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Mining and Application of Frequent Patterns with Counting Quantifiers

SHA Yuji, WANG Xin, HE Yanxiao,ZHONG Xueyan and FANG Yu

School of Computer Science, Southwest Petroleum University, Chengdu 610500, China

Abstract Frequent pattern mining(FPM) is a classical problem in graph theory,more attention has been paid on FPM on single
large graphs,which is defined as discovering all the pattern graphs Q with occurrence frequencies above a user defined threshold,
in a single large graph G. In recent years, people have witnessed wide applications of FPM, such as social network analysis and
fraud detection. However, emerging applications keep calling for more expressive pattern graphs along with their mining tech-
niques to capture more complex structures in a large graph. In light of this,we incorporate counting quantifiers in pattern graphs
and introduce quantified pattern graphs(QGPs) which are able to express richer semantics. We then develop a distributive algo-
rithm to mine QGPs in parallel. Furthermore.,we introduce quantified graph pattern association rules(QGPARs) for linking pre-
diction on large graphs. We conduct experimental studies to validate the computational efficiency of the QGPs mining algorithm
by using real-world and synthetic graph data. By comparing with prior link prediction methods,we find that prediction with QG-
PARs achieves even higher accuracy. Finally, by comparing with the link prediction results of traditional graph pattern association
rules,we verify that there is a significant difference between QGPARs and GPARs in terms of link prediction results,and further
verify the effectiveness of QGPARs in link prediction.

Keywords Quantified pattern graph,Frequent pattern mining, Distribute mining, Quantified graph pattern association rules, Link
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R AR EE 1L, X BWES 2 683 T E G A i
% QGP, EAFAEAR MR 0 i 2 iy 5 — A 2 Prdi
i
4,2 SR QGPs ZiEE %

A ICE X DQPM [, 32 i1 T —Fh 4 A A8 T 19 IR 47
F: DisQGPM, i3tk 1 fivR . Bk E el TS
“JRFB VAL AAZE G AR AR IS 1155 5 SR 5 i 2 U0 A
QGP, DisQGPM i it 5% ] — /> Ak 31 2% 1 & 13 94 £ (Coordi-
nator, W) Fll— &4 Ab BE &8 /5 S T AE ¥ 5 (Worker, W,) K 52 81
TR, FoCK R Bk,

DisQGPM ¥ — A4 i KB G W5 FI K& F={F,, -,
F, ) /N R BE BB « VB i A JF g th — iR T, T @97y
MAERE R ITA B E QGP Ak, FiZHIED . W 5W, 2
B8] A7 7E A7 2 B AL HE IR B T —Fh SR AT R R, B
TENAE BB AB XY R, EA M NAET . F B
AR AR5 4 TAES R L #E . Bk UL, Uha 8 W, 5 2 m
A LAER SW, T3 e A, X TR E s o, 8 W,
5 LW, R 3% 9, 1 I8 18 3] 35 510 R AR 22 (L= (3)) L it 1)
AT AU ECAE L, FB IS, T s X 3 KEE,

DOAEW, [ RHIR fre(F, .2, HEEXNT .

fre(2. ,F)={(u, |[MNIcol ) D u€V, ,uu,} (3)

2) 9, i R 2 TEW, TR EET, .

3O AEW, Yy HE LV BEG [ 2, T HE 4L VT L 2 — 41 B AT 45 0k
TCE G, ) BT A% X B Cus o) FARTEAY X F Ab R A7 76 5
WA w YA H VT BT L (B 76 FHoAth 43 X F] BB 23 A7 7E — AR Y
VERE 2 o A7 OC M 480 D JBE 11%) 48 735 K 78 5 SCud i .

EX 0T Y MG MY ) ERAE Y Rt
MR — YR BT — AN R S WRR IR R Dy S
i (outer edge) XY NFIMY ., EIXY RILATIABM
WA RABPAT SEAATE T IR ED W AR %Y L
i (Ginner edge) . IZY R A MY R, BT M Y R MG
]9 R A AR A SR 523 T DL S % SCik[32],

B F kA48 DisQGPM ik H A sk 1 R .
&£ 1 DisQGPM / * TE A A WAL AT * /

A G EIEAE F={Fy - Fo) /N8 BB <

il IR QGP WIS

1. initialize St): = @; Sleml:i =@ Tr =03 L: = Q;P: =Q; R: = Q3
flag: =false; T as an empty tree;

2. S*"J‘ = U i€[1.n] SnuJ ;SL”""J: = U i€[1.n] SnL”""J B

3. remove Q from SEJif Sup(Q,G) <<t;remove 2 from SHenl if Sup
(2,G)<<t;

4. Tyt = StarQGPGen (SH*™, o) s update T with Ty /% j= A4 5l %
Star-QGP, JF BB AL T« /

5. while(flag7true) do

6. L: =PatGen(S'), T);

7. P: =PUPatMiner(L, T);/ * EREA TAE U si Wikb $AT = /
8. R:=SuppEva(L,P,T,0);

9. if R#Q then

10. update T with R;update L,P;

11. else

12. flag: =true;
13. return T.

