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Background

Neutrophil extracellular traps (NETs) have been shown to play a pivotal role in promoting metastasis and immune escape in hepatocellular carcinoma (HCC). Therefore, noninvasive tests to detect the formation of NETs in tumors can have significant implications for the treatment and prognoses of patients. Here, we sought to develop and validate a computed tomography (CT)-based radiomics model to predict the gene expression profiles that regulate the formation of NETs in HCC.





Methods

This study included 1133 HCC patients from five retrospective cohorts. Based on the mRNA expression levels of 69 biomarkers correlated with NET formation, a 6-gene score (NETs score, NETS) was constructed in cohort 1 from TCIA database (n=52) and validated in cohort 2 (n=232) from ICGC database and cohort 3 (n=365) from TCGA database. And then based on the radiomics features of CT images, a radiomics signature (RNETS) was developed in cohort 1 to predict NETS status (high- or low-NETS). We further employed two cohorts from Nanfang Hospital (Guangzhou, China) to evaluate the predictive power of RNETS in predicting prognosis in cohort 4 (n=347) and the responses to PD-1 inhibitor of HCC patients in cohort 5 (n=137).





Results

For NETS, in cohort 1, the area under the curve (AUC) values predicting 1, 2, and 3-year overall survival (OS) were 0.836, 0.879, and 0.902, respectively. The low-NETS was associated with better survival and higher levels of immune cell infiltration. The RNETS yielded an AUC value of 0.853 in distinguishing between high-NETS or low-NETS and patients with low-RNETS were associated with significantly longer survival time in cohort 1 (P<0.001). Notably, the RNETS was competent in predicting disease-free survival (DFS) and OS in cohort 4 (P<0.001). In cohort 5, the RNETS was found to be an independent risk factor for progression-free survival (PFS) (P<0.001). In addition, the objective response rate of HCC patients treated with PD-1 inhibitor was significantly higher in the low-RNETS group (27.8%) than in the high-RNETS group (10.8%).





Conclusions

This study revealed that RNETS as a radiomics biomarker could effectively predict prognosis and immunotherapy response in HCC patients.
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Introduction

Hepatocellular carcinoma (HCC), the most commonly occurring primary liver cancer, remains a global health challenge and is the third leading cause of cancer-related death worldwide (1). The tumor immune microenvironment (TIME), which is composed of various tumor-infiltrating immune cells, is thought to greatly affect tumor progression and response to immunotherapy (2). Currently, blocking the signaling of the programmed cell death receptor-1 (PD-1) and programmed cell death receptor ligand-1 (PD-L1) pathways with monoclonal antibodies is a new immunotherapeutic approach for treating advanced HCC cases. However, the response rates to this treatment have been low and the overall prognosis for HCC patients does not seem to improve with this treatment, probably because of the TIME heterogeneity (3–5). Therefore, tools that can accurately determine the TIME status could be invaluable in guiding treatment for HCC patients.

Neutrophils that infiltrate tumors, also called tumor-associated neutrophils (TANs), often play pro-tumorigenic roles and support tumor progression in response to microenvironmental cues released by tumor and stromal cells (6, 7). Neutrophil extracellular traps (NETs), which are extracellular web-like structures of DNA chromatin complexes extruded from dying neutrophils, were once thought to mainly function as snares that caught and killed harmful microorganisms (8). There is increasing evidence to prove that in cancers, NETs play important role in promoting metastasis (9–11). Recent analyses suggested that studies on NETs are becoming increasingly momentous in research on liver cancer. For example, one study indicates that the elimination of NETs may slow the progression of steatohepatitis-related liver cancer (12). In addition, the formation of NETs is known to trigger pro-tumorigenic inflammatory responses and fuel HCC metastasis (13). Furthermore, NETs have been reported to protect cancer cells from being attacked by the immune system and reduce the effectiveness of immunotherapy (14–16). Thus, scoring model that can evaluate the formation potential of NETs in tumors can be useful as biomarkers for predicting survival and in estimating if immunotherapy could be of benefit to HCC patients.

By using the expression profiles of genes associated with NETs formation in biopsy specimens, we are able to directly measure the abundance of NETs in tumor tissues. Recent studies have shown that the integration between machine learning algorithms and NETs-related gene signatures own the potential to be reliable biomarkers in predicting prognosis and the response to immunotherapy in several types of malignant tumors (17, 18). However, this method has some major limitations, including the requirement for an invasive procedure and a forbiddingly high cost for patients. The emergence of radiomics, which uses quantitative medical imaging features, maybe a viable alternative to the method mentioned previously (19, 20). Computed tomography (CT) is now in standard use for diagnosing, staging and monitoring therapeutic efficacy in liver tumors. CT-based radiomics have shown that it is capable of achieving successful assessment and predictive ability in prognostic aspect for HCC patients (21–23). Given the increasing use of immunotherapy in advanced HCC cases, the role of CT radiomics in characterizing TIME necessitates more exploration and amelioration. Some research has shown that certain radiological features of tumors are closely related to specific gene expression profiles; this provides a unique opportunity for developing non-invasive complementary approaches to detect NETs in the TIME (24, 25).

This study has three objectives. One, to identify a NETs-related gene signature (NETs score or NETS) that correlated with patients’ prognosis and could differentiate ‘cold’ or ‘hot’ TIME. Two, to establish a link between the NETs score and tumor radiomics features obtained from contrast-enhanced CT. And three, to build a novel radiomics model (radiomics NETs score or RNETS) to predict survival and to identify HCC patients for whom immunotherapy would be beneficial.





Materials and methods




Study design and data collection

This study retrospectively included five cohorts and the flowchart in Figure 1 describes the entire study design. The HCC patients with RNA sequence data, baseline CT images and the corresponding clinical data from The Cancer Imaging Archive (TCIA, n=52) were collected as training cohort (Cohort 1) to firstly develop a prognostic NETs-related gene signature (NETs score, NETS), and then construct a CT-based radiomics model (radiomics NETs score, RNETS) that correlated with expression patterns of NETS by using machine learning algorithms. Two external validation cohorts with RNA sequence data and complete follow-up data were downloaded from International Cancer Genome Consortium (ICGC, n=232, Cohort 2) and The Cancer Genome Atlas (TCGA, n=365, Cohort 3) to validate the prognostic value of NETS. Besides, HCC patients with baseline CT information from Nanfang Hospital (Guangzhou, China) who underwent curative resection between January 2013 and October 2018 (Cohort 4, n=347) were used to evaluate the predictive value of RNETS in predicting the risk of postoperative recurrence, while those receiving immunotherapy with unresectable HCC between January 2019 and October 2021 (cohort 5, n=137) from Nanfang Hospital were used to evaluate the predictive power of RNETS in predicting the response to immunotherapy.




Figure 1 | Flowchart of overall study.



