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Abstract: The set of frequent closed patterns determines exactly the complete set of all frequent patterns and is
usually much smaller than the laster. Yet mining frequent closed patterns remains to be a memory and time
consuming task. This paper tries to develop an efficient algorithm to solve this problem. The compound frequent
item set tree is employed to organize the set of frequent patterns, which consumes much less memory than other
structures. The tree is grown quickly by integrating depth first and breadth first search strategies, opportunistically
choosing between two different structures to represent projected transaction subsets, and heuristically deciding to
build unfiltered pseudo or filtered projections. Efficient pruning methods are used to reduce the search space. The
balance of the efficiency and scalability of tree growth and pruning maximizes the performance. The experimental
results show that the algorithm is a factor of five to three orders of magnitude more time efficient than several
recently proposed algorithms, and is also the most scalable one. It can be used in the discovery of non-redundant
association rules, sequence analysis, and many other data mining problems.
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T AR AR K G AE 5 3%t — A B A8 F R R i R X — X R A LA A AR XA R B SR X R AT 4K
BN BEERRELSTERARE ANEFELTHARATROEXIFFEAFTHX,BLKXEAELE
JE IR R AT IR R, RIS B SR R A e ik A R B An B BT By R R BN T R S ad g
A RS BT BRARAN 4 BB 52 IUAT 18] 2R 5 5T A 4 ik KAL SR B RO SRk e R SR b A R B 5423 3 A
HER,Z R TG RAEC T At —F R B LT KFEIN LI, F 5| o055 % 2B 4048 19 4.

KB  Fr iR R I AR AT IR IR ) A AL K KR BR AL

HREESES: TP311 SHERFRIRAD: A

A AR IR AV 2 R A2 9T 45 vh ol A T AR AR R 15 2 i 5K ST ) ) B AR A R AR N,
A LR AR 538 H AN [ R ER R E T 2-1 M T FER R Y BRI 080K
BLZHF CPU, A2 /O $AE AR, S Br Y 280 75 B4 4 S 1 80, 41 DNA J741) %%,

Pasquier 25 A3 H T A0 A1 A B 3 (MR T B e — 1t vk 52 T A A0 R o PR M A S 15 o, O HL RO ST B A
AN LB 2% Pasquier 25 A\ BT HIEEVE A-Close!'),BL Aprioril® Sy 2Lt %M B 10 b 58 B 26 i 38 R 5
W, 8 e A 3 AR R AR 8 2 SR T A I P A K o B A > T R T R A R R S LR R
SN AE RIS AL K = CPU JRAS AV EE S F 3 B0 i 18 =1 /O TR 11 1) .

Pei %5 AJ2 111510 CLOSETYILL FP-Growth b 56, 5K ) FP-Tree 3K ¢ A2 S0 5 42 0 ik o4 A0 2 48 %%
SR Y AT B PR A A L PR SR 3 VA R i < 4 F FP-Tree” ) CPU JF45 FIA7 6k FF 8418 K. [RII ,CLOSET K A 43 %)
VE A B KR B A JR3 0 A0 P X ) 4 R A MR R P (R AR A A v Burdick 48 A $E HE VR BE AL A
1% 7L MAFIAMR 28 7 0 7 B 3 o s R4, 24 T H P 3 SR AR T 1732 I A7 28 3 M1 T 44l
FooRik It HUE R T EORI AL BT Y 1R 5. Zaki 2 A48 HE () CHARMPUE B 32k B #5c 4F f).CHARM K
2 HA% 31 55 b R AR SRR IR B SRF AR 6 I H AR 5 3 5 A IR AR AT XU 48 2%, B B 24 1R = .CHARM. [ 1A
HMELE T H A AR R T tidset 162 diffset Fon, A7 fif FFA AR 5 K, IF AL R AR BOCR A a0 T 35 AL A sl
A4 A Q0 B0 H 25, CHARM 2% 26 55 ] feh 4 1 2 22

AR T A g T A A L ) AR P A S T R SR T U A TR A S A S
W AR, S m R R BB 5 4 JR BT R, 4k 7K OpportuneProject S al HLH% 5% 19 AR, IR ARSI R £, Wbl E
LS H8 2 TR A Al 2 T B A A0S T I B oS R AR R s, B e v A0 T AR AR, T b P A T B9 A il
LErgk A

