Journal of -0« .

Applied )/ Y 4\ J‘?‘:’L" JL),A &Jﬁ)ls 9 ngja_: sla M}}i

And O’/J“\p—n - .

Basic %’

Machine O YA — Yo\ Oolouis V6T Ol g 5mb cpas o)led s Jlu

Intelligence Research (ABMIR)

)b (Sl gkl glaad g 5, g9y 2 e Lo SHlwdbe
B g3 e Lo ez ML e G )

Sl 5 G pdign IS (3 gpalS g 09,5 ((SILls Saadipn 315 50 (Slapinns ofKle3T (5S> (5 ity
Ol s s SRS
s oAKLIIS 5 gl 5 50 oo aASESNS (5 pepalS g 05,8 (gllly i g 550 3 (Slbptmens o€l szl
Olpl e s
Ry Al oA
s 6 S o ol OIS S SR gl ool sl plail slakila;  peb
VENY/NY/N 6 055 53 Ol oo &5 580 Mg plerl laklu; 53 wSsn, ol 43,
by o [ a5, 5 383 Dlogd g ol Fenl .l (55,0 S Al 5o Jdod 9 58 5%
VEE/Y/T P by S sy 53 (S s sl Kl 5 e (55 S5 ebike
OF 1 50l s 42 5 B 3 g0 (sl 5K 5 ol 0 plol 6 (glasid 5
N Fadre Siludds il adlls 4 )b O 55 g absn Gl o) g3 s
Al S 31 6 g0 0 Ol g0 1y S 51 plaos B 48 ol § 90 50 piuds glo 5,
Sl oo sl plndl Il b g e e a5 S
CETS PR LCRITREER )l s ccamoph ilosls Ul 1) nae gadie o (slaaui opiman .ulosls OLES
Eoa BB PE sl ol ZeroShot oo pbe o 5 oS5 (5o Sydn Jbo 93 Gios
BB E N e bl Juo 53 ol sl 1] g )6 ool s (sladid i) )3 gm0
R HleklxS ae g b g e 3 1) ()b BERT edods ) PR
Fl- 5lads o 500 b avslio 550 (sl pb gy & Somd By 33 0l o M3 g0 DL sl

Cpemed Aas o QWS 5 55 5l 1) 5 Shes o g UL r\q@!jt,uljt_,.b_,a&,sMeasure

1 Pt 6 Lo 5
mfeizi@tabrizu.ac.ir Bld ) e @b 55 o Feps Jb 4 ol ZeroShot s o090 Js

liils b3 gl slme

d ' :10.22034/ABMIR.2025.22849.1106

E-ISSN: 2821-2037 /The Author 2024. Published by Yazd University This is an open @ @
access article under the CC BY 4.0 License (https://creativecommons.org/licenses/by/4.0/).




Journal of _-9.

Applied
4.

And  O%~=,-0

Basic \\«Eg‘)/{/

Machine
Intellicence Research (ABMIR)

Giledde laiS Juae elaml gbaaile, glawiyip, 5l
baaees 31 ol 03 plexl Gladle, Glaesls o555
Sl DIV oges cilip D] LKl ss, ahex )l
JEWY A 25 D PTIRRPTERI AL PENINPIRER sVS PP
basi s 5 Sl gadse paeis 5,0 Ll ol Ll 3l e
i () cesls gl sl () el IS o3 S e Lol
laosls Jsl a0 55 6 5850 (3ladibe s, (2) 5 o5b s
g o (sl e 03l e ) Bl e 5 Skl 05
Laosls 4o gams (LS 4 5503, i d> e Ul
Slae gome ml ol Gl g 5250 Sleddbe (Zuliss 5515 0
osba paos Sledda ax 51 s e eslinal Slo s e )
wlebd gl e Obr b ddes 5l (ol 3 03 28
ool ol onlana) il 0L 4 laad gy 5 Ole gb 40
O3 03 oo ol smon & S sbatass (YORIY]
S SlalS 51 abes S o s 50 Sladie lastls s
S Olgea WO ks plsdl &S S e gl Al sl
alS slaos 5 Jlpll AS SaS baesls i S w f g 0
S 5 LOT ks 5 s e 2l sel s
plil 53 15 alas sty e ¢ 3b 5 o d ) S e
Candy s e Olojen jsba Llesls Ol S
s el 53 lesls Wl IS sbay [y ddo e gladibe
530l Ogte Cale 5 )6 0L3 ot Gla Sy L
s e 4ty e laaled il KU w3l ola S
Pt SR 5 s pabse sladbe L )l
4 e ladds oSSl oS S5 el ol
i s b Siledde Gl e LS ol AL
b b slaaigin, s Olgy Slesbge cl 3l &S

3 S b el opl S Ll B Ol &) e

¢ Microblogging Service

7 Natural Language Processing (NLP)
8 Topic Models

° Coherent

VErY Ol 5 50l 09> o ylods 09> Jls sesle hga (63 8 5 gk gl ta s

Aol —\

el o3l 5l gl L B SKE ks ot glaans 3
ezl glaale, sl S seb (b Sk ol 51 (S
las, e ail3s, ol oSKae Jlad Tlax o LS Wl sdee oo
@ S 5 s gbely N]as g slal sbaaile; co
S wle dde pge Jlelbl sl w0 1) T sl bl
s by Ol S b8 Caale b placy sl
Slle I Gloges Olg e ) °¢lj_<1: sl ala,
L 35 Slyme 0108 O 53 a8 5,50 slas 4 (o) Kas g5
Slzil o (adS For sSlus) o6 S glacas LB s bues
LS GIF slas Jele Llg e Lyme ool 25108
Job ) S [YT Al 5o slacdS 5 Lok (Gl S il
3 8 G o s e 0L 1 ol S slacy SIS
Laosls o (gl (gtas 3 )| & ! gladle ;) Hle aib
Bpalyt g b pasdl wely esera (AT
ol Glp plaad s s ey Sl Slesbse el

e 13555 5 UL el 1Y b 0L B30 b

1600 -

1200 -

—',%800 1

xLoo -
)

0 A

SRS AN AN N SIRN N
F & Y S NS
L SIS slaes

[4] S o ol S o dob (1) S
Ciltee laeism 5 aews s S N s as e ladie
laosls slaas Sl 3l L s g 5onlb [YOI-[V 0 ] Lsls (5508 2

LS)L\NLJJ.A Lshui’ﬁ) sLAdJJ})JJ”) BE JJ.)LS k..wjj o.,\..i'.,\:.bj

ﬁi@@byy;ﬁ\;dﬁﬂldlﬂd.@sd)\ﬁlquy

! Platform

2 Online

3 Social Media
4 Microblog

3 Telegram

YA b sl gl glaai 5 ny o) 2 s (Lo SOledde




Journal of »‘h» .

Applied e

And 047—33

Basic \ﬁ('%/

Machine \O

Intelligence Research (ABMIR)

PN Jj\aﬂ&ﬁ JL@;- ‘5La)l}3l L Lg)lf)'l,..; r.u L]
NLTK
u.:L@;— 6&3)_5\1‘.»; u:.?_)f o.\.ibU J..A})‘.i UJ-‘ [EERVY ‘U‘-’-‘J"LJ
LM&W‘ LSL"“ULJ) Ajb\ Q)Jﬁf.k:sud&bzw
b Rt s S e Il (0B 0L e
sbaisin, ¢l glesls dl.‘..a g 5 Lada sbadde
AL Al ) Ll s gullS Jalf SHP gt
O s, Y
s 93 & IS sba p 5o e paiS Glais)
Lpb o el en Sy Gy 5 s geedin Sl S,
awslie | sbad o glacalls ) geten b 2y, [YV]
[VEIYA] S s Glues S 1 aline sl o 3 S e
53 Oljan sba a5 1) alS glaes S s gome Ss sba s
29 s )yuus/}_»_j le-“g.:’)) )\ (_;‘A&MJ.Q“L;TUW}‘
013 48 diteos Slo 3 50 31 oS 5 sl &S il o) ol b
gbbd SlS o) p dbel w35 Gmta b opese A
$lpes 28 Hsba ol cladle s e ol [EVH[EY] s g0
g oo esliial e sl 1 Sle pb e C\wa:l
)‘QNJJ.M 6\.@&3) \—Y’
st 3l é‘@w J.»L.I: CM}‘ A ek Lgl.hu,i-}) BE
alie Calid glajlae 51eslizal b osbal oy caall Lol
bl a5l SUL calis Ol glls S gl 5 353
L;Lhe}; )\ ggv‘ A JU)»\:JL;‘ éx{a;jf V.A L Llwa e.,\.\i&x;tﬁ
—[V'] 6[.&0;.&}}3 BEl G| Cj‘,a}a ;§.i okasOLis a./\.\i./\:.sj;
L;Lh&::fﬁ) BE) Qlﬁyjd U"dﬁ""‘:'; 6‘)’ L;'»L“’u:“ﬁ) JYY]
Sl el i laely Lol s 48 ol ol &S| 2 5
W gad Ol g 4 i o oy S i S5l e sSas —aalS

e Olals ol et Je YY)t o3 O 5

4 Term Frequency-Inverse Document Frequency (TF-
IDF)
3 First Story Detection (FSD)

\F A C)U.m.ajj '....L; ‘r"b cJLa.JB gf‘p Jl J.:..;LA J‘)-‘“ LgéﬁJLSJLQJEJ &L‘”Ji-“ﬁ};

