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Step 6 y

i Remove final '¢' only 1f more than one Output stem
.................. S
consonant sequence 15 present 1n stem

[33] Porter 2 aa Jac Lbie 1 S
Aall llas ) ilaa) Al e SN (8 Laaieaas LAY aly POTEET oy3ha (53 3yaall ol
JS Ly g SUFFiIX @I58 axsi ol Ladly ajad (asald o diae))lod (8 2edey ol Cua 43 5ISY)
By el o jlaall 138 Guki die Juass (S AN o0 SUffix I 138 adal sl Suffix
ABY 2elgdll (e degana o lgia Baaly US (g5 dalye Bae o dpa)lsall o2 adindy Ldasa
1297 Ayl ARl e Y Ll V) il Baad Bigia 49 SUFFiX 350
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Chris  Js (e o5k &5 (s3lly Paice/Husk stemmer sl 5e Js¥ 5144+ Jle iy
e 13 Lo 20a3 Allg Aaopgiall 2elgall (e Vsaa a0y Cus Gareth Husk sac Lo Paice
[33] Galslll Jlagia) ol cada

il 138 6 Jeall Jubes Slghaa gy I Lalaaly

START { Find Text Stage

> L=,

Access stemming rule according <
to final letter of term

i No | < S
S 3 7~ / |
Do final letters in the Can the rule match
term and rule match? be apphied?
{ Yes
{ Mo } =
Access next rule .
4
Apply rule
to produce
new stem
Should would be
stemmed again?
L Output Stem Apply Rule Stage

[33] Paice 2iadll Joe Labiia —£ S

;A ) al IS 134

Such an analysis can reveal features that are not easily visible from the variations in
the individual genes and can lead to a picture of expression that is more biologically
transparent and accessible to interpretation.

‘g\ﬂ\ J;.\M L_‘,J‘; b.A:D;E (53_..\.4.44
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Original Text

Lovins Stemmer

Porter Stemmer

Paice Stemmer

such such such such
an an an an
analysis analys analysi analys
can can can can
reveal reve reveal rev
features feature feature feat
that that that that
are ar ar are
not not not not
easily eas easily easy
visible Vis visibl VIS
from from from from
the th the the
variations vari variat vary
in in in in
the th the the
individual individu individu individ
genes gen gene gen
and and and and
can can can can
lead lead lead lead
to to to to
a a a a
picture picture picture pict
of of of of
expression expres express express
that that that that
is is is is
more mor more mor
biologically biology biolog biology
transparent transpar transpar transp
and and and and
accessible acces access access
to to to to
interpretation interpres interpret interpret
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=SV G| V. FRCHIN| NP 5 PRUTIRE. B I JUDY R 13\ P JERIDPARON 76208

[15] atisall Claglas (sginal dausilly ellaiaall 138

Sy el ety Claal dlee e Bl pllacaall manys G S Bl aulai s Lia ¢
L) e Lt e Aima ARy ud b AGealies i Jal e pllaias

:Natural Language Processing NLP dossual) 4a1t) dales

A5l A allly 4w jal) A5US Al wa) clalll ) 8LidU A padall L5l et a0d8
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[34] "glladl algall Calide el Lgiallasy dualal)

L3 (e b Lgily NLP dpepbll ilalll iallee Michael J.Garbade [sSall il
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Clshd aliee i Cua aaly (el o deadiwa) cileaY) ST e Stanford CoreNLP o
Ladlll Lt Jag Tokenization Sae sl e NLP Zailal) o wl W) dalal) Zall) dallas
[36] daapdall 421l sl U Sa Bae G aeadl IS e Coreference resolution

Lay cagll Gladanll e Jyanll Yoot Gle 8 opela 5 6l V) eyl calaal e (S
Blal) Gl alads ) P e Ohel) Candd U] yidgig 4oy o ANnotators Pipeline duail)
aid saaly dlen o dinlii (e Yoy et o e Linlay Java Object

Gun Cpaxdiall (e gl (U3 J8 (e pasieady Algge AT 05S0 Glaill sk 3 Yo 04 oo A
b Lo ddide iliaaiing Lmacasill ilaail) 25l LY e 5508lly 5elsY) o dgaly alaill i,
XML el

Bagall dlle g dugdlly 58 —wall (goalll Judaill ulis€a (10 degana Stanford CoreNLP iy i
Lot o) duadal) el dalles legana ST (e Banly yiiad a9 Aggow igleni ul (S Al
[36]

ciulas 3 LS (Properties object ¢SSl dalal) (ailadll 8 diae i gll iladanlls oSal) oy
S @bl e vasd) e A g L) Joaasll (Ko Euss Stanford CoreNLP cilsal! de gase

[36] C# <llb & L, .Net «JavaScript «Scala <Perl <Ruby «Python

Gk 20 dallee PUA (e Al Glas¥) (g0 VA Cilasbeall V1 2 ha5 ) 35 oSy
.[37] Stanford CoreNLP

zhaly Al A ai A 31Y daacad) dalledll ool (0 degana Nl Y] e g
[37] Jlad pias Alail dsislin Lgad dpain gy Clalaty JalS i alas
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. / A
[ Tokenization ]<::>

(tokenize)
[ Sentence Splitting K:>
(ssplit)
[ Part-of-speech Tagging J<::> Raw
S o) | e
u_o_ [ Morphological Analysis K:>
< (Temma) Annotation
'-g [ Named Entity Recognition J<:> Object
o (ner)
=
w [ Syntactic Parsing ]<:> Annotated
(parse) text
[ Coreference Resolution ]<::>

(dcoref)

[ Other Annotators ]<::>
7

(gender, sentiment)

A\ 4

[36] Stanford CoreNLP ekl Lillf dadles <94/ de pana plhii Luis -0 S/

371 Sy e VAU Jlatl) ) &Lyl (NER) s oS

:COreNLP sl de sana lgs asis iy Luasalall dalll dallas alga aal (aes (rajeios b Ly

@850 Alls Baaall Heapll e Al () Galll dagay a5t s3lls i Tokenization ju sl e
(Words) clelsll ae 508 aa )

Spaall easl) areal (Lemma) ulad) JSEN adg dilee a5 :Lemma audaill o

sl e Cajaill 2y Gua :Named Entity Recognition a—w¥! ol€ e oyl o
SET) AP (--ORGANIZATION (LOCATION PERSIN) JKEN (e 2l
.(MONEY (NUMBER DATE (TIME :DURATION

Part- SN aud s j9all cavias :Part-Of-Speech Tagging Sl s cldle o
Tags I e degena PA (e lapasi & Al 4f e 3l of-Speech
spea PRB ciad slie NP caan acd NNS 30 ol NN bl Jisas e S
BB7] ... i

-
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Tag

Meaning

Explanation

Coordinating

"& n and both but either et for less minus neither nor or plus so

cc conjunction therefore times v. versus vs. whether yet
CD Cardinal number mid-1890 nine-thirty forty-two one-tenth ten million 0.5 one
forty -seven 1987 twenty '79 zero two 78-degrees eighty-four 1X
'60s .025 fifteen 271,124 dozen quintillion DM2,000...
DT Determiner all an another any both del each either every half la many much
nary neither no some such that the them these this those
EX Existential there There
gemeinschaft hund ich jeux habeas Haementeria Herr K'ang-si
FwW Foreign word vous lutihaw alai je jour objets salutaris fille quibusdam pas trop
Monte terram fiche oui corporis...
Preposition or stride among upon whether out inside pro despite on by
IN subordinating throughout below within for towards near behind atop around if
conjunction like until below next into if beside...
Noun. sinaular or common-carrier cabbage knuckle-duster Casino afghan shed
NN » SINg thermostat  investment slide humour falloff slick wind hyena
mass . . .
override subhumanity machinist...
undergraduates scotches bric-a-brac products bodyguards facets
NNS Noun, plural coasts divestitures storehouses designs clubs fragrances averages
subjectivists apprehensions muses factory-jobs...
Motown Venneboerger Czestochwa Ranzer Conchita Trumplane
NNP | Proper noun, singular | Christos  Oceanside Escobar Kreisler Sawyer Cougar Yvette
Ervin ODI Darryl CTCA Shannon A.K.C. Meltex Liverpool...
Americans Americas Amharas Amityvilles Amusements Anarcho-
NNPS | Proper noun, plural | Syndicalists Andalusians Andes Andruses Angels Animals
Anthony Antilles Antiques Apache Apaches Apocrypha...
occasionally unabatingly maddeningly adventurously professedly
RB Adverb stirringly prominently technologically magisterially
predominately swiftly fiscally pitilessly...
further gloomier grander graver greater grimmer harder harsher
RBR | Adverb, comparative | healthier heavier higher however larger later leaner lengthier less-

perfectly lesser lonelier longer louder lower more




best biggest bluntest earliest farthest first furthest hardest heartiest

RBS Adverb, superlative highest largest least less most nearest second tightest worst
aboard about across along apart around aside at away back before
. behind by crop down ever fast for forth from go high i.e. in into
RB Particle ; I
just later low more off on open out over per pie raising start teeth
that through under unto up up-pp upon whole with you
SYM Symbol %&'""))*+,.<=>@A[fj] US U.S.S.R * ** ***
Goodbye Goody Gosh Wow Jeepers Jee-sus Hubba Hey Kee-reist
UH Interjection Oops amen huh howdy uh dammit whammo shucks heck anyways
whodunnit honey golly man baby diddle hush sonuvabitch ...
WDT Wh-determiner that what whatever which whichever
third ill-mannered pre-war regrettable oiled calamitous first
JJ Adjective separable ectoplasmic battery-powered participatory fourth still-
to-be-named  multilingual multi-disciplinary...
o bleaker braver breezier briefer brighter brisker broader bumper
Adjective, . :
JIR . busier ~ calmer cheaper choosier cleaner clearer closer colder
comparative - ! X X
commoner costlier cozier creamier crunchier cuter
calmest cheapest choicest classiest cleanest clearest closest
JJS | Adjective, superlative | commonest  corniest costliest crassest creepiest crudest cutest
darkest deadliest dearest deepest densest dinkiest...
AA.BB.CC.DEFFirst GH IJK One SP-44001 SP-44002 SP-
LS List item marker 440 SP-44007 Second Third Three Two * a b ¢ d first five four
one six three two
MD Modal an cannot could 'cou_ldnt dare may might must need ought shall
should shouldn't will would
PDT Predeterminer all both half many quite such sure this
POS Possessive ending 's
Personal pronoun hers herself him himself hisself it itself me myself one oneself
PRP ours ourselves ownself self she thee theirs them themselves they
thou thy us
PRP$ | Possessive pronoun | her his mine my our ours their thy your




