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Abstract At the age of big data, data stream classification is being applied to many fields, like spam
filtering, market predicting, and weather forecasting, et al, in which recurring concept is an
important character. Aiming to reduce the influence of negative transfer and improve the lag of
detection of concept drift, RC-OTL is proposed for mining recurring concepts in data stream based on
online transfer learning strategy. When a concept drift is detected, RC-OTL selects one current base
classifier to store, and then computes the domain similarities between the current training samples and
the stored classifiers, in order to select the most appropriate source classifier to combine with a new
classifier for learning the upcoming samples, which results in knowledge transfer from the source
domain to the target domain. In addition, RC-OTL can select appropriate classifier to classify when
the current classification accuracy is detected below a given threshold before concept drift detection.
The preliminary theory analysis explains why RC-OTL can reduce negative transfer effectively, and
the experiment results further illustrates that RC-OTL can efficiently promote the cumulate accuracy
of data stream classification, and faster adapt to the samples of new concept after concept drift takes

place.
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Tablel email_list Data Set
R 1 email list #IE&E

Example 1D Medicine Space Baseball
1~300 + - -
301~600 — + +
601~900 + - -
901~1200 — + +
1201~1500 + — —
Table 2 MITface Data Set
& 2 MlITface iR &
Example ID face Non-face
1~1500 + -
1501~3000 - +
3001~4500 + —
4501~6000 — +

6001~6977 + -

Table 3 usps Data Set
R3 usps HiEE

Images Including the digits 1, 2, and 3

Example ID
1 2,3
1~400 + —
401~1200 - +
1201~2400 + -
2401~2930 — +
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Table4 usenetl Data Set
& 4 usenetl £ E &
Example 1D Medicine Space Baseball
1~300 + - -
301~600 — + +
601~900 + — —
901~1 200 — + +
1201~1500 + - -
Table 5 usenet2 Data Set
&K 5 usenet2 HIELE
Example ID Medicine Space Baseball
1~300 + — —
301~600 — + -
601~900 — — +
901~1200 — + -
1201~1500 + — —

S R S Zhao S AR ] A 2 0 4E )
FHC=5,% H R/ p=30. ¥ B¥a 4 h HEARF 5
1) 2 4 V- 18 R FH A % eR ERCR R A 1 pR B S
o=8.RCD T RIBEF Y A f i3 T KNN
(1) 22 T6AE S Ge 1 H Iy v K6 0B B & 2 A Sk D sk
MEA P R A% K= 3 A0S 8 p_value=0. 01,
[ RCD fie Z i A1 3 52 43 2848 B0 15, 34, 1%
B Fouffer_err=71.

h T RS AR I o JEME R SRR A R A A
R MR R, SE A T & IR
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SIS0 B ) B 4 FR A A R AILET AL, SRR A 20
K. Zhao %5 AR T B & 20 R L5 BT 75 1) 5 4
SISO 20 RS AT Y (E. LK 5 R 4
Sl 6.8 1 K 2 Hik.
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FHU M R AR LR B EE 4 L300 T HAh A
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Table 6 Cumulate Classification Accuracy
x6 ERMOBEME %
Algorithm email_list MITface usps usenetl usenet2
PA-1 64.4667+0. 7849 90. 1397 4+ 0.1413 96.5734+0. 2289 59.1167+0. 7807 59.1533+0. 8414
CDOL 68.5467+1.6738 92.3749 4 0. 2854 97.1792+0. 2188 60.3467+1. 6469 64.7900+1. 3295
RC-OTL 72.5800+2, 5222 92.8658% 0.5969 97.2167%0. 2143 64.3467+2. 4429 66.2100%1. 3543
RC-OTL-1 70.2000+2. 0554 92. 6580+ 0. 4626 97.2167+0. 2143 62.0100+1. 6680 66.1000+1.7139
RCD 70.4633+1.5277 90. 9030 4 1.0347 97.1092+0. 2561 58.3367+0.8691 58.0467+1.0330
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Fig. 1 The variation of cumulate classification accuracy.
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1.0
—— RC-OTL
—— RC-OTL-I -e- CDOL
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Fig. 2 The variation of real-time classification accuracy.
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