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Background

Intrahepatic cholangiocarcinoma (ICC) is a highly aggressive malignant tumor with a poor prognosis. This study aimed to establish a novel clinical-radiomics model for predicting the prognosis of ICC after radical hepatectomy.



Methods

A clinical-radiomics model was established for 82 cases of ICC treated with radical hepatectomy in our hospital from May 2011 to December 2020. Radiomics features were extracted from venous-phase and arterial-phase images of computed tomography. Kaplan-Meier survival analysis was generated to compare overall survival (OS) between different groups. The independent factors were identified by univariate and multivariate Cox regression analyses. Nomogram performance was evaluated regarding discrimination, calibration, and clinical utility. C-index and area under the curve (AUC) were utilized to compare the predictive performance between the clinical-radiomics model and conventional staging systems.



Results

The radiomics model included five features. The AUC of the radiomics model was 0.817 in the training cohort, and 0.684 in the validation cohort. The clinical-radiomics model included psoas muscle index, radiomics score, hepatolithiasis, carcinoembryonic antigen, and neutrophil/lymphocyte ratio. The reliable C-index of the model was 0.768, which was higher than that of other models. The AUC of the model for predicting OS at 1, and 3 years was 0.809 and 0.886, which was significantly higher than that of the American Joint Committee on Cancer 8th staging system (0.594 and 0.619), radiomics model (0.743 and 0.770), and tumor differentiation (0.645 and 0.628). After stratification according to the constructed model, the median OS was 59.8 months for low-risk ICC patients and 10.1 months for high-risk patients (p < 0.0001).



Conclusion

The clinical-radiomics model integrating sarcopenia, clinical features, and radiomics score was accurate for prognostic prediction for mass-forming ICC patients. It provided an individualized prognostic evaluation in patients with mass-forming ICC and could helped surgeons with clinical decision-making.
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Introduction

Intrahepatic cholangiocarcinoma (ICC) is a malignant tumor, which accounts for 10-15% of primary liver cancer (1). In the past 30 years, the incidence of ICC has been on the rise worldwide (2), and it is 0.97 to 7.55 cases per 100,000 person-years in China (3). ICC can be classified into four types: mass-forming, intraductal growth, periductal infiltration, and mixed growth, among which, mass-forming type accounts for 85% (4). ICC has a poor prognosis due to its insidious onset, high aggressiveness, and lack of effective treatment (5). Radical hepatectomy is the only effective treatment for ICC (6), but it is still easy to relapse and metastasize, and the expected 5-year overall survival (OS) rate of postoperative patients is 25-40% (5–8). ICC patients have a dismal postoperative prognosis; therefore, it is crucial to identify the prognostic factors for ICC that could help surgeons make personalized precision treatment.

Radiomics was first proposed by Lambin (9). It is a technique to quantify tumor heterogeneity by high-throughput extraction of quantitative imaging features such as texture and morphology of lesions from computed tomography (CT), magnetic resonance imaging, and positron emission tomography images, and has become a method to evaluate tumor phenotypes and guide clinical decision-making (10–12). It has been used in the diagnosis, biological behavior prediction, and post-treatment evaluation of ICC (13–17). A radiomics model can accurately predict the clinical outcome of patients with ICC and is a promising prognostic model.

Sarcopenia is an independent disease (18). The European Working Group on Sarcopenia in Older People (EWGSOP) states that people with low muscle strength and mass can be diagnosed with sarcopenia (19). The psoas muscle index (PMI) is a simple and convenient measurement index that can well reflect sarcopenia (20–22). Recently, researchers have paid more attention to the role of sarcopenia in tumors, and several studies have determined that sarcopenia is a significant prognostic factor for patients with ICC (22–24).

Currently, although the OS of ICC patients treated with surgery is still poor, the prognosis of ICC patients varies among individuals owing to tumor heterogeneity (25). Therefore, research of individualized prognostic predictive models has become a research hotspot (26–28). However, studies that combined radiomics with sarcopenia to establish a model have not been reported. Therefore, our study aimed to establish prognostic models for patients who underwent radical surgery for mass-forming ICC, which is based the radiomics, sarcopenia, and clinical features of ICC patients.



Patients and Methods


Patients Selection

The present retrospective study was based on data from ICC patients treated with radical hepatectomy at the First Affiliated Hospital of Wenzhou Medical University between May 2011 and December 2020. The patients who met the following conditions were selected to form the final cohort: (1) diagnosed with mass-forming ICC; and (2) contrast-enhanced CT was performed within 1 month before surgery. The exclusion criteria were: (1) patients who received preoperative any radiochemotherapy; (2) patients confirmed with combined ICC and hepatocellular carcinoma; (3) perioperative death; (4) patients lost during follow-up; and (5) history of other malignancy. The patient recruitment and selection criteria are illustrated in Figure 1.




Figure 1 | Flow chart of the study.



All procedures of this retrospective cohort study and the ethical issues involved were reviewed and approved by the Institutional Review Board of the First Affiliated Hospital of Wenzhou Medical University.



Clinical Variables Collection

Demographic characteristics included age, gender, American Society of Anesthesiologists (ASA) score, and body mass index (BMI). Laboratory variables were taken from the results of a test closest to the date of surgery, included hepatitis B surface antigen (HBsAg), α-fetoprotein (AFP), carcinoembryonic antigen (CEA), carbohydrate antigen 19-9 (CA19-9), albumin (ALB), neutrophil/lymphocyte ratio (NLR), platelet/lymphocyte ratio (PLR), and lymphocyte/monocyte ratio (LMR). Comorbidities included diabetes, hypertension, and liver cirrhosis. Histopathological variables included tumor number, tumor diameter, tumor differentiation, vascular invasion, lymph node metastasis, and perineural invasion. The TNM stages were stratified according to the 8th edition of the AJCC Staging Manual. PMI was calculated as the total area of the psoas muscle in the horizontal axial imaging of the L3 vertebral body divided by the square of the body height (20–22). NLR, LMR, and PLR were calculated as the absolute counts of neutrophils, lymphocytes, and platelets, divided by the absolute counts of lymphocytes, monocytes, and lymphocytes, respectively. The cut-off value of CA19-9 was used at 37 U/mL (27).



Acquisition of CT Radiomics Features

We followed the standardized procedures developed by the Imaging Biomarker Standardization Initiative to conduct the radiomics study (29). The study workflow is shown in Figure 1. Two experienced abdominal radiologists (YYJ and ZCY) reviewed transverse CT images to segment a region of interest (ROI) by MRIcroGL (www.mccauslandcenter.sc.edu) from arterial and venous phase CT images. Python software (version: 3.9.R) was used to conduct standardized processing on the two CT images, and then radiomics feature of arterial and venous phase CT images extraction were implemented.

R software (version 4.1.0) was used to analyze the data. The radiomics features of 40 patients were randomly selected for intra- and inter-observer correlation coefficient analysis. The intraclass correlation coefficient between the features extracted by the two ROIs drawn by YYJ was calculated. We calculated the inter-observer correlation coefficient between YYJ and ZCY and retained the intraclass correlation coefficient for both times >0.75 features. The features extracted for the first time from the ROI by YYJ were selected for subsequent analysis.



Outcome

The primary outcome of our study was OS. OS was defined as the time interval between the day of surgery and the day of death for any reason. Recurrence-free survival (RFS) was defined from the date of surgery to the date of first ICC recurrence, death, or last follow-up visit. Postoperative follow-up strategies were as follows: once every 3 months in the first year after radical hepatectomy, once every 6 months up to 3 years after hepatectomy, and once a year in the following days. The last follow-up date for this cohort was April 2021.



