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Abstract

At present, the current book-selling websites usually apply recommender systems
to recommend a book or a set of books to customers. Based on relevance, clicks, reviews
and so on. However, the recommender systems mostly focus on recommending books
that users usually view or buy together and also on books having high review rates.
This may cause failure to recommend books that cover most required contents, for

example, books related to a course description of a course students have registered.

To address on this issue, we here introduce an alternative recommender system
called Supplementary Books Suggestion system (also called SBS system for short) to
create a list of supplementary books related/relevance to a course description of a course
in computer science domain by regarding relevance between a book and a course
description. The SBS system consists of five computational steps: 1) Terminology gathering,
2) Course descriptions input, 3) Keyword extraction, 4) Relevance books searching 5)
Coverage calculation and ranking, respectively. To create a list of supplementary books
related to a course description, the number of recommended books is set to be 10, 30,
50 and 100, respectively. This can help students easily find supplementary books to read

and also may help to encourage the students doing self-learning.

Experiments on real course descriptions were conducted to investigate the
effectiveness of the SBS system in the terms of precision, recall, F-measure and average
coverage, total coverage, average uncoverage and total uncoverage of contents between

a list of supplementary books and a course description.
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2.2 nMsUszananatonuLlUaenu (Text preprocessing)

v o o w

2.3 nMsannA1g@ngy (Keyword extraction)

2.4 UIRLNMNYIUDY

2.1 s2uULuzin (Recommender system)

° = A v X A =
szUULUET (Recommender system) Wuszuufignasisiuniiediomaeyldlunis

a A 1

Annsasdanaula Wietureuandwing q Nllegidudiuiuinn dunumddglunisasiesienis

Y

=

o v | v a v v PR = v v
wuzihdeyanainn1ig Lsduveunieliauaulaaing ude yaniivunlvgy gegelvn 4

Y Y

a v oA a N

annsaihdsfeyaduiudeuinsituveuldodadiuszaniam wazamisaiiunanilsuas
Snwrgrugnaliduszuugsnanidaddidnnsednd ovivu szuvkuzidinilde
(www.goodreads.com, www.amazon.com) 5 U U wULWIAINEUAT  (www.netflix.com,
www.imdb.com) sgUUlUEUINas (www.lastfim.com www.pandora.com) hag Iz uutuzyl
3o (www.youtube com) TagASnmsfidesldlunisainasenisuugihdoyaannsaudald 3
33m15 Ieun 33n15n509iiem (Content based filtering), 35n15n38eUBYATIN (Collaborative

filtering) wag IBNSUUUNENNATY (Hybrid filtering) WARIFINNT 2-1



[ Recommender System ’

[ ]
Content-based filtering| |Collaborative filtering Hybrid filtering
technique technique technique
|
[ ]

technique filtering technique

F—‘ﬁ

[ User-based ’ [ Item—based]

[Model-based filtering] [ Memory-based ]

AN 2-1 szuunuziUszneulUmetunauisn1sig o

2.1.1 35M19n999Uaun (Content based filtering)

o ¥

c’i%ﬂ’]iﬂi@\‘iL‘ﬁ’e)‘W]Lﬁu%%ﬂ’]iﬁ%ﬂﬂi’]ﬂﬂﬁLL‘LlS‘Ll’]“U’e]Ha TA8NINTUINNAINUAAIYARIVD
‘g A wa | ¥ d‘ ¥ U U ¥ a o ad ‘:9‘; b4
Wevvseauaudfnng 9 vesleyaninaeiuiudeyaveslvlusdn nsinuresdisn1siazlv

°o v ]

auauladuillomvesdayaludidy 1wu nsasiesenisuuzdmiladenu 35n1slasinsg

a 6

Warsunilenvesnilsde, Yemilvde, Yor ues, vaanyveanilede wavdiniuiniainy

v LY v A U o A -'-NI 4 1 a v d‘
ﬂﬁ']EJﬂ‘Ll“ZJEN‘VmQﬁ@ﬂUVmﬂﬁ@W}m”ﬁLﬂﬂ@’qu@@@ LARNANNINN 2-2

Read by user

\ Similar articles

o=

Recommended
to user

NNN 2-2 YUNBUITNITNTBILUBNN



o

Wwnsnseslomndeulunisasiesenisiuzidi Ao dnsmaniminuesAdIfy 1

¥ ¥

Term Frequency/Inverse Document Frequency (TF-IDF) 1Ju3Snsnisadlunisduaudeua

Y

' [
o w o v

Tnefansanmdfyvesenals (Keyword) anuddguesiidudndiulaenssivanudffiu
7 Unnglutenansnils q wignananudrdgylaeainudvesdiy  iusinglulenansdu q dam

ANNTINYeIMAALY 3UNNTAIUMAIAINUATBIAT Y30 Term Frequency (TF; ;) uand

AIFUNTTN 1

_Jiy
i=0/k,j
Al TF;; flo ArANdvesdn k; NUTINglulenans d;
fij Al IMUIUATIVRIM k; NUTINGluenans d;
YK o frj fio IuATIvenANUTngluenas d;

AOLINITATUIUIIAIANLIILUYBIAT Inverse Document Frequency (IDF;) iioanan

o U o d‘ Q.II d{ o Y v ld‘
AnuddguesmnUsngiivlunats o wnans Fernunalansaunisn 2

N
IDF; = log— 2)
n;
MAuUAA IDF; Aa ArAnuTluuesi k;
a o y
N A9 TIUIULDNANTVIINUA
a ° & N °
n; Ao IUeNANSTIIMUATNIUIING AN k;

acs .

LazN15ISNsAWIMMANINYes TF-IDF (W ;) vesAdidsa i lutenans j uansi

qun1sn 3
M/i,j = TFi,j X IDFL (3)
MuuALA W, ; Ao Al wiinvesd k; Tuenans d;
TF;; flo ArANdves k; MUsnglulenans d;

IDF; Ae ArAuTluvesA k;



o [
v v = %4 = o

UUITN5TLABITNITATUIUNIAIANUAR 18AZIN Y (Similarity measure) T334

Y
=% o

Joyanfeglugudoya Tadunewisntedldfifiegmainuate Wy N15mAIANNARIEATILUY

U

1aleid (Cosine Similarity) LARS AN 4

n
i=1 We,io Ws,i

cos (W, wg) = @)
n 2 n 2
\[Zi=1 Wei \[Zi=1 Ws,i
mvual - W ; Ao A wlinvedly ¢ Audddey
W Ap AUMINUBLENATS S AuAdAey [
n A9 TIUIUAEIAYYIINNR

N1IMANTEEYYNITENINNUeYaRUUYATA (Euclidean Distance) Bainungfiuviindoyai

< Y [ a
VUAILAY LERINIANNITN 5

n

Dgyciidean X,Y) = Z (Xi - Yl)z (5)

i=1

Avuald - X, fie A1vestaya X Ndumia i
Y,  fe fwestoya Y idumia i

n A8 NUIUALAUIVBININUA

MImAAURSI8AGIIULUY Jaccard coefficient Sumuneiuriindeyaimiuluund

(Binary) wamsaaunisil 6
X NY|

| 6
|XUY]| (©)

J&X,Y) =

NIMAANUATOUAAY (Coverage) UWAAIRIANNTTH 7

X NY|

(7)
|X|

CX)Y) =

fvueld X fie wevesdddyiinedtesiudeya X
Y  fe wavesmddginedatesiuteya Y



v
[y v I o v = ¥

UofvesisnIsnseiient Aen1siianuddgyiuilonivesteyaidud1fny edum

o o

=

Foyaigldauls Feinstarlivszauiudgmmsliazuuunnuveu (Rating) fudeyafilsiviiis

wazley mmauamaﬁﬂéﬂm UUUAIIUYDU (Rating) NG RPUETAIIE uwauawmaﬂumwmuﬁuau

¥

o 19l agalsAmudeidevesisnisi ﬁasuaziaw wuzdN N UK g d A u il annvane

U

(Overspecialization)

2.1.217 msnsae‘uauamu (Collaborative filtering)

I3 1Y) o v aa

Aen1snsesdeyatinluitnisaiienenisiunideyanieuuiniign lagni1siansan
mnuadovesteyaniedlifiinginssulunisidendevievilandoyaiindeiuainazuuy
Anuveundliliiudeyalaense (Rating) vieUsyialunisidentevsesurudeyatiu q Landng

AW 2-3

Read by both users

il

Similar users
B

o
7

Read by her,
recommended to him!

a 3 ac ¥ 1
NNN 2-3 VUABUITNIINTDIVBLATIN

lne3snsnseatoyasinuiisenidu 2 Ussan fie 1) 35n13nseatoyasiniuuinges
(Model-based filtering) {Juign1sundeyaveldnmuniiilugiudeoya wasranduwuudnaes
dmivadrsensuugihlviudldiidnwas adrendsdu 2) FBnsnsesteyasuuuuandy

(Memory-based filtering) 1WuAsn15uTauavasdldurazAuLUS suisuINTAuAd 18 AR AU
Y 8 5 A
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v =% Y a

doyarldaudy q Nleglugmudeya FaiarsanananuedeadmselnalAssiuseninaglely
gudoya zieni1isnsnsesteyasiulnefiansandididundn (User-based Collaborative
filtering) usinansanAUAGeadmIelndiAsiusEidayalugiutoya 98138091353

nysdayasiulaefinnsandeyadumean (tem-based Collaborative filtering) fissaluil

2.1.2.1 Fmsnsasdoyasaulaeiarsangliilunen (User-based)
finsananuveuvesildlunisidenuilnaniouinisteyaiadifud ugldaud uly
Fudaya LU NIV ANUYEU n3idende ’i]’lﬂii"u%ﬁ’m’liLaaﬂiﬂ%ﬁﬁwqaﬂiiﬂﬂﬁﬁEN?TU
Adsneunniigaudninmsasmsihunemaziuuminveuestoyai 9 lnefiasanain
AlifdngAnssuiilndidssiu gavnevinisaiinensuusihdeyafinailiszduveulng

ISe9aAUAINISYINUIEINUIN MR EANARU

2.1.2.2 FEmansasdayasaulasiarsandoyaliunén (ttem-based)

#NsIANUYeUeItayaiid lfvinn1sidenuilaafiadnedudiudeyadulugudeya

[y

NduRsanteyaniianwarlunisdenuslaaiameiuuiniiaaumaienenisuuziidoya

lpgfia13UIINANTYINIUEARULANNYOUTBITBY AT AL NN IR MG AU

Tafvesisnsnseatoyasiu Asausawusiteyalinugldlavainraisunu uwe

' I Y o an ey A a caa oA v 1 1Al vy
agalsinudoidevesisnsileie 1) Welinwansalndglilnl vieteyalva glilmindigssuy
1 L v Yo o v '@ 1 o ! [ & a 1 «
asausnazdililasumsuusduazdeyalmifaglignuugdnduiu Jgymdifendn “Cold start
s a4 a el v = ' o °o g Y a % &
problem” 2) Watinmgnsaliteyaiannningtlugiudeya ilrAnanuuiuisvesdeyaiiy

Y Y

UgymiliFanin “Data sparsity problem”



11

2.1.3 A5MsuuunNaunNan (Hybrid filtering)

FBnsuvuraunaudunisrndefiveawiaisnisnsentemuaziinmansesdeyasouli
M Feaunsadiglunisvinifeadedinveisaesisnisia siliaunsoasenenisiugi

(%
Y o

aumeaiglitureuldegnsdivsednsam egnalsinudsnistsesdddeyavesduiduiuuin

lunsasiseniswuzi orvhbdnsliminensuazianududoulunisiugivigaiu F9e19

Liwngaudussuugsfiamaivddidnnsedndldfinsdafivauantivesdoya

2.2 MmsUszunanadanutUasiu (Text preprocessing)

v & % ¥ a P A
miﬂizmamasuammLiJumiLuJaqgiJmeJamﬂﬂmgiugmwwQmﬂaa NIUAIY

[ |
= =

nsoulvaulunisuseananadsdanuingau deazusenaulimisnisaaa/dselan, n1siianan

wge, NFAATIZANTNTIVDIR, M5 Tudu

2.2.1 N15AnA1/Uselem (Word/Sentence tokenization)
Y [~ gj ¥ [y} r-i; a I's 1 I
mm@‘diﬂ,ﬂﬂ LUUGUUG]@UﬂrﬁLLﬂﬂeﬂaﬂjqﬂJ@@ﬂﬂqﬂﬂu %Qﬂ’]i?LﬂiqnglfUQ‘Uiziﬂﬂlfuu
Usglopmuiien azvinsiessimundnleinsalvesusslen wasanuauysalvasnnumung

Tuduwenisdinan Wudumaunisuiesrlsenauvasuselon aanuduniiem

2.2.2 M3MInAMEA (Stop word removal)

'
[ o A Y [

) b o 1 o a L=
Juduneunisidndildddeddyeonainuselea lneiianunuievesseleanso
Fonnulilaiuasundas Amgadnazusingueslunn 9 deauniaonans deldinfmendu

Audnvuei lineatedlunisUsenanateniny uananin1sminamendiieanuuniun

WaLAlUNSUSEUIANATDAINUDNA Y
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2.2.3 M5IATHNTINNveIA1 (Part of speech tagging)
nTATEininNvesiminNvesdl Aenissey/miunthvesminuseneveglulselen

[
Y [

e o Tnihvdalalundhensal Fminvesmnwmdinguinmue 8 viin Al

A (Noun) Ao ANLUSINLNUTDAY, 4573, A9UDY, ARTUN

—_

2. Aassnuy (Pronoun) A9 AN LBLNUAIWL

o))}

3. a1ns81 (Verb) 9 ATLAAIDINITUIBNNSNTEYIIUUSEleR

o Y

9 MV veeAuny lngdunisagegin

o))}

4. Aaudnd (Adjective)

AUALELND

5. Andeiiewal (Adverb) A Miliimifvenenen verenadmi uazvenenien
Aawaliigiues

6. AN (Preposition) fio Ailduandumis Yuian fiavna anil wiouen

AUFLNUSTENINUIUNI DFTINUNAUAIDU )

7. Adus1u (Conjunction) A AAIldweNFiuA nduAmiungudn wsedsylun

[y

Auuselen

8. Agnu (Interjection) fio Amldusvenetsunl Anuianiinduluneuiy

2.2.4 MIATINANI (Stemming and lemmatization)

< a o = o aa 1% v z:l' U VY & o a Y
Lﬂumsmgﬂmmmm wIomANdANURINead1eiu Ieususwlmduaaglnu nns

% 6

v ¢ & Yaal o N a v v A o ¢ a [y Y &
‘1/1'15'1ﬂF‘i‘WVluu‘i]316(]'Jﬁﬂ’155'3U§']3Jﬂ']ﬂW1/Wlllﬂ’l’]u%mﬁﬂﬂﬁﬂﬂﬂu‘ﬁi@miﬂﬂﬁwmLG]EJ'Jﬂ‘LJI’JL‘U‘Hi’]EJﬂWi

Ly

Adne uaaldlumsiuSeudisumsindniisield gelumouisuusnenavsiedlddidernalunis

IAVNSIUATINNENA

wanaNTlunsviinTsUszianatenuUewuenaaziiion1sau q [Wunsueie Jueg

v

vUwuuteanuiidesnisinildlunisussinanasieluiluegels
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2.3 n1sanaAaAsy (Keyword extraction)

[

ndrdludunureaenaisuiounanunils o lnsdedeiiissdnuandannuddey

o

Do

v o

nsziingn wasdaau Inaluiunuitenasiounanuiu 9 erdesiuiseda Fanisseym

=b.

