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ABSTRACT

In this study, we conducted a comparative analysis of the performance of a Random Forest model and a Long Short-term
Memory model (LSTM) in predicting the closing price of GULF stock, which has an Uptrend characteristic. The data used in this
study included closing and opening prices from March 21, 2018, to December 31, 2022, along with technical indicators such as
EMA, TEMA, and WMA. Three comparative studies were conducted: the first case utilized a Random Forest model with optimal
parameters, the second one utilized an LSTM model with optimal parameters, and the third case was similar to the second one but with
a modification in the activation function from Hyperbolic Tangent function (Tanh) to Exponential Linear Unit function (ELU). The
performance of these three models was evaluated based on the error values and the predicted value graphs. Our findings indicate that
the Random Forest model had the lowest performance for GULF stock closing price prediction among the three cases. Conversely, the

modified LSTM model with the ELU activation function in the third case demonstrated the highest performance among the three cases.
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Model Parameter

Random Forest n_estimators = 1000, max_depth = 10,
min_samples_split = 7, min_samples_leaf = 1,

bootstrap = True, random_state = 2

LSTM 1 n_layers = 1, units = 160, Dropout_rate = 0,
learning_rate = 0.01, epochs = 20, batch_size

=30
LSTM 2 n_layers = 1, units = 160, Dropout_rate = 0,

learning_rate = 0.01, epochs = 10, batch_size

=30
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Model: "sequential”

Layer (type) output Shape Param #
1stm (LSTM) (None, 1, 160) 106240
dropout (Dropout) (None, 1, 160) 2]

dense (Dense) (None, 1, 1) 161

Total params: 106,401
Trainable params: 106,401
Non-trainable params: ©
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