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The effect of deep-learning image reconstruction algorithm on the visualization and classification of adre-
nal tumors WANG Shi-geng, LIU Yi-jun, TONG Xiao-yu, et al. Department of Radiology, the First
Affiliated Hospital of Dalian Medical University, Liaoning 116011, China

[Abstract] Objective: To observe the impact of different levels of deep-learning image recon-
struction (DLIR) algorithm on the conspicuity of adrenal tumors,the reproducibility of radiomics fea-
tures, and the performance of radiomics models in differentiating tumor types. Methods: The clinical
and CT data of forty-one patients with functioning adrenocortical adenoma (FAA) and forty-six pa-
tients with adrenal metastases (AM) were collected retrospectively. After completion of CT enhanced
scans,the raw data at venous phase was reconstructed using four levels of DLIR (DL1,DL2,DL3 and
DIL4) respectively. The image quality of different reconstruction levels was compared first using sub-
jective and objective evaluation. Adrenal tumor segmentation and 450 radiomics features extraction in
each group of reconstructed images were established by the Research Portal V1. 1. Radiomics features
including 90 features from original image features as well as 360 features from higher-order features
after Laplacian of Gaussian (LoG) filtering (with Gaussian kernels of 0.5,1. 0,1.5 and 2. 0, respec-
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tively). The concordance correlation coefficient (CCC) was used to evaluate the reproducibility of the
radiomics features of FAA and AM after the DLIR level was increased. Finally,a step-wise feature se-
lection strategy was employed in each group of reconstructed images to select the optimal feature set
and construct a radiomics model to differentiate FAAs from AMs. The discrimination performance of
the four models was verified using five-fold cross-validation, while their generalizability was assessed
using stratified cross-validation. Results;Images of DL.2 and DL3 were optimal in displaying adrenal le-
sions with a score of 4 (4,5),which were better than those of DLL1 with a corresponding score of 4 (3,
5) and DL4 with a corresponding score of 4 (3,4),with statistical difference (F=139. 045,P<C0. 05).
With the increase in DLIR level, the number of original features with a CCC value >0. 85 gradually
decreased,and the reproducibility proportion of FAA and AM features in DL4 was only 39. 3% (21/
90) and 50.9% (29/90),respectively. After the radiomics features were processed with the LoG filter
(Gaussian kernel:2. 0),the number of features with CCC values >>0. 85 increased, with reproducibility
proportions in DL4 being 91.1% (82/90) for FAA and 93. 3% (84/90) for AM. The area under the
curve (AUC) and accuracy of the four radiomics models were all 0. 75 in the test sets, with no sta-
tistically significant differences according to Del.ong test (Z=0. 177 ~1. 284, P=0. 199 ~0. 859).
However,stratified cross-validation showed that the generalization ability of images reconstructed with
DL4 was the weakest,with both AUC values and accuracy <C0. 75. Conclusion : High-level noise reduc-
tion in DLIR images reduces the conspicuity of adrenal tumors as well as the generalizability of the ra-
diomics models. Although the LoG filter with Gaussian kernel of 2. 0 can help for enhancing the repro-
ducibility of radiomics features,it is still recommended to use medium- to low-noise-level DLLIR images
for adrenal imaging diagnosis and radiomics model training.

[Key words] Tomography, X-ray computed; Radiomics; Deep learning; Reconstruction algo-

rithm; Adrenal gland neoplasm; Reproducibility
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