1Y

ANAVBIBNANTUI DUNANUILIILANTLELLIATIUNITEY ALY IBRINTU A 1 LDNEITUTD

o

o [y

UNANNTUATININANNABINTYRIE B o l Tneisn1sanaddAyuuusnludfanunsauule

4735 lown

2.3.1 MIMenEAEns (Linguistic approach)

o

Jwisnsiildesdainug vieamuaudfivsinuniwimansidiungelunisadaddifiy

Tngnsiasizvalulsyluanisienansnie q lagldudnlionsalveosnie sauien1sIas e

[y

o ¢ a L4 < v ! A vy 42” & o v & (B a o

Adni, Tasreivselen Wusu ludiuveangilaadsduiuazgnimualinusnousuyiinig
v o 1l A £ A v | =% aa dy =B v [ 1

ﬁﬂﬂﬂ’]LLﬁ3"\]311111ﬂ?iLUaUULLUaQG}’WﬂJ‘U@HaV}L‘U']S'Jﬂ“lﬁll GZN’Jﬁﬂ’]i‘L!E)'WiJﬂWﬁﬁqﬂgﬂ@@%ﬂu@ﬂ’%‘lﬂﬂﬂ

oA ° A = o & Y a q‘ Y s
LLG]%%Jmim‘mmwazLE]‘EJ@LLazfmL“LJ“LJR]%G]EN@JM’]JJLGZJEJ’JﬁlﬂiyJiumumwﬁmam

dyad s o Y1 v ad -'-ﬂl d‘ Q‘ a a
wenandIsnismenmemansanunsailulesunuisnisou 9 WalinUsgandninlu

NSANAAAIAYNINDIUU

2.3.2 35n15"19ddn (Statistical approach)

° ¢ Y aa v N

JwiBnseddnefianunsaldadifivesdoyar Geonagldadaniaiiunud niennu

[

| I3 o o w i Y Y adao aa Sa ot v
Wrazlu Tunsszymdifgyuenanaisnna o 1a lnedeffidAgyrenisnisienisussyndldle

o

9¢198a5¢ a1unsnthunldauldnainvnaleniw Bnsionsaslilalirnnnugndesnsiile

a = v aa s iaal & Y} 19 aa ! ada
LUTHUNEUNUITNITNINIHANERN S LLG]’Jﬁﬂ']ﬁuL‘Wllqgamﬂ‘UﬁquﬂlaﬂJaﬂﬂJﬁU‘uqﬂiwm NEYHNULY

Y
il Taun 1) TF-IDF 1umarsiiundnmenuadanldlunisussfiuaianudnayvesaily

L@NA1S 2) Word co-occurrences WUAIMNAIUATANNIITAUNIAINNITAATUIINAUVDIADIAITN

aginiululssleadeaiuluenansdng 9 ilusu
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2.3.3 J9N1IN19M3138U3UAAT89INT (Machine learning approach)

Juisnsfildnsseudvenaissdnaidiungae lneseudainenaisdegieiiiunldly

o w 1

nsaeuLazaslinadmIuaniadd1AyINenansing 4 F9IENIMINIsTeuiveuAIeedng

annsauvseanidu 2 Ussinnfe

2.3.3.1 Fn1sseuiuuuiigaau (Supervised learning)

Junsdeuianunseduundeyanelugadeyainiinadnsnnevisegnaedls n@dluyn

¥
)=

tayarvusznaulumedeyatinasunardeyaidmung dwsuteyamailazgniiluneinsalen

¥
= [

Taya lngiugiunsnensalainnsandndeyarwunlugateya lnawmalanldisnsiseus

LLUUﬁﬁaau lauA Naive Bayes, Support Vector Machine Husu

Y

2.3.3.2 Fn1sspuiwuulifidaau (Unsupervised learning)

Y

< d yay 1 o ¥ = =] o 1% 1A v ¢ 1 1

LﬂumiLiaugwluumimmmayjaLﬁ’mma "U\‘iillllﬂ'ﬁ"ﬂ']LLUﬂ‘U@%ﬁ’J’]@JN@@Wﬁ@S’NIi bbR)
I3 = v o 1Y Y} v o ¢ 1Y o Yo v o = v 3
Lﬂummﬂugwmmmaaﬂummamwuﬁmawmﬂa R]BU’]VLUIGUE"H‘VIUUR]’]LL‘LJﬂ‘VﬁE)LLUQ“UEJJJUaE)E]ﬂLUu

nax <

2.3.4 NI RANUTEIVIYLANIZA1Y (Domain specific approach)

o v [ v ad

2 aa A o o ¢y Y = v | = Y]
LUu’)ﬁﬂ’]i‘mu’]ﬂaﬂﬂqﬂWWIUﬁ'}a@iﬂ’]‘lﬂ;@l@l']UWU\‘]Nf]TJig'EJQﬂGﬂﬂﬂ‘U'ﬂﬁﬂqim'N‘] ‘(N"USFLGU

Uselowilunuvesesdnnusidedniiettesiumaniuiy q uazasaAnvivaiiudagie

(% 1
o w tY

UszdnSnmaasmadnslunisnissey wiseadnmdAytuRsy

<
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2.4 1UALNNYIT9

[
av a a

Tudutiagedurefsniidening1ean1enunIsLuriuilsde (Recommender system)

Tnguunisiiarsantuniswuginesnidu 5 winy lawn n1suugihwideainnisiiarsanien

Y

aseluntdede, mMsuugdmideninmislimziuuanuiouvesda, nswuzimilsdenduilles

nNshuzd e, nswuzdmisdennUseianstunidsdeveldviosayn uagnisuugi

] [y

P9 LAINITUNINTEAUNNYEAITEIU UBNANUIIDTUIEDINUITYNNLIVDINATUNITEN

[

AdReY (Keyword extraction) Ay ludl

o

2.4.1 URBMAYIT2INAIUMSUULUYLeHD (Recommender system)

2.4.1.1 nstuzinLeaaaaInnNIsNansatiannan sy luntiade

Garrido et al,, 2014a Wa@uedsn1sasneasieniseuzivedelvnulenuwsazuana 310

Y 9

auufgIuiinAeiuienidenarunAuinnsalvedeunud uvemisdeaunsayle e
lpsusemmtsdoNnsaiuauTUYDUTBILEIU MNUWIAUAAUIAU A, L. Garrido et al. 1@

UNAUDITNITAT NI TRUzUIMITERNITYN11 “ Topic Map Recommender (TMR)” Tagn1s

=

a v o ¢ v A . = Y] o a o A P ~
NWINTUIAIMUAUNUDTVDINUNED (TOpIC map) GZNaﬂﬂﬁmﬂﬁ’]@ﬁu’]ﬂ%u@a@l@ﬂﬂ’ﬁieﬂLﬂiEN@JE)

o w [ v

138n71 “TM-Gen” 198 NATUNANEAYVDIANBS UL WINTIATIETANLFUTUS Ve Iloya

o w

| Y a a ¢ 2K M vaa v o Y] °
i'lllﬂUﬂ'ﬁW"ﬂ'ﬁquVIﬂ'ﬂﬂJ'ﬁﬂim?JENEJJ@TUF"IuE]u I@EJELGU']ﬁﬂ']ﬁiﬁﬂ']u']‘lﬂUﬂT@\‘]ﬂ']ﬁ']ﬂiU (TF-IDF)

o

lumsiiseiunAaiasal Rntusign1suuzlmledevee1aLgNNTNINAUARY

YeInNUdNiusvemtitEenluluInuadmuinniIge U1 WU UaNmileaNTEUY

Y |

TMR Garrido et al,, 2014b 1 La@UsN1FAS19TUVLINUIFBNLYI1 “SOLE-R” AYINA1SNINTAN

ALY (Semantic) eaulnlad (Ontology) WarANANYUENIIANIUAIYY (Linguistic) LNl

¥
a a v & o

anunsanuzin i@l 19iusEaNs AN UBNIINUUTIVIINITNAITAUN ANUFTUNUSVRINLIFD

Y v Y

(Topic map) tevinsiuzihvilsdelviiugeunisdeaunila o
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2.4.1.2 msuuziwitldaanmslinzuuuanuilonvesanu
Linden et al,, 2003 diauaniswuziinisdeiinniivegndasiuduvesyldiuled

Amazon Tngaiideillalausnisiuzidintlsd@enieds “Item-to-ltem Collaborative Filtering” 7

(%
d In]

ziansandeyanidsdengnie vs E]Uﬂiﬁﬂ%LLuuﬂ’J’m‘ﬁﬂuﬁlﬂﬂﬁﬂsﬁﬂu%ﬁﬂ 9 TnefiansunsAY

Ly

oyantisdeilafuazuuuanuioundne o fu Weyandsdefiiansaneravsznauluse T

e

Weu MR UseinmnIenanangveaniage wagdu 9 ) F91nnsinsandananevinli

e

ANU1T0ES19RNT NI BN NDTANID AU D URATANULN Y BB UVDINTaE o NYIL 8 T

asaAumeNmidefiaaituzgngesiuiule

Chandak et al., 2015 YMaUsN1SHUSUINTIAD bALA

oM siansandayadunn 3
1 £ = ¥ Y o1 1 Adl ¥ v A 1 o o o
diuvan Ao 1) voyan1u (LU 818 LWA WazdU ¢ ) 2) voyanusde (1vu ANdIAy Ussan
wilede wazdu q) war 3) Aavwuuanudeuvedoru muainu Ingluauidedladiauessuy
nsiugidmilsdenuulauia (Hybrid book recommendation system) M19g NaNNEIUAITVINGU
FENINTUROUTD “Collaborative Filtering” way “Content-based recommendation” 52184

a v Y1 [ 1 = o v A [ v [ ~
nsiasandeyadeududmyseneuniwasmisuurimisde (Fauansunudnisiinulugun
1) AIganusaiudifin1snansTaLazannoutoidsvain1sussenaldasnis “ Collaborative
Filtering” 5@ “Content-based recommendation” tigag19Ae7 tagandunmna 3 diu
dasuazgnuenmsUsznarasendugesdiundnuazsueniiulilugiutoya wazgiudeyasau
Inlad WedsmaliAun1IAIUIULUY “ Collaborative Filtering” Lay “Content-based
recommendation” Ingann1svnasaivenaaeulsz@nsnmunazinliismnsulainisn1ssinan

° = Y 1 = a a A a X 6 vaa °
aqmqﬁﬂLLuguqﬁuﬂaaiﬂaEJ']\TNU?%ﬁVlﬁﬂ']‘W LLﬁgaﬂ{jQJ"WW‘WLﬂ@"Uuﬂ']ﬂﬂqiﬂﬁgﬂﬁmisﬁﬁﬁﬂ’]iﬂqujm

nils 9 1o
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Recommender System

Books

Hybrid l [
| l

Collaborative
Filtering
Technique

lel

Technique

Content Based ]

[+]

/

User History \

O /
) . /
User Logs in —> Get Books Get Books ]

5 Rated Viewed
1

User Details
m

2

-
=]
////
//
Rates Book
ol

A9 2-4 syuuuugdmilsdenvulauiaswiinisiasandeyaneunisde

Y

Views Book ]

2.4.1.3 mswuzinviedanduiosainnsuuzingdeu

y

tY v A

Lu & Zhang, 2015 dnauenisuuztyWeuntdsdelviungeunisdend eyl e

v v A Y f-:ll ) v a v f-:’le 3 a nl' ! « ‘é -'-NI
ﬁ']iJ'ﬁﬂﬁu‘Vi’]‘MUﬂaﬁ)sUaﬂfﬂL“UEJ‘LW]QFILLUSU’]VLW 1A891UITB RN IASAUURFIUNIN UARGWUN €]

e

e

| R =

younsasnlunseuvisdeiinasuveunasinmuniidereswlleuinuieduyey yarawmiaiil
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Phase 1: Group profile-based filtering
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ON utilizes artificial intelligence to continuously create original paintings on PCs.

Abandonware refers to software that is no longer being sold or supported by its publisher. Most
abandonware s still considered illegal to sell unless the publisher has re-released the software as freeware.

Random page
Create page

Help An abstract base class, a term used in the object oriented programming language, is

e base class from which other classes are derived.

Collaborative sites

Abstract Type { In software engineering, an abstract type is a type in a nominative type system which is declared
by the programmer, and which has the property that it contains no members which alse are not members of some
declared subtype. In many object-criented programming languages, abstract types are known as abstract base
classes, interfaces, traits, mixins, flavors, or roles. Note that these names refer to different language constructs

which are (or may be) used to implement abstract types.
ACD Canvas is a graphics, publishing, and imaging product for personal computers. Canvas

RFAUT, ne RATE far rraatina and aditina vartar Aaranhinre and nival-hacad imanae It ie 11ead farilliietratinn nana

Interaction

Community portal
Current events

Rarant rhannae

ﬂ']‘W‘V] 3-3 AIDUNAIFANILANIE TR DINITTIUTINIINTIBAITAANTLRNIEN A UATL VYU

lUsunsuuagIngIn1snauiianes 1oyaain Labautopedia
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3.2 59UTUYARIDTUIYIIEIYIMAIUINGINTABUNAADS

Turunaullainn1953U5IUANBT U185 18ITINAIUINGINITADUNUADS T9LATIUTIN

o a

ANDSUNYIIEIVINNANVIINGINITABUANADS AMEINGINITAITAUNA UNTINGREYTN RIGIk]

I Y 1

Jusegedeyasuidivesszuuiuzdmiddesunaiy Ingdeyadieiuigsieivinaula
WNITUIAD YBI18TY1 WATII8aLLAEAUDIANDS U TIEITUTULUUAWI 1N Y FININT 3-4
wansnsimiudeyamesutesein Ineduiiviudihfedufiseansinnudeyamaituadly

FutayaveIAtIeyaf1aS UYL

88627259  Data mining 3 (3-0-6)
The fundamental concepts of data mining; types of data for data mining; the
famous techniques for data mining; pattern mining and association-rule mining,

classifction, clustering, outlier analysis, anomaly detection; data mining tools

L 4

Course description database

Title Description

The fundamental concepts of data mining; types of data for
data mining; the famous techniques for data mining;

