VWA 5ol Y lad o anin Jlo - el g IS 5 ST Sy ke Sldllas a4y 523
AV WY Olde

b6 g eloin! sbaSwi sloosts JLivil g » Joho

Sogas p > i b
"6 5 oS digs,
**)‘~>r~° POV
T Gamge el il s

*kkk

2ol Ls,

%

oS

Oypeds (o> amlr dilize (Ladl gl o eletal glaaSil I eslinul ol
il by alie Lol 1 elain] glaaSd ool olSyly ol azdly igl3dl o, lS3I LS
Wlgi g g Cedho o ol (Gl ()5l wolie sl gl el b jlisil a5 st
Budezse pogas > Cule) Lol il diedgn (cogas 5 (9o Slawde (lide sl
e JSGgn SO lasas 0,5 o0 L8 gelSesls ISl (Ll o bl ledbl oS
laaS g laasls wlul 45 woS 513 (&S (alidBg) Gk jlelis (ol )0l (6905
Joo Taliie 5 Gmend alye 5 o gyl 5 Comal (line g 5 gliul dbgre
odd Al (558 analst 5 Sbcd oS iluaige piyesd) dbiwgts (olieS aBlisgngy
slezl 4l ez gbodls 59, » okt Jae b)) 5 Gileant @b ool
S 527508 b Wosls (pogat o> Lai> 5l (Sl (o 595 5 sl conda oS gamed
sl (30O gas (y3 iy g Bl il

(3B b (Dbl 055 o el (aleS (pogad > sloiz] ALl 1o flgunls

Ol ol Ol Aty ool 33T oK1 e 0dSiSls (oDl (g5l e (S5 (g gmiiils *

ok 5) 0Lg e O daly edlal ST ol iy e aSils (ms Co e 058 (edecina e
s_sardar@iau-tnb.ac.ir «(J s

O ik 5 pshe Al oDl 15T oS00 (g ke oSl (AN G e 05 S alocia puas ok
Ol Qg s 5 psle oty oDl 35T lls ey ke odSils (5P 5SS e 05 S (edein e HEEE

WA VNN oy sl WAV Y/ Vil b


mailto:s_sardar@iau-tnb.ac.ir

\V*Aﬁ_lﬂ-"*A)M-&MJL»'M}A)K}JQJ{_JAQMUGA&GQF M

o

doio
G b (31 31 457 Wsd o iy 15 Lol 1 (glas gazms Olsioar ole] GlaeSis
Iy dalgy e cphT olanrt slaaSa (Y 1P ¢ g sl UD A8 o oo SKuSS w1y 0L
be8) sy A o debe Tladly 5" gy Sl eslinal b st b 1S Sl abn e
L ad) bl & s s K5 65 3 Olajla b os 8 elys s pe 03,3 Kbl (g
Colaal Gl S sl e sbael glag, e b s gwss (Ml cdailyy oL (Lpe
P laesls goSTesls alies F T eleml saaSd osls oL i 65 o
S 5 ool eale sl tass sl 1 SO (3061 Cosls 08,1585 S
n 513 5 die LS G dias e Sl (558 el slalle s s O S os Lzl s
CbaSs 58 5 anns Loyl gl A) S| azea OT 5 Laokejlu pl 550350
SIS S ol ods2ime (slaesls o puast  m (SLEBI 5 i i ¢ la
ST Ol Ol 5 Sl s 4 5L (VW F s 5 (6,l53) 358 o0 i o
03,91 sgms sl Sl el 5 ilisen ladite ¢ oozl a3 018 oo
Gd g 5 Sk Oljn 5 (o0 3o oo Lo il O 55 Jold tladis ol ool
Wyl d ol 53 edi ae (Al (YW (W51 5 (18 ) Sl ads izie glaesls
AL Pla= S o9 esls glaasl Ll Coda g ol sl 5 O)ls pule s
LS el sl 31 bl Slaosls (G35 p o pa L Gl lie Gl e
Sl S s nls gt oy o Lai psgie d (WY OIS 5 00)

