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An algorithm for a Markov blanket based on
logistic regression analysis

GUO Kun, WANG Hao, YAO Hongliang, LI Junzhao
(College of Computer and Information, Hefei University of Technology, Hefei 230009, China)

Abstract ; To solve the problem of incorrect parent, child, and spouse nodes being brought into the current algo-
rithms, an improved algorithm called a regression analysis-max min Markov blanket (RA-MMMB) was presented u-
sing the Markov Blanket based on logistic regression analysis. First, a logistic regression equation was established
between the target variable and a set of its candidate Markov blankets obtained from the max-min Markov blanket
(MMMB) algorithm. Regression analysis can retain the variables strongly correlated with the target variable, and
can remove the error variables and other variables weakly correlated with it as well. The incorrect nodes in the
MMMB algorithm were also removed from the candidate Markov blanket; then, after the G conditiond independ-
ence test, which removed the brother node of the target variable in the candidate Markov blanket, returned afier the
regression analysis, the Markov blanket of the target variable was obtained. By the method of regression analysis,
the RA-MMMB algorithm reduces the number of condition tests of independence and improves the accuracy of dis-
covering the Markov blanket for the target variable. The result shows that the method can discover the Markov blan-
ket of the target variable efficiently.
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SFERER DR KRB A TR EHERT A,
REAR T J5 THD B9 2% 14k S 03 P A 3 R T
Tsamardinos Z£ %} GS 47 T ¥k, 2 T IAMB (in-
cremental association Markov blanket) B:"? & A ¥
— AR, R B BT A ST, W T 4R
REEKTIABREEN KA INKRES E
BADRATREE T BEATHY, 4500 5 ISR B 3K
BB AP . Tsamardinos 242 Hi Y MMMB ( max-min
Markov blanket) 2 3™ ¥ 4 #] F§ MMPC ( max-min
parents and children) 253%™ 4% B AR MAY RN &
MFH AL RERIEWRET &, BZTESTIA
SRR T A MEE T A 5B E kR
% Hiton-MB( Hiton-Markov blanket) 2 % . Tsamar-
dinos 8¢ 78 I M- o 4% 45 142 ) B ¥k MMHC (max-
min Hill-climbing) ") ch 3 F§ MMPC Bat, MR
RS T AR R, £BR MMPC B L5 AR
R A F 15 . T PCMB ( parents-children Markov
blanket) 23k " 1] T 5 B ) 42 2k <7 K o R 4 2
T A (B AR AE I TB) B2 2R B SR [ R

Xt ERBIRFFAETI AR BRI R 2%
BRI, 5T R 5 R R BRI E IR
R FEDRE KBS I HE P ABBEMET. @
B RIS B2 HE R R B )
[Eoy, R 5 BinE B XS BT &, [H
ST AT IS F I PR SR, NEE S
AR BT TR RIETREEBER
T BESE B 8 F 5317 43 2t [ 15 43 B A2 48 5113
A#1 (logistic regression analysis)2 J5. 348 5] )5
43 BT T LA 2Chh 3 D o 3 2% e S Rl - R
e ikiE S B B/R TR B AR , % S R
RERE,RD/RAREZEIEENEORE. Ri—
b 2 T8 48 [B] 11 4347 X+ MMMB 35 3 3% 19 RA-
MMMB( regression analysis-max min Markov blanket)
Bk EEEXT MMMB Bk o 2 i iR D /R W] %
B5 BivVERHTZE R EIR ST, £ EHEHES R
B8 RGBT LI, BRI R RE
FEW LA R B BIRA N D /R RE. AR
SCERLL1] Y G RSk MW 2 S~ B EX R
EEHRE AR, SERAEH , ROk AR A RO
MMMB Z 503 4 R & , JEm T 2400
AL

1 JUet 3 4 Bl k2 X

wVRE—HEHFENER, H(G,0) RER
DUt P28, Hrp g R E 6 BT SR V A

(AR, A8 G P S X ERE TR P,
(X) FEAMHERS T p(XIP,(X)). WHHFF%
B AR TR AR F :

p(V) =TI, (p(X1 P,(X))).