For patients without previous treatment, CT imaging data at baseline were collected for RNETS establishment and evaluation. Besides, for patients who were refractory to the standard first-line therapy (loco-regional treatments or targeted therapies) and received immunotherapy as second-line treatment, imaging data for analysis were collected based on the inclusion criteria as follows: 1. available CT imaging data within 30 days prior to PD-1 inhibitors therapy; 2. with ≥ 1 measurable target lesion. Follow-up data were collected from the initiation of treatment until 31 October 2022. Disease-free survival (DFS) was defined as the time from surgery to tumor recurrence at any site or death from any cause. Progression-free survival (PFS) was set to the time period from the execution of immunotherapy to disease progression or death from any cause. The responses to PD-1 inhibitors were defined as partial response (PR), complete response (CR), stable disease (SD), or progressive disease (PD), and evaluated by CT or magnetic resonance imaging (MRI) at 3 months and 6 months according to the RECIST version 1.1 (26).





Establishment and evaluation of NETs score

A total of 69 NETs-related genes were collected from previous studies (8, 27) and are shown in Table S1. Cox proportion hazards regression with the least absolute shrinkage and selection operator (LASSO) was applied to tune the optimal value of the penalty parameter (λ) and derive the genes with the highest predictive value from training cohort with non-zero coefficients identified. The calculation formula for NETs score is presented as follows:

	

Where n, P, and β denoted the number of selected genes, the normalized gene expression level, and the coefficient index derived from LASSO regression, respectively. The expression level was obtained by log2-transformed FPKM+1 of each gene. The ‘survminer’ package was employed to pick out the cut-off point for the NETs score, according to which, patients were divided into two groups (high-NETS and low-NETS). Subsequently, Kaplan-Meier curves were plotted and the log-rank method was employed to compare the survival distributions of the two groups. Utilizing ‘pROC’ R package and ‘timeROC’ R package to output receiver operating characteristic (ROC) curves and evaluate the predictive value according to the area under the curves (AUC).





Immune infiltration assessment

The CIBERSORT deconvolution algorithm was used to quantify the infiltration levels of 22 classes of immune cells in the high- and low-NETS groups (28). In this step, we analyzed the data of normalized gene expression values combined with the LM22 signature and performed 1,000 permutations in R studio (v4.1.0). ESTIMATE was used to calculate different scores to describe the immune microenvironment, such as the infiltration level of immune cells (ImmuneScore), and stromal content (StromalScore) (29). Box plots were generated based on the scores obtained by the two NETS groups.





Functional pathway enrichment analysis

Differentially expressed genes (DEGs) between the high- and low-NETS groups were obtained by using the empirical Bayesian approach via the ‘limma’ package. The significance criteria for selecting the DEGs were set as the false discovery rate (FDR)< 0.05 and the absolute value of the log2 (fold change) was set to ≥ 1.5. We then performed Gene Set Enrichment Analysis (GSEA) using the ‘GSEAbase’ R package to recognize the hallmark pathways in low- and high-NETS groups respectively.





CT image segmentation and radiomics feature extraction

The CT images from the portal venous phase were fetched for extracting image features. We made use of the ITK-SNAP software (v4.0) (www.itksnap.org) to perform the delineation for the regions of interest (ROIs), in which two radiologists (Reader 1 and Reader 2, both with > 5 years of experience) manually segment the entire tumor on each axial slice. The CT images were resampled to a voxel size of 1×1×1 mm3 to standardize the voxel spacing. Voxel intensity values were discretized by a fixed bin width of 25 hounsfield unit (HU) to reduce image noise and normalize intensities; wavelet filtering was employed to all the CT series.

Subsequently, 1316 radiomics features were extracted from each ROI using the Pyradiomics Python package (version 3.0). Seven types of features were included: 1) Shape; 2) First Order Statistics; 3) Gray Level Co-occurrence Matrix; 4) Gray Level Run Length Matrix; 5) Gray Level Size Zone Matrix; 6) Neighboring Gray Tone Difference Matrix, and; 7) Gray Level Dependence Matrix.





Feature selection and RNETS score calculation

Before further analysis, to eliminate the differences in the value scales, we carried out a standardization process for all the extracted image features with z-scores. For feature selection, Spearman’s rank correlation analysis was performed and features with correlation coefficient values higher than 0.9 were considered to be redundant and would be filtered out. The LASSO regression was then employed to determine the features with the highest predictive value for the NETS with the penalty parameter tuning conducted by 5-fold cross-validation. The radiomics signature (RNETS) was constructed through a linear combination of the selected features weighted by their corresponding coefficients in the training cohort. The whole workflow of radiomics model is depicted in Figure 2.




Figure 2 | Detailed workflow of radiomics model (RNETS).







Statistical analysis

All statistical analyses and visualization plots were carried out in R studio (version 4.1.0, http://www.r-project.org) and SPSS 22. Correlations between continuous variables were estimated using the Spearman test. Comparisons between two or more group were carried out using either the Wilcox test or the Kruskal-Wallis test. The nomogram and calibration curves were established by using the ‘RMS’ package. All P values are two-sided and lower than 0.05 are regarded as statistical significance.






Results




Clinical characteristics

This study retrospectively included 1133 pathologically-confirmed HCC patients from five cohorts. Of these, 52 patients (Cohort 1) were from TCIA database [34 (65.3%) men and 18 (34.7%) women with mean age 61.02 ± 14.13 years], 232 patients (Cohort 2) were from ICGC database [171 (73.7%) men and 61 (26.3%) women with mean age 67.25 ± 10.11 years], 365 patients (Cohort 3) were from TCGA database [246 (67.4%) men and 119 (32.6%) women with mean age 59.65 ± 13.34 years]. In addition, among these patients from Nanfang Hospital (Guangzhou, China), 310 patients (89.3%) in Cohort 4 were male (mean age: 54.63 ± 11.21 years) and 123 patients (89.8%) in Cohort 5 were male (mean age: 50.82 ± 11.28 years). Of these 137 patients in Cohort 5, 39 (28.4%) received PD-1 inhibitors as first-line treatment, 98 (71.6%) received PD-1 inhibitors as second-line treatment who had undergone loco-regional treatments and targeted therapy (Sorafenib or Lenvatinib) prior to immunotherapy. More detailed clinical characteristics of these two Nanfang Hospital cohorts are listed in Table 1.


Table 1 | Clinical characteristics in two Nanfang Hospital cohorts.







Development of scoring model based on NETs-related genes

To better apply the NETs-initiation biomarkers to clinical management of HCC, these 69 NETs-related genes were further filtered by LASSO regression analysis to identify six hub genes with lambda.1se values of 0.3077334 (Figure S1). These six genes (BST1, IL-6, MAPK3, SELP, SELPLG and TLR4) were used to build a NETs-related risk signature called “NETs score”, which was calculated for each patients according to the following formula: NETs score = (-0.164×BST1) + (-0.055×IL6) + (1.419×MAPK3) + (-0.518×SELP) + (-0.714×SELPLG) + (-0.574×TLR4). The NETs score (NETS) was a good indicator for the prognosis of HCC patients in the training cohort, and the area under the curve (AUC) values were 0.836, 0.879, and 0.902 for 1, 2, and 3-year overall survival (OS), respectively (Figure 3A). The same calculation were performed in cohort 2 and cohort 3 as the validation dataset (Figures 3B, C). The best NETs score cut-off point of 0.8033756 was used to divide patients into high-NETS and low-NETS groups. The low-NETS group had a survival advantage over the high-NETS group in the training cohort (P<0.001) (Figure 3D). The similar results were also observed in validation datasets (cohort 2, P<0.001; cohort 3, P<0.001) (Figures 3E, F).




