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Abstract

This research aims to defermine an eveni-concept pair series as consequent events, particularly
a cause-effect-concept pair series on disease documents downloaded from hospital-web-boards. These
serfes are used for representing medical/disease complicalions which benefit for solving system. Each
causative/effect event concept Is expressed by a verb phrase of an elementary discourse unit which is a
simple sentence. The research had three problems; how fo determine each adjacent-simple-sentence pair
having the cause-effect relation, how to determine each cause-effect-concept pair series mingled with
simple sentences having non-cause-effect-relations, and how to identify the complication of several
extracted cause-effect-concept pair series from the documents. Therefore, we extract NWordCo-concept
set having the causative/effect concepts from the senfences’ verb phrases including a support vector
machine fo solve each NWordCo size. We apply the Naive Bayes classifier to extract an NWordCo-
concept pair sef as a knowledge template having the cause-effect relation from the documents. We then
propose using the knowledge template fo extract several cause-effect-concept pair series. We also apply
the intersection of the NWordCo-concept sets to identify the common-cause/effect for representing the
complication-development paris of these exiracted series. The research results provide a high percent
correctness of the cause-effect-concept-pair series defermination from the documents.

Keywords: Event-Concept Pair Series, Elementary Discourse Unit, NWordCo, Complication.
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1. introduction

The objective of this paper is to determine each event-concept pair series, particularly a
cause-effect-concept pair (called ‘CEpair’} series of disease information downloaded from
hospital-web-boards  (i.e. http://www.si.mahidol. ac thisidoctorfe-plf), such as diabetes
documents, kidney-disease documents, and artery-disease documents. The CEpair series is
used for representing medical complications, particularly the disease complications, including
complication development parts which benefits for the solving system. Whilst ‘series’ means ‘a
group or a number of related or similar things, events, efc., arranged or occurring in temporal,
spatial, or other order or succession; sequence.’ (hitp://www.dictionary.com/). The CEpair
series of the research is then a group of CEpair elements which are cause-effect-event ordered
pairs occurring as a sequence of the CEpair elements on a document. Each CEpair element is
an ordered pair (¢, €) with the cause-effect relation where ¢ is a causative-event concept and e
is an effect-event concept. Moreover, the ‘Complication’ term in medicine is ‘is an event or
oceurrence that is associated with a disease or a healthcare intervention, is a departure from
the desired course of events, and may cause, or be associated with suboptimal outcome’ [1],
e.g. a diabetic patient may develop complication in the artery system. Thus, each
causative/effect event concept on each CEpair element, CEpair; (i=1,2,..,/ast which is an
integer), is expressed by an EDU pair (where an EDU is an elementary discourse unit which is a
simple sentence,[2]) from two adjacent EDUs; one causative-event concept EDU and one
effect-event concept EDU as shown in the following CEpair; sequence to represent Example 1.

CEpairq, CEpair;, CEpairz ,..., CEpairjg
Example 1: Topic Name: fyhaunnen/Diabelic Problems
.. EDUT: “Jilesnihizansman” (A patient gets a diabetes disease.)

“dihoipatient wulis  Tmwimwldiabetes disease.”
EDU2:"slesmsseunirrenBugfuldien” (Since the pancreas produces less insulin.)

“decsmfsince suemdpancreas ahdproduces zoftwsugsulinsulin'
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EDUS“sugiudimhiidedaynnblizainhmeld’ (insulin has a function of signaling cells to take sugar for use o
“Sugirdinsulin iniilhas a function of  dwfaradties/signaling cells unha-alitifto take sugar for use”
EDU4:" Sig5rame maseflniugin” (When the body lacks of insulin.)
“idfisf When #wmalbody wwllack of sefiwsugau/insulin®
EDUS:“[yinaafludugid/ EDU4] shliamsbissainiwelildis” ([facking of hormone insulinfEDU4] makes the body
unable to take the sugar for use.) .
"[rnnasfubgicllacking of hormone insulinfEDU4] salifmake sumulbody  hiswmmibiunable to lake e W
Wl sugar for use”
EDUG!"[Iu'ﬂ1u77n1f1:51ﬁmﬁﬂifEDU5]:ﬁun?:mﬂﬁ?:ﬂ'ini’lmﬁimﬁmgm'hﬂnﬁ" ([Being unable to use the sugar /EDUS] is a
cause of blood-sugar level being higher than normal.)
“[isunsminbatitd! Being unable fo use the sugar IEDUS] duruughilis @ cause of sdushewisugar-level tiin
dealblood  gendsfhigher than  Jndfnormal "
EDUY:"SafussWifamsdonsnmnsnfaaunaiinmy” (which is a catalyst for artery deterioration occurrence through
the body.)
“fulwhich Wulis smsdcatalyst Viraloccur msden/deterioration sedof wsadsaundartery shithrough sumalbody "
EDUS:"[nudeuzosmansdoaund/EDUT] sirbiinasioannddy” ([The artery deferioration occurrencelEDU7) causes the
arteries to constrict.)
“[naiansanssaifaauss arteries deterioration/EDUT] satiicause wesadisnundartery aulconstrict’
EDU9: "[uresifiesuasd/EDUB] dhawyindifalaislamaden” ([The constricted arteries JEDUS] is the cause of the
ischemic heart disease.)
“[nssadasumiiviconstricted arteries/EDU8] dhuwsiihifafis the cause of Bmiwlheart disease wnllack of
wealblood "
EDU10: “safi Bawmawn fnthiRifeoidriysaiamsanns Tanls uszleln Just’. .
{Thus, the diabetes disease will be a significant risk factor to a brain disease, a heart disease, and
a kidney disease.)...

where the [..] symbol means ellipsis.

Example 1 is then represented by the CEpair series containing EDU3 as a non-causative and
non-effect concept EDU and EDUS as an intervening EDU of the stimulation relation as shown
in the following cause-effect relation expressions.

EDU1-EDU2 Pair as CEpairl: EDU2 (Cause) & EDU1 (Effect)

EDU4-EDUS Pair as CEpair2: EDU4 (Cause) < EDUS (Effect)

EDUS-EDUB Pair as CEpair3: EDUS {Cause) -> EDUS6 {Effect)

EDUB-EDU7 as an intervention relation as the stimulation relation:

<highBloodSugar>... StimulationRelation...<artery Deterioration>

EDU7-EDUS Pair as CEpair4: EDU7 (Cause) - EQUS (Effect)

EDUS-EDUS Pair as CEpair5: EDUS8 (Cause) <> EDU9 {Effect)

where the stimulation relation on EDU6 co-occurs with the cause-effect relation on CEpair; and
CEpair, as the part of the CEpair series. The CEpair Series representation of Example 1 is
then shown in Figure.1.

