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Abstract
Tracking gold prices is one of the most important topics in the
field of financial management, especially since gold is considered
one of the most significant investments in financial markets.
Accordingly, many approaches have emerged—both traditional
methods based on technical and fundamental analysis, and modern
methods based on machine learning. In line with technological
development, a set of algorithms has been developed through
which gold prices can be predicted. These predictions can be
further improved by integrating (hybridizing) multiple algorithms,
which represents the objective of the present study. This research
aims to combine two algorithms to improve the accuracy of gold
price forecasting .The study is based on the following research
problem: “Can hybrid algorithms improve the forecasting of gold
prices?” To achieve the research objective, the study relied on a
sample consisting of gold stock prices over the period from
1/1/2000 to 31/8/2025, in addition to generating forecasts for the
same period and producing future forecasts up to 31/12/2025. The
research used four statistical measures to examine forecasting
accuracy: RMSE, MAE, MAPE, and R2. The study reached a set
of conclusions and recommendations, the most important of which
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is that “using hybrid algorithms improves the accuracy of gold
price forecasting.”

Keywords:Forecasting, Machine Learning, Gold .
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