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Now a day, the method of analyzing the content of the course
descriptions has been developed and has become more diverse. For example,
analyze the objectives gained from classroom learning together with insights into
individual learners. To measure the effectiveness of each student's knowledge gained
through classroom learning, in order to recommend courses that are suitable for
each student, and so on. From the methods of analyzing the course descriptions,
there is no method to analyze and compare between two or more course
descriptions. Therefore, the researcher has developed a new system called
“Computer Science Course Description Analysis system (CSCDA system)”. It is a
system for analysis and comparison between course descriptions. To represent the
similar content and different content in the course description. Furthermore, a new
improvement of the CSCDA system is called “An efficient system for analyzing
contents of Computer Science Courses (eCSCDA system)”. To achieve more
comprehensive and effective results. In experiments were conducted on CS course
contents gathered from ten Thai Universities. The experiment consists of two aspects
i.e. 1) Evaluation of keyword extraction and 2) Evaluation of similarity matching. From
the results, it can be seen and concluded that the eCSCDA system is more efficient

than other systems and algorithms.
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Data mining, data preprocessing, data warehouse and OLAP technology,

mining association rules and frequent patterns, classification, cluster analysis,

applications and trends in data mining

ABEUITIEIVIVBIYT “Data Mining” ¥8IunINeaededlul

Basic concept of data mining, data preprocessing, dimensional data reduction,

association rules mining, data clustering, data classification and data prediction
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. 2020, 7th International Conference on Advanced Informatics: Concept
Theory and Applications

Il. 2021, 8th International Conference on Advanced Informatics: Concept

Theory and Applications
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N B uazaUIeNAYIVaY

undlaziduniseSurefimguluazuide iineidesiunisinsisiuaziliouiiou
senineAeiuIe eI vIvesTgivinile q Baidelaussendlditnasdne q wevinlinis
Uszaianaausavinnulsed1alivsed@nsain Ingazvitnisesuiefaisnisnlaussenaly

samaluil

2.1 M3UszulaNatan1ULUB9AU (Text preprocessing)

nsUsznanadoauesiuiuniaudsunlasdeniulioglusuuuuiiannse
ihlvAesssinagifinyssansamlunsaifunuddnldlussiusely Tasnsuszanana
fonrundasiuaunsavilévainuarsisnig enfiiu nisudludfn, n1sfdadngn, s
wdasgualiaglusindndt, nsuvsdn, nisudausslon udu Flunuifedditels

[
=1

UszgnAldIsnsninetesiunisussananatonnuilosiunsll

2.1.1 mswlasarsnesiun g lidunsnesiunian (Lowercase conversion)

Ao MIfiasaunfesnysmnuiinglunwdsngundsingegluunaiumis 9 &
danTianumsnesiiuilug azaudunsununimsnesmtunlefsnesiinenuidy

v a ¢ @
FIINWHWEAN
2.1.2 nMswusUselen (Sentence tokenization)

Ao N1swuslseloansasUssloaluunaunis 9 eanaindu laen1sna1sunds
fydnwalnusingegvneusvlealuwdazUselen W wIemuneurinnia (), 130muny

qan1AnsBLATInNIEgNUn () N30 te3esmuedana () 1Uudy 9nUuinnIswus

Uszloawnazuselonapnainny

2.1.3 N158U9AN (Word tokenization)

Ao MsusmuaazAlulszloanils 9 sanainiu F9lun1sLuIRIazyinnIsRaITUNE T

%49971951319A (White space) 3NTUATHUNSLUIALAAEA19NAINAY



2.1.4 nswAluAiRe (Word error correction)

=

fio FBnsnrvaeuuazuilunsaznadflegluteniny daazvinisnsaaeunisazna
Fvoadmils o luterriifnnisaznafintuvdold Ineisvesmnismsadeunugnioses
msagnatuagiinmTdeudinnUisufisuamumiioudu vesiadnusludiinying
msaznaiiiafuidwiluadsidns/mauynsy TngagimsuIsuiieudiinisaznaiin
udhdminn 9 M Fdunsnsiaaeuanugndeswesnsaznamiisnisildsuaiu el
1139579380V A8 I5N1TNTIVABUAIINYNABIVDINITALNAAIUY N-gram 9191491 Trigram

& v ° ° ! & . = a ) ' o aa
WUAY kagyINITAIUININAIINUIELUU (probability) 310U UNBUNUTERINANY

v
a o o &Y o o 3

nsagneRAfUAANINTog ANTWIINSUNUNATENSALNARAMEAANTTIQNABIINNT

' '
[ faal 1 1 =

firsandnindiaauiiazlugengn dedunsainuinduamdwiamzlumanidula

v S A G o aAv MYy U o o ¢ 1 o a o o
aundasalumnldlaegluadsmdwi/mauiunsy avliaunsadniiunisnsiaaeudia

G’Jl YA o ldl ¥ = 1
dulahiinsagnamgnaevielyl

2.1.5 M3fnAnAmgn (Stopword removal)

[
LY ¥ 1

e IBMsidnAeglulsloanile q lnendluazaesiaveniernumngluiives
o = & o oA A o w v & ) P a ' a
fiues seonaluilemineanliudiuselonty 9 Sadlideanununeduey o9y
A9 “the”, “a”, “with”, “be”, “in”, “for” usu lnglunisiidaringnazvinnis
avdeulsRmeaneglulsElonty q nmsldadaddnivesdvyn FuilensIaaaunua

weafioglulsgloniiy o avandunsavdidummenssnaindszlealy

2.1.6 ﬂ']'iLuJa\igiJﬁﬁslﬁagﬂui’mﬁ'wﬁ (Word stemming and lemmatization)

FBnnsudasguiilieglusindniifunilsluisnisvesnisuszananan1wss s
(natural language processing) f1d4azyin1sangUvasmdwsidmils 4 Teglusuvossin
AN D19ILYU A3 “stems”, “stemmer”, “stemming”, “stemmed” dlevihaiiunisan
sUvaad-lvoglusindwiaglidiin “stem” Sadusndnvivasts 4 drdredu Tne3slunns
fuunsanguvesmilrieglusndwiazyinnisfiansanfenguuesiidnusiiegludiumthmvie
Frveer 9 tu nnglunisszyfenguuesiadnusludiuinedadduulildlunis
fulunsansUvesd WU ngnsiansanguvesiasnes “*ing” Wewuazyhnisdsungy

v @ aa [ « 9 1 o 1 « . 9 Y & [ 6 1 o 1
VBINIBNYINNANTUNTUY “-” LU A3 “motoring %QﬂamgUMUumﬂﬁwmﬂammm
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“motor”, NMIATUINGLYBIRITNYS “*ational” Lienuazyhnsiasunguuesiidnys
ffansandu “ate” 19y A1in “relational” azgnansUlmdusndwsifodndin “relate”
nplunsfisundainguuesiadnuamis 1 ssgnasstulasdifernyluduaiwmients
finsanfangnisnwvesniwdu q eefifiedmengildlunsansuvesdilfeglusin
Fvnt Fam9197 2

i
v o o 1

7157971 2 §90¢19%09N715989N 135X YNNGV 8N W TToEg A Ay NI UA Y

YOINGUIH 1ONWINGNTLY

Suffix Change suffix into Example word Root form of example word
sses 55 caresses caress
alize al formalize formal
ical ic electrical electric
ator ate operator operate
alism al feudalism feudal
iveness ive decisiveness decisive
fulness ful hopefulness hopeful
ation ate predication predicate
5 stems stem
ative formative form

2.1.7 msszqwﬁ'}ﬁ%aﬁﬁ (Part-of-speech tagging)

Juweidanldlunisseufamihfivesdusasmiusingeglulsslen lneninfivead
anusaszylalumudinguiinmun 8 ¥ila Aswisludl
1. Ay (Noun) Ao AnldiSenunuieaw, dnd, Awes, an1uin

2 ANITWNUAILY

o))

2. ANASIWUIYN (Pronoun)

3. Ansen (Verb) A MALERIDINISUIENTNSEYINtuYsElen
4. AnmauAnY (Adjective) fa AvimthivengAuu lngsumiaazegnin
ANUNNLAND

v o

5. Anseiiavel (Adverb)  Ae ARInTvenen3en venenmdng uazuee
nNSeTAvalmeiues
6. AMUNUN (Preposition) Aa AlFuanemMUY Tunan iene an1uil vie

wanIAUFITUSTEnINA naud vseuselen
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o &

7. Adusu (Conjunction) e AdldiweNmiuA naumiungud wieUselen
fiudselen

8. AU (Interjection) Ao Anldusuenensual aAnusaniinduluneuty

LY

2.2 UIBNNYITD9

a a

Tudruilazifunisesurefauidennedrvaen1sAvudfed Ineazaiusowus

av oA v

pandu 2 du Ao NUITENALITRITUNITIATIZIAI05UNES18T kg UATeNALITD
Y a P~ a ) | ° 1% = a = av A
AUNTSUS U UAIULATBUNUSENINGAT, T8RN U3BLONEANT LAYALESUNYDIIUITEN

Wetaslummazdin fewelull

2.2.1 UIYNNYIVINUNITIATILIA18TU8518397

(Starr, Manaris, & Stalvey, 2008) Yl@ua3dn15d1msuN1sUTEIIUAINITITgUIH

D vo o & = Y Ay v g & v o ! | o
Aseulasuiuilleniignasu vasandlaseulutuseuiu 9 lagldvinisudnguseauves

(%
o

mMatSeuivinun 6 nau fsalull 1) Recall WuszaAuivaveningiseudiladedeniauiedld

U a

3euly 2) Comprehension WusAundiseuaunsaaievennuinawedlasuliiugaula

[y

3) Application 1uszduiiieuauisatinuinaweslasuluuszandldld 4) Analysis

(Y =

YusgiuifFeuaunsodinseiidasadanisnisinuvesdsiiieuls 5) Synthesis 1

=

[

aya ° [ a v a Y ] | o vy . & 1Y)
gAUTKLSUaNNIIAN3aNe 9 AlaSuiunldausiuiuld uaz 6) Evaluation Wusysiu

all

[
= [

giSguaunsavitnsUsedudsuifnvesdiiiseusle lngluanddelavdiiiunisveasaiu

=

Seulundngasineinseeuiimes 1giseuudazaudanusludclaiseusluseaula 393n

e

nsUssufessiuanuivesyiseuniavau sdielvdasunaz/mIiee1a1sdnvinisasuly
=

a & e~ & ! Ay = Y] a yal v A o Y]
FYIVIUU 9 V]i']UﬂQLu@quua?uwaL UUNigﬂUsﬂaﬂﬂqﬁLﬁﬂuzwuaﬂ LW@U’]MW‘U?UUEQLL@&

Wl davnludrutudlanumungay wazaunsavinanunlalade gty

(Homa et al,, 2013) ¥ Lausn1siasIeiilomlusied v n1emiuianingdesdu a1n

nyesgvi A ulay/vIee 1 sdiaeulusgivdy q nsuivingUszasaveileni

wagnenlvgiseu ieYielvigSeulinnuiiuguuasiinssuiunsAndiasieiiieiiua

Y

[%
a v o 1

InIngnlewiu dnviidaunsatielvgisouusamhesianuinlalseseniusieivdues

YBIANAN NI UIRINETLS losluanuideiasuuanguuesingussasanlasuainsiedu

= Id ! A ' a A d' LY va a a [
NUN € panlu 7 nay Av 1) ﬂEj}li'W‘EJ’J“U'W]ﬁ@‘L!LﬂEJ’Jﬂ‘U‘Ui%'N]LLaS?J@‘UL”UWU’EN’%]G]'W]EJ'] WU
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a = = ) wa s a a a A o v v ] a a'
57EJ'JEU']‘V]?{@‘ULﬂSQﬂUﬂigqﬁﬂqamﬁsﬂaﬂ"ﬂmTﬂﬂqLLa%@']%WVlﬁ']ﬂJWﬁﬂV]’]l@ 2) ﬂﬁjlliqﬂ']slf'n/la@u

=

WNeafiungszileuluniside FeUsenaunie 18019, adid, NMsARANING wagguuuuns
= i a o o U A a v a a voe
Weu 3) ngusedviaewneniuassingl Usenaume Ussamiinen, af, miusan uay n1s
$U3 4) nqusgdvfi@euieaiun1siseus FaUsenaume ANEn, N15AN, ANURAIALAY
A 5) nauTgInNdeuNgIiunsinwEtae 6) nausieIviasuiediudenm, n1simu
YAANAIN, ANFURUSIENINUAAS 7) NquTIeIvINdeun gafuimuINITlugIIa1679 9
FdNsaeIgues lnglunsmaaesazdnsedviedy 158 s1e39 v sianguaiuila

I - v & v 2 a | ! [ a =
wUslIT9R Y Fawadnsainnisnaaeuandiiuinselvdiulngazilusieinnasy
Neiunsiseus (ndui 4) wenanldwihnsiasendaiaintdlunmsasuluniazngy @4
nmsnaaesyilims vl geuieiunisiseuiiduneinideddaaaeuninnii
3 UNGUDY 9

(Chung & Kim, 2016) Wiauani1siasigisedsnlundngnanis q Feazduns

a cme @ el v Yo = ] a o a &
Insgiteinguizasangiseuazlasuannisseusluudazsedn Tnensisgivvaan
Tundngasunadraduseulvladuemangnsiu q Feaulnladfiaintuaslsznoume ¥e
wanans, ey lundngns azanunsawuilaidu 2 dwde 183w Und wa 183w MR
N1338U3NTIVIMT 9 Wneu wag Inguszasanazgnasulusiedviu antuinesy
nlagnaiwuundnsginudulieaanuinmilunsseuivesdisounastiulagluma

294 Bloom 31nM3tiayai 2 duaninsigisiuiu viliaunsawusihnelviineides

wazlmnzauiudisauAuALUNLS 9 19

Y

(Dai, Asano, & Yoshikawa, 2016) dnaueszuuiuziinesasousaulaulviugisyu
Inglinsauudgiuitlutagiueesadeussuladldfiogduswaumnn vlidSeulianse
nazandulalunisidenasieunesaiiuisaniuiivesiseuld Jsdndusesadeszuy

dnsunishuzinnesansusaulauNurauiuliseu tnemasassueaulaun ununlyluy

Y

nuidellaziluresaiineatumansnismuinginisreuiames lnan1siinesasounig o

L3

wwhmsiesgialeniignasunazyselevi

a

Hiseuazlasu Inenisadanguuediuiui
Usingiuluwsazilenvespeialiu q nduinaduiaialauiinsinsersiuiuieya
vosriseuudazau oA Inguszasanazlasuannmaitou uay mnvanunsalunisSeus e

LY a =

nsuuihresateueeulaunlimumzadlviuiseunaulaszame o useu
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(Nuntawong, Namahoot, & Briickner, 2017) W1t@aus3dni1satasiznilenluy

=4

A193UIEI18I ML 9 1nn1sUsEEndldmatinn1swWSeuiisusenitsesulnlaguuy

Wauray luauddedazvinisiiesulnladvesdraiuigsginlundngnsingns

AauIwmeiNgnas1sulag TQF: HEd uUSeuiisuiuesulnlagvesdieiuigsedvly
nangnsIngIN1sAeNiImesNgnaslulaeuided lnen1sieuiisuseivmile 9
517 2 paulnladasdisSeuiieu 2 35015 fie 1) Fn1slSeuiieudiernumnesening

Truandls q Mdulleonvesieduieseivn way 2) W sUssudisuidadaseasne lnenis

¥ ¥
2/ = =<

= ~ & AN o PP &
WIgueuy 2 esulnlagnvesulnladngnasisiuainduainiienives Computer

Y
Science Curricula 2013 adukumslunisasamdngnsinenisneuiameiideuulag
ACM ua¥ IEEE lngaggnisendn SKOS dmuitesulnladves TQF: HEd uavesulnladiasig

[ YY)

FulneUILL Jlassasrenuiaununuesulnladves SKOS aznaineaulnladvsy TQF:

[

HEd kazepaulnlagnas1edulaenuideiiniumilaunu annisuteaulnlagvesAiasune

99T 9] NAIUINYINITADUNAADING 2 saulnladuussuiisuiu szt lnilon

Yosmedureseivlusedvuds q daudunesgiunnndadu

(Shamsi, ul Hassan, Bawany, & Shoaib, 2018) YEUBNN5EDNLUULLENN LU 1879
Big Data Lilesannwmaluladfiiendeasiu Big Data In1susuuguasiinunagaiaus fauy
= o & a a A v ) . Yo ) =
WN1TDDAULUULLEMIV8 9518 LA BIUDAY Big Data Islanumunzauduwmalulngluy
Jagtunnngsdu laglunisesnuuuiilevessigivisinisaadimuneed 4 Wivung fe

[

1) MyvhligseulasussianuinugiuiiieItesiu Big Data aghetnau 2) Meviligiseu

wilafedeyadednlumansnianiu Big Data 3) N1sWauinweAlen15ailoU]UR uwax
4) MaUszgndldvinueldBousluduFoulunisudledgmate nefluudazitiinauneay
Usznauseiiensing 9 ﬁazgﬂaaﬂu%guﬁau Tun19a Ll UNNTNAADIALVINNITAOUTIVIY
Big Data fildoonuuudeiimnedrsiulutudou ndunaaeuyssdvdamuasiFoud
193’%"Uaaﬁmmﬁmﬁgut%umumﬂﬁuﬂzu,uumﬂ n1sUfURluasal, n1saaunanenie,

< & ] | Y 2 1 va
NsasuUangnNIA Lay ﬁgLLuu‘\ﬂﬂI‘UiLf\]ﬂ NAITNUALLUUNG 4 FIU ﬁ]zLLaﬁﬁi‘iﬁLMu%’]I}jLiﬁJu

nlisuesAnnuianseiviildesnwuuliamnsavassuuluisasdnldidudunnn
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(Apatu et al,, 2020) YnaueIzn193ATIEYA105 V8T8 IUNENGATN19AY

419150088 e lvimsudeingussasdilaseuslusiedymis q danuasandesiuainy

[

AoanTstunisinauiuasisaguantesiisds tngsiedviniunldlunuidedazdu

o3 undngnIN1aFuaIsI TUaUYE U TTINALALLIA TITN9EY 267 $18391 910 18
uvine ds Innsiasgsieesuieivamuavilingivin seiefiReatesty
InereansansnsagunaznsUszidutaznsingedt Wusedviignasuundigelumn 9
uAnende Sstsuenliiinisinulusuasisuguiiaiudesnisyrainsidesdnui

Aeadoaiuinermansaisisagy waznisuszifiuuaznisiasismdudivaunin o1y

¥
aa ada A ¥

BIAMINNINNAUTEUININGT, FIATA, TN WAaTHUFIUAUATSITUAY IngaAnIus

43

wiariiluesdrnuindrdgdmsuunumlunisinnuiuasisagy wu dnssuinine)

Un3As2AM 398 waz Tuslumesgunw Wuduy

2.2.2 U8NN8999NUNT15USIUTIEUAUTBUNUTENIN9AN, VAN WIBLBNENS

LY

JaduismsSeuiisuiiisuiiioniadnumilouiusenined, 1oAu ¥3enais

Iegniudssendldluvans 9 msanliva ilnAsisnswseuiieulugduuusing 4 T

9819110118 A nmadiafilaged1anainvaleludagiu (Gomaa & Fahmy, 2013;

Y

Vijaymeena & Kavitha, 2016; J. Wang & Dong, 2020) lav1n153nva1ang¥8435ns

Wsuiegudanulld 4 35 Faazuansluning 2 desaluil

Text Similarity
Approaches
|
String-Based Corpus-Based Knowledge-Based Hybrid Similarity
Similarity Similarity Similarity Measures

Character-Based Term-based

Similarity Measures | |Similarity Measures

i 2 smsilseuniguteonnaulusuuuun e 9
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2.2.2.1 msiIguiisunuuaeanvse (String-Based Similarity)

WuwadlanisiwSeuifisuseninsammsedennuludnwasyanisaiunis
WIBUWIBULUUARUYBIRIENYS AILNUEITB918n1YS AMUUilouiuvesalusenIng 2
For1u FensFndunsUssuBuTERIaRaEY MsaaLm3ng (metric) Tuniieldly
nMsTsuiisuiiiemAve saumilioufuvesri 2 Tnensissuiisusuuaissnass

AUNsawUIeaNke 2 dunsll

a) NMsISBUisuAMUMNaUNUYBINYSE (Character-Based Similarity Measures)

Wuniseuamanumiieususeningdie 2 ludnwazresnssouiiiouwuy
Fadnws 91y msisuiisuanumileusulunisdiunisidfiy, au wiouwnud luusay
FENWI32I19A1 (Hall & Dowling, 1980) NMSLUTIUMIBUANUANDUAUTENINAT 2 A19N
NANY899NY5E (N-gram) Fuiloufusyninedn 2 @1 (Barron-Cedeno, Rosso, Agirre, &
Labaka, 2010) 1udu Tnen1siUSeuifisunnumilauniuyasdnvse s n1saulIumiAAy
wmileufuagnaieisns 1wy 38013 Jaro distance (Jaro, 1989, 1995) 835157143 A1
AuileufusEinefisnusans s nusidmiloutulut 2 @ Tnelunisiuiaay
MNITNAITUIDIFLNAUIVBIRIDNEIUALAIINENIVBIRIBNYS Laadaun1siunISAIUIIAT

v

IS v v A
AIMULNUDUNUAIUY

J T 1 C+C+C—T)
5 = — X (— — a4
3 x| Y] c
AuAlA |X| A9 ANE1I989R8NYSVRIAN 1

Y| Ao AUE1IURIRI8NYSURIATN 2

C 79 IUIUVBIFIDNWTTLNLDUN LA LA AUINTINY

T f9 S1U7IUHNASINTIeIRISnwI NIt uLAld e UlnTIAU F9rniis

|
o aAv o T | [y

2 ANSFoNEs Mo U UWATALAUlUATINY A528L11958 1IN YN DU
AldiAY 7 9209719 ETUULALAUINTINUY 1AeNAIUITOAIUIUNIAUDY T LAIIN

aunng

max(IX], 1Y)
)
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3813 Bi-Jaccard FaduiBmsmuiamamumiliouiuveIr WUUNgNUDIRISNYS
ludnuwairveIn1suuewiIgnyskuy 2 ddnes (bi-grams) Ingn1suszgndldisnsauinuuy
Jaccard similarity [1315maEUNMIMIAIANLMEBUAIY AaNn1srelul

|bigr(X) n bigr(Y)]

Bi — Jaccard(X,Y) = |bigr(X) U bigr(Y)|

Avual bigr(X) Ao NguUBIFIBNYINGNLUILUY 2 AdNwIVeAN 1

bigr(Y) Ao N{uveIMSNYINgNUUIMUY 2 ASNWIVRIAN 2

38115 Bi-Dice (Brew & McKelvie, 1996) BaiiuiBnisfuameanuwilousues
ALUUNGUYBIAIBN YT IUAN BUEYDINITHUIFIBNYIULUU 2 AI9n1S (bi-grams) laens
Uszendldisn1sAuiamuy Dice’s coefficient 13T auALIUNIUIAIANMTBUMEY G
aumssiolud

2 X |bigr(X) n bigr(Y)|
|bigr(X)| + |bigr(Y)]

Bi — Dice(X,Y) =

'
a

Muual bigr(X) Ao NANTBIRITNYINGNLUIUY 2 HIdNYIVDIAN

bigr(Y) o N§uveIRdNYINgNUUIRUY 2 ASNWIVeIAN 2

b) nstUsgUNgUANULDUNUYDIAT (Term-Based Similarity Measures)

ABNITATUIRIATIAIULALBUAUVBIAITENINNTDANN 2 VBAIY LU 3DN1T

Jaccard similarity fitunisfmnamanumilouiuesidrfgvsermvanaess 2 doni

AIAUNTS

X NnY]|

]ClCC(lT'd (X, Y) = m

AMuualyt X Ao ToAnun 1

Y A9 99A1U7N 2
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ATNTAIUIUMIANUNL B UNUYBIAITEVINUBAINY 2 T8AINY BT 35115 Dice’s

coefficient (Dice, 1945) IaginsAUINIANUML B UNUUBIANGIENNTSAB UL

2X|XnY]|

Dice (X,Y) = X+ 7]

AMUUALA X Ao 99AUNA 1

Y Ao U9Auil 2
38115 Matching Coefficient lagfinsAmuiainanuiiouiuvesmnsaun1saelud

1XNY]
max (|X|,1Y])

MC (X,Y) =

MUUALA X Ao 99AUN 1

Y fio 90A117 2
38113 Overlap coefficient lnafin1sAulumANUIALDUNUYBIAIAENNTTAB LU

1XNY]
min (1X],|Y1])

0c (X,Y) =

Muualy X Ao ToANuN 1

Y A9 99AUN 2

[

= aa = a o a av a o % 1
FIITNI1TNFLUTHUNSULLUUE1EDNVTZUINUIYNLNEIVDIAIU

(Metzler, Dumais, & Meek, 2007) TauauaisnisiuseuiisutiianiAnumilounu
sendneaAuLazatAulusruunIsAUAUYaya (information retrieval) Falauuanns
Wsulguaanidu 2 d1ufe 1) N15USsUTsUAINUMTUAUUDIAITEUINAIAY 2 AIAL

TagaIusaLULnMgRNIsSeuisuaanu 3 wuufe i) Exact Aan1silSeuisuluwuun

' 2
) v v A

ANAUAIRULALAIAUNUINIUS I UL UA DI TUAIAILAEIAY LU AIAUAIAUAD “seattle

mariners tickets” WarAIAUNUILIUSEUEUAD “seattle mariners tickets” ii) Phrase A

;Y [y

nsUSsusululuuNAsuNtuUS s s Ul uEULEnvaIAAURIAULAL AT UTDIAN
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v
1 o v v

P Y] YA . . 5 o ¥ a o = a a
MAUDUNY LU AAURIAUAD “seattle mariners tickets” LagAIAUNUINNUIIULNEUAD

Y A o

“seattle mariners” iii) Subset Aani1siUSsuRsulukuUNAPUNEILLUS s U U T udULEe

(% (%
v Y oA

YDIATAUAIAULA U ADIN AR UVBIAITLALDUNY WU ANAUAIAUAD “seattle mariners
tickets” warAAUNUINIUSEULNBUAD “tickets seattle” wavdui 2) Avn1siUSeuigy
=~ ) | o v ac ° ' & o ¥ a o ~ ~
AUV BUNUTENINNANAULALITNITANUIUIIAINNLNE T UYRY 2 AAunt LS sUigU
AU lagNaansvoInN1INAaekanliisseansaIniazAI1ugNAeIveInIsATunIg

=) = v aa ! = !
WSBUMEUANNNITAUIGTNITUTIUE UL UURAY 9

(Xu & Xu, 2011) YNausITNISUTUMIGUTENINAIAU 2 ANAY NTI9LVIINITUN
ANUmiauiuAIAUludN YL U0INISUSUTBULUY n-gram lagn1sa51annnesaed
! o ¥ a o = = & o ca v ° = PN 44' = )
wiazAAUNUNLUSBULEU 2ntuineeslauinsiuTsuiguiienam It oui
Y8914 2 AAUlAENITUTEYNALEITN1SAUINMIAIYBIANUMTDUAUTENINNAILUY cosine
similarity wenanddavinisussendliyadayanaaaurain1yinAumilouiuYeerIALain

' o ¥ a o = = v L2 a s v Yy & ¢ = P v
MITIUTIgUaImAUmhuUTuWiguInteyavesnisaanasdidmtniuledvis 9 wiely
o v = DR = a i o w = =
AAunils 9 nnaasuansliiuInIsiIeuisuszIeaAulaen1siuTe uiieulu

[

NEEYY n-gram @1N1IAYIINTUTEULTIBUSENINAvRsAIAUNiinIsaznaRn N1sidAge

' '
= U a1 = L

AMTUTINANY ANTanunNNeeaeiu kazdsuaiiavladuuiianela uenandds
° A o w o Y aa a v o o v A & v o Y At v g e
MMssesauedAuniaufeItesiuaauidudeyaiig Ndwzwandviiiub
AIUQNADY (recall) YosAAUNATY wazdalonansliiudslszansaineeanisaiiuey
NN U ULTABUATA LA ULAUB AUNITATUIUNIAIAINULNAL DU LIV AINUBUUNIT Y

cosine similarity WUULAYY 9 Wagn15ly Pearson coefficient LUULAYY 9 NFII5N199

Yauaaunsan i iunulafnInme 2 359na1uT1enu

(Istam, Milios, & Kezelj, 2012) d@ueisnisiussuiisuseningdennuludneuy
0INSUTIUTIIULUY n-gram ﬁ%qlﬁﬂizqﬂmﬁl%ﬁﬁmwm Google Tri-grams 111 lun3
fflumsUSeuiisuseninadeninu Tneasyin1swUauu tri-grams 91ndasnusSuduauda
Snusegarinevesienuuarderuithunuisuiioy anduiunduamma
willeufuvesdeainuiiiiundioufivuiu A3391nn1siuiunisnaasanansdiiiuds

U52ANTNINU0IN1SUTI UM UTDANUNUNAUDNUSLANTA NN LDNINNITALUNS
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Wisumeuluguuuusing q wazdsldrmvamadnsainnisauiumaumilouiuseniing

Jornunlndifgaiun1sanaulaesiie ey

(Gali, Mariescu-Istodor, & Franti, 2016) lsvin1suszendladsnisawim 21 385015

= &

Fududsnsildlumsiunameaumiioutuanmsisuiisudennusuuaissnusy
21914 Jaro-Winkler, Bi-Jaccard, Trigrams, Jaccard, Dice, Matching Coefficient, Overlap
Coefficient, Rouge-N, TF-IDF, Euclidean, Manhattan, Soft-TFIDF \Jugu Lﬁ@@’jﬁ%ﬂ’]ﬂﬂﬁ
LMMWS&NﬁUﬂ’]iLU%SULﬁ&JU‘ﬁ@;J“aﬁLﬂuLLUU‘ij@ﬂ’Nuﬁﬁﬁuu’mgu 198 Najlah et al., lavinns
wanguisnisfuramanuIsuiisureateninuly 4 ndusail ) Character-based
measures, i) Q-grams, iii) Token-based measures kag iiii) Mixed measures TAUNAANS
nNAalNUINITNsAILIALUY Soft-TRIDF dadudsnisAuiafisndsnis TF-IDF
(term frequency-inverse document frequency) ﬁasﬂuﬂa‘:maqm%wLﬁausﬁ’aﬂmmwu
Token-based measures way38n13 Jaro-Winkler fleglunguusansiuFouiiisudonnuuuy
Character-based measures W1l3gaiu 1Wuisn1siieuisudoninufimuizaunasy

v YV v

anansanniumslannaaiudeyauuudeanunivunngy

(Maher & Joshi, 2016) launauaisdnnguienanslaanisussynaldionisAuium
Aanumiloufuvasddiuinsmeannumiieutureaenals Seldumisnisiunuuy
Euclidean Distance, Cosine Similarity @ ¢ Similarity Measure for Text Processing
mﬂﬁuﬁﬁgﬂﬁﬁ’m’lmLL@'aS?J%ﬂ’ﬁiJ’WT’WLﬁUﬂ’]ﬁﬁMﬁU%%ﬂﬁﬂﬁﬁTﬂﬂéuLLUU K-NN based
classification, Naive Bayes classification ¢ K-means clustering fFamadnsannis
AiunIneassansliiuiinsiiIsAsmuaAANLmTautuYeIRILUY Similarity
Measure for Text Processing Kiotuuszgndldsaufuiznisdanduits 3 357inanau
990U @unsaeiiunisiaegeluszansnnuinniin1inAsAATUIMMIAIANLIAL DU
Y8R UY Euclidean Distance wag Cosine Similarity wunyseynalgsiuiuisnisdnngy
W 3 38

¥
1Y

(Tessem, 2019) U@UIUABUIDEINTUNITUULUIUNAILUNIAN o TRAUTND7
lngn1sfiansandawdyuvestnntnealavinnsseulinuunanueniiey :nMsiesen
wazlTeuiig uwiguaninyifuilonivesynrluunainudvils 9 gslunisaiiunig

Wiguisy ladseynaldisnisiseuiiisulnenisduadnud (TF-IDF) vesrilivilauiu
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FENIIELNTIUNY 1AL LMV lNUNAIINAIS 9 AINHRLILIYNYeITNYILAE
Ay v = = ° ] = v oA A o Y]

ena1snlannIsiuseuiisy uAwumAIAtmlouiuieaeiin1sInduduees

unAugalituingauly 9 lneuneiuinfssgnasiiuingnasduunauyiid

ALLUUVDIANULVLDUNY 10 DUAUWLSNVINTU

2.2.2.2 n153guiiiguldenlnununganuvaetayanai1eduia (Corpus-Based

Similarity)

Wun15A1LINMIANUIME D UA U IALAENISIUS S U UAIUNLIETENINNAIDIN
AdaANIvIauvaayanas 1 ulag et v NI Iu1wInis o way/viemaninis q

aa = ~ a Y -1 = Ay A a v o &
I@EJ')ﬁﬂWiL‘UiElULV]EJUL‘?Nﬂ'J']lIWlI']EJ"\nﬂLL‘V"ﬁQGU@HaﬂaiqﬂﬂULaﬁuﬂ’]uj"\]ﬁlmLﬂﬂ?ﬂ@ﬁ@ﬂm@iﬂu

(Das, Chong, Eadon, & Srinivasan, 2004) laudlaueisn 153 uifiguliemaumnung
ialdlunisAuputeyaaingiudeua lnensiteyaneglugiudeyauvitnisaivesulnlad

Wevinlimsuispuduiusveswiazdoya Fulieuhdeyamasinluseulnladudiazyieli

v
o/ (% s

° Y N v A Y A aa v o v va a a a =
ﬁqﬂqiﬂﬂqﬂqiﬂu@uswaisawLﬂEl'JGUENLLag/WiaV]llﬂ')']llﬂ@JWUﬁﬂUﬂqﬂu‘lﬂﬂﬂﬁgaﬂﬁﬂqv\lﬁlﬂmu

) T Y dl

a1y Wegldanuleumaurtiuivedeyanis  fgrudeyanileglifiteyannseiv

Y Y Y
AAu nMsruAutoyasgliaunsavild uidnhdeyaangudeyanasralueoulnladide

Y

v P 19

AldaudeumAudun wedeyanil q Fadledaundewdnunlinssivdoyaniieglu

Futeya M3AUANIRINISIUSEUBUAUMINELasANUENTUS YA AU u ey aNiile

et

v v sa a v (% o v gj Y L4 = a v -&J Y o 14 IS
uwiuanmaansaneItesiumAuiy q Wiugldau fenddeillavinisasueeulnlagan
ToyaveaUsEnnemsiusuemsane) Mnturiimmaaedaenisidniw saL Tunisleu

AAuivesulnladvesgrudeyaniasnedu mnuanisnaaedawansliiuiwiailunisAudiu

Toyans I8

(Guo, Fan, Ai, & Croft, 2016) lauausn15.US g UL UNIAINANEF NS UNITAY
Autoya FadunsiUseufisuananuninesEnismAuLazienals Inesuainyiinisen
(pruning) onansAfimTAertestumduiidesunesnluifieanaugdeulunisiuia
Imamim’%wLﬁwmmwma%mﬁﬁuﬁuﬁﬁmmLaﬂmiLLazﬁﬂﬁaghLaﬂms Fulefimdu
Wunagshnsiumenansiiieadestumduiu 4 aandurhnsvidei (indexing) Tneld

38 k-nearest-neighbor AultAazAluNE1T1le 9 LoTAa1AULNETIAEITOITUAIAY
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Y

Tngionansfidwidowarmiieirdestumauuin q szvinsdafuliiierdvivazainy
sa5luntsdngs Inelun1smaaes Guo et al, lavinnnsnaaesiu 3 gadaya laun
Robust04, GOV2, Clueweb-09-Cat-B warvnisiisudisulumaiivihduiulumaisnis
i1 9 Tu 3 yadeyadsannismaassuazidsufisuiulumaresisniseis 9 arnuanis

noasdlanandlmfuiinsaiiiuanuniivssdnsnmuinnilunaresisniseng 9

(Liu, Xiong, Sun, & Liu, 2018) I nauetunouds “EDRM (Entity-Duet Neural
Ranking Model)” #aLfudunauisdmiunisdufuionarsainmduiifldauiinisdum
wnansuuntules Imamisﬁgumauﬁ'% “EDRM” 1 Jumsaifiunissiuiuseing 2 35a15he
1) MmaFsuifisuiBsaamaneserinsiduuazidonluienatsnia 4 Tnsnisuszgndld
38115 embedding 1W1u1928TuUN1TANAUNISIUTIUTBUITIAURNIETENINIAIALLAL
BNENT waz 2) MITasusuANLREITeLenasTuMAY Ssa1nnsiUSeudisudsrnuming
synIeFAuLazionansidudiutiefinlunisinsuiuresenans uenanilumsinsusu
gaaenansdnnsiiansandalseiinmsfundnunsindnduaie eansilgandunouis
“EDRM” Liu et al, lddmnsndunsidsuiieufunadwssilganndunoudd “K-NRM” uas
FUMOUAT “Conv-KNRM” (Hufuduneuiidmsunisaufuonaisiuiuy Wefinnsands
NadNERldannnsiUss U Hadwsve wona1silaaIn ARSIt uR B UdT
“EDRM” TUseavisnmilmileniin 2 dunouds

(Lenz, Ollinger, Sahitaj, & Bergmann, 2019) dlaueisn1sAuAutayad MTusTUY

= 14

nsAUANYaYa BauneuIsdmsunisauAndeyalunuiTeasinnisussendlinisainesu

Inlagvaaenarsuils 9 anduiiArrungldaudeudinniedunideya u1viinisg

Y

= = a ' = =t v o v = P~ -
Wiguiguidannuvneseninsesulnlagueenansvil o dumdu iielilaundaenansi
ASIUANABIN VBN LTUINNTIan Inslun1siSeuiisudninumangagyinnisldisnis
aiAmesvaTEIiNguesivseUsEleanissuiisuiu Inensussgnaldtuneuls

. = I Y ¢ ° v w o v sav Yo a
989 Word2vec Skip-gram @sazilunisasisnmesvesdnnndeyandsidninladamsen

Yaa o

13 anduinisawiamaianumiioudulagn1sussendldisnisaiuiniuy Cosine

similarity 31An157@31900ulnlagvesendsui q waruresulnladNasnawiviinis

o v A A A

WguiisuaanunuigduaAungldautdaudiul vinlinaansaidudauanisaufun

Y Y

NetasiumAuty 9 Ianugnasuaziianulndfesivdnglianudemnisuinign
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o

(Sitikhu, Pahi, Thapa, & Shakya, 2019) nia@ustunauisdmiun1siUTeuLis UL

v
av A v

AMUTINEEMIAN ouAUsEI1IUNAUY1 TasTuawiddeiliviin1sfinAuisnis
Ll ) aq ¥ 1 a = a b4 6 o v
Wisuigy 3 35 loud 1) NsiUTeuiisuidaninumangainnsainaamesvesaInienis
Usgenald3sn1s TF-IDF (Term Frequency-Inverse Document Frequency) 310111
NAWBTYBINATtUENAITNINIANRAY WalilauTanamasvetLAazionals Aeuasly
ABNTATUIULNMIAIANUULDUAUYBILDNEITALYITNITATUIULUY Cosine similarity 2)
N19USHUWIgUIRIIANUNHIEIINNITATIUIAMBTVBIAIAI8NTUTEENALTITN15Y 09
= < $% s o ¥ v o o ca vo a 14 & o
Word2Vec szmmﬂumiai'mLaﬂma‘maammﬂmaga%maamﬁwmﬂmmLmEJiJVL’A IINUUUN
AV NATtULENAITUINIANRAE WalilauTaAmasvaLAaZINaS Aau 19y
DNIATUIALNEINAIANIUT BUAUYBLBNAITAILIBNITATUIULUU Cosine Similarity wag
3) N1SUSHUIBURIAIIUNHNEINNITASIIANBTURAIAI8N1TUSEENALEITN15VR
= < £ s o ¥ v o o ca vo a 14 ] o
Word2Vec szmmﬂumias'mLaﬂLmassuaammﬂmaga%maamﬁwmﬂmmLmsm"b AINUUUN
nAWBTYBINATtUENAITNINIANRAY WelilauTanamasvaLAazionals seuasly

ONIATUILNBIN AU DUAUTDILONEIAIYIDNITATUILUU Soft Cosine Similarity

Taelun1s19aawe99uITeT 21N15NAaBNUSsUREUANUATDUNUIBIUNAIN UYL

(%
Y

] aa aa = Y & 1 ad a = a
VUABDUITVIN 5 IBANTT %Qﬁ]qﬂﬂqimﬂaaﬂuaﬂﬁiﬁWHJT] 'Jﬁfﬂilﬂ.]iEJULV]EJ‘ULGUQ?‘YJ']@JVN']EJIU

UNDUITN 1) ABNITASIINIALHBSUBIAN L ULFAALLENAITA8ATNISVUBY TF-IDF 910U UUN

2ee

nAMEsYRIrNNANIEIRAeas 1 TuANeSUBIAAZIONET LA INIAIUIUNIA

s v P

ANUmilauiuAIeIBN15vee Cosine similarity Winadnsndanugndewvilondt 2 Tunewds

(Mohammed & Kadhim, 2020) ﬁWLauai'%mﬁaqummﬂwmsJ 9 LBNET AN

= = 4 Y ° & a o a 59 v
Wisuisuanumilauiuaindluilionivesenarsnuiunasy neisuainnisussynald

a v A v vy ' ] )

watian1sUszataterulesiu dalaun nsuuslseleausazyselomanaindu, n1swuad
Fonwsiuninglunivesngulilufsnesiuidnlunwwdingy, n1sauiAIsamung
133AR0Y, NMIMInAmeanUsINUEluwsazUselen wag MsanjUvesAlieglusuvedsn
Anyl nuuhuseuiisudiuveaiieiulaunulasnistuainudvesrmndmviounuly
na1sndIuUseuisuiu ganierinnisussendldgnsnisAiuiamiAinumileuiu

5¥1119U5leAlUU Cosine similarity, Jaccard similarity Wag Dice similarity 31011015
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Afiun1snaae i lilaudmaansveinisaguainuainuate 4 wenais Niuseansianan

