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In our paper, we propose an online learning algorithm for classification problems using crowdsourcing services.
By using the online learning approach, we are able to solve the problem that the existed method couldn’t deal with
when the reliability of workers and the tend of tasks change over time. Through experiments, we show that under
this learning condition the prediction accuracy of the existed method will be decreased. And using online learning
method to solve online the existed method, the batch learning, we are able to solve this problem.
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