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Editorial on the Research Topic 


Community series in novel biomarkers for predicting response to cancer immunotherapy: volume II


The field of cancer immunotherapy has revolutionized cancer treatment by harnessing the potential of the immune system to target and eliminate cancer cells. However, not all patients respond equally to immunotherapy or immunotherapy combination strategies, and predicting individual response remains a challenge. In recent years, there has been a growing interest in identifying biomarkers that can accurately predict a patient’s likelihood of responding to immunotherapy or immunotherapy combination strategies. This editorial summary aims to highlight the progress made in the research area of the Community Series in Novel Biomarkers for Predicting Response to Cancer Immunotherapy: Volume II.

One focus is set on the connection between pathological features and clinical outcomes of patients with cancer undergoing treatment with immune checkpoint inhibitors (ICB). Cheung et al. investigated whether the tissue protein expression of CD8, PD-L1, LAG-3, and STAT1 could predict responses to ICB in hepatocellular carcinoma (HCC). They found that immunohistochemical scoring of pre-treatment levels of LAG-3 and CD8 in the tumor microenvironment may help in predicting the benefits of ICB for patients with HCC, and immunohistochemistry-based techniques offer the advantage of being readily translatable in the clinical setting. For the clinical practice, Johansen et al. investigated the association between plasma YKL-40 levels and the clinical outcomes of patients with metastatic pancreatic cancer receiving ICIs and stereotactic body radiotherapy (SBRT). The results demonstrated that elevated baseline plasma YKL-40 was associated with lower overall survival. These findings suggested that YKL-40 could be a potential biomarker for predicting the response to ICIs and radiotherapy in patients with metastatic pancreatic cancer. Further research is required to validate these results. Moreover, Cui et al. were the first to compare the levels of endogenous circulating glucocorticoids in healthy people and patients with cancer. They found that an increase baseline endogenous circulating glucocorticoid has a comprehensive negative effect on immunosurveillance and the response to immunotherapy in patients with advancing cancer. In summary, these interesting findings about the relationship between clinical features and clinical markers in the context of tumor immunotherapy had been examined from different perspectives and demonstrate that easily to monitor immune and serum markers have valuable predictive value in cancer immunotherapies.

Moreover, some bioinformatics analyses for discovery of novel biomarkers of ICB in cancer based on big data had demonstrated promising findings. Li et al. collected HCC datasets from TCGA and GEO, including lysosome-related gene sets from AIMGO. They used machine learning to build risk models based on differentially expressed lysosome-associated genes in HCC and healthy tissues. The study concluded that lysosome-associated gene risk models can be used to predict prognosis in HCC and may provide new opportunities for chemotherapy and immunotherapy. RAMP3 may also be a potential target for HCC treatment. The exhausted CD8+ T (Tex) cells are a unique cell population of activated T cells that emerge in response to tumor antigens. Shi et al. demonstrated that Tex-related genes might provide accurate prediction for patients with HCC in clinical decision-making, prognostic assessment, and immunotherapy. Moreover, a study by Yang et al. identified diverse TPRGs (tumor-related prognostic genes) subtypes in lung adenocarcinoma (LUAD) and evaluated their prognostic value. The results evidenced that this novel stratification model based on TPRGs can accurately predict the prognosis of patients with LUAD and may serve as a predictive tool for treatment decisions. The F-box and WD repeat domain containing (FBXW) family of SCF E3 complexes has 10 members that are responsible for ubiquitination and degradation of substrate proteins involved in cell cycle regulation and tumorigenesis. Huang et al. reported that FBXW family genes were closely involved in immune components, such as immune score, immune subtypes, tumor-infiltrating lymphocytes, and immune checkpoints. Notably, FBXW1 as an oncogene and FBXW7 as a tumor suppressor gene also demonstrate opposite relationships on immune cells. Cui et al. also reported a novel signature based on nicotinamide metabolism-related genes that can be potentially used in clinical practice to evaluate prognosis and treatment efficacy in patients with breast cancer. Additionally, Brisebarre et al. found that the loss of the tumor suppressor FHIT in NSCLC leads to increased HER2 receptor activity in lung tumor cells, making them sensitive to anti-HER2 drugs. Subsequently, they conducted RNA sequencing analysis on tumor cells from NSCLC patients with diverse FHIT and pHER2 status to identify the transcriptomic signature associated with this phenotype. They found that ICI might not be a relevant option for patients with NSCLC and FHITlow/pHER2high tumors, and that anti-HER2 targeted therapy could be a good therapeutic alternative for this molecular subclass with poorer prognosis. These studies demonstrate several emerging biomarkers and gene models for predicting response to ICB. Further study of the clinical application of these biomarkers is required.

Importantly, there were some publications on this research field that include important clinical results based on ICB. According to Chen et al. immunotherapy with single-agent chemotherapy as a second- or later-line treatment is safe, effective, and tolerable for metastatic NSCLC. Extracellular vesicle (EV) markers can be used as predictive markers of efficacy in patients with metastatic NSCLC treated with immunotherapy and chemotherapy to help monitor treatment efficacy and guide treatment decisions. A meta-analysis by Luo et al. reported that PD-1/PD-L1 inhibitors in combination with chemotherapy significantly improves PFS and OS in patients with extensive-stage small-cell lung cancer (ES-SCLC) without increasing the overall incidence of treatment-related adverse events (TRAEs). These studies highlighted that combined immunotherapy is a trend for clinical application in the future, which will further improve the clinical effect of ICB in patients with cancer.

In conclusion, the research and application of novel biomarkers for predicting responses to cancer immunotherapy have significantly advanced the field. Immune-related biomarkers, immune cell profiling, and molecular biomarkers have all shown promise in accurately predicting individual response to immunotherapy. Incorporating these biomarkers into clinical practice has the potential to guide treatment decisions, enhance patient outcomes, and ultimately improve the effectiveness of cancer immunotherapy.
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Herein, A non-invasive pathomics approach was developed to reveal the methylation status in patients with cervical squamous cell carcinoma and predict clinical outcomes and treatment response. Using the MethylMix algorithm, 14 methylation-driven genes were selected for further analysis. We confirmed that methylation-driven genes were differentially expressed in immune, stromal, and tumor cells. In addition, we constructed a methylation-driven model and explored the alterations in immunocyte infiltration between the different models. The methylation-driven subtypes identified in our investigation could effectively predict the clinical outcomes of cervical cancer. To further evaluate the level of methylation-driven patterns, we constructed a risk model with four genes. Significant correlations were observed between the score and immune response markers, including PD1 and CTLA4. Multiple immune infiltration algorithms evaluated the level of immunocyte infiltration between the high- and low-risk groups, while the components of anti-tumor immunocytes in the low-risk group were significantly increased. Subsequently, a total of 205 acquired whole-slide imaging (WSI) images were processed to capture image signatures, and the pathological algorithm was employed to construct an image prediction model based on the risk score classification. The model achieved an area under the curve (AUC) of 0.737 and 0.582 for the training and test datasets, respectively. Moreover, we conducted vitro assays for validation of hub risk gene. The proposed prediction model is a non-invasive method that combines pathomics features and genomic profiles and shows satisfactory performance in predicting patient survival and treatment response. More interdisciplinary fields combining medicine and electronics should be explored in the future.




Keywords: MethylMix, pathomics, cervical squamous cell carcinoma, personal treatment, immunotherapy



1 Introduction

Cervical cancer is one of the leading causes of cancer-related deaths in women (1). This disease is most commonly caused by persistent infection with high-risk human papillomavirus (2). Cervical squamous cell carcinoma (CSCC) and cervical adenocarcinoma (CAC) are the two most common histological subtypes, and show differences in carcinogenic mutations, immune microenvironment, treatment response, and clinical outcomes (3–8). Despite advances in prevention and treatment over the past decades, the overall survival rate of patients with localized disease remains below 60%, falling to below 20% if distant metastasis is present (9). Therefore, alternative therapies such as immunotherapy are currently being explored.

Tumor-infiltrating immune cells (TILs) in the tumor microenvironment (TME) play an important role in tumor progression, invasiveness, and therapeutic responses (10, 11). In addition, blocking immune checkpoints, such as PD-1/PD-L1 and CTLA-4, has become a trend in malignancies (12, 13). Since the immune components in the TME inhibit anti-tumor immune responses, most tumors often do not respond to single-agent immunotherapy (14). Therefore, it is necessary to develop excellent biomarkers and to investigate combined therapies to improve immunotherapy efficacy.

DNA methyltransferase catalyzes DNA methylation, an important epigenetic modification that uses S-adenosylmethionine as a donor molecule to add a methyl group to the 5-position of cytosine present in the transcriptional regulatory region of genomic DNA (15, 16). Generally, hypermethylation results in gene silencing, whereas hypomethylation results in gene activation. Hypermethylation of promoter regions in some important genes, such as tumor suppressor genes and DNA repair genes, causes downregulation of their expression, which may lead to abnormal cell differentiation or irreparable DNA damage. Therefore, cancer is believed to be closely associated with hypermethylation (17, 18). DNA methylation is increasingly recognized as a biomarker for assessing cancer risk, facilitating early diagnosis, and predicting prognosis. Therefore, we attempted to combine methylation-targeted therapy and immunotherapy to achieve this goal of tumor treatment.

Pathological sections provide a wealth of information which can be quantified through digital pathology and classical machine learning techniques (19). However, thus far, few digital pathology biomarkers have entered clinical practice, partly due to technical limitations, including complex image analysis algorithms. Previous digital pathology studies used computer-based image analysis methods for cell detection and classification (20), nucleus and mitosis detection (21), microvascular segmentation (22) and other immunohistochemical scoring tasks on histopathological images. Machine learning methods can extract predictors from such images to construct a pathological model.

In this context, we replaced cumbersome genome sequencing with the analysis of pathological features extracted from pathological digital images according to the grouping criteria of the gene models. Using this analysis, we propose a new modeling algorithm to construct pathological features based on methylation-driven genes. Patients with cervical cancer who have this feature can be differentiated in terms of clinical outcomes, tumor infiltration status, and immunotherapy efficacy, which may improve patient management and promote personalized treatment strategies.



2 Materials and methods

The article landscape was shown in Figure 1.




Figure 1 | A flowchart of the major steps in this study.




2.1 Dataset acquisition and preprocessing

First, the RNA-Seq data and methylation information of CSCC patients were downloaded from the TCGA database. Samples with no survival status or a PFI of< 30 days were excluded from the study. Finally, 243 tumor samples and three normal samples were included. The GSE44001 dataset was downloaded from the GEO database and grouped according to the same inclusion and exclusion criteria as those of the validation cohort. In total, 300 samples were included. Using the “combat” function in the “sva” R package to remove the batch effect on GSE44001 and TCGA-CSCC, the corrected cohort was called a meta-cohort. Three immunotherapy cohorts were included to explore the predictive power of the model for immunotherapy: the GSE78220, Imvigor-210, and PRJEB23709 cohorts. The mutation data (CNVs and SNVs) were processed using the GSCA database. Based on the scRNA-seq data of cervical cancer and normal adjacent tissues in the GSE168652 dataset, genes expressed in at least three cells and cells expressing at least 200 genes were retained. The harmony algorithm was used to merge the different scRNA-seq datasets. The downstream analysis determines the cell clustering based on the corrected harmony embeddings and FindNeighbors functions. Cell clusters were visualized using the t-sne function, and cell types were annotated using the singleR package.



2.2 Identification of methylation driven genes

An effective and precise technique called “MethylMix” was used to examine abnormally methylated genes and the relationship between methylation levels and gene expression. First, differential expression analysis was performed based on the “limma” R package in the transcriptome data, with a threshold of | Log2 (fold change) | > 0.2925 and P< 0.05. Differential expression analysis of methylation data revealed a threshold of | Log2 (fold change) | > 0.585 and P-value< 0.05. Subsequently, the above common differential genes were retained, and using the “MethylMix” R package, the β-hybrid model was used to identify the methylation status of genes, which was employed to avoid overfitting according to the Bayesian information standard. Fourteen methylation-driven genes were identified in this study.



2.3 Construction of methylation-driven gene-related subtypes

Using the “ConsensusClusterPlus” R package, multiple clusters could be formed using unsupervised consensus clustering based on the k-means computer learning algorithm. Our algorithm used 1000 iterations with 80% sampling of the data for each iteration of the consensus clustering algorithm. The optimal number of clusters was determined using the consensus matrix K value. Two clusters (the low methylation-driven gene drive group and high methylation-driven gene drive group) were selected to assess the sample methylation status.



2.4 Construction and validation of methylation-driven prognostic feature

We used the LASSO algorithm to reduce the dimension of 14 methylation-driven genes, followed by multivariate Cox regression analysis to obtain the coefficient of each gene. We established a methylation-driven prognostic feature involving four methylation-driven genes for patients with CSCC. The risk-scoring formula was constructed as follows:

	

where Coef i represents the coefficient, and Gene i represents the expression value of each methylated driver gene. Based on the median risk score, we divided the patients into the high- or low-risk groups. More importantly, the K-M survival curve and survival-dependent receiver operating characteristic (ROC) curves for 1-, 3-, and 5-year prognostic values were obtained for the TCGA cohort and strongly validated in the GEO cohort.



2.5 Relationship between methylation-driven prognostic feature and immunocyte infiltration

Based on the RNA-seq transcription pattern of CSCC, multiple machine learning algorithms (‘XCELL, TIMER, QUANTISEQ, MCPCOUNTER, EPIC, CIBERSORT’) were used to analyze differences in immunocyte infiltration status between the high- and low-risk groups. In addition, the expression status of common immunoregulators between the high- and low-risk groups is displayed in a box plot. Six immune profile subgroups were identified according to the transcriptome patterns of 33 cancers: wound healing (Immune C1), IFN-gamma dominant (Immune C2), inflammatory (Immune C3), lymphocyte depleted (Immune C4), immunologically quiet (Immune C5), and TGF-beta dominant (Immune C6).



2.6 Genomics mutation of risk scoring model

Somatic mutation data were obtained from the TCGA GDC portal (https://portal.gdc.cancer.gov/). We then used the R package “maftools” to draw a waterfall map to depict mutations in high- and low-risk patients.



2.7 Screening and construction of digital pathological features

A total of 230 whole-slide imaging (WSI) images were downloaded from the TCGA database for diagnostics. To overcome the problem of oversized digital images, we cut all WSIs into small image blocks (512 × 512 pixels) for non-overlapping sampling at 20x magnification. All patches were color normalized using the Macenko method to obtain a standard normal distribution. Pathological features were extracted using the CellProfiler script published in previous studies. Two pathologists used ImageScope software to annotate the tumor regions (tumor components > 80%) as the region of interest (ROI). Simply put, the UnmixColors, IdentifyPrimaryObjects, MeasureObjectIntensity, Measureobjectsizesshape and MeasureTexture modules separate the color channels of the ROI image and segment the nucleus features to extract pathological features. Finally, high-risk and low-risk classifiers were used to construct a pathological signature using the RF model.


2.7.1 Cell culture

Cell lines HaCaT, Hela, SiHa, and Caski cells were obtained from the American Type Culture Collection. HaCaT, Hela, SiHa, and Caski cells were cultured in DMEM medium containing 10% fetal bovine serum (FBS) and 0.1% penicillin/streptomycin (Fisher Bioreagents, Pittsburgh, Pennsylvania).



2.7.2 Cell viability assay and qRT-PCR analysis

Antibodies to ACSL1 were obtained from Genepharma Corporation (Shanghai, China). Knockdown of ACSL1 expression levels using independent siRNA. Cells transfected with si-ACSL1 in 6-well plates. Twenty-four hours after transfection, against the number of cells, 4,000 cells were seeded into 96-well plates. Cell viability was obtained at the indicated time points using the CCK8 kit. Total RNA was isolated from cells using TRIzol reagent (Invitrogen, Carlsbad, CA, USA). Relative expression was normalized to GAPDH expression with the following primer sequences: ACSL1, forward: 5 ′ -ATC TGC AAG CCA GGA AGA GAG TC-3 ′ and reverse: 5 ′ -CTT GCT TGA TGC TTT GGT CTG T-3 ′; GAPDH forward: 5 ′ -CAT CAC CAT CTT CCA GGA GCG-3 ′ and reverse: 5 ′ -TGA CCT TGC CCA GCC TTG-3 ′.




2.8 Statistical analysis

Continuous data with a normal distribution were compared using independent Student’s t-test. For comparisons between subgroups, Kaplan–Meier analysis with the log-rank test was used. All statistical analyses were performed using the R software (version 4.0.3). Statistical significance was set at P< 0.05




3 Results


3.1 Identifying methylated differentially genes in cervical cancer

Methylation differential genes (MDGs) and differentially expressed genes (DEGs) were identified using R-package Limma and edge, respectively. MDG and DEG were recombined into normal methylation group, methylation cancer group and gene expression cancer group. Through the mixed model and Wilcoxon rank test, 20 MDGs were found. A heatmap was generated using the R package based on the methylation levels of 20 MDGs. In addition, the correlation diagram and methylation distribution diagram were shown in Supplementary Figure 1A and Table S1. There are only 14 MDGs with methylation regulation. We further explored these 14 genes.



3.2 Genome mutation landscape of candidate genes

Figure 2A showed the location of 14 MDGs in chromosomes, BAB25, TSTD1 on chromosome 1, MAL on chromosome 2, ZNF502, TM4SF1, MUC20 on chromosome 3, PF4V1, ACSL1 on chromosome 4, KCNN2 on chromosome 5, PDX1 on chromosome 13, MYEF2 on chromosome 15, FAM117A on chromosome 17, CY4F11 on chromosome 19. Based on single cell sequencing data, we identified 7 cell subsets. The heatmap showed the expression patterns of 14 MDGs in 7 cell subsets (Figure 2B). The tSNE algorithm displayed the distribution of seven cell subsets (Figure 2C). We found that TSTD1 and RAB25 were highly expressed in stromal cells and immune cells, and lowly expressed in immune cells. TM4SF1 was highly expressed in both immune cells and stromal cells, and the average expression value was higher in immune cells (Figure 2D). In addition, based on the GSCA database, we observed the mutations of 14 MDGs (CNV and SNV). We found that MUC20 had the highest CNV frequency, mainly GAIN, and the highest LOSS was mainly PDX1 (Figure 2E). Based on the data of 289 samples, the overall mutation rate of 14 MDGs was 6.23%, and the general frequency of KCNN2 was the highest, followed by MYEF2 and CYP4F11(Figure 2F). In addition, the correlation between MDGs was performed in R tool. MYEF2 was associated with four genes, RAB25, ZNF502, FAM117A, CYP4F11, respectively. Among them, it was positively correlated with RAB25, and the remaining correlation was shown in Figure 2G.




Figure 2 | Genomic landscape of methylation driven genes. (A) Localization of methylation driven genes in chromosomes. (B) Expression levels of methylation driven genes in seven cell subsets. (C) Spatial distribution in seven cell subsets. (D) Average expression of methylation driven genes in three cell subsets. (E) CNV frequency of methylation driven genes. (F) tumor Mutation burden of methylation driven genes in samples. (G) Interaction between methylation driven genes.





3.3 Prognostic performance of candidate genes

Firstly, we constructed a network diagram to observe the correlation and genetic properties of 14 MDGs. Only TSTD1, MAL, CYP4F11 and ZNF502 were favorable factors, and the rest were risk factors. The blue line connection part represented a negative correlation between the two genes, while the red line represented a positive correlation (Figure 3A). Figure 3B displayed the K-M survival curve of each MDGs. Among the 14 MDGs, 9 genes had the ability to predict the clinical prognosis of cervical cancer. In addition, Except for the MAL gene, which was served as a tumor suppressor gene, all the others were oncogenic genes. The lower the level of MAL gene, the worse the prognosis of cervical cancer patients (Figure 3B). Then we divided the patients into 2 subgroups according to the expression patterns of 14 MDGs genes (Figure 3C). The PCA algorithm presented the distribution of each sample. We can clearly find that the patients in cluster A and cluster B subgroups were in different positions, suggesting that the unsupervised clustering effect was significant (Figure 3D). The K-M survival analysis showed that patients with cluster A had better survival status (Figure 3E). The heatmap showed the expression levels of 14 genes in different subgroups and clinicopathological features (Figure 4A). The ' CIBERSORT ' algorithm was used to assess the levels of infiltration of 22 immune cells between different subgroups, with higher levels of immune effector cells in patients in cluster A (Supplementary Figure 1C). We performed differential expression analysis on samples of cluster A and cluster B, and Figure 4B displayed the differentially expressed genes. The GO pathway analysis was performed to identify biological pathway of differentially expressed genes, and the estrogen signaling pathway was highly correlated with these genes (Figure 4C). Subsequently, the LASSO regression algorithm was conducted to obtained independent predictors from 14 MDGs (Figure 4D), then multivariate regression analysis screened prognostic genes from these genes. The tree diagram showed four independent prognostic factors, ACSL1, MAL, RA25, MYEF2. Among them, MAL was a protective factor, and the rest were cancer-promoting factors (Figure 4E). We constructed a risk model for these four prognostic genes. Figure 4F showed that the risk score of patients with cluster A was lower.




Figure 3 | Methylation-driven associated subtypes. (A) Network diagram showing the prognostic significance and relevance of methylation-driven genes. (B) Prognostic value of methylation driven genes. (C) Consensus Matrix for unsupervised cluster analysis. (D) PCA analysis showed the distribution of different subtypes. (E) K-M curves showed the clinical outcomes among different subtypes.






Figure 4 | Methylation driven associated predictive model. (A) Heatmap of methylation driver genes among different clinical subtypes and methylation driven related subtypes. (B) The volcano map showed the differentially expressed genes between the two subtypes. (C) GO analysis of differentially expressed genes. (D) LASSO algorithm was used to reduce the correlation between methylation driven genes. (E) The Forest map displayed the hazard ratios of the 4 target genes. (F) Risk score between the two subtypes.