Verb, base form ask assemble assess assign assume atone attention avoid bake
VB balkanize bank begin behold believe bend benefit bevel beware
bless boil bomb  boost brace break bring broil brush build ...
Verb, past tense dipped pleaded swiped regummed soaked tidied convened halted
VBD registered cushioned exacted snubbed strode aimed adopted belied
figgered speculated wore appreciated contemplated ...
Verb, gerund or telegraphing stirring focusing angering judging stalling lactating
VBG present participle hankerin' alleging veering capping approaching traveling
besieging encrypting interrupting erasing wincing ...
Verb, past participle | multihulled dilapidated aerosolized chaired languished panelized
VBN used experimented flourished imitated reunifed factored
condensed sheared unsettled primed dubbed desired ...
Verb, non-3rd person | predominate wrap resort sue twist spill cure lengthen brush
VBP singular present terminate  appear tend stray glisten obtain comprise detest tease
attract emphasize mold postpone sever return wag ...
Verb, present tense, | bases reconstructs marks mixes displeases seals carps weaves
VBZ 3rd person singular | snatches slumps stretches authorizes smolders pictures emerges
stockpiles  seduces fizzes uses bolsters slaps speaks pleads ...
to" as prepositionor" | To
TO infinitive marker
WP WH-pronoun that what whatever whatsoever which who whom whosoever
WH-pronoun, Whose
WP$ possessive
WRB Wh-adverb how however whence whenever where whereby wherever wherein
whereof why

Stanford CoreNLP diewktf 4éllf dallea ug;/“icy,\.aé,ﬁ'Tags J Chuagi — & sl

de gana Loi sl (S 4l V) lsl) o3gl lilatll algall Giasndl cllaadlall ey (30 a2 Sle
[36] skl WE L5 5 At Jals 05S pasied of (S s agdl) dlgws ) e



:Stanza 4kl Ll dallae gl dc gana

Paython 4x\ Stanford CoreNLP dxadall 42l dallae cilsdl degand ygha s Stanza
T e S s o5 ol COreNLP of s (8 3yd 31 Ve )l Lo ac i a9

& (s FLAIR Laaxy 3L Y41 £ ole COreNLP (e Teay sl eha (o aiaall cjpss il
[38] CH++ 4aly cul< ally UDPipe i<y SpaCy

SV AL aYL bl (e S Tase aexr cuilS Lo Lilad cilaass e ilas cuilS Lgasan o )
Bl g gunge o Sl Can cllyg i) By (sheiy Lo lgaV) (any Loagaas

:Stanza ol degane 8 AUl Ay b Ladg

‘ Tokenization & Sentence Split | | Hello! I | Bonjour! | % H’;""H

| Lia al I CHABIM 2! | jHola! | | Sgpascrapire! |
| Multi-word Token Expansion | _
| CAIZBIE! I | Hallo! | | xin chao! | | AHEHR! |

‘ Lemmatization | Multilingual: 66 Languages
RAW TEXT
‘ POS & Morphological Tagging |

Dependency Parsing
DEPPARSE
‘ Named Entity Recognition | I

Fully Neural: Language-agnostic

PROCESSORS DOCUMENT

[38] Stanza Lewkls il dalies /g de pans plhii i -1 JS)

LK) Aadlly )i LIKAY) Bagane cilS Lesl V) dujell 420 Stanford cOreNLP aca a2y
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Annotator  Ara- Chi- Eng- Fre- Ger-
bic nese lish nch man

Tokenize v v v v v

Sent. split v v v v v

Truecase v

POS v v v v v

Lemma v

Gender v

NER v v v

RegexXNER v v v v

Parse v v v v v

Dep. Parse v v

Sentiment v

Coref. v

[36] ditisall cililt CoreNLP Juad cilisSe acd -V Ji/

8 el Luslud Teha Stemming — duee ity 2adl i peaill <l bl cpa Zujall A2l
J[29] ) Al

sl aed G Anylae b Lasdy ST U< G Gyl 22l ae il Stanza <sal) de gane caelad
1Al du ) el e JSI Stanza

Treebank System Tokens Sents Words POS Lemmas
Arabic Stanza 99.98 80.43 97.88 94.89 93.27
English Stanza 99.01 81.13 99.01 95.40 97.21

ol sl Glalll e paall Aadlase dulSa] ) ALyl caeUai ) Stanza o ol o ekl sl
[38] a1 s Cile gana (3o 482 S

s ygdlly all) datlae dolead da sidall dagiall
dalleal G ul ) o€l gl @lpalS Stanford Core NLP de sase p2a5 o & uhl) 038 b
A upgd dalee 8 Jdail) 13 (e ol g dall Aaladl actgally 2guall e Talaic) 4a€all oda A
£ o) Llee 3US ad ) il 8 50)lll cilallaadll ciljae aaay cilalhiadl)

lllid ST agh e LiSay Jeall Lalad) il agh o))y Lead Alaall Ll dale acfgd dad S s
Slagleall (o dialag adial)
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Sl cadie) yas il Jilas ddee b doagie DA e @llly Lgie IS G cilala ad) Y
saalall clgladl)

sl (e degana A 4ar iy Stanford CoreNLP culgal degana A il Jilat
.Tokens

o (goaill mllaiaall algas Jasifi Cile gana (J) POS Julsd A (e Tokens — capieas .Y
(el el cJladYl cdaidagll gayll) tdaadty Cilesene dan)l ) gaill b S0

1aat 8 ey uali Yy atll b dilag dege 5358 Ll Lol Al jsepl) Cada LY
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(slew) claall (Jad1) e IS e Lemma godaill Gadss L€

plaill B H5ell (e de geme 22a3 & Cua Dabalagll je Heell (e LAREN Lol Lo
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(-~ «great «good <like «do ) :JEdl Juwe to lgia SN 3y Voo
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Pl 526 Gageas aaf e caa i dalleall dolend Tlae Yla i L Lo
Ll Ll
[

This book attempts to present representative examples of successful architecturaI\
solutions to the important problems librarians and architects face in planning new
college and university library buildings or in remodeling and enlarging existing
structures. It does not attempt to make case study evaluations, as was done by
Ellsworth Mason for Brown and Yale. Nor does it present examples of
unsuccessful solutions except to show how to avoid mistakes, and in these cases
Che libraries will not be identified. )

e g5 TOken IS dasys ey A (aill arcds 2w Stanford CoreNLP alasiad DA e =

:POS (il Julas dolee dams (58 Tags Al
Part-of-Speech:

(B} VBzl [T (1B ] BRS] [N 1 1 | BT 11
1| This book attempts to present representative examples of successful architectural solutions to the important

() mES) (T [BRS] [EP|N] [VBG JJ EN [cC [ [HH] [ERS] [ECIIN [i]

problems librarians and architects face in planning new college and university library buildings or in remedeling

o  [WEg [VES] BRS] [

and enlarging existing structures .

EGE| Wie] RE] [WH) ol 6] B BW = E§S [(N[eD) WeN) N BNE  E§E) (N NS (cC) HEE) [
2 It does not attempt to make case study evaluations , as was done by Ellsworth Mason for Brown and Yale .
[EC] WEZ EREl [ ERS W 4 N [T0] WEl WREITO] @Bl [ENS) [J[CC N DO
3 Mor does it present examples of unsuccessful solutions except to shoew how to avoid mistakes , and in these

@S @D D =5 UE) WEN

cases the libraries will not be identified

s Tokens — ) caday # il aUail) o giows = il alail) 4 oalaie) o5 (o3 Jabadall o =

i) dlee (8 08 (g paill poaasar i Yy daidy pailas dlbia
B0 B VBEZ g vE ] Rg) 1 NI} i ] 1

1} This|book attemptg present representative examples of [successful architectural solutiong to thelimportant

mmmvsp v [ W @ e (|eem

problems librarians|and|architects facq in plannmg new college university library buildings|or_in|remodeling

- WS S [

enlarging existing structures .

EI! V5] WB] EN BN @vsn WEN
2 does not attempt make case stud\j.r evaluatlons as as done b',lr EIIswor‘th Maso for Brown ﬂ Yale
_E_I: 1 ) DI ©5) WSS 5 SRS ()[CChENR
Mor|does present examples uf unsuccessful solutions except to |show[how to|avoid mistakes , [and in these

\Zl VBN
cases the Ilbra rles ot be identified

40



s J8 oIS cps 3 Token T3, £V StopWords —I) Cada aa ot Al sohadl) dag
Tpay VA Laiaagll )l

Al sl Jde Jeass Lemma J ok g -

Lemmas:

book attempt] |oresent representatve example successful [architectural solution| important] problemn ibrarian
1 book attempts present representative examples successful architectural solutions important problems librarians

architect| faca plan [nzw [college university library building remaodel enlarge exist structure [daol

architects face planning new college university library buildings remodeling enlarging existing structures does
attempt maxe| [c3se study evalustion [bel [da] Ellsworth| [Mascn Yale| [dol oresent =xampls unsuccessful
attempt make case study evaluations was done Ellsworth Mason Brown Yale does present examples unsuccessful

solution show| |3woid mistake case library b2 deniify|

solutions show avoid mistakes cases libraries be identified

iz PRl eLLﬂ\ & d2alal) calelSl) 445\ < 8l eyl de gana dabuay eLLAS\ psRia A (jag T

Lemmas:

book attempd oresent representatve example successful [architectural solution| impqrtantl problem ibrarian
1 book attemptd present [representative examples successful architectural solutions important problems|librarians

architect fa plan naw| | [collegel univarsity| library building| [remodel| [enlarge! exist structure

architectd face|planning new college university library buildings remodeling enlarging existing structures does]

attempt casel| [Sudy evaluation EI _ Ellsworth| [Masen alz| | [dal present =zample unsuccessful

attempt|{make case|study evaluations|was dong| Ellsworth Mason Brown Yale|doeq present |examples unsuccessful

solution show| |3void mistake case lirary dentify|
be

solutions show avoid mistakes casesg| libraries| identified

r Jal) <&l e Stanford CoreNLP alasiuls dabull dallaall cilghaa s (aill oy =

( )
book attempt representative example successful architectural solution librarian
architect plan college university library building remodel exist enlarge structure
attempt study evaluation example unsuccessful
solution avoid mistake library identify

\. J

Lo @llXS (... cavoid <remodel «<plan «face «attempt) » WS Verbs Jlady) iy —
slaw¥) (3o IS M d8LeaYU (... <Brown <Yale) LS e Ju all jeailly sle
cleall
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lbnl Sredl Gailadl) Gan e S Sl JSAL Gaill dugh mual

book book 1 NN 2 -
attempts, attempt attempt 2 VBZ, VB 3,39 -
representative representative 1 JJ 6 TITLE
examples,examples example 2 NNS,NNs 7,61 -
successful successful 1 JJ 9 -
architectural architectural 1 JJ 10 -
solutions, solutions solution 2 NNS,NNS 11,64 -
librarians librarian 1 NNS 16 -
architects architect 1 NNS 18 -
planning plan 1 VBG 21 -
college college 1 NN 23 -
university university 1 NN 25 -
library, libraries library 2 NN,NNS 26,78 -
buildings building 1 NNS 27 -
remodeling remodeling 1 NN 30 -
enlarging enlarge 1 VBG 32 -
existing exist 1 VBG 33 -
structures structure 1 NNS 34 -
study study 1 NN 43 -
evaluations evaluation 1 NNS 44 -
Ellsworth Ellsworth 1 NNP 50 PERSON
Mason Mason 1 NNP 51 PERSON
Brown Brown 1 NNP 53 PERSON
Yale Yale 1 NNP 55 ORGANIZATION
unsuccessful unsuccessful 1 JJ 63 -
avoid avoid 1 VB 70 -
mistakes mistake 1 NNS 71 -
identified identify 1 VBN 82 -
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The evolution described below of one aspect of the NASA system1: and Technical
Informationis Facility's machine search system;s may be of general interest to the
documentation profession.

