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Abstract. The research aim is a comparative study of using different word co-
occurrence sizes as the two word co-occurrence and the N word co-oceurrence
on verb phrases fo extract disease symptom explanations from downloaded
hospital documents. The research results are applied to construct the semantic
relations between disease-topic names and symptom explanations for enhancing
the automatic problem-solving system. The machine learning technique, Sup-
port Vector Machine, and the similarity score determination are proposed to
solve the boundary of simple sentences explaining the symptoms for the two
word co-occurrence and the N word co-occurrence respectively. The symptom
extraction result by the N word co-occurrence provides the higher precision
than the two word co-occurrence from the documents.
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1 Introduction

The research objective is the comparative study of using different word co-occurrence
sizes as the two word co-occurrence and the N word co-occurrence on verb phrases to
extract the disease symptom explanations from the downloaded health-care docu-
ments on the hospital web-boards. The research results are beneficial to the automatic
problem-solving system after each semantic relation is constructed between a disease
name from a document topic name and the extracted disease-symptom explanation
from the document. Moreover, the disease symptom explanation mostly consists of
event expressions on several EDUs (where EDU is an Elementary Discourse Unit
expression defined as a simple sentence or a clause, [1]) as the symptom-concept
explanation on a document of a certain disease as follow.
Examplel.
Topic name: Tsawasnansnew Bronchitis Disease
EDUI (symptom) : “ diswulosanu/ When I cough,”

(ifo/When  (su/D/NP  (loosmn/cough)/VP)

EDU2 (symptom): * [du]seihavnzdhudon/ 1) will have phlegm containing blood.”



([ihullz] (seiwill have mumelphlegm (sputum) ifhafea/as blood)/VP)
EDU3 (symptom): “ wdsr[mn] i’/ But [I] have no fever.”

(win/But  [emfI] (lhihihave no ifever)/VP)
EDU4 (symptom): * [wu]diunalszina 2 fundu/[f] have the symptoms about 2 days.”

([l (fhaniget [symptom] ds:mm 2 Suniviabout 2 days Y¥VP)
EDUS: “frw)maduihe Tsmmasavdnay/ [1] doubts fo get bronchiris? ”

( [an/1) (modo/doubt dh/gei Tsanneaausnu/bronchitis)VP)
where the [..] symbol means ellipsis, NP is a noun phrase, and VP is a verb phrase.
A symptom-concept EDU boundary occurs on EDU1, EDU2, EDU3 and EDUA4.
According to Examplel, the research emphasizes on the event expressions by verb
phrases because of most sympten-concept expressions on the verb phrases of EDUSs.
Each EDU is based on the following That linguistic pattern after stemming words and
eliminating stop words.
EDU - NP1 VP
VP = V1| V1 NP2 | V] Adverb |V2 NP3|V2 NP3 VP| V2 Adj
V1 2Vyong | Preverb Virons
V2 2 Ve | Preverb Viea
NPI-> Nounl | Noun2 | Noun3
NP2 -» Noun2 | Noun2 NP2 | Noun2 AdjectivePhrase
NP3-> Noun3 | Noun3 Adj prep NP2
Nounl=» {*§ihe/patient’ *Tsnldisease’...} ;
Noun2-3 {*edosiorgan’ vinuiarea’ ‘gonselstool > ...} )
Noun3-> {*ewnis/symptom’ ‘unaiscar’ ‘sosimark’  Mifever’ ‘Bufrash® “vuespus’ ...}
Varong™> { ‘atu ifinauseate’  ‘eulonfvomit  ‘thalpain’ ‘Sufpain’  ‘udulconstrict’
‘fulitehy’ ..}

Ve 2 {iufbe’ fihave §anlfeel’}
Adv> fanldifficudtly’ ...} Adj .. /.. .color’ ‘marfwatery’ ...} ;
Preverb > {*lifnot’ ... }

where NP1, NP2, and NP3 are noun phrases. Ve i @ strong verb set with the
symptom concept. V... is a weak verb set which need more information to have the
symptom concept. Noun3 is a noun set with a symptom concept. Adv is an adverb set
with the symptom concept. Adj is the adjective set with the symptorm concept. prep
is a preposition.

