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Concept drift detection based on graph structure

ZHOU Yanbing, MA Shilun, WEN Yimin "
(Guangxi Key Laboratory of Image and Graphic Intelligent Processing, Guilin University of Electronic Technology, Guilin 541004,
Guangxi, China)

Abstract: In order to solve the problem that the traditional concept drift detection method only relied on the error rate for drift
detection was not reliable enough, a concept drift detection method based on graph structure was proposed. In this method, the k-
associated optimal graph was used to represent the current data distribution, and the drift rate of the sample was defined to represent
the inconsistency between the classifier and the current data distribution. The drift rate was used to form a bit stream, and the concept
drift detector was used to detect the concept drift on the bit stream. Compared with the traditional concept drift detection method
using error rate, the results showed that the accuracy of the base classifier was improved by 1%-5% on artificial datasets and 1%-2%
on real-world datasets. The proposed method could effectively improve the accuracy of concept drift detection and help base
classifiers better adapt to concept drift.

Keywords: data mining; data stream; concept drift; graph structure; k-associated optimal graph
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Fig.2 A new sample arrives
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Fig.3 Concept drift detection flow chart based on graph structure
TERRTTE, rA s E k=5, EREHE
4 BRI I E B=0.4, T k 3k, 75 Agrawal BOigE 1 AR
(IR A% X AN R B & AT B, i IR 4 SR AN 3k
41 REHIEE 2. TR ST, SEREAS kG B A

TR A R 1 5 A N TR AR A
3 EIBEARE LT Tz A, R 1 B
ARG R X LB 4R e ML AR T 5T S
LR, A AN R AR 591K A T AS TR A 208 5
Forbil 5 A N TR S Jm 3 A HS e 4

F 1 LA T HESE %
Table 1 Multidimensional artificial and real data sets

HEE  BH RS ThE S R
Mixed 4 2 30 000 KA I
Agrawal 6 3 30 000 AL I
Sine 2 2 30 000 A HI
STAGGER 3 2 30 000 SRA HIM
SEA 3 2 30 000 SRA HIM
Electricity 7 2 45 312 ENl!
Covertype 54 7 581 012 KA
Weather 8 2 18 159 R

A TSRS A T 30 000 43241, % B A 1000
AL R A — RS, — R AT 29 IERIER .
42 XftEEZEMEE
1 DDM .HDDM_A Fl HDDM_W3 /M &5 £%
RN 25 b X R R AR RN RS R AT LU 3R, FEE I
BT BT 2S A% I TR 232 1 28 0 0B R 1 R
WS FS A I Y B B . HDDM_A Fl HDDM_W
2 BB B S R e SCP A Y, B E «, =
0.005, a,=0.001, HDDM_W 1 A =0.05, {ii T &
KT H (hoeffding tree, HT ) /F Ay 3432588, Ir A ik
BB HBEC 6=107,7=0.05,n,, =200, *f

= ABAE k=5 BECR A

K2 A kR R
Table 2 Comparison of classifier accuracy at different k
FA 2 %
Al k=3 k=5 k=17 k=10
HDDM_A 68.43 69.16 68.45 68.83
HDDM_W 72.86 73.17 70.07 70.56
DDM 65.40 66.01 64.50 64.59

T AER I MR B M SRS e B R A 4 2K
PR I 53 R A RS
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DIEB R AT, AR R (E,) SRR R
(D) WA B i R P ke 25 a0k 3
N, AR T 10 REZ ALK, K HEHAT
Az B 4 TE S 43 A B A ok SR, HHE A i
HIER ST SHORFR R WA 280, o 3RoR 1E i i
SR u, =0.2, 52 0, =0.1, 5% p, =0;
FORMBISECNIIE u, = 0.5, 4512 0, =0.1, 1)
% p,=0, —FA T 50 000 4NSEH, 4 1000 4
SRS — S, — IR T 49 ISR . 7E
— TP 500 AN IEFIAT 500 A, 3E A
TEABRR A7 5 F TE 2 A A RS 0.2 BUAE — R B i
o3, BV A EAS