Figure 3 | Prognostic value of NETs score. (A) Receiver operating characteristic (ROC) curves of NETs score for predicting overall survival (OS) at 1 year, 2 years, and 3 years, respectively in cohort 1, (B) cohort 2, (C) and cohort 3. (D) Kaplan-Meier curves of OS for patients with different NETs score in cohort 1, (E) cohort 2, (F) and cohort 3.







Immune microenvironment heterogeneity underlying the NETS

The results from the CIBESORT algorithm showed that immune-activated cells, including plasma cells, activated CD4 memory cells and CD8 T cells were significantly higher infiltration in the low-NETS group (Figure 4A). The ImmuneScore, StromalScore, and ESTIMATEScore values decreased as the NETs score increased (Figures 4B-D). Compared with the high-NETS group, the low-NETS group exhibited significantly higher expression levels of immune checkpoint genes (Figure 4E). Moreover, through GESA (Table S2), several immune response related pathways were also activated in the low-NETS group (Figure S2). In summary, these results suggest that an immunological ‘hot’ microenvironment exists in the low-NETS group, which tends to respond better to immunotherapy.




Figure 4 | Diverse features of immune environment between NETS-H and NETS-L groups. (A) The infiltration levels of 22 immune cells between two groups analyzed by CIBERSORT algorithm. (B-D) The immune score, stromal score and estimate score analyzed in NETS-H and NETS-L groups, respectively. (E) The expression level of immune checkpoint genes between two groups. NETS, NETs score; NETS-H, high NETs score; NETS-L, low NETs score.







Construction of a radiomics biomarker correlated with the NETS

The Spearman correlation analysis was utilized to filter out redundant image features, following which, four radiomics features were eventually selected using the LASSO regression to construct a predictive radiomics biomarker for NETS status (high- or low-NETS) in the training cohort (Figures 5A, B). The association between the four radiomics features and six NETs-related genes were depicted in Figure 5C. The RNETS was significantly different between high- and low-NETS groups (P<0.001) (Figure 5D). The AUC value for distinguishing between high- and low-NETS was 0.853 in the training cohort (Figure 5E).




Figure 5 | Construction of RNETS in training cohort. (A) Plot of tuning parameter log (λ) selection in LASSO model with 5-fold cross-validation. (B) Plot of coefficient profiles for all the radiomics features. (C) The correlation between the four radiomics features and six NETs-related genes. (D) The difference of RNETS between NETS-H and NETS-L groups. (E) The predictive value of RNETS for distinguishing NETS-H and NETS-L groups in cohort 1 (training). NETS, NETs score; NETS-H, high NETs score; NETS-L, low NETs score.







Prognostic value of the radiomics biomarker

The RNETS cut-off value of 0.8033756 was used to divide patients into high-RNETS and low-RNETS groups. Patients with low-RNETS were associated with significantly longer survival time in the training cohort (P<0.001) (Figure 6A). The AUC values of ROC curves were 0.813, 0.718, 0.724 for the 1-year, 2-year and 3-year OS, respectively (Figure 6B). The utility of the RNETS was further evaluated in the cohort. Kaplan-Meier curves showed that the low-RNETS group had significantly longer DFS and OS period as compared to those in the high-RNETS group in cohort 4 (P<0.001) (Figures 6C, D). Multivariate Cox regression analysis showed that the RNETS was an independent risk factor for postoperative recurrence. In addition, the BCLC stage and AFP levels were also significantly positively associated with the DFS in cohort 4 (Table 2). To broaden its clinical application, the variables were then integrated to develop a nomogram model (Figure 6E). The calibration curve showed there was a good consistency between the predicted value of recurrence and the actual observed value (Figure 6F). Importantly, in cohort 4, the AUC values of the nomogram for predicting DFS (0.860) were higher than those of RNETS, AFP and BCLC stage (Figure 6G), indicating that the nomogram has enhanced power in predicting recurrence as compared to RNETS, AFP levels or BCLC stage alone.




Figure 6 | Prognostic value of RNETS. (A) Kaplan-Meier curves of overall survival (OS) for different RNETS groups in cohort 1 (training). (B) Receiver operating characteristic (ROC) curves of RNETS for predicting OS at 1 year, 2 years, and 3 years, respectively in cohort 1 (training). (C, D) Kaplan-Meier curves of disease-free survival (DFS) and OS for different RNETS groups in cohort 4. (E) Nomogram for predicting the risk of postoperative recurrence in cohort 4. (F) Calibration curves of the nomogram model. (G) ROC curves of recurrence status for the nomogram and three variables in cohort 4. AFP, a-fetoprotein; BCLC, Barcelona Clinic Liver Cancer.




Table 2 | Univariate and multivariate Cox regression analyses of risk factors for disease-free survival in Cohort 4.







Predictive value of the RNETS for anti-PD-1 immunotherapy response

In cohort 5, the RNETS was significantly lower (mean: 0.0254) in the objective response group (CR/PR) than in the SD/PD group (0.2443) (Figure 7A). When dividing the patients into different RNETS groups with cut-off point of 0.0804, we found that the objective response rate (ORR) was significantly higher in the low-RNETS group than in the high-RNETS group (27.8% vs 10.8%) (Figure 7B). Moreover, 77.8% of patients in the low-RNETS group had disease control (PR, CR and SD). In the high-RNETS group, only 55.4% of patients had disease control (Table 3). Notably, Kaplan-Meier curve showed that the RNETS was significantly negatively associated with the PFS (P<0.001) (Figure 7C). These results indicated that the RNETS correlated with the clinical outcomes of anti-PD-1 immunotherapy. Multivariate Cox regression analyses revealed that RNETS, CRP levels, and AFP levels were independent prognostic factors for PFS (Table 4). To establish and validate a risk-scoring model for PFS, we created a nomogram integrating RNETS, AFP levels and CRP levels (Figure 7D). Calibration curve demonstrated the predicted value of disease progression was in accordance with the actual observed value (Figure 7E). Our results confirmed that the predictive value of the nomogram outperformed those of the individual RNETS, AFP levels and CRP levels for predicting PFS in patients receiving immunotherapy (Figure 7F). Subgroup analyses of treatment lines were performed to assess the performance of RNETS in evaluating the response to anti-PD-1 immunotherapy (Figure S3). Interestingly, patients with second-line therapy in low-RNETS group still had higher ORR (27.5% vs 10.3%, P=0.027) and longer PFS time (P=0.00016). Although there is currently not statistical significance, RNETS showed a gradually negative trend with immunotherapy benefit in first-line therapy subgroup (RNETS-L vs RNETS-H, ORR: 28.6% vs 12.0%, P=0.225; PFS analysis, P=0.077).