There are several techniques [2],[31,[4],[5] having been used for event extraction
from text (see section 2). However, the Thai documents have several specific charac-
teristics, such as zero anaphora or the implicit noun phrase, without word and sen-
tence delimiters, and etc. All of these characteristics are involved in two main prob-
lems of extracting the explanation of the symptom-concept EDUs. The first problem
is how to identify an EDU verb phrase having symptom concept whilst some verb
phrases contain V... which needs some following words to provide the symptom
concepts. Thus, we apply the different word co-occurrence sizes; the co-occurrence
between two words (called Word-Co) and the co-occurrence between N words {called
N-Word-Co), on the EDU verb phrase with the Von./ Ve element as the first word
of the co~cccurrence for the comparative study of using Word-Co and N-Word-Co to



determine the symptom-concept EDU, Where N-Word-Co size (or the N value) is
solved by Support Vector Machine (SVM) learning [6]. The second problem is how
to determine the symptom explanation as the symptom-concept EDU boundary, i.e.
EDUI-EDU4 of Examplel (see section 3.2). With regard to the second problem, we
need to develop a framework which combines the machine leamning technique and the
linguistic phenomena to learn the several EDU expressions of the disease-symptom
explanation on the health-care hospital web boards. Therefore, we propose the SVM
learning to solve the boundary having Word-Co as input features and the similarity
score {7] to solve the boundary having N-Word-Co as input features.

Our research is organized into 5 sections. In section 2, related work is summa-
rized. Problems in extracting the disease symptom explanation from the documents
are described in section 3 and section 4 shows our framework for extracting the dis-
case symptom explanation from the documents. In section 5, we evaluate and con-
clude our proposed model,

2 Related Work

Several strategies [2],[3],[4L[5] have been proposed to solve the event extraction
from text.

In 2011, [2] applied syntactic and lexical constraints on binary relations expressed
by verb phrases (called relation phrases) for the Open Information Extraction system,
REVERRB. They implemented a verb-noun combination on the relation phrase to
match the POS tag pattern. The research results with more than 30% of REVERB’s
extractions are at precision 0.8.

S.Ando et al.[3] proposed methods for filtering harmful sentences based on multi-
ple word co-occurrences. They compare harmless rate between two-word co-
occurrence and three-word co-occurrence, The precision of identify and filtering the
harmful sentences through three-word co-occurrence method exceeds 90% whereas
the precision of the two-word co-occurrence is under 50%.

In 2014, [4] worked on a model for identifying causality in verb-noun pairs to en-
code cause or non-cause relation. The result of this research achieves 14.74% and
41.9% F-scores for the basic supervised classifier and the knowledge of semantic
classes of verbs respectively. :

In 2016, [5] studied the temporal variation in word co-occurrence (i.e. Noun-Noun,
Verb-Noun) statistics, with application to event detection. [5] developed an efficient
unsupervised spectral clustering algorithi that uncovers clusters of co occurring
words which can be related to events in the dataset. The performance of [S] methods
for event detection on F-score, obtaining higher recall at the expense of precision
informative terms occurring in discrete time frames.

However, most of previous researches identify an event by two-word/three-word
co-oceurrence without the EDU/simple-sentence boundary consideration as our re-
search. Whilst the symptom-concept expression on each EDU of our research mostly
consists of several words, i.e. EDU2 of Example 1.



3 Problems of Extracting Disease-Symptom Concepts

Our research contains two problems of determining the symptom-coneept explana-
tion; how to identify an EDU verb phrase having symptom concept and how to de-
termine the symptom-concept EDU boundary.

