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Abstract
Today, online social media with numerous users from ordinary citizens to top government officials,
organizations, artists and celebrities, etc. is one of the most important platforms for sharing information
and communication. These media provide users with quick and easy access to information so that the
content of shared posts has the potential to reach millions of users in a matter of seconds. Twitter is one
of the most popular and practical/used online social networks for spreading information, which, while
being reliable, can also, be a source for spreading unrealistic and deceptive rumors as a result can have
irreversible effects on individuals and society.

Recently, several studies have been conducted in the field of rumor detection and verify using
models based on deep learning and machine learning methods. Previous research into rumor detection
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has focused more on linguistic, user, and structural features. Concerning structural features, they
examined the retweet propagation graph. However, in this study, unlike the previous studies, new
structural features of the reply tree and user graph in extracting rumored conversations were extracted
and analyzed from different aspects.

In this study, the effectiveness of new structural features related to reply tree and user graph in
detecting rumored conversations in Twitter events were evaluated from different aspects. First, the
structural features of the reply tree and user graph were extracted at different time intervals, and
important features in these intervals were identified using the Sequential Forward Selection approach.
To evaluate the usefulness of valuable new structural features, these features have been compared with
consideration of linguistic and user-specific features. Experiments have shown that combining new
structural features with linguistic and user-specific features increases the accuracy of the rumor
detection classification. Therefore, a rumor classification algorithm based on new structural, linguistic,
and user-specific features in rumor conversation detection was proposed. This algorithm performs
better than the basic methods and detects rumored conversations with greater accuracy. In addition,
due to the importance of the source tweet user in conversations, this user was examined and analyzed
from different aspects. The results showed that most rumored conversations were started by a small
number of users. Rumors can be prevented by early identification of these users on Twitter events.

Keywords: Conversion, Rumor detection, Twitter, Reply tree, User graph.
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(Table-1): A summary of important research in the field of rumor detection and verification
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Algorithm 1: create reply tree
Input: conversation ‘s tweets
Output: reply tree
for each tweet in conversation:
if reply _tweet_id is null:
Create tree
Add tweet as root node
else:
Add tweet as node to reply tree
Add edge between this node and source node
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Algorithm2: create user graph

Input: conversation ‘s tweets

Output: user graph

for each tweet in conversation:
if reply _tweet_id is null:
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4 fewly Congi ladl gloy alols cavs gy o
Create graph s S (V) Jeoo [31] cwl ol v cuy
Add user as root node ae | .
else DB (0 QL....; \) GML’ S50 0w C‘JM‘
if has_edge in graph:
edge ['weight] +=1 L
else: Ol BlF -Y-Y
Add user as node to user graph
Add edge between this node and source node
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(Table-2): Shows the new structural features in the reply tree and user graph
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(Table 3): Summary of experiments and their goals

Slaal b ialo;

2 Gl s sl Sy plelis

slaosl ,o ol)ls BLS g gl o350 sla Sy Sl
5 azel VSO YA dilis sl il e
Cawlico o atws ol
2 Sl Wz b S b)) sla Sy amlie

Lol s Sby sla Sno b anlic | sla Sheb s bsle

Ay dlwd o ,93d] oolaul USRS

b anolio jo goleinn (g, 2b5)
b sla)ls ab

Slaggy y2 58 golpiian b, 2Uj) 89,50 aslllas

Jiae sy Sy sleolag,
SIS 50 LS50 sl oS et Cangh 5 (o
ol &=

OB olsac goxo —V-F
g ol sleadlSe o (5 5laex Eoloacgorme
s o el Jeld jngs jo le alisee sl
dibsl o 3l pmsS R 0 Lll e
X 005 plemler Lot (Sovw )3 25 OB S
Goglaa anld wlagg, kel 51w Sasl e

s g b ialosl -F

Jsor) s)ldle wa sla Shy 2L Gise ol 5o
clolayg, jo wnls e jaois aul,d o (Y
OB obacseme i ol jo 0gd oo b, us
P G mee Gl SRy e Oede o
bl Glp s oo plelis Glize Sy sboesl
Ll S5y ool e @il Gl Shy osnie
P9y el pogdle w0ad anslie ()5 5 Sbj e S
Ol 5 Sb ws,bsle o Sy » (e ol
2oodle ol anslie anlh ais 4l slaghs, b
5 S Sl o Shy bl ookt by,
Sy90 yamgi sbeolag, jo (99,50 aslllae o (1)l
Sy )l Coepl ayazgi b S 0 085 15 oL
iz sl 5l )5 el ol asis )0 ae
M (V) Jgaz b (gwyp g slaolug, o
Silwooly ams o plis 1y Giolesl Blaal g b ioles]
BlsS ) esliiad b olp)lS GLS 5 gl ci o
5 ilwosls g ool el ygul o 'networkx
heslanad by ool jo gl slojloges

el o plogl ] (glasilinlis

L https://networkx.github.io/

fFA ol Vo, Ve JLlu


http://dx.doi.org/10.52547/jsdp.18.3.45
https://jsdp.rcisp.ac.ir/article-1-1130-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-18 ]