BX1 BB WRER P A W A
B2 &I TR, IBAT S W P o RRE Y
& TERSE W, B 2 R SRR

X2 AR WRTFIEE KRBT 1) B
% P EHE—MIE TES Z IR 4 2) B
7P LHREY SMEWFATENRAEE Z
o IS AT A X BIE Y B— AR P Y AR
£ ZHE SESA X B Y WERBAYY Z
=W EX MY W Z BE d4E. SE A TIE 6
B A LTS 75 15 2 5 S AR PRI, d 3B S 4
WS4, AP Ind (X;T12) FR58 TR X 2
B EAE R Z RS s Dep(X; T Z) HRER T
X TEA5E Z WA IR

BX3 DIRAKE R T HDRTRE
MB(T) RAEA ERE AN, B V b A Hifha T
BE T AEH BN ES B VX eV
(MB(T)UT) ,Ind(X;TIMBUT)). BmICHE G PH
A T, BRI DIRATREE MB(T) A3 T RIS .
T B S (5 T HFAE AT ).

1 A T TR R ARG AL A | B,
E} F4 & {C, D} BB & F.

1 THERARE(ARTR)
Fig.1 The Markov blanket of node T (shadow nodes)

2 MMMB % 3

2.1 MMMB & Zx#iid

MMMB B RAMGE A RB LR TR S/R
HREE MB(T) , 555 MMPC B3R5 T BT
TRE PC(T) RGN T AT A THLTT
REPC(T) MBRBEHSHART THERTRE
MB(T). MMPC B E SEHAE A RRBES T
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FEEHE BARHEEA T BB T35 &4 CPC, A5
3 CPC i3 Am 8" ; MMMB & 3 4t
PC(T) sPEE— AR MMPC Bk 183 T #fE
YETH/R ] REE CMB, 255 Ao or MR, #2387 19
BB &, AR T, MMPC Bt & & kAR T 145
WALTFH &, MMMB B4 A T B4R RS
+ . MMPC Z 3k MMMB B 3358 40 F.
1) MMPC B .

WA BIRERT.
Wl THRXTWRES PC(T).
/ * G A3 CPC * /
CPC =J;
repeat;
foreach X e VACPC\ { T} ;
assoc(X) =arg: min,ccpcDep(X;Tls);
// 33 s CCPC #1158 Dep(X;Tls) BHEE/D
Y=arg® max y_pcee\rDep(X; T assoc(X) ) ;
//FYeV\({T} UCPC) ,f#i15 Dep(Y; TI
assoc(Y) ) K{E &K
if Dep (Y;Tlassoc(Y));
CPC =CPCU {Y};
until CPC AFBH2F 5
/% P\ CPC R4 L5 IR TR * /
foreach X € CPC;
if 3sCCPC\{X},[di18 Ind(X;TIs);
CPC =CPC\ { X} ;//# X M\ CPC H 2%
return CPC.

2) MMMB B3k H#5k :

BT B DR K MB(T).
/B8] MB( T) R T JR AT + /
PC(T) =MMPC(T) ;
MB =PC(T);
CMB =PC(T) U ¢ pecry MMPC(C) \{T};
/# RB T BIBCART A+ /
foreach X e CMB\{PC(T) | ;
FREA s #9118 Ind(X;T1s) 5
foreach Ye PC(T) ;
if Dep(X;TI{Y} Us);
# X fig;

if(X BARiL) ;

MB=MBU {X};
return MB.

2.2 MMMB &EEFER &

MMPC BiEEHERT SMERE N MR X ¢
PC(T) 7B E ZCPC(T) T, X 5 T KMHr, &
AL MR T R BN 3R] CPC Hr 45 3R 5 A%
EHL BRAAER R AR R, LI 2(a)
FB, R THAAF N RES PC(T) = {A}L, W TH
Fi MMPC B

1) CPC ZSHn5 &,

OCPC =g ,A 5 T 484, Dep (A; T| &) B B
K,V 8 AEEHAF CPC;

@CPC = {A} , BT —A«—B—C FHIRET &
AGETE{AL P, ZBRBRARY (A} BHZE, Dep(C; T
A) ;T Ind(B;TI &) ,F5 5 C #&ME] CPC;

GCPC={A,C} , BT Ind(B;TID),FTEBA
RERE T INE] CPC.

2)CPC = {A,C} EHEFRT A

OHEREENRESE Z,Dep(A;TIZ)  FTLLA R
2 M CPC H175R:.

QTR T>A—-C PHFEMIE T & A F A
HEEDH, ZHBRKY THE, Dep(C;TI D) , H
Dep (C;T1 A). FTLIARFRTE CPC\{C} 9F 5 s (713
Ind(C;Tls) , 355 C FHABEHFZRR,CPC = {A,C|.
B 85 CIHAFERETN PC(T) H.