(produce Less (lackOf (unableToUse (haveHigh {Deteriorate {Constrict
Hormene) Hormone) Sugar) BleodSugar) Artery) Artery}
EDU2-{»EDU1’| | EDU4-}>EDUS. || EDUS J:.EDUS “EpUs- [+ EDU7.|_[ ' _[ EDUB-T»EDUS
“vause:|Veffect | |cause:l.sffect | |‘cause:|: effect: et ey “datse. | - effect”
{BeDiabetic) (unableToUse {haveHighBlood (Deteriorate (Belschemic)
CEpairt Sugar) Sugar) Artery) Artery) '
P CEpair2 CEpair3 StimulationRel. CEpaird CEpair5

Figure 1. CEpair Series Representation of Example 1.

Thus, the disease causation direction represented by the CEpair series determined by this
research benefits for improvement of people’s understanding and compliance to the physician
suggestion of the appropriate treatment. Therefore, the research concerns to determine the
CEpair series with the event concepts from texts for providing the knowledge representation to
people and enhancing the solving system. In addition, this research emphasizes on the EDU's
verb phrase expressions because the CEpair series is based on several events that each event
concept is mostly expressed by an EDU’s verb phrase. The EDU expression has the following
Thai linguistic patterns after stemming words and the stop word removal.

EDU 2> NP1 VP | VP

VP = Verb NP2 | Verb adv | Verb

Verb = Verbueax Noun | Verbsiang
NP1 - pronoun j Noun | Noun Adj | Noun Adjphrase

IJEECS Vol. 5, No. 3, March 2017 : xxx — xxx
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NP2-> Noun | Noun Adj | Noun Adjphrase

Verbweac> {iibe’, bidulnot_he’'ilhave’,"iifnot_have',"Wluse’}

Verbsyong> {“isfcause’,'fnfocour, ‘Fulconstrict, ‘duilblock up', ‘wefterminate’, ‘Wesususdnot_respond, ‘deu!
deteriorate’, ‘sulexcrefe’, ‘wniwlincrease’, ‘wWinwsdohange’ swiedvomit ‘uslswell ‘snfconvulise’,  ‘wmmad!
belnconscious','sihigh', awldie'"ilcatalyze’' ' nszipd stimulus’, .}

Adj = {'gofhigh’, ...} Adv=>{'wwf difficultly, “wedf liquidly', ...}

Noun={ *, “ur fscar, ‘faipatient, ‘ssmlhuman organ’, ‘oalblood , eswsluring', s pressure’, henslsugar,
“wadfal, ‘s protein’, swnslsymptom’,'sesato/contraction’ 3./ .color', ‘sadi/catalyst,. ..}

where NP1 and NP2,are noun phrases. VP is a verb phrase. Verbgng is @ strong verb concept

set consisting of the causative/effect verb concept set and the stimulating verb concept set, {1/

catalyze''nesiu stimulus’,.}. Verbyeax I8 @ weak verb concept set requiring more information, i.e.
Verbyeak Noun, to become either the cause-event/effect-event concept, i.e. ‘/be+audss/clot, or
the stimulation-event concept, i.e. il/betsns/catalyst. Noun is a noun concept set. Adv is an

adverb concept set. Adjis the adjective concept set and Adjphrase is an adjective phrase.

There are several techniques [3-9] having been applied for determining the cause-
effect/causality/causal relation but not including the stimulation relation from texis (see section
2). 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 (see section 3), how to determine each
adjacent-EDU pair having the cause-effect relation from the documents containing word
ambiguities i.e. a discourse-cue ambiguity and some EDU occurrences of both causative and
effect concepts, how to determine the CEpair series occurrence mingled with non-cause-effect-
relation EDUs including a stimulation relation EDU from the documents, and how to identify the
common-causefeffect of the disease complications including their development parts from
several CEpair series of different diseases. Regarding these problems, we need to develop a
framework which combines machine learning and the linguistic phenomena to represent each
EDU event concept by n-word co-occurrence (called NWordCo) on the EDU's verb phrase. The
reason of using NWordCo to represent an EDU event is the Verb,.. element which needs more
information from some linguistic sets, i.e. Noun, Adj, Verb and Adv, to form the
causative/effect/stimulating concept where the stimulating concept is the concept of the
stimulation relation occurring as the enhancement of the certain cause-effect relation. The
NWordCo expression on an EDU’s verb phrase of the research starts with a word, w, (where
Wy EVerberong s/ Verbuea), followed by the N-1 co-occurred words (N is an integer) as shown in
the following equation (1) after stemming words and eliminating stop words.

NWordCo expression = w+ wy+...tuy {1
where wi e Verbgong WVerbyeak ; wa,...,wy € Noun UAdj WAy UVerb
Thus, we apply each annotated NWordCo-expression pair with one NWordCo with a causative-
event concept and another NWordCo with an effect-event concept to represent a cause-effect
relation including an annotated NWordCo with a stimulating-event concept. We then apply
Support Vector Machine (SVM) [10] to learn the NWordCo size (which is an N value) for
extracting and collecting NWordCo expressions with the causative/effect/stimulating event
concepts into an NWordCo-concept set, NWC. However, some NWordCo occurrences lack of
information because their verb phrases consist of only one word, i.e. “{susuflevel tndfat:lipid

dan/blood:liquid_body_substance)/NP1 (dilincrease)VP" (Fat level in the blood increases).

Thus, we collect the NWC element from the one-word VP by adding two more words from the
head noun of NP1 as the following NWordCo expression: switffevel+ ‘widfat+ dv/increase .

