2

Content
CT image acquisition	2
Table S1: Characteristics of the CT scans.	2
The classification of liver parenchyma	2
External validation datasets	3
The workflow of the hepatic VCAR	3
Development of a DL-based FLR volumetry system (DL-FLRVS)	3
Dataset description: training dataset of all DL models in this study	4
Imaging Processing and Labeling for the Development of DL Models	5
DL-FLRVS Development	5
Model evaluation	6
Results	6
References	8



[bookmark: _Toc7042]CT image acquisition
The images were acquired using Definition Flash (Siemens Healthineers) and Revolution (GE Healthcare, Milwaukee, WI, USA). Iodinated contrast agents used were iohexol and iomeprol (Omnipaque [GE Health care] and Imeron [Bracco Imaging]) with an amount of ranging from 80 to 140 mL. Because the assessment of FLR for major hepatectomy is based on the anatomy of Couinaud’s liver segments, which are formed by portal veins and hepatic veins, only CT images with clear portal veins and hepatic veins were used. Most images were acquired at portovenous phase (98.31%). CT images with a 1.0/1.25 mm slice thickness were acquired to obtain a precise FLR assessment. The details are summarized in Table S1.

[bookmark: _Toc23547]Table S1: Characteristics of the CT scans.
	Parameters
	External validation
Cohort-1(n=146)
	External validation 
Cohort -2(n=32)

	CT Imaging system
	
	

	Siemens Definition Flash
	53
	18

	GE Revolution
	93
	14

	Imaging thickness (mm)
	1.0/1.25
	1.0/1.25

	Tube voltage
	
	

	120 kVp
	108
	27

	100 kVp
	38
	5

	Images
	
	

	Portovenous phase
	144
	31

	Delay phase
	2
	1



[bookmark: _Toc14505]The classification of liver parenchyma
Liver parenchyma of subjects in the training dataset and external validation cohort-1 were classified into healthy liver, fatty liver, and cirrhosis according to the same definition. 
Subjects with no clinical and pathologic evidence of liver disease were defined as healthy liver in this study. Cases with the MRI proton density fat fraction (PDFF) measurement results ranged from 6.5% to 17.4%, 17.5% to 22.1%, and higher than 22.1% were defined as mild fatty liver, moderate fatty liver, and severe fatty liver, respectively. The time interval between the MR PDFF examination and the CT examination is less than two weeks. Cases with Child-Pugh Classification of A cirrhosis were included in this study and classified as cirrhosis. We excluded Child-Pugh Classification of B and C because these cases were not recommended to accept major hepatectomy.
[bookmark: _Toc3652]External validation datasets
Cases who underwent upper abdominal contrast-enhanced CT scans before major hepatectomy, with an interval of no more than one week between the CT scan and hepatectomy, were collected in the external validation cohort-2.
In external validation cohort-1, we continuously collected the first 50 subjects with a healthy liver, the first 15 subjects with mild fatty liver, the first 15 subjects with moderate fatty liver, and the first 17 subjects with severe fatty liver between June 2019 and December 2021. We continuously included the first 49 subjects with Child-Pugh Classification of A cirrhosis between June 2019 and December 2021.
[bookmark: _Toc14513]The workflow of the hepatic VCAR
As illustrated in Figure 2, all images were imported into the hepatic VCAR program, which ran on a dedicated workstation (AW 4.7 workstation, GE Healthcare, United States) following the acquisition of CT images. A five-step process was required for the final prediction of candidates, involving both manual and automated procedures. First, the hepatic tumor was manually detected by a radiologist or surgeon. Subsequently, the whole-liver was automatically segmented via hepatic VCAR. The liver segmentation results were meticulously reviewed slice by slice and corrected manually if necessary, and finally be confirmed by a radiologist. Next, the location of the target tumor was subsequently identified. A virtual hepatectomy plane for complete/expanded hepatectomy was then delineated by surgeons, generating a quantitative assessment results of FLR. Thereafter, the liver parenchyma was classified into healthy livers, fatty livers, and cirrhosis manually. Finally, the prediction of candidates for major hepatectomy was decided by surgeons.

[bookmark: _Toc11550]Development of a DL-based FLR volumetry system (DL-FLRVS) 
The DL-based FLR volumetry system (DL-FLRVS) consisted of five automated segmentation models that aimed to segment livers, Couinaud liver segments, hepatic veins, portal veins and hepatic lesions automatically. The training and testing dataset cohorts of all of these DL models are shown in Table S1. 
 