Wi lUSsufiguiuraansilaantunewisnisasunnuues SOEA-based wag SOO

(Qurashi, Holmes, & Johnson, 2020) lauaaudsnisiuseuiisuainumilouiy

JEUIWNETT IngNsUSUREUUSEANS AnUBINadnsSilaa 1nN1s3snsSeuieulae
J = [ | o N g . = ) ad o
N1SAIUIUAUUNLDUAUTENINATLUY Jaccard Similarity FduiTn15AIUINANY
WL DUNUTENINANYIUTELEALAENITRAITUIDIAIAUNITNATUYDIRIDNWTTENINGAN,
LYY d' 1 = [ o 1 I~ % v aa =l =1
AITNYINUIING I8N, ANUwllouiuvesarsenitelselen Wudu Auisnisieuiieu
TnensAuIMANUWBUNUTENIeAMUY Cosine similarity Fsazidunisulasamils 9 Tu
Uszloabieglusuvasnawes lnen1suszandlditnisudvasimbiilunnmesdieisnig
Word2vec 3MnHUUNIIAMBS TN UIAILILNEIAIANUML B UNUAI8EUN1S U89 Cosine
similarity F991nKadnsveIN1sANRUNISIUSsUBUTS 2 wuuAina1und1eiu wansliiiugg
NAGNSINNNSIUS U UA83T N5 U8 UMBUTAE NI TATUIUANULAL D UAUTE IR WU
faa

Cosine similarity TUsg@nsaimafniinadnsisnisiuseuiisulagn1sAiulIsiaIy

WOUAUIENINNAILUU Jaccard similarity

(Singh & Singh, 2021) 1 @euUITNSUTIUNEUAMUULDUA UTEWINNUNAIIUUTD
Tnensimadnsiildanisnisusoudisulaenisuiamaininumiioutuwuu Cosine
similarity, 35115138 UNBUIABNITATUINNIAIAIIULDUAULUY Jaccard similarity thay
8N15US8UgUlAYNTISATUINUIAIANNIREBUAULUY Euclidean distance 11%1A1S
Wisuifisuuszaninndu Taeduannisuszendldinaianisuszananadonnudesdy
souninsatanguesiualuudazunaang ndutiiunaIuT 2 unAuitiiung
Fuduauna 2 Sumeudrsiuudnuiesudisuiugieisnsieudieulaemsduanmia
AumiiouRuRa 3 33075 IngasvinnsinualiisnisAurumiAAumieufuL Uy
Cosine similarity wag Jaccard similarity THAIUINAIAIAINULNEDUAUTEUINIUNAIILUTY
FrensUszgndldiBnsiuisuifisudietunouls TH-DF wag F8nsFeudioulaenis
ATUINIAIAUMRBUAUILUU Euclidean distance THATUIMMIAIAMUARBUAUTERING
UL TUTE AN euTisudeduneuis Bag-of-Words Fanadnsils
MNNSIWIBUTIB U 3 MsAuuasLdn U HadNER LA a1nN1SIRNSAUI AN

P ) . L. . P a a A A o can v ad °
ANULRUBDUAULUU Cosine S|m|Lar|ty ll‘ljig?ﬁ/]ﬁﬂ’]‘wwL'Wu@')qNaaWﬁ‘Wlﬂﬂqﬂﬁﬁﬂ”ﬁﬂ’]‘U'}m‘Wq
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A1ALMlBUAULUY Jaccard similarity wag Euclidean distance 7slusuvasnmgnaas,

ANMULUUEN hazUsEansSnInlagsIy

2.2.2.3 n1silFeuiiisuseadnunuieainunastoyasaulal (Knowledge-Based

Similarity)

I3 aal ) = 9 1 o = = o
WUATNsAUINAMUWEaUAUSERIeAN 198n1SUTEUABUINNANUBLIEVDIAN
nurasteyasoula 917y WordNet (Miller, 1995) Faluagerdnyinianiwidengy
¢ ala | a ° I a a a

wuusaulaunfvuialngwasieuiuiusegndldlunisiuouiisu®aninunuigain
v ¢ a = ° o aa = 1Y) °
uwviastayasoulail lnef WordNet agusniiapnumvingveddn Andauvingidouiu @i
Aflenuvuieadteiy mndanurienssiruiu Wudu lneisniswseuiisudmnuvung
Nnuastoyaseulataiuisoutasennguidu 2 ngu laun 1) nswWSeuiisuanumileuiu

VYDIAMUNUY WAL 2) nsiSeuisuanuunilounuluseAuaNUFNNUSVRIAINNNNY T3

Fnswssudisudmnununganuasdeyaiiaiavuedinuidenneitesisialuil

(Corley & Mihalcea, 2005) lautausdynivesnisiUssuiisuannumiouniuves
aednusEsEning 2 feanuiidadlevinsleuiisundy sadnsannisiSeudisudinsd
drufinnannogtng dadu Corley & Mihalcea 3sldthiaueisnisiisuifisuidmiumans
WUU Knowledge-Based Similarity Ing/laussendld WordNet Faduaderdnrioaulatiii
udszgndldlunisiiiumsisuifiouiBsanumnesenined msdiduauEuduan
nsuwusAsiazAluszlonoanainiu Qﬁﬂﬁuﬁﬂﬂﬁiizqﬁﬂ%ﬁﬂﬁ%mﬁﬂLLﬁﬁ%ﬁ??j@ﬁ’]ﬂﬁ?ﬂﬁ
Fuguasdiigrinisulsuifieulnsduogfunthiivesd o1fitu guasduny, guasdizen

Judu WieduguesanlaudlaziiguesimunazguiinisiuSeuiisuidanumungiiiont

1 a

A [ | ‘:! o a | =) (% . ¥
ANUUilpuiuYeLAaza NFlun1sATUNIIRIAIAINMUEDUNAY Corley & Mihalcea 16

U

Uspendldisn1sAuInues Wu & Palmer FATUNIFAUIUNIANAIUAL DU UYDIFIIN
5n15UTH U ULTIAIUNLNE U15UANTEUN1AUITNTT Inverse Document Frequency
(0F) wiethanldlunismaianumilsuvesusazAvesaNunUSsuLisuiy 31nn1s
o a Y o an a ~ a 2~ A o °

Auflunisnaass Courtney LAu138n151U38 Ui uldeanumilounudueuIvInIg
UsgllUNa g U UIT N IAILINMIAIANLLAL D UNUUDIAIUB90N15US S UL ULTIAI L VNNE
N9 6 38 @alaun Leacock & Chodorow, Lesk, Wu & Palmer, Resnik, Lin wag Jiang &

LY

Conrath wanNaNUFTIWIINSUTLRUNALNEUNUITNITAIUIUAIAIANULNL B UNUYDIIDTNS
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WIBUBULUUEEENUIZUAE NIALIMAIAMIUIBUAULAYATN158Y cosine similarity

HmadnsaInn1svnasuwansliiiutalsednsnmeesnugnaeweInsiuss uile uid

aa A o A o a [ 7 aa ay v Yy v
AINURUNYIINITANTNUNAUD Vla']lnia@l']Luuﬂ'ﬁlﬂl,wu@ﬂ'rwm 8 'Jﬁﬂ']ﬁ/llﬂﬂa']'lll']m']ﬂ@u

(Devlin, Chang, Lee, & Toutanova, 2018) YNaUTURouIEIUS UL 8 ULT S
AIUMNIETITe71 “BERT (Bidirectional Encoder Representations from Transformers)”
Tnensuszgndldndsddmsiues BooksCorpus dsuUsznausnemdny 800 d1uf uazads
AANNUDY English Wikipedia FIUTENOUSLAIANT 2,500 UM 191ansuaiunis
ATIERUAZIUTI UL ULTIAITURUIE TN 1A mﬂﬁ?uw"wmsﬂigqﬂﬁ WordPiece
embeddings ianievhnsiuamAveseumieutuluBennunesenind Faean

o a L= I a U o A ¥ :’I aa o
NNIANUNNTIUSHUNYULTIAIUNUNIETENINANNTBVDAINUINNIUABUITNITVYDS BERT 911

'
=Y

TlanaansniuszansannanitdiavrluSouisudunadnsannnisiuSeuieuLda
AUNUNETENINNAINTBTDAINNAINITNSUBY GLUE, MUltiNLI, SQUAD v1.1 kag SQUAD

v2.0

(Cross, Mokrenko, Crockett, & Adel, 2020) Wa@uaTUnaWInNISHUSEUMEUTEIING
YDAULUULTIANUANELAEHN1TUINITATUINANU o UAULUY fuzzy laediion1sATuIn
1AuA 1) Sup-Min, 2) Jaccard similarity, 3) Geometric Fuzzy Similarity kag 4) Similarity

P | o a = a a 9 & ada o Y v o &
on Type-2 [N IUANUUNITUIEULNEULNEUAIY YUABUITVIUNAUDISUAIUNUNIEU 3

Jupauds Ao 1) STASIS lHWIBnswseuliisudemuneszninelaunisussyndldooy

aa

nladfias19laeg WordNet uagadsA1@nyivas Brown Corpus, 2) FAST 1Uudunauisn

v
[ =

Wawnuann STASIS lngvinmsdanuiavyvesteyanazinundieuiiieu uas 3) FUSE u

aa o a o v a 1% ° o NAg Yo a | A o
ﬂum@u@ﬁu%gmﬂqiuq@LGUEJ'JGU']QJJL?J']N']V]’]ﬂ"liW@Ju’]@EJUIVIIaEJV]IGUGWLU‘LN']UEJ% AINNTITNUN

Qe

v

AEIvg i aulnlagviliaunsaiiuduiumdniiluseulnlagnldegns 57%

Y

1A8HANFAINNITALTUNITNABDIAL LA AT UDINALNAIUTENINTUADUTITIN 3 TURDUY

FAWAVTTNTAUIULUY fuzzy 919 4 Tunou
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2.2.2.4 MSWUSHUNBULUUNENNETY (Hybrid Similarity Measures)

Wun1ssiwdSnmsans q lumsauumanumileuiuvessidilineiu Jeagyinli

UszandnmlunisandiunisiuseuiisuinlaaninludsmsilTeuliisuuuuiael 9 8935019

= a = av a a Y o 1
L‘UTEJ‘ULVIEJ‘ULL‘U‘UN'&@JNa']u&lﬂ']u’)ﬂEJ‘VlLﬂEJTU@QW\W]@lUu

(Mihalcea, Corley, & Strapparava, 2006) lauauenisiuseuiiisudeminuluniu

a

99n151T8uIisuAIuunY NFelE3I8n15 Corpus-Based Way Knowledge-based
Similarity WhuilevhnisSeudisumanunniioutuszninadaninuainaanuming Taens
ihteyatnarsaniuvleduvinsisuiisuiu dsieunisazthteninudliuiinis
Wisuiisufuiiomenumsnetuasdedidunsssyandidemaitlussninedoni 2
fomnuiidlathsiimsiniuSeudouiu ntuashmitssyldseming 2 deamuniinig
Wisulsuiudernuming $a1nnisvaassuansifuinnsueuiisutudannuming
TugnuniswIesuliisuiuy Corpus-Based Similarity anviunislaanittusiuvesninugneies
(recall) wagn1siUssuisuiudsnunungluaiun1siuseuiisuwuy Knowledge-Based
Similarity @111588t8un1slEAnITuduvesauLL e (precision) wana1niiuaa
Mihalcea et al,, Saldvinnssauna 2 Famsideiudeinlidiuinanunsasiiunislénni

=) a ¥ I
NNTUTIUNBUTDANULUY  HIN9 ‘)

(Gomaa & Fahmy, 2012) laiauassuunsiiazuuuluusalusimannnisaniunig

WS HUIBUSENINANNaUVBIUNT I ULALLRAE LA8AINBUNAILITALNUIA L EUNISIUS s UWIBU

[ ' '
£ =) =

zdoddummnauLUUTDAMUNTYUIAFY WaNaza uisavlUTsueumanumilauiu

FEMINANNDUBALLRAULA FINUVUNDUNITINIUAININA 3

Text Text
Input . : .
preprocessing Student answer after Model answer after | preprocessing
Student answer : : Model answer
text preprocessing text preprocessing

Matching

Similarity words of
student answer

Scoring

Score of student
answer

AINT 3 TUNDUNITYINIUYDITEUUNIT ALY UUSHIUTR
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TngnsdifiuauagFuduiinisssgndldinadanisszanana nwssamd Tiun
msidndmeyauaznisasugUvesmilvieglusindm iiewnldlunsuszmanatoniiu
DosurasimauiiliantnGeuuazians mnduinmsszendisnswieudisudonin
WUU String-based similarity Wwae Corpus-based similarity t01u1928lun15a113un1S
Wisuilsusswinsimaunaziaas dsludiuves String-Based Similarity Qﬂﬂisqﬂﬂ%’lﬁa
UnUSeuiisumeanumilouvesatusnaszuazatuAinaukaziaay tnglaussynaly
Uil AIAUMEIOULUUANS 9 WU Jaro algorithm, Jaro-Winkler distance, N-gram,
Needleman-Wunsch, Cosine similarity, Dice’s coefficient, Euclidean distance, Jaccard
similarity, Matching Coefficient, Overlap coefficient Wudu warludiuves Corpus-based
similarity I#gnuszgndléifiedhummeanumileufulusefuvesmnumneszninedneuuas
\nae A3sldviin1sUszgndldisniseuiamAiaumieuiuyedisnig DICSO1 uaz
DISCO2 FaduidnrsduwinmAranumilouiudsnnumileulunguyes Corpus-based
similarity Wevhnsiisufisuanumiieutuvesmnaunazioasiasauds Itz

[ o

nsfuMmAzLuLrefneulaeIUszg Nl N s duU s AvSa nduiusmuitues
& (Pearson’s Correlation Coefficient) g9 nnisanfiunisnaasuandiiiiuiinis
1U135n151UTeUiBULUY String-based similarity ag Corpus-based similarity 11114
andun1ssanAuaINsaniduni1stanni1ni1sieisn1siUseulfi suluy String-based
similarity %30 Corpus-based similarity wuuiiien q a7ty n1susynaliIsnswWseuiisy
WUU N-gram ﬁagﬂumjmm String-based similarity $3ufU3SnsUSeufisunuy DICSO1 7
aglunguues String-based similarity 1vitmsAuamAmANUmlsuiuIINMUTsUgY

SEUINANNDULALLRAE NTIINNITUING 2 ATUIAIRUNTITIINA U AP U TIANUDINATNS

o a ™ = Aaa
"\]']ﬂﬂ']ﬁﬁnLUUﬂqiLUiSULWHUWWV@@I

(Mumtaz & Giese, 2020) Y aue35n15.US U UTDANULUUNANNETY 1en1510
NS sUiBUaAIIY 2 FTNSHIAMEIRIUSINAY Wawn 1) In1siSeufisutanindleg
o a o a = ) ' a P ° '
A15HUAUDVIAINUALDUAUTENING 2 UNAIY WAL 2) N15tUSEUgUAITEnINg 2
UNAMUBUULTIANUTLNE TaglunsiSeuiis uhuuidannuvaie Mumtaz et al, lavinnis
asneeulnladveseyaiiowansliiutisnnuduiusvesdeya 9ntuiiesulnlagiad

U8R TUNTUT UM BULTIAIUALNE FINAFNETLAINA1TUS8ULTBUMIEITN15UB S
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saa 1

Mumtaz et al,, @nsalvinaansnianuudiugiasan WeodrlUiisuiunadansnlaainisnis

WU UTDAMUMILTUNDUITUBY ICS, HS, OF, CMS way Eskin

(Lukyamuzi, Ngubiri, & Okori, 2020) lé’ﬁuauai%‘mﬁﬂmjmLaﬂmiﬁlﬁlmﬁﬁaqﬁu
auladumsne1ms (Food Insecurity) I@]EJ‘VTWﬂ’]ii’JUi’JﬂJsﬁE]uuaGU’eNL@ﬂﬁ’]ﬁ‘ﬁlélj@ﬂﬂ’]ﬁﬁ]’]ﬂ
www.monitor.co.ug 11ntulszgnaldisnisdszunanatoninudesduidiuiiinig
Uszsnanadenulutenasfinurusnld TneEuannsusd, msfdadivegn, nsansy
yaar leglusindnyl wag N1sAMUALIAWMBSYRIA ABNIINITANIMAINWITBUAUYDY
lenansiitedanguienansioglumnavyifisdiu Inglunisduimnsimileudu Lukyamuzi
et al, WWuszgndliisnmsarmmmiloufuves “Cosine similarity” uagnnstiuamives
mimdeuruluenaisingdsnisves TFIDF lunisandunisnageulusmuvesuseadnsnm
N1391197U Lukyamuzi et al, lavin1smageuiun1sdanguienansnigizn1suas NAIVE
BAYES way KNN wuinuseansnmmsyinsnusesuneuisildoenuuulianunsasiiuanule
FintABnsdanguste 2 38013

(Farouk, 2020) Wta@ue3sn1silSeulieuaIumilaunussniInelselan lnanns
NENNAIUATNNS Ap 1) n1siUSeuisuanuwlounuanlasas19wesdselon taan1sun
ﬂizismwiazﬂiziemuﬁlmﬂ3ﬁmmmé’mﬁuﬁ‘iwdwﬁwﬁUiﬁﬂgiuﬂiziaﬁ ndutifuay
auduiusilanad alunsnauduiusve sselopdu ‘ feunins e 2 Usylen
FhunUssuiteufunmunameanumileufulae nsad s nduosmnudusiusansts 2
Ustlon ieuanstiidiudannumiiouruwesnnuduiuglusts 2 Usslon 91nduthduiam
AAumtsuiusEnIsUselealagldn1sAuiauy Cosine similarity, 2) 35n15WUSBULEU
Aumieufuannawmesuer ddlunsadisaamesvesdn Mamdouh Farouk lvinng
Uizqmﬂ%’ Google’s pre-trained word embedding vectors [T1LNE519IANDTVDILARL A
Tuuselon 9ntiusiie 2 Useloafiunisadanamesudunduameaaumieufiuan
ANTAIUINLUU Cosine similarity wag 3) 35019 U UNBUAMULULBUAUIINEIAUNT
Aeduvesn esanluuisuseleafivhunu3sudisuiuenaiisionisvesmimiioutuuds
onalsfaumnevesUstloafiuananstuld feu Mamdouh Farouk 3sinisingnduntg

a X ° ° d' 1 v & a = aa a a a X
LﬂﬂeﬂusﬂaﬂF’T‘Ill']ﬂ']u’JmLW@ImﬂNaaWﬁSUE]\clﬂqiLﬂichULmﬂUmmﬂigﬁWﬁﬂqwuqﬂﬁﬂsﬂu
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av a4 1% o Yy v \

NUITENLNBITRINUNITAATIZIADS U8 T18TV N LRINNNSAN Y L9198 du

¥

Ingiuaaggatiunnistialnseiingusvasdnlasuannsseuslutuiteunududeyaigedn

o

TaiSeunaazau lievn1sinUseansanesdanuivesyiseuudazaunlasuainnis

e>2p

rgnenlutuiseuly 9, en1suuzdinesallsuiivuizauiuiTeuudazay v3on1s

fa

)

ATIENAND5UNE TV NN N TIUEIAINABINITUBIRIARNNS I UAIBUNTlY 9 FawIAn
ManueAgeli LAy iuNn1s3ns13RA185 U8 183 TUNONIAIURTTDURAZAIILLANAS
sENIeAIasUIe eIV luTIeININTS 9 mewmell §ITeRin1sasisssuudmiuns
a ¢ = = o a a = D) - i

IATELazIUIE g UAeS U auandlliudierumilaulasAILLANGIY VBY
Wenlumeduresieivlusiedvnils q Mdeaviludiuteliauenssunsuay/msennaisd

Raoulusedviny o awnsatdeyanls Wusuldlunisuiluwasuuugeresuiemeiviv

17 '
= )

a a X = Aav A a 9 ) = ~

TUDMINAUIZANNINTIVUY WAZINNNITANYIUITENNEIVDINUNSUTI UL UAINY
= o v av v v P I aa a a = )

WL A UNUVBITDAUNLANAIIUITI9A Y FUTTALUITNSUSsURBUAIUMAT B UN LT

daaule 4 A5launA 1) n1siUSsuisukUUaEENUSE 2) NISUSEUREURIANUNLNE1N

WAITBYANASIWUeY 3) MITauilisulBsenunineanuratayaseulal wag 4) N3

Y Va v

= =1 o Y o Y ad =l =1 % G’Jj
WiguWiguwuunaunay vnlvigidelavinnisussgnald BmsidSeuiisusuvanesnuse w9
TudruveInN 15 US 8 UNBUAMUML B UAUYBIA18TNVTE WAL AN, T5N15US8 U B ULT
AMUNUILAINUNAITOLANATITULRY kaE TBNITUTEUWEURIRUMINEINLUEIToYE
aaulau Wrnlglun1saiun1sUSaUMgUTENIN9ANBSUIES183Y LAUNAANSALAAINNS
a ~ ' o a a a P Y & e &
WU uIznIea1os U519 US89 19de 9 aznaasliiiudsdiuveauiionily
Aesutes18IvsRuNmiloutazanaRURUAIaSUI8s1eAVIUTIUTEU tas wanadu

Ty TIATUNILUIUBNTINENTITRLALVBIANUMLDULALAIULANFAIIINNISIUT B ULTIEY
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uni 3

FTUUIATIAND3UIET 8V LUnangnsIneIn1sAoanILnes

uniazedursdenisduiiuauves “sruudiasigvirnaiutgsedvilundngns
INYINITABUNIADS (Computer Science Course Description Analysis system)” N30
Funin “spuu CSCOA” Fafluszuudmviinsesinasiioudisuileniain 2 (n3engu
104) A105U1eT18IvIvessedYmile q Tumansduineinisaeufiames lnefesune
edTihuiessisasSeudisuiurzdeadumesuievesseiviimilouniedonados
fuindiy mseiiueuressEuy CSCDA fuanslunndl 4 Seusznausae 3 dunou loun
1) n15593u509eyaud1 (Input gathering) 2) n1safafA1d1AYYIINA1BTUIEI18T97
(Keyword extraction) kag 3) N15.U38UNBUANGIAYT21I19A185U185187387 (Similarity

Matching) aua1su

- 1. Input gathering 2. Keyword extraction . 3. Similarity matching - Output
~ Similar
contents

Dissimilar
contents

[

1.1 Course description r Course description Keyword vectar

l W\ >of cg x : KSg x
\_/_\

Keyword
1.2 Terminogy > extraction

CS's course
description

Keyword vector
of cg ) 1 KSy

A\ 4

CS's terminology
sources

Linguistic rules J

2799 4 1A59a519Ya95v Uy CSCDA

i

s~

Similarity
matching

Keyword set of
course descriptions

3.1 Mssusmdayaindi

zilun1557UTINTeYa 3 diu Ae 1) A185UIEII8TYT 2) ATENTIANIEN1IAIY

[

WELINTABUNANDT WA 3) NNINAIWIAIENS LagusasaIulisgasiBunaall
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3.1.1 ANS5IUSINADSUNYSI18Y

Tudunouusnvesszuu cscoA andunissunumesuieseivvesseivly
nangasIneinsaoufiames anuvinerdeiidnasundngnsineinisneuiinmes lne
MesueTedniarannsosiusuld andudesuisneiniawsaduduldaniiuled
Y9IN1ATY U Falumsnuruteyadesureeivmis 4 azdudunssusmdeya 3
GRoR! LLé'a%’mﬁuagj‘Lugﬂqu 3tuple : < s,u,cc > o s vuneds Josne99n
(Mw18ann) u Mueds JeunmIne1de (Mwdangy) wae cc el demvesesune
e (Mudange) mudiu Anduwhnmsudademlumesune (nanfe cc) Ieenidu
Wiage 9 LLazé’ﬂLﬁuﬁﬁaéaamz%wﬁ?uiugﬂuwé‘aﬁ . TP =< tpy, tp,, ..., tp, > lag
nsmsudaieniludeiuseenfuidedes agvilflassadunisdaiudoyadedune
sre3vmileq Wasun < s,u,cc > 0u < s5,u, TP = < tpy, tpy, ..., tpy >>
MHINAUTIVTINAI05UI8318T91 UM INEI8EA1N 9 uis szldndedeyaresieiuy

57391 38N CS-COC (CS course description corpus) AuaAIRI0e19lUAN 71 5

Subject name

University 1

cs,u. = (Algorithm Design!and Applications, |
Burapha University, {[Design and analysis

of algorithms, complexity analysis, divide and
conquer, recurrence relations, effcient
algorithms for sorting, searching pattern
matching and string or text algorithms,
greedy algorithm, dynamic programming,
graph algorithms, np complete

problems, laboratory for algorithm

design, case study of applying algorithms for
efficient real problem solving}|)

A

|Algorithm Design and Applications|

Design and analysis of algorithms, complexity
analysis, divide and conquer, recurrence relations,
efficient algorithms for sorting, searching pattern
matching and string or text algorithms, greedy
algorithm, dynamic programming, graph algorithms,
np complete problems, laboratory for algorithm
design, case study of applying algorithms for efficient
real problem solving

| Content of coures description

AINT 5 99679015 5IUTINAIDEUIETIEIY 198952 UY CSCDA

NNNT 5 Azuandliiufan1ssiusInAesuIeTeivIvesivn “Algorithm Design
and Applications” 31NUMINIRLYINT 1BYIINTTIVTINTOYAABTUNETIEIVING 3 dIu

wa1 AnturinswushteluiloniAesuiesieivn eandu 12 datay
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3.1.2 N1559USAUAANRNIENIATUINGINITABUNLADS

desanidomlufmesuneseivmeduineinseaeufinne fnusenouds i@y
lANTE §1LYU ‘data science’ ‘big data’ ‘database’ ‘data mining’ ‘data warehouse’
Hudu Faduwmglidesdnmafununudeyadmdnianziiietulddmiunsinsei
domlusedvmils q Ssannsasvslilnedssandliisnsataderuuuiuled (web
Scraping) HiesIUTINAAWTANIZIINATIFENTIaNTs 8 AdsA1EwY 1dun 1) A Dictionary
of Computer Science?, 2) Computer dictionary®, 3) Computer Science Glossary®, 4)
Glossary of Computer Related Terms®, 5 ) Glossary of computer science®, 6 )
Labautopedia’, 7) PC Glossary?, kag 8) Techtarget’ @ ua16U 31ANI1TTIVTINAIANA

gyl U amdniianiz s uiueduy 28,392 a1 waznuliluadeaidwsianisi

158771 “CS’s terminology corpus”

3.1.3 N1SIIVTIUNYNNANYIANEAS

v
1 14 Y v

ﬁ’J‘L!ﬁﬂ‘Vl’]EJ‘ZJEN“UUG]@‘UﬂWiﬁ’JUi’J@JGU@Qaﬁ’WLsﬁ’m%L‘fJ‘uﬂ'ﬁi’J‘Ui’JﬂJﬂ{]VI’]x‘iﬂ’]‘lﬁ%’]ﬂ’]ﬁ@%ﬁ

q

Qﬂﬁ%ﬂﬂ%uiﬂaizuu SBS (Supplementary Book Suggestion system) (Chaisoongnoen,

o w

Amphawan, & Bunpeng, 2018) dadungniesnwmansngninunlddmsunisainedfey

o

& o a a = [ VY & I~
PnilemlumedulesIgIvINs G]IﬂEJﬁ']ﬂJ’]iﬂQ']LL‘Hﬂ‘UﬁgLﬂﬂ%@ﬂﬂaiﬂmu 2 UYsgan Av

o

sa a ! L

1) NQNNAIMERTNNAIsUNTINAUAIENIRINE NYUALIINITHATUTIAENI
wniivsingiuluiidedeenis 9 Wudiduusn dewazyinisiansanludiuves

o 1 A I v Y 1 a [y a M Y & [ 3 a1 J
Arne 9 Meglurvagesineaiiv) nldladudniianie 817wy A1uiu (Noun)

% http://www.oxfordreference.com/view/10.1093/acref/\\9780199688975.001.0001/acref-
9780199688975

® https://www.computerhope.com/jargon/ja.htm

* https://www.computerscience.gcse.guru/glossary

> http://www.math.utah.edu/~wisnia/glossary.html

¢ https://en.wikipedia.org/wiki/Glossary_of computer_science

" http://www.labautopedia.org/mw/List_of programming and computer science terms
8 https://pc.net/glossary/

? https://whatis.techtarget.com/definitions/A
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ATYNUN (Preposition) #38 AR AN (Adjective) W udiu Aa0g1918u Ny
“ Adjective (JJ) + Terminology (TE1) + Preposition (IN) + Terminology (TE2)”
— (‘Terminology (TE2) + Adjective (JJ)’, ‘Adjective (JJ) + Terminology (TE1)’,
‘Terminology (TE2) + Terminology (TE1)’) %QLﬂuﬂgﬁﬂizﬂaUé’w 4 @ Ao 1.
ARUANY (Adjective) 2. Arfnsilanie (Terminology) 3. AyWUM (Preposition)

wag 4. ArFnIilanig (Terminology) muaIsu taeiA1e 4 Ussinnazdealsng

d 2 a o o w o

Suiuluidedesfeiiuuuuisesdau nmstdngiisulunisadiaddifyasy

TilaungemanAgianun 3 a1 laun i) ArdiRgAvsznauniy ‘mdndiianizg (TE2) +

o

'
U =

AR (1) i) mdAyusEnaume ‘Anudnn (J) + mdniianig (TED) uaz

q o

iii) Ad1AYNUIENOUMIY ‘Ardniilanig (TE2) + Adwilawiz (TE1)

2) ngnunwimansnlalanasansiduaidwiamne ngussnnilaggniunanie

a o o (3

mdddmsuidegesnludidmdwianizusngiu Ingagyiin1siansandanguues

o

A1U1Y (Noun phrase) nd@13A8 AUy (Noun) 1UsINAUsIUAUAUAIUIY,
ARMANT (Adjective) n38 An3e (Verb) Tuuselon wdvin1sssyadfigy

f08199u ng : “Adjective (JJ) + Noun (NN)” — (‘Adjective (JJ) + Noun

'
= Y

(NNY’) Wungiiusznausemfindifivesd 2 wuu fe 1. Arnudni (Adjective)

£Y ¥ 1

wag 2. AUl (Noun) IaeA191s 2 agdasusingsauduluiitegasifediuwuy

(%
o o w [ o v W

Besadu a1nnsldnginaulunisadaedifgagyinlalaundsddfgyiaun 1 M

o

loun ) AdrAgyiusenaume ‘Aamdng (J) + A1 (NN

3.2 AFENAAIFIAYIINAIBZUIYIIEIY

NAIAINVINITTIUTIAIDTUIET1TBIINNMIINGIRBAN 9 hagyinishusilonilu

Y 1 1% o

mesunglieenlusdedes q udl antuazyhmsatalemnddelumesuiesiedueme

o
[y

“nsafadifdy” Feazisuainnisussgndldmaiianisussananatennuleduiuunay

[

PIUDYDYVDIAIDD U IVININ
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3.2.1 N15USTUIANaTIAINNLUDIAY

3.2.1.1 msulasadnuysiun g Tiduafiuiian (Lowercase conversion)

msulasienysinilnglndumanidnlunusnguiumaidanisnsiaaeuils

LY

1dnwsnddanunlngluniwidingy Wensiaaeunuazyinnisulasiisnwsiiiy o T
& v v v a v A g U a 6§ @ a o 1 v v a 6 9 Y &
natausidnusiuneatumdudinuiian lnelinreganisulasdisnusinnlnglmdu

a ] [ A
NUNWLAN ANNINN 6

o_)e

Csuy = QALgorithm Design and ApplicationsL Burapha University,

{Design and analysis of algorithms, complexity analysis, divide and conquer,
recurrence relations, effcient algorithms for sorting, searching pattern matching and

string or text algorithms, greedy algorithm, dynamic programming, graph algorithms,

np complete problems, laboratory for algorithm design, case study

of applying aleorithms for efficient real problem soLvinqi)

‘Lovvercase conversion

Set of topic from ¢ ,

tpy = "design and analysis of algorithms"

tho = "complexity analysis”

tpz = "divide and conquer”

tpg = "recurrence relations’

tps = "effcient algorithms for sorting"

tpg = "searching pattern matching and string or text algorithms"
tp7 = "greedy algorithm"

thg = "dynamic programming"

tpg = "graph algorithms'

th1p = "np complete problems”

tP11
tp1o = "case study of applying algorithms for efficient real problem solving"

"laboratory for algorithm design”

v a &

Nl 6 Fregnmsuvasdaenysiunlugliitudaiuianluugagidedegvesszuy
CSCDA

v 2 o oa ¢ X
Ju

A [ Y ! v @ a ¢ 1 1
INATNN 6 L‘U‘L!G]’J@EJ’Nﬂ']iLL‘U@QWJE)ﬂHiWiJWIMQJ}I%L fanusanionmluunas

v YV

WU0898993A185UNL 18797 TABIloNA1TUI9ENUINRIT080891 1 AB “ Design and

[

analysis of algorithms” Lilansaeuaznundddnwsiuilngusinged loud d1 “D” 3
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Mn1swdasisnusimdlinaraiduisnusiifeanuiiduifuidn Tawn ¢ “d” delu
nadnwslaannsulasidnesiun e lidudfiniidanluimdedes 1 An “design and
analysis of algorithms” Tunisnaunu Wevinisiasaniitegesdu o aglinuinddisnes

wuilngjusingediae vinlviilevvewingesil 2 - 12 faaady

3.2.1.2 ASHALUAINN (Word error correction)

' £%
L% ¢ a a = = o

AesUIIEITInile 9 onalimfnnnaznaiaindu Jsdnduasdedlasunisuily g
aunsausvenalyIsnisuiludniin (Spelling Mistake Correction (SMC)) (Gupta, 2015) i

nyrvaeukazun i liudazaAlud1euigsednilaugnsesveinisaznaei Inglunis

v v

Uszananadzinnsiasannguanusngluisaginvetay vaeA1a5u1es1839193835013

= [ [J o

N-gram lagiiiguiumMANTUNIUIUNTUN 11BN Y BIANUAIANITINITAENARA 3£

' v
a o o v Y

NSUNUAAANTUMIEAINNADIIINNAIUILUNTY FIITUANITIDE19BINTHALUATHAT LA

Ayt aY

Tasiidrog1ensuilamiie sennd 7 Fadusiegranisnisunleaiialunsazings

=

$98 1gLaYINN1SNSIVABUNITALNAA L ULABE TR 808WA FeNUILaM Ui as

Ao “effcient algorithms for sorting” 1ianTIEOUTINUAIIN ‘effcient’ An15aznAAIRA

£ ]
= v o =

AU (A1 TuAwne) Fedavinnisudluaieilriinisaznafnansead laeni1siuSeuisua

Y

a a L o a 1

inunimsaznarafuAlunauIunsy Fadasniiunsieumeula wulmainisasna

o o v oo‘:gl’dl‘,, ,od‘ddd ) v cav v o a
AINONABIYRIANANUAD ‘efficient” (AN UUELIED) @QU‘UN@@WﬁWI@I"\]Wﬂﬂ’ﬁLLﬁ/L“UﬁWNWUEN

Y

Wenmluidatoy 1 5 Ao “efficient algorithms for sorting”
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Set of topic from ¢g

tpq = "design and analysis of algorithms"
tpo = "complexity analysis"

tpz = "divide and conquer”

tpg = "recurrence relations"

tps = "effcient algorithms for sorting"
tpg = "searching pattern matching and string or text algorithms"
tp7 = "greedy algorithm”

tpg = "dynamic programming"

tpg = "graph algorithms"

tp1p = "np complete problems’

tp;; = "laboratory for algorithm design"

tp;o = "case study of applying algorithms for efficient real problem solving'

Word error correction

Set of topic from ¢; |,

tpq = "design and analysis of algorithms"
tpo = "complexity analysis”

tp3 = "divide and conquer”

tpg = "recurrence relations”

tpg = "efficient algorithms for sorting"
tpg = "searching pattern matching and string or text algorithms’
tp7 = "greedy algorithm"

tpg = "dynamic programming"

thg = "graph algorithms"

tp1p = "np complete problems"

tpq1 = "laboratory for algorithm design"

P12

"case study of applying algorithms for efficient real problem solving"

I 7 F2889n5N5UN YA luLsAas i taeagadse Uy CSCDA

3.2.1.3 n3f1dnAmEn (Stopword removal)

[y

Tumefialasidunisidndnis q luusazidedes Tnefiignidnesnizdondu
o al M v Y % [ o a A o w 1%
mldlatinnumneludvesiues wagidumndieminesnlunainnumnnevesusylonay
laiiansiaeundasiy wu A1 ‘a’ ‘an’ ‘all’ ‘any’ ‘more’ ‘most’ ‘only’ ‘same’ ‘that’
‘the’ ‘their’ ‘them’ ‘very’ 1Judu lngluanuideilamvunenvesdmeniifesauesnain

nsia1san taun Ameaussunnaiunuy (Preposition) @i A3 ‘by’, “for’, “in’, ‘on’
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w39 ‘1o’ Wusiu way AngalsznnAmdusiu (Conjunction) @9y A3 ‘and’ w38 ‘or’
? w4 o & & | o w & o _a a
sy Fermgans 2 Yssiandiazlignidnsenliainilemlumeduigsieinn

Y

lneififiag19weensidnA g tuwiaiitegoy Fanni 8 Feilavinn1snsIvasy

'
0% J ) o w

luudaziitegesudd snuitluudasiatedeslilidvyanauaisiidneenusingedly

]

\Wevnae Aatiwilinadnsiilaainnismandmentuyn 9 Wdedesdinsdiiionguiy

Set of topic from ¢

tpy = "design and analysis of algorithms"

tpy = "complexity analysis"

tp3 = "divide and conquer”

tpg = "recurrence relations”

tps = "efficient algorithms for sorting”

thg = "searching pattern matching and string or text algorithms"
tp7 = "greedy algorithm"

tpg = "dynamic programming"”

thg = "graph algorithms’

tp1p = "np complete problems”

tpy7 = "laboratory for algorithm design"

tpqo = "case study of applying algorithms for efficient real problem solving"

Stopword removal

Set of topic from ¢ |,

tp; = "design and analysis of algorithms"

tpo = "complexity analysis"

tp3 = "divide and conquer"

tpg = "recurrence relations"

tps = "efficient algorithms for sorting"

tpg = "searching pattern matching and string or text algorithms’
tp7 = "greedy algorithm”

thg = "dynamic programming"

tpg = "graph algorithms'

tp1p = "np complete problems”

tpq1 = "laboratory for algorithm design”

tp1o = "case study of applying algorithms for efficient real problem solving"

N9 8 faee1nIAIInAImen luunagiIvegeeyedsy Uy CSCDA
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3.2.14 msszq‘wﬁﬂﬁﬂjmﬁﬂ (Part-of-speech tagging)

= v a o o o Y = | Y N Y] v o o a
ﬂqﬁig‘qQQ‘VTU'W]GU@QF’\I']‘WUT]ﬂQIUW'JGU@EJ'E]EJ‘V]‘L!Q i ‘US%UEJI'WLGU{LQLﬂﬁnﬂ'UMu’W]sUa\iﬂ'W]

(%

Hrgsyydalomnddny lnglussuy CSCDA lauseyndlinisseyuninvesdain Stanford

part of speech tagger (Toutanova, Klein, Manning, & Singer, 2003) %ammiaﬁwwq

'
a o

vihivesdludnuasing 4 laglunsszyfaiiivesdaglddnusderiulivdsdmils
LU
1) AU Possessive pronoun Usznaunay
‘NN’ (Noun, singular L (‘word’, ‘NN”)) Lag
‘NNS’ (Noun, plural tgu (‘words’, ‘NNS’))
2) Auudiany (Proper noun) Usznaung
‘NNP’ (Proper noun, singular Wiy (‘Smith’, ‘NNP))
‘NNPS’ (Proper noun, plural 1tu (‘Europeans’, ‘NNPS’))
3) A1@IINUIL (Pronoun) Usznausie
‘PRP’ (Personal pronoun LU (‘she’, ‘PRP’))
‘PRPS’ (Possessive pronoun L4 (‘hers’, ‘PRPS’))
4) An3e1 (Verb) Usznaunie
‘VB’ (Verb, base form Ltu (‘get’, ‘VB’)),
‘VBD’ (Verb, past tense Lau (‘got’, ‘VBD’)),
‘VBG’ (Verb, present participle LU (‘getting’, ‘VBG’)),
‘VBN’ (Verb, past participle 1u (‘gotten’, ‘VBN’)),
“VBP’ (Verb, non-3rd person singular present wu (‘get’, ‘VBP’)) way
‘VBZ’ (Verb, 3rd person singular present L%u (‘gest’, ‘VBZ’))
5) AnuEnm (Adjective) Usenaume
‘JJ (Adjective 19U (‘good’, ‘1)),
‘JJR’ (Adjective, comparative wu (‘better’, ‘JJR") Lag
‘JJS” (Adjective, superlative 1u (‘best’, ‘JJS’))
6) AN3eIkAval (Adverb) Usznaumie
‘RB’ (Adverb 1u (‘badly’, ‘JJR”))

‘RBR’ (Adverb, comparative Lu (‘worse’, ‘JJR’))



‘RBS’ (Adverb, superlative wu (‘worst’, ‘JJR’))
7) fynun (Preposition) Usenausig

‘IN’ (Preposition tafu (‘on’, ‘IN”))
8) AdusIU (Conjunction) Usznaunig

‘CC’ (Coordinating conjunction U (‘or’, ‘CC’))
9) fgnu (Interjection) Usznausiey

‘UH’ (Interjection 1w (‘wow’, ‘UH’))
10) ¢riaa (Digit) Usznaulusme

‘CD’ (cardinal digit @ (‘17, ‘CD”))
11) AmimAuAIum (Determiner) Usgnaulusag

‘DT’ (determiner w4 (‘an’, ‘DT’))

lagazuandfiieg1aweInsseuntiniveasmluyn o Mdeges AanImg 9

39
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Set of topic from cg

tpy = "design and analysis of algorithms"
tp, = "complexity analysis"

tpz = "divide and conquer”

tpg = "recurrence relations”

tpg = "efficient algorithms for sorting”
tpg = "searching pattern matching and string or text algorithms"
tp7 = "greedy algorithm"

tpg = "dynamic programming”

tpg = "graph algorithms®

tp10 = "np complete problems”

tpg1 = "laboratory for algorithm design”

tpyo = "case study of applying algorithms for efficient real problem solving"

l ’Part-oﬁspeech tagging

tpg = (‘design’, ‘NN’), (‘and’, ‘CC’), (‘analysis’, ‘NN’), (‘of’, ‘IN’),
(‘algorithms’, ‘NNS’)

tpo = (‘complexity’, ‘NN’), (‘analysis’, ‘NN’)

tpz = (‘divide’, ‘NN’), (*and’, ‘CC’), (‘conquer’, ‘VB’)

tpg = (‘recurrence’, ‘NN’), (‘relations’, ‘NNS’)

tps = (‘efficient’, 1J’), (‘algorithms’, ‘NNS’) , (‘for’,‘IN’) , (‘sorting’, ‘VBG’)
tpg = (‘searching’, ‘VBG’), (‘pattern’, ‘NN’), (‘matching’, ‘NN’), (‘and’, ‘CC’),
(‘string’, ‘NN’), (‘or’, ‘CC), (‘text’, ‘NN’), (‘algorithms’, ‘NNS’)"

tp7 = (‘greedy’, *1J’), (‘algorithm’, ‘NN’)