We then apply Naive Bayes (NB) [11] o learn probabilities of NWordCo-concept pairs with a
relation-class set, {CauseEffectRelation, nonCauseEffectRelation}, from the annotated corpus
having the discourse cue ambiguity and some NWordCo occurrences of both causative and
effect concepts depending on their context. The extracted NWC with the causative-event
concepts, the effect-event concepts, and the stimulating-event concepts consists of NWCgyq ,
NWCg, and NWC,q which are the NWordCo-concept sets extracted from diabetes documents,
kidney-disease documents, and artery-disease documents respectively as shown in equation
{(2). We then determine NWCP,, (which is as an order pair set of the NWordCo-concept pairs
having the cause-effect relation} by the Cartesian product of NWCxNWC along with the NB
learning of the relation-class probabilities from the annotated NWordCo-concept pairs.
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Therefore, the exiracted NWCP,, can be expressed as the knowledge template, particularly the
cause-effect-relation template In equation (3) for extracting the CEpair series from the
documents.

NWC= NWCdbd U/ NWdeUNWCar[d (2)
NWCP={(NWCs1,NWCe2), (NWCe,NWCe3). .. (NWCeo, NWCeq) (NWCeo, NWCa)....} (3)
where: NWCgq, NWC2,... , MWCqq, NWCez,... eNWC ;
{nwee; .nweg) is an ordered pair of an NWordCo-concept pair having the cause-effect
relation between nwcg; as an NWordCo with a causative-event concept and nwc,; as an
NWordCo with an effect-event concept; { andj are an integer.
And, we assign nwcepex € NWCP, ; therefore nwcpe, = (nweg, nwey)
k=1,2,...theNumberQfElementOINWCP.,

We then propose using the cause-effect-relation template, NWCP. , and the stimulating-cue-
word set, {‘duiisdbe-Verbe.+catalyst-Noun', “sf/catalyze-VerDsyong', ozl SEMUiUS-Verbgyong'.. .}

to determine the CEpair series including a stimulation relation EDU from the testing corpus (see
section 3). We also apply the intersection set with the causative/effect concepts of NWC 4,
NWCyy, and NWC, to identify the common-cause/effect of disease complications for
representing CEpair series containing the complication-development parts from several
extracted-CEpair series.

Our research is organized into 5 sections. In section 2, related work is summarized.
Problems in determining the CEpair series from texts are described in section 3 and section 4
shows our framework of determining the CEpair series. In section 5, we evaluate and conclude
our proposed model.

2, Related Works

Several strategies [3-9] have been proposed to determine the cause-effect relation from
texts without the cause-effect series consideration except [8]. Girju [3] proposed decision tree
learning the causal relation from a sentence based on the lexico syniactic pattern (NP1 causal-
verb NP2). Chang [4] used cue-phrase and the statistical approach to NP-pair probabilities to
solve the causal relation occurrence within two EDUs. Verb-pair rules were applied along with
machine learning techniques to extract the causality occurrence within several effect EDUSs [5].
There are more research works based on the lexico syntactic pattern with the causal concept as
in [6] proposed the Restricted Hidden Naive Bayes model to learn and exiract the causality from
the English documents. Where the learning features in [6] include contextual, syntactic, position,
and connective features. Mirza [7] applied the rule-based, Support Vector Machine and the
temporal reasoning to extract the causal relation on a complex sentence or two simple
sentences from English documents, Whilst causal chains were generated by adding the causal
chains obtained from latent topics to the causal chains obtained from word matching [8]. The
model's [8] is based on noun features including hidden causal chains sclved by latent topics.
Events of automatic pathway curation using the popular mTOR pathway (mTOR is a kinase that
in humans is encoded by the MTOR gene) [9] were exfracted by using different training datasets
and learning algorithms. Their event extraction based on the noun derivative extracts the
entities (genes, proteins etc), reactions (e.g. phosphorylation) and their arguments (theme,
cause, and product). Whereas event pairs of our research are based on verb phrases.
Nevertheless, most of the previous works on the cause-effect relation are based on noun/NP
features (except [5]) existing on one/two sentences without the series consideration (except [8])
whereas our work has NP1 ellipsis cccurrences on documents. Even though [5]'s work is based
on verb phrases, their work emphasizes on a causefeffect boundary without the event-pair-
series consideration. Whilst [8]'s work as the causal chain emphasizes on NP1 and the latent
topics. However, there are few works on extracting the CEpair series as a disease causation
direction including the complication development,

3. Problems of Extracting CEpair series from Texts

3.1 How to Determine EDU pair Having Cause-Effect Relation Including Word Ambiguities
The CEpair; expression as the cause-effect relation between two adjacency EDUs as an
EDU pair can be determined by using the discourse-cue set, {‘mmz/because’, ‘wpsn/since’, s
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cause',..}. However, some discourse-cue set elements are ambiguity. For example: CEpair1i of
Example 1 has a discourse cue, “ilessmn/since’, on EDU2 whereas an EDU1-EDU2 pair of the

following Example 2 having “dlasn/since’ on EDU2 is not the CEpair1 expression,

Example 2 Topic Name: bmialssmBawmmulHearf Disease from Diabeles
... EDU1: “gihewrmonemdulrminle” (A diabetic patient might gef the heart disease.)
“dihdipatient wwewldiabeles  ewdmight get  Bawnisfheart disease”
EPU2:"digsvm maimneluifiongs” {Since a blood sugar fevel is high.)
“esn/Since  amziewisugar level tlin  dealblood gilhigh”
EDU3: [manbaalufenglinifssafiuwsinfugduluden” {[The high blood sugar level [EDUZ]causes of having some
increased chemical substance types in blood.) ...
“[nmmrmtudengalhigh blood sugar levellEDU2] #bifcause ithave mmaiineiinf Some chemical substance
fype Fugirdincrease fin  dealblood " ...

Example 2 contains the following CEpair; occurrence.
EDU2-EDU3 Pair as CEpairy:EDUZ {cause)>» EDU3(effect)

Moreover, there are some EDU occurrences with both causative-concepts and effect-concepts,
i.e. EDU5 and EDUS of Example 1 on CEpair, to CEpairy and CEpairy to CEpairs respectively. It
is difficult to identify the certain EDU occurrence as the causative concept or the effect concept.
With regard to the above word ambiguity problem, we solved these examples of the word
ambiguity problem by applying the NB machine learning technique to learn the annoctated
NWordCo-concept pairs with the cause-effect/non-cause-effect relation from each EDU pair on
the learning corpus after stemming words and eliminating stop words. And also, the NWordCo
size has to be solved by SVM learning on the consecutive words on equation (1) of each verb
phrase with a slide window size of two adjacent words with a one word sliding distance on each
EDU’s verb phrase. The NWordCo extraction is then occurred after the NWordCo sizes have
been solved. The extracted NWordCo expressions along with concepts according to the word
sequence from the testing corpus are collected into NWC. NWC is then applied by the
Cartesian product of NWCxNWC. The result of the Cartesian product is an NWordCo-concept
ordered pair set containing some ordered pairs with the cause-effect relation. Therefore, we
collect each element of NWCP,, , nwep...; ,(see section 1) by using the relation-class learning
results by NB from the annotated NWordCo-concept pairs to the result of the Cartesian product.