3.4 Validation of risk scoring model

In order to verify the methylation-related subtypes and the difference of immune landscape, K-M survival curve and ROC curve were conducted to observe the performance of prognostic models, and multiple machine learning algorithms ‘ XCELL, TIMER, QUANTISEQ, MCPCOUNTER, EPIC, CIBERSORT ‘ were performed to evaluate the difference of immune landscape. The survival prognosis of the high-risk group was significantly worse than that of the low-risk group. The 1-, 3-, and 5-year predictive performance of the prediction model was 0.695, 0.739, and 0.730 in TCGA cohort, respectively (Figures 5A, B). The above trends were consistent in the GEO cohort (Figures 5C, D). Figures 5E, F showed the distribution of risk scores and survival status of patients in the high and low risk groups. There were significant differences in the expression level of immunomodulators and immune cell infiltration between the low-risk group and the high-risk group. Patients in the low-risk group had remarkably higher expression of immunomodulators, such as CTLA4, CD80, PDCD1, etc. (Figure 5G). In addition, immune cells were mainly enriched in the low-risk group, and the level of immune cell infiltration was negatively correlated with risk score (Figures 5H, I).




Figure 5 | Immune cell infiltration landscape. (A) The K-M survival model was constructed to explore the predictive performance in TCGA cohort. (B) The ROC curve was conducted to verify the predictive performance of predictive model in TCGA cohort. (C) The K-M survival model was constructed to explore the predictive performance in GEO cohort. (D) The ROC curve was conducted to verify the predictive performance of predictive model in GEO cohort. (E, F) Distribution of risk score and survival status of patients with cervical cancer. (G) Expression of immunomodulators between high and low risk groups. (H) Heatmaps constructed by six immune infiltration analysis algorithms were employed to assess the level of cell infiltration among each subpopulation. (I) Correlation between immune cell infiltration level and riskscore. *P < 0.05, **P < 0.01, ***P < 0.001.





3.5 Immunotherapy prediction feasibility certification

According to the six immune subtypes in the previous study, we compared the proportion of different immune subtypes in the high and low risk groups. We found that there was a total of three immune subtypes in cervical cancer patients. Immune C2 accounted for 85% and Immune C1 accounted for 14% in low-risk patients, while Immune C2 accounted for 72% and Immune C1 accounted for 27% in high-risk patients (Figure 6A). In addition, the Immune C1 subtype had the highest risk score and the Immune C4 subtype had the lowest risk score (Figure 6B). Subsequently, the ESTIMATE algorithm showed that the risk score was positively correlated with the TumorScore and negatively correlated with the ImmuneScore, which meant that patients with high-risk scores were more malignant and had lower anti-tumor immune effects (Figures 6C, D). The overall mutation rate of patients with low-risk score was higher than that of patients with high-risk score, 86.09% and 83.78% respectively (Figures 6E–G). We combined the risk score and TMB index to predict the clinical prognosis of patients with cervical cancer. The prognosis of patients with L-TMB + high risk was the worst, and the survival time of patients with H-TMB + low risk was the longest (Figure 6H). In addition, the survival time of patients with H-TMB was longer than that of patients with L-TMB (Figure 6I). We obtained three immunotherapy cohorts, GSE78220, Imvior-210, PRJB23709 cohorts. We found that the high-risk group had a significant effect on immunotherapy, and the survival status of patients in the low-risk group was better than that in the high-risk group (Figures 7A–C). In terms of chemotherapy, patients in the low-risk group were more sensitive to Cisplatin and Paclitaxel, while patients in the high-risk group were more sensitive to Doxorubicin (Figures 7D–F).




Figure 6 | (A) Proportion of immune subsets among different risk subgroups. (B) Riskscore of immune subsets. (C, D) Correlation between risk score and StromalScore, ImmuneScore which obtained by “ESTIMATE” algorithm. (E, F) Global mutation landscape of high and low risk subgroups. (G) Tumor mutation burden score for high - and low-risk subsets. (H) The K-M algorithm was used to evaluate the predictive performance of the risk model +TMB model. (I) K-M algorithm was used to evaluate the prediction performance of TMB model.






Figure 7 | Drug susceptibility prediction. (A–C) Treatment effect prediction in three immunotherapy cohorts (GSE78220, IMVigor-210, PREB23709). (D–F) Chemotherapeutic drug sensitivity prediction.





3.6 Screening and construction of digital pathological features

The constructed genome risk score model has great predictive performance, but due to too many parameters and expensive sequencing cost, we attempt to replace the genome model with pathological WSI. A total of 232 WSIs containing tumor tissues were obtained from the TCGA database, of which 27 low-quality WSIs were excluded, and 205 samples were finally included. Pathological features were extracted based on the CellProfiler script published in previous studies. Two pathologists used ImageScope software to annotate tumor regions (tumor components > 80%) as ROI. In simple terms, the UnmixColors, IdentifyPrimaryObjects, MeasureObjectIntensity, Measureobjectsizesshape and Measure Texture modules were conducted to separate the color channels of the ROI image and segment the nuclear features. Finally, each WSI generates 642 pathological features. RF model was employed to construct pathological feature signature with high/low risk as classifier. The prediction performance of training set is 0.737, and that of testing set is 0.582 (Figure 8).




Figure 8 | Schematic representation of pathogenomic construction.





3.7 In vitro assays

By reviewing previous references, it was found that ACSL1 was an unexplored gene in cervical cancer. Hence, we selected ACSL1 as the candidate molecule to perform cell function assays. Real-time qPCR analysis indicated that ACSL1 was significantly upregulated in three CC cell lines (Figure S2A). The transfection epitranscriptomics of three shRNAs were detected, which revealed that sh-ACSL-2 presented the highest transfection efficiency in Caski cell lines (Figure S2B). Similarly, the CCK-8 assay also showed that the viability of Caski was most significant suppressed after transfection of sh-ACSL-2 (Figure S2C).




4 Discussion

Currently, the staging methods of the International Federation of Gynecology and Obstetrics (FIGO) are the most commonly used for cervical cancer (23). Imaging or pathological examination are the major components of the FIGO staging system. In some nonsurgical patients, staging was based on imaging and doctors’ subjective judgments. This is inherently inaccurate if there is inflammatory disease of the pelvis, endometriosis, or obesity. There is a significant difference in the prognosis of patients with FIGO staging due to the significant difference between the clinically determined staging and surgical pathological results (24). With the rapid development of cancer biology knowledge and the discovery of biological profiles to predict cancer outcomes and treatment responses, oncologists are increasingly using a variety of related, non-anatomic (including molecular) factors to predict the prognosis of individual patients. As such, there is an urgent need for in-depth research to identify effective biomarkers for the early detection and treatment of cervical cancer.

Numerous recent studies have demonstrated that hypomethylation results in gene overexpression, whereas hypermethylation causes low gene expression, which plays an important role in the occurrence and progression of various tumors (25, 26). It is possible that abnormally methylated genes can cause gene expression disorders, transcriptional disorders, and abnormal differentiation of cells (27). Jiao et al. previously provided evidence that SEPT9 methylation may be a biomarker for the diagnosis of cervical cancer, which functions by promoting tumorigenesis and radiation resistance of cervical cancer by targeting the HMGB1-Rb axis, and induces macrophage polarization by mediating Mir-375. With this knowledge, Jiao suspected that SEPT9 may be a potential screening and therapeutic biomarker for cervical cancer (28). Kremer et al. reviewed the role of host cell gene hypermethylation in tumorigenesis and the progression of cervical cancer, and discussed the potential clinical application of methylation analysis in the management of high-risk HPV (hrHPV)-positive women. They suggested that methylation testing may be useful for: 1) Classification of women with high risk HPV types to detect cervical cancer and advanced cervical intraepithelial neoplasia; 2) as a secondary classification of women with minor cytological abnormalities to identify women at risk of CIN 3 or more; 3) as an exit test for women dropping out of a screening program to identify cervical cancer and advanced CIN; and 4) support for CIN management (29). Methylation plays a vital role in cervical cancer progression.

In our investigation, the MethylMix algorithm was used to identify MDGs in cervical cancer and construct a mixed model. For this step, standardized methylation and gene expression data were employed as input matrices. Based on the gene expression and related methylation levels, 20 DMGs were identified. Next, we analyzed the relationship between the 20 DMGs and the prognoses. A combination of clinical information, gene expression, and methylation data were acquired from the TCGA dataset. A set of signatures based on LASSO-COX regression analysis was constructed. It is worth noting that although dysregulation of some of these genes in tumors has been studied, their methylation levels have rarely been mentioned. Therefore, our genomic model combines methylation information with genomic data to predict clinical outcomes and treatment strategies in patients with cervical cancer. In addition, the prediction model is externally validated, which provides a new method for the prognostic assessment of cervical cancer.

In addition, we identified six immune profile subgroups based on transcriptome patterns in 33 cancers: wound healing (immune C1), IFN-γ dominant (immune C2), inflammation (immune C3), lymphocyte depletion (immune C4), immune quietness (immune C5), and TGF-β dominant (immune C6). Histological and immunophenotypic classification of cervical cancer by expression of the p53 homolog p63 has been performed in a pathological study, which is similar to our study (30). It has been shown that IFN-γ gene polymorphisms may contribute to cervical cancer susceptibility, and this result helps to support IFN-gamma dominant (Immune C2) in our immunophenotyping (31). Inflammation following viral infection is a driving force that accelerates cancer development. Infiltrating immune cells and their secreted cytokines will greatly contribute to the malignant features of cervical cancer. A better understanding of the mechanisms involved in inflammation and cancer progression will lead to innovative approaches for treating cervical cancer (32).

In addition, it has also been shown that there is an association between common low-penetrance alleles in the TGFB signaling cascade and altered cervical cancer risk in women, a result that will underpin our immunophenotyping C6, and “immunotherapy” representing cervical squamous cell carcinoma is prognostic (33, 34).

For the link between DNA methylation and pathology, this can be understood in terms of the distinction between DNA methylation in cellular physiological and pathological conditions. DNA methylation is one of the epigenetic mechanisms regulating gene expression (35). In normal cells, a significant degree of methylation is characteristic of extragenic DNA (cytosines within CG dinucleotides) (36). Changes in methylation patterns, which may emerge with the age of the organism and cancer development, have been observed in three regions of exon 5 of the p53 gene in non-small cell lung cancer (36, 37). With the application of real-time PCR technology (using primers for methylated and unmethylated sequences), we have been able to find new markers for early detection of cancer.

Our study still has some limitations. Although methylation profiles are advantageous because genomic models require high sequencing costs and stringent sample storage conditions, we try to replace this with clinical WSI data. However, the images of pathomics may lead to differences in HampE staining results due to different staining methods and raw materials in different places. In addition, since data from our genomic model came from TCGA, we could identify each patient ‘s pathohistological features based on their unique ID in the TCGA platform. So, we can link genomic models to pathomics models. However, we still fail to clarify the specific molecular mechanisms underlying the relationship between genomics and pathology, which require further exploration. In addition, clinical risk factors such as pathological subtype, gender, age, and stage could be considered in the model in the future. Finally, further experiments and studies are needed to understand developmental mechanisms and investigate effective treatments for cervical cancer.
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Introduction

In recent decades, the development of immunotherapy and targeted therapies has considerably improved the outcome of non-small cell lung cancer (NSCLC) patients. Despite these impressive clinical benefits, new biomarkers are needed for an accurate stratification of NSCLC patients and a more personalized management. We recently showed that the tumor suppressor fragile histidine triad (FHIT), frequently lost in NSCLC, controls HER2 receptor activity in lung tumor cells and that tumor cells from NSCLC patients harboring a FHITlow/pHER2high phenotype are sensitive to anti-HER2 drugs. Here, we sought to identify the transcriptomic signature of this phenotype and evaluate its clinical significance.



Materials and methods

We performed RNA sequencing analysis on tumor cells isolated from NSCLC (n=12) according to FHIT/pHER2 status and a functional analysis of differentially regulated genes. We also investigated the FHITlow/pHER2high signature in The Cancer Genome Atlas (TCGA) lung adenocarcinoma (LUAD) (n=489) and lung squamous cell carcinoma (LUSC) (n=493) cohorts and used the tumor immune dysfunction and exclusion (TIDE) model to test the ability of this signature to predict response to immune checkpoint inhibitors (ICI).



Results

We showed that up-regulated genes in FHITlow/pHER2high tumors were associated with cell proliferation, metabolism and metastasis, whereas down-regulated genes were related to immune response. The FHITlow/pHER2high signature was associated with the higher size of tumors, lymph node involvement, and late TNM stages in LUAD and LUSC cohorts. It was identified as an independent predictor of overall survival (OS) in LUAD cohort. FHITlow/pHER2high tumors were also predictive of poor response to ICI in both LUAD and LUSC cohorts.



Conclusion

These data suggest that ICI might not be a relevant option for NSCLC patients with FHITlow/pHER2high tumors and that anti-HER2 targeted therapy could be a good therapeutic alternative for this molecular subclass with poorer prognosis.
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1 Introduction

Lung cancer is a leading cause of death worldwide. About 2 million cases are diagnosed each year causing 1.76 million deaths (1). In recent decades, major advances have been achieved in the treatment of non-small cell lung cancer (NSCLC), the most widespread lung cancer, with the development of immunotherapy and targeted therapies according to oncogenic driver alterations. Impressive clinical benefits have been obtained with immune checkpoint inhibitors (ICI) (2). Despite the substantial improvement of prognosis, partly conditioned by programmed death-ligand 1 (PD-L1) expression level, some NSCLC patients may not respond to ICI (1–3). On another hand, current targeted drugs are approved for EGFR, ALK, ROS1, BRAF or NTRK molecular alterations (1, 4). In contrast to breast and gastric cancers, anti-HER2 treatments are not a standard of care for NSCLC management, despite recent promising results with HER2 antibody-drug conjugates such as trastuzumab-deruxtecan (5, 6).

The activation of HER2 in NSCLC is known to occur by three described mechanisms, including gene mutation, gene amplification and protein overexpression, which result in specific prognostic and predictive outcomes (5). We recently identified another mechanism of HER2 activation, assessed by HER2 phosphorylation (pHER2), and regulated by fragile histidine triad (FHIT), a tumor suppressor frequently lost in NSCLC (7, 8). FHIT controls HER2 receptor activity in lung tumor cells, and thereby, lung tumor cells with a loss of FHIT expression and consecutive activation of HER2 receptor are sensitive to anti-HER2 drugs. We previously proposed a new FHITlow/pHER2high NSCLC phenotype that may be eligible for an HER2-targeted therapy (7). This phenotype represents about 25% of NSCLC independently of histological type and is associated with a poor degree of tumor differentiation (7).

With the aim of better characterizing the FHITlow/pHER2high phenotype and its clinical significance, we investigated its associated-transcriptomic signature. We therefore performed RNA sequencing analysis on tumor cells isolated from NSCLC displaying or not a FHITlow/pHER2high status and evaluated this new FHITlow/pHER2high molecular subclass in TCGA NSCLC cohorts for both prognosis and ICI sensitivity.



2 Materials and methods


2.1 Ethics approval and consent to participate

Human study was conducted in accordance with the ethical guideline of the Declaration of Helsinki. Human tumors were obtained from the Tumor Bank of the Reims University Hospital Biological Resource Collection NO. AC-2019-340 declared at the Ministry of Health according to the French Law, for use of tissue samples for research. Surgically resected tumors were collected after obtaining informed consent from patients with NSCLC. Access to patient data for this non-interventional study was approved by the French national commission CNIL (Commission Nationale de l’Informatique et des Libertés) (NO.2049775 v 0).



2.2 Primary tumor cells

Primary tumor cells were obtained from 38 NSCLC fresh samples. Freshly resected tumors were cut into small pieces, then digested overnight at +4°C in a 0.1% Pronase E solution (Sigma-Aldrich, Saint-Louis, MO) and seeded in type IV collagen-coated dishes with CnT-17 medium (CELLnTEc, Bern, Switzerland). After the proliferation phase, cells were cultured in bronchial epithelial cell growth medium (BEGM) (Lonza, Walkersville, MD). The sensitivity to the HER2 tyrosine kinase inhibitor (TKI) tucatinib (irbinitinib, ARRY-380, ONT-380) (HY-16069, MedChemtronica, Sollentuna, Sweden) was assessed by MTT assay as previously described (7). Further culture samples were also frozen for protein extraction and RNA extraction. FHIT and pHER2 status were assessed by western blotting as previously described (Supplementary Figure S1) (7). Six FHITlow/pHER2high tumors and 6 other tumors were selected for RNA-sequencing analysis (Supplementary Figure S1 and Supplementary Table S1).



2.3 RNA isolation and library preparation

Total RNA was purified from frozen primary tumor cell pellets with RNeasy Plus Micro Kit (Qiagen, Hilden, Germany) according to the manufacturer’s specifications. During the procedure, contaminant DNA was eliminated on a gDNA Eliminator spin column. Total RNA concentration was determined by measuring the absorbance at 260 nm on a NanoDrop 1000 spectrophotometer (Thermo Scientific, Madison, WI, USA). The integrity and size distribution of purified total RNA were checked using the Experion RNA StdSens Analysis Kit on the Experion automated electrophoresis system (Bio-Rad, Hercules, CA, USA). Total RNA samples with a RQI>7 were send to Integragen (Evry, France) for libraries preparation using 400 ng. Libraries were prepared with NEBNext Ultra II Directional RNA Library Prep Kit for Illumina protocol according to supplier recommendations. Briefly the key stages of this protocol were successively, the purification of PolyA containing mRNA molecules using poly-T oligo attached magnetic beads from 100 ng total RNA (with the Magnetic mRNA Isolation Kit from NEB), a fragmentation using divalent cations under elevated temperature to obtain approximately 300 bp pieces, double-strand cDNA synthesis and finally Illumina adapters ligation and cDNA library amplification by PCR for sequencing.



2.4 Next-generation sequencing

Sequencing was then carried out by Integragen on Paired-End 100 b reads on Illumina NovaSeq in two different sequencing runs. Image analysis and base calling were performed using Illumina Real-Time Analysis (3.4.4) with default parameters.



2.5 Data analysis


2.5.1 Differential gene expression

Quality control of raw sequence data was performed using FastQC (version 0.11.5) (9). Head bases were trimmed for adaptor sequences, and low-complexity or low-quality sequences were removed with Trimmomatic (version 0.39) (10). The remaining sequences were mapped to the Homo sapiens hg38 reference genome assembly (hg38.fa) using tophat2 (version 2.1.1) with stringent parameters generating bam format (11, 12). The quality of alignment was checked using metrics provided by qualimap (version 2.2.1) and low-quality alignments were removed (13). Raw counts were obtained using htseq-count (version 0.6.1) (14). Differential expression analysis was performed using DESeq2, an R package (15, 16). Raw counts were normalized using a scaling factor based on median gene expression across the samples and filtered to exclude genes with fewer than 5 counts across the samples. 15,955 genes were expressed with these parameters. A batch covariate was included in the design model to estimate the effect of a two-runs sequencing. Genes with a Benjamini-Hochberg FDR lower than 0.05 and a two-fold change in expression were considered as significantly differentially expressed. A volcano plot was also created to examine the distribution of log2 fold change at different significance levels.



2.5.2 Functional analysis of the differentially expressed genes

To functionally describe the differentially expressed genes, the Gene Set Enrichment Analysis (GSEA version 4.1.0) was performed (17, 18). The 50 hallmark gene sets from MsigDB data base representing well-defined biological states and processes were tested for their association with the FHIT/pHER2 status (18, 19). Differentially expressed genes were analyzed in terms of biological processes (BP) from Gene Ontology resource (GOterms) with the ViSEAGO R package using the Ensembl data base option (15, 20–23). Briefly, genes were annotated and enriched GO terms were computed and clustered depending on their semantic similarity calculated from their information content using Lin distance. Semantic similarity between the clusters was calculated using the BMA algorithm and was used to perform a hierarchical clustering of the clusters with the war.D2 aggregation criteria. Differentially expressed genes were also mapped to Reactome pathways and over-representation was calculated with hypergeometric distribution corrected for FDR using the Benjamini-Hochberg method on their online platform (24). Dot plots were produced with the ggplot2 R package (15, 25).



2.5.3 Test of the FHITlow/pHER2high signature to predict NSCLC patient outcome and response to immunotherapy

For the following analyses, two NSCLC cohorts were used: the Firehose Legacy TCGA lung adenocarcinoma (LUAD) cohort and the Firehose Legacy TCGA lung squamous cell carcinoma (LUSC) cohort downloaded from the cBioportal (26, 27). Patients with metastatic tumors were excluded from the study thus resulting in 489 patients analyzed for LUAD and 493 patients analyzed for LUSC. A score for each patient based on the expression values of the 983 differentially expressed genes (sum of the expressions of genes up-regulated – sum of the expressions of genes down-regulated) was calculated to determine the FHIT/pHER2 status of the TCGA tumors. For each cohort, we defined FHITlow/pHER2high tumors as those with a score superior to the third quartile and the other tumors as those with a score inferior to the first quartile. Clinical and survival data were extracted for these tumors. The TIDE (Tumor Immune Dysfunction and Exclusion) online module was also used to calculate a score based on the gene expression profile of each tumor and to predict patient response to immunotherapies (28, 29).




2.6 Statistics

Associations between clinical parameters and FHIT/pHER2 status were analyzed with the two-tailed Mann-Whitney test (age) or the two-sided Fisher’s exact test (sex, tumor size, lymph node status, tumor node metastasis (TNM) stage) using R or Prism version 5.0 software (GraphPad Software, La Jolla, CA) (15). An estimate of the survival curve for censored data using the Kaplan-Meier method was computed using the surfit function of the survival R package (15, 30). The curves were plotted with the ggsurvplot function of the survminer R package (15, 31). P-values of the log-rank test were calculated to test the difference between the two curves. A Cox proportional hazards regression model was estimated independently for each variate known to potentially influence survival in patients with NSCLC (age, sex, and TNM stage) and for the FHIT/pHER2 status with the coxph function of the survival R package (15, 30, 32). The significant variates were included in a multivariate Cox proportional hazards regression model. Hazard Risks (HR) were calculated as the exponential of the model’s coefficients. The waterfall plots of the TIDE scores were plotted with ggplot function (25). P < 0.05 was considered significant.