[ DOI: 10.52547/jsdp.18.3.45 ]

asgs Anslib Sld ALl youskihis ) G U BT 399 w2 9 JILT

Slr 5P e Sy lads by, Sl el
) S aegama b g, cal o eslisd (S ol
SBl (Shy G al> e po 0 9 098 o0 €950 SR
AlE jo [42] sei LS Ll 4 e 4 00,8
SoadlKe slaxs (yBolsacgamme opl jo a5 bxl l pgo
Oilale ol anls glhaddSe Gl i anls
olass oo, ,9bday) o0g sl Lo Boldacgesns
5 (Sl anlis sloaddlSo ply g0 anls 8 slaadls
Solar Ko )l slesnaiws jl jglaie e a
solazwl XGBoost 4 [43,44] Easy Ensembleg 2 ;5o
4 a>g L scale_pos_weight soll ,ols ol
A pedas XGBoost (gl o Bolsacgome o9 Jolaels
Slisin SBols JSir (sloazains & L pe cslo il
imbalanced- 5,8 i wlel , Easy Ensemble o
5 ooigel amlE 40w a5 j0 aial e Tlearn
Sl ol oolainl gise-0 bl muw)liel 51 o)l
oW 4 Lo Fl-score o S5y bl o b))l
2l eele (She ol s (F) S cal anls
28 pebples was e plas cele 28 Sl ol
L awglie ;o XGBOOSt asdiws gl oo odoliv S
obml Jaw YA j8 9.0 (6540 25 ;500 slaassaiws
G Sy 00 b (e wndies il g oud
@) Jgaz 0 05l Ko o Jow b alin o, oI
Sy o3l ;o XGBoost ausaws gl ol (Shig 00
sobiedy sl oad ooly las # cldle L cele il
5 anld sbadlo (o nlote 5 e slagSl olulit
SloSis elo b Sloj oib posdle wanls e
g YA AY Slojy slaosl jo canlys a5 ksl
Sldae gloy o3l 2 j0 wul Zlseial 5o cels VY
ad el cele s gbey ol aliee Shy okl
Shoy sosl aen jo a5 ol lis S obil @l
Loawlie o
b S bl gl (@) Jgaz o)l Koo sleaais
oolatwl b el YF o YA OY by sleojl o

Ao o lid 1) XGBoost woaws

Syt s XGBoost  anaiws

S Ol swrp sl Giesh ol e

s s gl slaosl jo oo bl sl S
TAUC 5 Jlssil oo Fl-score iy il
XGBoost wuatws 3l eslaiwl b (ROC Slogas 53 o)
3 el osd aculme wlflaz Sl ol o sl
S Wy ged Cds Jlae ilgel B oloacgexe

AUC jLas b Jow o Slee 6 ,505lal gl conlio

2 Balanced Random Forest

3 https://imbalanced-
learn.readthedocs.io/en/stable/generated/imblearn.ensemb
le.BalancedRandomForestClassifier.html

4 Area under the ROC Curve

A 2l Vo kel 1Fer Lo

Sl laca) g Stae &,k 5l ol e slacwss

OLaslsg) g el 0l 98 ol 4 by
h pleiws cAnS jsba g 005 wyp ) iwy
il oad Cangiil Hbas pSCaws a5 wiles S Gl
aS ol ol atine b ond ol glacws s (sl
OB obbacgeme pl b axiws anls bewg Ll
o yd 30 Vpges sl a5 sl pheme o3s, 5l i
bhug oBolbacgee 0 LA wmgail
[41] cewl oals plxil ) )Gl jq,

e olayg) den gl dodadSe s giaiil>
VAVY o] 50 a8 ol 4o OAY Lol slacgomme
Wlle YAY: 5 anls slhaddls 4 lag e 4K
o a8 jeboles ol anls e sbhaddSe @ L e
Sl il o jer wwl sadosls lis (F) Jeux
@lomlsn Lot )3 Jlo sl 018 392 sl &
anld 0)l)0 adllSe oo obriy 5l yiin 52X (05
Aoy g Jils o gslails Jg osailes S Coss
50 S s Cosme Olnls o)l Sl 5l oS
b 5 anls gloaallSie slass slagg, o sl (F) Jsur
ol 00 Lateie dml

2 Slpanld pué g anll radlSo slusd :(F-Jgu)

RO PR W ua:b:v.o al.s.ls)
(Table-4): Number of Rumor and Non-rumor Conversations

of Every Event.
awlls | oyl Lslayg,
V2V TOA s Jils o glal s
AR YAY S 50 GAI)TU
AR YYA s oo lemlse b
fy. fv. Igbgl yo (g3ll s
£a9 oYY S 50 55 g5
YLAY - V,AvY Egono

SISl o s S g ol -Y-F
Sluls asis Hllss oS Jos oloyl Coonl 4 445 b
Sl Sy il adls ) SlellSe g9,8 adsl slapls 5
el b 50 Fal oS0 g oS SIS g ksl
ool e il gl deolayg, jo el g4, adsl
54 Wl bl allSe el gty anl
Gy S g e Ceng Jloyl o Gloj alolé lag]
Sre TA a2 glp asl cele i gSlas
Ol SIS gl s bgrpe ¥ Jgoz )L
lolis sliiedy Al gloul adise OASY
Gy 2 Sy PBEl ld o bl wre o S
Al o ol plxil Al o a0 ealzl Bl slo S

https://figshare.com/articlessPHEME_dataset_of rumour
s_and_non-rumours/4010619


https://imbalanced-/
https://imbalanced-/
http://dx.doi.org/10.52547/jsdp.18.3.45
https://jsdp.rcisp.ac.ir/article-1-1130-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-18 ]

[ DOI: 10.52547/jsdp.18.3.45 ]

[45] sl jieS o] (sladiges slows

a5 apd oo (Lid # Ceodle wpd o L 1y el YF g YA«

aS losy yo pgazd wil Jow o,Sles (5,505l

WP Gl glaojl yo bl sla S5 :(0-Jgu)

ol ouy Gl Giloj o3k QT W SHe

(Table-5): Show the selected features at 6, 12, 18, and 24

-hour intervals. Marks * indicates that the feature

is selected at that interval.
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(Table-7): Show results Comparison the linguistic, user, and structure features using the XGBoost classifier. Includes F1-score,
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precision and recall of the proposed method in comparison
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