Development and Validation of Radiomics Model for Prediction of OS

Patients in the cohort were randomized into the training and trial groups (ratio: 7:3). The data from the training group were used to screen features and for radiomics model construction, and the testing group was used to validate it. We performed multiple feature selection to identify reliable and robust features while reducing redundancy. Firstly, the features with intraclass correlation coefficient >0.75 were selected by correlation analysis, and the features with high average absolute correlation were removed. Secondly, univariate Cox regression analyses were performed to identify OS-related radiomics features. Variables with p < 0.05 in the univariate Cox analyses were included into the Akaike information criterion (AIC) stepwise regression analysis, which took into account the statistical fit of the model and the number of parameters used for it. Before modeling, the global Schoenfeld test of each selected feature was utilized to perform the proportional hazards test. Then, the final hub radiomics features with the smallest AIC value were selected to establish the radiomics nomogram. Development and validation of the radiomics model accuracy was carried out by calibration, decision curve analysis (DCA), and area under the receiver operating characteristic curve (AUC).



Development of the Clinical-Radiomics Model for Prediction of OS

The risk score of each patient was calculated based on the established radiomics model, and patients were divided into high- and low-risk groups according to the median risk score of the radiomics model. Univariate and multivariate Cox regression analyses were utilized to explore risk factors for OS. The global Schoenfeld test of each selected factor was utilized to perform the proportional hazards test, and a clinical-radiomics model was established to predict prognosis. The model was validated by calibration and AUC. More importantly, the bootstrap self-sampling method was repeated 1000 times as an internal validation method to calculate the reliable C-index. We compared the accuracy of prediction of ICC OS between the clinical-radiomics model and conventional staging system by C-index and AUC using CsChange package (30).



Statistical Analyses

All statistical analyses were performed by SPSS (version 26.0) and R (version 4.1.0). Missing data were imputed using multiple imputations by logistic regression (Supplementary Table 1). Continuous variables between training and validation cohorts were compared by Student’s t-test or Mann–Whitney U test. Classification variables were compared by the x2 test. The optimal cut-off point of PMI was determined by the R survminer package. The cut-off values of PLR, NLR, and LMR for OS were calculated by X-tile software (31). We drew a survival curve through the Kaplan–Meier method with the log-rank test. Median OS was measured using the R survival package. OS-related variables were determined by univariate and multivariate Cox regression analyses. The python pyradiomics package was used to extract the radiomics features. The R forestplot package was used to visualize the Cox regression analysis results. The nomograms were established by the rms package. The C-index, AUC, DCA, and the calibration curves were applied to evaluate the performance of the nomogram. p (two sided) <0.05 was considered statistically significant.




Results


Clinicopathological Characteristics of Patients

We enrolled 199 ICC patients who underwent partial hepatectomy in our hospital between May 2011 and December 2020. After screening, 82 patients with mass-forming ICC constituted the study cohort. The cohort including 42 women and 40 men (Table 1). The median follow-up time was 42.1 months, and the 1-, 3-, and 5-year OS rates were 67.9%, 33.3%, and 19.4%, respectively. The 1-, 3- and 5-year RFS rates were 53.1%, 27.8%, and 16.7%, respectively. According to the optimal cut-off value of PMI, female patients with PMI ≤ 5.03 cm2/m2 and male patients with PMI ≤8.47 cm2/m2 were considered to have sarcopenia (Supplementary Figures 1A, B). The cut-off values of PLR, NLR, and LMR were 147.93, 2.53, and 2.92, respectively (Supplementary Figures 2A–I).


Table 1 | Demographic and clinicopathological characteristics of ICC patients.





Development and Validation of Radiomics Model in Mass Forming ICC Patients

Radiomics features from the arterial and venous phase images of ICC patients were extracted, and a total of 214 features were obtained from each patient, including shape features, first-order features, gray-level size zone matrix (GLSZM), gray-level run-length matrix (GLRLM), gray-level co-occurrence matrix (GLCM), neighboring gray-tone difference matrix (NGTDM), gray-level dependence matrix (GLDM).

The training group comprised 58 patients, and the test group 24 patients. There were no significant differences in clinical characteristics between the training and validation cohorts, except for perineural and vascular invasion. The univariable Cox regression model was used to reduce the dimension of high-dimensional data, and 17 radiomics features of prognostic factors for OS were obtained (Figure 2A). AIC analysis showed that vein GLCM-DE, artery GLSZM-SALGLE, artery GLSZM-LGLZE, artery GLRLM-LRHGLE, and artery GLDM-SDLGLE were independent prognostic radiomics features for OS. We established a radiomics model that incorporated independent risk radiomics feature in OS (Figure 2B). As shown in Supplementary Figure 3, the P value of the global Schoenfeld test and features were all greater than 0.05, indicating that the model and each variable were satisfied with the proportional hazards test.




Figure 2 | Development of radiomics model in mass forming ICC patients. (A) The univariable analysis identified the radiomics prognostic factors of OS; (B) Established radiomics nomogram of OS.



In the training cohort, the radiomics model had an AUC of 0.817 (Figure 3A). The C-index was 0.692 [95% confidence interval (CI) 0.614-0.770]. We stratified ICC patients in the cohort by the model, and Kaplan-Meier survival curves showed that the median OS was 51.2 months for low-risk patients and 10.1 months for high-risk patients (p=0.0036) (Figure 3B). The predicted survival outcomes and actual observation showed good agreement by the calibration plot (Figures 3C, D). In the validation cohort, the AUC was 0.684 (Figure 3E) and the Kaplan-Meier survival analysis also showed good prognostic stratification (Figure 3F).




Figure 3 | Validation of radiomics model in mass forming ICC patients. (A) AUC of radiomics model in the training cohort; (B) OS of patients with ICC in training cohort; (C) Calibration curve for predicting 1 -year survival in training cohort; (D) Calibration curve for predicting 3 -year survival in training cohort; (E) AUC of radiomics model in the validation cohort; (F) OS of patients with ICC in validation cohort by risk stratification.





Establishment of a Clinical-Radiomics Model for Predicting Prognosis in Mass-Forming ICC Patients

The univariable analysis showed that PMI, radiomics score, age, hepatolithiasis, tumor differentiation, CEA, PLR, NLR, and LMR were risk factors for OS (Figure 4A). The multivariate analysis demonstrated that PMI, radiomics score, hepatolithiasis, CEA, and NLR were independent risk factors for OS (Figure 4B). The univariable analysis showed that radiomics score, age, PMI, tumor differentiation, tumor size, perineural invasion, hepatolithiasis, CEA, PLR, NLR, LMR, and ASA were risk factors for RFS (Figure 5A). The multivariate analysis demonstrated that PMI, radiomics score, age, and hepatolithiasis were independent risk factors for RFS (Figure 5B). The clinical-radiomics model for OS was constructed by PMI, radiomics score, hepatolithiasis, CEA, and NLR (Figure 6A). Similarly, as shown in Supplementary Figure 4, the P value of the global Schoenfeld test and factors were all greater than 0.05, indicating that the model and each variable were satisfied with the proportional hazards test. The reliable C-index (repeat 1000 times) of the clinical-radiomics model was 0.768 (95% CI, 0.765 to 0.770). The AUC of the clinical-radiomics model for predicting OS at 1, and 3 years was 0.809 and 0.886 (Figure 6B). DCA shows the prediction accuracy of the clinical-radiomics model in a wider range (Figure 6C). The predicted survival outcomes and actual observation has shown good agreement by the calibration plot (Figures 6D–F). We stratified ICC patients in the cohort by the clinical-radiomics model, and Kaplan-Meier survival curves showed that the median OS was 59.8 months for low-risk patients and 10.1 months for high-risk patients (Figure 7D) (p<0.0001).