[F2E, B 2 (b) T & C S MMPC
BB F Y EESP.

()15 N2

{a) 151

B2 MMPCHZESINFRTRC
Fig.2 Incorrect node C included in CPC returned
MMMB 8 3k F R E T SR IKIE X X e
CMB\PC(T),YePC(T) , INBHEHEESGZ(X,Te¢Z),
HInd(X;T1Z) , {845 Dep(X;TIH{Y} UZ) B4 X
Y B BCAE Y . BPEE MMPC 3340 i i) CPC 7 IE
i PC(T) ,MMMB B5R [FH) MB(T) et & 5EiR
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OBy L BN 3 A R T AT R PC(T)
{B,D} 51T /RA] K8 CMB = {A,B,C,D}. j 3
Z A Ind(A;TI{B}) , B## A—>C—DT FPHIREETT
R D WEFELE D U B, FTLL Dep(A;T1{D} U
{B}) . A GBI S /RAT KBS BRER L A A
FET R TSR AT REE MB(T) .

S/

B3 MMMB &SN THFRMERTRA
Fig.3 Incorrect spouse node A included in MMMB

MMPC BB B IR T A BT EREHN
LR E R MB(T) o, T X8 RaTIA T B5E
DRI BT . BIfE MMPC 53 3K [B] i 2 IE %
PC(T) ,MMMB 7 Bt 5| AGH iR B BLAB Y & BT
P, T R R DR R BRI R AR, %
BEREXEERINEE, X WEE 5 iR E K
HERPEAE.

3 RA-MMMB % 3

3.1 RFEXEHETRHE

R g &R 5ERTE THHE
KPR R, 1 MMMB Bk 5 o /R AT K EECMD =
PC(T) U¢openy MMPC(C) \ { T} B F5 s 530 4 2K

DT EMTH TV XENEETH
TRBE A Kt 5

DTHRA T AT EM THF AT
MHTFRHREERFAE TR AN THFY
BLHOXET B TR

NTHRFFHR(ETHEANXFL)MT
FIEET X RN EAM THERERMNRERER,
LAAE TR R THTFI &, 5 TRMEEHE
B

4)MMPC B35 | AREERT ST A Lk
3 BRISMGT R XET RS T AR
3.2 {FEDRFXBMIZEDASH

S Y TUN A B EEASTERASHE
BEHXERYEZE, HERERBSRER XM

TEMSEEEMHXEHNRELTR. UEREE
T R{EZE &, MMMB Bk i i R 56 5 /R 7] K3 CMB
S BBERES, HITEIEST, 7T CMB k4
5ERZEHLEABRKNER.
3.2.1 BZ#ERTRENZHDEFOER

— P8 DL oS0y ) 2% o ) B S B R, BT AR B
PRAE B RME S T AR T SRR AR R I H A 1
HinEg T4 0-1 B(REN 2 1) B &, CMB §
BB AN, —ICE R A R Yy

lnl—in = Bo +BiXy + B X, + o0 + BiX,.

x¥:.p=P(T=1),X,X,,,X, € CMB,B,,8,,,
B FRFSHL, Fr g B H RE SRR KR
TR R R H BB THE By By -+ B HEER
BUEA ZA(CRTF 2 4N) i, R Z L2 8 EH. &
HirZE THBYEH a.b.c 3 7, CMB h HERE
B, 2028 B HER R -

T=5b
IHE)ET%G)) = B +BuX +BpX; + o + Bud,,

T =
ln[p)gTizZ)) = By + BuX +BnX; + o + Bud,.

B9 ST R R A T H R B AE
RUERBEHBREG R RBEPHER BIZ
Hy:B,=0,i=1,2,--- k, B8 EHPEHREM K
RS ERH Wald 4iit &, Bp

Wald, = (5_3) .
S, W EIE BB PR R 2. Wald ST 2 IR
HEEN 1Y 26 RERREERNEELT &
BR, B A RN RIT N p. BMERE p /N T4
SERBEHKTY a(—BE o =0.05) B, N6 48 JR
B, AEZEH R WE; R, AEZEIH &
BohE, MK BN R R ¥ p EH),
RN A B B R TR EE.
3.2.2 BHERTREHIHW LT

SR I I 18] B E AR IR 25 48 38 5 AR VT R B
CMB 1 5 Bi7ZE & THXUHNAE R EEBER
BA R EEEEAFERBRECATHMEME p
RFBEHKFERZR, WP EIE SRS p HEK
FAE B M CMB w451 AR5 #57. CMB H IR Y 2R
B 5ERARNEZEE NGRS 1T B IR,
TR R R(E p B KSR M CMB £, 4k4E
BHSEZERBASRPAESE p EXTBE
K ZE &

