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Abstract
In financial markets, how to construct an optimal investment portfolio that balances risk and return
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is one of the main challenges faced by researchers today. To build an optimal portfolio, researchers
typically use VaR or CVaR models. This study aims to enhance the construction of stock portfolios
and risk management capabilities by comprehensively utilizing methods such as clustering, kernel
density estimation, and distributionally robust mean-CVaR models. The paper utilized an experi-
mental dataset containing daily returns of 100 stocks. By optimizing clustering methods and deter-
mining the optimal clustering centers and k values of the K-means algorithm using kernel density
estimation, we then input the clustered data into the robust mean-CVaR model for analysis. By roll-
ing window experiments, we compared the impact of the model on portfolio returns with and with-
out clustering conditions. The results show that the model with clustering methods applied has
higher portfolio returns, helping investors better balance risk and return to construct optimal port-
folios.
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Figure 1. Gaussian kernel density estimation plot
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Figure 2. Cluster centroids plot
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