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Financial Products Recommendation System Using
Customer Behavior Information
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Abstract

With the development of artificial intelligence technology, interest in data-based product preference
estimation and personalized recommender systems is increasing. However, if the recommendation is not
suitable, there is a risk that it may reduce the purchase intention of the customer and even extend to
a huge financial loss due to the characteristics of the financial product. Therefore, developing a recommender
system that comprehensively reflects customer characteristics and product preferences is very important
for business performance creation and response to compliance issues. In the case of financial products,
product preference is clearly divided according to individual investment propensity and risk aversion,
so it is necessary to provide customized recommendation service by utilizing accumulated customer data.
In addition to using these customer behavioral characteristics and transaction history data, we intend
to solve the cold-start problem of the recommender system, including customer demographic information,
asset information, and stock holding information. Therefore, this study found that the model proposed
deep learning-based collaborative filtering by deriving customer latent preferences through characteristic
information such as customer investment propensity, transaction history, and financial product information
based on customer transaction log records was the best. Based on the customer’s financial investment
mechanism, this study is meaningful in developing a service that recommends a high-priority group by
establishing a recommendation model that derives expected preferences for untraded financial products
through financial product transaction data.

Keywords: Recommender System, Deep Neural Network, Latent Factor, Customer Attributes
Information, Financial Product
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