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Abstract 
Background Hepatocellular carcinoma (HCC) is associated with dismal prognosis, and 
prediction of the prognosis of HCC can assist the therapeutic decisions. More and more studies 
showed that the texture parameters of images can reflect the heterogeneity of the tumor, and 
may have the potential to predict the prognosis of patients with HCC after surgical resection. 
The aim of the study was to investigate the prognostic value of computed tomography (CT) 
texture parameters for patients with HCC after hepatectomy, and try to develop a radiomics 
nomograms by combining clinicopathological factors with radiomics signature.             

Methods 544 eligible patients were enrolled in the retrospective study and randomly divided 
into training cohort (n=381) and validation cohort (n=163). The regions of interest (ROIs) of 
tumor is delineated, then the corresponding texture parameters are extracted. The texture 
parameters were selected by using the least absolute shrinkage and selection operator (LASSO) 
Cox model in training cohort, and the radiomics score (Rad-score) was generated. According 
to the cut-off value of the Rad-score calculated by the receiver operating characteristic (ROC) 
curve, the patients were divided into high-risk group and low-risk group. The prognosis of the 
two groups was compared and validated in the validation cohort. Univariate and multivariable 
analyses by COX proportional hazard regression model were used to select the prognostic 
factors of overall survival (OS). The radiomics nomogram for OS were established based on 
the radiomics signature and clinicopathological factors. The Concordance index (C-index), 
calibration plot and decision curve analysis (DCA) were used to evaluate the performance of 
the radiomics nomogram. 
Result 7 texture parameters associated with OS were selected in the training, and the radiomics 
signature was formulated based on the texture parameters. The patients were divided into high-
risk group and low-risk group by the cut-off values of the Rad-score of OS. The 1-, 3- and 5-
year OS rate was 71.0%, 45.5% and 35.5% in the high-risk group, respectively, and 91.7%, 
82.1% and 78.7%, in the low-risk group, respectively, with significant difference (P <0.001). 
COX regression model found that Rad-score was an independent prognostic factor of OS. In 
addition, the radiomics nomogram was developed based on five variables: α‐fetoprotein (AFP), 
platelet lymphocyte ratio (PLR), largest tumor size, microvascular invasion (MVI) and Rad-
score. The nomograms displayed good accuracy in predicting OS (C-index=0.747) in the 
training cohort and was confirmed in the validation cohort (C-index=0.777). The calibration 
plots also showed an excellent agreement between the actual and predicted survival 
probabilities. The DAC indicated that the radiomics nomogram showed better clinical 
usefulness than the clinicopathologic nomogram. 
Conclusion The radiomics signature is potential biomarkers of the prognosis of HCC after 
hepatectomy. Radiomics nomogram that integrated radiomics signature can provide more 
accurate estimate of OS for patients with HCC after hepatectomy.   
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1. Background 

HCC is the fifth most common malignancy and ranks as the third most common cause of 
cancer-related death globally. 1,2 Surgical resection is the preferred treatment option for people 
with HCC.3 However, the long-term prognosis of patients with hepatocellular carcinoma after 
resection is dismal with 5-year survival rate of 25-55% and 5-year recurrence rate of 60-100% . 
4-7 The prognosis of HCC is influenced by numerous factors, and thus early prediction of the 
prognosis is of great significance for the long-term management and effective treatment. At 
present, Barcelona Clinic Liver Cancer (BCLC) is a worldwide recognized staging system for 
HCC, which is widely used tool to guide the prognostic prediction and treatment decisions. 3 
Despite this, BCLC classification is still controversial and shows limited predictive power.8-10 
Therefore, it is worth exploring more reliable and pragmatic methods to evaluate the prognosis 
of HCC.  

The previous imaging studies were based on the size, shape, density and enhancement of 
tumors, 11which did not quantify the information of the images and were easily affected by the 
subjective factors of the radiologists. Radiomics is a new emerging field, which can extract 
high-dimensional information from medical images. Texture analysis (TA), an image post-
processing technique, can evaluate the potential heterogeneity of the lesions using a large set 
of quantitative features.12-14 Emerging studies showed that texture features have the potential to 
differentiate tumor types, monitor therapeutic response, identify the regional lymph node 
metastasis of malignant tumors and predict the prognosis. 15,16 Furthermore, radiomics features 
are closely associated with gene expression, gene mutation and epigenetic alterations, which 
can reflect proliferation, invasion, metastasis and drug resistance of the tumors. 17 In the future, 
the accurate and quantitative imaging information by automatic identification with artificial 
intelligence in combination with clinical data can help doctors evaluate the patient survival. It 
plays an important role in clinical decision making, treatment planning and postoperative long-
term follow-up, and provide new opportunities for individual precise treatment. 