Figure 4 | Prognostic factors of OS identified by univariable and multivariable Cox regression analyses. (A) Univariable analyses identified the factors of OS (p < 0.05). (B) Multivariable analyses identified the factors of OS (p < 0.05).






Figure 5 | Prognostic factors of RFS identified by univariable and multivariable Cox regression analyses. (A) Univariable analyses identified the factors of RFS (p < 0.05). (B) Multivariable analyses identified the factors of RFS (p < 0.05).






Figure 6 | Establishment of ICC patients clinical radiomics model. (A) ICC survival nomogram (B) AUC of OS at 1, 2, and 3 years; (C) DCA of the model. (D–F) Calibration curve for predicting 1-, 2-, 3 -years survival.






Figure 7 | Kaplan-Meier survival curve, C-index, and AUC were compared among the models. (A) C-index of models; (B, C) AUC of the models for predicting OS at 1, and 3 years; (D–G) Kaplan-Meier survival curve showed OS risk stratification by the clinical-radiomics model, radiomics model, tumor differentiation systems and AJCC 8th edition for ICC patients.





Comparison of Predictive Accuracy Between Clinical Radiomics Model and Other Models

We calculated the C-index to evaluate the consistency between predicted and actual values of all data and compared the C-index of clinical-radiomics model and other factors using Bootstrap self-sampling method. The C-index of the clinical-radiomics model was 0.766, which was significantly higher than the conventional staging systems (p<0.001) (Figure 7A). The C-indices of other models were 0.667 (radiomics model), 0.598 (tumor differentiation systems), 0.563 (AJCC 8th edition). The AUC of the clinical-radiomics model for predicting OS at 1, and 3 years was 0.809 and 0.886, which was higher than for the radiomics model (0.743 and 0.770), tumor differentiation (0.645 and 0.628), and AJCC 8th edition staging system (0.594 and 0.619) (Figures 7B, C). Clinical radiomics models showed better prognostic stratification in the cohort than the radiomics model, tumor differentiation system, and AJCC 8th edition (Figures 7D–G).




Discussion

In our cohort study, we established a clinical-radiomics model based on radiomics and sarcopenia to predict the prognosis of patients with mass-forming ICC who underwent curative resection. Our model consisted of five indicators, and stratified patients according to their risk score for OS. Compared with conventional staging systems, this model showed better performance, which indicated the utility of the model for predicting prognosis in ICC patients. This study is the first attempt to identify a comprehensive clinical-radiomics model combined with CT-derived radiomics features, sarcopenia, and clinical features that predict prognosis of patients with ICC undergoing radical hepatectomy, which is helpful for personalized therapeutic treatment.

Sarcopenia is an independent disease, but most clinicians do not know about the disease, let alone its role in cancer patients. A study reported that the incidence of sarcopenia was 1.6% in Europe (32), 3.4% in China (33), and 3.6% in the UK (34). Since its incidence is not low, we cannot ignore the influence of sarcopenia on tumor patients. Many studies have reported that sarcopenia has an influence on the prognosis of tumor patients (35, 36), and it is also an important factor in the prognosis of ICC patients (20–24). In our study, sarcopenia was also identified as an independent protective factor affecting the OS of ICC patients.

Radiomics is a new comprehensive discipline that combines artificial intelligence and medical imaging (37). It refers to the combination of quantitative features of images and clinical features of disease through high-throughput feature extraction to develop predictive models such as survival, and distant metastasis (38, 39). The goal is to help clinicians guide personalized precision treatment of patients (11, 40). Several studies have shown that radiomics can better predict the prognosis of mass forming ICC patients (41, 42). In our study, the integration of radiomics features from the arterial and venous phases provided more comprehensive features than from the arterial or venous phases alone. Our model also predicted patient outcomes well, which is consistent with previous studies.

Currently, there are many models for predicting tumor prognosis, including the AJCC staging system, radiomics model, and nomogram. Several studies have demonstrated that the nomogram is more precise than the traditional staging system in predicting tumor prognosis (43). It has been reported that the combined models have better predictive power than the individual models (13). Firstly, we established a prognostic nomogram of radiomics and verified the accuracy and reliability of prognostic prediction. Then, we integrated the radiomics model, clinicopathological features, and sarcopenia to develop a clinical-radiomics model to predict the outcome of ICC patients. The clinical-radiomics model included radiomics score, CEA, sarcopenia, hepatolithiasis, and NLR as independent prognostic factors. Compared with other models, the clinical-radiomics model has the following advantages. (1) Artificial intelligence is used to extract relevant imaging features, which can better reflect the real characteristics of tumors compared to conventional CT examination, which only provides tumor size. (2) The extracted radiomics features can only be used as a single indicator to reflect the imaging features of the tumor. In diagnosis or prognostic analysis, a single indicator cannot represent the overall situation of the patient. Our model incorporated radiomics features, clinical features, pathological features, special indicators, and routine indicators into the study. Compared with other models, our model can better reflect the overall situation of patients. According to our data, the 1-year AUC of the clinical-radiomics model was 0.809, which was higher than that of the radiomics model and AJCC staging model. (3) Radiomics can provide a convenient, non-invasive, low-cost, robust method to fully exploit the value of preoperative imaging. Compared with other models, the comprehensive model has improved the prediction, resulting in a significantly better performance in predicting outcomes than the radiomics model and conventional staging systems. Therefore, our clinical-radiomics model should play a role in personalized treatment.

Surgical excision is the only effective treatment for ICC. Preoperative identification of patients who can benefit from surgery and those who have poor postoperative prognosis is crucial in clinical practice. For patients with poor prognosis, it is possible to improve their prognosis by improving the prognostic indicators and giving some alternative therapies (44, 45). In our clinical-radiomics model, sarcopenia and NLR were indicators that could be ameliorated with clinical interventions. Many studies have reported that exercise and nutritional intervention can increase the quantity and quality of muscle in patients (46, 47), and it can improve the prognosis of patients with sarcopenia (48, 49). Therefore, based on the research findings and our models, improving sarcopenia in ICC patients may improve patient outcomes.

There were several limitations to this study. First, this was a small retrospective study, and potential selection bias cannot be excluded, and although we used standardized data processing to minimize these biases, there were still some deviations. Second, the diagnostic cut-off value for sarcopenia is still controversial, and we used the optimal OS-related cut-off value, which may have been biased. Third, the clinical-radiomics model only used the data from a single-center with limited patients (n=82), and it needs to be validated in prospective multicenter studies. Finally, it would be better to add the imaging features of the portal phase in this study.



