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betweennessClustering (Graph g, int NumEdgesToRemove)
1. NumEdgesToRemove = g.getEdgesCount ()* §  //1F LLIEH
2. for(int1=0; i< NumEdgesToRemove ; i++){

3 Edgeto_remove=null;  //to_remove i g FEERAYIE
4 double maxScore = 0;

5. for(every edge e in g){ /SRR ERSAE

6 score = getBCscore(e);

7 if(score > maxScore ){

8 to_remove= g;

9. maxScore = score;

10. }

11. }
12. g.removeEdge(to_remove); /2R t0_remove
13. }

14. clusterSet = g. getWeakComponentClusterer(); //H1{50] &% 7 7481
15. return clusterSet;
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driftDetection(usermodel U, testset S)

1. foreverytimet

2 Fmeasure,= U.getFmeasure(S);
3 avgFmeasurer = %}:Ll Fmeasure,;
4. my = Z}':l(Fmeasure:— avgFmeasure; — 8);
5. My = min(my, t =1,2...,T);
6 PHy = myp — My;
7 if(PHp>A)
8 update(U);

W 6 PE&RMSH F P m 545

FBPEREL > 1IE B e i F (TR
# Sit {FF-measure i ¢07f 5 > & BRPH#7E % FF
FELE Z NILE S 7 gt o F 4 A
o R T FRALE T LAT S P H329T 4
Gk R F W AARM PR Y 2
PERAEERE

4. R %

LIRBRFTHEENSEFRER



TANET20130 00 000000-00000

*F 3 & * Reuters-21578 &7
%“(Joachlms 1998)[12] » & *t 5 & &
BRI @gﬁlg y B H mEzg\ﬁﬂJ ?‘a}ig
7T o ¥ *FReuters 5 #g %] 2 2 p| ¥ 212275 #—H}[xi&i’
P~ B T AL & Bk p Wikipedia » #:"‘:@10},;?, v ¥
m#ﬁ‘@'k—ﬁ-/?]vé‘ # o llkj FenF 'Fﬁ*i"f%:

@ Em T AR 2

ALIR%FTHE
el k| e Rk
acq | 484| earn| 334
cocoa| 30 sugar| 43
coffee| 51 trade| 205
crude| 174
4 2 Wikipedia 7 # &
¢ FAAL| BAGPH ¢ R | RGP
CPU 19 Bamboo 17
typhoon 21 cartoon 15
Internet 32 complexity 4
graph theory 8 algorithm 26
k-means Decision treg
. 10 . 8
clustering learning

GERER G G o AP L ERERR
Precision ~ Recall 2 % F-measure °

A AL EHES L 2 8 0 B3 * Newman*t
2004 & #% 1 eiModularity[13] » H 32 E o 5840

1 kik;
Q =55 ). (A =5, D5(C, ©)
ij

HoP A s S8 el el AR Bk 5
%f‘ﬂ,%l’«i_'rﬁdegree ; S(Ci,Cj;f;\ E TXEN gﬁg&,j{@ .
@é& # H"" FARE G b BITEALHE N il
2Rl E O/t & RS L S P
WBisE - PAE O OBEY < e d E X ang

WepdaBi v %g___ Lo— AR e A
o F 2R A BSOS -

A2 % %2 H%

()R- P FHEE- L R
Y s [6]ehF i 2 0 11 ENGD
SIAETA R AE 0 Bl T AR BT 50%
PR o FHREAT G LR > M Wikipedia
B2 Fruzi? mia@ 2 E SRR
e ROV R A R B BT PR
~50% ~ 75% ~ 100%:E8— 4t g o B B %

N
A‘
&

B
N4y |
R

e
=

> g

\

YoB 70 A RF 5 50%PF 0 AT o~ g P
Recall B % » @ & 3050% » B F] 5 4 » ehF 3738
5 o BEAR AL #& 2 Recall » 2 5 9% 4 "% i1 7 Precision
TEEERFEETRS P RFFELY
A RET T IS0%F S g AR P o

o
(S

0.400

0.350

0.300

0.250

0.200

0.150

0.100

0.050

0.000

Recall | Precision F-measure

-i *-!-2011 0.297 | 0.230 0.260
(m0.25 0.297 | 0.233 0.261
"0.5 0.349 | 0.234 0.280
0.75 0.360 | 0.227 0.278
1 0.360 | 0.223 0.275

W73@PpRE>2 L8 1R

QFH= AL EPPER

FAEALE A FHERY BFRRR T Bsingle
25 R S PBnuiei © Psingre > FHLH] ¥ 0L M1
Reuters 7 4% & e B ag B "L 545305 < § - 12
i %;:f‘a‘ 0.1~0.9:& {7 & ¥ ¥ 12 T 5Modularity; =% 3
moG RN R R AP 6O i T
o0 RS EACR 8 1 Bnge=0 4% Wik it o