Sl (ol A5l e 5 0,500, 55 p D bl
Goos plme Glaaal WIS L 5o S o ) sl s b e
S 05 53 (35 5 Siledde Gl (ae 4S5 )
S e eslinul
b 0Ly sl Ml ¥ o il ) o a dlie Sll
Slerasn on e Y o LS e o S L bl s 5o
3l gladis DU 35l o wad (pl 53 ety i e
w3l a4z gazme 1 IS lad SG 0 s s pd e AN E i 5o
dle ciulgns das e SLIL o il 5 Sl glaslas
Db GaS e | i s
basd s, 5 e b 0L sla Al Y
JUasl &S 5.3 lon 315 555 30 Ol gmmad WYVY JLi 53
QLGU.Hk;LA‘C&.&AJ.C,JJJ.".:‘m‘})ja\.[Y-\]JJSJ\JSﬂbC,Jﬂ‘
olpon 1) (g3dnte lacs b 5 a2l 5ol s Ol 5l s
TS U PSR- PCP R E RO P
Dslie Wl e LOLY (Sl bl glaosls s
L) Kos slally > ke slatasn S ol 3L
b sl iasn lr sk el ke 4 Al e (eSS
05 sl 5 basls bl S 5 esliz 5 e
3 GBS kasls s sy cal &S spde e sl
Jold e i 3513 53 sl 0L sla s il Goes
el 2525050
phe 3 pa i G 5 der il bl glas s
NERUEPRRCARE
Jo sladis dex 5l g b g Sdan "
Sslize gluaker jltlucdaze
LT sl 58
Lard g, s sUsS 5 Slogles oale @
o SlalS (S s el (Dbl ey
el bz

I Document-Pivot
2 Feature-Pivot
3 Probability Topic Model




Journal of ,f" 3
Applied A
04SP
AN\
ey

And 7—@
&g‘)j”

Basic
Intelligence Research (ABMIR)

Machine

sl by 3 "AGF e Ead s s ‘..:.U)Q\
IS5 s ml 5l e s onl 3 el sl &) 2
Sleslinal b S i s o0 AGF sl df-idf 1ol L
f}@ia) CIMAWA ; ("sulS aalS suas;) Kr gls el
L o 3385 g0 denloes (laolly ol o3 U5 5l als
sbul S, bS5l plead s AGE slis 5l eslizl
2GR s Asde GIMSEL b Ol S 25k
S Sl baelly ol 5l 0Ll Sys e Jie [ATHWAY
M)'\V.:.U)Q]O.i] sl Shad g 5 dalS ans Je 5l WS S
SJJJQLJS&:{&M@\)cdb@sbwés\.&)vﬁcui))
ast Slislaslle g aS eoslindd Sl el 1oLl
SR P N PN PR R K4 r@ o 5 HWA 5 ls
Olsee 5 ol Gduad, kS SldS e 5 ol A5l
03 sd le;a..ﬂ\ S5 ek aslee AGFY ‘_;A\J.;'-JV.A
BERER R le@\ﬂbbﬂjww Sl 4w gan f@
258 o Do S ghuad g acloes Sl alols ol o8
J;riunc‘)x;ﬂ\&l&yjﬁja.ldd.)w&;)Lhwycﬁﬁl.@.ué
\) 69).»&)& U"a'?"";': dfa}) J84] U’:A)ﬁ BE 63% ui:})
5Ol S ww sla i, HWA I S 5 as aas e slgdy
2 s ol Il oy Lol el gla i,
)‘ oslazal b CJLle}M O 9 oL C‘JPJM" rb{b 6[&@.@"
Node2Vec L [o+]DeepWalk SIS wns w5 Sl 4 ls 0
Sbeslanad b oslal Zals 51 s cculgys s s e 55l [00]
Shuad 2 ¢l sl Cewsa slasls » [oYTUMAP V-'*i)jij‘
[e¥] HDBSCAN k;l,a(,.zuﬂl Sheslaad L alie le g5 40
[00] ;5 OB ks 58 . 0,8 o 5l 3 o LS o [ot] Kmeans L

ua:.xi:6hu1))):AS,U\Q;OA@FUWUQt;,\;»:}Mr%.&A

8 Keyword Rating

9 Concept For The Imitation Of The Mental Ability
Of Word Association

19 Human Word Association

' Association Gravity Force

12 pattern Mining With High Utility

YOy Olw) o b 393 o ylods 93 Jho L dle B (65,558 5 sk sba tags

Tl sen 5 TR-IDF Sl o, cpl s S sleiy 1L'LSH
S n oslizal sbial slaas 5 alid 3L 6 e DS
Syge 4y sbl glme LB gmatin gla g, Lo s
5 olwle Sdos 5l ol (S bl S lai b Shpelr
bzt s s oS obmill Wladlpen Lm g UL 34
TE-IDF 5l eslinal L edsat 5 lasls 5 e ol S Sollasr
5 Shes e (ol ol sal oS, glasls ol S

Ll Sl g pmakin Sl

s Srs s Sy, YT
0 sbel s (a2 3l 1 o e S5 et
ool 03 S e Jime sl SlalS LT lUasl (el
2 258 Oy SIS Sl (a5 S ok ad e a0 S0
by o3k ot s o (sl df-idft Slal [Yo] tass
el UL L slaad g 555 e iy a3 e o3 el
D e gl Sles o3l ol 53 Sle s se Ol e 4 df-idft
Sl i e Bl asels (i S [YA] Twevent
Wl sl LS55 ool s an Sl gl il il e
e GAuad g ol g, i pesRdd (D s (S i
G SN Sl kil b 5 s (s et 53 sl
ol L Sl gen S gla i [EV] L3 sledy
i G G s3ladie b g il (sla to s 13 55 0
Ui 3l el Gl ey el s s G Olgee
ol (Cole S L 3o, S dle Ulge @) odd iy 05
@2l O sy 4 bgs e sl ) Gla i G L5 0
B s v g Ao av i 1) sy B X pd o ke S
el Gl Lay (S csloadpz Sl s LSS
o5 Sl bt Sl sl g Bl lasliy g,
[EA] Gt 5555 oo 5l 3 oalinals s go ol plulid ool s

!'Locality Sensitive Hashing

2 Co-Occurrence

3 Terms

4 N-Gram

5> Segment

¢ Bursty

7 Topic Detection Using AGF (TDA)

VAA b sl gladle,) glaai s 5y G5y 2 S Fso e Siledle




Journal of .0

&;}g})
Machine - ~07
Intelligence Research (ABMIR)

wdS glaaens [VVI[WAT sl 0LEs | iad 05 sla plas3b !
bde bsld 53 2alS Sl glae oLl i3 sel Ga L [VY]
adlassypo 0328 b (Luy Sy (Jiedlsew) Son
Wosls ST,y ke b abilis (gl 4alS slaaas . Lilazs 351 5
ol o VOV W] ol ol Jlesl 3 o 3050 Jo s
CuiS s Gl aelS Glaaam olae cald Sl badd
a5 [10] iy 53353 e eslizal ol 2l sl Sle s e
Sl 3leslinad U1y e oS sl 0l b 2e BERTOpIC
Lolaolsy slal e S o Jods oo glajbs 4 o
bl b e 2als [0Y] UMAPY o, SISl eslinud
©tuas = [V1] HDBSCAN'™ i, 5l eslizal L 4l j2als
W1 C-TF-IDF 25, 5l o8 b <l L3 bl e
Gotlh b adllas ol s W e plal Slessse
Slaias 5 alS Glaaead 5 250 50 S3ledde Glagdadl 5
(oo i Sl 63 S (el ol Rl i

$3lgie gy -
oleiey e padse iledie slas S, i op) 3
S it sbl 51 Ol Sl ine e S5y 2SI 5 s
VUS55 Galgdy Pos IS s e 13 Com 55
pm slaesls oy Aol Ghe el D3 Sl el o S
Jolo e (2 p s e 93 e 355 0 plol 0l ]
ZeroShot'™ e gabse Jho 5 7 oS5 gme padse o
soabex S L s 55 5l e g b Jde s e Jles!
Slesdse (olg 5o el el S e p s e Jbe
S Sp A el s st e gl (2 Ol e

? Uniform Manifold Approximation and Projection
10 Hierarchical Density-Based Spatial Clustering of
Applications with Noise

! Contextualized Topic Models (CTM)