Data mining| pattern mining and association-rule mining, classifction,
clustering, outlier analysis, anomaly detection;

data mining tools

il 3-4 nsdaiudeyamesuieseinastugiudeyavesnddeyameduiesein
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3.3 N1SENAAIEIAIINAIBSUIYSI8IY

v

o

TuduneuidazesuiefaisnisannrdAgy lu115n19m19n1eAIans (Linguistic

approach) SaAUTBMINIANUTEIQLanIza1L (Domain specific approach) Fadunisi

o

ASIAENTLANENPUIMEINTABLAIARITLAAT 1 AUINTUROUN 3.1 IUszendldiieanin
mdAgylaegsiiuszd@nsnim

Lﬁ@él@ﬁ@’mﬁﬁﬂ’li%lU"aj@yja%UL“Z’JJ’l (MBS U8183Y) WINNUTEUU NSEUIUNSTANAAN

a LY ¥ % v ¥ 2

d1fgazaniunisiudeyasuid (Aesuresedn) ievlimsuividedAyigeusyly

v LY

o a a d‘ U I v U Y o a a « .. P -d! ad
ANBIUNYTIYIV NN 3-5 LEANRIDYNUVDHATULVIATIBEUIEINYIUN Data Mining Faonslu

LY o o w d’j ¥ g.’/ d‘ d‘ ! (% v
nsafnmdAgyiusznoulume 3 Tuneunidounaiu Ayl

Course description

The fundamental concepts of data mining; types of data for data mining; the famous
Data mining techniques for data mining; pattern mining and association-rule mining,
classifction, clustering, outlier analysis, anomaly detection; data mining tools

AW 3-5 fegdeyaiuiinmesuleIeiv “Data Mining”

3.3.1 mMsUszunanatonuLlaiu (Text preprocessing)
v & v & o 8 vy o a a | A a o
nsUszlanadeanulawuiiasyilideyadiasuiesigivegluguuuuniinunsey
TreulunisainrmdAguind sy nsuszananadeanuilewwulsznauluniy 4 Tunaud
Wousafu AT 3-6 wansn1sUszalanateauiiesnuIInteyafiasuigsiedvT “Data

[

Mining” HIUTUABUNY 4 TURDUNITOUADAU AIT



30

Text preprocessing

Fhe-fundamental concepts of data mining; types of data for data mining;=the-famous
techniques for data mining; pattern mining and association-rule mining,
classifction, clustering, outlier analysis, anomaly detection; data mining tools

Stop word
removal

fundamental concepts of data mining; types of data for data mining; famous
Before | techniques for data mining; pattern mining and association-rule mining,
Word error classifction, clustering, outlier analysis, anomaly detection; data mining tools

correction fundamental concepts of data mining; types of data for data mining; famous
After |techniques for data mining; pattern mining and association-rule mining,
classification, clustering, outlier analysis, anomaly detection; data mining tools

fundamental concepts of data mining.

types of data for data mining.

famous techniques for data mining.

pattern mining and association-rule mining.

classification.

clustering.

outlier analysis.

anomaly detection.

data mining tools.

(‘fundamental’, '3J"), (‘concepts’, 'NNS'), (‘of', 'IN"), (‘data’, 'NNS"), (‘'mining’, 'NN')
(‘types', 'NNS'), (‘'of', 'IN"), (‘data’, 'NNS'), (‘for, 'IN"), ('data’, 'NN'), (‘'mining’, 'NN')
(‘famous', "3J"), (‘techniques’, 'NNS'), (‘for', 'IN"), (‘'data’, 'NNS"), (‘'mining’, 'NN')
(‘pattern’, 'NN"), (‘'mining’, 'NN"), (‘and', 'CC"), (‘association-rule', 'NN"), (‘'mining’, 'NN")
(‘classification’, 'NN")

(‘clustering’, 'NN")

(‘outlier’, 'JJR"), (‘analysis', 'NN")

(‘anomaly’, '3J"), (‘detection’, 'NN")

(‘data’, 'NNS'), ('mining’, 'NN"), (‘tools', 'NNS')

Sentence
tokenization

Part of speech
tagging

a Y & Y 9 o a a « L. »
AN 3-6 ﬂ']i‘Uizlnamasﬂ@ﬁ?WNLU@QWUQ’]ﬂﬁU@Ha?‘I’]E]ﬁ‘U’]‘EJﬁ']EJ'J?ﬂ Data Mlﬂlﬂg

3.3.1.1 NM13MInAmiEA (Stop word removal)

(%
Y

Junouilazidunisdndivganis g Masduludszlen wu “the”, “a”, “an” \Judu

panluanvsglen lnsinnumneveslssleansetanulilaiufsuilas uirmeanuiauls

'
o w A 1 " a

vndagddwmelunsléindemddyiivouedlulsslon dmgafhinaulamaniufazfiansan
Tiliugniidnesnly 1w Arynum (Prepositions), AMdusu (Conjunction) L udu dae81
Uselemuu “unstructured and structured data” wileanaridfayazld “unstructured data”
uaz “structured data” asiiuldindusy “and” Mintuluusslen szaunsatiodonlosend

gouaglulslun Wielilailonvsedoyanuiuguniu
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3.3.1.2 MsuAtYAIAn (Word error correction)

Tufesureseimenaarimininiuls daiumiafinulumesuieseivnsazdes
Isunisuileligneias Fumounisuilumanasnsavinlalneiinisisesudioumiumdnily
WILYNTLNWI8NG (Dictionary) $E3E13 n-gram 1@y sIeuiisudnuseiusnglu

AfumAlunaLIN Ty NI IuNTUAlYANR

3.3.1.3 nMsaauszlea (Sentence tokenization)
Iu%gumauﬁlé’ﬁwmiLwﬂ/é]’mﬂiﬂamWﬂﬁwa%mmw%ﬂﬁasﬂugmwuﬂsﬂaﬂmwmasn

FeagyhmsiesesiaundnliennsaivesUsylen wu Wowu 7 (Full stop), “;” (Semi colon)

Hug Wonususuendensaulsylen Adfiunsuen/dausyloamaniueanaindening &

WARSLUNINT 3-6 TudIUYD9 Sentence tokenization

3.3.1.4 MyAseinthfivesd (Part of speech tagging)

Funsunsieseiniif vesrusazAlulseloanils 9 wldlaonisdnd (Word
tokenization) aenu i untaedeing 9 wagyiinisszy/mfumirivesdudazuialilud
ey lneviinfvesrudaveda i msuliludvis 9 lngussgnsiau “JJ7, “JJR”, “JJS”
nUh ARANI (Adjective), “NN”, “NNS”, “NNP”, “NNPS” y1a18da A1us (Noun), “IN”
Weds Aynun (Preposition), “CC” e Mdusu (Conjunction) 1udiu fMegren1sszy/

[y

AMAURETITDIAT UAAIFININT 3-6 Tudiuwed Part of speech tagging

o L '3

3.3.2 MITTUAANIILRNE

mMspumAdianglumesuiesedneedsnig ngaram WawSeuiisususazaily
Useloauasmimsiianenisduingnisaeufinnesilaainduneui 3.1 uansienind 3-7
fa9g199 U UseloAusnuasA1as unes183v1 “Data Mining” Ao (‘fundamental’, ‘JJ"),
(‘concepts’, ‘NNS’), (‘of’, “IN”), (‘data’, ‘NNS’), (‘mining’, ‘NN’). 21nUsz18AT 19 UA1I1
“Data” uaz “Mining” aggnsaunquiuludiin “Data Mining” 19838015 n-gram Nt

'
o ¢ 1 v o

wndseuiisuiuadnindeglupderdniamenisanuineinisaeniawmeswazszyinduy

]

v o

mdnitanie Tundazssuntnnvassndu “RW” (Reserved word) WU

]
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Termlnology detection

(‘fundamental’, "3J"), (‘concepts’, 'NNS'), (‘of’, 'IN'), (datammlng ‘RW')

(‘types', 'NNS'), (‘of', 'IN'), (‘data’, 'RW"), (‘for', 'IN'), ('data mining’, 'RW") Term"fd'og?"
i corpys .
(‘famous', 'JJ), (‘techniques’, 'NNS'), (‘for', 'IN’), (‘'data mining’, 'RW") i v v vy

(‘pattern’, 'RW'), ('mining’,'NN'), (‘and', 'CC), (assoméflb'ri:ﬁjlze::I_il_'lil:)::i'ﬁ_iiﬁi'r_iij::lil_i\—]) data mining

(‘classification’, 'NN') R g data
(‘clustering’, 'NN") pattern
NSRS, (analysis,'NNY R G > outlier
(‘anomaly, 'J'), (‘detection’, 'NN') I N~

(data mlnlng‘, 'RW'), ('tools', 'NNS'")

o v I3

AWM 3-7 NssEYMANIlaNEIINteyaiulimMesuIeseiv “Data Mining”

]

3.3.3 MITEUNgIIMEAERsuaznsUsEER I lunsanaadAgy

TUABUNITATINYNIN1IA1EAT 19 9UssgnaldnisanaedidgylagIsn1snig

o

AwANENS (Linguistic approach) LiteseudieAndnfgy

[

yiigousgluiazUszlonluusiazdedune

5183 %ﬂiuﬂ’]iﬁi’]ﬂﬂ{]ﬁ]uGlENN’mﬂﬁWﬁ]’]im’]aﬂ‘i‘%}mu‘ﬂiuI‘EJﬁﬂ]u%i’m’j’]gﬂLLUU‘?JEN‘LJi%IEJﬂI‘u

Mesureneindidnvazegislsthe 1wy sukuudssleaiiddnymum (Preposition) lAnTuINAy

o D o a = - U o o w A p 2 v ‘ﬂl

F1du  Tutsrlerasdesiimenudiiniu iileatnmadyiideusyluusslon ufu Fouls

wandaiuisaasradungdedulile delunisasrangasuuadu 2 Ussian e 1) ngnag
o L L3

AAERSTNNsNSAUAmANANIE JULUUTRINgHiasanmAnianznusingTuly

Uszleadudiduusn uagsauedniianisduauny (Noun) w3afinudny (Adjective) 7ifin

v
LY o w

Junumdnianiglulssloadeinu wag “I/l’]ﬂ?iiu‘Uﬂ’]ﬂ']ﬂiU anwmwuamgmammmam

o

o

FuFUAEN AN ELART 15197 3-1 uag 2) NI TEIEans i liia1sa s fud A

ANy ﬁiJmeJmﬂguﬁ]“Wmiﬁmmma (Noun phrase) Aafia15a1A1uI (Noun) 7iLAnT

=

[ [y

SuiumAudnY (Adjective) nisamunum (Preposition) luwsazUselen uagvinn1sseymdfay

ANV VBINYNNAAMENTIISWAUR AN IZUANIFINTIT 3-2
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No. Sentence Result
1 | (W, ..., Wh=RW’) Wo, ..., Wn
2 | Wo="‘RW’)+ (W1="‘NN’or ‘NNS’ or ‘NNP’) Wo + W1
3 | Wo=‘RW’)+ (W, ..., Wp=‘NN’ or ‘NNS’ or ‘NNP’ Wo + Wi, ..., Wh
or ‘NNPS’)
4 | (Wo="‘RW’) +(W1=°RW’)+(W2=°‘NN’ or ‘NNS’ or Wo + W1 + W>
‘NNP”)
5 | (Wo= ‘RW’) +(W1= NN’ or ‘NNS’ or ‘NNP’) + (W = Wo + Wy
‘JJ” or ‘JJR’ or ‘JJS”) + (W3 = NN’ or ‘NNS’ or ‘NNP’) W, + W3
6 | (Wo="<JJ or ‘JIR” or ‘JJS’) + (W1 =‘RW’) + (W2 = Wi + W>
‘RW’) Wo + W1 + W,
7 | (Wo="<JJ or ‘JIR” or ‘JJS’) + (W1 =‘RW’) + (W2 = Wi + W>
‘NN’ or ‘NNS’ or ‘NNP’) Wo + W1 + W;
8 | (Wo="<JJ or ‘JJR’ or ‘JIS’) +(W1="JJ or ‘JIR’ or W, + W3
‘JJS”) + (W2 =‘RW’) + (W3 = ‘NN’ or ‘NNS’ or ‘NNP’) Wo + W1 + Wo +
W3
9 | (Wo=" NN’ or ‘NNS’ or ‘NNP’) + (W1 = ‘RW’) Wo + W1
10 | (Wo="JJ or ‘JIR’ or ‘JJS*) + (W1 = ‘RW”) Wo + W1
11 | (Wo=‘RW’) + (W1 ="IN’) + (W2=‘RW’) Wo + W1 + W>
12 | (Wo="JJ or ‘JIR’ or ‘JJS”) + (W1 = ‘NN’ or ‘NNS’ or W3
‘NNP’) + (W2 =‘IN") + (W3 = ‘RW’) Wo + W3
Ws + W,
13 | (Wo="‘NN’ or ‘NNS’ or ‘NNP’) + (W1 ="‘IN") + (W2 = W2 + Wy
‘RW’) + (W3 ="IN") + (W4 = ‘RW’) Wo + Wo+ W; +
W,
14 | (Wo="JJ or ‘JJR’ or ‘JJS’) + (W1 = ‘NN’ or ‘NNS’ or W3 + W,
‘NNP’) + (W2=‘IN") + (W3 =‘RW’) + (W4 = ‘RW’) Wo + W3 + W,
W3+ Wiy + W,
15 | (Wo = ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 = ‘NN’ or ‘NNS’ W3 + W,
or ‘NNP’) + (W2 = ‘IN’) + (W3 = ‘RW’) + (W4 = ‘RW’) W3 + W4 + Wo
W3 + Wiy + W,
16 | (Wo= ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 ="‘IN") + (W2 = W, + W3 + W,
‘RW’) + (W3 =‘RW’) + (W43 = ‘RW’) W, + W3 + W, +

Wo
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M15797 3-1 SNYALVRINGNNNIAERSTIRNTANTIAUAANYILRNE (o)

No. Sentence Result
17 | Wo=‘RW’) + (W1 ="°NN’or ‘NNS’ or ‘NNP’) + (W2= | ¢ Wo+W;
‘IN’) + (W3 =‘RW’) o Wo+Wi+W,+
W3
18 | (Wo="‘NN’or ‘NNS’ or ‘NNP’) + (W1=‘IN")+(W2= | e W2+Wp
‘RW?)
19 | Wo="JJ or ‘JIR’ or ‘JJS”) + (W1 = ‘NN’ or ‘NNS’ or o Wi+ W;s+Ws
‘NNP’) + (W2 ="“IN") + (W3="RW’) + (W4 =‘RW’)+ | o W3+ Ws+ W5+
(W5 = ‘NN’ or ‘NNS’ or ‘NNP”) W1
e Wo+Ws3+ W+
W5
20 | (Wo= ‘RW’) +(W1="‘NN’or ‘NNS’ or ‘NNP’) +(W2= | e Wo+ W;
‘CC’) + (W3=‘RW’) o Ws
21 | (Wo= ‘RW’) +(W1=‘RW’)+(W2=°CC’) + (W3 = e Wo+W;
‘NN’ or ‘NNS’ or ‘NNP’) e Wo+W;
22 | (Wo= ‘RW’) +(W1="‘NN’or ‘NNS’ or ‘NNP’) + (W2 = | if Wi=Wjy:
‘CC’)+ (W3="NN’or ‘NNS’ or ‘NNP’) +(W4=‘NN" | e Wo+W;
or ‘NNS’ or ‘NNP’) o W3+ W,
23 | (Wo= ‘RW’) +(W1="‘CC’) + (W2=‘RW’) + (W3 = if Wo=Ws,:
‘NN’ or ‘NNS’ or ‘NNP’) e Wp
o Wy + W3
24 | Wo=‘RW’)+(W1=°CC’)+(W2="RW’) + (W3 = o Wo+W3
‘RW?) e W, + W3
25 | (Wo= ‘RW’) +(W1="‘CC’) + (W2=‘RW’) + (W3 = o Wo+W3
‘NN’ or ‘NNS’ or ‘NNP’) o Wo+W;
26 | (Wo= ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =‘CC’) +(W2= | e W
‘RW?) e W
27 | (Wo= ‘RW’) +(W1="‘CC’) + (W2 =‘RW’) e Wp
o W,
28 | (Wo= ‘NN’ or ‘NNS’ or ‘NNP’) + (W1=RW’)+(W2=| ¢ Wp+ W,

