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ABSTRACT 

In hepatocellular carcinoma (HCC), more than one third of patients were accompanied by macrovascular invasion (MaVI) 

during diagnosis and treatment. HCCs with MaVI presented with aggressive tumor behavior and poor survival. Early 

identification of HCCs at high risk of MaVI would promote adequate preoperative treatment strategy making, so as to 

prolong the patient survival. Thus, we aimed to develop a computed tomography (CT)-based radiomics model to 

preoperatively predict MaVI status in HCC, meanwhile explore the prognostic prediction power of the radiomics model.  

A cohort of 452 patients diagnosed with HCC was collected from 5 hospitals in China with complete CT images, clinical 

data, and follow-ups. 15 out of 708 radiomic features were selected for MaVI prediction using LASSO regression modeling. 

A radiomics signature was constructed by support vector machine based on the 15 selected features. To evaluate the 

prognostic power of the signature, Kaplan-Meier curves with log-rank test were plotted on MaVI occurrence time (MOT), 

progression free survival (PFS) and overall survival (OS). 

The radiomics signature showed satisfactory performance on MaVI prediction with area under curves of 0.885 and 0.770 
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on the training and external validation cohorts, respectively. Patients could successfully be divided into high- and low-risk 

groups on MOT and PFS with p-value of 0.0017 and 0.0013, respectively. Regarding to OS, the Kaplan-Meier curve did 

not present with significant difference which may be caused by non-uniform following treatments after disease progression. 

To conclude, the proposed radiomics model could facilitate MaVI prediction along with prognostic implication in HCC 

management. 
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1. DESCRIPTION OF PURPOSE 

Hepatocellular carcinoma (HCC) is the most common liver primary tumor and leads to over 500,000 deaths worldwide 

each year1-3. Macrovascular invasion (MaVI) occurs in up to 50% HCC patients during diagnosis and treatment4-6. The 

presence of MaVI indicates severe disease progression and usually corresponds to postoperative recurrence7-9. Currently, 

the diagnosis of MaVI is through radiological examination after existence, which limits prevention measures and adequate 

preoperative decision making. Accurate and robust method for MaVI prediction is still in need. 

Previous studies have reported clinical factors for MaVI prediction, including tumor size, nodule number, and alpha-

fetoprotein level, etc6, 10. Although these clinical factors have close correlation with MaVI, the predictive accuracy remains 

low. Considering the advantage of radiological imaging in HCC management, method based on medical imaging is worth 

exploring11, 12. Radiomics provides a possible solution to this problem. Radiomics depicts tumor heterogeneity through 

extracting thousands of quantitative imaging features. Machine learning methods are used to construct the final predictive 

radiomics model by integrating efficient features though big data mining13-17. 

Thus, in this multicenter study, we aimed to develop a preoperative prediction model for MaVI using radiomics pipeline. 

Computed tomography (CT) – based imaging analysis was implemented to construct the radiomics signature for MaVI 

occurrence discrimination. Furthermore, the prognostic prediction power of the radiomics signature was validated on MaVI 

occurrence time (MOT), progression free survival (PFS), and overall survival (OS). 

2. METHODS 

2.1 Patients and data acquisition 

This retrospective study was approved by the institutional review board. We reviewed a total of 452 patients diagnosed 

with HCC from 5 independent hospitals in China from April 2007 to November 2016. The cooperative hospitals are 

accordingly: Yangjiang People’s Hospital, Zhongshan City People’s Hospital, Zhuhai People’s Hospital, Shenzhen 

People’s Hospital, and Nanfang Hospital. CT imaging data and demographic/clinical data were acquired from picture 

archiving and communication systems and electronic medical reports, respectively. MaVI was confirmed by CT or 

magnetic resonance imaging. Follow-ups included PFS, OS, and MOT. 

2.2 Datasets division 

The enrolled cohort was divided into three groups: 1) No MaVI occurrence from initial diagnosis to the end of follow-up 

(n = 287); 2) MaVI occurrence at initial diagnosis (n = 114); 3) No MaVI occurrence at initial diagnosis, but occurred 

during the follow-up (n = 47), which were accordingly named as Non-MaVI, MaVI, and MaVI occurrence groups. To 

better select correlated imaging features with maximum discriminative power, non-MaVI and MaVI groups were chosen 
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for radiomics signature construction. The training dataset included 172 non-MaVI patients and 82 MaVI patients. The 

validation dataset included 115 non-MaVI patients and 32 MaVI patients. Prognosis related analysis were performed on 

MaVI occurrence group regarding to PFS, OS, and MOT. 

