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We have proposed a topic extraction method that independent topic in increasing data. This algorithm extract
independent topics form a small number of document data, update the independent topics when the new data
comes. However, this method does not assume that the topic changes and the number of topics changes. In this
paper, we propose a method to detect when the topic changes and when the number of topics changes. And we use
some benchmark datasets to evaluate the proposed method. Evaluation results using benchmark data show that
the proposed method is able to detect the topic changes and detect the number of topics changes.
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2: τ τ + 1

τ 1 2 3 4 5 6

0 16.41 3.39 4.35 4.14 12.59 18.48

1 7.81 4.05 8.00 0.14 0.25 0.19

2 8.12 2.28 7.53 5.45 4.01 1.43

3 4.88 6.55 4.95 3.8117 4.74 0.26

4 4.96 3.85 3.98 11.38 4.62 13.24

5 3.98 3.2383 4 0.94738 11.71 11.40

6 0.02 6.24 4.19 3.89 1.946 4.50

7 5.04 5.66 2.33 4.32 1.17 2.06

8 3.8 3.84 4.97 2.09 0.22 0.137

9 4.99 3.84 3.37 3.93 6.38 1.94

10 0.16 5.23 4 2.78 1.81 4.075

11 4.35 3.31 1.81 2.13 0.42 1.21

12 4.18 4.95 3.77 0.37 1.93 1.77

13 3.77 8.03 4.41 2.2 8.08 0.31

14 4.16 8.07 3.76 3.48 8.15 3.75

15 3.76 5.26 3.99 3.76 2.15 3.47

α 0.9848 10
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3: τ

τ 1 2 3 4 5 6

1 6 4 48 2 67 85

2 19 15 34 22 12 110

3 72 55 30 12 41 2

4 14 120 10 46 17 5

5 32 28 24 3 37 88

6 34 71 26 73 4 4

7 41 74 39 4 5 49

8 35 11 43 8 98 17

9 109 42 11 15 12 23

10 22 47 27 82 25 9

11 39 68 41 22 5 37

12 5 29 84 52 4 38

13 28 18 65 42 49 10

14 7 20 94 53 29 9

15 7 6 18 102 40 39

16 7 17 65 43 16 4

4: τ = 4 τ = 5

1(τ + 1) 2 3 4 5 6

1(τ) 93.43 87.85 176.02 89.93 90.12 90.25

2(τ) 93.11 86.79 89.53 80.15 93.73 13.24

3(τ) 175.04 90.47 86.85 89.79 90.08 94.35

4(τ) 89.95 3.85 87.78 90.75 89.66 92.82

5(τ) 90.41 90.09 90.13 90.54 175.38 94.79

6(τ) 90.96 90.31 90.53 11.38 91.51 103.02

12.93 10.04 10.47 22.80 10.40 38.79
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