Figure 7 | Predictive value of RNETS for anti-PD-1 immunotherapy response in cohort 5. (A, B) The treatment response to PD-1 inhibitors in high-RNETS and low-RNETS groups. (C) Kaplan-Meier curves of progression-free survival (PFS) for different RNETS groups. (D) Nomogram for predicting the risk of disease progression after PD-1 inhibitor therapy. (E) Calibration curves of the nomogram model. (F) Receiver operating characteristic (ROC) curves of progression status for the nomogram and three variables. CRP, C-reactive protein; AFP, a-fetoprotein; SD, stable disease; PD, progressive disease; PR, partial response; CR, complete response.




Table 3 | The relationship between tumor response and RNETS groups in patients treated with PD-1 inhibitors.




Table 4 | Univariate and multivariate Cox regression analyses of risk factors for progression-free survival in Cohort 5.








Discussion

As only a fraction of HCC patients have shown impressive efficacy to immune checkpoint blockade (30), there is an urgent need to discover robust predictive biomarkers for tracking patient’s response to immunotherapy in advanced HCC cases. Unfortunately, there are currently no reliable predictive biomarkers to support clinicians in predicting which patients would respond favorably or unfavorably to immunotherapy. Although PD-L1 and tumor mutation burden (TMB), are two of the most extensively studied predictive biomarkers for cancer immunotherapy (31–33), their predictive value in gauging patient responses to immunotherapy in HCC has been relatively limited (34, 35).

In cancers, the TIME acts as a major role in tumor metastasis, relapse, and resistance to treatment, due to which it has been under intensive investigation. To dissect TIME subtypes may help identify patients who would be likely to respond to immunotherapy. Since neutrophils are an integral part of the TIME, they could function as bridges between the tumor parenchyma and the immune microenvironment (36). Elevated neutrophil–lymphocyte ratio (NLR) in peripheral blood and high infiltration level of TANs in TIME are correlated with poor prognosis in HCC patients (37, 38). In addition, NETs, which are unique derivates of neutrophils, have been linked to progression and metastasis in certain solid tumors (10, 11, 39), and especially in HCC (12, 40). In this work, we have identified a constitutive NETs-related gene signature (NETS) to predict survival of HCC patients. We have noticed that these patients in high-NETS group were associated with poor prognosis.

Neutrophils are the most abundant immune cells in peripheral blood and play a fundamental role in inflammatory responses (41); however, their contribution to immune escape in malignancies is still controversial. Recent work has confirmed that TANs play an immunosuppressive role in primary liver cancer and that targeting TANs could be a potentially effective form of immunotherapy for treating liver cancer (42). In addition, the mechanism by which NETs promote immune escape is gradually becoming clearer; for example, it has been shown that NETs act as physical barriers that cover the cancer cells and shield them from immunotherapy (43). Studies have also shown that NETs can suppress T-cell responses to tumors by inducing metabolic and functional exhaustion in these immune cells (44). Our results also demonstrated that the NETS could be used to define TIME subtypes in HCC. Patients in the low-NETS group likely have an immunological ‘hot’ microenvironment, which may allow them to respond better to immunotherapy.

Using ELISA, IHC, and RNA-sequence data, it is possible to assess the abundance of NETs in peripheral blood and tumor tissues. However, these methods are expensive and complicated, which makes their large-scale application impractical. In China, CT examinations are widely used to diagnose liver cancer even in remote areas with underdeveloped medical resources. Therefore, using CT image-based radiological features for prognostics—especially if they reflect immune-related responses—will be of great clinical and economic value. In studies related to HCC, radiomics was usually used to predict clinical outcomes after surgery or responses to locoregional therapy (22, 23). However, most HCC patients already suffer from an advanced stage of cancer at the time of diagnosis and usually cannot opt for surgical treatment. For such HCC patients, immunotherapy can prolong their survival time and even help them reach a stage where translational surgery becomes a treatment option. In this study, we have developed a radiomics model-based score which we have named the RNETS, as a biomarker for clinicians to use for a quick prognostic indication of the immunological status of a tumor from CT images. In two internal HCC cohorts, the RNETS performed well enough to predict postoperative recurrence of the tumor and response to anti-PD-1 immunotherapy in HCC patients. The present study found that RNETS is associated closely with clinical benefit in patients received immunotherapy as second-line treatment. However, due to the limited number of first-line immunotherapy cohort, studies with a larger sample size should be implemented to further validate that RNETS is capable of predicting immunotherapy benefit for HCC patients, regardless of the therapy line.

There still remain some limitations in this study. First, the sample size in the training cohort from the TCIA database is rather small due to a scarcity of cases that have CT image information. Second, the number of NETs-related genes that have been identified is small and may be insufficient for a comprehensive assessment of NETs formation in TIME. Third, since serum NETs expression had been shown to be indirect means for inferring the NETs formation in tumor tissues, we believe that the results in this study will be more profound if we had integrated the information about NETs abundance in peripheral blood into overall analysis. Fourth, this study only covers NETs-related gene signature and tumor heterogeneity is enormous, future projects based on these results should be developed including various key pathway (for example, ferroptosis, hypoxia, epithelial-mesenchymal transition) related prognostic gene signatures and select the optimal radiomics model for implementation in clinical practice. Finally, this study was retrospective, and the results need to be validated using a prospective research framework.

In conclusion, we have developed a radiomics biomarker, the RNETS, which links NETs-related gene expression patterns in the TIME to radiomic features obtained from CT images. This scoring model can effectively and noninvasively predict the clinical outcomes and responses to immunotherapy in HCC patients.





Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.





Ethics statement

The studies involving human participants were reviewed and approved by The Ethical Committee of Nanfang Hospital, Southern Medical University. Written informed consent for participation was not required for this study in accordance with the national legislation and the institutional requirements.





Author contributions

HX and YPZ put forward the ideas of this article. HX, QL and YCZ were primarily responsible for conceptualization, methodology, and writing. JH, YS and MJL were responsible for data collection and data curation. JS, ML, MZ and WL were responsible for data revision. YB, YYZ and YPZ revised the manuscript. All authors contributed to the article and approved the submitted version.





Funding

This study was supported by the grants from the National Natural Science Foundation of China (81772923). The funding agency has no role in study design, data collection and analysis, decision to publish, or preparation of the manuscript.





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.