. EIBarawy

. Nodes

. Edges

. Online Social Networks
.Big Data

. Data Holders

. Patterns

. Privacy Preserving

. Tiwari & Choudhary

10. Anonymity

11. Tanetal.

12. Privacy Preserving Data Mining(PPDM)

O©CoOoO~NOO O WN -



A4 g 3 o o Laie b b olen] e laesls Hlazil gl I

5 (Les gu) Sime (5980005 T feedd g sl lresls O};SELLO);&LA
(VY ) ol Laesls 285 53 Jsls 5 Waosls oo ot o o i 1SS 4 el
rosls Klo pus Culey s b ol 0T JUis 4 Jrags cplcaiS i 3,000 4 4 55 L
Yoo @ P PR . g - .
G066 Rl sl 2 S 5 Ol e S il 02581 gl 325 )
sl w1yl plaz] glaaSs bl g5 3N b cpaler ot

e s0a V 0T 55 S G(V,SE) Cgmr 05 OIS 2 e )bl o olezn] (slaaSls
Lo ges) alae 51 Sl b (S35 KL S 5 ) wepuma E (o S
- el e a5 Olgy gl SN SO O 5 ey sr ool (Sl
s g b uley od b Sl (S5l pleS Sl il dleel claesls Lt L
eSS 0S5 (Y10 aylsb 5 1y 5) 353 O s,lS Cusa slidl 5 ot gl sl
L e 53 bl Sl A8 e ozl GlaaSCs (Sl s s 5l o 50
Sl Ol 5 besls 3 eddslonl "ol sl Cowd b 42dls Cand Cuspp 5 Lo
e aen 4l Olgiea alnS K Jue (YWY C0Ka 5 ) ol 035 YU achy s
3345 ol ol i8S —K s Lol ol s @11 8 g Lo 5 5L e ¢ olaS (sl
s 4 3B lge S 3505 s DL Cools L L L ol Koslaws (1 8 oS
S b (Sl (M8 ay p s Sl eslizal L hagh 53 555 ol esls Zy sa
S 2 1l 3 55 5 65 5 b ol K2 0108 o 5 0 o 1B

. Sweeney

. Firefly Algorithm(FFA)

Fuzzy C-Means Clustering(FCM)
Node

.Edge

Torra & Navarro

. Distortion Ratio
.Lietal.

. K-Anonymity(KA)

©CO~ND AWM PR



\V*Aﬁ_lﬂ-"*A)M-&MJL»'M}A)K}JQI{MQMUGA&GQF q.

o o b L 550l g 6,1 s e 55 (YIY ColSan
O3 gm) A Mgty cvankad p mie dbda iz w0 G ol ¢ ST 0, Sy e
“esls w3 (G3le oal 1 i ot ek Je e (YNF i S
s sy (T8 TolLa 5 585k ws o ke slen) sl (5
Pl (Bl il S50l 5 oo gt o Lk sl b (g o) S
ke il o sl iy 3l ol L 3l Jos 3,0 05 OIS (slaesls 3
L stass o (Y18 SO 5 ol s 87 o g Ol 2 5l 5 5 s
e 213 b 6 a8 K 1 0 8 Solown cad (21531 56,8 oy poesd 51 o3lizel
3,y 3 eslital b cpomen (Y17 S0l 5 () AT dblie Sy pn LI 5 oo ls
Pl e adip g &uuu/jqufu oIse » MR-Cube ol 4 sy
S s 8, TLKBL o6 4 Juo K5 idomi 53 (Y18 Fy T 5 LLeST) i ol
Gl OMam 3 Cadeo (sLid I uluo (sla e c_,y,@twf-K S Sy
6O S i b s sy 5o (Y18 0L 5 e ) T oo 4 5,8 ol
e i Laesls (Gies g 3 gy iy (SLEI L ablie sl by - oo S &l
g de wmmen (VFAY (01,000 5 6,158 ) i aist sy okd jiizte (glaosls oo goas
St ad S0T o opl 53l (Bome Lgm Ldl b ablis 5,0, b (upeaK
YVF M OLKea 5 o) 358 Cou, &K s o S KL Bl Lo & a8 0 Ll

L sslenls s,y gl ) S 5 25 8 leaig 31 55 0 b S (ke

. Schlegel et al.