Conclusions

This study established a novel prognostic nomogram for predicting the prognosis of ICC after radical hepatectomy. The clinical-radiomics model integrating sarcopenia, clinical features, and radiomics score was the most accurate prognostic prediction for mass-forming ICC patients. It is provided an individualized prognostic evaluation in patients with mass-forming ICC and could help surgeons with clinical decision-making.
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References

1. Kelley, RK, Bridgewater, J, Gores, GJ, and Zhu, AX. Systemic Therapies for Intrahepatic Cholangiocarcinoma. J Hepatol (2020) 72:353–63. doi: 10.1016/j.jhep.2019.10.009

2. Sirica, AE, Gores, GJ, Groopman, JD, Selaru, FM, Strazzabosco, M, Wei Wang, X, et al. Intrahepatic Cholangiocarcinoma: Continuing Challenges and Translational Advances. Hepatology (2019) 69:1803–15. doi: 10.1002/hep.30289

3. Bertuccio, P, Malvezzi, M, Carioli, G, Hashim, D, Boffetta, P, El-Serag, HB, et al. Global Trends in Mortality From Intrahepatic and Extrahepatic Cholangiocarcinoma. J Hepatol (2019) 71:104–14. doi: 10.1016/j.jhep.2019.03.013

4. Yamasaki, S. Intrahepatic Cholangiocarcinoma: Macroscopic Type and Stage Classification. J Hepatobiliary Pancreat Surg (2003) 10:288–91. doi: 10.1007/s00534-002-0732-8

5. Esnaola, NF, Meyer, JE, Karachristos, A, Maranki, JL, Camp, ER, and Denlinger, CS. Evaluation and Management of Intrahepatic and Extrahepatic Cholangiocarcinoma. Cancer (2016) 122:1349–69. doi: 10.1002/cncr.29692

6. Bridgewater, J, Galle, PR, Khan, SA, Llovet, JM, Park, JW, Patel, T, et al. Guidelines for the Diagnosis and Management of Intrahepatic Cholangiocarcinoma. J Hepatol (2014) 60:1268–89. doi: 10.1016/j.jhep.2014.01.021

7. Mazzaferro, V, Gorgen, A, Roayaie, S, Droz Dit Busset, M, and Sapisochin, G. Liver Resection and Transplantation for Intrahepatic Cholangiocarcinoma. J Hepatol (2020) 72:364–77. doi: 10.1016/j.jhep.2019.11.020

8. Zhang, H, Yang, T, Wu, M, and Shen, F. Intrahepatic Cholangiocarcinoma: Epidemiology, Risk Factors, Diagnosis and Surgical Management. Cancer Lett (2016) 379:198–205. doi: 10.1016/j.canlet.2015.09.008

9. Lambin, P, Rios-Velazquez, E, Leijenaar, R, Carvalho, S, van Stiphout, RG, Granton, P, et al. Radiomics: Extracting More Information From Medical Images Using Advanced Feature Analysis. Eur J Cancer (2012) 48:441–6. doi: 10.1016/j.ejca.2011.11.036

10. Park, HJ, Park, B, and Lee, SS. Radiomics and Deep Learning: Hepatic Applications. Korean J Radiol (2020) 21:387–401. doi: 10.3348/kjr.2019.0752

11. Gillies, RJ, Kinahan, PE, and Hricak, H. Radiomics: Images are More Than Pictures, They are Data. Radiology (2016) 278:563–77. doi: 10.1148/radiol.2015151169

12. Tang, Y, Zhang, T, Zhou, X, Zhao, Y, Xu, H, Liu, Y, et al. The Preoperative Prognostic Value of the Radiomics Nomogram Based on CT Combined With Machine Learning in Patients With Intrahepatic Cholangiocarcinoma. World J Surg Oncol (2021) 19(1):45. doi: 10.1186/s12957-021-02162-0

13. Park, HJ, Park, B, Park, SY, Choi, SH, Rhee, H, Park, JH, et al. Preoperative Prediction of Postsurgical Outcomes in Mass-Forming Intrahepatic Cholangiocarcinoma Based on Clinical, Radiologic, and Radiomics Features. Eur Radiol (2021) 31(11):8638–48. doi: 10.1007/s00330-021-07926-6

14. Xue, B, Wu, S, Zheng, M, Jiang, H, Chen, J, Jiang, Z, et al. Development and Validation of a Radiomic-Based Model for Prediction of Intrahepatic Cholangiocarcinoma in Patients With Intrahepatic Lithiasis Complicated by Imagologically Diagnosed Mass. Front Oncol (2020) 10:598253. doi: 10.3389/fonc.2020.598253

15. Zhao, L, Ma, X, Liang, M, Li, D, Ma, P, Wang, S, et al. Prediction for Early Recurrence of Intrahepatic Mass-Forming Cholangiocarcinoma: Quantitative Magnetic Resonance Imaging Combined With Prognostic Immunohistochemical Markers. Cancer Imaging (2019) 19:49. doi: 10.1186/s40644-019-0234-4

16. Liang, W, Xu, L, Yang, P, Zhang, L, Wan, D, Huang, Q, et al. Novel Nomogram for Preoperative Prediction of Early Recurrence in Intrahepatic Cholangiocarcinoma. Front Oncol (2018) 8:360. doi: 10.3389/fonc.2018.00360

17. Fujita, N, Asayama, Y, Nishie, A, Ishigami, K, Ushijima, Y, Takayama, Y, et al. Mass-Forming Intrahepatic Cholangiocarcinoma: Enhancement Patterns in the Arterial Phase of Dynamic Hepatic CT - Correlation With Clinicopathological Findings. Eur Radiol (2017) 27:498–506. doi: 10.1007/s00330-016-4386-3

18. Anker, SD, Morley, JE, and von Haehling, S. Welcome to the ICD-10 Code for Sarcopenia. J Cachexia Sarcopenia Muscle (2016) 7:512–4. doi: 10.1002/jcsm.12147

19. Cruz-Jentoft, AJ, Bahat, G, Bauer, J, Boirie, Y, Bruyère, O, Cederholm, T, et al. Sarcopenia: Revised European Consensus on Definition and Diagnosis. Age Ageing (2019) 48:601. doi: 10.1093/ageing/afz046

20. Hahn, F, Müller, L, Stöhr, F, Mähringer-Kunz, A, Schotten, S, Düber, C, et al. The Role of Sarcopenia in Patients With Intrahepatic Cholangiocarcinoma: Prognostic Marker or Hyped Parameter. Liver Int (2019) 39:1307–14. doi: 10.1111/liv.14132

21. Yugawa, K, Itoh, S, Kurihara, T, Yoshiya, S, Mano, Y, Takeishi, K, et al. Skeletal Muscle Mass Predicts the Prognosis of Patients With Intrahepatic Cholangiocarcinoma. Am J Surg (2019) 218:952–8. doi: 10.1016/j.amjsurg.2019.03.010

22. Deng, L, Wang, Y, Zhao, J, Tong, Y, Zhang, S, Jin, C, et al. The Prognostic Value of Sarcopenia Combined With Hepatolithiasis in Intrahepatic Cholangiocarcinoma Patients After Surgery: A Prospective Cohort Study. Eur J Surg Oncol (2021) 47:603–12. doi: 10.1016/j.ejso.2020.09.002

23. Okumura, S, Kaido, T, Hamaguchi, Y, Kobayashi, A, Shirai, H, Fujimoto, Y, et al. Impact of Skeletal Muscle Mass, Muscle Quality, and Visceral Adiposity on Outcomes Following Resection of Intrahepatic Cholangiocarcinoma. Ann Surg Oncol (2017) 24:1037–45. doi: 10.1245/s10434-016-5668-3

24. Dodson, RM, Firoozmand, A, Hyder, O, Tacher, V, Cosgrove, DP, Bhagat, N, et al. Impact of Sarcopenia on Outcomes Following Intra-Arterial Therapy of Hepatic Malignancies. J Gastrointest Surg (2013) 17:2123–32. doi: 10.1007/s11605-013-2348-5