BT CMB Hi%E 4) KT R 5 THHXER
55, BT LA A B 5 9] (8] 05 B g 2415 R BT A
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FRPER THATEMFYR,BETRS THHE
RHEBFIHEE 2) BV HSENRBEFRPHRE
M CMB gk 58 3) R M F T ALY
B THTNSNEE, 5 TRMERERRE, T
SRB7E CMB H; %8 1) KW 5 TR
&, S 7E CMB .
3.3 EBRREBFTR

SrtZ e m EIH T, A& K CMB 48 T
IR ST A BN AMAA TS EAET
BN B, TRV EE T RN XNTF Xe
CMB\{PC(T)},YePC(T), N nd(X;TIY), N
¥ X )\ CMB 245 i CMB\ {PC(T) | HAFFES
ETFVWERES THREMLWER, FUASEED
IR KRB &, AR, 2 TH
SLHT A BRI RAW D /R RE. R PC(T)
WTCREZ LG B A S0 P g L b, LT R
BT R T A, BENEED/RTRE
CMB s [F i, A PC(T) it B L, B
A ER AL IR, I B 7E T R AT R B ep
FIAHAREE R &,
3.4 RA-MMMB & %k

T BB EHSH D /R RE2E S E ik RA-
MMMB #iR40F :

RA-MMMB & .

B BHELE Data fIEIREE T.
BT B DR K MB(T).
/% B T AR AT KRBT B R 434 *+ /
PC(T) =MMPC(Data,T) ;
CMB =PC(T) U ¢ pcry MMPC(Data,C) \ {T} ;
repeat;
LT hHEAER,CMB Y BB EA K EEE
B, #A7 B ;
Y=arg: maxy_cyp(X) s//FRENHFHFEH Wald
Gt & p HERHER
if P(Y) >a; /7o R B KR
CMB =CMB\{Y};
if YePC(T);
PC(T) =PC(T)\{Y};
until P(Y) <a;
/% ERRILBTIR */
foreach X e CMB\{PC(T) } ;
foreach Ye PC(T) ;
if Ind(X;T1Y);
CMB =CMB\ {X} ;

return CMB,

RA-MMMB R ¥ & F & 2 J5 1] [8] )53 K k48
MMMB B3RS /R R CMB F1 5 Hin%E
BARRMSNEREE , Aaed K i, 24
SUEENS R, B E R AR SRR, T MMPC B8
BEIARSERT 2 B EER T AT A,
MMMB B3k 5] ARG RIBE Y R 2 B EEN
AN BT R, HRT L% 2) KW, EMle
FE BIH 24T g2 3. RA-MMMB B35 59 815 53 A7
WEEESHIVEEMXTHNERE, AT AN
B 347 Ja B9 CMB H i) S of 7 st REAS B S /R W]
RE, 5 MMMB LM L, WA T KB &L
W, 3 B TAREZERER/DN, I T A4 I
EEEIE SR

4 EBAMEHELR

7E Matlab 7. 0 1 SPSS17 (33T, FI1H
Insurance W (& 27 35 5 ) 1 Alarm W] (&4 37
A5 ) 1Y 500.,1 000.5 000 L3R, XX 2 M4
H AN 4 {E A MMMB 3% \PCMB B350
RA-MMMB B k4 i ER SR K8, IR 3T L.
B T SEBBR A B REEE , WBUE A 2 W B R,
RA-MMMB B 3578 SPSS 34 Bk —uZ 4 mH,
MNBEAZN (KT )W ERER, RAZLESE
EP=]
4.1 F4rerg

AR PCMB ik FrfE R SCHR [ 5 ] LA 2 v
R (precision) .2 (recall ) LA K BEATZ B K BRI
FEES d R R D/RT KRB I BENFR. T —
ANEVER T, ERRERBELWILK MB(T) F4
FIEREEN LR AR EMB LM HMB(T)
HIE# AR 2091405 S2BR MB(T) 28 8108 L.

precision =

Ak iy MB(T) W3 BIEF B
FILH MB(T) R ’

recall =

Ak MB(T) W3 BIEF AR
SLhREg MB(T) KRN '