. Genetic Algorithm

. Susan & Christopher
. Bello-Orgaz et al.
COA4ARH

. Stepwise Optimal

. Afshari et al.
.Lietal.

. Akshaya & Amrit
10. Rahimi et al.

11. Chen et al.

12. Particle Swarm Optimization(PSO)



) g 3 o o Laie b b olen] e laesls Hlazil gl I

3R i 53 (W (0L 5 G 1 a1 o gt o o Lai
b pleS Gkl Hlde Kot osls 55 o8 -K 55, oS85 02,80 G2 b
FOLan 5 S ) Lph (s Al n s 45 ol gladh i slded 5 Sl
K-Member ol & Jao sduadss 5 b oSS 1 eslinad Lo (Y0Y
5 i) W &l skSK r:.i)jil\ 5 Shes 55 shtees Anonymity(KFKA)

-K r.:i)}iﬂcr.:.wf C,ﬁ-):dgz;ﬁj\uuzdl{)iisémﬁw.(b\fcroblim
9 dv\’ L})JJ‘ &53.&3};)) YN cFTﬁﬁjf\iﬁ)Mob‘b b}:.@_:)wj @L@f
B8 by Susl l pakie do 4 Oy sl 4 Sslal 03 5e0 LS
N L) ol 03,87 eslital corlgn slaa) (21> Olsisas 6,5 Cgulia slaslns
L2 <l K-Support Anonymity o6 L s ¢ sliaS =K Juke 3500 ) shaiesy oiomen
3 6b) sl al5l A8 ola gy 4 Cad (@39 U1y oo s = S Cbles &S
4 e o ol (sla e p3lie 53 (oS 645 JShe ) pskien (Y1 JOLSes
P-Sensitive K- i « s e s4d e s sLiSl SVl 53 a3l Cand
K Jde drn s shten umen (Y008 Jluy 5 by 3) As @1, anonymity(PKA)
@35 s ol bl s o ke - M RUICF R EE CRPR S B3 S
a3 (Y8 ColSan 5 Y lsblb) 5 S uley JolS 5 pbas Iy ula (sla e
u,u\...a- 6‘*;}.’.) ;MG”: ;)‘ﬂ.n s'_,a.'aj.f\m Cf)j o.a\..«f—K J.X.a S o 6‘_/.1 Jiib
Wlis SV 5 o SLiBl s 53 Olmen Lol b S SKleea-T Jke claosls

1. Mandapati et al.

2. Sihag et al.

3. Honda et al.

4. Bingchun & Guohua
5. Yang

6. Tai et al

7. Truta & Vinay

8. L-Diversity

9. Machanavajjhala et al
10. T-Closeness



\V*Aﬁ_lﬂ-"*A)M-&MJL»'M}A)K}JQI{MQMUGA&GQF Y

ORI (b9
5 AS) wal Gui ¢ 55l Geioed 5,y Bl 15 (63,058 Ss 5 51 hags ol
(g e 5 Sladss Lo S laesls (S 3B 55 558 o g (oS
Aol oslitnl (g3lgiin Jibe Cogmolr pals 3 S 515 wlid Ba,s b s 65158
Olllas Lo 3l iz sl slaasl 5 SOl 4S dlles 4 oS 15 ST 2 s
L o8l S il 55 038 alp Ly sl pade b ke
S o 3N Tl om sk 4 (T8 (SL il 5 passl) A8 e oSS
33 BE) T A S e G b 1 ST 56U e sl s S
(SIS 65558 Jra) Guib 5 e bl €ged At .l o plus! OIS
B 5 s cosisn &5 pmb slairl St ler 5o S WAV L 1S s Juls
S Jlgr Camss AT Jols (sl UTM oKsils g5t ol msn 51 0
Je Sl ol pen 4 (5lgiiny Ik Sl ¢ oS 56 53 Blg . Corl YAV Jle 53 (o g g
3 okd gluesly e (18l 5 Lame 53 (g sl Go b S e adey ) cae