WAL AR I T . DisQGPM B ¥ itk — A 2 % .
B St T I8 ST A TR TR L SN A A B IR 1Y
A ED EGS " HF i #M % 1-QGP; 4T, . L, P fMR
HTE kPR gs R — DK B flag F—"D=# T 535
F T4 while fEHF A RRASERGE 111 . &5 DisQG-
PM $if7 &R E 5 4/ 1-QGP W4t G 2 1), &
WL, WA 45 W, AT R DA L T AT S5 45 W, 4 24 3 A
K EH 1-QGP W R H AR . Z 5, & W, B R #8453 09 48 11
SRR RBIW. Bk L Ry FR AR A 2 W AT A R S HE
THEL L I 43 S A SPT R ST B Bk SRR AR T o B9 B A =
5 1-QGP(% 3 17). # T %, DisQGPM i i 4 J& 45l % 1-
QGP A e — 4 45 % Star-QGPs(Z % 5 L 9), I fli fl iXx —
N E Star-QGPs WH BN T, B T 1Y A1 sl 5 X P —
A EARH QGPUE 4 7).,

A% QGPs R AR T . fEX 4B B, DisQGPM JX
AN R QGP HRIEE 1M T, Bk e
BIZPATGE 5—1241).,

1A — 5% A0, DisQGPM 1 56 I8 & ¥ PatGen 4 1§
— R R LI L TR TA TR AW, 2
Ja W B AEAS 30 8 JH F2 J# PatMiner 47 R #4298 (58 6.7 47)
TEAMAZYR Z 5 - FAW, % B W, K% BT 0 3 280 R
58 . /5. DisQGPM #4 J] #2 ¥ SuppEva R IFAGE S L
B3 QGP MY S RF B I 4 Hoh A B ) QGP iE SR 7E4E A R
(8T, WRRA = MEHBEAR T, ZEHES LA
PR LOOT T — W5 WL A flag BN true  FROR
while 7 ¥ 45 9, B2 B 455 1k .

&£ 2 PatGen/ * BEBRXAMW * /
N B B P AR A St R T
i A AR L

1. initialize L: =0 5 T =D pp: =0 ;
2. Ty =T. getTopO ;

3. for each pattern 2 in Ty, do

4. if 2 does not contain an inner-edgethen
5 Pr:=PrU{(2} ;
6.L:=LUFWExt(Pp,Sl) ;

7.L +=LUBWExt(T,,S*);

8. return L.

BEREAL A R AR T . B0k 2 44 TR AR = A A
1 J7 . PatGen i i3 F ST Hp i) 5 % 2 ih A 1B R B R A3 T
U T T0 2 (9 50 B QGPs, 4 ik — 41 1 3% QGPs. H ik
Ui, PatGen 501 G A6 JLAN 28 5 5 id 5 QGPs 77 4 1t 72 119 o
&5 5%, I BRI T T T2 A % QGPs T8 T4 4 T,
O 1—247), T, MY QGPs 8 T IS L2109 B (55 3—7
1) o BHRH T, T & N 1 1 B80S T R R4 G P
SR 5 W FWExe Xt Pr B9 QGPs 87 10 97 J, 96 H
BWExt ¥ T, H 1 QGPs 5 ¥ R, I J5 iR M 25 3R 4E L,
TP AN R D FWExt Ml BWExt 4 & 5 78 & X 10
CLU6 B, PR B AR I T B Y 5 2) O T R SR A e 2 TT AR
K QGPs.# —A> QGP W& Wil , B ¥ A FIE M FRimy .
Bilhn 2 x5 B3 T O, BEATHT M R W & AR 5 ZATE &
FEAE L 25 MR QGPL X 4R 2 TUAR 3 3) 8 T bt f
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7 A AR AR 2 T 2 8 A i A SR I TR A G T A 5 vk ok

AEBEL AR B 2 B, WK S I FE

....................... DllsA(Z) PRG ) PRG @ DBA
Frequent Edges PRG  PRG() PRG) DBA  DBA PRG (2)
PM—BA PM PM —- PM PM -5 PM PA
PM—DBA | N N I I |
PRG—BA BIA BIA DBA BIA DBA BI.—\ BIA BIA
PRG—PM ST ST ST ST ST ST

ST—BA Loy, Zan D 3111 Za11 D11 25111,

Frequent 1-QPs 4 4 DBA  DBA
PRG—PM(2) DBAR) i PRG() PRGD)  prG(3) PRG® pRG @ _DBA
PRG—DBA(2) ! b (3) ! ! I [
PM—PRG(3) PRG PRGT PM PM DEA PM ---> PM PRG )

—PRG( I I |
DBA—PRG() PM IM - BASSSEA PM BA BA -PM
"""""""""""" BA Bé DBA ()ST ST BA ST ST BA
D311 Zs1, Psa D321 Qa1 Zs11 2’511 ,Q:u/
4 4 4 DBA
! ) ~a - ! ~ a
py|v1<2> D1|3A(2> PRG 3) PRG ) PRG 3) PRG ) DBA
PRG PRG PM DBA PM (P}}G ®)
DBA PM DBA PM BA PM
\ gll ; 562»11 Sy Q.{l ‘g/S ” g/»!l ~ :QSI -QSZ ”

2,PRG—PM(®)  2,PRG—DBA(?)

