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Abstract: Accurate and explainable prediction of PM.;s concentration can help humans avoid exposure risks to
air pollution, which is of great significance for human health risk assessment and policy implementation.
Currently, the existing PM.s concentration prediction models focus on improving the model prediction accuracy
without considering model interpretability, resulting in poor model reusability and trustworthiness. Therefore,
this paper proposes an Attentional Spatiotemporal Ordinary Differential Equation (ASTODE) model for PM,s

concentration prediction tasks considering both prediction accuracy and model interpretability. Specifically, this
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paper integrates the Neural Ordinary Differential Equation (NODE) into the PM,s concentration prediction task
to improve the interpretability of the prediction model. In addition, to address the challenge of traditional
NODE in mining spatial dependencies in PM.,s concentration data, this paper proposes a novel spatiotemporal
derivative network that extends the traditional NODE to spatiotemporal ordinary differential equations. To
address the challenges of traditional NODE in mining long-term dependencies in PM,s concentration data, this
paper proposes a spatiotemporal attention mechanism to fuse hidden states of multiple time nodes. In the
experimental section, the proposed ASTODE model is validated using a real PM.,s concentration dataset. This
paper quantifies the prediction errors of the ASTODE model in both temporal and spatial dimensions. By
comparing with six existing baseline methods, our proposed ASTODE model obtains a similar or higher
prediction accuracy. This paper also analyzes the interpretability of our proposed ASTODE model from a
visualization perspective, demonstrating that the proposed ASTODE model balances the prediction accuracy and
interpretability to some extent.

Key words: PM,; concentration prediction; air pollution; energy conservation and emission reduction; spatiotemporal
prediction; attention mechanism; Neural Ordinary Differential Equation; Spatiotemporal Ordinary Differential
Equation; model interpretability
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Fig. 3 Forward propagation of spatiotemporal ordinary differential equation
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