12 CombinedTM

13 ZeroShotTM

4 Transformer

Ve Ol o '”L; 393 o yleuds 93 Jl Wu oo sA ngﬁJlSJL;JEJ Lgl.aui.a)j.;

gl 5 IIVITUL e g b sla S (gt g
S el 4 S ) 3 03linals ;50 [01]TUL (ges ge b (gla 5
Ol 31 suled sl KU1 51 a5 S s o8 53 HUPC
21 S ol e 5 XS e gl i slaesls
s 2alS gl S o sdues S Dl sdse S olaad =
sdisled (sla U1 L5 (sivad s Aul b s oslinls ;5o (sla S
Ol o 5 gz 1y o3l 0L r IS (1) o g e ) 5
FoS Ol a5 LSS s L S 381 (V) 5 as iy
2 Slegse glbs ol HUPM gy piman S
ot slgnin UL stiaz g b gl Sl Zlsund Wl g
rl 03 3,8 e i 53 1T Ges g 5 Sl 3 Olajes oS o
Sl Ay 5 el s 5 s SLelS gdes s g,
UL gduongm 5 Slslp b SladS 51 plaes S 5 ol iy s
L g gl Al HUPM L

[E7] S, Olgy Larass b (osdge sladde
2 e el s 5ss 5[OA][OV] Ol anils s (glaasens
gl Gl 03,28 by 4338 b o 3 [0 [04]
g o dadde cpl 5o Llas S 15 eslinals go ke 5 5o
LS sy onls hles SIS ) gzt w58 SO L
bl 5 Y e — (PR S-S PRI i P P 3
Wl 25 5 o zlpal e )3 aalS (3l jon Slelll
ol el sane 055 b anglie 53 b sS 055 35050 J5b
035 WU)AJ.&SQ e s 5 SldS (ol s
B5d e e ddAd 5 Dl 55

53 Sledulsh jsbay ae o5 5e Gladis Gl gladle s
Siledle Gl bsy dpp Glp as bl Sl el
088 W[N] wlesls 0L Clbse 55050 050 90
Sleslaal B LDA sl i sladde s 4alS gladss

! High Utility Pattern Clustering (HUPC)

2 High Utility Pattern Mining (HUPM)

3 Utility

4 Latent Dirichlet Allocation (LDA)

5> Non-Negative Matrix Factorization (NMF)
¢ Gibbs Sampling

7 Variational Inference

8 Sparsity

YAQ b sl gladle,) glaai s 5y G5y 2 S Fso e Siledle




Journal of _ ,Q~
p

o«
Applied "/ - "\:
And OJ\\ -0
Basic W
Machine \O/'
Intelligence Research (ABMIR)

M&‘fﬁa)@w‘)J}Aﬂb)wﬁ«&bﬁjﬂfﬁ

;LJ'J"‘;‘ ‘d)%uij)).) 4l Jﬁj&&j‘)ﬁ&)l

blodd Jlasl (5505 5y il 51 i Olge

Sle s se S Ers &lwd ey

(TN
Vgres

—:
ANES Y

—

Vesos

\F A Ql.‘;...aj} b gcj.: e)l.a.& ;fj; Jl L;.:J-:LA J»}h Lg.?ﬁ)l.gjé_}.&} &LAQ‘L"A):,

gl e V-8
U ool oo glaeals S 3lwoslel .L.ﬂj_e (R Rl e
Ogmanr by el gl baesls Olaa S ddlyn Lagabe

Sl e Cl>' o3>

silwdb 5

—

shadss

LUrl G-

$olgin Py M Ky, (V) IS

OL3 53 Welscal 51 sad sad (o0 o Sh wash wo

e b ke Yt
Liea oabse sladie 5l glosl gl e esb50 slade
(BERT ile) sibedss 5558l i 5l 5Ly sl iles 5l &S
)'1 ‘U’i'&j}’: O’-" 3 J“"‘ng" oalaal t;.,o}ﬂ ‘_;)L,J.u 3 g ‘5\)3
| ZErOSNOt s ¢ 50 50 Jdo 5 oS 5 (S0 f g0 50 Jla 53

(.__»JS oslaiul t}.‘pja ﬁ}b:v-’;

S5 e pybsn Jde V-Y-E

S Sl 2 350 Jlo SEIVAL (oS 5 20 g0 J s
5 ldS S sy G Olgea o | assazme 3 A o
il U351 S s S b5 48 (ST e s S Ol oy oa
atle Jols s 55 51 de cpldas o OLAS 53 o A 55 o
g5 dbe (1) 5 VATSBERT alex S Jios (1) el sk
[A+1ProdLDA " _.as

3 Neural Topic Model

Lbe (S o bS5l D.éqb&:.a:djludbjs .
Wby 5 ks (Ll dag IS dsls sl
ot 5 e 3l ol gladilis G

Golwesle O Goia 5 S oy |y OlalS Wiyt pbady, @
sl SldS (g3l Il

el sl Bl 0

Jls sl bl 5l 50
4} 305 sla SIS
©B s g
https://google.com WURL
a-z, A-Z b Gy >
0-9 slael

a.,\.:.AL) n}\)C,w..g_\ .,\.‘.SL;M Blsl ] 6:{;_) Sl

g e Dl 5515 e al e 53 Usens &5 5 e

! Contextualized Topic Models (CTM)
2 Bag-Of-Words (BOW)

V4. b sl gladle,) glaai s 5y G5y 2 S Fso e Siledle



https://google.com/

Journal of 0. 3

Applied ," 0 ﬂ
And 04‘7\2%
Basic \%'%/
Machine (o)

Intelligence Research (ABMIR)
(MaE £ g ga Jda YNV E
NS 50, o e eas § 5550 $5ledde 5,55, ProdLDAT
ShaS aas e 1y O ol by el [AT]Y e LS55
[VE] oS oaliad 2o (g3ledile 55 Gras (6 S5L slacaluls
Sl LU b e gl 2 Sl
Oley 2beisl Soa [AV] BOW Ll e o3l
L1 BOW VLiS 50y 4t S0« i3 0 05 5l et
ol S e gl d wig oLl Sl of olds Wi
Slagss Sl elal 5l L3 1 A s colion Colr
@35 PrOdLDA ol 5 oslle [M] &S o o8 w8
AT &S o op Sl S8l SlelS (55 » 1y (glabler i
oled s S 5 e padse dde (lems ol jsba b IS
Gl 1y () olme 5 (BOW) (ilel iulas 53 oS das o

S o ool sl o 55 50 Sla oLl S0k

i §
m« Pooling m <« | BERT 4_.

BERT Je aly ) aher S Jid 5 loms () IS5

ZeroSNOt szs ¢ gu5 ga e Y-Y-¢
Siledde olere G [A0] ZeroShot oo o555 Jbo
O 53 48 ol S5 oo o ydpn Jho i in e
e b L BOW b ae 60555 b o gl
Sl e o se slade (0 JS8) 55 Sl
Ol gets (el gldyl Sl gl o5 1, aw BOW

6 Latent Dirichlet Allocation With Products Of
Experts

7 Variational Autoencoder (VAE)

8 Encoder

° Continuous Latent

10 Decoder

\F A C)U.m.ajj '....L; ‘fﬁ" cJLa.JB gf}.a Jl J.:..;LA JL).A LgéﬁJLSJLQJ.EJ Lgl.h‘_fi.hjj.;

AP A NY- RN N

Slhar 1 50, Gl i s ol Ol poas aho S LS
el Npd o at il baaad Ol peay S UL sl b olajls 5 s
L ze laaes Sl eslinad b Jde a0 opl 55 idiles S
) 555 g0 033 528 SBERT ahar S L5 5l el vty
i 5 Ol 5055 BERT ) x5 SBERT (1) I
Ans e o3l Lo a gl nl S e el 3 1 alar Glaes
ok iyl i 3l S sladde Sl esliad U | ol
2 Sl )8 5 a8 @S b oS g0l slales
S sla 2l [AY]IM ] Wls s 3 Shas ddaxr and
iales Lol en O35 o511 ol (galal L Olgy U G 5 b
dox S LA 5L ol gl Xss e esls il BOW
Solere Sulal o)l L3S Jue & oS [AY] ParsBERT
Solame oll Ly Jas les s g «oul [AL] JS S BERT
G5 2 5 el b Oghe Vo S slaws L BERT Jute
Tolgw o3l 5 a5 e VY Ol 4UNY L BERT BASE
Sop s sazme 55 » dle pl Ll sl wtle VA
Aile) sdaze Sle sl g Sl dlisee gl s S b )l
5 ke sk V¥ i 050k ¥4 51 2 b Ol Oley ¢ ool
S hAs ol sl el esls iisel 13 51 aalS sle VY
G VI (S gl slad a1 el 815G 5 Sllesr
e oo b las e Slellll L3k gl 1 01 5 S e il
P30 ol il (slaaal 3t pomate 57 555 Glagaly sl
5 ParsBert Jus (OLSKas 5 Sl b Sliass b S s
sl,ls Sl s s S sladae 5 [A0] alsae BERT
(labr| Jdoe 5 e ghiazb dSle (w;BNLP ous by
&l BERT & cs ParsBERT [AY] 5,5 o i
ol SLaodls as gazma 5| (5 g se 5 o3 28 dssaze (S5