Set of topic from Cs.u

tpg = (‘dynamic’, ‘JJ’), (‘programming’, ‘NN’)

tpg = (‘graph’, ‘NN’), (‘algorithms’, ‘NNS’)

tpgo = (‘np’, 1)), (‘complete’, ‘JJ"), (‘problems’, ‘NNS’)

tpg1 = (‘laboratory’, ‘NN’), (‘for’, ‘IN), (‘algorithm’,‘NN’), (‘design’, ‘NN’)
tpgo = (‘case’, ‘NN’), (‘study’, ‘NN’), (‘of’, ‘IN’), (‘applying’, ‘VBG’),
(‘algorithms’, ‘NNS’), (‘for’, ‘IN"), (‘efficient’, ‘JJ), (‘real’, ‘JJ’), (‘problem’,
‘NN’), (‘solving’, ‘VBG’)

i 9 FaegnIssrymiivesa) luugaiategoevedszuy CSCDA

o o '

3.2.2 NIFISYAIANNLRNIS

[ ¥ & £ [ =2 & Ao w 1 =2
naeaInnIsUTERIatenuUesiy asluniseydutemndfny Naun1sIEude
AmAnannuIIngeglundazindedosvasriasuigsieiyivils o lngn1saiiunig
FINA17 ﬂzﬂi%&gﬂﬁ%’%%mi N-gram (Lopez-Gazpio, Maritxalar, Lapata, & Agirre, 2019)
~ a J o a v Y 1 = o a = % [ 6 N
WiaiarsannguanusIngluiitegesnila q uaginnsiSsuguium@niianiz s
59ul3lu “CS’s terminology corpus” (53usanlilutunaui 3.1.2) MNNGUYBIAIMNTY 9

willouduaAnianiznds 1 agvinisseyinquantudumdniianie wagvinisieu

Uremduninvesnguiiulmdu TE’ (Terminology) witumsngduiiu adiladlagnszyan
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o

Juménianzazgnuladieglugusndwi daenisldmaianisudasguailieglusin
N (Word stemming and lemmatization) (Balakrishnan & Lloyd-Yemoh, 2014) 2101y

9z91N15RsUINguBIAmazilTa Ui uAuAAnsianzs T usiusnlidnasmils

=< o w L3

\enagyilianunsasyyfsmdniianiglaudugranniu

Inefogrsvainsszumdnrianizluisazideazgnuansdsning 10 Fadunisi

¥ 4

nadnsildannssduanuluiuneureinisussananaton it esduiind iy 1

o

sudiunisszyfendmiansluutazidodes Tadewuindviengudidu q Wudwi
Lawwaw‘f’]mw%L‘Uﬁﬂuﬁ’]&lﬁﬂﬁuwﬁ’]ﬁmaqﬁm%ﬂduﬁﬂﬁu q Wiy TE (Fiflitundsd
LA9) 9y adedesdl 1 Ae “(‘design’, ‘NN’), (‘and’, ‘CC?), (‘analysis’, ‘NN’), (‘of’,
“IN’), (‘algorithms’, ‘NNS”)” ievnisnsisaeuusazluiidedasnda vldnumiin
(‘analysis’, ‘NN’) Wudmiiianig fuiuiwinisiasuiheifundiivesmaniuie
‘NN’ Tinanendu TE” agléidu (‘analysis’, ‘TE") fedunadnsalédildannnisseysdny
wnnzlundsil 1 veuhidedesd 1 Ao “(‘design’, ‘NN?), (‘and’, “CC?), (‘analysis’, “TE’),
(‘of’, “IN’), (‘algorithms’, ‘NNS’)” Aoulunnd 11 %L‘flumiﬁwLﬁumiLLangﬂﬁ%Lﬁazﬁw
fdfalaildgnszyindudiane Ealildiitemsuniivesdndu TE) Wegluguves
snfmvivesAIfty efiviu atedesdl 1 Ao “(‘design’, “NN), (‘and’, ‘CC’), (‘analysis’,

“TE’), (‘of’, “IN’), (“algorithms’, ‘NNS’)” Lﬁ'aﬁwﬁwLwiazf-ﬁ’wmﬁwmsuﬂaﬂﬁag’lugﬂmaﬁwﬂ
dwal vinlsie3 (‘algorithms’, ‘“NNS’) gaudaslyinateiduandn (‘algorithm’, ‘NN’) 4
wadnsaldannsudassudlieglusindnsilusidedess 1 azlddu “(‘design’, “NNY),
(‘fand’, ‘CC’), (‘analysis’, “TE’), (‘of’, ‘IN’), (‘algorithm’, ‘NN’)” Ejmﬁ’miumwﬁ 12 2z
nsszufemdniiawizlunn 4 Mdedesdnadmils enfivdu Wadedesd 1 Ao «(‘design’,
‘NN’), (‘and’, ‘CC"), (‘analysis’, ‘TE’), (‘of’, ‘IN’), (‘algorithm’, ‘NN’)” dlovmsnsedeu
Lﬁaizuﬁaﬁﬂﬁwﬁmww%wuﬁ'}’h (‘algorithm’, ‘“NN’) tHumdnsiiany FeuTavinig
Wasudheidundiivesmaindude ‘NN’ Inanediu TE” agléidu (algorithm’, “TE?)
INNITILUDIATANA LQ‘W’]‘UIUF]’NV] 2 suaqmsuaaaw 1 mﬂwiﬂmmwaé’wma “(‘design’,

N’), (‘and’, ‘CC’), (‘analysis’, “TE’), (‘of’, ‘IN’), (‘algorithm’, “TE’)”



Set of topic from ¢,

tpy = (“design’, ‘NN’), (‘and’, ‘CC"), (‘analysis’, ‘NN’), (‘of’, “IN’),

(‘algorithms’, ‘NNS’)

tpo = (‘complexity’, ‘NN’), (‘analysis’, ‘NN’)

tpz = (‘divide’, ‘NN’), (‘and’, ‘CC’), (‘conquer’, ‘VB’)

tpg = (‘recurrence’, ‘NN’), (‘relations’, ‘NNS’)

tps = (‘efficient’, ‘JJ7), (‘algorithms’, ‘NNS’), (*for’,IN’), (‘sorting’, ‘VBG’)

tpg = (‘searching’, “‘VBG), (‘pattern’, ‘NN’), (‘matching’, ‘NN’), (‘and’, ‘CC’),
(‘string’, ‘“NN’), (‘or’, ‘CC’), (“text’, ‘NN’), (“algorithms’, ‘NNS’)"

tp7 = (‘greedy’, ‘JJ"), (algorithm’, ‘NN’)

tpg = (‘dynamic’, *JJ"), (‘programming’, ‘NN’)

tpg = (‘graph’, ‘NN’), (‘algorithms’, ‘NNS’)

togo = (‘np’, 11", (‘complete’, 1)"), (‘problems’, ‘NNS’)

tpy7 = (‘laboratory’, ‘NN’), (“for’, ‘IN’), (“algorithm’,"NN’), (‘design’, ‘NN’)

tpyo = (‘case’, ‘“NN’), (‘study’, ‘NN’), (‘of’, ‘IN’), (‘applying’, ‘VBG’), (‘algorithms’,
‘NNS”), (“for’, ‘IN’), (‘efficient’, ‘JJ), (‘real’, ‘1)), (‘problem’, ‘NN’), (‘solving’, ‘VBG’)

S
CS's terminology
corpus

Terminology detection i

Set of topic from Csu

tpg = (‘design’, ‘NN’), (‘and’, ‘CC’), (‘analysis’, ‘TE’), (‘of’, ‘IN’),

(‘algorithms’, ‘NNS’)

tpo = (‘complexity’, “TE’), (‘analysis’, ‘TE’)

tpz = (‘divide and conquer’, ‘TE’)

tpg = (‘recurrence’, ‘TE’), (‘relations’, ‘NNS’)

tps = (‘efficient’, *JJ"), (‘algorithms’, ‘NNS’), (‘for’,IN’), (‘sorting’, ‘TE’)

tpg = (‘searching’, ‘TE’), (‘pattern matching’, “TE’), (‘and’, ‘CC’), (‘string’, ‘TE’),
(‘or’, ‘CC’), (‘text’, ‘NN’), (‘algorithms’, ‘NNS’)"

tp7 = (‘greedy algorithm’, “TE’)

tpg = (‘dynamic programming’, ‘TE’)

tpg = (‘graph’, ‘TE’), (‘algorithms’, ‘NNS’)

tp7p = (‘np complete’, ‘TE"), (‘problems’, ‘NNS’)

tpg7 = (laboratory’, ‘NN’), (‘for’, ‘IN’), (‘algorithm’,TE’), (‘design’, ‘NN’)

tpyo = (‘case study’, “TE’), (‘of”, ‘IN’), (‘applying’, ‘VBG’), (‘algorithms’, ‘NNS’),
(“for’, “IN’), (‘efficient’, ‘JJ), (‘real’, ‘JJ"), (‘problem solving’, ‘TE’)

DM 10 396907552 UdNmAnianzluusaziatadegvedszuy CSCDA



Set of topic from ¢

tpg = (‘design’, ‘NN’), (‘and’, ‘CC’), (‘analysis’, ‘TE’), (‘of’, IN"),

(‘algorithms’, ‘“NNS’)

tp, = (‘complexity’, ‘TE’), (‘analysis’, ‘TE")

tps = (‘divide and conquer’, ‘TE’)

tpg = (‘recurrence’, “TE’), (‘relations’, ‘NNS’)

tps = (‘efficient’, ‘JJ"), (‘algorithms’, ‘NNS), (‘for’,/IN’), (‘sorting’, ‘TE’)

tpg = (‘searching’, ‘TE’), (‘pattern matching’, ‘TE"), (‘and’, ‘CC"), (‘string’, ‘TE”),
(‘or’, “‘CC%), (‘text’, ‘NN’), (‘algorithms’, ‘NNS’)"

tp7 = (‘greedy algorithm’, TE’)

tpg = (‘dynamic programming’, ‘TE’)

tpg = (‘graph’, TE’), (‘algorithms’, ‘NNS’)

tp10 = (‘np complete’, TE"), (‘problems’, ‘NNS’)

tpy1 = (‘laboratory’, ‘NN"), (‘for’, ‘IN’), (‘algorithm’,‘TE"), (‘design’, ‘NN’)

tpg = (‘case study’, ‘TE"), (‘of’, ‘IN"), (“applying’, ‘VBG’), (‘algorithms’, ‘NNS’),
(“for’, ‘IN), (‘efficient’, ‘1)), (‘real’, ‘JJ’), (‘problem solving’, ‘TE’)

Word stemming and lemmatization

Set of topic from ¢g

tpg = (‘design’, ‘NN’), (‘and’, ‘CC’), (“analysis’, ‘TE"), (‘of’, ‘IN"),
(“algorithm’, ‘NN’)

tp, = (‘complexity’, ‘TE’), (‘analysis’, ‘TE’)

tps = (‘divide and conquer’, ‘TE’)

tpg = (‘recurrence’, ‘TE’), (‘relation’, ‘NN’)

tps = (‘efficient’, “JJ°), (‘algorithm’, ‘NN’), (‘for’,‘IN’), (‘sorting’, ‘TE’)

tpg = (‘searching’, ‘TE’), (‘pattern matching’, “TE’), (‘and’, ‘CC’), (‘string’, ‘TE’),
(‘or’, ‘CC"), (‘text’, ‘NN), (‘algorithm’, ‘NN’)"

tp7 = (‘greedy algorithm’, ‘TE’)

tpg = (‘dynamic programming’, ‘TE’)

tpg = (‘graph’, “TE’), (‘algorithm’, ‘NN’)

tp1o = (‘np complete’, ‘TE’), (‘problem’, ‘NN’)

tpy1 = (‘laboratory’, ‘NN’), (‘for’, ‘IN’), (‘algorithm’,“TE’), (‘design’, ‘NN’)

tpqo = (‘case study’, “TE’), (‘of’, ‘IN’), (‘applying’, ‘VBG’),(‘algorithm’, ‘NN’),
(‘for’, ‘IN*), (‘efficient’, ‘1)), (‘real’, ‘JJ’), (‘problem solving’, ‘TE’)

N 11 §39e9n 552 Udmanianzluunasiitegeevedsyuy CSCDA (s8)

a3



Set of topic from ¢g |,

tpy = (‘design’, ‘NN’), (‘and’, ‘CC"), (‘analysis’, “TE’), (‘of’, ‘IN’),
(‘algorithm’, ‘NN”)

tpo = (‘complexity’, “TE’), (‘analysis’, ‘TE’)

tp3 = (‘divide and conquer’, ‘TE’)

tpg = (‘recurrence’, ‘TE’), (‘relation’, ‘NN’)

tps = (‘efficient’, *JJ"), (‘algorithm’, ‘NN’), (‘for’,‘IN’), (‘sorting’, ‘TE’)

tpg = (‘searching’, “TE"), (‘pattern matching’, ‘TE’), (‘and’, ‘CC’), (“string’, ‘TE’),
(‘or’, ‘CC’), (‘text’, ‘NN’), (‘algorithm’, ‘NN’)"

tp7 = (‘greedy algorithm’, ‘TE’)

tpg = (‘dynamic programming’, ‘TE’)

tpg = (‘graph’, ‘TE’), (‘algorithm’, ‘NN’)

tp10 = (‘np complete’, ‘TE’), (‘problem’, ‘NN’)

tpg7 = (‘laboratory’, “NN”), (‘for’, ‘IN’), (“algorithm’,“TE’), (“design’, ‘NN’)
tpyp = (‘case study’, ‘TE"), (‘of’, ‘IN’), (‘applying’, ‘VBG’),(‘algorithm’, ‘NN’),
(“for’, ‘IN’), (‘efficient’, ‘JJ), (‘real’, ‘JJ"), (‘problem solving’, ‘TE’)

Terminology detection

CS's terminology

corpus

Set of topic from ¢ |,

tpy = (‘design’, ‘NN’), (‘and’, ‘CC’), (“analysis’, “TE’), (‘of’, ‘IN’),
(‘algorithm’, ‘TE’)

tpy = (‘complexity’, “TE’), (‘analysis’, ‘TE’)

tpsz = (‘divide and conquer’, ‘TE’)

tpg = (‘recurrence’, ‘TE’), (‘relation’, ‘TE’)

tps = (‘efficient’, J)’), (‘algorithm’, “TE’) , (‘for’,IN), (‘sorting’, “TE’)

tpg = (‘searching’, ‘TE"), (‘pattern matching’, “TE’), (‘and’, ‘CC’), (‘string’, “TE),
(‘or’, ‘CC’), (‘text’, ‘NN’), (‘algorithm’, ‘TE’)

tp7 = (‘greedy algorithm’, ‘TE’)

tpg = (‘dynamic programming’, ‘TE’)

tpg = (‘graph’, ‘TE’), (‘algorithm’, “TE’)

tp10 = (‘np complete’, ‘TE’), (‘problem’, ‘TE’)

tpy1 = (‘laboratory’, ‘NN’), (‘for’, ‘IN’), (‘algorithm’,“TE"), (‘design’, ‘NN’)
tpyo = (‘case study’, “TE’), (‘of’, ‘IN’), (‘applying’, ‘VBG’), (‘algorithm’, ‘TE’),
(“for’, “IN’), (‘efficient’, ‘JJ), (‘real’, ‘JJ’), (‘problem solving’, ‘TE’)

N 12 §30e9n 558 ydNmanianizluunasiitegeevedsyuy CSCDA (se)
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)

ngmemwimansflasiusuliludiud 3.1.3 asgnussendldiievinisainddday

Ui ngeglunsiaziintotasraiiaiunesgiv) nensuseuIanasuaINiaIsuInNgy

f v o P

o usIngludaziitetey antudwiasnguaiuUssgndidniungiwseulinewunt

1 o a & o [

Insraansannisuszgnaldngazidunisseyldinnguuesanfiansaundumddgywsoly

q <
'
o A 1 o

! a [ o o w o o o J 2 o S & ¢ 5
‘Vi’]ﬂﬂ’cjllsUENﬂ’W]W’fﬂ’ﬁm'WL‘U‘Llﬂ’]ﬂ?ﬂiyJ‘-D%VI’]ﬂ’]iﬂ’WMWj’WFJﬂ’mUﬂ’ﬂ%ﬂUﬂaiJﬂ’}uumu KW

9

o o

(Keyword) Ingfifiaagnan1sn1suseynalingnisniwiaransiunisanaadAyresusas
Widegoy fnelUull

Fdedeudl 1 Ao “(‘design’, ‘NN”), (‘and’, ‘CC’), (‘analysis’, ‘TE’), (‘of’, ‘IN’),

(‘algorithm’, TE’)” iWl@yin1sasiageunuindlimdwiianizusingegfe (‘analysis’, ‘TE")

wae (‘algorithm’, TE”) detiulunisadaridifgyagvinnisussenaldngnisniwialans

Uszandl 1 Ao

ng : “Noun (NN) + Conjunction (CC) + Terminology (TE1) + Preposition (IN) +
Terminology (TE2)” — ( ‘Terminology (TE2) + Noun (NN)’, ‘Terminology (TE2) +
Terminology (TE1)’)

31nnsUsEendlingnanwmanstnaiulunisaiadfsy silved Ay naniale

o

)

f® ‘algorithm design(KW)’ wag ‘algorithm analysis(KW)’ Astunaansainn1sannaidnAsy

Tuhdedesil 1 axldsmelul (‘algorithm design(KW)’, ‘algorithm analysis(KW)’)

Wivedeu 2 Aw “(‘complexity’, “TE’), (‘analysis’, ‘TE’)” 1U8¥1N190521d0U

1%
o LYY

wudladniianizusingedae (‘complexity’, ‘TE’) wag (‘analysis’, ‘TE") Aanulunis
afamadnazyhnsUszgndlingmeniwmansussiand 1 fe

ng : “ Terminology (TE1) + Terminology (TE2)” —> (‘Terminology (TE1) +
Terminology (TE2)’)

'
v % = Q/‘/Ly

NNsUsEYNALENg Man1weanstsulunsaiaddfsy vinlaaddganiale

o

i '
¢ LYY v Y 1 ]

complexity analysis(KW)’ Astunaansainnisanaaidingluiidedesn 2 agla

>

&
Ao

Fastoludl (‘complexity analysis(KW)’)
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Wiages? 3 Ao “(‘divide and conquer’, ‘TE’)” WHoViNN15ATIAEOUNUIAAIANA

lan1zUsingegae (‘divide and conquer’, ‘TE)) satiulunisadnad1Ayviinis
Uszgnaldngmianiweansussiani 1 fie

ng) : “Terminology (TE)” — (‘Terminology’)

o w [

nNsUsEynAlingnanweansteaulunisaindd1dey vinlieddgnadale

Aa‘divide and conquer(TE)’ Asturadnsannsanndfgyluiidedosi 3 aglanssioliil

(‘divide and conquer(TE)’)

PUp8087 4 A “(‘recurrence’, ‘TE), (‘relation’, “TE’)” i8¥NN15AII@BUNUI

fAmdniianzUsingedae (‘recurrence’, ‘TE') uag (‘relation’, ‘TE’) setlunsasaen
davimsuszgndldngmantmmansussiamd 1 Ae

ng : “Terminology (TEL) + Terminology (TE2)” —> (‘Terminology (TE1) +
Terminology (TE2)’)

v 2

31nNsUsEYNAling N weanstaulunisadiadd1dey vinldenddgadal
4

e

o o

[ '
v v C 2 1 I

A ¢ . y £ 1 U o <] [
AB ‘recurrence relation(KW) FatuUNadNsINNISENAAIE A UK Yo e N

o

azle

AasolUll (‘recurrence relation(KW)’)
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Set of topic from ¢,

tp; = (‘design’, ‘NN’), (‘and’, ‘CC’), (*analysis’, “TE’), (‘of’, ‘IN’)(‘algorithm’, “TE’)
Linguistic rule : (W =‘NN") + (W; ='CC") + (W, =TE1") + (W5 =*IN") + (W, =‘TE2’) —> (‘TE2 + NN, ‘“TE2 + TE1’)
KVip, = (“algorithm design(KW)’, ‘algorithm analysis(KW)’)

tpo = (‘complexity’, “TE’), (‘analysis’, ‘TE’)
Linguistic rule : (W =*TE1") + (W, =*TE2") —» (‘TE1 + TE2’)
KVip, = (‘complexity analysis(KW)’)

tpz = (‘divide and conquer’, ‘TE’)
Linguistic rule : (W, =‘TE") —(‘TE’)
KVip, = (‘divide and conquer(TE)’)

tpg = (‘recurrence’, ‘TE’), (‘relation’, ‘TE’)
Linguistic rule : (Wy =‘TE1") + (Wy =‘TE2')—>(‘TE1 + TE2')
KVip, = (‘recurrence relation(KW)’)

tps = (‘efficient’, ‘JJ’), (‘algorithm’, “TE’) , (“for’,‘IN’), (*sorting’, ‘TE’)
Linguistic rule : (WO =U)") + (Wy = TE") + (W, =°IN’) + (W5 =‘TE')—><‘JJ + TE1’, ‘“TE2 + J)’, “TE2 + TEl')
KVip, = (‘efficient algorithm(KW)’, ‘sorting efficient(Kw)’, ‘sorting algorithm(Kw)")

tpg = (‘searching’, ‘TE"), (‘pattern matching’, ‘TE’), (‘and’, ‘CC"), (‘string’, “TE’),

(‘or’, ‘CC"), (‘text’, ‘NN”), (‘algorithm’, ‘TE’)

Linguistic rule : (W =‘TE1’) + (W, =‘TE2’) + (W, =‘CC’) + (W5 =‘TE3’) + (W, =‘CC’) + (W5 =*NN’) + (W, =TE4’)
—>(‘TE1 + TE2’, ‘TE3 + TE4’, ‘TE3 + NN’)

KVip, = (‘searching pattern matching(KW)’, ‘string algorithm(KW)’, ‘text algorithm(KW)’)

tp7 = (‘greedy algorithm’, ‘TE’)
Linguistic rule : (W =‘TE")=—>(‘TE’)
KVip, = (‘greedy algorithm(TE)’)

tpg = (‘dynamic programming’, ‘TE’)
Linguistic rule : (W, =“TE")—>(‘TE’)
KVtp, = {‘dynamic programming(TE)’)

tpg = (‘graph’, ‘TE’), (‘algorithm’, ‘TE’)
Linguistic rule : (W, =‘TE1") + (W; =‘TE2')—>(‘TE1 + TE2')
KVtp, = {‘graph algorithm(Kw)")

tpgo = (‘np complete’, ‘TE"), (‘problem’, ‘TE’)
Linguistic rule : (Wy =‘TE1") + (W; =‘TE2')—>(‘TE1 + TE2')
KVip, = (‘np complete problem(Kw)’)

tpq = (‘laboratory’, ‘NN’), (“for’, ‘IN’), (“algorithm’,“TE’), (‘design’, ‘NN’)
Linguistic rule : (Wg =‘NN1") + (W; =‘IN") + (W, =“TE’) + (W5 =‘NN2") —>(‘TE + NN2’, ‘TE + NN2 + NN1')
KVip,, = (‘algorithm design(KW)’, ‘algorithm design laboratory(KW)‘)

tpgo = (‘case study’, ‘TE’), (‘of”, ‘IN’), (‘applying’, ‘VBG’), (‘algorithm’, ‘TE’),

(‘for’, ‘IN’), (‘efficient’, ‘JJ), (‘real’, ‘JJ"), (‘problem solving’, ‘TE’)

Linguistic rule : (Wy =‘TE1") + (W; =‘IN") + (W, =‘VBG’") + (W5 =‘TE2") + (W, =‘IN") + (W5 =*JJ") + (W =*JJ") + (W, =‘TE3’)
—> (*VBG + TE2’, ‘VBG + TE2 + TE1’, ‘JJ + JJ + TE3’)

KVtp,, = (‘applying algorithm(KW)’, ‘applying algorithm case study(KW)’, ‘efficient real problem solving(KW)’)

’
v a o

A9 13 dasgnmaingianalaluunasiivegdegvesszuy CSCDA
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3.2.4 MIaanaulannhidnAgy

o w 1%

R INNTUsEYNAlEng e wImanslunisanamd@Ayudl viteteenila 9 109

o

o a

fesuieseivvis 9 enauseneude Avly (W ARaAN (Adjective), A (Noun),
AIN3E1 (Verb), Amaudnyl (Adjective) + A (Noun), Ansen (Verb) + Awna (Noun),
A1 (Noun) + Awy (Noun), ARaudnm (Adjective) + A (Noun) + A1y (Noun),
An3en (Verb) + Aus (Noun) + A1l (Noun) WWu@) mdwsianig (Terminology) way

Adfsy (Keyword) waufiuay faudinfdniianizuasadfyaiunsadieusuaniaiomd
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gfnsananneurnlidfyesnainiidetestiu o lnouvinisanneussndu 3 nsdl Ao

o

1Y
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1) MIaUAINVDIAANANY 2) N1FavEINVIAEIAYITIToUN Uag 3) N1TAUAILYBIAT

o
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Jude e auainu lnvazuanssiiogiinisaanautilemiliddgainaidifyadaly
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Keyword vector from Csu

Kth1 = (KaLQOfithm design(KW)’, ‘algorithm analysis(KW)’)

K\/tpz = (‘complexity analysis(KW)’)

[KVip, = (‘divide and conquer(TE)’)

KVip, = (‘recurrence relation(KwW)’)

KVip,= (‘efficient algorithm(KW)’, ‘sorting efficient(KW)’, ‘sorting algorithm(KW)’)
Kth(): (‘searching pattern matching(KW)’, ‘string algorithm(Kw)’,

‘text algorithm(KW)’)
KV, = (‘greedy algorithm(TE)’)

Kthg = (‘dynamic programming(TE)’)

KVip, = (‘graph algorithm(Kw)’)

Vip, = (‘np complete problem(KwW)’)

KVip, = (‘algorithm design(Kw)’, ‘algorithm design laboratory(KW)’)
K\/tp12 = (‘applying algorithm(KW)’, ‘applying algorithm case study(KW)’,

‘efficient real problem solving(KW)’)

Adjective removal

Keyword vector from c;

Kthl = (‘atgorithm design(KW)’", ‘algorithm analysis(KW)’)

Kth2 = (‘complexity analysis(KW)’)

KV, = (‘divide and conquer(TE)’)

KV, = (‘recurrence relation(KW)’)

KVip, = (‘algorithm(TE)’, ‘sorting(TE)’, ‘sorting algorithm(KW)’)
KVip, = (‘searching pattern matching(KW)’, ‘string algorithm(Kw)’,

‘text algorithm(Kw)")
Kth7 = (‘greedy algorithm(TE)’)

vapg = (‘dynamic programming(TE)’)

KV, = (“graph algorithm(Kw)’)

Kvip, = (‘np complete problem(Kw)’)

K\/tp11 = (‘algorithm design(KW)’, ‘algorithm design laboratory(KW)’)

KV,

01, " (‘applying algorithm(KW)’, ‘applying algorithm case study(KW)’,

‘problem solving(TE)’)

N7 14 FaeeNnIsauad v nuAnisanaInma Ay luusasiYegegvassyuy
CSCDA
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Keyword vector from cg

Kth1 = (‘algorithm design(KW)’, ‘algorithm anaLysis(KW)’)

KVip, = (‘complexity analysis(KW)")

KVip, = (‘divide and conquer(TE)")

Kth4 = (‘recurrence relation(KW)’)

KVip,= (‘algorithm(TE)’, ‘sorting(TE)’, “sorting algorithm(KW)")
Kth6: (‘searching pattern matching(KW)’, ‘string algorithm(Kw)’,

‘text algorithm(KW)")
KVip, = (‘greedy algorithm(TE)’)

vaps = (‘dynamic programming(TE)’)

KVip, = (‘graph algorithm(Kw)’)

Kpr10 = (‘np complete problem(KW)’)

K\/tpll = (“algorithm design(KW)’, ‘algorithm design laboratory(KW)’)
K\/tp12= (‘applying algorithm(KW)’, ‘applying algorithm case study(KW)’,

‘problem solving(TE)’)

| Redundante removal |

Keyword vector from Cs,u

Kthl = (‘atgorithm design(KW)’, ‘algorithm analysis(KW)’)

K\/lez = (‘complexity analysis(KW)’)

Kth3 = (‘divide and conquer(TE)’)

Kth4 = (‘recurrence relation(KW)’)

KVip, = (‘sorting algorithm(Kw)’)

KVip, = (‘searching pattern matching(KW)’, ‘string algorithm(Kw)’,

‘text algorithm(KW)’)
KVip, = (‘greedy algorithm(TE)’)

KVip, = (‘dynamic programming(TE)")

Kth9 = (‘graph algorithm(Kw)’)

K\/tplo = (‘np complete problem(KW)’)
KVtPu = (“algorithm design laboratory(KW)’)

KVip,, = (‘applying algorithm case study(KW)’, ‘problem solving(TE)’)

;v
(% o ¥

Faunuluupazivegeevyaasyuy CSCDA
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Keyword vector from cg |,

KVTP1 = (‘atgorithm design(KW)’, “algorithm analysis(KW)")

Kth2 = (‘complexity analysis(KW)’)

K\/tpS = (‘divide and conquer(TE)’)

KVfPa = (‘recurrence relation(KW)’)

Kthf (‘sorting algorithm(Kw)’)

KVfP(,: (‘searching pattern matching(KW)’, ‘string algorithm(Kw)’,

‘text algorithm(KW)’)
KV, = (‘greedy algorithm(TE)")

K\/tp8 = (‘dynamic programming(TE)’)

KVip, = (‘graph algorithm(Kw)’)

KthlO = (‘np complete problem(Kw)’)
K\/tpll = (‘algorithm design laboratory(KW)’)

K\/tp12 = (‘applying algorithm case study(KW)’, ‘problem solving(TE)’)

| Subject-name removal |

Keyword vector from ¢

KVtPI: (‘analysis(TE)’)

Kth2 = (‘complexity analysis(KW)’)

KVip, = (‘divide and conquer(TE)")

KVip, = (‘recurrence relation(KW))

KVip, = (‘sorting(TE)’)

Kthé= (‘searching pattern matching(KW)’, ‘string(TE)’, ‘text(KW)’)
K\ip., = (‘greedy(TE)’)

Kprs = (‘dynamic programming(TE)’)

KVip, = {‘graph(TE)’)

KVtPlO: (‘np complete problem(Kw)’)

KVip, | = (‘laboratory(KW)’)

K\/tplz= (‘applying case study(KW)’, ‘problem solving(TE)’)

29 16 Freegnrsavaivvessituterieimluusayiiteeogvedszuy CSCDA

1 % L3

NG 14 azuansliiuiianisaameuileniliddrdgyludruveanisaunaudng
ganaNTIeMsvesidAynaialaluidaginvedes Jailofarsantamaunmiuaagsnui
ArdAeyluidedes 5 laun (‘efficient algorithm(KW)’, ‘sorting efficient(KW)’, ‘sorting

algorithm(KwW)’) fenudnivsngegludididey ‘efficient algorithm(KW)' wag ‘sorting
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'
(7 € o o w

efficient(KW)’ Aiad1i1 ‘efficient’ Favin1saudAudniinuaenanArdIfy vilisienis

o

Adfyvesiadedesd 5 nasaInavAInudniaenluudifie ( algorithm(TE),

“sorting(TE)’, ‘sorting algorithm(KW)’) waziilefinnsanitedessslu asnuinsenise

o [

aryluiideden 12 As (‘applying algorithm case study(KW)’, ‘efficient real problem

o

solving(Kw)’) difaadniusngegludnfsy ‘efficient real problem solving(KW)’ fiafn

o w o w

11 ‘efficient’ wag ‘real’ JIVNNITAVAINY 2 9NAINAIEIATY YINIRTIBNITANEIAYVOIRITD

doufl 12 ndsa1naudinmdnvioanluudfe (‘applying algorithm case study(KW)',

[

‘problem solving(TE)’) sieulunnl 15 szsifunisanneuilomiliddaludruvainsau

o w

druvasmanyTgaunuluusazideoy Weoasandemuinnenisadfgyluiitedes

o

7 50 (“algorithm(TE)’, ‘sorting(TE)’, ‘sorting algorithm(KW)’) ﬁﬁﬁmﬁ’aﬁq‘i’w%’au Tuog

3

na1Ife Ad1AgY ‘algorithm(TE) wag ‘sorting(TE)” UAiugidaufufuadifg ‘sorting

(%
Y] o

algorithm(KW)’ faudsneinn1saumiafg algorithm(TE) waz ‘sorting(TE)” @an il

AdIAYIBIRITRERYY 5 deaLies ( sorting algorithm(KW)’), s1enisadfeyArdifgylu

o

&

Wadodeudl 11 fie (“algorithm design(KW)’, ‘algorithm design laboratory(KW)’') fian

4

ﬁﬂﬁﬁgﬁm%uﬂuaa AD A1d1AgYy ‘algorithm design(KW)’ & ﬂ’N@J"U’I"'UEJUﬂUﬂUﬂ”Ia’WEU

o w

“algorithm design laboratory(KW)’ ﬁnﬂuﬁ]maﬁﬁﬂmiauﬁﬂmﬂm “algorithm design(KW)’

pon MM liAd1AYyIeiItatos® 11 naswiies (‘algorithm design laboratory(KW)’),

srenaseddyaafgyluiidedesd 12 Ae (‘applying algorithm(KW)’, ‘applying

4 [ A J

algorithm case study(KW)’, ‘problem solving(TE)’) ﬁﬁﬂﬁﬂﬁ@ﬁﬁﬂ%@Uﬂuag Ao ANd1ALY
“applying algorithm(KW)’ fima1uaMgaunuduaiaife ‘applying algorithm case

v
L 4 o w o w

study(KW)’ fatiudssesyinnisauadidgy ‘applying algorithm(KW)’ aan vinlvAdAgaes

Wdedesdl 12 deiies (‘applying algorithm case study(KW)’, ‘problem solving(TE)’)

o a & A

4 PN < & aM 1o o 1 1
e %‘!G’IV]']EJIUQWWV] 16 L‘IJUﬂ'ﬁa9W|@uLu@%quLiJﬁqﬂileua'ﬂu‘UQﬂﬂqia‘Ua'ﬁu“U@QﬂqﬂL‘LJ‘UGUEJ

83l UwAaLTIVeE0Y LAgLLBYINNNSATIEUIULAALINTBEDYATNUINUTIVON 1 Way

A o 1

Widedesd 11 Ammduiiosiedua (“Algorithm Design and Applications”) Agfnin

o o = °o v W

‘algorithm design’ Usngegluddfey Juilvidesaumiaanainmdidsy Asunaans

o o

o

[ Y % o A & A a LY 1 a = ¢ . 5
aamdIfgynasannIsauAilutesieiveenluiidedesn 1 As (‘analysis(TE)’) way

v YV

wadatosdl 11 e (‘laboratory(KW)') uenanilluidetesd 5, 6, 7, 9 uay 12 fedu

(%
o w Y]

FoseiAed1dn ‘algorithm’ UsingegluddnfgyrilvinesaumAilieanainmdidsy Al
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nadnsildannisavmidutenedvluidedesd 5 fie (‘sorting(TE)’), #dedesdi 6 fie
( * searching pattern matching(KW)’, ‘string(TE)’, ‘“text(kW)’), ¥ 14 odoud 7 A e
(“greedy(TE)'’), Wadagouii 9 Ao (‘eraph(TE)'), adedendl 12 fa (‘applying case

study(KW)’, ‘problem solving(TE))

naInynsaanauailiddglundasidedosunds A1wing q Tuiitedasavgn
Jaunveglunamesadidy (KV;p,) 3eaevililassadinisdaiudeyavesdiaiuie
s19391mHe 9 avasuain <s,u, TP = < tpy, tp,, ..., tp, >> nateilu <

S, KV = {KVyp , KVip, oo, KVipp 3 > douray KV, azUsznavlude iy,

'
o o w a

e vve Ay Nusngegluiilemvesiitedestiu 9

o w 1 o

3.3 N1SUSHUNIUAIEAIAEUTZININ9ANDE U883

v

(% '
(Y a [

JUADUAAYN18VDITETUU CSCDA fia N1ssUSautieuAIdnaNanataainumas

q o
AasureT1e3Y FeaztdunisiuSeuieusening 2 Aesulgsiedvmidusiedvfeatunse
aennediy lngnsilIeuiisuAeaiuiesgiviasyiinisnmvuadeyaiidl 2 du fe 1)
o a a o v o a a = a o fav v
ANBBUNETIINIRNIU (C5y), UAZ 2) A1BSUIETIEIVNUTHUTIEU (C5y) InENAGNSNLFRN
= = 1 ) a a I~ | = d’lj o a
AU UEUTENING 2 ANDSUNES1899198keNDaNTUW 2 @31 Ao tHan1ve9A1aSU1e
183U AP UNLNTL BUBALLANANNAUAUAIDSUNEWS s ULBU tngTunaulITa1nsurinnis
Wiguievazdunisuauaiuiusening 3 35 As 1) 35n15UTsuisuwuUnsIfa (Exact
Matching) 2) 35n15LUTa U ULV UAEDY (Subset matching) waz 3) 35n15LUTs LBy

wuuglUasien (Superset matching) lagdSn1siSeuiisuns 3 Basiiswavidunnwioluil

3.3.1 on19UTPUNBULUUNTIAD (Exact Matching)

[y

ASUSHULNBULUUNTIFIYIINITUSUMEUAI NN DU UTDIRIDNYIATAR U

(%
o w Y

N9NATUVDIFIDNYST (S. Wang & Jiang, 2016) F8NINANEIAYIIT 2 A19INAIDSUIETIEIV

o

Q‘Jl U o a a a dyﬂ-/Q % o 1% ada al a a
AeukazA1asuNeWTeUey uenanlifiTedildnaunaiuisnisiSeuiisuuuuig
(Paraphrase Matching) (Zhang, Baldridge, & He, 2019) $1ufuI8n151US8UNBULUUAT

Aage na1fe Wuisniswieuisusuunisaduaundsaieglumdifyiviun

o w Y o

Wiguiiigu lagagyinisiuadudwmidlunn o sumisvesiieglumdidgaunsy wanl

'
o w al o w o

Fen15vRIAdIAylaaINN1TEdUALUS A dunsIsuiisuiuAdAyresAtesuie
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UIVIRIAU LA8FIDE19U8930N 15 US UM ULUUNTIFILALUUIAILLAAININTNA 17 way

ANA 18 ANUEIRU

mdAguesAtasuteTedvseu = (‘algorit h m(TE)’)

AdRvaIRIasuleTeIvIUTeuWisu = (‘a Ll g o rit h m(TE)’)

%

NI 17 $90eN9350 151 USEUTIEUKUUA TNFITENIN 2 AIFIAEY

1Y)

Ay vasiasuleeInnwu = (‘divide and conqure technique(KW)’) <
mdAyvaIiasuleeIvUTeuisy = (‘technique divide and congqure(KW)’)
ANURUNLIAN l

(‘technique divide and conqure(KW)’)

(‘divide and conqure technique(KW)’) |«

o

AT 18 Fa9819T5n 1 SIUSYUTIEUNUYIATERIN 2 AIaIATY

d' Y & = o a = a aa = a o
NN 17 wansliiudenisaiunslisuisulaeisnsiuseuiisunuua T
STUINAEIAYVBIAIDBUNTIHIBIRIAU AB (‘algorithm (TE)’) LazAId1AevoIA185U18

182U ULBU A (‘algorithm (TE)’) LONITUIITNUIIAIEN WILAZAIRUAITANTY

v A

99PN WIVIINY 2 A1@1AY NUNUWUSEUTEUNUTANUMLBUNY AILUANNNNSUSaULigU

o

LuUAsIRIsamsaagUlanmd Ay vitaesniouiu wazainamd 18 uandliiudinis
ANEUNTIUSBUTBULAEAT SIS UTIE UL UUAA T8 NI NAE A U9AN85 UMY TI83U6195 1
Ao (‘divide and conquer technique(KW)’) LazA1d@1Ag9IA95 U8V NUTH UL U

Ao (‘technique divide and conquer(KW)’) Tagt3uainnsaausibnusa luA1d1Agyves

o w

MesueTIeIvSEUTiey Budlevimsaduiiunisnsuynnsdiuaiaglasienisvesidifiy

o

MNNITAdUAILAUS LawA 1) (‘technique divide and conquer(KW)’) wag 2) (‘divide and

o w 1 =

conquer technique(KW)’) a1ntutihmafgunazaflaainnisadusibnusundssuiisu

[y [ o w

AUAEIAYUDIAIEUIETIEIVIRIAU FINUINAEIAYNLAINNTERUATLRUIUDIAIB5 U

o

o w

s INUNUTIUIBU Ao (‘divide and conquer technique(KW)’) wilpuiufiuAIdfgy

o
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YBIANBFUNEIIBIYIAIRY AIUuINNIIANTUNITUTEUWBULUUIETsEnnsaazUladnen

1%
Y IS

dfgyrieERanilauny

3.3.2 A5n1sidTeuifisunuuengas (Subset matching)

JumsiwSeudisulaefansaninddifgainmesuieneivanwmulungosvese

drAganAeduiemelreuiisunseld nnReulvdnailuaswzannsaazUlaiind
AARYNa 2 Analiauny 1nefieg19ve93IsNSUTB UIE ULUUIRRERE AL LARIAININT 19

(J

AEIALYRIANBsUIETIEINRIRU = (‘recurrence relation(KW)')

I

AEAUBIRIsUIETIEIv I USEUIsY = (‘solving recurrence relation(KW)')

M9 19 62981935N1USI U UL U UL AEDE T899 NAIT ALY

o w [J

AT 19 2UanIn1SiUTIUTIEUMEIAYINADBUNBIIEIVIRU A (‘recurrence

>

relation(KW)’) wagd1fgainaiaduires1e3v1tUIouLiiay Ae (‘solving recurrence

o w J o w

relation(KW)’) iafiansanaznuindrfgainAesuiesieisisenudungosuosmdnday

o

NABEUIETIEITMSBUTEY feu Feanansaasulainddguesimesuieseinnsiu fe

o w o

(‘recurrence relation(KW)’) innstnilaudufud1Agyo3A19su151838UIouNgy Ao

(“solving recurrence relation(KW)’)

