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Recognizing request and non-request messages in social
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Abstract

The aim of the request recognition task in social networks is to understand the intent behind the posts,
comments, or messages shared by users. Many businesses are actively present on various social
networks, making it crucial to identify user needs for marketers in this space to foster the growth of
online businesses and e-commerce. Detecting request messages automatically and filtering them is
essential. However, social network messages often contain slang and numerous spelling errors, posing
challenges for research in this domain. While extensive research has been conducted in English, studies
on this task in Persian are limited. Telegram stands out as the most popular social network in Iran, with
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a large Persian-speaking user base. This study utilized a standard labeled Persian dataset from
Telegram for training and testing purposes, comprising 85741 messages from the platform, evenly split
between request and non-request categories. To tackle the significant challenges posed by sarcastic
messages and spelling mistakes on social media platforms, we devised a multi-step hybrid strategy.

The initial step involves preprocessing. Social media data typically consists of unstructured and slang-
ridden user messages, necessitating preprocessing to enhance Persian text processing and reduce slang
usage. The pre-processing phase is crucial when dealing with social media platforms. Because Telegram
is unique compared to other platforms the data cleaning process varies. This study's accomplishment
includes developing a unique dataset and filtering out noise from Telegram enhancing improvement in
the pre-processing phase. Also, this involves normalizing different word forms, such as *"beautiful'* and
"beauty," to maintain the integrity of word meanings.

The subsequent step focuses on feature extraction. Various approaches to feature extraction come with
their own set of advantages and drawbacks. Hence, we employed hybrid feature extraction methods to
address this complexity. While Tf-1df methods assess word importance without considering meaning,
FastText retains semantic similarity. By combining the bag of words and FastText methods, our
research aims to enhance accuracy. The final step involves classification, where deep learning networks
are utilized to evaluate these features.

Experimental findings indicate that our final model achieves precision, recall, and f-score rates of nearly
90%, representing a 5% improvement on average compared to previous methodologies.

Keywords: e-commerce, request detection, social networks, messaging, deep-learning based method.
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(Figure-2): The framework of the proposed model
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(Figure-4): Architecture of the first proposed model
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(Table-4): Examining different kernel values in support
vector machine algorithm

A B R F1
Linear Support
Vector 0.8767 | 0.8769 | 0.8768 | 0.8767
Classification
Sigmoid

Support Vector | 0.7839 | 0.7839 | 0.7838 | 0.7838
Classification
Nu-Support
Vector 0.8609 | 0.8612 | 0.8611 | 0.8609
Classification

soalpha yely)ly calizko polie (omwyy :(B-J9u)

el ps 598
(Table-5): Examining different values of alpha parameter
in Newby's algorithm
A P R F1
alpha=0 0.7601 | 0.7611 | 0.7606 | 0.7601
alpha=0.2 | 0.7677 | 0.7679 | 0.7678 | 0.7677
alpha=0.4 | 0.7577 | 0.7580 | 0.7579 | 0.7577
alpha=0.6 | 0.7622 | 0.7625 | 0.7622 | 0.7621
alpha=0.8 | 0.7598 | 0.7600 | 0.7598 | 0.7597
alpha=1 0.7610 | 0.7612 | 0.7611 | 0.7610
alpha=2 0.7587 | 0.7590 | 0.7588 | 0.7586
alpha=4 0.7564 | 0.7567 | 0.7566 | 0.7564
alpha=6 0.7546 | 0.7550 | 0.7549 | 0.7546
alpha=8 0.7666 | 0.7667 | 0.7666 | 0.7665

Hobai S (g 59 bl ybre (o (F- J9u)
(Table-6): Examining evaluation criteria in
random forest method
A P R F1
Random | 0.8505 | 0.8539 | 0.8515 | 0.8503
Forest
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(Table-7): Examining several different architectures for
the first model
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embedding 7 _input | input: | [(None, 20)]
InputLayer output: | [(None, 20)]

embedding 7 | input: (None, 20)
Embedding | output: | (None, 20, 40)

Istm_7 | input: | (None, 20, 40)
LSTM | output: | (None, 300)

dense_13 | input: | (None, 300)
Dense output: | (None, 1)
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embedding_10_input | input: [(None, 20)]
InputLayer output: | [(None, 20)]