Recently a number of articles, books, and reports dealing with information;;
systemsio, i.e., document retrieval systems, have advanced the doctrine that such
systems,s are to be evaluated in terms of the degree or percentage of relevancy
they provide.
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TP+ Porter NLP index POS Corr
QuerylD EN
TF-IDF TP New TP New TP New

Queryl 17 10 11 3 7 2 5 2
Query?2 5 2 0 0 1 0 0 0
Query3 10 7 6 0 4 1 7 1
Query5 10 2 3 1 2 1 0 0
Query8 3 0 0 0 1 1 0 0
Query9 5 3 3 0 2 0 1 0
Query10 6 5 4 0 2 0 2 0
Queryll 31 6 6 1 10 5 6 2
Query12 3 0 1 1 1 1 2 2
Queryl13 32 16 15 3 10 1 7 4
Queryl4 1 1 1 0 1 0 1 0
Query15 22 9 9 1 7 4 3 0
Queryl6 4 2 2 0 0 0 1 1
Queryl7 4 1 1 0 1 0 1 0
Query18 3 2 2 0 1 0 1 0
Query19 12 6 6 0 4 0 3 0
Query20 16 5 7 3 6 3 5 2
Query21 7 2 2 0 0 0 0 0
Query22 22 2 3 1 3 2 3 1
Query23 23 6 6 1 2 1 2 2
Query24 13 6 5 1 2 0 1 1
Query25 7 2 3 1 0 0 0 0
Query26 12 7 7 0 5 2 4 1
Query27 31 10 12 4 10 3 5 4
Query28 8 4 4 0 3 0 4 1
Query29 18 5 6 3 4 1 3 1
Query30 23 9 10 1 9 3 8 3

Sum=130 | Sum=135 25 97 31 75 27
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Porter Index NLP Index
Query F1nLp-Flporter
Recall Precision F1 Recall Precision F1
1 0.58824 0.4 0.47619 | 0.64706 0.44 0.52381 0.04762
2 0.4 0.08 0.13333 0 0 0 -0.1333
3 0.7 0.28 0.4 0.6 0.24 0.34286 -0.0571
5 0.2 0.08 0.11429 0.3 0.12 0.17143 0.05714
8 0 0 0 0 0 0 0
9 0.6 0.12 0.2 0.6 0.12 0.2 0
10 0.83333 0.2 0.32258 | 0.66667 0.16 0.25806 -0.0645
11 0.19355 0.24 0.21429 | 0.19355 0.24 0.21429 0
12 0 0 0 0.33333 0.04 0.07143 0.07143
13 0.5 0.64 0.5614 | 0.46875 0.6 0.52632 -0.0351
14 1 0.04 0.07692 1 0.04 0.07692 0
15 0.40909 0.36 0.38298 | 0.40909 0.36 0.38298 0
16 0.5 0.08 0.13793 0.5 0.08 0.13793 0
17 0.25 0.04 0.06897 0.25 0.04 0.06897 0
18 0.66667 0.08 0.14286 | 0.66667 0.08 0.14286 0
19 0.5 0.24 0.32432 0.5 0.24 0.32432 0
20 0.3125 0.2 0.2439 | 0.4375 0.28 0.34146 0.09756
21 0.28571 0.08 0.125 | 0.28571 0.08 0.125 0
22 0.09091 0.08 0.08511 | 0.13636 0.12 0.12766 0.04255
23 0.26087 0.24 0.25 0.26087 0.24 0.25 0
24 0.46154 0.24 0.31579 | 0.38462 0.2 0.26316 -0.0526
25 0.28571 0.08 0.125 | 0.42857 0.12 0.1875 0.0625
26 0.58333 0.28 0.37838 | 0.58333 0.28 0.37838 0
27 0.32258 0.4 0.35714 | 0.3871 0.48 0.42857 0.07143
28 0.5 0.16 0.24242 0.5 0.16 0.24242 0
29 0.27778 0.2 0.23256 | 0.33333 0.24 0.27907 0.04651
30 0.3913 0.36 0.375 | 0.43478 0.4 0.41667 0.04167
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TP+ Porter & TF-IDF NLP & TF-IDF NLP & NLP-TF-IDF
QueryID EN
TP TP New TP New

Queryl 17 10 11 3 10 2
Query?2 5 2 0 0 0 0
Query3 10 7 6 0 8 1
Query5 10 2 3 1 3 1
Query8 3 0 0 0 0 0
Query9 5 3 3 0 3 0
Queryl10 6 5 4 0 4 0
Queryll 31 6 6 1 7 1
Query12 3 0 1 1 1 1
Queryl13 32 16 15 3 16 2
Queryl4 1 1 1 0 1 0
Query15 22 9 9 1 9 1
Queryl6 4 2 2 0 3 1
Queryl7 4 1 1 0 1 0
Query18 3 2 2 0 2 0
Query19 12 6 6 0 6 0
Query20 16 5 7 3 7 3
Query21 7 2 2 0 2 0
Query22 22 2 3 1 4 2
Query23 23 6 6 1 5 1
Query24 13 6 5 1 5 1
Query25 7 2 3 1 3 1
Query26 12 7 7 0 7 0
Query27 31 10 12 4 12 5
Query28 8 4 4 0 4 0
Query29 18 5 6 3 6 3
Query30 23 9 10 1 10 1
Sum=130 Sum=135 25 Sum=139 27
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? Porter Index & TF-IDF NLP Index & TF-IDF NLP Index & NLP-TF-IDF
8’ Recall Prec F1 Recall Prec F1 Recall Prec F1

1 0.58824 0.4 0.47619 | 0.64706 0.44 0.52381 | 0.58824 0.4 0.47619
2 0.4 0.08 0.13333 0 0 0 0 0 0

3 0.7 0.28 0.4 0.6 0.24 0.34286 0.8 0.32 0.45714
5 0.2 0.08 0.11429 0.3 0.12 0.17143 0.3 0.12 0.17143
8 0 0 0 0 0 0 0 0 #DIV/O!
9 0.6 0.12 0.2 0.6 0.12 0.2 0.6 0.12 0.2
10 0.83333 0.2 0.32258 | 0.66667 0.16 0.25806 | 0.66667 0.16 0.25806
11 0.19355 0.24 0.21429 | 0.19355 0.24 0.21429 | 0.22581 0.28 0.25
12 0 0 0 0.33333 0.04 0.07143 | 0.33333 0.04 0.07143
13 0.5 0.64 0.5614 | 0.46875 0.6 0.52632 0.5 0.64 0.5614
14 1 0.04 0.07692 1 0.04 0.07692 1 0.04 0.07692
15 0.40909 0.36 0.38298 | 0.40909 0.36 0.38298 | 0.40909 0.36 0.38298
16 0.5 0.08 0.13793 0.5 0.08 0.13793 0.75 0.12 0.2069
17 0.25 0.04 0.06897 0.25 0.04 0.06897 0.25 0.04 0.06897
18 0.66667 0.08 0.14286 | 0.66667 0.08 0.14286 | 0.66667 0.08 0.14286
19 0.5 0.24 0.32432 05 0.24 0.32432 0.5 0.24 0.32432
20 0.3125 0.2 0.2439 0.4375 0.28 0.34146 | 0.4375 0.28 0.34146
21 0.28571 0.08 0.125 0.28571 0.08 0.125 0.28571 0.08 0.125
22 0.09091 0.08 0.08511 | 0.13636 0.12 0.12766 | 0.18182 0.16 0.17021
23 0.26087 0.24 0.25 0.26087 0.24 0.25 0.21739 0.2 0.20833
24 0.46154 0.24 0.31579 | 0.38462 0.2 0.26316 | 0.38462 0.2 0.26316
25 0.28571 0.08 0.125 0.42857 0.12 0.1875 | 0.42857 0.12 0.1875
26 0.58333 0.28 0.37838 | 0.58333 0.28 0.37838 | 0.58333 0.28 0.37838
27 0.32258 0.4 0.35714 | 0.3871 0.48 0.42857 | 0.3871 0.48 0.42857
28 05 0.16 0.24242 0.5 0.16 0.24242 0.5 0.16 0.24242
29 0.27778 0.2 0.23256 | 0.33333 0.24 0.27907 | 0.33333 0.24 0.27907
30 0.3913 0.36 0.375 0.43478 0.4 0.41667 | 0.43478 0.4 0.41667
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> Comparesion with Porter Comparision with NLP

()

8’ Recall Prec F1 Recall Prec F1

1 0 0 0 -0.05882 -0.04 -0.04762

2 -04 -0.08 -0.13333 0 0 0

3 0.1 0.04 0.05714 0.2 0.08 0.11428

5 0.1 0.04 0.05714 0 0 0

8 0 0 0 0 0 0

9 0 0 0 0 0 0

10 -0.16666 -0.04 -0.06452 0 0 0

11 0.03226 0.04 0.03571 0.03226 0.04 0.03571

12 0.33333 0.04 0.07143 0 0 0

13 0 0 0 0.03125 0.04 0.03508

14 0 0 0 0 0 0

15 0 0 0 0 0 0

16 0.25 0.04 0.06897 0.25 0.04 0.06897

17 0 0 0 0 0 0

18 0 0 0 0 0 0

19 0 0 0 0 0 0

20 0.125 0.08 0.09756 0 0 0

21 0 0 0 0 0 0

22 0.09091 0.08 0.0851 0.04546 0.04 0.04255

23 -0.04348 -0.04 -0.04167 -0.04348 -0.04 -0.04167

24 -0.07692 -0.04 -0.05263 0 0 0

25 0.14286 0.04 0.0625 0 0 0

26 0 0 0 0 0 0

27 0.06452 0.08 0.07143 0 0 0

28 0 0 0 0 0 0

29 0.05555 0.04 0.04651 0 0 0

30 0.04348 0.04 0.04167 0 0 0
AVG 0.024106 0.013333 0.014926 0.016914 0.005926 0.007678
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Documents 1
dadl) Jaal) ad Jaal) aul
o Null Ll ~ o
du)yidy) bl e aa Al dalll
Auto x INT DocumentID A8l (B yaa
- v NVARCHAR(Max) Title a6l ol sie
- v NVARCHAR(150) Author S
- v NVARCHAR(200) Path cale o
- x NVARCHAR(Max) Text 4l (s
- X INT Length daidl Joha
A\g,g.ﬁ\
- ID Primary Key DocumentlD_PK
- ID Identity DocumentID_Identity
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-— Create Documents Table
USE NLP_DB
GO
CREATETABLE Documents
(