2.3 Development and validation of the radiomics-based model 

A set of 708 radiomic features were extracted from CT imaging on portal phase. The extracted features could be divided 

into 5 types including first-order, textural, Gabor wavelet, semantic, and peel-off features18, 19. Semantic features were 

designed based on radiologists’ experience, which were accordingly tumor border clearness, necrosis area, circularity, 

number of nodule heaves on the border, difference between center and cavity, and mosaic area. Peel-off features were 10 

statistical features extracted from peel-off layers which contain voxels from outside to insider tumor. Firstly, redundant 

features were removed by setting correlation coefficients larger than 0.7520. Then, lasso-logistic regression modeling was 

employed to select efficient features from the feature pool21. The radiomics signature was finally constructed by integrating 

the selected features using linear support vector machine. Receiver operating characteristic (ROC) curve was used to show 

the classification ability of the radiomics signature22. Area under the curve (AUC), accuracy, specificity, and sensitivity 

were utilized to assess the predictive performance. To evaluate the prognostic power of the signature, we drew Kaplan-

Meier curves regarding to PFS, OS, and MOT in the MaVI occurrence group23. Log-rank test manifested whether there 

existed significant differences between the high-risk and low-risk subgroups. 

3. RESULTS 

The radiomics signature was constructed by 15 selected radiomic features. It manifested satisfactory predictive 

performance with AUCs of 0.8849 and 0.7704 in the training and validation datasets, respectively. The ROC curves are 

shown in Figure 1. The predictive accuracy was 75.98% in the training dataset and 73.47% in the validation datasets. Other 

detailed predictive indicators are shown in Table 1.  

Table 1. Predictive indicators of the radiomics signature 

Predictive indicator Training dataset (n = 254) Validation dataset (n = 147) 

AUC 0.8849 0.7704 

Accuracy 75.98% 73.47% 

Specificity 0.6919 0.7304 

Sensitivity 0.9024 0.7500 

For prognostic analysis, the radiomics signature could successfully divide patients into high-risk and low-risk subgroups 

regarding to MOT and PFS with p-value of 0.0017 and 0.00134, respectively, in MaVI occurrence group. However, OS 

risk stratification did not show significant difference between the divided subgroups with p-value of 0.14405. The Kaplan-

Meier curves of MOT, PFS, and OS in MaVI occurrence group are shown in Figure 2.  
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4. NEW OR BREAKTHROUGH WORK TO BE PRESENTED 

The originality of this work lies in that we figured out MaVI correlated radiological features. Compared with previously 

reported clinical factors, the constructed radiomics signature had better performance on MaVI prediction with higher AUC. 

In addition, we revealed the prognostic power of the proposed signature on MOT, as well as PFS, which would facilitate 

identification of high-risk patients in HCC management, thus assisting personalized treatment decision making. 

5. CONCLUSIONS 

In HCC management, MaVI occurrence represents uncontrollable progression dilemma. In this multicenter study, we 

developed and validated a radiomics-based method to preoperatively predict MaVI. The proposed radiomics signature 

could successfully realize MaVI prediction with improved predictive performance compared with conventional clinical 

factors. The radiomics signature also presented with satisfactory prognostic implications on MOT and PFS, which could 

guide identification of high-risk patients who should be provided with more frequent follow-ups and earlier treatment 

intervention. The proposed radiomics method would beyond doubt provide reliable basis for HCC management in clinical 

settings. 
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8. FIGURES 
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Figure 2. Kaplan-Meier curves in MaVI occurrence group. (A) Kaplan-Meier curve on MOT; (B) Kaplan-Meier curve on 

PFS; (C) Kaplan-Meier curve on OS. P-value less than 0.05 represents for significant difference. 

Figure 1. ROC curves of the radiomics signature. The black line represents for ROC curve in the training dataset. The red 

line represents for ROC curve in the validation dataset. 
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