3 Results


3.1 Transcriptomic signature of FHITlow/pHER2high tumors

To define the transcriptomic signature associated with the FHITlow/pHER2high phenotype, we selected 6 FHITlow/pHER2high cases and 6 other cases in a cohort of primary tumor cells from NSCLC patients whose FHIT and pHER2 status were assessed by western blotting (Supplementary Figure S1). Each group contained 4 adenocarcinomas (ADC) and 2 squamous cell carcinomas (SCC). FHITlow/pHER2high tumors were confirmed to be more sensitive to the TKI tucatinib (Supplementary Table S1). RNA samples corresponding to these cases were subjected to a RNA-sequencing analysis (Supplementary Figure S2). Nine hundred and eighty three genes were found significantly differentially expressed between FHITlow/pHER2high and other tumors (Figure 1A, Supplementary Table S2) and their expression allowed to separate the two groups of phenotype (Figure 1B). Among them, 620 genes were down-regulated and 363 genes up-regulated in FHITlow/pHER2high group. Thirty one down-regulated genes are known to be prognostic markers of lung cancer, 28 of which are of favorable prognosis, such as GDPD1, SLC46A3, CLIC6, LZTS3 or CCNO. Among the 363 up-regulated genes, 32 are prognostic markers in lung cancer, all of unfavorable prognosis, including LRP8, NUP62CL, FSCN1, PLCD3 or HMGA1 (Supplementary Table S2).




Figure 1 | 983 genes are significantly differentially expressed between FHITlow/pHER2high and other tumors. (A) Volcano plot of statistical significance against fold-change in log2 scale between FHITlow/pHER2high and other tumors highlighting the significantly downregulated genes in FHITlow/pHER2high tumors in blue and the significantly upregulated genes in red. The gray horizontal dashed line corresponds to a False Discovery Rate (FDR) of 0.05 and the two vertical gray dashed lines correspond to a fold change of 0.5 and 2. (B) Heatmap of differentially expressed mRNAs. Scaled rlog transformed values are plotted in FHITlow/pHER2high (green) against other (yellow) tumors. Each column represents a tumor, whereas each line represents a gene. Expression values by row (by gene) are centered so that the color reflects the amount by which each gene deviates in a specific sample from the gene’s average across all samples. The tumors are clustered in an unsupervised hierarchical way. The top of the graph shows the sample’s membership. (C, D) Gene Set Enrichment Analysis (GSEA) was performed on all cancer hallmarks referenced in Msig database. Bar plot of the cancer hallmarks enriched in FHITlow/pHER2high tumors (C). Normalized Enrichment Score (NES) was plotted on the abscissa and the False Discovery Rate (FDR) corresponding to each enrichment test was written inside the bar of the corresponding hallmark. FDR < 0.05 was considered statistically significant. Hallmarks are grouped and colored depending on the cancer process they belong to. Enrichment of hallmarks of MYC targets V1 and Epithelial to Mesenchymal Transition (EMT) in FHITlow/pHER2high tumors are shown (D).



Gene Set Enrichment Analysis (GSEA) revealed that cancer hallmarks related to cell proliferation (E2F targets, G2M checkpoint, MYC targets V1, Mitotic spindle, MTORC1 signaling, P53 pathway, spermatogenesis, MYC targets V2, estrogen response late, PI3K AKT MTOR signaling, androgen response), DNA repair, metabolism (reactive oxygen species pathway, glycolysis, cholesterol homeostasis, hypoxia), immune response (interferon-alpha response, interferon-gamma response, allograft rejection, complement) and metastasis (apical junction, epithelial-mesenchymal transition, apical surface, hedgehog signaling, TGF beta signaling) were significantly enriched in FHITlow/pHER2high subclass (Figures 1C, D; Supplementary Figure S3). Functional profiling showed that genes up-regulated in FHITlow/pHER2high tumors were mostly enriched in basic processes such as DNA replication and repair or cell division (Figures 2A, B). The signaling pathways they belong to were also related to cell proliferation (Supplementary Figure S4). On the other hand, genes down-regulated in FHITlow/pHER2high tumors were enriched in terms of transport, cell adhesion, response to diverse stimuli, and immune response essentially related to major histocompatibility complex (MHC) class II (Figures 2C, D).




Figure 2 | GO terms enriched in genes differentially expressed between FHITlow/pHER2high and other tumors. (A, C) Bubble charts of the top 20 enriched GO terms for genes up-regulated (A) and down-regulated (C) in FHITlow/pHER2high tumors versus others. Genes are annotated in GO terms with ViSEAGO R package using the Ensembl data base. The horizontal axis represents the frequency of differentially expressed genes in the ontology, i.e. the number of up- or down-regulated genes annotated to the specific ontology divided by the total number of genes in the ontology. The size of the bubble represents the number of genes up- or down-regulated annotated to the ontology and the color depends on the p-value of Fisher’s exact enrichment test. (B, D) Heatmap and clustering of the GO clusters for GO terms enriched in genes up- (B) or down-regulated (D) in FHITlow/pHER2high tumors versus others. Clustering was performed on the semantic similarity. The color of the heatmap depends on the number of GO terms in the cluster.





3.2 FHITlow/pHER2high tumors are of poor prognosis

Our RNA sequencing analysis suggested a link between FHITlow/pHER2high phenotype and a higher aggressiveness in NSCLC. Therefore, the FHITlow/pHER2high signature was challenged in LUAD and LUSC cohorts from TCGA (Firehose Legacy) to assess its prognostic and predictive capacity. Tumors were classified as either FHITlow/pHER2high or others. In both LUAD and LUSC cohorts, patients with FHITlow/pHER2high tumors were significantly younger than others (p=0.0198 and p=0.0004, respectively) (Figures 3A, B, Supplementary Table S3). Surprisingly, the FHITlow/pHER2high phenotype was more frequent in men in LUAD cohort and more frequent in women in LUSC cohort (p=0.0072 and p<0.0001, respectively) (Figures 3C, D, Supplementary Table S3). Interestingly, FHITlow/pHER2high tumors had significantly higher size (p<0.0001 and p<0.0001, respectively) (Figures 3E, F, Supplementary Table S3), N status (p<0.0001 and p=0.0070, respectively) (Figures 3G, H, Supplementary Table S3) and TNM stage (p<0.0001 and p<0.0001, respectively) (Figures 3I, J, Supplementary Table S3) than other tumors in both LUAD and LUSC cohorts.




Figure 3 | Clinical parameters associated with FHITlow/pHER2high signature in Firehose Legacy TCGA-LUAD and TCGA-LUSC cohorts. (A, B) Distribution of the age of FHITlow/pHER2high (in green) and other patients (in yellow) in LUAD (A) and LUSC (B) from a two-tailed Mann Whitney test. The median with 1rst and 3rd quartiles are shown in black. *p < 0.05; ***p < 0.001. (C-J) Distribution of the sex (C, D), tumor size (T part of the TNM score) (E, F), lymph node involvement (N part of the TNM score) (G, H), and TNM stage (I, J) of FHITlow/pHER2high (in green) and other patients (in yellow) in LUAD and LUSC, respectively (Fisher’s exact p-values).



In LUAD cohort, we also observed that patients with FHITlow/pHER2high tumors had significantly shorter disease-free survival (DFS) (p=0.0067) (Figure 4A) and overall survival (OS) (p<0.0001) (Figure 4B). Univariate analysis revealed that TNM stages II-III and the FHITlow/pHER2high phenotype were significantly associated with a worse DFS (HR=2.439 [1.527-3.896], p=0.00019, and HR=1.922 [1.2-3.079], p=0.00654, respectively) (Figure 4C, left) and OS (HR=3.036 [1.95-4.728], p<0.0001, and HR=2.474 [1.574-3.887], p<0.0001, respectively) (Figure 4D, left). Taking into account both TNM stage and FHIT/pHER2 status effects in a multivariate Cox model, TNM stages II-III were an independent factor for a higher risk of worse DFS (HR=2.0883 [1.26-3.461], p=0.00428) (Figure 4C, right) and OS (HR=2.4779 [1.55596-3.0371], p=0.000122) (Figure 4D, right), whereas the FHITlow/pHER2high phenotype was able to independently predict worse OS (HR=2.007 [1.244-3.239], p=0.004297) but not DFS (Figures 4C, D, right). Neither clinical parameters, nor the FHIT/pHER2 status, were found to be associated with DFS and OS in LUSC cohort (data not shown).




Figure 4 | The FHITlow/pHER2high signature predicts a poor outcome in Firehose Legacy TCGA-LUAD cohort. (A, B) Kaplan-Meier survival curves for disease-free survival (A) and overall survival (B) by FHIT/pHER2 status. FHITlow/pHER2high patients are in green and others in yellow. Each cross is a censored event. Confidence intervals for the curves are colored. Numbers at risk are shown by FHIT/pHER2 status every 12 months for 5 years. Log-rank test p-value for the difference between the curves is written. (C, D) Significant variates for disease-free (DFS) (C) and overall (OS) (D) survival. Female, stages II-III and FHITlow/pHER2high were compared to their respective reference Male, stage I, and Others. Hazard risk (HR) and it’s 95% confidence interval (CI) are plotted for all tested variates (Wald statistic p-value). The red vertical dashed line corresponds to HR of 1. **p < 0.01; ***p < 0.001.





3.3 FHITlow/pHER2high tumors are refractory to ICI

Since our data suggested an immune escape of FHITlow/pHER2high tumors, we also tested the responsiveness of FHITlow/pHER2high tumors to immunotherapy in the same LUAD and LUSC TCGA-cohorts. We took advantage of the TIDE (Tumor Immune Dysfunction and Exclusion) computational method. This method that models both induction of T cell dysfunction and prevention of T cell infiltration in tumors was previously demonstrated to predict response to ICI more accurately than other biomarkers (PD-L1 and tumor burden) (28). FHITlow/pHER2high tumors were predicted to be less responsive to ICI (Figures 5A, B). The FHITlow/pHER2high tumors had significantly higher TIDE scores than others in LUAD cohort (p<0.0001) (Figure 5C) and LUSC cohort (p=0.0462) (Figure 5D). Only 19.6% and 13.0% of FHITlow/pHER2high tumors were considered as responder versus respectively 35.8% and 24.2% of other tumors (p=0.0065 and p=0.0329) in LUAD (Figure 5E) and LUSC (Figure 5F) cohorts.




Figure 5 | The FHITlow/pHER2high signature predicts a poor response to immune checkpoint inhibitors in Firehose Legacy TCGA-LUAD and TCGA-LUSC cohorts. (A, B) Waterfall plots of TIDE (Tumor Immune Dysfunction and Exclusion) prediction score across all LUAD (A) and LUSC (B) tumors. Tumors were separated according to their FHIT/pHER2 status. Blue indicates a tumor that is predicted to respond to therapy. Red indicates a non-responder. In each category, tumors were sorted in descending order according to their TIDE prediction score. (C, D) Comparison of TIDE prediction scores by Mann-Whitney test between FHITlow/pHER2high tumors and others in LUAD (C) and LUSC (D) cohorts. *p < 0.05; ***p < 0.001. (E, F) Contingency table and Fisher’s exact p-value to estimate the significance of the association between FHIT/pHER2 status and response to immunotherapies in LUAD (E) and LUSC (F) cohorts.






4 Discussion

The analysis of the transcriptomic signature of FHITlow/pHER2high NSCLC tumor cells highlighted a distinct NSCLC molecular subclass with potential clinical relevance. First, FHITlow/pHER2high NSCLC exhibited higher proliferation and high invasion/metastasis features. This is in agreement with our previous findings showing that growth and invasion induced by FHIT loss are HER2-dependent in lung tumor cells (7). This is also in agreement with their individual role already described in these processes. The tumor suppressor FHIT is well known to control cell proliferation and apoptosis (8, 33). In addition, FHIT impedes tumor invasion and metastasis through its ability to suppress epithelial-mesenchymal transition (EMT) in lung cancer cells (34–36). HER2, as a growth factor orchestrating MAPK/ERK and PI3K/AKT signaling pathways, is a driving factor in the development and progression of lung cancer (5). This profile was also associated with the deregulation of metabolic processes such as glycolysis and ROS production. Metabolic reprogramming is an important mechanism employed by cancer cells to sustain tumor initiation, progression, and metastasis (37). Interestingly, it was shown that FHIT could be located in mitochondria and modulate ROS generation (38). Altogether, these data suggest a particularly aggressive profile for FHITlow/pHER2high tumors. This was confirmed by testing our signature in TCGA LUAD and LUSC cohorts. We observed that the FHITlow/pHER2high signature was associated with the higher size of tumors, lymph node involvement, and advanced TNM stage in LUSC and LUAD cohorts, with shorter DFS and OS in LUAD. Thus, the FHITlow/pHER2high signature could be a relevant biological prognostic surrogate, helping to determine patients eligible for adjuvant therapies in early stages or worse prognosis in later stages.

After observing a specific worse prognosis for this molecular subclass, we investigated how this condition could impact ICI sensitivity. Using TIDE prediction model, we found that FHITlow/pHER2high tumors were primarily poor responders to ICI. This is in line with our functional analysis data showing deregulation of immune response especially a down-regulation of MHC class II in this type of tumor. Indeed, tumor-specific (ts) MHC-II is associated with a better prognosis and a better response to ICI (39). Interestingly, it was previously demonstrated that MHC class I expression is positively regulated by FHIT on mouse tumor cells but no link between FHIT and MHC class II has been yet established (40, 41). Moreover, EMT, a hallmark of FHITlow/pHER2high tumors, is involved in immunotherapy resistance (42). Furthermore, our results suggest that phenotypic plasticity could lead to the same consequences as genetic alterations since the results of retrospective studies did not argue in favor of the use of ICI as a therapeutic strategy in NSCLC patients carrying HER2 mutations (5). ICI poor sensitivity for FHITlow/pHER2high tumors seems comparable to disappointing immune response in NSCLC with oncogenic driver alterations (43, 44).

In addition, it is noteworthy that several different prognostic or predictive signatures have already been published for NSCLC. This new signature, common to adenocarcinomas and squamous cell carcinomas, has the advantage to predict both response to ICI and response to anti-HER2 targeted therapy of NSCLC.

A limitation of this study is the test of the signature on TCGA cohorts without clinical data on ICI activity. It would be interesting to evaluate FHIT/pHER2 status in clinical cohorts treated with ICI or anti-HER2 targeted therapy. NSCLC were non-metastatic cases and the extrapolation of our data to metastatic NSCLC remains to be demonstrated. Of notes, the management of early-stage resected NSCLC currently benefits from substantive progress, with growing interest for TKI and ICI in a peri-operative context (45, 46).

In conclusion, we showed that the transcriptomic signature associated with the FHITlow/pHER2high molecular subclass was a new relevant condition associated with poor prognosis and low sensitivity to immunotherapy. These data suggest the need for further exploration of the FHITlow/pHER2high status in NSCLC, both in the late and early stages to better select patients eligible for ICI. They also reinforce the concept that targeting HER2 could be of therapeutic value for NSCLC patients with this subtype of tumors. The relevance of this new subclass should be investigated in prospective clinical trials.
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Objectives

To provide an updated systematic review and meta-analysis of published randomized controlled trials (RCTs) of the efficacy and safety of programmed cell death 1 (PD-1)/programmed cell death ligand 1 (PD-L1) inhibitors combined with chemotherapy versus chemotherapy alone in the treatment of extensive-stage small-cell lung cancer (ES-SCLC).



Methods

PubMed, Web of Science, Embase, Clinicaltrials and the Cochrane Library were systematically searched to extract RCTs concerning the efficacy and safety of PD-1/PD-L1 inhibitors combined with chemotherapy versus chemotherapy alone in the treatment of ES-SCLC from the time of database inception to October 31, 2022. The literature was independently selected, information was extracted and the risk of bias of the RCTs was evaluated according to the inclusion and exclusion criteria. Stata14.0 was used for the meta-analysis.



Results

Six studies involving 2,600 patients were included in the analysis. The results of the meta-analysis showed that the combination of PD-1/PD-L1 inhibitors significantly improved the OS (HR: 0.73, 95% CI: 0.66-0.80; P<0.0001), prolonged PFS (HR: 0.66,95% CI: 0.55-0.79; P<0.0001) and did not increase overall incidence of treatment-related adverse events (TRAEs) (RR: 1.03, 95% CI: 0.97-1.09; P=0.330) in ES-SCLC patients compared with chemotherapy alone. The subgroup analysis found that patients with negative PD-L1 expression (< 1%) benefited in OS, whereas patients with positive PD-L1 expression (≥1%) had no statistically significant difference in OS. There was a statistically significant difference in PFS between PD-L1-negative (< 1%) and PD-L1-positive (≥1%) patients. The addition of a PD-1 inhibitor or PD-L1 inhibitor to the chemotherapy regimen can improve OS and prolong PFS in patients with ES-SCLC.



Conclusions

PD-1/PD-L1 inhibitors combination chemotherapy significantly improves PFS and OS in ES-SCLC patients without increasing the overall incidence of TRAEs.





Keywords: PD-L1 inhibitors, PD-1 inhibitors, extensive-stage small-cell lung cancer, chemotherapy, meta-analysis



1 Introduction

Small cell lung cancer (SCLC) is a type of tumour that exhibits fast growth, early metastasis and poor prognosis, and it accounts for approximately 15% of lung cancers (1, 2). Approximately 70% of SCLC patients are already in the extensive stage at the time of initial diagnosis (3). Chemotherapy is still the main treatment for extensive-stage small-cell lung cancer (ES-SCLC). Etoposide combined with platinum is the standard first-line chemotherapy regimen for ES-SCLC (4). However, the 5-year survival rate is less than 2% (5). Therefore, it is particularly important to identify new treatments to improve the survival rate of patients with ES-SCLC.

The advent of immunotherapy has resulted in new treatment options for improving the survival rate of ES-SCLC patients (6). Immune checkpoint inhibitors (ICIs) have achieved considerable breakthroughs in the treatment of many cancers (7–10). ICIs can block the negative costimulatory signalling pathway of T cells, thereby improving the body’s antitumour immune response and promoting the clearance of T cells to tumour cells (11, 12). At present, ICIs that are mainly used in clinical practice include cytotoxic T-lymphocyte associated protein 4 (CTLA-4) inhibitors, programmed cell death 1 (PD-1) inhibitors and programmed cell death ligand 1 (PD-L1) inhibitors (13). ICIs targeting CTLA-4 and PD-1/PD-L1 can block the immune checkpoint pathway to restore the body’s antitumour immune response and exert antitumour effects.

Among immunotherapy studies in ES-SCLC, clinical studies represented by Impower 133 and CASPIAN have achieved significant breakthroughs in the field of first-line treatments of ES-SCLC, with patients achieving unprecedented improvements in survival (14, 15). In 2022, the latest results of the ASTRUM-005 study showed that domestic PD-1 inhibitors combined with chemotherapy had a significant survival benefit in the first-line treatment of ES-SCLC (16). Moreover, PD-1/PD-L1 inhibitors combined with chemotherapy have become the new standard first-line treatment for ES-SCLC (3).

In recent years, several meta-analyses have evaluated the efficacy and safety of PD-1/PD-L1 inhibitors in combination with chemotherapy compared with chemotherapy alone for ES-SCLC (17–19). However, all of the randomized controlled trials (RCTs) that were included in these meta-analyses were conducted before 2020. IMpower133 and CASPIAN updated the data from the trials in 2021 and 2022, respectively (14, 15). In addition, two more important trials were published in 2022 (ASTRUM-005 and CAPSTONE-1) (16, 20). Therefore, there is a strong need for an updated meta-analysis of RCTs of PD-1/PD-L1 inhibitor combination chemotherapy versus chemotherapy alone for ES-SCLC to provide evidence for supporting the development of clinical practice guidelines.



2 Methods


2.1 Inclusion and exclusion criteria


2.1.1 Type of study

RCTs of PD-1/PD-L1 inhibitors combined with chemotherapy versus chemotherapy alone in the treatment of ES-SCLC were included in this study.



2.1.2 Participants

Patients with SCLC confirmed by histopathology and/or cytology were included in this study.



2.1.3 Interventions

The experimental group received PD-1/PD-L1 inhibitors combined with chemotherapy. The control group received chemotherapy alone.



2.1.4 Outcomes

	1. Overall survival (OS).

	2. Progression-free survival (PFS).

	3. Overall incidence of treatment-related adverse events (TRAEs).






2.2 Exclusion criteria

	1. Duplicate publications from the literature.

	2. Data that could not be extracted from the literature.

	3. Non-RCTs.





2.3 Search strategy

PubMed, Web of Science, Embase, ClinicalTrials.gov and the Cochrane Library were systematically searched to extract RCTs of the efficacy and safety of PD-1/PD-L1 inhibitors combined with chemotherapy versus chemotherapy alone in the treatment of ES-SCLC from the time of database inception to October 31, 2022.



2.4 Data extraction

Two evaluators read the title, abstract or full text to identify the literature that met the inclusion criteria, and they also cross-checked the results of the included trials. In cases of disagreement, the third evaluator decided whether to include the study or not. Information was extracted by using a predeveloped homemade literature characteristics table. The extracted information included the name of the trial, year of publication, authors, trial conduct time duration, sample size, age, sex, dosing regimen, follow-up time and outcome indicators.



2.5 Quality assessment

The inclusion of RCTs was performed in strict accordance with the “Risk of bias Assessment method” recommended by the Cochrane Handbook (21). The evaluation included random assignment scheme generation, concealed grouping, blinding of performers and participants, blinding of outcome evaluators, incomplete outcome data, selected outcome reporting and other biases. “Low risk”, “unclear” and “high risk” were each evaluated separately.



2.6 Data analysis

A meta-analysis was performed by using Stata 14.0. Dichotomous variables were expressed as relative risks (RRs), and 95% confidence intervals (CIs) were calculated. Hazard ratios (HRs) and 95% CIs were collected to estimate the pooled estimates for survival outcomes (OS and PFS). The χ2 test was used to analyse the heterogeneity among the included RCTs. If P≥0.1 and I2<50%, a fixed-effects model was used; otherwise, if P<0.1 and I2≥50%, a random-effects model was used. A subgroup analysis was performed to determine the prediction of the immune response according to the expression of PD-L1 (< 1% PD-L1 vs. ≥1% PD-L1) and types of ICIs (PD-1 inhibitor plus chemotherapy vs. PD-L1 inhibitor plus chemotherapy). A sensitivity analysis was performed on OS to test the stability of the meta-analysis results. If no less than 10 papers were included, a publication bias analysis was performed by using funnel plots (22).




