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Highlights
« Utilizing a hybrid framework of deep learning and quantum computing to forecast stock
market returns. . )
« Comprehensive comparison of QIDL performance with GRU, LSTM, SVR, RF and ARIM models.
* QDL outperforms other models based on Mean Squared Error, Root Mean Squared Error,
and Theil’s index. o o o .
« Confirmation of the statistically significant superiority of the QDL model over the examined
models, based on Diebold—Mariano and Wilcoxon tests.
* Ability of QDL to detect hidden and nonlinear patterns in the stock market, enabled by
quantum computing features such as superposition and entanglement.

Abstract

This study aims to forecast the returns of the Tehran Stock Market by employing the novel
%(Jantum Deep Learning (QDL) approach. To this end, daily data of the Tehran Stock
change Value-Weighted Index over the period from February 1, 2016 to October 6, 2025
are used to compute stock market returns. Subsequently, stock market returns are modeled
and predicted using a Quantum Deep Learning framework, which integrates the capabilities
of deep learning and guantum computing. The predictive performance of the proposed model
is benchmarked against six competing models, including the ARIMA model, machine
learning algorithms such as Random Forest and Su%)ort Vector Regression, as well as deep
learning models including LSTM, GRU, and MLP. The results based on Mean Squared
Error, Root Mean Squared Error, and Theil’s index indicate that the QDL model outperforms
all competing models in forecasting stock market returns. Moreover, the Diebold—Mariano
and Wilcoxon tests confirm the statistical significance of the superior predictive accuracy of
the proposed model, thereby reinforcing the robustness of the error-based evaluation results.
The distinctive characteristics of quantum computing, such as superposition and
entanglement, enable the Quantum Deep Learning model to more effectively capture hidden
and nonlinear patterns in stock market dynamics, leading to improved performance under
conditions of heightened volatility and unpredictable market behavior. Based on the empirical
findings, it is recommended that the Securities and Exchange Organization facilitate the
development and adoption of advanced technoIO?_les such as quantum computing by
establishing the necessary infrastructure, thereby enabling smarter market surveillance and the
early detection of potential bubbles and systemic risks.
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Introduction

The stock market plays a crucial role in modern economies by
connecting investors and savers, collecting scattered capital, and
channeling it toward profitable investments. Its attractiveness encourages
capital accumulation in productive sectors and enables it to play a
potentially significant role in national development. Furthermore, the stock
market contributes to economic efficiency by reallocating financial
resources among firms and economic sectors, facilitating domestic
liquidity growth and credit expansion. Accordingly, forecasting stock
market returns and analyzing their impacts on investment decisions and
economic assessments have always been key concerns for investors and
financial analysts. However, the stock market is characterized by volatility
and exposure to multiple risks; therefore, employing suitable models for
predicting its returns remains an important and challenging issue in
financial research. In practice, this complexity has encouraged researchers
to experiment with various modeling approaches for predicting stock
market returns. In recent years, the presence of nonlinear behavior and the
complex structure of stock market indices and variables have reduced the
appeal of conventional econometric techniques for return forecasting.
Conversely, rapid advancements in artificial intelligence (Al) and machine
learning (ML) have opened new avenues for financial prediction. Among
these developments, their capacity to process vast volumes of data
simultaneously, extract more intricate patterns, and improve predictive
accuracy and efficiency. These unique features have made QDL algorithms
increasingly attractive to both financial analysts and policymakers. In light
of these developments, the present study seeks to examine the feasibility
and performance of QDL algorithms in forecasting the Tehran Stock
Market returns and to compare their accuracy and efficiency with those of
competing models.