‘CC’) + (W3 = ‘RW’)
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M15797 3-1 SNYALVRINGNNNIAERSTIRNTANTIAUAANYILRNE (o)

No. Sentence Result
29 | (Wo="°1J or ‘JJR’ or ‘JIS’) + (W1=‘RW’) + (W2 = Wo + W1 + W>
‘NN’ or ‘NNS’ or ‘NNP’) + (W3 =‘CC’) + (W4 = ‘NN’ Wo + W1 + W,
or ‘NNS’ or ‘NNP’)
30 | (Wo= ‘RW’)+(W1="CC’) + (W2 = ‘NN’ or ‘NNS’ or Wo
‘NNP’) + (W3 = ‘NN’ or ‘NNS’ or ‘NNP’) W, + W3
31 | (Wo="°1J or ‘JJR” or ‘JIS’) + (W1="‘CC*) + (W2="JJ Wo + W3
or ‘JJR’ or ‘JIS’) + (W3 = ‘RW’) W, + W3
32 | (Wo= ‘RW’) +(W1="‘NN’or ‘NNS’ or ‘NNP’) + (W2 = Wo + W1
‘CC’)+ (W3=‘RW’) + (Ws= ‘NN’ or ‘NNS’ or ‘NNP’) W3 + W,
33 | (Wo= ‘RW’) +(W1="‘NN’or ‘NNS’ or ‘NNP’) + (W2 = Wo + W1
‘CC’) + (W3 =‘NN’ or ‘NNS’ or “NNP’) Wo + W3
34 | (Wo= NN’ or ‘NNS’ or ‘NNP’) + (W1 ="‘IN’) + (W2 = W>
‘RW?) + (W3 =CC’) + (W4 = ‘NN’ or ‘NNS’ or ‘NNP’) W, + W
W3 + W4
35 | (Wo= ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 ="‘IN") + (W2 = Ws + We + W7
‘NN’ or ‘NNS’ or ‘NNP’) + (W3 = ‘NN’ or ‘NNS’ or W, + W3
‘NNP’) + (W4 =°CC’) + (Ws="1J or ‘JJR’ or ‘JJS’) + Ws + Ws + W7 +
(Ws = ‘RW’) + (W7= ‘NN’ or ‘NNS’ or ‘NNP”) Wo
W2 + W3+ W
36 | Wo=‘RW’)+(W1="IN")+(W2=‘RW’) + (W3 = W, + W3
‘NN’ or ‘NNS’ or ‘NNP’) + (W4 =‘CC’) + (W5 = ‘NN’ Ws + W
or ‘NNS’ or ‘NNP’) + (We = ‘NN’ or ‘NNS’ or ‘NNP’) W, + W3 + Wo
Ws + W + W
37 | (Wo= NN’ or ‘NNS’ or ‘NNP’) + (W1 ="IN’) + (W2 = W + W
‘NN’ or ‘NNS’ or ‘NNP’) + (W3 = ‘CC’) + (W4 = ‘RW’) W4 + Wo
38 | (Wo= ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 = ‘NN’ or ‘NNS’ Wo + W1 + Wa +
or ‘NNP’) +(W2=°CC’) + (W3 = ‘NN’ or ‘NNS’ or Ws + W
‘NNP’) + (W4 =“IN") + (W5 = ‘RW’) + (Wg = ‘NN’ or W3+ W1+ W, +
‘NNS’ or ‘NNP”) Ws + Wsg
39 | (Wo=" NN’ or ‘NNS’ or ‘NNP’) + (W1 ="‘CC’) + (W2 = Wo+ W3 + W,y

‘NN’ or ‘NNS’ or ‘NNP’) + (W3 = ‘IN’) + (W4 = ‘RW’)

W2 + W3 + W,
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M15797 3-1 SNYALVRINGNNNIAERSTIRNTANTIAUAANYILRNE (o)

No. Sentence Result

40 | (Wo= ‘RW’) +(W1= ‘NN’ or ‘NNS’ or ‘NNP’) + (W2 = Wo + W1
‘CC’)+ (Wz="JJ or ‘JJR’ or ‘JJS’) + (W4 = ‘NN’ or W3 + W,
‘NNS’ or ‘NNP’)

41 | Wo=‘RW’) +(W1="‘CC’)+(W2=‘RW’) + (W3 = Wo
‘NN’ or ‘NNS’ or ‘NNP’) W7 + W3

42 | (Wo= ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =°‘CC’) + (W2 = Wo
‘RW’) + (W3 =‘RW’) W, + W3

43 | (Wo=‘RW’) +(W1="°CC’) +(W2="1J or ‘JJR’ or W2 + W3 + Wo
‘JIS’) + (W3 =°"NN’ or ‘NNS’ or ‘NNP’)

44 | (Wo= ‘RW’) +(W1= ‘NN’ or ‘NNS’ or ‘NNP’) + (W = Wo + W1
‘CC’) + (W3="RW’) +(Ws=‘RW’) W3 + W,

45 | (Wo = ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =‘IN") + (W2 = W, + W
‘RW?)

46 | (Wo= ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =°‘CC’) + (W2 = Wo + W3
‘JJ” or ‘JIR’ or ‘JJS’) + (W3 =‘RW’) W, + W3

47 | (Wo = ‘RW’) +(W1="IN") + (W2 =°‘NN’ or ‘NNS’ or W2 + W3 + Wo
‘NNP’) + (W3 = ‘NN’ or ‘NNS’ or ‘NNP’) + (W4 = ‘IN’) W, + W3 + W +
+ (Ws="°JJ or ‘JJR’ or ‘JJS’) + (We= ‘NN’ or ‘NNS’ or Wi + W5 + We
‘NNP”)

48 | (Wo=“JJ’ or ‘JIR’ or ‘JJS’) + (W1 = ‘NN’ or ‘NNS’ or Wo + W1
‘NNP’) + (W2="‘CC’) + (W3 = ‘NN’ or ‘NNS’ or W3 + W,
‘NNP’) + (Ws = ‘RW’)

49 | (Wo=‘RW’) +(W1="°CC’)+(W2="1J or ‘JJR’ or W2 + W3+ W,
‘JIS’) + (W3 = ‘RW’) + (W4 = ‘RW’) Wo + W3 + W,

50 | (Wo= ‘RW’) +(Wz1="‘NN’or ‘NNS’ or ‘NNP’) + (W> = Wo + Wy
‘IN*) + (W3 = ‘NN’ or ‘NNS’ or ‘NNP’) + (W4 = ‘NN’ W3 + Wi
or ‘NNS’ or ‘NNP’) Wo + W1+ W +

Ws + W4

51 | (Wo= ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =‘IN’) + (W2 = W, + W3 + W
‘RW’) + (W3 = ‘RW’)

52 | (Wo= ‘RW’) +(W1=‘RW’) + (W2 ="CC’) + (W3 ="Ir Wo + Wy
or ‘JJR’ or ‘JJS’) + (Wa=‘RW’) + (W5 =‘RW’) W3 + Wi + Ws




M15797 3-1 SNYALVRINGNNNIAERSTIRNTANTIAUAANYILRNE (o)

37

No. Sentence Result

53 | Wo="°1J or ‘JIR’ or ‘JIS’) + (W1="RW’) + (W2 = Wo + Wy
‘CC’)+ (Wz="JJ or ‘JJR’ or ‘JJS’) + (W4 = ‘NN’ or W3 + W,
‘NNS’ or ‘NNP’)

54 | Wo="°JJ or ‘JIR’ or ‘JIS’) + (W1=‘RW’) + (W2 = Wo + W1 + WS>
‘RW’) + (W3 ="CC’) + (Ws=‘RW’) + (W5 = ‘NN’ or Wo + W4 + Ws
‘NNS’ or ‘NNP’)

55 | Wo= ‘1) or ‘JIR” or ‘JJS’) + (W1 =CC’) + (W2 = "I W2 + W3 + W,
or ‘JJR” or ‘JIS’) + (W3 =‘RW’) + (W4 = ‘NN’ or ‘NNS’ Wo + W3 + W,
or ‘NNP’)

56 | (Wo= ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 ="‘IN’) + (W2 = W, + W3 + W
‘RW?) + (W3 = ‘NN’ or ‘NNS’ or ‘NNP’)

57 | (Wo= ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =‘CC’) + (W2 = Wo + W4 + Ws
‘JJ’ or ‘JJR’ or ‘JJS’) + (W3 = ‘NN’ or ‘NNS’ or ‘NNP”) W, + W3 + W, +
+ (W4 =°“IN’) + (W5 = ‘RW?) W5

58 | (Wo= ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =‘IN’) + (W2 = W2 + Wy
‘RW?) + (W3 ="IN") + (Wa=‘RW’) + (W5 = ‘NN’ or W, + Wo+ W3 +
‘NNS’ or ‘NNP”) Wi+ W5

59 | (Wo= ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =‘IN’) + (W2 = W2 + W3 + Wo
‘RW’) + (W3 =‘RW’) + (Ws=‘CC’) + (W5 =‘RW’) + Ws + Ws + Wo
(We = ‘RW’)

60 | (Wo="‘JJ or ‘JJR’ or ‘JJS’) + (W1 = ‘NN’ or ‘NNS’ or Wo + W1
‘NNP’) + (W2 =‘IN") + (W3 = ‘RW’) + (W4 = ‘RW’) W3 + W,

61 | (Wo= ‘RW’) +(W1=‘RW’) +(W2=°‘NN’ or ‘NNS’ or Wo + W1+ WS>
‘NNP?) + (W3 = ‘CC’) + (W4 = ‘NN’ or ‘NNS’ or Wo + W1 + Wi
‘NNP”)

62 | (Wo= ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 ="IN’) + (W2 = W2+ W3 + Wy
‘RW’) + (W3 =°"NN’ or ‘NNS’ or ‘NNP’)

63 | (Wo= ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 ="IN’) + (W2 = W + W
‘RW’)

64 | (Wo= ‘1) or ‘JIR’ or ‘JIS’) + (W1=‘RW’) + (W2 = Wo + Wi+ W,
‘RW’)

65 | (Wo=‘RW’) + (W1 = ‘RW’) + (W2 = ‘NN’ or ‘NNS’ or Wo + Wi+ W, +
‘NNP’) + (W3 = ‘NN’ or ‘NNS’ or ‘NNP’) W3
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66 | (Wo= ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 ="‘IN") + (W2 = W, + W3 + W, +
‘RW?) + (W3 = ‘NN’ or ‘NNS’ or ‘NNP’) + (W4 = ‘NN’ Wo
or ‘NNS’ or ‘NNP’)

67 | (Wo= ‘RW’)+(W1="‘RW’)+(W2=°NN’ or ‘NNS’ or Wo + W1+ W
‘NNP”)

68 | (Wo= ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =‘RW’) + (W2 = Wo + Wi+ W>
‘NN’ or ‘NNS’ or ‘NNP’)

69 | (Wo= ‘RW’) +(W1="IN") + (W2 =‘RW’) Wo + W1+ W

70 | (Wo= ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 ="‘IN") + (W2 = W, + W3 + W
‘JJ> or ‘JJR’ or ‘JJS’) + (W3 =‘RW’) + (W4 =CC’) + Ws + Wo
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)

71 | (Wo= ‘RW’) +(W1="‘CC’) + (W2 = ‘NN’ or ‘NNS’ or Wo + W3 + W,
‘NNP’) + (W3 =‘IN") + (W4 = ‘RW’) W, + W3 + W,

72 | Wo=‘RW’) +(W1="IN") + (W2=‘RW’) + (W3 = Wo + Wi+ Ws +
‘RW”) W3

73 | Wo= 1) or ‘JIR’ or ‘JIS’) + (W1=‘RW’) + (W2 = Wo + Wy + Ws +
‘CC’)+ (Wz="1J or ‘JJR’ or ‘JIS’) + (Ws=‘RW’) + Ws
(Ws="IN") + (Wes = ‘RW’) Ws + W4 + Ws +

Ws

74 | Wo= ‘RW’) +(W1="IN")+ (W2="°]J or ‘JIR’ or Wo + W1+ W7 +
‘JIS?) + (W3 = ‘RW’) W3

75 | Wo= ‘RW’) +(W1=°‘CC’)+(W2="]J or ‘JIR’ or Wo + W3
‘JJIS”) + (W3 =°"NN’ or ‘NNS’ or ‘NNP’) W, + W3

76 | (Wo= ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =‘RW’) + (W2 = Wo + W1
‘CC°) + (W3 =‘RW’) Wo + W3

77 | Wo= ‘RW’) +(W1=°‘CC’) +(W2="°]) or ‘JIR’ or W2 + W3 + W,
‘JIS”) + (W3 ="°"NN’ or ‘NNS’ or ‘NNP’) + (W4 = ‘NN’ Wo + W3 + W,
or ‘NNS’ or ‘NNP’)

78 | (Wo= ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =‘IN’) + (W2 = W + Wo
‘RW’) + (W3 =‘CC’) + (W4 ="“1J or ‘JJR’ or ‘JIS’) + Wi + W5 + We +
(Ws = ‘RW’) + (Ws= ‘NN’ or ‘NNS’ or ‘NNP’) Wo

79 | Wo= ‘RW’) + (W1=‘CC’) + (W2 =‘RW’) Wo
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80 | (Wo= NN’ or ‘NNS’ or ‘NNP’) + (W1=‘CC’)+(W2= | ¢ W
‘RW’) e W

81 | (Wo= ‘RW’)+(W1="IN")+ (W2=‘RW’) + (W3 = o Wo+Wi+W;y+
‘RW”) W3

82 | (Wo= ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =‘CC’) + (W2 = | if Wo=Wo>:
‘RW’) + (W3 = RW’) + (Was= ‘NN’ or ‘NNS’ or e Wo
‘NNP’) o Wor+ W3+ W,

