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Abstract

In the era of Artificial Intelligence (Al), financial portfolio management
has become increasingly reliant on Al models to achieve higher efficiency
in risk forecasting, return optimization, and real-time processing of big
data. However, "Black Box" models—opaque systems driven by complex
algorithms such as Deep Neural Networks—create a profound ethical
dilemma between transparency and efficiency. This expanded article
examines ethical challenges including bias, lack of accountability,
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regulatory risks, and economic implications, while proposing advanced
solutions such as Explainable Al (XAl), decentralized models, and robust
regulatory frameworks.

Keywords: Artificial Intelligence, Deep Learning, Black Box,
Transparency.

JEL Classification: G2, 033.
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