (b) In3emna “§§nﬁ%u/
feel better” #aflu aanadadse  (Class-cue-word) 2asenuduiusams-3amssnm
FrnmiddeilzaeuamatszandliinaiiamsGeuiuaeiasias Naive Bayes anyhms

Gau3anuduiugaINs-Ismsinm nngunnamas EDU (EDU Vector Pair) 71aviae 24g

u

nawad EDU aansagnunuais guamasad (Word-Co Vector Pair) TIRHT,
nawasamUsEnaume L"mLﬂﬂ%@jﬁwﬁﬁummmﬁﬂmmi (Word-Cosym  Vector) ua
L’Jﬂmai’c-jﬁw“?;ﬁLmemﬁﬂiﬁms%’nm (Word-Coyear Vector) mﬂﬂtymﬁy’q 3 ildnam
296U Adeiildugnsneazdsanssidimsudladamenanluiiadallde

“ATINIDANHUNIU”
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A5 TNLHUNU

szuunulagazldmsumsmanuduiuseIms-35mssnm (anuduiussening
Tymuazismasuniayin) NN IME Inguuiuuasalsenaumedunauai g
aeealUil (dawaadlugun 2) Fusaumsie3anaasdaya (Corpus Preparation) fumau

MIGeUTLIANNAAGA (Word-Co Concept Learning) 2umaumsanailiaas (Feature

u

Extraction) #uaaumsisauianudniusaims-Iismsinm (Symptom-Treatment
Relation Learning) wazduaaumsannanudunusaImMs-36mssne (Symptom-

Treatment Relation Extraction)

L Oo Corpus Preparation

v

Word-CO Learning of
Symptom-Concept / Treatment
Concept

| ‘

Word-CO: Symptom Concept

/ Treatment Concept
\ A A / L _—

Symptom —Treatment Y
. . \ 4
Relation Extraction )
Treatment EDU Disease-Symptom EDU
A Identification along with  [® Identification along with
Boundary Determination Boundary Determination
Symptom-—Treatment
Relation Feature Extraction
v

Symptom-Treatment

Symptom-—Treatment Relation Learning

Model

U 2 izuuqﬁulmuaﬁ;ﬂ
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1. ﬁumaumsm’%ﬂmé’ﬁaya (Corpus Preparation)

[
=~

ﬁumauufﬂumsm‘%amé’ﬁaagamwﬂwﬂ’lu‘[@Luums@Ltaq?lmwuazﬂﬁ@ua%'ﬂm
(Tegmmglsamadiuens  lseludn  wazlsameanaswazinla)  meladuuade
Tsanwenwaniduieudla (NGO, Non-Government-Organization) ahansaamlvanlaain

nulad (http://haamor.com/) dushununaviae 6000 EDUs %qgﬂLLﬂqaaﬂthuaaqd’su

' o e

Aa @i 1 Swiu 4500 EDUs  dwdumsisausunanuaadd msiEeuizauenyad

U

Dsym was2auwn2ad AT/RT wazmsiseud anudunusanns-ismssnm meld 10
Folds Cross Validation dwfi 2 $1w7u 1500 EDUs  dwSumsnagaumyauwauas
Dsym uazzauazad AT/RT  wazmsnadaumsanannugunusaInIs-1omssnen
wannnilsumauiinindwunsumssamlaenslizeniuisammelneiananse

wiTmneauwamuazssdieiusmsafiuniniiuesé  (Part of Speech) 14
(Sudprasert and Kawtrakul, 2003) Farmdamsm Name Entity (Chanlekha and
Kawtrakul, 2004), u,azmﬁ%ui’:fﬁw (Word-Formation Recognition) (Pengphon et al.,

2002) tanazunvaymzaueuas Thai Name Entity wazinaid  vasaniuvinmsee

Uszlaalussau EDU ¢eiamsves (Chareonsuk et al., 2005) wazgamneaynmsiinug

u

= = a

AN WNANNANINT UazAMNALIANNANIENITNE WianAumMsMNu Class-cue-

a ad

word Tag tWaszydAlLIsa (Cue Word) meaalszanead  (Class-type set {“yes”,

13 99 o (¢ o 4 J ad o/ v d' &’ a
no }) AIBIUANNTNNUDDINIT-ITNIFINGE) muaaﬂugﬂw 3 UANMNULUINNINANEA

u

dnanunaedsan Wordnet (http:// word-net.princeton. edu/obtain) wsz MeSH

nasnnudalnallussngulesls  Lexitron  (the  Thai-English  dictionary)
(http://lexitron.nectec.or.th/).



http://haamor.com/
http://lexitron.nectec.or.th/
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1aies/ Stomachache
<Symptom Boundary>

<EDU>1eeme<verb-co: class=symptom ; concept="has a symptom’>ienis</verb-co><word-co: class=symptom ;
concept="stomachache’>1a#es</Word-co>adrmin <[EDU>

(A user brother has a stomachache heavily.)

<EDU>[+feeme]<verb-co: class=symptom ; concept="has’>i </verb-co><word-co: class=symptom ;
concept="gassy’>ufa</word-co>lunszmizin <[EDU>

([The user brother] has lots of gas in the stomach.)

<EDU>[1aers]iinsz<verb-co: class=symptom ; concept="has a symptom’>fainis</verb-co><word-co:
class=symptom ; concept= ‘appearance’> iiu</word-co>asunasmuiruduuazaeunaniu </[EDU> ([The user brother]
mostlyhas symptoms occurring after having dinner and at night.)

</Symptom Boundary >
<EDU>[§1#]avdeiiluTsanszmz <IEDU> ([The user] doubts to get a gastropathy.)
<Treatment Boundary >

<EDU>ms<verb-co: class=treatment; concept="consume’>7u</verb-co><word-co: class=treatment
;concept="antacid’>egaansa</word-co>uieuilnites <IEDU> (Then [The user brother] takes an antacid to solve
the stomach ache.)

</Treatment Boundary>

<EDU>usf<Class-cue-word: class=no>ime</Class-cue-word>1s </EDU> (But it cannot work.)
<EDU>uaz1haiiviu</EDU> (And, [The user brother] has more pain)

3U7 3. mamfueNuENRUsIMS-38M 3T (AnnduiusUam-Ismsundaym)

1 o

2. BugauMIEsuIwANNAaga (Word-Co Concept Learning)

Y

NINWITEEeY Guthrie et al. (1991) menuduwus r (relatedness) lagnihan
UszgndlfluniddeidmsumamanuduiussaigmasunnufoaImMs  (VorWeor)

1
= |

WIALUIANNAMNIBMITNE  (VeorWeo2) nnmaasmagfenuvainnlamandivge

]
=1

panll wazildusndludnden daaumsd (7) %ﬁiuLLdas@ﬁw %38 Word-Co (Veoj Weoj) 1
agluudias EDU Usznaudiaan r dasmdaa lduinanu@eanms/ineanuaaisns
$ne waz anldldnenuAnIMIUUWIANNANITNIINE) 1Y 81 Veoy = Veor A8 @1
r dasendaalBuuianudeoIns wazm lEuenu@eImMs M Ve = Ve A2l
i assmaamldunanudeizmssnm warelildunanuiedsmssnmn  asiuem
M(Veoj Weoj) DBIUARE Voo Weoj A 1HuNeMuAe M WNANNAMEMISIE AN
e lildunenudasms/unenudeismssom  azgnidannuazaniudandnzaye
VWsymptom %138 VWireatment 9MNE10U (Veo1Weo1€ VWaymptom il VWoymptom Wumeuas

Word-Co NHuunaNNAnaIMs wae VeooWeor€ VWireatment 88 VWireatment LU ULBOUAN
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Word-Co Hunanu@aIsmsin® ) 69uu VWsymptom 1482 VWireatment 1B8%3UM3

58 EDUgym 48 EDUjreat MNEIOU

fVcojwcoj (7)
fuy + W — fv W,

coj coj coj " ‘coj

where r(vy,;, W) istherelatedness of Word —CO with

r(Vcoj ’ Wcoj) =

a symptomconceptif coj=col or a treatment conceptif coj=co2

Veoj € Veojr Wooj €Wy Vioy IS @ set of verbs with the symptom concepts
V,,, is a set of verbs with the treatment concepts
W, is the co—occurred word set having the symptom conceptin the v, w,; co—occurrence .

