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= = = I
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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 84% and 72%, respectively.
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1. enuduinaesdam

Tudsandagtiudssnsudrlvaiiinldmalulagasaumauasmsdaasandae
aﬂfumgumsﬂ"wLﬁuqﬁﬁmmﬁqmsﬂaﬁwﬁnmLLu’mNLLﬁ”lmﬂnumwiN g unaiu
UDIN (Web-Board) %ﬁ"l‘é"il,ﬂugiusfﬂawwmms%uummmqLLﬁ'lwﬁmum (Solving Center)
NaNMAD L?Jugiusfﬂmm M Iua e quazidundamnzesmithurisdsemsu
M smnsuaasnmMauidymmaiuanngidemny leawmwsagngalaym
gunmwiwaasuuivuase (http://haamor.com/) Fuuiuiidiiiumsleatauila (NGO,

- - o L% v 1 ax' ]

non-governmental ~organization) vhlvizmthuzesynruae giliazeinlulsanenuna
45 % %3 Yo v c} % Gl 491’ vV
Wasasumssne  lasuanudinennuumnmamsudladymaguan  vaummaiiiasdiu
M stgunennasnnlsamuamanising aealsAMmMNUNASIENTUWaTU L
uaasdayniiennuaim s qeaslsauuiiuuasasinanud lsnardasansiulumslasu
MABUINUNNG L ZENZ Y mliaimsveslsaiilemadas 9uusadulussningse
o = rd %3 35 a o g ] 4 % % o 1 ac ¥V

MUsAMMINUWNEG  eatinuIgianiumanuduiussenindymuasismsundym
ZanAamsmeanuFunusTam-35msuddam (Problem-Solving Relation) lasawe
ANNFNWUSEIMS-IoMS3nE (Symptom-Treatment Relation) a1ntanasmenlnauy
Buuasa (http://haamor.com/) nadam/anms uazdsmsudndam /ASnsine wans

aaﬂuﬂugmmwawmaf]ﬂﬁ:’l:ﬂﬂ unazUselani3aniy EDU (Elementary Discourse

2 g

Unit @enAadszlaauaniaiwuudia 9 (Simple Sentence %3a Clause)) lag EDU i

azagiFmanumugluuuda lUindandmaeelugui 1

|EDU1|--|EDUm|DSym |EDUl|.<|EDUn| AT |EDu1|..|EDUp| RT| EDU]|..| EDUq|

> > > < —>

o Dsym, AT, uaz RT (Wunguaas EDU fifiuuwianudeeims, nguuas EDU il
WIANNAMSTMINNMNUJUAIN, Nguues EDU NilkuianudaIsmnens

MUY RNELTEIM YMNEIGY


http://haamor.com/)%20ซึ่ง

Dsym = (EDUgym-1EDUsym2 .. EDUgymes) il a Aataasruudaiian>0,
AT= (EDU,4.1 EDUq ..EDUqp) o b AatarnudaiA>0,
RT= (EDUys EDUr; .EDUy) tiie ¢ Aaaadnnuidiuiian=0

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

Problem-Topic: Stomachache

EDUL(symptom):[#iae]vanritesedamin;  [d4ile]/[A patient] vaafed/has a stomachache sswmin/heavily
([A patient] has a stomachache heavily.)
EDU2 (symptom): [dihe]dusalunsamzmnn;  [§26]/[The patient] #/has uda/gas unszmre/ inside stomach wn/a lots
([The patient] has lots of gas in the stomach)
EDU3 (symptom): emissinesidlunaaniuinudumazasunaniy;, ems/symptom sinvzihu/mostly occurs wadafter mwirudu/having
dinner uaz/and apunandu/at night
(The symptom mostly occurs after having dinner and at night)
EDU4:  [filo]avdenilulsanszimnz; [dihe]/[The patient] avde/doubts ihulsanszimz/to get a gastropathy
([The patient] doubts to get a gastropathy)
EDUS (treatment): [§io]Aueiannsadioudiiaaitos; [iihe]/[The patient] Aueraansa/takes an antacid wieusihares /to solve the
stomach ache
([The patient] takes an antacid to solve the stomach ache )
EDU6:  udflimierhe; ua/But & lume)a /it cannot work.  (But it cannot work)

Physician Suggestion

EDU7 lnmuenieds /Have you seen the doctor?
EDUS8 (recommendation): é1[g1ae]iifuTsanszimiz; &1 /If [the patient] dlulsanszimnz/ get a gastropathy
( If [the user] gets a gastropathy )
EDU9 (recommendation): [§i2e]fendosiuaiaamsndinsalunszmzoims; [4ihe]/[The patient] Aendovivevmay take a
medicine an/to reduce madinialunszimizenns/ gastric acid secretion
([the user] may take a medicine to reduce the gastric acid secretion )
EDU10 (recommendation): namassemsivhhitdausalunszme, nanidss/avoid enns/food iivnliiae/ causing ufalu
nszmg/stomach gassy  (Avoid food causing stomach gassy.)

JUT 1 waadagnaNNaNTUsaIMI-38masnmnluenasuuivuese (Fuymanval [.]

ety Myazdmnagludyuansal)

9n31it 1 Dsym da EDUI-EDU3, AT #a EDUS, uas RT #ia EDUS - EDU10

[

HaUUMSMvIanaaNNENNUsTm-I5msun ladam Wy anudunusaImMs-I5ms

[

Srwn neddell  sanseth Wldlussuumseeudmanusalud@dwsudmonuadials
(How Question) Usztan wuansismsuddam/Asnmssnmlse vuasathadauaaula
(Social Network) aealsianunudsemsmenuduiusvam-I8msuidam

[

(legmzaNudgunusaIMs-19Ms3ne) Usenaudadndymuanasil




n. adnsasey EDU ﬁﬁummmﬁﬂmms/ﬁmm (Symptom Concept EDU,
EDUgym) wazsey EDU fiflwnamuAdsmsinm Asmsudladawm (Treatment
Concept EDU, EDUjyear) MNt@NEN5L00ENG1S

2. wFHNTDITYUauwe EDU ﬁﬁummmﬁmmﬂﬁ/ﬂﬁym (Dsym) wazaautae
EDU fifluunenudedsmssnmn Aimsuddam (AT/RT) laadhals

A. Mymenudgunus Jeumn-1omsundam (WY anugunNusaIns-16ms3ne)
NNENAIBSIENINNAMES EDU fiuaaaunanudneims waznamas EDU i

UEANLUIANNAAITNIFTINY) ((EDUsym1EDUsym-2. .. EDUsym-m){EDUyreat-

j_EDUtreat_z . .EDUtreat-n>) vl.é’a Ei‘]qylﬁ

pauuINNUINeNnentaugy  Rosario  B.(2005) lagnaanadunusiienny

a

ANNUNE (Semantic Relation) sswhasasauiiaidumunuay “lsa/Disease” “Iams
$nwn/Treatment” luniledselon nen@dnemansmedzan astuanuduiugi
analaas anuFuNUSsEnI DIS Au TREAT ( Disease and Treatment Relation) #u
Falsa wazdesil¥snw  lee Rosario B.(2005) 1% MeSH Wugruanuiausum
weNuAnuae DISuasTREAT  warlddauuunsv hensalisinanumanashlieas
sfudssyanudniusssuhedinuaasiauiic - Abacha A, B. and Zweigenbaum P,
2011) ganmanuduRusmeanurInafienfudsmssne  (Treatment  Relation)
SEWINIBMIINEIUazlsA uuﬁugm UMLS uazsUuuunimu (Linguistic Pattern) an

o L [ v o’gd’ a .% 12!
MIMIFNAANINTNNU umnmﬂuwmﬂss‘[ﬂﬂ

Song S. et al, (2011) lasfaanuinansswds (Procedural Knowledge) an
unandavaunaae (MEDLINE abstract) lagl#d SVM (Support Vector Machine) wag
CRF (Conditional Random Field) sanumsuseaiamesssume ielilansssia

Juaaumsuitymndaanassnunuithuszaed (Target)

Yeleswarapu et al., (2014) 19’1’55@11&1@@131345341&'14533%510mqmsﬁﬁﬁluﬁq
Uszandnnmslden (drug-Adverse Event, drug-AE) mmaﬂmimﬁmiﬂhlmpﬁﬁuu
udam (Blogs) wazunandavausams (MED-LINE Abstract) Taadee S]“?;Lﬁ'mﬁ'usn
Ts woer oms eglugtnand  wasfienuduiusiumelunillsslon  wananld
Bayesian Confidence Propagation Neural Network mv‘hm'ﬁm@'mmé’fuﬁu%awdn

gM3aiues drug-AE



aegnalshosnuddenaunthinananil  mmsmenudunus  Jam-35ms
undgym  Usnnguunikidszlaadanulseuas Rosario B.(2005) Abacha A. B. and
Zweigenbaum P. (2011) waz Yeleswarapu et al., (2014)  wadnudvzwae Song S. et al,
(2011) azUsznauma witUsslamaslam wazvaaUsslanzaduntam luvaeh

| & X < v v ¢ ac Vo &

nReneusluesell  Wumsmenuduwus Jym-Asmsundaym  Fednnguuvens
Usele@/EDU namda ‘Uayn’ Zedde ‘@imslse’anazdsnguuvars EDU  ag
VoA o oA o o o v aa Vo y
aallasnuiiiaussengansuzaIMilsn Tuhuaudennuy Asmsuntlam’ dnazdnnguu
wane EDU  agndatiiasnuiiaussengdsmsuddam  Fendeismssnw/tlasnulse
wannniamidam  war  BMISnwATsundam  dmsumiideiiaglugles

wamsol (Event) Zanansoudegnensennd (Verb Phrase)  asuuniiddeillaihge

1
= [ g g o

(Word-occurrence  #3ai3an11 Word-Co) anaasdiiagfinnunasanlamandnge
(Stop Word) sanld luudaz EDU Tasfidmusnidiumnien (Vo) Milaaadumdamniigh
A (Weo) D VeoeVey: Veo = Vet UVew, Veor ABL@uDIMASENAR WU T
WNANNAAIMS Ve Aaauasmnsendidiuniiuduwnenudedamssnm  uas
WeoeWeo | Weo=  WeotUWeop; Wcoll,l,azwcozﬁammaqﬁwﬁl,%@:l,l,é"sﬁﬂﬁ’@:ﬁwﬁ
wweNuAaIMs  (Symptom Concept)  uwazuiaNNAaIDMISN®  (Treatment
Concept) mudeu  Taswnanudananualdmainmsimiuasedals WordNet uaz
MeSH
Vo1 = Veotsstrong W Veot-weakPlusinfomation (Lf}‘ﬂ Vco1-strong Ad Lsﬁmﬂaw’ﬁﬂ%ﬂjﬁﬁ
WANNANBINTLAEAT Vcor-weakPlusinfomation P8 L#AYBIANIEN Lown A-
verb’/have’, “iifu-verb® /‘be’, uay “gan-verb’/feel’  Flaifiuuamudnaims
Togase  udasfinenudeamsilaifmmuams @y (‘d-verb’/ ‘have’ +

‘@1n73-noun’/‘symptom’) / ‘have a symptom’

Veorstrong = { 018-verb’/‘defecate’, ‘t1v-verb’/*push’,‘ tam-verb’/¢ pain’,‘m“u-
verb’/pain’, ..}
V co1-weakPlusinfomation={ (- 4-verb’/*have’+ ‘@7n713-noun’/ ‘symptom’) /

‘have_a_symptom’,  (“tHu-verb’/‘be’+uin-noun’/flu’) / ‘get_flu’, (‘jﬁﬂ-
verb’/‘feel’+<8nan-verb’/‘be uncomfortable’) / ‘feel_ uncomfortable’ ,..}
Veoo={Aiu-verb’/‘consume’, “m-verb’/‘apply’, “leverb’ /apply’, ‘sawi-

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



Weor={* °, ‘enn-adverb’/difficultly’, ‘a1z-noun’/‘stools’, ‘L?‘?ya-noun’/‘germ’, ‘t1ad-
adverb’/<dissolvingly’, ‘Uszan@au-noun’/period’, ‘viaN,AswHe,. dIUVANTNAIY-
noun’/‘stomac,head,..human_organ’, ‘usu[vav]-adjective’/fullness’, ‘vavna-
noun’/“flatulence’, ‘I “noun’/fever’, .