The underlying correlation of radiomics features, pathology and survival is not clear, and 
relatively few studies have addressed the efficacy of TA in prognostic prediction. The 
intratumor heterogeneity can reflect the biological characteristics, which may be of prognostic 
significance. The purpose of this study is to explore the prognostic value of preoperative CT 
texture parameters for patients underwent radical hepatectomy. In addition, a prognostic 
nomogram is proposed on the basis of texture parameters to provide useful references for 
precision medicine. 
2.Materials and methods 

2.1Patients 

A total of 544 consecutive patients with HCC underwent hepatectomy in the Department 
of Liver Surgery at West China Hospital between January 2013 and December 2016 were 
enrolled according to the criteria for inclusion: (1) patients who underwent an initial radical 
hepatectomy with pathologically confirmed HCC; (2) Child-Pugh A or B liver function;(3) no 
preoperative treatments such as radiofrequency ablation, transcatheter arterial 
chemoembolization (TACE) and chemotherapy; and(4) preoperative contrast-enhanced CT 
within 4 weeks. The exclusion criteria were as follows: (1) The CT images failed to meet the 
requirements; (2) benign or mixed types of liver tumor; (3) simultaneously underwent 
hepatectomy and radiofrequency ablation; (4) receipt of liver transplantation during the course 



of disease; (5) incomplete clinical or follow-up data. We randomly divided the eligible patients 
into 2 groups at a ratio of 7:3, the training cohort (n=381) and the validation cohort (n=163). 
The study was approved by the Committee of Ethics in West China Hospital of Sichuan 
University. The clinicopathologic variables were collected, including patient demographics, 
laboratory data, tumor characteristics, surgical outcomes, postoperative pathological data. 
2.2Patient follow-up and surveillance 

All patients were followed up by telephone or outpatient at the first month after surgery 
and then every 3 months thereafter until November 2019. The routine examinations including 
serum AFP levels, routine blood tests, serum biochemistry, HBV-DNA, abdominal 
ultrasonography, contrast-enhanced CT/MRI was performed at each of these follow-up visits. 
OS was calculated as the period from the time of surgery to the time of either death or last 
follow-up.  

2.3image acquisition and imaging texture analysis 

The target images were retrieved from the Picture Archiving and Communication System 
in Digital Imaging and Communications in Medicine (DICOM) format and transferred to 
Mazda software (version 4.6) for further TA. All manual segmentations were performed by an 
abdominal radiologist with 5 years of experience and verified by a senior radiologist with 20 
years of experience. The regions of interest (ROIs) delineated the largest cross-sectional area 
of the tumors on the preoperative portal venous phase images. Based on the segmented tumor(s), 
269 texture features reflecting tumor heterogeneity were extracted, including 5 categories: (1) 
histogram features; (2) co-occurrence matrix; (3) run-length matrix; (4) autoregressive model; 
(5) wavelet transform. 
2.3 feature selection and radiomics signature building 

We used the LASSO Cox regression model to select the features most associated with the 
survival status in the training cohort, with 10-fold cross validation utilized to reduce 
overfitting.18 The LASSO is a data analysis method that can shrinks the coefficients of survival-
unrelated variables to zero and the features with non-zero coefficient were selected.19 The 
radiomics signature was built via a linear combination of selected features multiplied by their 
corresponding non-zero coefficients. Then, the Rad-score was calculated for each patient. 
2.4 Model construction and evaluation 

The patients were stratified into high-risk or low-risk groups according to the threshold of 
the Rad-score calculated by using ROC curve analysis. The difference between the survival 
curves of the high-risk and low-risk groups was assessed in the training cohort and then 
validated in the validation cohort. Univariate and multivariate COX regression analyses were 
performed in the training cohort to determine the potential independent risk factors. Then the 
radiomics nomogram integrating the radiomics signature and the independent 
clinicopathological risk factors according to the result of multivariate analysis was constructed 
to predict postoperative survival status. The discrimination ability of the nomogram was 
evaluated by the C-index. The calibration performance was measured by the calibration curve, 
which described the agreement between the predicted and observed survival probability. The 
clinical value of the nomogram was assessed by DCA20 in the entire cohort, which generated 
by calculating the net benefits at different threshold probabilities. 
2.2Statistical analysis 

