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Abstract
BACKGROUND
Some patients with hepatocellular carcinoma (HCC) are more likely to experience disease progression despite continuous transarterial chemoembolization (TACE), which is called TACE refractoriness. At present, it is still difficult to predict TACE refractoriness, although some models/scoring systems have been developed. At present, radiological-based radiomics models have been successfully applied to predict cancer patient prognosis.

AIM
To develop and validate a computed tomography (CT)-based radiomics nomogram for the pre-treatment prediction of TACE refractoriness.

METHODS
This retrospective study consisted of a training dataset (n = 137) and an external validation dataset (n = 81) of patients with clinically/pathologically confirmed HCC who underwent repeated TACE from March 2009 to March 2016. Radiomics features were retrospectively extracted from preoperative CT images of the arterial phase. The pre-treatment radiomics signature was generated using least absolute shrinkage and selection operator Cox regression analysis. A CT-based radiomics nomogram incorporating clinical risk factors and the radiomics signature was built and verified by calibration curve and decision curve analyses. The usefulness of the CT-based radiomics nomogram was assessed by Kaplan-Meier curve analysis. We used the concordance index to conduct head-to-head comparisons of the radiomics nomogram with the other four models (Assessment for Retreatment with Transarterial Chemoembolization score; α-fetoprotein, Barcelona Clinic Liver Cancer, Child-Pugh, and Response score; CT-based radiomics signature; and clinical model). All analyses were conducted according to the transparent reporting of a multivariable prediction model for individual prognosis or diagnosis statement.

RESULTS
The median duration of follow-up was 61.3 mo (interquartile range, 25.5-69.3 mo) for the training cohort and 67.1 mo (interquartile range, 32.4-71.3 mo) for the validation cohort. The median number of TACE sessions was 4 (range, 3-7) in both cohorts. Eight radiomics features were chosen from 869 candidate features to build a radiomics signature. The CT-based radiomics nomogram included the radiomics score (hazard ratio = 3.9, 95% confidence interval: 3.1-8.8, P < 0.001) and four clinical factors and classified patients into high-risk (score > 3.5) and low-risk (score ≤ 3.5) groups with markedly different prognoses (overall survival: 12.3 mo vs 23.6 mo, P < 0.001). The accuracy of the nomogram was considerably higher than that of the other four models. The calibration curve and decision curve analyses verified the usefulness of the CT-based radiomics nomogram for clinical practice.

CONCLUSION
The newly constructed CT-based radiomics nomogram can be used for the pre-treatment prediction of TACE refractoriness, which may provide better guidance for decision making regarding further TACE treatment.
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Core Tip: At present, it is still difficult to predict transarterial chemoembolization (TACE) refractoriness. The main finding of this study is that our computed tomography (CT)-based radiomics nomogram can be used to individually predict patients’ refractory state before the first session of TACE. The predictive calibration curves of the training and validation datasets demonstrated agreement with the ideal curve. This CT-based radiomics nomogram may provide an unprecedented opportunity to improve clinical decision making for the patients who are repeatedly treated by TACE and, eventually, improve the overall survival of these patients.

INTRODUCTION
Transarterial chemoembolization (TACE) has been established as the mainstay treatment for intermediate-stage hepatocellular carcinoma (HCC)[1]. Depending on the heterogeneity of the tumour, including the size, number, growth pattern, and anatomical location, a treatment response is not always easy to obtain from a single session of TACE[2,3]. Thus, repeated TACE is often performed to achieve a sufficient outcome. Nevertheless, in some cases, despite an initial response induced by TACE, repetitive TACE treatments could gradually impair liver function and, even worse, have adverse effects on patient survival[4]. This state was initially termed TACE refractoriness and was first recommended by the Japan Society of Hepatology (JSH) in 2010[5]. Furthermore, intermediate HCC patients whose disease was refractory to TACE who received sorafenib experienced an increase in survival compared with those who continued TACE[6,7]. Therefore, it is very important to identify patients who could benefit from consecutive TACE sessions early to improve their outcome.
To predict TACE refractoriness early, some scoring systems have been developed. Sieghart et al[8] developed a scoring system known as the Assessment for Retreatment with Transarterial Chemoembolization (ART) score. The ART score is composed of radiologic tumour response, Child-Pugh increase, and aspartate aminotransferase increase by 25%. Adhoute et al[9] contructed the ABCR score, which included α-fetoprotein (AFP) level, Barcelona Clinic Liver Cancer (BCLC) stage, Child–Pugh score, and Response score. Subsequent studies in Italian and Japanese cohorts have failed to demonstrate the usefulness of the ART score[10,11]. The Milan group criticized the ABCR score for its “overfitting”[12]. Recently, Kloeckner et al[13] also demonstrated that both scores were not sufficient to support clear-cut clinical decisions, and further efforts are needed to determine TACE refractoriness.
Computed tomography (CT) is the most frequently used imaging technique due to its excellent spatial resolution, tissue contrast, and availability. Compared with conventional CT-based imaging features, radiomics signatures reveal the tumour phenotype and tumour biological heterogeneity and therefore can quantitatively estimate patient survival pre-operatively by transforming traditional medical images into high-throughput quantitative imaging features[14,15]. Radiological-based radiomics models have been successfully applied to predict cancer patient survival[16,17]. Unfortunately, Park et al[18] found that the overall scientific quality of radiomics studies is currently insufficient. To improve the reporting of studies on clinical prediction models, a strict guideline called the transparent reporting of a multivariable prediction model for individual prognosis or diagnosis (TRIPOD) was released in January 2015[19]. Therefore, following the TRIPOD statement, our study aimed to develop and validate a novel CT-based radiomics nomogram to select patients who could benefit from consecutive TACE cycles.