3.2 How to Determine CEpair Series Mingled with Non-Cause-Effect-Relation EDUs

Regarding Example 1, the CEpair series extraction including the cause-effect relation
occurrences and the stimulation relation occurrences on the series mingled with non-relation
EDU as EDU3 of this example is challenge. Therefore we propose using NWCP,, as the cause-
effect-relation template to determine each CEpair series through the string matching by using
the max_similarity scores (MaxSimilarityScore) [12] between each ordered pair of NWCP,, and
each NWordCo-concept pair from the testing corpus and alsc using the stimulating-cue-word
set to determine the stimulation relation occurrence on the determined CEpair series.

3.3 How to ldentify Complication Development Parts for Representation

The disease complications do not occur on all extracted CEpair series from the disease
documents. |If two or more disease types have the related complication development, each
disease will have at least one CEpair; having the same common-cause/effect. Therefore, we
apply the intersection set, InfNWC, as in equation (4} with the causative/effect concepts
including the element ranking of INEINWC to identify the common cause/effect of complications
for representing the complication-development parts of the extracted-CEpair series as shown in
Figure 2 of Example 3 and Figure 3.

INtNWC = NWCdbd ﬁNWde M NWCand (4)

Example 3. Topic Name: Balaantawmend/Diabetic Nephropathy

EDUA: “gienizn sl 2” (A patient gets type?2 diabetes,)
“sihoipatient dhiget B wmmnmani 2lype? diabetes

EDU2 mriziwmy Tinsuauesiesaihn’ (because the body does not respond to the hormone.)
“mrelbecause Auwwilbody ilnot sausussie/respond_to  seffuulhormone "

EDU3: “siasifudvbmntufengain” (he will have too high blood sugar level,)
“arthe siwill have mdullevel heoslstgar @ealblood gdhigh'
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EDU4: “[rzvinirnmalufieng/EDUS i iimenanintunsgaduasanrssasnsersads{[The  high blood sugar level {EDU3]
causes the kidneys to have extra-work in absorbing food nutrients and filtering waste.)
“[high blood sugar levellEDU3[#cause Iafkidneys swnominfhave extra work  peiwabsorb  srsawnsffood

nutrients srenaensseland fiffer  ssudulwaste”

EDUS: “ZufiusmvgWifamafeatumsirenmndeluassion” (which is the cause of deterioration in the kidney function
afterwards.)

“Sfwhich dusasifalis_cause _of mndenldelerioration mnhnussdistkidney function  taswizsnd afterwards”

EDU6: “saclufign] mmmexlumsimedn [ibhidalane” (And finally, {deferioration in the kidney function/EDUA4]
generates the kidney failure.}

“wnxtuiimsfand finally 1deterioration kidney function/EDU4[iNralgenerate landlkidney failure

(notResponseTo {notResponse (haveHigh {haveExtra (Deteriorate
Hormone) r——gToHormone) BloodSugar} Work) Kidney)
EDUz. [ EDU1] [EDUZ J-EDUS |...[ EDUS=[-EDU4 | [TEDU4-T,EDUS) [ EDUSTEDUS
cause.. ;. Effect | | cause |- Effect: -cause. |- effect | | cause |. effect’| [..cause|iefiect.
(beType2 (haveHigh (haveExtra (Deteriorate (Generate
Diabetles) BlocdSugar) Work) Kidney) KidneyFailure
CEpairt CEpair2 CEpair3 CEpair4 CEpairs

Figure 2. CEpair Series Representation of Example 3

{notResponse i (notResponse (haveHigh {haveExira (Deteriorate
ToHormone} 1 | ToHormone) BloodSugar) Work) Kidney)
! ]
DU2: (s EDUT | I'EDU2 “[»EDY3: || EDUS - EDU4 | |1 EDU4=» EDUS || EDUS*EDUG .
calise: | “ . Effect |! | calise” { - Effect : cause: i effect'r] ¥ cause | effe s'cause | effect”
(beType2 ! **thaveHigh (haveExtra {Deteriorate {Generate
Diabetes) ! BloodSugar} Work) Kidney) KidneyFailure)
CEpair1 ! CEpair2 CEpair3 CEpaird CEpairh
{produceless (lackOf  (unableToUse (haveHigh (Deteriorate (Constrict
Hormone} Hormone) ! Sugar) BioodSugar) Artery) Artery)
EDU2-PEDUT:1 | EDU4=EDUS |4 EDUS-—» EDUB “EDU6~+# EDUT |} EDU7: EDUB | |- EDUB-1»EDUY.
Ccause’l - effect: ‘calise | effecti| | icé ~effect: caErneplEiedl focausell:effect ‘ause: | effect
{BeDiabetic) (unableToUse : **(haveMigh {Deteriorate {Constrict (Belschemic)
. Sugar) : BloodSugar) Artery) Arstery) .
CEpair1 CEpair2 H CEpair3 StimulationRel. CEpalr CEpair

____________________________________ T = e m o M M

Figure 3. Show two complication development parts inside the rectangular dash line having “**"
as the common-effect of both complications of Figure 1 and Figure 2,

4. Framework of Event-Concept Pair Series Extraction to Present Disease Complications

Corpus preparation H NWordCo Size Learning I
& ]

NWordCo Size Model

| Collection of NWC |

Text i3

NWordCoc-Concept
Pair Learning

e ———- : epls: Cansalve
Mede? of WWordCao-Concept P -
Pairs w Cause-Effect Relatio ] Co;g;putl'a'{:'iggcégrﬁ;ﬁpt'

I Exlrac'tion of NWCPce ’ [

Extraction of CEpair
Series

e, A —————
CEpair Series

CEpair Series with Disease Representaticn of Complication
omglication Development Par Development Paris

Figure 4. System Overview
There are seven steps in our framework, Corpus Preparation, NWordCo Size Learning,
Coliegction of NWordCo with Event Concepts, NWordCo-Concept Pair Learning, Extraction of

NWCP,,, Extraction of CEpair Series, and Representation of Complication Development Parts
as shown in Figure 4.