3 Results


3.1 Literature screening results

A total of 1,964 articles were detected according to the search strategy. After eliminating the duplicate references via EndNote, 1,266 papers remained for the analysis. Subsequently, we read the title and abstract according to the PICO principle and excluded 1,244 articles. After reading the full text, 6 articles (14–16, 20, 23, 24) were finally included in the analysis. The literature retrieval process is shown in Figure 1.




Figure 1 | Flow chart of trial selection process.





3.2 Characteristics of the included literature

A total of 6 high-quality RCTs (14–16, 20, 23, 24) were included. ASTRUM-005 and CAPSTONE-1 are newly published studies in 2022. Two studies included updated data for IMpower133 and CASPIAN. The immunosuppressants that were involved were serplulimab, adebrelimab, durvalumab, atezolizumab, nivolumab and pembrolizumab. The characteristics of the included RCTs are summarized in Table 1.


Table 1 | Characteristics of the included trials.





3.3 Risk of bias

Two studies exhibited high risks of bias for the allocation of concealed entries. Blinding entries for investigators and patients were unclear in 2 studies. Additionally, one study showed unclear entries for blinding of outcome measures and other sources of bias. The remaining 4 studies exhibited low risks of bias for each entry evaluation. The risk of bias assessment is shown in Figure 2.




Figure 2 | Risk of bias summary.





3.4 Overall survival

Six RCTs were included without heterogeneity (I2 =0%, P= 0.824). The pooled results showed that PD-1/PD-L1 inhibitor combination chemotherapy significantly improved OS (HR: 0.73, 95% CI: 0.66-0.80; P<0.0001) (Figure 3) in ES-SCLC patients compared to chemotherapy alone.




Figure 3 | Forest plot of meta-analysis for overall survival.





3.5 Progression-free survival

Five RCTs were included, and they exhibited heterogeneity (I2 =66.1%, P=0.019). The pooled results showed that PD-1/PD-L1 inhibitor combination chemotherapy significantly improved PFS (HR: 0.66, 95% CI: 0.55-0.79; P<0.0001) (Figure 4) in ES-SCLC patients compared to chemotherapy alone.




Figure 4 | Forest plot of meta-analysis for progression free survival.





3.6 Overall incidence of treatment-related adverse events

Five RCTs were included, and they exhibited heterogeneity (I2 =87.7%, P<0.0001). The pooled results showed that there was no difference in the overall incidence of TRAEs between chemotherapy alone and PD-1/PD-L1 inhibitor plus chemotherapy (RR: 1.03, 95% CI: 0.97-1.09; P= 0.330) (Figure 5).




Figure 5 | Forest plot of meta-analysis for overall incidence of treatment-related adverse events.





3.7 Subgroup analysis

Patients with negative PD-L1 expression (< 1%) benefited from OS, whereas patients with positive PD-L1 expression (≥1%) had no significant difference in OS (Figure 6). There was a significant difference in PFS between the PD-L1-negative (< 1%) and PD-L1-positive (≥1%) groups (Figure 6). The addition of a PD-1 inhibitor or PD-L1 inhibitor to the chemotherapy regimen improved OS and prolonged PFS in patients with ES-SCLC (Figure 6).




Figure 6 | Forest plot of subgroup analysis.





3.6 Sensitivity analysis

We performed a sensitivity analysis on OS. The included studies were excluded one by one, and the results did not significantly change, thus suggesting a low sensitivity and more robust and reliable results.



3.7 Publication bias

As fewer than 10 studies were included, publication bias detection could not be performed.




4 Discussion

ES-SCLC is a common clinical subtype of lung cancer that has a poor prognosis, short survival period and high disease burden due to limited treatment options and easy drug tolerance (25–27). In the last 30 years, there has been no significant breakthrough in the treatment of ES-SCLC, and the overall prognosis has not significantly improved. With the advent of the era of immunotherapy, ICIs have made significant progress in the treatment of ES-SCLC (12, 28). The emergence of ICIs has provided new treatment options for ES-SCLC patients (29). Additionally, the U.S. Food and Drug Administration has approved carboplatin and etoposide combined with the PD-L1 inhibitor atezolizumab as a first-line therapy, as well as the single-agent PD-1 inhibitors nivolumab and pembrolizumab as a third-line therapy (3, 30). In 2018, the IMpower133 study evaluated the efficacy of atezolizumab plus chemotherapy (31). The results showed that the median OS was improved and that the median PFS was prolonged in the chemotherapy plus atezolizumab group. Subsequent studies with updated data still suggested a benefit of PD-L1 inhibitors combined with chemotherapy in the first-line treatment of ES-SCLC. The KEYNOTE604 study evaluated the efficacy of pembrolizumab plus chemotherapy and found that the pembrolizumab plus chemotherapy group had improved median OS and significantly prolonged median PFS compared with the control group (24). The latest results from the ASTRUM-005 study showed that the PD-1 inhibitor serplulimab combined with chemotherapy has a significant survival benefit and a good safety profile in the first-line treatment of ES-SCLC (16). The results of the abovementioned series confirm that combining PD-1 inhibitors or PD-L1 inhibitors with chemotherapy is a more successful treatment strategy for patients with ES-SCLC. Several previous meta-analyses have also supported the significant survival benefit of PD-1/PD-L1 inhibitors in combination with chemotherapy for ES-SCLC (17–19). The present study included six internationally renowned clinical trials in an updated meta-analysis based on previous work. The results of the meta-analysis showed that PD-1/PD-L1 inhibitors combined with chemotherapy significantly improved OS and PFS in ES-SCLC patients. In terms of the overall incidence of TRAEs, there was no significant difference between PD-1/PD-L1 inhibitor combination chemotherapy and chemotherapy alone.

The selection of predictive markers for assessing the efficacy of immunotherapy in ES-SCLC is of clinical significance. PD-L1 is a tumour cell surface molecule, and its use as a biomarker for immunotherapy has been widely used in various cancer types (32, 33). Therefore, it is hypothesized that SCLC patients with high PD-L1 expression may benefit from ICI treatment. With the development of immunotherapy studies in SCLC, the feasibility of PD-L1 as a marker of SCLC efficacy has also received considerable attention. The proportion of PD-L1-positive tumour cells in SCLC is low and accounts for approximately 18-32% (34, 35). This result suggests that most ES-SCLC patients do not benefit from immunotherapy. The characteristics of long-term SCLC survivors that were reported in the IMpower133 study found no significant correlation between PD-L1 expression levels and long-term survival benefits from immunotherapy (15). The KEYNOTE-604 study and the CASPIAN study obtained similar conclusions (14, 24). Therefore, the results of existing clinical trials do not yet support PD-L1 expression as a biomarker of immune efficacy in SCLC. However, we found that patients with negative PD-L1 expression benefited from OS according to a subgroup analysis. This finding indicates that PD-L1 expression is correlated with the OS of ES-SCLC, and patients who are negative for PD-L1 can benefit from immunotherapy. However, this is in stark contrast to the current widely held viewpoint that patients with tumours with high PD-L1 expression who receive ICIs can benefit from OS (33, 36). First, the different criteria for positive PD-L1 expression in the subgroup analyses may have contributed to this result. Second, unlike non-small cell lung cancer, PD-L1 is mainly expressed in tumour-infiltrating immune cells rather than tumour cells in SCLC (17). Third, there are four genetic subtypes of SCLC, among which SCLC-I has a good response to immunotherapy (37). Therefore, different SCLC types also influence prognoses. These clinical studies require a more detailed classification of SCLC. Fourth, it may be related to tumour immune escape mediated by exosomal PD-L1 (38). In addition to their own high expression of PD-L1 to suppress immune system-mediated immune evasion, tumour cells can also release PD-L1-carrying exosomes that are equally capable of remotely interfering with immune cell activity (39, 40). These reasons can explain why ES-SCLC patients with negative PD-L1 expression can benefit from OS. However, this conclusion requires prospective studies to evaluate the predictive value of PD-L1 expression in ES-SCLC immunotherapy. Circulating tumour cells (CTCs) are a “liquid biopsy specimen” that can replace the primary tumour (41). The expression of PD-L1 in CTCs can be used to evaluate the efficacy of PD-1/PD-L1 mAbs in non-small cell lung cancer patients (42, 43). The use of CTCs to evaluate the expression of PD-L1 in SCLC may overcome the heterogeneity of PD-L1 expression.

According to the current clinical trials, both PD-1 inhibitors combined with chemotherapy and PD-L1 inhibitors combined with chemotherapy can benefit the survival rate of patients with ES-SCLC. The idea of whether PD-1 inhibitors differ from PD-L1 inhibitors in clinical outcomes is controversial. Yu et al. (17) conducted a meta-analysis of the efficacy and safety of PD-L1 inhibitors versus PD-1 inhibitors in first-line chemotherapy for ES-SCLC. The results showed that PD-L1 inhibitors combined with chemotherapy and PD-1 inhibitors combined with chemotherapy significantly prolonged the survival times of patients with ES-SCLC compared with chemotherapy alone. An indirect comparison showed no significant difference in clinical efficacy between PD-L1 inhibitors combined with chemotherapy and PD-1 inhibitors combined with chemotherapy. The subgroup analysis found that both PD-L1 inhibitors and PD-1 inhibitors improved the survival times of ES-SCLC patients. The 2022 NCCN Oncology Clinical Practice Guideline recommends combination chemotherapy with atezolizumab and duvalizumab as the first-line treatment for ES-SCLC. In the 2022 CSCO guidelines for the diagnosis and treatment of SCLC, both atezolizumab and duvalizumab are recommended as grade I preferred first-line treatments for patients with ES-SCLC. The results of this meta-analysis support the evidence-based results that SCLC guidelines recommend PD-L1 inhibitors as the first-line therapy for ES-SCLC. The phase III KEYNOTE-604 study showed that first-line pembrolizumab plus chemotherapy reduced the risk of disease progression in SCLC (4.5 months vs. 4.3 months), but there was no significant difference in OS (24). Therefore, in 2021, Merck Sharp & Dohme (MSD) voluntarily withdrew the indication for pembrolizumab for ES-SCLC. In addition, the EA5161 clinical study showed that PD-1 inhibitors combined with chemotherapy failed to improve OS in ES-SCLC (23). However, the latest edition of the CSCO guidelines in 2022 added a level III recommendation for the first-line treatment of ES-SCLC with serulizumab combined with chemotherapy. In the phase III study of ASTRUM-005, the median overall survival was 15.38 months in the silulimab group and 11.10 months in the placebo group (16). In addition, the 24-month overall survival rates were 43.1% and 7.9%, respectively. ASTRUM-005 resolved the limitation that immunotherapy in the previous IMpower133 and CASPIAN studies only resulted in a survival benefit of approximately 2 months in ES-SCLC. The success of the ASTRUM-005 study is the first breakthrough to achieve a significant improvement in OS outcome in ES-SCLC with a PD-1 inhibitor being used as a first-line therapy, thus providing a new option for the first-line treatment of ES-SCLC. This meta-analysis, which combined the results of a subgroup analysis of three clinical trials, showed that PD-1 inhibitors combined with chemotherapy could benefit the survival of patients with ES-SCLC. Subsequently, serplulimab is expected to move to a Tier I recommendation, thus replacing the use of PD-L1 inhibitors. According to relevant literature reports, PD-1 inhibitors may have better efficacy than PD-L1 inhibitors, and the overall incidence of adverse events is similar (44, 45). However, PD-1 inhibitors have a higher incidence of pneumonia (46, 47). Therefore, clinical application of these inhibitors should be based on the clinical study data and approved indications of different drugs for treatment selection.

Our study had some limitations. First, a publication bias analysis could not be performed due to the limited number of enrolments. Therefore, publication bias may have existed in this meta-analysis. Second, significant heterogeneity was observed in the analysis of the total incidence of PFS and TRAEs in this study, and different types, doses and administration frequencies of immunosuppressive agents and chemoradiotherapy may be sources of heterogeneity.

In conclusion, based on the current meta-analysis, PD-1/PD-L1 inhibitors combined with chemotherapy significantly improved PFS and OS in patients with ES-SCLC without increasing the overall incidence of TRAEs. Therefore, PD-1/PD-L1 inhibitors combined with chemotherapy can be used as the first-line treatment for patients with ES-SCLC.
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Background

The F-box and WD repeat domain containing (FBXW) family of SCF E3 complexes has 10 members that are responsible for ubiquitination and degradation of substrate proteins involved in cell cycle regulation and tumorigenesis. Among them, FBXW1 (also called b-TrCP1/BTRC) and FBXW7 are the central proteins in this category. However, there is still a lack of elaborate exploration of the contribution of FBXW family members, especially FBXW1 and FBXW7, in various tumor types.



Methods

In this present study, we preliminarily analyzed the genetic structure characteristics of the FBXW family, and systematically investigated their expression patterns and clinical correlations based on the TCGA pan-cancer data. Survival analysis of FBXWs was also conducted through the Kaplan-Meier method. In addition, we assessed their immune infiltration level through immune-related algorithms like Timer and xCell.



Results

There were obvious genetic heterogeneity and different clinical traits in FBXW family members. Moreover, we found that FBXW family genes may be useful in predicting prognosis and therapeutic efficacy using survival analysis. In addition, the immune infiltration of FBXW family was also clearly illustrated in this study. The results showed these genes were closely involved in immune components such as immune score, immune subtypes, tumor-infiltrating lymphocytes and immune checkpoints. Notedly, FBXW1 as an oncogene and FBXW7 as a tumor suppressor gene also show opposite relationships on immune cells.



Conclusion

Our results provided valuable strategies to guide the therapeutic orientation concerning the role of FBXW family genes in cancer.





Keywords: FBXW family, pan-cancer, prognosis, immune infiltration, therapeutic target



Introduction

Cancer is a crucial cause of death and a great barrier to improving life expectancy and quality (1, 2). Based on the predictions of Global Cancer Statistics 2020, there are almost 19.3 million new cancer illness and 10.0 million carcinoma-related deaths (3). In addition, the incidence and mortality of cancer are growing dramatically. Ubiquitin Proteasome System (UPS), which can promote protein binding to ubiquitin (Ub) and transfer to proteasome for proteolysis, has been involved in the progression and development of cancers as the UPS controls the degradation of numerous tumor suppressors and oncogenes (4, 5).UPS with highly conserved protein degradation mechanisms plays critical roles in various physiological processes, including signal transduction, cell cycle, DNA replication, transcriptional regulation, as well as cell death and immune response (6). Dysregulation of this system has been implicated in several human malignant transformation (7). The process of degradation is carried out in three strides by multiple components which includes Ub activating E1 enzyme, Ub conjugating E2 enzyme, and Ub E3 ligase (4, 8).

Multitude of E3 ligases have been broadly involved in the cancer-related processes, due to the characteristic of their specific substrate recognition (9). A representative example of E3 enzyme is a conserved ubiquitin ligase complex known as SCF E3 ligases which is composed of three invariable elements- SKP1, Cullin, RBX1 and a variable component -FBP (10). The 69 FBPs family members can be classified as three subclasses as follows: FBXW, FBXL, and FBXO. The FBXWs containing WD40 repeats play a pivotal role in targeting proteins associated with cell cycle regulation and tumorigenesis (11). The FBXW family has ten members: FBXW1(also known as β-TrCP1), FBXW2, FBXW4, FBXW5, FBXW7, FBXW8, FBXW9, FBXW10, FBXW11(also known as β-TrCP2), and FBXW12, in which β-TrCP and FBXW7 are central proteins (4, 12). FBXW1 and FBXW11 are two β-TrCP homologs with similar biological effects which mainly function as adaptors to recognize specific substrates such as β-catenin, CDC25A, IκB and DEPTOR (12, 13). β-TrCPs have been demonstrated to role as oncogene or tumor suppressor depending on the diversity of substrates. Susanne et al. discovered that overexpression of FBXW1 was vital mediator of constitutive NF-κB activation leading to chemoresistance in pancreatic cancer cells (14). In particular, FBXW1 targets Snail and EZH2 ubiquitination which are involved in epithelial-to-mesenchymal transition in cancers (15). FBXW7 roles as a tumor suppressor on account of promoting the degradation of various oncogenes including Cyclin E, c-Jun, Notch, mTOR, c-Myc, etc. (16). Zhan et al. studied that FBXW7 as a tumor suppressor negatively regulates ENO1-induced cell proliferation and migration in colorectal cancer cells (17). In addition, the high frequency mutation of FBXW7 was found in multiple cancers. For example, the rate of mutation is approximately 35% in cholangiocarcinomas and 30% in T-cell acute lymphocytic leukemia (18, 19). Additionally, FBXW1 and FBXW7 co-coordinate the apoptotic process of cells by ubiquitinating MCL1 (20). However, the full picture of FBXW family in pan-cancer, especially these central proteins, has yet to be explained.

In this study, we primarily investigated the structural of FBXW members and comprehensively analyzed the expression levels and prognostic value of FBXWs in pan-cancer via the Cancer Genome Atlas (TCGA) database. Furthermore, the relationship between FBXWs expression and tumor microenvironment (TME) were evaluated by TIMER database. Besides, we also explored the correlation between FBXWs expression levels and immune subtype, drug sensitivity in multiple cancers. FBXW1/7 as central proteins, their relationship with immune infiltration was also conducted in this research. Together, our study revealed the detailed expression patterns and overall picture of the immune infiltration of FBXW gene family in pan-cancer, which provide further insights for FBXWs as potential therapy targets in Pan-cancer.



Materials and methods


Analysis of the main characteristics of FBXW family members in Homo sapien

The phylogenetic tree of the FBXWs was constructed in this study using MEGA 7.0.26 with the neighbour-joining (NJ) method and 1000 bootstrap replications (21). Then, it was visualized by the online tool TBtools (22). GFF3 files (General Feature Format Version 3) were downloaded in the ensemble database for the structural analysis of FBXWs. The characteristic motifs of FBXWs were conducted by MEME (http://meme-suite.org/tools/meme) software. Furthermore, TBtools was also used for analyzing the gene structure of all FBXWs and SWISS-MODEL Interactive Workshop was employed for the prediction of the tertiary structure of FBXW proteins (23, 24).



TCGA pan-cancer atlas data profile

We used the UCSC Xena (https://xenabrowser.net/) to analyse the TCGA pan-cancer data of FBXW family members, including gene expression, clinicopathological data, molecular subtype, survival data and stemness score (25). The perl software was used to integrate the FBXW family expression and the Wilcox test was also taken to assess the difference between normal and tumor tissues. “*”, “**”, “***”, indicate P-value <0.05, <0.01, <0.001, respectively. “Ggpubr” and “pheatmap” packages were used for illustrating the expression pattern of FBXWs with a form of box plot and heatmap. Correlation analysis among FBXW family genes was performed by R-package “corrplot”. Furthermore, “ggplot2” package was use for the examination the relationship between the clinical stages and grades and FBXW family, and the GSCA database was performed to analysis the correlation between FBXW family expression and the subtypes of various tumors.



Survival and cox analysis of expression of FBXW family

The Kaplan-Meier method and the log-rank test were employed to evaluate the survival situation of FBXW members in various tumors. “survival” and “survminer” R package were used for evaluation the prognosis role of these genes. Besides, we also conducted a COX analysis to establish the association between FBXWs expression and prognosis of pan-cancer. Finally, the forest plot was drawn using “survival” and “forestplot” packages.



Genetic alteration analysis

cBioPortal platform integrates data from comprehensive tumor genome studies, including TCGA and ICGC large tumor projects, with data from more than 28,000 samples (26). In this study, we used the cBioPortal database to explore the mutation frequency and form of FBXW family members.



Tumor microenvironment analysis

“Estimate” and “limma” R packages were applied to investigate the immune score, estimate score, and stromal score of different tumor cases based on TCGA expression data. Spearman test was applied to demonstrate the relationship between FBXW family genes and these scores. Furthermore, an association analysis between FBXWs expression and RNA stemness score (RNAss), DNA stemness score (DNAss) was established using the Spearman’s method and “limma” package.



Immune infiltration cells and immune checkpoints correlation analysis

Immuneeconv, which is able to integrate the two latest algorithms, TIMER and xCell for reliable immune score evaluation, was used in this study for evaluating the immune infiltration level of FBXWs in Pan-cancer. A spearman correlation analysis of the immune score or immune infiltration cells and FBXW family genes expression in various tumors was also conducted in this research. Furthermore, the associations of FBXW family genes with representative immune checkpoints selected were also generated using spearman correlation test. ∗P< 0.05, ∗∗P< 0.01, and ∗∗∗P< 0.001.



Immune subtype and drug sensitivity correlation analysis of FBXW family genes

The “limma” “ggplot2” and “reshape2” R package were employed for the conduction of the immune subtype analysis of FBXW family genes. Additionally, CellMiner™ (https://discover.nci.nih.gov/cellminer/home.do) database was applied for the drug sensitivity analysis of FBXWs, and “impute”, “limma”, “ggplot2”, and “ggpubr” R packages were used for the data process and visualization.



Cell culture

All cells used in the study were purchased from the American Type Tissue Collection (ATCC) and cultured according to the manufacturer’s instructions (27). Cell mediums were commercially obtained from Solarbio Science & Technology Co., Ltd (Beijing, China).



qRT-PCR analysis

Total RNA extraction and cDNA reverse transcription were elaborated in previous studies (28). The above steps were taken by the SPARKscript IISYBR Green qRT-PCR Kit (Shandong Sparkjade Biotechnology Co., Ltd.) instructions. Syber Green (Yeasen Biotechnology Co., Ltd.) was used for the qRT-PCR process with a 10ul reaction system.

FBXW1 forward, 5′- TCTCGAAGGCCGCTTACT -3′,

FBXW1 reverse, 5′- ATACCTGGATGCCAAATCA-3′;

FBXW7 forward, 5′- ACAACGCACAGTGGAAGTA -3′,

FBXW7 reverse, 5′-AGTGGGACATACAGGTGGA-3′

The 2−ΔΔCt method was applied to calculate the relative expression levels of targeted genes. Dunnett’s t test was employed for the comparison between the experimental group and the normal group in this study. Each experiment was conducted in triplicate.




