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Abstract

Purpose: Accurate stock price forecasting is a critical challenge in financial decision-making, given the nonlinear and dynamic
nature of financial markets. Although deep learning models have demonstrated promising capabilities in time-series
prediction, the impact of activation functions and optimization algorithms on the predictive performance of BILSTM models
has not been sufficiently explored. This study aims to evaluate the effectiveness of the BiLSTM deep learning architecture in
stock price forecasting and identify the optimal parameter configuration for improving predictive accuracy.

Methodology: The study employs a deep learning framework based on Bidirectional Long Short-Term Memory (BiLSTM)
networks using historical Apple Inc. stock data from 1980 to 2024 obtained from Yahoo Finance. After preprocessing and
normalization, the model was implemented in Google Colab using Bidirectional, Dropout, and Dense layers. Multiple
combinations of activation functions and optimization algorithms, including ReLLU and Adam, were evaluated to analyze
their impact on forecasting performance. Model effectiveness was assessed by comparing predictive accuracy and trend-
matching capability in time-series forecasting.

Findings: The results indicate that the BiLSTM model effectively captures long-term temporal dependencies and
successfully predicts overall stock price trends. Among the evaluated configurations, the combination of the ReLLU activation
function and Adam optimizer achieved the highest predictive accuracy and demonstrated superior capability in modeling
market fluctuations. The proposed architecture showed lower forecasting error and stronger trend-prediction performance
than baseline configurations.

Originality/Value: This study provides a focused analytical investigation into the interaction between network configuration
parameters and forecasting performance within BiLSTM-based financial prediction models. The findings highlight how
optimization strategies and activation mechanisms influence predictive stability and accuracy, offering practical insights for
investors, analysts, and researchers seeking more reliable Al-driven financial forecasting tools.
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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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