83 | (Wo= ‘RW’)+(W1=‘RW’)+(W2=‘RW’) + (W3 = o Wo+Wi+W;y+
‘NN’ or ‘NNS’ or ‘NNP’) + (W4 = ‘CC’) + (Ws = ‘NN’ W3
or ‘NNS’ or ‘NNP’) o Wo+Wi+W,+

Ws

84 | (Wo= ‘RW’)+(W1="‘NN’or ‘NNS’ or ‘NNP’) +(W2=| e Wo+ Wi+ W2+
‘IN’) + (W3="RW’) + (Ws=‘RW’) W3 + W,

85 | (Wo=" NN’ or ‘NNS’ or ‘NNP’) + (W1 ="IN)+(W2= | e W2+ Wy
‘NN’ or ‘NNS’ or ‘NNP’) + (W3 ="‘CC’)+(W4=‘RW’) | ¢ Wi+ W,

86 | (Wo="1J or ‘JJR’ or ‘JJIS’) + (W1 =‘NN"or ‘NNS’or |e W3+ W;
‘NNP’) + (W2 =‘IN") + (W3 = ‘RW’) o Wo+W;3

87 | (Wo="°1J or ‘JJR’ or ‘JIS’) + (W1=‘RW’) + (W2 = e Wo+Wi+W>
‘NN’ or ‘NNS’ or ‘NNP”)

88 | (Wo=" NN’ or ‘NNS’ or ‘NNP’) + (W1 ="IN)+(W2= | e W2+ Wy
‘RW’) + (W3 =CC’) +(Ws="JJ or ‘JJR’ or ‘JJS’) + o Wi+ Ws+ W+
(Ws=‘RW’) + (We= ‘NN’ or ‘NNS’ or ‘NNP”) Wo

89 | (Wo=" NN’ or ‘NNS’ or ‘NNP’) + (W1 =‘CC’)+(W2= | e Wo+ W3+ W,
‘NN’ or ‘NNS’ or ‘NNP’) + (W3 =‘IN") +(Wa=‘RW’) | e W+ Ws+W,

90 | (Wo=‘RW’)+(W1= ‘NN’ or ‘NNS’ or ‘NNP’) o Wo+W;

91 | Wo="°JJ or ‘JIR’ or ‘JIS’) + (W1=‘RW’) + (W2 = o Wo+Wi+W,+
‘IN’) + (W3 = ‘RW”) Wi

92 | (Wo= ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =°“IN’) + (W2= | e W2+ W3+ Wp
‘RW?) + (W3 = ‘NN’ or ‘NNS’ or ‘NNP’)

93 | Wo= ‘RW’) +(W1="‘NN’or ‘NNS’ or ‘NNP’) +(W2=|e Wo+Wi+W>+
‘IN’) + (W3 ="1J or ‘JJR’ or ‘JIS’) + (W4 = ‘RW”) W3 + W,

94 | Wo= ‘RW’) +(W1="‘IN") + (W2="°]J or ‘JIR’ or e Wo+Wi+W;+
‘JIS?) + (W3 ="1J or ‘JJR’ or ‘JIS’) + (W4 = ‘RW’) W3 + W,
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95 | (Wo= ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 = ‘NN’ or ‘NNS’ Wy + W,
or ‘NNP’) + (W2=‘CC’) + (W3 =‘RW’) + (W4 = ‘RW’) W3 + W,

96 | (Wo= ‘RW’) +(W1="‘NN’or ‘NNS’ or ‘NNP’) + (W2 = Wo + Wy
‘CC’) + (W3 =‘NN’ or ‘NNS’ or ‘NNP’) Wo + W3

97 | (Wo= ‘RW’) +(W1="‘RW’) +(W2=‘NN’ or ‘NNS’ or Wo + W1+ W
‘NNP”)

98 | (Wo= ‘RW’) +(W1="‘NN’or ‘NNS’ or ‘NNP’) + (W2 = Wo + W1+ W
‘NN’ or ‘NNS’ or ‘NNP’) + (W3=‘CC’) + (W4 =‘NN’ Wo + W1+ W,
or ‘NNS’ or ‘NNP’)

99 | (Wo= ‘RW’) +(W1="‘NN’or ‘NNS’ or ‘NNP’) + (W2 = Wo + Wy
‘CC’) + (W3 =°‘RW’) Wo + W3

100 | (Wo=‘RW’) +(W1= ‘NN’ or ‘NNS’ or ‘NNP’) + (W2 = Wo + W1
‘CC’)+ (W3=‘RW’) + (Ws=‘RW’) Wo + W3 + W,

101 | (Wo= ‘RW’) + (W1 ="IN") + (W2=‘RW’) + (W3 = Wo + W1+ W5 +
‘RW?) + (W4 = ‘NN’ or ‘NNS’ or ‘NNP’) W3 + W,

102 | (Wo=‘RW’) +(W1= ‘NN’ or ‘NNS’ or ‘NNP’) + (W = Wo + W1+ W,y +
‘CC’) + (W3 =‘NN’ or ‘NNS’ or ‘NNP’) + (W4 ="IN") Ws + W
+ (W5 = ‘RW’) + (We= ‘NN’ or ‘NNS’ or ‘NNP”) W3 + Wi + Ws +

We

103 | (Wo = ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =°‘CC’) + (W2 = Wo + W3
‘NN’ or ‘NNS’ or ‘NNP’) + (W3 = ‘RW?) W, + W3

104 | (Wo=“JJ’ or ‘JIR’ or ‘JJS’) + (W1 = ‘NN’ or ‘NNS’ or Wo + W1
‘NNP’) + (W2 =CC’) + (W3 =‘RW’) Wo + W3

105 | (Wo= ‘RW’) + (W1 ="IN") + (W2 =‘RW’) + (W3 = Wo + W1+ W; +
‘NN’ or ‘NNS’ or ‘NNP”) W3

106 | (Wo = ‘RW’) + (W1 =‘CC’) + (W2 = ‘RW’) + (W3 = Wo
‘RW?) W, + W3

107 | (Wo=‘RW’) + (W1 =‘CC’) + (W2 = ‘NN’ or ‘NNS’ or Wo
‘NNP”) W,

108 | (Wo = ‘RW’) + (W1= ‘NN’ or ‘NNS’ or ‘NNP’) + (W> = Wo + W,
‘CC’)+ (W3 ="RW’) + (W4 = ‘NN’ or ‘NNS’ or ‘NNP’) W3 + W,
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109 | (Wo=‘RW’) +(W1="JJ" or ‘JJR’ or ‘JJIS’) + (W2 = W1+ W, + W3
‘NN’ or ‘NNS’ or ‘NNP’) + (W3 = ‘RW’) + (W4 = ‘IN’) Wo + W1+ W, +
+ (Ws="°JJ or ‘JJR’ or ‘JJS’) W3 + W + Ws

110 | (Wo=‘RW’) +(W1="JJ or ‘JJR’ or ‘JIS’) + (W2 = Wi+ W, + W3 +
‘NN’ or ‘NNS’ or ‘NNP’) + (W3 = ‘RW’) + (W4 = W4
‘RW’) + (W5 =“IN") + (We = ‘RW’) Wo + W1+ W, +

W3 + W4+ Ws +
Ws

111 | (Wo = ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =‘IN’) + (W2 = W2 + W3 + Wy
‘RW?) + (W3 = ‘NN’ or ‘NNS’ or ‘NNP’) + (W4 =CC’) Ws + Ws + Wo
+ (W5 =‘RW’) + (Ws = ‘NN’ or ‘NNS’ or ‘NNP’)

112 | (Wo=‘RW’) + (W1 =‘CC’) + (W2 ="NN’ or ‘NNS’ or Wo
‘NNP’) + (W3 = ‘NN’ or ‘NNS’ or ‘NNP’) W + W3

113 | (Wo = ‘RW’) + (W1 = ‘RW’) + (W2 = ‘NN’ or ‘NNS’ or Wo + W1+ W>
‘NNP’)

114 | (Wo = ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =°‘CC’) + (W2 = Wo
‘RW?) W>

115 | (Wo=JJ’ or ‘JIR’ or ‘JJS’) + (W1 =‘RW’) + (W2 = Wo + W1+ W>
‘NN’ or ‘NNS’ or ‘NNP’) + (W3=‘CC’) + (W4 =‘RW”’) + Wi+ Ws
+ (W5 = ‘NN’ or ‘NNS’ or ‘NNP”)

116 | (Wo=“JJ’ or ‘JIR’ or ‘JJS’) + (W1 =‘RW’) + (W2 = Wo + W1+ W; +
‘NN’ or ‘NNS’ or ‘NNP’) + (W3 = ‘NN’ or ‘NNS’ or W3
‘NNP’)

117 | (Wo=JJ’ or ‘JIR’ or ‘JJIS’) + (W1 = ‘NN’ or ‘NNS’ or Ws + W3
‘NNP’) + (W2 =CC’) + (W3 = ‘NN’ or ‘NNS’ or Ws + W1
‘NNP’) + (W4 ="°IN’) + (W5 = ‘RW’) Wo + W5

118 | (Wo = ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =°‘CC’) + (W2 = Wo + W4
‘RW’) + (W3 =‘RW’) + (W4 = ‘NN’ or ‘NNS’ or W, + W3 + W,
‘NNP’)

119 | (Wo=“JJ’ or ‘JIR’ or ‘JJS’) + (W1 =‘RW’) + (W2 = Wo + W1+ W
‘NN’ or ‘NNS’ or ‘NNP’) + (W3 = ‘CC’) + (W4 = ‘NN’ Wo + W1 + W,

or ‘NNS’ or ‘NNP’)
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120 | (Wo = ‘RW’) + (W1 =‘RW’)+ (W2=‘NN’or ‘NNS’or |e Wo+Wi+W;+
‘NNP’) + (W3 = ‘NN’ or ‘NNS’ or ‘NNP’) W3
121 | (Wo= ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =°IN)+(W2= |e W
‘RW’) + (W3 ="CC’) + (Ws= ‘NN’ or ‘NNS’ or ‘NNP’) | e W, + W,
e Wr+W,
122 | (Wo = ‘RW’) + (W1 = ‘NN’ or ‘NNS’ or ‘NNP’) + (W2= | e W+ W;
‘JI or ‘JJJR or ‘JJS’) + (W3 =°NN’or ‘NNS’ or ‘NNP*) | e W, +W;
123 | (Wo=JJ’ or ‘JJR’ or ‘JJS’) + (W1 = ‘NN’ or ‘NNS’ or o W3+ W,

‘NNP’) + (W2 =“IN’) + (W3 =‘RW’) + (W4 = ‘RW’)

° W0+W3+W4
o Wi+ Ws+W;

124 | (Wo = ‘RW’) + (W1 =‘IN’) + (W2 = ‘RW’) e Wo+Wi+W;
125 | (Wo = ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =‘IN’)+ (W2= | e W+ Wy
‘RW’) + (W3 ="IN") + (W4 = ‘RW’) e Wo+Wo+Ws+
W,
126 | (Wo=JJ’ or ‘JIR’ or ‘JIS’) + (W1=‘RW’) + (W2 = if Wy =Ws:
‘NN’ or ‘NNS’ or ‘NNP’) + (W3="CC) +(W4=‘NN" | e Wo+ W1+ W,
or ‘NNS’ or ‘NNP’) + (Ws= ‘NN’ or ‘NNS’ or ‘NNP’) e Wi+ Ws
127 | (Wo = ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 ="‘NN’or ‘NNS’ e Wo+W;
or ‘NNP’) + (W2 =‘IN’) + (W3 = ‘RW”’) o Ws

128

(Wo = NN’ or ‘NNS’ or ‘NNP*) + (W1 ="IN") + (W2 =
RW?) + (W3 = RW) + (Ws = RW")

e Wor+Ws+ W,
o Wo+Ws3+Wy+
Wo

129

(Wo=“JJ or ‘JJR’ or ‘JJS’) + (W1 = ‘NN’ or ‘NNS’ or
NNP’) + (W2 = ‘RW’)

e Wo+Wi+W>

130 | (Wo=“JJ or ‘JIR’ or ‘JIS’) +(W1="JJ or ‘JIR’ or e Wo+Wi+Wy+
‘JJS*) + (W2 = ‘NN’ or ‘NNS’ or ‘NNP”) + (W3 = ‘RW’) Ws

131 | (Wo = ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =‘RW’)+(W2= | e W+ W;

‘CC*) + (W3 = ‘RW’) + (W4 = ‘NN’ or ‘NNS’ or ‘NNP*) | e W5+ W,

132 | (Wo=°‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =“IN") + (W2= | e Ws+Ws+ W5
‘NN’ or ‘NNS’ or ‘NNP’) + (W3 = ‘NN’ or ‘NNS’ or o W, + W3
‘NNP’) + (W4=‘CC*)+(Ws=I or ‘JJR’or ‘JIS’)+ | & Ws+Ws+W;+
(Ws = ‘RW’) + (W7 = ‘NN’ or ‘NNS’ or ‘NNP”) Wo

o W+ W3+ W,
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133 | (Wo= ‘RW’) + (W1="IN") + (W2 =‘RW’) + (W3 = o W+ W3
‘NN’ or ‘NNS’ or ‘NNP’) + (W4=‘CC’) +(Ws=‘RW’) | ¢ W5+ W;s
+ (Ws = ‘NN’ or ‘NNS’ or ‘NNP”) e Wy +Ws+ W

o W5+ Ws+ W,

134 | (Wo= ‘RW’) + (W1=‘RW’) +(W2=°CC’) + (W3 = e Wo+W;
‘RW’) e Wo+W;3

135 | (Wo = ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 = ‘NN’ or ‘NNS’ | ¢ Wo+ W1+ W,
or ‘NNP’) + (W2 =‘RW”)

136 | (Wo = “JJ’ or ‘JIR’ or ‘JIS’) + (W1= ‘RW’) + (W2 = if Wo =W, :
‘NN’ or ‘NNS’ or ‘NNP’) + (W3 ="CC) +(W4=‘NN" | e Wo+W1+W>
or ‘NNS’ or ‘NNP’) e Wo+ Wi+ W,

137 | (Wo= ‘RW’) +(W1= ‘NN’ or ‘NNS’ or ‘NNP’) +(W2= | e Wo+ W;
‘IN’) + (W3 ="JJ or ‘JJR’ or ‘JIS’) + (Wa= ‘RW’) + o W3+ W4+ Ws
(W5 = ‘NN’ or ‘NNS’ or ‘NNP’)

138 | (Wo=“JJ’ or ‘JJR’ or ‘JJS’) + (W1 = ‘NN’ or ‘NNS’ or e Wo+W;
‘NNP’) + (W2 =‘IN") + (W3 ="“JJ" or ‘JIR’ or ‘JJS*) + e W3+ W,
(W4 =°NN’ or ‘NNS’ or ‘NNP’) + (Ws=‘CC*) +(Ws= | &« Wo+ W1+ Ws
‘RW?) o Wi+ Ws+Ws

