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Abstract:

This study aims to compare the accuracy and efficiency of linear regression with nonlinear Logit and Probit models in short-
term stock price forecasting. The study uses daily stock data of Isfahan Steel Company from January 1, 2024, to November
19, 2025. After eliminating multicollinear variables, the closing price was considered the dependent variable, while the
number of trades, price-to-earnings ratio (P/E), net percentage of retail trading, and per capita buy and sell values of
individual investors were selected as independent variables. An out-of-sample forecasting approach was applied, reserving
the last 30 trading days as the test set. The results indicate that although linear regression shows acceptable explanatory
power, it underperforms in short-term forecasting. The Logit model achieved the lowest MSE, RMSE, and MAE values,
followed by the Probit model. The findings confirm the nonlinear nature of stock price dynamics and highlight the superior
predictive performance of probability-based nonlinear models, particularly Logit.
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Extended Abstract

Introduction

Stock price forecasting remains one of the most persistent and theoretically complex challenges in financial economics.
Capital markets are characterized by high volatility, nonlinear dynamics, structural breaks, and strong behavioral components,
which collectively limit the effectiveness of purely deterministic or linear predictive frameworks. Accurate short-term stock
price prediction is particularly important for investors, portfolio managers, and policymakers, as it directly influences trading
strategies, risk management decisions, and capital allocation efficiency. Empirical evidence suggests that stock price
movements are driven not only by firm-level fundamentals but also by macroeconomic uncertainty, investor sentiment,
liquidity conditions, and informational shocks, all of which interact in nonlinear ways (Adebayo et al., 2022; Salisu et al., 2022;
Yang, 2023).

Traditional econometric models—especially linear regression—have long served as the foundation of empirical stock
market analysis due to their interpretability, simplicity, and relatively modest data requirements. Canonical econometric
literature emphasizes that linear regression remains a valuable benchmark model, particularly when theoretical relationships
are assumed to be stable and additive (Greene, 2003; Gujarati, 2004). However, financial time-series data frequently violate
the assumptions underlying linear models, exhibiting heteroskedasticity, heavy tails, asymmetric distributions, and regime-
dependent behavior. These characteristics often result in declining predictive accuracy, especially in short-term forecasting
horizons (Guo & Wang, 2023; Zakamulin, 2024).

In response to these limitations, a growing body of research has explored nonlinear and probabilistic modeling
approaches. Logit and Probit models, which transform the forecasting problem into a probability-based framework, allow for
greater flexibility in capturing threshold effects and regime shifts in stock price behavior. Empirical studies indicate that
probability-based models often outperform linear specifications in volatile environments and when investor behavior plays a
dominant role (Alizadeh Chamazkoti et al., 2024; Omogoroye et al., 2023). These findings align with behavioral finance
theories that emphasize investor overreaction, sentiment-driven trading, and nonlinear adjustment processes (Boons et al.,
2023; Zakamulin, 2024).

Parallel to this development, advances in machine learning and artificial intelligence have introduced sophisticated
forecasting techniques capable of capturing complex patterns in large datasets. While such methods have demonstrated
strong predictive performance in some contexts, their high computational cost, data intensity, and limited interpretability
constrain their practical adoption in many financial institutions (Kumbure et al., 2022; Masini et al., 2023; Thakkar &
Chaudhari, 2021). Consequently, there remains a clear research gap for systematic comparisons between classical linear
models and interpretable nonlinear econometric alternatives.

This gap is particularly pronounced in emerging markets, where informational inefficiencies, dominance of retail investors,
and market microstructure frictions amplify nonlinear price behavior. Empirical evidence from emerging economies—
including lran—suggests that traditional linear models often fail to capture short-term price dynamics, while nonlinear
approaches offer superior predictive performance (Arman et al., 2022; Nourvosh et al., 2020; Setayesh & Kazemnezhad, 2019;
Shirzad et al., 2021). Despite these insights, limited research has directly compared linear regression with Logit and Probit

models using out-of-sample forecasting and error-based evaluation criteria.
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Accordingly, this study addresses this gap by providing a structured comparison of linear regression, Logit, and Probit
models in short-term stock price forecasting, contributing to both the methodological literature and practical investment
analysis (Akhbari et al., 2024; Papageorgiou et al., 2024; Tsai et al., 2024).

