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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

gl Glp wiei a8 glnl SO lasdy O (gglSesls
yebar a5 Caslrosls 3l ogdll 5 ges Sledbl JSogs
Syge i) plo g (oole ()l Ay yo slovnli
D10 oage p Sp leoslracseze (o |y el oS
3 osls o Saaods 5 oo wagyes Jeld uils o
ke Sledbl JSoss zliul § @it saolSuys
oads gy ledlbl slo 5 oSl daasy, (gglSesls .l
3l osg el a5 s o lis |y Wools 51 candae pas o

D oo ool Galizes pyle 5 cwliilgn

sloizl laasl 5l ogh by sloirl slaass
Slatsee asle S5 sbaeells 5 Sloas T 0 a8 cul
YKl calonds ciy w5 Sl 6 NS e g Ll ae
1 Loy 5o seloiil (sloaSiots pogie [V Yo VY Jlu o
eslod S ol 2 Syge 4 S S

S o Sadlal pxe 4 Ll L lSe lail 48
AL s 39290 (ploizl glaaSid 4 S Condse
ol 5l it waz eloiz] il S olml jslite
w2 b (S5 slis po Sl 18, STl bl oS e
ASs o eadoll Glblsyl pl g oodle wilbly )l o
S8 Oloje 485 93 Sl el 2 e e lSe oloviz
Sgaze widly Ay palie Sl diag g wll IS
g )Ld, ()55 Sl Sledbl sl aSly wigd o
Gbls) sl 5 oas bladd byl alie glaedls
285 waly> IS el (nl p dpo

5 oolitl b aaly> 5 bl )l sla, sl Lasis
3 el oo S (Solen S5z glunr o)l
ool aSs sla ies el sl [YO] alie o)

! Data Mining
2 Zheng


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

[ Downloaded from jsdp.rcisp.ac.ir on 2026-04-29 ]

[ DOI: 10.61186/jsdp.21.4.85]

e & 02,55 ) enlons ooliiul 3,5 Copxde
Jloml g &l jheslanal by e oy o y0 )
deog lap] a4 oS Cadae CuS At 5 Gl
Fably 9 5l soleriy slaei, o8l (2Ll sl S o0
At 4y by o B3lsacgacne 5l (rizmen g Sl 9 280
A oolaiwl Gowalla cloz>|

@ Garoy Blls S oobml @lp cwls i,
(Y] allie ol yo calonss o ololib sl ool
ml gleizl Glp Sy sl p e ()
S skt oy Sl 5 jemeasluen la s,
Lol glagiy, boeadady slaslkiiny o
b Sapoy Blls S lp wogline Aol slalas
Silwosls o Casloas @l 5 il N slgin Bos
Ol peiins Calil anulre 5 ogdle o by, oyl
wd)F Sl 50 5 ol ead glitul liebl (s
AlS e o LSl 5l sz e SledLI b colons
Cagone Jlo 0 6 5 i Sleas b il
Caroz &S > slogSl g san] dolie o i oiiwn
Joe 5 [25] alie iies Sloss ol Sb> (sl
St $lp &S WS (oo Bl (orae A (e S
55 5l onliiul b canlond >l S waie Slatie
0dD gy (sools ¢ 2Blg sLis jo oS > bolsac gazo
S0 S5l Jawe opl .ol Foursquare ssloas gozee
Sabe Slaide Cogien lp LS5, 0550, (rae
3 1% S oo solitad il Jsb s o 5o lS
slaSozn 4 Ghegh il (o slacll
S FGeee S50 4 a8 3jl0 p o0 il &S > slagSl
S e S S

ly oS gl slas Sos; 5l (o lales! Jolos
o5 b slagd I & Sl Faroy s dauy
Slge 311,y paass glo iy 45 0S e esliiul sanl
gl 355k 5 Shl sl )l baug eadads
(5 b e wate) Sloles] oo Jlee! b S o
S a ) ceslie slpiiny albols (5o o b Lade
lp LSTM &t 5l ool b [¥8] dlis o ams o
e b e el esliial clales! oo
Foursquare sslsacgosrs 1o b WS anz o 8alialoil a5
SlaBw g )5 sl Ser 5l eolaiwl b aalsl ;o .0l bl

g ge 00l )5 4 Sleday (n e abgye

axlllzo & g0 slaoSls Y
jaﬁ.‘vfo Cewlodds oolaw! allie u.!‘ B as LS‘OO‘QA.CM
sya> el Jols a5 Foursquare slaools 4y 54 0

