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Abstract

The potential of social networks to extract valuable insights into user behavior has become a focal point
of research. With the proliferation of social media platforms, people are increasingly sharing their
experiences online. This wealth of user-generated data provides unique opportunities to understand
movement patterns and predict future behavior. Location-based social networks like Foursquare
exemplify this, allowing users to check in at various locations and enabling researchers to analyze these
data points.By analyzing the data collected from these platforms, we can uncover patterns in user
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behavior, such as frequently visited locations and the factors influencing these choices. This information
can be invaluable for businesses and urban planners.To improve the accuracy of predicting a user’s next
location, this study focuses on identifying the most influential friends or individuals in a user's social
network. Factors such as the strength of these relationships, historical visit data, and temporal-spatial
characteristics are considered. Additionally, the study emphasizes the importance of data quality,
focusing on locations that have been visited more than 100 times to ensure reliability.

A key aspect of this research is understanding the influence of social connections on individual behavior.
By analyzing the overlap in visited locations between friends, the study aims to identify the most
influential friends for each user. These influential friends are then used to predict the user's next
location.

The proposed method employs machine learning techniques, specifically RandomForest and recurrent
neural networks (LSTM, RNN, and GRU), to predict user behavior. RandomForest is used to analyze
the data and identify the most significant features, while recurrent neural networks are employed to
model the sequential nature of user behavior. Among these, LSTM achieved the highest accuracy of
71% in predicting users' next locations.This research demonstrates that combining artificial intelligence
with spatial-temporal data can provide profound insights into human behavior in urban and digital
environments. By understanding these patterns, businesses can tailor their offerings to individual
customers, and urban planners can design more efficient and user-friendly cities.

Keywords: Location-based social networks, recommender systems, spatial data mining.
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(Figure-1): Social communication in the location-based network
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(Table-3): Evaluation of single-user recurrent neural network

R emas ALl b
A LSTM
+.04 RNN
SN GRU

S sloodld (B3l (sl ohg Hoboas laaSd ()l

shils osls aSyl 4y ax g5 b yioran tailoads ()b
i8Sl mac a5l Gles oo el ley (6w
ol e liwgs sl wub laml 0,8 colanul
G Joeo Bl sl )5 50 8, B s alulis
S5 St piklaegs 8, g 5l sl sl
V< AY ‘5‘).3 %) Jj..\? d,..lo §f5 0o J.cl...u oals olf;la

] ﬁ)lS
LSTM MODEL accuracy
06 1 - s itk
o5
=
E o4
3
B
o3
oz

accuracy Istm

T T T T T T
o 200 400 B0 800 1000
Epoch

(Chart-1): Accuracy of single user LSTM network

Y o2 F ol 1Py Jl


http://dx.doi.org/10.61186/jsdp.21.4.85
http://jsdp.rcisp.ac.ir/article-1-1365-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-06-09 ]

[ DOI: 10.61186/jsdp.21.4.85]

B2oc 505 3y Siiae Lao gyl (selainl SladSub ) (Sl5o 8345 duogs

FLW )l Jol> CuLu Lewloalls solazwl softmax é—'b )‘
<l Accuracy Jols (0) Jloge 3 RNN 550

RMNN MODEL accuracy

0.475 1

0450

0425 4

0.400

accuracy

0375

0.350

0325

0300 4

0275

accuracy RMN

o 200 400 600 800 1000
Epoch

RNN &Col <do (8- 510 403)
(Chart-5): Accuracy of RNN network

GRUN (oSl oas 852 J) 55 31 oo o
s b ols g aSid ol Caslosds ooliul
emas A alin ool a> b g <l RNN oS5l
g5 GRU il %o ojlea «wllSTM
5 RNN oSl e 805 ) ey
Ol 5o el 3le i Bolvdc gasme .ewl LSTM a0l
ool g sl LSTM &Sl bolddsgommo duilen aSills
5 optimizer=adam Jelu &b 5 a5 &Y ¢ 5l 4
softmax ~U ;I =9, &Y ,0 4 epochs=1000
GRU w8l & 3l Jols mls caslonds solazul
el Accuracy Jols (7) Hloges 3ubo

