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Applying Artificial Intelligence Techniques in Financial Analysis:

An Applied Study on Three Companies Listed on the Algerian Stock Exchange
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Abstract:

This study explores the potential of applying advanced artificial intelligence techniques in analyzing
financial data of companies listed on the Algerian Stock Exchange. The research focused on examining balance
sheets and income statements of three leading companies representing significant economic sectors: SAIDAL,
Biopharm, and Aurassi during the period 2017-2024. Advanced deep learning algorithms were employed,
including Avrtificial Neural Networks, Long Short-Term Memory models, Gated Recurrent Units, and Random
Forest techniques. Results demonstrated clear superiority of artificial intelligence methods over traditional
approaches in financial performance prediction accuracy. The developed models showed enhanced predictive
capabilities with improved coefficient of determination and reduced error rates. The GRU model emerged as the
optimal solution, providing excellent balance between prediction accuracy and computational efficiency. The
study recommends adopting these Al technologies as supportive tools in investment decision-making processes
and developing integrated platforms for comprehensive financial data management and analysis in emerging
markets.

Keywords: Artificial Intelligence, Deep Learning, Financial Analysis, Algerian Stock Exchange, Financial
Statements.
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