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Introduction 
Many Computed Tomography (CT) based deep-learning applications have been made assuming that lesions may exist at 
a target body part. But in order to use them in clinical practice, it is essential to determine the indication of applications 
from the patient's CT. In this study, we introduce the GrayNet model that learns common features from a comprehensive 
set of CT images. An overview of GrayNet usages is shown in Figure 1. We hope that GrayNet would improve the 
development of other deep learning applications. 
 
Hypothesis 
We suggested a deep learning model (GrayNet) that would predict age, weight, gender, and body parts in CT images. We 
also hypothesized that GrayNet would improve the performance of other deep learning applications by using its range 
selector and pre-trained models. 
 
Methods 
We collected 492 axial-view series from 6 CT machines. We divided this set of data into two groups of patients, training 
(90%) and validation (10%). Then, we labeled 24 body parts, age, sex, and weight for each CT slice and used them to 
train GrayNet. 
 To confirm the above hypotheses, we conducted three experiments. First, we calculated the mean Area Under the 
Receiver Operating Characteristic curve (mAUC) for body parts and sex and mean absolute-distance (MAD) for age and 
weight. 
 Second, using the prediction of the body parts, we developed a range selector that returned the location corresponding to 
the ICRP-110 phantom. To measure the performance of the range selector, we compared the calculated scan range for 
96 series and the ground truth values set by a radiologist. The mean absolute error (MAE) between the prediction and the 
ground truth was measured. 
 Lastly, in order to show whether the GrayNet model improves the performance of other Deep learning applications, Dice 
scores of U-net models segmenting 3 organs (liver, spleen, and kidneys) were compared. Additional 42 whole-body CT 
exams not used in training GrayNet were collected, and one contrast CT series and one non-contrast CT series from each 
exam were used for the experiment. 
 
Results 
The experiment for prediction performance indicated that the mAUC of 24 body parts prediction and sex prediction were 
1.00 and 0.99, respectively. MAD of age prediction and weight prediction were 9.2 years and 6.7kg, respectively. 
In the case of the experiment for the range selector, MAE of location between ground truth and the prediction was 1.6 cm. 
Experiment improving organ segmentation models shows that the mean Dice score of liver, spleen, and kidney 
segmentation without GrayNet were 0.88, 0.90, and 0.57, respectively, and with GrayNet, 0.97, 0.95, and 0.93, 
respectively. Figure 2 shows the comparison of performance graphically. 
 
Conclusion 
We developed GrayNet that predicts age, weight, gender, and body part in CT images and developed a range selector by 
applying GrayNet. GrayNet improved the performance of segmentation models by using the range selector and pre-
trained model. 
 
Statement of Impact 
Using GrayNet, target-specific AI applications could be applied to various types of CT or whole-body CT, as well as 
increasing the performance of AI applications. 
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Figure 1 Overview of GrayNet Usages for Deep learning application for CT images 
 

 
 
Figure 2 Performance comparison among the segmentation models. 
Brown and orange bars show the performance of the segmentation model when using the GrayNet pre-trained model and 
GrayNet range selector, and gray bars show the performance without GrayNet. 
 

 


