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Figure 1 The application of artificial intelligence technology in various processes of CT examination
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Figure 2 Evolution of commonly used Al algorithms in CT radiation dose optimization
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Computed Tomography (CT) plays a crucial role in modern clinical diagnostics due to its ability to provide rapid and
detailed anatomical imaging. However, CT imaging presents substantial concerns regarding ionizing radiation exposure,
which can increase the risk of radiation-induced complications, especially with repeated scans. Therefore, minimizing ra-
diation dose without compromising diagnostic accuracy has become a critical research topic. Artificial Intelligence (Al),
characterized by its powerful data-processing capabilities and adaptive learning mechanisms, is revolutionizing numerous
aspects of modern medicine. In particular, Al demonstrates promising potential to optimize various stages of the CT exam-
ination process. This optimization not only improves clinical efficiency but also contributes to a significant reduction in
unnecessary radiation exposure. The comprehensive review aims to systematically explore the diverse applications of Al
for reducing radiation dose across the entire CT examination pipeline. During the pre-scanning and data acquisition phase,
Al enables automated patient positioning by employing real-time visual recognition. Al can identify anatomical landmarks
and adjust patient alignment to ensure optimal image acquisition geometry, thereby reducing the need for repeat scans
caused by misalignment. In the scanning phase, Al algorithms are employed to determine personalized scanning parameters
based on patient-specific characteristics such as body size, anatomical region, and clinical indication. Moreover, Al en-
hances automatic exposure control systems by integrating historical imaging data and contextual information, ensuring that
radiation output is dynamically adjusted during scanning to maintain diagnostic quality at the lowest feasible dose. Fol-
lowing data acquisition, Al has facilitated the advancement of deep learning-based reconstruction algorithms in the image
reconstruction stage. These algorithms are particularly effective in low-dose CT denoising and sparse-view reconstruction,
producing high-quality diagnostic images even when fewer projections or lower radiation levels are used. This approach
enables clinicians to maintain diagnostic confidence while minimizing radiation exposure. After scanning, Al continues to
perform automated radiation dose estimation and analysis. These tools provide quantitative feedback on delivered dose
metrics and enable the generation of personalized scanning protocols tailored to individual risk profiles. Over time, such
feedback mechanisms contribute to the development of adaptive systems that learn from cumulative imaging data to con-
tinuously optimize safety and efficacy. Despite the encouraging progress, there are several challenges in translating Al
technologies into routine clinical practice. Issues such as limited interpretability of complex models, data privacy and
security concerns, and uncertainty in image reliability under extremely low-dose conditions must be addressed. Transparent
model design, robust validation across diverse populations, and adherence to regulatory frameworks are necessary to facil-
itate responsible integration. In conclusion, we highlight how Al can be systematically leveraged to intelligently manage
radiation dose throughout the CT workflow. Looking forward, the integration of large language foundation models and
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multi-modal data fusion holds great potential to develop end-to-end intelligent CT examination systems that not only min-
imize radiation exposure but also elevate diagnostic precision and workflow efficiency.

<4217 computed tomography, artificial intelligence, radiation dose optimization, image reconstruction
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