[bookmark: _Toc21611]Dataset description: training dataset of all DL models in this study
Training dataset
For the training of all of these automated segmentation models, a total of 2283 patients who underwent abdominal contrast-enhanced CT examinations between January 2018 and March 2019 at Peking University First Hospital (Hospital-1) were included. 
In training dataset, a total of 307, 170, 170, 170, and 492 cases were randomly selected from the collected 1942 eligible patients for the training of automated segmentation models of whole livers, Couinaud’s liver segments, hepatic veins, portal veins, and hepatic lesions, respectively. It was obtained multiple steps from a large cohort of patients with CT data from a previous study (1).
First, we continuously collected the first 307 subjects for the development of the automatic liver segmentation model. 
We subsequently collected subjects with healthy livers, fatty livers, and cirrhosis. These cases were utilized to develop three distinct segmentation models: the Couinaud’s liver segments model, the hepatic veins model, and the portal veins models. This approach was adopted because the hepatic veins and portal veins formed the anatomical boundaries of Couinaud’s liver segments. We continuously include the first 61 subjects with a healthy liver who accepted CT scan between January 2018 and March 2019. For 62 subjects with fatty liver, we continuously included the first 20 subjects of mild fatty liver, the first 20 subjects of moderate fatty liver, and the first 22 subjects of severe fatty liver who accepted CT scan between January 2018 and March 2019 (2). For 47 subjects with hepatic cirrhosis, we continuously included the first 47 subjects with Child-Pugh Classification of A cirrhosis. 
At last, we continuously collected the first 492 subjects for the development of automatic hepatic lesions segmentation model (Table S2). 
Training datasets were employed for model training, validating, and internal testing, with a ratio of 8:1:1. To develop a robust DL-FLRVS that could be applied in clinical practice, CT images obtained by various CT manufacturers and extracted from different liver conditions were included. 
 
Table S2. Characteristics of the datasets used for the development of deep learning (DL) models in the segmentation of livers, Couinaud’s segments, hepatic veins, portal veins, and hepatic lesions.
	Parameters
	Liver model
	Couinaud's segments model
	Hepatic veins model
	Portal veins model
	Hepatic lesions model

	Cohort (Patients)
	
	
	
	
	

	    Train
	246
	136
	136
	136
	394

	    Validation
	30
	17
	17
	17
	49

	    Internal testing
	31
	17
	17
	17
	49

	Total
	307
	170
	170
	170
	492


 
[bookmark: _Toc29113]Imaging Processing and Labeling for the Development of DL Models
ITK Snap version 3.8.0 was used to process all images. Livers, eight Couinaud’s liver segments, major hepatic veins (including the left hepatic vein, right hepatic vein, middle hepatic vein, superior right hepatic vein, inferior right hepatic vein and all primary and secondary branch ramifications), portal veins (including the main trunk, left portal vein, right portal vein and all primary and secondary branch ramifications) and all intrahepatic lesions were annotated.
A hepatic radiologist (with 11 years of experience) annotated all of the labels first, and another abdomen radiologist (with 23 years of experience) re-evaluated, adjusted if necessary and confirmed the final annotations. The final annotations were considered ground truth. All images were processed using this process, including images from the training dataset and the external validation dataset. 
[bookmark: _Toc15711]DL-FLRVS Development
A DL-based volumetry system (DL-FLRVS) containing five multi-level segmentation models for preoperative FLR assessment and prediction of candidates for major hepatectomy based on CT images. These five segmentation models aim for the automatic segmentation of whole liver, Couinaud’s liver segments, hepatic veins, portal veins, and hepatic lesions. Three-dimensional U-Net network described by Çiçek Ö et al. (4) was used for all segmentation tasks. The inputs of the networks were 3D contrast-enhanced CT images with manual annotations, and the same shape images with predicted annotations and volumetric results were produced and output.
Four layers of downsampling were included in the whole network, with two 3 × 3 × 3 convolutions, max pooling and bath normalization in each layer. Four layers of upsampling with two inputs in the upsampling process were included in the whole network. One input is the output from the same layer of downsampling, and the other is from the next layer. These two inputs were spliced together to ensure that the restored feature map incorporates features of different scales.
For the development dataset, we use an 8:1:1 ratio of training, validation and internal test datasets. The validation dataset was used to check the prediction accuracy of our models. For the loss function, we used the Dice loss function. We stopped our training immediately when the validation accuracy started to decrease on the validation dataset to prevent overfitting.
We set an image resolution of 128×192×256, a window level of 30 HU and a window width of 300 HU for all the images. Because hepatic vein branches in hepatic tumors and cirrhosis patients are small, have blurred blood vessel boundaries and are difficult to distinguish, selecting the threshold range helped reduce erroneous labeling effectively. Data normalization was performed. Image amplification methods were used, including affine transformation, translation and random noise. Because small body twists are commonly observed in abdomen images and have the potential to increase erroneous labeling, we used random angular rotation to simulate small body twists. The ADAM gradient descent optimization algorithm was used during model training, with initial learning rates of 10--4 and 400 epochs and a batch size of 2. Python was used as the programming language. Software, including PyTorch 0.4.1, Python 3.6, SimpleITK, Numpy and OpenCV, and hardware of an NVIDIA Tesla P100 16G GPU were used for model training. 
[bookmark: _Toc6189]Model evaluation
[bookmark: OLE_LINK1]The Dice similarity coefficient (DSC), which is calculated as the voxel overlap between the prediction masks (P) and the ground truth (G), and volumetric similarity (VS), which is used to measure the volumetric difference between the prediction masks and ground truth (i.e., VP and VG), were applied to evaluate the segmentation performance.
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[bookmark: _Toc5423]Results
Segmentation Results
The results indicated that our models were capable of accurately segmenting whole livers, eight Couinaud’s liver segments, hepatic veins, portal veins, and hepatic lesions under various liver conditions. The automated segmentation results and the differences between the manual and automated segmentation results in challenging cases are demonstrated in Figure S1.