3.1 How to Identify Verb Phrase having Symptom Concept

According to the hospital’s health-care web-boards, there are several verb phrases
with/without the symptom concepts as shown in the following Example2:
Example2
EDUL: “wdvoniAfter auldl patient ((ww/consume)verb {pnns/ mealynoun)/VP
(After a patient has consumed a meal,)
EDU2: “ [aulilhe] ((#have)weak-verb (Hifever)/noun)/VP”
([he] has a fever.)
EDU3: “wasfand [avlithe) ((#haveYweak-verhb (ewmvisymptom)inoun (piesy/
stools)inoun (masiwatery)/ Adj (wawiseveral)lAdj (n¥ef times)noun)/VP™
(and | hel has _a symptom of watery stools within several times.)
According to Example2, the verb phrases (VP) of EDU2 and EDU3 have the weak
verbs with the symptom concepts whereas EDU1T having VP without the symptom
concept. Thus, the research applies Word-Co and N-Word-Co on the verb phrases
{which contain w; as either Vyomg€ Virong0t Vweak € Vaweak and the co-occurred word as
wy € Noun3 ; Noun3 exists in either NP3 or NP1) to identify the verb phrase having
the symptom concepts.  Using the N-Word-Co to identify the verb phrase with the
symptom concept has another problem of how to determine the size of N-Word-Co or
the N value, i.e. in Example2 having the EDUZ verb phrase with N-Word-Co as &/

have Hifever” (N=2) and the EDU3 verb phrase with N-Word-Co as ‘#have awmnis/

svmptom  guetssistools  wmaa/watery’ (N=4). Thus, we apply the SVM learning to

solve the N value (by sliding the window size of two consecutive words with one
sliding word distance after stemming words and the stop word removal).

3.2  How to Determine Symptom-Concept EDU Boundary

In regard to Examplel and the following Example3, how to determine the symptom-
concept EDU boundary is challenge.

Example3

EDUL: “[mu} Tifitfnd [1] do not have mucus.”

EDU2: “lan} hile /[1] do not cough.”

EDU3: “udluu] dnoynia (But [I] have a congested nose.”
EDUA4: “[#u] duna/[1] have sore throat .”

EDUS: “[na] muoufdmen/[1] take the antibiotic medicine.”

EDU6G: “ustshudt lsivier but it does not work.”



where Example3 has the symptom-concept EDU boundary occurrence on EDUL
through EDU4. Therefore, we propose the SVM learning to solve the boundary hav-
ing Word-Co as input features (by sliding the window size of two consecutive EDUs
with one sliding EDU distance) and the similarity score<0.9 to solve the boundary
having N-Word-Co as input features.

4 A Framework for Extracting Disease-Symptoms

There are three main steps in determining the disease-symptom explanation for each
document topic name by using the Word-Co or N-Word-Co technique, Corpus Prepa-
ration step, Learning Step and Symptom-Concept EDU Boundary Determination
Step, as shown in Fig.1.
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Fig.1. System Overview

4.1  Corpus Preparation

This step is the corpus preparation in the form of EDUs from the medical-care docu-
ments on the hospital’s web-board (http://haamor.com/). The step involves using
Thai word segmentation tools [8] including Name entity [9] followed by EDU seg-
mentation {10]. These annotated EDUs are used as an EDU corpus which contains
3000 EDUs of gastrointestinal fract diseases and childhood diseases and is separated
into 2 parts; the first part of 2000 EDUs for the learning step of both Word-Co and
N-Word-Co; and the second part of 1000 EDUs for determining the sympton-concept
EDU boundary. We then semi-automatically annotate the Word-Co expressions with
symptom concepts for the w, and w, tags as Word-Co and for the w, through w; as N-
Word-Co after stemming words and the stop word removal as shown in Fig.2. All
symptom concepts are referred to WordNet (http://word-net.princeton.edu/obtain) and



MeSH (https:/fwww. nlm.nih.gov/mesh/) after translating {rom Thai to English, by
Lexitron (http://lexitron.nectec.or.th/}.

Disease Topic : Tsaifimaiumaiiuanms / Gastrointestinal tract disease

EDU: [ghe]idnuiihiondnmuivunde
IgwhelA patient] §nffeel wivpress against Wat wifwn/chest Fwa/vight side dhnmivsometime
<EDUIL> ( [{a¥fwi/A patienf)/nen] /NP1
{(<Word-CoExpression location = chest from Noun2>
<w: setType="weak-verb’ ; concept= “feel’ boundary = ‘y >ifn</ w;>
< wy: setType="strong-verb’ ; concept="oppress/press against’ boundary ="y >uin</ wy>
< wy: setType="Noun2” ; concept= ‘chest/organ’ boundary= "y >ufen</wy>
<w,: setType="Adj’ ; concept= ‘right side’ boundary= ‘y >#myn</ws>
< ws: setType="Adv’ ; concept= ‘sometime’ boundary= ‘n*>fnie<iws>
</ Word-CoExpression>)VP </EDUI>..................
The Word-CoExpression tag is the word boundary tag including 2-Word-Co expression (w1 and w2)

and N-Word-Co expression (w1 through w4 with boundary property= ‘y"). The w1 tag is the verb
tag and the w; tag is the co-occurred word; tag where i=2.3,.. numn.