139 | (Wo = ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =‘IN’) + (W2= | e W2+ W3+ Wp
‘JJ> or ‘JJR’ or ‘JJS’) + (W3 ="‘NN’ or ‘NNS’ or ‘NNP’) | e Wi+ W,
+ (Wi =CC*) + (W5 = ‘RW’)

140 | (Wo = ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 = ‘NN’ or ‘NNS’ | ¢ W+ W71+ W5+
or ‘NNP’) + (W2 = ‘CC’) + (W3 =JJ or ‘JIR’ or ‘JIS*) Ws + W5
+ (W3 =NN’or ‘NNS’ or ‘NNP’) + (Ws=“IN")+(We | e W3+ W4+ Ws+
= ‘RW’) + (W7= NN’ or ‘NNS’ or ‘NNP’) We + W7

141 | (Wo = ‘RW’) + (W1 =‘CC’) + (W2="NN’or ‘NNS  or | e Wo+ Wy
‘NNP’) + (W3 = ‘NN’ or ‘NNS’ or ‘NNP’) + (W4 = o Wor+Ws3+W,
‘RW*)

142 | (Wo="<JJ" or ‘JJR’ or ‘JJS’) + (W1 ="CC*)+ (W2="J]" | e Wo+ W3+ W,
or ‘JJR’ or ‘JJS’) + (W3 = ‘NN’ or ‘NNS’ or ‘NNP’) + e Wo+Ws+W,
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143 | (Wo = ‘RW’) + (W1=‘RW’) + (W2 = ‘NN’ or ‘NNS’ or Wo + W1 + W>
‘NNP’) + (W3 ="‘CC’) + (W4 = ‘RW’) + (W5 = ‘NN’ or Wz + Ws + We
‘NNS’ or ‘NNP’) + (Ws= ‘NN’ or ‘NNS’ or ‘NNP”)

144 | (Wo = ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =°‘CC’) + (W2 = Wo + W3+ Wy +
‘NN’ or ‘NNS’ or ‘NNP’) + (W3 =‘IN") + (W4 =“JJ or Ws
‘JJIR’ or ‘JJS’) + (Ws=‘RW’) W2 + W3+ W, +

W5

145 | (Wo = “JJ’ or ‘JIR’ or ‘JJS’) + (W1 =‘RW’) Wo + W,

146 | (Wo= ‘RW’) + (W1=‘RW’) + (W2 = ‘NN’ or ‘NNS’ or Wo + W1 + WS>
‘NNP’) + (W3 ="‘CC’) + (W4 = ‘NN’ or ‘NNS’ or Wi + Ws
‘NNP’) + (Ws= ‘NN’ or ‘NNS’ or ‘NNP’)

147 | (Wo=“JJ’ or ‘JIR’ or ‘JJS’) + (W1 =‘RW’) + (W2 = Wo + W1 + W
‘RW’) + (W3 =CC’) + (W4 = ‘RW’) Wo + W1 + W,

148 | (Wo = ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =‘IN’) + (W2 = W2+ W3+ Wy
‘NN’ or ‘NNS’ or ‘NNP’) + (W3 = ‘RW?)

149 | (Wo = ‘RW’) + (W1 =‘RW’) + (W2 =‘CC’) + (W3 = Wo + W,

‘RW’) + (W4 = ‘RW’) W3 + W,

150 | (Wo = ‘RW’) + (W1 =‘RW’) + (W2 =‘RW’) Wo + W1 + W>

151 | (Wo=“JJ’ or ‘JIR’ or ‘JJS’) + (W1 ="IN") + (W2 = Wo + W2+ W3
‘RW?’) + (W3 = ‘RW’)

152 | (Wo = ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =‘IN’) + (W2 = W2+ W3+ Wy
‘JJ” or ‘JIR’ or ‘JJS’) + (W3 = ‘RW’)

153 | (Wo=“JJ’ or ‘JJR’ or ‘JIS’) + (W1 ="JJ or ‘JIR’ or Wo + W1 + W>
‘JIS*) + (W2 =‘RW’)

154 | (Wo= <)) or ‘JIR’ or ‘JIS’) + (W1 = ‘RW’) + (W2 = Wo + W1+ W7 +
‘RW’) + (W3 =°"NN’ or ‘NNS’ or ‘NNP’) W3

155 | (Wo = ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 = ‘IN’) + (W2 = W + W
‘RW?)

156 | (Wo = ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 = ‘NN’ or ‘NNS’ W, + W3
or ‘NNP’) + (W2 = ‘RW’) + (W3 = ‘RW’) Wo + W1+ W7 +

W3
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M15797 3-1 SNYALVRINGNNNAERSTIRNTANTIAUAANYILRNE (f0)

No. Sentence Result

157 | (Wo = ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =‘IN") + (W2 = W2 + W3+ W, +
‘RW’) + (W3 = ‘RW’) + (Ws= ‘NN’ or ‘NNS’ or Wo
‘NNP”)

158 | (Wo=JJ’ or ‘JJR’ or ‘JJS’) + (W1 ="‘CC’) + (W2 ="JJ Wo + W3 + W,
or ‘JJR’ or ‘JIS’) + (W3=‘RW’) + (W4 = ‘RW’) Wy + W3 + W,

159 | (Wo=“JJ’ or ‘JIR’ or ‘JJS’) + (W1 =‘RW’) + (W2 = Wo + W;

‘NN’ or ‘NNS’ or ‘NNP’) + (W3 = ‘RW?’) W + W3

160 | (Wo = ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =‘IN’) + (W2 = W2 + W3+ W, +
‘JP or ‘JIR’ or ‘JIS’) + (W3 = ‘RW’) + (W4 = ‘RW’) Wo

161 | (Wo=“JJ’ or ‘JIR’ or ‘JJS’) + (W1 ="IN") + (W2 = Wo + W>
‘RW?)

162 | (Wo= ‘RW’) + (W1="CC’) + (W2="JJ or ‘JIR’ or Wo
‘JIS’) + (W3 = ‘RW’) W2 + W3

163 | (Wo= ‘RW’) + (W1="‘CC’) + (W2=‘RW’) + (W3 = Wo + W3 + W,y
‘NN’ or ‘NNS’ or ‘NNP’) + (W4 = ‘NN’ or ‘NNS’ or W7 + W3 + Wy
‘NNP”)

164 | (Wo=JJ’ or ‘JJR’ or ‘JJS’) + (W1 = ‘NN’ or ‘NNS’ or W3 + W4 + Wy
‘NNP’) + (W2 ="“IN") + (W3 = ‘RW’) + (W4 =‘NN’ or Wo + W3 + Wy
‘NNS’ or ‘NNP”)

165 | (Wo=“JJ’ or ‘JIR’ or ‘JIS’) + (W1="JJ or ‘JIR’ or W2 + W3 + W,
‘JIS’) + (W2 = ‘RW’) + (W3 = ‘RW’) + (W4 = ‘NN’ or Wo + W1+ W3 +
‘NNS’ or ‘NNP”) W3 + W,

166 | (Wo=“JJ’ or ‘JJR’ or ‘JJS’) + (W1 = ‘NN’ or ‘NNS’ or W, + W3
‘NNP’) + (W2 =‘RW’) + (W3 =‘RW?’) Wo + W1+ W3 +

W3

167 | (Wo= ‘RW’) + (W1 =‘RW’) + (W2 =‘RW’) + (W3 = Wo + W1 + W,
‘CC°) + (Ws=RW’) + (W5 = ‘RW’) Wi + Ws

168 | (Wo= ‘RW’) + (W1=‘RW’) + (W2 = ‘NN’ or ‘NNS’ or Wo + W1 + W
‘NNP’) + (W3 = ‘CC’) + (W4 = ‘NN’ or ‘NNS’ or Wo + W1 + W,
‘NNP”)

169 | (Wo= ‘RW’) + (W1 =‘RW’) + (W2 =‘RW’) + (W3 = Wo + W1 + W,
‘CC’) + (Wa = RW’) + (Ws = ‘NN’ or ‘NNS’ or ‘NNP’) Wo + Wa + Ws
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M15797 3-1 SNYALVRINGNNNIAERSTIRNTANTIAUAANYILRNE (o)

No. Sentence Result

170 | (Wo=‘RW’) + (W1 = ‘NN’ or ‘NNS’ or ‘NNP’) + (W2 = Wo + W1+ Ws +
‘CC’)+ (Wz="JJ or ‘JJR’ or ‘JJS’) + (W4 = ‘NN’ or We + W5
‘NNS’ or ‘NNP’) + (W5 ="IN") + (Ws = ‘RW’) + (W7 = W3+ W4+ Ws +
‘NN’ or ‘NNS’ or ‘NNP”) We + W+

171 | (Wo = ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 =‘IN’) + (W2 = Wz + W3 + Wy

‘RW’) + (W3 = ‘RW?’)




M1397 3-2 SNYazTRINgVNNTAmERsTIIRasaNsmAumEnTianIy

a7

No. Sentence Result

1 | (Wo, ..., Wa="NN’or ‘NNS’ or ‘NNP’ or ‘NNPS”) e Wy, ..., W

2 | (Wo="<JJ or ‘JIR or ‘JJIS’) + (W1, ..., Wn= ‘NN’ or e Wo+Wy, .., Wy
‘NNS’ or ‘NNP’ or ‘NNPS’)

3 | (Wo="‘NN’ or ‘NNS’ or ‘NNP’ or ‘NNPS’) + (W1= e Wo+W:i+W;
‘IN”) + (W2 =‘NN’ or ‘NNS’ or ‘NNP’ or ‘NNPS’) + e Wo+Wz3+W,
(W3z=“IN") + (W4 = ‘NN’ or ‘NNS’ or ‘NNP’ or
‘NNPS”)

4 | (Wo="°NN’ or ‘NNS’ or ‘NNP’ or ‘NNPS’) + (W1 = e Wo+W;

‘NN’ or ‘NNS’ or ‘NNP’ or ‘NNPS’) + (W2 =‘CC’) + o Wo+ W3
(W3 = ‘NN’ or ‘NNS’ or ‘NNP’ or ‘NNPS’)

5 | (Wo= ‘NN’ or ‘NNS’ or ‘NNP’ or ‘NNPS’) + (W1 = o Wo+Ws3
‘CC’) + (W2="NN’ or ‘NNS’ or ‘NNP’ or ‘NNPS’) + o W+ W3
(W3 = ‘NN’ or ‘NNS’ or ‘NNP’ or ‘NNPS’)

6 | (Wo="‘NN’or ‘NNS’ or ‘NNP’ or ‘NNPS’) + (W1 = e Wo
‘CC’) + (W2="NN’ or ‘NNS’ or ‘NNP’ or ‘NNPS’) o W,

7 | (Wo="JJ or ‘JJR’ or ‘JJS’) + (W1 ="‘NN’ or ‘NNS’ or if Wi=Ws,:

‘NNP’ or ‘NNPS’) + (W2 =°‘CC’) + (W3 =“JJ” or ‘JJR’ e Wo+W;
or ‘JJS*) + (W4 = ‘NN’ or ‘NNS’ or ‘NNP’ or ‘NNPS’) o W3+ W,

8 | (Wo="‘NN’or ‘NNS’or ‘NNP’) +(W1="IN)+(W2= | e Wo+W1+W;
‘NN’ or ‘NNS’ or ‘NNP’) + (W3 =‘CC’)+(W4=‘NN" | e Wo+W;+W,
or ‘NNS’ or ‘NNP’)

9 | (Wo="‘NN’or ‘NNS’or ‘NNP’) +(W1="CC)+(W2= | e Wo+Wz+W,
‘NN’ or ‘NNS’ or ‘NNP’) + (W3 = ‘IN") + (W4 = ‘NN’ o Wo+Ws+ W,
or ‘NNS’ or ‘NNP’)

10 | (Wo="“JJ’ or ‘JJR’ or ‘JJS’) + (W1 = ‘NN’ or ‘NNS’ or e Wo+W;
‘NNP”)

11 | (Wo= NN’ or ‘NNS’ or ‘NNP’) + (W1=CC’) +(W2= | ¢ Wo+ W3+ W;+
‘NN’ or ‘NNS’ or ‘NNP’) + (W3 =“IN") + (W4 ="“JJ or Ws
‘JIR” or ‘JJS*) + (W5 = ‘NN’ or ‘NNS’ or ‘NNP”) o Wo+Ws+Wy+

W5

12 | (Wo = ‘NN’ or ‘NNS’ or ‘NNP*) + (W1 ="IN") + (W2= |e Wo+ Wi+ W2+

‘JJ> or ‘JJR’ or ‘JJS’) + (W3 = ‘NN’ or ‘NNS’ or ‘NNP’) W3




a8

13NN 3-2 ANYALVRINGNNABIAERSTILRIsaNTmAuAENTanIE (Fo)

No. Sentence Result

13 | (Wo="1J or ‘JJR’ or ‘JIS’) + (W1 = ‘NN’ or ‘NNS’ or Wo + W1 + W
‘NNP’) + (W2 = ‘NN’ or ‘NNS’ or ‘NNP’) + (W3 = Wo + W1 + W,
‘CC’) + (W4 =‘NN’ or ‘NNS’ or ‘NNP”)

14 | (Wo="1J or ‘JJR’ or ‘JIS’) + (W1 =°‘CC*) + (W2="°]J Wo + W1
or ‘JJR’ or ‘JJS’) + (W3 = ‘NN’ or ‘NNS’ or ‘NNP’) W2 + W3

15 | (Wo="1J or ‘JJR’ or ‘JIS’) + (W1 = ‘NN’ or ‘NNS’ or Wo + W,
‘NNP’) + (W2 ="“CC’) + (W3 = ‘NN’ or ‘NNS’ or Wo + W3
‘NNP”)

16 | (Wo= NN’ or ‘NNS’ or ‘NNP’) + (W1 =°‘CC’) + (W2 = Wo + W3 + W,
‘NN’ or ‘NNS’ or ‘NNP’) + (W3 =‘IN") + (W4 = ‘NN’ W, + W3 + W,
or ‘NNS’ or ‘NNP’)

17 | (Wo="‘NN’ or ‘NNS’ or ‘NNP’) + (W1 = ‘NN’ or ‘NNS’ Wo + W1
or ‘NNP’) + (W2=‘CC’) + (W3 = ‘NN’ or ‘NNS’ or W3 + W,
‘NNP’) + (Ws= ‘NN’ or ‘NNS’ or ‘NNP’)

18 | (Wo="1J or ‘JJR’ or ‘JIS’) + (W1 = ‘NN’ or ‘NNS’ or Wo + W1
‘NNP’) + (W2 ="JJ or ‘JJR’ or ‘JIS’) + (W3 = ‘NN’ or W, + W3
‘NNS’ or ‘NNP”)

19 | (Wo="°1) or ‘JJR’ or ‘JIS’) +(W1="JJ or ‘JIR’ or Wo + W1 + W
‘JIS”) + (W2 = ‘NN’ or ‘NNS’ or ‘NNP’) + (W3 ="‘IN") Wi + W5 + We
+ (Wa=°JJ or ‘JJR’ or ‘JJS’) + (Ws= ‘NN’ or ‘NNS’ or Wo + W1+ W, +
‘NNP’) + (We = ‘NN’ or ‘NNS’ or ‘NNP”) W3 + Wi + Ws +

