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Abstract

Obijective: The purpose of this study is to detect fraudulent financial statements in companies
listed on the Tehran Stock Exchange using deep learning algorithms.

Method: The study analyzed 1,800 company-years (150 companies over 12 years) of annual
financial reports from companies listed on the Tehran Stock Exchange, covering the period from
2012 to 2023. Three deep learning algorithms were employed in this research: support vector
machine (SVM), convolutional neural network (CNN), and recurrent neural network (RNN).
Additionally, the "two-sample mean comparison test" method was employed to select the final
variables for the study and to develop the model.

Findings: The findings indicate that the overall accuracy of the deep learning algorithms is as
follows: Support Vector Machine (SVM) at 88.4%, Convolutional Neural Network (CNN) at
81.3%, and Recurrent Neural Network (RNN) at 94.4%. This suggests that the RNN algorithm
demonstrates the best performance, while the CNN algorithm exhibits the lowest performance in
detecting companies with fraudulent financial statements. In other words, the results indicate
that the recurrent neural network (RNN) algorithm is more efficient than other deep learning
algorithms. Therefore, among the three algorithms—Support Vector Machine (SVM),
Convolutional Neural Network (CNN), and Recurrent Neural Network (RNN)—used in companies
listed on the Tehran Stock Exchange, the RNN algorithm offers the most effective model for
detecting fraudulent financial statements.

Conclusion: The findings of this study offer valuable insights for shareholders, creditors,
analysts, and other participants in the capital markets. These insights can enhance the prediction of
fraudulent financial statements, minimize errors in decision-making based on financial information,
improve the evaluation of company performance, facilitate the adoption of optimal trading
strategies, and help identify suitable opportunities for buying and selling stocks based on financial
statement data.
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1. Lagrange's duality theorem

2. Sigmoid

3. Convolutional Neural Networks
4. Feed forward

5. Back propagation of error

6. Activation function
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1. Recurrent Neural Networks
2. NLP

3. Sequential data

4. Feed Forward

5. Image Captioning
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