1 [e]E R A

EX 1. Bl D=(0,LR), 5 O 2N S 104 BRAE 4 1 2 8000 Ja MR (147 IREE 5, RcOXI Xt % 5 )8
PR IR R IGH (0,))eR BT H 0cO HF M el

B 8 (1) SRR R 350 BRI 2= iy} S P ST i BN — AN H 08 TID Ttems
—ANE AW 1 IR B I={a,b,c.d e f,g,h,ik,lm,n,0,p,s } B G R0 8; Zzgﬁ mp
25,07 DL AR R A A A R (L (O DR ORI O={(tidy 1), (tid,,t,) L, Fo 03 | bchmo
(tidt) B R AR RIS tidy SRS RO PFIET ucl AR RIS 2L
WEYEAWE 1 iaBdiii,o h 5 A5 Fig.] Example dataset

EX 2. AE M £2052" f0)={icl | Voc 0cO,(0,i)e R}, Fk 0) i OcO K1 Ham sl
(IPASE 5

B 1 JE T W — AT 4,00 Ik PR R X R g I H 440 A 1t ke AN 300 E 288, TR 1 R k=155, ) k-
I H AT A A AN R RN %1 OcO TG AR B EE S W 1 FoR, 255 01,02 F1 03 414
1A SR {e,m).

BN 3. W ¢:2' 520 g(D={0e O | Vielcl (0,) R} K g(D MR 1K ()3 HF4E.
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It WIFRBE R 15 3025 (tidyt) T S04, g (D) R 308 T I 4822 R 1 T Bt (oo LI 4R 1 9145 01,
02,03 F1 05 2H i%.

ENX 4. 2" ST =g h(DAe(D). Bt Caf JEHEi, % FLALYS h(O)=C.

P 1 FORAT h({emb)={em},FTLL fo,m} 2

FESS. 12T (A4 support(d)=| g | FATSHA [l | oL 0| i

B T A0 3 R 3 A A 1 05 (B0 A SRR 0 35 T 1695 0 T 40 Ee A 1 R, {00
SCRER Dy 4RI SRR 80%.

EX 6. (M) Cal BRI, MR support(C)=minsup.

1B 1R 6 HCR I minsugp Jy 3,047 18 MBUEHER,S MUK H 2 8

2 EERMEREAMEEEK
2.1 EEBUNEENH

EX 7. IR D=0,LR), W HH ¥ <, 5/ FE minsup, 8 5B ER XM CFIST(compound
frequent item set tree) FH 45 fi4E V FIAG 71U 4E E B ANE5 5 ve Vi E BLedl(i,w,4,0,0), e iel 2 T FriR
AR IIH CAE veitem;w MB] v HARPT RS SR B AR A BUE ICAE voweight, AT S M H £
(auxiliary item set)H T RAER G 4 5, 104E v.AIS;0cO R B v BT R SRR IO B 355 T4
(projected transaction subset), it fF v.PTSIcT & 5 A4S =P B T H (0884 Bk JR 3 1t H 7 & (item . list), ic
YEvIL.25 55 p 3 ¢ (WAL K (p,c) e E,p R X BE ¢ 2 T 4 AR R &S 15 & T obn VAT H HE A BB A2 bR R
Hip 54 <.

L 1. 45 CFIST 4551 p=(ipw,.d,,0,.1,) 2
c=(iesWed O 1) W 22 BE ) iel,w= || 06” >minsup,
AL, 0=g({i.)N0,=g({i b UA)NO, L={icl li. < inig
Ay
. B A RRER AR 2 G P, LT R 48 Ko )7
PSE RIS T E R B 1 s R EOE UL E
minsup A 3,0 < b5 MR A R A e e AR T
S CFIST Wik 2 iR,

Fig.2 Compound frequent item set tree EX 8. EMMRS i BUE R4 A v A b, & 4

B2 S5 BB BUBR IR (0 A B O BT 4R kis(v).kis FF

ARG RN H SRR R 58 A H A fis(r).

X T8 R v kis(v)FE LB NI H AR AT R PR RS — MBIy AR RS R  — K R A4
MR R R AR R IE T ZANSERE A w1, B 2 4l i 3 RIE T WANRE R (e} B {e,m) B 0 3 Fgh o5 7 4%
BRI AR IE T AR (e fy F (e fim ) fis(v) 2 fid ) B 2 P 5 A X
22 SELESENEK

CFIST & & 4 iU A5 FF 3 B0 W AN A5 25 05 U B 2 i 4l 0 1 2 9 A4 ROk R R,

EIE 1. 455€ CFIST 4 £l p /45 1l ¢ WALEE A p.weight=c.weight, T ¥ ¢ IEX p.