[DocumentID] [int] IDENTITY (1,1) NOT NULL,
[Author] [nvarchar] (150) NULL,
[Title] [nvarchar] (max) NULL,
[Path] [nvarchar] (200) NULL,
[Text] [nvarchar] (max) NOT NULL,
[Length] [decimal] (18, 3) NOT NULL,
CONSTRAINT [PK_DocumentS] PRIMARY KEY CLUSTERED ([DocumentID])
)
U Jgts ALl — 1 £ Sl
Glathaal) Jga—a A8l tay
Jstall ac) Ayl
Terms 2
daudl) Jaall Jaal) and
o Null b = o
A i) alilul) 3ac 8 paca 4¢9u\41ng
Auto x INT TermID lhiadl s jaa
- X NVARCHAR(100) Term clia..a.d\
- v DECIMAL(18,3) IDF O Sl 4855 6l 2 3
qﬁyﬂ\
ALl Ayl J gdal) A )laall J gaal) g5 ) o)
- TermID Primary Key TermID_PK
- TermID Identity TermID_ldentity
T- SQL
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-— Create Terms Table
USE NLP DB
GO
CREATETABLE Terms
(

[TermID] [int] IDENTITY(1,1) NOT NULL,
[Terml] [nvarchar] (100) NOT NULL,
[IDF] [decimal] (18, 3) NULL,
CONSTRAINT [PK Terms] PRIMARY KEY ([TermID])
)
alalbasl fgas dilky —1 o Jsanl/
Jsal) J g d8la,
Jsiad) anl ?J )
Tokens 3
i) Jaal) aml Jaal) aul
Nl Null b = o
A8y clill) 5B Gyaa L) dally
Auto X INT TokenlD el (8 yma
- v INT TermID allad) Gi s
- X INT DocumentID Aad 5l (o yra
- X NVARCHAR(100) Word FAAYRN|
- x NVARCHAR(100) Lemma PN
- x NVARCHAR(100) POS & sl Jalasl
- x NVARCHAR(100) NER LS Jalas
- X INT Order lhaall (s 5
3 gl
A laal) dua ) ghal) ASilaal) Jsaad) gl L) el
- TokenlD Primary Key TermID_PK
- TokenlD Identity TermID_Identity
Terms(TermID) TermID Foreign Key | TokenlD_TermID_FK
Documents(DocumentID) | DocumentlD | Foreign Key | TokentlID_DoclD_FK




T- SQL
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-— Create Tokens Table
USE NLP_DB
GO
CREATE TABLE Tokens (
[TokenID] [int] IDENTITY (1,1) NOT NULL,
[TermID] [int] NULL,
[DocumentID] [int] NOT NULL,
[Word] [nvarchar] (100) NOT NULL,
[Lemma] [nvarchar] (100) NOT NULL,
[POS] [nvarchar] (100) NOT NULL,
[NER] [nvarchar] (100) NOT NULL,
[ ]
C

Order] [int] NOT NULL,

ONSTRAINT [PK Tokens] PRIMARY KEY CLUSTERED ([TokenID])

)

GO

ALTER TABLE [dbo].[Tokens] WITH CHECK ADD CONSTRAINT
[FK_Tokens Documents] FOREIGN KEY ([DocumentID])
REFERENCES [dbo] . [Documents] ([DocumentID])

GO

ALTER TABLE [dbo].[Tokens] CHECK CONSTRAINT [FK Tokens Documents]

GO

ALTER TABLE [dbo].[Tokens] WITH CHECK ADD CONSTRAINT
[FK_Tokens Terms] FOREIGN KEY ([TermID])

REFERENCES [dbo].[Terms] ([TermID])

GO

ALTER TABLE [dbo].[Tokens] CHECK CONSTRAINT [FK Tokens Terms]

GO
sl Jots Al — 97 Sl
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Jga—al ‘w\ ?J  \J)
DocumentTerms 4
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- X INT Frequency lhadl )

- X DECIMAL(18,3) TF CJM\ 2
- 4 DECIMAL(18,3) TF_IDF s il dagd
3 gatl)
Agilaad) dalal) J gaal) AL Jsaald) g5 WP
- ID Primary Key ID_PK
- ID Identity ID_ldentity
Terms(TermID) TermID Foreign Key ID_TermID_FK
Documents(DocumentID) | DocumentlD | Foreign Key ID_DoclD_FK
T- SQL
Jaall sl

—-— Create DocumentTerms Table
USE NLP DB
GO
CREATE TABLE DocumentTerms (
[ID] [int] IDENTITY (1,1) NOT NULL,
[DocumentID] [int] NOT NULL,
[TermID] [int] NOT NULL,
[Frequency] [int] NOT NULL,
[NormalizedFrequency] [decimal] (18, 2) NOT NULL,
[TF _IDF] [decimal] (18, 3) NULL,
CONSTRAINT [PK_DocumentTermFrequencies] PRIMARY KEY CLUSTERED
([ID])
GO

ALTER TABLE [dbo]. [DocumentTermFrequencies] WITH CHECK ADD
CONSTRAINT [FK DocumentTermFrequencies Documents] FOREIGN
KEY ( [DocumentID])

REFERENCES [dbo] . [Documents] ([DocumentID])

GO

ALTER TABLE [dbo].[DocumentTermFrequencies] CHECK CONSTRAINT
[FK_DocumentTermFrequencies Documents]
GO

ALTER TABLE [dbo].[DocumentTermFrequencies] WITH CHECK ADD
CONSTRAINT [FK_DocumentTermFrequencies_Terms] FOREIGN KEY ([TermID])
REFERENCES [dbo].[Terms] ([TermID])

GO

ALTER TABLE [dbo].[DocumentTermFrequencies] CHECK CONSTRAINT
[FK_DocumentTermFrequencies Terms]
GO
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This chapter summarizes and discusses the present state of the artin testing and evaluation. Three tasks wil be
undertaken: to outline in some detall the few substantive research projects involving testing and evaluation, to
describe a number of research projects in areas cognate to testing and evaluation, and finally, to provide some
general condusions with respect to past and future activity. Although a distinction is made in this review between
laboratory-based experimentation and tests of operational systems, the methodology used in each instance is
substantialy the same. As yet, no full-scale and elaborate field approach has been attempted.
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Abstraci— it was necessary 1o provide am  information
retrieval moedel capable of meeting wser reguirements in an
effective manmer, in light of the increasing growth and the huge
amount of digital information in recent decades.

The Information Retrieval process depends on the maiching
process largely between representations of the wser's desire,
which s expressed through the query, and stores of information
to return resalis related to the user's desire.

As the challenge teday is no lnger, providing information
stores, therefore, the biggest challenge that Tacing researchers is
the ability to retrieve an appropriate information related bo the
needs of the wser.

In this paper, we review basic information retrieval models,
that are classified according to the mathematical dimension to
arvive b & description of the most efective model in retrieval
operations, and o demonstrate o the most whidespread among
other models, which is, Vector Space Model and its strength to
excel in the event that the weaknesses paints, that it suffers fronm
are addressed, which is represented by mot setting  fived
standards, for terms' weighting Jdn addition to this model that
assumies independence of terms from each other.

Keywords—  Information Retrieval Models TRM, Boolean
Model, Vector Spece Mode VSM, Probabilisde Models, Term

Wedghuing)

L INTRODUCTRON

The term Information Retrieval was first used during Calvin
Mooers' presentation of a research paper at a 1950 conference,
as he wrote, "The problem under discussion here is machine
searching and retrieval of information from storage according
1o a specification by subject... ™. [1] [2]

Mooers used this term to describe the process by which a
user could convert their need for informatson into an actual list
containing a set of useful references, and explained that
information retrieval s another, more general name for
producing a demand bibliography. [2)

Information retrieval models considered a blueprint for
implementing an actual retrieval system as the retrieval system
predicts and explains what the user wants by analysing the uwser-
defined guery. [3]

Models provide different techniques and methods for
matching stored documents to a query. The main goal of
information retrieval models s to find documents relevant to
the information needs of a large group of documents. [4]

Il THE AlM OF THE RESEARCH
A brief historical overview of the emergence of the concept
and development of Information Retrieval, and its multiple
models, with a brief descripion of the working method and
processing algorithms in each of them, with a focus on the
aspects that distinguish each model from the other, and then
compare these models with the aim of deseribing the best mode]

Muhammad Mazen Almustata
Web Science program, Syrian Virtual University
Damascus, Syria

can meet with the requirements of User in terms of performance
and related resulis.

Diespite the emergence of many mformation retnieval
models and the development that occurred in this area of
knowledge. most models still suffer from their limitations in
meeting the user's desire 1o obtain the required information. In
addition, the many models that appeared in information
retrieval systems depend in their way of working on the basic
models represented by the Boolean model, the probabilistic
maode] and the vector space model.

The aim of this paper is to compare these models to guide
wrkers in this field to the simpler and more efficient model by
reviewing the points of strengths and deficiencies in it to
overcome them in fuwre researches in order to reach an
effective and efficient retrieval model.

L. CLASSIFICATION OF INFORMATION SYSTEMS
EETRIEVAL MODELS:

Information  retrieval  systems models  differ  among
themselves in general m the way of representing documents and
gueries, and the methods of matching and amranging. These
models could be classified according to two dimensions: the
mathematical base and the characteristics of the model.

Retrieval models were  classified  according to  the
mathematical base dimension mto:

)

l:'l Eﬁ =)
H“J = J‘=='J[“"“J_I

Fig. 1:Chssification of Mathematical Information Retrieval Models [5]

The following is a review of the most imponant features
that distinguish each of these models, explaining the Positives
and limitations of each.

A, Classical Models:

1) Boolean Model:

The Boolean mode] is the first form of information retrieval
[3]. One of the oldest and simplest models in this field, as it
based on logical algebra [4), and the principle of Exact Match
[3]. There is no room for pamial matching in this form.

Where documents are represented by a set of terms (also
known as index terms) [4] [6] . Then it is classification inio a
class m which the terms of the query mentioned, and a class in
which the terms not mentioned. This classification means that
there is no sort of amrangement in evaluating the relevance of
the documents o the query.
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The users mformation needs are identified by a
combinaiion of basic legcal transaciions defined by George
Bool, which are three (AND, OR, NOT) meaning intersection,
addition and difference, and are used during formulation of the
query [3] [4] [5]-

Diespite their limitations, these models still used in many
retrieval systems. It also grves expert users the feeling that thew
are able o control the system largely more than others [T].

The development of these models appeared, for example,
the Extended Boolean Model, which was described in an amicle
published in ACM in 1983 by (Gerard Salton, Edward A. Fox,
and Harry Wul

Through this model, it became possible to perform partial
matching and term weighting. It combines the characteristics of
a Vector Space Model (1t will be explamed n the next
paragraph) with the characteristics of a Boolean model [6].
However, the judgment in this model on the importance of the
documents to the query, depending on whether or not the term
mentioned in them. without taking into account the repetition
or its menitoning in the one document that is taken imto account
b the other models.