‘GRU MODEL accuracy

aCcuracy
a
T
W

accuracy GRU
o 200 400 €00 a00 1000
Epoch

GRU a0l cdo:(P— ylogod)
(Chart-6): Accuracy of GRU network

G5l laph sl 05 6y, » Al G

3 LSTM . RNN . Random Forest ale> ;| ¢ yils
D Sy Sy sl swmoin slr GRU
plo 4 cawd LSTM 5l oolatwl bl (puzmen
STy 535 0 ol s wile ey )5S
S50 Jlaie glaosls o pae o o) cidu Sl g Dol
OS5 S Sl p ogas (nl j3 9 285 18 e
p @S G Shy b g Sy sbeesls A
58,5 > i 150 1035 o ST s iy 0 S

1 Gated Recurrent Unit

Y e F ol 1Py Jl

SSmpd Jgu (8- Jgaz)

(Table-5): Correlation table

100
.0084

0093 )0 075

0012
050

025

TWSCR 0022 0.0063 6 E 000
28 0021 00081

o0

00088 0077

¥ 00085 0091

IGE 00084 0093 g Sl s | 5 ) 075

LT 0.0085 0.09

slagle dzu)b o (b (Stwpa Jooax 50

LSS g oe sl p)l5 e glabimd wosl b sl
522 b )l e oot nleS bl (8ls e
a0 olgee bl )| ol A el HL8lss> ol
s A8 a4 Jleyl glp powle solacgaze S
Jolss (gloslosacgomme cplply w5 oolaiul a8l
5 @l Jsb aldlir o )l sl S
sbml (hed sl ol 5 wsil el dxsu b
Sladas L LSTM eae 408 5l e 9095 o0
qelu ol (e &Y mu Jols el ol
5 =9 &Y ;o 9 epochs=1000 5 optimizer=adam
Sl 5l Jols bl oed o eoslatul softmax U
<l Accuracy Jols (F) Jloge 3ub LSTM 530

LSTM MODEL accuracy

accuracy Istm
T

) 200 400 500 8O0 1000
Epoch

LSTM asiuis <do :(F- loged)
(Chart-4): Accuracy of LSTM network

RNN i85l (omae 8500 51 gom Aoy )0

sleosls giluJon lp aSils ol caslonds oolazuwl
ol yo all ! ol gl o solaul o Jlss
solddcgarme LGl SawolisS  sladlos gleesls
A bolodc gasre diiles aSLE cpl jo ool h3lo s o
relu xb o 2w &Y SO 5l asas ol )0 el LSTM

=9~ &Y 0 5 epochs=1000 , optimizer=adam .


http://dx.doi.org/10.61186/jsdp.21.4.85
http://jsdp.rcisp.ac.ir/article-1-1365-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-06-09 ]

[ DOI: 10.61186/jsdp.21.4.85]

a5 Cewl LSTM Groe sloaSiiss 4y bgs e Accuracy

Ll Gam e (gimiton Sy VY 280 L (g o

Ltz )98l (2 3, (F-Jgu)
(Table-6): Evaluation of algorithms
R p.u)jﬂ‘ ‘aU
< AY Random Forest
AA LSTM
EA 4 RNN
+.04 GRU