MATERIALS AND METHODS
This study was performed retrospectively in compliance with the Health Insurance Portability and Accountability Act, and a waiver for the requirement of informed patient consent was obtained from the institutional review board.

Study population
Training cohort: Patients with a diagnosis of HCC who were treated by TACE at the Southern Medical University Nanfang Hospital from March 2009 to March 2016 were included in this study. The inclusion criteria of this retrospective study were as follows: (1) Patients underwent more than two TACE sessions during their therapeutic course (the first two sessions were performed within 3 mo. Then, the rest of the TACE procedures were performed “on-demand”); (2) HCC was diagnosed according to the European Association for the Study of the Liver criteria or histological examination; (3) TACE was performed as monotherapy; (4) patients were ≥ 18 years old and had an ECOG performance status score of ≤ 2 at the time of the first TACE session; (5) patients had HCC at BCLC stage A or B (TACE was chosen by the patient voluntarily after the treatment options had been presented) and well-preserved liver function (Child-Pugh class A or B); and (6) preoperative CT imaging was performed within 0-7 d before the first session of TACE. The exclusion criteria were as follows: (1) Patients had BCLC stage C or Child-Pugh class C disease; (2) patients had another percutaneous treatment combined with TACE (including radiofrequency/microwave ablation, etc.); and (3) the raw CT data could not be processed (Figure 1). Finally, 137 patients (median age, 54.3 years; range, 19-79 years) were included in the training cohort.

Validation cohort: An independent external validation cohort comprised patients who underwent TACE procedures at the Affiliated Hospital of Chengdu University. Consecutive patients who underwent TACE between March 2009 and March 2016 were identified from the local electronic patient recording system. The selection and exclusion criteria for the validation cohort were the same as those for the training cohort. Overall, 81 patients (median age, 57.1 years; range, 21-78 years) were included.

TACE procedure: All TACE procedures were conducted under local anaesthesia via a traditional femoral artery approach. Our method of TACE was consistent with the practical standard method of TACE in Asian countries, which was previously reported[20]. After the first two TACE sessions, both institutions used treatment “on demand”, and TACE was scheduled upon the detection of viable tumours (local or distant intra-/extra-hepatic recurrences) in patients with Child-Pugh A/B, which can still be treated by TACE.

Factors analysed
Primary outcome: Overall survival (OS) was defined as the period from 1 d before the first TACE procedure to death or the last follow-up (March 2020). Survival data were obtained by one researcher who was blinded to the study purpose. There was no loss to follow-up in the present study.

TACE refractoriness: In the present study, TACE refractoriness was defined according to the JSH and the Liver Cancer Study Group of Japan (JSH-LCSGJ) criteria[21] as follows: Two or more consecutive insufficient responses of the treated tumour (viable lesion > 50%) or an increase in tumour number after changing the chemotherapeutic agents and/or reanalysis of the feeding artery seen on the response evaluation CT/MRI at 1-3 mo after having adequately performed selective TACE; the appearance of vascular invasion; the appearance of extrahepatic spread; or a continuous elevation in tumour markers immediately after TACE even though a slight transient decrease was observed.

Candidate clinical variables: Based on the ART and ABCR scores, we collected as much clinical data as possible. Before the first TACE session, the presence or absence of a tumour capsule was evaluated according to Liver Imaging Reporting and Data System version 2018 (LI-RADS v2018) ancillary features[22]. Irregular tumour margins were defined as non-smooth margins, presenting as the multinodular confluent type, and nodular type with extranodular extension and/or with an infiltrative appearance[23]. Those radiologic imaging evaluations were assessed by two senior radiologists (more than 10 years in interpreting abdominal imaging) with consensus.