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2023.1134521/full#supplementary-material




References

1. Sung, H, Ferlay, J, Siegel, RL, Laversanne, M, Soerjomataram, I, Jemal, A, et al. Global cancer statistics 2020: globocan estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA Cancer J Clin (2021) 71(3):209–49. doi: 10.3322/caac.21660

2. Pitt, JM, Marabelle, A, Eggermont, A, Soria, JC, Kroemer, G, and Zitvogel, L. Targeting the tumor microenvironment: removing obstruction to anticancer immune responses and immunotherapy. Ann Oncol (2016) 27(8):1482–92. doi: 10.1093/annonc/mdw168

3. Yau, T, Kang, YK, Kim, TY, El-Khoueiry, AB, Santoro, A, Sangro, B, et al. Efficacy and safety of nivolumab plus ipilimumab in patients with advanced hepatocellular carcinoma previously treated with sorafenib: the checkmate 040 randomized clinical trial. JAMA Oncol (2020) 6(11):e204564. doi: 10.1001/jamaoncol.2020.4564

4. Finn, RS, Ryoo, BY, Merle, P, Kudo, M, Bouattour, M, Lim, HY, et al. Pembrolizumab as second-line therapy in patients with advanced hepatocellular carcinoma in keynote-240: a randomized, double-blind, phase iii trial. J Clin Oncol (2020) 38(3):193–202. doi: 10.1200/jco.19.01307

5. Duffy, AG, Ulahannan, SV, Makorova-Rusher, O, Rahma, O, Wedemeyer, H, Pratt, D, et al. Tremelimumab in combination with ablation in patients with advanced hepatocellular carcinoma. J Hepatol (2017) 66(3):545–51. doi: 10.1016/j.jhep.2016.10.029

6. Fridlender, ZG, Sun, J, Kim, S, Kapoor, V, Cheng, G, Ling, L, et al. Polarization of tumor-associated neutrophil phenotype by tgf-beta: "N1" versus "N2" tan. Cancer Cell (2009) 16(3):183–94. doi: 10.1016/j.ccr.2009.06.017

7. Cortez-Retamozo, V, Etzrodt, M, Newton, A, Rauch, PJ, Chudnovskiy, A, Berger, C, et al. Origins of tumor-associated macrophages and neutrophils. Proc Natl Acad Sci USA (2012) 109(7):2491–6. doi: 10.1073/pnas.1113744109

8. Papayannopoulos, V. Neutrophil extracellular traps in immunity and disease. Nat Rev Immunol (2018) 18(2):134–47. doi: 10.1038/nri.2017.105

9. Lee, W, Ko, SY, Mohamed, MS, Kenny, HA, Lengyel, E, and Naora, H. Neutrophils facilitate ovarian cancer premetastatic niche formation in the omentum. J Exp Med (2018) 216(1):176–94. doi: 10.1084/jem.20181170

10. Yang, L, Liu, Q, Zhang, X, Liu, X, Zhou, B, Chen, J, et al. DNA Of neutrophil extracellular traps promotes cancer metastasis Via Ccdc25. Nature (2020) 583(7814):133–8. doi: 10.1038/s41586-020-2394-6

11. Xiao, Y, Cong, M, Li, J, He, D, Wu, Q, Tian, P, et al. Cathepsin c promotes breast cancer lung metastasis by modulating neutrophil infiltration and neutrophil extracellular trap formation. Cancer Cell (2021) 39(3):423–37.e7. doi: 10.1016/j.ccell.2020.12.012

12. van der Windt, DJ, Sud, V, Zhang, H, Varley, PR, Goswami, J, Yazdani, HO, et al. Neutrophil extracellular traps promote inflammation and development of hepatocellular carcinoma in nonalcoholic steatohepatitis. Hepatology (2018) 68(4):1347–60. doi: 10.1002/hep.29914

13. Yang, LY, Luo, Q, Lu, L, Zhu, WW, Sun, HT, Wei, R, et al. Increased neutrophil extracellular traps promote metastasis potential of hepatocellular carcinoma Via provoking tumorous inflammatory response. J Hematol Oncol (2020) 13(1):3. doi: 10.1186/s13045-019-0836-0

14. Zhang, Y, Chandra, V, Riquelme Sanchez, E, Dutta, P, Quesada, PR, Rakoski, A, et al. Interleukin-17-Induced neutrophil extracellular traps mediate resistance to checkpoint blockade in pancreatic cancer. J Exp Med (2020) 217(12). doi: 10.1084/jem.20190354

15. Jiang, ZZ, Peng, ZP, Liu, XC, Guo, HF, Zhou, MM, Jiang, D, et al. Neutrophil extracellular traps induce tumor metastasis through dual effects on cancer and endothelial cells. Oncoimmunology (2022) 11(1):2052418. doi: 10.1080/2162402x.2022.2052418

16. Zhang, H, Wang, Y, Onuma, A, He, J, Wang, H, Xia, Y, et al. Neutrophils extracellular traps inhibition improves pd-1 blockade immunotherapy in colorectal cancer. Cancers (Basel) (2021) 13(21). doi: 10.3390/cancers13215333

17. Zhang, Y, Guo, L, Dai, Q, Shang, B, Xiao, T, Di, X, et al. A signature for pan-cancer prognosis based on neutrophil extracellular traps. J Immunother Cancer (2022) 10(6). doi: 10.1136/jitc-2021-004210

18. Li, Q, Chen, W, Li, Q, Mao, J, and Chen, X. A novel neutrophil extracellular trap signature to predict prognosis and immunotherapy response in head and neck squamous cell carcinoma. Front Immunol (2022) 13:1019967. doi: 10.3389/fimmu.2022.1019967

19. Gillies, RJ, Kinahan, PE, and Hricak, H. Radiomics: images are more than pictures, they are data. Radiology (2016) 278(2):563–77. doi: 10.1148/radiol.2015151169

20. 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(6):1191–206. doi: 10.1093/annonc/mdx034

21. Xu, X, Zhang, HL, Liu, QP, Sun, SW, Zhang, J, Zhu, FP, et al. Radiomic analysis of contrast-enhanced ct predicts microvascular invasion and outcome in hepatocellular carcinoma. J Hepatol (2019) 70(6):1133–44. doi: 10.1016/j.jhep.2019.02.023

22. Ji, GW, Zhu, FP, Xu, Q, Wang, K, Wu, MY, Tang, WW, et al. Radiomic features at contrast-enhanced ct predict recurrence in early stage hepatocellular carcinoma: a multi-institutional study. Radiology (2020) 294(3):568–79. doi: 10.1148/radiol.2020191470

23. Chen, M, Cao, J, Hu, J, Topatana, W, Li, S, Juengpanich, S, et al. Clinical-radiomic analysis for pretreatment prediction of objective response to first transarterial chemoembolization in hepatocellular carcinoma. Liver Cancer (2021) 10(1):38–51. doi: 10.1159/000512028

24. Pope, WB, Prins, RM, Albert Thomas, M, Nagarajan, R, Yen, KE, Bittinger, MA, et al. Non-invasive detection of 2-hydroxyglutarate and other metabolites in Idh1 mutant glioma patients using magnetic resonance spectroscopy. J Neurooncol (2012) 107(1):197–205. doi: 10.1007/s11060-011-0737-8

25. Li, H, Zhu, Y, Burnside, ES, Drukker, K, Hoadley, KA, Fan, C, et al. Mr Imaging radiomics signatures for predicting the risk of breast cancer recurrence as given by research versions of mammaprint, oncotype dx, and Pam50 gene assays. Radiology (2016) 281(2):382–91. doi: 10.1148/radiol.2016152110