0.2
0.18
0.16
0.14

3 —— SR
0.06 - TR

01 02 03 04 05 06 07 08 09

ﬂsinglr

m8ﬁsinglefnﬁffﬁ?5§§é‘-§=
t“—ﬁmultiﬂyl “Mﬂ} ‘ﬁﬁ‘;"J v & - i‘;’_E"IN% vt
& AT PR A E(BIIMNE 7) > b4
21 A2 AN 0 F R R S AoH 9%
Bl 10 7 o @ AsE ¥ 2 B b 0 A R AR
BE w9 s o paodEsakipi -3 8ok
* k'i’%*{ TS A ;E.Bmultif\’;‘r 5035

0.180 A\
i7{/3\\*\ .
/AR, uh\

0.160

000 VAR VAN
0.020 W ¥ M

5, 0120
0.000

£ 0.100
2
S 0.080
=

0.060

——7-1

—tr=3-1

——4.1

01 02 03 04 05 06 07 08 09

ﬂmu!zi

WO B PHERK : g & &



TANET20130 00 000000-00000O

0.03 08 5
0.7 -
0.025
A / \ ol
= 0.02 \v @05 -
£ 54 M
L @ 04
% 0.015 12 E —8—sim2_0.75
03 -
= oo —=23 = —o—sim2_1.0
0.2 -
0.005 0.1
0 04
01 02 03 04 05 06 07 01 02 03 04 05 06 07 08 09 1
Bt Recall
W10 B HEERek : agw @

F’“ﬁ;m af B B ETFTHEATREEY P >
LR R PESR 1T R nl e 2
2HCA B F AT LR E 10 TR RER
o IR EERIER E2 B2 EAF o T0k R
F2 i usim(d, U)K o & w2y =01
025-~05~075~1" F BiE{75=1 o & =t et |5
BEY o UMY BN N eh
precision® recall & > @ F S % 4ol 11> 11y 5
075 1fidd *0y =075 1% 4pE 8T > 4§
EEE R By 50.75; @ d F-measured ¢
¥ {8 A i B frecall=0.7 > F]p B~ A1 2 B R
¢ o recall=0.74 2 sim(d,, U) £ B~T 355 {8 )
a=0.525 -

0.6

0.4
2
2 -1
803 il -
£ —4—0.75
= 0.2 —i—0.25
{ —.1
0.1
0
01 02 03 04 05 06 07 08 09 1
Recall
Wl aFHEER%
() FH&= HNEEAM Y Fhic 4 =R

RSB RRFE R B i@
BaE s LFF UGy 7 i g ®ikh
AP ¥ 2 > ritradedf W] 5 b 0 BSE (T L
B2t FA G P R ¢ 7 tradesf b
105 & % & 7 tradesg =740% » ™ sim(d, U)# 5 >
TRy 075 1S AR A F il BT
2 @3 hL%«&rlE] 12> # 1238 3 terecall=0.7:% 7
BB 80668 c @ y=075x% @ E > ¥ i R F
EF L Fpne kire s afrAa RS 0 BT T5%
TR Jfﬁﬂﬁvfx,@w ET ISR T

GETF o RO FET g o

W12 HIEAIPHY ERHELS
(4)?5§E M -ﬁﬁ_—m]%n WA

SREAE TR —'k’ﬁf (R TR

sa 55*"’? Voo E R i‘wégm;}prﬁg jo g 2t

*PF&?Q R mp’%ﬁﬁ $erl - 1[”3‘—

C R R AR 'fs'f B4 5 3 fftrade 0 B F T
- BT ® fﬁi;‘i’fi\ﬁéz % trade#? crude >
#EFLIFC fl?ﬁ’f‘?%h » w F1 A 4ftrade o

FRFYIE gySIﬁ B h - BH

P fs ’[*ﬁf"vf%h'% * ¥ v - 2 Altrade
{ ﬁ“fﬁ% *EREAl @ 50 B YRR A BIER
B @ KR v A f A Aftrade» - K AT
crudes 3473 fARM ¥ 2w A L AT Y KD
AR R R ERITREMNEYE- KA
Hitrade T2 Ap M > 2 > — % 4 ffcrude ™ 5 2-4p M
R kAR Y H A

B %g ‘U}Jﬂ}ii;”a 2 B PE10
BRs Rl (R 23 £4F) 0 A E AT
TP REa B yiEFER B
precision -~ recall ~ F-measure % 3® fz 3% B 1308 Jjg 7
ie o

ERAEERLL B NS LE DR
7 IYincremental % 77 ) ~ 1 iR] {2 3 (] 14 detect
Fm) > 3 B (Bl Mbased 7)o R 1S 3 EE
S N PH 6 RIPEA B 0 12 6 =-0.05% 11 1
BIEE 3 E S > A =0151F5 £F { 370
LT HEE > ftime6 X timel2 F]PHp  30.15 »
PRl B T AT m PSS 4oB 132 8 15 -