5 S LUl aS canl aBse ol C o(L) Eslae 4o
SO S I VN | § RVSSEUARR 3 XN PSSR I IRNCONNT:
PGS (00, So Lamdae Cud G ol Cud
5 9 bl (ged (ganes; S ogh o ai8)S LS
Ges; wgaies; Gl 68 g8 wlayee 1) )
Ol i )5 a5 Ojgo nl a Sl o b el
polie Sl oliznl b 5 moitiens w] S &) S 1, 095
Gxw0s, £ ol 5l Jlie sl o o las ganes,
5 905 o lapld 4y sLial a5 coul Netflix s )l
loial; odloles S 3 )5 (glabamd (e Wl 2 b
'S L Ylass e @)l 1) e Aoy ol o coiS
oS sms e )| |, and Loy Blls S o Ken
Ol e D S bl 1) )5 Sl 5
3,90 0 Vb slaiags 5l G gea Jocnll dolass
b OB Aol 4 azg b ool CueBae oo LS,
st prodle ilazs K5 L o | ol B by lS Coebge
Sl 55 98 Sebye o 8, g slagSl ) o]
O Aoy o plpln iles ;SO soletwl e Aoy
P9y S 3l Ceal Jlen (S Bgaze 5 (o Hlne
e 58 551, S glaosgame il olSe dpoys
@l 56 1y ol e bzl Slls )l 3 lalllas
Ay Lo elaix! laaSiil o e Aoy
IRYIVER

Jae o YA Jlo e DAl Kes 5 ool
9y 2 el D28 (Gt lp oetle 650
olpiy Jow wassls sl Foursquare  eloss! a0l
piyel SO A 5 e oy LIGNtGBM ooy )61 5
@l Sl peal S0 p e eBle 650
O Cod oYL CBs oty Jow aeo e lid
Sls olEl sam dake dwmgte 5o b sl o
sk ez g0 5 soleriny Jao st (Sils
Cawlodgs

O i 5 ibedae Vo] Koo om0
5 lesls &l I 5 elam! sloasils o 1) o180
5 ontle ol slapieysl e delie s ol
slaoslsacgorme (59, 2 Geoe SRTOL Slaph,oN!
LSTM  (slae o5l .ol olxil Gowalla gFoursquare
Slals ss3 i BILSTM

PCR slopl ) Saog ool 90 YO F Jlo ,o
sleools o 415G dws Sledb| 51 oolazwl L PCLR o
ST LI I CUPS VIO A § KWL S ROV FORCi
S slayes Glassl (05 s sl Sley Jle

1 Park

Y o2 F ol 1Py Jl


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

[ Downloaded from jsdp.rcisp.ac.ir on 2026-04-29 ]

[ DOI: 10.61186/jsdp.21.4.85]

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

ras SaSed (Gree T3k slaghy, 0n)
Uy Tl e slaaSl aites f Sl
@ boosls .ol T Jlg [bslo b beosls byl o oYU
2505000 (b oSl diwgay (p5 4 p8) JIg5 &9
099 Aadl> ;o (L3 o he 4 S oS Sl al> e
b oaslyoe waSed 95 cnl oy nl 4 0)ls 2925
) bosls Jlisbe Jol jobo & by JLisbo 5l (65050 5
G sl as (gres 50l ek L [Aas b
Wl drwg Sl sla e i 9SS ln
ot Ghgy el Al S eae glaasis
Gyl emas &Lh gg opl Ve lwl ooy s pw
S0 e g S oy TGl lag e Sledlbl
5 g dies sles @) U IV Jewdlass 5515 solical
ol G IA] (g3 &Y (900 (853l (e 80 S
b Sl al> e e 0 (V) )y 4 azgi b oo o
Slasdllas pljocwl (L8 slacdl> acgooms 5l a2 )5
o OB gt 5o ol Sl Gloy (o5l