B p=(ipsWprAp0po))c=(icsWerAes Ocsl). I H1 - O=g({i.})N0,c0,,, B 51 we=w,,, BV | O, || = O, ||, T LA A5
0,=0.% ¢ N p REMMEEE R pe 5 p M c HAMERIAQ X HT [={ielli.<inigd,}cl,i. el
Ll —{i. =1, T LA p"E55 p Rl ARR AL O

CFIST M)A Ui P 52 B b 52 5 45 mUT R R IR A SCRE AR 13 FE AT R 45 05 p SCHEAE p PTS T AT SCHF
Sis()IF 55 AR 45 55 PTS 52 O 2L &5 4 PTS HAL3E PTS H MK,
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3 ERENEEAMNERSERXANNEE
3.1 FEREIH
T 2. 455 CFIST 45 i p 1l n & YL o0 &5 137 p.weight=n.weight 1 H. n.itemep. AIS, W) n 0] UL B &3,
ik Eﬂ -L}XL p:(ip,Wp,Ap,Op,lp),n=(in,W,,,A,,,O,,,],,),§C a=(ia,wa,A,,,Oa,1,,). ﬁ'\j {in}gApg{ip}UAps;ﬁ On:g({in}’)ﬁ
0,22({i,}uA,)N0,=0,.C.51 w=w,, 1 || O, | = Ou ||, FT A O,=0,,p Fl n KA AR AL XN i,ed,i,<i, T3
Ll T A p 73 Kb sE AL n 0L O
Wikl 2 Jros, 4l e 3 A 5 R B E Y 4, 45 5 IR IRIE m A% T45 50 3 BB i 5 £, 5T B
LLESEEESTNRR
32 HHORXFRE

EIE 3. 455 CFIST 45 & p M qzp, 45 p.weight=q.weight, It H. kis(p)< fis(q),V] p 0] LABT#EFE.

W ER kis(p)cfis(), 13 g(kis(p))og(fis(9)). & 2R .g(kis(p))=g(fis(p)), I EA g (fis(p))>g(fis(¢)). 3 K 4y
p.weight=q.weight,i} || g(fis(p)) | =|| e(fisa) || 13 e(fis(p))=g(fis(q))- 3 kis(p)fis(q).F7 fis(q) < kis(p). 1 fis(q) <
Sis(p),BI q 56T p FECBAFAESE T p A RIS 50 r AT fis(r)=fis(p)fis(q), 52 g(fis(r)=g(fis(p)) g (fis(q)). Bl r 73
B 2 BLES p 73K fis(p) AN A& FG 10,7 LA p Al LABY ed.

Wil 2 FroR, 85 a0 1 RIS A 7 B 3,145 5 7 IRFAE T H 4R kis(4h 58 T)={c. /A &5 s 1 52T H
4 fis(45 15 D={a,cfym} I8 BT LABT #4515 7. 00 T kis(p) & fis(p) A 155, 9 LUT 8 31 3 fE S BB A K R 28
e H A A IR B .

3.3 RRFEL

P S B 3R A b A 2 06 FR I BB 7 2K A A U N SRR SR A BB 1Y) hash BE R P (HE IR
TEHRAB T LA FLAT S5 10 S FR 2R AR 2 WG F hash B 26 1 200 MR A AT B 0 0L, W X, Tl 4R
XX, 7t A g(X,)=g(X,). 2K 1M, 154 A0 2 5 5 S R 75 A0 [ (AR A AR .

AR SCR P — AT H 7 02 A () K 3B P o M P01 g, )BT A7 58 55 A VARE 1) i A1 (SumOFTids), 1
b hash BEAELIXFE AT A X, S A4 X, BT O 25 (K0 AR YO FlsE X, I X, /& 45 7 [7]— hash % *,.X, 1 X, [¥] hash
SR A A 55X, R X 1) SRR 36 0 75 AH 45 ks (X, ) X, 2 75 AT

B2 gt 1. 7 A0 8 BN 8, FHLaksh 7. 8 # 1 W7, 45 5 2 Bl M 9:45 1 6 A1 9 BN 10, H.45 55 6
B9 A2 I v £ 2 I A B B A 1 4 R B A BT RS 19 B T A T A AR (S AN).

