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Objective: The objective of this study was to compare the predictive accuracy and performance of
fuzzy regression, genetic algorithm, support vector machine, decision tree, and machine learning
methods in forecasting stock closing prices using real out-of-sample observations.

Methodology: This applied quantitative study utilized daily stock market data of Isfahan Steel
Company from January 1, 2024, to November 19, 2025. After removing highly collinear variables,
selected predictors were incorporated into the forecasting models. The final 30 observations were
reserved as real out-of-sample data to evaluate forecasting performance. Fuzzy regression, genetic
algorithm, interpretable machine learning, decision tree, and support vector machine models were
developed and compared. Prediction accuracy was assessed using Mean Squared Error (MSE),
Root Mean Squared Error (RMSE), and Mean Absolute Error (MAE).

Findings: The results demonstrated significant differences in predictive performance among the
examined models. Fuzzy regression achieved the highest forecasting accuracy, producing the
lowest error values (MSE = 26, RMSE = 31, MAE = 996). Interpretable machine learning ranked
second (MSE = 32, RMSE = 40, MAE = 1,567). Decision tree models showed moderate
performance (MSE = 53, RMSE = 71, MAE = 5,027). In contrast, support vector machines and
genetic algorithms generated substantially larger forecasting errors and exhibited weaker
generalization ability on out-of-sample data. Furthermore, opening price, highest price, and lowest
price emerged as the most influential predictors across most forecasting models.

Conclusion: The findings indicate that interpretable forecasting approaches, particularly fuzzy
regression, provide a superior balance between predictive accuracy and economic interpretability.
These models not only deliver reliable forecasts but also facilitate a clearer understanding of the
relationships among financial variables. Consequently, they can serve as effective tools for short-
term stock price forecasting and evidence-based investment decision-making in capital markets.

Keywords: Stock Price Forecasting; Fuzzy Regression; Machine Learning; Genetic Algorithm;
Support Vector Machine; Decision Tree.
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EXTENDED ABSTRACT
Introduction

Forecasting stock prices remains one of the most challenging and significant issues in financial
economics and capital market analysis. Accurate stock price prediction is essential for investors, portfolio
managers, financial institutions, and policymakers because it directly influences investment decisions, risk
management strategies, and capital allocation efficiency. However, stock markets are characterized by
uncertainty, volatility, and complex interactions among economic, financial, behavioral, and institutional
variables, making accurate prediction extremely difficult. Traditional linear forecasting models often fail
to capture the nonlinear and dynamic nature of financial markets, leading researchers to explore more
sophisticated computational and machine-learning approaches (Al Janabi, 2021; Dhifaoui, 2022).

Recent developments in artificial intelligence, machine learning, and computational finance have
transformed the landscape of financial forecasting. Advanced algorithms can process large volumes of
historical and real-time data, identify hidden patterns, and model nonlinear relationships more effectively
than conventional statistical techniques. Studies have demonstrated the potential of machine learning
methods, support vector machines, neural networks, and hybrid optimization algorithms in improving
forecasting performance and investment outcomes (Hu et al., 2021; Masini et al., 2023; Thakkar & Chaudhari,
2021). Furthermore, modern forecasting frameworks increasingly integrate multiple information sources,
including market indicators, valuation ratios, macroeconomic variables, sentiment indicators, and
behavioral factors, to enhance predictive accuracy (Mansilla-Lopez, 2025; Tomar & Periyasamy, 2023).

The growing popularity of machine learning techniques in financial forecasting is supported by
numerous empirical studies. Sheth and Shah emphasized the superior capability of machine learning
algorithms in identifying future stock price trends compared with many traditional approaches (Sheth &
Shah, 2023). Similarly, Yang proposed multimodal forecasting architectures based on multi-task learning
and attention mechanisms, demonstrating substantial improvements in stock price prediction accuracy
(Yang, 2024). Advances in time-series forecasting have also highlighted the importance of sophisticated
nonlinear methods for modeling financial data characterized by structural breaks and volatility clustering
(Masini et al., 2023).