3.3.3 J/naUSeuliisunuugiuasion (Superset matching)

o v o a

Junssuiisulagiansaniimdfgainaiesuiesieisnaesuiardfgain
gl

'
1 LY = A a o

asurusedvUSsusuduaundnuseld MSenandndeuiede RANSANIIANEIAYIN

Aesuresiedvnlseuieulduengasuniridfuainaiasuiesiedaedunsaly) uin

o

o

= v ! < a Y1 o v A
Houlvdsndrnduase szanunsaaguladindddgy

o

! ) v a A %
wdseuiisuiuianumiounu lag

) | aa = P s o A
W'J'QEJ'NGUE]\nﬁﬂTﬁLﬂiEJ‘ULV]EJULLUUSQLUaﬁLSUG]ﬁ]%LLﬂﬂQﬂﬂﬂWWV] 20
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o

AdAyvaAasuIesIeIvIney = (np complete problem(KW)’)

AdEAgUasresutesigIvTeuiiey = ((np complete(TE)")

%

N 20 §996 9T RUSEUTEULUUTIUD 5199 521 NA I8 AT

o o

NN 20 LanIN1TUTEULIBUTENINAEIAYUIDIABEUIETIBIWIAIGU AD (‘np

] =~

complete problem(KW)’) uaza@1Aga93A185U 851839 1UT8ULiey Ao (‘np

b a o o

complete(TE)’) LHaNAITUIALNUINEIAYVDIAIDTUILTIEIYIFIAU AAIEIAYUDIA105UE

o

[
v v =

e nlseuiisuduau@n daudsaiunsoeasulaindrAguesdeiuiasedvnu A

o

o v

(‘np complete problem(KW)’) finnutnidlaunuivdiAgueiaiasuigsedviuseuieu

o

A9 (‘np complete(TE)’)

Fn1sSeuisuns 3 35n1sNnanunteeu aunsadenulenssalull

) 1 w; = w;,W; C wW; or wW; D W;
Slm(Wi,Wj) = { » Wi ]’. l J l ] (1)
0 ,otherwise

'
= o

logf w; Ae Ardrdgyluiidedesnis q vesreiurgseivinedu uay w; fie A

o w [

dAgluindagosnily 9 109A195U189187NUTIUTEU MINANEIAVDIAIDEUIETIEIVIRS

o

sumiloudunuAdAyasriasuIeedvuuseuiieu amisoasulainiaitedesves
M98V NI BUA VI Ug a8 YRS U8 NUTHUIBY Lagiviua el

o w o o o w

ANULpWAY 1 Tuyenauiu aradAyvesraduiesiwiviswulimiloudiumdfgy
YeeA185 e8I UTeULTEU a1ursaagulainiidedesvesAiaiuiesiedvaeauly
WilauAUITege8v09A95UI8TI8INUTBUBY waznuAidA1ANUMLDUWINAY 0 &9

NNSRYIUNT IARLLUUTAUEINNsaReulan e U

1 JHWL' € Kthpl'Sim(Wi’ W]) =1
match(tp,) = where w; € KVyp, of tpg Atpg € ¢5p (@
0 ,otherwise
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v 1 J L 4 '

lng# tp, Av viidedeyuesAraiuiesneivineiu uay tp, Ao Wdedesvas
AoSUNIETIEIV S EUWIEU YasaInnIsAvUAAIANWT Ui Uit e e e v IR

v Y o 1 any ° ) o =~ = Yo ' &
FIULLAT ffﬁll']ﬁﬂu’]ﬂ?ﬂl@m?ﬂ?u?mﬁ?@@iqﬁﬂEJa%GU'ENﬂ'ﬁL‘UﬁﬁJ'UL‘V]'EJ‘U ‘lﬂﬂﬂallﬂ'ﬁm@lﬂu

Yieq, match(tp;)
n

Sim(CS,x, cs,y) = (3)

189 N AB ITUIUINTDLRENIVUAIUAIBTUIYSIEIVIRIAY

AT 21 PUAAIFI8E19NISUTBUIBUAIES U8 9183183 “Algorithm design
and applications” 521319A185U18518391VMNING1BYINT (Fvualidudiesuie
103 9RY) LazA1eSuleTeiremIngtdeesluil (fnrualidumeiuigsieiv

WIBULEU) 909550 CSCDA NAMNLEORTUHAANGAINAISUSBUI— U NUIAIEAEY

¥ I

INAITRN 3 VIA105UIYTI8AVIRIAU AD (‘divide and conquer(TE)’) tidlaufiual

[ 1 a

dfvesrIesuIsTIeIvIUTauisuluiUegeen 5 A (‘divide and conquer(TE)’) fg

o

o o L

ONUTIUNBULUUATIF LASanuInAd1AyaniItagee 7 Ae (‘greedy(TE)’) wazlu

o

v vV )

Witetes? 8 Ao (‘dynamic programming(TE)’) UBA185UNTIEIBFIAY Idlouiunuan

dagluigestan 8 way 9 V0I5B NUTIULTEUMBITNITUTBUIBULUUATIFN

}%

WULRYITY WNAINU AI835N15IUTIUTIBULUURERBgINUINAIdIAYAINT IRt RN 4

o o v v

YDIAIDBUIYTIWITIFIAU A (‘recurrence relation(TE)’) idlpudumadIAgyanidetosn

4 993A195U185183 T UTIUNBU Ao (‘solving recurrence relation(KW)’) waz Ad1Agy
v Y ! Ql' o a a gj ¥/ A ¢ . 3 = (% o o L 4

NAITDYD8N 6 VOIANDSUILTIVIVIRIAU AD (‘string(TE)’) nllauduA1d1AYaINAIT

gou¥l 4 voAesuIes1eIvIUTEUEY A ( string related problem(KW)’) ¥inean a3

'
o [ L4 1 =

BmsSguiiiguwuugilesiganuinAdAyainiitedesi 10 Y04A185U8TI8IYIAAY

IR |

Ao (‘np complete problem(KW)’) iiliaufua1d1Agya1niitetasn 11 993A1895Ue

o

18 LUTBUTIEU AB (‘np complete(TE)’)

[

nnsAdunTUSsusUTEnIeAaA Yl ULAaY 8883185 UN T8N

“Algorithm design and applications” ¥83uvANg e YINILAzIIIN 1Rl vivla

TaunFdrureaiionvesAasuleseIv AR uRmliaunuAIas U8 s eIvIUSsUWEU Taln



58

v a o a

14edesdl 3 v0areiuNeIEITIReEL Ao “divide and conquer”, Watedosd 4 veq
fes T IRaEY A “recurrence relations”, ¥deEend 6 veaRNasUNTEIRARY
Ao “searching pattern matching and string or text algorithms”, fodaud 7 109
MesueTedvnadu i “cereedy aleorithm”, shdedesil 8 vesesueseivnadu Ao
“dynamic programming”, waz Hatodesil 10 vesiiadulesiedvdeiu Ao “dynamic

programming” 1AglayiNISAIUIMENTITDIAZURIANUIANL D UAUYBIAIDS U T8I IR ALY

'
o A R - |

FAnnu 50% wanantdeladiuvaaiaminanaienu lawn Widatasd 1 vasA1asSule

(%
v Y

a A “« 0 5 0 ) v v 1 PN J a a
183YINAU AD “design and analysis of algorithms”, B3URERYN 2 YBIAIBTUIYIIYIV

all

See

sy Ao “complexity analysis”, Fadadoefl 5 vosrmesuresiedndeiu Ao “efficient
algorithms for sorting”, vadedosdt 9 veeResUIEIIEIMRIRY Fe graph algorithms”,
wtetosdl 11 vesresuneseinnseiu fe “laboratory for algorithm design”, waz Wate
doud 12 vesmesueTeivfediu Ao “case study of applying algorithms for efficient

real problem solving”

31nN13ANTUNTIUNNTURBUTBITEUY CSCDA llauZanaqnsvaalond
ANUmilBuLAzLANANIUYBIA1eS U eIV Ui uA1aS U e T YU BULBY 31N
nadwsnleanunsadudiutislunsdndulaliiuannssunsvieerasdiaeuluseiviuu

1 TumurasnsunluwasUsuussanliemvesesuisnednvlianumingauuas ivadeunn

¥ '
Y Y a I

893y e idiSeunlasunisatenenainsedvitu o sussAanuinmuizauuasdl

U

YLaNTNIN
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Cox = 4Algorithm Design and Applications;

Burapha University,

Design and analysis of algorithms,
lcomplexity analysis, divide and conquer,
recurrence relations, efficient algorithms
for sorting, searching pattern matching
land string or text algorithms, greedy
jalgorithm, dynamic programming, graph
lalgorithms, np complete problems,
laboratory for algorithm design, case
study of applying algorithms for

lefficient real problem solvlnglf

Keywords of cg

Y

P! Similar contents of ¢

Ve, = (‘analysis(TE)’)
KV,pz = (‘complexity analysis(KW)')

erps = (fdivide and conquer(TE) P

[V, = ({recurrence relation(KW)

[Vip, = (‘sorting(TE) )

Vi, = (‘searching pattern matching(KW)", [String(TE)')

ki, = (areedy(TEVe

KV, = (Fdynamic éroévammina E)'De
8

Kvip, = (‘eraph(TE)’)

tpz =
tog =
s =

7 =
ipg =
10 =

“divide and conquer”
“recurrence relations”
“searching pattern matching
and string or text algorithms”
“greedy algorithm”

“dynamic programming”

“np complete problems”

vaﬂm= (InEx_ulni' mrobi +)
oy = (‘laboratory(Kw)’)
vamz = (‘applying case study(KW)", ‘problem solving(TE)')

Dissimilar contents of cg 5

¢s,y = (Algorithm Design and Analysis,|
Chaing Mai University

[(Math reviews, the importance of efficient
algorithms, asymptotic notation, solving

recurrence relations, divide and conquer
algorithms, decision trees and lower
bounds, string related problem, greedy
algorithms, dynamic programming, network

P Keywords of ¢,

Y, = (math review(kw)’)
vap; = (‘importance(KW)")
K%, = (‘asymptotic notation(KW)')

Kvio, = (‘solvingrecurrence relation(KW)H¥

KV‘Ps = ((divide and conquer(TE) ¢

KV, = (‘decision tree(TE)",'lower bound(TE)')

6
v, = ( [String ekaed-problemtii)

[V, = (‘greedy(TE) )

oy =

tpy =
tps =

g =
P11 =

P12~

“design and analysis of
algorithms”

“complexity analysis”

“efficient algorithms for
sorting”

“graph algorithms”

“laboratory for algorithm
design”

“case study of applying

algorithms for efficient real

problem solving”

ki, - ({dynamic pogammingTET

Vo, = (‘network flow(Kw)')

vap‘: = (‘automata(TE)’", [nE comEEe@TEH#

AT 21 fa9g18n SUSIUIgURIa5 g 183198937 “Algorithm Design and

Applications”



60

unil 4
FTUUIATIZNAND3UNE T8IV Lundngnsingn1sAeunna snal

USLANSNIN

SYUU CSCDA NUWAUBIUAIUVDIUNT 3 d1U1503LAIEdIUYawLamluA1aSUNe
S193Y1UBIANDFUIYSIEIVIAIAUN AL D ULALLANAIAULLBNIVBIA1B8T U185 18391

Wi Ueu F9dav1n15R15UINITA NI UINUVRITEUU CSCDA aenUINTudI1uu0935n1s

a

W3guleuis 3 38nslaun 1) 38n1siUSeufisuluunseaa (Exact Matching), 2) 35015

aa

W3suiguluuwngas (Subset matching), khaw 3) I5n15iUSsuLiguLuugUafian

(Superset matching) LI13TN151USsULisUNAUWBUAUSYNINeISN YT wavadunNIs

o v A

a &£ LY o o o Ao < = v o ' ! < (3
Lﬂ@]GUUGU@QGY]E]ﬂ‘HﬂUﬂ’]ﬂ’] ZUW‘VIUWQJ’]L‘UiEJULVIEJUﬂUWHUU LLG\@EJ'NVL’iﬂGﬂlI mmﬂm‘wﬂi’mgﬂu

o

ANDS U818V 1D1ANNISITYUNLANAIAY LA IARNUNUI8TML DU UNI BAA18AR Y 819

WU AdIAYAIIN ‘principle’ way ‘theory’ ianiun1silTeuiisulagssuu CSCDA g

[
o w Y

NUNAEIAYI 2 ALANENTY 189310919 2 ANSIYAYRIFIBNYINUANAIUDE1NEULTY We

o

WoVNN1SNAITAUNDIANUNNIBVDING 2 ATNUIIAEIAYINY 2 ATANRINEWNDUAULAS
AI39NTIATIIMETBUAN 91ANTSNTEUY CSCDA launsariiiun1swIeuiiieuids

AvngsEnIadAyle vilidemludwnvleududindinnulinseunaued

Ya v = o

At NUQY I 9aURI8INITRRUITEUU CSCDA TTiuszansnmuinds Tag

Y

szuuiildvhmsiianndesenanszuy CSCDA fio “szutlinsesimosuieeivilundngns
Anen1sneufianesidusyansaim (An efficient Computer Science Course Description
Analysis system)” n38138n91 “53UU eCSCDA” Gefidumaunisaniuau 3 Junou
wiloufuszuy CSCDA 1 1) mawidendeyatidiuasnisussaanadeyailoaiu (input
and preprocessing) 2) N1TANAAIE1AYINNAD5UI8518391 (Keyword extraction) way
3) nMsSeuiieuddfyseninedeiuteseivn (Similarity Matching) tnefilaseadianis
FUAUUTBITEUU eCSCDA axuanadannd 22 uarsieasidonvestuneunsaiiiuauly

wrazTunauUNNUTUUTILaERRINTY EuananInTInlunisen 3
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(1. Input and preprocessing

1.1 Preprocessing

CS's terminology
corpus

1.2 Input

CS's course
description ¢,

CS's course
description ¢,

(2. Keyword extraction |

>
>

Keyword extraction

_ @
CS's terminology

synonyms

Word synonyms

Keyword vector
of ¢,

Keyword vector
of ¢,

3. Similarity matching !

Al

Similarity matching

[3. 1 Exact matching

{3.2 Sub/superset matching

)
)
[3.3 Sub-keyword matching J
)

> 3.4 Semantic matching

(Output

)

Similar
contents

2991 22 I959a$1999955UY eCSCDA

=

BTN

Dissimilar
contents

3 §9807501FUTVY AR TUNOUNITANTUN 1UYE I3 UY eCSCDA

QY

VYUNDUNIT

ANTIUY

I¥UU CSCDA

I¥UU eCSCDA

1. nsin3eudeya

1190

1. ANSFIVTILAIDDUNE I8V
2. NNSFIVTIUAFNLRNE
3.01553U534NHN

AEFERNS

1. n1swTeudayanarAng
RN

2. n1smsENdayangni1en1en
AmsatuUTuUse

3. N15n38udauAnRIAIN DY
AUNUNEVBIANANTHLANE

4. N15R38UTRUAARIAIN DY
AUNUNBYBIAENIIN MU

5.n1swisudeyariadune

187390
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M15799] 3 $78N7501SUSUUTUA TR TUNOUNITANTLI MYy UL eCSCDA (92)

2
[

VYUNDUNTT

ALY

I¥UU CSCDA

I¥UU eCSCDA

LY

2. ANSENAAIEAGY

>

91N AIBSUNY

787391

1. N15USUIaNATDAIY
3 o
WUBIAu
1.1 mMsutasionusiinnlug
Tmdusfiuiian
1.2 SNl
1.3 msfmdnAmen

1.4 MITLUNNVDIA

o (3

2. NITTYAANTRNI

o o

2.1 ANSTZUMANILRNY

(P399 1)
2.2 mawvasgualveglusn
ANN

o

2.3 ANSIZUMANILANY

(ﬂ%ﬂ‘ﬁl 2)

o

3. NMsanafd1ALy

J o w

3.1 n135zymAdfgylaeng
N4
AWFERS

4. mMsaaveuitiemliddAay

1. MmsUszananatonulesdy

1.1 nsuususelea

1.2 A1SUUSAN

1.3 A1suUasi g nyINUWlng)
&7

HusRusian

1.4 msuAluaRn

1.5 MImInAmen

1.6 miszqmﬁ’]ﬁwaqﬁ’]

o w 3

2. N1TITYAIANNRN

ee

o

2.1 MITTYMANTILRNIL
(pSsdi 1)
2.2 msudasgualvoglusin
ANl
2.3 NMITLUMANTIRINE
(a7 2)
3. NsannFE1ALY
3.1 MsszyAdAylaengn1g

4 LY o/
AMANEAIRVUUTUUFS
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M15799] 3 $78N7501SUSUUTUA TR TUNOUNITANTLI MYy UL eCSCDA (92)

YUABUNIS

ALY

UV CSCDA

33UU eCSCDA

3. AskSeuigu
CRGRGRTERA I RE

ANBBUNYS18TIU

1. 35MSUS 8 UL NgUUUMS

Y

A7 (Exact Matching)

2. AN 15 USH UMY UL UULYH

898 (Subset matching)

1. 3NS5 US UL ULUUMNTIA
(Exact Matching)
2. AWN5UIBUTBULUULYRNE DY/

g1 o S19 @ (Sub/superset

3. 95n15UF8 UL g UL U U | matching)

g vU B SLY M 3. 35015 US8 UL B ULU U

Y

( Superset
matching) 29AUTZNBU3U (Sub-keyword
matching)

4. 50 15:USeUeuULReAIIUNg

(Semantic matching)

4.1 mMawssndayaiidiuazn1sussalanadayailadu

mMawseudeyatiidiuaznisUszanadeyaowiu annsauusnisyhaueendu 5

(Y]

du lnelsiuasidennail

4.1.1 Mmsin3gudayanderfniiianie

3¥UU eCSCDA lavinsasenasmdniiianizluransnienuingin1snouiaimnes
WULAINUSEUU CSCDA 1ngagyinnssIusIumANIanIzaIn 8 wias lawA 1) A Dictionary
of Computer Science, 2 ) Computer dictionary, 3 ) Computer Science Glossary,
4 ) Glossary of Computer Related Terms, 5 ) Glossary of computer science,
6) Labautopedia, 7) PC Glossary, wag 8) Techtarget Fevinlianunsauiuiadradunsds

AfnangNIduIuA AN NaEY 28,392 A1 lnassuy eCSCDA agyinnsussanaly

1 o v L3 A

AdeAAnsianzll 1ugislunisssudsadniianisnusingegluiiionivesdiasuie

o v A a a

78397 WY ANSaANAA@ANUTEANS AN

>
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4.1.2 Msn3eudayangnenIeAsns

Tudruilazilunsnssudayangmeniwignusauguasiaunduaivdlagssuy
SBS+ (An efficient Supplementary Book Suggestion system) (Chaisoongnoen &

Amphawan, 2020) ieunt1urgaslunisadardiagainiideniluldaziidotosues

Q Y

A185UNETIET T 9 BangnanwieansngnusuuTwasimunduanlvdazgnisendn

“ngnenmansatulsulse” Fadungnazviinisiiarsanisaiynun (Preposition) 817

1 J

WU A1 “for’ “in’ ‘of’ ‘on’ tWudy wSeA1&us1U (Conjunction) 817y A131 ‘and’ ‘or’

v Y 1

< £ Q" 1 & 1 [ LYY & [ 1 o A
Wunu VlﬂiqﬂﬁQQIULUQV’]SUENLL@agu')sUaEJaEILUU@U@I‘ULLiﬂ ﬁ]’mu‘ummiLLaﬂﬂqummUﬂﬂQ

[
v ¥

YUTINTRATTNNGIRFUTIUNTOAIYNUNDNIINAY LAIVINIINTIVABUAIFUTIUNTBAN

o

ynunluusiagnaudnseu swuindidmdusiuvsedynunungeglunguiien agviiniswen
o Y = Y A ! o o 4 o 1A v o
naugesvaInguuy o Wisey q widulelinuddusiuvserynunlunguiinenids aevi

msUszenaldngnisniwemansaduuiulsdluidagnguignuen gavingvitn1saurnng

'
o v a  w o w

vsaldlausvenislamnudryesnannmdfgyianale lnedifegnswesnisainaiaifey

o o

o w L%

mENYNNAEIAEnTatulTulT Fail nsanaAIEIAYINITRLRY “(‘experiment’, ‘1)),
(‘design’, ‘TE’), (‘and’, ‘CC’), (‘hypothesis’, ‘TE’), (‘testing’, ‘TE’)” Slensiaaevaznum
1 (and’, ‘CC) udywunitusngiu diushmudsnguéfiegdrstuagvdasyn
unaanidu 2 ﬂ&ju Av 1) “(‘experiment’, ‘JJ’), (‘design’, ‘TE")” wag 2) “(‘hypothesis’,
“TE’), (‘testing’, ‘TE’)” fﬂﬂﬂmﬁLLﬂ\‘iﬂa:aJﬁﬁ;léﬂ 2 ﬁwiﬂﬂﬂiqa%ﬂwaaﬁﬁaﬂaaﬁagﬂugﬂmaa
(Phrase1) + CC + (Phrase2) dsillassairenseiungatiuiulss Ae ng “(Phrasel) + CC +
(Phrase2)” — ((Phrase1), (Phrase2)) a1nmsafnAtdfgyiaenginediu vinlwldungaen
d1Ag Ao (‘experiment(NN) design(TE)’ waz ‘hypothesis(TE) testing(TE)’) nTuLen

o

dAgfaialaudazaiuinsivaauisraudninldlavsvenidlaaudify 89910013

(%
o w Y ]

nyvaaeulinumaudniusngeglumddgis 2 inlradAyns 2 Seusu

o

= s W o v o 9 Y = I o § wal
1NNINNYNUAIBIAEnsatuUTuUTslavin s kasUsuUTaulag vinlidl

AUBANFINIINNNNINIIFNAATUUULAL TULI33IYD9

1) ngnieawiatansadulsulgeaslalinsuuangilddmiunisiiansusiudu

Adnianie wasngililafansansaududdnrianie Wesnnngatuuiuuses

nsiasandsidusiuniedynunluidedesnoulududuusn Wewuind
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€

A o

AFUTIUNTEAUNUNUIING B8 LVINNISUENNGNANUTINYTUT I TIRaE T amE

q

o

AFUTIUNTRAUNUNDBNAINNATT INHUTWIINSUTEENAldngatuUsulse o

o w L

NITIUNGUAINA 2 ngudsaeiu inlulaundaddAyresiitedostiu o

£
=2

2) endfglaanngnisniwimansatuliuugeasldiinnuddauiuintu

o o w ¥ a o I3

Wasnnisanaddidymengiulungussnni 1 A ngunasansaufuadny

NN WanuAFUSIUNSoAYNUNITYIINIsANANquAINUSINgagUeniuazd

' v
o o v A v uv\'Lyo

waseanudumdAgyfiadale Snnsdslamd1dninninnissunguuenguaiig

'
o a

2 nguseiudneie lunmenduiu ngatuusudseegliinnisadnngueiignuen

Y

=l

28NANAULBNTIADUNUAIFUTIUNTBATUNUN UHIEVIINITTINNGUAINABINGY

o o w Y

Insnsldngatulsulsuadsaindfyeanun enfiu nsadnmddgyainiade
g8 “(‘data analysis’, ‘TE’), (‘for’, ‘IN’), (‘decision’, ‘NN’), (‘support’, ‘NN’)”
Weldngnisnrwimansinulunisadaedidgy Mlilaaid1Ayfe (‘data

analysis(TE)’, ‘decision support(KW)’ iag ‘decision support data analysis(KW)’)

1Y [
S o v v a < A J

3 I a o o w ! ¢ . y ¢ . .
ALLNUNUAE ALY NF1FDUNULNATYY AB ANI1 ‘data analysis(TE)” wag ‘decision

support(KW)’ fm11ue1911u ‘decision support data analysis(KW)’ Tunisnausiu

]
o w a [

Weldngnianiwimansatulsuussasvivlaungsendrdgynanale fe (‘decision

o

support data analysis(KW)’) waztilensiageuazlinuindnisrdouniuendfgy
AR

3) mdAgRanalaanngmenweansatulsul R liusngAaudninlalaus

o o A

vanddlamnudifgy ewinmdAyiaialanna1azgninluiiansanaudnsii

£ ¢l o w Y

U5n90u lngnisnsradeudnuAnnusinguuluniasAdAyiuanudnilund

o

[ = v 1

Amaudninlalavsuandslaninuddny Fsdmuindumamudninusngedluads oz

q o

nsaumaudsidiueenanddfey usdlumaudwinldlavsingedlunds

v 9

el nainilumdAgtuuay
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4.1.3 Msin3eudayandInINeIANnINEYaIAANTILAaNIE

NAIINYIINITTIUTAAFANLRNIZAN 8 undstayardnsiianiy Tuived 4.1.1

(% I3

a7 NTUIARAENIIRNIZUIAUNIAINDIAIUNNIEN 8 WnaITayandiA ANy
Az Fannnsandunisiananagylimdniianiznis 4 eaivatefifesaumiig
Tngorafivisiiidanuiosanumnetdesusuagine dedu dWovilfnisfinnsandies
ANUNINEiANgNABslariuTeAnTaIn FIdealudazAdnsiianie wisufudiies
mnuvnenils 9 1mihnmsaaeuiu 3 nauynsnwsinguesulat léun 1) Longdo
Dictionary', 2) google translation corpus'! wag 3) Cambridge Dictionary'? mugaisu lng
winfiegaties 2 910 3 Vuleddneiu wandbiiuiddwsianzinisiesaaumvuieiud

WOIAUNNILATY AdNTilanIziazaAioInunNIeRsnzgninuTIvTINluadaies

ANUANNEVDIAANTILANTE (CS’s terminology synonyms)

AT 23 LEAINITIIVTILANNDIANURNIBYDIAIANTLANIE “Average” ANNART
AANYIves Computer dictionary™ Tnefiaiesminununy laun ‘Ave’, ‘Median’, ‘Mode’
way ‘Number’ 21nUUIENANOIANUNNNETLANIYINNITATIVFDUTIANUALNEFNNIINITHE

YY) 1 a = [ o o w ¢ [ « ) o
ANUNNNY AFg1elun I 24 FaztlunisinAdnsiianizanin “Average” Tuvinnis
AumAiasrurIneiunauynsusaulaivs 3 Yiuled laun 1) Longdo Dictionary, 2)
google translation corpus wag 3) Cambridge Dictionary 31AUUNINITNTIAFBUAIN O
AMUNIENNATITIUTINI AU e umneldanwauynsutesulals 3 Viuled
A a o v o 1 ¢ . , 8 o v aa & [y &
HoNANTUILNUAINDIAUMNNEAII “‘Median’ unesnaunuieniiimilounuluny 3
< ¢ Yoo 1, . y = & o w o v ¢
Auled Fa1u1saaguladndndn ‘Median’ winnzauiagiduAiaIninunungvoaa Ay

o 1 « 99 1 a I o o w '3 o v a
|N1gAIN “Average” gavinglunini 25 WunisiiAdnsianisuasAioinnunie iy
N3ATI9ERUAUWENzANLANES 1 TundsiasnIunInevasmAwilaniy e luld

uludumnousaly

10 https://dict.longdo.com
1 https://translate.google.com
12 https://dictionary.cambridge.org

1 https://www.computerhope.com/jargon.htm
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C[) Computer Hope ]

Free computer

Average

Alternatively referred to as the arithmetic mean, an
average is the sum of a series of numbers, divided by the
total amount of numbers. For example, suppose we have
the following series of numbers: 1, 2, 3, 4, 1, 2, and 3. The
sum of these numbers is 16, 16 divided by 7 is 2.28.
Therefore, 2.28 i,s_th_e_aum_q_e_o_uh_e}_e_n_u_ni\bers.

Related Content:|A

vg, Median, Mode, NurnberI /

Ip since 1998 'terminology':

synonyms": ['Avg', '‘Median', 'Mode', 'Number‘]]{

DINT] 23 FA08NA155IUTINAINDIATINAUIEYDSFIANTILANIZATT) "Average”

LoXepo)(Dict)

T
usmsiurmsaSouaSudormunuynsuraenmu-ng

g Q)

wy | PopThal
= English-Thai: NECTEC's Lexitron-2 Dictionary [with local updates]
g N} aadu Syn. Ranis : median |
r g 1ADJ} ouadu, See also: === Syn. —mecwralmedian]

Google udanim

'terminology‘:

= NOmber'

synonyms'": ['Avg',|Median’

Average X

1 a number expressing the central or typical value in a set of data, in
particular the mode, median, or (most commonly) the mean, which is
calculated by dividing the sum of the values in the set by their

number.
“the housing prices there are twice the national average”
AvDoR I IMINY

;llrvmvm'\l mode  midpoint  center norm  standard

rde par  the general run

Dictionary ~ Transiate  Grammar  Thesaurus  +Plus

x English §

= SMART Vocabulary: related words and phrases

AIWT] 24 §0E190 150 TIVFOUA I IUAL LU NATTHOIAIIUV YA INDIAIILALIET

59UsIUUA

Averages
average out average out at sth
happy medium law
Heak median
medium middie
par the law of averages idiom
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‘terminology’: 'Average),

'synonyms': ['Median'T}

CS's terminology synonyms

{'terminology": 'Average’,

'synonyms": ['Median'l}

AT 25 §9E1901505 19AFGAINONAIIUALIG YDA IFNTIA NI

4.1.4 M3n3eNtaNARGIRINIAIUNNIEYRAIANIVILY

1%

MsasiAdIAIiemNmINeTasmdnily azvihnisiasannnanlidlagnssyin
[ o o '3 4 k% a a 4 o o v X
Wumdnrianizlumansnisniuinginisasuianmes laeviinissavsaaidniialuain
Aulas www.dictionary.com 1ud1uiu 133,291 A1 31nUUN1TRANSUILARLAIANT
luudvinisAuniaiesanunuiganiulgdnauiynsuniwsinguesulail lawn
1) Longdo Dictionary, 2) google translation corpus Wagz 3) Cambridge Dictionary lagan
WesrunuefiazgnRansanIwuIzauInsiesm e iumAwiAty 4 szdondu
o v P = | v < ¢ v v o v ¢ o o v
AN BIANnNIENUIINgTueg1etes 2 Tu 3 Yuleddisiu Adnnaluiazaines

A a 3 v v o ¥ & o

AUNNIENRTUNEYALAUIIVTINTUAT I BIAIIUNUBYBIAIANYIN LY (Word
synonymes)

AT 26 WARINITIIVTAINANENNNRALUIN www.dictionary.com ntuUILAaE
AANINI UL TAUTIAIN DAL MLIEIINNIUIYNTUN W SN wooulaul Feuaneda

d‘ < 1Y o v o x% o 1 « . 9y

A 27 WunisAumaiesnunangvesAnivialuaA1d1 “ability” Aunauiunsuniy
89nguoaulaung1I919R Y 2NTUVINNITHAITUINITNOIAIIURLIBUVDIAINDIAIUALIETN
Usinglulusis 3 Auled wudn ‘capability’ iWudiesarunuieiusnglu 3 uled dae

o v ¢

winil Jsnansoagulanadnianin “ability” Wesaumaneiuddn ‘capability’ @nvinglu

U 3

AN 28 1WUNITUIAIANIIA LU LA AN IAIUNNNENNIUNITATIVADUAI UL AU LA

1nas1aduadssiesnnununevasad@ivly et lUldnuludunaussly
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O 0O 0O 0O OO OO OO O O O O

abietate
abietic acid
abigail
Abihu
Abilene
Abilify
ability
Abimelech
Abingdon
Abington
ab initio
Abinoam
ab intra
abiogenesis

_)abingdon, abington, ab initio, abinoam,

{..., abietate, abietic acid, abigail, abihu,
abilene, abilify, ability, abimelech,

ab intra, abiogenesis, ...}

\_,/\

NINT 26 Fa987907155UTINAIFNTIY U0 www.dictionary.com

ability
ability

LoNcDO)Dicts

usmsurmessuaudomuruyrsuremann-ng

—y[ability

7y | Popihal

« English-Thai: NECTEC’s Lexitron-2 Dictionary [with local updates]

[N] a1 e, See also: anwiiflila, arwiline:, aussonw, Syn| capability, st
[N] wsanT3d, See also: insateaan’ll, Syn. talent, Ant. inablity

labiogenesis, ...}

(..., abietate, abietic acid, abigail}

abihu, abilene, ahilify.<
abimelech, abingdon, abington)

ab initio, abinoam, ab intra,

Google ulann

x

<)
Ardrfeauzas ability

possession of the means or skill to do something.
the manager had lost his ability to motivate the players

Amiasarumng

facility ~ propensity ~wherewithal ~means

‘word":|'ability’,

":|[fcapability§

/

apacity |r.;\patu\ly I T

preparedness

Grammar  Thesaurus

Cambridge Dictionary +Pius

= SMART Vocabulary: related words and phrases

=

$Skill. talent and ability.
a.magic touch idiom accomplishment
accurcy acumen
adroiness bandwidth
Capabilty. ghe
dash lInesse
fait fote

nctional skills genius
Reoficiency prowoss
Ryzalechnic Rymlechnics
gualification snecialiy

69
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{'word": ‘ability’,

'synonyms": ['capability'l}

{'word": "ability’,

'synonyms": ['capability']}

AN 28 $130E1901585 NAGIAINDIAIUNUIEVBIAIFNYIY 21U

4.1.5 n’mm’%ﬂu%’agaﬁﬂaﬁmai'la%'l

TudnuiiBunamisudeyaosuemeivilidmiududeyainiivesssuy
eCSCDA Q%L‘ﬁumiﬁ’]sﬁayjaﬁ’m%UﬂEJiﬁﬂ%%?ﬁlﬁ%ﬂﬂ%ﬂﬁEmﬂ’]ii’JUi’JﬂJﬁ’]@%U’]EJﬁEﬁGUWGUEN
szuy CSCDA Tudruvawiated 3.1.1 nludeyavndi lasideSureseivvia q a¢
Uszneulushedeya 3 duu Seanunsadaifulieglusuuvy 3tuple : < s,u,cc > e s
visneie Fos13n (Medange) u vanefs Jeumineds (Mwdinge) war cc nuei
emuessiesuienein (N¥183ngY) MUaIRU Tun1USHUMBUTENINAIBE U883 T)
Fadu (cy) uae Maduiesedvissuiiey (cy) msfiagdondurmeiuiefiunansei

Wiy vsatusiedsNasnndssiuingy

o U o

4.2 N1SENAAIEIANIINAIBIUIYTIYIYI

v

nsannAd1AgyaIniienilua1asuiesiedvanile q v0352UU eCSCDA 1in13
o o (3

Atinau 3 d lawn 1) Msvssananaternulewiu 2) n13seyudsimaniianie wag 3)

nsannAdny auanu Tnslulsazdunouaziiseazidennssoluil
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4.2.1 msUszuranadaninuilasdu (Text preprocessing)

Tudwdiidelivhnsuszgndldnisuszananatemnudosfudnindiduau e
Prelunsvsznanaidenvesdosuiesmeiulunn 4 uniends Tllassaduassioy
yeudemimiiouiu %wzsu";sﬂﬁmmimﬁ”}Lﬁumsaﬁ’mﬁwﬁwﬁ@mﬂLﬁamsuaqLwiazﬁwa%ma
sedvldednadvssaniamuindstu lnemedianisUszanatoanudosfuildimm

Ussgnaldlussuy eCSCDA finasaluil

4.2.1.1 n15kuUsUselen (Sentence tokenization)

A 1

fia NsuusUseleausazusylealullianivesaadulesiedviennanniu laenis

v 1Y ¢

AsandedydnwalnusngegineUsylealunsazyselen Wy iaTasnuneurinaia (),
LATOINUIEYANIANTOLATIINIENUT () N30 1asaenunedmnin () 1Dudu e
sduniswusUselealuiianivearasuiesiedvnasaseusoundl aza1unsaaiiunis

% @ a 1 14 [
Januusgleangnuulioglugunuued ccy = {tPy . tD2xr o) tPnx}

4.2.1.2 N158U9A1 (Word tokenization)

Junsunemnaziunisuisilulseleaunazlonvasmesuieseivmils q Fslunis
WUIAIEVIINITNNTUIDIYDII19581I9A (White space) 3NUUANTUNITLUIAILAAZ AT

99NINAY

4.2.1.3 nmsulasiadnuysiunlngliluaidnesiuian (Lowercase conversion)

Tudrutiazilunisfansantsisnusdfinilnglunwdainguiivsingegluilen

YDIANDSUITIHIVILAAL A5 U TAULDNTIINUAITNBIAIANN IR Az AT UNITUNUN

(%
v v v v Y v v

OnusitumemsnuIRLAnIn Ul dumiuian

4.2.1.4 n1suAluAiin (Word error correction)

'
a Ya v

nsutluadndumedandidelavinisuszenldainisnis SMC (Spelling Mistake

Y

Correction) (Gupta, 2015) Fsaztlunisnsianisaznamvesadnsiunazarlulselon oy

msfdniudazaluadunisesIvaeuiuATlunIuIunsuA I wISIngy Beenuitmdng



72

i%
v

A 9 dnsagnadfldassiuimlunauiynsuaziionAmdniAtuiinsasnadiiin wagas

(%
o v Y

NsunUAAERIALUmEANgNFed

4.2.1.5 A1sn1InAmEA (Stopword removal)

MIMINAIMYATDISEUY eCSCDA atlunsiiansanmdnfmenudiusinged

Tullenvesresuieseivn lneameaaunsandneentiazilumiidiaidaeenluudy
sganumineveslssleatiy 9 sghifaniswsusadluanitu wu Amead1dn “a”, “an”

way “the” Wudu lusddeldfidmunenvesimgandosausenainnisiiansan liwn @

nyAUTEANAUNUN (Preposition) kag AngaUsznAIdusIu (Conjunction) BFngam

3

Lo

2 Yssanilazlignmdneenliainiiiemlumesungsedn

4.2.1.6 miszq‘lﬂﬁ’lﬁ%a\‘iﬁﬂ (Part-of-speech tagging)

lunisseuiaminvesdudazAluilenvesiesulgsnelvvile q gidelaving
U’iz&gﬂﬁiﬁi’f‘i%ﬂ’lﬂaﬂ Stanford part of speech tagger (Toutanova et al., 2003) UINEY

ATUY FudeyinsseyminvesAiasunnalugn 9 Useloaseusagnad aaunse

v & DN tp, tp, tp,
Fanulviegluguuuuves tp;, = < (w1 b tag), (w2 pe tag), v (W, 7, tag) >

1n8iiA19819N15A R UNSUSEIIaNaTaANNL U UN UL MURIAI85 U8 5183 T

516791 “Probability and Statistics” @90 n#l 29 Fausuainnisuuilszloaunazuszloalu

[V
o

dil o a a U ‘ﬂl o a 1 o 1 ‘:! a
Henvesmasuiesigdvieenainiu Weanlunisuuslssloavinlilaudalssloanedu 10

[ '
&Y = o

Wdeday deualiunisiusmusiazAieananiuluyn q Mteges Mntuloaniunis

v a

1o < v PN & v o v a % % ¢ @ o=
wusAnasaualunmi 30 aslunisulasidnesiiuiivglinanedumiiuibn Julle
fsanvsnuItuiadetesil 1 Ae (‘Descriptive’, ‘statistics’) dfdnwsdnunlngusing
g fetuafesinisudadlinatelududn loun (‘descriptive’, ‘statistics’) siau

ANTIUNITNTIVEDULALN LUAIRAIINNITRANTANAZNUIIATIN ‘computationl’” Tuiitages

' '
o A = o A

A & = a a X o A o & = o . o
N 4 [WUAINHNTESNANALNATU (ﬁ']V]LUUﬁLLﬂQ) ﬂﬂuu‘ﬂ\‘i‘ﬂqﬂWiLLﬁlsﬂiﬁﬂJﬂflﬁﬂgﬂﬂﬂflV]Qﬂmaﬂ

v 1 o 1 ¢ . y o A & a a gj a o o W o a
lound131 ‘computational’ (F7ludlien) a1ndulunimi 31 azvinisiidndmvegai

L4 ! = 4 1

Usingiuluuiaziidedes Fuleviinisiiansantuwiagiitedesldnu Idivgaiianisgn

[ = o

Mdneaniag i lnilenmlunniegesdinadu gavineinnsssydmtnnveaumagalu

N 9 vdedey



cguy = (Probability and Statistics, {Descriptive statistics, statistical inference, principle of
probability, discrete and continuous probability distribution of random variables and
computationl problems, statistical distribution, estimation, experiment design and hypothesis

testing, correlation and linear regression analysis, data visualization, data analysis for decision

support})

l ‘sentence tokenization

Set of topic from cgyyy

tpg,gyy = "Descriptive statistics'

tpo gy = "statistical inference”

toz gy = "principle of probability”

tpg gy = "discrete and continuous probability distribution of random variables

and computationl problems"
tps, gy = "statistical distribution”

tog,Buy = "estimation”

tp7 guy = "experiment design and hypothesis testing’
tpg gy = "correlation and linear regression analysis"
tbg gy = "data visualization”

tp10,8yu = "data analysis for decision support”

l ‘ word tokenization

Set of topic from cgyy

tpg,puy = (Descriptive, 'statistics)
tr2BUU = (‘'statistical', 'inference)

tp3,guy = (principle’, 'of, ‘probability)

tPg puUU = ('discrete’, 'and', 'continuous', 'probability’, 'distribution’, 'of, 'random, 'variables',

‘and', 'computationl’, ‘problems’)
tps gy = (statistical’, 'distribution’)

tpg, By = (‘estimation’)

tp7 guy = (experiment’, 'design’, 'and', 'hypothesis’, 'testing’)
tpg,guy = (correlation’, 'and’, 'linear’, 'regression’, ‘analysis’)
tpg gy = (data!, 'visualization')

tp10,8uy = (data’, 'analysis', ‘for', 'decision’, 'support’)

I 29 §28e19n1 591 UNI5UsZaATaA 1 TaIUA UaYaIA 185 U818 U

776777 “Probability and Statistics” ¥945UU eCSCDA



Set of topic from cgyyy

tpg gy = (Descriptive, 'statistics’)