Weo2 = {‘&1-noun’/‘medicine’, ‘@113-noun’/food’, ‘@a1msta3u-noun’/‘supplement’,
“ViaN, ATHe,..duzaNINAIg-noun’/ ‘stomac,head,..human_organ’, ‘A1ue

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

(;IJ'JE)EhQ WOfd-CO (VCOWCO) ﬁL{fJu WOrd‘COSym (VC01WC01 , Vcol EVCOI , Wcole Wcol)

e ‘mg-verb’/‘defecate’ + ‘#in-adverb’/‘difficultly’ = ‘be_constipated’

‘ag-verb’/‘defecate’ + “thaa-adverb’/‘dissolvingly’=> ‘have_diarrhea’

‘thm-verb’/*pain’ + ‘Adrxtiia-noun’/‘muscle’> ‘have _muscle_pain’

‘(u-verb’/‘pain’ + ‘W11an-noun’/‘chest’> ‘have_chest_pain’

(‘T-verb’/‘have’ + ‘@1m13-noun’/‘symptom’) + ‘#eue-noun’/flatulence’/

‘have a_flatulence_symptom’

(;l".]aﬁhﬁ WOfd-CO (VCOWCO) ﬁLﬂu Word'COtreat (V002W002 , VC02 EVCOZ , Wcole Wcol)
e ‘Au-verb’/‘consume’ + ‘g-noun’/‘medicine’ 2 ‘take medicine’
e ‘1f139-verb’/*nourish’+ ‘s:9Mg-noun’/*body’ = ‘nourish_the_body’

e ‘am-verb’/‘reduce’ + ¢ lvsiu-noun’/“fat’ > ‘reduce  cholesterol

aziu Word-Co (VeoWeo) iy Word-Cosym (VcorWeot ; Veo1€Veot ; Weor€ Weor) WaE
Word-Coyeat  (VeoaWeo2 3 Veo2€Veo2; Weoz€ Weon) 1%’331-! EDUsym w8z EDUtrea
MNETU wazAsaillFinafiauas SVM anvhmsmusuweyas Dsym wazuputueaN
AT/RT LLasqﬂﬁ’wmuﬁﬂﬁwmauamﬂﬁﬂmsﬁauﬁwauﬂ%m (Machine  Learning
Techniques) e Naive Bayes %¥MsEeu;  ANNENRUEINI-IBNITNY
(enudunusTeyn-I5msundem) mﬂ@'nﬂma%ﬁﬂszﬂauﬁmnmmaﬁf@ﬁwﬁﬂ
weaNNAaIMs  (Word-Cosm Vector) u,amﬂLmaif@:ﬁwﬁﬁummmﬁm’iﬁms%ﬂm
(Word-Coyea Vector) Taa Word-Cogym Vector unutiatgas EDUgym (EDUsym Vector)

ae Word-Coyest Vector unudateds EDUieat (EDUtreat Vector)



2. Toguszand

|
=1

2.1. w1 Word-Cogm taz Word-Coyesr MINAMZBERIMNDEANULAEHAILTN
Wudn3en (VeoWweo) Tuusaz EDU
[ u 4 as [ v v s ad v
2.2. W) ANNANRUEDINIAEIMIIAE (Anuduwusdam-35msundam) an

nasME Lne

3. duNAgIY

v
I Ll L [

3.1. @mzasasamilagfanunasannlamiamvaaaanll waziidusnidy
MIN3EN (VeoWeo) buuAaz EDUzaslatumsguagunwin ligmaenanil

LUIANNANDINITIINIY VeorWeo1 WHZHUIANINANIDNISINHEINSU
Veo2Weo2
3.2. gnAea32a3 Word-CosymVector wag Word-Coyes Vector melalatuums

QUATIMWUEAANNFNRUSIZIINDIMIUBITNISnINTINAD

ANNFNRUsT-38msun ludam

o w 4

4. UNNAANT

Problem-Solving Relation: anaduwusdaym-35mauddam (enudunussznin
Taymuazdismsundam)
Symptom-Treatment Relation: aNu&uWUsaIMS-I5MI5NH) (ANUFNNUSILHIN

2IMIUBZIFNIIINE)
Word-occurrence / Word-Co: @én

Corpus: A9

5. YBULIOANMTINY

5.1. sansamenudunusUam-smsundamlasmwzanudunusanms-
Bmsinw mnuawglamleswmnszalsa
5.2. aNUFUNUS2IMS-I5M 350 (ANNFNWUSUam-Iamsuntam) fanan

d‘ " A = [ = <~ =
swaibidudeudadulsadevsammaien



a v d‘ cs' Vv
VUGN LNSIYDN

MyIeMIanaaNNFNeItuMImaNnaduiusTam-3smsuidaymanienas

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

1) Naive Bayes Classifier

4

maadszanudniug ( Naive Bayes classifier, NB) (Mitchell 1997) w3a6n3a

v
Y A a

S ad = Y < = P v X ]
UsztanNB Lﬂu')ﬁﬂ'ﬁﬁﬂuiﬂuﬂﬂﬂlﬁﬂuﬂqﬂ Ll,a::l,'dum‘iLiaugﬂaguuwugmﬁmmmm%

u

{lu (Probability) ﬁ’uﬁ'agaﬁé’ﬁmm (Observed Data) & l#lunmsnaass audi Mitchell

L]
Y AR v

T.M., (1997) lanarhadatszian NB sansauszand lEnunuiEauinzuaazaiad

U

X (Instance x) 167@9%1118‘[@%15L%auimmqmé'ﬂwm: (Attribute Values) 639  uazh
aaWanguthviang (Target Function, f(x)) ahansaudesenaand (Class Value, v) an
amalvlwige (Class Finite Set, V) aatumazasmagnmszauduaaiedguthmingld
o v A& A ' fa X a v o ' vy a
gniwvua il waziladisegnludieufaansoaduield Asvanmamaldmeniiiia

(Tuple) zeeaamanyae vseWaes (Feature) <aj, a.ap>  WuAsMISEuUZIMINEM

] 4

whysngvisansaauualssandnsuaiaes luanenan

o (9 Y %3 [ n} v 35 [~ o U oy
LLu'J‘Vl’NLUﬂﬂﬁ]Zﬁ]ﬂﬂi%LﬂﬂiﬂﬂU(ﬂ’JElEl'NIVI&I“ﬂL‘Zl’lll’luul,ﬂuﬂ']'iﬂ’l‘lfiuﬂﬂ'll,ﬂ'l‘lfiﬁJ'lﬁlVlﬁJ

Tomadululdanndign w3afi38n1) Vmaximum_a_posterior (Vmap)  tiBfMWUaMANEN Yo

o 19 <ay, a,.a0>  MlFasunedai satdadluanms(2) waz (3)
Viap =argmax P(v; |a;,a,...a,) (1)
VeV
VMApzargnJax P(a,a,..a, |v;) P(v;) @)

]
=

3aUszavNB diilunuuuivugueedsannisiuuuuie 1iiNeuled mauansos
' [ v S a v oo A ° ' 4 ' A v a <)
uiasanansasazdaududaszdanuiiammuamidhvanglii - nandsdeanndgindy
msfvuaathuangzeeiegn (amazesdiadn) astuanuhasduzaimsdinans
Wonlennuuey ay, a,.a, AonagaeesmaNuhaziluesguEnynzdNeg  GuuaIe

Uszean NB, vng, anansaudaalaaanalilil

Vg = arg_n\)ax P(V,-)H P(a [v;) ®3)



o o = @ g Y v ) o = 4 tﬂ' <~
FINIVNUIYY Lsﬂ(?ﬂ%m%ﬂizmﬂ NB AMIUNMSLIYUITDILIDNAD

1.1) Mm3GEeuimeaueyes Dsym uazzad AT/RT laamaiGauiuenissnnms
duga2auwen EDUgym ot 20U6 EDUye 11 Dsym waz AT/RT emudieu aaanslu

auns (4)

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

= arg max P(Veoj_iWoj_i | €1aSS)P(V ;i1 Weojiz1 | Class)P(class) 4)
classeClass
where V,; jWeoj i € VW and Veo; g Weoj iy € VW
i ={1,2,.endOfboundary}  j={12}
IF j=1 VW; is VMgnnem Which isa Word — Cog, set

IF j=2  VW; iSVM yeaiment Which is @ Word — Coyygq, Set

Class={end, continue}

Wamuds Class «ulwlusiian (Finite Set) vasUsetanvauwazad Dsym  uay 289

ATIRT lasugaviedsliduge {end, continue} uazaAmanune ai,a,, .. a, Ao Wiaase

e 9 (Word-Co Features, Veoj-iWeoj-i 8% Veoj-i+1Weoj-i+1) Mduanznuag VWi (51 =1

I o =

> VW, =VWympom 88 VWsymptom AD#@@MNALNANDINST wazt  j=2> VW,

Y

=VWircatment N8V Wireatment  PBLEAAAMNNLUIANIINTIN) BN weiaz EDU

! o

AINIOYNUNUMBNINAM (VoojWeo)  SatUTRBSGMaulannms@aug EDU Wag

@anu (EDUI, EDUi+1; ZNaNIOQAUNUGIE VoojiWeoj-i , Vooj-i+iWeoj-i+1 ) LUAIBIZBZNNG

wil EDU (oﬁla 19354735, Method Section)

1.2) MmsBaudmannaniusaIms-18msinm asanns (5) lesdaanuiiag

Wurasilwasene aianale wu Dsym wazAT/RT ihanl#iduaaansuzviailiansen

SymptomTratmentRe lation =argmaxP(class | Dsym, Treatment)

classeClass

= a]rg mlax P(class |Vcollecol—l ’ Vcol—2 Wcol—2 yee 'Vcol—aWcol—a ’ VcoZ—1W002—1 ’ VcoZ—ZWCOZ—Z A 'Vc02—yW0027y )
classeClass

a y
= argmaxP(class) | [P(Veos numWeor num 161858) T TP (Veoo-numWeoz-num| €12SS) (5)

classeClass num=1 num=1

#1%4 Class = {“yes”, “no”}; a Aaawiu EDU lu Dsym uazfiuuienudneims y de

1 EDU Tu AT/RT wasiiumnanudaismssnw (y=b anlu AT; y=c duiu
RT)



2) Support Vector Machine

AWwasaaeasuNsdy (Support Vector Machine,SVM) (Cristianini N. and
Shawe-Taylor J.  ,2000) L?Jum'il?sauﬁl,%qLé{'u?ml,ﬂ'%aqﬁm%'umi'«imuﬂﬂssmw
(Classification) %’aya paniludaspand (Binary Classes) Ltazaﬂuﬁﬂﬂszqﬂﬁﬁunsﬁ