W,,, is the co—occurred word set having the treatment conceptin the v, w,,, c0O—occurrence .
fVcoj
fVgojWeo; is the numbersof v,,; and w,,; occurences.

coj “"coj

is the numbersof w,

j OCcurences.

occurences. fw,

is the numbersof v coi

coj

3. BumaumsanaWaas (Feature Extraction)

Juapuiiilumsadanguilaesaenduvdnlugiaasnanss nquusnio nawmas
giﬁwﬁﬁummwﬁmmms (Word-Cosym Vector) ﬂq'u‘ﬁaaqﬁa Laﬂl,ma%c-jﬁwﬁﬁl,l,u’smmﬁ@
M350 (Word-Cogesr  \Vector) ‘[mu,mma%gjﬁw“?;ﬁLmemﬁﬂmmstmunmma%
EDUsym (Dsym) — uas nﬂmai'cfjﬁwﬁﬁu,mmwﬁﬂ%‘%ﬂﬁ%’ﬂwumunﬂma§ EDU\reat
(AT/RT)  wsiitialFlumsmenuiugams-Hamssnm sisunauisaiunsm
20U0YaN  Dsym ez 20uauaNAT/RT wé’qmﬂmﬁzq EDUsym thae EDUpreat
MNAIaU ﬁqﬁquuﬁﬁﬂﬁ1ﬁﬁwﬂ15L§ﬂu§waum@mm Dsym waz wauiuauay AT/RT ¢
weilafitanesfusdasuuuianSoufisuiy  #s SVM waz NB ﬁ’u%’ﬁagadauﬁiﬁ

duSuzunaumsBaudanNuaNius0IM-381M35n

SVM : L?Jumﬂﬁﬂmﬁl,%ﬂuil,%qLe’fwaqLﬂ%aqém%’umsf{hu,uﬂﬂszm‘n Mmiddeillenn
mil,'%ﬂufuf yauweuad Dsym  waz AT/RT  éia SVM  asudeasluguns(6) Faunu Xi
aaWord-Co (A Veoj-iWeoj-i Vooj-i+iWeoj-iv1 195U j={1,2} i=1,2,..,endOfboundary)
wazilwes x luaums (6) \Wunawmasuasg Word-Co Tog 0 j=1 VeoiWeortni
EDUgym 1485 01 j=2 VeopWeoat i EDUjrear é’qﬁ?uﬂ"nsl,%'ﬂuiwaummm Dsym uaz

AT/RT ‘[mﬂmnmslﬁlauﬁj EDU ﬁagjmﬂﬁ'u (EDUIEDUI+1) lugheszazmanile EDU

Junsznem fx)wasunnemauniuemdauigamsmsidaug EDU
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WaINNM3IEEUZUaUNzae Dsym waz vauwazes AT/RTare SVMla an
Wi 289 W 30 Veor-iWeoti HEA Wi 289 W AN Veop-iWeop-i  GILAMN LUOMTINNT N9l

wathlul#wwauwaras Dsym way vauweres AT/RT  aaudadly 8anasiiunism

auLngUn 4.

MINNL. UTIIHADT Veor-iWeot-i , Veor-i Weoz-i AZ @ Wi INMIL5aUZAIESVM

Vco1-iWeol-i g
W 284 Vo1 Weo1 TINHNG
Surface form Concept
Pain-stomach haveStomachache 1.2053
HaveSymptom-distension haveFlatulence 0.2528
Defecate-difficultly haveConstipation -0.1922
HaveGas-stomach haveColic 0.3993
Occur-symptom haveSymptom -1.1924
Vco2-iWco2-i &
Surface form Concept T VoorooZggggte
Consume-yogurt haveFoodControl -0.1281
Consume-antacid consumeAntacidMed -0.4005
See-physician visitPhysician 1.5496
Drink-water haveWaterControl 0.2517
Exercise-null Relax 0.2051
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Assume that each EDU is represented by Word-Co (Veoj Weoj) . L is a list of EDU. VW,
is the Word-Co concept set.

If j=1 then VW;is VWsymptom Which is the Word-Cosym set.

If j=2 then VW;is VWyeatment Which is the Word-Coyeat Set.
BOUNDARY_DETERMINATION ( L,j)

1 i< 1, BOUNDARY]j €« &, bd= ‘end’
2 while i <length[L]A bd=end do
3 begin_whilel
4 If VeojiWeoj-i € VW, /*if j=1 start Dsym , if j=2 start AT/RT
5 bd= ‘continue’ ; BOUNDARYj €& BOUNDARYj u{i}
Else i=i+l
end_whilel
7 While ( i< Iength[L])/\(vcoj_iwcoj.i EVWj )/\( Vcoj-i+1Wcoj-i+1€VWj)/\
bd=’continue’ do
8 begin_while2 /* Boundary determination
Case SVM:
Equation(6) /* bd= ‘end’ or Positive Class If f(x) > 0 otherwise bd=
‘continue’
Case NB:
Equation(4) ; bd=BoundaryClass
9 End Case
10 If bd= ‘continue’
11 BOUNDARY]j < BOUNDARY]j v {i+1}; i=i+1
13 end_while2
17 'Return

5UN 4. 2anasnumsvzaue Boundary Determination Algorithm

NB: mswzauwarad Dsym uas 2auiwaued AT/RT ansamualalagnmsmen
BoundaryClass a1naxnns NB (auns(4)) Aueanuihaziy fildanmsiSaudueaasas
Tasmsidaug EDU 7ag@anuy (EDUi EDUi+1) ludsszaznniia EDU  Asuaasly
(ﬂ’]i’Nﬁ 2?]?]4 Vc01_|Wc01_| y VC01-|+1WC01-I+1 ﬁ'\ﬂ%"u Dsym wasyeN V002_|Wc02_| ({3} VCOZ-
Weop-ie1 893U AT/RT Ganumsmzauwanainnzeuilalosnsiaaug EDU fiag
a [ - - ¥ ) 4 [ 1 ] < v

fanu (EDUiI EDUi+1) lumessazmanila EDU wiaunumenuihazidunlaanms
(3eu32auAsaeuy Aunsznsm BoundaryClass (U ‘end’  dauaasludanadiinnsm

vauagUn 4
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M9 2. udaeanuihaziuaes Word-Cogm 230 Word-Cosym Pair (Veor iWeori

Veol-i+1Weot-i+1) 8% WOrd-Cogreat 9NWOrd-Coyreat Pair (Veoo-iWeoz-i, Veoz-i+1Weoz-i+1) NH

anuAazasudasgmludugazauauazlidugavauiae

. End- :

End-of- | Continue- Veot-i+1Weol-i+1 Continue-
Veo1-iWeo1-i (CONCEpL) of-

Dsym of-Dsym (concept) S of-Dsym
haveConstipation 0.4110 0.1731 | haveConstipation 0.375 0.1091
haveFlatulence 0.1507 0.1346 | haveFlatulence 0.1447 0.0273
haveStomachache 0.0069 0.0385 | haveStomachache 0.0197 0.0091
haveColic 0.1367 0.0096 | haveColic 0.0132 0.0182
be-drug 0.0137 0.0385 | be-drug 0.0263 0.0091
Ve02-iWeo2-i (Concept) End-of Continue: L cozi E:fc-j- Con('::':{]ue-

AT/RT | of- AT/RT (concept) ATRT | AT/RT
haveFoodControl 0.385 0.1101 | haveFoodControl 0.321 0.1041
consumeAntacidMed 0.1547 0.0283 | consumeAntacidMed | 0.1607 0.1356
visitPhysician 0.0297 0.0101 | visitPhysician 0.0169 0.0395
haveWaterControl 0.0232 0.0192 | haveWaterControl 0.1467 0.0106
Relax 0.0363 0.0101 | Relax 0.0237 0.0395

