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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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NI V1 IR QG [P WA It PN AP ON L O W W

) R8 05 5 (aee Cansd) RT 05 (o Jb (135

el 0als ools Las (F) UKo (o a5 e len 000 o

eyl A peiis Hobdy Cougl ) ‘C‘“‘L‘ IESSANR

ol Sl ez @wnld wpe sloSis 5l S

3 oglae walizes Sloy sloosl jo Olals jLacsl .ol
S 39 Soeel 4 axg L [27,39,40] coul Dl 8
&b o5 om sladl s Jlie gl <350 0 (S
sl Gloj Aol ool (ol gte g 0 5 g 3
353 ()T IS )3 05d os e (4835 o ) /dj

fFA ol Vo, Ve JLlu


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

Ol @ aS canl 6,15 & oosmagul 55 b Sl ]
Lo e G Sl SIS (@) VS8 was oo by
i peblen ms e ol | (@Y USE aalSe a
a5 wied 09 shls GLS cnl ol s oo onalive
ol ) Raee b olp)ls (bl gy sl
B 4 i joba )5y IS cpl e e e
2 Can ggameye ol ALl e Cuuy
L) il g 6 b 5l csllSe 5o oazsies
25 ote 5 ol ddle GILS sl aSas Ladyle
o] il glo g (1) Jsi ol o ools i

A oo lid 1y ol s Gls

olesls C"""L' )ilo L5L°w5’ 4l dw g QSL“" o
oo b aS el Ul e 0 slee 5 oo Sy

el 25 T 4
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

b 559 olod Lbo.i Awlxo 092 g b S g Olxsgs SIS g
(Gl &350 o )5 olaws) 4ol slacsss slass
Num_node_tree Z
Num_node_tree = Z node;
i=0
Source_tweet_indegree (s Camgs (599,55 42 ,3) D oo Frwly anin Caongd & Lowiinns o5 Sewly slacey g sl
Source_tweet_indegree = indegree(root)
Len_path_leaf_root_tree ol e S 9 Gl 350 S G s (23S
Len_ path_leaf root_tree = max(Len_ path_leaf root(root, leaf;))
(o5 (55,9 42 Lossie) allSe Con o 42 fouly Lasie
Ave_indegree_tweet 3 ’f_o indegree(node; )
Ave_indegree_tweet = —= -
(LS 5 slaw) Fwly o 4l slocesss
Num_leaf _tree Z
Num_leaf tree = Z indegree(node;) =0 ) i
i=0 C‘“"“ )0

(J&2) SIS lasad o o515

Density_tree . per ed
- Density_tree= [rumber edge|

|number node|(lnumber node|—1)

(2353 U9 bawgin 9 o it
Z:;O weight(edge; )
n
gl o3 y0 sl b slows

Max,Min,Ave_weigh_tree

Ave_weigh_tree =

m

Num_edge_tree = Z edge;

i=0

Num_edge_tree

(6,5 slass) aalsle 1 00 1o o)l olows

n

Num_node_user = Z node;

i=0

Num_node_user

A 2l Vo kel 1Fer Lo



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

[ Downloaded from jsdp.rcisp.ac.ir on 2026-01-02 ]

[ DOI: 10.52547/jsdp.18.3.45 ]

Num_edge_user

ol @S b slass
m
Num_edge_user = Z edge;

i=0

Source_user_indegree

(prie S g )5 (6999 4> 0) ol ain Cangy 1,5 4 oniogewly o), slass
Source_user_indegree = indegree(root)

Source_user_outdegree

(fo Congs )5 (gy5 a2 y0) 4o ;o 0uiiS S 1l (b )5 L e Cangh 2,5 Jals
Source_user_outdegree = outdegree(root)

Diameter

(B3) )5 93 Ll oS pme 0 5 SVl
Diameter = max;;(shortest_path_length(i, j))

Ave_user_ indegree or
Ave_user_ outdegree

(2955 9 99,9 42,0 (pSbee) ,K0aSe b )y, 8 Joles Javsgie

Zr.l_o outdegree(node; )
Ave_user_ outdegree = —=

n
" indegree(node; )

i=0

Ave_user_indegree =
n

Num_leaf _user

(S5 5 olawd) sl 0ts 00l grasly by T slacag g 4 a5 Sl I8
Num_leaf user = Z indegree(node;) = 0

i=0

pattern_chain2,3,4,5

b ply gie Cong )5 L oatiSES 10 )5 s Jolo o5 )8 SIS 0 SIS 5 slass
(923 o0 i ) aodlSa ;3 008 o815 5 (sl amiy LL3 ) .ol & 5 F¥Y
K=2,3,4,5

8,5
ol

pattern_chain = Len_ path(root, node;) = k

max_user_ indegree or
max_user_ outdegree

Ol BLS 33 (9,5 9 (639,54 )0 Gy
max_user_outdegree = max(outdegree(node;))
max_user_indegree = max(indegree(nodei)) i=1,2,..n

Ave_weight_user

ol 59 damgie) Olp)lS (bl slacen s slas Lawgia
ZLO weight(edge; )

Ave_weigh_user =
n

Min,Max_weight_user

b 039 S g e
min_weigh_user = min (weight(edge;) )
max_weigh_user = max (weight(edge;) )

Len_ path_leaf root _user

ol gie Cngi )5 9 S p G e (0 S Yoo
Len_ path_leaf root_user = max(Len_path_leaf root(root, leaf;))

Lyl Blaal g bislel aods (F- Jguz)

(Table 3): Summary of experiments and their goals
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(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,
precision, recall rumor and non-rumors classes and also shows the weighted average of F1-score and AUC .
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(Table-8): Show the results weighted average of F1-score,
precision and recall of the proposed method in comparison
with the basic methods.
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