2,PM—PRG ()

2,0BA—PRG®)  2.pM—PRGO)—DBA

3 ARk A A B T 7 Wk R 1D

Fig. 3

&k 3 PatMiner / x 7E4 TAEW SW, HATHAT */

B G — A EE R st LB T

Wit A H

1. initialize an empty map H ;

2. for each candidate pattern Z.in L do

3. identify a parent 2,' of 2.in T ; Iy =0 ;

4. for each match G, of 2." do

5 if G, can be locally extended as a match of 2 then

6. M2, Fr =M(2..F) UG} ;

7 elseif G can not be locally extended as a match of Z.then

8. L =1, U{(G[2.]} ;

9. send I, to other workers;

10. update M(2.,F;) by including matches received from other wor-
kers;

11. compute fre(2.,F) and 1q (2., F) ;

12, H(Qu? =<I4(2.F)  fre( 2., F)> ;

13. return H.

AHIZEIE R AR AT . WEE 3 FrR, 7 R g
B L RS W A LB 48 B AR S S W, W R
- PatMiner #F47 A< #1925 . PatMiner AR M 3 #IEF, S
L BT 1E R A B R0 R IF R #3238 . PatMiner & 590 IR
A H T 4445 5 180 2 i J0 42 3 19 9 A b 3% DL K
HOIA AR EMICEC (B 1471, Z G X L i A A4 i e 855X
QAT R 2—1247) . B AR BL, PatMiner #% 16 £ 42
QAT hpy AL AR 2,7, 2 76 2 57 T4 3 04 U e ke
B T 209 SRR BEVEAR 2 5 BRI — A B L H T s 2
MR RIVE L B 2—3 47) . X F 2. 9 F A PL LG, , PatMiner K
B G, A A A LAYE Y i s PR 2 i — AN IS ERG, IR G
FETE A O A H VL AE M (2, FO (B 4—6 11)
0] PatMiner %5 A= 8 — 4> 1 400 UC B GL 2. 7. 945 H g8 A i 40l
VCECEETL, PP (55 7—8 17) . fE92. i fr A UL it # o kb P 22 )5
PatMiner $f I, & 3% 25 HoAth T AF 3 2520, I B[R] B 422 050 H At T4
Sl AR 3% A Sk 1 R AL DE T L SR 5 BEORT M(9, . F) (5F 9,10 11).,
TS AR R Z )5 4 TAE UG s B B e A = 2 76 A i) —
43 VE AL , PatMiner 7158 H 9, A JC & 1) 35 45 78 A o 45 09 JB 3
Wi fre(2. ,F) It HItHE M w41y sl B4R T, (2.,

A tree T showing the hierarchical structure of candidate patterns

F) L. ZaM L, (2., F) fre(2. . FO) X H(2.) #4790 1 1k
B 11,1247 ZEXT TR R B0 04T P AL 2 )5 . H 1R i
LZE R 1] (5 13 47) .

@7 W 2 R .4 t=2,DisQGPM R H T — 4t
PREW M —H TAESE S W, W, W, W BRI ER kA S
AW, B H AR S B R 1-QGP 1Y Jm 3B AR 3, 4R JR 4 1 R
B A AR % 1-QGPL WA 3 Fias . IR HE N I 5 R m [
G Y3 % B s B X R R % 1-QGP (S HF FEHE AR F 2) .
X W A B0 R AL £ A S Fn St | B R L DisQGPM 38 JH ik
2 StarQGPGen, #) J 45 2 1-QGP 4 i 4l 2 Star-QGPs, Uil
9 — 95, % Tk ,DisQGPM Vi F #£#2 PatGen, ¥ B A [ 97 )&
FVG 1) 5 J 1 5w A= il — A A e B, ) N T Star-QGP
Dy W3 2 4 B R X 2, AT R AR T L=1{ 2,
Dapho B 3HIT 4 BWA TR W AR MELE QGPs, H b
FRic R i (00 QGPs 2 AW B K CERFE/INT 2, a6k
2R 155 3k Fe o BEIR T BR A S R OF SOK T RN 40D .

B QGPs PUNM AR AN T . BB 4 Fros , 16 3R 1545
WRE L MEESS TR SNERITEEREP 25, i
#EW. 8 FH 2 7 SuppEva K iR % L o oY BT A 5 % QGPs.,
SuppEva ¥t L, P.T Flr fE A, TAETT WM T . BEH LW
Wik — A B D, Py oresult fIT, (55 1 47) . FF P47 450 %
QGPs WM 5 2— 10 47) . B AR UL, XFF L 1y &A%
R D, , SuppEva WS P iy Rt 9 78 & uli 519 # K AF
B, fre) IR HEEA T, T (5E 3—517),ZJ5 SuppEva
WP GlobalEva KITH 2, &/ XFFEGE 6 17, HikH
MR IR Z G WH Sup(2.,G) =7, M 9 4% W A 45
BAE result P, W TV B RS GE 7.841). 4 Sup(2.,G6)<<
o (A2 MR K T 2, SuppEva W8 HI # /¥ CQdec 3£ 8 /)
9, {3 3 KN IE K I U S R B R QGP A E S D b
(59,1041, Y L i A 1Y QGPs # 8k 4L ¥R )5 , SuppEva £
HDRBRNEWE DA s, WK =) 54 B A AR
il 5 FE AR A 3 5 AL B R PatMiner #E 1T A #1248 .
Z J5 i F AT SuppEva LLiE — 25 5040 % QGPs, 1 B ir
FAEN QGPs BRI, 5 2R W 45 R AR result (55 11—
1447,