4.§umaumsﬁﬂuimmé’fuﬁuﬁ“mm‘s-%%'m'ﬁ%'ﬂm (Symptom-Treatment  Relation

Learning)

FugautilumsiBauienuduiusams-3imssnem (enudniuslym-38ms

uidayv) nguatmasianalaludanaunih da Dsym uazemueis AT/RT il

DSym—AT = <Vcol—l Weo1-1 5 Veo1-2 Weo1-2 -+ Veot-a Weol-a Veo2-1 Weo2-1 5 Veo2-2 Weo2-2 5-+5 Veo2-

bWeo2-b)

DSym—RT = < Veo1-1 Weo1-1 5, Veo1-2 Weo1-2 5-+5 Veol-a Weot-a Veo2-1 Weo2-1 5 Veo2-2 Weo2-2 415 Veo2-

Weo2-c)

w%’amzqﬂszmwﬁaﬂmaﬂmmmﬁ'uﬁuﬁ’ﬂawjnﬂma%ﬁménmﬂu 5 EDUs %a4

AT/RT Mldanuduwusasnanusa i melawaussinnaaa (Class-type set, {‘yes’

‘no’}) ToglFnavesunaisumuanduiszasnaa (Set of Class-cue-word Pattern)

kA4

A9l
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Class-cue-word pattern={‘cue:¥#@/disappear=class:yes’, ‘cue:%ﬁﬂaﬁulfeel

R{3EE)

better=class: yes’, ‘cue:liitha/do not pain=class:yes’, ‘cue:* “=class:yes’, ‘cue: lai
wg/appear=class: no’,‘cue:gﬁﬂjﬂagi/still pain=class:no’, cue:thaannzu/have more
pain=class: no’,..}

ntitiammeanmhaziures Word-Cosym (Veo1Weo1) 482 WOrd-COpreat(VeoWeo2) 038!
AandANNFNNUET Y (Symptom-Treatment Relation) wazldld (Non Symptom-

Treatment Relation) saugaslumsein 3 ¢awmsld  Weka (http://www.cs.

wakato.ac.nz/ml/weka/)

AN 3. AP NNIZ UV Word-Cogym oz Word-Cogreat i lvitieeaatu
AMNFNWUSEIMS-IoMS3nE (Symptom-Treatment Relation) wazlalaanaduwus
1M 3-36M33n¥ (Non Symptom-Treatment Relation)

Vo1 Weol Symptom-Treatment Non Symptom-Treatment
haveStomachache 0.39130435 0.33928571
haveConstipation 0.06086957 0.125

haveColic 0.03636364 0.01960784
haveGastricDistress 0.03448276 0.07017544

haveAnusPain 0.03418803 0.01724138
vomit 0.14529915 0.17241379
haveDiarrhea 0.11304348 0.125
Veo2Weo2 Symptom-Treatment Non Symptom-Treatment
consumeSuppositoryMed 0.03125 0.01449275
haveEnemaTreat 0.0078125 0.10144928
haveFoodControl 0.0546875 0.01449275
consumeAntacidMed 0.06140351 0.01818182
haveWaterControl 0.03508772 0.01818182
consumeAntiFlatulenceMed 0.03703704 0.02040816
5 URBUMSENAANNTNRUEINS-IEM 3N (Symptom-Treatment Relation

Extraction)
Fuaautidlumsdhuszaiaenuduiusmims-Ismssnm(anuaunusUam-
wmsunveym) Nneadayanlanadaurasnnimnuslsanneidatanasuad

ANNFNNUTDINF-ITMISNHALQNENTUMSMBBNINMIBINNIUADUAD  JUADUNITW
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Dsym #aannssy  EDUgym  #uaaumsm AT/RT naaanszy EDUye Udztiunau

MSMIANNFNNUSDINTIDTM TSN

5.1 Fumaumsm Dsym

wé’qmﬂmis:q EDUsym @28 Veor Weol (Veor Weor€ VWeymptom) ﬁém‘hmsm
dULIAYBY Dsym shedaunaiiaiiuandene SVM uaz NB Giiﬂ:dﬁ

SVM: Wumsmzauanyad Dsym A Wi 289 Veor-iWeot-i €9 ’Lumswﬁ
1 G‘z‘!mﬂumﬁlﬁmﬂmsﬁaui’ SVM (aums (6)) TﬂﬂﬂﬂsLﬁau@ EDU ﬁagjaﬂﬁ'u (EDUi
EDUIi+1) Tugreszazmaniis EDU  aunsziad f(x)Lﬂﬁ'ﬂumﬂﬂmamm*ﬂuﬂmaauﬁq
wqﬂmsmﬂéamj EDU #fidanauiaauas Dsym

NB: wWlumsmuauunyas Dsym MamaNNIzuYD9 Veol-iWeo1-i W8E
VooL-isWeor-is1 MAI5197 2 Auanms(4) Tﬂﬂmit‘é‘au@ EDU ﬁagjaﬂﬁu (EDUi EDUI+1)

Tueseazmaniis EDU  aunsznsen BoundaryClass (Tlu‘end’

5.2 °Z?u(ﬂa*u;m's*m AT/RT

%é’qmﬂmiszq EDUsgym A8 Veor Weoz (Voo Weo2 € VWsymptom) ASurhmsm
2ounaad AT/RT é”aﬂaaqmﬂﬁﬂﬁl,mﬂﬁhqﬁa SVM uwaz NB @ialﬂ‘ﬁ

SVM: Wumsvnuauwazag AT/RT 92861 Wi U89 Veor-Weop-i (%) Tums
i1 ml,ﬂuﬂmlmnﬂﬂ"mﬁﬂus SVM (dums (6)) ‘[ﬂﬂmsmauﬂ EDU ‘viagj ANU
(EDUi EDUIi+1) Tudeszazmaniis EDU  aunseinaan f(x)Lﬂ?}ﬂumﬂﬂmammﬂuﬂm
aau?iwqmmsmilﬁau@' EDU %ﬁﬁﬁaﬂaummm AT/RT

NB: flumsmuauwazas AT/RT mameannihaziunas Veo2-iWeo2-i 68
Veo2-i+1Weo2-i+1 Tuensadi 2 Auanm(4) Iﬂﬂﬂ’l‘itaauﬂ EDU mgj Ganu (EDUi EDUI+1)

Tugreszazmanils EDU  aunszie BoundaryClass tiu‘end’

5.3 JUADUMSTIANNFNNUSINT-IDNITINE
[ [ (= I [~ 1 N
nasnnmsananguiweslugluainnnas aanuludaanauviadas
L’JﬂLﬁlﬂ{ﬂaQGjﬁﬁﬁa WOrd‘COSym VeCtOf' (< Vcol_]_ Wcol_]_ y VCOl-Z WC01-2 ,..,Vcol_a Wcol_a > %Q
wnu Dsym) wuazWord-Coyrear VECLOr ({ Veoz-1 Weoz-1 5 Veo2-2 Weo2-2 -5 Veoz-y Weoz-y ) FULNU
AT/RT) usr  uesuibidumsthnawssgmmsainamasisnalaumagauiil
ANNFNNUSDINT-IFNISNEIVTA LU MM TANUIUNAANNFNWUS DINT-IFNTSNE

nneRadszan NB  (8ums (5)) numenuihaziuaes Word-Cogyy waz Word-
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Copexr (M50 3) vhlviiessauuuanugunusaims-Ismssnuuazuuulaily
ANNFNNUSDINIT-IDMITINEN AALFN L UD AN DSNNNMSENAANNFNNUSDINS-IDMS

Snw (gﬂﬁ 5)

Assume that each EDU is represented by (NP VP). L is a list of EDU.
VWsymptom 1S a set of word-order-pairs having the symptom concepts and
VWereatment 1S a set of word-order-pairs having the treatment concepts.
Veo1€Veo1r  Veo2€Veozr Weo1€Weo1s Weo2 €EWeoy

SYMPTOM TREATMENT REL EXTRACTION( L, Veor, Veozsr Weors Weos )

1 i€ 1;7€1; R€D; flag€0; SymptomVector € &;
2 while i £ length[L] do
3 { while flag = 0 /*findSymptomConceptEDU
4 if Vo iWs ;€ VWsymprom then flag=1l
5 else i++ ;
6 While notEndofBoundary A Veoi-iWeoi-: € VIgymptomAVeot-1+1Weo1-1+1 € ViNsympton
/*findSymptomFeatureVector
{ SVMequition (6)or NBequation (4) /*SVM or NB classifier with a
slide window size of two consecutive EDUs with one sliding EDU

distance.