34 ESHRHNHR

BT A 85 RUMAEE AT 25 4 R i s 2 T H SEHE S — 38 £ 45 45 78 IR )7 <3G BeA2s 9 25 AL 10 v LE
DUl R, 75 BEREAT 8 CPU FF 8 IR B U T I . ERL b, 0 20003 A 52 5 5 0, T Rt T
W n A& CFIST B & 45 mi A Bh I H 80 n.AIS -2 3l 1 JEiE LA n AR 44,37 8L n.41S TR IR TE 4,
RIS T o i 388 2 A RE AN G R p AT R $R A
(1) W i< p.item,BNE i H5I7E p AR E 57,0
(1) R p Ao HEAMRIRITBEE 4 s BoRZWHGESENE p T L4 5,4
s=(i,p.weight,J false).
(1.2) ¥ LA p AARITHAE Ry 45 55 s I — 0BG ME p Bl s —ANT Lo o5
(1.3) f=ib S5 p LU T4,
) WE p.item =i,
(2.1) W p.tag JE R fis(p) i — AR AN p —ANBT T2 ¢, % c=(i,p. weight, D ,true), } & p.tag
A
(2.2) 2R p UL R T,
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(3) Wk p.item 2 i, W 1L p BLF BB
L ST 2055 m A O T4 . item.n weight @ false) P 3 U1 T $RUE ST SM 0 5L 45 25 O 1R P 4
SRR 2 945 5 (EL D 52 5.

6 True

(a) (®)
Fig.3 Decomposing compound nodes

K3 iR A a e

Fig.4 Decomposed CFIST
Kl 4 I3 )5 1) CFIST

4 EREASEINSHERZ

AP T — A HET 58 2 RIZ 5% OpportuneProject, SR H I8 I R B H SEME 254001 55 11 £ 1 o R 5
¥2: CROP(mining closed pattern by adaptive pruning based on opportuneproject).
4.1 REHERMK

IREED S48 R BB I B8 0% S 7R A b DR B T 4 R FE B8 12 B 45 UM% 3555 T HE (I
ASCFF TR B T B % TR CPU JTAY.CROP LAR AR B4 %00 .

XF T ToE EAEAE W AR O A I R R U5, CROP B S liid e AR SE R i CFIST LBk 4 &k )=
G5 BUE 05 TR TSR 9 B AT LT A7 I G5 R R I ke 2 DA G e VR 2 0 5 19 R At
42 BRAIHTFENRTERE

ETHAMBRAKREES TERT. WK 5 TR, TVLA(threaded varied length arrays)& —FlidG F T H5 5
B PTS (W2 T B2 1) R B 45 A 387828 1T H (B 8 AR 0R) A IR 2 45 th—/MERA %1 LQ HR 7 —ilg,
FFRTRIFEDE )R IL PAHRITEHEH.H o B4 H P LQ(a)B¥ T SC g . 1 H o) %
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B SR, T LQ(b) % ZeSCRFIH b IR 43 9545l 1 & A0 PAT FE RS B4, 7T AL TVLA #5874 TVLAL B 46,
B IL 4 B PhE LQ 4 T 3RS 1 AN T LT A 55 R i Lo 45 45 158 2 ANt | 430 i 7% % BIAH N LQ
BRI, 2 N EITEE LQ R T SRR 2 AN T T F 55 MK IR HE. T % TVLA Al L4058 TVLA 35
B (AR S ) BL A R R S5 A A G DR BY).

AT BERIE S ES TFE R T TTF(threaded transaction forest) & —FhHE T-H 1 PTS FEoR, il H 51 %
IL R 55 W AR A B AR AN 2 s (G w) b i 2R TR T H L BCE w2 AR 4G i 45 s R R T R on F1 45 14 H IL
Z B¥ bR R — 0B T A 4 R e 8 6 PR, 28 2 A R PTSUR AR Bl U5 it & B TTF. 4%
(@,3)-(c,2)—(£:2)—~(m,2)—(p,2)F /" F 4 01 F1 05.IL 25 3 N4 HBIIH & o LSRN 4,55 Fa 51 (B 2k 8 ) ¥4 45
FU(e2),(e, DRI, 1) B AE— .2 TTF M4 3 m % 52 288 PTS I A FF A5 TVLA /Nl id A i ) sk A T T
R L% 52, 7] M TTF 5% 1% TTF,F 4 TTF(IL A3 55 B MO 75 B8Rl A7 £, JE 52 A2 5% TTF [ — N A7

ZEH].