230100041-6



PTG - 45 031 ik A A S IETZ i B R

&£ 4 SuppEva /* H.DUuiES AT %/
WA AEEBIAE LS PO TR/ R <
AL A A QGPs &S

L. initilize D: =@ Pg =0; result: =Q; T =03

2. for each candidate pattern 2. in L do

3. for each map H in P do

4 retrieve (I fre) from H(2.) ;

5 Ti:=Ti Uy fre);

6.  GlobalEva( Ty,92.);/ * 2R SCHFEETEAL * /
7. if Sup(2:,G) =1 then

8 result : =resultU{2.} ; update T;;

9. else if Sup(2.,G)<<t and CQ>>2 then

10.  D:=CQdec(D.20) ;

11.if D# @ then

12. Pyt =PyUPatMiner(D,T);

13. result: =resultU SuppEva(D,Py, T, 1) ;

14. return result.

JRFEAE IR AR AT o X T M g X 2 SO R
2. M9 B —AVLRLG, R REAE S TAR W s 4 R 2 iy IE e
. GO BR Ry 2, 19 38 43 DT B, % 33 155 00 5 it F 7 G At 38
N HE B G Y R H 2 U EC, B I 7 B2 42 Js) 1 B X% DT
BLFATIE . M AT AT —Fh B T R E AT 0 ik B
(NI A

BT X L ) B, AR W A B — S 2, 1) 0L DT Y
GL2. TR GL2 1 5K 0 — 8 % 2 B 5 Al TR 46 45
GL2. JHE X

GL2.T={(u,® €V, 9=V, ) U Cur) [« EVAV.}
Heo V. VRV 3R 9 MG, T S 2 JE— 7
BLRRO P M TR IR, T AR 9 RV
—AFERE o« TR A N RS- R . E uh
AR LM o BE 2R,

76 5 A T PR 3 5, 58 4 0L DC B 4R 2 U5 L R GL 2. T
B9 AR S BB W AR il A LA B Y AR S Ak U A T
TER W A O MBI AW IC AL M (9, FOH, K5, &W,
THEAB AR O, TC A 3R] Y AAHU AR R fre (O, F) Rl 3 18] 29
AT A AVEHELL, (2 Fo) R W A R AR AW, .

B8 4k b —A0 T, HEW, B R 2, 5,18
AP PatMiner 1851 T Oy EBLTABW T b 19 52 2,1 B K
Doy TEW 5 AL B AR HLDE L G 2 { Cog 5010 5012 ) 5 05 509 } 5 G+ { (g
V1o 2012 U7 Vo )2 G+ {C0s 5 010 s 012 ) s Vs s 04 s G 2 { Cug 5 010 »
vi2) v v ) X AR B MR X 4 ADNIERCA A ST 3 A
Doy VT S 7 Wl b N AF T FE, AL R SR TT A . RS
PatMiner F| A 3X ££ UG fit 2% 31 5% 2.0, 6 W, 19 DT BL , 28 3 76 35
G M Go 72 A T Doy WIEHEL : { oz s 105 012 ) 5 U5 5 vy s U1y | A
{Cos 010 0120 507 509, 011 b o BT Gy MGy 1A R0, ZTEW, A0
SR S, B ZE W, AN BB L A B A9 D C L X O RN B K
B A Rt DR, AE WL Ab 2 7R A P AN R 4L DT T
{ Cog 2010 s 012 ) 505 s 0y ) T Cug 5010 s 012 ) 507 s 0y ) » Z S Pat-
Miner 3 ¥ 4~ 5 $4 VS lic & 3% 2 o, J7 76 19 T 0F 3l s 3647 3
Jig , IR W, ALK Wi B W5 K 3% 19 K 380 IE B5E{ Con s 012 ) s o1 s 05
b A DU UE 3X A 5 $00 U B 26 W, R RE T R 8 2.0, B TE B,

7 42 T 52 42 W 3 A4k 4BLUE i 22 )5 L PatMiner 8 1 5L b oG
i) T S AR MR % { (PRG,2), (PM, 1), (BA, 1)}, I ¥4 H
& ) s A5 S A VC L { Coy s vio 012 ) — 8 K 25 B P 78 28
W.. WRBIEW, k%M {E B . MR P SuppEva #1748
oM IR A % QGPs.

5 EWEENKXEMNZIEE N

£ QGPs ) — A1 F A 17 $2 0 T fi Ak B A X 56 R0
M ( Quantified Graph Pattern Associ-ation Rules, QGPAR),
FH T & I v SR Z ] (9 SR HK 26 R, 45 1) S 4 28 I 445 v v
IR SRR

EX NMOELER RSB M, QGPAR) 15 % 5 3k
(32w 7 SCIRTASE =R 00 A [] ) JBL 3 L A SCHF QGPAR R & X
R0, —9, I, Ko, & —4 QGP, 9, & % il A X F
AW BRI A 8 . B3 MR 2 M2, 8 R 158 5 s 4k,
HUN R F8 K G i SRR AE 2, B KIG 1 [ # e 55
he s WAl BEAETE 55 — A N2, 8 T EG, (WGt b, 545 % F 44
W €V, NV, W E R, W RG, i S v, A ER
Blh, W H BIG, A R — 5 & o, W TF—4 QGPAR R, A& 3CH
oA RON T 0, R Y R 0,45 B AR B IR0 Ok .