!

embedding_10 input: (None, 20)
Embedding output: | (None, 20, 40)

I

Istm_10 | input: (None, 20, 40)
LSTM | outpur: (None, 300)

:

dense_17 | input: (None, 300)
Dense output: | (None, 300)

!

dense_18 | input: | (None, 300)
Dense output: (None, 1)
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(Figure-7): Two other architectures evaluated with the first model (the first architecture on the right, the second
architecture on the left)

embedding_3_input | input: | [(None, 300)]
InputLayer output: | [(None, 300)]

embedding 3 | input: (Nene, 300)
Embedding | output: | (None, 300, 40)

convld_3 | input: | (None, 300, 40)
ConvliD | output: | (None, 297, 1)

global_max_poolingld 3 | input: | (None, 297, 1)
GlobalMaxPoclinglD | output: (Mone, 1)

¥
batch_normalization_3 | input: | (None, 1)

BatchNormalization | output: | (None, 1)

|

dense_1 | input: | (None, 1)
Dense | output: | (None, 1)

Y 2l ) 5 bl VFeY JLle

embedding_6_input | input: | [(None, 300)]
InputLayer output: | [(None, 300)]

embedding 6 | input: (None, 300)
Embedding | output: | (None, 300, 40)

convld_6 | input: | (None, 300, 40)
ConvlD | output: | (None, 297, 40)

global_max_poolingld_5 | input: | (None, 297, 40)
GlobalMaxPoclinglD | output: (None, 40)

batch_normalization 6 | input: | (None, 40)
BatchNormalization | output: | (None, 40)

dense 5 | input: | (None, 40)
Dense | output: | (None, 20)

dense 6 | input: | (None, 20)
Dense | output: | (Nene, 1)
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(Figure-8): Two other architectures evaluated with the first model (the first architecture on the right, the second
architecture on the left)
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(Table-10): Comparison of the proposed method with other

methods
A P R F1
Our Model cALE. <A cA.. W
Simple N AIF | A | A
RNN [3] LR LR LR
by Relu[3] | 30 3l oS
LST™M 0w 0w 0w
o o o
LSTM [3] - AY 2 ) )
03 03 0355
Markov [2] A - AsF - AFY -.AOY
Kang [2] - FAY - AFY - AV - XYF

e aw o eoleiny ) (V1) IS8 L Gllae
o> 5l 1) polas o YL f-score 4 recall precision

Ll las
100
—_
—
80
= Model
60 — Markov
= Eimple RMN
= |5TM by Relu
0 — IsTH
= Kang
0
0
Accuracy Pracision Recall F-measure

Oy 5o 9y b (g0lodudion (5095 dunn o 1(Ve— JSC)
(Figure-10): Comparison of the proposed method with
previous methods
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(Table-8): Examining several different architectures with the
second model
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(Table-9): Evaluation of classification algorithms with the
proposed model

A P R F1
SVM 0.8767 0.8769 0.8768 | 0.8767
Naive 0.7677 0.7679 0.7678 | 0.7677
Bayes
Random 0.8505 0.8539 0.8515 | 0.8503
Forest
Our Model 0.9060 0.9061 0.9060 | 0.9060
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(Figure-9): Comparison of the proposed method with
methods based on machine learning

6L‘°“S-.~‘i’ SS9y » 0)9> Qi‘ 9O (8099 SYle
A 595 U Casloads i ow)B by a4 el
piiie o g cpl jo cadoslaiul sleesls (59, » allie
Joe byl slbas (Vo) Jos jo caslond
ewloas ooly lias alndS gla,lS 4 cand (ol

Y 2l ) 5Ll VFeF JLle


http://jsdp.rcisp.ac.ir/article-1-1425-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-06-26 ]

O 5 SB3,539) b eleinl (GlBASub ) iuwlgd )3 jut 9 iuwlgd )S Sl oS

with Applications, vol. 42, no. 3, pp. 1314-
24, 2015,

[6] M. Yang, B. Jiang, Y. Wang, T. Hao, Y. Liu,
“News text mining-based business sentiment
analysis and its significance in economy”,
Frontiers in Psychology, vol. 13, pp. 1-7 ,
2022,

[7] H. Hassani, C. Beneki, S. Unger, MT. Mazinani,
“Text mining in big data analytics”, Big Data
and Cognitive Computing, vol. 4, no. 1, 2020.

