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[ Abstract] Objective To explore the feasibility and clinical diagnostic value of squeeze-and-excitation

(SE) -Lite cycle-consistent generative adversarial network ( CycleGAN)—a deep learning model based on

CycleGAN, for generating high-quality whole-body bone scan images from rapid acquisition data. Methods

This prospective cohort study included 93 patients with skeletal diseases (42 males, 51 females; age (59.8+

12.6) years) who underwent bone scan at Jiangnan University Medical Center between April and November

2024. After intravenous injection of *Tc™-methylene diphosphonate (MDP) (740-925 MBq) , images were

acquired at speeds of 15 cm/min (standard scan) and 45 cm/min (fast scan). Additionally, standard scan
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images of 200 patients (125 males, 75 females; age (67.3+11.5) years) between July 2023 and April
2024 were included from the hospital’s picture archiving and communication system ( PACS) for model
training. The unsupervised SE-LiteCycleGAN was employed for image quality optimization and compared
with supervised models including UNet, residual channel attention network (RCAN) , image restoration using
Swin Transformer ( SwinIR) , enhanced deep super-resolution network (EDSR) and the unsupervised model
CycleGAN. Image quality was evaluated using structural similarity index (SSIM) , peak signal-to-noise ratio
(PSNR), Fréchet inception distance (FID), learned perceptual image patch similarity ( LPIPS) and root
mean square error (RMSE). One-way analysis of variance was used for intergroup comparisons. Subjective
scoring and diagnostic efficacy assessments were conducted by 2 nuclear medicine physicians, with consis-
tency analyzed by using the intraclass correlation coefficient (ICC). Results The SE-LiteCycleGAN group
achieved superior SSIM (0.877+0.008), PSNR ((33.345+0.488) dB), LPIPS (0.036+0.001), and
RMSE (0.022+0.001) than other deep learning groups ( F values: 163.92, 26.12, 1199.46, and 7.65,
respectively; all P<0.001), and obtained the best FID (9.874). Subjective image-quality scores from 2
physicians demonstrated high consistency across the rapid scan, SE-LiteCycleGAN, and standard scan groups
(ICC=0.904 (95% CI: 0.881-0.924) , P<0.001), with scores of 2.86+0.45, 4.02+0.66, and 4.27+0.61,
respectively. Diagnostic agreement between the SE-LiteCycleGAN and standard scan groups was also high
(1CC=0.836 (95% CI. 0.786-0.874) , P<0.001), with only 4 cases showing discrepant diagnoses. Con-
clusion SE-LiteCycleGAN significantly improves fast bone scan image quality to meet clinical diagnosis,

demonstrating the potential to enhance both patient comfort and equipment throughput.
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CT( computed tomography) , i HLIKZHEREA
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HBsAg( hepatitis B surface antigen) , Z 7 JF- R F 1P )7
HBV ( hepatitis B virus) , Z B F R K7

HCV ( hepatitis C virus) , B R K7

MRI( magnetic resonance imaging) , i 3E9R 1%
PBS( phosphate buffered solution) , B2 £k 2% M
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PCR ( polymerase chain reaction) , & BE5E 5L,

PET( positron emission tomography) , 1F. i, F & S )2 H52 A
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RBC(red blood cells) , £ 2 i1
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ROI( region of interest) , JROLHR [X

SPECT ( single photon emission computed tomography) , #.5F
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WBC ( white blood cells) , A4l fif
WHO ( World Health Organization) , tH 5 T4 20 41

AT G 230





