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Abstract: This study aims to compare between the Multilayer
Perceptron Network (MLP) and Support Vector Regression (SVR). the
study used the monthly oil price during 1990 to 2019. The comparison
of these two approaches is based on the mean squared error (MSE) and
the root mean squared error (RMSE). the results indicated that the
Support Vector Regression are better and more efficient than the
Multilayer Perceptron network models in forecasting oil prices .
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