P2 BUU = (‘statistical, 'inference)

tp3,gyy = (principle’, 'of , ‘probability)

tpg gy = (discrete’, ‘and’, ‘continuous’, ‘probability, ‘distribution’, 'of', ‘random’, 'variables',
‘and', 'computationl’, 'problems’)

tps gy = (statistical’, ‘distribution’)

tog, gy = (estimation’)

tp7 guu = (‘experiment’, 'design’, 'and', "hypothesis', 'testing’)
tpg,gu = (‘correlation’, 'and), 'linear', 'regression’, 'analysis’)
tpg gy = (data!, 'visualization’)

tp10,8uy = (data’, 'analysis', ‘for', 'decision’, ‘support’)

l |Lowercase conversion

Set of topic from cgyy

tpg guy = (descriptive’, 'statistics’)

tpz guy = (‘statistical, ‘inference’)

tpz gyy = (principle’, 'of , ‘probability’)

thg UL = ('discrete’, 'and', ‘continuous', probability’, 'distribution’, ‘'of, random, 'variables',

‘and', '‘computationl’, 'problems’)

tps, gy = (statistical', 'distribution’)

tpg U = (‘estimation’)

tp7gyy = (experiment), ‘design’, 'and, 'hypothesis', ‘testing)
tPg BUU = (‘correlation’, 'and', 'linear', 'regression’, 'analysis')
tpg gy = (data!, 'visualization’)

tp10,8uy = (data’, 'analysis', ‘for', 'decision’, 'support’)

l I error correction

Set of topic from cgyyy

tp1 gy = (descriptive’, 'statistics)

too gy = (statistical, 'inference’)

tp3 gy = (principle’, 'of, 'probability)

g BUU = ('discrete’, 'and', 'continuous', 'probability’, 'distribution’, 'of', 'random’, 'variables',
‘and’, 'computational, 'problems’)

tps, gy = (statistical', 'distribution’)

tpg,gu = ('estimation’)

tp7,Buu = (experiment’, ‘design’, 'and’, 'hypothesis', 'testing’)

trgpuU = (

tro,puu = (
tr10,8uU = ('data’, 'analysis', ‘for', 'decision’, 'support’)

correlation’, 'and), 'linear', 'regression’, 'analysis’)
'data’, 'visualization')

209 30 §20e19M 159N TUNITUTZUaATDA TSN UA U Ha YDA 185 U851 7Y 11
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Set of topic from cg iy

tpg guy = (‘descriptive, 'statistics)

tpo guy = (statistical!, ‘inference’)

tpz guy = (principle’, 'of, ‘probability)

tpg BUU = ('discrete’, 'and, 'continuous', 'probability’, 'distribution’, 'of', 'random’, ‘variables',
‘and’, 'computational’, 'problems’)

o5 BUU = (‘'statistical’, 'distribution’)

tpg,guy = ('estimation’)

tp7,8uu = (experiment’, 'design’, 'and', "hypothesis', 'testing)
tpg,guy = (‘correlation’, 'and), 'linear, regression’, ‘analysis’)
tpg gy = (‘data’, 'visualization')

tP10,8uy = (data), "analysis', 'for', 'decision’, ‘support’)

l | stopword removal

Set of topic from CBUU

fP],BUU = ('descriptive', 'statistics’)

P2 BUU = (‘'statistical, 'inference’)

tps gy = (principle’, 'of, "probability)

g BUU = ('discrete’, 'and, 'continuous', 'probability’, 'distribution’, 'of', 'random’, ‘variables',
‘and’, 'computational, 'problems')

tps, gy = (statistical', 'distribution’)

tpg gy = ('estimation’)

tp7,guy = (experiment’, 'design’, 'and’, 'hypothesis', 'testing’)

tpg,guy = (correlation’, 'and), 'linear’, regression’, ‘analysis’)

tpg gy = (‘data’, 'visualization’)

tP10BUU = ('data’, 'analysis', 'for', 'decision’, 'support’)

l |part—of—speech tagging

Set of topic from cgyy

tp gy = {(descriptive’, UJ), (statistics’, 'NNS)

tpo gy = {(statistical’, ")), (inference’, 'NN))

tp3,8uy = {(principle’, NN, (of, 'INY, (probability’, 'NN'))

toa BUL = ((discrete’, 'NN'), (and, 'CC), (‘continuous', 'JJ'),('probability’, 'NN"), (distribution’, 'NN'),

(‘of, 'INY), (random’, 'NN), (variables', 'NNS'), (and', 'CC), (‘computational’, 'JJ'), ('problems'’, 'NNS')
tps gy = {(statistical’, 'JJ), (distribution’, 'NN")

tpg,guL = {(estimation’, 'NN))

7 BUU = {(experiment’, 'JJ), ('design', 'NN"), ('and', 'CC"), (hypothesis', 'NN'), (‘testing', 'NN"))
tpg,puu = {(correlation’, NN, (and', 'CC), (linear’, 1)), (regression’, 'NN), (analysis', 'NN')
tpg,puy = {(data’, 'NNS), (visualization', 'NN')

tp10,6uu = {(data’, NNS), (analysis', 'NN), (for', 'INY), (decision’, 'NN'), (support’, 'NN')

009 31 §2019M1 3N TUNITUTEUIANATDA I TDINUA U D YDA 105 U18518 791U
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o o ¢

4.2.2 NIIITYAIANNLRNIS

%UWQUWSNW‘UVLU‘Uﬂ’ﬁi DaAANY] LQW’]uI‘lM’]ﬁGﬁVINﬂ’WU’WIEﬂﬂ’ﬁﬂ’eﬁJ‘W’JLG]@TVI’EJ?J

Y

Yaa

TuLm’azﬁa%’aaiaa%mﬁwa%mama%mﬁa 7 I3 uaINNISUsEENALEISN1S N-gram 1413

iearilunsiSeuiiiguseninsddnidmils 9 vienguvesimila q AuddAnianizusaz

(%
&

mluademdnianiziladamssuliludiuvesiived 4.1.1 lngdmuinAmdnwiaiy 9 #3e
o & & o o ¢ o .:4' v o o & = o & 19 I3 . y
nauAtiy 9 WWumdAniianizaginiswdsuninnvesitunianquatiulvinatedu TE

(Terminology) anWusniun1sUsEEndldnadanisulasgualvedlusindwi (Word

! < o o ¢

stemming and lemmatization) e iiun1suuasguvesarndeldgnszyinduadny

3

¥

wnglunn o MdegeslegluzuvessindnivesdrAity aavineyininisseudsidnsiianie

o w

ATt Feannisseydemdnsianiglundasiatedesastglinisad adidAyaiuise

o

ﬁ%ﬁumﬂé’a*&mﬁﬂszﬁw%mw warldunBerddyii ANUATRUARNLATIIUTEANT AN

[ 2

Inafifognstunsunissyyferdnianzaining 32 szdunisandunuleanisly

U A v v & v | & - = o =
Haansnlaannsussranatenuilasuludiuvesdunaun 4.2.1 Fasuannn1sseyds
mdnsiamgluusaziidedes Wevihnissyyfeidniianzluudazidedesiasaseusoy

a7 %wudmﬁwﬂmaaﬁﬂﬁgﬂsmﬂ,ﬁmmﬂﬁﬂmﬁzuwﬁwﬁ%qﬁﬂudmﬁ 4.2.1.6 AgQn

(‘descriptive’, ‘JJ’), (‘statistics’, ‘NNS’) Luammimnaawausu AN IRNIZaENUAN

1 (“statistics’, ‘NNS’) tdusdnsianie ﬁwﬁmim%auwﬁ’lﬁﬁwmLauﬁa ‘NNS’ T9A

natewdu TE” Astuludiuresidedes 1 agfidleowde (‘descriptive’, J)7), (‘statistics’,

TE’) siouThunnd 33 azdumsussandldmaiinnisudasguresabieglusindni lneidu

o aw 1 | [ o o 3 | Y 1 a1 L 1 a o &
ﬂ’]iLLﬂaﬂgﬂﬂ’WlENhJQﬂig MumdnianzlunniiUegy 819au Wteuen 4 o

Aw (“discrete’, ‘TE’), (‘and’, ‘CC"), (‘continuous’, ‘JJ%), (‘probability distribution’, ‘TE’),
(‘of”, IN”), (‘random’, ‘NN’), (‘variables’, ‘NNS’), (‘and’, ‘CC’), (‘computational’, ‘JJ"),
(‘problems’, ‘NNS’) LﬁEﬂﬁé’i’mm’iﬂm'ﬁLLan'gUmaqﬁﬂﬁaQiuiﬂﬂﬁ’wﬁ y1liAN71 (‘variables’,

‘NNS’) wag (‘problems’, ‘NNS’) nanetlu (‘variable’, ‘NN’) uag (‘problem’, ‘NN’)

1% !
v Y 1A v o 1l v Y

gavneanlunisssuisidwiianiglunn q videdesdnasanile Wy Wdedesd 4 Lilegn

(% ' '
o [ 1 1 o a

szytamdniiianizdnasenils wuidnguenmdudédwiianiy Ae ‘random variable’ uag

o
o

‘computational problem’ vinlisesssynifivasngua iy TE” dauluuszlendl 4 9z
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Lf‘:’amﬁa (“discrete’, ‘“TE’), (‘and’, ‘CC’), (‘continuous’, ‘JJ’), (‘probability distribution’,
‘TE’), (“of”, ‘IN’), (‘random variable’, ‘TE’), (‘and’, ‘CC’), (‘computational problem’,
{—I—EJ)

Set of topic from cgyy

tpg puy = {(descriptive’, 'JJ), (statistics', 'NNS))

tpo gy = {(statistical, 1)), (inference’, 'NN))

tp3,guu = {(principle’, 'NN), (of, 'INY), (‘probability’, 'NN))

tpg BUU = ((discrete’, NN, ('and', 'CC), (‘continuous', 'JJ'),('probability’, 'NN"), (distribution’, ‘NN,
(‘of', 'IN'), (random’, 'NN"), (‘variables', 'NNS'), (‘and', 'CC"), (computational’, 'JJ), (problems', 'NNS")
tps gy = {('statistical’, 'JJ), (distribution’, 'NN')

tpe,puL = {(estimation’, 'NN')

tp7 BUU = ((experiment’, 'JJ), (design’, 'NN"), (and', 'CC"), (hypothesis', ‘NN, (‘testing’, 'NN'))

tpg BUU = ((correlation’, 'NN)), (‘and', 'CC), (linear, JJ), (regression’, 'NN'), (‘analysis', 'NN'))

tpg gy = {(data’, 'NNS)), (visualization', 'NN")

tp10,8uu = {(data’, 'NNS), (‘analysis', 'NNY), (for', 'IN), ('decision’, ‘NN, ('support’, 'NN'))

e 5
CS's terminology
corpus

| Terminology detection

Set of topic from cg

tpg gy = {(descriptive’, 1)), (statistics', TE))

too BUL = ((statistical', 'JJ"), ('inference’, 'TE))

toz gy = {(principle’, 'NNY), (of, "IN, (probability’, TE))

tp4:BUU = ((discrete, TE), ('and', 'CC), (‘continuous', 'JJ'), (‘probability distribution’, 'TE"),
(of , 'INY), (random’, 'NN), ('variables', 'NNS"), ('and', 'CC"), (‘computational’, 'JJ"), (‘problems’, 'NNS'))
tps guy = {(statistical’, 1)), (distribution’, 'TE"))

tbs BUU = (Cestimation’, 'NN"))

to7 guy = {(experiment, 1), (design’, TE), (and, 'CC), (hypothesis’, "TE), (testing,, ‘TE))
tpg gy = {(correlation’, TE), (and, 'CC), (linear regression’, TE), (analysis', TE))

tpg gy = {('data visualization', TE))

te10,BUU = (('data analysis', 'TE"), (for', 'IN'), ('decision’, 'NN"), ('support’, 'NN'))

N 32 §98e9n 552 URNANYIlaNz luusazaTaeegvedsz Uy eCSCDA



Set of topic from cgyyy

tpg gy = {(descriptive’, U1, (statistics', TE")

tpz gyy = {(statistical’, 1)), (inference’, TE))

tpz,guy = {(principle’, ‘NN, (of, 'INY), (probability’, TE"))

tpg gyy = {(discrete’, TE), (and', 'CC), (‘continuous', '), (‘probability distribution’, 'TE),
(‘'of, 'INY), (random’, 'NN'), (variables', 'NNS"), (‘and', 'CC’), (‘computational’, 'JJ"), ('problems', 'NNS"))
tps,gyy = {(statistical’, 'JJ), (distribution’, 'TE")

tps,guy = {(‘estimation’, 'NN'))

tp7 guu = {(experiment’, 'JJ), (design’, TE), (and!, 'CC), (hypothesis', 'TEY), (testing', 'TE))
tpg gy = {('correlation’, TEY), ('and', 'CC), (linear regression', 'TE), (‘analysis', ‘TE))

tpg gyu = {(data visualization', 'TE")

tp10,8UU = ((data analysis', ‘TE), (‘for', 'IN'), (decision’, 'NN"), ('support’, 'NN'))

|Word stemming and lemmatization |

Set of topic from cgyyy

tpg guu = {(descriptive’, ‘1)), (statistics', TE?)

tpz guu = {('statistical’, 1)), (inference’, TE))

tpz,guy = {(principle’, ‘NN, (of, 'INY), (probability’, TE))

tpg,guy = {(discrete’, 'TE), (and, 'CC), (‘continuous', 1)), (probability distribution’, ‘TE),
(‘of, 'INY), (random, 'NN'), (‘variable', ‘NN, (‘and', 'CC)), (‘computational’, 'JJ"), (‘problem’, 'NN"))
tps, gy = {(statistical’, ‘1), (distribution’, 'TE")

tpg,guy = {(estimation’, 'NN))

tp7,guu = {(experiment, 'JJ), (design’, TE), (and', 'CC), (hypothesis', TE), (testing, TE)
tpg,BUU = ((correlation!, 'TEY), (and', 'CC), (linear regression', 'TE), (‘analysis', 'TE)
tpo,guy = {(data visualization', TE))

tp10,8uu = {(data analysis', TE'), (for', 'IN), ('decision’, 'NN), (support’, 'NN)

| Terminology detection

—
CS's terminology
corpus

Set of topic from cgy

tp1 gy = {(descriptive’, ‘1)), (statistics', TE))

tpo gy = ((statistical', 'JJ), (inference’, 'TE))

tpz,gyy = {(principle’, NN, (of, 'INY), (probability’, ‘TE))

tPa BUU = ((discrete', 'TE"), (‘and', 'CC"), (‘continuous', '1J'), (‘probability distribution’, 'TE"),
(of, 'INY), (random variable', 'TE"), (and!, 'CC"), (‘computational problem!, 'TE"))

tps gy = {(statistical, 1)), (distribution’, TE))

tpg,puy = {(estimation’, 'NN')

tp7 guu = {(experiment’, 1)), (design’, TE), (and, 'CC), (hypothesis', TEY), (‘testing', 'TEY))
tPg,BUU = {(correlation', 'TE), ('and', 'CC), (linear regression’, 'TE), (‘analysis', ‘TE))

tpg gyy = {('data visualization', TE')

tp10,8uu = {(data analysis', 'TEY), (for', 'IN'), (decision’, ‘NN, (‘support’, 'NN)

N 33 G093z UdNmAnianzluunaiitegegvedsyuy eCSCDA (sia)
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o

4.2.3 p1sanaAdAey

ludruvestunaunisadaadidylazilunisussgndldngnisniwimansadu

'
v Y A o o w

U5uuse nlagndawseuliludiuvesiiten 4.1.2 Wanademddgyluudaziitetes lagen

dfgyanaldevegluzuves 1) Adwiiamzaievsenguuesimdniianienguiies, 2)
AUIUANLAEINTONFUVBIAUINNGULALT, 3) AAMANT + Ardnsianz, 4) Araudne +

AL, 5) MUY + ATUNY, 6) ATWIN + ANANIILRNNE, 7) ANANILRNIE + AFNTLRNY, 8)

(% o/ (3

AFNANIE + AIUIY, 9) AAMANY + ATWNY + AIANYIlaNIE, 10) AN + ANANIIRNIE

o u A

°_ v L3 < ¥ (J [ ! % ! v [ 4 1
+ Adnsianig Wusu andrddgynadalaluidaziidegesansadanulieglusuiuy

5 tp tp tp LY 1 [ o o 1 v v '
vos K®Pix = {k "7, k, ", ..., k, 7} lnefidredenisaiaddrdglundaziideden

samaluil

Wtedeeit 1 Ao “(‘descriptive’, ‘1)), (‘statistics’, ‘TE’)” dlevhnisiansanusias
dluhdagend 1 luwuidddusuviesynuntsngegludon shldlidosutsngud
gananiu Inededesi 1 Mlaseadns fie “Adjective (1)) + Terminology (TE)” &anseru
ngnenwiAansatuusuyge laun ng “Adective (JJ) + Terminology (TE)” —
(‘Adjective (JJ) + Terminology (TEY') ¥lwldungadddgyiatalianngnianiwaans
aduUsuUe9196u Aa (‘descriptive())) statistics(TE)’) Indurhrd iy iiatalaun

nyraouiaiaudninlilavsuanislaniuddey Wensraaeunud1in ‘descriptive()J)’

[ [ = (J

< J ¢ a [ o o a J o cal £ o [
Lﬂu@WQMﬁWWWUiqﬂQQQIUQWﬁWﬂiU f\]\‘i@ﬂL‘L!L!ﬂ’]iﬁ]i']ﬁ]ﬁ@‘l]ﬂ’?@mﬁWVWWI‘Ui’]ﬂQ“UL!ﬂ‘UﬂaQ

o

[

maudnvlilausvendsdaninudifay a1nn1sesiaaeulinuain ‘descriptive()))” aglu

maudnnlalavavenislaniudidy Jsluvinisaudndn ‘descriptive()))” aan vialvien

]

dfgnanaladinuiy deiunsatamdfymengnunIwmansatulTuUvesintetey

=
—

lamdAty Ao (‘descriptive()J) statistics(TE)’)

Wadedow # afe © (‘discrete’, ‘TE’), (‘and’, ‘CC’), (‘continuous’, ‘JJ’),
(‘probability distribution’, “TE’), (‘of’, ‘IN’), (‘random variable’, ‘TE’), (‘and', 'CC),
(‘computational problem’, ‘TE’)” ilevin1sfinnsanusagiaznuain (‘of, ‘IN°) Wuen
ynuniiusngiu 3evinisutsngudieandu 2 ngu Ae 1) “ (‘discrete’, “TE?), (‘and’,
‘CC’), (‘continuous’, ‘JJ’), (‘probability distribution’, “TE’)” wa ¥ 2) “ (‘random

variable’, “TE’), ('and!, 'CC), (‘computational problem’, ‘TE’)” 271nUuyIN1TNANTUI LU
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wiaznay lnelofiansanngui 1 wuAdn (‘and’, ‘CC) umdusiuiiusingiu 39inis

wiangueanilu 2 ngugae leun 1.1) “(‘discrete’, “TE’)” wag 1.2) “(‘continuous’, ‘JJ°),

oA =

(‘probability distribution’, “TE’)” vlnqu# 1 dlassasne As “(Phrasel) + CC +

q

[ |

(Phrase2)” Bsillassadansafungatuuiulse loun ng “(Phrasel) + CC + (Phrase2) *
(Phrasel) Slud 1 A1” —> (*Phrasel + Phrase2 (laififusn)’ uway ‘Phrase2’) illungy
7l 1 Ifundsddfyiataldainngnisnisimansatuuiuugenedu fe (‘discrete(TE)
probability distribution(TE)’ wag ‘continuous(JJ) probability distribution(TE)’) saulu
nduil 2 Wensadeunudd (and’, ‘cC) Wuddusiuiiusingiu Fahnisudangs
pomlu 2 AGHERE laun 2.2) “(‘random variable’, “TE’)” wag 2.2) “(‘computational
problem’, “TE’)” ﬁﬂﬁﬂfjmﬁ 2 flp59a¥19 Ao “(Phrasel) + CC + (Phrase2)” Faillnseasig
nsaffungaduusuyge tawn ng “(Phrasel) + CC + (Phrase2)” —> (‘(Phrasel)’,
‘(Phrase2)’) vinlilungud 2 ldandaddrfyiiafaliainngniantwmmansatuuiuuge

o w

17961 Ao (‘random variable (TE)’ waz ‘computational problem(TE)’) antiuiAdFgy

o

o L (3

flafinlduaziuinsavasuisdandmiilildvsuenislannudifey Wensraounudi
‘continuous(JJ)’” 1 um1A o fn ﬁﬁﬂsmgagﬂu A1a@1A ‘continuous(JJ) probability
distribution(TE)’ Ssufiunisnsiaaeumamdwiiusngusuadsfaudmsilildvsuen
fslamnudrdny 91nnsmsavaeuliinuin “continuous(l))’ eglundsiamdnsinlallivs
veanfslamdrueadgy Felavnisaueiin ‘continuous()) aon WA @AY
‘continuous(JJ) probability distribution(TE)’ §4A9LAal ﬁ’aﬁ?umiaﬁ'@ﬂ"wﬁﬁmé’wﬂgma
awimaniatuuivlevesindedesd 4 lied1dy fe (‘discrete(TE) probability
distribution(TE)’, ‘continuous(JJ) probability distribution(TE)’, ‘random variable (TE)’,

‘computational problem(TE)’)

Tngazuansliiudamsanamdfyluinagindetos fenwi 34



Keyword extraction from cgyy

to; gy = {(descriptive’, 1)), (statistics', TE")
Linguistic rule : (JJ) + (TE) = ('(JJ) + (TE))

t
klpI’BUU = ('descriptive()J) statistics(TE)')

toz gy = {(statistical', ")), (inference’, 'TE")

Linguistic rule : (JJ) + (TE) = {'(JJ) + (TE))

P2 BUU

k> = ('statistical(JJ) inference(TE))

to38UU = (Cprinciple', 'NN"), (‘of, 'IN'), (‘probability’, 'TE"))
Linguistic rule : (Phrase1) + IN + (Phrase2) = ('(Phrase2) + (Phrase1)')

1)
k3p3’BUU = ('probability(TE) principle(NN)')

tpa UL = ((discrete’, 'TE), (and', 'CC), (‘continuous', 1)), (‘probability distribution’, 'TE),
'of, 'IN'), (‘random variable', 'TE"), (‘and', 'CC"), (‘computational problem’, 'TE"))
LUINGUA1INNTRATNAFUSIUMT ORI YWUN
i]zlé’ﬂq'uﬁ 1fe ((discrete', 'TE), ('and', 'CC), (‘continuous', 'JJ"), (‘probability distribution’, 'TE"))
Linguistic rule : (Phrasel) + CC + (Phrase2) *if (Phrase1) has one word =+

((Phrase1) + (Phrase2 *without first word)', ‘(Phrase2)')
azlﬁnejuﬁ' 2 #® ((random variable', 'TE"), (and', 'CC), (computational problem’, ‘TE"))
Linguistic rule : (Phrasel) + CC + (Phrase2) = ('(Phrase1), '(Phrase2)')
kzp"'BUU = ('discrete(TE) probability distribution(TE)', 'continuous(JJ) probability

distribution(TE), random variable(TE)', ‘computational problem(TE)")

tos pyy = {(statistical’, 1)), (distribution’, 'TE)
Linguistic rule : (JJ) + (TE) =+('(JJ) + (TE))

t)
k5p5’BUU = ('statistical(JJ) distribution(TE)')

tos,guU = {(estimation’, 'NN))

Linguistic rule : (NN) =+ ('(NN)')

trs,BUU

kg = (‘estimation(NN)')

to7 UL = ((experiment', '1J'), (‘design’, 'TE), (and', 'CC), (hypothesis', ‘TE'), (testing', TE))
Linguistic rule : (Phrase1) + CC + (Phrase2) =+ ((Phrase1), (Phrase2)')

t
k7p7’BUU = ('experiment(NN) design(TE)', 'hypothesis(TE) testing(TE)')

trg BUU = ((correlation’, 'TE"), ('and', 'CC), (linear regression', 'TE), (‘analysis', 'TE"))

Linguistic rule : (Phrasel) + CC + (Phrase2) =#('(Phrase1) + (Phrase2), '(Phrase2)')

tPg BUU

kg = ('correlation(TE) analysis(TE), 'linear regression(TE) analysis(TE)')

tpg gy = {(data visualization', TE'))

Linguistic rule : (TE) = ('(TE)')

P BUU
9

K = ('data visualization(TE)")

tP10,8UU = ((data analysis', 'TE"), (for', 'IN'), ('decision’, 'NN'), (‘support’, 'NN'))

Linguistic rule : (Phrase1) + IN + (Phrase2) =+ ('(Phrase2) + (Phrase1)')

tp10,8UU
1

k10 = ('decision(NN) support(NN) data analysis(TE)')

2] 34 feennsannaa Ay lulsasiivedeevesseuy eCSCDA
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4.3 MIUTHUNEUAIFIARYIZNINAIDTUIYIIHIN

o

nMsSeuiisumdfysening 2 mesuieseduniusieivivis q azdunisuim

o

dAgNanalaaniien1vesreasuleseivIng 2 Aesuisuiabiunisilseuiisuiu 1ng

BnsseuiigugidelaunisnisilSeuisuwuunseda (Exact matching), 35013
Wiguifiguluulengay (Subset matching) uag 18nsiUIsuliisunuugiUesiaon (Superset
matching) ¥8438UY CSCDA wiuUszandlyanu lnslussuu eCSCDA 8vn15579135013
Wisuilsusuungaswazisnislseuiisusuuagilasiwndiaieiu Suilinatedu

EnsiTeuisukuuengas/gUasien (Sub/superset matching) wananiiluszuy

YY)

eCSCDA {idedalevinn1siindsnisiuSeuiisudn 2 38013 Ae 1) InswSeuiiisuiuy
93AUT2N0U32U (Sub-keyword matching) wag 2) 15015 UTHUBULTIAIIUAUE

(Semantic matching) ANEIAU I31NN1IANAUNITAINA1IE N IRTEUU eCSCDA

7 %
(Y [ I A

UsegnaldisnsiwSeuimieuniaau 5 35 wigndnngugusiuvieiiies 4 35 lag 2 35luaind

9 9

[

nsUssenAldlseasdenfall

4.3.1 FnsiTeuiiisunuuesAusznausiy (Sub-keyword matching)

TN UTH UM UBUUBIAUSENBUIIN ALL5UAINNITATIVABUTIAIUYINAUYD

(%
o w Y o

TUIURUINYOIAN (tag) VB 2 AdIATY INUUYIINITRIITUIDIDIAUTZNBUTINTENIN 2

(%
o w Y

AEIAYINNY 2 AdAyilesAUTEnaUTINTIMdouAUUTe LN T 1NUINAIEIAYN 2 AN
U Teusuduisnuaruresniinvesaindukaziesalsznousanmiloudu 9z
anunsaaguladndiAgne 2 mndunlseudisuiuianuaaieiu Inelifiog1ans

WSgUiguwUUa9AUTENaUSIN TUATNT 35

marvesiesuteeivniu = (llinear regression(TE) analysis(TE)')

3

AdAnyvesieasuteeiviuisuiiou = (linear regression(TE") overview(NN)')

NI 35 §29E1995N TSI UTEULUYDIAUTENOUT

o w o

NN 35 wandlmAudINIsUSsUEUTE NI NAIENFUVBIANDS U8 SIEAB IR

o

Ao (‘linear regression(TE) analysis(TE)’) warA1d@1AYU0IAID5UNTI8AVUUTIUNEY AD

(‘linear regression(TE'") overview(NN)’) $1835n151US8UBULUUBIAYTZNBUIIN Fadlayi
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o
U o (% a o 4

NISNAITUIDITIUIUNTNVOIA L ULAAZ ANEIAY WUV 2 AEIAYLTIUIUNTUNVOIAT

[
K

WINAU NUUTIINITATIVEOVEIOIAUTZNDUTINUDIIY 2 AIEIATY LWNUIINY 2 ArdnAdan

o

o

31 “linear regression(TE)” MvluasAusznausiumiouiuly deiudsaunsoasuladng

[
v

AR 2 AdlAuAaIeiY

4.3.2 3511518 UNgULT9A%UNe (Semantic matching)

A5N15 U UBULTIAINUNNNY 32YNNNSUIABIAINBIANUNUNLYDIANFANILANIEN

% L3

TaanaseuAludiun 4.1.3 wazaasmnasnunuigvasdninllunlasmasouliluarun

4.1.4 1115388 UNISIUNISIUS s UL USENI19AE A taelun1siuSauL e ULy

o

v
v ¥ 1 v

AUNUIBALVINITNANTUINIBIAUTZADUTIUTENINEIAY OV 2 AdAydl

o

99AYIZNBUTM AWML DUAUIINUUAVINNSIUT B ULTE ULTsA el ud uT A A UD 3
3 2 Ad1AgYy 1aeNITUIAGIAINBIAMUNINEVDIRANTLANIG LAZARIATNBIAIUNNIEVDS
o o X £ o a 7 I o a A & o o w [ o v [y

AENIT LU LTEUNTT FINUIANRTeIS 2 AdAg luAWeruINeiY 9y
anursaaguladnadiAnne 2 mndundseuiisuiudaauadieiu lnelifieg1anis

= ~ a ) PN
LWUTHULNYULTIAMUNNEY AIATNN 36

Fdfayresesueseivisdy = ({probability(TE) principle(NN)')

AFIIABUANNDS
ALY

ANNDIAINURUIBVDIATIN

'principle’ = {capital,
discipline, doctrine,

method, model, rule,
Mddvesmesuemeiviiieuiisy = ({probability(TE)|theory(TE)§—>{theory, ways}

AN 36 99619950154 USUTIEULTIA 11UV

[y [J

AN 36 LaANINITIUSIULNEUNAIUNLNYSTEIINANANAUBIANDS U8R

o

¥ A

A Ao (‘probability(TE) principle(NN)’) LagAd1Agy199A185U18518733 MUToUNBY AD
(‘probability(TE) theory(TE)’) Tnai3ua1nn15Ra15u8909RUsENoUTINVBITS 2 ANE1ALY

FeaznuindflamIuesdusznousiude ‘probability(TE) annduafwaon1vinis

Y ' v
o A U

a I a a A A o o (% o a a L =
WU BULTIAINUARUNEY IU‘VI“LJ?W'V]L‘I/ia@EL‘LW]']H'W’]ZyJSUENﬂ']@ﬁ'U’]EJi’]EJ’J%’WNG]UFﬂ’e]

' 1%
[

‘principle(NN)” adudnéniviall (lesannludnlidlagnssuminiivesindu TE’) fsiu

3

(% L3

FIPFIAINDIANUNUIBVDIA AN LULIUIA WRUNTHUS S U UTIAINUAUIE AINNIT

AFIVFDUNUINANBIAIUMUIBUDIATI principle(NN)’ Ao ‘theory’ assfuAIIAaD LUAT



J [

AYVDIAIDTUINTIWITNUTIUTIBU AIHUIINAITIUTBUTNBURNAMUNNE T2 UINNAE Aty

Mo

<

[
v [

19 2 @1 FeaunsaasulandrdAyvesatesutesigdvidduiinnuadeiued1fyved

AeSuleseITUTIUEU

nEnUszgndldisnisiuisudiausia 4 38nnsvessuu eCSCOA Tduf 1) 3313
WIguguMuUAIA7 (Exact matching), 2) An1siTsuliisunuulndos/gllasion
(Sub/superset matching), 3) 38n151UT8ULBULUUBIAUTENBUSIN (Sub-keyword
matching) wag 4) 33n5USeuiieusierumang (Semantic matching) fuwdogaenils 9
yearesuesedndadiu Tnsmnidedosveiesuieseindwuiinumiiounsende
fumdegagvasAaduiesigdvidiauiisu azvinsnrualiaAUwEleuTeiIla sy
yosmosuseiTRaduiAwiniy 1 Tumendusumnidedesvesmesuiseiviaadu
lunilounssldadreiumtedesla 9 vsmeduteseisUssuiisu agyinnsmnualie
anumilouvesiidetosvasiesuteseivdsduiianiniu 0 anmsienudneduaninsa

wnasilvegluguvesaunislansialuil

1, (3tpy,, € c,|K™Pix match with Ky,
match(tpi'x) = K'%ix ¢ s, K%Pix ¢ Sy} (4)
0, otherwise

NNTNEAUNTIALLUUYDINTSHUS 8 UEUTULA AL TV E08UD9ANDS U183 9R4
FU FEUILUNALLUUN LPNINUALIAIUINDNTIS DAL VBIAINUML DUYBIA1DS U18I518391
A9 (ALTUNISIUREITUSEUU CSCDA) 1agn1SANUIMNNDMS1508aza1u15AUIlAa1N

AUn1saIna Ul

1 match(tp;
) — i=1 (pl,x) (5)

per_sim(cx, Cy "

1989 N ABTIUIUNIVDE DYVINUAVDIA1DSUIYTI8IVIFIAU

Tnedifnognein1sUTeuiisuAes U889 V038U eCSCDA Tuntunauina aun

U190 YNUAAIAININT 37 Uuag 38



1 verianles and comoutationl

is testing, canrelation and

st of yoodness of fiLand independence, analysis of variance and experiment design, overvie

regression, free statistcal tool, r project for statistical computingl)

Sel of Lepic from cg,.,

Set of topic

TOM Cyiirr

= {{descriplive’, 11, Ustalistios', 'WNSTY

= {statistical’,

{"ierence!, NN}
NG, Cprobakility,

NNTY

O, (continuous', L' prabability’, 'NN istribution’, "N, Caf, INY,

omputaticnal’, 17, {prablems’ 'NHS 1

‘testing, NI)

corelation’, regression’, 'NNY, {analysis', 'NNY)

isualization’, NA'T)

ata’, WM,

= ((data!, s, Canalysis, WY, (Tor, TN, ('des N, NN, {support’, N )

= {{statistics’, 'NNS1)
7\ NN, Cthecry, "HN)
iy = {Uprabability', "M, Cdistribution’, NN
or = {{sampling, VBG ), (distiburion’, "NN')
7= {{rancom, 1), (distribution’, "M}
{{estimation, NM)
(U hypothesis’, NN, U,

(prab

ng, WVAGT)

oodness

{analysis', 'NNY, Cof, TN, {variance’,

2,

tical, )

NN, Coff, NG, O, NN Cand,
MM, Cand, ‘T, Cexperiment’, ‘NN, (4

{loverviend, WV, {of, N0, Clineer', W7, (regression, NND)

" NN, Cfar', 'INY, Ustatistical’, U1, (computing’, NN}

L Cindesendence’, NN}

e, 'NN)

|

Terminology detection

|

Set of topic from Gy

(inference’, TET}

1, = {Cprinciple’, ‘NI, €af', *INY, Corobati

Jomis = {Ucarrelatio 4 'CC, (linear r

(I'data visualization’, "1}

, = ((data analysis, TEY, (for, 1N, (oecision’, "N, (support, NN,
PP

| TER
probability’,

srr = {{stalistice
It
(probability distrisution’, TE)
({sampling, ‘TE), Cdlistribution’, TED)
({random distributior, TE)

', NNDY

TEY, Ctesting), TED)

ast!, 'IE), {of N
{{analysis of variance,

Wheary', TE

{goodness, NI,
£, (and

CC), (experir

{loverview’, W), {'of, 'INY, (linsar re
e = {UTree!, WY, Ustatistical’, U1, (toal, "TES)

1o

N (R, NN (and’, 'CCL dindependence HH“)

= {0, WM, Cpreject’, NN, Uor!, IV, Ustatistical', 1), Ccamputing), TET)

1, (dlesign’, "]}

AINT] 37 61298190 TS UG UTE I NAI95UI8T1879128958UU eCSCDA
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Set of taplc from cpy, Sel of lopic Fom cyyrr

obatility distribution’, 'TE'))
), (distrioution’, TEY}
1, TED

TED
‘computational problem!, TET)
)]

| TE, {af,

alysis of variance!

L TEY, {and', ') { hypethesis’, TE, (testing, TETY

Uandysis, TEW

Keyword extraction

keyword of £

.00, Ulirear regression’,
('data visualization', 'TE'T)

{{

(et aalysis’, TED, (for', I, (decision’, N, {support, TR} , Cstatistical, 1), Ceomputing, TE)

Visk of xeyword of oy,

= {descriptive())) statistics(TE)'} = {'slalistics(TEN}

7 probability(TE) theory(TEX

= {'statistical{l)} infe

= {probability distribution(TEN}

= {'probabilily(TE} principlell

= I'sampling{TE) distribution{TEI}

' = fdiserete(TE) probability distibution(TE). ‘continuous()) probzbility

clistrioutian(TE), ‘randarm varizble(TE), ‘camputational prablem(TE} frandom distrioution(1 £

= {'statisticalilJ) distribution{TE}'} timation{MM)H
~ lestimationhM]}

M) Lest{TEY, "ndependencelMi} soodnessiNM} Lest(TE)
= {'experiment{NN) d

losigni(TEY, hypothesis(TE)

TH{NN) design{TENT

(correlation{| +} analysis(TCY, ‘linear regression(Tr) analysis(TCY}

= {'dala visualizalioniTER © = {stalisticali))) LocliTEN}

Cdlecision(NN] support(NM) data analysist1H)

= {statisticalll) computing{TE) MM proje

CS's terminology Matching Word synonyms
synonyms l l

List of xeyward of oy, List of keyword of Gy

¥ = {descriptive( L] FERisHeTE]3 - \;&@
" - | FlaTssea) e iz 77 =y [probabil AT Iheory(TE])

" = (fprobakilitATE) farincinte(NNTf " S ENRE T
= I TE] ferinc pleNNT

o - —fsmrmpmssFFEHOistbUTionTEN}
Ky * = {discreta(TE) [probability distribution{TE le——F——

=yilrandder distibuticn(TES}
'computational preblem{TE) —sfestimation{MNIf)

'continuous{]J} probability distributien(TCY, random|¥aratetTs ‘

* = Jisteatl]] distribulion(TEJ}
A
[[estimation(Nije
. ¥
- ([Pperiment(NN} design( 1LY}, [rypathesist1L) festingl T C]jk——

rsistTEY, [linear regression(TE]e=etysistroit

= {'data visualization(TE)}

" = feomelation(TE) anal

=XfelatsEeat )] ool (TF)'}

" = {statistical () computing(TE) r{NN) project(NNY';

= fidecision(NN) suppertit} deto amalysis(TE]

> Bl matching 3 <b/supersel matching 3 suikeyword matching

Sementic. matching

AN 38 #179819M 1T USYUNEUTE I NAI95UI8TI879198958 UU eCSCDA

AT 37 LERIRI9819N15ATIUIUTDITEUY eCSCDA TurSauLiioussning
A98 U518V NVBIUMINYI YT (Fmuslfifuesuresedvsadu) waveesuie
Fe3v1veun1Inerdewalulagwszasundisuys (Tmualimiduaieduiesieiv
Wisuifie) lusie3en “Probability and statistics” IneizunsUszgndliinaiianisuszana
ForutesdudiunUssutanans 2 Mosutesiedn a1nn1sUsEanaylFasany 9

Fdadaslumaiuiusiedvineduls 10 Widedas waviivsgaslumiaiuiusieivn
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seydsiAniiamenusngiulunsazivedes Inonsiedsidniianizidiun ¥aelunis

2y Wevhnsszyismdnianziasasouiosuds deunlunini 38 azviinisuszandldng

o w

manwaansatul Sl wanldlunsadaddidgluusasiitedesvams 2 Aresule

5187391 gavineuAdAywAazANann e lukagiIteg peURIA105 U851 8IYIRIAULN

= = ) o o o ayy o a a = = aa = = &
LU?EJ‘UL'V]EJ‘UﬂUV!ﬂﬂ']ﬁ']ﬂiy]Wlﬂﬂ’]ﬂﬂ']@ﬁ'UqEJ?']EJ'J?I']L‘U?EJ‘UL‘VlEJ‘U Iﬂﬂ?ﬁﬂqiLﬂﬁﬁUL‘Wﬂ‘U‘Wﬂ 4

I -

5019 210629871998 NUIAIEIAYTURITEREN 1 VBIAIDTUILTIHAVIAIAUAD

v v o o

‘descriptive(JJ) statistics(TE)” fin1uwmlouduiuaidifyluiidedesn 1 vesa1o5uey

a =

ey lTguLiguAe ‘statistics(TE) Aa835N151USHUWIBULUULYRERE/YUDTLUR Wh

o w

93910919 2 Addggnilseuiisuiusierndudesiedan (“Probability and statistics”)

=< 1 J Y

MIUUTTUU eCSCDA FelaiduinandAgiis 2 awndloudu viliidegesn 1 YesA105U1e
8391999 u bl AuwmilaununuiItedesd 1 vesA1asules1gIvUSeuieu Tunig

naunuA1afluiITegaeN 6 ¥83A185U1Y5187V1R9AUAD ‘estimation(NN)’ A3

o

o 14 1

Wwillounueairluiivedes 6 ¥99A185UN851831NUINNUSULNEUAD

o

‘estimation(NN)’ A2835n15:U38 UL ULUUATY N33 SIS B U UL U UL DRt DY/
gilasiwnaznuitedrdgyluiidedesd 4 vasA1aiurgTeIvInenuae ‘discrete(TE)
probability distribution(TE)’ ha g ‘continuous(JJ) probability distribution(TE)” 331

widlaudued1Agyluiidedesn 3 vesA1adulresielrUIeuLisuAe ‘probability

o o w

distribution(TE)” siaunludSnsiSeuieuluuasnusenausinaznuINmafnludetos?

o

4 U99A105UN8TI8TVIRIRUAD ‘random variable(TE)” finupanadudumdidgyluidedeoy
7 5 Y99A185UN5183vNUSsUBUAD ‘random distribution(TE)” wagluisnisiUseuiiiau
WA UNgazNUIAIdIAy luTdedes?l 3 109A105UYIIHIVIRIAUAD ‘probability(TE)
. . y = ¥ % % o o w v YV 1 Qll o a a L= ) A
principle(NN)’” finuaasfunuatddglumdegesn 3 vasaiaduisseivsuouiisude
“probability(TE) theory(TE)’ ilasiiun1siseuiisuasunnatddgylunnisslonves
A5 UNESIEIWNNIRAULED VN lAuTsdiuvaovmdauwieuniuiuaesulesieivl

Y

Wi uLeuiedu 6 ade laun wadedes®l 3 “principle of probability”, idetesn 4

“«

discrete and continuous probability distribution of random variables and

143

computational problems”, ¥2dedou?l 5 “statistical distribution”, ¥adedees 91 6

“estimation”, dedes®l 7 “experiment design and hypothesis testing” wag Wtetos 9
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8 “correlation and linear regression analysis” LazaIN1TOUINIATUIUNIONTITDYAL VDY

ANUaunulAWINAU 60%
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NAN1SALHUIY