Results


Gene structure and motif composition of FBXWs in Homo sapiens

The F-box and WD repeat domain containing (FBXW) family, a key component of SCF-type (Skp1-Cullin1-F-box) ubiquitin ligase, specifically recognize the substrates and perform ubiquitination degradation, thereby affecting cell growth, differentiation, apoptosis and tumorigenesis (29, 30). In this study, we firstly investigated characteristics of 10 members of the FBXW family in Homo sapiens using uniport and GeneCards database, and the results showed that most of them located in cell cytoplasm and cytosol. Besides, the acquired Go term by the “pathway” module of GeneCards tool illustrated FBXW family members are involved in different biological response processes. For example, FBXW1 and FBXW4 were related to Protein polyubiquitination and Wnt signaling pathway, whereas FBXW7 was mainly involved in Vasculogenesis, DNA repair, Sister chromatid cohesion and Protein ubiquitination (Table 1). Besides, we found that these FBXWs shared same F-box and WD repeat domain with close interactions, and the enrichment analysis results demonstrated that they were primarily involved in ubiquitination-mediated degradation pathway (sFigure 1).


Table 1 | Characteristics of 10 members of the FBXW family in Homo sapiens using uniport and GeneCards database.



To further understand the phylogenetic relationship of human FBXW family, 10 amino acid sequences of FBXWs were used to construct phylogenetic tree in the research, and the gene family was divided into three groups. Group a was the largest members of the FBXW family, however, group b has only one member FBXW10 (Figure 1A). To explore the function of FBXWs, the conserved motifs of these 10 proteins were illustrated. The results showed 20 conserved motifs were detected in the FBXW family members (Figure 1B). Notedly, FBXW1 and FBXW7 had the same Motifs 2, 3, 5 and 6, suggesting that they may have similar functions in some biological processes. Furthermore, motifs 14 was discovered only in group a, and group b had the largest number of motifs. The reason of functional differences in the FBXWs of Homo sapiens was probably the clade-specific distribution of conserved motifs. Furthermore, the exon-intron patterns and tertiary structures of the 10 FBXWs were also explored in this study, suggesting the FBXW family members are structurally distinct (Figure 1C; sFigure 2).




Figure 1 | Phylogenetic relationships, conserved protein motifs and gene structures of the FBXW family members. (A) The phylogenetic tree was constructed based on the full-length sequences of Homo sapiens FBXW proteins. (B) Motifs distribution of the FBXW proteins. (C) Exon-intron structures of the FBXW genes. Green boxes indicate untranslated region; yellow boxes indicate coding sequences; pink boxes indicate exons and black lines indicate introns. a, b and c represent the three groups, respectively.





The expression levels of FBXW family in pan-cancer

We estimated the FBXWs differential expressions in Pan-cancer with RNA sequencing data of TCGA database. Our results indicated that FBXW1 was more expressed in colon adenocarcinoma (COAD), cholangiocarcinoma (CHOL), lung adenocarcinoma (LUAD), liver hepatocellular carcinoma (LIHC), Prostate adenocarcinoma (PRAD), and stomach adenocarcinoma (STAD). In contrast, a lower expression was found in kidney renal papillary cell carcinoma (KIRP), kidney chromophobe (KICH), kidney renal clear cell carcinoma (KIRC), glioblastoma multiforme (GBM), thyroid carcinoma (THCA) and uterine corpus endometrial carcinoma (UCEC) (Figure 2A). FBXW2 was more expressed in various cancers including CHOL, COAD, neck squamous cell carcinoma (HNSC), KICH, LIHC, PRAD, and STAD (Figure 2B).Meanwhile, lower expression was found in KIRC, LUAD, Lung squamous cell carcinoma (LUSC), THCA, and UCEC. The higher expression of FBXW4 was discovered in CHOL, KIRP, LIHC, PRAD, and UCEC. However, the lower level was in breast invasive carcinoma (BRCA), COAD, GBM, LUAD, LUSC, HNSC and STAD (Figure 2C). Additionally, FBXW5 was more expressed in BRCA, CHOL, LIHC, LUAD, LUSC, KICH, KIRC, PRAD, THCA and UCEC. The lower expression was in COAD, HNSC and STAD (Figure 2D). FBXW7 was higher expressed in CHOL, KIRC, KIRP, LIHC, LUAD, and THCA. Nevertheless, FBXW7 was lower expressed in BRCA, GBM, HNSC, PRAD, and UCEC (Figure 2E). We also analyzed that the higher expression level of FBXW8 was in several cancers, containing Bladder Urothelial Carcinoma (BLCA), BRCA, GBM, CHOL, COAD, HNSC, KIRP, LIHC, LUSC, STAD, PRAD and READ. However, the lower expression of FBXW8 was found was in LUSC, PRAD, READ, and STAD (Figure 2F). Besides, a higher FBXW9 expression was analyzed in BLCA, BRCA, CHOL, COAD, ESCA, GBM, LIHC, LUAD, LUSC, KIRP, PRAD, STAD, THCA, READ and UCEC. A lower FBXW9 expression was only in KICH (Figure 2G). We further explored that the higher expression of FBXW10 in several cancers including LUAD, LUSC, LIHC, PRAD and STAD compared with normal tissues. Meanwhile, the FBXW10 expression reduced in KICH, KIRC, and THCA (Figure 2H). In addition, the lower FBXW11 expression level was discovered in BLCA, BRCA, GBM, LUSC, HNSC, KIRC, KIRP and UCEC. The higher expression level of FBXW11 was found in CHOL and LIHC (Figure 2I). We also discovered FBXW12 was more expressed in BLCA, BRCA, LIHC, LUSC, CHOL, COAD, STAD, PRAD and UCEC. In contrast, the lower FBXW12 was found in GBM, KICH, KIRC, KIRP, and THCA (Figure 2J). Since FBXW1/7 are the central genes of this family and have same motifs, we also analyzed transcriptional expression of these two genes in four common cancer cell lines (breast, lung, colorectal and renal cancer). The results showed FBXW1 expression in COAD was higher than matched normal cell and the expression of FBXW7 in COAD was not different from that in normal group. However, the transcription levels of the other three cancer cells were not completely consistent with the TCGA database results. A small number of cell lines selected may be one of the reasons (sFigure 3).




Figure 2 | Boxplot of FBXW family (A–J) differential expression between cancer and adjacent normal tissues. The blue boxplots indicate the normal tissues. The red boxplots indicate the cancer tissues. ∗P< 0.05, ∗∗P< 0.01, and ∗∗∗P< 0.001.



We further analyzed FBXW gene family expression and correlation in various cancer types by TCGA database. The results were shown that FBXW1/4/9/11 were highest expression in CHOL (Figure 3A). we further investigated that FBXW5 was highly expressed, FBXW10 and FBXW12 were lowly expressed, and other members were moderately expressed in pan-cancer (Figure 3B). In terms of all these 18 types of cancer, two genes with most significant positive correlation were FBXW1 and FBXW11, whereas the correlation of FBXW5 and FBXW7 was completely opposite (Figure 3C). For the above researched cancers (BRCA, COAD, LUAD and KIRC), FBXWs as a whole showed a positive relationship, including FBXW1 and FBXW7 (sFigure 4) (These findings confirmed the synergistic relationships among FBXW members and revealed that the SCF complex may have a more competitive and complicated mechanism than we thought.




Figure 3 | FBXW family gene expression levels and correlation in different cancer types from TCGA. (A) Heatmap showing the difference of FBXW family gene expression in 18 cancer types from TCGA database. The red and green indicate the high or low expression, respectively. (B) Boxplot illustrating the distribution of FBXW family gene expression in various cancers. (C) The correlation between FBXW family genes. The blue dot indicated the positive correlation. The red dot indicated the negative correlation.





The association between clinical characteristics, tumor subtypes and FBXWs expression

In the examination on the tumor stage relevance, we discovered that some FBXW genes expression significantly increased in tumor early stage, such as FBXW1/12 in KIRC, FBXW4 in pancreatic adenocarcinoma (PAAD), and FBXW11 in LUSC. Whereas, other genes expression predominantly increased in tumor advanced stage, including FBXW2 in ACC, FBXW2/9 in ILHC, FBXW5 in LUAD, FBXW7 in STAD, and FBXW10 in KIRP/Esophageal Squamous Cell Carcinoma (ESCC) (Figure 4).Moreover, we further explored the relationship between FBXWs expression levels and tumor grade. The result was indicated that FBXW4/7/11 expressions were significantly increased in KIRC early grade. In contrast, the lower expressions of FBXW1/8/9 were found in LIHC early grade, And the lower FBXW2/5/11 expressions were analyzed in the early grade of HNSC (sFigure 5). In addition, we analyzed the FBXWs expression levels in different subtypes of nine cancers. As shown in Figure 5A, the protein expression levels of most FBXWs were obviously different in BRCA and KIRC. Furthermore, we found that the expression of FBXW1/7 were significantly different in four subtypes of BRCA containing Basal, Her2, LumA, LumB compared with normal-like subtype. However, there were no notable difference of FBXW2/4/5/10/11/12 expression levels between LumA/LumB and Normal-like subtype (Figures 5B–K).




Figure 4 | Association of FBXW family (A–J) gene expression with the clinical stages for different cancer types. ∗P< 0.05, ∗∗P< 0.01, and ∗∗∗P< 0.001, ns, No statistical significant.






Figure 5 | Correlation analysis between FBXW family gene expression and the subtypes of various tumors. (A) Subtype differences between high and low gene expression of FBXWs. (B–K) the relationship between FBXWs expression and the subtype of BRCA. ∗P< 0.05, ∗∗P< 0.01, ∗∗∗P< 0.001 and ****P<0.0001.





Prognostic value of FBXWs in pan-cancer

Aiming to investigate the relationship between FBXWs expression level and prognosis value, significant survival analysis with Kaplan-Meier survival curves was performed in the research (Figure 6; sFigure 6). FBXW1 was a beneficial factor in LGG, KIRC, MESO, and UVM. Besides, FBXW5 was a protective factor in KICH and UCEC. Nevertheless, FBXW5 was a high-risk factor in LUAD and ACC. The results also shown that among patients with PAAD, STAD, HNSC and SKCM, high FBXW7 expression was related with longer survival times. FBXW9 played a protective role in three different cancers, which contained KIRP, DLBC and HNSC. While, FBXW9 had a detrimental role in other three cancers including LIHC, ACC, and LGG. FBXW12 was a protective prognostic gene in LAML, READ, and UVM. FBXW12 was a high-risk gene in THYM. In addition, we found that FBXW1/2/11 played a protective role in KIRC. In contrast, FBXW10 was a dangerous factor in KIRC. On the one hand, FBXW1/11 were low-risk factors in LGG patients. On the other hand, high expressions of FBXW2/9 were associated with worse in LGG.




Figure 6 | Survival analysis of FBXW family genes (A–T) across multiple cancer types. The red line in the photos indicates high expression and the blue line in the photos indicates low expression. P value less than 0.05 is considered as difference.



Then, we explored the prognosis risk of FBXWs via COX analysis. As shown in Figure 7, FBXW1 was a protective gene in LGG. FBXW2 had protective roles in KIRC. However, FBXW2 was high-risk factor in ACC, LGG, and PRAD. FBXW4 was a low-risk factor in KICH and LGG. For another, FBXW4 was a detrimental factor in LAML. FBXW5 acted as a detrimental factor in ACC, PCPG, and THYM. FBXW7 played a detrimental role in PRAD. FBXW8 functioned as a high-risk gene in KICH. FBXW9 had a protective effect in UVM. In contrast, FBXW9 acted as a high-risk factor in KICH and LGG. Among patients with KIRP, THCA, and THYM, high FBXW10 expression was associated with worse prognosis. While in patients with KIRC, LGG, and MESO, those with high FBXW11 expression had better prognosis. Our results also indicated that FBXW12 played a protective role in LAML and UVM. Contrarily, FBXW12 was a high-risk prognosis factor in DLBC, KICH, and PRAD (Figure 7). These results indicated that FBXWs in different cancers may play a different role in prognosis value.




Figure 7 | Correlation analysis of FBXW family gene expression with survival by the COX method in different types of cancers. Different colored lines indicate the risk value of different genes in tumors, hazard ratio <1 represents low risk and hazard ratio >1 represents high risk.





Genetic alterations of FBXW gene family in pan-cancer

We further analyzed the variation frequency and types of the FBXW gene family in 2922 cancer patients via cBioPortal database. The results indicated that gene change rates of FBXW7/9/11 were approximately 7%, which was highest in the FBXW family. Nevertheless, FBXW1/4/12 had lowest variation rates, which was only 3% (Figure 8A). Besides, we found that the main genetic alteration types containing amplification, mRNA high expression, mutation and deep deletion. The FBXW2/5/8/9/10/11 possessed the highest amplification rates. Meanwhile, the change type of FBXW1/4/7/12 were mainly mRNA high expression (Figure 8B). In conclusion, FBXW family members were likely to mutate in various cancer types.




Figure 8 | Genetic alterations and correlation analysis of FBXW family members in Pan-cancer. (A) summary of alteration rates for FBXW family from TCGA database using cBioPortal. (B) Genetic alteration frequency data of FBXW family members in pan-cancer, respectively.





Relationship between FBXWs expression and tumor microenvironment in pan-cancer

Cancer stem cell played a key role in tumor proliferation, migration, metastasis, epithelial-to-mesenchymal recurrence, and therapy resistance (74). Therefore, we explored the association between FBXWs expression and stemness score. As we can see from Figure 9, the expression of FBXW family had a positive or negative relationship with DNAss and RNAss in pan-cancer. For example, FBXW1/8/10 expression were negatively related with DNAss in OV. At the same time, we found that FBXW2 was positively associated with DNAss in OV. Besides, FBXW1 had a significantly positive relation with DNAss in TCGA and THYM (Figure 9A). During the analysis of RNAss, we observed that FBXW1/8/10/11 were negatively associated with RNAss in THYM. FBXW7 was negatively related with RNAss in several cancers such as CHOL, KIRC, and KIRP (Figure 9B). Furthermore, the tumor microenvironment related score results indicated most of FBXWs expression was significantly negatively associated with stromal score, immune score, and estimate score and positively related to tumor purity (Figures 9C–F). Specifically, we could find that FBXW5 appeared to have a consistent positive relationship across all cancers in these scores; on the other hand, FBXW12 had a consistent negative relationship. Moreover, we also discovered there was an obvious relation between immune score and FBXWs in ACC, GBM and LAML. These results demonstrated that FBXW members vary in their ability to regulate the immune microenvironment in different cancers.




Figure 9 | Association between FBXW family gene expression and tumor micro-environment factors and stemness score in pan-cancer. The FBXW family gene associated immune score (A), stromal score (B), estimate score (C), DNAss (D), RNAss (E) and tumor purity (F) are illustrated.





Correlation between immune infiltration and FBXWs expression

Then, we analyzed the relation between FBXWs and immune subtype. As was shown in Figure 10, The expression of all FBXW gene family members were significantly associated with immune subtype C1(wound healing), C2 (IFN-gamma dominant), C3




Figure 10 | FBXW family gene expression level of different immune subtype in pan-cancer, and specific four cancer types. (A) In pan-cancer. (B) In BRCA. (C) In COAD. (D) In LUAD. (E) In KIRC. X axis represents immune subtype, Y axis represents gene expression. * P<0.05; ** P<0.01; *** P<0.001. C1: wound healing, C2: IFN-gamma dominant, C3: inflammatory, C4: lymphocyte depleted, C5: immunological quiet, and C6: TGF-beta dominant.



(inflammatory), C4 (lymphocyte depleted), C5 (immunological quiet), and C6 (TGF-beta dominant) in pan-cancer (Figure 10A). Then, we selected four cancer types to analyze including BRCA, COAD, LUAD, and KIRC. FBXW1 was higher expressed in C3 and C4, the expression of FBXW7 up-regulated in C2 and C3 (Figure 10B). FBXW4 and FBXW8 were significantly related to the immune subtype in COAD (Figure 10C). Furthermore, we found that FBXW1/2/4/5/7/8/11 were significantly different in LUAD, and these genes overexpressed in C3 (Figure 10D). The Figure 10E indicated that the expressions of FBXW1/2/4/5/7/9/11/12 were associated with immune subtype in KIRC. FBXW1/2/4/7 were higher expressed in C3. Meanwhile, the expression of FBXW5 was higher in C5 (Figure 10E). However, only FBXW5 and FBXW9 on the relation of immune subtypes have statistical significance in ACC, and FBXW11/12 was the same in GBM (sFigure 7). These results once again demonstrated the specificity of FBXW members in various tumors.

Previous study had demonstrated that FBXW1/7 were involved in the immune process in different ways (75–77). To further verify their immune role on the influence of tumor development and outcome, the association between immune cell infiltration levels and FBXWs expression was also evaluated. As indicated in Figure 11, most of FBXWs expression had significantly positive or negative relationship in these cancers, especially in BRCA and KIRC. FBXW1 expression was significantly negative association with immune-active cells such as NK, CD8-T, cytotoxic, and Th1, etc. However, FBXW7 as tumor suppressor factor had a positive correlation with immune-active cells and negative association with immune-suppressive cells such as Exhausted T cells, Th17, and macrophage (Figures 11A–D). Based on the above TME analysis results, we also investigated the correlation between FBXWs and infiltration score in ACC, GBM and LAML and found that it was not obvious (sFigure 8) In order to validate the results, we further investigate the relationship between FBXW1/7 expression and immune cells in pan-cancer. FBXW1 as an oncogene and FBXW7 as a tumor suppressive gene also show opposite relationships on immune infiltration cells (s.Figure 9). In addition, the TCGA database was used to conduct co-expression analysis, which can reveal the association between FBXW1/7 expression and immune checkpoints in pan-cancer. As shown in Figure 12A, FBXW1 was negatively correlated with these representative immune markers in ACC, BLCA, BRCA, PCPG, UCEC and UCS. However, FBXW7 was positively associated with these immune checkpoints in most cancers (Figure 12B). The opposite relationship between FBXW1 and FBXW7 in immune infiltration may be the reason for the different prognosis of cancer patients.




Figure 11 | Association analysis of FBXW family gene expression with the immune-infiltration cells in four types of cancer. (A) in BRCA. (B) in COAD. (C) in LUAD. (D) in KIRC.






Figure 12 | The relationship between FBXW1/FBXW7 and immune checkpoints. (A) Heatmap illustrating the relationship between FBXW1 and known immune checkpoints. (B) Heatmap illustrating the relationship between FBXW7 and known immune checkpoints. ∗P< 0.05, ∗∗P< 0.01, and ∗∗∗P< 0.001.





Drug sensitivity analysis of FBXW gene family

Drug resistance has always been an insurmountable problem in clinic treatment, and also a prominent factor in the development of adverse outcomes for many patients. Previous study reported that FBXWs has been validated to involve in drug resistance development through proteolytic regulation of substrates (20). For example, abnormal expression of FBXW7 could increase doxorubicin resistance in COAD, and in tamoxifen-resistant breast cells, FBXW1 expression was significantly upregulated.

Aiming to further explore the role of FBXWs in chemotherapy or targeted therapy, the integrated analysis between drug sensitivity and FBXW gene expression data was also performed in this study. The result from CellMiner™ was shown that FBXW7 expression had a positive relationship with drug sensitivity of Nelarabine and Chelerythrine. In addition, FBXW11 expression had a significantly negative relation with the drug sensitivity of Imatinib, LDK-378, and Palbociclib. FBXW9 expression was negatively associated with Dasatinib’s drug sensitivity and positively related to drug sensitivity of tfdu (sFigure 10). These results may bring some implications for clinical medication based on FBXWs drug sensitivity.




Discussion

In consideration of the vital roles of FBXW gene family in progression of numerous cancers, it is of great importance to study the expression patterns and prognostic effect of FBXW gene family in multiple cancers, which could facilitate tumor early diagnosis (78). In our study, we firstly performed gene structure and motif analysis of the FBXWs, and found that they have obvious individual differences which may lead to functional differences in FBXW genes. Then, we also summarized previous reports on the function of the FBXW family in multiple cancers, and found that FBXW1/5 act as oncogenes in many cancers, however, FBXW2/7 exert the antitumor properties (Table 1). Specifically, from the perspective of the transcription level, we found that FBXW1 was significantly up-regulated in six different cancers, which was consistent with most previous studies (79). Whereas the abnormal expression of FBXW2 was related to twelve different cancers, seven of which were upregulated and five were down-regulated. FBXW5/9/12 were overexpressed in most cancers, however, FBXW11 expression in pan-cancer was opposite. Notedly, FBXW7, as a tumor suppressor, was highly expressed in six cancers (CHOL, KIRC, KIRP, LIHC, LUAD and THCA) which may be one of the reasons affecting the outcome of these cancers. Besides, we analyzed the FBXWs expression in different tumor stages and grades. The results indicated the expression of most genes was significantly different in the development of various cancers, which inspired us to consider the roles of FBXW family genes as diagnosis and prognosis markers in pan-cancer.

We also summarized all meaningful survival-related results and found that FBXW members accounted for the most significant proportion in KIRC among the above mentioned four common cancers (BRCA, COAD, LUAD and KIRC) (Supplementary Table 1).Additionally, we also demonstrated that FBXW1 was a protective factor in LGG, which was consistent in different database. The overexpression of FBXW2 was related to worse OS in ACC, LGG, and PRAD. However, Zhou et al.’s study indicated that FBXW2 could be a tumor suppressor of PRAD by promoting EGFR ubiquitination and degradation (41), which seems to be contrary to our results. The reason for this phenomenon may be that FBXW2 itself is prone to mutation which could change the overall prognosis tendency (37), or it may be that FBXW2 needs to be combined with other ligand proteins to form SCF complexes, which determine carcinogenicity depending on the kind of ubiquitinated substrates, thereby playing itself function and maintaining itself activity (80–82). Therefore, artificial obvious changes in the expression level of FBXW2 in the tumor microenvironment may lead to different prognosis compared with the database analysis. Additionally, High expression of FBXW7 was significantly associated with longer survival in PAAD, STAD, HNSC, SKCM. Previous studies indicated that low expression of FBXW7 was a major cause of carcinogenesis and poor prognosis in Gastric cancer (51, 83), which was consistent with our findings. Up-regulation of FBXW11 expression was related to better prognosis in KIRC, LGG, and MESO. In short, these results suggested that FBXWs could be great prognosis-related markers in pan-cancer.