The {..] syimbol means ellipsis (Zero Anaphora)

Fig.2. Word Co-Occurrence Annotation

4.2  Learning

4.2.1 Word-Co Learning. We collect each Word-Co feature, wyw, or v, w,,, with the
symptom concept into VW from annotated corpus where VW is a Word-Co set with
the symptom concepts; w, is a verb represented by v, ; and wsis a co-occurred word
represented by w.,. VW is used for identifying and extracting the consecutive symp-
tom-concept Word-Co occurrences for learning the EDU’s Word-Co boundary with
the symptom concept by SVM (using Weka, ,http://www.cs. wakato.ac.nz/ml/weka/).
SVM is the linear kernel: the linear function, f{x), of the input x ={x,..x,,) assigned to
the positive class if f{x) >0, and otherwise to the negative class if f{x) < 0, can be writ-
ten as

Fx)=(wt-x)+b
n
=2 wt;x;+b 0

Jj=1
where x is a dicholomous vector number, wt is a weight vector, & is a bias, and
(w.D)eR"xR are the parameters that control the function. The SVM learning is to
determine wt ;and & for each Word-Co feature, v ., o0 (x ;) in each Word-Co
DAIT, V0o W oV a1 Woen-1. TrOID the supervised learning of SVM by sliding the
window size of two consecutive EDUs with one sliding EDU distance where j= 1. 2,
... 1 and #n is End-of-Boundary.

4.2.2 N-Word-Co Learning. In regard to equation 1, the features used for leaming N-
Word-Co size by SVM are obtained by the following concept sets: Verbgrong, Verbyeax,
Noun2, Noun3,Adj, and Adv . The SVM learning is to determine wi; and & for each



word feature, w; (o1 x;) in each word-cancept pair (w; wy),) with a symptom concept,
The N-Word-Co size/boundary learning from wywy.| (where wie Vg Ivweas ; Wi €
Noun2uNoun3uVerbgngd VerbyegsAdjvAdy; 7=2,3...1) of VP is the supervised
learning of SVM by sliding the window size of two consecutive words with one slid-
ing word distance after stemming words and the stop word removal. Where j=1,2,..,n
and # is End-of-Boundary and is equivalent to the N value of N-Word-Co size.

4.3  Symptom-Concept EDU Boundary Determination

4.3.1 Symptom-Concept EDU Boundary Determination by Using Word-Co. After
using VW to identify a symptom concept EDU from the testing corpus, the wt vector
of all v . from the SVM learning are used to determine the boundary of the
symptom-concept EDUs with equation 1 by sliding the window size of two consecu-
tive EDUs with one sliding EDU distance. If f{x)<0 then the boundary is ended as the
symptom-concept EDU boundary; otherwise continuing,

4.3.2 Symptom-Concept EDU Boundary Determination by Using N-Word-Co. The
symptom- concept EDU boundary is determined after the N-Word-Co size determina-
tion and extraction. After Wy &€V yonp Viveax and wy is the first word of VP on the test-
ing corpus, the wt vector of all vy from the SVM learning in section 2.2.2 which are
used to determine and extract the N-WordCo size/boundary with symptom-concept
collected into the matrix vector (W) of symptom concepts with equation 1 by sliding
the window size of two consecutive words with one sliding word distance.