UNTHAL0SUNDINAYDINITANTUIIUVDISEUY CSCDA hassyuy eCSCDA Nta

o o

vhiaueliluund 3 uag 4 auddu Tnglunismaaesiidsliihnsmunumesuieein
(amzduiifunmdange) isdu 607 Mesuresiein NVANGATINGINTABUNUADT
vo4Ha 10 uv13ne1de Feldun 1 un1inerdeyIna (Burapha University),
2) unnInendeieslua (Chiang Mai University), 3) 3unasnsadanningnse (Chulalongkom
University), 4) @a10umalulagnszaaunaitinnannisainnszy (King Mongkut's
Institute of Technology Ladkrabang), 5) u1ine auwalulagwizasuinainszuasinile
(King Mongkut's University of Technology North Bangkok), 6) un1ingaaimnalulagnse
99U LN AN U Y 3 (King Mongkut's University of Technology Thonburi),
7) 491IN818unYASAIEdnS (Kasetsart University), 8) 4113ne1dsu#ing (Mahidol
University), 9) 491378788 @9981UASUNS (Prince of Songkla University) L& ¥

10) UN1INY1AYSITUANERNS (Thammasat University) Iagiaagun1ing1aslaiuiusieiIvd

lundnansineINneuiImeInInIsen 4

M5 4 TIIUTIETVININNINGATINGINITABUNUADTVEY 10 UNITNEIAE

FouvInendy IIUIUTIYIV
Burapha University (BUU) 66
Chiang Mai University (CMU) 63
Chulalongkorn University (CU) a7
King Mongkut's Institute of Technology Ladkrabang (KMITL) 87
King Mongkut's University of Technology North Bangkok (KMUTNB) 55
King Mongkut's University of Technology Thonburi (KMUTT) 40
Kasetsart University (KU) 69
Mahidol University (MU) 35
Prince of Songkla University (PSU) 60
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MI597 4 TIIUTIETYININVANGATINGINITABUTUABTVEY 10 4¥ITNEIAE (5D)

YBUNIINYAY ITUIUTIIYN
Thammasat University (TU) 85
FUIUNIAUA 607
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Tunouds loun Amrd1AgynanalaaInduneuisves eCSCDA, CSCDA, TerMine way RAKE

wag d@wd 2) nsusedliulszansnmeesmsilSeuiisudddny Wunsuseludssansamn

=

Y0INTUITHUNBUANE AN 4 TURDUIT AD NISIUTUULTNBUAIEIAYAIETURDUTTUD
eCSCDA, CSCDA, spaCy hag BERT @sumazdiunisusziliulsz@nsnin azlisneazidun
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o

5.1 mMyUssliudseansninnisanaadfey

o w

nsUseiiulsEansnmnsaiamdsazidunisuseliudaussufiou Taevinnis

>

'
a

Wiguisuisnsndaueduisnsadndidfgnla lasuaulisuwazgnldanuedng

WWSYANY AN

1) Junouls “TerMine” (Frantzi, Ananiadou, & Mima, 2000) LJu3sn15ainen

]
o a

d1fny IAeN13aINTIENITHANAMNYRINENANAzgNannaInUseluanils 9 3InM1S

Usgndldisn1smaniwiaans JanquaA1fazgnivatsanfenguuau1did (Noun

1 =

phrase) Nd13f® NFNVBI AIAMANT + ALY, AINTET + AIWIY, AU + ATUIY,

'3 o o

AAANI + 1w + Ay JWusiu InenguatigniiansanazgnizududidAty

o

nelusenstauean siouvinn1stuamudvesiddynislusmensiaufaniag

'
=< o o o 4

g8 meada ntuihddervgdiunUsaduiamddgilaudazalusignis

o o w

wAuANAIEAY evhnsatamddyeenununadnsils way

2) TUMoUIT “RAKE (Rapid automatic keyword extraction)” (Rose, Engel,

Cramer, & Cowley, 2010) Luidn1saname1dglasdnluifainundnde

o o w

N8Ny Imen13UIsNIIIn meansitunlglunisiansananiaaiddgy loe

[

135n13dsil 1) Arsurdneginiuluises 9 auni1azinedImgn La3I39UIA"
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o

METIULIET NN TLAURANURIAIEIAY 2) TIN1TASIUUNING VourazAd1ALy

nusnglusienIsuAuAMNAIEIAY BAIUIUALLULAMUDTDIATIAATUTINAY

o o w o [y

3) Az uLYBIAdAYNUIINglusIeNITLALRNAIEIALY kagTIINISEEIRIAUA

'
o o o w A o w

dagylusenisuaudnAd@fganArdfgyiilazuuuinnlumeddgndazwuu

<

o w

198 Uag 4) N213847 top-T scoring lagagauladiuauiies 1 Tu 3 vosrd1Ayan

<

o o A

TENsuANAANAE A ANITEIENY

va o

lngludiuvenisussliudssliudssansamnisaiaddfy fduliinnisussydly

Y

Wn1sUseliuludiuees Suaumadifyfanals, Auuduglagsau (Accuracy), AN
wiiug (Precision), A1119NABY (Recall) wag Useansaimlagsiu (F-measure) (Tharwat,
2020) weltglunisusziliuyszansnmeesnsadaaidinylunsiazisnis Tnesn1suseidiulu

AUVDIANLLIUEN, ANQNABY Uay Ussdninmlagsiu aunsormwialaaindeyaniely

' (%
a o v a

M1319N13UsELIUUTEANSAINAILGNABY (Confusion matrix) senindoyardfgyiniy

o

[

a v o o o A Y o PN
ﬁ]iﬂLLagmaHaﬂqﬁ’] Zymaﬂ@l@ ANRITINN 5

! 2
o = =

MI5NT 5 9IINMITUSHIUUTZ AN IMAINYNFBITEYINToYarIa ALY IATUITIUAY

Toyamangianala

AT 5 @1UTAUILIAUINNIAIVBY ANNLIUELA8TIN (Accuracy), AL

walugh (Precision), AgNAed (Recall) war Usyansnmlagsiu (F-measure) lanasialuil
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TP
Aceuracy = o P+ FN (6)
Precision = — 7
recision = TP+ FP (7)
Recall = — % 8
eCat = TP Y FN ®)

precision X recall
F — measure = 2 X — 9)
preciosion + recall

n1sUszIulsEanSAIMNTanaAId1ALazINN1SIUSBUNBUTEINN 4 TURDUIS A
eCSCDA, CSCDA, TerMine wag RAKE Tagluwmasdunaulnasinn1susesiunand 5 au @9

TLANINARINITIN 6, 7, 8, 9 Ay 10 MUaIRU

MI5NT 6 TIIAITIRYTaIAlAy TINIUAITIAYTIIAIINNFBIYES 4 TUnoUIT

UNINYRE Fnaueddnyiadale Sruushddnyiadaldgnies
(Fuudn

" Y eCSCDA | CSCDA | TerMine | RAKE | eCSCDA | CSCDA | TerMine | RAKE
ARYNIENADY)

BUU(967) 967 1,297 525 1,142 965 774 338 632
CMU(641) 641 820 390 732 639 525 286 a4a7
cu(4a14) 415 568 262 474 407 345 179 283

KMITL(1,103) 1,103 1,487 681 1,313 | 1,096 887 429 726
KMUTNB(730) 727 1,095 485 896 720 537 280 452
KMUTT(627) 623 808 353 734 621 513 250 433

KU(759) 758 1,001 443 901 756 613 311 529
MU(554) 554 678 242 614 547 456 184 409
PSU(756) 750 1,000 480 867 747 616 348 524
TU(985) 985 1,386 578 1,195 975 756 344 638

1UIU(7,536) 7,523 110,140 | 4,439 | 8,868 | 7,473 6,022 2,949 | 5,073




#1519 7 7IUTIUIgUA IR AT (Accuracy) Yed 4 Tuneuds

NMINYNA(FIUIUA AR U lAgSIU (Accuracy)
dfnyitgndes) eCSCDA CSCDA TerMine RAKE
BUU(967) 99.59 51.95 29.29 42.79
CMU(641) 99.38 56.09 38.39 48.27
cu414) 96.45 54.16 36.02 36.02
KMITL(1,103) 98.74 52.08 31.66 42.96
KMUTNB(730) 97.79 40.28 30.35 38.72
KMUTT(627) 98.73 55.64 34.25 46.66
KU(759) 99.34 53.44 34.90 46.77
MU(554) 97.50 58.76 30.07 53.89
PSU(756) 98.42 54.04 39.19 47.68
TU(985) 97.99 46.81 28.22 41.37
PW"]LQ?%EJ 98.39 52.33 33.23 44.51

§715M99 8 MITUSYULEUAIAIUMLUE (Precision) Y84 4 Tunauis

UPINEIA(TTUIUA ANANLLLAUEN (Precision)
dfnyitgneies) eCSCDA CSCDA TerMine RAKE
BUU(967) 99.79 59.68 64.38 55.34
CMU(641) 99.69 64.02 73.33 61.07
cu(a14) 98.07 60.74 68.32 59.7
KMITL(1,103) 99KV 59.65 63 55.29
KMUTNB(730) 98.45 49.08 59.05 50.45
KMUTT(627) 99.68 63.49 70.82 58.99
KU(759) 99.74 61.24 70.2 58.71
MU(554) 98.74 67.26 76.03 66.61
PSU(756) 99.6 61.6 72.5 60.44
TU (985) 98.98 54.55 59.52 53.39
F]"ILQEIEJ 99.21 60.13 67.72 58.00




MI57 9 MTUTHULTEUAIAIINGNADY (Recall) Yed 4 Tunawds

W Inenae(duau A1AUYNABY (Recall)
dfnyitgndes) eCSCDA CSCDA TerMine RAKE
BUU(967) 99.79 80.04 34.95 65.36
CMU(641) 99.69 81.9 14.62 69.73
cu(@14) 9831 83.33 43.24 68.36
KMITL(1,103) 99,37 80.42 38.89 65.82
KMUTNB(730) 98.32 73.45 38.66 61.33
KMUTT(627) 99.04 81.82 39.87 69.06
KU(759) 99.6 80.76 40.97 69.7
MU(554) 98.74 8231 33.21 73.83
PSU(756) 98.81 81.48 16.03 69.31
TU(985) 98.98 76.75 34.92 64.77
Auede | 99.07 80.23 39,54 67.73

§71599 10 MTiUSeULigUAI5oeayYalseansninlnesaa (F-measure)

NINYIR(F U A1ANYNABY (Recall)
dfnyiignees) eCSCDA CSCDA TerMine RAKE
BUU(967) 99.79 68.37 45.31 59.93
CMU(641) 99.69 71.87 55.48 65.11
cu(a14) 98.19 70.26 52.96 63.74
KMITL(1,103) 99.37 68.49 48.09 60.1
KMUTNB(730) 98.75 60.46 46.32 55.13
KMUTT(627) 99.36 715 51.02 63.63
KU(759) 99.67 69.66 51.75 63.73
MU(554) 98.74 74.03 46.23 70.03
PSU(756) 99.2 70.16 56.31 54.57
TU(985) 98.98 63.77 44.02 58.53
Aade | 99.17 68.86 49.75 61.45
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measure) @11150ALIULANNANNITN 7, 8 WAz 9 ANUANGU
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UNINYIRY 9n31598az (Percentage)
(AMUIUTYIN
SRouiton) eCSCDA CSCDA spaCy BERT
CMU(15) 34.82 31.09 41.28 80.95
Ccu(16) 28.45 215 9 48.67 73.84
KMITL(19) 32.10 25.27 48.10 69.63
KMUTNB(19) 29.66 24.74 29.79 78.44
KMUTT(16) 43.06 34.87 46.91 82.98
KU(20) 37.94 27.94 47.94 12.32
MU(11) 32.27 34.86 47.46 76.20
PSU(22) 35.38 26.68 51.41 80.18
TU(21) 32.27 23.35 38.44 76.91
Anade 33,99 27.86 44.44 76.82
9757971 13 nUSeuiiieumIn LU (Precision) ¥4 4 Tuneuds
NWINYIAY ANLAIUEN (Precision)
(FMUIUTIEIH
R eCSCDA CSCDA spaCy BERT
CMU(15) 97.14 96.80 37.88 30.46
Ccu(16) 79.76 71.81 37.46 25.93
KMITL(19) 81.80 80.33 45.18 28.90
KMUTNB(19) 80.33 79.21 50.52 24.88
KMUTT(16) 88.16 77.87 32.93 32.31
KU(20) 90.63 84.62 31.90 27.64
MU(11) 85.56 65.14 39.45 29.50
PSU(22) 94.85 86.91 40.87 28.18
TU21) 80.86 76.66 50.47 29.83
ﬂ"]LQgEJ 86.57 79.93 40.74 28.62
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W Inenae(duau ANUQNFBY (Recall)
AV UUIVULTEU) eCSCDA CSCDA spaCy BERT
CMU(15) 100.00 98.33 45.50 72.45
Ccu(16) 83.33 79.20 55.49 63.31
KMITL(19) 91.30 77.22 56.89 64.20
KMUTNB(19) 84.74 84.21 55.70 65.61
KMUTT(16) 94.74 83.36 39.83 64.71
KU(20) 95.24 88.27 50.84 62.25
MU(11) 93.75 90.95 40.10 57.22
PSU(22) 100.00 97.64 52.63 65.83
TU(21) 85.19 79.41 49.78 59.80
ﬂ'%a'ﬁs 91.04 85.03 49.64 63.93
159977 15 mssSeuiiuaussansamingsiu (F-measure) 909 4 T1uneuds
UAINYRY Usgdnsnmlnesiu (F-measure)
(AU
AReuien) eCSCDA CSCDA spaCy BERT
CMU(15) 98.37 95.53 36.07 41.71
Cu(16) 81.32 71.41 41.32 33.70
KMITL(19) 85.27 17.72 45.70 37.54
KMUTNB(19) 82.12 81.34 48.87 34.09
KMUTT(16) 90.97 79.18 35.42 40.73
KU(20) 92.58 85.97 36.29 37.24
MU(11) 88.62 74.95 44.06 36.90
PSU(22) 96.91 90.98 46.93 37.55
TU(21) 82.56 16.97 46.90 38.23
Anade 87.54 79.82 42.39 37.52
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NAIINYIGY (N18199N1), 2) VI187391 (A1¥169NqY) kay 3) A185UI8I18391

(NMWINYWY) UAAIRININTA 39

eCSCDA system : efficient Computer Science ourse Description Analysis system

Initial Course Description Comparable Course Description

University: |choose Unwversty - University: | Choose University

Course Name: Course Name:

Course Description: Course Description:

Matching

NI 39 ANYITTUUTATIYAI05 U858 30 [UNangnTINe NI sAeNTUADT

dadaanisldanussuy eCSCDA rzﬂ%’ammmsaiﬁ%’a%a‘[,ufhwuaﬂﬁwa%maiwa%ﬁgﬂ
A1 Imaﬁ%mﬁaﬁéfaﬂd A9 1) FouriIne§ovearesuieseivinedy, 2) fe5183v 1904
fesuneseiiau (Me1dangu) uag 3) FesuTeivIReRy (ME19INYY) WaLaEIUII
Tadeyaludruvesmesuessiviuiouiiou Tnsildeyaiidosld fe 1) Fouminerdoves
Mesueeiniusudioy, 2) Teseivvesiesuieeivnisudieu (Mudingu) uay
3) Mesursneiruisuiiou (Mwdingw) Wevinslddeyansuiis 2 dauuds antuna
Uy “Matching” sruvIgAniunsTeuiisudesuieseinita 2 desuieseivid
Adulddoyadiun dallshedsnslddeyaiiiesiumsiinngitasiussuiiioudesune
518377 Fan il 40 Imaﬁﬁamaﬁagaﬁm%mmwEJ"}mégaéfu 1) Founinendevesriasuie
seivRady Ao UM1INY18YINT (BUU), 2) H9910391909F 85U BT W IRSHU AD
“Probability and Statistics for Computing” wag 3) fesureeEvdadu fo Descriptive
statistics, statistical inference, principle of probability, discrete and continuous
probability distribution of random variables and computational problems, statistical
distribution, estimation, experiment design and hypothesis testing, correlation and
linear regression analysis, data visualization, data analysis for decision support” Wag
druvesdoyarodurssieiviuisuiiiou leud 1) Jeuminerdsvesiieduiesein
Wiguiiiey fle unninenduwmaluladnszaeunaisuys (KMUTT), 2) Fosedmuesriesune

sneAswUTEUIEU AB “Statistics for scientists” wag 3) A15US18TWUTEUWIEU AD

“ Statistics, probability theory, probability distribution, sampling distribution, random
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distribution, estimation, hypothesis testing, test of goodness of fit and independence,
analysis of variance and experiment design, overview of linear regression, free

statistical tool, r project for statistical computing” aﬂﬂﬁUHﬂﬁu “Matching”

eCSCDA system : efficient Computer Science ourse Description Analysis system

Initial Course Description Comparable Course Description

University: smiiwndoysw (BUU) v University: s ivndomalulafiwssaanndisud (KMUTT) v

Course Name: Probability and Statistics for Computing Course Name: | Statistics for Scientists

Course Description: statistics. probability theory, probability distribution. sampling distri
distribution. estis test of goodness o

analysls of varla
tool. r project for statistical

i 40 freehinislaveyameasuleTIgIyInsuuazAIa5 YT TY NS UL UINTEUY

Unsrgdmesuigsiedvlunangnsineinismeuiunes

eCSCDA system : efficient Computer Science ourse Description Analysis system

Result from matching between

i ivedauysw (BUU) Vs, sinivenduomatuladwsyaaunaisuyd (KMUTT)

Subject
Probability and Statistics for Computing
Similarity contents Dissimilarity contents
Score Similarity: 80.0% Score Dissimilarity: 40.0%
3) principle of probability., 4) di: and i probability distribution of 1) descriptive istics., 2) istical inf ., 9) data vi izati 10) data
random variables and ional probls 5 istical distributi 6) analysis for decision support

T
estimation., 7) experiment design and hypothesis testing., 8) correlation and linear
regression analysis.

20T 41 WAANEINNITIUSIUTIEUSENINAIOFUIETIEIV I UUALAID5UIETIE TV

WSYULTIEUYeITr UUTATIZYAO5 U518 30 lUnangn s Ine 1 15Aeui g es

d' <, ! Y 1 A Y & = o o a ™ =
A1NNINN 41 L‘IJUﬁ'JuGUENﬁU'W]'NV]LLﬁ@QIVTLW‘UﬂQNaaWﬁﬁ]qﬂﬂqiﬁnLU‘UﬂqiL‘UﬁﬂULWUU

£ J

seninteyaresuleselvinsiukarteyad1atuleTgivilIsuiiou lnanadnsinlaoe
wanabAAuDsdIuTRalo v AL auiuBaUsznaulumie dnssesaziaziilanivasAiasuie
NIV IFIAUNALBUN UL DN VDIANDT U818V IS ULNEU WaTaIUYDWUDMNLANAY
FuzaUsznaulumy 9rns1508azLasiianIUDIA19S U188 AT IRIAUNLANA1I U UL DM
o a a ~ ~ 2 A A ~ ] o A v
Y99A95 U8V MU I UMIEU FUTONISUNTUAINT 41 FenUINTURadNSALAa1NAS

WiguieusenIadeyamesungsginnwmuvesming qeysw (BUU) fudeyadeuiy
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v IUTEUgUYemnIINeIdumalulagnszauna1suys (KMUTT) tneludiuves
& S A Y ! = o % = o oA a & A o« Y
Wemilmileuniuasuivenfednsesazvesaiumilauiui 60.0% wazililonileuiuy

laun Watageail 3) “principle of probability.”, #itetes?l 4) “discrete and continuous

Y

probability distribution of random variables and computational problems.”, #i1tagoy

v

1 5) “statistical distribution.”, #alatauyl 6) “estimation.”, Wdagae®l 7) “experiment

[ 1 PN

Lay 908 auN 8) “correlation and linear regression

”»

design and hypothesis testing.

analysis.” wagludiuvo o NuanA19i T UIUBNINENI1588aLAIULANAIAUN

[y

40.0% waziiileNuananeniu laun #idedesd 1) “Descriptive statistics.”, #itedaad 2)

Y

“statistical inference.”, % Uaga8g7 9) “data visualization.” wae Wivedoa® 10) “data

analysis for decision support.”

(%
VA v v

wenINilIedilavanuuulvissuy eCSCDA anunsaaiun1slSeuiisusening 1

JoyareiueeInawuiunanedeyaraiuteeiyseuiisuld fsnng 42
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eCSCDA system : efficient Computer Science ourse Description Analysis system

Initial Course Description Comparable Course Description

University: ‘Nuﬁﬂmﬁumm (BUU) v University: wimmaudostmi (CMU) v

Course Name: | Probability and Statistics for Computing Course Name: |Elementary Statistics

Course Description: [descriptive statistics. statistical inference. principle of probabiliy. discrete and continuous Course Description: e f" '”‘;“ statistical knowledge. probability and probability distribution. “Y"“?""’{‘)"‘""’_
probability distribution of random variables and computational problems. statistical fest of hypothesis conceming parometer. !l‘r(rs(. test. x2-test and Ftest. appication ofchi-
|distribution. estimation. experiment design and hypothesis testing. correlation and linear square. analysis of varlance. regression and correlation

|regression analysis. data visualization. data analysis for decision support

University: swasnssiaiminman (CU) v

Course Name: | Probability and Statistics

Course Description: |basic probability concepts. probability distributions. some important sampling distributions.
lestimation. hypothesis testing. analysis of variance. regression and correlation. chi-square
distribution and analysis of frequencies. non-parametric statistics

University: asiumatuladwssaundndaanmnsaiansio (KMITL) v

Course Name: ‘E\emenmw Statistics

Course Description: ‘probabihty conditional probability. independent events. bayes theorem. random variables.
i functions and distribution functions. discrete and continuous
random variables. expected value and variance of random variables. transformation of
discrete and continuous random variables. moment. moment-generating functions.
chebyshev inequality

University: sinmduvelulawssaasndmsvuasiwila (KMUTNB) v

Course Name: ‘Sta(vslxos for Engineers and Scientists

Course Description: |overview statistics. sample space and probability. random variables. probability function of
random variable. expectation and variance. some probability distribution of discrete and
continuous random variables. z- distribution. t- distribution. x-distribution and f-distribution.
lestimations and tests of hypothesis on mean. variance and proportion. one population and
two populations. one-way analysis of variance. simple linear correlation and regression
analyses. applications in engineering and sciences

University: swiinmdoudiaa (MU) v

Course Name: | statistics for Science

Course Description: |statistical ideas and concepts. probability and conditional probability. distribution functions.
lexpected value. estimators, estimators and hypothesis testing

n i 42 e nisladeyadmiunisSeuigusenIn 1 AesuIeTIeIvEsuiualY
A185UI8718 IV NUTIULTIEY

a Y & e | v ] a ~ 9
AT 42 wanslitiudanislddeyaludnuauzvesnisiouiisuwuy 1 doya

a

A188U1851IVIRRUAU 5 ToyareSutesglvilieuiieu lneildiuvesdeyaraiule

U

sredmead Teun 1) SouvInenduunsFesunesIeiTRay Ao UNINEEYINT (BUU),
2) Fo5eivvesAesuETEITIRIdY Fo “Probability and Statistics for Computing” wag
3) ANB5UIYT g3uRadu Ao Descriptive statistics, statistical inference, principle of
probability, discrete and continuous probability distribution of random variables and

computational problems, statistical distribution, estimation, experiment design and

hypothesis testing, correlation and linear regression analysis, data visualization, data
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analysis for decision support” fudiuvesieyaresuleseivuieuiiisuresdoyail 1
1@ 1) Feunminedevesresuieseivlseoudiou fe uninendededul (CMU), 2)
Fosredvmesmedutesedriuseuiiou fie “ Elementary Statistics” uaz 3) A1o3u7y
1381 UTeULfigu Ao “ Review of basic statistical knowledge. probability and
probability distribution. estimation and test of hypothesis concerning parameters. z-
test. t-test. x2-test and f-test. application of chi-square. analysis of variance.
regression and correlation”, @uvesteyariesureseiviuIeuiisuresioyail 2 loun
1) Foumine dsvesmesurseiviusuiiiou fe gunasnsaluminends (CU), 2) Te
$1897391U84A185 U818V NUTIUTIEU AB “ Probability and Statistics” way 3) A195U1e
319391 USBULIB U A® “Basic probability concepts. probability distributions. some
important sampling distributions. estimation. hypothesis testing. analysis of variance.
regression and correlation. chi-square distribution and analysis of frequencies. non-
parametric statistics”, dauvastayarmesuieseividisuiiieuvesdoyail 3 leud 1) 3o
UNTINYIFEV0IAIBTUIe TV IUTE UMY Ao aatuwmaluladnszasuindnannuniis
aranszde (KMITL), 2) Fo5183v1909r185ures183vUTeufiou #e “Elementary
Statistics” L@y 3) A1O3UIEI183V1LUTIULNBU A “Basic concepts of statistics.
probability. random variables. probability distribution. binomial. hypergeometric.
introduction to sampling techniques. sampling distribution. estimation. test of
hypotheses. simple linear regression and correlation analysis”, ﬁau%ﬁa%aﬁm%ma
edvnSeuiisuvesdeyad 4 ldun 1) Teuminedevesmesuieeivilisuiiiou fe
i Inedowmaluladnszasuindinszunswile (KMUTNB), 2) F05183v1909A05 U8
51839 WUTB UL U Ao “Statistics for Engineers and Scientists” kag 3) A193UN518791
WIyuLinu A “Overview statistics, sample space and probability, random variables,
probability function of random variable, expectation and variance, some probability
distribution of discrete and continuous random variables, Z- distribution, t-
distribution, x-distribution and f-distribution, estimations and tests of hypothesis on
mean, variance and proportion in case of one population and two populations, one-
way analysis of variance, simple linear correlation and regression analyses and

applications in engineering and sciences” WLa¥ daumaqsﬁagaﬁﬁaﬁmaﬁaﬁ%ﬁm%'amﬁsm
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yosdoyail 4 lHuA 1) FoumInerdevesmeduisneiviioudiou Ae wninedouding
(MU), 2) Fo51e311v9A195U1891839 1UTouiau Ao “Statistics for Science” way 3)
A185U8I1871L1UTeULIAYU AB “ Statistical ideas and concepts. probability and
conditional probability. distribution functions. expected value. estimators. estimators
and hypothesis testing” Lﬁaﬁwmﬂﬁﬁﬁagammé’a ﬁ]’]ﬂﬁ?ﬂﬂﬂﬂu “Matching” tef1iiunTs
WIsuileusswing 1 doyamesuremeinsaiuiu 5 deyamesuisneisuisuiiey Tay
nadnsIInNsieTsiLaziUeifisusening 1 degadiesuisssindaiuiu 5 deya

ANDBUNYTIWAIVUUIIULTIBU UEnIRInIng 43 uag 44

eCSCDA system : efficient Computer Science ourse Description Analysis system

Result from matching between

W Ineduysw (BUU) Vs. svindnenduduslusi (CMU)

Subject
ility and istics for C
Similarity contents Dissimilarity contents
Score Similarity: 50.0% Score Dissimilarity: 50.0%
4) discrete and continuous probability distribution of random variables and 1) D istics., 2) statisti 3) principle of probability., 9) data
i 5] isti istributic imati i i 10) data analysis for decision support

A ., 6)
design and o is testing., 8) ion and linear ion analysis.

Result from matching between

I Inenduysw (BUU) Vs. ahavasaiurinendu (CU)

Subject
ility and istics for C
Similarity contents Dissimilarity contents
Score Similarity: 60.0% Score Dissimilarity: 40.0%
3) principle of probability., 4) discrete and conti ility distribution of 1) Descripti istics., 2) statistical i 9) data visualization., 10) data
random variables and ional p ., 5) statistical distributi analysis for decision support
imati design and is testing., 8) ion and linear

regression analysis.

Result from matching between

MInduysw (BUU) Vs. aaniumaTuladwsyanuinandiaanuisatansaly (KMITL)

Subject
ility and istics for C
Similarity contents Dissimilarity contents
Score Similarity: 90.0% Score Dissimilarity: 10.0%
2) statistical inference., 3) principle of probability., 4) discrete and i 1) D
ility distribution of random vari and i

P y P -
statistical distribution., 6) estimation., 7) experiment design and hypothesis testing.,
8) correlation and linear regression analysis., 9) data visualization., 10) data analysi:
for decision support

NI 43 HaaWsINNITIUTEULTEUTEN TN 1 Toyan1a5u718518 71898 UAY 5 Toya
A195U18T18 Y NS U U YasrUUTIATIZYAI05U18518T0 7 unangn sIneg1nIs

AOUNUANDS
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Result from matching between

wiingnauysw (BUU) Vs, iindindsmatuladwszaauinainssuasiuiia (KMUTNB)

Subject
ility and istics for C
Similarity contents Dissimilarity contents
Score Similarity: 60.0% Score Dissimilarity: 40.0%
3) principle of probability., 4) discrete and { probability distribution of 1) Descriptive isti 2) istical i ., 9) data vi; izati 10) data
random variables and i 5) istical distribution., 6) analysis for decision support

P .
estimation., 7) experiment design and hypothesis testing., 8) correlation and linear
regression analysis.

Result from matching between

W Ineduyswa (BUU) Vs, uiininanduuviaa (MU)

Subject
ility and istics for Ci
Similarity contents Dissimilarity contents
Score Similarity: 50.0% Score Dissimilarity: 50.0%
3) principle of probability., 4) discrete and conti probability distribution of 1) Descriptive statistics., 2) statistical inference., 8) correlation and linear regression
random variables and i 5] isti istribution., 6) analysis., 9) data visualization., 10) data analysis for decision support

-, 5)
p
estimation., 7) experiment design and hypothesis testing.

NI 44 HadW5INNITUTIUTEUTENIN 1 Yeyan1e5u1T18TVIAAUAY 5 Toya
@"7@51/751575/1‘3%741/?5/1/4175/1/7/@0wuvi’?m5737/?@"7@51175/575/1‘3%7?147/7@%@7@51‘37/15/7/’775
AOUNUNDST (9B)

[

d' Y & =2 (v & 1 o a a =1

NN 43 wag 44 wansliAudaRaansyavun 5 6 3nnsadunisieuiey

5eniN 1 YoyameSungsngivineiuiu 5 JeyamesuiesgiviuSeuiieu Ineluusaze
Y & = 1 4’4’ a = o = ¥ [ ¥ 424’

rwansliiudsdIuveslovNnuilsuiugdslsenaulunile onsisesaswaziiloniveg
o a a o v A = o & o a a ~ ~ | & A
AeSUNYsIEIT NP UNMTauN UL erve9AaSuNe e LU BUWIEU wardi1uaailan i
wWANFE19AUTIUSENaULUMY BMI1508azwaLtLaNIVBIAIBS U818 IAIAUTN LA NFEIAUNU
Wen1vesraduresngdynuisuiiou ey nadnsain 1 aslunadwsaldainnig
W3 uifiguseninadayadaiulese v AnuYesnIng ey sn (BUU) fudeyadiesuiy
3 WUSH U UIRININ INe1a et 8 bl (CMU) Tngludiuvsalomilumiiaunuazuausn
099M51598aLVRIANULNLDUNUN 50.0% wazilauilouiu tAawn ivetoun 4)

13

discrete and continuous probability distribution of random variables and
computational problems.”, #Wadagaudl 5) “statistical distribution.”, #atedeudl 6)
“estimation.”, adatiaefl 7) “experiment design and hypothesis testing.” wag #a9e

#0987 8) “correlation and linear regression analysis.” kaglugiuvoauilonNanaeiuay

[ '
a oA =

UIUBND90MSI508aLAMULANAIIAIUN 50.0% haziilaNuananeiy own Wivatasi 1)
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” oY ” oY

“Descriptive statistics.”, Wodouil 2) “statistical inference.”, ’J“?JIBEJIBEJ‘?;S) “principle

[ 1 d‘

of probability.”, #itegesii 9) “data visualization.” waz Widedesdi 10) “data analysis

for decision support” tJufu
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uni 6

d5Uduazanusnena

6.1 d@5Unan1sAiuU

ATediTaguszasdlunsgaduiewmuiszuudmiunisiieseimeiune
v lundngnsineinisreniiumes dsazidudiutielinunsmnisuazerasduszd
Ao Inedenis 4 nauisduseadenlumeduiesein vewmuesiiniiou
waruanasfumesue el iiluseivifertuluaminerdedis q 16 Sudndanis
Hudutglumsiauwazuulgaiemvssmesueseivluseivnis 4 unnsgu

= =

Y9I83AAUINILYnABUTanIenen iiuldn/ dnAnwiiauasuiiuanysaluasianiny

1% v
=< a LYY 1

aonadosiumaluladluiagiuainndedu nfsduisanaumdeudmafiugmainues
Taudin uanviinginsaoufiames) faunnaumiinendesnafiunnneiu uddadaaials
fudindaaunimiismedenisiauluningaamnssy venani Sadudintaeliiae,
tnfAnwannsansuiadomivenmieaindsildFeuslututou Tnsnisiarsanisdan
gaiiemlumosunesedvuewminendusa 3 funnsnaiusiemlumesunesedvves

UANMINYIAYAULDY

ndnguszasAnlanainntienu §Idedslainnisimun “seuuiiasieniaiesune

a [ a a s ) . . .
iwwﬂuwaﬂqmwmmmaummai (Computer Science Course Description Analysis
system)” ¥isai38n31 “S¥UU CSCDA” Badussuudmsunmsiesiziuasilseuiiieusening
ANDBUNTIWITIVDITIIVINGS 9 TUPERINIIAIUINEINITADNRIADS FIA185U8T18797
NaunsaundinsiginaviSeufisuiu avneadumeiuigvesseisluiounse
#0AAABINNUY IAETUADUAITANTEUIIUYDITEUU CSCDA Usznauniy 3 JuneunIsyiney
A 1) NM359UTTaLAY NN (FIUTINANBTUIETIEIV, TIUTIUAENILANE Lae TIUTINNY

[

NUNNIANEAS) §T) NTENAAAIAINAIDE U183 (MsUTEnanadon Uiy, N1s

o

sEUAMANTaNIE, MIainmdAy wae n1sannauliemflidf) uag i) n1swSsuiiey

[

o o ! a a aa =) ) U aa =] a 1
ANFIALITWNINANBIUIYIIYIVN (BN HUTYUMYURLUUATIAN, 30N TUIYUMEULUULEREDE

ad bl = s
waz 1BNITUTBUNE UL VUYL UDILYR)
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Tnenadnsainniseuiisuseninedesuiesiedvilusieivnds o freseuu
CSCDA avhlivuiadoya 2 dau Ae 1) druvesdoyaiusznoudeiilomuassnniosas
voafesueEIvRuTiviioufuiumesueneiniioudiou uas 2) dauvesdeyadl
Ussneufeiievmuazdnniosas vesiiosuneeindeuiiunndatutumesuiesein
Wiuiiey annsnsuiedeyana 2 dauvilfamnsaiiluyssgndldauldlunans o dw

219U NsimuIkazUTulgeAmesutesigdvlusiedyinis q Wllanumuizaudu

£ g Y

walulagludagiuunndsdu WWusu uranisniswSeuiisuvesssuu CSCDA Mbuiiiaanis

o w

WSguisuluAIUAN UL UAUYDIRIDN S LAZAIRUNISLAATUYDIAIDNYITLIINIAIEALY

Wity inlinaansilaeianeliinainulinseuaaule tesainluuisaididg v

Wisuisuiuenaiignvesdidnysnuandieiuesnly widlafiansanfennunungvasen

(%
o w Y

dAgIe 2 A1 e1anUIIAIEIAYTe 2 Tiaunueiuleoudy niensiildaunsasuiiung

o

Wisuiguunsduresmmilaunusenansmdny o

o

ndgwinulussuu CSCDA ilgveddudesinsiaunssuulndussansnm

Y
a & Ay v oo ) ] = P o« a ¢o a a
1N8TU lngszuuilavinisiamudesenduanaggnisendt “seuuineiAesulesedn
lundnansingin1saeuiinesNiusea@nsain (An efficient Computer Science Course
Description Analysis system)” #38138n31 “38UU eCSCDA” Fuluszuunignuiulinas

1Y

Wawnlusuvesnisaiae ielilaAdidgniiuss@nsamuasaunnuasauAguiien

e

v

WINg9UN wonanil uin1suSudsaasiauiudnludiurenisieuiguseningd

1
o o = a =

d1Aey FeasidunisiSeuiisulaenisiiansanieesruseneusiunaznsiuseuliiauid s

o

ANRNIBTEUINAIEAY ViInTARadnsNlAnn1sUTaUTIBUSERINSAeS U8 T8 Ty

183w mile 9 TUsgansamuaziiniugnaewingadu lnedunaunisaiuauedssuy

v v
v a

eCSCDA #dil i) mswSeudayatidnuarnisuszananadeyailewu (N15Uszulanadoya

o w o

Uesdu uag mawseudeyadndn) i msadadidrfyaindiesuiesigivn (NsUszuiang

o

o o

Tanulodu, N13seymAnane wag nsadaddn

[

) wag i) NsiIsus Ay

! [J a a aa L= I U aa ! ] ! [
FEWINANBIUIYINUIVT (NS UTHUMNYULUUNTIR, ’]ﬁﬂ'ﬁL‘UiEJ‘ULVIEJULLUULQIG]EJ@EJ/%ILUE]?

aa ! ) (3 ! aa =) ) a
L®, I9N1TUTHUNBULUUDIAUIENBUTIN kAT 10N UTHUVEULINAINNLNEY)
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a

lunisneaeuyszansnimvesssuuninauelunuidel Idulavinisuseidiu

o w [

FAIMVDINITYIIIU 2 dau Ao 1) N1sainA1d1AYINABSUIETIEIYT uag 2) N9

o w 1 [

o &)

nsUsziliuUszansnmnisadaaidifgy azilunisuszilususzansnmussnaans

i
i Y

Algarnnisanamd1nyye 4 Tunauid un TuneuIsues eCSCDA, CSCDA,

TerMine wag RAKE 21nn15UseiuUseans N nuaswiasdunouishansliiiggn

'
v a ]

HARNSINATANAAIEIATYAIBTUADUIDVDY eCSCDA HUTzansnIniuiloningn

o v a vy & aaa & v ° o 0o v a wvyd o o o
Ay Nanalaantunauisou o Mslunuves uaumdfAynadaladsisuiuan
dARygnaes, ANULINEAETIN (Accuracy), AUWIUET (Precision), AINNNABY

(Recall) ay Uszansn1nlaesiu (F-measure) Ua9n15ainA1dIAty 99nN1INI0NT

¥
[ Y a o w

o o 1 aa a a a A | aa v o
ANAAEIAYAILIUNBDUITUDY eCSCDA AUTTANTAINNNRUDNINIDNITANAAA1AEY

1% ) aca 1% o9 Yo o v a o yya a a =
ATUnaUITaN 9 Tunn 9 A1u ilirdAgynanalailsedniamuazinig
ATBUARULLEMILNTIAR

° &

nsUszliulseansninassnisssusuadiny azidunisusziliunslsednsnm

[ (% (%
[ Y 1Y

U cay v = = o o ad Yy 1 @ aa
GUENNaaWﬁ'VlVL@"ﬂ']ﬂﬂ']iL‘UiEJULV]EIUﬂ']ﬁ']ﬂZUVN 4 YUNDUID IWLLﬂ VUANBDUITVD

o

(%

eCSCDA, CSCDA, spaCy wag BERT 21nn15U U85 M8 uAasiunouls
wandliindn TusuvesdnsSesazanuwilounuveailenn (Percentage) Tunau

35v99 BERT JUseanTAnimilaninyy 3 Tunoulds d9usntainnisiseuriisua

[y

o v gj aa 4 LY 4 I o o w aa A U
d1AYAI8TUNBUIDVDY BERT 11150 IANAaNSY8IAAE 1A NIANNATDUAULIA

] U o
a A = dfl’ C 1 g.J/ PN ) I 1 I J o w
NER WALUDAIIVFDUANUDNIVDINIVBYBYVIN 2 ‘Vlt;]ﬂL‘Ui‘EJ‘ULVI‘EJUN’]UQGUENFI’]&W@ZLJJ

<

wudsnsdmnulsigndesegiduduauunn Tumandudu WeRinnsanlusuvesny
wilugn (Precision), mmgﬂé’aa (Recall) way Uszansanlaesiu (F-measure) 9
wuirfuneuitues eCSCDA fiuszansamimilenimndunouds iosanidle
fosandaiiemvestidedosii 2 ﬁgﬂL‘U‘%EJ‘ULﬁﬁ‘usi’]ufjﬁmﬁwﬁﬁzgwudwﬁmm
gndsnnimntuneuds deuandidiuimadnsildannsuisudsusedunon
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AMANUIIN N

NANNAEAAATEINITUTZUU CSCDA



MITNI] 16 AHNNAIWIMIANTITNDI T TIUAUA NN ST 135 UsZUY CSCDA

116

anu sUwuusiate NAANS

1 (W, = ‘NN’ or ‘NNS’” or ‘NNP’ or ‘NNPS’), ..., ® W, ., W,
(W, = ‘NN’ or ‘NNS’” or ‘NNP” or ‘NNPS’)

2 Wy = “JJ or “JJR or ‘JIS’) + ® W, + W, .., W,
(W; = ‘NN’ or ‘NNS’ or ‘NNP’ or ‘NNPS’), ...,
(W, = ‘NN’ or ‘NNS’” or ‘NNP” or ‘NNPS’)

3 (Wy = ‘NN’ or ‘NNS’ or ‘NNP’ or ‘NNPS’) + & W+ W, + W,
(W= “IN") + o W, +W,+W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’ or ‘NNPS’) +
(W; = IN’) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’ or ‘NNPS’)

4 (Wo = ‘NN’ or ‘NNS’ or ‘NNP’ or ‘NNPS’) + o W, + W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’ or ‘NNPS’) + o W, + W,
(W, = ‘CC") +
(W5 = ‘NN’ or ‘NNS” or ‘NNP’ or ‘NNPS’)

5 (Wy = ‘NN’ or ‘NNS’ or ‘NNP’ or ‘NNPS’) + ® W, + W,
(W, = ‘CC") + ® W, +W,
(W, = ‘NN’ or ‘NNS’” or ‘NNP’ or ‘NNPS’) +
(W5 = ‘NN’ or ‘NNS” or ‘NNP’ or ‘NNPS’)

6 (Wo = ‘NN” or ‘NNS’ or ‘NNP’ or ‘NNPS’) + ® W,
(W, = ‘CC’) + o v,
(W, = ‘NN’ or ‘NNS’” or ‘NNP’ or ‘NNPS’)

7 (Wy = “JJ)" or ‘IR or ‘JJS’) + it Wy =W, :
(W, = ‘NN’ or ‘NNS’ or ‘NNP’ or ‘NNPS’) + o W, + W,
(W, = ‘CC°) + o W, +W,
(W5 = “JJ" or “JJR” or ‘JJS’) +
(W, = ‘NN’ or ‘NNS” or ‘NNP’ or ‘NNPS’)

8 | (Wy = ‘NN"or ‘NNS” or ‘NNP’) + ® Wo+ W+ W,
(W = “IN") + & W+ W, +W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’) +
(W, = ‘CC") +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)
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MITNI 16 AHNNAIYIIANINUADITITIAUAIANI R NIE8 193 UT=UY CSCDA (sl9)

anu sUkuuinde NAANS

9 (Wy = ‘NN’ or ‘NNS’ or ‘NNP’) + Wy + W5 + W,
(W, = ‘CC’) + W, + W5 + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W5 = ‘IN’) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)

10 | (Wy=“JJ or ‘IR’ or ‘JIS’) + W, + W,
(W; = ‘NN’ or ‘NNS’ or ‘NNP’)

11 (W = ‘NN’ or ‘NNS’ or ‘NNP’) + Wy + W5 + W, + W
(W, = “CC’) + W, + W5 + W, + Ws
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W = ‘IN?) +
(W, = “J) or ‘JJR or ‘JJS’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)

12 | (W, = ‘NN’ or ‘NNS’ or ‘NNP’) + W + W, + W, + W,
(W, = ‘IN?) +
(W, = “JJ” or ‘JJR or ‘JIS’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)

13 (Wy = “JJ7 or “JJR or ‘JJS’) + Wy + W, + W,
(W; = ‘NN’ or ‘NNS’ or ‘NNP’) + Wy + W, + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W, = ‘CC) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)

14 (Wy = “JJ or “JJR or ‘JJS’) + W, + W,
(W, = ‘CC") + W, + W,
(W, = “JJ” or “JJR or ‘JJS’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)

15 Wy = “JJ or “JJR or ‘JJS’) + W, + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W,
(W, = ‘CC") +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)
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MITNI 16 AHNNAIYIIANINUADITITIAUAIANI R NIE8 193 UT=UY CSCDA (sl9)

anu sUkuuinde NAANS

16 | (Wy = ‘NN’ or ‘NNS’ or ‘NNP’) + Wy + W, + W,
(W, = CC") + W, + Wy + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W5 = “IN") +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)

17 (Wy = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W,
(W; = ‘NN’ or ‘NNS’ or ‘NNP’) + W + W,
(W, = ‘CC’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)

18 | (Wy =) or ‘IR’ or ‘JS’) + W, + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W,
(W, = “JJ” or ‘JJR or ‘JIS’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)

19 (Wy = “JJ” or “JJR” or ‘1JS’) + Wy + W, + W,
(W, = “JJ or ‘JJR or ‘JIS’) + W, + Wy + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W, + W, + W,
Ar” J + W, + Wy + W,
(W, = “JJ” or ‘JJR or ‘JJS’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’) +
(Wg = ‘NN’ or ‘NNS’ or ‘NNP’)

20 (Wy = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W, + W, + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) + + W,
(W, = “IN’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W, = ‘NN” or ‘NNS’ or ‘NNP’)

21 Wy = “JJ7 or “JJR or ‘JIS’) + W,
(W, = ‘CC") + W,
(W, = “JJ’ or “JJR’ or ‘JIS’)

22 Wy = “JJ” or “JJR or ‘JJS’) + W, + W, + W,
(W, =0 or “JJR” or ‘JJS’) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)




119

MITNI 16 AHNNAIYIIANININADITITIAUMIANIIRNIEa 193 UT=UY CSCDA (sl9)

o U Y -4
GRIZN E‘LJLL‘UU‘VI’J‘UE] NARAND
23 (Wo = “JJ or “JJR” or ‘JJS’) + ® W, + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) + ® W, + W+ W,
(W, = ‘CC’) +
(W5 = ‘NN” or ‘NNS’ or ‘NNP’) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)

915N 17 NN NAIIFIFATANDII0415 AU AN AN 128 IMTUTEUY CSCDA

a6u suluuiata NaaWS

1| (W, oy W, = “RW) ®* W ., W,

2 | (W, = RW) + ® W, +W,
(W; = ‘NN’ or ‘NNS’ or ‘NNP’)

3 | (W= RW) + © W, +W, ., W,
(W; = ‘NN’ or ‘NNS’ or ‘NNP’), ...,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’ or ‘NNPS’)

4 (W = ‘RW’) + ® W+ W, +W,
(W, = ‘RW’) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)

5| w, = RwW) + ® W+ W,
(W; = ‘NN’ or ‘NNS’ or ‘NNP’) + ® W, +W,
(W, = JJ” or ‘JJR” or ‘JJS’) +
(W5 = ‘NN” or ‘NNS’ or ‘NNP’)

6 | (Wo="JJ or ‘JJR or ‘JIS’) + * Wi+W,
(W, = ‘RW’) + ® Wo+W;+W,
(W, = ‘RW’)

7| (Wo=“JJ or ‘JR or ‘IS’ + * Wi+W,
(W = RwW’) + & W, + W, +W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’)

8 | (Wy="JJ or ‘JR or JJS) + ® W+ W
(W, = “JJ" or “JJR” or ‘JJS") + & Wo+ W+ W,+ W,
(W, = ‘RW’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)
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A10U sUkuuinde NABNS

9 (Wy = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W,
(W, = ‘RW’)

10 | (W, = ‘J0’ or ‘IR or ‘JJS’) + W, + W,
(W, = ‘RW’)

11 (W = ‘RW’) + Wy + W, + W,
(W, = “IN’) +
(W, = ‘RW?)