25. Mavros, MN, Economopoulos, KP, Alexiou, VG, and Pawlik, TM. Treatment and Prognosis for Patients With Intrahepatic Cholangiocarcinoma: Systematic Review and Meta-Analysis. JAMA Surg (2014) 149:565–74. doi: 10.1001/jamasurg.2013.5137

26. Hyder, O, Marques, H, Pulitano, C, Marsh, JW, Alexandrescu, S, Bauer, TW, et al. A Nomogram to Predict Long-Term Survival After Resection for Intrahepatic Cholangiocarcinoma: An Eastern and Western Experience. JAMA Surg (2014) 149:432–8. doi: 10.1001/jamasurg.2013.5168

27. Jiang, W, Zeng, ZC, Tang, ZY, Fan, J, Sun, HC, Zhou, J, et al. A Prognostic Scoring System Based on Clinical Features of Intrahepatic Cholangiocarcinoma: The Fudan Score. Ann Oncol (2011) 22:1644–52. doi: 10.1093/annonc/mdq650

28. de Jong, MC, Nathan, H, Sotiropoulos, GC, Paul, A, Alexandrescu, S, Marques, H, et al. Intrahepatic Cholangiocarcinoma: An International Multi-Institutional Analysis of Prognostic Factors and Lymph Node Assessment. J Clin Oncol (2011) 29:3140–5. doi: 10.1200/JCO.2011.35.6519

29. Zwanenburg, A, Vallières, M, Abdalah, MA, Aerts, H, Andrearczyk, V, Apte, A, et al. The Image Biomarker Standardization Initiative: Standardized Quantitative Radiomics for High-Throughput Image-Based Phenotyping. Radiology (2020) 295:328–38. doi: 10.1148/radiol.2020191145

30. Ganz, P, Heidecker, B, Hveem, K, Jonasson, C, Kato, S, Segal, M, et al. Development and Validation of a Protein-Based Risk Score for Cardiovascular Outcomes Among Patients With Stable Coronary Heart Disease. JAMA (2016) 315(23):2532–41. doi: 10.1001/jama.2016.5951

31. Camp, RL, and Dolled-Filhart, M. Rimm DL. X-Tile: A New Bio-Informatics Tool for Biomarker Assessment and Outcome-Based Cut-Point Optimization. Clin Cancer Res (2004) 10:7252–9. doi: 10.1158/1078-0432.CCR-04-0713

32. Gielen, E, O’Neill, TW, Pye, SR, Adams, JE, Wu, FC, Laurent, MR, et al. Endocrine Determinants of Incident Sarcopenia in Middle-Aged and Elderly European Men. J Cachexia Sarcopenia Muscle (2015) 6:242–52. doi: 10.1002/jcsm.12030

33. Yu, R, Wong, M, Leung, J, Lee, J, Auyeung, TW, and Woo, J. Incidence, Reversibility, Risk Factors and the Protective Effect of High Body Mass Index Against Sarcopenia in Community-Dwelling Older Chinese Adults. Geriatr Gerontol Int (2014) 14 Suppl 1:15–28. doi: 10.1111/ggi.12220

34. Dodds, RM, Granic, A, Davies, K, Kirkwood, TB, Jagger, C, and Sayer, AA. Prevalence and Incidence of Sarcopenia in the Very Old: Findings From the Newcastle 85+ Study. J Cachexia Sarcopenia Muscle (2017) 8:229–37. doi: 10.1002/jcsm.12157

35. Voron, T, Tselikas, L, Pietrasz, D, Pigneur, F, Laurent, A, Compagnon, P, et al. Sarcopenia Impacts on Short- and Long-Term Results of Hepatectomy for Hepatocellular Carcinoma. Ann Surg (2015) 261:1173–83. doi: 10.1097/SLA.0000000000000743

36. Miyamoto, Y, Baba, Y, Sakamoto, Y, Ohuchi, M, Tokunaga, R, Kurashige, J, et al. Sarcopenia is a Negative Prognostic Factor After Curative Resection of Colorectal Cancer. Ann Surg Oncol (2015) 22:2663–8. doi: 10.1245/s10434-014-4281-6

37. Lambin, P, Leijenaar, R, Deist, TM, Peerlings, J, de Jong, E, van Timmeren, J, et al. Radiomics: The Bridge Between Medical Imaging and Personalized Medicine. Nat Rev Clin Oncol (2017) 14:749–62. doi: 10.1038/nrclinonc.2017.141

38. Verma, V, Simone, CB 2nd, Krishnan, S, Lin, SH, Yang, J, and Hahn, SM. The Rise of Radiomics and Implications for Oncologic Management. J Natl Cancer Inst (2017) 109(7). doi: 10.1093/jnci/djx055

39. Limkin, EJ, Sun, R, Dercle, L, Zacharaki, EI, Robert, C, Reuzé, S, et al. Promises and Challenges for the Implementation of Computational Medical Imaging (Radiomics) in Oncology. Ann Oncol (2017) 28:1191–206. doi: 10.1093/annonc/mdx034

40. Aerts, HJ, Velazquez, ER, Leijenaar, RT, Parmar, C, Grossmann, P, Carvalho, S, et al. Decoding Tumour Phenotype by Noninvasive Imaging Using a Quantitative Radiomics Approach. Nat Commun (2014) 5:4006. doi: 10.1038/ncomms5006

41. Lee, J, Kim, SH, Kang, TW, Song, KD, Choi, D, and Jang, KT. Mass-Forming Intrahepatic Cholangiocarcinoma: Diffusion-Weighted Imaging as a Preoperative Prognostic Marker. Radiology (2016) 281:119–28. doi: 10.1148/radiol.2016151781

42. Silva, M, Maddalo, M, Leoni, E, Giuliotti, S, Milanese, G, Ghetti, C, et al. Integrated Prognostication of Intrahepatic Cholangiocarcinoma by Contrast-Enhanced Computed Tomography: The Adjunct Yield of Radiomics. Abdom Radiol (NY) (2021) 46(10):4689–700. doi: 10.1007/s00261-021-03183-9

43. Touijer, K, and Scardino, PT. Nomograms for Staging, Prognosis, and Predicting Treatment Outcomes. Cancer (2009) 115:3107–11. doi: 10.1002/cncr.24352

44. Yadav, S, Xie, H, Bin-Riaz, I, Sharma, P, Durani, U, Goyal, G, et al. Neoadjuvant vs. Adjuvant Chemotherapy for Cholangiocarcinoma: A Propensity Score Matched Analysis. Eur J Surg Oncol (2019) 45:1432–8. doi: 10.1016/j.ejso.2019.03.023

45. Le Roy, B, Gelli, M, Pittau, G, Allard, MA, Pereira, B, Serji, B, et al. Neoadjuvant Chemotherapy for Initially Unresectable Intrahepatic Cholangiocarcinoma. Br J Surg (2018) 105:839–47. doi: 10.1002/bjs.10641

46. Mason, C, Xiao, L, Imayama, I, Duggan, CR, Foster-Schubert, KE, Kong, A, et al. Influence of Diet, Exercise, and Serum Vitamin D on Sarcopenia in Postmenopausal Women. Med Sci Sports Exerc (2013) 45:607–14. doi: 10.1249/MSS.0b013e31827aa3fa

47. Kung, T, Springer, J, Doehner, W, Anker, SD, and von Haehling, S. Novel Treatment Approaches to Cachexia and Sarcopenia: Highlights From the 5th Cachexia Conference. Expert Opin Investig Drugs (2010) 19:579–85. doi: 10.1517/13543781003724690

48. Moran, J, Guinan, E, McCormick, P, Larkin, J, Mockler, D, Hussey, J, et al. The Ability of Prehabilitation to Influence Postoperative Outcome After Intra-Abdominal Operation: A Systematic Review and Meta-Analysis. Surgery (2016) 160:1189–201. doi: 10.1016/j.surg.2016.05.014

49. Beaudart, C, Dawson, A, Shaw, SC, Harvey, NC, Kanis, JA, Binkley, N, et al. Nutrition and Physical Activity in the Prevention and Treatment of Sarcopenia: Systematic Review. Osteoporos Int (2017) 28:1817–33. doi: 10.1007/s00198-017-3980-9




Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.


Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2021 Deng, Chen, Zhan, Yu, Zheng, Bao, Deng, Zheng, Wu, Yang, Yu, Wang and Chen. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OEBPS/Images/fonc-11-744311-g005.jpg
Characteristics
Radiomics_score (High Vs Low)
Gender (Male Vs Female)

Age (>60years Vs s60years)
PMI (High Vs Low)

TNM (II1-IV Vs I-11)

pvalue
<0.001
0.273

0.019

0.030

0.052

Tumor_differentiation (High/Middle Vs Low) 0.013

Location (Right Vs Left)
Tumor_size (>5cm Vs s5cm)
Tumor_number (Multiple Vs Single)
Hepatitis_B (Positive Vs Negative)
Lymoh_node_invasion (Yes Vs No)
Vascular_invasion (Yes Vs No)
Perineural_invasion (Yes Vs No)
Cancer_embolus (Yes Vs No)
Capsule_invasion (Yes Vs No)
BMI (>21.97kg/m2 Vs <21.97kg/m2)
Hepatolithiasis (Yes Vs No)

AFP (>9ng/ml Vs <9ng/ml)

CEA (>5ug/L Vs <5uglL)

CA199 (>37U/ml Vs <37U/ml)
Diabitate (Yes Vs No)

Smoke (Yes Vs No)

Drink (Yes Vs No)

Liver_Cirrhosis (Yes Vs No)
Albumin (>35g/L Vs <35g/L)

PLR (>147.93 Vs <147.93)

NLR (>2.53 Vs <2.53)

LMR (>2.92 Vs £2.92)

ASA (3Vs2)

Characteristics
Radiomics_score (High Vs Low)
Age (>60years Vs s60years)
PMI (High Vs Low)

Tumor_differentiation (High/Middle Vs Low)

Tumor_size (>5cm Vs s5¢cm)
Perineural_invasion (Yes Vs No)
Hepatolithiasis (Yes Vs No)
CEA (>5ug/L Vs 5ug/L)

PLR (>147.93 Vs <147.93)

NLR (>2.53 Vs £2.53)

LMR (>2.92 Vs 2.92)

ASA (3 Vs 2)

0.237
0.046
0.333
0.153
0.233
0318
0.028
0.115
0.280
0.113
0.004
0.756
0.010
0.075
0.810
0.739
0.681
0.744
0.564
0.030
0.003
<0.001
0.042

pvalue
0.022
0.039
0.097
0.339
0.225
0.900
0.005
0.291
0.330
0.086
0.332
0.054

Hazard ratio
3.018(1.733-5.258)
1.343(0.793-2.274)
2.081(1.130-3.832)
0.555(0.326-0.946)
1.735(0.995-3.025)
0.507(0.296-0.867)
0.723(0.422-1.238)
1.716(1.010-2.917)
1.408(0.704-2.817)
0.641(0.349-1.179)
1.503(0.770-2.936)
1.403(0.722-2.727)
2.023(1.079-3.793)
1.639(0.886-3.031)
1.463(0.733-2.919)
0.652(0.384-1.107)
2.224(1.290-3.834)
0.864(0.343-2.174)
2.085(1.194-3.641)
1.658(0.950-2.892)
1.089(0.545-2.174)
1.103(0.618-1.971)
1.144(0.603-2.171)
1.111(0.592-2.084)
0.849(0.488-1.479)
1.810(1.060-3.090)
2.569(1.375-4.801)
0.377(0.212-0.670)
3.387(1.044-10.990)

Hazard ratio
2.399(1.132-5.082)
2.222(1.041-4.744)
0.524(0.244-1.123)
0.752(0.419-1.349)
1.550(0.764-3.146)
1.054(0.467-2.376)
2.542(1.318-4.901)
1.476(0.717-3.037)
0.684(0.319-1.469)
2.433(0.883-6.703)
0.643(0.264-1.568)
4.296(0.976-18.910)

Hazard ratio

T
10

Hazard ratio

15

10





OEBPS/Images/fonc-11-744311-g003.jpg
0751

& os0]
& 050

0251

AuC
’
P — 12menths AUC: 0817
s — 36 months AUC: 0.732
’
z
0001
a
0% 025 050 o075 %
FP
D T Lumz ™

08

06

04

Actuall 36-months overall survival
02

0.0

1
L
f
1
1

T T T T
0.0 02 04 06 08 10
Nomogram-predicted

36-months overall survival

Strata — RskzHigh — Risk=Low

>
£ o
£
t
& " p=0.0036
b = " L
3 3 % 7s 100
Time in months
Number at risk
g Reerion | 30 9 3 0 [}
B fucion 28 14 4 3 4
3 2 0 7 100
Time in months
Number of censoring

I

TTIH,

2

Time in months.

0754

&os
028 4
AUC
-
; — 12t AUC 0684
’ — S8 months AUC: 0805
4
7’
000]
.
@ B3 7 o7 %

P

(9]

Actuall 12-months overall survival

1004
g s
1.
H
E oz
3

000!
o
£
B rescton

)
i
L4 L]

T T T T T L
0.0 02 04 08 . 08 10
Nomogram-predicted
12-months overall survival
Strata —~ RisksHgh = Risk=Low
p=0.044
13 » E3 'y o
Time in months
Number at risk
12 2 1 1 o
12 8 5 0 ]
o 03
Time in months.
Number of censoring
o » [ w ©
Time in months.






OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        A Novel Clinical-Radiomics Model Based on Sarcopenia and Radiomics for Predicting the Prognosis of Intrahepatic Cholangiocarcinoma After Radical Hepatectomy

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          Introduction

        



        		

          Patients and Methods

        

          		

            Patients Selection

          



          		

            Clinical Variables Collection

          



          		

            Acquisition of CT Radiomics Features

          



          		

            Outcome

          



          		

            Development and Validation of Radiomics Model for Prediction of OS

          



          		

            Development of the Clinical-Radiomics Model for Prediction of OS

          



          		

            Statistical Analyses

          



        



        



        		

          Results

        

          		

            Clinicopathological Characteristics of Patients

          



          		

            Development and Validation of Radiomics Model in Mass Forming ICC Patients

          



          		

            Establishment of a Clinical-Radiomics Model for Predicting Prognosis in Mass-Forming ICC Patients

          



          		

            Comparison of Predictive Accuracy Between Clinical Radiomics Model and Other Models

          



        



        



        		

          Discussion

        



        		

          Conclusions

        



        		

          Data Availability Statement

        



        		

          Ethics Statement

        



        		

          Author Contributions

        



        		

          Funding

        



        		

          Supplementary Material

        



        		

          References

        



      



      



    



  



OEBPS/Images/fonc.2021.744311_cover.jpg
’ frontiers
in Oncology

A Novel Clinical-Radiomics Model
Based on Sarcopenia and Radiomics
for Predicting the Prognosis of
Intrahepatic Cholangiocarcinoma
After Radical Hepatectomy





