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CONCLUSIONS

> In this work, we propose a Deep framework for both Cross-Domain and Cross-System Recommendations, called
DCDCSR, which employs MF models and a fully connected Deep Neural Network (DNN).

» We consider the fine-grained sparsity degrees of individual entities (users or items) to generate benchmark factors.

» We apply the DNN to accurately map the latent factors in the target dataset to fit the benchmark factors.

> The extensive experiments demonstrate that our framework outperforms the state-of-the-art approaches.
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