< |3 [0 o=
96 FNY FNY [N [9%) (9%

Fig.5 Array based PTS representation Fig.6 Tree based PTS representation
Bl 5 ETHHAMEGE RS TERTR Ko JLTHMBESS THRER
BEEFTREATHX SR AIERIEE CROP {5 H TVLA %8 PTS, Ky CFIST )2 & xi slifi i
3B PTS S S5 AL 2RI BEHL 2> A1 ), 8 UL A 235, TVLA £76f T8I BAR. 2 PTS B2 SR
& FN 45 EAE N ,CROP #51iii H) TTF.{E CFIST fI)2 45 sl sl % 240 B 1 PTS P9 JRh 3 B0t H 5220 I LA 3¢
FrA o, ] TTF IR0 % A PTS IORBCR AR 4f AE PTS W 4i BRI ,CROP SE B ¢ 1 4 PTS,8E—35 0t
5 B BRI R0R T 5 AT PTS W4 18 I8 ,CROP SR H J S 45 5% B AR I SR 5050, B 15 48 A 4% 1) S8 4326 )51
I PTS [ CPU JF, I H A% 5 T BV RO SE AN K.
43 EERMERAMERSHRK N TS
SEEEUREEARBI TR E X 7 45 W CFIST MOy bR BAR LS s BT T T 45 mi B 22 17 A 1
IFF 4 I < HR O TL % (top down left to right). Sk fr b, 45 i AT #4238 < 451,75 Y CFIST () 3 Fii Az
Table 1 Variants of compound frequent item set tree

F1 BRI

Item ordering of nodes along any path (<) Item ordering of children of any node (<)
TL Top down Left to right
TR Top down Right to left
BL Bottom up Left to right
BR Bottom up Right to left

EI 4. AL MA AT 5 R4 CFIST, (1) % T TL %8 BR %! CFIST, &M= P, 56T P, A2k,
M) PizP,;(2) 5+ TR # ik BL & CFIST,##5%X Py 6 F Py 2E ), ) PozPy.

SRS PIAE BS 5 F R T4, TR B uk BL £ CFIST, ] 3 ) Rl Ak i ik B 352, A e e v,
A8 I A0 25 A B 5 40 B e, B 3 A% R SIS TL AL B BR 78 CFIST B8 A 1N ok Bk 40 25 1) Al B 20, B 0o
A8 A R AR .CROP SR A VR4 CFIST: i = TL U8k BR i k)2 TR A=k BL %Y.
4.4 EiLiiR

PR AR WS VE CROP #53i& U0 F . 3 B CROP B 5601 2 & B E R W CFIST BIMR S & T,
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SEAR RS L M Imost H S22 00 25 R A B L PR 455 748 PTS s R Hidli 4,285 I T ClosedBF 4% %5
JEAR 5648 22 4237 CFIST L3 #5-9 ] ClosedDF 4 ¥4 A 5648 R #E07 CFIST | .
CROP(0.1, < ,minsup)
create CFIST root T and let TPTS=0 and TIL=I,
ClosedBF(T7,0, < ,minsup);
ClosedGDF(T, < ,minsup);

PRI E ClosedBF 15 Je X AR 45 A3 S 95 74 TPTS IR 55 ( FESUEARAE A « WTBGE 10 = L5
TR R 45 k) SR I H B0 SR R WA TPTS T MBR (A 09098 J5 % T+ L 2 AN 45 mU) SCRPE0R R B A 19
Jeg F8 I A B I 2, 58 BT N 1K) 05 BB AR i SR A S (K) TPTS Wl Y A A7 4544 275 Ui [, 753 D)

ClosedBF(7,L, < ,minsup)

for each t=(¢.tid,t.items)e T PTS
for each v at level L reached by projecting ¢
for each iev.ILNt.items
support(i)y++; tidsum(i)+= t.tid,
if (¢ cannot project to L) then remove ¢ from 7. PTS;
for each v at level L
for each iev.IL with (w=support(i))>minsup
MLPSC(v,i,w,tidsum(i),3,{jev.IL|i <j});
If (NoMem(T.PTS)) then ClosedBF(T,L+1, < ,minsup)