Statistical analysis was performed with SPSS version 22.0 software (Chicago, IL, USA) 



and R software (version 3.5.1 ;http://www.R-project.org). Continuous variables were 
presented as mean ± standard deviation for normally distributed variables or median 
(interquartile range) for non-normally distributed variables. Differences between the two 
groups were compared using t-test or Mann-Whitney U test. Meanwhile, categorical variables 
were expressed by frequency (percentage) and assessed by Pearson’s chi-square test or Fisher 
exact test. ROC curve analysis was used to determine the optimal cutoff values base on the 
maximum Youden index. Survival curves were calculated using the Kaplan-Meier method and 
compared using the log-rank test. The Cox regression analysis was used for both univariate and 
multivariate analyses. Variables with P-values < 0.10 in univariable analysis were introduced 
into the multivariate COX proportional hazards model to further determine the independent 
prognostic factors with a backward stepwise selection. The LASSO Cox regression model 
analysis was based on the glmnet package. The nomogram and calibration curve were 
established using rms package, while DCA was performed using the dca.R package. The 
predictive performance of the nomograms was evaluated by the C-index. A P value< 0.05 was 
considered statistically significant. 
3.Results 

3.1 Patient demographics and clinicopathological characteristics 

544 patients who met the inclusion and exclusion criteria were retrospectively analyzed in 
the study. The comparison of clinicopathological characteristics between the training cohort 
(n=381) and validation cohort (n=163) are shown in Table 1. The median follow-up time was 
28.8 months (15.1-40.5 months) in training cohort and 27.2 (16.9-39.5) months in validation 
cohort. No significant differences in baseline characteristics were noted between the two groups 
(P > 0.05), suggesting similarity in the cohorts. 
3.2 construction and validation of radiomics signature 

We evaluated the ROIs of the hepatic tumors from preoperative CT images and extracted 
a total of 269 texture features. Then, the LASSO Cox regression model was used to select the 
most significant features for survival prediction (Fig.1). When the minimum lambda was 
0.03427317, seven potential predictors of OS-related features with non-zero coefficients were 
screened out in the training cohort. A radiomics signature was constructed with selected features 
and their respective weights. The Rad-score for each patient can be calculated using the 
following formula: Rad-score = S(0,1)Correlat *0.02621384+S(0,3)Correlat*0.03557228+ 

Horzl_GLevNonU*0.31206038+45dgr_RLNonUni*0.02432387+45dgr_GLevNonU*0.0355
6648+Sigma*(-0.06838016)+WavEnLH_s-4*0.03722060). According to the optimum cut-off 
Rad-score based on the maximum Youden index in the training cohort, all patients were 
classified into high-risk group (Rad-score≥ -0.559) and low-risk group (Rad-score < -0.559). 
The OS was compared between the two groups using Kaplan-Meier analysis (Fig.2) in both 
training and validation cohorts. The 1, 3 and 5-year OS of the low-risk group was 91.7%, 82.1% 
and 78.7%, which were significantly higher than those of the high-risk group in training cohort 
(71.0%, 45.5% and 35.5%, P < 0.001).The performance of the radiomics signature was 
confirmed by testing in the validation cohort, with significant difference at 1, 3 and 5-year OS 
between the high-risk and low-risk groups (72.3%, 40.9%, 36.8% vs. 93.8%, 83.4%, 81.0%, P 
< 0.001). We observed that patients with lower Rad-scores generally had better OS.  

In order to further evaluate the association between the radiomics signature and 
clinicopathological features, the clinicopathological data of high-risk group and low-risk group 

http://www.r-project.org/


were compared (Table 2). In the training cohort, there was no significant difference between 
the low-risk and high-risk groups with regard to age, sex, BMI, HBsAg, HBV-DNA, liver 

cirrhosis, Child-Pugh classification, previous abdominal surgery, comorbidities, CEA, CA19-

9, TBIL, DBIL, ALT, Albumin, NLR, ASA grade, tumor number, hepatectomy, differentiation. 