7 SymptomVector€ SymptomVector U Ve, iWe,i 17

8 i++ };

9 Flag& 0 ; j€1; treatmentVector €J;
10 while flag = 0 /*findTreatmentConceptEDU
11 if VcoZ—ij:oZ»j6 threatment then flag:l

12 else ({i++ ;j++};

13 While notEndofBoundary /\VCOZ—cho2—jEVWtreatment/\VCOZ—i+cho2—i+lvatreatment

/*findTreatmentFeatureVector
{ SVMequition (6)or NBequation (4) /*SVM or NB classifier with a
slide window size of two consecutive EDUs with one sliding EDU

distance.
14 treatmentVector€treatmentVector U Vee-sWeoo-j 7
15 J++; it+};
SymptomTreatmentRelationExtraction by NBequation(5)
20 if SymptomTreatmentRelation = yes then
21 {R € R U{(SymptomVector)+(TreatmentVector)};
22 i++ };

23 }Return R

A [ a K a a o & ad o a R
Eﬂﬂ5 uﬁ@ﬂ8aﬂaiﬂNﬂqiﬁﬂ@931Nﬁﬂwumﬂﬂﬂﬂi'ﬁﬁﬂﬂiiﬂﬁﬂﬂﬂﬂLﬂﬂ&?iﬂﬂiﬂﬂﬂqmﬂﬂw
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NaNISNeaaNuLaznNIsUsLIN UKD

adsdayam ingszaudszlen wia EDU nnduuesaasilananddudmsy
Tanagauiiauseliuidmsmanugunusdam-8msunvamuu (loeanz
ANNFUNUSDINS-I5MI50E) Usenaumalsamaduarmsnuiu 500 EDUs Tsawdan
$uu 500 EDUs uazlsaneauasuaziilaanuiu 500 EDUS Falguseiliuany
Vv ao = | o a 4 L o acd L lﬂ' vV
gneawevIsmsanailaes uaziimamenuduiusaims-3smasnmmuilaaus lag

e 3 mudadulagidmassazuudanemnn (Max Win Voting) il

1. msdssdiunnugnaeweismsanailiaes Dsym waz AT/RT Usznaueiems
Usztiumssey EDUgym (ﬁL‘fJu EDU Buduuad Dsym TﬂﬂVWsymptom) UazMIsEY
EDUqreat (ﬁtﬂuEDUﬁué’uwm AT/RT Tag VWieamen) Maeanuusiugn (Precision)
uazeszdn (Recall) wazmsUsziliuzauwenas Dsym wazaauwn AT/RT (laawmneiia

NB ttag SVM) é’aaﬁuﬂaﬁ%uﬁmmgﬂ@iaq (% Correctness) aauanalumsed 4

MINT 4 UFNANNYNABNBNITMIANaNIas Dsym waz AT/RT

dayalsa (500 | $rou Word- | $1uau Word- | anugneiasues ANNYNADIVDY %ANNYNABIYBIMINVBULYA
EDUs) COgym il COpreat 11 msswy EDU maswy EDU EDUgym (Dsym) oz EDUyey
AN UANAN Suduua Dsym Suduuad (AT/RT)
AT/RT wDsym Tag w AT/RT
waiia Toanaiia
Pr_eC|— Re- Pr_eu— Re- NB | svm NB SVM
sion call sion call
Tsamaau
69 38 0.889 | 0.762 | 0.882 | 0.857 | 79.8 | 81.9 87.2 89.7
2195
TsaLéin 74 41 0.875 | 0.700 | 0.933 | 0.848 | 80.1 | 845 85.8 87.1
TsAmasuauas
) 56 39 0.917 | 0.846 | 0.894 | 0.850 | 82.5 | 85.3 88.5 90.6
mla
WAy 66 39 0.894 | 0.769 | 0.903 | 0.852 | 80.8 | 83.9 87.2 89.1

NNMTNN 4 ARFYBIANNLNUNNNMS LY VWsymptom 482 VWireatment 381 EDU

BGuauzay Dsym uaz AT/RT @a 0.894 waz 0.903 wiaumamiadenay@seanaa

0.769

AT/RT eghwszainuely Word-Co fl#neanaase

waz 0.852 emuaIau

9

d‘d 1
FILBRGNNA

a [ v o

Nagfanunaen

5£8n29M I3y EDUGNAUDY Dsym way

WWadvgauy
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(e WaEaN5955Yy  EDUsym way EDUpey WU Fan+i+azls+ noviu+ wihan® (uiu
wihan / feel tight chest)
AMANNUNGZBINTIEY EDUGNAUYEY Dsym cniues AT/RT g 1iadl

Funusmauazraiadwn linsszyuuiie lUwu

EDUgym.1: “[auld] (fayms+thavias) svanein”
EDUgym.o: “[Auld] (3&n+wiiuvias)”
EDUj,u1as Effect: “uan [auld] (Harms+nada)”

EDU,.0as Cause: “tiia9ann [auld] (Autenunviasda)”

EDU,.1 \lu EDUGHeUa9 Dsym #alusinasanniuenunviasdo

uanMNUMTIN 4 udaslAfiuhnuanuuananaas Word-Cogyy, filsinglu
naslsameauastazmla  Ihnuenuuanaiasnhndnnglutanaslsamsidu
amsuazlsadn aeauali Word-Cogym Usingluanasaaslsamsanaaiaziinlanes

= 1

=] d' -:! =l 4 d‘ [3 CY IS Al
fanudganiinadamsiiauizaaniaslagiams NB lvlsananasuaziinlaio %
ANNGNHBNIBIMIMZaUWS Dsym genhzadlsamuduamsuazlsan  wenanil
PNUANUUANANYBY WOrd-Coye U501 Tutanaslsamadusims lsawan uazlse
meaupanasi el danlndidesiu Ml wenugndewaimsmuauwe AT/RT aie
NB luudazlsauudalnadsny  adnlsfausuauenuuanaiswas Word-Cogym
uazya9 Word-Coyesr (V390 130M3UNNG 289 WOrd-Cosym 182289 WOrd-Coyrea )
a [~ C% g.ji = 1 Vv
luenaslsemuduems Tsadn waslsananawasilany lidinadasanugneias
YN INABULINNY Dsym wazAT/RT ¢y SVM
UBNINUANNRANIAVBIAI%ANNYNABIYBIN TIVBUWATN  Dsym oy

AT/RT lag SVM w38 NB uuunesaiean imsia (Interrupt) iaausenim

2aulee Dsym w3 AT/RT @naeinuy

EDUgym.1: Y (§21mM3+¥109gN) @iz

EDUgym-1: [Y] (380 wriu+1iaq)

EDUqce: [vy]wenena (Bln+ane) nniu
EDU,.,: [wy] (panmasma+null) ade
EDUinterrupt: W lowa (Class-cue-word Pattern)

EDUys: ue vy 6o (Au+lafisn) eens
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2. Mmatsziiuanugnaawesdismsmenuduiusains-1smssnwlaos NB uu Wums

1
= 1 = o =

Ussiliumemanuuaiugifa 0.84 wazAsednda 0.72  awmgnimsEanawsIziun
T , S , (ad , o, & W o

My Wunuasrwwey Wurh+21y’ Hiu+uae’ ‘dseg+aan’ Wuau Unngiee
v v a < Cd &

nnluadsdeaya  lsamaduens  lsalwdn  waglsaneanauaziinla  asuumn

v v = -1 v 2 < -1
ANYDHINTUIOLNNIUAIISINNAITASLNNIUMH
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a5y

9

[
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Using Extracted Symptom -Treatment Relation from
Texts to Construct Problem-Solving Map