B9 o osliiw] CleMb| sanasls g 58

ht = f(h®D.x®; ) (v)

|h<)‘ h()\
Unfo}d @@@

ST emas A5 SO 5l g ade gled (V- S
(Figure 2): closed and open views of a
recurrent neural network

o5 o1 ;o a5 ol Eomas gmas 4S5 RNN

Sed (s ddle g wedoe Jog dil> Ojgon
O OB Gales 4] b ool JL3, Wlss oo
G50l s ;0 RNN b e sboaSls Gars
e opl pade 6l cl Do GYsb la Sl
&L VY] GRU Jscs | S slonsly o [V Y] LSTM
el (9,95 Sledbl g5, | ool as Sliles a5 wus
b ) (b Al yo ()l
Slaasis slaca jo 892y b oS o adlil cu o lSe

;.)LC)U@‘ 9 ..\.».Qo‘sa

S s osls lgd'l 3,Slee ;900 LSTM
GosnS sl loane 1y tcans iucols, Sl

2 Recurrent Neural Network
3 Sequence data

4 Time Series

5 Natural Language

Y e F ol 1Py Jl

ole 05 dgaz (5l Wools (pl .l g0 sy )l 0,8
Canlodis g yglaam (Yo VY 4,08 VF B YT 5l VY 5D
Slaizes g ley b (699,9 .l 0,55, YYYFYA Lol 4
ol ddllae (gly cobdacgorme (pl el lade GPS

D o ooliul b LBSN? (o 5 157 colled Sloj- S5

295 ey F

slagsy, slp b Sle o lawl s ol e
ey Jold mile (5,80l eolail b guiail
s AGD slalsy o olal sl @ 5Nl
0 SRR by E9 9 Cwload aidly, a8l
Dy 50 518 Sl oy90 (g3lwosly

Holai oo oy 591
S50k Camme piu,oNl SO Bolas K> w6l
OB S Sl eglan hep degezmen) g oeble
J> e wnssl cnl ogls @las ead e S0l
TS e R e S R R e
P » (e (Solal JSax 059805 o0 ool
Oz 5 il 8 Sl eslitul b g cunl 09,5 (5 S0k
Sfles S 5 oy Al o Jo gl wnadb
sl cnl pb 5l as jsb les osdge eslitl Joe
&S cwl gandab SO Bolas S i oSl ccanlay
Az gladcgamon) ;0 peeal Sy golan Jold
o S8 g sl g o)l L8 sslvacsee
Sl @ Bolal JRiz 955 oo (Sl edlsasgocnal]
29530 2l ) Gt eredl S0 4 2 4SS
L sl A WS Gt T Gt ool
S QLS i ol L0y o Sl (2,5 (lsrea
i Gen 5l s sebioe VL S 4 e S
obml cus B8 0 a8 e (5,5 sl>-Overfitting
B9 oo plxil proai G0 N oS 5 L ol S0
Al jo calolml e 0 2 Gl St peo A5 0

. &T/}b‘ ” . ;S. .’._Y_f
orile 6 pSok Glaaslin; 5l (o Gres xS0k

LY pa gl osazme slbeylsll us jslaiea

5 bl slatiges 51 o [VIogs oo ooliiul s pSob

! Location-Based Social Network


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

[ Downloaded from jsdp.rcisp.ac.ir on 2026-04-29 ]