(235 al g S aslie 390 ¢ 5)LT 4 g0 el 3 b Sl adie s

RIR (0980 Jo
\)a:b%ﬁo\k)%bnlsﬁhﬁo‘}fl:m:M)sdwéhdu\ﬁw
Slsbas 5 s L o8 ol Yooyl elnat o s & G ) ST 4aS
5 L;u‘.;i,,in (ol gl Sl Sl Waosls Comelr LS 55 1) (Slupliad ks

s &G b S w28 (Sileang: Dl S s dge b e ddader

1. Meta Synthesis

2. Sandelowski, & Barroso
3. Validity

4. CASP

5. Reliability

6. Cohen's KAPPA

7. NP-Hard



qy g 3 o o Laie b b olen] e laesls Hlazil gl I

9 0305 Ol il Cd 0557 J3lus JQ:QQLA)'V.A 505,S &yl lad gul de gazes I algs
Q‘}J«M éw—TJC}J—L chL.o.f—K OLd cJ))TJ.f (oo QAM“CAVG)\:&R
33t sl 4 35h e 053 las Codn b 4 ey U 65 B )5 el (glaas
36 cauad g Sl bl adgl guuad o Sl eslamal lra ceslgiiy Say oS
Bl sb o oslizal Sl 08 02, S (sl adsl slaadiss sl ) glates 0515
e Sl 4 Glad s gy ol Caws 055 Pl Hshiea eslatal 3)5 Coda
CAVG jlas 038 Jild 5 31 5 5 0305 Ol ouil S S50 05,5 ol ol 5
r;ﬁ)j@\jdﬁéd.&d}&ﬂﬁLgawiduujld.u.@\ouwfﬂ);
A3 3 g Sad e sl &S Sl Calides s C 4 e god (gluad o= bl
wn gl Olejen ssba 8 SlesT CJ;J—L Sljlas 5 s2e K JBlus 4z
IS5 5 onls 5505 e nl & Sl Soygo pil Je dnl Bl 5 baad =
sl & B Jb 6 ub (o 5l oshite cndy 2558 oo plail ad gl pls 035 a0 game 51 1S
e ol ] g Cgad oy db S ji.l:.. Eij=1 oT 23 &S 348 s 3wl NXN
RO M}Aﬁ‘sb;}ij i M cQT)JSaJ;;bﬁlNXM )l&:\A{Do)‘é J.._USLA
o OIS e JLE il S1das e 0l i 450 31K (S5 Dik Koslew
4y okigh pizta o3ls 5 18 s Sle (g3l plie I ey bl adglo3ls 5L D
S 53 Sileang sl e S sbay b e ools Ol D™ E™ L (s
Slad s jawass S CL guuas = @Lﬁ C g cbad = slaw Jols ool
odiasilis &S FL (S5 sl w5l oS oo 0l 1) Calibes (gladd 5 4 Calibes
SEL OI8Ol i s fle Sl ok =hsl 3l Calims (sla S5 5 o L g
Sl S DL 63l Slais sl 5 ol 18 ladl (pdm 3 Sl i oS Ol
Sheslimal b mlya odisd Liae (318 5 esls Glam il el o3l 3 Ol ks

At dwls B E™Y=E-EL ,D"™"=D-DL

1. Cernability Average Groups(CAVG)



WAA Sl Y8 ooladn pnia Jlo mdiad o )8 5 S Sy e Dlalllas ale 4,5 Q¥

E Ldb G138 5D osls as gazee 2505, e
+

b Sy 23 g 228 |

[ E b 15 3 D osls acgome W lay59 o ilo 0053 ]

[ KFCM 2,65 51 ookl b algl (658 (canasses ]

v

[ Pt 3 w398l eolizal b oleg (sibo plieS 51,9 ]
1

v
[ FL ,EL DL CL C iy csloisys s ]