Chaveevan PechsiriOnuma Moolwdt and Rapepun Piriyakul

1 Dept. of Information Technology, DhurakijPundinidersity, Bangkok, Thailand
2 Dept. of Computer Science, Ramkhamhaeng univer&gangkok, Thailand
{ itdpu@hotmail.com , moolwat@hotmail.com, rapepight@yahoo.com }

Abstract. This paper aims to extract the relation betweendikease symptoms
and the treatments (called the Symptom-Treatmeation), from hospital-
web-board documents to construct the Problem-Sglmap which benefits for
inexpert-people to solve their health problems prip. Both symptoms and
treatments expressed on documents are based oralsEUs (Elementary
Discourse Units). Our research contains threelpnadx first is how to identify
a symptom-concept EDU and a treatment-concept E®&tond is how to
determine a symptom-concept-EDU boundary and &ntexd-concept-EDU
boundary. Third is how to determine the Symptomaireent relation from
documents. Therefore, we apply a word co-occurrgncilentify a disease-
symptom-concept/treatment-concept EDU and Naive 8dgedetermine a
disease-symptom-concept boundary and a treatmerdepb boundary. We
propose using k-mean and Naive Bayes to determm&yimptom-Treatment
relation from documents with two feature sets, m@ypm-concept-EDU group
and a treatment-concept-EDU group. Finally, treeaech achieves the 87.5%
precision and 75.4% recall of the Symptom-Treatnnelattion extraction along
with the Problem-Solving map construction.

Keywords: word order pair, Elementary Discourse Unit, Sympfbraatment
relation

1 Introduction

The objective of this research is to develop aesysbf automatically extracting
relation between the group of disease’s symptomd #re treatment/treatment
procedure (called the Symptom-Treatment relatiominfthe medical-care-consulting
documents on the hospital's web-board of a non-gowent-organization (NGO)
website edited by patients and professional medicattitioners. The extracted
Symptom-Treatment relation is also conducted thestaction of Problem-Solving
map (PSM) which is a map representing how to sphablems, especially disease
treatments. PSM benefits general people to urataishow to solve their health
problems in the preliminary stage. Each medicad-cansulting document contains
the disease symptoms and the treatments are eggresthe form of EDUs (EDU is
Elementary Discourse Unit, which is a simple secgériause defined by [3]. Each
EDU is expressed by the following linguistic exmwies:



EDU > NP1VP | VP

VP - verb NP2 | verb adv

verb-> verlyeacnounl | verReacnoun2  [verhiong

NP1 - pronoun | nounl | nounl AdjPhrasel

NP2-> noun2 | noun2 AdjPhrase2

nounl-> ‘', ‘dhepatient’, sisz/human organ’,was scar’, ...

noun2> ‘ ', ‘efsaz’human organ’, exms/symptom’, a./..color’, ‘vvmedicine’,...

verbyea> “fuuma/have scar’, femmshave symptom’,

verbyong? $dmhe/pain’, “apply’ , ‘wapply’, ...
where NP1 and NP2 are noun phrases, VP is a vadsgh adv is an adverb, and
AdjPhrasel and AdjPhrase2 are adjective phrases.

Moreover, there are two kinds of the treatmentssteyg on the web-board
documents; the actual treatment notified by pasieisers from their experiences and
the recommended treatment edited by professiondlaalepractitioners. Thus, each
medical-care-consulting document contains seveBlU€ of the disease-symptom-
concepts along with the actual-treatment-concepU&and the recommended-
treatment-concept EDUs as shown in the followingrfo

|EDU1|--|EDUm| Dsym |EDU1|.. AT |EDU1|..| EDUpl RT| EDUH. EDUql

N> > > >

where
e Dsym, AT, and RT are a group of disease-symptontephnEDUS, a group of
actual-treatment-concept EDUs, and a group of recended-treatment-concept
EDUs respectively, as follow:
Dsym= (EDUsym1EDUsym-2 .. EDUsyma) Wherea is an integer number and is >0,
AT = (EDU,.1 EDUy» .. EDUyy)  whereb is the number of EDYJand is>0,
RT= (EDU,; EDU,., .. EDU;.) wherec is the number of ED}Jand is>0
em, n, p, and g are the number of EDUs anc>fre
Therefore, the Symptom-Treatment relation can Ipeesssed as follow:
Dsyr» AT
Dsym-> RT

From Fig.1, Dsym is EDU1-EDU3, AT is EDUS5, and RIFEDU8-EDU10. Thus,
the extracted Symptom-Treatment relations (as shdmvrthe following) from
medical-care-consulting documents with several lRroblopic names, e.g. diseases,
are collected for constructing the general PSMeasgntation (see Fig.5 ).

Symptom-Treatment Rel,
SymptomSet g ymp »(  TreatmentSet

where SymptomSet={Dsym Dsymy,.....Dsym}, TreatmentSet= AvRT, and
Dsymy= Dsymp#.....#Dsym,




Problem-Topic: Stomachach

EDU1(symptom)fihe] vaniieseciomin;  [fihe]/[ A patien} vamiad/has a stomachachenanin/heavily
([A patient] has a stomachache heavily.)
EDU2 (symptom):[gihe]iusalunszmzun;  [dihe]/[ The patienti/hasuia/gasunszm:/ inside stomachsn/a lots
([The patient] has lots of gas in the stomach)
EDU3 (symptom)amisiineiifundsmudrudunazaounandy; ams/symptominezdu/mostly occursidd/after mudruiu/having
dinneruas/and aeunanau/at night
(The symptom mostly occurs after having dinner andit night)
EDU4:  fihe]lavdaiiluTsanszmns; [fiae]/[ The patienit asds/doubtsifuTsanszimne/to geta gastropathy
([The patient] doubts tget a gastropathy)
EDUS (treatment)gie] fumaansaitoudihnitos; [4uhe]/[ The patieritauonansaltakes an antacidiioudifaniios /to solve the
stomach ache
([The patient] takes améacid to solve the stomach ache )
EDU6:  uanluwmeihn; ua/Butilvmersa /it cannot work. (But it cannot work)

Physician Suggestion

EDU7 hinmmuenseds I[Have you seen the doctor?
EDU8 (recommendationdi[#ie]ifulsanszme; & /If [the patient iiulsanszme/ get a gastropathy
( If [the user] gets a gastropathy)
EDU9 (recommendation):gifas]orndosiueraamsudansalunsszonzoms; [#12e)/[The patierit Fondssive/may take a
medicineaa/to reducensnansalunssinzennsl gastric acid secretion
([the user] may take a medicine to reduce the gastracid secretion )
EDU10 (recommendationyanigao nnsinihiidansalunszons; naniasdavoidenns/food dmhiial causing ufalu
nszmz/stomach gassy (Avoid food causing stomach gassy.)

Fig 1. An example of a web-board document contdiasSymptom-Treatment relations (where
the [..] symbol means ellipsis.)

There are several techniques [8],[1],[9] havingrbesed to extract the Symptom-
Treatment relation or the disease treatment relafrom texts (see section2).
However, the Thai documents have several spechimracteristics, such as zero
anaphora or the implicit noun phrase, without wandl sentence delimiters, and etc.
All of these characteristics are involved in thmeain problems of extracting the
Symptom-Treatment relation from the NGO web-boanduinents (see section 3):
the first problem is how to identify the diseaseapyom-concept EDU and the
treatment-concept EDU.  The second problem is hovidentify the symptom-
concept-EDU boundary as Dsym and the treatmenteqriEDU boundary as
AT/RT. And, the third problem is how to determite Symptom-Treatment relation
from documents. From all of these problems, wedrte develop a framework which
combines the machine learning technique and thluilitic phenomena to learn the
several EDU expressions of the Symptom-Treatmdatioes. Therefore, we apply
learning relatedness value [6] of a word co-occwree (called “Word-CO”) to
determine a symptom-concept EDU or a treatmente@nEDU. Word-CO in our
research is the expression of two adjacent woragswasrd order pair (where the first
word is a verb expression) existing in one EDU hading either a disease symptom
concept or a treatment concept. The Naive Baygssifier [7] is also applied to solve
the disease-symptom-concept-EDU boundary and #&leotreatment-concept-EDU
boundary from the consecutive EDUs. We also prepasing The Naive Bayes
classifier to determine the Symptom-Treatment i@hatfrom documents after
clustering objects of posted problems (Dsym) on wmb-board and clustering
treatment features.

