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Abstract

Objective

This study aims to propose an innovative approach for forecasting stock closing prices using
supervised deep learning techniques. The research seeks to capture temporal dependencies
within stock market data and generate accurate and reliable predictions. By focusing on the
Iranian stock market—a developing economy that has received limited attention in prior
research—and analyzing 10 stocks over a period exceeding 10 years (2012-2023) using 21
input variables, the study investigates distinctive aspects of stock price prediction.

Methods

The methodology involves integrating Long Short-Term Memory (LSTM) networks with
deep learning techniques. Identifying a research gap in high-dimensional data, the study
introduces the use of a Stack Supervised Autoencoder LSTM (SLSAE) to improve
prediction accuracy. The study leverages LSTM neural networks to capitalize on their strong
capabilities in modeling temporal dependencies. However, when dealing with high-
dimensional data, relying on a single method may not be sufficient to achieve precise
predictions. Therefore, we incorporate an LSTM Autoencoder (LAE) into the process. A key
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contribution of this paper is the use of the Supervised Autoencoder LSTM (LSAE), which
significantly enhances prediction accuracy compared to previous methods. Furthermore, we
utilize the Stack LSAE (SLSAE), which can identify and extract precise and valuable
features from the data, ultimately leading to highly accurate predictions.

Results

To conduct a comprehensive comparison, we utilize five different prediction models:
SLSAE, LSAE, LSTM, Artificial Neural Network (ANN), and ARIMA. The results show
that the more complex models, particularly SLSAE and LSAE, outperform simpler models
like ARIMA and ANN in terms of accuracy. Across all stocks, SLSAE achieved the best
results across various metrics. This model provided the lowest RMSE, MSE, and MAE
values and the highest Rz scores. The superior performance is attributed to the use of a multi-
layered supervised architecture, which enables the detection of complex and nonlinear
patterns in the time-series data. These features make the model highly effective in capturing
and predicting fine details of closing stock prices.

Conclusion

Predicting stock market prices is a significant challenge due to the inherent nonlinearity in
the input data. When a wide range of variables are introduced as inputs, deep learning
techniques demonstrate superior performance. To enhance the accuracy of stock market
predictions, we utilized a deep learning architecture comprising SAE, LSAE, and a hybrid
called SLSAE. The SLSAE method, however, stands out as it can directly learn deep
features related to closing prices from raw input data. Unlike existing deep networks, which
primarily focus on unsupervised feature learning to extract useful features from raw data, the
SLSAE method can directly learn the deep features associated with closing prices. It
employs a hierarchical structure, where high-level features related to closing prices are
learned through building several SAE models from earlier low-level samples. Each SAE
model ensures that the learned features significantly contribute to predicting price data in the
output layer. Consequently, features associated with closing prices are gradually learned
while irrelevant information is progressively reduced through the hierarchical stacking of
SAE models. The results demonstrate that using this approach significantly improves the
accuracy of stock price predictions and confirms the efficiency of the proposed method.

Keywords: Prediction, Stocks, Deep learning, Supervised autoencoder, Long Short-Term
Memory Network (LSTM)
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