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1) Input;S:data stream

2) M :block size

3 )6wuruing »8 grin

4)Output; true | | false

5)flagWarning = false ;

6) for each instance in S do

7 ) numlInstance ++ ;

8 ) ifnumInstance % M =0 then

9)for each check point P,do

10) compute mean values u, and u, ;

ll)compute drift and warning significant levels
. using sidak correction;

nnnnnn

12) compute drift and warning thresholds &,

and £, 5
13)1f |y = | > &4 then
14 ) delete data which are on the left side of P,;
15)if w, —u, <0 then
16) return true;
17) break ;
18)if |p, =y | > &0, then
19) flagWarning = true;
20 ) returnfalse.
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01) Input: S: data stream

02) max: the maximum of nodes in G

03) Output: G

04) create a network G;

05) for each instance ins in Sdo

06) DBDM(ins) ;

07) if current state is Warningthen

08) save ins in B, ;

09) train C, for later use;

10) elseif current state is Driftthen

11) for each arc in G whose tail is p

12) choose the arc with the maximum weight,
it’s head is node V,;

13) if compare (B,,V,. instances) then

14) C, =V, - C;

15) clear(B,) ;

16) else

17) create a new node to store B, and C,;

18) ifvexnum > maxthen

19) delete one node in G;

20) insert new node into G;

21) C, replace the current classifier;

22) else

23) clear B,.
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Fig.6 Accuracy on email list dataset
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Fig.7 Accuracy on hyperplanedataset
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Fig.8 Accuracy on forest cover dataset
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Recurring Concept Detection and Prediction Based on the Graph

BAI Yang', WANG Zhihai', SUN Yange'”’

(1. School of Computer and Information Technology, Beijing Jiaotong University, Beijing, 100044 , China;2. College of Computer

and Information Technology, Xinyang Normal University, Xinyang, 464000, China)

Abstract. Concept drift was a challenging problem in stream mining. When the concept drift occured, the ac-

curacy of the original predictive model may decrease significantly. So it was necessary to put forward a feasible

method to detect concept drift. Recurring concept is a special case of concept drift. However, most of existing

algorithms have not taken full account of this case. This research proposed an approach to the recurring con-

cept detection problem. Extensive experiment revealed that the method we proposed could detect not only the

concept drift with relatively low delay and rate of false positive, but also the recurring concepts. Moreover, the

accuracy of the classification would be greatly improved.

Key words: data stream; data mining; concept drift; drift detection; recurring concept



