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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 T{-Idf 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

L dasgly ) L > 3 el e o8 Ll

Slp oS ablie ply Hogailale 5 Dl slalale
o)l L (gl bojlsdncS 5 S5, 5l ailelus (g5lwosly
slabale b ablis 6l p oadaso aleish 9,5, 5 Laojly
S o Ol mesy 4 daldl [ oS al eslal O

02300 50

Sle>5L (precision) uie <ds (accuracy)

f-score 4 (recall)

[ ool gL oolal ]
v

[ g i ]
]

[ g et I
v

l 3l e gl ST J
|

[ wtlejs! ]

[ASY] sl o a8 :()- JS)
(Figure-1): Text-mining process

SlaaSed 595 » SR 8j> 0 by sla)ls

IR eon g SES oSS sl (slo!
B T s Jy 5 558 e (sl skt S
i D90y Ny Cupae  baply b g sl
Copde 30 VoA Lo o o ISen g (guigsT [A]asols I,
P IVINS g | dieden il Sy el 8y
VAW Jlo o hlen 5 (2 (Seomd sleix] &L
Glaale, bl eolaral o Jelie 4 SaS jglateas
Slrio o |y e gl (oS el Gl (slo]
oo 3 op) (PSR S3y 2 FmP 9 Seomd
2 e ¢ Kb [V ]ws 5 Jleel suoie YL (gl5i
Plas o alula! Jdoigas j20 0g5 dalllas ;0 Y- VY Lo
255 Dl 5 695 3 s 390 iS50 b1, (s
Uoge 50 50 |y gy (ol ool st o 2l
Ao o il plol Clulus! gondids g (oils s oy
5 g ol I3 e 1y ddlal glaosls yialS cunsd
ras SBaSed p (e (e Jelod Jae S pg0 dl> e
ol dlaz oo 5 1 iy sl oadls
Coasis 5,55g, YoV Jlo o ol Kas g Logus [Flasols
«590] &lp LSTM g RNN 3l ooliial b | Geos ooae
B YT bl 51 550y gmsl L3 5] slaosls
VY Jlo 5l ogs Jae wiion iolesl sl g YO
S8 YNl o K g lage [VV]wis S ool
G soosls 5l 50k jlade (5yglaaz L ploms (Smasin
G5k oo S gl eslil b ol Jdesigass 5 Slej
g S [IV]aols ogp g OYlas 050 10 Bees
clrodls (g5, (SaigySIl Sl diey 5 (IYAY) o Kan
ol 3 B8 e Jawe 3l ais SIS ol S5l e S

Y o2l ) oLl VFeF Jle


http://dx.doi.org/10.61186/jsdp.22.1.39
http://jsdp.rcisp.ac.ir/article-1-1425-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2025-11-12 ]

[ DOI: 10.61186/jsdp.22.1.39]

G5 S0 3,559) b eleinl SladdSuh )3 iunlgd )3 puf 9 awlgd ) (Sldyel s

&

s 40 Ll azsly g e 15 0l on (5505 550
Al aid § oaol 5

Gl SIS 5 ol 3l fem 15 ool B3lil @
3529 el ! oS cod oolaiul 09> jekaie by
SIS e bl o wole s 0l 8l aS o)l

Ry
Goz sgie 3 SIS (5 jlew oplSe
2 Oz )l (g6 L 0,5 SIS
loojer 3l a5 lolus! Llxsaios cou
Gl bply § SIS ol wadd o4y
S besilmee ()8 Jle sl e o
sl SIS 5 Mol Son e
Jbo 3 e 5 SL ragh b Gillae S
oo o LSISE ) solaiwl e VoY
plod Giogh oyl ;o ol dod 00l S o,
Ot 3l olyen (il g oS GlaSISs 5 lasles
5 boled 4I5Sl (gl a5 ol Bl ply
el 4S5l g 0psd oolel Jls S5 o lacSISe

A Bl
Gy pls Sl slaosly Bio madlsl Gy, i .Y
B e IS gaiie 5 0 5 Ly By il
DR & 1398 o (yie (6 5lwdad Cely g W)lAS i
ol lp 08 Bl laply (e 1 o] oo S
ol 5 Ly Sy Jols il Sanp K S

B B e ) gy ol 5 b ool

O ) BB ermb by (il o eelly Shady .
9 950 ol JS2) (caliee JSCal 4y wlg o 03y S
5 Wl LSy liae S s w05l all (e
83ly aw Jlo (sl ) Vo 5 2t ddy; )l
DS S e A, gl b S g laliS s
plo 5o aig plaal dle 9 (owj 2 Sl 9 S
@) baojly plos b el (55978l by st L
) Wogly al> e cnl jo 0iS had 055 A B3l
S ol 1) besly Aoy 5 pwyn e
Sy sz aie SOV L o ) Ken g 0ol &
S IFlRs S (Byme (o) by o Waelly (obads,
ol 3 el (st 5o laesly (obady slp Ghogh )
Jole 5 sled (F) JSo al colanl o S04,

D oo Gliad ) Giegh cpl ) (510 p i

o jlgduas’ 0 )50 9,- V¥

WojlancS” 29, e 2loiil Joe ) il (e
Slroslacgamme I aoslganss coln lp [Va]ewd

Y o) ol Ve JLe

o905 9 phigel gosls dws —)-Y
390 slaosls Cewlaosls  (giluwosle]l Al o st
I 5o aad it slaply Jold sy ool 53 eslicd
«Ban aSl @ ax g bl o)l by 4 6l X elois]
L lorls s ol alaz gl 3 Syt it
Sy90 (gloosly .5 ls 3g2g ool 4o oled duapw U g0 Jsbo
5o oddpiiie plo AOYFY Joli yiegh cpl o colasl
5o e leosls 3l glaiges .l pl S elozx) ASL

Cawloads ools Lz (V) Jgux

o g o095 ol Pl gosls 3l (gldiged :(- Jgur)
o] Cawlgs 30 pas g Cawlgs 4o

(Table-1): An example of the raw data of this research and
their request and non-request label
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(Figure-4): Architecture of the first proposed model
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(Figure-5): The architecture of the second proposed model
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(Table-4): Examining different kernel values in support
vector machine algorithm
A P 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
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gl pi 5o
(Table-5): Examining different values of alpha parameter
in Newby's algorithm
A P R Fl
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
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(Table-6): Examining evaluation criteria in
random forest method
A P R Fl1
Random | 0.8505 | 0.8539 | 0.8515 | 0.8503
Forest
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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)
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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
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(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
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