OEBPS/Images/fonc-11-744311-g001.jpg
199 patients diagnosis of ICC after hepatectomy

between May 2011 and December 2020

neneionTeritona Diagnosis Mass-forming ICC at our hospital (n=156)

Preoperative live contrast-enhanced CT (n=103)

103 patients were enrolled

Preoperative any radiochemotherapy

CT imaging Radiomic feature Feature Selection
. y . Histopathol firmed HCC
ROI segmentation Extration and modeling e ORI QoY SO
Exclusion criteria ; Perioperative mortality on one month

Lost to follow-up

History of other malignancy

82 patients included in final analysis

82 ICC Patients

Akaike information
criterion (AIC) stepwise
regression analysis

Clinical

characteristics

Data acquistion
Data preparation

Textural Features

Radiomics
analysis

Model 1 Model 2

Radiomic Model Clinical-Radioniics
Model

Model Development
and Validation






OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fonc-11-744311-g004.jpg
Characteristics

Radiomics Score (High Vs Low)
Gender (Male Vs Female)

Age (>60years Vs s60years)

PMI (High Vs Low)

TNM (I-IV Vs 1-11)

Tumor differentiation (High/Middle Vs Low)
Location (Right Vs left)

Tumor size (>5cm Vs s5cm)
Tumor number (Multiple Vs Single)
Hepatitis B (Positive Vs Negative)
Lymph node invasion (Yes Vs No)
Vascular invasion (Yes Vs No)
Perineural invasion (Yes Vs No)
Cancer embolus (Yes Vs No)
Capsule invasion (Yes Vs No)

BMI (>21.97kg/m2 Vs <21.97kg/m2)
Hepatolithiasis (Yes Vs No)

AFP (>9ng/ml Vs <9ng/ml)

CEA (>5ug/L Vs s5ug/L)

CA199 (>37U/ml Vs s37U/ml)
Diabetes (Yes Vs No)

Smoke (Yes Vs No)

Drink (Yes Vs No)

Liver Cirrhosis (Yes Vs No)
Albumin (>35g/L Vs <35g/L)

PLR (>147.93 Vs s147.93)

NLR (>2.53 Vs 2.53)

LMR (>2.92 Vs 52.92)

ASA (3Vs 2)

Characteristics

Radiomics Score (High Vs Low)

Age (>60years Vs s60years)

PMI (High Vs Low)

Tumor differentiation (High/Middle Vs Low)
Hepatolithiasis (Yes Vs No)

CEA (>5ug/L Vs s5ug/L)

PLR (>147.93 Vs <147.93)

NLR (>2.53 Vs <2.53)

LMR (>2.92 Vs 52.92)

pvalue
<0.001
0.219
0.027
0.004
0.050
0.002
0.245
0.090
0.243
0.207
0.441
0.700
0.087
0.159
0.106
0.115
0.006
0.851
0.011
0.093
0.739
0.788
0.710
0.961
0.421
0.047
0.007
0.001
0.181

pvalue
0.018
0.062
0.017
0.081
0.008
0.017
0.442
0.038

0.489

Hazard ratio
2.718(1.566-4.717)
1.392(0.822-2.356)
1.990(1.082-3.658)
0.453(0.265-0.774)
1.746(1.000-3.050)
0.436(0.254-0.746)
0.726(0.423-1.245)
1.582(0.931-2.690)
1.516(0.754-3.050)
0.676(0.369-1.241)
1.302(0.665-2.550)
1.139(0.587-2.211)
1.731(0.924-3.244)
1.552(0.841-2.862)
1.775(0.885-3.557)
0.653(0.384-1.110)
2.132(1.237-3.675)
0.915(0.363-2.309)
2.047(1.176-3.563)
1.612(0.924-2.815)
1.126(0.561-2.261)
1.083(0.606-1.935)
1.129(0.595-2.142)
1.016(0.542-1.905)
0.797(0.458-1.386)
1.717(1.006-2.929)
2.377(1.272-4.445)
0.387(0.217-0.689)
2.227(0.689-7.195)

Hazard ratio
2.174(1.145-4.130)
1.852(0.970-3.537)
0.406(0.194-0.848)
0.604(0.343-1.063)
2.316(1.245-4.308)
2.118(1.147-3.914)
0.751(0.361-1.560)
2.950(1.059-8.218)

0.748(0.329-1.702)

w—

Hazard ratio





OEBPS/Images/fonc-11-744311-g006.jpg
04 06 08
Threshold probability

T T T T T
0.2 04 06 0.8
Nomogram-predicted
12-months overall survival

M

06

04

Actuall 36-months overall survival

00

A ok pbccox coxph
s
[ Ed L R Eg * 3 o
Lo Han
Radiomics_score
°
»253 -
NLR "I“
St .g ]
CEA | >5ugt g e
g o 2
PMI l | g ©°
3
"o s 3
Hepatolthiasis. I l 2
E X
S
Total points €
~
- L\ PV \ =
150 250 E: 350 50 =9
3
0806
YA 0 % 85 o5 S 368 E
Pr( tu 24, g%, S
Y09 < 2 bg oz 0z £o 76 78 ) 058 g8 o
o<t 0372
Pise <1250 758 o7 7z 77 B3 o8 oY
— Nono
Lomd o | —Aa °
3 — Nomoguar| 5 2
2
w | e
° S o
@2
ors =
39 [
= Q.
B 6°
co | 123
b
& oeo 2 %
Do | 63
22 g
<
N
0251 54 =3
2
° S 1
2 <s
T T T
[ T T T T T T 02 04 08 08
00 02 10 Nomogram-predicted

24-months overall survival

T T T T T
00 02 04 06 08 10

Nomogram-predicted
36-months overall survival





OEBPS/Images/logo.jpg
’ frontiers
in Oncology





OEBPS/Images/fonc-11-744311-g002.jpg
pvalue
Artery_shape_LAL 0.029
Artery_firstorder_Minimum 0.028
Artery_firstorder_Range  0.030

Artery_firstorder_TE 0.036
Artery_glcm_ldmn 0.018
Artery_glcm_ldn 0.020
Artery_gldm_DNUN 0.028

Artery_gldm_LDHGLE 0.017
Artery_gldm_SDLGLE 0.025
Artery_glrim_LRHGLE 0.010
Artery_glszm_HGLZE ~ 0.035
Artery_glszm_LGLZE 0.023
Artery_glszm_SALGLE  0.013
Artery_ngtdm_Complexity 0.042

Hazard ratio
2.118(1.082-4.146)
0.473(0.243-0.921)
2.101(1.074-4.108)
2.017(1.045-3.893)
2.230(1.145-4.340)
2.220(1.133-4.352)
0.447(0.218-0.916)
2.267(1.158-4.437)
0.464(0.237-0.909)
2.464(1.245-4.874)
2,035(1.050-3.942)
0.462(0.237-0.900)
0.425(0.216-0.834)
2,001(1.025-3.905)

Vein_shape_SVR 0.010 0.424(0.220-0.818) Ha—

Vein_glcm_DE 0.049 0.498(0.250-0.996) I—I—l

Vein_glrim_RP 0.044 0.497(0.252-0.982) —a—

0 1 2 3
Hazard ratio
o pbccox coxph .
6 2 40 60 80

Vein-GLCM-DE
Artery-GLSZM-SALGLE

Low

Artery-GLSZM-LGLZE -

Artery-GLRLM-LRHGLE

Artery-GLDM-SDLGLE
Total points
A A .
160 70 1 210 230
P utimo < 36 - 08 051 056 09
Pr( futime <24 } 07 086 0b4
Pr futime < 12) = 045 055 065 05