[ DOI: 10.61186/jsdp.21.4.85]

sl 05 50 Sgzge Sledbl e o
Golore g5 (nl 0 xS s Djge DLl > (g5
b aly ploy Jsb yo cdisdyg) g glarg) oS > 551>
rae a5l golers ol NFlams o oac
5o odlainl (sl Ghe) Crye 9 0% S Sl hilo
S rSolr @l cwl Gooe (G5 (orae GlaaSd
SMbl (gilwepuzd Gl Sl 0,50 ARl L
5o SloaeelsS bealadl> ) sl L8 sl
dw 5l aSs 5l o8 e DaeelisS « SYgb Aladl> (g lase
So b ho Sl g0 b (phgel8 9 (29,5 1699, 8l
ojlgys daw cpl LCwloads i o990 Djge 4
WS JLd Al 60955 slaosls polae ol e
5 A o b gl oudo S GIL‘“’)‘ seools
bly @ axg baS oo Jyus 1) Bds LB oledlbl
soosls 3lay )0 DawelisS SYsb dladl> (g lexe
Swz 4Seh lens g9 cnl Sl gl onl 0 (Sl
098 oo oolaiul p)l5 Sl Sledlbl sanails

ol ivlas B YO Jlo o GRU (5 Lo
Caloas ools lis (F) JSo jo of Jisle a5 (g lens
Sk (ae b o lS 0SBk slates
Oeimed g ol S jademe Sk i RNN i
43‘)‘ LSTM G)Lo.u )é QPSA )L:)m MK
as)S iy LSTM jl aidl ;ots & plgieay soges
S979e (639)9 835,05 (Sh9al2 83lgys GRU o 09 oo
IS casloads oS 5 ) Slayie,a 3ls,0 S5 0 LSTM o
2S5 0k P LYY L) b gl e Iy wnl

2, = Sigmoid(W,* [h,_y, x,]) ()
r, = Sigmoid(W,* [he_s, x]) ()
h, = tanh(W * [R,_y * 11, x,]) (©)
hy=(1-z,) *hy_y + 2, * h, *)

GRU LaLa:(F- JSC)
(Figure-4): The structure of GRU

! update gate

QL.M.' ..\.oi)lf )5.10 EY |) LS'L”) S LSLboalo le.s'b‘;'}ﬁ
L by sy slrosls a5 JSloj pgas 4 tains o
lon s e s o GYsb o Jolsd
Golese ol Soduzn b pien e[\\‘].xjjgl‘)@
S shr & Wl e i SaGes slaaSs
Gz dlawd led co adl o S o led o]y aSl
fons oS U 0,5 i il b1 L el
Frier el Jllpl oo s eaizn Sidng Gl
Gl clie (g 5lore DLl @ dlts > 50 o dége
S o Linlal 0 1nS jebay s S altvs
S ooSles v ln SEe s, ras S0
iz cmes LSTM o oY) S 4y az 3 L [V Fleeu
55K B by 4 5,5 5 o 52 LSTM S5k
I, ks LSTM LY G sl B wloods faie ;55085
Oz 5 LSTM ai culdl 5l Gan oS oSy

sy o ol Shy obul (ol ealide g less

AL slay o b gleish ol Guew 0sS o o
sdezmn b 5y sbosls )L, [V Flogs o oS5

oty dae ilons iz a5 Cosloads cols lis

aolem peesd s (BecnS (§)lexe 5l Feolu iules

[oleay

o) o)
S —p[ LSTM block n ]—»Sc“
FY

F 9

@
S5 LSTM block 2 ]—>5t

LSTM block 1
g .l I .'S.:L
1‘»:—)1 ’ t()

Xy
Gwos LSTM A & yboro: (Y= i)
(Figure-3): Deep LSTM network architecture

3 idu Y e aS cal cpl laiy g less Cu e
b aesge s &Y @y 5 0 0 S5l 1) Slaiae da.by
Gl s Sape oS W ) (zem AT AY caledye
O)L’>‘ g_)l'er“ Lngw.:..as L GJLQGJLQJ.‘O Oy FLI
Coye g0 cpl oS cdled Sl Jlej 85L ,0 dies oo
Sogo yo b Do gYeb  Siwls b beools 5l solazul o
).».sla 0 piiodiz (6w lroslacges 4 Sbowws
Dyelas s ol

