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Abstract

Purpose: This study aims to evaluate the performance of the BiLSTM deep learning model in forecasting the stock price
of Apple Inc. The primary goal is to identify the optimal combination of activation functions and optimization methods to
improve the prediction accuracy of BILSTM.

Methodology: Historical stock data of Apple Inc. (AAPL) from 1980 to 2024 were used in this research. After
preprocessing and normalization, the BILSTM model was implemented using Google Colab. The model architecture included
Bidirectional, Dropout, and Dense layers. Different activation functions and optimization algorithms were tested to evaluate
petrformance improvements.

Findings : The results indicate that the BILSTM model successfully predicted overall stock price trends, particularly showing
effective performance during price growth periods. The choice of activation function and optimization method significantly
impacted the model's accuracy.

Originality/Value : This research provides a novel contribution by optimizing BILSTM parametets to enhance financial

forecasting accuracy. The results offer valuable insights for investors and researchers aiming to develop more accurate
predictive models in the economic domain.
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Figure 2- Architecture of the proposed model.
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Figure 3- Comparison of the proposed model with the stock moving average.
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