Methods and Materials

This study employs daily stock market data from Isfahan Steel Company over the period from January 1, 2024, to
November 19, 2025, covering all available trading days within the sample interval. The dataset includes a broad range of
price-based, transactional, and behavioral variables. To mitigate multicollinearity and ensure model stability, overlapping
variables were systematically removed through diagnostic screening.

The final specification includes the closing stock price as the dependent variable. Independent variables consist of the
number of trades, the price-to-earnings ratio (P/E), the net percentage of retail (individual) trading, and per capita retail buy
and sell values. For nonlinear models, the dependent variable was transformed into a binary indicator based on whether the
closing price exceeded its sample median.

Three models were estimated: ordinary least squares linear regression, Logit regression, and Probit regression. To evaluate
predictive performance, an out-of-sample forecasting framework was implemented. The final 30 trading days were reserved
as a test set, while the remaining observations were used for model estimation.

Forecast accuracy was assessed using three standard error metrics: Mean Squared Error (MSE), Root Mean Squared Error
(RMSE), and Mean Absolute Error (MAE). These criteria allow for a comprehensive comparison of both average deviation and
sensitivity to large forecasting errors.

Findings

Descriptive statistics reveal that the stock price and trading-related variables exhibit substantial volatility, wide dispersion,
and non-normal distributional characteristics. Such properties suggest that linear assumptions may be restrictive in capturing
short-term price movements.

Estimation results from the linear regression model indicate statistically significant relationships between the independent
variables and the closing price. The price-to-earnings ratio demonstrates a strong positive effect, while retail trading intensity
variables exhibit negative effects, reflecting potential behavioral trading patterns. Despite acceptable explanatory power, the
linear model shows relatively large forecasting errors in the out-of-sample period.

The Logit model yields superior predictive accuracy across all evaluation metrics. It records the lowest MSE, RMSE, and
MAE values among the three models, indicating the closest alignment between predicted and actual prices during the test
period. The Probit model performs better than linear regression but remains less accurate than the Logit specification.

Overall, the ranking of predictive performance is Logit first, Probit second, and linear regression last. These results confirm
that probabilistic nonlinear models provide a more accurate representation of short-term stock price dynamics in volatile
market conditions.

Discussion and Conclusion

The results of this study provide clear empirical evidence that short-term stock price dynamics are fundamentally nonlinear
and probability-driven. While linear regression remains useful for interpretive analysis and baseline modeling, its predictive

limitations become pronounced in environments characterized by volatility, asymmetric information, and behavioral trading.
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The superior performance of the Logit model highlights the advantages of transforming price prediction into a probabilistic
classification problem. By focusing on the likelihood of price movement regimes rather than precise point estimates, the Logit
model effectively captures threshold effects and nonlinear adjustments in investor behavior. The Probit model, although
conceptually similar, appears more sensitive to distributional assumptions, which may reduce its flexibility under real-market
conditions.

These findings underscore the importance of model selection in financial forecasting. More complex models are not
inherently superior; rather, models that align closely with the statistical and behavioral properties of the data yield the most
reliable predictions. In this regard, interpretable nonlinear econometric models offer a valuable middle ground between
overly simplistic linear approaches and opaque machine learning algorithms.

From a practical perspective, the results suggest that investors and financial analysts can improve short-term forecasting
accuracy by incorporating probability-based nonlinear models into their analytical frameworks. Such models can enhance
decision-making, risk assessment, and tactical trading strategies without imposing excessive computational or data burdens.

In conclusion, this study demonstrates that Logit and Probit models—particularly Logit—provide meaningful
improvements over linear regression in short-term stock price forecasting. The findings contribute to the empirical finance
literature by reinforcing the relevance of nonlinear econometric modeling and offering actionable insights for market

participants operating in volatile and emerging market environments.
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