PRI & ClosedGDF X T+ 24 i 45 1 v ¥ Jai P8I0 H G v (R RN I 4,5 5 08 N2 PR A S R 25 4 S ik i g
IR v 1722 ¢ I8 U 5 05 5 B EERAE 0 T 1 2 ¢ i R AT IR

ClosedGDF (v, < ,minsup)

for each iev.IL
O=g({i})Nv.PTS; ts=SumOfTids(O); I={jev.IL|i <j};
If (w=|| O ))=minsup &&(c=MLPSC(v,i,w,ts,0,I)) then ClosedGDF(c, < ,minsup);

PR MLPSC 58 CFIST 45 ni (/s &I il B AN A A 00 R A B A, 45 45 0 PTS (R ik
PR B 2.

5 TEREMIT

PEBEIPE (B4 4 & Pentium IV 800MHz CPU,512MB Memory F! 20GB HD () PC Ml i#:41F R4 &
Windows 2000 Server. %} bt 5292 5 #1 i CHARMP R H tidsets,diffsets(2. 3 By Betg)ik I, i /F charm-t,charm-d2
1 charm-d3,CLOSETELE B4k il , MAFTAM R Y 141 £ 45 2308 150, 7 A8 SAE T A QA Eh R A 7 42 43

5.1 WMIELAEE

Table 2 Characteristics of datasets B B I AR IR 2,48 [ 5

F2 AR PR SR SR g

Data set # Items Avg. length # Trans. Max. pattern length (support) B, 90l ok i = ﬁ(:‘: /|\)71:/#1- i 5
T25120D100k 20K 28.4 100K 33 (0.10%) AN FE (T4 ). T25120D100k 27
CONNECT 150 43.0 67 557 29 (10.0%) T B 5 R il TR
BMS-POS 1657 6.5 515597 14 (0.01%) $£ F IBM Almaden 4 p % (71 gz
Gazelle 497 2.5 59 602 154 (0.01%) 1% .CONNECT® j& 4 % 5 45 11y % 40

4E BMS-POS 1 Gazelle 5 Blue Martini 23 7] #1245 1K) 52 br B 2.
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5.2 XIGLE

P BE X 23 AT 41 b 5 STE A AN R B £ . ANTR] doe /S SCRERR IR

—— Complete
——Closed

1000000

10000

o)

e 100 Support (%)
= ‘ ‘
g

g 03 025 02 015 0.1

(a) T25120D100k

—— Complete
—e— Closed

100000
10000
1000

=2

z 100 Support (%)
dﬁ:; 10 L L 1
B~ 0.16 0.13 0.1 0.07 0.04 0.01

(¢c) BMS-POS

—— Complete
—e— Closed

1000000
10000

Z 100 Support (%)
5 s
5 90 70 50 30 10
(b) Connect
100000 —— Complete
10000 —e— Closed

Support (%)

Patterns (k)

0.1 0.07 0.04 0.01
(d) Gazelle

Fig.7 Complete and closed frequent item sets with different supports

BT ONSCRE R4 S A

CES

PR

I TR e, Nt (R T ) 2R P X 30 A4 8 (e /N SERF ) SR 40 L

10000 ——Crop
—oe— Charm-d3
—+— Charm-d2
1000 |

Time (s)

—¥— Charm-t

—&— Mafia

—a— Closet

Support (%
0.13 0.22 0.31 0.4

(a) T25120D100k

10000 —e— Crop
—oe— Charm-d3
—+— Charm-d2
1000 | —x— Charm-t
— 100 |
Py
E
E 10 )
0.01 0.06 0.11 0.16

T25120D 100k {I% T* 0.4%, 2 charm-d2 [f] 2~3 {#%.charm-d3 5

(c) BMS-POS

IBAT IS R) AN DT 1] 8 s R is AT

1000 X —e— Crop
X< -~ —e— Charm-d3
X~x., —+— Charm-d2
100 "X _x — Charm-t

—a— Mafia
—a&— Closet

10

5

E

= L .
1 Support (%)
10 30 50 70 90

(b) Connect
1000

Time (s)

— crop
—o— charm-d3
—+— charm-d2
—x— charm-t
—a— mafia
—a8— closet
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Fig.8 Runtimes of different algorithms on four datasets
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