Y o2 F ol 1Py Jl


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

[ Downloaded from jsdp.rcisp.ac.ir on 2026-04-29 ]

[ DOI: 10.61186/jsdp.21.4.85]

Gro (6 a5 3l 9 (Siae lsoylss selaial SladSub »3 (SilSs 834 duogs

w33k we YU b (Y- Jgu)

Table-2): Places with more than 100 visits
suppo | f1- | reca | precisi Venue
rt | scor Il on Category
e
859 | 0.97 | 0.99 0.96 | Airport \
1138 | 0.76 | 0.75 0.77 | American Y
Restaurant
114 | 0.93 | 0.92 0.94 | Arcade ¥
175 | 0.72 | 0.70 0.74 | Asian €
Restaurant
217 | 0.78 | 0.72 0.85 | Athletic & d
Sport
202 | 0.81 | 0.81 0.81 | BBQ Joint 2
290 | 0.74 | 0.71 0.77 | Bagel v
Shop
495 | 0.76 | 0.72 0.80 | Bakery A
154 | 0.88 | 0.94 0.82 | Beach q
157 | 0.88 | 0.90 0.87 | Beer Y.
Garden

Ol elexz! sloasls ;o opo bl 51 (S
68,35 e b sl )5 Koo b )5 e bLs)|
5 Gloy DAlags glalis )5 o (525,55 b
b glalid )5 5o 658 5B L g 05l ol
0,5 @lobed i 1) )8 18, st Ol Ol
S0 Ol bl e dlly b qgam p5 50 calnle
0 Ol L )8 e LU Gl 40 g 095 oumin
9 995 oz IS Lo aSil (g1 I 00,5 3laS S5
oS 5 S 0S8 @bl s wlele 5 ySles
Geb g 29 o0 Sl )ls (Jawgte slacudlad Gl
O &S Gliugs by pliwsd Gy (0) S5
b Camgs o bL5 ) Glpes 5 alolids o)l o L1, L)
B plpear WP )5 0eb o0 dribne ol 215
G axg bcwles,s ol 1) oG FAY slaws ¢ Lo
Ll e (G SISl ol b (A 5 V) sladge
Dg drwbe )5 coles

D)

Communtiy = U;(venueCategory) — U;(venueCategory)

Y]

Community
ZU;(v_Category)+ZU;(v_Category)

@ 28 kz LAV (Lol )8 BL3 e s
o3ls yLas () JSE 4o a5 YEA-VA-VF -V A slaal

Communicat weight =

.]ol.u)‘ U"?'*‘“‘“" u‘).:)w &_}"‘ éjmsﬂ ‘5>l.wL~w Cawlodls
Gl il i olg oo aalol jo s jls AVE LIS L
OOl g oadaaail slag S 5l ausjl azsu B) 0¥

Y e F ol 1Py Jl

35190 5 Z Slwyig,4 35l5,0 g0 5l GRU Jsho S5
ze (&) B (V) Ly, o culeas asle r ' Slassl
o e Ualasd o Sl a4 8l (e
o pbe bamolas wocel talasd jo Jlassl 85l

Ao oo plaitdlas) ol cdl> hy g oy

Golesdinn Joo-Y-¥

faps e LS ) eyl elyes 4 ey JUTC time uLs
osls (55, e Jelos B 0,5 b 1 081 il cnal b
sl & 6395 Olsiea &5 ola iy 0 pS O)se
longitude Jatitude wserld  Jols ool oold
Sas olgear b She cpl .ol venueCategory .
el )8 aa5b e oo lid 5 Cuwlods et
(g, ol el e YO Jeld dasie oyl
&3, 1#1 f1-score recall . precision b, sls,las
o lons (Sl s 955 00 los balSe SIS
3 eolaws (V) Jguz b Jlo ol y uﬂuﬁ Cewdds
celazd 515 0T ol sl Lo ol yan 4y lag e

