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Abstract

The rumor is a collective attempt to interpret a vague but attractive situation by using the power of
words. Therefore, identifying the rumor language can be helpful in identifying it. The previous research
has focused more on the contextual information to reply tweets and less on the content features of the
original rumor to address the rumor detection problem. Most of the studies have been in the English
language, but more limited work has been done in the Persian language to detect rumors. This study
analyzed the content of the original rumor and introduced informative content features to early identify
Persian rumors (i.e., when it is published on news media but has not yet spread on social media) on
Twitter and Telegram. Therefore, the proposed model is based on physical and non-physical content
features in three categories including, lexical, syntactic, and pragmatic. These features are a
combination of the common content features along with the proposed new content-based features. Since
no social context information is available at the time of posting rumors, the proposed model is
independent of propagation-based features and relies on the content-based information of the original
rumor. Although in the proposed model, much information (including user information, the user's
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reaction to the rumor, and propagation structures) are ignored, but helpful content information can be
obtained for classification by content analysis of the original rumor.

Several experiments have been performed on the various combinations of feature sets (i.e., common
and proposed content features) to explore the capability of features in distinguishing rumors and non-
rumors separately and jointly. To this end, three machine learning algorithms including, Random
Forest (RF), AdaBoost, and Support Vector Machine (SVM) have been used as strong classifications to
evaluate the accuracy of the proposed model. To achieve the best performance of classification
algorithms on the training dataset, it is necessary to use feature selection techniques. In this study, the
Sequential Forward Floating Search (SFFS) approach has been used to select valuable features. Also,
the statistical results of the t-test on the P-value (<=0.05) demonstrate that most of the new features
proposed in this study reveal statistically significant differences between rumor and non-rumor
documents. The experimental results are shown the performance of new proposed features to improve
the accuracy of the rumor detection. The F-measure of the proposed model to detect Persian rumors on
the Twitter dataset was 0.848, on the Kermanshah earthquake dataset was 0.952 and on the Telegram
dataset was 0.867, which indicated the ability of the proposed method to identify rumors only by
focusing on the content features of the original rumor text. The results of evaluating the proposed model
on Twitter rumors show that, despite the short length of Twitter tweets and the extraction of limited
content information from tweets, the proposed model can detect Twitter rumors with acceptable
accuracy. Hence, the ability of content features to distinguish rumors from non-rumors is proven.

Keywords: Persian rumors detection, Content analysis, Physical and non-physical content features, Text
processing.
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(Table-1): The list of features introduced by supervised learning- based previose works for rumor detection
in compration with the proposed method.
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(Figure-1): The general structure of the proposed model to
identify rumors.
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(Table-2): The list of physical features for rumor
detection. The proposed new features are marked
with the "™*"* mark.
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(Figure-2): Rumors and content features related to it

gl (5508 lgina —F-T-)
ad), B4 lacdl g b ol e S (Sojed Sl
ools Ll (V) ISKs 0 a5 ebjlen sl e QT 4o
o Olyie Jalt Slalh (Sazeb slyime sl o
sl gl b sl aiile (5,50 yolic 5 Lol oo
laools e )0 cvnlive [ sz g0 adlie o (ol plo
5 e o zgal «Siia URL awle ooy elazz|
g oo 485 A )3 (Sund (Shy S plpreas plid
Srar OlMbl 292 095 4 axgi b (egh cal o
0ais,5l0 S Boldasserme 1o (g o ygal «Jold)
S plgieds (e w9 Olgie )3 39290 jolic Ll
el 0als i3lo g (g ldgs
JLds b Jyereysbar $ige LS S ol
Orlnle sdoe Ol 9 labial el 5 65X L 5 (som;
Loaluls Ll e LSS g)lisg Saw lls
o) 23] wighiee ple Golite g lly oS
anld g5 5o Dol Jdsar g,libg ooXl o ol
s (S Salone by el s s
wilg oo ol s 5 5Lal 05Kl egdge oy Jlone
oobl p Slulss gaipmands (Jls gl p 259l (gamaiws
Slals Lols ol pants c5lioly, el bS]
53 oabolnl Bluls a5 Cusl wlows g 55l w5 (Sl
Ole Folite lyie sla Ty b beoje (nl 51 Sy o
Loegyonl S )8 cbbe axgi 9)90 U Wighi e
(e bolals g Ll Gl ool e Slon

&


http://dx.doi.org/10.52547/jsdp.18.1.50
https://jsdp.rcisp.ac.ir/article-1-1033-fa.html

e 58S gl oLl Gl (Shy acgee 6o b Sig —Y-Y-1-)

OB 5ly el 0uiS s sl Shg (V) il ou o Iy ol clulial L Sl (o3 o S
ol V) Jdl J(Cencaakd L g e oy Slp et LB slesrl, 5 wiS o
Ske MV ES > Wl SRT) o gl e OB5ly w5l b Sy onl s
oSy (M) NEPSLL Slls MOl ORegn onl 5o a5 s sla Shy Wigd o
Cosbdene b g o5l plel oaisS s 5 aislee

weleial GladSub ¢yio )3 (Rlgixo LSS Jag JHXT 29 Sliae Sw)ld laabiibd (oastds glys SJde ashl