However, high-risk group was positively associated with higher AFP (P=0.007), higher AST 
(P < 0.001), higher PLR (P = 0.001), larger tumor size (P < 0.001), more hemorrhage (P < 
0.001), more intraoperative transfusion (P = 0.019), presence of MVI (P = 0.003), incomplete 

tumor capsule (P < 0.001) and higher Rad-score (P < 0.001). A significant difference was 
evident between the Rad-scores of the two groups in the training cohort (-0.1[-0.3~0.5] vs-0.8[-
1.0~-0.7]; P < 0.001).  

 

Fig.1 Radiomics feature selection using the LASSO Cox regression model. a Tuning parameter (λ) was 
selected in the LASSO model via 10-fold cross-validation based on minimum criteria. b The coefficients 
of the 269 radiomics features were examined and 7 features with nonzero coefficients were selected to 
build the radiomics signature. 
  

Fig.2 Kaplan-Meier survival analysis for the patients in the high- and low-risk groups in the training 
cohorts (a) and validation cohort (b). 
 

3.3 development and validation of radiomics nomogram 

The results of the univariate analysis based on the validation cohort are displayed in 
Table 3. According to the univariate analysis, HBsAg, HBV-DNA, AFP, NLR, PLR, largest 

tumor size, hemorrhage, intraoperative transfusion, differentiation, MVI, capsule and Rad-

score were potential risk factors for OS. However, the result of multivariate analysis suggested 
that only AFP (HR 1.566; CI 1.101-2.226; p=0.013), PLR (HR 1.004; CI 1.001-1.007; p=0.010), 
largest tumor size (HR 1.084; CI 1.027-1.145; p=0.003), MVI (HR 2.509; CI 1.751-3.594; p＜
0.001) and Rad-score (HR 1.398; CI 1.188-1.646; p＜0.001) were independently associated 
with unfavorable postoperative survival. The radiomics nomogram was constructed with the 5 
independent risk predictors identified above to predict the personalized survival status, while 
the clinicopathologic nomogram incorporated only the independent clinicopathological risk 
factors. The C-index of clinicopathologic nomogram is 0.726 (95% CI 0.705-0.748) in the 
training cohort and 0.720 (95% CI 0.686-0.755) in the validation cohort. The radiomics 
nomogram yielded a C-index of 0.747 (95% CI, 0.727-0.768) in the training cohort, and a C-
index of 0.777 (95% CI, 0.748–0.806) in the validation cohort. The radiomics nomogram 
showed improved discrimination performance when it integrated the radiomics signature into 
clinicopathologic nomogram (P=0.002 in the training cohort, p<0.001 in the validation cohort). 
(Table 4) The radiomics nomogram and corresponding calibration curve were presented in 
Fig. 3. The calibration curve demonstrated satisfying consistency between nomogram-
predicted survival and actual observation in the training and validation cohort.  

 

Fig.3 The radiomics nomogram for the prediction of survival status(a). The calibration curves of the 
radiomics nomogram in the training cohorts (b) and validation cohort (c). 

 

Clinical utility 

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5583361/table/Tab2/
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC5583361/figure/Fig5/


The DCA of the radiomics and clinicopathologic nomogram are presented in Fig.4. The 
DCA demonstrated that the radiomics nomogram provided higher net benefit than the 
clinicopathologic nomogram on survival prediction in patients with HCC.   

 

Fig.4 Decision curve analysis for the radiomics and clinicopathologic nomogram in the entire 
cohort(n=544). The y-axis represents the net benefit, and the x-axis represents the threshold probability. 
The black line represents the assumption that no patients had long-term overall survival (OS). The grey 
line represents the assumption that all patients had long-term OS. The decision curves indicated that 
radiomics nomogram (red line) showed better clinical utility than clinicopathologic nomogram (blue 
line). 
 

4.Dicussion 

Surgical resection remains the mainstay curative treatment for people with HCC, but the 
prognosis varies from people to people. Prediction of survival status in patients with HCC after 
operation is important for clinical decision-making. Among numerous prognostic factors, tumor 
heterogeneity is one of the most important contributions, which may relate to different natural 
history, environmental susceptibility and individual genetic tendency.21 Intra-tumoral 
heterogeneity can reveal tumor growth, metastatic potential and response to treatment, which 
may be a potential prognostic predictor of disease outcome22. However, previous studies were 
mainly based on clinicopathological factors,23,24 and seldom involved imaging information, or 
only included a small number of subjective imaging parameters.25,26 What’ more, a large amount 
of tumor information hiding behind the imaging is ignored. Radiomics can capture the potential 
heterogeneity of the lesions using a large number of quantitative image features, which may be 
a valuable supplement to the existing predictors.  

