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A study on the application of deep learning image reconstruction algorithm in low-kVp dual-phase CT en-
terography WANG Zi-xiong, TANG You-fa,LLUO Yan,et al.Department of Radiology, Tongji Hospi-
tal, Tongji Medical College, Huazhong University of Science and Technology, Wuhan 430030, China
[Abstract] Objective: To investigate the performance of deep learning image reconstruction
(DLIR) in enhancing image quality for low-kVp dual-phase CT enterography (CTE).Methods: This
retrospective analysis included 40 individuals who underwent dual-phase CTE at 100kVp.Image data-
sets were reconstructed using filtered back projection (FBP),adaptive statistical iterative reconstruc-
tion-Veo (ASiR-V) at 30% and 60% blending,and DLIR at low, medium,and high levels (DLIR-L,
DLIR-M,DLIR-H).Performance of different reconstruction algorithms were compared and analyzed in
terms of objective measurements including CT attenuation,image noise (standard deviation,SD),sig-
nal-to-noise ratio (SNR), and contrast-to-noise ratio (CNR) and subjective image quality scoring.
Meanwhile, the relationship between relative CNR enhancement over FBP and BMI was also examined
among other five different algorithms.Results: In the quantitative analysis of image quality, there was
no statistically significant difference in CT values among the six reconstruction algorithms in the dual-
phase of the four anatomical sites (all P >>0.05).DLIR-H demonstrated significantly lower SD and
higher SNR and CNR than FBP and ASiR-V (all P<C0.05).Subjective image quality scores were sig-
nificantly higher for DLIR-H and DLIR-M (P <C0.05).Moreover, the relative CNR improvements a-
chieved with DLIR-M and DLIR-H were positively correlated with BMI in both the arterial and venous
phases (=0.319,0.387 and 0.314,0.333,respectively;all P<C0.05).Conclusion:DLIR substantially en-
hances image quality in low-voltage dual-phase CTE by minimizing noise.It exhibits particular value in

patients with elevated BMI, supporting its integration into clinical imaging protocols.
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