- % (4 4 4 = = 4 14
waneamd (Multiple Classes) nanmsuesdnnasanmaasuuziy fda msaalawasin
au  (Hyper Plane) fitiansanuussinuuasdayamadgnildaaumsiseus (Training
Data) iWawlugnngadayanuandeny lumsahulawasinaunivnanzan  szaswi

J kA4 Ad' v YV v 4 t-ﬂ' gg v = 1
szmwf\gmﬂawas&amglﬂaﬂulmﬂaiLwaumﬂwqﬂmammu A d+ waz d- SLerrN

|
1 ]

(Margin , y) wiaanszez d+ + d- lawasiwauiianzan Aslawasiwauniicnssazing
y nINNge lastayadiagnnaguuaauresnsan y asgniEendt “Damasaiuayy wie
Funasanaeas (Support Vector)”  ¢nadndayadniumaseuivsadayadune

(Input Data) Undagluslvasnawasamansme (Attribute Vectors) i USgRauwn
(Input  Space)iluaatosans R" azﬁum'ﬁﬁwLLuﬂﬂs:mmifagaaaﬂL?Juamﬂma
(Binary  Classification)  asgnuaaiaaninaeWanizuyaImuIua3e(Real-Valued
Function f: X c R" DR) G9UM X = (Xg,.....x)) gnfmuaiduaanauind f(x) >0
a & I & .24’ a = c: I LA a v [
faznutuemdau  wlleaRnsannnnsal f(x) Mduwsizuzaduees x € X o9

aumsnallil

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

Wa (w,b) e R" x R Wlumnniwmasildauauarizu

oaay

smsunideilladssandismshuunsznndayauuuSVM  anlalumsmwauazas
9IN5  UAZYAUAYBIIZNMIZNN NN IMEINUKIEITNITn lagnnanFuganIads

Togiwasnld (Tendsnawaigaanvae, X) AaIMIANGIUNUAIY VerWeer WIBITMS

SNEIEN TNUNUNIY VeooWeoz (Aatdasluza “nssuddaniiunu)
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NN BUKU

Tgfndsannineiildauamaiiamae pilamenuduiusdym-3amsuddam
TagumnzanuduiusaIns-ismsinmnnenaslamumsquagumw  (Health Care
Domain) Tesuiseanily 2 wudanede wInngluuuvseny (Pattern/Rule Based
Approach) LLasLmeqaaaimﬁqmsﬁﬂuiwaqm‘%m (Statistical Based Approach

Including Machine Learning )

1. Lmeqgﬂme%aﬂg (Pattern/Rule Based Approach)

Rosario B.(2005) laanaanuduwusinennuanavang (Semantic Relation)

a s o v w 2X g v v 4
ANLDAFININYIAIFTAINNBISHIN Iﬂﬂﬂ’J’]NﬁNWHﬁuLﬂuﬂT}Nﬂ&l‘wuﬁ(ﬂ"ml’mﬂ’im
[ d'a < [ o 4 v Ql&’d‘d o d! &
ﬂ']‘l&ﬂﬂﬂﬂi]‘tl‘lﬁL‘lJuﬂ'J'lﬁJﬂNW‘Llﬁ’iﬂfiTNﬂaﬂLE]'L!‘YIGWILﬂuﬂ'lu'miu‘ﬁuﬂﬂ‘%klﬂ ATUU

anNaNRuETanalaaa DIS and TREAT (Disease and Treatment) sadszlandaghs
foluil “Therefore administration of TJ-135 may be useful in patients with severe
acute hepatitis ac-companying cholestasis or in those with autoimmune hepatitis.” &
Mun “TJ-135” wazannuy  “hepatitis” [ Uuanuduwusuuu DIS and TREAT laa
“hepatitis” @8 DIS waz“TJ-135" @a TREAT  Rosario B.(2005) 1% MeSH ilu
PuaNNFHnSuUmMLNeNNAeues DISuasTREAT  waslddmuuunsu Tansaifis

v a

anuvanen e mlfﬂué’hszqmmé’uwuﬁszwiwﬁmmaml,auwé NANUINEYD
Rosario laanugneas 96.9% dafitouiianisaslang was79.6% iilatnaiaudiola
Usng)

Abacha A. B. and Zweigenbaum P. (2011) laanaanuauwus nemssnen
(Treatment Relation) Fuduanudusmeanuming (UuﬁugquMLS) JEWINIBGMS
Snwuaslsa lagldguuuumenwn (Linguistic Pattern) anyhmsanaanaaumy i
edulunitaslon

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

where E1, E2, or Ei is the medical entity and L1 iszalsan3nanms
ghagny “Fosfomycin (E1) and amoxicillin-clavulanate (E2) appear to be effective

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

Song S. et al, (2011)161'6{5’@mmiﬁmmssuﬁ%(Procedural Knowledge)an
unandavaunaaa(MEDLINE abstract)laal#SVM(Support Vector Machine) uag

CRF (Conditional Random Field) swaumsiszanamensssuné....[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)....”taP1, P2, wazP3 Wunssudismsundam winunlatenu
4 a1 < [ 4 ac v A v [
ANNIIMINTINIT D WumssInnuzed ihuszaed(Target) wasidundaymndannassniu
nuthiszaed anuimenssnisussnaumevarszunay  SVM wazCRF gnlasiuniu 4
Wiaas: content feature (viavannyuaue (word stemming) waziaadnga Naunigram
wazbigrams Tudselaandulselaathyssasd), position feature, neighbor feature, was
ontological feature tWanagduunlsennihiseaed  wanniifidaasdu qau word
feature, context feature, Predicate-argument structure, wazontological feature &wsu
Puundssiannssignusznaumenae Usslen  wanWITeEaININNIANNgNABY
Wlueuaiugh  (Precision) 0.7279 uaz 0.8369 289 CRFUa:SVM muadu wazsean
(Recall) 0.7326, 0.7957 w23 CRF wuaz SVM euaiau
Yeleswarapu et al., (2014) laUszandnsasramuazmsanawuuluilat
neaaludi®  (Semi-Automatic Pipeline) nugszuiamgmsailifiaszaadnnnislaen
(drug-Adverse Event, drug-AE) mﬂi”la;dammﬂu‘[mm%w Y enEsMIINIalVY
Q”L%uuuﬁaﬂ (Blogs) uwazunnataveunaaa (MED-LINE Abstract) laa@iaie i
enfiuen 1sa waz 81ms agluglnand msndauuneudc (Name Entity) aug uasi
QJ % o U a:! J 1 -
anudunusnumalunindssloa winenmendudssnauassumd  (Information
Component, IC) ¢a Bayesian Confidence Propagation Neural Network  laaen IC
#aenulilddasrvaasgmamsniliialszaadnnmslien dhumanuleuy
nassveadudas IC Tamuuamanuuiaunse (Robustness) waean IC azuue IC
ansauaaeieeNMuiuswasmsiuaanuseninmsldmuazivamsalliieUszasdann
v v v < 1 1Ty &{ v [ v v 1R
mslden e IC e 0 wseehliimstiudanuszninmsldenuazinansalliiig

Uszaaannmslden e IC tinauuun LaeaNN5EanleamNuINIEu NI L15en
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[ ]
4 C4

wazigmaollaifiaUssandiuiiadn  Wuidsudazd drug-AE fianaldmansauaniu

tgrasanNFNNusszuImsldanuasmamsallifialszaeannmslen
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Jammasmenusunusssuhetamuasdsmsuddamanienasmen nauu

< 4
NIUUIN

[

Taymamsunuiaail (Msmanudunusdam-Ismsuidamleamne
[ v 3 ac [ < 4 v
ANNFNNUSEINMS-IEMISNE  Nnenasm lnauuiuuese) Usznaudzsmuiym
L |
anaa
n. Jymidennumsszy  EDU  #iiuuianu@aeIms (EDUgym) wazszy EDU 9l

wANNANIDSNMIINH) (EDUyrear) mmmmsmuﬂmﬂfﬂu’[aLuums@uaqwmw

mﬂm‘sﬁﬂquaﬂssuﬂé’ﬁaga (corpus behavior study) WuLUIANNAADINT
LAZULUINNINANIDMIINE VDI EDUsym a2 EDUyreat MUY u,amaaﬂuﬂugﬂwaq
N38M8 MIDENNLTU
wiANINAMEINIT (Symptom Concept)

a) EDU: “gihegdndaudsee” ; “wihe/A patient 3dn/feels Geudsue/dizzy”

(A patient feels dizzy.)
b) EDU:  “au[dayms]iedsee”; “au/l [dains/have  symptom] 1a

#dswz/headache”

(I have a headache symptom.)
ﬂ' s QJ 4 J <~ =
Wadanwal[..]inunNITasAmnTeIn

wIANNAMIBNI3INE (Treatment Concept)

c) EDU: “Duenaansa”; “du/consume enannia/antacid”

( Take an antacid.)

i‘JEi’l\‘ﬂﬁdel’lﬁJ‘U’Nﬂ%JQLﬁﬂﬂ'ﬂﬂJﬂoﬂﬂ')N?l'rNﬂ'NﬂJ‘WN’]‘EI°ZI'rJQﬂ%EITJ?IﬁLLﬂGNLLu'Jﬂ'J’]NﬁﬂB’]ﬂ’ﬁ

MDY

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

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

(A toilet is very dirty.)
EDU2: auavagenn” ; “au/l 29/then ane/defecate ann /difficultly”
(Then, I defecate difficultly.)
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NN €) uaz )  N3ENINUFNUUIANNANDINTAD HIDEN €) MHLUIANNAA

Vv

NadKN/be constipated’

<

Wasnnams/Jymuazismsdnwm/Asmsuidamluenaslawumsquagumwamsu

[

el uaasadluglvaanamsel (Event) hudasenan3end (Verb Phrase) ey

2

P b4 a J

muﬁaaumlé’ﬁwLuumimawm@ﬁ’l e MaNuFNWUS r (relatedness) (Guthrie et al.,

]
Il L

1991) Mnadasfmiagianunasanlamiadmgasanly waziidusnidudmnien Tuudas
EDU ﬂanﬂLuuﬂws@LLaqwﬂww NALIANNAADINMITINTU Word-Cosym (Veo1Weo1) /
LUIANNAIDNMIIAMEINTY WOrd-Cogear (VeoWeo?) ﬁ’ﬂﬁtﬁamsﬂszqnm"l%’ Word-
COsym (Vco1€Veor 5 Weo1€ Weo1) gelsuny EDUgym waz Word-Cogreat (Veo2 € Veoz; Weo2 €