D"™"=D-DL; E™"=E-EL

Glgidy Jow &l 8 Sledo! (G lwodkT U7 oy :) Kb

[ :d}l‘“ Pl.'wf ;_él)f 9 o3ly )L:Jj] ]

'KFCM (s3lgii (Shiaddigs i3 3951
S eslimal b guuad gt Ayl b ocadsl Db ST a6l CLA 5 C s 5k o

Sleee oL s Cinitial (‘U 4 C Sy ol Tl S Sl Syl pla KFCM r.:ijjiﬂ

1. K-anonymity Fuzzy C-Means Clustering



40 g 3 o o Laie b b olen] e laesls Hlazil gl I

Db oo | 405 N CLJ S0 2 G Gludd 5 (e D5 o gl&::;’lcmaxb’cmin
5S1 40 gazs Ol giea |y dites K liie (g3las b i (sliel sluws glyls 87 olaas 5
23S (o A5 5352 46 gazme Ol e |5 AL K 1 S Oligliael sl 7 glaad =
3035 O3l 5 aad o plad 45 55 o plowl (148w Laad 5 SCS 5 ples! cay a1
S0 &) ot S2 ds gazms slaad 5 TS G sbate pl gl S 15, 1L, K b s
c(m<K)cM|}@m‘_;\,\MS(C«;P)SZwwj\ufﬁdlﬁ.xﬁ@w,j
K a s Bk ab ) 558 o Ssl s so slaad 5 JS o Sl a5 0 5005
A K b5 5 8 G)5050 5 dish o plial pa LK 5 C 4l ot 55 (Uil S2 a5 yoes
Sosse JSS L ol dey sae KVl @l 5 glasl sliw &S Sl b cdsls
K- o5l f5las K as g glasl slaw Z1 sl ST ae samms 31K a2 55 anilin 31
wkass glael o 56555 5l sae KoM slaw o KT sl gae K 51 2oy pae M
3> Doyl p 53 il o JUESIC a4 K 4k Sl edd SLSIC a5
455 (ol | ey 3 b g0 8 8 i 53 oSS L plesl 6l C ad g 4 65 ad
Iodoes abgt STp0 5 Al Gl SL acpeme 4 5 ki )bt S2 acgemae I C
skiles 3L S2 4 gaze 0353 ‘_;luj;@m{@u,'ls.uiu o) Nsd o Sleyssa
Jols Ol glaas 5 (golgrin KFCM V.:w}.ﬁjl Gl 3l e ol o aalsl (sl
JQ;)JOTQ)%—#)Y Jﬁ,‘:,\ ﬁ)}ij‘)JKFCM SAuad g gy IS 4l 5sd

ol 0l 030 Olas Y



\V*Aﬁ_lﬂ-"*A)M-V.LMJL»'M}A)K}JQ%XMQMUGA&GQF

as

Algorithm 1. Proposed Hybrid K-anonymity and FCM Clustering
(KFCM)

Input:

Initial Table T containing Dataset D & Graph E

Parameters: K & weights of features W
Output: C & CLA

Begin
1

2
3
4

o Ol

10
11
12
13
14
15
16
17

18

19

20
End

Construct input matrix for clustering: MAT=E+WxD.
Calculate a value for C=Cjjias in the range of [Crin,Crmax]-
Clustering MAT into C clusters using FCM.

Consider all clusters with at least K members as S1 and the
others in S2.

For ¢ = 1. Number of Clusters in S2

Fork=1:C (k#c)

Calculate distance between the centroid of the two clusters:
Dist(c,k).

End For

Find the nearest cluster k to cluster c.

If cluster k belongs to S2

Merge the two clusters k and c as a single cluster c.

Update the number of clusters: C=C-1.

If the merged clusters have at least K members

Eliminate the merged cluster from S2 and add it into S1.
End If

Else

Find the K-m nearest members of cluster k and transfer them
into cluster c.

Eliminate cluster ¢ from S2 and add it into S1.

End If

End For

KFCM (susaiigs wis 5g01 o8 4 2¥ o
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2. Waal & Willenborg
3. Average Distortion Rate(ADR)
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