[image: ]
Figure S1. Manual and automated segmentation results in challenging cases (cases with severe cirrhosis) in internal test dataset. The automatic segmentation results for the liver, Couinaud’s liver segments, and hepatic lesions were comparable to manual segmentation, whereas the automatic segmentation results for the hepatic veins and portal veins were not satisfactory.

[bookmark: _GoBack]Both cases were patients with hepatic cirrhosis, among which one had a heterogeneous density hepatic lesion in the right hemi-liver. Our model obtained comparable results in the segmentation of the entire liver and eight Couinaud’s liver segments. Because severely distorted liver tissue caused by hepatic cirrhosis and vascular infiltration caused by hepatic tumors lead to small and blurred intrahepatic vessels, the automated segmentation results were only capable of precisely segmenting hepatic veins and portal veins up to the second branch ramifications. Additionally, liver tumors have ambiguous boundaries because of their invasive properties, which increased the difficulty in segmenting hepatic lesions.
 
Segmentation Accuracy in internal test dataset
The average DSC values for the segmentation of each target anatomical structure ranged from 0.66 ± 0.08 (95% CI: 0.65, 0.68) to 0.98 ± 0.01 (95% CI: 0.98, 0.99), and the average VS values ranged from 0.74 ± 0.08 (95% CI: 0.73, 0.76) to 1.00 ± 0.01 (95% CI: 0.99, 1.00) in internal test dataset (Table S3).
On the basis of the DSC results, the differences in the segmentation of livers, Couinaud’s liver segments and hepatic veins between the different subgroups were statistically significant (P < 0.001), but no significant differences were found between the subgroups in portal vein segmentation (P = 0.689). On the basis of the results of VS, the differences in the segmentation of the liver and Couinaud’s liver segments between the different subgroups were statistically significant (P < 0.001), but no significant differences were found between the subgroups in the segmentation of the hepatic veins or portal veins (P = 0.749 for the hepatic veins, P = 0.932 for the portal veins).
 
Table S3: Performance of the DL models in the segmentation of liver, Couinaud’s liver segments (CSs), hepatic veins (HVs), portal veins (PVs), and hepatic lesions (HLs) in internal test dataset.
	Performance
	Segmentation 
for livers
	Segmentation 
for CS
	Segmentation 
for HV
	Segmentation 
for PV
	Segmentation for HL

	DSC
	0.98 ± 0.01
(0.98, 0.99)
	0.93 ± 0.01
(0.92, 0.94)
	0.66 ± 0.08
(0.65, 0.68)
	0.67 ± 0.07
(0.66, 0.69)
	0.74 ± 0.17
(0.67, 0.80)

	VS
	1.00 ± 0.01
(0.99, 1.00)
	0.96 ± 0.08
(0.95, 0.96)
	0.80 ± 0.01
(0.79, 0.84)
	0.74 ± 0.08
(0.73, 0.76)
	0.83 ± 0.18
(0.76, 0.89)
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