Wio2) #l#uny EDUyese (afilananaluumin) anszy EDUgym e EDUyen MNEIGU

2. Jyvdennumsmzauwe EDU niwinanudaainms (Dsym) uazuauian EDU #

Juneanueaismsinw (AT/RT)

f\nn;sﬂ‘ﬁ 1 laifidag (Clue) 19u (i.e. ‘uaz/and’, ‘w3n/or’,..) lu EDU3 iiauan
waummmséuqmammmmﬁﬂmms waz EDUI0 Lﬁauaﬂwaummmiéuqmm
LUIANNANITNITINE asﬁ?wé’qmﬂé’ﬁwmiszq EDUgym %38 EDUpear Udt51032¥0
mstszgndld NB woeSVM  (BudlumaiiamaFeudidadusauasosshniumsiiuun
Usziam) iWamzauwa EDUs a9 Dsym uwazwauiu® EDUs wae AT/RT é'hﬂfj
Word-Co (Veoj-iWeoj-i Veoj-i+1Weoj-i+1 813U j= {1,2} i=1,2,...endOfboundary) lgannms

a

(daug EDU wag@anu (EDUi EDUI+1) ludaszazmaniia EDU
. Uawinennumsszyenudunusdam-Iamsuidaym

(% [ 4 as [ v U a 4 g
TagmmzaNudunusaINs-35mMssnw  Nnudasguasdagnamasuns (EDU
Vector Pair) fidsznauadianaeaszas EDUs ffunenu@aaIms uwaznemasuas
EDUs 713iuinanudnisnssny) ((EDUsym.1 EDUgym.2... EDUsym-m){EDUyreat-1EDUyreat-
2. -EDUtreat-n»
d' u u 4 as . d' DAl v d‘
HAINNANNFNHUSDINTATM I3 wUsidaumNIe dmMwKInaay N waz U9

Ul [ = v oI Y ] 1
LLN'NQ%LﬂHIﬁﬂLG]EI')ﬂHﬂGI’]N NIDYNLTU

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

lots”
([The patient] has lots of gas in the stomach)
EDUS3 treatment: [ Q’ﬂaﬂ] fu/takes enaansa/an antacid”
([The patient] takes an antacid)
EDU4: “u@/But  Aluwmeihalit cannot work”

(But it cannot work)

(b) EDU1symtom: “[ gfthe] 1aevias/have a stomachache”
([A patient] has a stomachache.)
EDU2symtom: “[ fjithe] d/has uda/gas lunssiwns/inside stomach”
([The patient] has gassy in the stomach)
EDUS3 treatment “[;jﬂw] Auenannsa//take an antacid”
([The patient] takes an antacid )
EDU4: “[éithe] 3&ndaus Feel better”

(The patient] feels better)

PNMBEN (d) uwaz (b) ANNFNWUSDINMI-IEMIINE WasanNFuNusTym-I5ms

=

undam Unngnuaiad (b) vt twsz EDU4 aaedaate (b) 803818 “38n6a/

u

feel better” Zuflu aaadisd  (Class-cue-word) sasaNNFNNUS2INT-ATANI5NEN

aanunIelraauamslssandlamaiianisBausveuasateis Naive Bayes anvinis

Fau3anNuduiusaINs-IsMsinm nnduamas EDU (EDU Vector Pair) y1Nvae 246

u

nawas EDU sansagnunus dnawwasad (Word-Co Vector Pair) TEE)
naweigimilsznoudie nAwasgMmituunenuAeaIms (Word-Cogym Vector) was
L’Jﬂma's'qjﬁwﬁﬁuuammﬁmi%ms%’nm (Word-Coyear Vector) mﬂﬂtymﬁy’q 3 ildnam
296U MmATeiildusnsneazdsanssidimsudladameinanluiiadallde

“ATINIDANHUNIU”
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A58 TMNLH LU

szuunulagazldmsumamanuduiuseIms-35mssnm (Anuduiusssning
Tymuazismsuniaymn) NN IME Inguuiuuasalsenaumedunauai g
aeealUil (dwaadlugun 2) Fusaumsie3anaastaya (Corpus Preparation) fumau

MIEeUTLIANNAAGA (Word-Co Concept Learning) 2unaumsanailiaas (Feature

u

Extraction) #ugaumsiiauianuduiusaims-Iismsinm (Symptom-Treatment
Relation Learning) wazaumaumsannanuagunusaImMs-35mMssne (Symptom-

Treatment Relation Extraction)

L Oo Corpus Preparation

v

Word-CO Learning of
Symptom-Concept / Treatment
Concept

B ‘

Word-CO: Symptom Concept

/ Treatment Concept
YVY -_— 9@

Symptom —Treatment AL
. X \ 4
Relation Extraction -
Treatment EDU Disease-Symptom EDU
A Identification along with  [®] Identification along with
Boundary Determination Boundary Determination
Symptom-—Treatment
Relation Feature Extraction
\ 4
Symptom-Treatment
Symptom-Treatment Relation Learning
Model

U 2 izuuqﬁulmﬂaﬁ;ﬂ
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1. ﬁumaumsm’%m\lﬂé’ﬁaga (Corpus Preparation)

v
=~

ﬁ'umauuﬂumsm‘%amé’ﬁagammlm”lu‘[mLuumi@Ltaq?lmwuazﬂﬁ@ua%'ﬂm
(Tegmmzlsamaduemns  lseludn  wazlsameanaswazinla)  meladuuade
Tsanwenwaimiuieudla (NGO, Non-Government-Organization) ahansaamlvanalaain

nulad (http://haamor.com/) dushununaviae 6000 EDUs ﬂ‘i’}qgﬂuﬂqaamﬂuamd’;u

' o =

Aa dui 1 Sy 4500 EDUs  dwdumsiauiunanuaadd msiEeuizauenyad

U

Dsym uas2auwn2ad AT/RT wazms@seus anudunusenms-ismssnm meld 10
Folds Cross Validation dwfi 2 $1u7u 1500 EDUs  dwSumsnagaumzauwnuas
Dsym uazzauazad AT/RT  wazmsnadaumsanannugunusaInIs-1omssnen
wannnilaumsuiinndunsumsfamlasmsizeriuiisammeneiisnanse

wiTauauwamuazsnsdimiusmsafiuniniwesd  (Part of Speech) 14
(Sudprasert and Kawtrakul, 2003) Famdamam Name Entity (Chanlekha and
Kawtrakul, 2004), Ltazmi%'u;’:;'ﬁw (Word-Formation Recognition) (Pengphon et al.,

2002) tanazuivaymzaueuad Thai Name Entity wazinand  vaesaniuviinmsea

[

Uszlaalussau EDU ¢eidmawes (Chareonsuk et al.,, 2005) wazgamneynmsmnug

= a = a

AN WNANNANINT UasAMNNLUIANNANIENITNE WianAuMIMNU Class-cue-

a acd

word Tag Lﬁas:ummﬂ (Cue Word) meaadszaneaid  (Class-type set {“yes”,

13 99 o (¢ o 4 g ad [ v d' &' a
no }) AIBIUANNTNNUDIDINIT-ITNIIINE muamﬂugﬂw 3 UANMNULUINNINANEA

u

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

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



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

<EDU>iaeme<verb-co: class=symptom ; concept="has a symptom’>iems</verb-co><word-co: class=symptom ;
concept="stomachache’>1aitoe</word-co>adremin </EDU>

(A user brother has a stomachache heavily.)

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

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

<EDU>[+aee]insz<verb-co: class= symptom ; concept="has a symptom’>iisms</verb-co><word-co:
class=symptom ; concept= ‘appearance’> 41/14</W0rd-CO>ﬁauwé’d‘muﬂ?’nxﬁwmmaunmoﬁu </EDU> ([The user brother]
mostlyhas symptoms occurring after having dinner and at night.)

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

<EDU>wms<verb-co: class=treatment; concept="consume’>nu</verb-co><word-co: class=treatment
;concept="antacid’>eanansa</word-co>sisumaies <IEDU> (Then [The user brother] takes an antacid to solve
the stomach ache.)

</Treatment Boundary>

<EDU>us<Class-cue-word: class=no>hime</Class-cue-word>1a </EDU> (But it cannot work.)
<EDU>uaz1hanituin</EDU> (And, [The user brother] has more pain)

3U7 3. mamiuanuENRusaIMs-38nMssny (anadnwusTam-Iamsuidam)

2. BumpUMIEEuILANNAagM (Word-Co Concept Learning)

u

NI Guthrie et al. (1991) menuduwus r (relatedness) lagnihan
UssgndlfluniddeidmdumamanudunuseaigMeeuinnu@neIms  (VerWeor)
WIAUIANNAMNIBNMITNE  (VeorWeo2) nndaasmnagfanuvainnlamandivge

'
J =

panl waziidusndudnien Gaaumsd (7) %ﬁlutwiaz@ﬁw %38 WOord-Co (Veoj Weoj) 7
agluudias EDU Usznausiad 1 daesmdad lduinanu@eaims/inenuaaisns
S0 war MLlFuneNNAaIMI/UUIANNANIBMIINE 19U 0 Vej = Veor A2/ @
r dasendaelBuuianudeIms wazm e nu@eoIms M Ve = Ver Azl
M assmnamldunanudnizmsinm ware lildunanudedzmssnmn  asiuem
M(Vooj Weoj) DBIUARE Voo Weoj Al uneMuAe M WNANNAMEMISIE 1A
e ldldunenudasims/umnenudaismssnm  asgnidannuazanudandnzae

o o w A [
VWsymptom W‘Ja VWtreatment Gn&la']ﬂ‘u (Vc()lWC()le VWsymptom Lﬂ\li’] VWsymptom L‘lluL‘*Zfﬂ?lEN

Word-Co NHunaNNAnaIMs wae VeooWeor€ VWireatment 88 VWreatment LU ULBOUD
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Word-Co Hunanu@aismssne ) 69y VWsymptom 1482 VWireatment 1B8%3UM3

58y EDUgym 48% EDUjreat MNEIOU

fVcochoj (7)
fv,, + fw. — fv .w

coj coj coj ""coj

where (v, Wy,;) istherelatedness of Word —CO with

r(Vcoj ’ Wcoj) =

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

eV, VIS a set of verbs with the symptom concepts

v, cojr Weoj €W,

o] coj < Heoj
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,,, CoO—occurrence .

Ve occurences. fw

coj
fVgo;Weo; is the numbersof v,; and w,,; occurences.

coj “"coj

is the numbersof w,

j OCCurences.

is the numbersof v,

3. 2upaumsanailiaas (Feature Extraction)

Juapuiiilumsasanduiliaasaasnduvdnlugisasnaians nquusnie namas
gmifuuanudaaims (Word-Cogm Vector) nguiidesia nataeigiiiiunanuda
3BmMa¥nn (Word-Coyenr Vector)  Tagnawmasgeiifivuemudasimsununaiaas
EDUsym (Dsym)  uas nﬂma%cgjrfh‘ﬁﬁu,mmmﬁﬂ%‘ﬁ'mi%ﬂwmunﬂma‘%’ EDU\reat
(AT/RT) wsiitialflumsmenuiugaimsaamsinm  astusussuiizadumsm
9UlALes Dsym uaz 2aularedAT/RT %aenmssey EDUgym ey EDUges
auddy  FaiuniadeildnhmsGauiueuwenas Dsym uas wauwaues AT/RT ¢
wailafiuandstugasuuienFoudsuiy #s SYM wez NB  Auadsdoyaduilld

duSuzunaumsBaudanuaNiusaIMs-351M35n

SVM : L?Jumﬂﬁﬂms(%ﬂuf;;l,%qLﬁuwaqLﬂ%aqaim%'umsahLLun‘\Jszm‘n mATeiilerh
msﬁﬂufuf youeuad Dsym  waz AT/RT  éia SVM  asudeasluguns(6) Faunuy Xi
eaWord-Co (A Veoj-iWeoj-i Vooj-i+1Weoj-ivt 195U j={1,2} i=1,2,...endOfboundary)
wazilaes x luaums (6) Wunawmasuasg Word-Co Tog 0 j=1 VeoWeorinid
EDUgym U485 01 j=2 VeopWeoat 1 EDUjrear é’qﬁ?umsl,%'ﬂuiwaummm Dsym uaz

ATRT Tasmnmsdaug EDU fiegdadu (EDUIEDUI+1) lueszaznawila EDU

unsznem fx)wasunnemauniduemaauimgamsmsidaug EDU
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WaINNM3IEEUIYaUzae Dsym waz zauwazes AT/RTars SVMla an
Wi 289 W A Veor-iWeoti HEA Wi 289 W N Veop-iWeop-i  GLILAMN UM TNNT M9l

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

auLngUN 4.