Methodology

In this study, daily data from the Tehran Stock Exchange’s market-
value-weighted price index are used to calculate stock market returns over
the period February 1, 2016, to October 7, 2025. For modeling and
forecasting purposes, 80 percent of the dataset is allocated to model
training and the remaining 20 percent to model testing. The Quantum Deep
Learning (QDL) model, which combines the capabilities of deep learning
with the computational power of quantum mechanics, is compared with six
alternative models: the classical ARIMA time series model, Random
Forest (RF), Support Vector Regression (SVR), and deep learning models
including Long Short-Term Memory (LSTM), Gated Recurrent Unit
(GRU), and Multilayer Perceptron (MLP). Since stock market return
prediction involves high-frequency trading data with time-series
characteristics, a Quantum Long Short-Term Memory (QLSTM) network
is employed to capture temporal dependencies and dynamic relationships
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within the data. The models’ forecasting performance is evaluated using
three standard error metrics: Mean Squared Error (MSE), Root Mean
Squared Error (RMSE), and Theil’s U statistic. The model yielding the
lowest errors across these measures is considered the most efficient. To
ensure robustness of the results, the Diebold—Mariano (DM) test is applied
to assess the statistical significance of the differences between forecast
errors produced by the QDL model and those generated by the competing
models.

Findings and Discussion

The forecasting error indicators reveal show that the classical ARIMA
model performs relatively poorly, highlighting its limited ability to capture
the nonlinear and volatile dynamics of stock returns. Machine learning and
deep learning models perform better, reflecting their capacity to detect
hidden dependencies and nonlinear patterns. Among these, the Quantum
Deep Learning (QDL) model achieves the lowest forecasting errors, while
MLP, RF, LSTM, GRU, and SVR also outperform ARIMA. Comparison
of error metrics and Theil’s U statistics indicates that deep and quantum-
based models provide higher predictive accuracy than traditional
econometric approaches. Consistent with these findings, descriptive
statistics of the actual and predicted returns show close alignment,
demonstrating the model’s ability to reproduce the underlying dynamics of
real market data. To validate the statistical significance of this advantage,
the Diebold—Mariano and Wilcoxon signed-rank tests are applied. Results
from both tests confirm that the QDL model’s forecasts are significantly
more accurate than those of competing models, reinforcing the robustness
of its predictive superiority .

Graphical and numerical comparisons further illustrate strong
agreement between QDL predictions and observed returns, indicating that
the model effectively captures market behavior even under high volatility.
The QDL model maintains stable performance across normal and turbulent
market periods, underscoring its reliability and robustness for stock return
forecasting. These results highlight the value of combining deep learning
with quantum-inspired mechanisms, enabling the model to identify
complex temporal dependencies and nonlinear structures that traditional or
classical machine learning models may miss. Overall, the QDL model
demonstrates a significant advantage in forecasting accuracy and
robustness, supporting its application for more informed investment
decisions and market monitoring.

Conclusion

The study’s findings confirm that the Quantum Deep Learning model
outperforms all competing models in terms of efficiency and accuracy in
predicting stock returns. The QDL approach, by incorporating quantum
entanglement, enables the retention of complex time-series patterns and
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nonlinear dependencies that traditional models cannot capture. The
distinctive properties of quantum computation, superposition and
entanglement, empower QDL to identify hidden structures in stock market
data and to maintain superior performance under volatile and unpredictable
market environments. Overall, employing the QDL model can serve as an
effective tool for reducing uncertainty and minimizing forecasting errors
in investment decision-making. Consequently, it provides an efficient
mechanism for improving investment strategies, mitigating decision-
making risks, and enhancing the analytical precision of financial models.
For retail investors, QDL helps reduce the risk of losses resulting from
emotional

reactions or incomplete information. For institutional investors and
portfolio managers, it offers a data-driven method to anticipate market
trends, optimize asset allocation, manage systematic risks, and improve
portfolio performance. At the macroeconomic level, the use of advanced
predictive tools such as QDL can enhance market transparency and public
trust, both of which are vital for the expansion of financial markets and the
attraction of domestic and foreign investments. Therefore, based on the
study’s findings, it is recommended that the Tehran Stock Exchange and
the Securities and Exchange Organization establish the necessary
infrastructure for the adoption and implementation of advanced
technologies such as guantum computing. Such advancements can be
utilized to enable smarter market monitoring, early detection of speculative
bubbles, and identification of potential financial crises, thereby supporting
a more stable and efficient capital market environment.
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