2) VWector Space Model:

Gerard Salton and his colleagues suggested this model in
1983 [£]. It was based on the similarity criterion proposed by
Hans Feter Luhn in 1957, who was the first one suggested the
statistical model for searching for information based on the
similarity criterion betwesn inguirics and documents. HF Luhn
formulated the similanty eriterion as follows:

"The more two representations agreed in given elements
and their distribution, the higher would be the probability of
their representing similar mformation...™ [9]

Based omn this criterion, Salton and his colleagues
considered that both documents and queries could be
represented as vectors in Euclidean space, so that each term is
assigned an independent dimension, and then they calculated
the similanty between vectors using the cosine bepween the
veciors representing both the document and the query. [K]

This moede] was considered one of the algebraic models and
the most widespread. The text is represented in it by a vector of
terms mdependent of each other. The terms are words and
phrases that represent indexing terms. [7]

According to the siatistical model, the content of the
document is viewed as a Bag-of-Words [6].

This means that the document content meludes unordered
and irregular frequency terms within the document content.

Index terms set weights for both documents and queries.
Then measuring the similarity or distance between the
document and the query through several methods. we mention
as example (Dot Product, Euclidean, Manhattan, Cosine. .. ). [5]

The biggest challenge facing this model is to set the
appropriate value for the vector components, and this problem
is known as Term Weighting in addition to terms independence
as this model does not take into account the terms link between
them. [3]

&£ Probabilistic Models:

Maron, Kuhns suggested the initial idea of probabilistic
models i information retrieval systems in oa paper titled
Probabilistic Indexing and Information Retrieval published in
1960 [T] [10].

It was conskdered the first scientific work to deal with the
use of the probabilistic appreach in retneving mformation, and
on this hasis, what is known as Probabilistic Indexing appeared,
and since then many models have been developed that rely on
different techniques 1o estimate probabilities.

Probabilistic models are based on the Probabilistic Ranking
Principle (PR} [6] [7]:

I a reference refrieval system's response fo each request
is @ ranking af the documens in the collecrion in order af
decreasing probability of velevance to the user who submied
the reguest, where the probabifities are estimated a8 accnrarely
as possible on the basis of whatever dara have been made
available fo the system for this purpese. the overall
effectiveness of the system to ity user will be the bese thar is
abiginable on the basis of those daia. " [11].

Feedback plays an important role in such probability
models, as it uses the historical information of the document w
calculate its probabilities of relevance to the query.

Probabilistic models differ depending on the assumptions
on which thev arc based [6].

The classic probabilistic model introduced by S.E.
Robenmson and K. Parck Jones in 1976 assumes the
independence of the term as this model was defined as the
binary imdependence retrieval model (BIR). This model was
depended on the concept that the sct of documenis siored in an
information retrieval system was divided into two independent
binary groups from each other; the first group is known as the
join group whose content is related to the query, and the second
group is known as not join group whose content is irrelevant wo
the query. [12]

As the set of all possible outcomes is called the sample
space and thus the probability of P(R) in the sample space can
carry one of two values {0,1} where Irrelevant =0, Relevant =

1.[3]

We must mention that the value of P (... changes with the
change of the random variable converter R. s0 when we assign
different values to the random variable converter R or different
valucs of the sample space. Therefore, we are talking about
different values of probability P. [3]

This model depends on the method of using probability
theory as the basis for the reatment process. Where, according
to the followed probability model, the probabilities in which the
document s relevant to the user's query are caloulated or
estimated.

The basic idea of this model is the hypothesis, that the
information retrieval system includes documents related to the
user's query, that are completely relevant and there is another
group that is far from this relevance, according to this model,
the related group of documents is called the wieal answer set,
and by providing a complete description of this set of
documents (ideal answer set). The problems of rerieving the
content of documents diminish, and yet another obstacke
appears in the difficulty of definitively knowing what these
characteristics and features are.

The primary effort of a probabilistic model is the nitial
guessing to determine the charactensiics of the keywonds
contained in the documents, which have linguistic and
idiomatie connotations, which contribute o the marking of
these characteristics, allowing the creation of a probabilistic
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initial description of the ideal response set to the documenis
Lery.

i In spite of the results achieved by this model, some saw that

it ism’t better than the results achieved by the classical models,

which led, from their viewpomt, to the system developers not

convinced of switching to this model largely.

Among the probabilistic models, we mention:

1) Best Match BMZIS:

This model was developed im the 1970s and 1980s by
Stephen E. Robertson, Karen Spérck Jones, and others. It is a
currently widely used probability model, in which documents
arc classified based on the estimated probability of the
documents fit in the query. [6]

This model was developed from the Binary Independence
Model (BIM). which is a classic probabilistie model that
represents both documents and queries as binary vectors by
combining mange frequency  and Document  Length
Normalzation. [6]

This model 15 usually referred to as the Okabi BM25
because the Okabi retrieval system implemented in London in
the 19805 was the first to implement this model

The BM25 model has a lot in common with the TF-IDF
terms weighting algorithm. Both algorithms use the term
frequency and the mwerse document v, but the
definition of factors differs slightly berween the two models.
[13]

Both models define the weight that is given to each term as
a result of combining the inverse document frequency and the
term's frequency and then calculating the term's weight for the
entire document for the specified query. The most prominent
difference between the two models 1s that the BM25 takes mto
account the length of the document while it has no effect in the
traditional TF- 1DF used in the classic form. [13]

2) Language Models:

Language models applied to information retrieval by a
number of researchers in the late 1990s, among them we
mention: (Ponte and Croft 1995, Hiemstra and Kraaij 1998,
Miller ctal. 1999). [3]

Language maodels developed in the early 1980s for
automatic speech recognition systems. It stdies the probability
distribution over all words sequence in a language. [3] [6]

The language model estimates the probability of words
sequences. There 1s a language model associated with each
document and this model may contain the queries most relevant
to it. Language model-based methods are a widely used model.
[6]

Once we know the probabilities of individual words, ie.
assign a probability value to each term. we can calculate the
probabilities for amy phrase or sentence in the language. The
higher the probability of the sentence, the more likely that the
sentence will be of interest. For example: Assume that the
probabilitics associated with words {information, retricval,
forms) are (0.1, 015, (L05) respectively. then the probability of
the phrase: Information Retrieval Models is 0.3 [6])

Some other probability models may specify a very high
probability of the word “retrieval”. ndicating thar the
probability of this message that we are wrting, for example,
will be a strong candidate for retrieval if the query contains this
word. [5] [3]

The language models take the same starting point, as the
probability mdexing model. that was set by (Bill Maron and
Larry Euhns), 1s a probability value that is assigned to the
different indexing terms, which the document contains, so that
cach document has  a set of indexing terms and each term has
a probability value, that determines its importance for the query
Including the terms it contains. Then, the language model for
each document will be designed to follow this approach. [5] [3]

One of the advanced models that emerged using this
technology 1s the Matwral Language Processmg Model

As it does not rely on terms of guery and document only,
but it processes sentences and formulas, and this model works
on matching them. Therefore, it requires building systems that
work on natural language texts on three levels of processing:
syntactic analysis, semantic analysis, Pragmatic analysis.

. Combining Evidence:

In these models the technology for understanding the
content is used for the documents and queries, and then it used
also for concluding the probable relations between documents
and gueries. Therefore, the information retrieval process is an
inference process or logic thinking in which we can evaluate
the probability of the extent of the documents' fitness with
inquiries which determines the user” nead.

One of these models is:

17 Inference Merwork:

In this model, the documents retrieval is modeled as a
process of logical inference, and its probability was evaluated
to meest with the user' need for information in which we can
express it by one or more of gqueries by analvzing the document
as inference network will be the mechanism of concluding these
relations kmds [14].

Most of the techniques used by information retrieval
systems could be applied within this model. [7]

In the simplest application of this model, the document
gives the term a cenain power, and then the values for the terms
contained within the query are combined o caleulate the
numerical result of the query in relation to the documents.

In other words, the power given to a term may be considered
as the weight of the term in the document. Thus., the
classification of documents in this model becomes similar o
the armangement in the vector space model or the probabilistic
models. The strength of the term s indefinite and therefiore any
algorithm or form of term sirength can be used within the
document or query. [7]

This model relies on three basic things:

+ Suppon the use of multiple document representation

schemes.

+  Allow the merging of results from different types of
queries, which retrieve differemt documents for the
same specific need for information.

# Flexible matching between terms orf concepts
mentioned n the guenies and those specified for
documents. This is done by improving recall by using
cognitive matching of guery concepts and documents
and their representations without significantly
degrading accuracy. | 14]

LJERTY 101592

www. jeriorg

3o

(This work is licensed ander a Creative Commons Atiributbon 4.0 International License.)

86



Pulblished by :

htep:/www.ijeriorg

International Journal of Engineering Research & Technolagy (LIERT)

ISSM: X2TR-0181
Vol 10 lssue 09, Sepiember-2021

Rebevant Mon Helevsnit
Retrieved Frue Posinve TP False Posinve FP
Mot Retrievied False Negartve FN Frue Neganbe TN

2) Leaming To Rank:

The leaming to rank algorithm is part of the information
reinieval for large documenis. Data consist of quenes and
documents which are represented as vectors. (6]

It is diveded mnto three models ( Pointwise, Pairwise, and List
wise). In the first model, pointwise, the arrangement is done as
a traditional classification process, so the result is Class, so the
goal 15 to reduce misclassification of gquenes and documents. In
the second model, Pairwise, which is the process of converting
the arrangement o a pomtwise classification process, the goal
of this process is to increase the number of pairs that were
classified out of order, and the third, list wise, 15 very similar to
the pairs wise model except that it deals with lists of rows and
classes. [6] [15]

This form 15 applicd to the Traning Sct test, and the
documenis are sorted accordmg o their relevance and
importance. [6] [15]

IV. EVALUATING IM IR SYSTEMS:

Retneval effectivencss i1s a measure of how well the
documents retrieved by a svstem meet users” needs. The
process of determining the retmeval effectivencss for a grven
query is referred to as effectiveness evaluation [6).

One approach to measunng effeciiveness of an IR system
which s widely used is precision and recall. [&] [16].

However, precision and recall are imwversely related. That
mean, obtaining higher levels of precision can be obtained
through lower recall values [6] [16].

Effective information reirieval systems must retnicve the

zet of documents will either be nearly empty (low recally or
contain too many documents (low precision) due to the use of
an exact maich cntenion. Consequently, this model 15 more
usetul for data recovery than information retrieval because all
terms in it are of equal weight. [17]

While we found in the WVEM the possibility of applving a set
of values to each term, either in the representation of documents
or in the user's query. Common terms are not important in this
:mu:h:l:] due to the application of inverse document frequency as

c IS given to rarc tenms.