MINNL. UFNADT Veor-iWeorsi , Veor-i Weop-i 482 A1 Wi :INMIEEUFNIBSVM

Vco1-iWeol-i g
W 28N Vo1 Weo1 INHNG
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
Vc02-iWeo2-i &
Surface form Concept B VeozWoozIHIMHA
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-Coyear Set.
BOUNDARY_DETERMINATION ( L,j)

1 i< 1, BOUNDARYj € &, 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 v {i}
Else i=i+l
end_whilel
7 While ( i< Iength[L])/\(vcoj-iwcoj.i EVWj )/\( Veoj-i+1Weoj-i+1 EVWj)/\
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 BOUNDARYj < BOUNDARY]j v {i+1}; i=i+1
13 end_while2
17 'Return

5UN 4. 2anasnumsvzaue Boundary Determination Algorithm

NB: mswzauwarad Dsym uas 2auweues AT/RT awnsaminalalagnsmen
BoundaryClass annauns NB (auns(4)) Auananuihaziy fildanmsiSaudueassas
Tasmsidaug EDU fag@anuy (EDUi EDUi+1) ludsszaznaniia EDU  Asuaasly
mji’]Qﬁ 2?”“)\1 Vcol_|Wcol_| y VCOl-|+1WCOJ.-I+1 iﬁ'\ﬂ%"u Dsym LLa‘?J?IﬂQ V002_|Wco2_| LL'G'W VCOZ-
Weoz-iv1 85U AT/RT auliumsvizauwenasnnGeuilaloamsiaaug EDU fiag
a o . . v i v [ ' & A v
aanu (EDUI EDUI+1) Tudaszazmanils EDU wiaunumeanuihazdunlaams
o v = & & & ¢ N o o A o2
(38u32091A309UY AUNIzNIA) BoundaryClass (Ju ‘end”  eauaasludanasiinnsm

vauagUn 4
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M9 2. udeeenuihaziuaas Word-Cogm 970 Word-Cosym Pair (Veor iWeoyi

Veol-i+1Weot-i+1) 8% WOrd-Cogreat 9NWOrd-Coyreat Pair (Veop-iWeoz-i, Veoz-it1Weoz-i+1) N¥

anuAarasudazgaludugaveuauss lidugasauwe

: End- :
End-of- | Continue- Veot-i+1Weol-i+1 Continue-
Veo1-iWeo1-i (CONCEpL) of-
Dsym of-Dsym (concept) Seniv 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
Veo2-iWeo2-i (Concept) End-of Eyinue- MeBs L E(:f- Con(:::?ue-
AT/RT | of- AT/RT (concept) ATIRT | 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
4.5’14@1aumsﬁauimmﬁuﬁu%mms-’i%m‘a%’nm (Symptom-Treatment - Relation

Learning)

FuaautillumsiBauienuduiusems-3Emssam (enudniuslym-8ms

uidayvn) Mngnamasiianalaludanauni da Dsym uazemueis AT/RT il

DSym—AT = <Vcol—1 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 4-+5 Veo2-

Weo2-c)

w%’amzqﬂssmwﬁaﬂmaﬂmmmﬁ'uﬁuﬁ’ﬂmc&jnmma‘iéﬁf\énmﬂu 5 EDUs %a4

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

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

MU
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Class-cue-word pattern={‘cue:¥n@/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:ﬁlﬁﬂjﬂagj/still pain=class:no’, cue:thaannzu/have more
pain=class: no’,..}

niitiamaemnuhaziiures Word-Cosym (Veo1Weo1) 482WOrd-Correar(VeoWeo2) 08!
AangANNFNNUET Y (Symptom-Treatment Relation) wazldld (Non Symptom-

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

wakato.ac.nz/ml/weka/)

AN 3. wFAANNIZ UV Word-Cogym oz Word-Cogreat v ldeaeaatuy
ANNFNWUEEINS-IoMS3nEN (Symptom-Treatment Relation) wazldlaanuduwus
21M3-36M 330 (Non Symptom-Treatment Relation)

Veo1 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

5.2UNDUMTFINAANNTNNUSBINT-IENTINW (Symptom-Treatment Relation

Extraction)
Fusautidlumsdhuazaiaenuduiusaims-Ismssnm(anuaunusUaym-

aa v v v e v o A & A o ow Y

WM sundaym) NnAddayanlEnadaurasIInINNUEelseNNTRIITaIENTTUE)

v
[

ANNFNNUTDINF-ITMISNHALQNENTUMIMBBNINMIBINIUADUAD  JUADUNITWN
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Dsym #aannssy  EDUgym  #uaaumsm AT/RT #aaansey EDUyex Uaztiundu

MSMIANNFNNUSAINTIDTM TSN

5.1 Fumaumsm Dsym

wé’qmﬂmiszq EDUsym A28 Veor Weol (Veor Weor€ VWaymptom) ﬁéu‘v‘hmsm
DULAAYDY Dsym shedaunaiafiuandeie SVM uaz NB aaluil

SVM: Jumsmeauunyad Dsym AIEAT Wi 2B Veor-iWeot-i (xi) lum'swﬁ
1 e‘z‘!ml,ﬂumﬁlﬁmﬂmsﬁﬂui SVM (aums (6)) Tﬂﬂmslféau@ EDU ﬁagjaﬂﬁ’u (EDUi
EDUi+1) Tugreszaemaniis EDU  aunsziadn f(x)LﬂﬁlﬂumﬂﬂmamnL?Juﬂmaauﬁq
wqmmsmméau@ EDU #fidanauwauas Dsym

NB: ilumsmuauuayas Dsym mamaNNIzuYa9 Veol-iWeo1-i W8E
Veo1-i+1Weot-i+1 1um1iwqm 2 ﬂuaums(4) Tﬂﬂmstaauﬂ EDU *nagj RN (EDUI EDUI+1)

Teszazmaniia EDU  aunsziaan BoundaryClass (flu‘end’

5.2 ﬂy’umaumsm AT/RT

wé’qmﬂmissq EDUsym A8 Veop Weoz2 (Voo Weoz€ VWsymptom) ASurhmsm
Uty AT/RT é”aﬂaaqmaﬁﬂﬁmn@hqﬁa SVM uwaz NB @ialﬂ‘ﬁ

SVM: Wumsvusuwaza AT/RT 92861 Wi 289 Veor-Weop-i (x;) Tumsn
i1 ml,ﬂum‘nlﬂmnmsnaus SVM (dums (6)) Iﬂﬂﬂ’]’itaa‘uﬂ EDU ‘viagi ANU
(EDUi EDUI+1) ludhessazmaniia EDU  aunssiiadn f)wasumnaasuinduaa
aau?ﬁwqmm‘smilﬁau@ EDU %ﬁﬁﬁaﬂaummm AT/RT

NB: lumsmaauweras AT/RT sgmannihaziuwes Veo2-iWeo2-i b8
Veo2-i+1Weo2-i+1 1umsw*n 2 AuaumMs(4) Imﬂmsl,aauﬂ EDU wagj Ganu (EDUi EDUI+1)

Tugreszazmaniis EDU  aunszise BoundaryClass (fu‘end’

5.3 2UMAUMTIIANNTNNUSDINISIDMIINE
[ [ (= 4 < 1 N
nasnnmsananguiweslugluasnnnas aanunludaanauviadas
nmma%wawjﬁwﬁa Word-Cosym Vector ({ Veor-1 Weot-1 » Veor-2 Weot-2 5+ Veot-a Weot-a ) B9
wnu Dsym) wuazWord-Coyrear VECLOr ({ Veoz-1 Weoz-1 5 Veo2-2 Weo2-2 -5 Veoz-y Weoz-y ) FULNU
ATRT) uwsr  auesuiilumsihnawesgimniasinaeasianalaannagauiil
ANNFNNUSDINS-ITNIIN NI LN SA U A ANNFNNUSAINST-ITMITINEN

nnemaadszan NB  (8ums (5)) numenuihaziluaes Word-Cogyy waz  Word-
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Copexr (M50 3) vhlviiessduuuanugunusaims-Ismssnuuazuuulaily
ANNFNNUSDINIT-IDMTINEN AALEM L UDANDSNNMSENAANNFNWUS DINT-IDMS

Snwn (gﬂ‘ﬁ 5)

Assume that each EDU is represented by (NP VP). L is a 1list of EDU.
VWsympton 1S @ set of word-order-pairs having the symptom concepts and
VWireatment 1S a set of word-order-pairs having the treatment concepts.
Vcol Gvcolr VcoZ GVCOZ! Wcol Gwcolr Wco2€wc02

SYMPTOM TREATMENT REL EXTRACTION( L, Veo1s Veozr Weorsr Weoz )

1 i€ 1;j€1; R€D; flag€0; SymptomVector € J;
2 while i < length[L] do
3 { while flag = 0 /*findSymptomConceptEDU
4 if VeoiWs ;€ VWsympron then flag=1
5 else i++ ;
6 While notEndofBoundary A Veei-iWeoi-i € VWeympronAVeol-i+1Weo1-i+1 € ViVsympton
/*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 Vesi ;Weoi-17
8 i++ };
9 Flag& 0 ; j€1; treatmentVector €
10 while flag = 0 /*findTreatmentConceptEDU
11 if  Veor-iWeo2-9€ VWireatment then flag=1l
12 else {i++ ;j++};
13 While notEndofBoundary AVeez-5Wee2-5€VWireatmentAVeo2-1+1Weo2-1+1€ Vitreatment
/*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 UVey-jWeoo-q 7
15 Jj++; it++};
SymptomTreatmentRelationExtraction by NBequation(5)
20 if SymptomTreatmentRelation = yes then
21 {R € R U{(SymptomVector)+(TreatmentVector)};
22 i++ };

23 }Return R

A v a R o a o & ad o A R
3"1_]“/]5 LL&@\‘]E]aﬂE]TY]&Jﬂ’]ﬁaﬂ@]ﬂ’)’mﬁwwuﬁaﬂﬂ’ﬁ".}ﬁﬂ’]iiﬂkﬂ%’]ﬂLﬂﬂ&?iﬂﬂiﬂ‘]ﬂ"lqﬂm’]w
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HaNISNAaaNLLazNMSUILNUND

adsdayamm ingssaudszlen wis EDU anduussaasiildnaninedudimniy
Tanadauiauseliuidmsmanugunusdam-8msunvamuu (loeanz
ANNFUNUSDINS-I5MI50E) Usenaumealsamaduarmsnuiu 500 EDUs Tsawdn
1 500 EDUs wazlsaneanasuassiilainuiu 500 EDUS Falguseiliuany
v ao v o s aat v v g aa @ v
gneawavIsmsanailaes uaziimamenuduiusaims-3Emasnmmuilaaus lag

g @enmey 3 mudadulagdsnmsasazuuudeasdemnn (Max Win Voting) 6ail

1. msUssiiunnugnaewadismsanailiaes Dsym waz AT/RT Usenausmiems
Usziiumssey EDUgym (ﬁL‘fJu EDU Buduuad Dsym TﬂﬂVWSymptom) waEMITEY
EDUyexr (MUUEDUGHGU209 AT/RT 108 VWieamen) Sa8e@Mausiugh (Precision)
uazaszan (Recall) wazmsUssiliuzauwauay Dsym uazaaun AT/RT (lanawmneiia