Radiomics feature selection: All patients underwent multidetector CT examination (Siemens Somatom Definition 64; VCT 64; GE Medical Systems). A 1.5 mL/kg body weight bolus of iohexol (Omnipaque, GE Healthcare Co., Ltd.) was injected intravenously at a flow rate of 2.5 mL/s, followed by a 20-mL saline flush. Images of the arterial phase, portal venous phase, and delay phase were obtained at 35 s, 65 s, and 120 s, respectively, after intravenous contrast material injection. The scanning parameters used in this study were as follows: Tube voltage, 120 kVp; detector collimation, 128 mm × 0.625 mm; field of view, 250-400 mm; pixel size, 512 × 512; rotation time, 0.5 s; slice interval, 0 mm; slice thickness, 5 mm; and reconstructed section thicknesses, 1 mm. The processing flow of the radiomics analysis included the following four steps: Tumour segmentation, feature extraction, model building, and model evaluation. Radiomics features were extracted from CT images of the pre-treatment arterial phase. The largest tumours were manually delineated on each transverse image by using ITK-SNAP software (http://www.itksnap.org/pmwiki/pmwiki.php) (Figure 2). Two researchers (with 5 and 8 years of experience in abdominal imaging) who were blinded to the research purpose independently performed tumour delineation and feature extraction with the open-source PyRadiomics package (version 2.2.0). Images were standardized to a voxel size of 1 mm × 1 mm × 1 mm, and voxel intensity values were discretized by using a fixed bin width of 10 HU to reduce image noise and normalize intensities, allowing for a constant intensity resolution across all tumour images[24]. The interobserver reproducibility of the radiomics features was evaluated by the intraclass correlation coefficient (ICC).

Statistical analysis
The image features and clinical data were evaluated by applying the Student’s t-test, the chi-squared test, or the Mann-Whitney U-test, where appropriate. Missing data were considered at random and handled using multiple imputations by the iterative Markov chain Monte Carlo method (10 iterations)[25]. All statistical analyses were conducted by using R software (http://www.Rproject.org). A two-tailed P < 0.05 was regarded as statistically significant.

Step 1 - construct radiomics score: Radiomics features that had ICCs greater than 0.80 were used for subsequent analysis. We used the least absolute shrinkage and selection operator (LASSO) Cox regression method to determine radiomics features that predicted OS. The radiomics score (Rad-score) cut-off value was determined with the “surv_cutpoint” function of the “survminer” R package.

Step 2 - construct the clinical model/CT-based radiomics nomogram: Univariate and multivariate Cox proportional hazards analyses were used to identify clinical factors related to patient survival. The B regression coefficients of the Cox regression model were multiplied by 2 and rounded to obtain the risk score calculation. A CT-based radiomics nomogram was constructed by incorporating the clinical risk factors and radiomics signature by the use of a multivariable Cox regression model. The radiomics model used the median value of the total score to stratify patients into high- and low-risk groups, and ultimately, a nomogram was built.

Step 3 - model evaluation: The OS of different groups was estimated by using the Kaplan-Meier method and compared by the log-rank test. The performance of each model was evaluated by the concordance index (C-index). The C-index is the area under the curve for continuous time-to-event survival data used to measure the discrimination of a prognostic model. The calibration curve was established, and the Hosmer-Lemeshow test was used to analyse the prognostic performance of the CT-based radiomics nomogram in both cohorts. Decision curve analysis (DCA) was conducted to determine the clinical usefulness of the nomogram in the validation cohort.

RESULTS
Patient characteristics
Between March 2009 and March 2016, a total of 461 HCC patients underwent TACE as first-line therapy. A total of 137 patients were included in the training cohort, and 81 were included in the validation cohort. The median duration of follow-up was 61.3 mo (interquartile range, 25.5-69.3 mo) for the training cohort and 67.1 mo (interquartile range, 32.4-71.3 mo) for the validation cohort. The median number of TACE sessions was 4 (range, 3-7) in both cohorts. The median survival time for the training cohort was 21.6 mo (95% confidence interval [CI]: 13.6-28.1), while that of the validation cohort was 19.7 mo (95%CI: 12.3-25.2) (training vs validation, P = 0.324).
In the training cohort, 67% of patients were male, and most (80.0%) patients tested positive for HBsAg. The majority of patients were graded as having Child-Pugh A (61%) and BCLC stage B (85%). The proportion of patients with a tumour size of 5 cm or greater was 34%. The included variables were not significantly different between the two cohorts (Table 1).

Radiomics score building
A total of 869 radiomics features were extracted. Sixty-five radiomics features remained in the arterial phase after the reproducibility test (Figure 3A). All the selected features were entered into the LASSO Cox regression analysis. Eight features were selected to build the radiomics signature using the LASSO regression model (Figure 3B): Two volumetric texture features and six wavelet texture features, respectively. The CT-based radiomics signature can be calculated with the following formula: Radiomics score = 0.174 + 0.432 × Shape_Maximum 3D Diameter - 0.432 × Shape_Elongation + 0.017 × wavelet-HHH_GLSZM_Gray Level Variance - 0.263 × wavelet-HHL_GLSZM_Size Zone Non-Uniformity Normalized + 0.046 × wavelet-HLH_GLSZM_Gray Level Non-Uniformity Normalized - 0.367 × wavelet-HLH_GLSZM_Zone Variance + 0.562 × wavelet-HHH_GLRLM_Low Gray Level Zone Emphasis - 0.214 × wavelet- LHL_GLDM_Dependence Non-Uniformity Normalized. The median Rad-score was 0.75 (range, -1.3-1.7). The cut-off value of the Rad-score was 0.1.

