@'@ Journal of Development and Capital (

Print ISSN: 2008-2428 Online ISSN: 2645-3606

Iranian E-Commerce Scientific
Association

Homepage: https://jdc.uk.ac.ir

Performance Comparison of Deep Learning Models for Forecasting Iran’s
Basic Metals Industry Stock Index

Pedram Mohammad Hassan'>©  Mojtaba Bahmani2, Mehran Hoseini*® and Sadegh Esmaeili*

1. Corresponding Author, Department of Economics, Faculty of Economics, University of Tehran, Tehran, Iran.

Email: p.mohamadhasan@ut.ac.ir

2. Department of Economics, Faculty of Management and Economics, Shahid Bahonar University of Kerman, Kerman, Iran.

Email: mbahmani@uk.ac.ir

3. Department of Industrial Engineering, Faculty of Management and Industrial Engineering, Malek Ashtar University of
Technology, Tehran, Iran. Email: sm.hoseini@mut.ac.ir
4. Department of Economics, Faculty of Economics, Allameh Tabataba’i University, Tehran, Iran.

Email: esmaeili.sadegh13@gmail.com

ARTICLE INFO

A B STRACT

Article Type:
Research Article.

Article History:

Received: 9 April 2026

Received in revised form: 7 July 2026
Accepted: 20 July 2026

Available online:

Keywords:

Stock Price Index,
Macroeconomic Variables,
Machine Learning,
Recurrent Neural Networks.

JEL Classification:
C45, C53, E44.

Objective: The purpose of this study is to evaluate the predictive accuracy
of different neural network models in forecasting the Iran Basic Metals
Industry Stock Index.

Method: To achieve this objective, daily data on the Iran Basic Metals
Industry Stock Index from April 2011 to March 2025 were analyzed, together
with key macroeconomic variables, including the exchange rate, oil price,
money supply, consumer price index, and gold price. Three neural network
models—Recurrent Neural Network (RNN), Long Short-Term Memory
(LSTM), and Gated Recurrent Unit (GRU)—were employed. Their
forecasting performance was evaluated using the Root Mean Square Error
(RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage Error
(MAPE), and Theil’s Inequality Coefficient (Theil’s U).

Results: The results indicate that the Gated Recurrent Unit (GRU) model
outperformed the other models in terms of forecasting accuracy. Specifically,
the GRU architecture demonstrated a superior ability to capture the nonlinear
and temporal dynamics of financial time series, producing more accurate
forecasts than both the Long Short-Term Memory (LSTM) and Recurrent
Neural Network (RNN) models.

Conclusion: The findings highlight the importance of advanced machine
learning techniques in improving the prediction of financial market indicators.
More accurate forecasts can reduce investment risk, enhance decision-making,
and improve the efficiency of capital markets. Therefore, developing machine
learning-based forecasting tools and strengthening financial data
infrastructures can support policymakers and investors in making more
informed decisions while promoting capital market stability.
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Introduction

Financial markets, particularly stock markets, play a crucial role in the efficient allocation
of resources and the promotion of economic growth. Stock market indices reflect both
corporate performance and investors’ expectations regarding future economic conditions.
Consequently, forecasting stock market indices has become an essential tool for reducing
investment risk and improving decision-making for investors, policymakers, and financial
institutions. By analyzing historical information and identifying underlying patterns,
forecasting models facilitate more reliable estimates of future market movements.

Although the Efficient Market Hypothesis argues that stock prices fully reflect all available
information and are therefore inherently unpredictable, numerous empirical studies suggest that
historical price patterns and macroeconomic variables can improve forecasting performance.
Traditionally, stock market prediction has relied on fundamental and technical analysis.
However, recent advances in data science and artificial intelligence have led to the widespread
application of machine learning techniques, particularly deep learning models, in financial
forecasting.

Among these approaches, recurrent neural networks (RNNs) and their advanced variants—
including Long Short-Term Memory (LSTM) and Gated Recurrent Unit (GRU) networks—
have demonstrated remarkable success in modeling nonlinear relationships and capturing
complex temporal dependencies in financial time series. Compared with conventional
statistical models, these architectures are better equipped to learn both short-term and long-
term patterns, thereby improving forecasting accuracy.