At the same time, financial researchers have emphasized the importance of understanding the
determinants of stock returns and price movements. Valuation ratios, cyclical market factors, investor
expectations, macroeconomic announcements, and managerial forecasts have all been shown to influence
stock performance significantly. Research conducted in various international markets indicates that
valuation measures and cyclical components can improve stock return predictability (Yu et al., 2023).
Studies have further demonstrated that managerial earnings forecasts contain valuable information
regarding future stock returns (Kitagawa & Shuto, 2024). Additionally, patent-related innovation indicators
and firm-level technological capabilities have been associated with stock market performance in emerging
economies (Tsai et al., 2024).

Behavioral finance perspectives also contribute to understanding stock market dynamics. Investor
sentiment, cognitive biases, herding behavior, and anchoring effects can significantly influence asset
prices and create deviations from fundamental values. Empirical evidence suggests that irrational investor
behavior and psychological biases contribute to market fluctuations and return predictability (Birz et al.,



2022; Ye et al., 2020). Moreover, recent studies have shown that social media sentiment and digital
information flows can improve volatility forecasting and market prediction models (Saravanos & Kanavos,
2025).

Several forecasting methods have emerged as particularly promising. Support Vector Machines
(SVMs) have demonstrated strong predictive capabilities in high-dimensional financial datasets (Tellez
Gaytan et al., 2022). Hybrid neural network architectures optimized through swarm intelligence algorithms
have also achieved remarkable forecasting performance (Kumar et al., 2022). Furthermore, ensemble
forecasting and forecast combination approaches have been shown to outperform individual models in
many financial applications (Lv & Qi, 2022). Reinforcement learning frameworks have recently expanded
the possibilities of dynamic portfolio management and adaptive forecasting systems (Kuna, 2022).

Within the Iranian context, several studies have examined stock return forecasting and capital
market dynamics. Research on variable reduction techniques demonstrated that appropriate feature
selection significantly improves forecasting performance (Setayesh & Kazemnejad, 2019). Studies based on
network analysis have highlighted the importance of structural relationships among firms in the capital
market (Taghizadeh & Abdzadeh Konafi, 2023). Investigations of hybrid forecasting models have also
reported favorable outcomes from combining machine learning and optimization algorithms (Ebadati et al.,
2021; Fadaei et al., 2021). Furthermore, research on capital productivity and risk-based stock return
forecasting has emphasized the role of financial fundamentals in explaining market behavior (Akhbari et
al., 2024; Alimohammadpour et al., 2020). More recently, advanced neural network architectures have been
successfully applied to forecasting the Tehran Stock Exchange index, demonstrating the growing
relevance of nonlinear forecasting techniques in Iranian financial markets (Taslimpour et al., 2026).

Despite substantial progress, no consensus exists regarding the most effective forecasting
methodology. Different studies report conflicting findings depending on market conditions, data
characteristics, and model specifications. Therefore, a comprehensive comparison of multiple nonlinear
forecasting approaches using real out-of-sample observations remains necessary. The present study
addresses this gap by comparing fuzzy regression, genetic algorithms, support vector machines, decision
trees, and machine learning methods in forecasting stock closing prices using actual market data.

Methods and Materials

This applied quantitative study utilized daily trading data from Isfahan Steel Company over the
period from January 1, 2024, to November 19, 2025. The dataset included daily observations of various
market indicators and stock-related variables. Variables exhibiting severe multicollinearity were removed
during the preprocessing stage to improve model stability and estimation accuracy.

The final set of explanatory variables included stock closing prices, transaction counts, percentages
of net individual trading activity, average individual purchase values, and average individual selling
values. Five nonlinear forecasting methods were employed: Fuzzy Regression, Genetic Algorithm,
Interpretable Machine Learning, Decision Tree, and Support Vector Machine.

To evaluate forecasting performance objectively, the final 30 trading-day observations were
excluded from model estimation and reserved as out-of-sample validation data. Model performance was
assessed using Mean Squared Error (MSE), Root Mean Squared Error (RMSE), and Mean Absolute Error
(MAE). These measures provided a comprehensive assessment of predictive accuracy and generalization
capability across forecasting methods.
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The significance and relative importance of explanatory variables were examined within each
model. Comparative analyses were then conducted to identify the forecasting approach that provided the
most accurate and stable predictions under real market conditions.