An increasing number of studies have showed that TME could exert great influence on tumor proliferation, metastasis, micro angiogenesis, and even immune escape (84–86). However, to date, the role of FBXWs in TME has not been elucidated. Our results indicated FBXW7 expression had a positive relationship with the levels of stromal score, immune score and estimate score in multiple tumors, suggesting FBXW7 is expected to efficient immunomodulatory factor. Furthermore, the correlation between immune subtypes and FBXWs expression was also examined in this study and found that most of FBXWs have a close relation with BRCA, LUAD and KIRC, however, in other cancers such as ACC and GBM, the correlations was weakened obviously. Similarly, the relation between FBXWs and infiltration score of immune cells in BRCA and KIRC was the most significant, suggesting FBXW family may be potential orientation in the immune-therapy of the mentioned four cancers. Then, we selected two most representative members FBXW1/7 for further immune infiltration analysis, and the reverse results on immune checkpoints and cells showed that they may induce diverse immune response and thereby cause markedly different endpoint of tumor progression.

In conclusion, our research unveiled complicated and comprehensive roles of FBXW family members expression in cancer progression and clinical outcome that warrant further investigation, suggesting FBXWs could be promising prognostic biomarkers in special tumors. More importantly, we identified the relationship between immune infiltration and individual members of the FBXW family in different cancers, thus providing a few direction for immunotherapy. This study, however, has some limitations. Our results derives mainly from the computational analysis of genomic data, and detailed functional mechanisms of FBXWs by vivo and vitro experiments are needed to build in the future. In addition, our study does have a limitation on the connection of FBXW family with immunotherapy. The role of FBXWs in immunotherapy should be further validated in clinical trials and cell experiments.
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Background

Breast cancer (BC) is the most common malignancy among women. Nicotinamide (NAM) metabolism regulates the development of multiple tumors. Herein, we sought to develop a NAM metabolism-related signature (NMRS) to make predictions of survival, tumor microenvironment (TME) and treatment efficacy in BC patients.




Methods

Transcriptional profiles and clinical data from The Cancer Genome Atlas (TCGA) were analyzed. NAM metabolism-related genes (NMRGs) were retrieved from the Molecular Signatures Database. Consensus clustering was performed on the NMRGs and the differentially expressed genes between different clusters were identified. Univariate Cox, Lasso, and multivariate Cox regression analyses were sequentially conducted to develop the NAM metabolism-related signature (NMRS), which was then validated in the International Cancer Genome Consortium (ICGC) database and Gene Expression Omnibus (GEO) single-cell RNA-seq data. Further studies, such as gene set enrichment analysis (GSEA), ESTIMATE, CIBERSORT, SubMap, and Immunophenoscore (IPS) algorithm, cancer-immunity cycle (CIC), tumor mutation burden (TMB), and drug sensitivity were performed to assess the TME and treatment response.




Results

We identified a 6-gene NMRS that was significantly associated with BC prognosis as an independent indicator. We performed risk stratification according to the NMRS and the low-risk group showed preferable clinical outcomes (P < 0.001). A comprehensive nomogram was developed and showed excellent predictive value for prognosis. GSEA demonstrated that the low-risk group was predominantly enriched in immune-associated pathways, whereas the high-risk group was enriched in cancer-related pathways. The ESTIMATE and CIBERSORT algorithms revealed that the low-risk group had a higher abundance of anti-tumor immunocyte infiltration (P < 0.05). Results of Submap, IPS, CIC, TMB, and external immunotherapy cohort (iMvigor210) analyses showed that the low-risk group were indicative of better immunotherapy response (P < 0.05).




Conclusions

The novel signature offers a promising way to evaluate the prognosis and treatment efficacy in BC patients, which may facilitate clinical practice and management.
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1 Introduction

Breast cancer (BC) is the most frequent malignancy in women, and its incidence rate increases by 0.5% annually (1, 2). In 2020, BC overtook lung cancer as the leading cause of cancer-related morbidity worldwide. In addition, it ranks fifth among global cancer-related deaths and places a great burden on society (3). Clinically, BC can be divided into four primary subtypes (4). Based on subtype classification, BC has distinct therapeutic strategies, including surgical intervention, radiotherapy, chemotherapy, endocrine therapy, and targeted therapy (5–7). However, after conventional treatment, approximately 25% BC patients develop distant metastases (8). In recent years, tremendous advances have been achieved in systemic treatment, and the long-term survival probability of BC patients has clearly improved. Immunotherapy is an emerging field in the management of BC, and multiple research has revealed that the immune system plays an indispensable role in the occurrence and development of BC (9). Previous studies have demonstrated that checkpoint inhibitors targeting programmed cell death-1/programmed death ligand-1 (PD-1/PD-L1) can effectively improve clinical outcomes in patients with advanced BC (10–12). Additionally, novel therapeutic strategies, including targeting myeloid-derived suppressive cells and regulatory T cells (Tregs), have attracted the attention of researchers (13, 14). However, currently, approximately 80% of patients fail to respond to these treatments due to tumor heterogeneity. Therefore, it is significant to explore the molecular characteristics of BC and identify biomarkers that can precisely predict its response to immunotherapy.

Metabolic reprogramming is an important hallmark of cancer that modulates energy metabolism in the tumor microenvironment, thus leading to the uncontrolled growth of cancer cells (15, 16). Recent studies have revealed that metformin, a widely used first-line drug for type II diabetes, has good efficacy against a variety of malignancies, including breast cancer (17). Therefore, we speculated that regulation of metabolism could be a promising strategy for tumor treatment. Nicotinamide (NAM) is the active amide form of vitamin B3 (18). It can be supplemented externally or synthesized in vivo. NAM is easily absorbed by various cells and serves as a precursor for the coenzyme nicotinamide adenine dinucleotide (NAD+). As an important enzyme in biological redox reactions, NAD+ participates in cellular energy metabolism and signal transduction, including the tricarboxylic acid cycle, DNA damage repair, and epigenetic regulation (19, 20). Previous studies have demonstrated that NAM supplementation effectively delayed aging (21). Senescence and cancer are interconnected. The reduction in NAD+ during cell senescence leads to an increase in reactive oxygen species (ROS), thus promoting the accumulation of hypoxia-inducible factor-1α, resulting in metabolic reprogramming. Based on these findings, researchers have begun to explore the antitumor potential of NAM. Previous studies have observed that NAM enhanced tumor blood flow and ameliorated the tumor hypoxia microenvironment, thus improving sensitivity to radiotherapy (22). Phase II trials in head and neck cancer and advanced bladder carcinoma have demonstrated the efficacy and safety of NAM as a radiosensitizer for radiotherapy (23, 24). In chronic lymphocytic leukemia, NAM exerted anticancer effects by inducing apoptosis via activation of the p53/miR-34a/SIRT1 pathway (25). In triple-negative BC, NAM regulated lipid metabolism and strengthened ROS-induced apoptosis-related pathways, thereby inhibiting tumor proliferation and invasion (18). Nicotinamide phosphoribosyl transferase (NAMPT), a key enzyme in NAD+ salvage synthesis, catalyzes NAM to generate nicotinamide mononucleotide (NMN) and is the initiating factor in the immunosuppressive microenvironment (26–28). In some tumors, NAMPT was found to drive PD-L1 expression and regulate tumor immune escape in a CD8+ T cell-dependent manner (20, 29). Based on these findings, we recognized the significance and predictive potential of NAM metabolism in tumor prognosis and immunity.

Therefore, in this study, we developed a six-gene NMRS using RNA-seq and clinical data from the TCGA database. Subsequently, we evaluated the predictive ability of the model for survival outcomes, immunotherapy response, and immune landscape. Moreover, we verified the expression of the gene signature at the transcriptional level through single-cell sequencing data (scRNA-seq).



2 Materials and methods



2.1 Data gathering

We collected RNA-seq data of 1057 BC samples and 111 adjacent normal samples from TCGA database (https://portal.gdc.cancer.gov/). TPM-formatted files for gene expression were acquired. The term TPM, which referred to transcripts per kilobase of exon model per million reads, indicated that it was successively normalized by the gene length and sequencing depth. Clinical data were obtained, including age, TNM stage, expression status of ER, PR, and HER-2, survival time and survival status. The prognostic prediction capacity of NMRS was verified using an external cohort made up of 98 BC samples that was retrieved from the ICGC database (https://dcc.icgc.org). Additionally, the IMvigor210 cohort, which included 298 advanced urothelial carcinomas with immunotherapy data, was obtained from the ‘IMvigor210CoreBiologies’ R package to predict therapeutic response (30). Moreover, scRNA-seq data (GSE118389) of 1534 BC cells were acquired from the GEO database (http://www.ncbi.nlm.nih.gov/geo) to validate the expression levels of the model genes in different cellular subtypes. The Molecular Signatures Database (MSigDB) was searched for two gene sets associated with NAM metabolism that were used in this investigation. The flow of the analyses is presented in Figures 1, S1.




Figure 1 | The flow chart of the study.





2.2 Mutation landscape of NMRGs

Somatic mutation profiles were collected from TCGA database in the maf’ format. Using the ‘maftools’ R package, we plotted a waterfall diagram to visualize the mutation landscape of patients with BC. In addition, we obtained copy number variation (CNV) data from the UCSC Xena database (https://xena.ucsc.edu/) and analyzed the CNV frequency of the NMRGs.



2.3 Consensus clustering of the NMRGs

We utilized the ‘ConsensusClusterPlus’ R package to perform consensus clustering and identified distinct NAM metabolism-related clusters based on the expression level of the NMRGs (31). The cluster number (k) was set between 2 and 10, and the optimum k value was selected according to the cumulative distribution function. We evaluated the different clustering results and duplicated this procedure 1000 times to ensure stability and reliability. Furthermore, we used the ‘survminer’ R package to visualize the survival variations between different clusters.



2.4 Identification and enrichment analysis of the differentially expressed genes

Using the ‘limma’ package, differentially expressed genes (DEGs) were determined among different clusters. The screening criteria were |log2 fold change (FC)| more than 2 and an adjusted P-value of less than 0.01. Then, using the ‘clusterProfiler’ R package, Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analyses for pathway and function annotations were conducted (32).



2.5 Development and validation of the NMRS

To derive the prognostic DEGs, a univariate Cox analysis was performed. After that, we ran a Lasso regression with a minimum penalty coefficient to avoid overfitting (33). We then conducted multivariate Cox analysis to identify the optimal independent predictive signature. The expression level and corresponding coefficient of each prognostic gene were used to calculate the risk score of BC patients: risk score = h0 (t)*exp[Σexpression*coefficient]. Based on the median cutoff value, we separated patients with BC into distinct risk groups for subsequent analyses. For the training, internal validation, entire TCGA and ICGC cohorts, survival curves were used to explore the ability of NMRS to differentiate prognosis between different risk groups. Similarly, the time-dependent receiver operating characteristic (ROC) curve was used to evaluate the reliability of the signature using the ‘timeROC’ package. Furthermore, we performed stratified analysis to assess the prognostic value of NMRS in distinct subgroups stratified by clinical characteristics.



2.6 Development and assessment of the NAM metabolism-related nomogram

We performed univariate and multivariate Cox regression of the 6-gene signature and clinical indicators to determine independent prognostic factors. Based on the independent predictors, we developed a nomogram to quantify the 3-, 5-, and 10-year survival probabilities of patients with BC. The consistency and accuracy of the nomogram were assessed using calibration and time-dependent ROC curves. Additionally, by using decision curve analysis (DCA), we evaluated the net benefit of the comprehensive nomogram versus the model that only included clinical variables.



2.7 Functional enrichment analysis

With the use of the annotated gene set ‘c2.cp.kegg.v7.5.1. symbols.gmt’ from the MSigDB database, we conducted gene set enrichment analysis (GSEA) to identify the variations in corresponding pathways between different risk groups (P < 0.05, false discovery rate (FDR) < 0.25) (34).



2.8 Identification of the immune landscape and immunotherapy efficacy

The ESTIMATE algorithm was used to evaluate the tumor purity, immune score, stromal score and ESTIMATE score (35). According to the ‘CIBERSORT’ algorithm, LM22 gene signature matrix was employed to measure the relative proportion of 22 immunocytes per sample under 1000 permutations (36–38). The relative infiltration of 28 immunocyte subpopulations in BC TME were quantified by single-sample gene set enrichment (ssGSEA) (39). The expression levels of a few checkpoint genes, the prevalence of tumor mutations, the score of the cancer-immunity cycle (CIC) and immunotherapy-related signals were then compared in different risk groups. Immunophenoscore (IPS) refers to the four major gene categories that determine immunogenicity, and is obtained by unbiased analysis using machine learning (40). Existing studies have confirmed that the IPS can be used as a predictive tool for the clinical outcomes of immunotherapy (41, 42). In this study, using IPS data from The Cancer Immunome Atlas (TCIA) (https://tcia.at/home), we evaluated the potential immunotherapy response between the high- and low-risk group. Additionally, the Submap algorithm (http://cloud.genepattern.org/gp) was applied to predict how the risk groups would react to anti-PD-1 and anti-Cytotoxic T-Lymphocyte Associated Antigen 4 (CTLA-4) therapy (43). To further evaluate the predictability of the NMRS for responsiveness to anti-PD-1 therapy, we downloaded the corresponding immunotherapy data and clinical information from the ‘IMvigor210CoreBiologies’ package for analysis.



2.9 Comparisons of drug sensitivity

Half-maximal inhibitory concentration (IC50) values for the most commonly used chemotherapeutic medicines were calculated using the ‘pRRophetic’ R package. The drug sensitivity of one risk group was compared to the other, and any statistically significant differences were tested using the Wilcox test (44, 45).



2.10 Validation of the 6-gene signature using scRNA-seq analysis

To further discriminate the cellular subtypes and illustrate the distribution of the model genes in various subtypes, we acquired an scRNA-seq cohort (GSE118389) from the GEO database for analysis. The ‘Seurat’ R package was used to convert the matrix into Seurat object and carry out strict quality control (46). The data were normalized and principal component analysis (PCA) was performed for genes with large coefficients of variation. Then, using the ‘SingleR’ package, t-distributed statistical neighbor embedding (tSNE) and subtype annotations were carried out to determine the model gene expression levels and internal relationships (47).



2.11 Statistical analyses

All statistical calculations and graphs were completed using R software 4.2.1. With the use of Kaplan-Meier curves and log-rank test, survival disparities between distinct risk groups were examined. In addition, we utilized the Wilcox test to evaluate the divergency between two sets of data. As a statistical threshold, a two-sided P-value <0.05 was used.




3 Results



3.1 Genomic and transcriptomic landscape of NMRGs

Based on the two NAM metabolism-related gene sets, we identified 42 NMRG (Table S1). In the genetic variation analysis, 105 (11.12%) of the 944 samples showed mutations, of which missense mutations were the most common (Figure 2A). The top three mutant NMRGs were Homo sapiens aldehyde oxidase 1 (AOX1), poly (ADPribose) polymerase family, member 14 (PARP14) and Homo sapiens poly (ADP-ribose) polymerase family, member 9 (PARP9). In addition, we analyzed the frequency of CNV in the NMRGs and observed that both amplification and loss of the copy number were frequent (Figure 2B). The differential analysis results demonstrated that, compared with the adjacent normal samples from TCGA database, there were 13 upregulated and 21 downregulated genes (P < 0.05) (Figure 2C and Table S2).




Figure 2 | The genomic and transcriptomic landscape of NMRGs. (A) The mutation landscape of NMRGs in the TCGA database. (B) The CNV frequency of NMRGs. (C) The differential expression of NMRGs in BC between tumor and adjacent normal tissues (* p<0.05, ** p<0.01, *** p<0.001).





3.2 Consensus clustering analysis based on NMRGs

Consensus clustering was performed to identify the NAM metabolism-related clusters based on the expression levels of NMRGs. According to the cumulative distribution function, k = 3 exhibited excellent clustering resilience, with relatively strong intra-cluster correlation and low inter-cluster correlation (Figures 3A–C). As a result, patients were separated into three clusters: 168 patients placed in cluster A, 575 in cluster B, and 275 in cluster C. We observed that patients in cluster C had prolonged overall survival (Figure 3D, P = 0.021). Considering the significant differences in transcriptome levels and survival outcomes among the distinct clusters, we speculated about the presence of DEGs. According to the screening standard, we collected 1322 DEGs and then ran functional enrichment analysis on the DEGs. GO analysis enriched DEGs from three categories: biological processes (BPs), cellular components (CCs), and molecular functions (MFs). BPs were mainly enriched in ameboidal-type cell migration, cell-substrate adhesion, and regulation of angiogenesis. CCs were mainly enriched in cell-substrate junctions, focal adhesions, and cell-cell junctions. Additionally, the significantly enriched MFs were extracellular matrix structural constituents, integrin binding, and growth factor binding (Figure 3E). Results of the KEGG enrichment analysis showed that the DEGs were predominantly enriched in focal adhesion, the MAPK signaling pathway, and regulation of the actin cytoskeleton (Figure 3F). These findings suggested that the DEGs were involved in signaling pathway modulation and tumor growth.




Figure 3 | Identification of potential NAM metabolism-related clusters in BC patients. (A) The consensus clustering analysis of NMRGs in TCGA-BRCA cohort (k=3). (B) Consensus CDF. (C) Delta area. (D) The OS Kaplan-Meier curve of different clusters. (E-F) GO and KEGG enrichment analysis of differential expressed genes.





3.3 Development and validation of the NAM metabolism-related prognostic signature

Through univariate Cox analysis, we identified genes significantly associated with survival in patients with BC. Lasso regression demonstrated that the cross-validation effect was best when λ = -3.5, and relevant genes were included in the multivariate Cox analysis (Figures 4A, B). Finally, a NAM metabolism-related 6-gene signature was created to predict prognosis. The following equation was developed to calculate the risk scores based on gene expression levels and the regression coefficient: risk score = h0 exp [(0.002 × SFRP4) + (0.021 × KLB) + (0.051 × ZMAT3) – (0.022 × CNOT10) + (0.011 × C8orf55) – (0.008 × PSME2)]. Patients in the TCGA-BRCA cohort had their individual risk scores determined, and based on the median value, they were assigned to different risk groups. The survival curve showed that the low-risk group had a favorable OS compared with the patients in the high-risk group (Figure 4C, P < 0.001). The distribution of risk score, clinical outcomes, and model gene expression patterns between the two risk groups was displayed in Figure 4D. Among TCGA cohort, the AUC values for the predicted survival rates at 3-, 5-, and 10-year were 0.723, 0.726, and 0.770, respectively, demonstrating the robust prognostic power of the signature (Figure 4E). Compared with some existing BC biomarkers, our gene signature had better predictive performance with higher AUC and c-index values (Figures 4F–I) (48–50). Using a BC cohort from the ICGC database, we performed external validation to further confirm the predictive capacity of the NMRS. Based on the risk score calculation formula, 98 patients in the ICGC cohort were divided into high- (n = 49) and low-risk (n = 49) groups according to the median value. The KM survival curve showed that the survival of the high-risk group was significantly poorer than that of the low-risk group (Figure 4J, P = 0.031). Moreover, the AUC value of the 5-year OS in the external testing cohort was 0.762 (Figure 4K).




Figure 4 | Construction and validation of the NMRS. (A) Cross validation method to select optimal genes. (B) The Lasso coefficient profiles. (C) The OS KM curves between high- and low-risk groups in the TCGA-BRCA cohort. (D) The model genes, risk score and clinical outcomes in the two risk groups. (E) The time-dependent ROC curves of the NMRS. (F-H) The time-dependent ROC curves of Wang’s, Yang’s and Zhang’s gene signature. (I) C-idex of our signature, Wang’s, Yang’s and Zhang’s signature. (J) The OS KM curves between high- and low-risk groups in the ICGC cohort. (K) The time-dependent ROC curves of the NMRS in the ICGC cohort.





3.4 Stratified analysis and establishment of a NAM metabolism-based nomogram

To further verify the prognostic value of the signature in subgroups with distinct clinical features, we conducted a stratified analysis. Based on age, pathological stage, TNM stage, and ER, PR, and HER-2 status, we divided patients into different subgroups and performed survival analysis. Figures 5A–H showed the distribution characteristics of the different risk groups in each subgroup. The results showed that, consistent with the observation in the entire cohort, the low-risk group had better clinical outcomes in all subgroups except in the M1 stage (Figures 6A–P). Additionally, significant clinicopathological indicators and the gene signature were subjected to the univariate and multivariate Cox analyses. In the univariate regression analysis, we observed that age (HR: 1.050, 95% confidence interval (CI):1.030– 1.070, P < 0.001), stage (2.588, 1.594–4.204, P < 0.001), HER-2 status (1.731, 1.032–2.903, 0.037), and risk score (0.305, 0.174–0.535, P < 0.001) were significantly related to BC prognosis (Figure 7A). After adjusting for potential bias using multivariate regression analysis, age (1.048, 1.028–1.068, P < 0.001), stage (2.714, 1.649–4.469, P < 0.001), and risk score (0.319, 0.181–0.563, P < 0.001) were found to be independent predictors (Figure 7B). Based on the independent prognostic factors, a comprehensive nomogram was developed to make quantitative predictions of the 3-, 5-, and 10-year OS probabilities in patients with BC (Figure 7C). The AUC values were 0.806, 0.766, and 0.723 at 3, 5, and 10-years, respectively, indicating that the nomogram could provide accurate predictions (Figure 7D). The calibration curves demonstrated a high consistency between the predicted and actual OS (Figure 7E). The clinical applicability of the nomogram was examined using the DCA curve (51). Compared to the model with clinical characteristics only, we found that this comprehensive nomogram could generate more net benefits, which might contribute to better clinical management (Figure 7F).




Figure 5 | (A-H) The distribution characteristics of different clinicopathological factors in the two risk groups (Age, Stage, T, N, M, ER, PR and HER-2, respectively).