T
1
1
f

—o—detect

—e—base

—4—incremental

123245678 9101112131415
Time

B 13 & % & 4 F-measure &7



TANET20130 00 000000-00000O

——detect

—o—base

—i—incremental

I

[}

1

I

t

1

02 : :
I I

[1] L 1
1234567 8 9101112131415
Time

W 14 £ ¥ & 4 Recall 37

—  —é¢—detect

Mo

I
¥
]
1

—o—base

—#—incremental

I
I
1
I
T
03 .
1
I
I
I
U

I
1 234567 8 9101112131415
Time

B 15 & ¥ it # Precision &%

d B 135 W 157 # I  EFF = {ATHE
A4 » F-measure®§ 2 T ' > € F iR o3 & A
Fli v =0.75> & =x { ATH-¢ 3t & ¥ ik Rdegreedt
BRypETTS% K A3 (AT TR ;‘f
BAlFEhy T E bR RRAHEES
f35%m$<ﬂ EFX R tgiEE s B s T
KERRB At —‘kfs‘f"']m&é&i‘\cﬁﬁt—i ’% ’
R AL D i&%‘-‘/ﬁ‘k od i R S R
B precmon’r %o ey &3 7recalliz o o
WP HRPMART ) FRBLE (AT A R
R REE S T e S

I %z BRAE(time 6 ~ time 10) » & F &

Fg B enIf % > precision 3 Jds #0302 recall
lg_fﬂ, B oAF A e~ Arengg ] 2 2 0 F]precall B
}?&;%ﬁilﬁ °

7ok ;; B P2 £ (time 11 ~ time 15) » =+ &
FREST - R tradez»;' Weip e 2o R
crudesf W] ezt Ap B < 2 ke 7 H3) { #5 ’ L

w

wmvmeﬂi%%Wﬁ*“ﬂ%&
ﬂwﬂﬂﬂﬁ PR AT B ﬂ%“%%¥’

@ E B~ e $ < precision » @ recall & B #)
LR PEEBEA R 0 B A » trade#f |
v i Fra ¥ F grecalliE o

5. 3%k ARy

T3 A - BIUNGDE = g PR L A
@wﬁwﬁﬁﬂ»g@A?nw%@wgﬁ%%
BRADIFHL BRTER » T FFLE
fPE S R ORI LA - £ Y 5B
F820 BRGAMAS S 2 TN ey

¢ FhAiB s X BMA BB DR N
Wt ET R RARSE AR 2o ¥ -
oo APEABSE AP & LB EHE-

AT A E R
FTengs e o A D it o AR LR G

(2)&ER ™ HHA N
L_#Fﬁ’ug? (S
(3) el % A4Een

Ao poaw kv E g oetiey
ke g 3o o FOLEP LT S BER (7 TR
() se el mas dp > st 0§ pfRimadss

] 12 F-measurez_ % f* 4 4% 7 P &f o
(D) Feit R * FHCA) e 2 1 S R
FWERE L 0 HFE s~ AEEARL o

TR

BT s 3 4 A A o
RN SRR

[1] U. Hanani, B. Shapira, and P. Shoval, "Information filtering:
Overview of issues, research and systems," User Modeling and
User-Adapted Interaction, vol. 11, pp. 203-259, 2001.

[2] A. Tsymbal, "The problem of concept drift: definitions and
related work," Computer Science Department, Trinity College
Dublin, 2004.

[3] L Zliobaité, "Learning under concept drift: an overview,"
arXiv preprint arXiv:1010.4784, 2010.

[4] A. Tsymbal, M. Pechenizkiy, P. Cunningham, and S.
Puuronen, "Dynamic integration of classifiers for handling
concept drift," Information Fusion, vol. 9, pp. 56-68, 2008.

[5] R. Klinkenberg and T. Joachims, "Detecting concept drift with
support vector machines," in Proceedings of the Seventeenth
International Conference on Machine Learning (ICML), 2000.

[6] Z i T, "i& % NGDzE = i * »t g # ‘“ri*f% WA E2 20
Wi ‘fu”lﬁi E R LN ) 5\5&1100&

[71 E. S. Xioufis, M. Spiliopoulou, G. Tsoumakas, and I.
Vlahavas, "Dealing with concept drift and class imbalance in
multi-label stream classification," in Proceedings of the Twenty-
Second international joint conference on Artificial Intelligence-
Volume Volume Two, pp. 1583-1588, 2011.

[8] #®2: 5, "#raw i F Wikipedia ‘fﬂ/ﬁ‘“NGDL A S
lﬁi;/‘?,[é?l' N S-S

[9] M. Girvan and M. E. Newman, "Community structure in
social and biological networks," Proceedings of the National
Academy of Sciences, vol. 99, pp. 7821-7826, 2002.

[10] U. Brandes, "A faster algorithm for betweenness centrality,"
Journal of Mathematical Sociology, vol. 25, pp. 163-177, 2001.
[11] E. Page, "Continuous inspection schemes," Biometrika, vol.
41, pp. 100-115, 1954.

[12] T. Joachims, Text categorization with support vector
machines: Learning with many relevant features: Springer, 1998.
[13] M. E. Newman and M. Girvan, "Finding and evaluating
community structure in networks," Physical review E, vol. 69, p.
026113, 2004