R T X ER 2 MR EBTSR A VR, E X E
Z IR RK EREE B

d = /(1 - precision)® + (1 - recall)’,
AP d RABEERER, d BN, R B LR R

B
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4.2 SEHE X,

&%t Alarm [ #1704 B 4 Frs, BB ®1 FTRX,FEEG/RAEE CMB ZH EEERTE
{ Xy, X003 X9, Xy} N Xip, X, Xog , X { IR LT D (BEMEAE «=0.05)

2(a) PEILEH. TR XX TR RES PC= (X,
Xos 1X2’X22% ,T:TE‘JEUT\EH%% MB = {X241X251X21
Xy, X, Xopt . 3 Alarm WP ELIRSE K/ 5 0000,
FIH MMPC BB EIALTHERES PC = { Xy,
Xo5, X5, X0, X1, Xy | SRR 7 8 Xps AL TF
TREAGZRT X, XX 2 M . MMMB Bk o
HIBETE D R F] Ry CMB = {Xu Xos  Xpy Xy Xy,
Xous Xy Xis, Xig, X, Xy, Xoo b, BRARIR AT B T /R W]
KK MB' = {XM 3 X5 5 X s X s Xog , Ko , X, Xy % , b
TR Xp BEND/RATRELZRT X, XX 24
T, BRI T RS REE D /RTRER.

& ®

B4 Alarm RS, BRTRARE2(2) 5
Fig.4 Local Alarm network, shadow nodes form the
structure in Fig.2(a)

RA-MMMB B3k %5 15 Ty /R AT R 8 CMB 5747
R X BB R B KR EE T TR X5 X
XXy Ko Xog , B2 G 1] 1] 5 £ 3 B R A 3
1 i (SRR BN M MR p A BB E
TR B 7R E] 5 REOF FHIRE AR, HR IR
BX R RBERAE N TRYH p HE). H
PRI AR 2 N R X T X RMEH TR
Xy B9 2 AT 5 M Xy REEIRTIABIT R
WX THRAEEHT A MEREHENTE X,
X, Xy B R X BT R X T8, T R X 2
T X BALTT 1 Xops AT i, R BB EA Xy,
Xo5, X5, X0 , Xy, Xoo } . XF IR GMHT SR BT R B
FrARAF SR, 2 BRI SR T A X o B SRR T
A, RA-MMMB 5 3% & [B] ) & & 1) 5 /R 7] K 8
MB" = {XM X5 s Xy s Xp s Xip s X % ,EEEQE(JQ;KE‘
REAF , £ T MMPC BIEGI ARG RIER X,

Table 1 The process of stepwise backward regression be-
tween node X,, and CMB ( significance level o =

0.05)

TR BRE p TR BEEE p
X, 0.945 X,, 0.035
Xy 0.923 Xy 0.030
X, 0.749 X, 0. 025
X, 0.725 X, 0. 022
X, 0.631 X, 0. 005
X 0. 482 X 0. 004

YA Alarm MEP_"I%‘,@ X19§3@Lﬁﬂ@ 5 FJT‘ZT'\‘, {X29,
X1 5 K19, X153, Xpg PR T B 3 ST R Xy H
Q?%)ﬁ% PC = {XZO’XZI Xy % ,T:TE‘JEUT\EH%%
MB = {X,,,X,, ,X;5,X55} . 24 Alarm B H %38 45 000
i, FH MMPC BB BN T3 S4E4 PC =
[ Xp, X, Xis t , SEFRBITH AL R MMMB
ﬁ%qjlﬁﬁfﬁe‘i@%ﬁ*\ﬁfﬂ%% CMB = {Xzo Kot 5 X155 X145
Xls ,X22 ’X28 aX29 % mﬁ%i&lﬂ%%%ﬁﬂ%&?ﬂ MB' =
X0, X1, X5, Xog » X295 IR SR REL T
T Koo, BRGIAT 5 X BOSE R IR T 1 X,

Bs5 Alam RS, BT AARE 3 %4
Fig.5 Local Alarm network, shadow nodes form the

structure in Fig.3

RA-MMMB BIESHBR G T /R T KRB 5 X
BATBEA G 1 EH, RR EH T A XXy Xy,
B E I EIHERE RS RNE 2 (£33
EFNRARLD). HFH R X TR X BT R
X HF9 5, W5 8 X B X R 15 X o ALY 1 Xy
BT R, BRWZERBERH [ Xy, Ko, Xis, Xis,
X5} RA-MMMB 5 3k 4 38 5 4% 1 g o 1 03k 25
BT R X s, T R X s D PSR 4 X B TSR Y
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R AR LR BT A Xy BIHRLHK MB" =
{ X505 X1, X5, X |, GERDRAREHF, Z4T
MMMB B 5| AR R R X
R2 TRXMEEE/RWTERE CMB ZFFERERDTE
(BEMATE a=0.05)
Table 2 The process of stepwise backward regression between
node X, and CMB(significance level a:=0.05)