Figure 6 | The OS KM curves of the two risk groups stratified by the clinicalpathological factors. (A-B) Age, (C-D) Stage, (E-F) AJCC T stage, (G. H), AJCC N stage, (I, J) AJCC M stage, (K, L) ER status, (M, N) PR status, (O, P) HER-2 status.






Figure 7 | Development and assessment of the nomogram. (A) Univariate regression. (B) Multivariate regression of the clinicopathological indicators and gene signature. (C) A comprehensive nomogram for predicting BC patients’ survival probability. (D) The time-dependent ROC curves of the nomogram. (E) Calibration curves of the nomogram at 3-, 5-, and 10-year intervals. (F) DCA curves of the clinicopathological indicators and this nomogram.





3.5 Identification of the immune landscape

GSEA of DEGs was performed to determine the biological processes of the two risk groups. Notably, the low-risk group was predominantly enriched in immune-associated processes, such as antigen processing and presentation, chemokine signaling pathways, and natural killer cell-mediated cytotoxicity, whereas the high-risk group was enriched in cancer-related processes, such as focal adhesion and ECM receptor interaction (Figures 8A, B). Then, the ESTIMATE and CIBERSORT algorithms were employed to explore the tumor microenvironment. ESTIMATE analysis showed that the low-risk group had lower stromal scores, estimated scores, and higher immune scores (P < 0.05) (Figure 8C). According to the results of CIBERSORT, the low-risk group had a significantly higher proportion of CD8 T cells, activated memory CD4 T cells, follicular helper T cells, regulatory T cells, M0 macrophages, M1 macrophages, activated mast cells, and eosinophils (P < 0.05) (Figure 8D). The ssGSEA results were demonstrated in a heatmap to visualize the relative abundance of 28 immunocyte subpopulations (Figure S2). We found that the immune infiltrating cell subpopulations with anti-tumor effects were mainly enriched in the low-risk group, such as the activated dendritic cell and activated CD4/CD8 T cell, while the immunocyte subpopulations with pro-tumor effects were mainly enriched in the high-risk group, such as the myeloid-derived suppressor cells (MDSC) and immature dendric cell. Additionally, nine frequent checkpoint genes, including the well-known BTLA, CTLA-4, and PDCD1, were strongly elevated in the low-risk group (P < 0.05) (Figure 8E). Furthermore, higher scores were observed in the committed steps of the cancer-immunity cycle and immune-associated positive signals in the low-risk group (P < 0.05) (Figures 8F, G). Tumor cells evade immunosurveillance by enhancing TMB, whereas TMB conversely serves as a predictor of immunological response. Thus, we further visualized the mutation landscape in distinct risk groups and explored the correlation between risk score and TMB. Figures 8H, I demonstrate the top 20 genes with high mutation frequency in the risk groups, of which PIK3CA and TP53 have been shown to be of great significance (52–55). 391 (85.75%) of the 456 samples had mutations in the high-risk group, whereas in the low-risk group, 388 (87.19%) of the 445 samples did so. Furthermore, significantly higher TMB was observed in the low-risk group than in the high-risk group (Figure 8J). These findings suggest that the immune landscape between the two risk groups differ considerably.




Figure 8 | Identification of the immune landscape between the two risk groups. The GSEA of the DEGs. (A) in the low-risk group. (B) in the high-risk group. (C) Comparisons of the stromal, immune and ESTIMATE score in the two risk groups. (D) Comparisons of immunocyte’s infiltration fractions in the two risk groups. (E) The differential expression of checkpoint genes in the two risk groups. (F) Differences of cancer-immunity cycle scores in the two risk groups. (G) Differences of immune-associated positive signals in the two risk groups. The mutation landscape of the top 20 genes. (H) in the low-risk group. (I) in the high-risk group. (J) Comparisons of TMB in the two risk groups. * p<0.05, ** p<0.01, *** p<0.001, ns p>0.05.





3.6 Prediction of immunotherapy efficacy

The immunotherapy response in the two risk groups was evaluated using the IPS, Submap algorithms, and an external immunotherapy cohort. The IPS showed marked therapeutic benefits from checkpoint inhibitor treatment in the low-risk group (Figure 9A). Results from Submap revealed the therapeutic response to anti-CTLA4 and anti-PD-1 immunotherapy in BC patients (Figure 9B). The probability that the low-risk would react to anti-PD-1 immunotherapy was higher, as shown by the nominal P-value (P = 0.007) and Bonferroni corrected P-value (P < 0.001). Moreover, in the iMvigor210 cohort, we observed that the objective response rate (CR/PR) and survival probability in the low-risk group were higher than that in the high-risk group (Figures 9C, D). The outcomes in the external cohort verified that the NMRS could identify individuals that were immunotherapy-sensitive.




Figure 9 | Prediction of the immunotherapy response in the two risk groups. (A) Comparisons of the IPS in the two risk groups. (B) Submap analysis between the two risk groups. (C) The proportion of clinical response to anti-PD-L1 immunotherapy in different risk groups in iMvigor210 cohort. (D) KM curves for the low-risk and high-risk groups in the iMvigor210 cohort. *** p<0.001.





3.7 Comparisons of drug sensitivity

To further investigate the clinical utility of NMRS in precise BC treatment, we assessed the therapeutic efficacy of frequently prescribed chemotherapeutic medications in different risk groups. According to the findings, low-risk individuals were more responsive to temzolomide, celiparib, doxorubicin, gefitinib, tamoxifen, 5-Flurouracil and gemcitabine, while less sensitive to sorafenib, sunitinib, and lapatinib (Figures 10A–J, P < 0.05).




Figure 10 | Drug sensitivity analysis between the low- and high-risk groups. (A) Temozolomide. (B) Veliparib. (C) Doxorubicin. (D) Gefitinib. (E) Tamoxifen. (F) 5-Fluorouracil. (G) Gemcitabine. (H) Sorafenib. (I) Sunitinib. (J) Lapatinib. * p<0.05, *** p<0.001.





3.8 Validation of the gene signature using scRNA-seq analysis

We analyzed a scRNA-seq cohort to see whether the gene signature could be utilized to discriminate between different cellular subtypes. Using the tSNE analysis, fourteen clusters were identified (Figure 11A). These clusters could be divided into nine different cell subtypes, including epithelial cells, embryonic stem cells, monocyte, T cells, fibroblasts, tissue stem cells, smooth muscle cells, chondrocytes and endothelial cells, according to the results of the cellular subtype annotation (Figure 11B). The expression level of the gene signature in each subtype was displayed in a bubble plot, and the cellular subtypes could be distinguished (Figure 11C). KLB, ZMAT3, CNOT10, and PSME2 were highly expressed in most cell subtypes, whereas the other model genes had relatively specific expression patterns. SFRP4, and THEM6 were highly expressed in fibroblasts and epithelial cells, respectively. These findings demonstrated the stability of this gene signature for cellular subtype discrimination.




Figure 11 | Validation of the gene signature in the scRNA-seq data. (A) The tSNE analysis showing 14 cellular subtypes in the scRNA-seq data. (B) The heatmap demonstrating the corresponding genes in each cellular subtype. (C) The expression level of the model genes in each cellular subtype.






4 Discussion

Nicotinamide (NAM) is a water-soluble amide form of vitamin B3 and precursor of NAD+ (18). Components of NAM-related metabolism, such as NAD+, NMN, and the core enzyme NAMPT, play an important role in maintaining DNA repair and gene stability, and regulating the immune microenvironment (19, 20, 25–28). Recent studies have shown that NAM supplementation effectively inhibited the development of various malignancies such as breast cancer, chronic lymphocytic leukemia, and hepatocellular carcinoma (18, 25, 56). In recent years, the morbidity of BC has steadily increased, making it the most frequent malignancy in women. Clinicopathological characteristics (such as age, stage, histological grade, tumor size, and lymph node status) remain the primary indicators to predict prognosis and guide treatment in clinical practice. However, owing to the high heterogeneity of BC, traditional clinicopathological factors are insufficient to predict prognosis precisely. With the development of sequencing technology, an increasing number of researchers have begun to attach importance to the prognostic value of tumor molecular mechanisms, and corresponding biomarkers have been developed (57, 58). Several biomarkers have been applied in clinical molecular diagnosis and formulation of individualized treatment schemes. For example, the breast cancer 21-gene assay (Oncotype DX) is used to predict the recurrence risk and chemotherapy benefits in patients with hormone receptor-positive, HER2 receptor negative and lymph node-negative subtypes (59). Additionally, although some molecular risk models have not been used in clinical management, they show great potential for the precise prediction of BC, such as pyroptosis-associated and TP53 mutation-related models (60, 61). However, the significance of the NAM metabolism in BC remains unclear. In this study, we constructed a NAM metabolism-related signature to conduct risk stratification, predict prognosis, and provide immunotherapy guidance at the transcriptional level for clinicians treating patients with BC.

Due to the unrobustness of models based on individual genes, we identified a NAM metabolism-related 6-gene signature using machine learning methods. All of the six genes have significant roles in tumorigenesis and progression, but they are not correlated with each other. By combining the signature with two clinical indicators (age and pathological stage), a comprehensive nomogram was developed for accurate predictions. We observed that the risk score accounted for a considerable proportion of the total score in the model, verifying its significance.

Tumor microenvironment (TME) is a complex and dynamic ecosystem that mainly includes tumor cells, immune cells, and Sertoli cells. It plays a crucial role in the occurrence, development, and metastasis of tumors (62). Compared to the high-risk group, the low-risk group had a higher immune score, which was consistent with previous studies showing that high immune infiltration indicated a good clinical outcome (63–65). In addition, the low-risk group showed abundant infiltration of CD8 + T cells and M1 macrophages. Previous studies have reported that these immunocytes have robust anticancer and immunity-enhancing ability (66, 67). However, M2 macrophages and MDSCs were the primary component of the high-risk group immune cells. They can inhibit the immune response and promote tumor angiogenesis and lymphangiogenesis, thus leading to tumor growth and metastasis (68–70).

Tumor cells escape immune surveillance through multiple mechanisms, including activation of the immune checkpoint pathway. ICIs reverse immunological tolerance by overcoming tumor cell-mediated immune incapacity, restoring anticancer immunity, and clearing tumor cells (71). Previously, BC was not considered a highly immunogenic tumor owing to its low mutation burden and limited ability to form neoantigens (72). However, an increasing number of studies have reported a close association between BC and the immune system. Turajlic et al. found that, compared with other subtypes, TNBC has a relatively high TMB that can lead to an increase in tumor-related antigens, making it possible for the immune system to recognize and fight against tumor cells (73). Su et al. observed that trastuzumab treatment in HER2-positive patients can reshape the TME and enhance PD-L1 expression, providing a theoretical basis for the combination of immunotherapy and targeted therapy (74). Researchers have also found that the combination of endocrine therapy with ICIs may cause a decline in immunosuppressive cells in hormone receptor (+) patients (75). In summary, patients with all BC subtypes may benefit from immunotherapy. However, the efficacy of immunotherapy varies greatly among individuals, and only a portion of patients can benefit from it (76). Therefore, the development of predictive biomarkers for ICI treatment is particularly important for screening specific populations for individualized treatment. Currently, some biomarkers for predicting treatment response to ICIs have been identified, such as tumor mutation burden and CD8 infiltration (77, 78). In this study, based on the NAM metabolism-related signature, we used multiple algorithms and an independent cohort to explore the immunotherapy response between different risk groups. The results consistently showed patients in the low-risk group were more likely to benefit from immunotherapy, demonstrating the signature’s robust predictive power for immunotherapy response. In addition, a comprehensive consideration of this gene signature could effectively distinguish distinct BC cell subtypes, showing great application prospects.

However, our study had some limitations. First, our research was based on an existing public database and the findings require multicenter prospective trials for validation. Second, there may be some unknown interactions between genes and gene products in the signature, which has implications in physiology and pathology. Further exploration is required to characterize the mechanisms of the identified gene signature in vitro and vivo experiments.



5 Conclusion

In summary, we identified a novel NAM metabolism-related signature for the prognostic prediction in BC using bioinformatic analyses. Moreover, the gene signature had promising potential for predicting the immune microenvironment and immunotherapy response, which might facilitate clinical management.
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Background

Programmed cell death protein-1/programmed cell death ligand-1 (PD-1/PD-L1) inhibitors works by reactivating immune cells. Considering the accessibility of noninvasive liquid biopsies, it is advisable to employ peripheral blood lymphocyte subsets to predict immunotherapy outcomes.





Methods

We retrospectively enrolled 87 patients with available baseline circulating lymphocyte subset data who received first-line PD-1/PD-L1 inhibitors at Peking Union Medical College Hospital between May 2018 and April 2022. Immune cell counts were determined by flow cytometry.





Results

Patients who responded to PD-1/PD-L1 inhibitors had significantly higher circulating CD8+CD28+ T-cell counts (median [range] count: 236 [30-536] versus 138 [36-460]/μL, p < 0.001). Using 190/μL as the cutoff value, the sensitivity and specificity of CD8+CD28+ T cells for predicting immunotherapy response were 0.689 and 0.714, respectively. Furthermore, the median progression-free survival (PFS, not reached versus 8.7 months, p < 0.001) and overall survival (OS, not reached versus 16.2 months, p < 0.001) were significantly longer in the patients with higher CD8+CD28+ T-cell counts. However, the CD8+CD28+ T-cell level was also associated with the incidence of grade 3-4 immune-related adverse events (irAEs). The sensitivity and specificity of CD8+CD28+ T cells for predicting irAEs of grade 3-4 were 0.846 and 0.667, respectively, at the threshold of CD8+CD28+ T cells ≥ 309/μL.





Conclusions

High circulating CD8+CD28+ T-cell levels is a potential biomarker for immunotherapy response and better prognosis, while excessive CD8+CD28+ T cells (≥ 309/μL) may also indicate the emergence of severe irAEs.





Keywords: programmed cell death-1, lymphocyte subsets, CD8+CD28+ T cell, prognosis, immune-related adverse events




1 Introduction

PD-1/PD-L1 (programmed cell death-1/programmed cell death-ligand 1) inhibitors, known as a kind of immune checkpoint inhibitors (ICIs), have revolutionized the paradigm of tumor therapy (1). PD-1/PD-L1 inhibitors work by abrogating the immune tolerance of T cells, resulting in the reactivation of immune cells and a subsequent antitumor response (1). However, the overall response rate to ICI treatment is only approximately 30% across malignancies (1, 2). Therefore, it is necessary to explore biomarkers to anticipate which patients will benefit from ICI therapy and reduce unwanted toxicities and costs.

Several studies have proposed PD-L1 expression in the tumor microenvironment (TME) and tumor-infiltrating lymphocytes (TILs) as cancer immunotherapy response biomarkers (2, 3). Nevertheless, it is generally difficult to obtain sufficient samples from tissue biopsy to delineate the heterogeneity of the tumor (4). On the other hand, tumor cells can reshape the immune environment at the tumor site and result in systemic effects (5). Immune cells derived from peripheral blood can eventually infiltrate the TME and may provide information in the use of ICI therapy (6). Some studies have found a good correlation between immune cell profiles in peripheral blood and tumor tissue (4, 7). Considering the accessibility of noninvasive liquid biopsies, it is advisable to employ peripheral blood lymphocyte subsets to predict immunotherapy outcomes.

In the present retrospective cohort study, we aimed to explore the correlation between circulating lymphocyte profiles and immunotherapy outcomes in cancer patients in the treatment of PD-1/PD-L1 inhibitors. To reduce confounding factors and mitigate the effect of front-line systematic treatment on immune cell profiles (8), we focused only on patients receiving first-line immunotherapy.




2 Materials and methods



2.1 Patients

We reviewed patients received PD-1/PD-L1 inhibitors in the Department of Medical Oncology, Peking Union Medical College Hospital (PUMCH) between May 2018 and April 2022 with the Electronic Medical Record Analytical Database (PUMCH-EMERALD). Inclusion criteria were as follows: 1) patients histopathologically diagnosed with cancers; 2) received at least 1 cycle of PD-1/PD-L1 inhibitors; and 3) available lymphocyte subset test within one month before the initiation of immunotherapy. The exclusion criteria were as follows: 1) received any systemic antitumor treatment before PD-1/PD-L1 inhibitor therapy; 2) died or lost of follow-up within one month before immunotherapy initiation; 3) survival outcomes or immune-related adverse events (irAEs) could not be assessed; and 4) any known second primary tumors. Immunotherapy outcomes were evaluated by medical records and telephone follow-up. Consent to participate was waived because of the deidentified data of the retrospective study.




2.2 Assessments

PD-1/PD-L1 inhibitors were administrated until tumor progression or unacceptable toxicity. Patients were followed up until loss of contact or death by October 21, 2022. Tumor assessment was carried out every 6 to 12 weeks using computed tomography (CT) scans or magnetic resonance imaging (MRI). Treatment responses were categorized as complete response (CR), partial response (PR), stable disease (SD), and progressive disease (PD) according to Response Evaluation Criteria in Solid Tumors version 1.1 (9). Patients who achieved CR or PR were considered immunotherapy responders, and the remainder were considered nonresponders. The objective response rate (ORR) was defined as the rate of best response of either CR or PR. Progression-free survival (PFS) was defined from the date of immunotherapy initiation to tumor progression or death due to any cause in the absence of progression. Overall survival (OS) was defined from the date of immunotherapy initiation to death due to any cause. The irAEs were graded based on the Common Terminology Criteria for Adverse Events version 5.0. The efficacy and irAEs were evaluated by two blinded independent senior clinical oncologists.

EDTA-anticoagulated peripheral whole blood was freshly collected before immunotherapy onset and tested with a panel of antibodies directed against antigen combinations of CD3/CD8/CD4, CD3/CD16CD56/CD19, CD28/CD8/CD4, HLA-DR/CD38/CD8, CD62L/CD45RA/CD4 and isotype controls (Immunotech, France). The circulating lymphocyte immunophenotype was determined by three-color flow cytometry (Epics XL flow cytometry; Bechman Coulter, USA) as previously described (10).




2.3 Statistical analysis

In this study, Mann−Whitney U test, Pearson’s chi-square test and Fisher’s exact test were utilized for continuous variables and categorical variables, respectively. Logistic regression was performed to explore variables associated with immunotherapy response and irAEs. The cutoff value of the CD8+CD28+ T-cell count for predicting immunotherapy response or irAEs was determined by the receiver operating characteristic (ROC) curve. Univariate and multivariate Cox analyses were conducted to identify variables associated with survival outcomes, and only the statistically significant factors in univariate analysis were selected during the multivariate analysis. Survival outcome was further estimated by the Kaplan−Meier method and log-rank test. Moreover, propensity-score matching (PSM) was used to reduce the influence of confounding factors. The propensity scores were calculated by cancer type, age and TNM stage. All statistical analyses were conducted using R software (version 3.6.1, https://www.r-project.org/). All p values were two-tailed; p < 0.05 was considered statistically significant.





3 Result



3.1 Patient characteristics

The main cancer types of the 87 enrolled patients were non-small cell lung cancer (NSCLC) and digestive tract cancers. The median age of the patients was 61 (range 32-85) years. The median follow-up time was 15.6 (range 2.5-49.4) months. None of the patients had a previous diagnosis of autoimmune disease. Eighty-three patients (95.4%) had an ECOG performance status score of 0 or 1, and 65 (74.7%) had stage IV disease (Table 1). The ORR of the population was 51.7%. The median PFS was 12.5 months, while the median OS was not reached. Moreover, 41 (47.1%) patients developed any grade irAEs, 9 (10.3%) patients experienced grade 3-4 irAEs, and no patients died due to irAEs.


Table 1 | Baseline characteristics.






3.2 Evaluation of efficacy

Patients were categorized as immunotherapy responders (CR or PR, n = 45) or nonresponders (SD or PD, n = 42), in order to investigate the association between baseline peripheral lymphocyte subsets level and immunotherapy response. As shown in Table 2, univariate logistic regression analysis demonstrated that total lymphocytes, CD16+CD56+ NK cells, CD8+CD28+ T cells, and CD8+CD38+ T cells were identified as potential indicators of immunotherapy response. Further multivariate analysis confirmed that a higher CD8+CD28+ T-cell count (odds ratio [OR]: 1.009, 95% confidence interval [CI]: 1.002-1.016, p = 0.006) was an independent predictor of immunotherapy response. Consistently, CD8+CD28+ T-cell counts were significantly higher in immunotherapy responders than in nonresponders (median [range] count: 236 [30-536] versus 138 [36-460]/μL, p < 0.001; Figure 1A). Furthermore, the CD8+CD28+ T-cell count was a desirable predictor of immunotherapy response (area under the curve [AUC]: 0.734), with a specificity of 0.714 and sensitivity of 0.689 using CD8+CD28+ T cells ≥ 190/μL as the threshold (Figure 1B). On the other hand, patients with high CD8+CD28+ T-cell counts (≥190/μL) had a significantly higher ORR (72.1% versus 31.8%, p < 0.001; Figure 1C).


Table 2 | Univariate and multivariate logistic regression for immunotherapy response, irAEs of any grade, and irAEs of grade 3-4.






Figure 1 | Correlation of CD8+CD28+ T-cell count with the immunotherapy response. (A) Comparison of CD8+CD28+ T-cell counts between immunotherapy responders and nonresponders. (B) Validation of the predictive value of the CD8+CD28+ T-cell count for immunotherapy response using an ROC curve. (C) Comparison of immunotherapy response between patients with high (≥ 190 cells/μL) and low (< 190 cells/μL) CD8+CD28+ T-cell counts. ROC, receiver operating characteristic.



Then, the relationship between the survival outcomes and circulating lymphocyte subsets of the patients was analyzed. The univariate Cox regression analysis suggested that liver metastasis and CD8+CD28+ T-cell count were indicators of PFS in patients taking PD-1/PD-L1 inhibitors (Table 3). Multivariate analysis showed that a higher CD8+CD28+ T-cell count (HR: 1.00, 95% CI: 0.99-1.00, p = 0.002) was an independent predictor of better PFS. Likewise, multivariate Cox analysis identified that the CD8+CD28+ T-cell count (HR: 0.99, 95% CI: 0.99-1.00, p = 0.018) was also significantly correlated with OS (Table 4). Furthermore, it suggested that the median PFS (not reached versus 8.7 months, p < 0.001) and median OS (not reached versus 16.2 months, p < 0.001) were significantly longer in the higher CD8+CD28+ T-cell group (≥ 190/μL) in Kaplan-Meier curves (Figures 2A, B). By using PSM, the CD8+CD28+ T-cell count was robustly related to with the median PFS and median OS of the patients (Figures 2C, D).


