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In this paper, we propose a recommender system using a graph-based deep learning method that is suitable for
graph-structured datasets which are often found in humanities digital archives. In order to verify the
effectiveness of the proposed method, we used a graph-based deep learning recommendation algorithm and
verified it with data from the ukiyo-e database of the Ritsumeikan University Art Research Center (ARC-UDB).
As a result, the prediction accuracy was significantly improved compared to the conventional recommendation
method. The novelty of this study is as follows: 1) A graph-based deep learning recommendation algorithm was
applied to a digital archive. 2) The input vector of the deep learning model was improved to make it more
suitable for the ukiyo-e recommendation task. 3) A comparative experiment was conducted to prove the
effectiveness of the proposed method for the ukiyo-e dataset. The proposed method can be used not only for
ukiyo-e, but also for other datasets with graph-like structures.
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Figure 6  Ukiyo-e recommender system framework.
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