ol 85l QW) Jlsw 85l MT(UCer)
30 U"‘ )J o;.\.m‘-g)m le.ﬁb‘;).vj QL».A )‘ W(IW)
‘"@5)? Jl.ﬂé‘” ‘" - 5 QLA}“ £;).75 )LP ¢ dowd
slaShy "SLL olle” 5 "okl ol le"
ol e BYo el ol egh goleiiy
sl sl ol panla()) @S cwl ! b S
anls olo jo g slagle; 5l o> élo ogl> O
S Jwdl 6.5, L Le,ﬂ (V) .S oo ool
Qli.;." ‘”Q.)w‘" ‘” > n ‘"C)";é)fcj‘" Q -
Ol Galil 0 (rw omé y Molug Mool
90 50 O5ly a8 sl el L (Y) aijle £9b9e
3okl b ooyte sl g lasl g ogtlly CoxBge
5 e > 698 680 sed S )l
Sk ohle o clulgs s Olile usren gt
W el o s s o
Cass 1y bl Slulas] c g oS Sl oMbl
QS oo S5 o anll Sl ,edbl g jLacsl 4
GalS She can 3l S e ol oele
T O 0 F ={Cer.UCer.QW.IW.SV.RT.MV} Cuuzu
Dgd oo dwlee (V) Jogo,d 5l eolatul b Iyoee joboay 5
aoz 5 e Olgie i gay EP 9 SP (S5 90 Iy

OB3ly Slaws b Sl ale Shes o e s SHis
Sy90 w9 allas slawy alex Jsb (835l Jsb
Ol glyioe Jolow bt el @85 18 (o)
dgax oy Oluls o eSS sl Shg aS ol
R ul.ul.w).a& )l ).....M...v Qo 4O 00 jow
olsogla By (slp il panlis oS sla Shge
Sy a9 slael 5l aisS o rw ALl £9090
10 Jle gl oS eolitwl skl Gledbl ylgiea
LS ol ool ()5 a3y & bgyye amls 5l asy
O OheF et St ey S Sl B
Sy sy il 3,5 el 5 5 57 0
wanls pl o ole do,ooliie Jlal 4 copl
plo g di; olasy awye @ o )lal b jluasls 0,8
O S Gl pRIBl e e e sl Sy
Ad dus ol pl S Gl 1) Cldole slazel b o lo
o5l TINLC) sose slodnsgs (ol (oS g
D8 Jedos 0,90 YQtY)miwcasS 5 TINW) i )les
oS Sy aw 3l S s olas, Sl ool az8 S
L e ysbas T oy, F = {NLC.NW.Qty}

139 g0 dawles (V) Jgo 3 5l oolazul

SOl p (s, (T))

[ Downloaded from jsdp.rcisp.ac.ir on 2025-08-23 ]

[ DOI: 10.52547/jsdp.18.1.50 ]

e . .. T Scorep(T) = QD)
DS 50 518 o3lo 0550 amll diay I 5 F(1) 1S(T)]
_ 5 T e Moz slaws [S(D] (V) Jgop o
GE sl TV L a8 e s ke S RG]
rolos alos I, = >l b 5% | , _. .
o P ke 2l ot ezl T & DS o G T e 5l el ales 0 F (S5g 0las,
o Oluls 69) p odd o) 2§78 sla Sy v
P Gl lizl )z Jold gy oty 5 D9l 655 bl gl s S
O (0% oy pef b (somy 5 e (S ez (POS) Sialil 50 ol xS g0 Maleal" 5 "cueal" [24]
ol Sl oY eplply e anls el o yld
¢ Certainty pll 5 caeal Sl a5 05 13 s ola S

7 Sensory Verbs
8 Relative Time
9 Motion Verbs

90 kgl opl 4o g,cpl l aiies e, 9> ge

10 Start Phrase ! Quantity

A 1" End Phrase 2 Quantitative
9: Jé’ 12 Uncertainty 3 Numeral
U 13 Questuion Words 4 Number

14 Inferring Words 3 Quantifier

&

Y 2l ) )bl Ve Lo


http://dx.doi.org/10.52547/jsdp.18.1.50
https://jsdp.rcisp.ac.ir/article-1-1033-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-08-23 ]

[ DOI: 10.52547/jsdp.18.1.50 ]

oily 2 CW T zlyounl jolatedy ol ool slpiiey
3 Oebiee dmlie (e 3 355 Jlgzmen o3ls b (e
1Jle) o3ly Tk (an b ) jslme (sloelly alts 50
welaizl Vo990 jlade CW Fhg 4 (lade Jlais
CC S5s zlminl Glp ccudp et 4 05d 0 00l
3550 03ls ol Sodussi e ;0 d5zse o3ly 2 (slilay
a5 5l i Gl ST S e 8 o
@ (68 i) wal sl IS5 Jlge &g

Sy oo 0ol plaisl ) Lgog0 jlaie CC 55

Sln S 2lgime (ST Rg Cow b H(F-Jgu)
# Codle bz golerday sla Sy Oluld aidd
ilowd asieo
(Table-3): The list of non-physical contextual features for

rumor detection. The proposed new
features are marked with the "**** mark.
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(Figure-3): The vector representation of training texts as
text-feature matrix.
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(Table-4): Evaluation of the proposed model on dataset of
Twitter using three classifier RF, AdaBoost and SVM.
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(Table-5): Evaluation of the proposed model on dataset of
Telegram using three classifier RF, AdaBoost and SVM.
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(Table-6): The average frequency of 50 features, along with the p-value of a student t-test for comparing frequencies

in Rumor versus Non-Rumor groups in Telegram posts.
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(Table-7): Different impact of previuse and proposed
features on the classification accuracy of Telegram posts in
two rumor and non-rumor classes by RF classifier in three

separate experimrnts.
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(Figure-4): Recognition rate of SFFS method based on

average F-measure using contextual-based features to detect
Persian rumors published in Twitter and Telegram.
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(Figure-6): Learning curves and classification accuracy
based on % training data and three different experiments.
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