Gy olar Ko o,sSl 5l eolanwl cplpls

ezl el o )5 Sl slaesls gassains
2 3836 S sl 95 Jgo 2 ol satat
Do 8 ) i S @l B 2,
i (OB LS 5o ey (Sl eslitul (izeen
la)l5" (nimee Sl crlple taiduoe o 1, )15 18,
g Oeile S0l slapin oSl 5l dilaiadge Solatul
on oo drogi 5 (Sitn Sln Geee 6x50L
Opoh nl o a8 cul cleial slaasil jo ol
s soles Sbjyl 4 azg b1 el 48§ plxl
oLdl wuosl G 51 (g yinn (sosls e o Slgiiey
cails azgr ol b wob aS lauss Lol wed ais )5 o
Slooldacgazme @ 5Li a5 cusl )5 2 3 ol
o sl e g5 b Sl Ty o oo
Ol & azsi b osd o ol o g (Kb ioole
b oads odpzmiw (o e 4y )5 8dle (e ¢ Sig
A Bl cussay )5 18, 5l 65580 e
aS ol ).:)lf Ja.wy 03 An))l.: 6&0&4 uoya?- B
S ol e a5 ol oS il cpl saiaslas
o2 4 ooy obdlas sl wsls,S Wil ey
5 e 8 Ll o Cdbje olg s a5 ais
Ol s &5 C8 5wl gl 0 £5050 (0l

oo Suop a5 asS ol ol 5l aassls bles

RO LN IR IO

6-References & o F

[11 Zheng, Yu, and Xiaofang Zhou.”Computing
with Spatial Trajectories”. Springer Science
& Business Media, 2011.

[2] Rahimi, Seyyed Mohammadreza, and Xin
Wang. "Location Recommendation Based on

3 el e Jlen (St wmlB 50 Sles sla S
w03l ol bl i 6l [N alis sla oo,
sloools (59, eloizl cloaSlls 13 oI5 (6l som
Alae ol jo cds g cewload plxil awslie Foursquare
Joo ol Ivv] Al o cleas, OVAY 4
ool e caloas ool slpriny Bl) 6l s
ooldasgerme I Cwond S (g, LS el L dlie
By do,0 OF cdo 4 culatuly wad 35 seke
e deog g, Koo VY] W o imen
S Sasaily 5 SaeclisS Sl (e Skl
p ey Ve 4 Kooy cds wawloads slpainy gl -
Zewlode] Cwsas FOUrsquare solsas geze (53,

5 oetle 6x53h slagty, S8 Lo soleiiny By,
G e Gugin lp ) GETiL oae slaan
@b SbB jlas (g ol jlols 13 (g 090 Gl)
bl 2 Gl o e QL 38 st
S 0es oo solatul el jlo e 5 oadpss slagSl
5 FES @l pojlcwsyy ¢l Olge bds, o
L.28,5 S8 )5 oo e (i 5o S8
9 Oeile 650k (slagy, Sl edliiul (Jalge (pl 4 4z
ol > @lediday ) Dlpieds (STl orae (sloasid
ey o0 S 4 plags dllis

& 5 4 =0
GBS St e e potde 99 ol b, o
A azgs 9y50 wusil gum e Sl o )5 S,
o ln Qlss (nye QB g Tl )3 288
Sy 2N 55 2 86 et 1pj b el p)lS
Sysl i a5 aies 0l 3l sl 16 Sl
SO G 13105 o0 ST )8 55, 25 Wb
Ol ilonds auo3l Al e ol s A Wigd ge ol
O Cawlodeliawsds a5 ull 4 axg b Jele g0
3 3l 5 a6 bl s i 0 2l
ool 5l allie cpl o sanobsl slaps oSl ol
Mo (61 Wilgh oo a5 0 ool Bolay sl IS
090 ooltl (pdle (65:50k 50 gaes )T, 9 (sanaib
20,0 AT pl (B) Jgoz b awlcwwsa, a5 Accuracy
SOy el AT cwl ol baeslas aST cl
ol gan lag e (i sl by G el
STl SleSt a3 5 sl wagly iS85

i wload a8 S Say allie ol e 4 g‘f’

Y o2 F ol 1Py Jl


http://dx.doi.org/10.61186/jsdp.21.4.85
http://jsdp.rcisp.ac.ir/article-1-1365-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-06-09 ]

[ DOI: 10.61186/jsdp.21.4.85]

