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[Abstract] Objective Intracranial aneurysm is a disease that seriously threatens the life and safety of
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patients, and the hemodynamic prediction of velocity, pressure, and vorticity holds clinical significance for
their diagnosis and treatment. Computational fluid dynamics (CFD) effectively models hemodynamic
characteristics, it incurs high computational costs. The study proposes a novel deep learning architecture for
the rapid prediction of intracranial aneurysm hemodynamics. Methods The CFD simulations were conducted
based on the shape data of 210 intracranial aneurysm cases, and a database of pressure, velocity, and
vorticity was established according to the simulation results. A residual multi-scale attention generative
adversarial network (RMAGAN) combining residual squeeze-and-excitation blocks (Res-SE-Block) and
multi-scale attention block (MAB) was designed to perform hemodynamic prediction of pressure, velocity and
vorticality based on the shape information of aneurysms. The generator employed a residual multi-scale U-Net
architecture to enhance network performance and predictive capability, while the discriminator utilized a
Markov discriminator to improve computational efficiency. The loss function integrates the CGAN loss function
with a Smooth loss function to optimize training stability and prediction accuracy. The performance of our deep
learning model was evaluated by using root mean square error (RMSE) , normalized mean absolute error
(NMAE) , and Pearson correlation coefficient (r) , and was compared with that of multi-layer perceptron
(MLP) and convolutional neural network (CNN). Results The predicted results of the deep learning model
closely matched the velocity, pressure, and vorticity from the CFD simulations. The similarity and accuracy
between the two methods achieved RMSE < 0. 280 4, NMAE < 12. 509 6%, and r > 0. 815 3, while reducing
the computational cost by a factor of 1 500. Conclusions Our deep learning model enables rapid prediction of

hemodynamics and significantly reduces computational costs, providing a novel solution for hemodynamic
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simulations. It holds potential for clinical diagnosis and treatment of intracranial aneurysms.
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Figure 1 Partial instances of the database
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