TR BE#E p TR BER{E p
X, 0.514 Xy 0.034
Xy 0. 385 X 0.014
Xy 0.347 X, 0.010
X5 0.041 X, 0.010

%} Insurance [ Alarm [ B - %5 47 56 1 &1
P& 43 A F F§ MMMB %5 3%, PCMB & 3 1 RA-
MMMB Bik% 5 B D/RT R, TR HX 3 #
BRI R R0 A AR P 2 2 R B Rk
FREEES, BE17 AR, W 6 Fow.

Loy .
o
m 08f —=—MMMBAY A2
& ——PCMBHAY & VEFE
= —o-RA-MMMBFY £ fEZR
= 06} ~a MMM B A5 4> %
W = PCMBRY A 25
ot ~0-RA-MMMBfY & 43
4 gk - MM MBI R[G5 g5
, -+ PCMBHAY B [ 11T
Eo -0  RA-MMMB# B [ 1 25
< "‘~::-EEEEE":::::::::::::":: --------
'-'--—---—---—--._Z::::::E
=% 5 & 5"
LG
(a) Insurance RIIFE
Lor
= =B
%&E
=z 8 ~— MMMBFY 5 Iff %
= ——PCMBIYE MR
= el —o-RA-MMMBHAY A iR
w 06 ~a- MMM B £ 43
& ~+-PCM B A 25
i -0~ RA-MMMBf & 4%
©04f - MMMB R [C i 25
o -+ PCM By DR ES I 2
& XN - RA-MMM B KK K BE 25
& o02f Ry Tl
e e
0 1 I 4 5 %10
LG
(b) Alarm FI%iEE
Bl 6 Insurance 1 Alarm ¥IREREZHEER ELF
FERKEE

Fig.6 Precision, recall and Fuclidean distance of each algo-
rithm in Insurance and Alarm network dataset

ME 6 FTLLIE H , %A R B % 4, RA-MMMB
Bk EROE R E 2R MMMB B3EH
S5R M DL AY BR FRBE B 4y [k MMMB Bk /), 3=
TZELBENT MMMB H3%; i 5 PCMB Bk
e, B AR RA-MMMB L& @ R AR K, (B2 MR
B SR B TPUHEIRER REE B /D, ARBE T 78 AR AR
T PCMB B R LLAE i, BHRR AL E &
2, BR ERBR Rl AN , B0k A VT Rl A

5 HZXiE

FHTZBEH T DR REE T B, X
MMMB B3k B A7 R AT W R AT S8
RIERHEAT T 204, SR Ja % MMMB 3.3k P i f 16 55 /R
HRES BnEEHRTEL M EN, £ T HR
TR FHEALS Bin 2 & MBS REHETT
AP ST R F 3 LSBT L, D T AR S I
BB, 18 T 225 S/RA R BRI S AR
2R PCMB BIL Rk, TR — PR T
Yekut.

SR
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International Conference on Automation,
Mechatronics and Robotics (ICAMR’2012)

International Conference on Automation, Mechatronics and Robotics (ICAMR2012) aimed at presenting current re-
search being carried out in that area and scheduled to be held August 11-12, 2012 at Phuket ( Thailand). The idea
of the conference is for the scientists, scholars, engineers and students from the Universities all around the world
and the indusiry to present ongoing research activities, and hence to foster research relations between the Universi-
ties and the industry. This conference provides opportunities for the delegates to exchange new ideas and application
experiences face to face, to establish business or research relations and to find global partners for future collabora-
tion.

Important Dates ;

Deadline of Full Paper submission May 25, 2012

Notification of acceptance June 10, 2012;

Deadline for Camera ready and authors’ registration June 21, 2012;

August 11-12, 2012.

Submission Methods:

Conference Dates

Prospective authors are invited to submit full papers including resulis, figures and references. Paper will be accept-
ed only by

1. Email the formatted paper according to the . doc template paper (in . doc or . docx format) at email id; info@
psrcentre. org alongwith the name of the conference.

2. Electronic submission through the conference web site ( Click on the Paper Submission link) .

Website ; hitp ;//psrcentre. org/listing. php? subcid = 108 &mode = detail.
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