PR 1o A% g5 i B 2 G M (GPAR) & QGPAR 1
FRERTE O B3 EC 1A Ry 1, A7 A B IR B R A Al £
BT QGPAR [ S, T RE S5 i 7K 58 2 5 A 2 SR,

SRR TR QGPAR R MM K 9k . QGPAR R
B9 ST REREAE SR

Sup(R.G)=Sup(Ix.G)

AT BE A AL GE S BRI (Y 5 1F B B R QGPAR R
T R E AR E L
Sup(Dg ,G)
Sup(9;,G)

ARSCHESE B QGPAR 5 W &2 : 1) 9 s 2 R 2, J2 % 38 1Y 5
2)9, M2 JEAEAS 1 :3) 9, M2, WA AT, BN, B 4(a) ETE
B 2 Z B —4 QGPAR, % /RN R:2,—~2,, #iFH
BT RO, AT L R R NE 4@ AN 2%, HE S H
Sup(2,,G) =3, [F ¥, % TEG FAIVCHE N {vs» Cogsvr 007 ) s
oy b 0y s Cog s vag s 07 ) swg ) s W Sup (25, G) =2, I, R Y
BlEE Conf(R,G)=%o

A 4(b)F1 % T Fifh QGPARs (R B 5. Hob ALY
SRR B P RA LTS G ELER. N
XL AT DLE H QGPARs IEH .

Blo DAWLHFERALME THBERE . R £
LR X ST — A8 R AR, OF BAEM I L T a m
MAEEYIF AL T —k Ll A X, BHERROTTEERLT
Xk L,

2) 7] LR 5L e A T 4 v OR ] SR Z ARG B R L R,
RTXFIHTm BY FHME. X m BEXIHT —F
Z 71 e 30, AT LRI X 59830 Z Z A KAE SR WA RS

QGPAR At BN 4558 — M % QGP Q) Mz H
mFHE B EREHAREN Huw) U2, =Qi N2 (AT
wo) SIRJE AT LR HLR - 9, — 9, o AR SCHG I A T 2 S 45 5 A

Conf(R,G)=
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75 A 2 I L 1) R K A A R

") HE By
e/ m\H -
D\ e/ ™\
q D A\ D h .0 q-,°h
AN T =
DBAN_PRG / PM D.BNPRG/ P
O N X
aiby 9, O an, !
PRG SC_PRG_~
l 3)
........... @ DBA — PRG _— PM
& fog ~—__-~
DBA PM = <R
(a)QGPAR R: 21 —>2,
¥ follow 7 (m) ¥ cite Y(m)
~ ) ~
S ~ > ~
~_b i
inJ > \u\y J buy S \Cl\te l cite
~ ~
~ ~
Sa Sa
music club album A
Ry Ry
(b) QGPAR

B4 b R SCIBR ) B )
Fig. 4 QGPARs and two samples

6 LBWERSHN

e PR S PR B A B B PR A SClE AT T 3 A S
PIPPAl . D3 DisQGPM 19303 ; 2) QGPAR 78 K 7 ¥ 5 &
A B B0 P e 5% 2 YT 00 ) 9 9 1 5 3) QGPAR 5 1% ¢ IR B X
KL (GPAR) By 8% 12 10000 25 5 1 22 S 4k«

AR SCR 4 B SRR B0 BB R 4 R 0 A IR
MR n A TAE S, B AR EMRERIERE N
Centos7. 6,CPU 4 x86 32 # 2. 0 GHz,128GB £,

6.1 SCIRHIE
AR Rl TR 4 P 6 DEUEE B IEE R
A AL BRANT

1) Lasftm_asia: 1% #0864 & LastFM P 48 5% 09 4k 28 W)
%%, F 2020 4F 3 H AL APT AR csE . 39 502k A 0 E R
B LastFM F P B 4R B AT 2 8 WA 8 B & 55 &R . R4
FH P 8 R 2 AR SRR BT SURRAE . i H AR R AE IR A RS P
i R/ M X B

2) Facebook : 1% $ 4/t % & Facebook W 1 Y 3% . F 2017
AR 11 ANASE APT i 88, 7 5 FR R TUIE L i 2R T 2
BIEREEE R . T IR IR B0 42 00 R & A 19 SRR I B 45
PAT St Bt ALt 55 6 R0 0 A7 A 28 B A 0, s 25 A i DA e 3
Gt

3) Mico: % EUHE 42 %t Microsoft & VE {5 B F 4T # 4L, 3¢
HA 10 J5 A5 SR 100 J5 41 19 JC i e 2l B . 3 AR R AR
# IR VR B A U8 AR AR Z RS
HFRA A VEE SCHBUE . Mico 3 4 J& Elseidy!” M Aca-
demic. research. microsoft. com JEEH) AR # T ER

