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2 000 0.577 0.577 0.558 1. 849 1. 849 1. 890 0.443 0.443 0.417
2 500 0.558 0.595 0.521 1.766 1.764 1. 868 0.468 0.469 0.437
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7 500 0.549 0.675 0.486 1.674 1.389 1. 800 0.495 0.581 0.458
8 000 0.546 0.677 0.476 1.565 1.377 1.844 0.528 0.585 0. 444
8 500 0.615 0.679 0.558 1.561 1.366 1.626 0.530 0.588 0.510
9 000 0.588 0.681 0.543 1.610 1.354 1.667 0.515 0.592 0.497
9 500 0.512 0. 684 0.487 1.819 1.345 1. 860 0.452 0.595 0.439
10 000 0.507 0. 686 0.495 1.730 1.334 1.732 0.479 0.598 0.478
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2 000 0.560 0.560 0.500 2.033 2.033 2.190 0.529 0.529 0.493
4 000 0.579 0.591 0.532 1.699 1.850 2.009 0. 606 0.571 0.534
6 000 0.599 0.621 0.567 1.712 1.688 1.785 0.603 0. 609 0.586
8 000 0.649 0.638 0.563 1.360 1.591 1.779 0.685 0.631 0.588
10 000 0.654 0.651 0.541 1.405 1.525 1. 866 0.674 0. 646 0.568
12 000 0.591 0. 660 0.537 1.639 1.468 1.890 0. 620 0. 660 0.562
14 000 0.571 0. 666 0.548 1.767 1.439 1.873 0.591 0.667 0.566
16 000 0.579 0.671 0.542 1.748 1.409 1.864 0.595 0.673 0.568
18 000 0. 686 0.676 0.590 1.276 1.377 1.641 0.704 0.681 0.620
19 997 0.616 0.680 0.545 1.711 1.350 1.920 0.604 0.687 0.555
2 20
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20 10
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A Research on the Text Incremental Clustering Based on Cluster Features

PAN Min WANG Ming-wen” WANG Xiao—qing JIE An-quan

( College of Computer Information Engineering Jiangxi Normal University Nanchang Jiangxi 330022 China)

Abstract: A text incremental clustering algorithm based on cluster features has been presented. Firstly initial cluste—

ring is performed by making full use of simple and efficient k-means algorithm. Secondly the clustering center

mean variance the number of document the third central moment and the fourth central moment are saved as the

cluster features of each cluster. Finally when new documents occur they are incrementally clustered with those clus—

ter features. The experimental results on 20newsgroups data set demonstrate that the algorithm the paper presents

has some advantages.
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