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Software Crowdsourcing Task Recommendation Algorithm Based on Learning to Rank
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Abstract In order to realize software crowdsourcing task recommendation more effectively,improve the quality of software de-
velopment, recommend suitable tasks for workers,reduce the risk of workers” interests being damaged,and achieve a win-win re-
sult for workers and crowdsourcing platforms,a software crowdsourcing task recommendation method based on learning to rank
is designed. First,the hidden features between workers and tasks are extracted based on the improved latent factor model. Then,
the model of learning to rank is improved by combining implicit information, and the extracted hidden features are ranked and
trained to obtain the optimal ranking model. The ranking model sorts the test set tasks to get a task recommendation list to per-
form crowdsourcing task recommendation for workers,and uses relevant evaluation indicators to verify the recommendation re-
sults. Experiments show that the proposed method can effectively improve the software crowdsourcing task recommendation ac-
curacy. The NDCG,MAP ,and Recall values of the recommended evaluation indicators reach 0. 722,0. 326,0. 169, respectively.
Compared with the user-based collaborative filtering algorithm, the recommendation accuracy is improved by 18. 6 %. Compared
with rank learning algorithm based on RankNet only, the accuracy is improved by 10. 2% , which can effectively guide software
crowdsourcing task recommendation.

Keywords Software crowdsourcing, Task recommendation, Latent factor model, Implicit feedback,.earning to rank
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Fig. 1 Recommendation framework based on ranking model
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