Development of a clinical model/CT-based radiomics nomogram
Clinical model: A multivariate model based on Cox analyses revealed four clinical factors affecting OS: BCLC stage, irregular tumour margin, largest tumour size, and tumour number. These factors were combined to create a clinical score (Table 2).

CT-based radiomics nomogram: The results of the univariate analysis showed that Rad-score, BCLC stage, irregular tumour margin, largest tumour size, tumour number, irregular tumour margin, and AFP level had significant effects on OS (Table 3). Multivariate Cox regression analysis showed that the following five factors affected OS: Rad-score, BCLC stage, irregular tumour margin, largest tumour size, and tumour number (Table 4). The median value of the CT-based radiomics nomogram was 3.5 (Figure 4). We used the median value to classify our patients into high- and low-risk groups.

Model evaluation
The CT-based radiomics nomogram stratified the patients in the training cohort into two subgroups with distinct prognoses. Patients with a score ≤ 3.5 (low-risk group) had a median OS of 23.6 mo (95%CI: 16.3-28.7), whereas patients with a score > 3.5 (high-risk group) had a median OS of 12.3 mo (95%CI: 7.9-16.4; P < 0.001). In the validation cohort, the same trend was observed. The Hosmer-Lemeshow test demonstrated that there was no significant difference between the predictive curve (CT-based radiomics nomogram) and the ideal curve in the training and validation cohorts (P = 0.137 and 0.165, respectively) (Figure 5A and B). DCA indicated that the CT-based radiomics nomogram adds more net benefit than the other four models/scoring systems in the validation cohort (Figure 5C). We used the ART and ABCR scores to identify TACE refractoriness in our cohorts. In both the ART and ABCR groups, the median OS duration did not show a significant difference in either the training or validation cohorts (Figure 6). The C-indexes of the CT-based radiomics nomogram were 0.844 (0.762-0.901) and 0.831 (0.742-0.881) in the training and validation cohorts, respectively, and the nomogram significantly better predicted OS than the other models (the ART score, the ABCR score, our newly constructed clinical model, and the radiomics score) (Table 5).

DISCUSSION
The main finding of this study is that our CT-based radiomics nomogram can be used to individually predict a patient’s refractory state before the first session of TACE. The predictive calibration curves of the training and validation datasets demonstrated agreement with the ideal curve. Compared with the existing ART and ABCR scores, our new model showed the best discrimination for selecting patients who could benefit from consecutive TACE sessions, and DCA proved that our newly constructed nomogram was clinically useful in the current study.
Our newly developed CT-based radiomics nomogram includes four clinical parameters: BCLC stage, irregular tumour margin, largest tumour size, and tumour number. These four clinical parameters mainly emphasize tumour burden and tumour aggressiveness before initial treatment. Currently, BCLC staging is the most commonly used method worldwide for HCC treatment allocation. Despite the limitations of the BCLC staging system, e.g., it does not include tumour characteristics (including tumour distribution and heterogeneity), it remains the most validated and reliable system for HCC prognostication. Tumour size has been broadly recognized as a major predictive factor for response to TACE[26-28]. The blood supply of HCC is mainly from the hepatic artery. Large tumours always have a more abundant blood supply, grow faster, break through the capsule more easily, and readily infiltrate the surrounding liver tissue. Large tumours also more easily cause invasion of the portal vein, increasing the probability of post-TACE intrahepatic recurrence. Katayama et al[29] proved that pre-treatment tumour number is a useful factor for predicting TACE response. Multiple tumours in the liver are mostly due to intrahepatic metastasis, and an increase in tumour number usually indicates more rapid metastasis. For these patients, even if the visible tumours are totally embolized, small metastases may also be present in the liver, which is consistent with the finding of this study that patients with multiple tumours had a higher rate of TACE treatment failure. Irregular tumour margin was confirmed as a reliable predictor of microvascular invasion (MVI)[30]. MVI has been regarded as an important risk factor affecting the prognosis of HCC patients after treatment[31]. In our study, irregular tumour margin had a significant effect on patient survival, indicating that it also had an increasing trend in the development of TACE refractoriness.
CT imaging is commonly used in clinical procedures for HCC patients, such as tumour detection and staging. However, since conventional imaging evaluation relies on semantic features and provides relatively few metrics, the large amount of additional useful information about tumour heterogeneity has been underutilized[32]. Radiomics is a rapidly advancing form of medical image analysis that enables the quantification of tumour phenotypic characteristics to provide prognostic information[33]. To facilitate the clinical use of a radiomics model, we constructed a nomogram to visualize and quantify the results of the complex radiomics analysis. Considering the weaknesses of the preceding radiomics models and the doubts about their reproducibility and robustness, we took effective measures to guarantee the objectivity and reproducibility of our radiomics model. First, we applied voxel intensity discretization and voxel size resampling to reduce the dependency of differences in image specifications, in accordance with recent CT radiomics studies[34,35]. Second, two radiologists carried out the tumour segmentation step, and ICCs were used to minimize subjectivity and operator error. Both the segmentation software and feature extraction software that we used were commonly adopted in earlier investigations and had been verified by those studies[36,37]. With all the above measures, a relatively evidence-based radiomics-clinical model was constructed for the pre-treatment evaluation of patients who are likely to develop TACE refractoriness.
The LASSO method is a powerful method for the regression of high-dimensional predictors[38]. In our study, 65 potential features were chosen from 869 candidate radiomics features of the arterial phase via the LASSO test method to build a radiomics signature. The majority of previous studies[34,35,39] applied morphological features and grey-level texture features [such as histograms and grey-level co-occurrence matrices (GLCM)] extracted from regions of interest. Morphological features have limited value in predicting tumour treatment response, and GLCM features mainly represent the heterogeneity of peripheral tumour regions. Alternatively, wavelet transformation can provide comprehensive spatial and frequency distributions for characterizing intratumoural and peritumoural regions in terms of low- and high-frequency signals. These properties may improve the performance of the radiomics model[40,41]. Not surprisingly, in the present study, the CT-based radiomics signature was composed primarily of wavelet-transformed textures. The wavelet transformation decomposes images into high frequency signals (heterogeneity) and low frequency signals (homogeneity) for both intratumoural and peritumoural regions, which is a strong suggestion of the tumour microenvironment heterogeneity. Recently, Chun et al[42] and Zhou et al[43] also proved that wavelet-based features can be used for disease diagnosis and the prediction of therapy response.
There are several limitations to our study. First, because this was a retrospective study, the selection bias may exist. Further large external validation cohort should be used to testify the robustness and reproducibility of the model. Second, we cannot obtain genomic data of each tumor, which may hinder better interpretation of radiomics features. Last, other clinical features may also be valuable for the construction of the predictive model, but we excluded them from the present study for reasons of data integrity and only selected the most reasonable features. In spite of these limitations, we believe that our approach offers advantages for the following reasons: (1) We performed the study in accordance with the TRIPOD statement, which may improve clinical utility of our results; and (2) in addition to the clinical data, the combination of radiomics and traditional imaging characteristics may improve the clinical acceptability of our newly constructed model.