Findings

The results revealed substantial differences in forecasting performance among the examined
nonlinear methods. Fuzzy Regression achieved the highest level of forecasting accuracy and demonstrated
the strongest out-of-sample predictive performance. This model produced the lowest forecasting errors,
with an MSE of 26, RMSE of 31, and MAE of 996, indicating superior stability and reliability.

Interpretable Machine Learning ranked second among the forecasting methods. The model
achieved an MSE of 32, RMSE of 40, and MAE of 1,567. Although its forecasting errors were slightly
larger than those of Fuzzy Regression, the model demonstrated strong predictive capability and robust
generalization performance.

The Decision Tree model exhibited moderate forecasting performance. It achieved an MSE of 53,
RMSE of 71, and MAE of 5,027. While capable of capturing important nonlinear relationships, its
predictive accuracy was substantially lower than that of Fuzzy Regression and Interpretable Machine
Learning.

Support Vector Machine showed weaker out-of-sample performance despite displaying strong in-
sample fitting characteristics. Forecasting errors increased considerably when applied to real observations,
indicating limited generalization capability relative to the best-performing models.

The Genetic Algorithm produced the weakest forecasting performance among all examined
methods. Forecasting errors were substantially larger than those of the other approaches, suggesting
limited effectiveness when applied independently to stock price prediction.

Analysis of variable importance revealed that Highest Price, Lowest Price, Opening Price, and
Last Transaction Price consistently emerged as the most influential predictors across multiple models.
These variables accounted for a significant proportion of the predictive power and appeared repeatedly
among the top-ranking explanatory factors. In contrast, several transaction-related variables demonstrated
limited predictive significance and contributed minimally to forecasting performance.

Overall, the empirical results demonstrated that simpler and more interpretable nonlinear methods
outperformed several more sophisticated machine learning approaches when evaluated using real out-of-
sample observations.

Discussion and Conclusion

The findings of this study demonstrate that forecasting performance depends not only on model
complexity but also on the ability of a method to generalize effectively to unseen data. The superior
performance of Fuzzy Regression suggests that financial markets contain substantial uncertainty and
ambiguity that can be modeled effectively through flexible, uncertainty-aware frameworks. By
accommodating imprecise relationships among variables, Fuzzy Regression appears particularly well
suited to the dynamic and uncertain nature of stock market behavior.

The strong performance of Interpretable Machine Learning further highlights the value of
balancing predictive accuracy with transparency. While many sophisticated machine learning models
operate as black-box systems, interpretable approaches provide valuable insights into the underlying
drivers of stock price movements. Such transparency is especially important for financial analysts and



investment professionals who require both accurate forecasts and meaningful explanations of market
behavior.

The comparatively weaker performance of Support Vector Machines and Genetic Algorithms
suggests that increased algorithmic sophistication does not automatically guarantee improved forecasting
outcomes. These methods may be more vulnerable to overfitting, parameter sensitivity, and changing
market conditions. Consequently, models that achieve excellent in-sample performance may fail to
maintain accuracy when applied to new observations.

The identification of Highest Price, Lowest Price, Opening Price, and Last Transaction Price as
dominant predictors confirms the central role of market price dynamics in forecasting future stock values.
These variables capture essential information regarding short-term market expectations, trading behavior,
and investor sentiment, making them valuable indicators for predictive modeling.

From a practical perspective, the findings provide important guidance for investors, portfolio
managers, and financial institutions. The results indicate that interpretable forecasting methods can deliver
highly competitive predictive performance while maintaining transparency and usability. Such models
may therefore offer a more effective foundation for investment decision-making than highly complex
black-box algorithms.

In conclusion, this study demonstrates that Fuzzy Regression provides the most accurate and stable
forecasts of stock closing prices among the examined nonlinear methods. Interpretable Machine Learning
also exhibits strong predictive capability, while Decision Trees achieve moderate success. Support Vector
Machines and Genetic Algorithms show comparatively weaker out-of-sample performance. These
findings emphasize the importance of model interpretability, robustness, and generalization ability in
financial forecasting and suggest that future forecasting frameworks should prioritize both predictive
accuracy and practical applicability when analyzing stock market behavior.
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