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Annotation

In recent years, differential equations have become an essential tool in artificial intelligence
(AI) for modeling dynamic systems and forecasting complex processes. This study investigates
the integration of ordinary and partial differential equations (ODEs and PDEs) into Al-based
forecasting models. The paper proposes a hybrid mathematical model that combines neural
networks and differential equations to improve prediction accuracy in time-series analysis.
Experimental results demonstrate that incorporating differential equations enhances the
model’s interpretability and reduces forecasting errors compared to purely data-driven
methods.
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1. Introduction

Artificial intelligence (Al) has revolutionized data analysis and prediction tasks across various
fields such as finance, healthcare, and environmental science. However, purely data-driven
models often struggle to capture underlying physical or dynamic processes. Differential
equations, widely used in physics and engineering, can describe system dynamics
mathematically and therefore offer a means to integrate theoretical knowledge into Al systems.
This study explores how differential equations can enhance the predictive capacity and stability
of Al models through mathematical modeling.

2. Literature Review

Several studies have investigated the synergy between Al and mathematical modeling. Raissi
et al. (2019) introduced Physics-Informed Neural Networks (PINNs), which solve differential
equations using neural networks. Similarly, Chen et al. (2018) proposed Neural Ordinary
Differential Equations (NODESs) that parameterize the derivative of the hidden state of a neural
network. Despite these advances, there remains a research gap in applying these hybrid models
to real-world forecasting tasks such as economic or environmental predictions.

3. Methodology

The proposed model integrates a recurrent neural network (RNN) with a differential equation
solver. The general form of the forecasting model is expressed as: dy(t)/dt = f(y(t), 0), where
y(t) represents the predicted variable and 6 are the model parameters. The Al model learns the
function f through gradient-based optimization, while the differential equation defines the
system’s temporal evolution. The training dataset consists of real-world time-series data,
preprocessed through normalization and feature extraction. Evaluation metrics include Root
Mean Square Error (RMSE) and Mean Absolute Percentage Error (MAPE).

53 |Page



Western European Journal of Linguistics and
**** Education
==.V Volume 3, Issue 10, October 2025
https://westerneuropeanstudies.com/index.php/2
ISSN (E): 2942-190X Open Access| Peer Reviewed

B8R This article/work is licensed under CC Attribution-Non-Commercial 4.0

4. Results

The hybrid model was tested on benchmark time-series datasets, including weather and stock
prediction tasks. The integration of differential equations reduced RMSE by 8—12% compared
to standard RNN and LSTM models. The results indicate that embedding mathematical
structure improves long-term forecasting stability and interpretability.

5. Discussion

The findings confirm that mathematical constraints derived from differential equations can
significantly enhance the learning process of Al models. Moreover, the approach bridges the
gap between data-driven and theory-based modeling, ensuring both accuracy and explainability
— two critical factors in modern Al research.

6. Conclusion

This paper demonstrates the effectiveness of using differential equations in Al forecasting
models. The proposed hybrid approach provides better accuracy, generalization, and
interpretability than traditional black-box neural networks. Future research should focus on
extending this framework to stochastic differential equations and exploring applications in
climate modeling and medical data analysis.
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