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[ Abstract] There are many algorithms based on data distribution to effectively solve semi-supervised text categorization.
However,they may perform badly when the labeled data distribution is different from the unlabeled data. This paper
presents a semi-supervised text classification algorithm based on aggregation pheromone, which is used for species
aggregation in real ants and other insects. The proposed method , which has no assumption regarding the data distribution,
can be applied to any kind of data distribution. In light of aggregation pheromone , colonies that unlabeled ants may belong
to are selected with a Top-k strategy. Then the confidence of unlabeled ants is determined by a judgment rule. Unlabeled
ants with higher confidence are added into the most attractive training colony by a random selection strategy. Compared
with Naive Bayes and EM algorithm,the experiments on benchmark dataset show that this algorithm performs better on
precision ,recall and Macro F1.
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