12 Wy = “JJ7 or “JJR or ‘JJS’) + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W,
(W, = IN’) + W + W,
(W5 = ‘RW?)

13 (Wo = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W,
(W, = IN’) + W, + Wy + W, + W,
(W, = ‘RW’) +
(W = ‘IN’) +
(W, = ‘RW?)

14 | (Wy="JJ or ‘IR or ‘JJS’) + W + W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’) + W, + W, + W,
(W, = “IN") + W, + W, + W,
(W5 = ‘RW’) +
(W, = ‘RW’)

15 (W = ‘NN’ or ‘NNS’ or ‘NNP’) + Ws + W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’) + W, + W, + W,
(W, = “IN") + W+ W, + W,
(W5 = ‘RW’) +
(W, = ‘RW’)

16 (Wy = ‘NN” or ‘“NNS’ or ‘NNP’) + W, + W, + W,
(W = “IN") + W, + W, + W, + W,
(W, = ‘RW’) +
(W5 = ‘RW’) +
(W, = ‘RW?)
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17 | (W, = ‘RW) + o W, +W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) + ® W+ W, + W, i+ W,
(W, = “IN) + (W5 = ‘RW?)
18 (W = ‘NN’ or ‘NNS’ or ‘NNP’) + o W, +W,
(W, = “IN’) +
(W, = ‘RW’)
19 (Wy =) or “JJR” or ‘JJS’) + & W+ W, + Ws
(W, = ‘NN” or ‘NNS’ or ‘NNP’) + © W, W, 4+ W+ W,
(W, = “IN°) + ® Wyt Wt W, + W,
(W5 = ‘RW’) +
(W, = ‘RW’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)
20 | (W, = ‘RW) + o W, +W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) + o W,
(W, = ‘CC’) + (W, = ‘RW’)
21 | (W, = RW) + o W, +W,
(W, = ‘RW’) + ® W, + W,
(W, = ‘CC’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)
22 | (W, = RW) + if W, = W, :
(W; = ‘NN’ or ‘NNS’ or ‘NNP’) + o W, +W,
(W, = ‘CC") + o W, + W,
(W5 = ‘NN” or ‘NNS’ or ‘NNP’) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)
23 | (W, = ‘RW’) + if W, = W, :
(W, = ‘CC") + ° W,
(W, = ‘RW’) + o W+ W,
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)
24 Wy = ‘RW’) + ® W, + W,
(W, = ‘CC’) + o W, W,
(W, = ‘RW’) +
(W5 = ‘RW’)
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25 | (W, = ‘NN’ or ‘NNS” or ‘NNP’) + W,
(W, = “CC’) + (W, = ‘RW’) W,

26 | (W, = ‘RW’) + W, + W,
(W, = ‘CC) + W, + W,
(W, = ‘RW’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)

27 | (W, = ‘RW) + W,
(W, = ‘CC) + W,
(W, = ‘RW?)

28 (Wo = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W,
(W, = ‘RW’) + W, + W,
(W, = ‘CC’) +
(W, = ‘RW’)

29 (Wy = JJ7 or “JJR or ‘JIS’) + Wy + W, + W,
(Wy = ‘RwW’) + Wy + W, + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W5 = ‘CC°) +
(W, = ‘NN” or ‘NNS’ or ‘NNP’)

30 | (W, = ‘RW’) + W,
(W, = ‘CC") + W, + W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)

31 (Wy = JJ” or “JJR or ‘JIS’) + Wy + W,
(W, = ‘CC") + W, + W,
(W, = “J) or “JJR or “JJS’) +
(W5 = ‘RW?)

32 Wy = ‘RW’) + W, + W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’) + W, + W,
(W, = ‘CC’) +
(W5 = ‘RW’) +
(W, = ‘NN” or ‘NNS’ or ‘NNP’)
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33 (Wy = ‘RW’) + W, + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W,
(W, = ‘CC") +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)

34 | (Wo = ‘NN’ or ‘NNS’ or ‘NNP’) + W,
Wy = “IN’) + W, + W,
(W, = ‘RW’) + W, + W,
(W, = ‘CC") +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)

35 (Wo = ‘NN’ or ‘NNS’ or ‘NNP’) + Wy + W, + W,
Wy = “IN) + W, + W;
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) + Wy + W, + W, + W,
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W, + W,
(W, = ‘CC") +
(Ws = “J)" or ‘JJR or ‘JJS’) +
(Wg = ‘RW’) +
(W; = ‘NN’ or ‘NNS’ or ‘NNP’)

36 Wy = ‘RW’) + W, + W,
(W, = “IN’) + W + W,
(W, = ‘RW’) + W, + W5 + W,
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’) + We + W, + W,
(W, = ‘CC’) +
(Ws = ‘NN’ or ‘NNS’ or ‘NNP’) +
(Wg = ‘NN’ or ‘NNS’ or ‘NNP’)

37 (W = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W,
(W, = “IN’) + W, + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W5 = ‘CC") +
(W, = ‘RwW’)
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38 | (W, = ‘NN” or ‘NNS” or ‘NNP’) + Wy + W, + W, + Wi
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) + + W,
(W, =“CC) + Wy + W+ W, + W,
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’) + W,
(W = ‘IN?) +
(Ws = ‘RW’) +
(Wg = ‘NN’ or ‘NNS’ or ‘NNP’)

39 (Wy = ‘NN” or ‘NNS’ or ‘NNP’) + W, + Ws + W,
(W, = ‘CC) + W, + W5 + W,
(W, = ‘NN’ or ‘NNS’” or ‘NNP’) +
(W, = ‘IN) + (W, = ‘RW’)

40 Wy = ‘RW?) + W, + W,
(W; = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W,
(W, = ‘CC’) +
(W5 = “J)" or ‘JJR or ‘JJS’) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)

a1 | (Wp = ‘RW’) + Wo
(W, = ‘CC’) + W, + W,
(W, = ‘RW’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)

42 (Wo = ‘NN” or ‘NNS’ or ‘NNP’) + W,
(W, = ‘CC") + W, + W,
(W, = ‘RW’) +
(W5 = ‘RW’)

43 (Wy = ‘RW’) + W, + W, + W,
(W, = ‘CC’) +
(W, =) or “JJR” or ‘JJS’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)
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44 Wy = ‘RW’) + Wo + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W,
(W, = ‘CC’) +
(W5 = ‘RW’) +
(W, = ‘RW’)
45 (Wy = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W,
(W, = “IN’) +
(W, = ‘RW’)
a6 (Wo = ‘NN’ or ‘NNS’ or ‘NNP’) + W + W,
(W, = “CC) + W, + W,
(W, = “J) or ‘JJR or ‘JIS’) +
(W5 = ‘RW’)
a7 | (W, = ‘RW’) + W, + W5 + W,
(W = “IN") + W, + W5 + Wy + W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’) + + Wy + W,
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W, = “IN’) +
(Ws = “J)" or ‘JJR or ‘JJS’) +
(Wg = ‘NN’ or ‘NNS’ or ‘NNP?)
48 | (W, =“JJ or “JIR’ or ‘JIS") + W, + W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’) + W, + W,
(W, = ‘CC°) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W, = ‘RW?)
49 (Wy = ‘RW’) + W, + W, + W,
(W, = “CC’) + W, + Wy + W,
(W, =) or “JJR” or ‘JJS’) +
(W5 = ‘RW’) +
(W, = ‘RwW’)
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50 (W, = ‘RW’) + W, + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W,
(W = “IN") + Wy + W, + W, + W,
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’) + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)

51 | (W, = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W, + W,
(W, = “IN’) +
(W, = ‘RW’) +
(W, = ‘RW’)

52 | (W, = RW’) + W, + W,
(Wy = "RW") + W, + W, + Wi
(W, = ‘CC’) +
(W5 = 1) or ‘JJR” or ‘JJS’) +
(W, = ‘RW’) +
(Ws = ‘RW’)

53 Wy = “JJ or “JJR or ‘JJS’) + W, + W,
(W, = ‘RW’) + W, + W,
(W, = ‘CC’) +
(W5 = )7 or ‘JJR” or ‘JJS’) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)

54 Wy = J) or ‘JJR or ‘JIS’) + W, + W, + W,
(Wy = "RW) + Wy + W, + Wq
(W, = ‘RW’) +
(W5 = ‘CC") +
(W, = ‘RW’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)

55 (Wo =0 or “JJR” or ‘JJS’) + W, + W, + W,
(W, = ‘CC’) + W, + Ws + W,
(W, = “J) or “JJR or “JJS’) +
(W5 = ‘RW?) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)
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56 | (W, = ‘NN’ or ‘NNS” or ‘NNP’) + W, + W, + W,
(W, = “IN’) +
(W, = ‘RW’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)

57 (W = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W, + W,
Wy ="CC) + W, + W, + W, + Wy
(W, = “JJ” or ‘JJR or ‘JIS’) +
(W5 = ‘NN” or ‘NNS’ or ‘NNP’) +
(W, = “IN’) + (Ws = ‘RW’)

58 (Wo = ‘NN” or ‘NNS’ or ‘NNP’) + W, + W,
(Wy = “IN") + W, + Wo+ W, + W,
(W, = ‘RW’) + W,
(W5 = “IN’) +
(W, = ‘RW’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)

59 (W = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W, + W,
(W, = “IN’) + Ws + W, + W,
(W, = ‘RW’) +
(W5 = ‘RW’) +
(W, = ‘CC’) +
(W5 = ‘RW’) +
(Wg = ‘RW’)

60 Wy = “JJ) or “JJR” or ‘JJS’) + W, + W,
(W, = ‘NN’ or ‘NNS’” or ‘NNP’) + W + W,
(W, = “IN’) +
(W5 = ‘RW’) +
(W, = ‘RW?)

61 (Wy = ‘RW’) + W, + W, + W,
(W, = ‘RW’) + Wy + W, + W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’) +
(W5 = ‘CC") +
(W, = ‘NN” or ‘NNS’ or ‘NNP’)
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62 | (W, = ‘NN” or ‘NNS” or ‘NNP’) + W, + W, + W,
(W, = “IN’) +
(W, = ‘RW’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)

63 (W = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W,
(W, = IN?) +
(W, = ‘RW’)

64 (Wy = “JJ7 or “JJR or ‘JJS’) + W, + W, + W,
(W, = ‘RW’) +
(W, = ‘RW’)

65 | (Wo="RW’)+ Wo + W, + W, + W,
(W, = ‘RW’) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)

66 (Wo = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W, + W, + W,
(W, = “IN’) +
(W, = ‘RW’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)

67 | (Wo="RW’) + W + W, + W,
(W, = ‘RW’) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)

68 (Wy = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W, + W,
(W, = ‘RW’) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)

69 (Wy = ‘RW’) + W, + W, + W,
(W, = ‘IN’) +
(W, = ‘RW’)
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70 (Wy = ‘NN’ or ‘NNS’ or ‘NNP’) + o W, +W,+W,
(Wl = ‘IN’) + [ ] W5 + WO
(W, =“J) or “JJR or ‘JJS’) +
(W3 = ‘RW’) +
(W4 = ‘CC’) +

(Ws = ‘NN’ or ‘NNS’ or ‘NNP’)

71 Wy = ‘RW’) + ® W, + W, + W,
(W, = ‘CC°) + & W, + W+ W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’) +
(W5 = “IN’) +
(W, = ‘RW’)
72| (Wp = RW’) + ®  Wo+ W, +W,+W,
(W, = “IN’) +
(W, = ‘RW’) +
(W, = ‘RW’)
73 (Wy = 1) or “JJR” or ‘1JS’) + ® W, + W, +Ws + W,
(W, = ‘RW’) + ® W, + W, + W5+ W,
(W, = ‘CC’) +
(W5 = )7 or ‘JJR” or ‘JJS’) +
(W, = ‘RW’) +
(W5 = “IN’) +
(Wg = ‘RW’)
74| (Wo = RW’) + ® W, + W, + W, + W,
(W, = “IN’) +
(W, = “JJ” or “JJR or ‘JJS’) +
(W, = ‘RW’)
75 | (W, = RW) + o W, +W,
(W, = ‘CC’) + o W,+W,

(W, = “J) or “JJR or “JJS’) +

(W5 = ‘NN” or ‘NNS’ or ‘NNP’)
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76 (Wy = ‘NN’ or ‘NNS’ or ‘NNP’) + ® W, + W,
(W, = ‘RW’) + o W, +W,
(W, = ‘CC") +
(W, = ‘RW’)
77 (Wp = ‘RW’) + ® W, +W;+W,
(W, = ‘CC") + ® W, + W, +W,
(W, = “JJ” or ‘JJR or ‘JIS’) +
(W5 = ‘NN” or ‘NNS’ or ‘NNP’) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)
78 (Wy = ‘NN’ or ‘NNS’ or ‘NNP’) + ® W, +W,
(W = “IN") + & W, + W, + W, +W,
(W, = ‘RW’) +
(W5 = ‘CC°) +
(W, = “J) or ‘JJR or “JIS’) +
(Ws = ‘RW’) +
(Wg = ‘NN’ or ‘NNS’ or ‘NNP’)
79 (Wy = ‘RW’) + ° W,
(W, = ‘CC") + o W,
(W, = ‘RW’)
80 (Wo = ‘NN’ or ‘NNS’ or ‘NNP’) + ° W,
(W, = ‘CC’) + o W,
(W, = ‘RW’)
81 (W, = ‘RW’) + & W, + W, +W, + W,
(W, = “IN’) +
(W, = ‘RW’) +
(W5 = ‘RW’)
82 (Wy = ‘NN” or ‘“NNS’ or ‘NNP’) + if Wy =W,:
(W, = ‘CC") + o W,
(W, = ‘RW’) + W, +W;+ W,
(W5 = ‘RW’) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)
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83 (Wy = ‘RW’) + Wy + W, + W, + W,
(W; = ‘RW’) + Wy + W, + W, + Ws
(W, = ‘RW’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W, = ‘CC") +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)

84 Wy = ‘RW’) + Wy + Wy + W, + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) + + W,
(W, = “IN?) +
(W5 = ‘RW’) +
(W, = ‘RW’)

85 (Wo = ‘NN” or ‘NNS’ or ‘NNP’) + W, + W,
(W, = “IN’) + W, + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W, = “CC") + (W, = ‘RW’)

86 Wy = JJ7 or “JJR or ‘JIS’) + W + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W,
(W, = “IN) +
(W5 = ‘RW?)

87 (Wy = ‘)7 or “JJR” or ‘1JS’) + Wy + W, + W,
(W, = ‘RW’) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)

88 (Wy = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W,
(W, = ‘IN’) + Wy + W5 + Wy + W,
(W, = ‘RW’) +
(W, = ‘CC") +
(W, = “JJ or “JJR or ‘JJS’) +
(W5 = ‘RW?) +
(Ws = ‘NN” or ‘NNS’ or ‘NNP’)
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89 (Wy = ‘NN” or ‘NNS’” or ‘NNP’) + W, + W, + W,
(W, = CC") + W, + Wy + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W5 = “IN") +
(W, = ‘RW?)
90 (Wy = ‘RW’) + W, + W,
(W; = ‘NN’ or ‘NNS’ or ‘NNP’)
91 (Wo = ‘0" or “JJR” or ‘JJS’) + Wy + W, + W, + W,
(W, = ‘RW’) +
(W, = “IN’) +
(W, = ‘RW?)
92 | (W, = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W, + W,
(W, = “IN’) +
(W, = ‘RW’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)
93 | (Wo=RwW’) + Wy + Wy + W, + W,
(W; = ‘NN’ or ‘NNS’ or ‘NNP’) + +W,
(W, = “IN) +
(W5 = )7 or ‘JJR” or ‘JJS’) +
(W, = ‘RW’)
94 (W, = ‘RW’) + Wy + Wy + W, + W,
(W, = “IN) + +W,
(W, = “JJ or ‘JJR or ‘JIS’) +
(W5 = “J) or “JJR or “JJS’) +
(W, = ‘RW?)
95 (Wy = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’) + W, + W,
(W, = ‘CC") +
(W5 = ‘RW’) +
(W, = ‘RW’)
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96 | (W, = ‘RW’) + W, + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) + Wy + Ws
(W, = ‘CC") +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)
97 | (Wy = ‘RW’) + Wo + Wi+ W,
(W, = ‘RW’) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)
98 (Wy = ‘RW’) + W, + W, + W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’) + W, + W, + W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’) +
(W, = ‘CC") +
(W, = ‘NN” or ‘NNS’ or ‘NNP’)
99 | (W, = ‘RW’) + W, + W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’) + W, + W,
(W, = ‘CC") +
(W, = ‘RW?)
100 | (W, = ‘RW") + W, + W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’) + Wy + W5 + W,
(W, = ‘CC’) +
(W5 = ‘RW’) +
(W, = ‘RW’)
101 | (W, = ‘RW’) + Wo + Wi+ W, + Wy
(W, = “IN") + +W,
(W, = ‘RW’) +
(W5 = ‘RW’) +
(W, = ‘NN” or ‘NNS’ or ‘NNP’)
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102 | (W, = ‘RW’) + Wy + W, + W, + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) + + W
(W, = ‘CC") + Wi + Wy + Wy + Wy
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W = ‘IN?) +
(Ws = ‘RW’) +
(Wg = ‘NN’ or ‘NNS’ or ‘NNP’)

103 | (Wy = ‘NN’ or ‘NNS’ or ‘NNP’) + Wy + W,
(W, = ‘CC’) + W, + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W, = ‘RW’)

104 | (W, = “J) or ‘JJR” or “JJS) + W, + W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’) + W, + W,
(W, = ‘CC") +
(W, = ‘RW’)

105 | (W, = ‘RW’) + W, + W, + W, + W,
(W, = ‘IN?) +
(W, = ‘RW’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)

106 | (W, = ‘RW’) + Wy
(W, = ‘CC’) + W, + W,
(W, = ‘RW’) +
(W, = ‘RW’)

107 | (W, = ‘RW’) + W,
(W, = ‘CC’) + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)

108 | (W, = ‘RW’) + W, + W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’) + W, + W,
(W, = ‘CC") +
(W5 = ‘RW’) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)
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109 | Wy = RW’) + W+ W, + W,
(W, = “JJ or “JIR” or ‘JJS’) + Wo + Wy + W, + W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’) + + Wy + W
(W5 = ‘RW’) + (W, = ‘IN’) +
(W5 = “JJ” or ‘JJR’ or JJS’)

110 (W, = ‘RW’) + Wi+ W, + Wy + W,
(W, = JJ” or “JIR” or ‘JJS’) + Wo + Wy + Wy + W
(W, = ‘NN” or ‘NNS’ or ‘NNP’) + + W, + Ws + W
(W; = ‘RW’) + (W, = ‘RW’) +
(W5 = “IN’) + (W = ‘RW’)

111 | (W, = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W5 + W,
(W, = IN’) + Ws + W, + W,
(W, = ‘RW’) +
(W5 = ‘NN” or ‘NNS’ or ‘NNP’) +
(W, = ‘CC’) +
(W5 = ‘RW’) +
(Ws = ‘NN’ or ‘NNS’ or ‘NNP’)

112 | (W, = ‘RW’) + Wo
(W, = ‘CC") + W, + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)

113 | (Wy = ‘RW’) + W, + W, + W,
(W, = ‘RW’) +
(W, = ‘NN” or ‘NNS’ or ‘NNP’)

114 | (W, = ‘NN’ or ‘NNS’ or ‘NNP’) + Wo
(W, = ‘CC") + W,
(W, = ‘RW’)
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115 | (Wy=“J) or “JJR” or “JJS’) + W, + W, + W,
(W, = ‘RW) + W, 4 W
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W5 = ‘CC°) +
(W, = ‘RW’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)
116 | (W, = JJ or ‘JJR  or ‘JJS’) + W + W, + W, + W,
(W, = ‘RW’) +
(W, = ‘NN” or ‘NNS’ or ‘NNP’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)
117 | (Wy = “J) or “JJR” or “JJS’) + Ws + Ws
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) + W + W,
(W, = ‘CC’) + W, + W
(W5 = ‘NN” or ‘NNS’ or ‘NNP’) +
(W, = “IN) +
(W5 = ‘RW?)
118 | (W, = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W,
(W, ="CC)+ W, + W, + W,
(W, = ‘RW’) +
(W5 = ‘RW’) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)
119 | (Wy = “J) or ‘JJR” or ‘JJS) + W, + W, + W,
(W, = ‘RW’) + Wy + W, + W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’) +
(W5 = ‘CC") +
(W, = ‘NN” or ‘NNS’ or ‘NNP’)
120 | (W, = ‘RW’) + W, + W, + W, + W,
(W, = ‘RW’) +
(W, = ‘NN” or ‘NNS’ or ‘NNP’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)
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121 | (W, = ‘NN’ or ‘NNS’ or ‘NNP’) + ° W,
(W, = “IN’) + o W, +W,
(W, = ‘RW’) + o W, W,
(W5 = ‘CC°) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)
122 | (W, = ‘RW’) + o W, +W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’) + o W, +W,
(W, = “J)" or ‘JJR or ‘JIS’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)
123 (Wo =0 or “JJR” or ‘JJS’) + ® W, + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) + o W, +W,+W,
(W, = “IN”) + ® W, + W, +W,
(W5 = ‘RW’) +
(W, = ‘RW’)
124 | (W, = ‘RW’) + W, + W, +W,
(W, = IN’) +
(W, = ‘RW’)
125 (Wy = ‘NN’ or ‘NNS’ or ‘NNP’) + o W, + W,
(Wy = “IN) + © W, W, + W, + W,
(W, = ‘RW’) +
(W5 = “IN?) +
(W, = ‘RW?)
126 | Wy = “JJ7 or ‘JIR” or ‘JIS’) + if W, = W :
(W, = ‘RW’) + ® W, + W, +W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’) + o W, + W,
(W5 = “CQO) +
(W, = ‘NN” or ‘NNS’ or ‘NNP’) +
(W5 = ‘NN” or ‘“NNS’ or ‘NNP’)
127 (Wy = ‘NN’ or ‘NNS’ or ‘NNP’) + o W, +W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’) + o W,
(W, = IN’) +
(W5 = ‘RW’)
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128 | (Wy = ‘NN” or ‘NNS’ or ‘NNP’) + W, + W5 + W,
(Wy = IN) + W, + W5 + W, + W,
(W, = ‘RW’) +
(W5 = ‘RW’) +
(W, = ‘RW’)

129 | (Wy = “J) or ‘JJR” or “JJS’) + Wy + W, + W,
(W; = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W, = ‘RW’)

130 | (W, = “J)’ or ‘JJR’ or ‘JIS’) + Wy + W, + W, + W,
(W, =“JJ or “JJR or ‘JJS’) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W5 = ‘RW’)

131 | (Wy = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W,
(W, = ‘RW’) + Wi + W,
(W, = ‘CC") +
(W5 = ‘RW’) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)

132 | (W, = ‘NN’ or ‘NNS’ or ‘NNP’) + Ws + W + W,
(W, = IN’) + W, + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) + Wy + W, + W, + W,
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W, + W,
(W, = ‘CC’) +
(Ws = “J)" or “JJR or ‘JJS’) +
(Wg = ‘RW’) +
(W57 = ‘NN’ or ‘NNS’ or ‘NNP’)

133 | (W, = ‘RW’) + W, + W,
(W, = IN’) + Wy + W,
(W = “RW’) + Wo + W, + W,
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’) + Wy + W, + W,
(W, = ‘CC) +
(W5 = ‘RW?) +
(Ws = ‘NN’ or ‘NNS’ or ‘NNP’)
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134 | (W, = ‘RW’) + o W, +W,
(W, = ‘RW’) + o W, +W,
(W, = ‘CC") +
(W, = ‘RW’)

135 | (Wy = ‘NN’ or ‘NNS’ or ‘NNP’) + o W, +W, +W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W, = ‘RW?)

136 | (W, = “JJ" or ‘JJR  or ‘JJS’) + if W, = W, :
(W, = ‘BW’) + & Wo+ W, +W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’) + © W, W, + W,
(W5 = “CQO) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)

137 | (W, = ‘BW’) + o W, +W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) + © W+ W, + W,
(W, = “IN) +
(W5 = “JJ or “JJR or ‘JJS’) +
(W, = ‘RW’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)

138 (Wo = ‘0 or “JJR” or ‘JJS’) + ® W,+W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) + o W, +W,
VAR o Wyt W+ W,
(W5 = “JJ” or “JJR or ‘JJS’) + o W, W, W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’) +
(W5 = ‘CC’) + (W, = ‘RW’)

139 | (Wy = ‘NN’ or ‘NNS’ or ‘NNP’) + o W, + W, +W,
(W, = “IN’) + ® W, + W,
(W, =) or “JJR” or ‘JJS’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W, = “CC) + (W, = ‘RW’)
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140 | (Wy = ‘NN” or ‘NNS’ or ‘NNP’) + ® W, + W, + W, + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) + + W,
(W, = "CC) + W+ W, + Wyt W,
(W5 = “JJ or ‘JJR or ‘JJS’) + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W = ‘IN?) +
(Wg = ‘RW’) +
(W; = ‘NN’ or ‘NNS’ or ‘NNP’)

141 | (W, = ‘RW) + o W, +W,
(W =CC) + & W, + W+ W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’) +
(Wy = ‘RW?)

142 | (W, =“J) or ‘JJR or ‘JJS’) + ® W, +W,+ W,
(W, = ‘CC’) + o WL, W,
(W, = “JJ” or ‘JJR or ‘JJS’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’) +
(Wy = ‘RW?)

143 | (W, = ‘RW’) + ® W, + W, +W,
(Wy = "RW") + ® W, W+ W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W5 = ‘CC") +
(W, = ‘RW’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’) +
(Wg = ‘NN’ or ‘NNS’ or ‘NNP’)

144 | (W, = ‘NN’ or ‘NNS’ or ‘NNP’) + o W, 4 W+ W, + W
Wy ="CC)+ ® W, + W, + W, + W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’) +
(W, = “IN’) +
(Wy =1 or “JJR” or ‘JJS’) +
(Ws = ‘RW’)
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145 | (Wy = ‘JJ or “JJR” or ‘JIS’) + W, + W,
(W, = ‘RW’)
146 | (Wy = ‘RW’) + W, + W, + W,
(W, = ‘RW’) + W, + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W, = ‘CC’) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)
147 | Wy = “JJ)” or ‘JIR” or ‘JIS’) + W, + W, + W,
(Wy = RwW’) + Wo + W, + W,
(W, = ‘RW’) +
(W = “CC") + (W, = ‘RW’)
148 | (Wy = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + Wi + W,
(W, = ‘IN?) +
(W, = ‘NN” or ‘NNS’ or ‘NNP’) +
(W5 = ‘RW?)
149 | (W, = ‘RW’) + W, + W,
(W, = ‘RW’) + W, 1 W,
(W, = ‘CC") +
(W5 = ‘RW’) +
(W, = ‘RW?)
150 | (Wy = ‘RW’) + W, + W, + W,
(W, = ‘RW’) +
(W, = ‘RW’)
151 | (Wy=“J) or “JJR” or “JJS") + W, + W, + W,
(W, = ‘IN?) +
(W, = ‘RW’) +
(W5 = ‘RW’)
152 | (W, = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W, + W,
(W, = ‘IN’) +
(W, = “JJ" or “JJR” or ‘JJS’) +
(W, = ‘RW)
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153 | (Wy = “JJ” or ‘JJR” or ‘1JS’) + Wy + W, + W,
(W, = ‘JJ or “JJR” or ‘JJS’) +
(W, = ‘RW’)
154 | (Wy = “JJ” or ‘JJR’ or ‘LJS’) + Wy + W, + W, + W,
(W, = ‘RW’) +
(W, = ‘RW’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)
155 | (W, = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W,
(W, = “IN?) +
(W, = ‘RW’)
156 | (W, = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W, + W, + W,
(W, = ‘RW’) +
(W, = ‘RW’)
157 | (Wy = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W, + W, + W,
(W, = IN’) +
(W, = ‘RW’) +
(W5 = ‘RW’) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)
158 | (Wo = “JJ’ or ‘JJR or ‘JJS’) + W, + Ws + W,
(W, = “CC) + W, + W5 + W,
(W, = “JJ” or ‘JJR or ‘JIS’) +
(W5 = ‘RW’) +
(W, = ‘RW’)
159 | (Wy = “JJ) or “JJR” or “JJS") + W, + W,
(Wy = ‘RW?) + W, + W
(W, = ‘NN” or ‘NNS’ or ‘NNP’) +
(W5 = ‘RW’)
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160 | (Wo = ‘NN” or ‘NNS” or ‘NNP’) + W, + W5 + W, + W,
(W, = “IN’) +
(W, =“J) or “JJR or ‘JJS’) +
(W5 = ‘RW’) +
(Wg = ‘RW’)

161 | (Wy=“JJ) or ‘“JJR” or ‘JJS’) + W, + W,
(W, = “IN’) +
(W, = ‘RW’)

162 | (W, = ‘RW’) + W,
(W, = “CC) + W, + W,
(W, = “J) or ‘JJR or ‘JIS’) +
(W, = ‘RW’)

163 | (W, = ‘RW’) + Wy + W5 + W,
(W, = ‘CC’) + W, + W; + W,
(W, = ‘RW’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)

164 | (Wy=‘JJ or “JJR” or ‘UIS’) + W + W, + W,
(W; = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W, + W,
(W, = “IN’) +
(W5 = ‘RW’) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)

165 | (Wo = “JJ’ or JJR or ‘JJS’) + W, + W + W,
(W, = 1)’ or “JJR’ or ‘JS’) + Wy + W, + W, + W,
(W, = ‘RW’) + +W,
(W5 = ‘RW’) +
(W, = ‘NN’ or ‘NNS’ or ‘NNP’)

166 | (Wy = “JJ" or “JJR” or “JJS’) + W, + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W, + W, + W,
(W, = ‘RW’) + (W, = ‘RW’)
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167 | (W, = ‘RW’) + Wy + W, + W,
(W, = ‘RW’) + W, + W
(W, = ‘RW’) +
(W5 = ‘CC°) +
(Wg = ‘RW’) +
(Ws = ‘RW")

168 | (W, = ‘RW’) + W, + W, + W,
(Wy = "RW) + W + W, + W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’) +
(W5 = ‘CC") +
(W, = ‘NN” or ‘NNS’ or ‘NNP’)

169 | (W, = ‘RW’) + Wy + W, + W,
(Wy = "RW’) + Wy + W, + W,
(W, = ‘RW’) +
(W = ‘CC) +
(W, = ‘RW’) +
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)

170 | (Wp = ‘RW’) + W, + W, + Ws + W,
(W, = ‘NN” or ‘NNS’ or ‘NNP’) + +W,
(W, = “CC) + W, + W, + Ws + W,
(W5 = )7 or ‘JJR” or ‘JJS’) + W,
(W, = ‘NN’ or ‘NNS’ or ‘NNP’) +
(W5 = ‘IN?) +
(Wg = ‘RW’) +
(W57 = ‘NN’ or ‘NNS’ or ‘NNP’)

171 | (W, = ‘NN’ or ‘NNS’ or ‘NNP’) + W, + W, + W,
(W, = “IN’) +
(W, = ‘RW’) +
(W5 = ‘RW?)
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MI3N 18 NN NNIWIMFATEIMIUTEUY eCSCDA

o L o ¢
AR FULUUAIVD NAANS
1|y dd, ® )., C Uy,
When JJ, € JJ;, .., JJ. N JJ, & Adjective
corpus
I ® ). L€ Uy Iy NN, L, NN
NNy, ..., NN, When JJ, € JJ;, .., J, N 1), & Adjective
corpus
30| My Jpt ® .y E Uy, . )+ TEy, L, TE,
e, —PUIE; When JJ, € JJ;, .., JJ. N JJ, & Adjective
corpus
4 | NNy, .., NN, ® NNy, .., NN,
5 NNy, ..., NN, + ® NN, .., NN+ TE,, ..., TE,
TE,, ..., TEq
6 | TE,..TE, ® TE,..,TE
7 | TE, ., TE,+ ® TE, .., TE,+ NNy, .., NN,
NNy, ..., NN,
8 | My It ® )y € Uy, oy Iy + NNy, L, NN
NNy, ..., NN + + TEy, ..., TE,
[y, 4 L. When JJ, € JJ, ..., JJ, N JJ, & Adjective
corpus
9 | Myt ® )y W C Wy W+ TEy L TE +
TEy, ..., TEq + NNy, ..., NN,
NNy, ..., NN, When JJ, € JJ;, ., JJ. N JJ, & Adjective
corpus
10 | NNy, .., NN, + ® NNy, .., NN+ TE;, .., TE; + NNy, .,
TEy, oy TEq + NN,
NN, ..., NN,
11 | TE, ., TE + ® TE, .., TE,+ NNy .., NN, + TE,, ..., TE,
NNy, ..., NN +
TE,, .., TE,
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12| (Phrase;) + Phrase, + Phrase;
IN +
(Phrase,)
13| (Phrasey) + Phrases; + Phrase, + Phrase;
IN +
(Phrase,) +
IN +
(Phrases)
14 | (Phrase;) + Phrase;
CC + Phrase,
(Phrase,)
15 | (Phrase;) + Phrase;
CC + Phrase,(without last word) + Phrase,
(Phrase,)
*if (Phrase,) has one word
16 | (Phrasey) + Phrase; + Phrase (without first word)
CC+ Phrase,
(Phrase,)
* if (Phrase;) has one word
17 | (Phrasey) + Phrase;
CC+ Phrase,
(Phrase,)
* if last word of (Phrase;) =
last word of (Phrase,)
18 | (Phrase;) + Phrase;
CC+ Phrase,
(Phrase,)
*if first word of (Phrase;) = first
word of (Phrase,)
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19

(Phrase;) +

CC+

(Phrase,)
* if (Phrase,) has one word and
(Phrase;) = first word of

(Phrase,)

Phrase,

20

(Phrase;) +
IN +
(Phrase,) +
CC +

(Phrases)

Phrase, + Phrase;

Phrases; + Phrase;

21

(Phrase;) +
CC +
(Phrase,) +
IN +

(Phrases)

Phrases + Phrase;

Phrases + Phrase,
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A new system for analyzing contents of Computer
Science courses
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Abstract—With the growth of technology and the changing
of human behavior, the fields of Computer Science (CS), In-
formation Technology (IT), and Data Science (DS) become more
popular and should be learned by children, students, and people.
Consequently, institutes widely initiate new online/offline courses
to serve this need. However, this leads to educate different
knowledge and skills in which some of them may not match
the needs of panies for hiring employ To address this
issue, we introduce a new system for amalyzing content on
CS courses, called CSCDA system (Computer Science Course
Description Analysis system). The system can identify similar and
lissimil belonging to two CS courses by applying text
processing techniques and keyword similarity matching. These
identified contents can help to set up a standard, to improve
integrity and quality, and to reduce redundancy of the
will be taught in the courses. Experil I studies are
on CS courses of Thai Universities to investigate the effectiveness
of the CSCDA system based on four measures, i.e. percentage of
similar contents, precision, recall, and F-measure, respectively.
Last, a comparative study is performed and the result shows that
our proposed method can effectively analyze course contents and
outperforms the other keyword extraction methods.

Index Terms—Content analysis, Course description, Computer
Science course

1. INTRODUCTION

Currently, new computer technologies and innovations have
emerged each day. Many software, mobile applications, and
devices are continuously launched into the market. This makes
the need for companies to hire more employees having skills
related to the fields of Computer Science (CS), Information
Technology (IT), and/or Data Science (DS), respectively.
Consequently, this leads to emerging of a trend to study
topics/subjects in the CS’s related fields such as program-
ming, software development, Artificial Intelligence, Machine
Learning, Natural Language Processing, and so on. Based on
this trend, institutes or companies initiate new online/on-site
courses to serve the need of people. However, for now, it
is overwhelming of curriculums and courses which leads to
educate different knowledge and skills in which some of them
may not match the needs of companies.

To overcome this issue, there are efforts to investigate con-
sistency between subjects in CS and the Thailand Qualification
Framework of Higher Education (TQF: HEd) which can help
to improve the standard of the curriculum of Thai universi-
ties [1], [2], [3]. These models consider contents in the course
description and then map each content into a class of “Body of
knowledge” (by applying semantic-based and structure-based
ontology mapping) to know consistency between the content

and Body of knowledge assigned in TQF of Computer Science.
Moreover, there are approaches applying Bloom’s Taxonomy
to assess the learning objectives of CS courses [4], [5], [6]. For
each topic in a course, its level of knowledge is considered and
map to Bloom’s levels consisting of recall, comprehension,
application, analysis, synthesis, and evaluation, respectively.
This can help to assess students’ performance and to gen-
erate reports of difficulties including the variety of causes
hypothesized and solutions adopted. Last, there is an approach
to detect similarity through academic content by applying
semantic technologies and text mining [7]. This considers
career name, course name, course description, and topics (o
find similar academic contents to solve Students’ mobility and
credit validation as input. Then, the ontological model and
RDF-Ization are applied to regard the semantic of contexts
used for similarity calculation. However, the previous works
mentioned above do not address on computer technology
domain which contains lots of reserved words such as ‘Data
Science’, ‘Big data’, ‘NLTK", ‘Natural Language Processing’,
etc. This causes the missing focus on the important contents
that should be considered and loosing of similarity matching
and similar context.