Our research is organized into five sections. datisn 2, related work is
summarized. Problems in extracting Symptom-Treatmelations from Thai



documents are described in section 3 and sectighoivs our framework for
extracting the Symptom-Treatment relation. In secth, we evaluate and conclude
our proposed model.

2 Related Work

Several strategies [8], [1], [9] have been proposee@xtract the disease treatment
relation (or the Symptom-Treatment relation asunresearch) from the textual data.

In 2005, Rosario [8] extracted the semantic refetidrom bioscience text. In
general, the entities are often realized as nourasgls, the relationships often
correspond to grammatical functional relationsstaswn in the following example.
“Therefore administration of TJ-135 may be usefupdatients with severe acute hepatitis
accompanying cholestasis or in those with autoimniapatitis”

Where the diseaskeepatitisand the treatmeniJ-135are entities and the semantic
relation is: hepatitisis treated or cured byJ-135 The goals of her work is to
identify the semantic roles DIS (Disease) and TREAfeament), and to identify the
semantic relation between DIS and TREAT from biesce abstracts. She identified
the entities (DIS and TREAT) by using MeSH and th&ationships between the
entities by using a neural network based on fivaplgical models with lexical,

syntactic, and semantic features. Her results W&ré% accuracy in the relation
classification when the entities were hidden an®@®twhen the entities were given.

In 2011, Abacha and Zweigenbaum [1] extracted séimaelations between
medical entities (as the treatment relatibetween a medical treatment and
a problem, e.g. disease) by using the linguistittern-based to extract the relation
from the selective MEDLINE articles.

Linguistic Pattern: ... E1 ... be effective for EZ2... E1 was found to reduce E2,...

where E1, E2, or Ei is the medical entity (as vesllUMLS concepts and semantic
types) identified by MetaMap.

Their treatment relation extraction was based cowple of medical entities or noun
phrases occurring within a single sentence, as sliothe following example:

“Fosfomycin(E1) and amoxicillin-clavulanatg E2) appear to be effective for cystit{&3)
caused by susceptible isolates

Finally, their results showed 75.72% precision 66d6% recall.

In 2011, Song et al. [9] extracted the proceduradvidedge from MEDLINE
abstracts as shown in the following by using SutipgrVector Machine (SVM)
comparing to Conditional Random Field (CRF), alomith Natural language
Processing.

“....[In a total gastrectomy]Target),[clamps are placed on the end of the esophagustlzad
end of the small intestin€P1).[The stomach is removedP2)and[the esophagus is joined to
the intestine])(P3). ...”,where P1, P2, and P3 are the solution proceddresy defined

procedural knowledge as a combination of Target andorresponding solution
consisting of one or more related procedures/meathdVM and CRF were utilized
with four feature types: content feature (after dvastemming and stop-word
elimination) with a unigram and bi-grams in a tdrgentence, position feature,
neighbor feature, and ontological feature to cfgsbarget. And, the other features:



word feature, context feature, predicate-arguméntcire, and ontological feature,
were utilized to classify procedures from seveeaitences. Their results are 0.7279
and 0.8369 precision of CRF and SVM respectivelthwi7326 and 0.7957 recall of
CRF and SVM respectively.

Most of the previous works, i.e. [8] and [1], thedtment relation between the
medical treatment and the problem (as a disease)y®aevithin one sentence whereas
our Symptom-Treatment relation occurs with in salyeentences / EDUs on both the
treatments and the problem. However, the [9] wioak several sentences of the
treatment method but there is one sentence of @molds the Target disease or
symptom. Therefore, we propose using the NaiveeBaglassifier to learn the
Symptom-Treatment relation with features from ausiy objects of posted problems
(Dsym) on the web-board and clustering treatmentepts from AT/RT.

3 Problems of Symptom —Treatment Relation Extradgbn

To extract the Symptom-Treatment relation, ther three problems that must be
solved: how to identify a symptom-concept EDU andeatment-concept EDU, how
to determine a symptom-concept-EDU boundary andreatrhent-concept-EDU

boundary, and how to determine Symptom-Treatmdatioes from documents

3.1 How to Identify Symptom Concept EDU and Treatment @ncept EDU

According to the corpus behavior study of the madicare domain, most of the
symptom concept EDUs and the treatment concept EBrdsexpressed by verb
phrase. For example:
Symptom Concept
Q) EDU:  “fiawidndoudsps” | “ A patient feelsdizzy.”
“fielA patien)/NP1 (san/feels Goudsvz/dizzy/VP”
b) EDU: “su[femnis]andsne” [ “ | have a headache symptom.”
“6u/1)INP 1 (([Fern1s/havesymptorf)/verb (vanfvz/headachyNP2)/VP”

where [..] means ellipsis.

Treatment Concept
C) EDU: “Augnannsa” | “ Take an antacid.”
“(fu/lconsumyverb (gaansa/antacid/NP2)/VP”
However, some verb phrase expressions of the symptmcepts are ambiguities.
For examples:
€) EDU: “[auld]dwen” | “[ A patient] has hard time bowel movement.”
“(putdlpatien])/NP1 ((a:e/defecat@verb ¢n /difficultly)/adv)/VP”
f) EDUL: “Sonfantsnna” | “ A toilet isvery dirty.”
“Goannfltoilet)/ NP1 ((ansaumn fis very dirty/verb)/VP”
EDU2: “iiagwen” / “ Then, | has hard time bowel movement.”
“6ull)INPL @u/then/adv (gu/defecatverb ¢ /difficultly)/adv)/VP”
From e) and f) examples, the verb phrase expressitiee symptom concept occurs
only in e) with the concept offs.yn/be constipated’.




This problem can be solved by learning the relatedrfrom two consecutive words
of Word-CO with the symptom concept or treatmemtagpt. Where the first word of
Word-CO is a verb expression,, approaching to the symptom concept or the
treatment concept (wherg, € Vo , Voo = Veoi Vo2 » Vo1 IS @ set of verbs with
approaching to the symptom concepts , ang M the treatment-verb concept set).
And, the second word of Word-CO is a co-occurreddw., (Weoe Weo ; W=
WeorWeoo). W1 and W, are co-occurred word sets inducing thg, We,; CO-
occurrence and theg,, W co-occurrence to have the symptom concept and
treatment concept respectively, whegge Veor » Weor€ Weot s Veoz€ Vo2 aNdWegoe
Weooe  All concepts of Vo1, Veozs Weor , @and Wy, from the annotated corpus are
obtained from Wordnet and MeSH.
Vo1 = {' aw'/* defecat&’ wis'/* push, ‘1aasded'l have an abdomen pajhse’/ pain’,  ‘sada’/* be
uncomfortablg* ;7 lvawre’l* be uncomfortable i[e1ms]'/* havdsymptori,..}
Voo ={ 'l consume ‘w7’ apply, ‘1#/apply ‘sap'/ remedy, ‘1hge'/* nourish, ‘ae’/ reduce,.. }
Weo={" 7, * e’/ difficultly’, ‘av'/* stools, il germ, ‘ma?'/* liquid’, ‘vsesuden’l* period, ‘uiu
wed'[* fullness, ‘eunle’/* flatulence, * 14/ fever, ...}
Weoo = { "¢’/ medicing ‘enns’/* food, “ennsiasy’l' supplement...}

3.2 How to Solve Symptom-Concept-EDU Boundary (Dsym) ahTreatment-
Concept-EDU Boundary (AT, RT)

According to Fig. 1, there is no clue (i.eaz/and’, ‘3e/or’,..) on both EDUS3 to
identify the disease-symptom boundary (EDU1-EDUBY &DU10 to identify the
treatment boundary (EDU8-EDU10). After the symmptooncept EDU and the
treatment-concept EDU has been identified by usWgrd-CO from the previous
step, we then solve the symptom-concept-EDU boyndad the treatment-concept-
EDU boundary by applying Naive Bayes to learn a @O pair from a window
size of two consecutive EDUs with one sliding EDistaince.

