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Figure 1. Research conceptual model: Stock price behavior prediction cycle with
artificial intelligence (research findings)

Table 1. Al model settings
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Table 2. Output of statistical tests of the first hypothesis (research findings)
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Table 3: Output of statistical tests of hypothesis 2 (research findings)
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Table 4: Output of statistical tests of hypothesis 3 (research findings)
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Table 5: Output of statistical tests of hypothesis 4 (research findings)
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Table 6: Output of statistical tests of hypothesis 5 (research findings)
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Table 7: Output of statistical tests of hypothesis 5 (research findings)
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Abstract

Financial markets, especially the stock market, are faced with severe fluctuations,
high complexity, and nonlinear behaviors. Traditional methods such as fundamental
and technical analysis have limited effectiveness in dealing with these dynamic
conditions and in analyzing financial time series data. In addition, from a financial,
behavioral, emotional, and cognitive biases of investors can also cause prices to
deviate from intrinsic value. These shortcomings have led researchers to turn to new
technologies. Therefore, the use of artificial intelligence and machine learning
methods, as an alternative or complement to classical methods, has been increasingly
considered. These approaches have the ability to identify hidden patterns in financial
data and provide more accurate predictions of future stock price behavior. Therefore,
this study was conducted to investigate the effect of artificial intelligence models on
predicting the stock price behavior of companies listed on the Tehran Stock
Exchange (case study: Kerman Province). The research method is applied and
descriptive-analytical with a quantitative approach. The statistical population
consisted of 30 companies active in the mining and metal industries, whose data was
collected between 2019 and 2024 and analyzed using RNN, LSTM, neural-fuzzy
network with genetic algorithm, PSO-SVR, and PSO-BiLSTM models in Python
and MATLAB environments. The results showed that the RNN model is more
accurate than ANN and the LSTM model is more accurate than RNN. The combined
neural-fuzzy model with genetic algorithm reduced the prediction error, and PSO-
SVR was able to identify sudden price jumps with higher accuracy. Among the
models, PSO-BILSTM performed best. Also, mineral price fluctuations as a local
factor had a significant effect on the prediction accuracy of the models. The findings
indicate the high capacity of artificial intelligence in improving investors' forecasts
and decision-making.

Keywords: Artificial Intelligence; Stock Price Behavior Forecasting; Time Series;
Recurrent Neural Network (RNN); Long Short-Term Memory (LSTM)
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This study aimed to investigate the effect of artificial intelligence models on
predicting the price behavior of stocks of companies listed on the Tehran Stock
Exchange (case study: Kerman province). The research method is applied and
descriptive-analytical with a quantitative approach. The statistical population
included 30 companies active in the mining and metal industries, whose data was
collected during the years 1398 to 1403 and analyzed using RNN, LSTM, neural-
fuzzy network with genetic algorithm, PSO-SVR and PSO-BIiLSTM models in
Python and MATLAB environments. The results showed that the RNN model is
more accurate than ANN and the LSTM model is more accurate than RNN. The
combined neural-fuzzy model with genetic algorithm reduced the prediction error
and PSO-SVR was able to identify sudden price jumps with higher accuracy. Among
the models, PSO-BILSTM had the best performance. Also, mineral price
fluctuations as a local factor had a significant effect on the prediction accuracy of
the models.The results of this study showed that the use of different artificial
intelligence models in predicting stock price behavior leads to a significant
improvement in accuracy and a reduction in forecast error. The comparison of the
models indicates that the RNN model performs better than the ANN, because it has
a greater ability to identify nonlinear relationships and time dependencies. Also, the
LSTM model showed higher accuracy than the RNN, which is due to the presence
of long-term memory in its structure. Furthermore, the use of hybrid models such as
the neural-fuzzy network combined with the genetic algorithm significantly reduced
the forecast error and showed that the integration of evolutionary algorithms with
neural networks can compensate for the weaknesses of individual models. In
addition, the results of the hypotheses showed that the PSO-SVR model is more
efficient in detecting sudden stock price jumps than the ANN and LSTM models.
This highlights the importance of using optimization algorithms such as PSO in
adjusting the parameters of the models. Among all the models, the PSO-BiLSTM
model performed best and demonstrated superior predictive power compared to
other models by achieving the highest coefficient of determination and the lowest
error. Finally, examining the role of local factors indicated that mineral price
fluctuations have a direct and significant effect on the price behavior of stocks of
companies listed on the Kerman Stock Exchange. Adding these variables to Al
models increased the prediction accuracy and improved the efficiency of the models.
Therefore, it can be concluded that Al is not only a powerful tool for predicting stock
price behavior, but also has a high potential for improving investment decisions and
risk management in the Iranian capital market when combined with local economic
factors and optimization algorithms. The findings of this study have important




implications for various stakeholders in the capital market. At the micro level,
managers of listed companies headquartered in Kerman can use artificial intelligence
models, especially hybrid models such as PSO-BiLSTM, to more accurately monitor
stock price trends and manage risk. Given that the results showed that mineral price
fluctuations have a direct impact on the stock value of these companies, the use of
intelligent tools can lead to more informed decision-making in areas such as
production, investment, and financing strategies.For investors and analysts, the use
of Al models can improve the quality of buy and sell signals and prevent emotional
decisions. Using these models helps investors identify entry and exit points from
stocks with greater accuracy and increase the return on their investment
portfolio.From a regulatory perspective, the Stock Exchange Organization and
regulatory bodies can use Al models in designing intelligent market monitoring and
control systems. These models are able to identify abnormal price jumps or
suspicious trading patterns with high accuracy and, as a result, help increase
transparency, reduce systematic risk, and promote public trust in the capital
market.At the macro level, the results of this study also show that the close
relationship between the mineral market and the capital market in Kerman province
should be considered by economic policymakers. Since fluctuations in the prices of
metals and minerals can directly affect the stocks of listed companies in the region,
it is necessary to formulate regulatory and support policies in commodity markets by
considering its consequences on the capital market. This research has two main
innovations: first, a pairwise comparison of deep and hybrid learning models in
forecasting accuracy, which has been rarely done in the domestic literature, and
second, the integration of local economic factors with artificial intelligence
forecasting models, which was considered an important gap in previous research.