NB ttaz SVM) ﬁaaﬁuﬂaﬁ%mﬁ’mmgﬂéfm (% Correctness) aauaaalumsin 4

MINT 4 UFNANNYNABIIBIITNMTANANIIa3 Dsym waz AT/RT

dayalsa (500 | $rou Word- | $1wau Word- | anugnsiasuas ANNYNADIVDY %ANNYNABIYBIMINIVBULYA
EDUs) Cogym it COtreat 1 maswy EDU msszy EDU EDUgym (Dsym) woz EDUyey
ULANGN LN Suduua Dsym Guduuad (AT/RT)
AT/RT wmDsym lag wm AT/RT
waiia Toanaiia
Pr_eC|— Re- Pr_eu— Re- NB | svm NB SVM
sion call sion call
Tsamaiu
69 38 0.889 | 0.762 | 0.882 | 0.857 | 79.8 | 81.9 87.2 89.7
2T
Tsaudin 74 41 0.875 | 0.700 | 0.933 | 0.848 | 80.1 | 84.5 85.8 87.1
TsAmasuauas
2 56 39 0.917 | 0.846 | 0.894 | 0.850 | 82.5 | 85.3 88.5 90.6
mla
Wi 66 39 0.894 | 0.769 | 0.903 | 0.852 | 80.8 | 83.9 87.2 89.1

NNMTNN 4 ARAYBIANNLNUNNNMS L VWsymptom 482 VWireatment 381 EDU
BGuauzay Dsym uaz AT/RT @ 0.894 waz 0.903 wiaumamiadenay@seanaa

0.769 anaNNAEaN2a9Nsszy EDUGNAUZEY Dsym uaz

9

waz 0.852 emuaIau

]
= [ [ % [

AT/RT sntwszanuudnlu Word-Co ﬁ‘l%lﬁmnﬂamﬁmagjﬁﬂﬂuwmﬁw mﬁmqmﬁu Tad
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(e WaEaN552Yy  EDUsym uaz EDUpey 10U “3@n+i+azls+ noaviu+ wihan’ (wiuy
wihan / feel tight chest)
AMANNULNGZBINTIEY EDUGHAUYEY Dsym cnues AT/RT g 1iadl

dunusimauazwatiaauih limsszynuiio luwy

EDUgym.1: “[auld] (fayms+thavias) svaneiu”
EDUgym.o: “[Auld] (3&n+winvias)”
EDUj,.1as Effect: “uan [auld] (Harms+iaada)”

EDU5.0as Cause: “tiia9ann [auld] (Autenunviesda)”

EDU,.1 i EDUGN6uae Dsym galusinasaniuenuiviasde

wanMNUM TN 4 udaslifiuhHnuanuuananaas Word-Cogyy, fiusinglu
nsslsameauastazmla  Shnuenuuanantasnhndnnglutenaslsamsidu
amsuazlsain aeauali Word-Cogym Usinglutenansaaslsamsanasiazsinland

= 1

femudgeiiinademaGeuizauniaddasnw: NB vhilvlsanmeauauazilaiian %
AnugndasasmIzauie Dsym genhuaslsamuduamsuaslsadn  uenanil
FNUANNLANIIB WOrd-Coyes U509 lutanaslsamuduems Tsadin uazlsn
meanasuazinlany Ialndidasiu Ml wenugndeswasmsmaoua AT/RT ¢
NB luudaclsatuiianlnadasty  asnlsimuinuamnuuanaen Word-Cogym
oz Word-Coyreat (w’%ammﬁmsﬂswng 289 Word-Cosym  uazaay Word-Coear )
Tuenmslsamuduems Tsadin waslsameanasuasinlavy lifinadasanugnéas
YBIMFNVBULLAT Dsym wazAT/RT ¢ng SVM
wanMnilanuiawmazasmwaNNgndasaIMaaULANY  Dsym oz

AT/RT los SVM w38 NB uuvnasuiann imsaa (Interrupt) ieduszninmm

2aulwe Dsym %38 AT/RT @naeiu

EDUgym.1: ¥ (§21mM3+¥129gn) @iz

EDUgym-1: [Y] (380 wiu+1an)

EDUqee: [vy]wenena (Bln+ane) nniu
EDU,.o: [wy] (panasma+null) ade
EDUinterrupt: 39 Lowa (Class-cue-word Pattern)

EDUys: ue vy 6o (Au+lafisn) oens
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2. MmatUsziiiuanugnaawesdismsmenuduiusans-1smssnwlas NB wu Wums

v
1 = o =

Ussiiumemanuusiugifa 0.84 wazAsedands 0.72  awmgnimsEanaws sy
v P PR~ 5 ‘a-:: s A J s S v v

My Wunuasrwwey Wuth+21y’ Hiu+uas’ ‘dseg+aan’ Wuau Unngiee
v v a [~ Cd &

nluadsdeya  lsemaduemns  lsalwdn  waslsameanauaziinla  asuumn

v Y = - 1 v 2 o -1
ANYDHINTUIOLNNIUAIISINNAITASLNNIUMH
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a5

q

[

DUIY

]

X vy v v v g ao v £ g ¥ o ¢
Hiaiugniumanuduiusdym-smsundym  (mnfsenuduwus
sevtamuaddmsuddam) lTeammzanudunuseins-35mMssne Rnenas
mwnlnauuduuaie (http://haamor.com/) ety /ems wazdsmsundaym /Asms

o uameaananlugiuuuzawans Ustlea wis EDUs fidaiiiasiu  luansiioids
Aaunthinanani hmsmenuduius Tym-3amsuddam ’lugﬂﬂaqmmﬁ‘ﬁ SUNWUs
fumeluniiasslondalusddouss  Rosario  B.(2005) Abacha A. B. and
Zweigenbaum P. (2011) waz Yeleswarapu et al., (2014)  wadnuddawae Song S. et al,
(2011) azvsznausne Jamzadumnandlunilssleauazvansusslaauadisud daym
Tunasimafeiiuiuiimsussmemamsoiaatamussisnsudiym sananlugluas
n3emamnnans EDUs neasdamuazradismauddam wilileliiieanudhlaadhs
Faaudy

mAseiisansamenuduiugems-3amsinm (nudunusUeym-15ms
uitaym) Tugduvuvans ) EDUs lasenaiivszansnm Tnsamzathedslugunaums
snainaigulsznauseilnesnameivaslamuiy Dsym uazilnasnawmaszadisms
uidayvigu AT/RT thamslFEmatssnanammnsssNnAiiamgmannn3ena
swfumsideudueuniasamaiin fuandeiusedd ME uaz SVM wdsnld
VWeymptom 482 VWireatment ﬁ’]ﬂﬁs:q@ﬂéuﬁuwm Dsym waz AT/RT ﬁqﬁudwtaﬁﬂ
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Using Extracted Symptom -Treatment Relation from
Texts to Construct Problem-Solving Map

Chaveevan PechsiriOnuma Moolwdt and Rapepun Piriyakul

! Dept. of Information Technology, DhurakijPundit University, Bangkok, Thailand
2 Dept. of Computer Science, Ramkhamhaeng university , Bangkok, Thailand
{ itdpu@hotmail.com , moolwat@hotmail.com, rapepunnight@yahoo.com }

Abstract. This paper aims to extract the relation between the disease symptoms
and the treatments (called the Symptom-Treatment relation), from hospital-
web-board documents to construct the Problem-Solving map which benefits for
inexpert-people to solve their health problems primarily. Both symptoms and
treatments expressed on documents are based on several EDUs (Elementary
Discourse Units). Our 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 to identify a disease-
symptom-concept/treatment-concept EDU and Naive Bayes to determine a
disease-symptom-concept boundary and a treatment concept boundary. We
propose using k-mean and Naive Bayes to determine the Symptom-Treatment
relation from documents with two feature sets, a symptom-concept-EDU group
and a treatment-concept-EDU group. Finally, the research achieves the 87.5%
precision and 75.4% recall of the Symptom-Treatment relation extraction along
with the Problem-Solving map construction.

Keywords: word order pair, Elementary Discourse Unit, Symptom-Treatment
relation

1 Introduction

The objective of this research is to develop a system of automatically extracting

relation between the group of disease’s symptoms and the treatment/treatment
procedure (called the Symptom-Treatment relation) from the medical-care-consulting

documents on the hospital’s web-board of a non-government-organization (NGO)

website edited by patients and professional medical practitioners. The extracted
Symptom-Treatment relation is also conducted the construction of Problem-Solving

map (PSM) which is a map representing how to solve problems, especially disease
treatments. PSM benefits general people to understand how to solve their health
problems in the preliminary stage. Each medical-care-consulting document contains
the disease symptoms and the treatments are expressed in the form of EDUs (EDU is

Elementary Discourse Unit, which is a simple sentence/clause defined by [3]. Each
EDU is expressed by the following linguistic expression:



EDU > NP1VP | VP

VP - verb NP2 | verb adv

verb > verlyeacnounl | verReacnoun2  [verhiong

NP1 - pronoun | nounl | nounl AdjPhrasel

NP2-> noun2 | noun2 AdjPhrase2

nounl-> ‘ ', ‘dhwpatient’, sisz/human organ’,iwas scar’,...

noun2> * ', ‘e¥mzhuman organ’, enms/symptom’, %./..color’, ‘svmedicine’, ...

verbyea? “Huumahave scar’,femshave symptom’,

verbywong? $dmbe/pain’, “apply’ , ‘wapply’, ...
where NP1 and NP2 are noun phrases, VP is a verb phrase, adv is an adverb, and
AdjPhrasel and AdjPhrase2 are adjective phrases.

Moreover, there are two kinds of the treatments existing on the web-board
documents; the actual treatment notified by patients/users from their experiences and
the recommended treatment edited by professional medical practitioners. Thus, each
medical-care-consulting document contains several EDUs of the disease-symptom-
concepts along with the actual-treatment-concept EDUs and the recommended-
treatment-concept EDUs as shown in the following form.

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

> D> > >

where
e Dsym, AT, and RT are a group of disease-symptom-concept EDUs, a group of
actual-treatment-concept EDUs, and a group of recommended-treatment-concept
EDUs respectively, as follow:
Dsym= (EDUgym-1fEDUsym-2 .. EDUsym-g) Wherea is an integer number and is >0,
AT = (EDUy.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 be expressed as follow:
Dsym» AT
Dsym-> RT

From Fig.1, Dsym is EDU1-EDUS3, AT is EDU5, and RTEBU8-EDU10. Thus,

the extracted Symptom-Treatment relations (as shown in the following) from
medical-care-consulting documents with several Problem-Topic names, e.g. diseases,
are collected for constructing the general PSM representation (see Fig.5).