B2oL (S )53y iiro Luoylo (seloial Sl S (Sl 634iS dwogs

i

Neural Networks." Advances in neural
information processing systems 26 ,2013

[16] A. Graves, "Supervised sequence labelling,"
in  Supervised Sequence Labelling with
Recurrent Neural Networks:Springer, 2012

[17] Chung, Junyoung, Caglar  Gulcehre,
KyungHyun Cho, and Yoshua Bengio.
"Empirical Evaluation of Gated Recurrent
Neural Networks on Sequence Modeling."
arXiv preprint arXiv:1412.3555 ,2014

[18] Luceri, Luca, Torsten Braun, and Silvia
Giordano. "Analyzing and Inferring Human
Real-Life Behavior through Online Social
Networks with Social Influence Deep
Learning." Applied network science 4, no.
1,2019

[19] Abbasi, Omid Reza, and Ali Asghar
Alesheikh. "Exploring the Potential of
Location-Based Social Networks Data as
Proxy Variables in Collective Human
Mobility Prediction Models." Arabian Journal
of Geosciences 11,2018

[20] Liu, Yang, and An-bo Wu. "Poi
Recommendation Method Using Deep
Learning in Location-Based Social
Networks.” Wireless Communications and
Mobile Computing 2021, no. 1 ,2021

[21] Liao, Jianxin, Tongcun Liu, Meilian Liu,
Jingyu Wang, Yulong Wang, and Haifeng
Sun. "Multi-Context Integrated Deep Neural
Network  Model for Next Location
Prediction." IEEE access 6 ,2018

[22] Kanzawa, Yuta, Toyotaro Suzumura, Hiroki

Kanezashi, Jiawei Yong, and Shintaro
Fukushima. "Multimodal Point-of-Interest
Recommendation." arxiv preprint

arXiv:2410.03265 ,2024

[23] Wan, Jun, Cheng Chi, Haoyuan Yu, Yang Liu,
Xiangrui Xu, Hongmei Lyu, and Wei Wang.
"Fed-Attgru  Privacy-Preserving Federated
Interest Recommendation.”" Paper presented
at the Proceedings of the ACM Turing Award
Celebration Conference-China ,2024

2 sl bl se (LSS oep >, S [¥]
g e hldn & S lie S il Saogi slapi

YeVY deools
[25] Anaraki, Riahi "Evolutionary Method for
Improving Algorithm Selection in
Collaborative Filtering Recommender

Systems", Signal and Data | Processing,Y- vy

3 ezl ey wls glesl on 6 dgeme [Y7]
gs';ﬁ"’)l"” (8 9T gv-:-.‘.)ﬁl 3 ool b 6.cLoa.>| sleasiis
YoVY dosls g oo (yio3ls 5 KainnS

[27] Mahmoud De Pierre, Ehsan Bayat, "Detecting
Associations in  Social Networks Using
Discrete Harmony Search Algorithm", Signal
and Data | Processing, Y- Y

[28] 26- Shukla, Pushpak, and Shailendra Shukla.

"Exploring the Potential of Deep Regression

Model for Next-Location Prediction."

Knowledge and Information Systems, 1-32,

2024

Y 2ba F ol 1Py Lo

Periodicity of Human Activities and Location
Categories." Paper presented at the Advances
in Knowledge Discovery and Data Mining:
17th Pacific-Asia Conference, PAKDD 2013,
Gold Coast, Australia, April 14-17, 2013,
Proceedings, Part 11 17, 2013.

[3] Beeharee, Ashweeni, and Anthony Steed.
"Exploiting Real World Knowledge in
Ubiquitous Applications." Personal and
Ubiquitous Computing 11 , 2007.

[4] Simon, Rainer, and Peter Fréhlich. "A Mobile
Application Framework for the Geospatial
Web." Paper presented at the Proceedings of
the 16th international conference on World
Wide Web, 2007.