We

20 | (Wo= ‘NN’ or ‘NNS’ or ‘NNP’) + (W1 = ‘NN’ or ‘NNS’ Wo + W1+ W5 +
or ‘NNP’) + (W2 =“IN") + (W3 = ‘NN’ or ‘NNS’ or W3 + Wy
‘NNP’) + (Ws= ‘NN’ or ‘'NNS’ or ‘NNP”)

21 | (Wo="JJ or ‘JJIR’ or ‘JIS’) + (W1 =°CC’) + (W2="°1J Wo
or ‘JJR’ or ‘JJS’) W5

22 | (Wo="JJ or ‘JIR’ or ‘JJS’) + (W1 ="JJ or ‘JIR’ or Wo + W1+ W
‘JJS’) + (W2 =“NN’ or ‘NNS’ or ‘NNP’)

23 | (Wo="JJ or ‘JIR’ or ‘JJS’) + (W1 = ‘NN’ or ‘NNS’ or Wo + W,
‘NNP’) + (W2 =°CC’) + (W3 =°NN’ or ‘NNS’ or Wo + W3 + W4

‘NNP’) + (W4 = ‘NN’ or ‘NNS’ or ‘NNP’)
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Frogangiiainalu “Adjective (JJ) + Noun (NN or NNS or NNP) + Preposition (IN) +
Terminology (RW)” @1unsawa sunvasdrduvesmdanadlifidudddnlddesiolud 1)

“Terminology (RW) + Noun (NN or NNS or NNP)” way 2) “Adjective (JJ) + Terminology

(RW)” aud1iu 2ni 3-8 wansni1suszendlingnianiwimansnasisduiudeyaaiune

57¢3%7 “Data Mining” Wagwansmdfyianunsaanalaainnisussendlingiasavu

Linguistic rules identification and applying

Sentence Rules Result
: e data mining
('fundamental’, 'JJ"), ('concepts', 'NNS"), e e fundamental concepts
1 [} ' (] il (BN} Neoom o 0= N st
(‘of', 'IN"), ('data mining', RW') -1 (W, — NN/ NNS/NNP) + . ° fundan}eptal data mining
(Wy=IN) + (W3 =RW) e data mining concepts
1 Vo ' ' 1 1 1 Vo " L) W3 + Wl ° data mining
('types', 'NNS"), (‘'of', 'IN"), ('data’, 'RW"), o Wo+Ws o data types

(‘for, 'IN), (data mining', RW") o data types for data mining

(Wo = RW) + (W1 = NN/NNS/
NNP) + (W, = CC) +
(W5 = NN/NNS/NNP) +

o data mining

(‘famous', 'JJ"), (‘techniques', 'NNS'), e famous techniques

(‘for', 'IN"), ('data mining', 'RW") | -> (W4 = NN/NNS/ NNP) o data mining techniques
oW, = Wy e famous data mining
(‘pattern’, 'RW"), ('mining', 'NN"), e Wop+ W, o pattern minin
(‘and', 'CC"), (‘association-rule', 'NN'), ALl »| & patterin &
(mining’, NN - ! ® association-rule mining
= =% (NN/NNS/NNP) —

(‘classification’, 'NN') 1 ; e classification
(‘clustering’, NN")--------------------- ‘ *-->| e clustering

- - =% (RW) + (NN/NNS/NNP) ; -
(‘outlier’, 'RW"), (‘analysis', 'NN') ' ' o outlier analysis
(‘anomaly', 'JJ"), (‘detection’, NNy ---+ *--» e anomaly detection

—. _, (JI/TIR/JIS) + (NN/NNS/NNP) q —
(‘data mining', RW"), ('tools', 'NNS') ---' ¢ data mining

»
e data mining tools

a Y fad v X o v o a a « .. ”
AN 3-8 ﬂqiﬂigEJﬂGﬂfﬁﬂamqqﬂqwqﬁqﬁmimaiqﬂsﬂUﬂUcﬂayjaﬂ"@ﬁU']EJT‘IEJTU"I Data Mlﬂlﬂg
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Course description of Data Mining

The fundamental concepts of data mining; types of data for data
mining; the famous techniques for data mining; pattern mining
and association-rule mining, classifction, clustering, outlier
analysis, anomaly detection; data mining tools
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Course description
of Data Mining

The fundamental concepts of data mining; types of data for data mining; the famous
techniques for data mining; pattern mining and association-rule mining,
classifction, clustering, outlier analysis, anomaly detection; data mining tools

¥

Stop word
removal

Fre-fundamental coneepts of data mining; types of data for data mining;#ke-famous
techniques for data mining; pattern mining and association-rule mining,
classifction, clustering, outlier analysis, anomaly detection; data mining tools

2

Word error
correction

Before

fundamental concepts of data mining; types of data for data mining; famous
techniques for data mining; pattern mining and association-rule mining,
classifction, clustering, outlier analysis, anomaly detection; data mining tools

After

fundamental concepts of data mining; types of data for data mining; tamous
techniques for data mining; pattern mining and association-rule mining,
classification, clustering, outlicr analysis, anomaly detection; data mining tools

¥

Sentence

tokenization

fundamental concepts of data mining.
types of data for data mining.

famous techniques for data mining.

pattern mining and association-rule mining.
classification.

clustering.

outlier analysis.

anomaly dectection.

data mining tools.

v

tagging

Part of speech

(‘fundamental', '1J"), (‘concepts', 'NNS"), (‘of', 'IN"), ('data’, 'NNS"), ("'mining', '"NN')
('types', NNS", (‘of, 'IN"), ('data’, NNS"), (‘for', 'TN"), ("data’, NN}, ('mining', NN")
('famous’, 'IT"), ("techniques’, NNS'}, ("for’, 'TN"), ("data’, NNS"), ('mining’, WN")
(‘pattern’, NN, ('mining’, NN"), (and', 'CC"), ("association-rule', WNN'), (‘mining', NN")
(‘classification', 'NN')

(‘clustering’, ‘NN

(‘outlier', 'JIR"), ("analysis', WN")

(‘anomaly’, 'JT), (‘detection’, NN")

(‘data’, 'NNS"), ('mining’, 'NN'}, ("tools', 'NNS")

AT 3-11 ATUTTUIBNAAID5UIETIEIV V09IV “Data Mining” LUBIAU
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seyfemdniianenunngluisazdselen Tagthamdniianenswinginisaeuinesila

FswhiuTsuisuiuainusnglumesuiesein sglanadnsaaning 3-12

('fundamental’, 'TT"), ('concepts', NNS", (‘'of’, TN'), ('data’, NNS"), ('mining', NN'}
('types', NNSY, ('of, TN"), ('data’, NNS"), ("for', TN"), {'data’, NN"), ('mining’, 'NN")
(‘famous’, 'JJ"), ('techniques', 'NNS"), (*for', 'IN"), (‘data’, NNS"), ('mining', 'NN')
(‘pattern’, NN'), ('mining’, 'NN"), ('and', 'CC"), (‘association-rule', 'NN"), (‘'mining’, 'NN")
(‘classification’, 'NN")

(‘clustering’, 'NN")

(‘outlier', 'JJIR"), (analysis', NN")

(‘anomaly’, 'J)"), ("detection’, 'NN")

(‘data’, 'NNS", ('mining’, NN"), ('tools', 'NNS")

'
P— ______._._._._._._._._._________._._._._._._._._.___________. R ‘_u

(‘types', 'NNS' ), ('of‘, IN"), (‘data', 'RW! ), (' for', 'lN'), ('data mlmng', 'RW"}
(‘tamous’, '1J"), ('techniques', 'NNS'), ("for', 'IN"), ('data 1nining' 'RW")

VV VV VV
data mining
A

(‘pattern’, 'RW"), ('mining’, 'NN"), ('and', 'CC"), (aq‘;ouatlon -rule’, 'NN'}, ('mining, 'NN)

(‘classification’, 'NN') S data
(‘clustering’, 'NN') pattern
(‘'outlier’, "RW"), (‘analysis', NN') S N >

Canomaly’, IF), (detection’, NN) I

(' data mmmg', 'RW"), ('tools’, NNS")

AN 3-12 Msseydaadnrianienuangluniasyssleavesmeduieseivivesin “Data
Mining”
o U I3
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BARNES&:NOBLE

Favorite Paperbacks: Buy 2, Get the 3rd Free

o [

Young Adult Thrillers: Buy One, G >

’

15% Off Your Order - Code: LABORDAY15

Books NOOK Books NOOK Textbooks Newsstand Teens Kids Toys Games & Collectibles Gift. Home & Office »

Books / Computers

1 - 20 of 408 results for data mining

Show:20 v Sort by: Top Matches

Data Sc.lcnc_c Python Data Mining
for Business Quick Start Guide
Wit Yo N
At Dsea Mis
Duta-Ansh

Foster Prosost & Tom Fo

Data Mining and Knowledg...
by Evangelos Triantaphyliou

Paperback $233.39 $28%.00
See All Formats

Mining the Social Web: Dat...
by Matthew A. Russell

Paperback $44.99 $49.99
See All Formats

Data Science for Business:...
by Foster Provost

* %k & K K

Paperback $32.80 $49.99
See All Formats

FOR BEGINNERS 2019

Machine Learning for Begin...
by Matt Henderson
* %

Paperback $19.99

See All Formats

Python Data Mining Quick ...

by Nathan Greeneltch

Paperback $29.99
See All Formats

L

Data Science for Business:...

by Travis Goleman

NOOK Book from $2.99

Ingszynuanvilsdedivihnisdundunuan “Computers”

Data Mining For Dummies
by Meta S. Brown

Paperback $31.49 $34.92
See All Formats

Pradictive Analytics
and Data Mining

Predictive Analytics and Da...
by Vijay Kotu

Paperback from $32.58
St

See All Formals
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— | fundamental data mining
— | data mining concepts

— | data types for data mining
— | data mining techniques
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Books related to course Coverage calculation Coverage
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v |KCi|
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10
C(CData Mining:bl) = ﬁ
9780133128901
0.615
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o) 0.692
9
C(CData Mining:b3) = ﬁ
9781118893173
0.385
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9781948580496
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PUIADNINUATLNGALDINUAIDT U187

Books related to course UnCoverage calculation UnCoverage
description of Data
Mining U(cy b)) = 1—C(cy, b))
Vol 0.231
U(CData Mining» bl) = 1-0.769
9780133128901 KNGS
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milsdefifauliifeniosieniian dufuaaunseunqulaendsnusiuiumisde N i

Waulaansadnnalsnnsenseinnuaseunqu C., AEunsi 13

ZNz() C i,b'
averageCov,, = 2J=0 “teibj) (13)
t N
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Abstract—On-line selling website is currently famous and
popular. There are several websites selling products and/or
services including on-line book-selling websites. At present, the
current book-selling websites usually apply recommender systems
to recommend a book or a set of books to customers. However,
the recommender systems mostly focus on recommending books
that users usually view or buy together and also on books having
high review rates. This may cause failure to recommend books
that cover most required contents, for example, books related to a
course description of a course students have registered. To address
on this issue, we here introduce an alternative recommender sys-
tem called Supplementary Books Suggestion system (SBS system) to
create a list of supplementary books related/relevance to a course
description of a course in computer science domain by regarding
relevance between a book and a course description. This can help
students easily find supplementary books to read and also may
help to encourage the students doing self-learning. Experiments
on real course descriptions were conducted to investigate the
effectiveness of the SBS system in the terms of precision, recall, F-
measure and average (also total) coverage/uncoverage of contents
between a list of supplementary books and a course description.

Keywords—Book recommender system, Keyword extraction,
Supplementary books, Course description;

I. INTRODUCTION

Currently, it is the era of 4.0 based on the growth of the
Internet and technology. People use more and more Internet
in daily life in order to assists their living and to serve their
needs such as finding goods/products, services, travel, places,
friends and so on. Meanwhile, in the business aspect, it is the
era that focuses on digital transformation and innovation. Many
businesses start to improve their product or service by applying
Al and/or IoT. Moreover, to improve marketing, understanding
individual (personalize) needs is really important. Based on
this, recommendation systems have become essential tools to
assists users to find what they want and it is currently applied
in a wide range of businesses such as music, movie, clothes,
and so on.

In addition, recommendation systems are also widely
applied in on-line book-selling industry. Amazon, O’Reilly,
Goodreads, Barns & Noble are well-known websites applying
recommendation systems to suggest books to customers based
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on relevance, clicks, buying behaviors, reviews and so on. By
this, several techniques are proposed to improve recommen-
dation performance, for example, (i) Book recommendation
system based on combine features of content based filtering,
collaborative filtering and association mining [1], (ii) Book
recommendation system based on considering both table of
contents (ToC) and association rule mining [2], (iii)Book
Recommender System Using Fuzzy Linguistic Quantifiers [3]
and so on.

Besides, there are several approaches to book recommen-
dation using different criteria such as (/) Recommendation
model for personalized book lists [4] aiming to recommend
books to groups of people having common interests and
then evaluate the accuracy satisfaction of the model by using
questionnaires, (ii) Book recommendation system for digital
library [5] trying to identify relationship between books that
users interest through their loaning histories, (iii) Recommen-
dation system using hybrid filtering (collaborative and content-
based filtering) incorporate with best price identification [6],
[7] proposing to recommend books that meet users need and
to inform about on-line book-selling website with the lowest
price, etc. However, previous book recommendation systems
(mentioned above) face with several issues to provide the
relevant book to user needs since most of them do not take into
account book contents at a deep level and regard only the mere
information of books provided on web pages along with meta-
data and rating. This may cause failure to recommend books
that cover most required contents, for example, books related
to a course description of a course students have registered.

To cope with this issue, we here introduce an alternative
approach on book recommender system called Supplementary
Books Suggestion system (also called SBS system for short) in
order to create a list of supplementary books related/relevance
to a course description of a course in computer science
domain by regarding relevance between a book and a course
description. This list of supplementary books can help students
easily find supplementary books (or should read books) to
read and also may help to encourage the students doing
self-learning. Experiments on real course descriptions were
conducted to investigate the effectiveness of the proposed SBS
system in the terms of precision, recall, F-measure and average
(also total) coverage/uncoverage of contents between a list of
supplementary books relevant to a course description.