Thus, to address the above issue, we introduce a new system
for analyzing and comparing course descriptions in the CS
domain, called the CSCDA system (Computer Science Course
Description Analysis system). Based on the proposed system,
similar (and dissimilar) contents of two course descriptions
on a subject (or a pair of related subjects) are identified.
These contents can help to check for redundancy, popularity,
integrity, and quality of contents in the course descriptions.
Last, the number (percentage) of similar contents is calculated
in order to draw a conclusion to the course descriptions. To
investigate the efficiency of the CSCDA system, experiments
were conducted on CS course descriptions Burapha University
in comparison with eight of top-ten universities in Thailand
(ranked in Asian University Ranking.'). Two sets of exper-
iments were done to observe the level of similarity of any
pair of course descriptions and popular contents usually exist
in course descriptions of a subject. In addition, three famous
measures, precision, recall, and F-measure are applied to
observe the effectiveness of the CSCDA system in comparison
with two well-known keyword extraction techniques.
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II. RELATED WORK

Currently, text similarity is applied in several tasks such as
text classification, document clustering, information retrieval,
topic detection, topic tracking, question answering, question
generation, short answer scoring, and text summarization.
From the survey of text similarity [8], [9], its measure can
be categorized into 4 groups of approaches as follows.

1) String-Based Similarity: operales on string sequences
and character combinations. A string metric aims to measure
similarity or dissimilarity between two strings for approximate
string comparison or matching. The string-based metric can be
separated into 2 categories as follows

« Character-based Measures:—considers the chain of char-
acters (or words) that are similar or pretty similar
such as Longest Common Substring (LCS), Damerau-
Levenshtein, N-gram, Jaro, Jaro—Winkler, Needleman-
Wunsch, and Smith-Waterman, etc.

Term-based Measures:—calculates the distance between
two words by considering several factors e.g. Man-
hattan distance (or Block Distance), Cosine similarity,
Dice’s coefficient, Euclidean distance, Jaccard similarity,
Matching Coefficient, and Overlap coefficient.

2) Corpus-based Similarity: is a semantic measure used for
determining the similarity between words according to infor-
mation taken from text corpora (where a Corpus contains large
collection texts). The famous corpus-based similarities are
Hyperspace Analogue to Language (HAL), Latent Semantic
Analysis (LSA), Generalized Latent Semantic Analysis (GLSA),
Explicit Semantic Analysis (ESA), cross-language explicit se-
mantic analysis (CLESA), Pointwise Mutual Information -
Information Retrieval (PMI-IR), Second-order co-occurrence
pointwise mutual information (SCO-PMI), and Normalized
Google Distance (NGD), respectively.

3) Knowledge-Based Similarity: is based on the identifica-
tion of the degree of similarity between words by using infor-
mation taken from semantic networks. WordNet is the most
popular and well-known ic network cc ing nouns,
verbs, adjectives, and adverbs grouped into sets of cognitive
synonyms (or synsets). In addition, synsets are interlinked by
means of lexical relations and conceptual-semantic.

Knowledge-based similarity can be divided into two groups
i.e. semantic similarity measure and semantic relatedness
measure. Semantic similarity measure relates to the basis of
concepts’ likeness and covers a broad range of relationships
between concepts such as is-a-kind-of, is-a-specific-example-
of, is-a-part-of, is-the-opposite-of. Meanwhile, semantic relat-
edness is a more general notion of relatedness which is not
specifically tied to the shape or form of the concepts.

4) Hybrid Similarity: combines several similarity measures.
For example, it combines two corpus-based measures with
other three knowledge-based measures. With this, these mea-
sures were applied separately, then they were combined.

From above, we applied a hybrid similarity measure that
combines string-based similarity (both on character-based
similarity measures and term-based similarity measures) with

the concept of knowledge-based measure (semantic similarity
measure: is-a-part-of). By this, we can calculate the similarity
of two words (or phrases) within four cases.

111. PROPOSED METHOD : THE CSCDA SYSTEM

Details of the CSCDA system is now presented. As shown
in Fig. 1, the system consists of three main steps which can
be described as follows.

A. Input gathering

The input gathering process is to collect and preprocess on
CS course descriptions. For a CS curriculum of a university
u, all subjects (excepts general education) are considered as
subjects on CS. Then, for each subject s, its English course
description ¢, , is collected in the CS course description
corpus (also called CS-CDC for short)® in the form of 3-
tuple (s,u.cc) where s is the subject name, u is the name
of the university and cc is contents of the course description,
respectively. However, before storing ¢, , into CS-CDC, its
course content cc is split into a set of topics indicating a
group of contents (chapters or lessons) would be taught.
Therefore, the course description ¢, is thus collected as
G = (8,8, TPy) Where: TP, = 1191105, 0 0t} 18
the set of n topics of ¢, ,. For example, as in Fig. 2, the
course description on ‘Algorithm Design and Applications” of
Burapha University is collected as a 3-tuple where the course
content is split into 12 main topics.

1. Input gathering 2. Keyword extraction - 3. Similarity matching - Output

|Keyword vector,

1.1 Course description
- | |

Course description
Csu <
/Similar

| contents

[(‘S's course
= 3

Keyword
extraction

Keyword set of
course descriptions|

Similarity
matching

Fig. 1: The architecture of the CSCDA system
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Fig. 2: Example of collecting a course description the corpus

Besides, to understand important contexts of each topic
on course description, text analysis is performed by recog-
nizing and identifying reserved words and keywords in the

2CS’s course description corpus
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topic. By this, 28,392 CS-terminologies are gathered from
eight well-known sources i.e. Oxford-A Dictionary of Com-
puter Science, Labautopedia, TechTarget, ComputerHope, PC
Glossary, Glossary of Computer Related Terms, Wikipedia’s
Glossary of computer science, GCSE’s Computer Science
Glossary and collected into our corpus®, represented as a set
T = {t1,t,...,t-} where t, € T is a CS-terminology.

B. Keyword Extraction

As CS course descriptions are collected, each course de-
scription ¢, = (s.u,TP,,) € CS-CDC is thus analyzed.
Each topic tp; € TP,, is considered and processed by
text processing techniques, e.g. lowercase conversion, error
correction (Spelling Mistake Correction, SMC [10]), stop word
removal, POS tagging (Stanford POS Tagger [11]). Next, any
the reserved word hidden in #p; is recognized by considering
an n-gram of words and then comparing it with a terminology
t, € T. The n-gram will be labeled as ‘RW’ if it matches
with £,. Otherwise, word stemming and lemmatization are
performed and the matching with terminologies procedure is
reapplied.

Consequently, important keywords are thus identified by
applying linguistic rules of [12]* (labeled as ‘KW’). These
keywords can help to explore essential contexts extending (or
different) from the identified reserved words. Subsequently,
three text processing procedures are designed and applied to
remove trivial contexts in the topic 1p;, i.e. i) adjective removal
—remove all unimportant adjectives, ii) sub-keyword removal-
eliminate redundant keywords and iii) subject-name removal-
remove the subject name to recognize contexts differing from
the subject name, respectively.

Last, all reserved words and keywords in #p; are collected
in the keyword vector KV, . Thus, for now, each course
description ¢, can be regarded as ¢, = (s,u,KS., , =
{KVyp, ..., KV, }) where KS,._ , is a keyword set containing
keyword vectors and each keyword vector KV, contains a set
of reserved words and keywords occurring in the topic fp,,.

Example: Figure 3 illustrates how the keyword extraction
works. From the figure, the topic 1py = “efficient algorithms
for sorting” is considered to extract reserved words and
keywords. After working on text processing, fp; is still the
same. Then, the word ‘sorting’ is recognized as a reserved
word and labeled as ‘RW’. Word stemming and lemmatization
is applied where ‘s’ is removed from the word ‘“algorithms’.
Then, reserved word identification is reapplied to label the
word ‘algorithm’ as ‘RW’. Consequently, linguistic rules are
applied to extract and maintain keywords to be KV, =
(‘efficient algorithm(KW)’, ‘sorting efficient(KW)", ‘sorting
algorithm(KW)’). In addition, adjective removal is applied
where the word “efficient” is removed from all keywords. Next,
sub-keyword removal is executed to removes two redundant
keywords, i.e. ‘algorithm(KW)’ and ‘sorting(KW)" which are
sub-keywords of the keyword ‘sorting algorithm(KW)'. Last,
subject removal is performed causing the removal of the

3CS-terminology corpus
*Linguistic rules

word ‘algorithm’. Finally, the keyword vector KV;, contains
(‘sorting(KW)").

C. Similarity matching

To investigate similar contents, let’s consider two course
descriptions ¢, , = (s,2,KS.,, = {KVj,,..., KV} }) and
Csy = (5,4,KS, , = {KVip,:---, KV,, }) where the former
is regarded as the initial course description and the latter is
considered as the compared course description. Each keyword
vector KV,,,F € KS,, , of ¢y, is considered and then each of
its keywords, w; is regarded and compared with a keyword
wj in a keyword vector KV, € KS. , of cy,. Next, the
similarity between these two keywords is calculated based on
the following three cases: i) w; is equal to w; (also for the
case that w; is a paraphrase of w;), ii) w; is a subset of w;
and iii) w; is a superset of w;, can be defined as

(n

sim(w;, w;) = { (1) ztllle:r\:l‘;e w; C wj or w; O wj

In addition, if w; is similar to w;, it can be concluded that
the topic 1p,, € ¢, (containing w;) matches with the topic
Ip, € ¢sy (containing w;) and the topic /p, can be marked
as a matched topic, represented as a malch(lpp) = 1. On the
other hand, if all keywords contained in K Vip, belonging to
the topic 7p, do not similar to any keyword of any topic of
the course description ¢y, it can be marked as a not-match
topic, represented as a mal(‘h(lpp) = 0. Thus, the matching of
the topic 1p,, of ¢, with any topic ip, of ¢, can be defined
as
1 ,3w; € KV,,,plxim(w,uwj) =3l

where w; € KV;, of ip, Aip, € ey
0 ,otherwise

maich(tp,) =

?2)
After considering all words of all topics belonging to the
course description ¢, ., the percentage of similar contents
between the course description ¢, . and ¢, , can be computed
by the ratio between the number of topics in ¢, , matching
with topics in ¢, and the total number of topics in ¢, .,
defined as

", match(tp;)
n

3)

Sim(Cq 2, Csy)

Last, after performing all processes of the CSCDA system to
analyze a pair of course descriptions, the set of similar contents
(matched topics), and i) the set of dissimilar contents (not-
matched topics) are returned. Moreover, if there are several
course descriptions based on the same subject, the system
can suggest popular keywords mostly occurring in the course
descriptions.

Example: Fig 4 demonstrates the similarity calculation of
‘Algorithm’ s course descriptions from Burapha (BUU) and
Chiang Mai University (CMU). By this, each keyword vector
of BUU is considered and each word is compared to keywords
of CMU. The Keyword ‘analysis’ in KV, is not similar to
any keyword of CMU. Thus, the topic 1p; of BUU is identified
as dissimilar content. Meanwhile, the keyword ‘divide and
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cgy = (Algorithm Design and Burapha University,
{Design and analysis of algorithms, complexity analysis, divide
and conquer, recurrence relations, efficient algorithms for sorting,
searching pattern matching and string or text algorithms,

greedy algorithm, dynamic programming, graph algorithms, np
complete problems, laboratory for algorithm design, case study
of applying algorithms for efficient real problem solving

=»Topic tps = “efficient algorithms for sorting™
Text processing | (ps = “efficient algorithms for sorting”
:‘ﬂ:ﬁ ﬁec:‘:::d tps = “efficient algorithms for sorting<RW>"
Word stemming and |, _ w5 icnt algorithm for sorting<RW>"
lemmatization >

Reserved word
identification
Linguistic

Keyword Vector

Keyword |rule

|K¥,,, = Calgorithm design(KW)",
I“algorithm analysis(KW)")

KVip, = (*searching pattern matching(KW)",
‘string algorithm(KW)", ‘text algorithm(KW)")

EXUACON| R esult

KV, = Ccomplexity analysis(KW)") KVip, = Cgreedy al RW)")
KVip, = ¢divide and conquer(RW)") KVip, = (dynamic p RW)) ey yectnr | Vs = 5 officlent algoeithm(KW)',
K¥ip, = ¢ relation(KW)") KVip, = ¢ graph alg RW)") |sorting efficient(KW)", ‘sorting algorithm(KW)")

| KVp, = {*efficient algorithm(KW)’,

. = ¢‘np complete problem(KW)">

dpcctive oniival KVip, = Calgorithm(KW)', *sorting(KW)’,

sorting KW)")

|*sorting efMicient(KW)', *sorting KW)')

o = ithm design laboratory(KW)"

‘applying algorithm case study(KW)’,

Sub-keyword

= KV,,, = ¢'sorting algorithm(KW)")

- Adjecti

-»Keyword vector KVyp, = *sorting algorithm(KW)"

Keyword Vector

Subject remove KV, = ¢*sorting(KW)")

| KV = Canalysist(KW)") KVyp, = ¢greedy(RW)"

| K¥p, = ¢complexity analysis(KW)")

RW))

KVip, = (‘dynamic

| K¥ip, = ¢'divide and cong

RW)"

KVip, = graph(RW)")

Kb, = ¢ relation(KW)">

KVip,, = ¢‘np complete problem(KW)")

| KV, = Csorting(KW)") KV}, = Claboratory(KW)')

|KVyp, = ¢*searching pattern matching(KW)', KVyp,, = ¢applying case study(KW)',

| string(KW)", ‘text(KW)") “problem solving(KW)")

Fig. 3: Example of keyword extraction from ‘Algorithm Design and Applications’ of Burapha University

conquer” in KV, is equal to that of KV, of CMU. Therefore,
the topic fp,; of BUU is identified as similar content. Last, the
keyword ‘recurrence relation’ in KV, is a subset of ‘solving
recurrence relation’ causing the topic tp, of BUU is identified
as similar content.

IV. EXPERIMENTAL STUDY

In this section, experimental studies are performed and
described to investigate the effectiveness of the CSCDA sys-
tem. As such, 547 English course descriptions are collected
from nine Thai universities including Burapha University
(BUU, 68 courses) and eight of top-ten universities ranked in
Asian university ranking i.e. Chulalongkorn University (CU,
46 courses), Mahidol University (MU, 35 courses), Chiang
Mai University (CMU, 57 courses), Thammasat University
(TU, 84 courses), Kasetsart University (KU, 69 courses), King
Mongkut’s University of Technology Thonburi (KMUTT, 40
courses), Prince of Songkla University (PSU, 61 courses), and
King Mongkut’s Institute of Technology Ladkrabang (KMITL,
87 courses), respectively. Besides, 28,392 CS terminologies
are collected from the eight well-known sources (as mentioned
and detailed in section I1I-A). In our experiments, each course
description of BUU is regarded as an initial course description
and then compared with one on the same subject belonging to
another university. Then, we applied four criteria to investigate
the effectiveness of the CSCDA system, i.e. i) percentage of
similar contents (Eq. 3), ii) precision (Eq. 4), i) recall (Eq. 5),
and iv) F-measure (Eq. 6), respectively.

number of correct matches retrieved

precision =
4 number of matches get from the mod(’(l4
number of correct matches retrieved
recall = (5)
number of correct matches
ecision x recall
F-measure = 2 x il (6)

precision + recall

Figure 5 shows the performance of the CSCDA system based
on considering the course description of the ‘Algorithm’ of
BUU comparing with that of other universities. First, Fig. 5(a)
demonstrates the percentage of similar contents separated by
two matching cases: /) equal matching or exact matching
(including paraphrase matching) and ii) sub/superset matching.
First, it can be seen that the contents of BUU and CU are
not identical due to that of BUU is written in detail whereas
that of CU is described in the big picture. Moreover, it can
be observed that sub/superset matching can help to improve
the percentage of similarity matching up to 25% (= 14% on
average). Apart from that, Fig. 5(b) presents precision, recall,
and F-measure that are likely high tendency (between 80 -
100%). Consequently, the table I indicate precision, recall, and
F-measure of the CSCDA system in comparison with TerMine
and RAKE. By this, all course descriptions from BUU are
compared to that of same subjects from other universities. For
example, there are 16 common subjects between BUU and CU.
Then, all pairs of common course descriptions are thus com-
pared to observe the average percentage of similar contents,
precision, recall, and F-measure of the three approaches. From
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Fig. 4: Similarity matching of ‘Algorithm Design and Applications’ between Burapha University and Chaing Mai University

_BUU: Algorithm vs Others : Algorithm
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BN Overall matching ~ #99% Exact matching WSS Sub/superset matching

(a) Percentage of similar contents
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University
WO Precision  WEEN Recall WS F-measure

(b) Precision, recall, and F-measure

Fig. 5: CSCDA : Considering the course content of Algorithm belonging to BUU in comparison with the others

the table, it can be seen that the CSCDA system outperforms
other approaches for all criteria. The average percentage of
similar contents can significantly be improved in between 1
- 19% (=~ 16% against TerMine and =~ 3% against RAKE).
In the meantime, the average precision, recall and F-measure
are also improved by 2 - 49% (~ 38% against TerMine and
~ 17% against RAKE), 1 - 65% (~ 54% against TerMine and
~~ 6% against RAKE) and 2 - 58% (~ 47% against TerMine
and ~ 13% against RAKE).

Figure 6 shows the word cloud indicating the popularity
of keywords occurring in the Algorithm’s course descriptions
from all universities. The keywords, ‘divide and conquer’,
‘dynamic programming’ and ‘greedy’, are most popular (occur

seven of nine). Meanwhile, the keywords such as ‘complexity
analysis’, ‘network flow’, ‘brute force’ have the least occur-
rence (occur only twice and shown in orange). With this
information, it can help to further analyze differences between
contents in a course description from one university and the
popular keywords used in other universities. This can also help
to improve the integrity and quality of contents in the course
description to get the same standard as other universities.
Last, Fig. 7 demonstrates the performance of the CSCDA
system on keyword extraction and redundancy reduction. By
this, the numbers of keywords extracted from the Algorithm’s
course descriptions from all universities are investigated (as
shown in yellow bar). Moreover, thanks to the three text pro-
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TABLE I: Computational performance of CSCDA against TerMine and RAKE

Percentage Precision Recall F-measure

BUU vs

CSCDA | TerMine | RAKE | CSCDA | TerMine | RAKE | CSCDA | TerMine | RAKE | CSCDA | TerMine | RAKE
CU (16) 21.968 9.331 20.805 | 0.718 0.392 0.628 0.792 0.396 0.705 0.714 0.383 0.691
MU (11) 34.861 15298 | 29.090 | 0.651 0.478 0.632 0.909 0.335 0.833 0.749 0.382 0.684
CMU (15) 31.086 11.826 | 30.310 | 0.968 0.522 0.789 0.983 0.400 0.893 0.955 0.435 0.826
TU (20) 23.350 11312 | 20.340 | 0.766 0.333 0.514 0.794 0.317 0.743 0.769 0.306 0.574
KU (19) 27.938 8.623 25.093 | 0.846 0.355 0.599 0.882 0.249 0.833 0.859 0.273 0.685
KMUTT (16) | 34.872 16.791 32985 | 0.778 0.453 0.739 0.833 0.307 0.830 0.791 0.345 0.614
PSU (21) 26.682 7.651 24.173 | 0.869 0.417 0.583 0.976 0.326 0.907 0.909 0.335 0.668
KMITL (19) 25.270 10.158 | 22420 | 0.803 0.426 0.556 0.772 0.313 0.759 0.777 0.319 0.723

(1\ namic pr ()"ldl]]ll'll]l

asymplolic nolation

aph ae.

searching
asymplolic

divide and conquer
4 technique
greedy

recurrence relation
np complete problem

scarching pallern matching

Fig. 6: The word cloud from matching in ‘Algorithm’ subject

cess techniques, i.e. adjective removal, sub-keyword removal,
and subject-name removal, help to remove unimportant and
redundant keywords by 1 - 9 keywords (up to 50% as shown
by whisker plots).

—t

1
==

6 :20 ;13 ;15 : 6 (U7 i 15 i 16 : IS

The numbsr of keywords

€U MU CMU TU KU KMUTT PSU KMITL BUU

Fig. 7: The number keywords extracted from ‘Algorithm’
course description

V. CONCLUSION

In this paper, a new system for analyzing CS course
descriptions, named CSCDA is introduced. The system can
help to check for redundancy. popularity, integrity, and quality
of contents. In addition, the percentage of similar contents
between course descriptions is calculated in order to draw
a conclusion. Based on the CSCDA system, CS course de-
scriptions are first gathered and CS terminologies are col-
lected. Simple text processing is applied and reserved word
and keyword extraction techniques are designed to recognize
important contexts. Besides, three additional techniques are
devised to remove trivial and redundant contexts. Last, a
similarity matching technique is explored to identify similar
(dissimilar) contents. Experiments were done on 547 CS
course descriptions gathered from nine Thai Universities. The
results show that the proposed CSCDA can efficiently analyze

course contents with high precision, recall, and F-measure in
comparison with the other two well-known keyword extraction
techniques.
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eCSCDA: An efficient system for analyzing
contents of Computer Science Courses
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Abstract—This paper aims to introduce a new efficient system,
called eCSCDA, to efficient analyze Computer Science (CS)
course description. The primary task of the system is to identify
similar (and di il t two (or a group of) CS
course descriptions which can help to know similar and different
focuses on important contents to teach to students. Moreover,
it can help to check for integrity and quality and to set up
a dard of hi of the course. In eCSCDA, text
processing procedure is newly rearranged and developed. Besides,
the linguistic rules and their derivation are newly updated
and applied to extracted important keywords. Moreover, two
synonym corpuses, terminology and word synonyms, are recently
designed and collected to consider synonyms of the keywords
hidden in the course descriptions. Last, to efficiently identify
similar c two new hi h sub-keyword and

ti hing techniq are designed and applied togetk

with exact and subset (superset) matching methods. Experiments
were conducted on CS course contents gathered from nine Thai
Universities to examine the effectiveness of our proposed system
in comparison with previous system and related methodologies.
From the results, it shows that eCSCDA is efficient to analyze the
course contents and outperforms other related systems in various
terms e.g. percentage of similar contents, precision, recall and F-
measure, respectively.

Keywords—Content analysis, Course description, Computer
Science course

I. INTRODUCTION

Based on the rapid growth of computer technology, new
concepts, tools, software, applications, programming lan-
guages and libraries are being developed each day. This
led to the boom of learning in computer-related fields such
as Computer Science (CS), Information Technology (IT),
Computer Engineering (CE), Software Engineering (SE), Data
Science (DS) and so on. With these emergences, institutes
and universities should create news, revise and/or update their
current curriculum in order to to keep up with the world. Some
courses might be newly created in the curriculum meanwhile,
some might be modernized with new contents. In addition,
there are some ideas that core courses of the curriculum should
be standardized. With these ideas, there are approaches to
observe consistency between courses in the curriculum and
that of TQF:HEd (Thai Qualification Framework of Higher
Education) [1], [2], [3]. These approaches take contents of
each course into account and then map them into a class
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of “Body of knowledge™ by applying semantic-based and
structure-based ontology mapping. Besides, Bloom’s Taxon-
omy is applied to assess learning objectives of CS courses [4],
[5], [6]. From these approaches, each of topic of teaching
contents is considered and then its level of knowledge is
extracted and mapped to Bloom’s Taxonomy levels (i.e. i)
recall, i) comprehension, iii) application, iv) analysis, v)
synthesis and vi) evaluation, respectively). This can assist to
assess students’ performance and report difficulties of varieties
of causes hypothesized and solutions adopted. Moreover, there
is an effort to calculate similarity among teaching contents [7]
by considering career name, course name, course description
and contents to solve students’ mobility and credit validation.

From the above, focusing on checking the contents with
Thai Quality framework is quite out of date since TQF:HEd is
not updated. Moreover, one with focusing on finding similarity
among teaching contents does not focus on the computer
technology curriculum which have lots of special terminolo-
gies, reserved words and abbreviations. This may lead to
losing of focusing on the important contents that should be
considered and losing efficiency of similarity matching and
extracting similar contexts from comparing two course con-
tents. From these issues, a system, called CSCDA (Computer
Science Course Description Analysis), is introduced [8]. The
CSCDA takes two course descriptions (either on the same or
different subjects) as input. It then performs text processing
and extracts important contents (i.e. keywords) from each
course description. Next, keywords of one course description
are compared with ones from another course description
to gain similar/dissimilar contents and to calculate level of
similarity between the two course contents. These information
can help to investigate and check for redundancy, integrity,
popularity and quality of contents in the course descriptions.
However, even CSCDA can well perform in analyzing course
contents, but it still has not high precision and recall due to it
applies only lexical similarity matching. Thus, there is room
to improve the ability of the CSCDA system by considering
semantic of contents of the course description.

Thus, this paper aims to improve the efficiency of the
CSCDA by introducing a new improved system, called eC-
SCDA (efficient CSCDA). In eCSCDA, text processing pro-
cedure is revised in order to efficiently collect important
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words. Terminology detection is improved by doing twice,
once before and after word stemming & lemmatization. New
linguistic rules and their derivations are applied to accurately
extract keywords. Two synonyms corpuses are newly prepared
to consider the semantic of contents. Last, two new matching
methods are designed and applied together with two existing
matching techniques used in the CSCDA system. Experiments
were done on CS course descriptions gathered from nine Thai
universities. Then, the percentage of similar contents, preci-
sion, recall and F-measure are applied to investigate efficiency
of the proposed ¢eCSCDA in comparison with CSCDA and
Word2Vec [9]. From the results, it is shown that eCSCDA
outperforms the others on all measures.

II. RELATED WORK

Measuring the similarity of texts based on considering
words, sentences, paragraphs, and documents is an important
task. It is widely applied in many tasks of information retrieval,
automatic question-answering, machine translation, dialogue
systems, document matching, plagiarism detection, text sum-
marization, and so on. The similarity calculation is divided
into 2 groups [10] as discussed as follows.

1) Text distance—describes the proximity between two texts,
words, or phrases from the perspective of distance. There
are three categories of text distance described as follows:

Length Distance—calculates similarity from the distance

of two texts using numerical characteristics, e.g. Eu-

clidean distance, Cosine similarity, Manhattan distance,
etc.

Distribution Distance—computes similarity by investigat-

ing the distribution of texts such as JS divergence, KL

divergence, and so on.

Semantic Distance—considers distance of texts at the

semantic level.

2) Text Representation—represents the texts as numerical fea-
tures where texts can be similar in lexically or semantically.
Words in texts are lexically similar if they have the same
character sequence. Meanwhile, they are semantically sim-
ilar if they are used in the same way or same context. This
technique can be divided into 4 categories.

a) String-Based—measures similarity by considering string
sequences and character composition which consist-
ing of i) Character-Based—considers similarity between
characters e.g. editing distance, LCS (longest common
substring), and Jaro similarity; and ii) Phrase-Based—
considers similarity phrase words e.g. Jaccard and dice
coefficient.

b) Corpus-Based—uses additional information collected in

a corpus, e.g. textual feature or co-occurrence probabil-

ity, to calculate similarity e.g. distributed representation,

bag-of-words model, and matrix factorization methods.

Semantic Text Matching—determines similarity of texts

by their meaning e.g. Single semantic text matching—

and Multi-semantic document matching.

C

-

d) Graph Structure—calculates text similarity by regard-
ing links between nodes of the graph e.g. Knowledge
Graph-projects entities and relationships in the graph
into a continuous space; and Graph Neural Network—
captures dependency of the graph through message
transmission between nodes.

From the various methods mentioned above. In this re-
search, we applied String-Based (both on Character-Based and
Phrase-Based), Semantic Text Matching (Single Semantic Text
Matching), and Graph Structure (Knowledge Graph: is-a-part-
of) methods. These methods allow us to calculate similarities
between keywords from course descriptions.

III. PROPOSED SYSTEM

In this section, components and details of computation of
the proposed ¢CSCDA system are described. As in Fig. 1, the
system consists of three main procedures as follows.

A. Input and preprocessing

Before getting input, eCSCDA prior prepares three corpus
and linguistic rules for further computation. First, as in [8],
28,392 terminologies in Computer domain were gathered
from eight well-known sources and stored in terminology
corpus. Second, terminology synonym corpus is created by
considering each terminology of the terminology corpus and
then searched for synonyms from three sources i.e. Longdo
Dictionary, google translation corpus and Cambridge Dictio-
nary, respectively. Note that we also tried to consider the other
sources but most of them provide too many synonyms with
different levels of relevance with the target terminology. Third,
word synonym corpus is built by considering each word from
www.dictionary.com and then looks for its synonyms in the
same manner as above. Last, linguistic rules from [11], [12]
are applied to extract important contents which are in the form
of keywords and/or terminologies.

Next, to feed input to the eCSCDA system, two (a group
of) CS course descriptions (in English) should be in the form
of 2-tuple (s, cc) (see Fig. 2) where s is the course name, and
cc is teaching contents of the course.

B. Keyword Extraction

When any two course descriptions ¢, and ¢, (or a group
of course descriptions ¢, ¢, 41, ..., ¢,) are input, their teach-
ing contents cc, and cc, (or ccy,cCyqt,...,cc,) are first
considered. Text-processing is performed on cc, (also for
the cc,) by applying i) sentence tokenization, if) word to-
kenization, iii) lowercase conversion iv) error correction, v)
stopword removal, and vi) POS tagging, respectively. With
these processes, the teaching content cc, is divided into a set
of topics, defined as cc, = {tp1.4,tp2.4,.--,tpns}. Then,
each topic tp;, is decomposed into a sequence of words
with its tag to describe its duty in the topic, denoted as
tpie =< (W= tag), (W= tag), ..., (Wi tag) >.

Next, each n-gram of words of the topic #p; , is considered
to search for CS terminology hidden in the topic. This can help
to recognize important contents. In this procedure, terminology
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Fig. 1: The framework of the eCSCDA system

matching (comparing the n-gram with any terminology prior
collected in the terminology corpus where the n-gram is
thus grouped together and tagged as “TE” (terminology) if
it matches with a terminology) is performed twice, once
before and once after doing word stemming & lemmatization.
Last, each n-gram of words of the topic Ip; . is reconsidered
and the linguistic rules of [12] are thus applied to extract
important keywords where a keyword might be in the form
of i) Terminology, ii) Noun, iii) Adjective + Terminology, iv)
Adjective + Noun, v) Noun + Noun, vi) Noun + Terminology,
vii) Terminology + Terminology, viii) Terminology + Noun,
ix)J] + Noun + Terminology, or X) Noun + Terminology +
Terminology, respectively. After this, a list of keyword of each
topic tp; . is collected as K'Pir = {ki”"’,k;p"’ ..... EP=},
but note that in practice, each topic mostly contains only one
or two keywords.

C. Content matching

To recognize similar and dissimilar contents of ¢, and c,,
each keyword list, K'7%= of topic tp; ., extracted from previous
step, is considered. It is then compared to any keyword list
K'uw of tp,,, of course description ¢, by the four matching
techniques as follows:

1) exact matching — the keyword /*Pi= is exactly the same
as the keyword K'wwv (this also includes the case that
K'i= is equal to the paraphrase of words in K'Puv),
subset matching — the keyword K'Pi= is a subset of the
keyword K« (or K'Pi= is a superset of the keyword
K'Piw),
sub-keyword matching — a part of the keyword K¢+ is
exactly the same as a part of the keyword K«  and
semantic matching —the keyword or a part of the keyword
K™= has the same semantic as the keyword or a part
of the keyword K'P«v (Thanks to the terminology and
word synonym corpuses), respectively.

2

-

3

=

4

=

From above, if the keyword KP= match with the keyword
K'Pwv by exact or subset matching, it can be concluded that
the topic (p; , of the course description ¢, is similar to the
topic {p,, of the course description ¢,. On the other hand,
for matching on sub-keyword or semantic matching, it can be
identified that topic #p; . relates the topic tp, .

Note that if the topic #p;, matches with ¢p,, by sub-
keyword matching, the remaining words of #p; ., should be
reconsidered and compared with the remaining words of tp, ,
by semantic matching (also for semantic matching and then
sub-keyword matching). If all of both keyword lists matches
by these two cases, it can be concluded that the topic (p; , is
exactly the same as the topic #p, .

When, the keyword K'Pi= match with the keyword K'Puv
by one of the four cases above, the matching score between
¢, and ¢, is set as 1 if the matched keyword is not equal to
(or being subset of) the course name of ¢, and ¢, , calculated
as follows :

1 {3tpu,y € ¢y| K™= matches with
KtPuw Ko ¢ s K'Por ¢ 5.}
0, otherwise

match(tp; ) =

Last, after considering all topics in the course description
¢,, the percentage of similar contents between the two course
descriptions ¢, and ¢, can be calculated by

. i match(tp;
per_sim(cy, c,) = 2 inamatch(tpi.) )
n
where 7 is the number of topics in in ¢,.

D. Example

Let’s consider two course descriptions on “Probability
and Statistics” from Burapha University (BUU) and King
Mongkut’s University of Technology Thonburi (KMUTT)) as
shown in Fig. 2(a). First, the course from BUU is divided into
10 and that of KMUTT is also decomposed into 12 topics
by applying text-processing as shown in Fig. 2(b). Second,
terminologies hidden in each course description are recognized
and labeled as “TE” as shown in the red highlight of Fig. 2(c).
Third, by applying linguistic rules and their derivations, the
two words, { (‘descriptive’, ‘JJ), (’statistics’, 'TE’ )} of
the topic #1 pyy are grouped and identified as a keyword,
meanwhile, the tag of each word is still retained for matching
procedure (see Fig. 2(d)). Fourth, matching of keywords from
the course descriptions is performed, for example, the keyword
{ descriptive (JJ) statistics(TE)} of the topic ¢; i matches
with the keyword {statistics(TE)} of the topic t; xaurr by
subset matching. Then, when we look at the matched word,
{statistics(TE)} , it is a subset of course name (“Probability
and Statistics” ) where does not indicate important content.
It is then eliminated. The topic 5 gy is also matched with
t1, ko by semantic matching, but it is also eliminated
since the match keyword is a subset of the course name. For
the keyword { probability(TE) principle(NN)} of the topic
t3. puv, it matches with { probability(TE) theory(TE)} of the
topic to g prorr by two cases @ i) the word ‘probability(TE)
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Fig. 2: Example of ¢CSCDA system on considering contents of “Probability and statistics” from BUU and KMUTT
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BUU : Statistic and Probability vs Others : Statistic and Probability

TABLE I: Percentage of similar contents of ecscda against cscda, and

word2vec on all courses of BUU

60 e
/‘\ ’,\ /
55 / \ VAEN /
/ \

50 / \ 7/ N\
£ - :
2 X \
Z40 / LN 7
235 \ / A
E] v N
b - o A

i \
~ —o
% 72N
10 \\ 4N A
V
5 ¢ WV 8 i
0
oMU CU  KMITL KMUTT KU MU PSU U
Universities
#— Overall matching 4 Sub/superset matching Semantic matching

—e— Exactmatching ~ —— Sub-keyword matching

Fig‘ 3: Percentage of similar contents of ¢eCSCDA on “Probability and
istics™ course of BUU against that of others
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Fig. 4: Percentage of similar contents of ¢CSCDA against CSCDA, and
Word2Vec on “Probability and Statistics™

matched by sub-keyword matching and ii the word ‘princi-
ple(NN)” matched with ‘theory(TE)’ by semantic matching.
With these matches, it can be concluded that the topic 3 g
and to g prurr i similar. Last, after matching all topics, the
percentage of similar contents of BUU and that of KMUTT is
calculated as the number of labeled topics of BUU divided by
total number topic of BUU, computed as 1“’—0 = 0.4 (40%). On
the other hand, the percentage of similar contents of KMUTT
and BUU is the number of labeled topics of KMUTT divided
by total number topic of KMUTT, calculated as % = 0.417
(41.7%), respectively.

IV. EXPERIMENTAL RESULTS

Experiments were conducted on 550 CS course description
collected (only English part) from 9 Thai universities having
CS curriculum (i.e. Burapha University (BUU) 66 courses,
Chiang Mai University (CMU) 63 courses, Chulalongkorn
University (CU) 47 courses, King Mongkut’s Institute of Tech-
nology Ladkrabang (KMITL) 87 courses, King Mongkut’s
University of Technology Thonburi (KMUTT) 40 courses,
Kasetsart University (KU) 69 courses, Mahidol University

BUUWS) vs. Percentage of similar contents
¢CSCDA | CSCDA | Word2Vec
CMU (15) 34.82 31.09 41.28
CU (16) 28.45 21.97 48.67
KMITL (19) 32.10 25.27 48.10
KMUTT (16) 43.06 34.87 46.91
KU (20) 37.94 27.94 47.94
MU (11) 32.27 34.86 47.46
PSU (22) 35.38 26.68 51.41
TU (21) 32.27 2335 38.44
Avg 34.54 28.25 46.28

(MU) 35 courses, Prince of Songkla University (PSU) 60
courses, and Thammasat University (TU) 85 courses).

In the experiments, one teaching description must be as-
signed as an initial course description and another one (or a
group of ones) is set to be a comparable course description.
Thus, a teaching description of a course from BUU is regarded
as an initial course description and then compared with
ones (on the same course) belonging to other universities.
Four measures are applied to investigate the efficiency of
the eCSCDA system in the term of number of detection and
accuracy of matching similar/dissimilar contents defined as
i) percentage of similar contents (per_sim calculated as in
Eq. 1), ii) precisi %. iii) recall = % and
iv) F-measure = 2 X % where TP is the
number of correct matching on topics of descriptions given
by the system, F'P is the number of wrong matching, and
FN is the number of mismatching. Last, a comparative study
is conducted by comparing the eCSCDA system with other
related systems i.e. CSCDA and Word2Vec, respectively.

Fig. 3 shows the percentage of similar contents (per_sim) of
the “Probability and Statistics” course of BUU in comparison
with that of other universities. As shown in the red line, the
value of per_sim of comparing the course of BUU with another
one is between 20 and 60% of the total number of contents
of BUU (and & 45% on average). This can be inferred that
all universities have different perspectives and focuses on the
teaching contents. Moreover, the figure also indicates the level
of similar contents by the value of per_sim identified by each
matching technique. With this, there are some contents that
are described by using the same words (as shown in the
blue line, the per_sim identified by exact matching which is
~ 14 on average). Meanwhile, the most similar contents are
just related to each other as shown by the value of per_sim
recognized by subset, sub-keyword, and semantic matching.
The average of the summation of per_sim identified by these
three matching techniques is & 31% of =~ 45%. This can let
us know that the teaching contents are pretty the same but
it might be different on writing style or else which can be
further analyzed. Meanwhile, Fig. 4 illustrates the comparison
of the percentage of similar contents calculated from eCSCDA,
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TABLE II: Precision, recall, and f-measure of ecscda against cscda, and word2vec on all courses of BUU

BUUM6) vs. Precision Recall F-measure
eCDCDA CSCDA Word2Vec e¢CDCDA CSCDA Word2Vec e¢CDCDA CSCDA Word2Vec

CMU (15) 0.97 0.97 0.38 1.00 0.98 0.46 0.98 0.96 0.36
CU (16) 0.80 0.72 0.38 0.83 0.79 0.56 0.81 0.71 0.41
KMITL (19) 0.82 0.80 0.45 0.91 0.77 0.57 0.85 0.78 0.46
KMUTT (16) 0.88 0.78 0.33 0.95 0.83 0.40 0.91 0.79 0.33
KU (20) 0.91 0.85 0.32 0.95 0.88 0.51 0.93 0.86 0.35
MU (11) 0.86 0.65 0.40 0.94 0.91 0.40 0.89 0.75 0.36
PSU (22) 0.95 0.87 0.41 1.00 0.98 0.53 0.97 0.91 0.44
TU (21) 0.81 0.77 0.51 0.85 0.79 0.50 0.83 0.77 0.47
Avg 0.88 0.80 0.40 0.93 0.87 0.49 0.90 0.82 0.40

CSCDA and Word2Vec, respectively. It is shown that for some
cases ¢CSCDA has the same percentage of similar contents
as CSCDA but there are some that ¢CSCDA can give higher.
The reason is that in some cases the teaching contents are
similar only by using the same words or being subset (or
superset) of each others. On the other hand, it is also shown
that ¢CSCDA is better than Word2Vec in some cases but it
gives higher precision, recall and F-measure for all cases.

Next, Table I shows a comparative study on the percentage
of similar contents calculated by the three methods. From 66
courses from BUU, there are only 46 courses teaches by other
universities where 15 of 46 are identical with CMU, 16 with
CU, 19 with KMITL, 16 with KMUTT, 20 with KU, 11 with
MU, 22 with PSU and 21 with TU, respectively. When looking
at the results, it can be seen that teaching courses of BUU
are mostly similar to that of KMUTT (= 43% on average)
and then follow by MU (= 37%), PSU (= 34%), and so on.
On the other hand, BUU has least similar contents to CU
(= 28%) which can let us know that both universities have
a lot of different contents. It is then can be deeply analyzed
for causation of these differences such as different focuses
and/or writing styles, lack of updates, etc. Moreover, with the
looking at efficiency, it can be seen that our eCSCDA can give
a higher percentage of similar contents than CSCDA =~ 6%
on average but it can give less than Word2Vec =~ 12% on
average. This can express that eCSCDA outperforms CSCDA.
However, even though ¢CSCDA give less number of similar
contents Word2Vec than but its can give the highest values
on precision, recall, and F-measure in comparison with the
others. With all the results, it can be concluded that eCSCDA
can efficiently match similar contents hidden in the course
descriptions. Thanks to the terminology and word synonyms
corpus with the new matching techniques that can give more
similar contents.

V. CONCLUSION

In this paper, a new system, called eCSCDA (efficient
Computer Science Course Description Analysis system) is in-
troduced to improve the performance of CSCDA system for an-
alyzing the course descriptions of Computer Science courses.
In the new system, new linguistic rules and an efficient
keyword extraction technique are applied to precisely identify
important contents (i.e. keywords and/or terminologies) from a

course description. Moreover, two corpuses, terminology and
word synonyms, are settled and collected. Then, two matching
methods, semantic and sub-keyword matching, based on the
new corpuses are designed and applied to improve the task
of matching similar contents occurring in course descriptions.
From the experiments on 550 Computer Science course de-
scriptions, the results show that the new improved ¢eCSCDA
outperforms the previous related systems (i.e. CSCDA and
Word2Vec) in the terms of precision, recall, F-measure and
percentage of similar content matching, respectively.
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