In the VSM model. a long document that can contain the
same query terms only in the title and the abstract may be very
relevant to the query, but in this model it will be of low
importance cu:mpnrr.u:l to a short document that contams the
same terms in the dix, which 15 considered one of the
drawhacks of this model. Another disadvantage of representing
VEM documents is that the terms arangement is missing and
documenis coniainimg query terms close to each other cannot
be preferred over documents that contain scparate terms in
different parts of the document. [17]

The probahbilistic retrieval mode! relies on assumptions that
have explicitly made, such as assuming that 50% of the
document containing the term is closely related to that term.
However, not all assumptions comespond to reality. Therefore,
the total number of relevant documents must be estimated, and
the calculation of the probability value P [...) which is a
constant 15 not always comect. Therefore, the probabilistic
retrieval model o achieve accurate resulis requires that the
terms will be independent. It ignores the calculation of weight
to repeat the term and position within documents, and thus it is
more suitable for long documents than for shont documents.
[17]

The following iesble summanzes the most important

differcnces between the three mam retrieval models:
Tuhel:

largest possible number of relevant documents (Le. have a high Prwitires Kegntires

recall), and must retricve a very small number of irrclevant (Le. - Simple and - The vocmbubaries of indeces gre the
high-precision) documenis. Unfortunately, experience has form aad saws, @5t vocabilaries af
shown that these two aims are completely opposed. [7] ::”']"I e apyely ol gk, di vy chor commplete
Therefore, in some evaluating systems, the F1 factor is used as § - Predictable and eaxy fo ~ There is mot pacsible 1o apply the
a measure of combining precision and recall. [16] - explain, pertial

Below we explain the calculation methods for: Recall, _§ - Experts foef more in - The reteieved documens are nor

Precision, and FI. H conrrad af e Tpsten arranged or cdecsiiieal
= There s no weighing of flee
TP TP MT““ e
Recall =g+ Predsiom = inguiries f hey ave o
p1 o g o Precision x Recall _ 2+ TP T e it | e e metielenty
- Precision + Recall 2+ TP + FN + FP 3| - #rdepends on e - Long documenes are posrly
= welghting of fermis. represeated and Pl bave Masdned
Y. CoMPARISON OF MaAN MODELS: ~ It i based aw the expressive abdlin.

By reviewing the previous models, we find that the basic ;— w-’fﬂfm - mhﬂ'wr:fmmm
models, which the rest of the other models depend on, are three: ™ ':"‘Ir i :L-.n_ wl HM:E R m_"'
Boolean model, the vector space model, the probabilisiic mode] E - wwh‘_ﬁ reprcscnt ispartans inguismic
and all other models, which are attempts to develop these three possible. Fearsres,
basic models or combine them_

We have found that the Boolean retrieval model allows
users to formulate complicated logical expressions and querics
that may be difficult for an ordinary user, and this model does
not provide an arrangement for the retrieved documents. This
LIERTVIGI S92 www.ijerorg anz
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= Effective model. — Probabilities ave difficnlt ro
T | - Markemasioal & estimare.
; theoretical model = Unrealistic asswmpeions due to

- SwitaMe for long independence of the tevm.
f documents. - Logical refationships are neglected.
: = There are many models, and thus it
| is difficels to determine the best owne,
£ 5 it reguires prior knowledge.

VL. CONCLUSION:

After reviewing the different models of information
retricval systems, we found that the vector space model
considered a flexible and clear at the same time, as it represents
onc of the most widespread models to date, and whose results
depend largely on the process of term weighing, but it has the
following two main problems: independence of terms and
weighting of terms. [6)Conscequently, working to overcome
these points cnables us to find a sophisticated information
retricval mechanism capable of obtaining better results than
those achieved by Boolean models without entering into the
complexities of the calculations of the probabilistic model.

We suggest working to increasc the cffectiveness of terms
weighting process by defining descriptors of terms
documents in order to overcome the weaknesses of the vector
space model. So that those descriptors give quantitative or
qualitative indicators that determine the value of the
information in them, and its importance to the document in an
objective manner through the analysis of the linguistic structure
of the terms and then, a value representing the degree of
membership of the term in the document based on these
descriptors, which leads to more accurate results and thus
obtaining an effective information retricval system. That is not
restricted by exact match and simple

as the case of Boolean retricval systems and depends 1n its
operations on a thoughtful representation of the terms of texts,
and not assumptions that may not correspond to reality as the
case of the Probabilistic model, which ignores some important
descriptors of the terms.
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Abstraci—Term weighting is one of the branches concerned
with information retrieval IR, It stwdies the importance of
“ward™ or “phrase” in a certain text, as the ssue of delermining
the importance of keywords B essential and effective in the
modern retrieval syslems.

Studies showed that the appropriate weight of the term
importance affects the retrieval resulis. Thus, the distribuatbon,
location, indication, and synchronization of the term with other
terms in the docoment are Tactors that should be taken into
consideration upon measuring the similarity between documenis
or between guery and document.

The paper sheds light on some weak paints in the traditional
term weighting (TF-IDF) of the vector space model It also
reviews some algorithms to improve TF-1DF performance, then
develop a new mechanism for term weighting depending on fext
analysis and natural language processing through features of the
terms deduweed from the information derived Trom fext analysis
and processing, and condocting the appropriate maihematical
tests to reach a new way for term welghting. This new way
enhances the ability of the suggested sysiem o retrieve the most
appropriate information requested by the user; which is the most
essential goal all retrieval systems are seeking to achieve.

Keyworils— Information Refrdewad IR, Vector Spece Modeal
FEM, Indexing, Term Welghting, TF-IDF, Noetural Language
Processing NLP )

I. INTRODUCTION

The effective research systems do not work directly with
documents or querics as different techniques and strategies are
used to represent the essential meaning in the form of parts of a
document or inquiries; a process that is called indexing [1].

Terms in the vector space mode] are represented as a vector
getting out of a set of concepts, where the vector represents the
keywords and terms extracted from documents. The biggest
challenge facing this model; howewver, is determining the
suitable value of the vector construents or what is known as
Term Weighting, in addition to terms independence [2] [3].

According to the VEM model, the long document that could
contain the same terms appearing in the query - only i the titke
and abstract - can be of a great relevance to query, but in this
maodel, it will have less significance in comparison with a shon
document having the same terms in the footing. A flaw in the
WSM document representation appears in that the term
arrangement is missing. Documents that do not have close
query term cannot be preferred to documents having separate
terms in varsous paris of the document [3].

Processes in the vector space mode] are three stages: The
first stage is “Indexing”, where terms are deducted from the

Muhammad Mazen Almustafa
Web Science program, Syrian %irtual University
Damascus, Syria

text. The second stage is “Term Weighting™, and the third is
“Classification™ as regards query and similarity [4]

This paper suggests a new mechanism for term weighting
with the aim of overcoming the shorcomings of the vector
space model through identifying the term features of document
terms where features give quantitative or gualitative mdicators
that determine the wvalue of information, significance to
document, and the relation between terms and their ccourrence
within the document and their grammatical positiom that
increases the effectiveness of this model.

II. INDEXING IN INFORMATION RETRIEV AL
BEYSTEMS

This process implies determining the keywords that
represent a document on the basis of its contents. It 1s a
significant stage in the retrieval system. Indexing is defined as
*“a process that determines keywords or descriptive terms, what
is called “Index Terms™ that represent the document on basis of
its contents to reach an effective access of documents.™ [5].

Text processing and analysis is the first step of indexing in
retrieval systems to get 2 more effective retrieval. To achieve
this, there should be an appropriate structure for mdexing. The
most used data structure is the Inverted index which is a term-
oriented mechanism which is the most competent and flexible
index struciures [&].

The structure of the Inverted Index has two components;
wocabulary and document list. Yocabulary is a set of varnous
terms  concluded from  documents. Each document s
represented by a hist of some referental words stored
alphabetically [6] [T). It should be noted that some statistical
information could be stored about each term m each document,
like term frequency, term position, and other usefil features for
the retricval

To establish the “Index™, text should undergo analysis and
processing within information retneval sysiems; such as:

A, Linguistic Analysis {Tokens Extraction):

The most important question that should be raised at this
stage is the following: What are the right tokens that should the
system process and store? [8].

At this stage, a text is analyzed, distinctive terms chosen,
and unnecessary symbols and punctuation marks removed. This
process is usually referred to as “Tokenization™, where the
document is divided into units called *Tokens™. This results in
a set of words of semantic significance [9].

Here, you have to differentiate between “Token™ and
“Term™. “Token”™ means a distinctive symbol. [k s a
representation of a series of letters in a certain document
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combined to form a good-to-process semantic unit, whereas
“Term” is a token processed to be inserted in the IR Index [6]

(8]

8. Niemming & Lemmaiizafion.

This process is also called in general "Abstraction™.
Usually, the terms of abstraction, stemming and lemmatization
refer io the change of the word structure and reduction of term
form to a common form.

*“Stemming” refers to extracting part of the end of the word
and removing any suffixes; Le., removing any additsons to the
word, whereas * Lemmatization™ depends on the morphological
analyvsis of words to remove the inflectonal suffixes only and
restore the basic form of the word, as stated in the “Linguistic
Dictionary™, which i1s known as “root”, or “Lemma™ [#] [9).

The aim of abstraction or stemming is reducing the different
forms of the word generated due to inflection, and sometimes
the denvative forms that are related to the word to a common
form [&] [8]. Hence, when a user specifies a term to search for,
it is necessary to refrieve all documents that have grammatical
variables of the term, which prevents any exact match between
the query term and the document containing this texm.

Through this process, all grammatical forms of tenms are
represented in a basic common form. This also helps reduce the
size of documents and makes search faster through searching
for the ahstract term instead of searching for the whole term.

The first stemmer of the English language was developed in
196% by Julie Beth Lovins who introduced the concept of
“abstraction™ based on the “Dictionary of Common Suffixes™.
This logarithm was based on the principle of removing
suffixing with view to the longest match. This bogarithm led to
reasonable results inthe ficld of mformaton retrieval [10].

Then came Martin Porter who published a paper in 1980 in
the Programme Joumal to describe a very simple logarithm, in
concept. This bogarithm is controlled by certain rules that
determine whether the suffix could be omitted or not depending
on the mimimum left after omission. The | ithmm; however,
repeatedly proved to be empirically effective [#]. Porter did not
depend on an abstraction dictionary; rather. he used lists of
suffices, then linked cach suffix with a special criterion to
delete the suffix from the word to get a true abstract work when
applying the criterion. The logarithm consists of several stages:
cach of which contains a number of mles to remove suffixes
and it is available in different languages except Arabic [6].

The Paice/Husk stemmer was published for the first time in
1980, It was deve by Chns Paice with the help of Gareth
Husk, who used a table of mdexed rules which determine
whether suffixes would be omitted or replaced [ 10].

. Remaving Stap Waords

Stop words is a list of linguistically common words and
have a limited effect on the categorization and selection of
documents that goes appropriately with user nesds.

They are functional words that have no meaning, and are
part of how nouns in a text are described and expressed [6].
Like pronouns, connectors and prepositions, that appear in all
text documents [9).

Rarely do these words refer to anything related to the
subject of the document; hence, such functional words will not
be of help in the search processes [6].

The general strategy uwsed to define this list of wonds
depends on sorting terms by aggregation frequency (total
number of the times cach term appears in a cemain set of
documents). Then, the most common terms are taken, and
filtered. often manually. due to their poor semantic content in
relation to the documents being indexed [6).

I} Term Weighting:

Term Weighting is defined as a digital computing aiming to
express the importance of & word within a group. It is usually
used as a weighmg factor in the scarch processes within
information refrieval systems [11).