Despite the increasing international application of deep learning techniques in financial
forecasting, empirical evidence for the Iranian capital market remains relatively limited. To
address this gap, the present study evaluates and compares the predictive performance of three
recurrent neural network models—RNN, LSTM, and GRU—in forecasting the Iran Basic
Metals Industry Stock Index. The findings are expected to provide useful insights for investors,
financial analysts, and policymakers seeking more reliable forecasting tools.

Method

Recurrent Neural Networks (RNNs), originally introduced in the 1980s, were designed to
model sequential data by capturing temporal dependencies across observations. Through
recurrent hidden layers, these networks retain information from previous time steps, making
them suitable for time series forecasting. However, conventional RNNs often struggle to
capture long-term dependencies because of the vanishing gradient problem, which limits their
predictive performance.

To overcome this limitation, the Long Short-Term Memory (LSTM) architecture was
developed. By incorporating dedicated memory cells and gating mechanisms, LSTM networks
effectively retain and update relevant information over long sequences, enabling them to model
complex temporal patterns while mitigating the vanishing gradient problem.

The Gated Recurrent Unit (GRU), introduced by Cho et al (2014), represents a simplified
version of the LSTM architecture. GRU employs only two gates—reset and update gates—to
regulate information flow, eliminating the need for a separate memory cell. This simpler
architecture reduces computational complexity while maintaining strong predictive
performance, making GRU particularly attractive for financial time series forecasting.

The empirical analysis uses daily observations of the Iran Basic Metals Industry Stock Index
from April 2011 to March 2025. In addition to the stock index, several macroeconomic
variables—including the exchange rate, global oil prices, money supply, consumer price index,
and global gold prices—were incorporated as explanatory variables to improve forecasting
accuracy.
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Results

Three recurrent neural network models—RNN, LSTM, and GRU—were implemented to
forecast the Iran Basic Metals Industry Stock Index.

The baseline architecture consisted of two recurrent hidden layers followed by an output
layer, with dropout regularization applied after each recurrent layer to reduce overfitting. The
dataset was divided into training (80%) and testing (20%) subsets to evaluate the models'
generalization performance. Initial model parameters included the ReLU activation function,
the Adam optimizer, the Mean Squared Error (MSE) loss function, 128 and 64 neurons in the
first and second hidden layers, respectively, a batch size of 64, a window size of 10, and 200
training epochs.

Each model was subsequently optimized by adjusting the number of neurons, batch size,
window size, and training epochs to minimize forecasting errors. The optimal LSTM model
consisted of 128 neurons in the first hidden layer, 64 neurons in the second hidden layer, a
batch size of 32, a window size of 20, and 200 training epochs. Similar optimization procedures
were conducted for the RNN and GRU models.

The empirical results demonstrate that the GRU model achieved the highest forecasting
accuracy, with an RMSE of 0.1161. The LSTM model ranked second, with an RMSE of
0.1167, while the conventional RNN model produced the weakest performance, with an RMSE
of 0.1271. Similar rankings were observed for the MAE, MAPE, and Theil's U statistics.
Overall, the findings indicate that GRU provides the most effective framework for capturing
both short-term and long-term dependencies in financial time series, resulting in superior
forecasting performance.

Conclusions

This study compared the forecasting performance of three recurrent neural network
architectures—RNN, LSTM, and GRU—in predicting the Iran Basic Metals Industry Stock
Index. Daily observations covering the period from April 2011 to March 2025, together with
major macroeconomic indicators, including the exchange rate, global oil prices, money supply,
consumer price index, and global gold prices, were used as model inputs.

The empirical findings reveal that the GRU model consistently outperformed both the
LSTM and conventional RNN models across all forecasting accuracy measures. These results
demonstrate the superior capability of GRU networks in modeling nonlinear relationships and
temporal dependencies within financial time series. The findings are also consistent with
previous studies, including those of Kuang (2023) and Kamalov (2020), which reported the
superior predictive performance of GRU-based architectures.

Based on these findings, several policy implications emerge. First, integrating deep
learning—based forecasting models into the analytical frameworks of regulatory authorities and
capital market institutions can improve forecasting accuracy and support more informed
decision-making. Second, strengthening financial data infrastructure and enhancing
transparency through the development of comprehensive financial databases can improve
information efficiency and increase investor confidence. Finally, greater investment in research
and development related to artificial intelligence in finance—including collaboration among
universities, financial institutions, and policymakers—can facilitate the development of
localized forecasting models and contribute to the long-term stability and efficiency of Iran’s
capital market.
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