26. Eisenhauer, EA, Therasse, P, Bogaerts, J, Schwartz, LH, Sargent, D, Ford, R, et al. New response evaluation criteria in solid tumours: revised recist guideline (Version 1.1). Eur J Cancer (2009) 45(2):228–47. doi: 10.1016/j.ejca.2008.10.026

27. Şenbabaoğlu, Y, Gejman, RS, Winer, AG, Liu, M, Van Allen, EM, de Velasco, G, et al. Tumor immune microenvironment characterization in clear cell renal cell carcinoma identifies prognostic and immunotherapeutically relevant messenger rna signatures. Genome Biol (2016) 17(1):231. doi: 10.1186/s13059-016-1092-z

28. Newman, AM, Liu, CL, Green, MR, Gentles, AJ, Feng, W, Xu, Y, et al. Robust enumeration of cell subsets from tissue expression profiles. Nat Methods (2015) 12(5):453–7. doi: 10.1038/nmeth.3337

29. Yoshihara, K, Shahmoradgoli, M, Martínez, E, Vegesna, R, Kim, H, Torres-Garcia, W, et al. Inferring tumour purity and stromal and immune cell admixture from expression data. Nat Commun (2013) 4(1):2612. doi: 10.1038/ncomms3612

30. Zhu, AX, Finn, RS, Edeline, J, Cattan, S, Ogasawara, S, Palmer, D, et al. Pembrolizumab in patients with advanced hepatocellular carcinoma previously treated with sorafenib (Keynote-224): a non-randomised, open-label phase 2 trial. Lancet Oncol (2018) 19(7):940–52. doi: 10.1016/s1470-2045(18)30351-6

31. Marabelle, A, Fakih, M, Lopez, J, Shah, M, Shapira-Frommer, R, Nakagawa, K, et al. Association of tumour mutational burden with outcomes in patients with advanced solid tumours treated with pembrolizumab: prospective biomarker analysis of the multicohort, open-label, phase 2 keynote-158 study. Lancet Oncol (2020) 21(10):1353–65. doi: 10.1016/s1470-2045(20)30445-9

32. Herbst, RS, Garon, EB, Kim, DW, Cho, BC, Perez-Gracia, JL, Han, JY, et al. Long-term outcomes and retreatment among patients with previously treated, programmed death-ligand 1−Positive, advanced Non−Small-cell lung cancer in the keynote-010 study. J Clin Oncol (2020) 38(14):1580–90. doi: 10.1200/jco.19.02446

33. McGrail, DJ, Pilié, PG, Rashid, NU, Voorwerk, L, Slagter, M, Kok, M, et al. High tumor mutation burden fails to predict immune checkpoint blockade response across all cancer types. Ann Oncol (2021) 32(5):661–72. doi: 10.1016/j.annonc.2021.02.006

34. Sangro, B, Melero, I, Wadhawan, S, Finn, RS, Abou-Alfa, GK, Cheng, AL, et al. Association of inflammatory biomarkers with clinical outcomes in nivolumab-treated patients with advanced hepatocellular carcinoma. J Hepatol (2020) 73(6):1460–9. doi: 10.1016/j.jhep.2020.07.026

35. Chen, CL, Pan, QZ, Zhao, JJ, Wang, Y, Li, YQ, Wang, QJ, et al. Pd-L1 expression as a predictive biomarker for cytokine-induced killer cell immunotherapy in patients with hepatocellular carcinoma. Oncoimmunology (2016) 5(7):e1176653. doi: 10.1080/2162402x.2016.1176653

36. Coffelt, SB, Wellenstein, MD, and de Visser, KE. Neutrophils in cancer: neutral no more. Nat Rev Cancer (2016) 16(7):431–46. doi: 10.1038/nrc.2016.52

37. Zhou, SL, Dai, Z, Zhou, ZJ, Wang, XY, Yang, GH, Wang, Z, et al. Overexpression of Cxcl5 mediates neutrophil infiltration and indicates poor prognosis for hepatocellular carcinoma. Hepatology (2012) 56(6):2242–54. doi: 10.1002/hep.25907

38. Johnson, PJ, Dhanaraj, S, Berhane, S, Bonnett, L, and Ma, YT. The prognostic and diagnostic significance of the neutrophil-to-Lymphocyte ratio in hepatocellular carcinoma: a prospective controlled study. Br J Cancer (2021) 125(5):714–6. doi: 10.1038/s41416-021-01445-3

39. Yazdani, HO, Roy, E, Comerci, AJ, van der Windt, DJ, Zhang, H, Huang, H, et al. Neutrophil extracellular traps drive mitochondrial homeostasis in tumors to augment growth. Cancer Res (2019) 79(21):5626–39. doi: 10.1158/0008-5472.can-19-0800

40. Wang, H, Zhang, H, Wang, Y, Brown, ZJ, Xia, Y, Huang, Z, et al. Regulatory T-cell and neutrophil extracellular trap interaction contributes to carcinogenesis in non-alcoholic steatohepatitis. J Hepatol (2021) 75(6):1271–83. doi: 10.1016/j.jhep.2021.07.032

41. Mantovani, A, Cassatella, MA, Costantini, C, and Jaillon, S. Neutrophils in the activation and regulation of innate and adaptive immunity. Nat Rev Immunol (2011) 11(8):519–31. doi: 10.1038/nri3024

42. Xue, R, Zhang, Q, Cao, Q, Kong, R, Xiang, X, Liu, H, et al. Liver tumour immune microenvironment subtypes and neutrophil heterogeneity. Nature (2022) 612(7938):141–7. doi: 10.1038/s41586-022-05400-x

43. Teijeira, Á, Garasa, S, Gato, M, Alfaro, C, Migueliz, I, Cirella, A, et al. Cxcr1 and Cxcr2 chemokine receptor agonists produced by tumors induce neutrophil extracellular traps that interfere with immune cytotoxicity. Immunity (2020) 52(5):856–71.e8. doi: 10.1016/j.immuni.2020.03.001

44. Kaltenmeier, C, Yazdani, HO, Morder, K, Geller, DA, Simmons, RL, and Tohme, S. Neutrophil extracellular traps promote T cell exhaustion in the tumor microenvironment. Front Immunol (2021) 12:785222. doi: 10.3389/fimmu.2021.785222




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 © 2023 Xin, Lai, Zhou, He, Song, Liao, Sun, Li, Zhang, Liang, Bai, Zhang and Zhou. 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/fimmu.2023.1134521_cover.jpg
& frontiers | Frontiers in Immunology

Noninvasive evaluation of neutrophil
extracellular traps signature predicts clinical
outcomes and immunotherapy response in

hepatocellular carcinoma





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Noninvasive evaluation of neutrophil extracellular traps signature predicts clinical outcomes and immunotherapy response in hepatocellular carcinoma

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusions

        



        		

          Introduction

        



        		

          Materials and methods

        

          		