4 DBLP: Z #4852 /& DBLP $U48 2 i SCE S SRS
B F TS RN SO RS T I bR 25 A A & BT E I 22 R
U RN WA B Z A A VEIE R I MR 2 S W A1
B2 AVEMRE. W R BOE AN A T SR i bR
25, TR UM B AL 2t X R 0 A R 2 P R N A 2 43 A RO 1

5) Amazon: %50 £ 2 W T3 3R A R AR B, T AR
TR L3 g RN W SE R I (R I SE R T AR AR
AT A TD, i T RS B 4 LR T R bR 4%, IR AL 3
X A AT bR A TR AR 45 43 A RO i 7 43 AR

6) AstroPh . B o 8 38 28 K AR ) B~ 28 ) ) VR 2 18 S0 2 )
BB EME . RIS S 5B Z BTG C &R W Z
P& B Gk,
F4 SR R i

Table 4 Description of datasets

A% EBE  ERAEKE  #HHE  AREHE
Lasftm_asia 7624 49 27806 1
Facebook 50515 33 819306 1
Mico 100000 29 1080298 1
DBLP 425957 65 1049866 1
Amazon 334863 30 925872 1
AstroPh 18772 50 396160 1

6.2 &% DisQGPM Ky BB 5

ARSCPAL T B9k DisQGPM B 1 B, 43 51 S 80 T 7E 4
HE T 500X T 2SR, IF 7 Lasftm_asia,
Facebook; Micos DBLP, AstroPh 1 Amazon ¥4 4E F fi 7 %t
H S

5Ca) — & 5(D R TIEA R B RN F Lk E T
B 425 4 O TR 1 68 Bl Sy e /DN SCHF I « U VB D B R Y
iz 471 [8] (RunningTime, RT) , H: # DisQGPM (n) 75 Dis-
QGPM B ¥ B AE n A TAE £, DisQGPM(1) £ 75 DisQGPM
By & th A

DAL B . A SCEEAS [ (9 50048 4 b s /N SR «
WE T ASEERE B 7 Amazon B0 5 F « UL 1 X10% Ay 18
B 3X10° HEKF] 3.4X10°,

TE LR ASE n R 4 RAEMB LT BN [l g5/ 32
BT s ma RT, 45 R WA 5 — K- 5D i,
& 5Ca) — & 5(D &5 th T 7E 6 A A [ B 4R F 33 47 B T i
NSRRI R R, AT LA B DisQGPM fE ¢ B NS LT
FTEFRWIB T H], X W B A7 7 E IR £
MR M H DT L, B % dw /N SCHFBE o B K I8 38 (RO
A G BE A F A 2 R D (B ) o B ORE R % T A kAR
TRFFFRE R BT B AT — AR R N R (B BT . 1
A AT A B AR LA

DB T AR K n. B 50 —F S(HOBAH T H—4
KHEH R BT ESH n, B 52— B 5(DHLT
[l — /N LFERE « FIFATE S8 n XFPERERI M, (1) 24
P RLA 452 /N B, 4 v ZCBR BT 9 4% B8 M BE TT R Lb 7E 43 A6 20 BR
Be P PR RE T A AT 5 Ca) BTN TE S /N SRR BE < AL, AH
. DisQGPM(4) Fl DisQGPM(2) , £ H R R A DisQGPM (1)
RTIH THLFRERE . (ORISR E D 2 E w8 &
B T AR ol A CRE B 28O 8 22, DisQGPM Jif 5 1Y 3 17 i) 18] 5 4
R DisQGPM 8 i 47 7H B8 T e R R Es . filan,
ARICEE T Mico M /NEFJE N 2. 35X 10° ,DBLP B fie /)
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Table 5 Comparison of prediction accuracy
(AT %)
Amazon AstroPh DBLP
Top-k(Acc(R)) Top-k(Acc(R)) Top-k(Acc(R))
10 20 30 40 50 10 20 30 40 50 10 20 30 40 50
QGPAR Gain 83.4 81.1 78.6 75.9 73.7 92.9 93.3 93.4 92.2 83.0 90.9 90.1 88.9 86.9 83.8
Interest 79.1 76.9 76.8 73.8 71.7 92.7 91.9 90.8 90.0 89.7 91.5 86.1 86.1 85.1 82.7
Top-L(Acc) Top-L(Acc) Top-L(Acc)
50 100 150 200 250 50 100 150 200 250 50 100 150 200 250
Jaccard 43.5 42.5 43.6 43.4 42.0 56.5 43.0 43.0 33.5 27.0 47.0 49.7 48.7 48.4 48.1
SimRank 18.0 20.2 22.1 25.2 22.4 13.0 14.0 13.8 17.7 21.1 73.5 44.2 31.0 23.6 19.6
AA 46.0 45.0 40.7 30.0 35.6 54.0 64.0 70.7 71.0 68.8 56.0 51.0 50.7 50.5 46.8
RA 44.0 38.0 36.7 39.5 36.8 56.0 69.0 74.7 75.0 74.0 56.1 52.0 53.3 49.0 50.4
HDI 50.0 35.5 31.3 29.5 31.2 32.0 25.0 30.0 22.5 18.0 48.0 53.0 49.3 50.0 50.0
CCLP 47.9 41.5 40.3 43.0 38.5 58.7 71.2 76.0 77.3 75.8 61.0 55.6 55.1 54.7 51.5
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Table 6 Jaccard values for predicted results of QGPAR vs GPAR

