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Abstract As the number of classes is quite large in a hierarchical text categorization problem, it usually costs
much to obtain a training dataset of reasonable size and sample distribution. Several strategies are proposed and
compared to generate new training samples from the class hierarchy in a hierarchical text classification problem.
These solutions try to make full use of the class hierarchy (including class names, their descriptions if any, and
relationships between them), and derive new pseudo training samples based on connotations and extensions of
classes. Experiments on the dataset of the first large scale Chinese News Categorization at NLPCC2014 show that
the localized expanding strategy based on class extensions performs better. Our official system achieved MacroF1
0.8413 and 0.7139 at level 1 and level 2 respectively, which ranked our system the second place among the 10
participating systems.

Key words hierarchical text classification; large scale Chinese news categorization; classification of news in
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Fig. 1 A part of the class hierarchy of Chinese news
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Fig. 2 Sample distribution of level two classes in the training dataset
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Fig. 3 Sample distribution of level two classes in the test dataset
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Fig. 4 Sample distribution of level 1 classes in both the training and the test datasets
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Fig. 5 Processing Flow Chart of our system for the NLPCC2014 large-scale Chinese news categorization shared task
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Table 1 Performance comparison of different categorization algorithms

— 22 2551
Bk
MacroP MacroR MacroF1 Accuracy MacroP MacroR MacroF1 Accuracy

CB 0.7705 0.7741 0.7723 0.7995 0.6565 0.6000 0.6270 0.6782
NBB 0.3234 0.0805 0.1289 0.1626 0.0531 0.0122 0.0198 0.1047
NBM 0.7058 0.5274 0.6037 0.6375 0.4546 0.2365 0.3112 0.4677
kNN (k=60) 0.7635 0.7664 0.7649 0.8025 0.6172 0.6106 0.6139 0.6901
SVM 0.8323 0.7468 0.7873 0.8087 0.6947 0.5439 0.6101 0.7039
LINEAR 0.8532 0.8256 0.8392 0.8586 0.7503 0.6616 0.7032 0.7656
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Table 2 Performance comparison of different pseudo sample generation strategies

— 225 |
ik
MacroP MacroR MacroF1 Accuracy MacroP MacroR MacroF1 Accuracy
PDT_OFFSPRING 0.5416 0.5185 0.5298 0.5552 0.3782 0.2988 0.3338 0.3257
PDT_OFFSPRING_V1 0.5673 0.5474 0.5572 0.5692 0.4214 0.3136 0.3596 0.3491
PDT_ANCESTOR 0.5163 0.5023 0.5092 0.5026 0.3725 0.3082 0.3373 0.2964
PDT_ANCESTOR_V1 0.4955 0.4656 0.4800 0.4732 0.3487 0.2888 0.3159 0.2592
PDT_ALL 0.5360 0.5227 0.5293 0.5225 0.3884 0.3210 0.3515 0.3161
PDT_ALL V1 0.5433 0.5336 0.5384 0.5473 0.4063 0.3202 0.3582 0.3350
& 3 NLPCC2014 K MR #EIE 85 L ITFMER
Table 3  The official result of the NLPCC2014 large-scale Chinese news categorization shared task
— 22 it &<
He ARG
MacroP MacroR MacroF1 Accuracy MacroP MacroR MacroF1 Accuracy

1 9 0.8725 0.8633 0.8679 0.8848 0.7772 0.7726 0.7749 0.8161

2 2 0.8513 0.8315 0.8413 0.8604 0.7487 0.6822 0.7139 0.7720

3 10 0.7422 0.7770 0.7592 0.7904 0.5646 0.6238 0.5927 0.6294

4 5 0.7336 0.7076 0.7204 0.7507 0.6024 0.5240 0.5604 0.6249

5 4 0.7260 0.7023 0.7140 0.7450 0.5922 0.5203 0.5539 0.6185

6 8 0.6536 0.6428 0.6481 0.7197 0.5073 0.4711 0.4885 0.5874

7 6 0.5817 0.4576 0.5123 0.5363 0.4577 0.2430 0.3174 0.3658

8 3 0.7389 0.6616 0.6981 0.7339 0.1352 0.1336 0.1344 0.1664

9 1 0.3758 0.2453 0.2969 0.2856 0.0761 0.0867 0.0892 0.0761

10 7 0 0 0 0 0 0 0 0
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