            Study design and data collection

          



          		

            Establishment and evaluation of NETs score

          



          		

            Immune infiltration assessment

          



          		

            Functional pathway enrichment analysis

          



          		

            CT image segmentation and radiomics feature extraction

          



          		

            Feature selection and RNETS score calculation

          



          		

            Statistical analysis

          



        



        



        		

          Results

        

          		

            Clinical characteristics

          



          		

            Development of scoring model based on NETs-related genes

          



          		

            Immune microenvironment heterogeneity underlying the NETS

          



          		

            Construction of a radiomics biomarker correlated with the NETS

          



          		

            Prognostic value of the radiomics biomarker

          



          		

            Predictive value of the RNETS for anti-PD-1 immunotherapy response

          



        



        



        		

          Discussion

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/fimmu-14-1134521-g006.jpg
A Training (Cohort 1) B Training (Cohort 1) C Validation (Cohort 4)
RNETS - high = low RNETS - high = low
= 1.00 - 6)\ 1.00
%) s [T
Q o g
= = 075
= © ]
T 3 >
2 s
g o050 E= 2 050
2] = ° Y
T o2 2 £
= .
‘1;; p <0.0001 3 3 ——AUC at 1 year OS = 0.813 $ 025 p<0.0001
o ©
0.00 ———AUC at 2 years 0S = 0.718 3 om0
] " 20 40 . 8 g a 0 25 50 75 100
Numberatrisk  Time in months —— AUC at 3 years 0S = 0.724 Number at risk Time In months
O RNETS s 4 1 o o E high-RNETS] 268 61 6 0 0
low-RNETS| 39 25 12 6 3 n 3 ” s rrs e TowBRiETSY (88 2 3 1 1
B 0 " YAD B & 1-Specificity 0 25 50 75 100
Time in months wo
Time in months
D Validation (Cohort 4)
RNETS - high = low 3 0 10 20 30 40 50 60 70 80 90 100
Points
1.00
—~ >400
0 AFP —
Q o7 <400
©
B+C
2 BCLC Stage —
5 o050 0+A
(7]
s RNETS
2 o2 -25 -2 -15 -1 -05 0 0.5 1 15 2
o p < 0.0001 ) ) ) ) :
Total Points
0.00 0 10 20 30 40 50 60 70 8 9 100 110
0 25 50 7% 100
Number at risk ime i . )
jumber at ris} Time in months Linear Predictor
high-RNETS{ 258 167 25 1 0 -12-10 -8 -6 -4 -2 0 2 4 6 8 10
low-RNETS{ 89 35 13 1 1 X
Risk of recurrence I
0 25 50 75 100 0.001 0.1 0.250.50.750.9 0.99
Time in months
F G
°
o TT T A
®
o 2]
‘? o
;;
> o
Q2 © £ o
° o s e
a =
o c
@ ©
2 3 [LEE Nomo 0.860
o
0
o — RNETS 0811
[e] o i
oo Apparént S -~ BCLC0.624
o ——  Bias-corrected ~ AFP0613
S —— Ideal 2
0.0 0.2 04 06 08 1.0 d0 05 10

Prediced Probability

1 - Specificity





OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-14-1134521-g002.jpg
Discovery: TCIA cohort

Clinical data
+

Radiomics model

Segmentation

NETs gene signature

Development

Evaluation and Validation

LTI

CT images

+
RNA seq data






OEBPS/Images/table2.jpg
Univariate

HR (95% Cl)

Multivariate
HR (95% Cl)

AFP, ng/ml
<400 1.0
> 400 1.76 (1.34-2.32) <0.001 1.67 (1.26 - 2.22) <0.001
Age 0.99 (0.98-1.01) 0.254
‘ ALBI grade
1 1.0
2 1.02 (0.77-1.33) 0.914
3 1.4 (0.34-5.67) 0.641
BCLC
0+A 1.0
B+C 2.54 (1.92-3.35) <0.001 2.1 (158 - 2.80) <0.001
Child-Pugh grade
A 1.0
B 0.95 (0.53-1.7) 0.852
‘ Cirrhosis
Absent 1.0
Present 1.02 (0.77-1.36) 0.868
ECOG PS
0 1.0
1 1.56 (0.87-2.8) 0.138
Embolus
Absent 1.0
Present 1.46 (0.96-2.24) 0.080
‘ Aetiology
‘ HBV 1.0
HCV 052 (0.24-1.10) 0.089
Others 0.76 (0.46-1.25) 0.280
RNETS 2.81 (2.02-3.92) <0.001 273 (1.94 - 3.83) <0.001
Gender
Female 1.0
Male 0.88 (0.57-1.35) 0.558
Tumor number
<3 1.0
>3 1.37 (0.9-2.08) 0.143
Tumor size 1.03 (0.99-1.07) 0.153






OEBPS/Images/fimmu-14-1134521-g004.jpg
1000

ImmuneScore
)

-1000

= High-NETS
= Low-NETS
p=0.002
045 B
p=0.32
p=0.004 p=0.293
o -
_g %3 p<u 001
g
o » p=0.057
T o2 'y o prost pe083
p-0738
p=0.023 L
01 p=0.601 il oses p=0.528
o 1 9_0394 1 A A p=0.715 p=0485 1
00 4 p:ozva ‘L‘l‘ LJ;
® ¥ S &
& & e & & & oé‘
&° a@@‘o" "d"‘b\\‘". .oe‘»
s Q_@\ . &\é‘ < & o & < @
&
&
«$ ,\@
C D
. Wilcoxon, p = 0.045 Wilcoxon, p = 0.00034 - Wilcoxon, p = 0.0039
0
o
o g °
g =500 E
T < -1000
E =
S -1000 ’t/_J
2 W 2000
-1500
-3000
low high low high low high
NETs score NETs score NETs score
=0.009 = High-NETS
4 =0.005 = Low-NETS
p=0.09 p=0.015
= 34 ! p=0.001 p=0.04
% p<0.001 p<0.001
4
o
L2
N *
=)
S
g}
1
LAG3 CTLA4 HAVCR?2 TIGIT 1DO1 PDCD1 CcD274 PDCD1L.G?2





OEBPS/Images/table4.jpg
AFP, ng/ml
<400
> 400
Age
‘ ALBI grade
1
2
3
Child-Pugh grade
A
B+C
Cirrhosis
Absent
Present
CRP
ECOG PS
‘ 0
1+2
Embolus
Absent
Present
Aetiology
HBV
HCV
Others
NLR
RNETS
Gender
Female
Male
Tumor number
<3
>3

Tumor size, cm

Univariate

HR (95% Cl)

10
271 (1.69-4.37)

098 (0.96-1)

1.0
096 (0.59-1.56)

1.68 (0.84-3.39)

1.0

1.09 (0.67-1.78)

10
1.56 (0.88-2.77)

1.01 (1-1.01)

1.0

094 (0.61-1.44)

1.0

092 (0.6-1.42)

10
1.33 (0.18-9.57)
1.11 (0.45-2.75)
1.15 (1.06-1.25)