{NWordCo-Concept ordered pairs
with Cause-Effect Relation}
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4.1 Corpus Preparation

7 Enut

. 4 . san o e dyEDU2 L EOUI, b
"..gmmﬁuh\mm’\u "dlaanbmelianesinhssalubemol i R atvasing” wirrs [Fan0n) mwpefluudugiu i tisedinimnshafiengs

pinind oo,
“..A patient gels a diabetes disease.
of hormone insulin." "[lack of hormone insulin] causes Blood-sugar level to be high
<Topic_name Entity-concept=Diabetes/disease>rawmmmw</Topic_names>...........
<CEpairSeries ID= 1>
<EDU1 CEpairlD = 1 type=effect><NP1 concept= patient/human>ghe/ncn </NP1>
<VP  marker =no><N-Word-CoExpression N=2 words concept="getDiabetes’ >

<wl: setType="Verb-weak’ ; concept= ‘get’ boundary =ves">au </fwi>

<w2: seiType='Noun’ ; concept= ‘diabetes’ boundary ='ves'>Fawmnu</wi>
</N-Word-CoExpression ></VP></EDU1>
<EDUZ2 CEpairlD = 1 type=cause | CEpairlD=2 type=effect><NP1 concept= body/organ>nume</NP1>
<VP marker=yes><N-Word-CoExpression N=4words concept= ‘notTakeSugarForUse’ >

<wl: setType="Verb-strong’ ; concept="not take’ boundary =‘yes'>umh</wl>

<w2: setType="Noun’ ; concept= ‘sugar’ boundary ="yes’ >hmae</W2>

<w3: setType="Noun’ ; concept= ‘body/organ’ boundary ='yes’ >#unme</w3>

<wd: setType="Verb-weak’ ; concept= 'use’ boundary ='ves">u</wi>

<w5: setType=‘Adv’ ; concept= ‘fully’ boundary =" no">ohaaic/ws>
</N-Word-CoExpression></VP></EDU2>
<EDU3 CEpairiD=2 type=cause | CEpairlD=3 type=cause ><NP1 concept= body/organ> $</NP1>
<VP marker=yes><N-Word-CoExpression N=2words concept= ‘lackOf Hormone’>

< wl: setType="Verb-strong’ ; concept="lack of boundary='yes'>ma</wl>

<w2: setType="Noun’ ; concept="insulin’ boundary ='yes >sefusugtuc/w2>
</N-Word-CoExpression></VP></EDU3>

The CEpairSeries tag is the CEpair series tag. The N-Word-CoExpression tag is the word boundary tag of each
N-Word-Co expression. The wi tag is the word-f tag where i=1,2,, num, .
The {..] symbol or ¢ means ellipsis {Zero Anaphora)

™! since the body cannot fully use sugar inside the body. '™ Because [the body] lacks

[ T

Figure 5. Annotation of NWordCo and CEpair Series

This step is to prepare an EDU corpus from the chronic disease documents, ie.
diabetes, kidney disease, and artery disease, downloaded from hospitals web-boards
{http://haamor.com/;hitp://www_bangkokhealth.com; http://www.si.mahidol.ac.th/sidoc_tor/e-plf).
The step involves using Thai-word-segmentation tools [13] and Named-Entity recognition [14].
After the word segmentation is achieved, EDU Segmentation [15] is then operated to provide a
3000 EDUs' corpus (consists of 1000 EDUs from each disease: the diabetes, kidney disease,
and artery disease). The corpus included stemming words and the stop word removal is
separated into 3 parts; the first part of 1200 EDUs consists of 400EDUs from each disease for
learning the NWordCo sizes/boundaries having causative/effect/stimulating concepts and also
learning the NWordCo-concept pairs having the cause-effect refation. The second part of 1200
EDUs having 400EDUs from each disease is the testing corpus used for the NWordCo size
determination to extract and collect NWordCo occurrences with causative/effect/stimulating
concepts into the NWordCo-concept set, NWC. NWC consists of three disease-NWordCo-
concept sets as NWCypq , NWCiy, and NWC,y. NWC are also used for collecting NWCP,. The
third part of 600 EDUs consisting of 200 EDUs from each disease Is used for CEpair series
extraction. This step also includes semi-automatic annotation of each NWordCo size along with
the causative/effect/stimulating concept as shown in Figure5. The step annotates the EDU
pairs through a CEpairlD property of each EDU tag as the CEpair elements of their CEpair
series annotated by a CEpairSeries tag. All word concepts of each NWordCo expression is
referred to Wordnet (http://word-net. princeton.edu/obtain} and MeSH after translating from Thai
to English by Lexitron (hitp:/fexitron.nectec.or.th/).

4.2 NWordCo Size Learning

With regard to NWordCo expression on equation (1) after stemming words and the stop
word removal, the features used to learn the NWordCo size from the learning corpus by SVM
are obtained from the annotated corpus containing the following concept sets: Verbgyang, Noun,
Adj, Adv; where each element of these concept sets should occur in more than 50% of the
number of documents.
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SVM [10,11] with the linear kernel: The linear function, fix), of the input x = (x,...x,)
assigned to the positive class if f{x) 20, and otherwise to the negative class if f{x)<0, can be
written as

J(x)y=(wt-x)+b
Fi

= 3 wt.x,+b
Jj=1 J g %)

where x is a dichotomous vector number, wt is a weight vector, b is a bias, and (wt,5)eR"x R
are the parameters that control the function. The SVM learning is to determine the weight, wy, ,
and the bias, 5, of each word feature, w; {or x;} in the above binary feature vector format
containing each word-concept pair {w; wy,,) with a CausativeOrEffectOrStimulating concept,
after checking the first word occurrence on VP as follows,

If i=1 A (W; € Verbgung WV wea) then

w; is the first word of VP with the CausativeOrEffectOr Stimulating concept.
The N-Word-Co size/boundary learning from ww,, of VP based on using Weka
{hitp:/'www.cs.wakato.ac.nz/mi/weka/) is then the SVM supervised learning by sliding the
window size of two consecutive words with one sliding 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 NWordCo size.