@ Symptom-Treatment Rel, TreatmentSet

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



Problem-Topic: Stomachacht

EDU1(symptom)fihe] vamiesecromin;  [fihe]/[ A patien} vamiad/has a stomachachenanin/heavily
([A patient] has a stomachache heavily.)
EDU2 (symptom):[gihe]iusalunszmnzun;  [dihe]/[ The patienti/hasuia/gaslunszm:/ inside stomachsn/a lots
([The patient] has lots of gas in the stomach)
EDU3 (symptom)anissinaziifundsmudrdunasaounanay; aims/symptominezdh/mostly occursidd/after mdradu/having
dinneruas/and nounaniu/at night
(The symptom mostly occurs after having dinner and at night)
EDU4:  fihe]adailulsanszmns; [fiae]/[ The patierit avds/doubtsifuTsanszimz/to geta gastropathy
([The patient] doubts to get a gastropathy)
EDUS5 (treatment)fsiias] ausiannsaiioudiharios; [¢ihe]/[ The patieritausiannse/takes an antacidiioudianies /to solve the
stomach ache
([The patient] takes an antacid to solve the stomach ache )
EDU6:  wailumeihe; us/Butilvmeraalit cannot work. (But it cannot work)

Physician Suggestion

EDU7 himmuenseds I[Have you seen the doctor?
EDU8 (recommendationi[ile]ifulsanszme; & /If [the patient «fulsanszme/ get a gastropathy
( If [the user] gets a gastropathy)
EDU9 (recommendation):gifss] fondosiueaamandsnsalunszimzoni; [fe)/[The patierit fondasive/may take a
medicineaa/to reducensnaansalunssinzennsl gastric acid secretion
([the user] may take a medicine to reduce the gastric acid secretion )
EDU10 (recommendationysnisonnsiilifitansalunszns; waniaodlavoidenns/food imhiial causing ufalu
nszmz/stomach gassy (Avoid food causing stomach gassy.)

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

There are several techniques [8],[1],[9] having been used to extract the Symptom-
Treatment relation or the disease treatment relation from texts (see section2).
However, the Thai documents have several specific characteristics, such as zero
anaphora or the implicit noun phrase, without word and sentence delimiters, and etc.
All of these characteristics are involved in three main problems of extracting the
Symptom-Treatment relation from the NGO web-board documents (see section 3):
the first problem is how to identify the disease-symptom-concept EDU and the
treatment-concept EDU.  The second problem is how to identify the symptom-
concept-EDU boundary as Dsym and the treatment-concept-EDU boundary as
AT/RT. And, the third problem is how to determine the Symptom-Treatment relation
from documents. From all of these problems, we need to develop a framework which
combines the machine learning technique and the linguistic phenomena to learn the
several EDU expressions of the Symptom-Treatment relations. Therefore, we apply
learning relatedness value [6] of a word co-occurrence (called “Word-CO”) to
determine a symptom-concept EDU or a treatment-concept EDU.  Word-CO in our
research is the expression of two adjacent words as a word order pair (where the first
word is a verb expression) existing in one EDU and having either a disease symptom
concept or a treatment concept. The Naive Bayes classifier [7] is also applied to solve
the disease-symptom-concept-EDU boundary and also the treatment-concept-EDU
boundary from the consecutive EDUs. We also propose using The Naive Bayes
classifier to determine the Symptom-Treatment relation from documents after
clustering objects of posted problems (Dsym) on the web-board and clustering
treatment features.

Our research is organized into five sections. In section 2, related work is
summarized. Problems in extracting Symptom-Treatment relations from Thai



documents are described in section 3 and section 4 shows our framework for
extracting the Symptom-Treatment relation. In section 5, we evaluate and conclude
our proposed model.

2 Related Work

Several strategies [8], [1], [9] have been proposed to extract the disease treatment
relation (or the Symptom-Treatment relation as in our research) from the textual data.

In 2005, Rosario [8] extracted the semantic relations from bioscience text. In
general, the entities are often realized as noun phrases, the relationships often
correspond to grammatical functional relations, as shown in the following example.
“Therefore administration of TJ-135 may be useful in patients with severe acute hepatitis
accompanying cholestasis or in those with autoimmune hegatitis
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 TREAT (Treament), and to identify the
semantic relation between DIS and TREAT from bioscience abstracts. She identified
the entities (DIS and TREAT) by using MeSH and the relationships between the
entities by using a neural network based on five graphical models with lexical,
syntactic, and semantic features. Her results were 79.6% accuracy in the relation
classification when the entities were hidden and 96.9% when the entities were given.

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

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

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

Their treatment relation extraction was based on a couple of medical entities or noun
phrases occurring within a single sentence, as shown in the following example:
“Fosfomycin(E1) and amoxicillin-clavulanatgE2) appear to be effective for cystit{&3)
caused by susceptible isolates

Finally, their results showed 75.72% precision and 60.46% recall.

In 2011, Song et al. [9] extracted the procedural knowledge from MEDLINE
abstracts as shown in the following by using Supporting Vector Machine (SVM)
comparing to Conditional Random Field (CRF), along with Natural language
Processing.

“....[In a total gastrectomy]Target),[clamps are placed on the end of the esophagus and the
end of the small intestingP1).[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 and a corresponding solution
consisting of one or more related procedures/methods. SVM and CRF were utilized
with four feature types: content feature (after word stemming and stop-word
elimination) with a unigram and bi-grams in a target sentence, position feature,
neighbor feature, and ontological feature to classify Target. And, the other features:



word feature, context feature, predicate-argument structure, and ontological feature,
were utilized to classify procedures from several sentences. Their results are 0.7279
and 0.8369 precision of CRF and SVM respectively with 0.7326 and 0.7957 recall of
CRF and SVM respectively.

Most of the previous works, i.e. [8] and [1], the treatment relation between the
medical treatment and the problem (as a disease) occurs within one sentence whereas
our Symptom-Treatment relation occurs with in several sentences / EDUs on both the
treatments and the problem. However, the [9] work has several sentences of the
treatment method but there is one sentence of problem as the Target disease or
symptom. Therefore, we propose using the Naive Bayes classifier to learn the
Symptom-Treatment relation with features from clustering objects of posted problems
(Dsym) on the web-board and clustering treatment concepts from AT/RT.

3 Problems of Symptom —Treatment Relation Extraction

To extract the Symptom-Treatment relation, there are three problems that must be
solved: how to identify a symptom-concept EDU and a treatment-concept EDU, how
to determine a symptom-concept-EDU boundary and a treatment-concept-EDU
boundary, and how to determine Symptom-Treatment relations from documents

3.1 How to Identify Symptom Concept EDU and Treatment Concept EDU

According to the corpus behavior study of the medical care domain, most of the
symptom concept EDUs and the treatment concept EDUs are expressed by verb
phrase. For example:
Symptom Concept
Q) EDU:  “fiwidndoudsns” | A patient feelsdizzy.”
“fi6/A patien)/NP1 (san/feels Feudsuz/dizzy/VP"
b) EDU: “su[feims]ihedse” / “1 have a headache symptom.”
“6u/1)INP 1 (([Zems/havesymptorf)/verb (vaafz/headachy¥NP2)/VP”
where [..] means ellipsis.

Treatment Concept
C) EDU: “Augannsa” | “ Take an antacid.”
“(fulconsumypverb (gaansa/antacid/NP2)/VP”
However, some verb phrase expressions of the symptom concepts are ambiguities.
For examples:
€) EDU: “[aul#]dwen” / “[ A patient] has hard time bowel movement.”
“(putdlpatien])/NP1 ((a:e/defecat@verb n /difficultly)/adv)/VP”
f) EDUL: “Yonhanlsnnn” | “ A toilet is very dirty.”
g'adﬁ?/lO”(i‘I)/NPl ((anvsnnn fis very dirty/verb)/VP”
EDU2: “nianeen” / “ Then, | has hard time bowel movement.”
“6u/1)INP1 ge/then/adv ((aw/defecat@verb ¢ [difficultly)/adv)/VP”
From e) and f) examples, the verb phrase expression of the symptom concept occurs
only in e) with the concept offsayn/be constipated’.




This problem can be solved by learning the relatedness from two consecutive words

of Word-CO with the symptom concept or treatment concept. 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 s 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-occurred warg,(Weoe Weo ; W=

WeorWeoo). W1 and W, are co-occurred word sets inducing thg, We,; CO-

occurrence and the.,, W, co-occurrence to have the symptom concept and

treatment concept respectively, whegge Veor , Weor€ Weot s Veoz€ Vo2 aNAdWeooe

Weoor  All concepts of Vo1, Veoz Weor , @and Wy, from the annotated corpus are

obtained from Wordnet and MeSH.

Vo1 = { aw'l'defecaté, wi'/'‘push’, ‘1aasies’/'have an abdomen paifiaa’/‘pain’, ‘dasa’/'be
uncomfortablg' ;7 laure’/‘be uncomfortablg’ i[ems]'/'have[symptori,..}

Vo2 ={' i’'/'consumé, ‘nr'l'apply’, “1#fapply ‘ sax'/'remedy, ‘ihye'/'nourish’, ‘ae’/'reduce,.. }

Weo={" ', * ew’l'difficultly ’, ‘a70'/'stools’, ‘m‘iya’/‘germ’, “madlliquid’, * Yseduden'/‘period’, ‘uiu
wed'[fullness), ‘ feuidle’/flatulence, * 14'/fever’, ...}

Weo2 = { "e7'/'medicing, ‘emns'['food’, ‘ emsasy’/'supplement...}

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

According to Fig. 1, there is no clue (i.eaz/and’, wse/or’,..) on both EDU3 to
identify the disease-symptom boundary (EDU1-EDU3) and EDU10 to identify the
treatment boundary (EDU8-EDU10).  After the symptom-concept EDU and the
treatment-concept EDU has been identified by using Word-CO from the previous
step, we then solve the symptom-concept-EDU boundary and the treatment-concept-
EDU boundary by applying Naive Bayes to learn a Word-CO pair from a window
size of two consecutive EDUs with one sliding EDU distance.

3.3 How to Determine Symptom-Treatment Relation

The relations between symptoms and treatments are varied among patients,
environments, times, etc. even though they have the same disease. For example:
(8) EDUsym 1 “[4216)/NP1 ((vamsies /have a stomach acjfeerb (echamin /badly)/adv)/VP”
“[ A patient] has a stomachache badly.”
EDUym.z “[ 4116]/NP 1 ((iufa /nasgas)/verb(un /a lotg/adv tunszmelinside stomaciivP”

“[The patient ] haslots of gasin the stomach.”
EDUgs  “[f126)/NPL((7ultakeg/verb (s1annsa/an antacig/NP2)/VP”
“The patient] takes an antacid.”
EDU1:  “(@/But)/conj“[su/it]/NPL1 {limersn/ cannot worfVP” “ But[it]cannot work.”
(b) EDUgym. 1] #126)/NP 1 @asiies /have a stomachachi’P” “[A patient] has a stomachache.”
EDUgym 2 “[41h6)/NP1 (@hasufmgas)/vert(lunszmelinside stomaciiPrepPhrase)/VP”
“[The patient ] has gassy in the stomach”
EDUyeat.z: “[41hs]/NP1((Fu/takeg/verb (s1aansa/an antacig/NP2)/VP”

“TThe patient] takes an antacid.”
EDU1:  “[fiae ]INPL((;anasu/Feel bettey/verb)/VP” “[The patient] feels better.”