230





OEBPS/Images/fonc-11-744311-g007.jpg
A

C-index
Clinical-Radiomics Model 0.766
Radiomics Model 0.667
Tumor differentiation 0.598
AJCC stage 0.563

95%C1

0.704-0.828
0.595-0.740
0.529-0.666
0.499-0.627

D

Stiata - Reketign - Rskstow

om
o E)
Time 0 months
Number at risk
E Retchign | 39 6 2
Rtston 43 9
Time i months
Number of censoring

I

Mot b diiii

o
S|

Clinical-Radiomics Model E

P value

0.000

0.000

0.005

0.054 :
=
<

0.0

1 Year

Clinical-Radiomics (AUC=0.809)
Radiomics (AUC=0.743)
AJCCstage (AUC=0.594)
—— Tumordifferentiation (AUC=0.643)

0.0

Radiomics Model

Strata - Ratomics_scorestigh =+ Rademis_scoreetow

i -
4
H
a p=00015
o
5 3 5 o
Teve in months
Number at risk
0| g 42 1 4
YR m— 21 7
7 Teeinmonns
Number of censoring
0 o )
PO P

||

o

T T

0.4 0.6 0.8 1.0

Stata o

‘Survival probabity

Number at risk
s s tion | 32 s 3
B 1 amersmons2riznasese | 60 2 8
= ©
Time i mocis
Number of censoring
H
H
T Timolnmonts

 hgntase

S

0.€

S

Tumor differentiation

3 Years

Clinical-Radiomics (AUC=0.886)
Radiomics (AUC=0.770)
AJCC stage (AUC=0.619)

0.0

G

Survival pecbabitty

stata

ncensor

—— Tumor differentiation (AUC=0.628)
T T T T

0.4 0.6 0.8 1.0
AJCC stage
Sraa - AKC.a B+, st
p=0.047
.
Tina oot
Number at risk
22 6 3 i o
60 26 8 2 o
Tina nanta
Numberof censoring
o g





OEBPS/Images/table1.jpg
All patients Training group (n = 58) Validation group (n = 24) X3/1/Z P
Age, years, average + SD 63.49 + 10.02 63.26 + 9.50 64.04 + 11.38 -0.320 0.750
Gender, n (%) 0.394 0.530
Male 40 (48.78%) 27 (46.55%) 13 (54.17%)
Female 42 (51.22%) 31 (63.45%) 1(45.83%)
PMI, n (%) 0.236 0.627
High 41 (50.00%) 30 (61.72%) 1(45.83%)
Low 41 (50.00%) 28 (48.28%) 3 (54.17%)
TNM stage, n (%) 1.829 0.401
n 22 (26.83%) 18 (31.03%) 4 (16.67%)
I 17 (20.73%) 11 (18.97%) 6 (25.00%)
| 43 (52.44%) 29 (50.00%) 14 (68.33%)
Tumor differentiation, n (%) 2.061 0.151
High/middle 54 (65.85%) 41 (70.69%) 3 (54.17%)
Low 28 (34.15%) 17 (29.31%) 1 (45.83%)
Location, n (%) 3.397 0.065
Left 47 (57.32%) 37 (63.79%) 0 (41.67%)
Right 35 (42.68%) 1(36.21%) 4 (58.33%)
Tumor size, cm, n (%) 0.394 0.530
>5 40 (48.78%) 27 (46.55%) 3 (54.17%)
<5 42 (51.22%) 31 (63.45%) 1(45.83%)
Tumor number, n (%) 0.000 1.000
Multiple 2 (14.63%) 8 (13.79%) 4 (16.67%)
Single 70 (85.37%) 50 (86.21%) 20 (83.33%)
Hepatitis B, n (%) 0.482 0.487
Positive 25 (30.49%) 9 (32.76%) 6 (25.00%)
Negative 57 (69.51%) 39 (67.24%) 18 (75.00%)
Lymph node invasion, n (%) 0.483 0.487
Yes 2 (14.63%) 10 (17.24%) 2 (8.33%)
No 70 (85.37%) 48 (82.76%) 22 (91.67%)
Vascular invasion, n (%) 4.823 0.028
Yes 3 (15.85%) 13 (22.41%) 0(0.00%)
No 69 (84.15%) 45 (77.59%) 24 (24.00%)
Perineural invasion, n (%) 0.149 0.700
Yes 4 (17.07%) 11 (18.97%) 3(12.50%)
No 68 (82.93%) 47 (81.08%) 21 (87.50%)
Cancer embolus, n (%) 4.196 0.041
Yes 19 (23.17%) 17 (29.31%) 2 (8.33%)
No 63 (76.83%) 41 (70.69%) 22 (91.67%)
Capsule invasion, n (%) 2.346 0.126
Yes 13 (15.85%) 12 (20.69%) 1 (4.17%)
No 69 (84.15%) 46 (79.31%) 23 (95.83%)
BMI, kg/m?, average + SD 0.242 0.809
22.38 + 3.33 22.43 £ 3.48 22.24 +3.00
Hepatolithiasis, n (%) 0.020 0.887
Yes 40 (48.78%) 28 (48.28%) 12 (50.00%)
No 42 (51.22%) 30 (51.72%) 2 (50.00%)
AFP, ng/ml, Median (IQR) -0.025 0.980
2.89 (2.54) 2.77 (1.83) 2.90 (2.55)
CEA, pg/L, Median (IQR) -1.035 0.301
3.00 (3.33) 2.85 (3.63) 3.15 (3.03)
CA199, U/ml, Median (IQR) -0.357 0.721
50.20 (542.53) 57.35 (434.98) 89.70 (1911.30)
Diabetes, n (%) 1.238 0.266
Yes 16 (19.51%) 9 (156.52%) 7 (29.17%)
No 66 (80.49%) 49 (84.48%) 17 (70.83%)
Smoking, n (%) 0.129 0.719
Yes 21 (25.61%) 16 (27.59%) 5 (20.83%)
No 61 (74.39%) 42 (72.41%) 19 (79.17%)
Alcohol consumption, n (%) 0.099 0.754
Yes 17 (20.73%) 1(18.97%) 6 (25.00%)
No 65 (79.27%) 47 (81.03%) 18 (75.00%)
Liver cirrhosis, n (%) 1.031 0.310
Yes 18 (21.95%) 1 (18.97%) 7 (29.17%)
No 64 (78.05%) 47 (81.03%) 17 (70.83%)
Albumin, g/L, average + SD -0.690 0.492
38.87 £ 7.07 38.52 + 9.67 39.71 + 8.50
PLR, n (%) 0.943 0.332
>147.93 41 (50%) 31 (563.45%) 0 (41.67%)
<147.93 41 (50%) 27 (46.55%) 4 (58.33%)
NLR, n (%) 0.068 0.795
>2.53 53 (64.63%) 38 (65.52%) 15 (62.50%)
<253 29 (35.37%) 20 (34.48%) 9 (37.50%)
LMR, n (%) 0.183 0.669
>2.92 38 (46.34%) 26 (44.83%) 12 (50%)
<2.92 44 (53.66%) 32 (55.17%) 12 (50%)
ASA, n (%) 0.000 1.000
3-4 3 (3.66%) 2 (3.45%) 1(4.17%)
1-2 79 (96.34%) 56 (96.55%) 23 (95.83%)