Sl a:JSJSgS.?M' \) did))}w‘ ol °J‘i3u;’)j"TJ:‘:i)‘

I Attention Head
2 Hidden Sizes

3 Accurate

4 Coherent

3 Multilingual

V4 b sl gladle,) glaai s 5y G5y 2 S Fso e Siledle




Journal of P
Applied
/

49
\mF Oxé—/b
ol ,\\o)/'/

Intelligence Research (ABMIR)
‘Sjl.wo:L;.; @LD 9 Laeals 4 gaes -0

ce:ul.ﬂ\sjye:\éd&wclz@ﬁQdé}d)\wﬁgw\)b

2l Solwesly Sl 5 oLl laskas

¢|J.<.U 033 48 gazme V-0

o3l as sazme 3l (galgiyg V.:;_)jill s Ses oLyl skiew
el o o3lizal [4Y] Sep-General-Tel-01" el C\Jik;

\i"‘ C)b.m.éjj '”L; (.rj.) OJLQ*: Lf}.} JL«I w;u J‘)"’h é)fjls‘jé‘}.b L;Lhk-f:.hj;e_

ol s el by s e e Sl e olema 53 Ol AU
Ldte ool 8 0 BOW Llosl sl ae Slellbl Juts
e Olelbl g OldS (5 548 (63959 sbewl ol 5l eslazal
6uq33w5\§iﬂ)aﬁ osls &jy{c};&#‘)) b

LS o ade BOW b cis gladis Lo

— BoW

A

S25,5 Lo

ile 2lad3l 5 LT Slaled plosl i 5 (5 padn dibe ()lons 1(8) S

odd ALY gl 53 esls s gams cpl Sl 3l glawls
NG

¢ 03l 45 gozee Dby :(V) gk

VaYeq By 3l
A Bls ealallh b Sle g gn slotas
AN Sle o se sl
e Wao 2y sldas
4 o ools slae iy sluad
Ve oy A lacan sl Sl
Y (el o 2y 2 o5l
AU 03,57 ey Ay Sl
3 Super-hot

4 Ground Truth (GT)

Lot gn 2303 (St olKiuleST Lo 5 0313 a2 gazme
Coley psbea 5 e S &l 55 oKl ") il
SLas S 5 AU & bs e slaesls i o gt o - J 50
VW40 slopege VY B VY40 sloss VY Sy o3l e ges
S oS5 0T Jols esls as paze ol il 0l @j@?
e S G Caale 4 a5 L oS el sisdlol slagly
oz 53 el Sl ol 43 5 513 eslizd 3550 Laply
Fros 5 Jols S ol o S aele VY o oy
LSJ'}A"J;T” S (Sbeedy el Al c,.l;-)»rtl; oslalis 5
I A oS Lo iy a5l 50 Ll (Slly Ole L
Olgea Lls ls oslalls s ¢ sb 50 53 L1 Gilas o 2 5 5
lao ety cpl ol 0l (oIS iz 5 Dl e 3l

A [Er F4FA TV AA AV AT N E] Glas oy ol

Datied G jied 50 ) L Bk ) Jasi e gLl
https://doi.org/10.17632/372rnwf9pc

1Computerized Intelligence Systems Laboratory
(ComlInSysS)

\aY b sl gladle,) glaai s 5y G5y 2 S Fso e Siledle



https://doi.org/10.17632/372rnwf9pc
https://doi.org/10.17632/372rnwf9pc

Journal ol" »‘h“ .
Applied ;£
And

259
0Z5—»-0
Basic \ﬁ(éﬂ
Machine \O
Intelligence Research (ABMIR)
T gb g0 233 Y-Y-0
\4.450.3»:: C\)?r.':.wl CJLC«}...&}A Sl CMC}.J}A 3
C\Jz-.“...»] QLPJJ}A JS “ JJJ‘J C»EJUQA = o3l Qb}.ﬁf
.Jujda s a0 ¥ oadaly 3loslatnl by col ol

Topic Precision
_ |topics matches to GT| ()

lextracted topics|
Cogon b L33 5 b SIS psete V) S
osls & G aS S o 3 (Jledlgea LS o Chio 5 (S pns

ol ol el g g ge 03 Sl p b e idn STl 0

aJ‘bC,J:;.Uzﬁc?feJ‘) t}«,&f@bd.}\ﬁ Loy

\F A C)U.m.ajj '....L; ‘r"b cJLa.JB gf‘p Jl J.:..;LA J‘)-‘“ LgéﬁJLSJLQJEJ &L‘”Ji-“ﬁ};

bl slaybae Y-0

e 3 2l Glasbae 05 4 G Sl i cpl 53
Sty ple bawlie 5o ol o) 2 Shes Sl

NGICEg ("?A‘-”; 355 g0

"g s sn Sy B \-Y-0

3 sty o e gdgn sl b Sl il i 3
Vel Sl el b 5 Lledd gl skial wr e o3l Dls e
g h Al

Topic Recall
_ |successfully detected GT topics| QD)

|GT topics]|

S350 L

ZeroShot s (6 50 50 Jo (5 lans 2(0) S5

g3+ F1-Measure y-v-o
5 iy glajlas 1 S5 Sl padse F1-Measure
Al s 4 ¥ el 5l eslinad b g ol g sn Gl S
Topic F1 — measure
Topic Precision * Topic Recall \p)

i Topic Precision + Topic Recall

plasl 5 Moo e g 55 5l el ol Sl Dle s se CodS
3 3y o Oln [AY] gy s0 55 ipdpo L3 Fg s 5
e Sl el L1y Slosge s 53 SIS 03
Shrs AS o iSeill ) p e Slies oS
b g bm plonndl [][AF] sd2Jle 5 glalais Jolize ool

4Topic Coherence
* Inverted Rank-biased Overlap (IRBO)
¢ Normalized Pointwise Mutual Information (NPMI)

Al e disaiS Dl b ge 5 oA LIS Do 5 g0 ¢ gema 350
0 plyp el 0l RIS WS o3ls e Dl sl 5 4
LGl s 5 Glae Dlosdse §peme romen g dals
boGlate Slesdse slaad 5 Vel ols ar e Doy
SIS sl Al Cas 0 Vol e e Dl s e

A B c D
QLG}J}A QL;F}‘

b Gl b Glae 8
GT QLQF}A GT QL;F}‘

B ]
AU R opte Reyword =1-0p|

el alS ol LS

Topic Recall =

Erosn 33 5 pebsn Gl malse g e i 5 (V) SO

! Topic Recall
2 Topic Precision
3 Topic Diversity

yay b sl gladle,) glaai s 5y G5y 2 S Fso e Siledle




Journal of ,uh'»

Applied '-g ( 4\
And o{( \.Q
)

Basic \&(

0
Machine ‘O%

Intelligence Research (ABMIR)

Solwesly @\:J -0
Erose a3 Shae alie sl eslizals ) se sl by,
{01 HUPM (rV]HUPC (vA] Twevent s s, Jols
AGF+ Node2Vect+ J[4] HWA based J[¢A] AGF
[¢4] AGF + deep walk + Hdbscan [¢4] Hdbscan
AGF + deep walk +.[£¢4] AGF + Node2Vec+ kmeans
sl ansls oL 4 sl s [V0] BERTOpIC 5 [£4] kmeans
LSTOL s ol T Jlasl Jie G o590 Jle G oS
Sle b g 3l Wae) 553 1l bn el ol 51 LSS olis
sladde b s en 4 S 0 A5 Jsline o (VLS
len S 1l 5l 0 (6l DLy g pdse sl L 1) (ooleniy
alie 5550 gla 25y 5 goledny oy o Ses ¥ s
Fl- 5 gl S35 gl Gl Gllne o
0303 48 gazms gl (025 S a3 o iulel § 55 5 MeBSUTE
F1=0.7918 ;lasl L ZeroShotTM as uas o 0Lz ol S5
gl S G alie D3l 5 3 s Shes 0 2
5ol oS sl (AN e I35 5 (LVVWA)
Sl 385 5 ke Olesse iS ps GUlg edasolis
s e 0L 5 (FL=0.7156) 5,8 o 1l 3 pss 43, ,5CTM
o=ls sl eslial Ls & CTM 5 ZeroShotTM sl 25,
S g 28 es S R e sbaen s S5 sl
slyls BERTOPIC s, sl oS5 5 o sla sy 4
o;Jfl.Qm:lJ:w)ﬁj&ﬁtyf&:)@\?ljé)\m
GLpa) b Olaman 3,8 0 L4 oo 4y 3 Gy o)
(HUPC, HUPM, iz sla s, LS o <ol solenin
L HUPM U)ol sl gsbse Sls13 Twevent)
eS|y oS Olegsge das e LI &S WLl (4IVYE
Ll (38 L HUPM Ue) UL ¢35 50 35 coprmon s o
el s Dlosbge IS 0 SISU s 4 mlFL
S G55 s 4 UL &35 5425 L HUPC SHUPM
LAGFE .55t sl dls oo )8 Gl ccnsd
s 3¢ (Node2Vec, DeepWalk): sl S (slaqz , Sl