CHA 2 20
Amazon AstroPh DBLP
(Q1.QY) (Q;.Q3) (Q;.Q%) (Q1.QY) (Q,.Q3) (Q;.Q%) (Q1.QY) (Q;.Q3) (Qs.Q5)
Jaccard 43.9 45.3 27.8 8.3 13.5 11.3 25.0 33.4 30.9
100 722 GPAR 10 222 GPAR 100 72 GPAR
2 QGPAR "1’ 3 QGPAR
80 1 80 ‘ 80 1
g w gl |7 g w
5 g [ 7 g
O 40 7| | S 40 ‘ i 1 O 40
A1 ¥ 1
;: 1 Y ‘ Z )
20 E 1 20 ‘ i il 20
¢ 1 Z)
0 il LA :
2 3 1 2 1 2 3
Amazon AstroPh DBLP
(a) Amazon dataset (b) Astroph dataset (c)DBLP dataset
B9 LI 5 BE X L
Fig. 9 Comparison of rule confidence
HRIE AR T B (QGP) I 4 aY 7] 8, It graph search[ ] ]. IEEE Transactions on Knowledge and Data

P T —Rh o A R T B2 B A —DisQGPM. %A
HERICT “IEATIZAR” 5 JR AR T Al 7 AR 45 5 19 SR I e S 431 2%
QGPs. AN AN QGP AR A SCE 42 T A BB G
BRI CQGPAR) , B AT LA 41 38 SE 1A 2 [ B 42 Z% i O &R 47
A, RS AR SGE S S R E T 5k RO M AR A R AT 4
JEAE

T AT 0 P A ) A 5 479 A 1 2 B B R ok T
PR SRE T ik i b J B 2 A998 b L X PR i 2 A
— BT T 4R T 58 0k 028 A7 R B FTOBE T R R ok T AR —
i1

2 % X
[1]

FAN W F. Graph pattern matching revised for social network
analysis[ C] // Proceedings of the 15th International Conference
on Database Theory. Berlin: ACM,2012:8-21.

[2] FAN W F,WANG X, WU Y H, et al. Association rules with
graph patterns[ ] ]. Proceedings of the VLLDB Endowment,2015,
8(12):1502-1513.

[3] BAPNA R.UMYAROVA. Do your online friends make you
pay? A randomized field experiment on peer influence in online
social networks[ J]. Management Science, 2015, 61 (8): 1902-
1920.

[4] Nielsen global online consumer survey [OLJ. https://www.
nielsen. com/wp-content/uploads/sites/2/2019/04/pr _ global-
study_07709. pdf.

[5] LIAQAT M,KHAN S,YOUNIS M S,et al. Applying uncertain
frequent pattern mining to improve ranking of retrieved images
[JJ. Applied Intelligence,2019,49(8) :2982-3001.

[6] SONG Q,WU Y.LIN P,et al. Mining summaries for knowledge

Engineering,2018,30(10) : 1887-1900.
[7] ELSEIDY M,ABDELHAMID E,SKIADOPOULOS S,et al.
Grami: Frequent subgraph and pattern mining in a single large
graph[]]. Proceedings of the VLDB Endowment, 2014,7(7)
517-528.
[8] TALUKDER N,ZAKI M J. A distributed approach for graph
mining in massive networks[]]. Data Mining and Knowledge
Discovery,2016,30(5):1024-1052.
[9] KAVITHA D,HARITHA D,PADMA Y. Optimized Candidate
Generation for Frequent Subgraph Mining in a Single Graph
[C]// Proceedings of International Conference on Computational
Intelligence and Data Engineering. Springer, Singapore, 2021
259-272.
[10] LI L,DING P,CHEN H.et al. Frequent pattern mining in big
social graphs [ J]. IEEE Transactions on Emerging Topics in
Computational Intelligence,2021,6(3) :638-648.
[11] UR REHMAN S,LIU K,ALI T,et al. A graph mining ap-
proach for ranking and discovering the interesting frequent sub-
graph patterns[ J]. International Journal of Computational Intel-
ligence Systems,2021,14:1-17.
[12] ASHRAF N,HAQUE R R,ISLAM M,et al. WeFreS: weighted
frequent subgraph mining in a single large graph[ C]//19th In-
dustrial Conference Advances in Data Mining-Applications and
Theoretical Aspects(ICDC). 2019:201-215.
LEN T,VO B,NGUYEN L B Q,et al. Mining weighted sub-
graphs in a single large graph[J]. Information Sciences, 2020,
514:149-165.

RAY A,.HOLDER L,CHOUDHURY S.Frequent subgraph

[13]

[14]
discovery in large attributed streaming graphs[ C]// Proceedings
of the 3rd International Workshop on big data.streams and he-

terogeneous source mining: algorithms, systems, programming

230100041-11



Com puter Science

HEHES  Vol. 50,No. 11A,Nov. 2023

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

models and applications. New York:JMLR,2014:166-181.
ABDELHAMID E,CANIM M,SADOGHI M, et al. Incremental
frequent subgraph mining on large evolving graphs[J]. IEEE
Transactions on Knowledge and Data Engineering, 2017,
29(12):2710-2723.