4.3 Collection of NWordCo with Event Concepts

Assume that each EDU 1s represented by (NPT VPY,
L is a list of EDUs after stemiming words and the ston word vemoval .
Verb=Verlym, . Verbyg; W= Nounu Verb,n, dvuAdj
NPlisa nourul)hrase; VP is a verb phrase ; enpsl is an EDU's NP1 ; evp is an EDU’s VP
NWC i an NWordCo-concept set
NWORDCO _EXTRACTION

1 NWCEE; NWeo €@ ; i=1;j=1; k=0; fI='no";

2 while < Length[L] do

3 {3 If =1 then % identify the 1"word of NWerdCo

f*deternine VP consisting of only one word

4 {2 I (evpawie Verbygn, ) A numberOfWords{ evp; ) =1 then
5 [ NWco € enpluw +enpl s+ evpuw; fI=o’ }
6 Else¥f (evp.wve Verby, ) then | NWeo € evpuwy; fI="ves' }
7 Elself { evp.w; € Vetbugdn{ evprwg € W) then
8 { NWeo € ( evppwr+ evppitpa) 3 A+ 1= yes' }
9 J e /* determine N-Word-Co size
10 while (7="yes") » { evpuv, e W) A {i<endOfVerbPhrase) do
11 {1 i=i-ly
12 Equation(5) ;
13 If class= ‘nonCorEerS_concept’ then fl€ *no’
14 Else 1< Yes;
i5 I ciass= ‘yes™) then NWceo< NWeo W w;
16 i ]y

17 If NWeo<@ A fl='no’ then /[Fappend new NWordCo
18 { NWC€ NWC UNWco; /=1 ; j++; NWeo€2} }
19 } return  NWC

Figure 6. NWordCo Extraction Algorithm

Table 1. NWordCo-Concept Set (NWC) Collection

NWordCo Expression WordSequenceConcept Concept
infoceur-uss/ Sugar-dan/blood-gd high <gocur-sugar-bleoed-high> (haveHighBloodSugar)
sl stgar-fenlblood-gd beHigh <sugar-blood-beHigh> (haveHighBloodSugar)
viallackOff-geibnilhormone <lackOf-hormone> {lackOfHormone)
flhave-nmzumsndoulcomplication-lelkidney <have-complication-kidney> {haveKidneyComplication)
ildicauseTo-eau/Protein-iealblood-diflow  <cause-protein-blood-low> (haveLowBloodProtein}
azrzd collect-Tuiulfat-menileaunslartery <collect-fat-artery> {collectFatinArtery)
usendseuad artery-doul deteriorate <artery-deteriorate> {haveDeteriorationOfArtery)
sunitAossOF-isit protein-aswsturine <loss-protein-urine> {lossProteinToUrine)

The results of learning the NWordCo size by SVM from the previous step is the weight
vector of all w; and w;.,. This weight vector is used to solve each NWordCo size with a
CausativeOrEffectOrStimulating concept for extracting the solved-size NWordCo from the
testing corpus into the NWordCo-concept set, NWC, by equation (5) as shown in Figure 6.
Moreover, some EDUs’ verb phrases consist of only one word of a verb, i.e. ‘siwsulincrese’

‘gilbehigh’ ‘sssdreduce’, which results in the NWordCo size or N=1 with lacking of some
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information to represent those EDUs. Thus, we add two more words from the head noun of NP1
to the NWordCo expression determined from the EDU’s verb phrase consisting of only one word
of a verb. In regard to Figure 6., the extracted NWordCo expressions existing in NWC from the
testing corpus is cellected with the concepts according to the sequence of word concepts as
shown in Table 1 consisting of the NWordCo expressions with the causative, effect, and/for
stimulating concepts. Table 1 also includes the annotated concepts from the corpus preparation.

Table 2. Show Probability of NWordCo-Concept Pair

NWordCo-Concept Pair: CauseEffect Non-CauseEffect
{CausativeNWordCoConcept)(EffeciNWordCoConcept) Rel. Probabilty Rel. Probabilty
(lackOfhommane }(haveHighBloodSugar} 0.0171 0.0116
{deteriorateArtery)(constrictArtery) 0.0053 0.0029
{collectFatinArtery)(causeArteriosclerosis) 0.0053 0.0029
({lossProteinToUrine}(havel.owBloodProtein) 0.0132 0.0116
(havelLowBloodProtein }(getSwellSympiom) 0.0020 0.0025
{haveLowBloodProtein }getKidneyFailure) 0.0038 0.0048
(haveHighBloodSugar }(deteriorateArtery) 0.0038 0.0048

4.4 NWordCo-Concept Pair Learning

This step is the NB learning [11] of the NWordCo-concept pair occurrence feature with
the CauseEffectRelation class on several two adjacent EDUs as EDU pairs with CEpairlD
annotations of the annotated corpus from the corpus preparation step in section 4.1 as the
learning corpus after stemming words and eliminating stop. The learning results of this step by
using Weka(http://www.cs.wakato.ac.nz/imliweak/) are the probabilites of the annotated
NWordCo-concept pairs with the CauseEffectRelation and Non-CauseEffectRelation classes as
shown in TableZ.

4.5 Extraction of NWCPce

The collected NWC set from the previous step of in section 4.3 is used by the Cartesian
product of NWCxNWC to become an NWordCo order pair set, NWCordP. Where awcOrdpair,
e NWCordP ; h=1,2,..,num; num 18 the number of elements of NWCordP. We then extract and
collect only nwcOrdpair, with the cause-effect relation into the NWCP,, set by equation (6) with
the probabilities of NWordCo-concept pair occurrences from Table 2 resulted by the previous
NB learning in section 4.4.

nweOrdp Rel = arg max Plelass |mweOrdpair,).

classeClass
= arg max P(mwveOrdpair, | class)P(class). (6)
classeCluss
where nweOrdp Rel is therelation of nweOrdpair, ;

nweOrdpain, € NWCordP which isan NWordCo order pair set;
Class = {'Causeliffect Relation'," nonCauseEffect Relationt'}
=12, .mum; num is the number of elements of the NWCordP set ;

4.6 Extraction of CEpair Series

The objective of this step is to extract the CEpair series by using the similarity scores/
MaxSimilarityScore [12] on the following equation (7) to determine the string matching between
unwep and mwepe... Where (nwep is an NWordCo-concept pair gained by sliding a window size of
two consecutive EDUs/NWordCos as an NWordCo pair (mmwe, and mwe,) with one
EDU/NWordCo distance from the 600EDUSs testing corpus. And, mwep.,.. eNWCP,; fmwe, has a
causative/effect concept whilst tmwe, has an effect/causative concept respectively.