Medical imaging plays an important role in preoperative diagnosis, choice of therapy, 
therapeutic effect evaluation and surveillance of diseases. However, the interpretation of 
medical imaging was often based on the physicians’ personal expertise and experience, which 
was subjective and qualitative. Radiomics can analyze the texture parameters extracted by 
computer and allow the quantitative assessment of the pixel differences of imaging to provide 
more comprehensive information of tumors that may not be detected by the human eye. And 
the temporal and spatial heterogeneity of the tumor can be evaluated by entire tumor analysis 
instead of limited biopsy samples. Medical imaging analysis can reveal the tumor biological 
process and microenvironment characteristics and may assist in therapeutic decision-making. 
However, few studies focused on prognosis prediction in patients with HCC. Therefore, this 
study aimed to develop a radiomics signature to predict the prognosis of patients with HCC 
after surgical resection based on selected radiomics features. Moreover, a nomogram was 
constructed based on the independent risk factors, allowing for more precise prognostication, 
better clinical management and more appropriate adjuvant therapy. This study introduced a 
noninvasive, low cost and reproducible method to predict the outcomes in patients with 
resectable HCC, which of great significance for personalized medicine. 

Malignant tumor is composed of heterogeneous cells and their surrounding 
microenvironment, and the intra-tumor heterogeneity is associated with tumor angiogenesis and 
biological behavior，which could be assessed through imaging traits. And the potential clinical 
applicability of radiomics has been explored. Huang et al.27 developed a radiomics nomogram，



which exhibited favorable accuracy for preoperative prediction of lymph node metastasis in 
patients with colorectal cancer. Wu et al.28 developed a radiomics nomogram for preoperative 
prediction of lymph node metastasis in bladder cancer, found that CT texture parameters were 
independent predictors of response to chemotherapy. Ahn et al. 29 demonstrated lower skewness 
in the 2D analysis and narrower SD in the 3D analysis were useful predictors to chemotherapy 
response in colon cancer liver metastasis. In addition, the radiomics signature could be used to 
predict preoperative individualized MVI status and the early recurrence of HCC. 30,31 The 
previous studies showed that the radiomics features correlate with genomics and proteomics, 
through capturing the tumor phenotypes, which are associated with underlying gene expression 
patterns of cancer and may help reflect cellular proliferation, liver synthetic function and patient 
prognosis. 32-35Segal et al. 32reported that the variation of all 116 genes modules can be 
reconstructed from 28 imaging traits. However, more studies are needed to confirm the potential 
association between radiophenotype and gene expression for a limited number of literatures. 
36,37 

In our study, 5 optimal features were chosen from 269 radiomics features of portal venous 
phases via the LASSO method to build a radiomics signature and the patients were divided into 
high-risk group and low-risk group according to the threshold of the Rad-score. The results 
indicated that patients with higher Rad-scores were associated with worse OS than lower Rad-
scores. In multivariate analysis, the radiomics signature was further proved to be an 
independent predictor of OS. The study provides a method for prognosis-related high 
dimensional data selection. LASSO is penalized regression approach through selecting 
covariates with non-zero coefficient to among numerous covariates to avoid overfitting, thus 
improving the prediction efficiency. 38Those radiomic features provided a quantitative 
description of the position, intensity and inter-relationship of the pixels 12,39 to reveal tumor 
phenotypic differences and evaluate the intra-tumor heterogeneity, which is related to tumor 
proliferation, hypoxia, angiogenesis and necrosis. Increased homogeneity in colorectal cancer 
was related with a poor prognosis, while increased heterogeneity in oesophageal cancer and 
gastric cancer was associated with a poor prognosis.40-43 Entropy and uniformity are common 
texture parameters, and higher entropy and lower uniformity reflected increased tumor 
heterogeneity. 44 However, a large number of texture parameters concerning with tumor 
aggressiveness have not been well studied. 