2 Probabilistic Model

VY QLL...AJ‘;}:{L; 09> o yleuds 09> Jl ol ga 638 5 gk sla s

soled Gl g8 0 my Sl el b S O sen

RESIWIIPRINLY L;;LJ.})V.A L;ujfll

WSy g e Slsen uySae £-Y-0

Dle 52 g0 £ 55 Olsee [AVIH[A0]a 5 e Sl e o S
2 5 alS 03 IRBO .S o U3l |y Jue s g5 sdsad &5
SlelS s e o3l Dle sb 50 4y 9 LS 0 anslis | § 3250 53
oslizal S35 (gdmas, 3l slas ool il anils slie Wels
oalie 88l 1y ey s Sl Lo loyl s s S e
SladS b Slesbge das o 0L | glalBlas slaes)
clls &8 Sle s e J:VS il glagual,y js S nis
b e das o LIS e STl e laady  SUL s 1, gl
FUL Slre cplaz 2 kil S e [ T3k )3 205 IRBO
sl frose S e 4 S35 IRBO [AA] ol g 5L
S Slegbye Ka S e 5 ez e 0L
S s e 0Lis K IRBO Sliis e e 0Lis | (o slizellels)
Aren Dslite ¢ gb ge DlalS aen

sdsdle 5 gl flize Slelbl 0-Y-0

@3 sen Jlaml (5, Sl b 1y pabse plenil NPMI
skasolss p(Wy wy) 51 uS e aclos frosr lals
A S ey G e W s Wi aalS 5o (ool e Jlez]
el AL Wy Gl gledls Jlal pWy) 5 3L s
[aa] el & e, ol NPMI

p(wi,wj) +e€
] N v JJ
og p(wi).p(wj) ) ()

NPMI(w;,w;) = k— log(P(Wi'Wf) te)

Ao 3l S e gl S S e Solisue S € el o
Ol =) & syls L3 [2) V] s NPMI(wy, wj) .ol
das e OLES+) 5 dias oS o [)Laj‘..a S olls das

WY :U;'-)(,.A o ol &

' Redundant

Vag b sl gl glaai 5 ny o) 2 s (Lo SOledde




Journal of _» ‘\
Applied )X ;
And O’/J*;?—D
Basic \ﬁ(—/‘/
Machine ~O

Intellicence Research (ABMIR)

VY 5 5 5,05 ZeroShotTM w s o5 Shas +,A04 L

Ay o ALY o C},&}A
Gl GBS, 4, g Sl g e gSre ((F)d g

ZeroShotTM CT™M grdse B
CAANFIVAAAFAOVIEY + AAAOAYIFTVOV) £ \e
+A4A08VVAAYVIATAY |+ aaF) 08 YVY VO 1
144408+ VFOY40808  + 44TV 0047Y 414 )Y
©A4AEVIAT00A0YT0 |+ AA0Y04£TVAA0AVE) i\
CAATTTITLAAVVYEIA  + 4AAQ4Y 1 A0T00£4£0 Ve
SAQIFAITE0Y00VIEY |+ A4) 1FEAAA S TETE Vo
CAALTALAVTIITEY sV v GAASY Y+ YAAOY  YTA i
+AAYVOA Y 070V YA +AAAYOVEVAq Y ooy Vv
©A4:780VE40+ £TYIA |+ 431084+ A TLOVAAT VA
+AAQALAOY YV VY008 ANV T AV Y Y 4
CAARTVEYAYTIAGLAA ¢ A4V TIVITY \ YAQEY D

+AaYYY +,4A8411 ol

olaasOlis aS o.,\.&dl.aj.: 6]4.12;5 J.'u.'\'.n Slelb J..:.DULA ¢ J)J&
S & S0ka das s isled ZeroshotTm , CTM [LDA
pleeil) NPMI s oy, 5UL ZeroShotTM oS e odalis

.))ﬁ]& Cewd L] b (L;&fpjﬁ
sl g, eaidle i glahi folae Slelbl (£)d g

$3lgis
sl
ZeroShotTM CT™M )
I&ads
—0 0 EAQTAALOYA AV — e e VAEYEV s VAL OAQN Ve
S YO YAAVYEALYENAAY | —e v ETVAVY 000TIVEAAVY 1
— 4, OAFTL 00T T OAY Y OA — 2 YTIVOAOYAVY + Ar AA )Y
1A VIVY FYa ) I Y Y W OV VY Y
— YOVYATTL EYTEA 0 — 0, IVYYFAEYVOYVYVOVY Ve
—, 0T VAT E VYL OAY —+ 0 YE0144£TAVAATYYY Vo
—+, £110) IFAFEAAAYOY — O VAYYIVOTEIVITY G 1
—+, 1 T AQVATFA Y4 VY 0 IFIFAL ATV TAAYA WV
—r 014V VI 60 0) — L IFIVIEFA VYN Y A
—+, YAYYI4. 4848090 —+ 2 TA0ETOVTVAY L OAY V4
o IVVERGYTVAAL + 1WA — 2 YYVYTAYA YA YAO N ££0 Y
— v S A11 oSl

VY QLL...AJ‘g}ﬁL; 09> o yleuds 09> Jl ol ga 638 5 gk sla s

e s (F1=0.636) 1S s bl Lalt AGF & o
sl F1=0.6308.L: AGF+Node2Vec+Hdbscan _.s ;
ZeroShotTM. s CTM 51 5ol (i) opl 5 Shes Oloman bl
el s Ll (P AYVE) gl s o UL AGE il e
L5 Ole b e asels oS Coline oy ol 5 340 (4,0071)
sl ol 555 L Lol
bl g g go s b, 3 Shes dumlaor(V)d s

Fosr pads 2Ll slasbe

F1-measure <3 Sl )
. ) ) o0
o e e
AVt COYVYVF e g vveY [vA] Twevent
[RFARRY CATARET YY) Y [vv]HUPC
ACAFALY ARV VYENE [c1]HUPM
LY COVUEAT | AYVOAT [¢A] AGF
HWA based
VY00 * AYAAMA +,071410 [a]
AGF+Node2
CATARY CAYeaYl | vevevar | Vec+Hdbscan
[¢4]
AGF+deep
CUYVYA “WinA - soeveva | walk+Hdbsca
[£a1n
AGF+Node2
Clevies CAY0000 |+ EANYE Vec+kmeans
[¢4]
AGF+deep
+,04YE Y CAVAMAY g0ty walk+kmeans
[¢4]
BERTopic
RCR A Akt VY
o]
AR C VYV Sy CTM
«VAA A * VYA ZeroShotTM

a0l oS 4, p e Glhger e Sae Ol T s
Frosr Sledls sy sln bl Slegbse £53
I, IRBO 0l o .das o 0Lz ZeroshotTm ; CTM [LDA
e UL 3 S Al Yo BV Slep e sl sl
£ 550kea .S VY ol Sle g5 0 3l S el Sl IRBO
Lo oSke L ZeroShotTM s o olis zE S
VY oehs a) 3yl i 55 s 3yl 1 5 Ses oz +,44Y)
oSl b 55 CTM L o #8800 L5 liis @ (5050

Va0 b sl gl glaai 5 ny o) 2 s (Lo SOledde




Journal Me

Applied ;
And O’J\‘;?:()
Basic \}(-2“//
Machine ~0

Intelligcence Research (ABMIR

@ alie slw 2ol5 55 ZeroShotTM Jue .Gyls s o,
Sl g Ll 5 aas s i)l CombinedTM s
B 0L 53 ek e Sl sd eslanal alie gla s
Wl e T 3 L;JJ(.S 03 ) P L;J:)‘).J slresls &S

2,0 UL Cesl

S S 4o
el glaailo; sl S 55 552 50 glaesls 5l g3k e
s 3y5m 3 Slelbl #lsnl gl ) sl glacs
Gl 35S 58 s S a a5 LS e ol B B
350 53 e Sl blid ¢l Lol 51 Ol e da S
o LOT SIS 36 Jasms lasliy, 5 Sleas of 01,18
S plerl gladila 3 7 5850 Gl Ole ) 53 5
e bl Gl Ly cn) 0 el 5K A )
Ot pobatl Bl S s frdse sle e b iy
o2 Sl g sy Siledde Ry 53 pld ol S
Sl pls s b ol S elanrl Gl 3 g g e
Ols (o)l (‘Jﬁ; o33 o soms S35 n b ) 3 Ses
rl;wl e F1-Measure jlade 5y, 95 cpl &S das o
(o3 S o3I NPMI Lo 5 o, lailes)UL i 35 50
Sy IRBO Lo 5 o5 shailes) aylie LB ¢ 5550 553 5
5 ey 5T s 4y aslie 3550 Sla s 4 Cond (Sl il
Sty L edIAIS Dol CokS s JB sk«
My el 0l sladde 5o el glacs iy disy

b sl s Shas b e sladis

References

[1] H.Kwak, C. Lee, H. Park, and S. Moon, “What is
Twitter, a social network or a news media?,” in
Proceedings of the 19th international conference
on World wide web, 2010, pp. 591-600.

