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Introduction

The stock market plays a key role in financing, and accurate prediction of its
indices is of great importance. Due to the nonlinear relationships among
financial variables, linear models perform inadequately, while deep learning
has shown better performance because of its ability to discover hidden patterns
(Cavalcante et al., 2016). In this study, a hybrid CNN-LSTM model is
introduced to predict the Tehran Stock Exchange index and is compared with
LSTM and CNN models based on MAPE and RMSE metrics.

Background

Deep learning, due to its multilayer structure and ability to extract complex
features, has demonstrated high effectiveness in forecasting financial variables.
In international studies, Liu (2019) showed the superiority of deep learning
models over GARCH in predicting S&P 500 volatility. Cavalcante et al. (2019)
predicted currency market volatility, Long et al. (2018) forecasted the Chinese
stock index, and Tiperisiti (2018) predicted global stock prices using hybrid
models. Additionally, Krauss et al. (2017) examined deep neural networks and
random forests for daily return prediction of the S&P 500.

Research Methodology

This study is applied in terms of objective, causal in terms of nature and
method, and ex-post in terms of data type. The aim is to predict the Tehran
Stock Exchange index using deep learning models LSTM, CNN, and the hybrid
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CNN-LSTM model, and to evaluate their performance. The data used consist
of daily stock index values from 14 July 2016 to 15 April 2021.

1. Recurrent Neural Networks (RNN) and LSTM

RNNs are designed to process time-dependent data but suffer from poor
long-term memory retention. LSTM overcomes this issue by adding input,
output, and forget gates, enabling storage and utilization of long-term
dependencies.

2. Convolutional Neural Networks (CNN)
Inspired by the human visual system, CNNs are used to extract local
features and patterns. This network consists of convolutional, pooling,
and fully connected layers, and achieves high efficiency and speed
through weight sharing.

3. Hybrid CNN-LSTM Model
The hybrid model combines CNN (for feature extraction) and LSTM
(for temporal sequence modeling) and offers higher efficiency in
forecasting financial time series.

4. Evaluation Metrics

Model performance is assessed using three metrics:

e SMAPE: Symmetric Mean Absolute Percentage Error
e MAPE: Mean Absolute Percentage Error
e RMSE: Root Mean Squared Error

Analysis and Investigation

In this study, the Tehran Stock Exchange index data were preprocessed and
normalized, then split into training (80%) and testing (20%) sets. The
models, based on neural networks, were trained and the weights optimized
to identify time series patterns.

The training process of the hybrid CNN-LSTM model aimed at minimizing
the error (RMSE), and the optimal hyperparameter settings were selected
after testing multiple models.

Prediction results during the test period showed that the CNN-LSTM model
had the best performance and accuracy for one-day-ahead forecasting,
followed by the LSTM model. Based on the SMAPE, MAPE, and RMSE
metrics, the hybrid CNN-LSTM model was introduced as the top-
performing forecasting model.

Discussion and Conclusion

Deep learning, with its strong ability to identify financial patterns, has gained
significant importance, especially in forecasting financial markets. In this
study, the hybrid CNN-LSTM model was introduced for predicting the Tehran
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Stock Exchange index and compared with LSTM and CNN models. Based on
the SMAPE, MAPE, and RMSE metrics, the CNN-LSTM model demonstrated
the best performance, with the LSTM model ranking second. These results
indicate that deep learning models are suitable tools for forecasting financial
trends, and it is recommended that market participants utilize them.
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