3.3 How to Determine Symptom-Treatment Relation

The relations between symptoms and treatments amedv among patients,
environments, times, etc. even though they hasesame disease. For example:
(&) EDUsym.1: “[416]/NP1 ((amiins /nave a stomach acjieerb (edmin lbadly)/adv)/VP”

“[ A patient] has a stomachache badly.”
EDUym.2 “[ 4118]/NP 1 ((iuia /nasgas)/verb(umn /a lotg/adv lunszmelinside stomaciivP”

“[ The patient] haslots of gasin the stomach.”
EDUy.y:  “[dihe]l/INPL((Au/takeg/verb (s1aansa/an antacig/NP2)/VP”

“The patient] takes an antacid.”
EDU1: “(w/Buf)/conj“[sulit]/NPL @limeraa/ cannot worlVP”  “ But[it]cannot work.”
(b) EDUsym.1:“[ 42126)/NP 1 (amsies /have a stomachachie’P” “[ A patient] has a stomachache.”
EDUgym-z “[4126]/INP1 (@hasuimgas)/vert(lunszmelinside stomachiPrepPhrase)/VP”
“[ The patient] has gassy in the stomach”
EDUyeat.3: “[41hs])/NPL((7u/taked/verb (s1aansa/an antacig/NP2)/VP”
“The patient] takes an antacid.”

v

EDULl:  “[#41he]/NPL((s7naiu/Feel bette)/verb)/VP” “[The patient] feels better.”



According to (a) and (b) examples, the Symptom-fmeat relation occurs only on b)
because EDU4 of (b) contaifigiaiu/ feel bettet as Class-cue-word of the Symptom-
Treatment relation. Therefore, we propose autarallyi learning the Symptom-
Treatment relation on documents by using the N&eges classifier, with the
features from clustering objects with DSy ago11 Weo1.1 » Veor2 Weo1.2 5++s Veota Weola

y (where each symptom-concept EDU is determined lyd/CO, Vg1 Weo1), and
clustering the treatment features from AT and RT&S$21 Weo21 » Veo22 Weo22 5-+y Veoz

bie Weozbic ) (Where (each treatment-concept-EDU is determined/brd-COvyo.o Weo.
2))-

4 A Framework for Symptom-Treatment Relation Extraction

Corpus Preparatic J

Word-CO Learning of
Symptom-Concept /
Treatment Concept

Word-CO: Symptom Concep
Treatment Concept

A 4

Symptom —Treatment ¥ Y
Relation Extiagiay Treatment EDU Disease-Symptom EDU
Identification along with [ Identification along with
< Boundary Determination Boundary Determination

Symptom-Treatment -

Relation | Featur: Extractior
v
<~ > Symptom-Treatment

Symptom-Treatmen

Relation Learning
Model

Fig.2 System Overviewwhere the input is Text or downloaded
documents and the output is Symptom-Treatment Relati

There are five steps in our framework. The firfgpsis corpus preparation step
followed by the step of Word-CO concept learningessally symptom concepts and
treatment concepts. Then, the feature extractigm f&tr Symptom-Treatment relation
learning step which is followed by the Symptom-Tneant relation extraction step
are operated as shown in Fig. 2.

4.1 Corpus Preparation

This step is the preparation of a corpus in thenfof EDU from the medical-care-
consulting documents on the hospital's web-board tleé Non-Government-
Organization (NGO) website. The step involves wisiing Thai word segmentation
tools [10], including named entities [4]. After the word segmentation is achieved,
EDU segmentation is then to be dealt with [5]. Ehaenotated EDUs will be kept as
an EDU corpus. This corpus contains 6000 EDUs vérse diseases and is separated



into 2 parts; one part is 4000 EDUs for learning Word-CO concepts, boundaries of
the symptom feature group and the treatment featmoaip, and the symptom-
Treatment relations, based on ten folds cross atidid. And, the other part of 2000
EDUs is for determining the boundaries and the ggmpTreatment relation
extraction. In addition to this step of corpus gamtion, we semi-automatically
annotate the Word-CO concepts of symptoms andntexets along with the Class-
cue-word annotation to specify the cue word with @lass-type set {"yes”, “no”} of
the symptom-Treatment relation as shown in Fig/l concepts of Word-CO are
referred to Wordnet  (http://word-net.princetonfedhtain) and MeSH after
translating from Thai to English, by using Lexitrgthe Thai-English dictionary)

(http://lexitron.nectec.or.th/

1aavies/ Stomachach:
<Symptom Boundary>

<EDU>ilnsme<verb-co: class=symptom ; concept="has a symptoiwi»s</verb-co>evord-co: class=symptom ;
concept="stomachactei/miss</word-co>vemin </EDU>

(A user brother has a stomachache heavily.)

<EDU>[fesrw]<verb-co: class=symptom ; concept="hasgz/verb-co>word-co: class=symptom ;
concept="gassy uia</word-coxunszmizun </[EDU>

([The user brother] has lots of gas in the stomach.

<EDU>[1iaure]sinsz<verb-co: class=symptom ; concept="has a symptoini»s;</verb-co><vord-co:
class=symptom ; conceptappearance?® fu</word-cozounasmuiruduazaeunanau </[EDU> ([The user brother]
mostlyhas symptoms occurring after having dinner ad at night.)

</Symptom Boundary>
<EDU>[{1#] avdeniluTsans=n= </EDU> ([The user] doubts to get a gastropathy.)
<Treatment Boundary >

<EDU>ms<verb-co: class=treatment; concept="consume/verb-co>word-co: class=treatment
;concept="antacid? siannsa</word-co>ieudihaiios </EDU> (Then [The user brother] takes an antacid to solve
the stomach ache.)

</Treatment Boundary>

<EDU>wii<Class-cue-word: classno> linw</Class-cue-word#n </EDU> (But it cannot work.)
<EDU>nas1haninviu</EDU> (And, [The user brother] has more pain)

Fig. 3. Symptdireatment Relation Annotation

4.2 Word-CO Concept Learning

According to [6], the relatedness valuge,has been applied in this research for the
relatedness between two consecutive word in Wordv@td either the symptom
concept,Veo1r Weoz, OF the treatment concepl,,, Weoo (@S shown in equation (1)).
Where each Word-CQy,; Wi , €xisting on an EDWdontains two relatednessgy ,
Weop) Values. Ifv is Vo5, ONe relatedness value is the symptom concepthendther
one is the non-symptom concept. M is Vqo2 One relatedness value is the treatment
concept and the other one is the non-treatmenteginc The onlyv,, W CO-
occurrence with a higheruy; , w,o) value of the symptom concept or the treatment
concept than the one of the non-symptom concepthernon-treatment concept
respectively is collected as an element of YMWom Of VWieament (Veor Weo1€
VWgympomWhere VW noomis a set of Word-CO with the symptom concepts, \apd
Weo2€ VWireatmentWhere VWieamendS @ set of Word-CO with the treatment concepts ).



VWgymptom@nd VMeameni@re used for identifying the disease-symptom cpnE®U
and the treatment concept EDU respectively.