[8] A. Gasparetto, M. Marcuzzo, A. Zangari, A.
Albarelli, “A survey on text classification
algorithms: From text to predictions”,
Information, vol. 13, no. 2, pp. 83, 2023.

[9] F. Greco, A. Polli, “Emotional Text Mining:
Customer profiling in brand management”,
International Journal of Information
Management , vol. 51, pp. 101934, 2020.

[10]  A. Akundi, B. Tseng, J. Wu, E. Smith,
“Text mining to understand the influence of
social media applications on smartphone
supply chain”, Procedia Computer Science,
vol. 140, pp. 87-94, 2018.

[11] W. He, S. Zha, L. Li, “Social media
competitive analysis and text mining: A case
study in the pizza industry”, International
journal of information management, vol. 33,
no. 3, pp. 464-72, 2013.

[12] W. Souma, I. Vodenska, H. Aoyama,
“Enhanced news sentiment analysis using
deep learning methods”, Journal of
Computational Social Science, vol. 2, no. 1,
pp. 33-46, 2019.

[13] S. Mohan, S. Mullapudi, S. Sammeta,
“Stock price prediction using news sentiment
analysis”, In2019 IEEE fifth international
conference on big data computing service and
applications (BigDataService), pp. 205-208,
2019.

[14] S. Negash, “Business intelligence”,
Communications of the association for
information systems, vol. 13, no. 15, pp. 177-
195, 2004.

[15] H. Chen, RHL. Chiang, VC. Storey,
“Business intelligence and analytics: From
big data to big impact”, MIS quarterly, vol. ,
no. 1, pp. 1165-1188, 2012.

[16] J. Park, V. Barash, C. Fink, M. Cha,
“Emoticon style: Interpreting differences in
emoticons across cultures”, In Proceedings
of the international AAAI conference on web
and social media, vol. 7, no. 1, pp. 466-475,
2013.

[17] K. Spirovski, E. Stevanoska, A. Kulakov,
“Comparison of different model’s performances
in task of document classification”, In
Proceedings of the 8th International Conference
on Web Intelligence, Mining and Semantics,
Novi Sad, Serbia, pp. 1-12, 2018.

[18] KS. Kyaw, P. Tepsongkroh, C.
Thongkamkaew,  “Business  Intelligent
Framework Using Sentiment Analysis for
Smart Digital Marketing in the E-Commerce
Era”, Asia Social, vol. 16, no. 3, pp.
€252965-252965, 2023.

[19] D. Yan, K. Li, S. Gu, L. Yang,
“Network-based bag-of-words model for text
classification”, IEEE Access, vol. 8, pp.
82641-82652, 2020.

[20] WA. Qader, MM. Ameen, “An
overview of bag of words; importance,

Y 2l ) 5 bl VFeY JLle

oo piie Alae g0 40 Vgzge laeols 5 ol LS

slagty; & Al o Ao )3 um 1ol ool
Sy a5 Ll ol I8 C8s ven o ore il

ol Gl 5 sloix] Glaasis slaosls 55, » yol>
osly o3l Jaas > 0 eolprinn Jaw ol pls wg
2O EES o (e 4 0S ablis 35 Wl ol b b
O3yl Al 9925 b laojlaancS » s sla s,
G (om0 gyl el ol leely o Laoly
g i A pe 1o ol Sl S sla b,
9 tf-|df MLQ LAo)|54M.5 » ‘S.u_m duws) )l QS""S)"
FastText 9T cd.mé.:)y @Lw)l; P e 6[.&)&2’:3)
L§l‘°°‘>‘° SS9y 2 GQLQ'“‘"‘" J.)..a Q)SJ-Q-: 9 &l eolawl
s b awlie i )5 L claix! slaass
A S golpaidin Joe JYL Cmo g Cds sl