3.4 (1.86-6.2)

1.0

0.84 (0.43-1.62)

1.0
1.02 (0.65-1.59)

1.04 (0.99-1.09)

<0.001

0.040

0.868

0.145

0.728

0.128

0.001

0.766

0.717

0.779

0817

0.001

<0.001

0.599

0.936

0.125

Multivariate
HR (95% Cl)

2.11 (1.29 - 3.48)

1.01 (1 - 1.01)

249 (1.29 - 4.81)

0.003

0.048

0.007






OEBPS/Images/fimmu-14-1134521-g003.jpg
Sensitivity

Overall Survival

ITraining (Cohort 1) B Validation (Cohort 2) C Validation (Cohort 3)
© 3 : @
3 3 s
o 2o Z o
° = 2 = o
E= =
0 I3
e e
3 < 3 < -
< 1 ; - [ 34 -
S -~ AUC at 1 year OS = 0.836 S .+ AUCat 1year OS = 0.722 ° ~— AUC at 1 year OS = 0.584
o~ ~——— AUC at 2 years OS = 0.879 o ~——— AUC at 2 years OS = 0.736 o ~——— AUC at 2 years OS = 0.667
s
i ——— AUC at 3 years OS = 0.902 —— AUC at 3 years OS = 0.722 —— AUC at 3 years OS = 0.648
S 3 3
00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10
1-Specificity 1-Specificity 1-Specificity
Training (Cohort 1) E Validation (Cohort 2) F Validation (Cohort 3)
NETscore - high = low NETscore = high = low NETscore = high = low
fibo 1.00 100
® ©
075 2 075
075 ;_ s
0.50 ﬁ 050 ‘=£ 050 .
o o
> >
025 O oz O oz
p < 0.0001 p <0.0001 p <0.0001
000 0.00 000
o ) 20 40 80 80 0 20 40 60 80 o 30 60
Number at risk Time in months Number at risk Time in months Number at risk Time in months
High{ 29 " 2 o o High{ 114 61 16 [ 0 High{ 65 1 5 1 0
Low| 23 18 " 6 3 Low{ 118 02 33 2 0 Low| 300 99 37 8 1
o i L 0. L 0 20 40 60 80 0 30 60 %0 120

Time in months

Time in months

Time in months





OEBPS/Images/table3.jpg
(n=54)

Trcament line (Immunotherspy)
FintLine 3000 ess)
ScondLine s8(©99) 0040

Treatment response

@ 0w
w 7149

" 5108 19

» 7o 2600)

ORR(CRIPR) 5108 15 @8 oo
DR(CRIPRISD) a8 0s50) P oons

Varsbies are cxpresed s e of patets (3.
R O T T —






OEBPS/Images/logo.jpg
, frontiers | Frontiers in Immunology





OEBPS/Images/M1.jpg





OEBPS/Images/fimmu-14-1134521-g007.jpg
RNETS

Validation (Cohort 5) B Validation (Cohort 5)
100%
Wilcoxon, p = 0.0034
0 75%
S
o)
05 § S
&
0.0 25%
-05 §
CR/PR SD/PD high-RNETS  low-RNETS
; 0 10 20 30 40 50 60 70 80 90 100
Points
- >400
<400
CRP
0 20 40 60 80 100 120 140 160 180 200
RNETS P S -
-0.6 020 0.20.40.60.81 1.21.4
Total Points

Linear Predictor

Risk of progression

0O 10 20 30 40 50 60 70 80 90 100 110 120 130
-3 -2 -1 0 1 2 3 4 5 6 7 8 9 10
0.1 025 05 075 09 0.99

C Validation (Cohort 5)
RNETS =high =low
o 1.00
{3
S o075
=
]
o 050
g
CR/PR %
SDPD  § o5
2 p <0.0001
o s+
8 0.00
a 0 5 10 15 20
Number at risk Time in months
high-RNETS| 83 43 12 6 1
low-RNETS| 54 42 14 5 1
0 5 10 15 20
Time in months
E
o i 7
Lt
o 2
=
8 o
[
o
K
z 3
?
Q2
[e]
N
3
----. Apparent
—— Bias—corrected
o
o 1 —— Ideal
0.0 02 0.4 06 0.8 1.0
F Predicted Probability
] 4
.
e
o
S
=
2
I
g
»
g 1 —— Nomo 0.797
—— RNETS 0.716
—— CRP0.729
= -~ AFP0.682
=1
co 02 04 06 08 10

1 - Specificity





OEBPS/Images/fimmu-14-1134521-g001.jpg
HCC Patients from HCC Patients from
Nanfang Hospital public databases
n=484 n=649

Cohort 4 Cohort 5
Surgical resection Immunotherapy
n=347 n=137

Cohort 1 from TCIA Cohort 2 from ICGC Cohort 3 from TCGA
n=52 n=232 n=365

Training group for

RNETS
n=52

Training group for

NET Score
n=52

Clinical outcomes,
Immunotherapy benefit

LASSO-Cox regression

LASSO-Binomial
regression

Validation

NET Score with 6 genes

Survival analysis

Validation

RNETS model with
4 features





OEBPS/Images/table1.jpg
Age (years), mean (SD)

54.63 (11.21)

50.82 (11.28)

Gender (%)
I Female 37 (107) 14 (10.2)
Male 310 (89.3) 123 (89.8)
Aetiology (%)
HBV 298 (85.9) 129 (94.2)
HCV 21(6.1) 1(07)
Others 28 (8.1) 7 (5.1)
AFP (ng/ml), (%)
<400 236 (68.0) 56 (40.9)
> 400 111 (32.0) 81 (59.1)
ALBI grade (%)
1 184 (53.0) 40 (29.2)
2 161 (46.4) 83 (60.6)
3 2(06) 14 (10.2)
Child-Pugh grade (%)
A 327 (94.2) 106 (77.4)
B 20 (5.8) 30 (21.9)
(] 0(0) 1(07)
ECOG PS
0 331 (95.4) 79 (57.7)
1+2 16 (4.6) 58 (42.3)
Cirrhosis
Absent 116 (33.6) 26 (19.0)
Present 229 (66.4) 111 (81.0)
| BCLC Stage (%)
0 22(6.3) 0(0)
A 225 (64.8) 0 (0)
B 57 (16.4) 36 (26.3)
€ 43 (124) 101 (73.7)
Embolus (%)
Absent 313 (90.5) 52 (38.0)
Present 33 (9.5) 85 (62.0)
Tumor number (%)
<3 308 (89.0) 46 (33.6)
>3 38 (11.0) 91 (66.4)

Tumor size (cm), median [IQR])

CRP (median [IQR])
NLR (median [IQR])

RNETS (mean (SD))

AFP, o-fetoprotein; BCLC Stage, Barcelona Clinic Liver Cancer stage; ECOG PS, Eastern Cooperative Oncology Group performance status.
ALBI, albumin-bilirubin; CRP, C-reactive protein; NLR, Neutrophil-lymphocyte ratio.
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