RIS QSRR 2 e & SRR JS 100 A4
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able 3 Comparison of the average detection performance
L7 = %*A‘U KT 133 ) Ay Niae s A5 ko I 2% 7E using drift rate versus error rate on the three detectors
1 OOOA%{ﬁJW{Qﬁ*/\{D"J§IJ$E%H_;\ %LUj‘j NMissedO ﬁl\‘?lﬂxu%& E‘*ZT’“ NDelected NDelay NFalse NMissed *ﬁiﬁm H#I‘H‘J/S

oy

R 0.4 342 0 14.4 58.55
r  44.0 2.8 28 22 82.43
R 0.2 326 0 16.2 82.05

MR 3 BRI AS S, AT LI A& BI/E HDDM_A A1 HDDM A
HDDM_W Wi/ 6 2% b A% A I 2 E AR R A
T (AR SRS SEOMUERS , 75 DMM Al 2% b D, T HDDM_W

o O

fé \F E,. 7 HDDM_A fl HDODM_W -, ﬁﬁHD D, 456 0.2 44 32 93.78
PRI B R L IR D, DDM Do O 20000290 3L
Dy 0 16.0 0 33.0 52.64

%ﬁﬁﬁ‘?)ﬂﬂ%ﬁ} THERREE AR TR E M
4 A3 PRI g LR ARG R IR AR 70 ST B HER A H L

Table 4 Comparison of the average accuracy using drift rate versus error rate on the three detectors

s I IAETNR %
Btk .
MM %  HDDM_A-ER HDDM_A-DR HDDM_W-ER HDDM_W-DR DDM-ER  DDM-DR
Mixed 52.08 53.33 54.97 54.55 54.87 56.96 53.77
Agrawal 63.13 68.77 69.16 70.83 73.17 65.36 66.01
Sine 55.29 68.96 68.15 68.68 73.97 65.57 65.06
STAGGER 71.33 75.02 75.13 78.08 82.68 73.02 71.98
SEA 79.75 80.36 80.68 80.15 80.53 80.09 80.05
Electricity 79.38 83.55 84.16 83.00 84.56 80.33 82.27
COVERTYPE 82.40 82.88 83.56 82.70 83.21 81.55 81.61
Weather 73.45 69.81 70.69 69.72 70.03 69.45 70.01
1.0 T =
0.6 :
# 1EN: 5
= 1EH 1K
= 04f HH R EHENE : AERIE L :
i I JHHJ JJ
05000 10000 15000 20000 25000 30000 65100010500 15500 30 560 25 50036000
AR A FEARBRA
K14 Mixed §0fii 45 HDDM_A S 5 L  E6 Mixed Zihfi% DDM S HEH) A L4
Fig.4 Comparison of real-time accuracy on HDDM_A on Fig.6 Comparison of real-time accuracy on DDM on
the Mixed dataset the Mixed dataset
o = 1.0 s
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i -
Z g i
;i\:_l 04+ 4 0.4 ‘
021 u j 0.2]
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FEAHR FeA
K5 Mixed $J4E HDDM W 52 R € L 5 &l 7 Agrawal £i(#li4E HDDM_A SZAS iR # L4
Fig.5 Comparison of real-time accuracy on HDDM_W on Fig.7 Comparison of real-time accuracy on HDDM_A on

the Mixed dataset the Agrawal dataset
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Fig.8 Comparison of real-time accuracy on HDDM_W on
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Fig.10 Comparison of real-time accuracy on HDDM_A on
the Sine dataset
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Fig.11 Comparison of real-time accuracy on HDDM_W on

the Sine dataset
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Comparison of real-time accuracy on DDM on
the Sine dataset
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Fig.13 Comparison of real-time accuracy on HDDM_A on
the STAGGER dataset
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Fig.14 Comparison of real-time accuracy on HDDM_w on
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Fig.16 Comparison of real-time accuracy on HDDM_A on
the SEA dataset
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Fig.17 Comparison of real-time accuracy on HDDM_W on
the SEA dataset
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Fig.18 Comparison of real-time accuracy on DDM on
the SEA dataset
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