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o ABSTRACT o

Real estate assets are considered one of the most significant investment types relied upon as
a source of income and wealth. They encompass a diverse range of properties such as residential
and commercial buildings, lands, houses, offices, and shops. Real estate assets possess unique
features that make them highly attractive to investors, such as long-term value stability and the
ability to benefit from real estate market changes to increase their value. Enhancing real estate
investments and improving decision-making efficiency can be achieved by utilizing data analytics
and scientific models.

Artificial intelligence plays a crucial role in the evolution of real estate assets due to its
capability to analyze and process large volumes of data quickly and accurately. This has led to the
improvement of property valuation estimation and investors' ability to make investment decisions
based on precise real estate market forecasts. The research provides a scientific methodology for
automatically predicting property values based on a set of income parameters. This methodology
relies on:

v Data preprocessing operations to make them suitable for use in artificial
intelligence models.

4 Using artificial neural networks to predict property values.

4 Enhancing the accuracy of the neural network.

v Designing an interactive interface for clients and investors.

Keywords: Real estate assets, Artificial intelligence, Artificial neural networks, Property
prediction, Data preprocessing operations.
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