It i= a calculation process and determining a digital value for
each term to consider its contribution in distinguishing a certain
document. Terms are descriptors of content in the documents
used i indexing. and through which the relatedness of
documents to queries is evaluated. These terms are classified as
objective and non-objective, where the weighting process is
applied to the non-ohjective terms which reflect the contents of
a document Then, these terms are weighted and their
significance in relation to the information included o the
document is demonstrated [ 12].

1Il. TF-1DF ALGORITHM

TF-IDF is an abbreviation of Term Freguency—Inverse
Document Frequency, which is a technique commaonly usad in
text mining and information retrieval. The Term Frequency,
which was one of the most important developments in the field
of information retrieval, was defined, for the first time, by
Scientist Gerard Salton in the nineteen seventies [13].

This was supplemented by the work accomplished by Spark
Jones who presented her paper about the Inverse Document
Frequency (1IDF) [ 14], and resulted in the quick adoption of the
two-method combinatson; fe., (TF) and (IDF), as two new
methods for term weighting [3] [15].

The term frequency (TF) is also called “Local Term Weigh™
and is defined as the number of recurrences of the term being
searched within a document.

Number of times term t appears in a document
TF(r) = Total number of terms in the document

The IDF, on the other hand, is called “Global Term Weight™

and reflects the term frequency within a number of documents.
Total number of documents
IDF(t) = log. Number of documents with term t in it

The term weighting could be calculated by use of TF and
IDF through the following equation:

TF — IDF,, = TF,, + IDF,

IV, LinvrraTions oF TF-1DF:

Despite the numerous features of the traditional way TF-
IDF, there are a lot of shortcomings which cannot be ignored.
Those shortcomings are like the following:

1} The traditional method assumes that calculating the term
trequency gives an independent proot’ of smmilanty.
which s not always correct [ 16].

2} This method calculates term weighting on basis of the
term frequency, and is not concerned with the term
position in the text [17] [18].

3) The traditional TF-IDF is a technique used to select an
unsupervised feature as it 15 only limited only to the
document [16). Nonctheless, it does not discuss the
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common connotation or cccurmence with other terms in
the document. It 5 not, either, concemed with the
relation between words and the impornance of the term
in relation to the text iself [17] [13].

Therefore, this domain was and is still a motive for a lot of
rescarchers to study the possibility of producing different forms
of weighting plans and improve TF-1DF algonthm with the aim
of developing information retrieval systems.

Here are three examples:

» In 2017, a number of scholars; namely, Thabit Sabbah,
All Sclamat, Md Hafiz Sclamat, Fawaz S_AlAnzi,
Enrique Herrera Wiedma, Ondrej Krejear, Hamido
Fujita, proposed four schemes for term weighting
depending on the TF-1DF scheme. They were: mTF,
mTFIDE, TFmIDF, and mTFmIDF. The schemes take
into consideration the missing term counting with
calculating the weights of current terms to improve the
performance of Text Classification (TC).

The first proposal examines the number of missing
terms in a text in comparison to the total number of
terms in & certain group to present a new weighting
called "mTF~. The sccond proposal; however,
examines the percentage of the number of missing term
documents to the number of texts in a group, which
rescarchers called “mIDF".

Based on the previous two proposals, scholars
presented different standard weighting schemes of the
TF-IDF, on the basis of the proposed mIDF and mTF
schemes [19].

In this study, scholars depended on the idea that some
terms should disappear when other terms already exist
in the text, and vice versa. Therefore, the weights of
terms would, definitely, be affected.

» In 2018, Rajendra Kumar Roul, Jajat Keshan Sahoo,
and Kushagr Arora from Fuarinagar University in
India, conducted a study that demonstrated the
shortcomings of the TF-IDF, then proposed four
different technigues for term weighting with view to
overcoming those shortcomings by modifiing the
traditional TF-1DF. The study showed that the text
representation based on language, like the BSM Vector
Space Model. greatly affect, especially in the fickds
where language is processed namrally (MLF). the
information retricval (IR}, and that the transfer of texts
to vector renders the possibility of conducting any
mathematical operation on wvector-represented texts.
Therefore, term weighting plays a big role in
representing documents more accurately.

The four techniques proposed by the researchers in this
paper entail a modification of the known TF-IDF
algorithm by the addition of some mathematical
operations to documents such as Inter-class dispersion,
where the term is distnbuted in a unified way among
the different classes, which means term dispersion will
be low., therefore, the weight the term will contribute in
will also be low. If; however, the term has a big
disparity, this means it is good and the weight it is
contributing in will be high. The second proposal was
about moedification of the traditional 1DF through
giving the value 0 or 1 depending on the frequency of

the term in all documents or Non-ooCUTTENRCE N &Ny
document. The third proposal teok into consideration
the number of documents containing that term and
belong to a definite category, and the total number of
documents in this category. The last proposal examined
the importance of the document length in the term
weighting [ 16].

= In 2019, Shuzhi Sam Ge and Ting ZHANG from the
University of Electronic Sciences and Technology in
China suggested a new term weighting way. They
called it *TF-1DF-p"™
Their study showed that the traditional algorithm TF-
IDF 15 one of the term weighting algonithms and the
most  common  fext  representation way  [18].
Mevertheless, it does not function properly. and has a

lot of shortcomings.

Throughout the study, they worked on improving this
algorithm by suggesting a new idea that depends on the
“Class DMscriminative Strength™, which the term
affects. They suggesting benefiting from  this to
improve the traditional TF-1DF algorithm.

The study also showed that the selection and weight
calculation of the distinctive terms of texts defines to a
great extent whether the text has been properly
classified or not.

Rescarchers suggested that the class discriminative
strength p represents the disciminatory power of a
feature item, equal to a total number of the category in
corpus divided by the number of classes of feature item
OCCUITENCE 1.

This way suggested by rescarchers represents in
assigning a greater weight for distinctive terms which
appear n greater proporiions as a strength  that
distinguishes classification or category, with the aim of
shedding light on the ability of this term to distinguish
different texts [18].

V. MATURAL LANGUAGE PROCESSIMNG {MLP):

The need to anmalyze texts before retrieval is one of the
biggest obstacles facing Information Retneval Systems (IRS)
as the latter mainly depend on understanding the content of
texts to be retneved, and analyzmg the words used to build
gueries, then making a link between kevwords and the text
database, and conducting the appropriate weighting process to
reach the proper text. This led to the ansing need of a textual
analysis process.

Matwral Language Processing (WLF) is a way o analvze
texts in a computer. [t includes collecting knowledge about how
humans understand and wse language. to develop the
appropriate wols and techniques that make computer systems
capable of understanding and processing natural languages to
perform the various required tasks [20].

Dr. Michael JGarbade defines MNatural Language
Processing (MLP) as a branch of Amificial Intelligence (Al) that
handles the interaction between computers and humans through
the use of natural language. It shows that the ultimate goal of
Matural Language Processing is reading, understanding and
realizing the human languages in a valuable way and infering
the required meaning from them [21].
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VI STANFORD COREMLP

The Stanford CoreMLP 15 one of the widely used
tools as most of the common essential natural language
processing are available, such as tokenization and even
coreference  resolution  through  combining  several
constituents of natural language analysis [22].

One of the initial release goals that was developed in
200 was obtaining  Annotators  Pipeline  swifily, and
providing a light framework through the use of Java
objects and applying them on any text instead of
applying them on a single sentence only. In 2009, the
system was developed to be used more easily and by a
wider range of users, as the system provided the
interface of command line and the ability to  write
outside annotations  with  different  formats,  including
XML

Control of annotations could be through the Object
Propertics, and the Stanford CoreMLP set could be
packaged in a way that makes them easy to access by
various languages, such as: Python, Ruby, Perl, Scala,
JavaScript, Met and even C# [22].

The curmrent release entails & set of processing tools
designed to take initial textual imputs, giving whole
textual analysis  outputs, and linguistic  annotations
appropriate for the effective textual analysis [23].

The most important tasks for natural  language
processing which the CoreMLP set of tweols carries out
are: Tokenization, Lemma, Mamed Entity Recognition,
where names are recognized as one of the shapes
{person, location,  organization. ),  numbers (st
duration «time «date snumber smoney), and classification
of symbols according to the Part of Speech they belong
to and have been symbolized through a set of Tags [23].

In spite of some notes on the analytical tasks of
these tools, it could be said that it is a sct of casy-to-
understand tools that could be used as a constituent
within a bigger and scalable system [22].

Here is a review of the system structure through which
Stanford CoreNLP analyzes and process texts:

0 e - -

A CEs
I ] (L3

Anraarion

v
A
] P | Brwerlated
[ﬁz—’h_:l —

Enxwiion Fiose
{
&
]

ST

Figure 1: System strooture of Stanford CoreWLP [22]

VILA PROPOSED METHODOLOGY FOR TEXT
PROCESSING AND INDEXING:

The CoreMLP set of tools was benefited from in the text
analysis and extracting features of each document and the most
significant terms through a specific text analysis methodology
that used the following:

2) Classifying tokens through POS analysis into groups
correlated to the grammatical position of token, then
sorting the tokens into four main groups: (Functional
tokens, verbs, nouns, and adjectives)

3) Omission of functional tokens as they perform a
functional task in the text and do not play a role in
defining the subject of the document.

4)  Applymg Lemma on (verbs, adjectives and nouns).

5) Automatic filiering of some non-functional tokens.
Some tokens, considered Stop Words, have been defined
in a proposed system. Those ane some verbs, nouns, and
adjectives commonly used but do not participate in
defining the subject of the document. [t should be noted
that the number of tokens in this list are about 200, such
as: {do, like, good, great )

@) Indexing the tokens resulting from previous processes
like terms within a proposed database system, and some
features like (POS, NER, and Order).

VI PROPOSED METHODOLOGY IN TERDM
WEIGHTIMNG:
The common method used in the fields of natural language
processing (NLP) is:
1) Lookimg fior features in the document.
2} Defining the significance of these features.
3) Sending the weighted features for the sake of taking the
right decision [24)].

As long as the term frequency is not considered the only
dimension that information retrieval systems (IRS) relyv on in
determining  the relatedness of gquenes and documents.
Therefore, we suggest the following two parameters:

A, Addition af the POY Parameter:

This cocfficient defines the lexical matching between the
term in the query and the term in the document. For example:
The term (book) has two different meanings in the following
statements:

- Book a study secat in the Syrian Yirmeal University o
develop your scientific level.

- The Syrian Virtual University website has many important
digital books.

The term (book) will take a wnified shape afer the
abstraction process in both texts. Therefore, it is necessary to
distinguish between both terms, when it appears as a verb and
as a noun, and determine how much it conforms to the user
desme.

Therefore, the study suggests classify the POS results into a
classes (mouns, verbs, and adjectives) which are identical o
their classification within the indexing process.

Then, values are given to terms common to query and text
according to the following table:

FS=P0S POS=POS | POS=POS | FOS 2 POS POS #E POS
NER=MNER | O NER Mot NER Samie Cliss | Mot Same Class
1 0.8 0.5 03 ol

Thus. the proposed equation for the POS caleulation of the
text will be like this:
¥r-o POS Value

1} Analyzing the text through the Stanford CoreMNLP set of POS = Total Count OF Term (N)
tools and dividing it into a group of tokens.
HERTY 1015120185 www. ijertorg 356

(This work is leeased ander a Creative Commons Atiribution 4.0 International Licease.)