CONCLUSION
In conclusion, based on CT-radiomics, we developed a novel and externally validated, noninvasive, objective nomogram for the pre-treatment prediction of patients who are likely to have TACE refractoriness. This may provide an unprecedented opportunity to improve clinical decision making for patients who are repeatedly treated by TACE and, therefore, improve the OS of these patients.

ARTICLE HIGHLIGHTS
Research background
The point at which transarterial chemoembolization (TACE) should be continued or stopped is currently not addressed by any guideline to our knowledge. Repeated TACE cycles are, however, associated with an increase of related side effects and liver damage, potentially preventing an even greater survival advantage. In the era of personalized oncology, radiomics has allowed digitally encrypted medical images to be transformed into high-throughput quantitative features that provide information on patient prognosis.

Research motivation
In previous studies, patients with high Assessment for Retreatment with Transarterial Chemoembolization (ART) or α-fetoprotein, Barcelona Clinic Liver Cancer, Child-Pugh, and Response score (ABCR) scores tended to have a poor prognosis. Nonetheless, in terms of predictive ability, neither score was reliable enough to allow for clinical decision-making. Although previous studies have shown the prognostic value of computed tomography (CT) radiomic features for different cancer sites, there is scarcity of multi-centre radiomics research on TACE refractoriness.

Research objectives
The purpose of this study was to develop and validate a CT-based radiomics nomogram for the pre-treatment prediction of TACE refractoriness.

Research methods
Our study consisted of a training dataset (n = 137) and an external validation dataset (n = 81) of patients with clinically/pathologically confirmed hepatocellular carcinoma who underwent repeated TACE from March 2009 to March 2016. The radiomics features were retrospectively extracted from preoperative CT images of the arterial phase. The radiomics signature was built by least absolute shrinkage and selection operator (LASSO) regression. The CT-based radiomics nomogram incorporating clinical risk factors was built by multivariable logistic regression analysis. The performance of the nomogram was assessed with respect to its calibration, discrimination, and clinical usefulness. We used the concordance index to conduct head-to-head comparisons of the radiomics nomogram with the other four models (ART score, ABCR score, CT-based radiomics signature, and clinical model).

Research results
Eight features were selected to build the radiomics signature using the LASSO regression model. The CT-based radiomics nomogram included the radiomics score (HR = 3.9, 95% confidence interval: 3.1-8.8, P < 0.001) and four clinical factors and classified patients into high-risk (score > 3.5) and low-risk (score ≤ 3.5) groups with markedly different prognoses (overall survival: 12.3 mo vs 23.6 mo, P < 0.001). The accuracy of the nomogram was considerably higher than that of the other four models (ART score, ABCR score, CT-based radiomics signature, and clinical model). The calibration curve and decision curve analyses verified the usefulness of the CT-based radiomics nomogram for clinical practice.