L, s ylxo :(V-Jgu)

(Table-1): Evaluation criteria

fl- . Venue
recall precision

score Category

- qv -.49 RV Airport \

8| v % American |
Restaurant
Animal

A Al A¥ Shelter Y

- 2V e < YO Antique Shop | ¥

Random Forest Joo L a5 o8> oLL 0
BT Loy opl 00 el doye AT Ll sssliawsa
YL Yoo w8 blaul 1 5l ol e a5 e
e 5l saSaoil o8l slass a5 cusl Hlaosls
Slae 4ig8 cul o W rtiulodg 050 wo I ios
sl awl ails 1) wosl o in oS ol
(M) Joizr wiles it 6300 b)) bk
) 9)9e o VL slawsil &5 alaplSe I solass
ol Lastine Jodz (ol jo .Cawloads ools lis wilaiils
shlo wsloas wo3l 3y90 do (YL a5 Slo S oS
dgas ol 1A ciilosg wsye slas YL Coro
b casloads oolatwl iS5l as loasis [0 ool
b g ass Joe opl jo mls

! Reset gate
2 precision



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

[ Downloaded from jsdp.rcisp.ac.ir on 2026-04-29 ]

[ DOI: 10.61186/jsdp.21.4.85]

RNN MODEL accuracy

= accuracy RNN

T T T T T T
o 200 400 600 800 1000
Epoch

09,5 G RNN a5l <do (Y- 410 409)
(Chart-2): Accuracy of single-user RNN network

GRU MODEL accuracy

=]

200 400 EQOD BOD 1000
Epoch

0 )l5 ST GRU 4l <o :(Y- yloged)
(Chart-3): Accuracy of single user GRU network

g dlio Ol (Sl b )5 5o dlpe Gl o

A3V sladsep @ azgi b Sl slacsT il sl
bl e (g S e 1090 (o0 drilone
3 0,5 0 1,8 comunity_matrix s jle o ol n)l8
Sl )5 e pless (e 3l oyse Lz Al

ez O bl g )8 5185 oty Joe b Wigd o
2 52 805035L la e e 1098 ololis p)lS

Sis obel om0 w8 L
g o plesl timestamp_converted

fouresqure 33l34< gozxo s 559 :(F- Jgua)
(Table-4): characteristics of fouresqure dataset
SHepb
userld
venueld
venueCategoryld
venueCategory
latitude
longitude
timezoneOffset
utcTimestamp
timestamp_converted
venue_cat_encoded

wobls axgi ol 4 (B3l s 0 Wb A e AT
0 )5 e gl 1 el )5 e sl Aoy b
50 Cewlos ST o3l alsdS o a5 ol lSe 5l asesy )b
(St Sl oo (s 1025 (00 )18 Wa (S 90

355 513 emin 3550 (B) Jguz Gl Wosls (o

sas SraSls a4 05,9 slp |, (S e e w3k
Sl plwil oS5
ras Beh > epochs =Veee L byl @l
2 28 o sl GRU g RNN ( LSTM  Jolis a5
@ by (V6 1) slajloges Cumlosd sl (V) Jgur

Lol 5558 (ST 3L mae glaaSil gllaz 5 o
wr o esls Lol olal o diie Jb
woipa8 glail Gl Ko S5l gras AL 0pdie
S (s dasls [bls 4y g cl peas glaasil

Alse Sl @y 50 (e 80D Elgil (n Sl

Cu1s )

0.02

0.05
U740 D U 816

0.09

( U 1081)

MF 1,5 liwgd o yipe ((B- JS%)
(Figure-5): Best friends of user 816

0 )5 ST (iS5 (omas Al b5yl (Y- Jgu)

(Table-3): Evaluation of single-user recurrent neural network
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