[5] Park, Moon-Hee, Jin-Hyuk Hong, and Sung-
Bae Cho. "Location-Based Recommendation
System Using Bayesian User’s Preference
Model in Mobile Devices." Paper presented
at the Ubiquitous Intelligence and Computing:
4th International Conference, UIC 2007,
Hong Kong, China, July 11-13, 2007.
Proceedings 4, 2007.

[6] AlZoman, Razan M, and Mohammed JF
Alenazi. "A Comparative Study of Traffic
Classification Techniques for Smart City
Networks." Sensors 21, no. 14,2021

[71 Jia, Yuanxin, Yong Ge, Feng Ling, Xian Guo,
Jianghao Wang, Le Wang, Yuehong Chen,
and Xiaodong Li. "Urban Land Use Mapping
by Combining Remote Sensing Imagery and
Mobile Phone Positioning Data." Remote
Sensing 10, no. 3 ,2018

[8] Arruda, Henrique F de, Alexandre Benatti,
César Henrique Comin, and Luciano da F
Costa. "Learning Deep Learning." Revista
Brasileira de Ensino de Fisica 44 ,2022

[91 Rumelhart, David E, Geoffrey E Hinton, and
Ronald J Williams. "Learning Representations
by Back-Propagating Errors." nature 323, no.
6088 ,1986

[10] Liu, Yeqi, Chuanyang Gong, Ling Yang, and
Yingyi Chen. "Dstp-Rnn: A Dual-Stage Two-
Phase Attention-Based Recurrent Neural
Network for Long-Term and Multivariate
Time Series Prediction." Expert Systems with
Applications 143 ,2020

[11] Liu, Pengfei, Xipeng Qiu, and Xuanjing
Huang. "Recurrent Neural Network for Text
Classification with Multi-Task Learning."
arXiv preprint arXiv:1605.05101 ,2016

[12] Hochreiter, S. "Long Short-Term Memory."
Neural Computation MIT-Press ,1997

[13] Chung, Junyoung, Caglar  Gulcehre,
KyungHyun Cho, and Yoshua Bengio.
"Empirical Evaluation of Gated Recurrent
Neural Networks on Sequence Modeling."
arXiv preprint arXiv:1412.3555 ,2014

[14] Sagheer, Alaa, and Mostafa Kotbh. "Time
Series Forecasting of Petroleum Production
Using Deep Lstm Recurrent Networks."
Neurocomputing 323 ,2019

[15] Hermans, Michiel, and Benjamin Schrauwen.
"Training and Analysing Deep Recurrent


http://dx.doi.org/10.61186/jsdp.21.4.85
http://jsdp.rcisp.ac.ir/article-1-1365-en.html

[ Downloaded from jsdp.rcisp.ac.ir on 2026-06-09 ]

[ DOI: 10.61186/jsdp.21.4.85]

[29] 26- Meena, Gaurav, Ajay Indian, Krishna
Kumar Mohbey, and Kunal Jangid. "Point of
Interest Recommendation System Using
Sentiment Analysis." Journal of Information
Science Theory and Practice 12, no. 2 ,2024

i gae (5Hlaé Lo, anes

5 9,8 a>lg olﬂ oBiils sole

Py AL, 5SS Shae slle

ol g9 3 ol 51153

) cale e il bl glas
hamidghaffariy53@yahoo.com

Lg).ife 65—7.‘*"."'3“5 jiwb KV 7
2 IBle s lS Sl dxs)
5 Al el 5 Sae glhle

OEReR (Fghae hep AL,

| )‘)B‘P)" 2\.:.»;) ) M)‘stl.».w)ls QS)u\A

) el )l lasl &bl slas
rastgoo.mhd@gmail.com

Y o2 F ol 1Py Jl


mailto:hamidghaffariy53@yahoo.com
mailto:rastgoo.mhd@gmail.com
http://dx.doi.org/10.61186/jsdp.21.4.85
http://jsdp.rcisp.ac.ir/article-1-1365-en.html
http://www.tcpdf.org