(7)

o o A [ emwep g N mwep,,
MaxSimilarityScore = A.'gMa_rSmu!ai'rty:’__';"c‘gf’”” £ cot |
\ﬁllzwcp g | x| mwep g,y |

where numCEpair is thenumber of NWCP,, elements ;
trmwey and tnwe; are the NWordCo concepts as a causative/efiect concept
and an efect/can sative concept tespectively ffom the testingcorpus
fnwepgisa an NWordCo _concept pair, tnrwe and tnwe, ; f=12;
fnwepy =tnwe + tnwey i tnwe 1sa cause; mwepy =trwey + tnwey if thwe, is a cause;
nwep .. € NWCR, § nwWep,_p = NWEP i AWC; + HWED . WC,
NWCE, isan ordered pair set of NWordCo_ concept pairs having the cause _efiect  relation.
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If MaxSimilarityScore between either mwep.tmwetinwep.tinves OF invep.tnwert mwep. mmwe,
and nwep,, g hWeAnwep ...nwe,; @s shown in Figure 7 is greater than or equal to 90%, then both
imwep and mvep,.., are equivalent which resulis in nwep,,.. appended to a series as Series, € Series,
W nwep,.., Where Series, is the research output. Moreover, the stimulation relation occurrence on
one EDU as the part of CEpair series can be identified by using the stimulating-cue-word set.

Assume that each EDU is represented by (NP1 V)
L is a list of EDU after stemening words and the stop word removal.
NWCP,. is an ordered pair set of the NWordCo-concept pairs with the cause-cffect relation,
HWEPer € NWCP & is it index of s ordered pair clememt
twep is an NWondCo-concept pair from the testing corpus,  pwe is an NWordCo coneept from the wsting corpus.
e is an NWordCe concept of EDUj s verb phrase.  Scue is the stimulating-cue-word set.
CETAIR_SERIES_EXTRACTIONS
1 J=1; g=1; i=1;fl='no’'; k=0; a=1 ; nwcj€d;
2 Class Relation{, private String Cstring; private String Estring;
private String Rstring;
Public Relaticn(String Cause, String Effect, String Relnama) {
Cstring = Cause; Estring = Effect; Rstring = Relname }
public String getCause() {
return Cstring ;
} ete ..., }o

ArrayList<Relation> Series, = new ArrayList{);

3 nwej = NWordCo_Determination
/*By using NWORDCO_EXTRACTION algorithm
Gf Figure 6 from line no.3 through line no.lé
4 While js Length[L] do
5 {1While g £ 2 A j S Length[L] do
6 {z If nwej <> @& then
7 { tnwe, €nwej ;1 ght )
8 J++;
g If g5 2 A 7S Length[L] then
0 { nwcj €;i=1;£1='no’'; nwej = NWordCo Determination};
Yz
11 If tnwe; # & A towe; 2 B A Enwe; #trwe: then
/*determine the stimulation relation
/* wl and w2 is wordl and word2 of tnwg,

12 If (tnwc:.wleScue)v({ktnwc,. (wl+w2)} eScue) then

/* the stimulation relation on the NWordCo occcurrence.
13 Series,.add (new Relation(tnwc;, tnwcp,“stimulation Rel”)
14 Else
15 {s tnwop = tnwe; + tnwez ;

[* if the result of Equation{7)290% then
[* tnwep=nwiep...x Wwhich is the CEpair element.

16 If MaxSimilarityScore {énwep, NWCPce )290% then
17 Series,.add(new Relation (AWCPes-r. NWCoq, NWCDas-k . NWCey,
“CEpalir Rel”): /[f*nwcg, and nwe, is nwe. and nwe,
Ys /* respectively of Equation{7)
18 tnwe € tnwez ; g=2;
19 If 7j < Length[L] then
20 { nwej€@; i=1;fl1='no’; nwcj = NWordCe DRetermination} I,

21l }Return Series,

Figure 7. CEpair Series Extraction Algorithm

4.7 Determination of Complication Development Parts for Representation

With regard to section 4.3, we collect three different NWordCo-concept sets: NWCgyg,
NWCy4, and NWC,qq from diabetes, kidney-disease, and artery-disease documents respectively.
The intersection set, IntINWC, with the causative/effect concepts of NWCyy , NWCy,, and
NWCay consists of the following NWordCo elements: beHighbloodSugar, beHighbloodFat,
inflameQOrgan, deteriorateArtery, constrictArtery,  highHighBloodPressure, getDisease,
beComplication, beNonfunctional, and malfunction.  However, some elements of ININWC
occasionally occur on the documents. Therefore, it is necessary to count and rank the top 5
intnwe (where intnwe € ININWC ) by the number of ingmve occurrences as shown in Table 3 to
determine the most common-cause/effect (whose rank is equal to 1) of disease complications.
The top 5 intnwe from Table3 are used for determining the complication development parts of
several extracted CEpair series as shown in Figure 8 which shows only two extracted CEpair
series in an ArrayList[2] object by the CEpair Series Extraction algorithm in Figure 7. The result
of determining CEPair series with complication development parts by the algorithm in Figure 8 is
kept in ListSeries [ ] which is the Array of ArrayList data structure. Therefore, ListSeries [} is
used to represent the CEPair series with complication development parts as in Figure 3.
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Table 3. Show top 5 infrwe by number of occurrences

Each randomed Number Of NWordCo-Concept Oceurrances
Disease has beHighklood-  beHighblood-  highHighBlood-  Inflame-  Deteriorate-
~150EDUs SugarLevel FatLevel Pressure Organ Artery
Kidneybisease 4 2 4 3 5
Diabetes 30 B 5 5 3
ArteryDisease 6 14 11 8 3
total 40 22 20 16 11
Rank 1 2 3 4 5

Assume that ListSeries is my armay of ArrayList for represemtation of some CEpair Series with the complication
development parts for some disease types.