Tablel. The N-Word-Co expression on the health care documents

N-Word-Co Occurrence on VP Symptom concept
“hi/be mulrash uadred ” To oceur red rash
“iiwlhe wn/scar wrny blister To ogcur blister mark
“itifbe unalscar swmulinflame’ To occur inflamed mark
“mhiconstrict ywhen/cliest’ To constrict chest pain
“winconstrict vieabdoniinal To constrict abdominal pain
‘in/feel mhicconstrict wion/chest To constrict chest pain
“Yanffeel aaulibe nauseate To be nauseate
Tanlfeel Guumsvsadizzy’ To be dizzy
“Fdnlfeel wwnilpain fsusthead” To have an headache
‘Fanlfeel \halpain Fodabdominal’ To have an abdominal pain
*ishave Tifever’ To have a fever
“whave sovllesion $blne To oceur blue Tesion
“nrhave ewsisymptom  naulsinauseate’ To occur nauseated symptom
“Hdiave smsisymptom helpain To occur pain
‘Ihave mnnisyiptom awipain divslhead To have an headache
‘have axmsisymptom halpain fadabdominal’ To have an abdominal pain

If fx) < 0 then the boundary is ended as a word vector of N-Word-Co; otherwise
continuing. All extracted N-WordCo expressions are collected into W of symptom
concepts as shown in Tablel. The symptom-concept EDU boundary is then deter-



mined by the similarity score determination as Max Similarity Score (MaxSimScore)
[6] in equation 2. MaxSimScore is determined between the N-Word-Co of the test-
ing corpus’s EDU and the candidate N-Word-Co expressions from W. The N-Word-
Co concept of each consecutive EDU verb phrase is the symptom concept if
MaxSimScore=0.9 to W: otherwise the symptom vector is ended.

MaxSimScoe = ArgMaxSim larity Cardma””{ \WWCeonpus  NWCeandidate, | ] @

=t INWCeorpus | x| NWCeandidate
7
where Cardinality is thenumber of N - Word-Co elementsof W
Wis theMatrix ved¢orof N - Word- Co (theN - Word- Co set) with thesymptomconcept
NWCcandidate is acandidate N - Word- Co element of theN-Word-Co set with

thesymptomeconcept
NWCeorpus is an N - Word-Co of EDU fromthetestingcorpus.

4.4  Evaluation and Conclusions

Table 2. Evaluation of Symptom Vector Determination from Web Documents

Correctness of Symptom Vector Determination

Health-(é:;rc-f Sy mptom Using N-Word-Co Using 2-Word-Co
P Precision Recall Precision Recall
Gastrointestinal tract
diseases SO00EDUs 92.4% 63.05% 84.2% 0%
Codhood discases 02% | 754% | 854% | 76.2%

The testing corpus of 300 EDUs of gastrointestinal tract diseases and 500 EDUs of
childhood diseases collected from the hospital web sites is used for evaluating the
symptom-concept EDU explanation/boundary determination from texts. Both evalua-
tions of the symptom-concept EDU explanation determinations by using Word-Co
and by using N-Word-Co from the testing corpus are based on the precision and the
recall which are evaluated by three expert judgments with max win voting. The aver-
age of precisions of determining the symptom-concept EDU explanation are 91.3%
and 84.8% with average recalls of 69.2% and 73.1% by using N-Word-Co and Word-
Co respectively, as shown in Table2. The reason of low recall is the anaphora prob-
lem, especially with Noun3. For example: there are some pronoun words, i.e, ‘(¥
#olsomething)lpronoun’  “(exls/something)lpronoun’, appearing among the conse-
quence words of some verb phrases with the symptom concept, which result in the
low recall as shown in the following
VP=“($n/feel)/serialverb  (Whavedweak-verb  (uwdesomething)/pronoun

(ilinside)prep (syninose)noun (szwivd/during)prep (Do

morning)noun”

(“feel to have something inside the nose during the morning”)



However, the research results provide the higher precision by using N-Word-Co to
determine the symptom-concept EDU explanation from the documents because N-
Word-Co contains more information. However, the results also provide the higher
recall by using Word-Co to determine the symptom-concept EDU explanation from
the documents because Word-Co is more general than N-Word-Co. Thus, the symp-
tom-concept EDU explanation are determined and extracted to construct the semantic
relation as the diseaseName-symptomExplanation relation where the disease-names
are obtained by the document topics. The diseaseName-symptomExplanation relation
is beneficial to the automatic diagnosis of the problem solution. Moreover, the pro-
posed method of using either N-Word-Co or Word-Co to determine the information
or knowledge can also be applied to the other areas such as the industrial finance
problems.
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