Research conclusions
The CT-based radiomics nomogram is valuable in preoperatively predicting TACE refractoriness, which may aid interventional radiologist in determining the optimal treatment approach.

Research perspectives
First, additional information, such as gene sequence data or the molecular pathway, might be necessary for better interpretation of radiomics features, and this issue is left for future research. Second, larger prospective multicenter studies are needed to externally validate our newly constructed model in the future.
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Figure Legends
[image: ]
Figure 1 Flowchart for inclusion and exclusion of patients within the training and validation cohort. TACE: Transarterial chemoembolization; ECOG: Eastern Cooperative Oncology Group; BCLC: Barcelona Clinic Liver Cancer; CT: Computed tomography; HCC: Hepatocellular carcinoma.
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Figure 2 Imaging segmentation. The images were acquired form a 65-year-old man with hepatocellular carcinoma (white arrows). 3D serial raw computed tomography scans obtained before transarterial chemoembolization treatment; regions of interest were manually depicted along with the tumor outline on each axial slice and automatically merged into a volume of interest (green area).	Comment by Wang Tianqi: The text on the top of the images should be “Raw CT images” and “Image segmentation”?
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Figure 3 Feature selection. A: Histogram of the inter-class correlation coefficient. The intraclass correlation coefficient (ICC) was used to determine the stability of the features. Features with an ICC < 0.8 were excluded from the analysis. After robustness test, 65 of the initial 869 computed tomography image features in the arterial phase were retained; B: Partial likelihood deviance was drawn vs log (λ) in the arterial phase.
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Figure 4 The computed tomography-based nomogram was built. The computed tomography (CT)-based nomogram was obtained by combining the effective clinical factors and radiomics signature of artery phase contrast-enhanced CT images. We choose the median value (3.5) to classify our patients into high and low-risk groups. BCLC: Barcelona Clinic Liver Cancer.

[image: ]
Figure 5 Calibration curve and clinical utility analyses. A: Calibration curves of the nomogram on the training dataset. The Hosmer-Lemeshow test yielded a P value of 0.137 in the training dataset; B: Calibration curves of the nomogram on the validation dataset. The Hosmer-Lemeshow test yielded a P value of 0.165 in the validation dataset; C: Decision curve analysis for each model in the validation dataset. The Y-axis measures the net benefit, which is calculated by summing the benefits (true-positive findings) and subtracting the harms (false-positive findings). The decision curve showed that if the threshold probability is over 10%, the application of computed tomography-based radiomics nomogram to predict transarterial chemoembolization-refractoriness adds more benefit compared with the other scores/models. ART: Assessment for Retreatment with Transarterial Chemoembolization; ABCR: α-Fetoprotein, Barcelona Clinic Liver Cancer, Child-Pugh, and Response; CT: Computed tomography.
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Figure 6 Kaplan-Meier curves of survival outcomes in different patient groups. A: Kaplan-Meier analysis of overall survival of high-risk (> 3.5) and low-risk (≤ 3.5) patients according to computed tomography (CT)-based radiomics nomogram in the training cohort; B: Kaplan-Meier analysis of overall survival of high-risk (> 3.5) and low-risk (≤ 3.5) patients according to CT-based radiomics nomogram in the validation cohort; C: Kaplan-Meier analysis of overall survival of high-risk (≥ 4) and low-risk (< 4) patients according to α-fetoprotein, Barcelona Clinic Liver Cancer, Child-Pugh, and Response (ABCR) score in the training cohort; D: Kaplan-Meier analysis of overall survival of high-risk (≥ 4) and low-risk (< 4) patients according to ABCR score in the validation cohort; E: Kaplan-Meier analysis of overall survival of high-risk (≥ 2.5) and low-risk (0-1.5) patients according to Assessment for Retreatment with Transarterial Chemoembolization (ART) score in the training cohort; F: Kaplan-Meier analysis of overall survival of high-risk (≥ 2.5) and low-risk (0-1.5) patients according to ART score in the validation cohort. 

Table 1 Patient characteristics
	Characteristic
	Training cohort
	Validation cohort
	P value

	
	n
	%
	n
	%
	

	Before treatment

	137

	
	81
	
	

	Age (yr)
	
	
	
	
	0.778

	< 60

	87
	63
	49
	60
	

	≥ 60
	50
	37
	32
	40
	

	Sex
	
	
	
	
	0.159

	Male


	91
	67
	45
	55
	

	Female
	46
	33
	36
	45
	

	HBsAg status
	
	
	
	
	0.950

	Positive

    

	110
	80
	65
	80
	

	Negative
	27
	20
	16
	20
	

	Child-Pugh class
	
	
	
	
	0.879

	A

	84
	61
	51
	62
	

	B
	53
	39
	30
	38
	

	Largest tumor size (cm)
	
	
	