[2] H.-T. Liao, K. Fu, and S. A. Hale, “How much is
said in a microblog? A multilingual inquiry based
on Weibo and Twitter,” in Proceedings of the
ACM Web Science Conference, 2015, pp. 1-9.

[3] T. Lin, W. Tian, Q. Mei, and H. Cheng, “The
dual-sparse topic model: mining focused topics

VY QMJ};:{L; 09> o yleuds 09> Jl ol ga 638 5 gk sla s

Slras Sln b gsbse 055 5§ b0 ol Ol 0 Jsi
534S &S0k .l o3l I3 aslie 3550 8 5eb 50 (S3lede
iAot LDA sy 53 NPMI Ol aiS s sdaline 0 J g
Ly, 5 sl Bag-of-Words ;o s, ol a)ls 1) i
wSJv)gLa.PNMF &j) cjiiJ 6}»\)‘.&5@4 QSJJ b LS'-{L*A
3 s 2 NPMI luis ZeroShot 3 CTM Ls,ls LDA 51 2
lalS saauss 31 BERTOpIC 55, .Ail e 15 |, LDA
L olds e gbee bLoo &S A4S o sl BERT 0 s
LDA JZJJJ; .J‘)‘J ‘) NPMI ‘)‘J.id wﬁjww 6)}/5.@4.
(UMAP+HDBSCAN i) 0de (stuad i (slapz S
CT™M J:’)) R u:".'.‘ﬁ‘ \) QL&V}A C_}J AS.LS@ oslanal
LSBERT e ai iy slas slaaas .S 5 L ZeroShot
e S ) (sl e hlols 2 e s 135

Al aml bl e glaesls s g e

g3 sn Soledde sla g,y 5 Shas anslie :(0)d g
IRBO s NPMI o jlms Kl wlusl

T 23
0 NPMI
_u ey AW [¢¥] LDA
Y « AVY [+ INMF
—v 000 +,44¢ ["o] BERTopic
I +,4A4 CTM
=050\ +,44Y ZeroShotTM

ZeroShot sCTM i, 55 45 das e OLL el ot i

Al S g 3 Sas )b Gl s, S5ls s s
and focused terms in short text,” in Proceedings
of the 23rd international conference on World
wide web, 2014, pp. 539-550.

[4] J. Qiang, P. Chen, W. Ding, T. Wang, F. Xie, and
X. Wu, “Topic discovery from heterogeneous
texts,” in 2016 |IEEE 28th International
Conference on Tools with Artificial Intelligence
(ICTAI), 20186, pp. 196-203.

[5] T. Shi, K. Kang, J. Choo, and C. K. Reddy,
“Short-text topic modeling via non-negative
matrix factorization enriched with local word-

V4 b sl gl glaai 5 ny o) 2 s (Lo SOledde




Journal of

<>
Applied ~F
pplied / 5\

n¢ ’J‘-
e NS
Machine ;"O/)

Intelligcence Research (ABMIR
context correlations,” in Proceedings of the 2018
world wide web conference, 2018, pp. 1105—
1114.

[6] T. Ramamoorthy, V. Kulothungan, and B.
Mappillairaju, “Topic modeling and social
network analysis approach to explore diabetes
discourse on Twitter in India,” Front. Artif. Intell.,
vol. 7, p. 1329185, 2024.

[7] F. Zhang, W. Gao, Y. Fang, and B. Zhang,
“Enhancing short text topic modeling with
FastText embeddings,” in 2020 International
Conference on Big Data, Artificial Intelligence
and Internet of Things Engineering (ICBAIE),
2020, pp. 255-259.

[8] M. Asgari-Chenaghlu, M.-R. Feizi-Derakhshi, L.
Farzinvash, M.-A. Balafar, and C. Motamed,
“Topic detection and tracking techniques on
Twitter: a systematic review,” Complexity, vol.
2021, no. 1, p. 8833084, 2021.

[91 M. R. Khadivi, S. Akbarpour, M.-R. Feizi-
Derakhshi, and B. Anari, “A Human Word
Association based model for topic detection in
social networks,” arXiv Prepr. arXiv2301.13066,
2023.

[10]P. Kherwa and P. Bansal, “Topic modeling: a
comprehensive review,” EAl Endorsed Trans.
scalable Inf. Syst., vol. 7, no. 24, 2019.

[11]1. Vayansky and S. A. P. Kumar, “A review of
topic modeling methods,” Inf. Syst., vol. 94, p.
101582, 2020.

[12] A. Abdelrazek, Y. Eid, E. Gawish, W. Medhat,
and A. Hassan, “Topic modeling algorithms and
applications: A survey,” Inf. Syst., vol. 112, p.
102131, 2023.

[13]R. Churchill and L. Singh, “The evolution of topic
modeling,” ACM Comput. Surv., vol. 54, no. 10s,
pp. 1-35, 2022.

[14]J. Boyd-Graber, Y. Hu, and D. Mimno,
“Applications of topic models,” Found. Trends®
Inf. Retr., vol. 11, no. 2-3, pp. 143-296, 2017.

[15] X. Wu, T. Nguyen, and A. T. Luu, “A survey on
neural topic models: methods, applications, and
challenges,” Artif. Intell. Rev., vol. 57, no. 2, p.
18, 2024.

[16]C. Jacobi, W. Van Atteveldt, and K. Welbers,
“Quantitative analysis of large amounts of
journalistic texts using topic modelling,” in
Rethinking Research Methods in an Age of Digital
Journalism, Routledge, 2018, pp. 89-106.

[17]1A. T. Han, L. Laurian, and J. Dewald, “Plans
versus political priorities:  Lessons  from
municipal election candidates’ social media
communications,” J. Am. Plan. Assoc., vol. 87,
no. 2, pp. 211-227, 2021.

VErY Ol 5 50l 92 o ylods 09> Jls sesle hga (63 8 5 gk gl ta s

[18]N. N. Haghighi, X. C. Liu, R. Wei, W. Li, and H.
Shao, “Using Twitter data for transit performance
assessment: a framework for evaluating transit
riders’ opinions about quality of service,” Public
Transp., vol. 10, pp. 363-377, 2018.

[19]C. A. Bail et al., “Exposure to opposing views on
social media can increase political polarization,”
Proc. Natl. Acad. Sci., vol. 115, no. 37, pp. 9216—
9221, 2018.

[20]H. Pousti, C. Urquhart, and H. Linger,
“Researching the virtual: A framework for
reflexivity in qualitative social media research,”
Inf. Syst. J., vol. 31, no. 3, pp. 356-383, 2021.

[21]E. Schubert, M. Weiler, and H.-P. Kriegel,
“Signitrend: scalable detection of emerging topics
in textual streams by hashed significance
thresholds,” in Proceedings of the 20th ACM
SIGKDD international conference on Knowledge
discovery and data mining, 2014, pp. 871-880.

[22]C. K. Vaca, A. Mantrach, A. Jaimes, and M.
Saerens, “A time-based collective factorization
for topic discovery and monitoring in news,” in
Proceedings of the 23rd international conference
on World wide web, 2014, pp. 527-538.

[23]C.-H. Lee, T.-F. Chien, and H.-C. Yang, “An
automatic topic ranking approach for event
detection on microblogging messages,” in 2011
IEEE International Conference on Systems, Man,
and Cybernetics, 2011, pp. 1358-1363.

[24]Y. Du, Y. Yi, X. Li, X. Chen, Y. Fan, and F. Su,
“Extracting and tracking hot topics of micro-blogs
based on improved Latent Dirichlet Allocation,”
Eng. Appl. Artif. Intell., vol. 87, p. 103279, 2020.

[25] X. Liu, Y. Gao, Z. Cao, and G. Sun, “LDA-based
Topic Mining of Microblog Comments,” in
Journal of Physics: Conference Series, 2021, vol.
1757, no. 1, p. 12118.

[26] M. Sadeghi and J. Vegas, “How well does Google
work with Persian documents?,” J. Inf. Sci., vol.
43, no. 3, pp. 316-327, 2017.

[27]Z. Mottaghinia, M.-R. Feizi-Derakhshi, L.
Farzinvash, and P. Salehpour, “A Review of
Approaches for Topic Detection in Twitter,” J.
Exp. Theor. Artif. Intell., 2021.

[28] H. Becker, M. Naaman, and L. Gravano, “Beyond
trending topics: Real-world event identification
on twitter,” in Proceedings of the international
AAAI conference on web and social media, 2011,
vol. 5, no. 1, pp. 438-441.

[29]1X. Zhou and L. Chen, “Event detection over
twitter social media streams,” VLDB J., vol. 23,
no. 3, pp. 381-400, 2014.

[30]B. O’Connor, M. Krieger, and D. Ahn,
“TweetMotif: Exploratory Search and Topic

Vay b sl gl glaai 5 ny o) 2 s (Lo SOledde




Journal of

Applied ;/ \pﬂ(\

And S

Basic O\ﬁ‘é/\—{'p

Machine ~0

Intelligcence Research (ABMIR
Summarization for Twitter.,” in ICWSM, 2010,
pp. 384-385.