ListSeries has two elements of ArrayList where each ArrayList element containg a CEpair series ol one disease type
document.

CEPAIR_SERIES WITH_COMPLICATION_DEVELOPMENT

1 ArrayList<Relation> listSeries[] = new ArrayList[2];

2 listSeries[0] = Sexdes; ; /* a=1 from CEpair Series Extraction
Algorithm for the 1lst disease type.

3 listSeries[l) = Series; ; /* a=2 from CEpair Series Extraction
Algorithm for the 2nd disease type.

4 i=0;3=0;k=0; match=0;

5 8izel=listSeries([0].size{); gizel=listSeries[1).size();

6 String[] ConceptRank = {“haveHighBlocdSugar”,“haveRighBloodFat”,

“*haveHighBloodPressure”, “inflame”, “detericrate”}

7 while i < 5 A match=0 do

8 {3 While j <sizel A match=0 do

9 {4 While k<sizel A match=0 do /*mark the common cause with “*%”

0 {s If listSeries[0].get(]j).getRelname ()= “Chpair” A

listSeries[1l] .get (k) .getRelname{)= “CEpair” A then

{ tempci = listSeries([0}.get{j}.getCausel();
tempej = listSeries[0].get{j}.getEffect{);
tempck = listSeries[l].get(k).getCausel();
tempek = listSeries|l].get(k}.getEffect():

If (listSeries[0].get{j)}.getCause()= (ConceptRank[:.])then
listSeries[0].set(j,"** “ + tempcj , tempej ):
i1 If(listSeries{0].qget(j} .getEffect(}= (ConceptRank[:.])then

i2 listSeries[0].set{y, tempej , “** ¢ ttempej };

13 If (listSeries([l].get(k). getCause()—(ConceptRank[:.})then
14 listSeries([1l)}.set(k,”** ” 4 tempck , tempek };

15 if{listSexries[l].get (k) .getEffect ()~ (ConceptRank[i]} then
16 listSeries[1] .set(k, tempck ,”** * 4 tempek };

17 match=1;

18 }oktt: }s k=07 G4+ b k=0; 9=0; it )

20 jReturn listSeries[}
Figure 8. Algorithm of Determining CEPair Series with Complication Development

5. Evaluation and Conclusion

There are four evaluations of the proposed research being evaluated by three expert
judgments with max win voting: the first evaluation is the extraction of NWC with the NWordCo
size/boundary consideration from 1200 EDU documents consisting of the diabetes, kidney, and
artery diseases as a testing corpus which is also used for the second evaluation. The extraction
of NWCP,, is evaluated as the second evaluation. The third and the fourth evaluations are the
CEpair series extraction and the common-cause/effect identification from the other testing
corpus of 600 EDUs consisting of the diabetes, kidney, and artery diseases. The first and the
second evaluations are based on the precisions and the recalls within ten fold cross validation
whilst the third and the fourth evaluations are the percentages of correctness. The precision of
the NWC exiraction based on the size/boundary determination is 0.876 with the recall of 0.801
whilst the precision of the NWCP, extraction is 0.882 with the 0.757 recall. And the
correctness of the CEpair series extraction and the common-cause/effect identification are
89.5% and 80% respectively. The reasons of low recalls in extracting NWC, and in determining
NWCP,, are : 1) some causative event occurrences are based on an event expression by a
preposition phrase whilst their effect events are expressed by their verbs, i.e. "(wenden

undlarteries NP1 ((i#an/degeneratelerb  ({(sanffrom)iprep (msiiiitudessidhaving high blood

lipidsYNP2)/PP)YVP" (The arteries degenerate from having high blood lipids). 2) some
effect event expressions occur on NP1, i.e. “(puuudswelling)NP1  (inseloften Sulbegin  fwnlon
fee)VP" (Swelling often begins at the feet). Moreover, some problems that affect to the %
correciness of the CEpair series extraction and also the common-cause/effect identification are:

1} the EDU sequence among a causative-event concept EDU, an effect-event concept
EDU, and a non-causative/effect-event concept EDU as follow.
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EDU1-as Effect: “fikaivlawnan (A patient gets a diabetes disease.)

EDUZ2-as Cause:“ifasmniume maseshndugh (Since the body lacks of insulin.)

EDU3-as nonCauseAndnonEffect:"sughuimiiisiygntlioadrimalltd” (Insulin has a function of signaling cells to
take sugar for use )

EDU4-Effect: [vwmoofludugful EDU2] sivldiumglinunmmivesiidls” ([Jacking of insulinlEDU2] makes the body
unable to take the sugar for tse.) .............

where the following CEpair; can be determined except CEpair,

CEpair;:EDU2 (cause)> EDUH (effect)

CEpaira:EDU2 {cause)> EDU4(effect)

2} the boundary of causative/effect event concept EDUs , for example:

Topic: “ilAusaszummndenmdial Why are there the krdney comphcat:on""

EDU1-VPasCause: m'Jrnm‘nwunw?w?ufmm'momlﬂuaﬁwnmﬂm’m'm!umaﬂ@mo?fml:ﬂﬂs (the kidney disease complication
of diabetic disease is the result of the blood sugar level being higher than normal.}

EDU2-VPasEffect: [nsfiiwniufangd EDU1 i Wifmsfemslamsnnfoadesin’  ([the blood sugar levellEDU1]
causes to have changing of blood circulation in the kidneys.)

EDU3-VPasEffect:"ua/and [niihamabudeng/ EDUA] diibifimnfundniiidielatooandoe” (and [the blood sugar level
{EDU1] afsv makes changing the kidney cells.)

where EDU1 is a causative-event concept EDU having EDU2 and EDU3 as the effect-event concept EDU

houndary.

CEpair:EDUA (cause)> EDU2(effect) A EDU3(effect)

3) the complex sentence, e.g.

Complex Stentence: “siinfwafipaditWifndnuweie st (This sugar level which is high causes problems as
follows.) where ‘This sugar fevel which is high' is equivalent to ' This high sugar level

Hence, the research coniributes the methodology to determine the CEpair serfes with the
complication development parts for clearly communicating health information and improving
health literacy, particularly the disease causation pathway, to people on the social network.
Finally, our research can also enhance the diagnosis and solving system of the other areas i.e.
the business services industry analysis.
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