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Abstract:

This study aims to compare the predictive power of the Geometric Brownian Motion (GBM) model and neural networks in
forecasting volatility of Tehran Stock Exchange price index and exchange rate. This applied quantitative study used monthly
data of the Tehran Stock Exchange price index and official exchange rate from 2012 to 2023. Volatility presence was first
confirmed using the ARCH test. Volatility modeling was then performed using a numerically solved GBM framework based on
stochastic differential equations and the Fokker—Planck approach, and its performance was compared with an online-learning
neural network model. Model accuracy was evaluated using the coefficient of determination (R?) and root mean squared
error (RMSE). For the stock price index, the GBM model achieved R? = 0.5751 and RMSE = 0.059, outperforming the neural
network (R? = 0.438; RMSE = 0.448). For the exchange rate, GBM yielded R? = 0.5245 and RMSE = 0.026, compared to R? =
0.410 and RMSE = 0.447 for the neural network. Both research hypotheses were statistically supported, confirming the
superior predictive performance of the GBM model. The Geometric Brownian Motion model demonstrates significantly
higher predictive accuracy and explanatory power than neural networks in forecasting stock market and exchange rate
volatility, offering a more reliable analytical framework for financial forecasting and investment decision-making.
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Extended Abstract

Introduction

Forecasting financial market volatility remains one of the most challenging and consequential tasks in modern financial
economics. Volatility in stock prices and exchange rates plays a central role in portfolio allocation, risk management,
macroeconomic stabilization, and monetary policy design. Empirical evidence indicates that exchange rate fluctuations
strongly influence unemployment, inflation, financial stability, and economic growth, particularly in developing and emerging
economies (Abdi Seyyed Kalaei et al., 2025; Alemu, 2025; Saeedi et al., 2025; Shavvalpour Arani et al., 2024; Tejesh, 2024).
Simultaneously, stock markets act as sensitive barometers of macroeconomic expectations and policy credibility, reacting
sharply to both domestic and international shocks (Candian & De Leo, 2025; Pirpour & Samsami Mazra'e Akhound, 2025).
The intertwined behavior of stock prices and exchange rates therefore constitutes a critical domain for advanced forecasting
research.

Traditional econometric models have long been used to analyze financial volatility; however, their linear structure and
restrictive assumptions often fail to capture the nonlinear, non-stationary, and highly complex dynamics observed in real
markets (Amat et al., 2018; Su et al., 2023). In response, machine learning and artificial intelligence techniques have gained
prominence due to their capacity to model nonlinear relationships and extract hidden patterns from massive datasets (Chang
et al.,, 2024; Rouf et al., 2021; Yao et al., 2022; Zhang & Lu, 2024). Neural networks, in particular, have demonstrated
impressive predictive accuracy across diverse financial applications (Chahuan-liménez, 2024; Khosravi & Amirhosseini, 2023;
Santoso et al., 2018; Taftiyan et al., 2023). Yet, the literature also emphasizes persistent limitations of these models, including
vulnerability to overfitting, instability under structural breaks, and limited economic interpretability (Demsar & Zupan, 2021;
Murshed et al., 2020).

Parallel to this data-driven paradigm, stochastic process—based modeling grounded in financial theory has experienced
renewed interest. Geometric Brownian Motion (GBM), as one of the foundational frameworks of modern financial modeling,
offers a mathematically consistent representation of asset price dynamics and underpins numerous pricing and forecasting
models (Agustini, 2018; Bentis & Lyu, 2022; Bratian et al., 2022; Chen et al., 2016; Sadeghi et al., 2019; Sinha, 2024). Recent
developments have extended classical GBM into advanced formulations such as the Water Drop Motion algorithm, which
incorporates nonlinear diffusion dynamics and provides improved volatility extraction through numerical solutions of
stochastic differential equations (Arias et al., 2020; Sarraf Nejad et al., 2023; Ziaei Najafabadi & Ghazi Fini, 2023). Empirical
studies—particularly in the Iranian capital market—suggest that this approach yields superior predictive stability under high
volatility regimes compared to conventional statistical and machine-learning models (Sarraf Nejad et al., 2023; Ziaei
Najafabadi & Ghazi Fini, 2023).

Despite the parallel growth of these two methodological streams, systematic comparative evaluation between modern
neural network models and advanced GBM-based approaches in forecasting the volatility of both stock prices and exchange
rates remains scarce, especially within emerging market contexts. This study addresses this gap by providing a comprehensive
comparison between the Geometric Water Drop Motion model and neural networks for forecasting volatility in the Tehran

Stock Exchange price index and Iran’s exchange rate.
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Methods and Materials

The study employed a quantitative applied research design. The statistical population consisted of the Tehran Stock
Exchange overall price index and the official exchange rate of Iran. Monthly observations from 2012 to 2023 were used as
the research sample.

The analysis proceeded in several stages. First, volatility clustering was diagnosed using the ARCH test to confirm the
presence of conditional heteroskedasticity in both time series. Next, the Geometric Water Drop Motion model was
implemented through numerical solutions of stochastic differential equations derived from the Fokker—Planck framework.
Parameters were estimated by optimizing kurtosis conditions, and model fit was evaluated using the coefficient of
determination (R%) and root mean squared error (RMSE).

In parallel, an online-learning neural network was developed using incremental stochastic gradient descent. Seventy
percent of observations were used for training and thirty percent for out-of-sample testing. Forecast performance of the
neural network was assessed using the same R? and RMSE metrics to ensure comparability.

Findings

ARCH test results confirmed significant volatility clustering in both the stock index and exchange rate series at the 95%
confidence level, validating the suitability of volatility modeling.

For the stock price index, the Geometric Water Drop Motion model achieved an R? of 0.5751 and an RMSE of 0.059,
indicating strong explanatory power and high forecast precision. In contrast, the neural network produced an R? of 0.438 and
an RMSE of 0.448.

For the exchange rate, the Water Drop model yielded an R? of 0.5245 with an RMSE of 0.026, substantially outperforming
the neural network’s R? of 0.410 and RMSE of 0.447.

Across both markets and both performance criteria, the Water Drop Motion model consistently demonstrated superior
predictive accuracy and lower forecast error. Hypothesis testing confirmed that the predictive power of the Geometric Water
Drop Motion model is significantly higher than that of the neural network for both stock market volatility and exchange rate
volatility.

Discussion and Conclusion

The results provide strong empirical evidence that volatility in both stock prices and exchange rates within the Iranian
financial system is more accurately captured by the Geometric Water Drop Motion framework than by data-driven neural
networks. The Water Drop model’s superior performance can be attributed to its theoretical grounding in stochastic
dynamics, which enables it to directly model intrinsic market randomness and nonlinear diffusion mechanisms. By contrast,
neural networks, although flexible, rely heavily on historical pattern learning and exhibit sensitivity to structural changes and
regime shifts.

These findings carry important implications for financial modeling in volatile emerging markets. They indicate that reliance
on machine learning alone may expose forecasting systems to instability, whereas integration of stochastic-theoretical
models offers improved robustness and interpretability. From a practical perspective, the Water Drop Motion model provides
a reliable analytical foundation for investors, risk managers, and policymakers seeking stable forecasts under conditions of

heightened uncertainty.
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In conclusion, the study demonstrates that Geometric Water Drop Motion constitutes a highly effective framework for
forecasting financial volatility and significantly outperforms neural network models in the Iranian stock and currency markets.
The evidence supports a paradigm shift toward theoretically grounded stochastic modeling as a core component of advanced
financial forecasting systems.
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