O3y LSL“)U

6-References &= -8

Sandy Al (VYY) (Dl ez )l 25 [V]
https://www.irna.ir/news/ . clas!  oloasis

[1] https://www.irna.ir/news/ (2021)
Sloply i floll o (Sl gy o S T[]
Condg Ghall ol e ol Glayely 0 Cudlgs o
A TS agd KBS o (e Jae o b
MY a5 G pole o 528 sl gz
[2] A. peyk, M. Zare Chahooki, ‘“Detection of
request messages in Telegram messenger based
on the effectiveness of reducing situations in the
hidden Markov model”, Second International
Conference on Applied Research in Electrical
and Computer Science, 2019.
5 o5 ohl colsd e (olols, (s g [Y]
Gaes 650l SlSaSs SLS L b cunlgs 0 aseis
20 ol Slii (o SuiS o )lgz el S 50
[3] A. Mohammadi, M. Rezaee, “Determining
the polarity of users' opinions and
recognizing requests with the help of deep
learning techniques in Telegram”, Fourth
National Conference on Applied Research in
Electrical Engineering, Mechanics,
Computer and Information Technology,
2019.
3 JEe 9y ‘oo‘)'u;ﬁ.}' z sé.»l) ] “5'.1&1).»9 £ osSbs e [f']
“oobs jlee leslanl b GlalS Jbads, cex ol

YR hiadpd (5l ol (g puslpes Ll pliS a3l

[4] M. Dianati, M. Sadredini, “A language-
independent method for rooting words using
similarity criteria”, 11th Iranian Conference
on Intelligent Systems, 2013.

[5]1 S. Moro, P. Cortez, P. Rita, “Business
intelligence in banking: A literature analysis
from 2002 to 2013 using text mining and
latent Dirichlet allocation”, Expert Systems


https://www.irna.ir/news/
http://jsdp.rcisp.ac.ir/article-1-1425-fa.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-06-26 ]

implementation, applications, and
challenges”, In2019 international
engineering conference (IEC) , pp. 200-204,
2019.

[21] C. Niu, W. Zhang, S. Byna, Y. Chen,

“Kv2vec: A Distributed Representation
Method for Key-value Pairs from Metadata
Attributes”, |IEEE High Performance
Extreme Computing Conference (HPEC),
pp. 1-7, 2022.

[22] J. Cai, J. Luo, S. Wang, S. Yang,

“Feature selection in machine learning: A
new perspective”, Neurocomputing, vol.
300, pp. 70-79, 2023.

[23] DH. Hubel, TN. Wiesel, ‘“Receptive

fields, binocular interaction and functional
architecture in the cat’s visual cortex”, The
Journal of physiology, vol. 160, no. 1, pp.
106-154, 1962.

[24]  A. Joulin, E. Grave, P. Bojanowski, M.

Douze, “Fasttext. zip: Compressing text
classification models”, arXiv preprint, 2016.

[25] P. Bojanowski, E. Grave, A. Joulin,

“Enriching word vectors with subword
information”, Transactions of the association for
computational linguistics, vol. 5, pp. 135-146,
2017.

[26] JL. Elman, “Finding structure in time”,

Cognitive Science, vol. 14, no. 2, pp. 179-211,
1990.

[27]  S. Hochreiter, J. Schmidhuber, “Long

short-term memory”, Neural computation,
vol. 9, no. 8, pp. 1735-1780, 1997.

Gl (Sl oy
5 By e saSils IS
30 Olprel sas oKisls enls
PREESTST U PRSI R o)
al | owliss IS alaie &5 g0l iils
el 03 o&ails 5l ats, Hlea o

Sedddle ol by ol cieeh 3ie> A (s

SO ORI FWEN S

p.moradbeiki@ec.iut.ac.ir

093 (b2 Gmar Lo pple
e RS 0 AVl e
5 oleio! olEils 3 ledlbl (g ,5lid
o5 1y 155 5 sl IS e
30 Gl oRals 5l axs, Gles o
o, bl 4 95 5 AT sla L

g buSiily sele Cid Cugac 4 35 VYAV Lo
Jo 5l el lebol oo oKiils SawlS 5 3y
oliiils wledlbl (555ld 35 00 udy 5 3STG VF)

el ol mio
Sl el &l il LU, e

Basiri@iut.ac.ir

Y 2l ) 5Ll VFeF JLle


mailto:p.moradbeiki@ec.iut.ac.ir
mailto:Basiri@iut.ac.ir
http://jsdp.rcisp.ac.ir/article-1-1425-fa.html
http://www.tcpdf.org