VeoiWeoi ] Q)
Veoi + Weoi — VeoiWeoi
where r(Vgoi, Weoi ) iSthe relatednesof Word—CO with a symptomconceptif coi=cadl

I (Veoi» Weoi) =

or a treatmentonceptf coi=co2 .
Veoi €Veoi s Weoi € Weoi Vcq is asetof verbswith the symptomconcepts.
Vo2 is asetof verbswith the treatmentoncepts.
W,q is the co—occurredword set havingthe symptomconceptin the vyq Weq CO—occurrence
W,z is the co—occurredword set havingthe treatmentonceptn the v, W, CO—occurrence.
fveoi is the numbersf v, occurences fWeoj is the numbersf wg,; occurences
fVeoiWeoi IS the numbersof vgo; andwg, occurences

4.3 Feature Extraction

This step is to extract two feature grougsd for classifying the Symptom-Treatment
relation in the next step, the symptom feature grdwhich is Dsym) and the
treatment feature group (which is AT / RT). THere, the symptom feature group
and the treatment feature group can be extracted fhe consecutive EDUs by using
Veo1 Weo1 @Nd Ve Weop to identify the starting EDU of Dsym and the stagtiEDU of
AT/RT respectively. Then, we learn the probabitify a Word-CO pairyceij Weoij
Veoir1 Weoi+1, With the symptom concept class (wheai=col) and the treatment
concept class (whereni=co?) from the learning corpus with a window size obtw
consecutive EDUs with one sliding EDU distance(weheri={1,2},
j={1,2,..,endOfboundary}). The testing corpus 0D28DUs is used to determine the
boundary of the symptom feature group and the bawyndf the treatment feature
group by Naive Bayes as shown in equation (2)

EDUBoundayClass= argmax P(class| Vo jWeoi j Veoi j+1Weoi_j+1)

class=Class 2
= argmax P(Veoi_jWeoi_j |ClasgP(Veoi_j+aWeoi_j+1 | clasgP(clasy @
class=Class
where  Veoi jWeoi_j € VWeymptom:  Veoi_ j+1Weoi_j+1 € VWsymptom

when coi=cal, VM gymptom IS @ setof Word- COwith thesymptomconcepts.

Veoi_jWeoi_j € VWireatment Veoij+1Weoi_j+1 € YWireatment
when coi=c02, VM yeatmentdS asetof Word- CO with thetreatmentoncepts
j =12,..,endOfboundry Class={" ye$,"nd")

4.4 Symptom-Treatment Relation Learning

It is necessary to cluster objects (or patientsipggroblems on the web-board) for
enhancing the efficiency of learning the Symptoreaiment relation because there is
the high symptom diversity depending on patientseases, environment, and etc.
We cluster the n samples of posted problems owtiteboard by using k-mean as
shown in equation (3)[2].



Clustex(x ;) = argmin [ — s * )
1<k<K

where xis a disease-symptom vector, Dsym, of an olijegd.1Weoz1, Veor2 Weot-2 5-+»
Veora Weore  @nd j=1,2,..,n posted problemsyy is the mean vector of thd'lcluster.
The highest number of,.;Weo1i OCcurrences in each cluster is selected to itstedu
representative. Thus, we have a symptom clustefYd {rhinorrhoea-based-cluster,
abdominalPain-based-cluster, brainSymptom-basesteriu ..... , hSymptom-based-
cluster}.

From equation (3), we replacewith x to cluster the treatment features where
is a Word-CO elementi i Weozi , Of AT U RT and j=1,2,..,m Word-CO8g,» Weoo-
After clustering the treatment features, the highmesnber of the general concept
(based on WordNet and MesH) wf,iw2; Occurrences in each cluster is selected to
its cluster representatve. Then we have a tredtmwlester set (Z) {relax-based-
cluster, foodControl-based-cluster, injectionCoRbased-cluster,...mTreatment-
based-cluster}.

According to clustering the extracted featuretorexfrom section 4.3, we learn
the  Symptom-Treatment relation by using Weka  (Httpyw.cs.
wakato.ac.nz/ml/weka/ ) to determine probabilitéy , z,..,z, with the Class-type
set of the Symptom-Treatment relation,{'yes’ ‘nofthereyeY, z,..,2eZ, andh is
max(b,c) from AT and RT. The Class-type set isco@a on any five EDUs right
after AT or RT. An element of the Class-type setiétermined from the following
set of Class-cue-word pattern.

Class-cue-word pattern=dtiewd/disappearclassyes’, ‘cuefanisu/feel betterelass

yes’, ‘cueliiha/do not painzlassyes’, ‘cue: "=classyes’, ‘cuehin/appearslass
no’,‘cueduhnsgy/still pain=classno’, ‘cueihanniv/have more pairgtass no’,..}

4.5 Symptom-Treatment Relation Extraction

The objective of this step is to recognize andasttthe Symptom-Treatment relation
from the testing EDU corpus by using Naive Bayesduoation (4) with probabilities
ofy, z,..,z, from the previous step with the algorithm showirig.4.

SymTreat RelClass= argmax P(class|y,z,2,,..,z,)
classClass

= argmax P(y|clas9P(z |clas9P(z, | clasy..P(z;, | clasgP(clasy  (4)
classClass
where yeY, Yis asymptonclusterset.

7,2p,..,.2n €Z, Zis atreatmentluster set.
Class={" yes$,"nad")

The extracted Symptom-Treatment relation of thép stan be used for constructing
PSM as shown in Fig.5.



Assume that each EDU is represented by (NP VP). Lis alist of
EDU.  VWjmom is a set of word-order-pairs having the synptom concepts
and VW eatment 1S a set of word-order-pairs having the treatnent
concepts (see section4.2). Ve1€Veor, Veo2€Veors Weo1€Wo1, Weo2€Wo2 (SeEE
section 3.1)

MEDI Cl NAL_PROPERTY_EXTRACTI ON( L, Vo1, Veoz, Wo1, Woz )

1 i€ 1;j €1, ReQD; flag€0; SynptonVector € @

2 while i < length[L] do

3 { while flag = 0 /*findSynptonConcept EDU

4 if Ve.iws.ie VWNymiom then flag=1

5 else i++;

6 Wi | e not Endof Boundary and Veoi-i Weo1-i € VWynptom
/ *fi ndSynpt onfFeat ur eVect or

7 { equation2, SynptonVector € SynptonVector U Veo1.iWeo1-1;

8 i ++ };

9 cluster SprtoﬁeatureVector /*equation 3

10 Flag€ 0 ; j €1; treatnentVector €@;

11 while flag = 0 /*findTreat ment Concept EDU

12 if Vo2 Weoz-j € VWi eatnent then flag=1

13 else {i++ ;j++};

14 Wi | e not Endof Boundary and Vceoj Weoz-j € VW eat ment
/*findTreat ment Feat ur eVect or

15 {equation2, treatnentVector €treatment Vector U VeepjWeoz-j;

16 j+ i +t)

17 cluster TreatnentFeatureVector /*equation 3
18 Synpt onilr eat nent Rel ati onExtracti on by equation 4

19 i f SynptonireatnentRel ation = yes then
20 {R €& R U{(Synpt onVect or )+(Tr eat ment Vect or )} ;
21 i++ };

Fig. 4Symptom-Treatment Relation Extraction Algorithm

: . Symptom-Treatment
| Disease Symptioms I# Y pl;clation >| Treatments |

brainSymptom nSymptom
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DietaryFiber Food [***

Fig. 5 Show the PSM representation of the SpmpTreatment relation
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based-cluster)

Constipation |

| Diarrhea

5 Evaluation and Conclusion

The Thai corpora used to evaluate the proposed ®ympreatment relation ex-
traction algorithm consist of about 2,000 EDUs ectiéd from the hospital’'s web-
board documents of medical-care-consulting. Theluetian of the Symptom-
Treatment relation extraction performance of teisearch methodology is expressed
in terms of the precision and the recall. Thseults of precision and recall are
evaluated by three expert judgments with max witingo The precision of the
extracted Symptom-Treatment relation after clusteris 87.5% and 75.4% recall.
These research results, especially the low recalh, be increased if the interrupt



occurrences on either a symptom boundary or amiezattboundary, as shown in the
following, are solved.

EDU1.: nyiieamsitaagnaz (I have a constipation symptom).

EDU2: [ny]werowilnarenasu ([1] try to train excretion every day.)

EDU3: ldwa (It can work)

EDU4: uanydssdulunsadae: (But | must have yogurt too)

where EDUS3 is an interrupt to the treatment-coh&dpU boundary (EDU2 and
EDU4). Moreover, our extracted Symptom-Treatmetdtion can be represented by
PSM (Fig. 5) which is very beneficial for patiemdsunderstand the disease symptoms
and their treatment. However, the extracted $gmp and the extracted treatments
are various to the patient characteristics, enwiremt, time, and etc. Therefore, the
generalized symptoms and the generalized treatmeane to be solved before
constructing PSM.
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