	
	0.321

	< 5

mean ± SD

	91
	66
	47
	58
	

	≥ 5
	46
	34
	34
	42
	

	Tumor distribution
	
	
	
	
	0.360

	Solitary


	89
	64
	45
	56
	

	Multiple

	48
	36
	36
	44
	

	BCLC stage
	
	
	
	
	0.249

	A

	20
	15
	16
	19
	

	B
	117
	85
	65
	81
	

	AFP ((IU/mL)
	
	
	
	
	0.410

	< 200

)

	29
	21
	21
	26
	

	≥ 200
	108
	79
	60
	74
	

	ECOG performance status score
	
	
	
	
	0.321

	0
	42
	30
	31
	38
	

	1
	85
	62
	43
	53
	

	2
	10
	8
	7
	9
	

	AST (U/L)
	
	
	
	
	0.106

	[bookmark: OLE_LINK1]< 40

	50
	36
	37
	46
	

	≥ 40
	87
	64
	44
	54
	

	Irregular tumor margin
	
	
	
	
	0.579

	Absent


margin
                 < 125

	62
	45
	33
	41
	

	Present
	75
	55
	48
	59
	

	Capsule
	
	
	
	
	0.165

	Absent

	67
	48
	31
	38
	

	Present
	70
	52
	50
	62
	


BCLC: Barcelona Clinic Liver Cancer; AST: Aspartate aminotransferase; AFP: Alpha fetoprotein; ECOG: Eastern Cooperative Oncology Group.

Table 2 Univariate and multivariate-Cox regression analyses of prognostic factors in hepatocellular carcinoma patients treated by transarterial chemoembolization in the training cohort
	Variable
	Overall Survival (mo)

	

	
	Univariate analysis

	Multivariate analysis

	

	Before first TACE
	Hazard ratio
	95%CI
	P value
	Hazard ratio
	95%CI

	P value
	B
	Score


	Age (yr), < 60/≥ 60
	0.781
	0.324-1.012
	0.124
	
	
	
	
	

	Sex, male/female
	0.891
	0.456-1.213
	0.211
	
	
	
	
	

	HBsAg status, positive/negative
	0.671
	0.319-0.987
	0.121
	
	
	
	
	

	Child-Pugh class, A/B
	1.178
	0.614-1.418
	0.256
	
	
	
	
	

	Largest tumor size (cm), < 5/≥ 5
	1.619
	1.671-2.341
	0.005
	1.312
	0.981-1.992
	< 0.001
	0.4168
	1

	Tumor number, solitary/multiple
	1.987
	1.561-2.354
	0.007
	1.289
	1.481-2.002
	< 0.001
	0.3178
	1

	BCLC stage, A/B
	1.671
	1.319-1.987
	<0.001
	1.789
	1.289-2.112
	< 0.001
	0.4288
	1

	AFP (IU/mL), < 200/≥ 200
	0.678
	0.214-1.018
	0.128
	
	
	
	
	

	ECOG performance status score, 0/1/2
	1.102
	0.781-1.456
	0.199
	
	
	
	
	

	AST (U/L), < 40/≥ 40
	0.543
	0.178-0.967
	0.089
	
	
	
	
	

	Irregular tumor margin, absent/present
	1.562
	1.211-1.897
	< 0.001
	1.457
	1.090-2.089
	< 0.001
	0.404
	1

	Capsule, absent/present
	1.432
	1.121-1.976
	0.032
	1.321
	1.007-1.764
	0.082
	
	


The regression coefficients (B) in multivariate-Cox regression analysis were multiplied by 2 and rounded to calculate the clinical score. The clinical model used the median value (2) of total score (4) to stratify patients into high and low-risk group. HCC: Hepatocellular carcinoma; TACE, Transarterial chemoembolization; BCLC, Barcelona Clinic Liver Cancer; AST: Aspartate aminotransferase; AFP: Alpha fetoprotein; ECOG: Eastern Cooperative Oncology Group; CI: Confidence interval.

Table 3 Univariate analysis of prognostic factors in hepatocellular carcinoma patients treated by transarterial chemoembolization in the training cohort
	Variable
	n

	Overall survival (mo)

	P value


	
	
	Median
	95%CI

	

	Before treatment
	
	
	
	

	Age (yr)
	
	
	
	0.213

	< 60

	87
	19.8
	16.8-23.4
	

	≥ 60
	50
	17.6
	14.3-21.1
	

	Sex
	
	
	
	0.178

	Male


	91
	15.4
	12.5-19.6
	

	Female
	46
	19.6
	14.3-23.1
	

	HBsAg status
	
	
	
	0.121

	Positive

    

	110
	14.9
	12.3-19.2
	

	Negative
Child-Pugh stage
	27
	18.1
	14.1-22.8
	

	Child-Pugh class
	
	
	
	0.301

	A

	84
	23.5
	19.1-32.4
	

	B
	53
	19.8
	13.7-23.8
	

	Largest tumor size (cm)
	
	
	