93



Pulslished by :

hitp:fwww.ijertorg

International Journal f Engineering Research & Techmnalagy (LIERT)

1S5M: 22TH-0181
Vol 10 Isswe 121, December-2021

B. Addirion of the Covrelation Parameter:

This parameier examines how much  words  are
correlated  through studying the posiion of words and
the calculating distances between them in the text The
correlation  parameter could be caleulated through  the
following equation:

Common Terms (n)*
[Er-l dis(term) + 1] » Count Term OF Query

Where (n) Common Terms is the number of common terms
between query and text, and (dis) is the distance between term
{1y and term (1+1); Le.:

g = Chvder Termy.;— Order Term;

as long as terms will be distnbuted within the text with a
possibality of frequency. then calculating the less walue of
distance between terms, and calculating correlation depending
on these values.

Thus, we notice that the position of terms gives an added
value through which we could make a differentiation process
between documents based on their value.

Corr =

. Algorithm of the Proposed Term Weighting NLP-TF-IDF:

The proposed way is a supportive way of the
traditional  term  weightng  algorithm, through some
features indexed by the use of CoreNLP tools, therefore,
the weightmg will be calculated through the following
equation:

[1+ (10« POS) + Corr|

NLP Similarity = Cosine Simg,_ oy * 7

1M, EVALUATION IN THE INFORMATION RETRIEV AL SYSTEMS:

The effectivencss in information refricval svsiems is a
measure of retrieved documents by the svstem to meet the
needs of users. The process of identifying the effectiveness of
retrieval of a certain mgquiry is referred to as “Effectivencss
Evaluation™ [12].

The measures of effectivencss of retrieval systems are
precision (the percentage of relevant documents as for the
retrieved group), and recall (the percentage of relevant
documents in the rerieved group as for all documents) [12]
[19].

Some cvaluation systems used the Fl measure as a measure
combining precision and recall [3] [19].

Here is how the F1. precision and recall are calculated:

TP (Retrieved & Relevant)
TP + FMN (Not Retrieved & Relevant)
TP (Retrieved & Relevant)
TP + FFP (Retrieved & Non_Relevant)

Precision x Recall - 2=«TP
Precision + Recall ~ 2 =« TP + FN + FP

Recall =

Precision =

Fl =2 x

M. EXPERIMENTAL RESULTS:

The C151 was chosen to be a npormative data set. It s
a mumber of scientific articles; 1460 articles published
betarcen  1%6Y and 1977, They mcluded the author’s
name, title of article and abstract. The group was
provided with a query group and expert results for each
query [25].

A partial set of this data was used. This set had 304
texts to be tested. The first 30 gueries were chosen to be

tested. As long as the selected texts to be a pilot group
were 300 texts. we found out thar 3 querics had zero
resulis within  the seclected documents. Therefore, the
resulis were not shown within the fest results. Our
results  were compared to  the traditional TF-IDF
algorithm and the Porter Index.

A. First Experimental Niage:

At this stage, the order of retneved documents is
tested by the use of Cosine similarity of the traditional
Term Weighting algorithm according to the proposed
system  methodology by use of the Porter Stemmer,
where a definite number of documents 15 retneved; ie.,
fixing the wvalue of TP + FP = 25, The iraditsonal
algorithm of Term Weighting TF-IDF 15 not modified at
this stage, but it is used and the similarity is calculated
by the use of the Cosine Similarity.

Here is a comparison of the evaluation factors of the

three  information  retrieval  systems  (Recall, Precision
and Fl}:

= Porter Index NLF Index Flur
32 | recam [Pree | Pt | Recant [Pree | FU | pree
1 O5ERE | 04 | 04760 | 06470 | 044 | GSFE | udTs
2 | 04 [ooe | w3 0 0 o 01333
3 0.7 028 04 L6 024 | 0343 | 00871
5 0.2 008 | Gll4: 0.5 012 | iTid | dETL
£ a a a a a a [I]

9 LK 0.1 ar L 012 azx 1]
010 | OR35S | 0F | G3ER | pbsss | 006 | OCREROG | G0 0645
00 | 00935 [ 0234 | G2042 | 01935 | 0.24 | 2142 1]

| I ] ] ] 05355 | 0ol | G0Tid | udlg
12 | 05 |osd | 0%e1d | 08687 | 06 | 05263 | ooisi
4 i 003 | aores i 004 | aores [
15 | 08000 | 036 | 0380 | 0.409%0 | 0.56 | O 1EM i
18 0.5 008 | Q1T 0.5 008 | G1xTe i
17T 025 004 | OaES 025 0 | OaES i
1% | IGbnh | 008 | G425 | Dosheh | 008 | G042 0
19 0.5 O34 ) 03343 0.5 024 | G3k43 i
30| 05125 | 0F | 039 | 04575 | 028 | OoR0d | sTs
20 | D2RET [ 0U0R | 00285 | 02RST | 008 | 00EE ik
22 | M | O0E | nRS] | 03es | 002 | lETE | i3S
21 | 02608 | 024 0 02608 | 0.24 0 i
24 | 04615 | 024 | O20ET | 03R40 | 0.2 | OG3] | 00834
25 | DERST [ 0UOR | 002% | 04285 ] 012 | IETS | ue2s
46 | DSR3S | 0K | OITEI | OSR3S | 02K | OITEL 1]
2T | 05235 | 04 ) G387 | 05RTI | 048 | 43RS | 0714
e 0.5 0.0 | 03434 0.5 06 | G343 i
Pl 0ET?Y | O | GxERE | 05535 | 024 | GFTSG | ks
30 | 05915 (036 | 03785 | 04547 | 04 | Odlds | hiis

Tahble-1: Comparison of Evaluation Yalues between MLP and Porter
Index

Here is a chart demonstrating the difference of the TP
wvalues between MLFP, Porter Index:
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Porter MLP

The resulis of this stage showed the following:

1} The values of the three evaluation parameters (Recall «
Precision «FI1) with the walues of (.72, 0.74, (L75)
increased by the use of the raditional weighting measure
of the indexed documents in the proposed mdexing system
by use of Porter Stemmer.

2} The new documents by use of MLP Index were 25 different
from the documents that appeared in the Porter Index,
which indicates the indexing significance in  the
information retrieval systems and their huge impact on
results.

3) Although the Porter Indexing outperformed 5 queries, the
total results of the three-evaluation parameter indicated the
high results achieved by the proposed indexing system.
Thus, the indexing with the use of the NLF tool sct
outperformed % gueries and the results were similar in 13
other queries.

8. Second Experimental Siage:

At this stage, the mechanism of calculating similarity
between query and documents was modified, then the results of
the traditional TF-1DF and the modified NLP-TF-IDF was
compared. The following results were concluded:

Here is a chart of the differences of the TP values between
the traditional method (Porter Index & TF-1DF) and the
proposed mechanism (MLP index & NLP-TF-1DF):

= Porter & TF-IDF == MLP & NLP-TF-IDF

20
15

10

D

Here are the values of the three-evaluation parameters:

E Parter Index & TF-IDF LE """‘I‘n% il
- Recall | Prec Fl Recall | Frec FI

1 | nsas2 0.4 04761 1 oed | 0o7ee
2 .4 008 | 01333 M 0 a

3 0.7 028 0 03333 | 004 | ooTle
5 02 008 | 01142 | 6666 | 008 | 0428
] [ o 0.23 ood | noase
9 6 .12 02 0.75 i2 | 02068
10 | 0.8333 0.2 03225 M 0 a

10| oe9ss | o024 | oziaz 06 o2 0z
12 0 o o o6ees | 16 | 02580
13 0.5 064 | nseld | ozest | oos 0125
14 1 ood | oomes | oazes | ooz | oasts
15 | oo | o036 | nasse 0.5 w6 | ooraza
16 05 008 | oi3Te 0.3 w2 | ou7le
17 | oo2s 004 | ooese 0.8 032 | 0457
18 | osees | oos | oodos 0.5 024 | o323
1% 05 024 | o3z | oseas | oz | oa7ss
20 | o312 0.2 02439 | 03846 0.2 02631
21 | oasst | 0w 0125 | 04375 | ozs | 03414
22 | oo | oos | oossi | oosesz 0.4 04761
23 | noe0s | 024 025 [ o3333 | o024 | 27w
24 | oas1s | o024 | osisr [ oasis | oas | eamee
25 | nass7 | 0w 0125 | o4090 | o3s | oase
26 | 05833 | 028 | 03TEI | 02173 0.2 .2083
27 | nazas 0.4 03571 | 4347 0.4 4166
2% 0.5 f06 | 02424 | 02258 | 028 025
29 | 02 0.2 02325 | 03870 | 048 | oazss
300 | 03913 | 034 0.375 0.5 o6d | 05614

Table-2: Comparissn of Evaluation Values
Between Suggesied Sysiem and Porter indexing & TF-1DF
The results of this stage experiments showed the following:

1} The number of queries in which the proposed system
outperformed the Porter increased to be 11 queries, and the
resulis were similar in 12 queries. However,

2} The number of gueries in which the Porer Indexing
excclled by applying the proposed weighting mechanism
decreased to be 4 quenes.

3} As a result, the number of true documents that used the
proposed weighting method rose to be /139 documents,
whereas it was only /1 30V documents with the use of Porer
Indexing.

4) The new /27 documents that appeared were different from
those that appeared using the Porter Indexing with the
tradinional Term Weighting algorithm.

5) The test results of the second stage showed that the
proposed mechanizm of term weighting raised the medinm
value of the Fl parameter to be (0.7%) higher than the use
of the traditional term weighting algorithm TF-IDF of
mdexed data using the NLF tool set. The value of F1l asa
medium value raised at (1.4%) compared to similarity
values of the TF-1DF of the indexed data using the Porter
Stemmer. The maxmmum value of the mercase of the Fl
parameter value reached (9.7%).
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XL COMCLUSHIN:

Text analysis and natural language processing is a way to
understand the user desire, therefore, the right text analysis
leads to more accurate retrieval results that mest user needs.

The MLP ool set could achieve great results in this field:
hence, those tools could be benefited from in raising the
efficacy of the imformation retrieval systems through
developing new mechanisms for term weighting that depend, in
its content, on the distinctive features that could be elicited from
the analysis of such tools to texts.

The test results also affirmed the importance of indexing
and its effect on the retrieval results, on the one hand, and the
possibility of benefiting from the features of the MLF tools in
developmg the traditional tenm weighting mechanism TF-1DF
through adding parameters that contribute in defining the
relevant documents to the user's desire, on the other hand.

It should be noted that despite the shortcomings of these
tools in processing the suffixes of nouns and adjectives, the
results demonstrated the superionty of the proposed svstem
method as aesthetical values to the traditonal method in all
parameters of information retrieval parameters evaluation.
Therefore. a restructunng of indexing depending on NLF tool
set and studving the suffix processing issue will lead to more
effective and more accurate results.
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