[31]S. Phuvipadawat and T. Murata, “Breaking news
detection and tracking in Twitter,” in Web
Intelligence and Intelligent Agent Technology
(WI-IAT), 2010 IEEE/WIC/ACM International
Conference on, 2010, vol. 3, pp. 120-123.

[32]J. Sankaranarayanan, H. Samet, B. E. Teitler, M.
D. Lieberman, and J. Sperling, “Twitterstand:
news in tweets,” in Proceedings of the 17th acm
sigspatial international conference on advances
in geographic information systems, 2009, pp. 42—
51.

[33]S. Petrovic, M. Osborne, and V. Lavrenko,
“Streaming first story detection with application
to twitter,” in Human Language Technologies:
The 2010 Annual Conference of the North
American Chapter of the Association for
Computational Linguistics, 2010, pp. 181-189.

[34] M.-R. Feizi-Derakhshi, Z. Mottaghinia, and M.
Asgari-Chenaghlu, “Persian Text Classification
Based on Deep Neural Networks,” Soft Comput.
J., vol. 11, no. 1, 2022.

[35]L. M. Aiello et al., “Sensing trending topics in
Twitter,” IEEE Trans. Multimed., vol. 15, no. 6,
pp. 1268-1282, 2013.

[36]S. Gaglio, G. Lo Re, and M. Morana, “Real-time
detection of twitter social events from the user’s
perspective,” in 2015 IEEE International
Conference on Communications (ICC), 2015, pp.
1207-1212.

[37]). Huang, M. Peng, and H. Wang, “Topic
detection from large scale of microblog stream
with high utility pattern clustering,” in
Proceedings of the 8th Workshop on Ph. D.
Workshop in Information and Knowledge
Management, 2015, pp. 3-10.

[38]C. Li, A. Sun, and A. Datta, “Twevent: segment-
based event detection from tweets,” in
Proceedings of the 21st ACM international
conference on Information and knowledge
management, 2012, pp.

[39] M. Mathioudakis and N. Koudas,
“Twittermonitor: trend detection over the twitter
stream,” in Proceedings of the 2010 ACM
SIGMOD  International ~ Conference  on
Management of data,

[40] G. Petkos, S. Papadopoulos, L. Aiello, R. Skraba,
and Y. Kompatsiaris, “A soft frequent pattern
mining approach for textual topic detection,” in
Proceedings of the 4th international conference
on web intelligence, mining and semantics
(WIMS14), 2014, pp. 1-10.

VErY Ol 5 50l 92 o ylods 09> Jls sesle hga (63 8 5 gk gl ta s

[41]J. Weng and B.-S. Lee, “Event detection in
twitter,” in Proceedings of the international aaai
conference on web and social media, 2011, vol. 5,
no. 1, pp. 401-408.

[42]W. Zhang, T. Yoshida, X. Tang, and Q. Wang,
“Text clustering using frequent itemsets,”
Knowledge-Based Syst., vol. 23, no. 5, pp. 379—
388, 2010.

[43]1D. M. Blei, A. Y. Ng, and M. 1. Jordan, “Latent
dirichlet allocation,” J. Mach. Learn. Res., vol. 3,
no. Jan, pp. 993-1022, 2003.

[44]T. Hofmann, ‘“Probabilistic latent semantic
indexing,” in Proceedings of the 22nd annual
international ACM SIGIR conference on
Research and development in information
retrieval, 1999.

[45]H. D. Kim, D. H. Park, Y. Lu, and C. Zhai,
“Enriching text representation with frequent
pattern mining for probabilistic topic modeling,”
Proc. Am. Soc. Inf. Sci. Technol., vol. 49, no. 1,
pp. 1-10, 2012.

[46]D. Quercia, H. Askham, and J. Crowcroft,
“Tweetlda: supervised topic classification and
link prediction in twitter,” in Proceedings of the
4th Annual ACM Web Science Conference, 2012,
pp. 247-250.

[47]C. Li et al., “Twiner: named entity recognition in
targeted twitter stream,” in Proceedings of the
35th international ACM SIGIR conference on
Research and development in information
retrieval, 2012, pp. 721-730.

[48] A. Benny and M. Philip, “Keyword Based Tweet
Extraction and Detection of Related Topics,”
Procedia Comput. Sci., vol. 46, pp. 364-371,
2015.

[49] M. Ranjbar-Khadivi, S. Akbarpour, M.-R. Feizi-
Derakhshi, and B. Anari, “Persian topic detection
based on Human Word association and graph
embedding,” arXiv Prepr. arXiv2302.09775,
2023.

[50]B. Perozzi, R. Al-Rfou, and S. Skiena,
“Deepwalk:  Online learning of social
representations,” in Proceedings of the 20th ACM
SIGKDD international conference on Knowledge
discovery and data mining, 2014, pp. 701-710.

[51] A. Grover and J. Leskovec, “node2vec: Scalable
feature learning for networks,” in Proceedings of
the 22nd ACM SIGKDD international conference
on Knowledge discovery and data mining, 2016,
pp. 855-864.

[52]L. Mclnnes, J. Healy, and J. Melville, “Umap:
Uniform manifold approximation and projection
for dimension reduction,” arXiv Prepr.
arXiv1802.03426, 2018.

VaA b sl gl glaai 5 ny o) 2 s (Lo SOledde




Journal of

<>
Applied ~F
pplied / 5\

n¢ ’J‘-
e NS
Machine ;"O/)

Intelligcence Research (ABMIR

[53]R. J. G. B. Campello, D. Moulavi, and J. Sander,
“Density-based clustering based on hierarchical
density estimates,” in Pacific-Asia conference on
knowledge discovery and data mining, 2013, pp.
160-172.

[54]Y.-W. Seo and K. Sycara, Text clustering for topic
detection. Carnegie Mellon University, the
Robotics Institute, 2004.

[55]M. Liu and J. Qu, “Mining high utility itemsets
without candidate generation,” in Proceedings of
the 21st ACM international conference on
Information and knowledge management, 2012,
pp. 55-64.

[56]H.-J. Choi and C. H. Park, “Emerging topic
detection in twitter stream based on high utility
pattern mining,” Expert Syst. Appl., vol. 115, pp.
27-36, 20109.

[57]Z. Chen and B. Liu, “Topic modeling using topics
from many domains, lifelong learning and big
data,” in International conference on machine
learning, 2014, pp. 703-711.

[58] Z. Chen and B. Liu, “Mining topics in documents:
standing on the shoulders of big data,” in
Proceedings of the 20th ACM SIGKDD
international conference on Knowledge discovery
and data mining, 2014, pp. 1116-1125.

[59]D. Lee and H. S. Seung, “Algorithms for non-
negative matrix factorization,” Adv. Neural Inf.
Process. Syst., vol. 13, 2000.

[60]C. Févotte and J. Idier, “Algorithms for
nonnegative matrix factorization with the f-
divergence,” Neural Comput., vol. 23, no. 9, pp.
2421-2456, 2011.

[61]Z. Cao, S. Li, Y. Liu, W. Li, and H. Ji, “A novel
neural topic model and its supervised extension,”
in Proceedings of the AAAI Conference on
artificial intelligence, 2015, vol. 29, no. 1.

[62]S. Terragni, E. Fersini, B. G. Galuzzi, P.
Tropeano, and A. Candelieri, “OCTIS:
Comparing and optimizing topic models is
simple!,” in Proceedings of the 16th Conference
of the European Chapter of the Association for
Computational Linguistics: System
Demonstrations, 2021, pp. 263-270.

[63]H. Larochelle and S. Lauly, “A neural
autoregressive topic model,” Adv. Neural Inf.
Process. Syst., vol. 25, 2012.

[64]1H. Zhao, D. Phung, V. Huynh, Y. Jin, L. Du, and
W. Buntine, “Topic modelling meets deep neural
networks: A survey,” arXiv  Prepr.
arXiv2103.00498, 2021.

[651M. Grootendorst, “BERTopic: Neural topic
modeling with a class-based TF-IDF procedure,”
arXiv Prepr. arXiv2203.05794, 2022.

VErY Ol 5 50l 92 o ylods 09> Jls sesle hga (63 8 5 gk gl ta s

[66]D. Angelov, “Top2vec: Distributed
representations of  topics,” arXiv  Prepr.
arXiv2008.09470, 2020.

[671H. Rahimi, H. Naacke, C. Constantin, and B.
Amann, “ANTM: Aligned Neural Topic Models
for Exploring Evolving Topics,” in Transactions
on Large-Scale Data-and Knowledge-Centered
Systems LVI: Special Issue on Data Management-
Principles, Technologies, and Applications,
Springer, 2024, pp. 76-97.

[68]1D. Q. Nguyen, R. Billingsley, L. Du, and M.
Johnson, “Improving topic models with latent
feature word representations,” arXiv Prepr.
arXiv1810.06306, 2018.