	0.032

	< 5

mean ± SD

	91
	19.6
	19.7-24.2
	

	≥ 5
	46
	14.1
	14.1-18.8
	

	Tumor number
	
	
	
	0.029

	Solitary


	89
	19.1
	17.4-22.7
	

	Multiple

	48
	14.7
	13.8-18.1
	

	BCLC stage
	
	
	
	0.033

	A

	20
	26.7
	22.3-31.2
	

	B
	117
	16.1
	13.7-24.2
	

	AFP (IU/mL)
	
	
	
	0.041

	< 200

)

	29
	20.7
	17.2-29.4
	

	≥ 200

	108
	16.8
	9.5-18.2
	

	ECOG performance status score
	
	
	
	0.195

	0

	42
	21.6
	13.2-26.7
	

	1
	85
	19.3
	10.3-24.4
	

	2
	10
	17.1
	9.1-22.3
	

	AST (U/L)
	
	
	
	0.261

	< 40

	50
	18.3
	15.2-23.7
	

	≥ 40
	87
	16.9
	12.3-22.9
	

	Irregular tumor margin
	
	
	
	0.018

	Absent


margin
                 < 125

	62
	20.5
	14.7-27.2
	

	Present
	75
	12.6
	8.7-16.4
	

	Capsule
	
	
	
	0.087

	Absent

	67
	16.7
	12.1-22.4
	

	Present
	70
	19.3
	13.5-25.1
	

	Radiomics score
	
	
	
	0.003

	< 0.1

	102
	23.3
	19.8-28.6
	

	≥ 0.1
	35
	10.3
	6.5-14.3
	









HCC: Hepatocellular carcinoma; TACE: Transarterial chemoembolization; BCLC: Barcelona Clinic Liver Cancer; AST: Aspartate aminotransferase; AFP: Alpha fetoprotein; ECOG: Eastern Cooperative Oncology Group; CI: Confidence interval.

Table 4 Multivariate stepwise backward Cox regression analysis of prognostic factors in hepatocellular carcinoma patients treated by transarterial chemoembolization in the training cohort
	Variable
	Overall survival (mo)

	Score
	P value (Cox regression)


	
	Hazard ratio
ratio

	95%CI

	B
	
	

	Before treatment
	
	
	
	
	

	BCLC stage
	
	
	
	
	

	A

	1
	
	0
	0
	

	B
	2.3
	1.2-3.1
	0.39
	1
	0.032

	Irregular tumor margin
	
	
	
	
	

	Absent


margin
                 < 125

	1
	
	0
	0
	

	Present
	1.9
	0.7-3.3
	0.42
	1
	0.028

	Largest tumor size (cm)
	
	
	
	
	

	< 5
	1
	
	0
	0
	

	≥ 5
	1.7
	0.6-2.9
	0.47
	1
	0.017

	Tumor number
	
	
	
	
	

	Solitary
	1
	
	0
	0
	

	Multiple
	2.1
	1.1-3.1
	0.33
	1
	0.021

	Radiomics score
	
	
	
	
	

	< 0.1
	1
	
	0
	0
	

	≥ 0.1
	3.9
	3.1-8.8
	1.72
	3
	< 0.001


The regression coefficients (B) in multivariate-Cox regression analysis were multiplied by 2 and rounded to calculate the radiomics-clinical score. The radiomics-clinical model used the median value (3.5) of total score (7) to stratify patients into high and low-risk group. HCC: Hepatocellular carcinoma; TACE: Transarterial chemoembolization; BCLC: Barcelona Clinic Liver Cancer; B: B regression coefficient; CI: Confidence interval.

Table 5 Predictive performance of each model/score
	Prediction model
	Training cohort C-index (95 %CI)

	Validation cohort
C-index (95 %CI)
	P value


	
	
	
	3 vs 1
	3 vs 2
	3 vs 4
	3 vs 5


	1. Clinical model

	0.643 (0.613-0.712)
	0.629 (0.601-0.678)
	0.025a/0.023b
	0.003a/0.002b
	0.007a/0.006b
	0.009a/0.004b

	2. Radiomics score

	0.723 (0.634-0.778)
	0.734 (0.641-0.793)
	
	
	
	

	3. CT-based radiomics nomogram

	0.844 (0.762-0.901)
	0.831 (0.742-0.881)
	
	
	
	

	4. ART score
	0.714 (0.632-0.771)
	0.690 (0.601-0.761)
	
	
	
	

	5. ABCR score
	0.732 (0.646-0.801)
	0.701 (0.632-0.789)
	
	
	
	



aSignificant difference of C-index between computed tomography (CT)-based radiomics nomogram vs other models/scores in the training cohort. bSignificant difference of C-index between CT-based radiomics nomogram vs other models/scores in the validation cohort. CI: Confidence interval; CT: Computed tomography; ART: Assessment for Retreatment with Transarterial Chemoembolization; ABCR: α-Fetoprotein, Barcelona Clinic Liver Cancer, Child-Pugh, and Response.
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