The present study showed that AFP, PLR, the largest tumor size, MVI and radiomics 
signature were the independent risk factors for OS. In agreement with the previous study, these 
clinicopathologic factors are known effective predictors of the clinical outcome.45-48It also has 
been noted that the inflammation marker was related to HCC aggressiveness and PLR was 
included in the final model in our study.49 However, the tumor number and the differentiation 
of the tumor were not associated with survival status in our study. The possible reasons are 
limited cases of multifocal lesions and short follow-up time in the present study. Furthermore, 
in the subgroup analysis, the high-risk group tended to show higher AFP, higher AST, higher 
PLR, larger tumor size, more hemorrhage, more intraoperative transfusion, presence of MVI 
and incomplete tumor capsule, which are proven prognostic indicators of HCC, 
23,24,50,51indicating the potential association between the radiomics signature and 
clinicopathologic factors. In this light, texture parameters are linked to clinicopathologic factors, 
which could assist clinicians in prognostic evaluation.  

https://www.ncbi.nlm.nih.gov/pubmed/?term=Ahn%20SJ%5BAuthor%5D&cauthor=true&cauthor_uid=27666629
https://www.ncbi.nlm.nih.gov/pubmed/?term=Segal%20E%5BAuthor%5D&cauthor=true&cauthor_uid=17515910


We established a combined nomogram incorporating clinicopathologic factors and 
radiomics signature for prognostic prediction at individual level. The results indicated that the 
radiomics nomogram showed improved predictive accuracy than the clinicopathologic 
nomogram, thereby indicating that the radiomics signature can provide additional prognostic 
and biologic information, which was consistent with the previous studies. Meng et al.52 
performed a study in 108 consecutive patients with locally advanced rectal cancer, and the 
results implied that the combined model (C-index=0.788) possessed improved predictive ability 
for 3-year disease free survival than the radiomic (C-index=0.767) and clinicoradiologic model 
(C-index=0.644). Li et al.53 explored the prognostic value of radiomics in 181 patients with 
gastric cancer following curative resection，which revealed that radiomics nomogram (C-
index=0.82) showed better predictive ability than clinical nomogram（C-index= 0.71）or 
radiomics signature（C-index= 0.74）. Based on the results of our study, the aggressive 
precautions can be taken in patients with predicted poor prognoses, thus facilitating the 
effective therapeutic management and reduced risk of recurrence. 

The limitations of this study are as follows: (1) this study is a retrospective single-center 
study with small sample size, and the results of the study are limited. In addition, the model 
was only verified internally and lacked the external validation. (2) Contrast-enhanced CT is 
used in our study, while contrast-enhanced MRI can capture more microstructure characteristics 
of tumor and may provide more comprehensive information of tumor heterogeneity.54(3) In our 
study, only the largest cross-section of a lesion in portal phase was analyzed, while the whole 
tumor analysis in both arterial and portal phase may improve the efficiency of survival 
prediction in people with HCC.  (4) Although the ROIs were derived through manual 
segmentation by two radiologists, the subjective bias could not be completely eliminated. 
Therefore, further study is warranted to confirm our results. 

In conclusion, the radiomics signature provided a quantitative method for assessment of 
survival status in patients with HCC after hepatectomy. The patients with high Rad-scores may 
experience higher risk of recurrence and metastasis. What’s more, the radiomics nomogram 
integrating clinicopathological factors and radiomics signature may serve as an effective tool 
to guide the individualized management and tailored follow-up. In the future, multicenter 
prospective studies are needed to further investigate the potential value of radiomics signature 
in clinical practice. 
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Figures

Figure 1

Radiomics feature selection using the LASSO Cox regression model. a Tuning parameter (λ) was selected
in the LASSO model via 10-fold cross-validation based on minimum criteria. b The coe�cients of the 269
radiomics features were examined and 7 features with nonzero coe�cients were selected to build the
radiomics signature.

Figure 2

Kaplan-Meier survival analysis for the patients in the high- and low-risk groups in the training cohorts (a)
and validation cohort (b).



Figure 3

The radiomics nomogram for the prediction of survival status(a). The calibration curves of the radiomics
nomogram in the training cohorts (b) and validation cohort (c).



Figure 4

Decision curve analysis for the radiomics and clinicopathologic nomogram in the entire cohort(n=544).
The y-axis represents the net bene�t, and the x-axis represents the threshold probability. The black line
represents the assumption that no patients had long-term overall survival (OS). The grey line represents
the assumption that all patients had long-term OS. The decision curves indicated that radiomics
nomogram (red line) showed better clinical utility than clinicopathologic nomogram (blue line).
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