BRY F.FURCHE T,MARNETTE B,et al.SPARQLog:
SPARQL with rules and quantification [ M ]. Berlin: Springer.
2009:341-370.

AMER-YAHIA S, LAKSHMANAN L, YU C. Socialscope: En-
abling information discovery on social content sites[ C]// Fourth
Biennial Conference on Innovative Data Systems Research. Asi-
lomar, CA:CIDR,2009.

SAN MARTIN M, GUTIERREZ C,WOOD P T. SNQL: A so-
cial networks query and transformation language[ C] // Procee-
dings of the 5th Alberto Mendelzon International Workshop on
Foundations of Data Management. Santiago: CEUR,2011.

LiIN W Y,ALVAREZ S A,RUIZ C. Collaborative recommenda-
tion via adaptive association rule mining[ J]. Data Mining and
Knowledge Discovery,2000,6(1):83-105.

MAHFOUD H. Expressive top-k matching for conditional graph
patterns[ J]. Neural Computing and Applications,2021:1-17.
BLAU H,IMMERMAN N.JENSEN D. A visual language for
querying and updating graphs[ J]. University of Massachusetts
Amherst Computer Science Technical Report,2002,37:2002.
FAN W F,WU Y H,XU J B. Adding counting quantifiers to
graph patterns[ C]// Proceedings of the 2016 International Con-
ference on Management of Data. San Francisco: ACM, 2016
1215-1230.

FAN W F. Graph pattern matching revised for social network
analysis[ C] // Proceedings of the 15th International Conference
on Database Theory. Cambridge, MA:IEEE,2012.8-21.

QIAO F,ZHANG X,LI P,et al. A parallel approach for fre-
quent subgraph mining in a single large graph using spark[]].
Applied Sciences,2018,8(2) :230.

SENTHILSELVAN N,SUBRAMANIYASWAMY V,VIJAY-
AKUMAR V,Et al. Distributed frequent subgraph mining on e-
volving graph using SPARK []J]. Intelligent Data Analysis,
2020,24(3):495-513.

WANG X, XIANG M, ZHAN H, et al. Distributed Top-k Pat-
tern Mining[ C]// Asia-Pacific Web(APWeb) and Web-Age In-
formation Management(WAIM) Joint International Conference
on Web and Big Data. Cham: Springer,2021:203-220.

HUA G,ZHANG J,CUI L,et al. D-colSimulation: A Distribu-
ted Approach for Frequent Graph Pattern Mining based on col-
Simulation in a Single Large Graph[C] // 2020 IEEE Interna-
tional Conference on Services Computing (SCC). IEEE, 2020
76-83.

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

SAHOO A,SENAPATI R. A Novel Approach for Distributed
Frequent Pattern Mining Algorithm using Load-Matrix[ C] //
2021 International Conference
(CONIT). IEEE,2021:1-5.

YAN D,QU W,GUO G,et al. PrefixkFPM:a parallel framework

on Intelligent Technologies

for general-purpose frequent pattern mining[ C] / 2020 IEEE
36th International Conference on Data Engineering (ICDE).
IEEE,2020:1938-1941.

FARHAN HUSAIN M, DOSHI P,KHAN L,et al. Storage and
retrieval of large rdf graph using hadoop and mapreduce[ CJ //
IEEE International Conference on Cloud Computing. Springer,
Berlin, Heidelberg,2009:680-686.

BRINGMANN B,NIJSSEN S. What is frequent in a single
graph? [C]//Proceedings of the 12th Pacific-Asia conference on
Advances in knowledge discovery and data mining. Berlin:
Springer,2008:858-863.

WANG X,XU Y,ZHAN H Y. Extending association rules with
graph patterns [ J]. Expert Systems with Applications, 2020,
141.112897.

RAHIMIAN F,PAYBERAH A H,GIRDZIJAUSKAS S.et al.
Ja-be-ja: A distributed algorithm for balanced graph partitioning
[C]//2013 IEEE 7th International Conference on Self-Adaptive
and Self-Organizing Systems. Philadelphia:IEEE,2013:51-60.
KUMAR A,SINGH S S,SINGH K,et al. Link prediction tech-
niques,applications,and performance: A survey[ J]. Physica A:
Statistical Mechanics and its Applications,2020,553:124289.
ROBERTO J,BAYARDO JR,AGRAWAL R. Mining the most
interesting rules[ C] // Proceedings of the fifth ACM SIGKDD
international conference on Knowledge discovery and data mi-
ning. San Diego: ACM,1999.:145-154.

VO B,BAC L E. Interestingness measures for association rules:
combination between lattice and hash tables[]]. Expert Systems

With Applications,2011,38(9):11630-11640.

SHA Yuji, born in 1993, postgraduate.
His main research interests include data

" mining and machine learning.

230100041-12

WANG Xin, born in 1981, Ph.D, profes-
sor, Ph.D supervisor, is a member of-
China Computer Federation. His main
include knowledge

research interests

discovery in database, artificial intelli-

gence, machine learning and data mining.