II. SUPPLEMENTARY BOOK SUGGESTION SYSTEM

In this section, we here describe details of our proposed
supplementary book suggestion system (also called SBS system
in short). The system aims to assist students to easily see a list
of “should-read books” related to a computer science course
they have registered. Moreover, this system can help to provide
add-on information and ability to perform self-learning and
also help to extend the body of knowledge of students. The
SBS system consists of five computational steps (as shown in
Fig. 1) : 1) Terminology gathering, 2) Course descriptions
input, 3) Keyword extraction, 4) Relevance books searching
5) Coverage calculation and ranking, respectively. Each of the
above steps can be described in details as follows.
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A. Terminology gathering

In computer science domain, there is a large amount of
reserved words and terminologies with a specific meaning, for
example, “natural language processing”, “data mining”, “data
structure”, “data science”, “big data” and so on. Most of these
are well-known in the domain which can help to identify spe-
cific objects or actions. To study in this domain, students and/or
anyone interested should have a background or know about
meaning of reserved words and terminologies since course
titles, course descriptions, book title and table of contents of
books contain numerous of these terminologies with extension
words, for instance, “data science concepts” composing from
1) “data science”—a terminology and 2) “concepts”—an exten-
sion word, respectively. In addition, identifying terminologies
in the course titles, course descriptions, book title and table
of contents of books can help to know about important topics
to study in each course. Thus, to automatic extraction of the
topics to study, terminologies in computer science domain
should be prior gathered.

Based on our SBS system, terminologies from the lists of
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computer science terms of Oxford University' and Labauto-
pedia® are gathered into our corpus. Last, by regarding and
removing redundant terminologies from both sites, our corpus
contains 6,527 terminologies.

B. Course descriptions input

The second step of SBS system is to collect course de-
scriptions in order to know main topics related to each course.
To do that, course descriptions in the Computer Science
curriculum of Faculty of Informatics, Burapha University [8]
are considered and used as an example input. Then, the title
and details of course description (in English) of a course are
collected into database (as highlighted in blue in Fig. 2).
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Data mining 3 (3-0-6)
The fundamental concepts of data mining; types of data for data mining; the
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The fundamental concepts of data mining; types of data for
data mining; the famous techniques for data mining;

Data mining| pattern mining and association-rule mining, classifction,
clustering, outlier analysis, anomaly detection;

data mining tools

Fig. 2: Example of course descriptions input

C. Keywords extraction

Whenever a course description is input (as shown in Fig. 2),
the process of keyword extraction is performed to determine
important objects or actions hidden in the course description.
This task consists of three consecutive steps as follows (see
Fig. 3):

1)  Text preprocessing—performs on (i) Stop word re-
moval-removes stop words except for prepositions
and conjunctions since we have to keep these, for
example, the word “and” is a conjunction which can
help to split the noun phrase “unstructured and struc-
tured data” to be “unstructured data” and “structured
data”, (ii) Word error correction—corrects words from
typos or input errors by spelling mistake correction
(SMC) method [9], (iii) Sentence tokenization—splits
sentences or phrases in the course description to be
individual sentences, and (iv) Part of speech tagging—
identifies type of words by using Stanford corpus [10]
(Noted “JJ”, “JIR”, “]JJS” refers to Adjective, “NN”,
“NNS”, “NNP”, “NNPS” refers to Noun, “IN” refers
to preposition and “CC” refers to conjunction, respec-
tively).

Thttp://www.oxfordreference.com/view/10.1093/acref/9780199688975.001.
0001/acref-9780199688975

Zhttp://www.labautopedia.org/mw/List_of_programming_and_computer_
science_terms
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Fig. 3: Example of keyword extraction from an input course description

Terminology detection—finds terminologies in the
course description by comparing n-grams of words
in each sentence of the course description and termi-
nologies gathered from the first step. For example, the
first sentence of the course description contains (‘fun-
damental’, ‘JJ’), (‘concepts’, ‘NNS’), (‘of’, ‘IN’),
(‘data’, ‘NNS’), (‘mining’,'NN’). From the sentence,
the words ‘data’ and ‘mining’ are grouped together
to be ‘data mining’ by the concept of 2-grams. Then,
it is compared with terminologies contained in the
terminology corpus and then identified as ‘reserved
word’, i.e. ‘RW’ (see Fig. 3).

Linguistic rules identification and applying—creates
linguistic rules by applying the concept of domain-
specific term extraction of [11], [12] and then ap-
plies these rules to identify keywords hidden in
each sentence of the course description. To create
rules, there are two cases to be considered: (i) rules
with terminology and (ii) rules without terminology,
respectively. For the first type of rules, each terminol-
ogy in the considered sentence is firstly regarded. It is
thus merged with its surrounding noun and adjective
and then identified as keywords. On the other hand,
rules without terminology try to identify noun phrases
being in the form of combination between nouns,
adjective and/or preposition, respectively. For exam-
ple, there is a created rule sequentially containing
“adjective (JJ) + noun (NN or NNS or NNP) +
preposition (IN) + terminology (RW)”. It can con-
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verse the above sequence of words to be keywords
of (i) “terminology (RW) + noun (NN or NNS or
NNP)” and (ii) “adjective (JJ) + terminology (RW)”,
respectively. For the first sentence from the previous
step i.e. “fundamental (JJ) + concepts (NNS) + of
(IN) + data mining (RW)”, it can be extracted to
identify keywords by the above rule as (i) “data
mining concepts” (RW + NNS) and (i7) “fundamental
data mining” (JJ + RW), respectively. Noted that all
of the rules we have created and used in the SBS
system can be viewed and downloaded from http:
/Istaff.informatics.buu.ac.th/~komate/SBSsystem.

D. Relevance books searching

After extracting keywords K., = {k¢, 1,kc; 2, -
from a course description c¢;, the searching relevance
books is performed. Each keyword k., , € K. is thus
considered and used to search for related books from
https://www.barnesandnoble.com (i.e. on-line book-selling
website focusing on academic books). By this, a list of
books in which the important information each book e.g.
title, descriptions, table of contents (TOC) and other essential
information (see Fig. 4) is collected into our database and
set to be relevant to the course description. For example,
as in Fig. 4, the keyword “data mining” is considered and
used for searching for related books. From the figure, the
related book is “Introduction to Data mining” is collected
with title = “Introduction to Data Mining”, author = “Ping-
Ning Tan, Michael Steinbacj, Anuj Kapatne, Vipin Kumar”,

Y kci,n}



price = “108.50”, isbnl3 = “9780133128901”, publisher =
“Pearson”, publicationdate = “01/18/2018” edition = “2”,
bookdescription = “Introducing the fundamental concepts and
algorithms of data mining. Introduction to Data Mining, 2nd
Edition , gives a comprehensive overview of the background
and general themes of data mining and is designed to be use-
ful to students, instructors, researchers, and professionals.”
etc. and toc = “Introduction. Data. Classification: Basic Con-
cepts and Techniques. Classification: Alternatives Techniques.
Association Analysis: Basic Concepts and Algorithms. Asso-
ciation Analysis: Advanced Concepts. Cluster Analysis: Basic
Concepts and Algorithms. Cluster Analysis: Additional Issues
and Algorithms. Anomaly Detection. Avoiding False Discove-
ries”, respectively.

From these information, bookdescription and toc are then
considered and transferred to Keyword extraction step (Sec-
tion II-C) in order to get keywords. Then, the keywords from
bookdescription and toc are merged together and collected as
the set of keywords of the related book. For example, the first
sentence from book-description is “Introducing the fundamen-
tal concepts and algorithms of data mining”. It then transferred
to Keyword extraction where we can get “fundamental data
mining”, “data mining concepts”, and “data mining algorithm”
as keywords for the book, respectively.
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Fig. 4: Example of collecting of a book related to the keyword
“Data mining” from the course description of Data mining
course

E. Coverage calculation and ranking

The last step of the SBS system is the calculation of
coverage (similarities) between the keywords extracted from
a course description and the keywords from each of its related
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books and then ranking related books based on their coverages.
To calculate similarity between a course description c¢; with
keywords K., = {ke, 1,kc; 2, ., kc; n} and a book b; related
to ¢; with keywords Ky, = {ky, 1,kp; 2,...,kp, m}. the
percentage of coverage and uncoverage [13] between the book
b; and the course description c; is applied as follows:

|Kci ﬂij‘

U(Ci,bj) =1- C(Ci,bj)

Therefore, as described in Section II-D, each course de-
scription ¢; has a list of related books B., = {b;,...,bs}
in which each book b; associates with the set of keywords
Ky, = {kv;1,kb;,2,- -, kp;m}. Therefore, by using the two
formulas as above, there will be a list of coverage values
C., = {C(ci,b;),...,C(ci,bx)} and a list of uncoverage
values U, = {U(c;, bj),...,U(c;, by)} expressing similarities
and dissimilarities between the course description c¢; and
the list of related books B.,, respectively. Thus, the list of
recommended books can be generated by ranking coverage
values in descending order and filtered out only the top-N
books with highest coverage (Noted that this paper specifies
the value of NV to be 10, 30, 50 and 100, respectively). On
the other hand, the list of recommended booked can also be
created in the same manner as above by using uncoverage
value. Thus can help to gain a list of books having details
(keywords) extending from details (keywords) in the course
description.

III. EXPERIMENTAL STUDY

In this section, we here describe experimental studies
conducted to evaluate our proposed SBS system. Seventy-two
course descriptions from the Computer Science curriculum of
Faculty of Informatics, Burapha University [8] are considered
and collected. To create a list of supplementary books related
to a course description, the number of recommended books is
set to be 10, 30, 50 and 100, respectively. Noted that these
numbers are usually used for top-N recommendations [14],
[15] and mining top-k (N-most) interesting patterns [16], [17].

As detailed in Section II, we can see that keyword extrac-
tion is the major computation of the SBS system affecting to
its effectiveness. Thus, we then also observe the performance
of the keyword extraction used in the SBS system and make
a comparative study with Termine [11] and RAKE [18] (two
famous keyword extraction techniques). Three popular metrics,
recall, precision and F-measure, are applied to observe the
accuracy of the three keyword extraction techniques in which
each metric can be defined as follows.

number of relevant items retrieved

precision = - -
number of items retrieved

number of relevant items retrieved

recall = -
number of relevant items
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precision*recall
F-measure = 2 x

precision + recall

As shown in Fig. 5, the performance of our keyword
extraction in comparison with Termine and RAKE are shown.
Anyhow, to evaluate whether an extracted keyword is a cor-
rect keyword or not, we have labeled keywords on course
descriptions based on the help from expertises (lecturers on
the courses). Based on this, the number of extracted keywords,
the number of correct extracted keywords, recall, precision,
and F-measure of the three techniques can be calculated.
From the figure, we can see that our technique outperforms
both Termine and RAKE techniques in all metrics. Based on
Termine, noun and preposition phrases are first considered
to create a list of candidate keywords and then sent the
list to expertises in order to identify keywords. However,
Termine does not take into account domain terminologies
and other linguistic rules (such as combination of words,
combination of words with a terminology) which can help to
improve its performance. Meanwhile, RAKE mainly focuses
on considering “word co-occurrence” by applying the n-grams
technique to identify keywords. It then regards on a frequency
of occurrence of co-occurrence words, ranks co-occurrence
words by descending order of their frequency and selects one-
third highest frequency co-occurrence words to be candidate
keywords. Last, the keywords are thus identified from the list
of candidates by expertises. However, for our keyword extrac-
tion technique, it applies several linguistic rules including noun
phrases, adjective phrases, preposition phrases, term phrases
(i.e. terminology + noun, terminology + adj, and terminology
+ preposition) and coordination of phrases (i.e. generating
a keyword based on combinations between nouns, adjective
and/or preposition occurring surrounding of the conjunction
“and” or “or”). These can help to increase the accuracy of
keyword extraction. Hence, the precision of our technique is
91.3% and the recall is 95.3% causing the F-measure is quite
high as 93.1%. Thanks to the terminologies prior collected in
the database and the created rules that mostly cover all the
case of keywords in the course descriptions.

Extracted Correct

Approach keywords keywords Precision Recall ~ F-measure
Our keyword extraction 1447 1253 91.3 95.3 93.1
Termine 1365 523 91.1 40.6 55.1
RAKE 1695 837 70.1 62.6 66.0

Fig. 5: Evaluation of keyword extraction used in SBS system

In addition, to investigate the quality of recommendation
results, the average and total coverage (also for uncoverage) of
all supplementary books from the SBS system are calculated
and scrutinized. The average coverage (also for uncoverage)
is calculated by averaging coverage (uncoverage) values of
all supplementary books related to course descriptions. Mean-
while, the total coverage (uncoverage) is computed by consid-
ering a list of supplementary books related to a course descrip-
tion. Then, all of matched keywords (unmatched keywords for
uncoverage) between keywords of the supplementary books
and keywords of the course description is accumulated. Last,
the number of matched keywords (unmatched keywords) of all
course description is counted and averaged. Furthermore, we
thus also observe and compare the coverage and uncoverage
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of our SBS system (in the terms of average and total) with that
of the SBS system using Termine or RAKE in stead of using
our keyword extraction technique (denoted these systems as
SBS system” and SBS system™).

Figure 6 shows the average and total coverage of the
three systems. From the figure, it can be observed that as
the number of recommended books increases, the average
coverage decreases. Obviously, with higher number of required
recommended books, there are more chance to get less rele-
vance books related to a course description (Noted that all of
recommended books are ranked by descending order of their
courage and then selected by the top-N rank). Conversely, the
total coverage of the three systems increases as the number
of recommended books increases. It is because higher number
of recommended books leads to having more topics related to
course descriptions. Last, it can be seen that our SBS system
can give higher average and total coverage than the other two
systems (Thanks to our keyword extraction technique).

The average and total uncoverage of the three systems are
also observed and illustrated in Fig. 7 to see the expansion of
topics extended from course descriptions. By this, a (another)
list of books related to each course description having several
additional contents is created. This list can help students to
get/know more topics related to the course to learn about. The
average and total uncoverages are calculated on the contrary of
the average and total coverage. By this, all books in the list of
recommended books related to a course description are ranked
by descending order of uncoverage value (the coverage value is
not used on this basis). From the figure, it can be seen that the
average uncoverage of the three systems decreases as the num-
ber of required recommended books increases. As mentioned
above, all of recommended books are ranked by descending
order of uncoverage value. Thus, higher number of books
returned causes lower value of average coverage. Moreover,
the total uncoverage of the three systems also decreases as
the number of required recommended books increases. Higher
number of books suggested makes the systems take more and
more books with low uncoverage to be results. Last, we can
also observe that our SBS system gives lower average and
total coverage than the other two systems. Based on SBS
system, it usually extracts correct keywords and then retrieves
relevance books based on the correct keywords. This leads the
SBS system to generates low uncoverage lists of recommended
books in comparison with the other two systems.

IV. CONCLUSION

In this paper, we have introduced a new book recommender
system called Supplementary Book Suggestion system (SBS
system). The system can suggest a list of should read books
related to a course description of a course in computer science
domain. This can help students easily find supplementary
books to read and also may help to encourage the students
doing self-learning. Based on a course, its course descrip-
tion is regarded to extract important keywords in order to
understand/know about objects and actions concerned with the
course. These keywords are thus used to match between the
course and its relevant books. Experiments on real courses
were done to investigate precision, recall and F-measure of our
keyword extraction technique in a comparison to RAKE and
Termine since the performance of keyword extraction affect
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to performance of SBS system. In addition, the average and
total coverages (also for uncoverage) of the list of books to
the course description are also observed. From all of the ex-
periment, it can be seen that our keyword extraction technique
and SBS system can effectively suggest supplementary books
related to a course.
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