According to (a) and (b) examples, the Symptom-Treatment relation occurs only on b)
because EDU4 of (b) contaifiginsdu/ feel bettet as Class-cue-word of the Symptom-
Treatment relation. Therefore, we propose automatically learning the Symptom-
Treatment relation on documents by using the Naive Bayes classifier, with the
features from clustering objects with DSy aBo14 Weo11 » Veo12 Weo12 5++s Veola Weola

Y (where each symptom-concept EDU is determined by Word-@@), w1, and
clustering the treatment features from AT and RT\@$1 Weo24 » Veo22 Weo22 5ees Voo

bie Weozbric ) (Where (each treatment-concept-EDU is determined by Word:CQvc,.

2))-

4 A Framework for Symptom-Treatment Relation Extraction
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Fig.2 System Overviewwhere the input is Text or downloaded
documents and the output is Symptom-Treatment Relation

There are five steps in our framework. The first step is corpus preparation step
followed by the step of Word-CO concept learning especially symptom concepts and
treatment concepts. Then, the feature extraction step for Symptom-Treatment relation
learning step which is followed by the Symptom-Treatment relation extraction step
are operated as shown in Fig. 2.

4.1 Corpus Preparation

This step is the preparation of a corpus in the form of EDU from the medical-care-
consulting documents on the hospital's web-board of the Non-Government-
Organization (NGO) website. The step involves with using Thai word segmentation
tools [10], including named entities [4]. After the word segmentation is achieved,

EDU segmentation is then to be dealt with [5]. These annotated EDUs will be kept as
an EDU corpus. This corpus contains 6000 EDUs of several diseases and is separated



into 2 parts; one part is 4000 EDUs for learning the Word-CO concepts, boundaries of
the symptom feature group and the treatment feature group, and the symptom-
Treatment relations, based on ten folds cross validation. And, the other part of 2000
EDUs is for determining the boundaries and the symptom-Treatment relation
extraction. In addition to this step of corpus preparation, we semi-automatically
annotate the Word-CO concepts of symptoms and treatments along with the Class-
cue-word annotation to specify the cue word with the Class-type set {“yes”, “no”} of
the symptom-Treatment relation as shown in Fig.3. All concepts of Word-CO are
referred to Wordnet  (http://word-net.princeton.edu/obtain) and MeSH after
translating from Thai to English, by using Lexitron (the Thai-English dictionary)
(http://lexitron.nectec.or.th/

1aaried/ Stomachach:
<Symptom Boundary>

<EDU>ilnsms<verb-co: class=symptom ; concept="has a symptoimi»s;</verb-co>word-co: class=symptom ;
concept="stomachactwei/saiss</word-co>emin </EDU>

(A user brother has a stomachache heavily.)

<EDU>[ifauvw]<verb-co: class=symptom ; concept="hag'®/verb-co>word-co: class=symptom ;
concept="gassy'za</word-co>lunszmzunn</EDU>

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

<EDU>[iiosne]simez<verb-co: class=symptom ; concept="has a symptoiwi»s</verb-co>«vord-co:
class=symptom ; conceptappearance? :ifu</word-co>noundimuiriiuazaeunaiv</[EDU> ([The user brother]
mostlyhas symptoms occurring after having dinner and at night.)

</Symptom Boundary>
<EDU>[{1#]avduiluTsanszinz <IEDU> ([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 saansa</word-co>ieuiihmies </EDU> (Then [The user brother] takes an antacid to solve
the stomach ache.)

</Treatment Boundary>

<EDU>wsii< Class-cue-word: classna> lumnw</Class-cue-wordi#n </EDU> (But it cannot work.)
<EDU>uaz1hainiu</EDU> (And, [The user brother] has more pain)

Fig. 3. Symptom-Treatment Relation Annotation

4.2 Word-CO Concept Learning

According to [6], the relatedness value,has been applied in this research for the
relatedness between two consecutive word in Word-CO with either the symptom
concept,Veo1r Weoz, OF the treatment concepl,, Weo2 (@S shown in equation (1)).
Where each Word-CQy,; Wi , €xisting on an EDWd¢ontains two relatednessgy ,

Weoi) Values. Ifv; is Vo1, ONe relatedness value is the symptom concept and the other
one is the non-symptom concept. M, is Veoo One relatedness value is the treatment
concept and the other one is the non-treatment concept. Thevgnly,,; co-
occurrence with a higherwy; , w,o) value of the symptom concept or the treatment
concept than the one of the non-symptom concept or the non-treatment concept
respectively is collected as an element of YMom Of VWieament (Veor Weo1€
VWgymptomWhere 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 VMeameniare used for identifying the disease-symptom concept EDU
and the treatment concept EDU respectively.

VeoiWeoi ] Q)
feoi + o — FVeoiWeoi
wherer (/coi Weoi )isthe relatednasof Word-CO with asymptomconceptif coi=cdl

r(Veoir Weoi) =

or areatmentonceptif coi=co2 .
Veoi € Veois Weoi € Weoi Veq is asetof verbswith the symptomconcepts.
Voo is asetof verbswith the treatmentoncepts.
W.q istheco—occurred wordsethavingthe symptomconceptn the v.q W.q CO-o0ccurrence
W, istheco-occurred wordsethavingthe treatmentconceptn the v p W, CO-o0ccurrence
fVeoi isthe numbersof v, occurences fweoi is the numbersof we,; occurences
VeoiWeoi IS the numbersof v, 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 group (which is Dsym) and the
treatment feature group (which is AT / RT). Therefore, the symptom feature group
and the treatment feature group can be extracted from the consecutive EDUs by using
Veo1 Weo1 @Nd Ve Weop to identify the starting EDU of Dsym and the starting EDU of
AT/RT respectively. Then, we learn the probability of a Word-CO pajt;, Weoi.j

Veoiis1 Weoi+1, With the symptom concept class (wh@&@i=col) and the treatment
concept class (whereoi=co2) from the learning corpus with a window size of two
consecutive EDUs with one sliding EDU distance(where={1,2},
i={1,2,..,endOfboundary}). The testing corpus of 2000EDUs is used to determine the
boundary of the symptom feature group and the boundary of the treatment feature
group by Naive Bayes as shown in equation (2)

EDUBoundayClass= argnax Rclas§ \oi jWoi j Veoi j+Weoi j+1)

classClass
= argnax (i Weoi_ | Clas3P(Vooi _jrWeoi_j+1| ClasRclasy @)
classClass

where Vo jWeoi j € VWsymptom + Veoi _j+1Weoi_j+1 € VWsymptom

when coi=cd, VM gymptom is a setof Word-COwith theymptoepncepts.

Veoi _jWeoij € VWireatment Veoi _j+1Weoi _j+1 € VWireatment

when coi=c®, VM geatments asetof Word-COwith the treatmenbncepts

j = 12..,endOfboundry Class ={" ye%,"nd")

4.4 Symptom-Treatment Relation Learning

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



Cluster(x; )= argmin Hxi —kaz (3)
1<k<K

where xis a disease-symptom vector, Dsym, of an olijegd;1Weo14, Veo12 Weot-2 5-+»

Veora Weorw  @nd j=1,2,..,n posted problemsyy is the mean vector of thd'lcluster.

The highest number of,1;W1i OCcurrences in each cluster is selected to its cluster
representative. Thus, we have a symptom cluster set (Y) {rhinorrhoea-based-cluster,
abdominalPain-based-cluster, brainSymptom-based-cluster, ..... , hSymptom-based-
cluster}.

From equation (3), we replacgwith x; to cluster the treatment features whegre
is a Word-CO elementi.y; Weo2i , Of AT U RT and j=1,2,..,m Word-CO8Sgo» Weoo-

After clustering the treatment features, the highest number of the general concept
(based on WordNet and MesH) wf,;w..2; Occurrences in each cluster is selected to

its cluster representatve. Then we have a treatment cluster set (Z) {relax-based-
cluster, foodControl-based-cluster, injectionControl-based-cluster,...mTreatment-
based-cluster}.

According to clustering the extracted feature vectors from section 4.3, we learn
the  Symptom-Treatment relaton by using Weka  (http://www.cs.
wakato.ac.nz/ml/weka/ ) to determine probabilitiey 0f,..,z, with the Class-type
set of the Symptom-Treatment relation,{'yes’ ‘no’} wheyeY, z,..,z€Z, andh is
max(b,c) from AT and RT. The Class-type set is specified on any five EDUs right
after AT or RT. An element of the Class-type set is determined from the following
set of Class-cue-word pattern.

Class-cue-word pattern=dtiews/disappearclassyes’, ‘cuefanisu/feel betterclass

yes’, ‘cuelhitha/do not painslassyes’, ‘cue: "=classyes’, ‘cue limo/appearslass
no’, cueinhneg/still pain=classno’, ‘cueihauniu/have more painstass no’,..}

4.5 Symptom-Treatment Relation Extraction

The objective of this step is to recognize and extract the Symptom-Treatment relation
from the testing EDU corpus by using Naive Bayes in equation (4) with probabilities
ofy, z,..,7 from the previous step with the algorithm shown in Fig.4.

SymTreat RelClass= argnax Rclasg ¥ 3,2%,..,2,)
clasClass

= argnax ( PyclssP|z clgs§R4 clays Pz| classRclasg (4)

clasClass
where ye Y, Yisaymptorslusteset.

4 2, 7ne Z, Zisdreatmerdusterset.
Class ={" ye%,"nd")

The extracted Symptom-Treatment relation of this step can be used for constructing
PSM as shown in Fig.5.



Assune 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€Veozs Weo1€Wo1, Weo2€Wo2 (S€EE
section 3.1)
MEDI Cl NAL_PROPERTY_EXTRACTI ON( L, Veo1, 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 SynptonfeatureVector /*equation 3

10 Flag€ 0 ; j€1; treatnentVector €@;

11 while flag = 0 /*findTreatment Concept EDU

12 if 0 Voo jWeoz2-j € VWi eatnent then flag=1

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

14 Wi | e not Endof Boundary and Vceo.j Weoz-j € VW eat ment

/*findTr eat ment Feat ur eVect or

15 {equation2, treatnentVector €treatnentVector U Ve jWeoz-j;

16 j o+ 0t}

17 cluster Treatnent FeatureVector /*equation 3

18 Synpt oniTr eat ment Rel ati onExtracti on by equation 4

19 i f Synptonilr eat ment Rel ati on = yes then

20 {R € R U{(Synpt onVect or )+(Tr eat ment Vect or )} ;

21 i++ };

Fig. 4 Symptom-Treatment Relation Extraction Algorithm
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Fig. 5 Show the PSM representation of the Symptom-Treatment relation

| Diarrhea Constipation |

5 Evaluation and Conclusion

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



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

EDUL: wyfeimsitesynaz (1 have a constipation symptom).

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

EDU3: ldwa (It can work)

EDU4: uanydssaulunsadae: (But | must have yogurt too

where EDUS3 is an interrupt to the treatment-concept-EDU boundary (EDU2 and
EDU4). Moreover, our extracted Symptom-Treatment relation can be represented by
PSM (Fig. 5) which is very beneficial for patients to understand the disease symptoms
and their treatment. However, the extracted symptoms and the extracted treatments
are various to the patient characteristics, environment, time, and etc. Therefore, the
generalized symptoms and the generalized treatments have to be solved before
constructing PSM.
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