[69]Y. Liu, Z. Liu, T.-S. Chua, and M. Sun, “Topical
Word Embeddings.,” in AAAI, 2015, pp. 2418-
2424,

[70]J. Qiang, P. Chen, T. Wang, and X. Wu, “Topic
modeling over short texts by incorporating word
embeddings,” in Advances in Knowledge
Discovery and Data Mining: 21st Pacific-Asia
Conference, PAKDD 2017, Jeju, South Korea,
May 23-26, 2017, Proceedings, Part Il 21, 2017,
pp. 363-374.

[71]1M. Shi, J. Liu, D. Zhou, M. Tang, and B. Cao,
“WE-LDA: a word embeddings augmented LDA
model for web services clustering,” in 2017 ieee
international conference on web services (icws),
2017, pp. 9-16.

[72] T. Mikolov, K. Chen, G. Corrado, and J. Dean,
“Efficient estimation of word representations in
vector space,” arXiv Prepr. arXiv1301.3781,
2013.

[73]R. Das, M. Zaheer, and C. Dyer, “Gaussian LDA
for topic models with word embeddings,” in
Proceedings of the 53rd Annual Meeting of the
Association for Computational Linguistics and
the 7th International Joint Conference on Natural
Language Processing (Volume 1: Long Papers),
2015, pp. 795-804.

[74]W. Gao, M. Peng, H. Wang, Y. Zhang, Q. Xie,
and G. Tian, “Incorporating word embeddings
into topic modeling of short text,” Knowl. Inf.
Syst., vol. 61, pp. 1123-1145, 2019.

[75]C. Li, H. Wang, Z. Zhang, A. Sun, and Z. Ma,
“Topic Modeling for Short Texts with Auxiliary
Word Embeddings,” Sigir, no. September, pp.
165-174, 2016.

[76]L. McInnes and J. Healy, “Accelerated
hierarchical density based clustering,” in 2017
IEEE international conference on data mining
workshops (ICDMW), 2017, pp. 33-42.

[77]1T. Joachims, “A probabilistic analysis of the
Rocchio algorithm with TFIDF for text

Vaq b sl gl glaai 5 ny o) 2 s (Lo SOledde




Journal ol‘ -

Applied \pq(\
! | \

And O’J~- -0

AN /:\//
Basic A
Machine D:‘O//“

Intelligcence Research (ABMIR
categorization,” in ICML, 1997, vol. 97, pp. 143—
151.

[78]F. Bianchi, S. Terragni, and D. Hovy, “Pre-
training is a hot topic: Contextualized document
embeddings improve topic coherence,” arXiv
Prepr. arXiv2004.03974, 2020.

[79IN. Reimers and I. Gurevych, “Sentence-bert:
Sentence embeddings using siamese bert-
networks,” arXiv Prepr. arXiv1908.10084, 2019.

[80]A. Srivastava and C. Sutton, “Autoencoding
variational inference for topic models,” arXiv
Prepr. arXiv1703.01488, 2017.

[B1IN. Reimers and 1. Gurevych, “Making
monolingual sentence embeddings multilingual
using knowledge distillation,” arXiv Prepr.
arXiv2004.09813, 2020.

[82]N. Thakur, N. Reimers, J. Daxenberger, and I.
Gurevych,  “Augmented  SBERT: Data
augmentation method for improving bi-encoders
for pairwise sentence scoring tasks,” arXiv Prepr.
arXiv2010.08240, 2020.

[83] M. Farahani, M. Gharachorloo, M. Farahani, and
M. Manthouri, “Parsbert: Transformer-based
model for persian language understanding,”
Neural Process. Lett., vol. 53, pp. 3831-3847,
2021.

[84]J. Devlin, M.-W. Chang, K. Lee, and K.
Toutanova, “Bert: Pre-training of deep
bidirectional  transformers  for  language
understanding,” in Proceedings of the 2019
conference of the North American chapter of the
association for computational linguistics: human
language technologies, volume 1 (long and short
papers), 2019, pp. 4171-4186.

[85]T. Pires, “How multilingual is multilingual
BERT,” arXiv Prepr. arXiv1906.01502, 2019.
[86]D. P. Kingma, “Auto-encoding variational
bayes,” arXiv Prepr. arXiv1312.6114, 2013.
[871Y. Zhang, R. Jin, and Z.-H. Zhou, “Understanding
bag-of-words model: a statistical framework,” Int.
J. Mach. Learn. Cybern., vol. 1, pp. 43-52, 2010.

[88]Y. Miao, L. Yu, and P. Blunsom, ‘“Neural
variational inference for text processing,” in
International conference on machine learning,
2016, pp. 1727-1736.

VErY Ol 5 50l 09> o ylods 09> Jls sesle hga (63 8 5 gk gl ta s

[89]G. E. Hinton, “Training products of experts by
minimizing contrastive divergence,” Neural
Comput., vol. 14, no. 8, pp. 1771-1800, 2002.

[90]F. Bianchi, S. Terragni, D. Hovy, D. Nozza, and
E. Fersini, “Cross-lingual contextualized topic
models with zero-shot learning,” arXiv Prepr.
arXiv2004.07737, 2020.

[91] M. Ranjbar-Khadivi, M.-R. Feizi-Derakhshi, A.
Forouzandeh, P. Gholami, A.-R. Feizi-Derakhshi,
and E. Zafarani-Moattar, “Sep TD Tel01,” 2022.

[92]F. Nan, R. Ding, R. Nallapati, and B. Xiang,
“Topic modeling with wasserstein autoencoders,”
arXiv Prepr. arXiv1907.12374, 2019.

[93]D. Newman, J. H. Lau, K. Grieser, and T.
Baldwin, “Automatic evaluation of topic
coherence,” in Human language technologies:
The 2010 annual conference of the North
American chapter of the association for
computational linguistics, 2010, pp. 100-108.

[94]N. Aletras and M. Stevenson, “Evaluating topic
coherence using distributional semantics,” in
Proceedings of the 10th international conference
on computational semantics (IWCS 2013)-Long
Papers, 2013, pp. 13-22.

[95] G. Carbone and G. Sarti, “ETC-NLG: End-to-end
topic-conditioned natural language generation,”
IJCoL. Ital. J. Comput. Linguist., vol. 6, no. 6-2,
pp. 61-77, 2020.

[96] W. Webber, A. Moffat, and J. Zobel, “A similarity
measure for indefinite rankings,” ACM Trans. Inf.
Syst., vol. 28, no. 4, pp. 1-38, 2010.

[97]S. Terragni, D. Nozza, E. Fersini, and M. Enza,
“Which matters most? comparing the impact of
concept and document relationships in topic
models,” in Proceedings of the First Workshop on
Insights from Negative Results in NLP, 2020, pp.
32-40.

[98] K. Murakami, N. Itsubo, and K. Kuriyama,
“Explaining the diverse values assigned to
environmental benefits across countries,” Nat.
Sustain., vol. 5, no. 9, pp. 753-761, 2022.

[99]J. H. Lau, D. Newman, and T. Baldwin, “Machine
reading tea leaves: Automatically evaluating topic
coherence and topic model quality,” in
Proceedings of the 14th Conference of the
European Chapter of the Association for
Computational Linguistics, 2014, pp. 530-539.

Yoo b sl gl glaai 5 ny o) 2 s (Lo SOledde




Journal of —un'» 3 . ) ) )
Applied SO\ Applied and Basic Machine Intelligence Research
And

043Py
Basic \%{oéz/

Machine
Intellicence Research (ABMIR)

Vol. 2, No. 2, Autumn & Winter 2024, pp. 185 - 201

Contextual Topic Modeling of Persian Social Media Short Texts

Zeynab Mottaghinia!, Mohammad-Reza Feizi-Derakhshi ?*

!PhD Candidate, Computerized Intelligence Systems Laboratory, Department of Computer Engineering, University of

Tabriz, Tabriz, Iran

%Professor, Computerized Intelligence Systems Laboratory, Department of Computer Engineering, Faculty of Electrical
and Computer Engineering, University of Tabriz, Tabriz, Iran

Article Information

Original Research Paper

Received:
2025 February 28

Accepted:
2025 May 11

Keywords:

Topic modeling, Short text,
Social media, Topic detection,
Sentence embedding.

Corresponding Author™:
mfeizi@tabrizu.ac.ir

Abstract

The emergence of social media creates opportunities for users to share
their thoughts. Billions of short texts are produced on social media daily,
and their analysis in text mining and content analysis is essential.
Detecting topics from short texts on a large scale is an important and
challenging task. Few studies have been conducted on topic detection in
Persian short texts, and the existing algorithms are not remarkable.
Therefore, we decided to study the topic detection in Persian. Topic
modeling is a topic detection technique that extracts groups of words as
topics from documents. Recently, neural topic models have shown
improvements in increasing the coherence of topic modeling. Also, text
embeddings have enhanced neural models. For this reason, in this study,
two combined topic models and the ZeroShot topic model are presented
for topic detection in Persian social media short texts. These two models
incorporate pre-trained BERT text representation into neural topic
models. The experimental results show that these two methods outperform
the comparison methods with the highest F1-measure, topic diversity, and
coherence score. Also, the ZeroShot topic model has better results in terms
of evaluation metrics than the combined topic model.
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