Table 3 | Univariate and multivariate Cox analyses of factors for progression-free survival.




Table 4 | Univariate and multivariate Cox analyses of factors for overall survival.






Figure 2 | Kaplan−Meier curves of progression-free survival and overall survival in patients with high (≥ 190 cells/μL) and low (< 190 cells/μL) CD8+CD28+ T-cell counts before (A, B) and after (C, D) propensity score matching.






3.3 Safety analysis

As shown in Table 2, the univariate logistic regression analysis suggested that CD3+CD4+ T cells and CD4+CD28+ T cells were associated with the occurrence of irAEs of any grade, while further multivariate analysis showed no credible predictor for irAEs. However, the logistic regression analysis demonstrated that only higher CD8+CD28+ T-cell level was a risk factor for severe irAEs (OR: 1.006, 95% CI: 1.000-1.011, p = 0.038). Accordingly, CD8+CD28+ T-cell counts were significantly higher in patients who experienced severe irAEs (median [range] count: 314 [136-429] versus 181 [30-536]/μL, p = 0.037; Figure 3A). The AUC was 0.736; at the threshold of CD8+CD28+ T cells ≥ 309/μL, the specificity was 0.846, and the sensitivity was 0.667 (Figure 3B). Moreover, severe irAEs occurred more often in patients with excessive CD8+CD28+ T-cell counts (≥ 309/μL) (33.3% versus 4.3%, p < 0.001; Figure 3C).




Figure 3 | Correlation of CD8+CD28+ T-cell count with severe irAEs (irAEs of grade 3-4). (A) Comparison of CD8+CD28+ T-cell counts between patients with or without severe irAEs. (B) Validation of the predictive value of the CD8+CD28+ T-cell count for severe irAEs using an ROC curve. (C) Comparison of severe irAEs between patients with high (≥ 309 cells/μL) and low (< 309 cells/μL) CD8+CD28+ T-cell counts. irAEs, immune-related adverse events; ROC, receiver operating characteristic.






3.4 Patient classification based on CD8+CD28+ T-cell level

According to the results of the analysis above, all patients were divided into three groups based on the level of CD8+CD28+ T cells (excessive: ≥ 309/μL; high: 309-190/μL; low: <190/μL). Compared with patients with a low CD8+CD28+ T-cell level, patients with an excessive or high level of CD8+CD28+ T cells had a significantly higher ORR (83.3% versus 64.0% versus 31.8%, p < 0.001; Figure 4A). Furthermore, the median PFS (not reached versus 12.3 versus 8.7 months, p < 0.001; Figure 4B) and OS (not reached versus not reached versus 16.2 months, p = 0.004; Figure 4C) were also significantly longer in the patients with an excessive or high level of CD8+CD28+ T cells. Nevertheless, severe irAEs also occurred more often in patients with an excessive level of CD8+CD28+ T cells (≥ 309/μL) than in those with a high or low level of CD8+CD28+ T cells (33.3% versus 4.2% versus 4.5%, p = 0.002; Figure 4D).




Figure 4 | Correlation of CD8+CD28+ T-cell count with immunotherapy efficacy and safety. Patients were divided into three groups based on the level of CD8+CD28+ T cells (excessive: ≥ 309; high: 309-190; low: <190). (A) Comparison of immunotherapy response between the three groups. (B, C) Kaplan−Meier curves of progression-free survival and overall survival in the three groups. (D) Comparison of severe irAEs between the three groups. irAEs, immune-related adverse events.







4 Discussion

Although clinicians are not very satisfied with the accessibility and accuracy of PD-L1 expression and tumor-infiltrating immune cells in predicting the efficacy of PD-1/PD-L1 inhibitors, there is still a lack of convenient and reliable peripheral blood-derived markers to predict the efficacy and safety of immunotherapy. In the current study, we evaluated the relationship between circulating lymphocytes and immunotherapy outcomes in cancer patients receiving first-line PD-1/PD-L1 inhibitors.

Although it was found that patients who responded to immunotherapy tended to have reduced baseline circulating T cells in comparison with nonresponders (11). As the main effector in tumor immunity (12), many previous studies have confirmed that a higher level of tumor-infiltrating CD8+ T cells was associated with the immunotherapy response (13–15). Consistently, accumulating evidence suggests that the level of circulating CD8+ T cells is also a more accessible biomarker to predict immunotherapy efficacy (16, 17), which suggests that more attention should be given to circulating CD8+ T cells when exploring the correlation between immune cells and immunotherapy outcomes.

CD28 is a pivotal costimulatory molecule that activates effector T cells and induces antitumor immunity by competing with cytotoxic T-lymphocyte associated protein 4 (CTLA-4) for B7-1 and B7-2 ligands (18). It has been proven that CD28/B7 pathway blockade or CD28 deficiency eliminates effector T-cell expansion and the antitumor effect of PD-1 inhibitors (19, 20). Expression of CD28/PD-1 fusion proteins on CD8+ T cells can also overcome the immunosuppressive effect induced by the PD-1/PD-L1 axis and enhance cytolytic activity (21). Furthermore, patients with ovarian cancer had a lower level of circulating CD8+CD28+ T cells (22). Increased CD8+CD28+ T cells indicates a better early response to radiotherapy and favorable survival outcomes in NSCLC patients (23, 24). Our results suggest that circulating CD8+CD28+ T-cell level was associated with immunotherapy efficacy and survival outcomes, even though the impact of confounding factors was minimized. Considering the role of CD28 and the association between enhanced T-cell activation and irAEs (25), it is understandable that a higher CD8+CD28+ T-cell level can also predict the development of severe irAEs. Indeed, a recent study supported that upregulated CD28 was correlated with grade 3-5 irAEs (26). Selective CD28 antagonists are currently being tried in the treatment of autoimmune diseases, confirming their role in suppressing overactivated autoimmunity (27). As a desirable indicator of immunotherapy efficacy and safety, we further categorized patients into three groups according to circulating CD8+CD28+ T cells and confirmed that patients with CD8+CD28+ T-cell counts between 190 and 309/μL had a decent immunotherapy response but fewer severe irAEs. This could help anticipate patients who are befitting candidates for immunotherapy.

Noninvasive repeated sampling of peripheral blood makes dynamic monitoring of circulating lymphocyte profiles a remarkable field. Wang et al. (28) demonstrated that the increase in CD8+ eomesodermin (EOMES)+ and CD8+ EOMES+granzyme B+ T cells, as well as the decline in CD4+ EOMES+Ki67+ T cells after ipilimumab, were associated with melanoma relapse. The decrease in CD8+Ki67+ T cells can also indicate the emergence of irAEs. Tada et al. (29) reported that increased CD4+ and CD8+ terminal effector memory T cells were associated with the response to nivolumab in patients with head and neck squamous cell carcinoma, while another study suggested that the decrease in CD4+ T cells after the first dose of ICIs was a poor predictor for OS and tumor progression (30). Regrettably, there were only 16 patients who had dynamic data on the circulating lymphocyte profile in our cohort; therefore, it was unable to examine the influence of dynamic circulating lymphocytes on the safety and efficacy of ICIs. We will pay more attention to the significance of the dynamic changes in circulating lymphocyte profiles in patients treated with immunotherapy in the future.

This is the first study to evaluate the effect of circulating CD8+CD28+ T cells on ICI administration in the first-line setting to the best of our knowledge. The results add to the growing evidence supporting the role of circulating lymphocytes in patients receiving immunotherapy. However, there are several limitations in our research. First, there may be potential selection bias in the retrospective study. Second, the relatively small size and single-center approach may confine the generalization of our results to other situations. Third, given the complexity of cell lineages, solely relying on the limited cell surface markers used in this study may not be sufficient to elucidate the role of immune cells in antitumor immunity. In the future, more prospective trials and preclinical studies using more detailed surface markers are expected to clarify the role of circulating immune cells in immunotherapy. Moreover, as mentioned above, the dynamic change in lymphocytes and the abundance of lymphocytes in tumor tissues may reflect the change in patients’ antitumor immunity, but we failed to analyze the effect of dynamic circulating lymphocytes on the safety and efficacy of PD-1/PD-L1 inhibitors.




5 Conclusion

In summary, our data suggested that a high circulating CD8+CD28+ T-cell level indicates an immunotherapy response and prolonged survival, but excessive CD8+CD28+ T cells (≥ 309/μL) may also indicate the risk of severe irAEs.
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Objective

LRPPRC is a newly discovered N6-methyladenosine (m6A) modification reader, which potentially affects hepatocellular carcinoma (HCC) progression. PD-L1 in tumor cells is essential for tumor immune evasion. This work investigated the LRPPRC-mediated m6A-modification effect on PD-L1 mRNA and immune escape in HCC.



Methods

Expression and clinical implication of LRPPRC and PD-L1 were measured in human HCC cohorts. The influence of LRPPRC on malignant behaviors of HCC cells was investigated through in vitro assays and xenograft tumor murine models. The posttranscriptional mechanism of LRPPRC on PD-L1 and anti-tumor immunity was elucidated in HCC cells via RIP, MeRIP−qPCR, RNA stability, immunohistochemical staining, and so forth.



Results

LRPPRC exhibited the notable upregulated in human HCC tissues, which was in relation to advanced stage and worse overall survival and disease-free survival. Impaired proliferative capacity and G2/M phage arrest were found in LRPPRC-knockout cells, with increased apoptotic level, and attenuated migratory and invasive abilities. In HCC patients and murine models, LRPPRC presented a positive interaction with PD-L1, with negative associations with CD8+, and CD4+ T-cell infiltrations and chemokines CXCL9, and CXCL10. LRPPRC loss downregulated the expression of PD-L1 and its m6A level in HCC cells. Moreover, LRPPRC suppression mitigated tumor growth in murine models and improved anti-tumor immunity and immune infiltration in tumors.



Conclusion

This work unveiled that LRPPRC may posttranscriptionally upregulate PD-L1 partially with an m6A-dependent manner for heightening mRNA stabilization of PD-L1 and provided a new mechanism for m6A regulator-mediated immunosuppression in HCC.
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Introduction

Globally, hepatocellular carcinoma (HCC) remains one of the most prevalent causes of cancer-associated deaths (~800,000 cases per year) (1). Less than 20% of HCC patients survive over 1 year following initial diagnosis (2). Liver transplantation brings the optimal first-rank outcomes for patients who meet strict criteria (3). Immunotherapy with checkpoint inhibitors has revolutionized the clinical management of unresectable HCC. Single-agent anti-programmed death-1 (PD-1) inhibitor has exhibited a promising efficacy against HCC in early phase clinical trials (4). Atezolizumab [anti-programmed death ligand 1 (PD-L1) antibody] in combination with bevacizumab (anti-VEGF antibody) has gained the approval as the first-line setting, which can improve overall survival (5). Moreover, durvalumab (anti–PD-L1 agent) combined with tremelimumab (anti-CLTA4 agent) has displayed the superiority in prolonging overall survival time (6). Single-agent pembrolizumab (anti–PD-1 antibody) (7) and the combination of nivolumab (anti–PD-1 antibody) with ipilimumab (anti-CLTA4 antibody) (8) have been approved as the second-line therapeutic options. While immunotherapy has achieved such major advances, the molecular basis for controlling immune response and escape remains indistinct.

N6-methyladenosine (m6A) remains the most abundant RNA modification type in humans, which affects almost every process of mRNA metabolism (9). This modification is installed via methyltransferase complex and removed via demethylases (10, 11). In addition, the m6A reader proteins are capable of recognizing the m6A-modified RNAs (12). Leucine rich pentatricopeptide repeat containing (LRPPRC) is a newly discovered reader of m6A modification, which is frequently overexpressed in HCC tissue (13), and its overexpression is related to unfavorable prognostic outcomes of HCC (14). As for molecular mechanisms, LRPPRC can sustain Yap-P27–induced cell ploidy and P62-HDAC6–controlled autophagy maturation as well as attenuate genome instability and HCC progression (15). In addition, through interacting with LRPPRC, lncRNA SNHG17 stabilizes c-Myc protein and facilitates G1/S transition and cellular proliferation in HCC (16). Limited evidence proves that LRPPRC enables to mediate immunity or immune response. LRPPRC presents a negative correlation to most tumor-infiltrating immune cells in lung adenocarcinoma (17). In periodontitis, MHC molecules HLA-B and HLA-DOA can be potentially affected by LRPPRC (18). In HCC, LRPPRC upregulation correlates to decreased T cells, cytotoxic cells, dendritic cells as well as cytolytic activity response (19). In addition, it exhibits a positive relationship with PD-L1 (20). On the basis of existing evidence, this work offers a novel posttranscriptional mechanism by which LRPPRC facilitates tumor progression as well as mediates immune evasion in HCC through elevating m6A modification of PD-L1 mRNA, which might offer a possible strategy for the immunotherapy against HCC via utilizing LRPPRC as a therapeutic target.



Materials and methods



Bioinformatics analysis

Through utilizing the TIMER2.0 platform (http://timer.cistrome.org/) (21), pan-cancer analysis was conducted on LRPPRC expression in tumors and control tissue specimens. Its expression was also measured in HCC and control tissues via the GEPIA2 web server (http://gepia2.cancer-pku.cn/#index) (22). The difference in LRPPRC expression among distinct tumor stages was assessed in HCC patients. Overall survival and disease-free survival probabilities of patients with lowly or highly expressed LRPPRC were plotted as Kaplan–Meier curves, followed by log-rank test.




Tissue specimens

In total, 30 paired HCC and adjacent normal tissues were gathered from the Anhui Provincial Cancer Hospital (China). These specimens were frozen and stored in liquid nitrogen before analysis. Each patient was diagnosed as primary HCC without any treatment prior to surgical resection. This work gained the approval of the Ethics Committee of The Affiliated Bozhou Hospital of Anhui Medical University (2022).




RNA extraction and reverse transcription quantitative real-time polymerase chain reaction

Total RNA was extracted by use of TRIzol reagent (St. Louis, Missouri, USA: St. Louis, Missouri, USA: Sigma-Aldrich). RNA content was tested utilizing a spectrophotometer. Samples with 260/280 absorbance ratio > 2 ± 0.1 were removed. Afterward, RNA was reverse transcribed into cDNA via reverse transcription kit (Dalian, China: Takara), followed by quantitative polymerase chain reaction (qPCR) by SYBR Premix Ex Taq (Dalian, China: Takara). The relative expression was computed with 2-ΔΔCt. The primers included LRPPRC, 5′-GCTCATAGGATATGGGACACACT-3′ (forward), 5′-CCAGGAAATCAGTTGGTGAGAAT-3′ (reverse); PD-L1, 5′-TGGCATTTGCTGAACGCATTT-3′ (forward), 5′-TGCAGCCAGGTCTAATTGTTTT-3′ (reverse); β-actin, 5′-CATGTACGTTGCTATCCAGGC-3′ (forward), 5′-CTCCTTAATGTCACGCACGAT-3′ (reverse).




Western blot

Total protein was prepared utilizing RIPA reagent, followed by quantification with BCA assay kit (St. Louis, Missouri, USA: Sigma-Aldrich). Next, the sample was separated via SDS-PAGE gel kit (Wuhan, China: Elabscience). Being transferred onto PVDF membrane, the membrane was exposed to LRPPRC (1:2000; 21175-1-AP; Wuhan, China: Proteintech), β-actin (1:5000; 81115-1-RR; Wuhan, China: Proteintech), or PD-L1 (1:300; 28076-1-AP; Proteintech) primary antibody at 4°C overnight. Next, incubation with secondary antibody (1:5000; SA00001-2; Wuhan, China: Proteintech) was conducted at room temperature lasting 2h. The blots were imaged with enhanced chemiluminescence system, which were quantified via ImageJ software.




Immunohistochemical staining

The section was cut into 3-μm thickness on paraffin-embedded tissue specimens. After 4h heat at 50°C, deparaffinizion and rehydration were implemented by the use of 100% xylene along with a gradient of ethanol. The activity of endogenous peroxidase was sealed utilizing 0.3% hydrogen peroxide lasting 15 min, followed by antigen retrieval. After blocking non-specific binding, the section was exposed to 100-μl blocking buffer lasting 25 min. Afterward, primary antibody of LRPPRC (1:50; 21175-1-AP; Proteintech), PD-L1 (1:500; 28076-1-AP; Proteintech), CD8 (1:200; 66868-1-Ig; Proteintech), CD4 (1:450; 67786-1-Ig; Proteintech), CXCL9 (1:50; 22355-1-AP; Proteintech), or CXCL10 (1:50; 10937-1-AP; Proteintech) was added to the section. After incubation overnight at 4°C, it was exposed to secondary antibody lasting half an hour at room temperature. Immunostaining was carried out by the use of the Envision System with diaminobenzidine.




Cell culture

Human HCC-derived cell lines HepG2, Hep3B were acquired from the American Type Culture Collection (Manzas, Virginia, USA). These cells were maintained in Dulbecco’s modified Eagle’s medium (DMEM; Thermo Fisher Scientific) plus 10% fetal bovine serum (FBS; Sigma-Aldrich) and 1% penicillin/streptomycin (Sigma-Aldrich) in a 5% CO2 environment at 37°C.




Transfection

The lentivirus interference vector LV-1 (pGLVU6/GFP) (GenePharma) was utilized for the expression of shRNAs against LRPPRC (sh-LRPPRC). Lentivirus was produced following the manufacturer’s protocols. The virus was utilized for infecting cells under 8 μg/ml protamine sulfate.




EdU staining

Cells were planted into a 96-well plate (5 × 103 cells per well). Cellular proliferation was measured by use of Cell-Light™ EdU Apollo488 Imaging kit (Guangzhou, China: RiboBio) in line with the manufacturer’s instructions.




Flow cytometric analysis

Cells were inoculated into a six-well plate (3 × 105 cells per well). Flow cytometric analysis was adopted for measuring the cell cycle distribution. In brief, cells were exposed to 5 μg/ml propidium iodide (PI) at 4°C away from the light. Following half an hour, the cellular DNA content was tested via flow cytometer (BD FACS Calibur). In addition, the cell percentage of distinct phases was assessed via FlowJo software.




TUNEL staining

After dewaxing, the slides were rehydrated with ethanol, and exposed to 20 μg/ml protease K at 37° lasting 20 min, followed by administration with endogenous peroxidase blocking reagent at room temperature lasting 20 min. TUNEL (Terminal Deoxynucleotidyl Transferase mediated dUTP Nick-End Labeling) experiment was carried out on fixed cells by use of TUNEL (Terminal Deoxynucleotidyl Transferase mediated dUTP Nick-End Labeling) apoptosis detection kit (California, USA: Abbkine). Mount medium with 4′,6-diamidino-2-phenylindole (DAPI) was adopted for mounting the slides. The stained slides were photographed by use of a ZEISS microscope.




Wound healing assay

Cells were seeded onto a six-well plate. When the cells were grown to 90% confluence, a 200-μl pipette tip was utilized for making a wound. Afterward, each plate was washed with 1× PBS buffer for discarding the detached cells and cultured with serum-free medium. Wound healing images at 0h and 48h were photographed, and migration rate was then calculated.




Transwell assay

Matrigel (BD Biosciences) and serum-free medium were mixed at a 1:6 ratio and added to Transwell chamber (8 μm; Waltham, USA: Thermo Fisher Scientific). Following 1h, the suspended cells (1 × 105) were seeded onto the upper chamber containing serum-free medium, and the medium with FBS (700 μl) was added to the lower chamber. At 24h, cells in the upper chamber were discarded. The invasive cells were fixed in 4% polyoxymethylene and dyed with crystal violet.




RNA immunoprecipitation

This assay was conducted utilizing Magna RIP™ RNA-binding protein immunoprecipitation kit (Sigma-Aldrich). Cells were dissolved in 100% RNA immunoprecipitation (RIP) lysis buffer containing proteinase and RNase inhibitors, followed by exposure to RIP buffer comprising magnetic beads conjugated to anti–PD-L1 or IgG antibodies (Proteintech). Following 24h, RNA/bead complexes were resuspended in buffer composed of RNase-free DNase and proteinase K. RT-qPCR was implemented on the immunoprecipitated RNA for detect the enrichment.




MeRIP−qPCR

Total RNA extracted by Trizol reagent were exposed to RNase-free DNase I (Waltham, USA: Thermo Fisher Scientific) for depleting DNA contamination, followed by purification and fragmentation of PolyA RNA. Afterward, 200 μg fragmented RNA was exposed to 3 μg anti-m6A (Synaptic Systems) within RIP reagent lasting 2h at 4°C and protein A/G magnetic beads for additional 2h. Moreover, 50 μl of immunoprecipitation reagent (Thermo Fisher Scientific) was utilized for eluting RNA. RT-qPCR was implemented on the immunoprecipitated RNA for detect the enrichment.




Global m6A quantification

Global m6A level was measured utilizing EpiQuik™ m6A RNA Methylation Quantification Kit (Shanghai, China: Epigentek). After combining 200-ng RNA with captured antibody in each well, which was used for subsequent detection, m6A level was tested utilizing colorimetric approach at 450 nm and computed in line with the standard curves.




RNA stability assay

Cells were seeded onto a six-well plate and exposed to 5 μg/ml actinomycin D (Shanghai, China: AbMole) for 0h, 2h, 4h, or 6h. Extracted RNA from the cells was utilized for RT-qPCR.




Immunofluorescent staining

Cells were planted onto glass slides at 37°C lasting 24h and fixed with 4% paraformaldehyde for half an hour. The slides were incubated with anti–PD-L1 (1:50; 28076-1-AP) antibody for 20 min at room temperature away from the light. Mount medium with DAPI was utilized for mounting the slides. The stained slides were photographed utilizing a ZEISS microscope.




Animal experiment

All animal care and procedures followed the National Institutes of Health Guidelines for Laboratory Animal Care. Male BALB/c nude mice (18–20 g weight, 6-week-old) were acquired from Beijing Vital River Laboratory Animal Technology Co., Ltd. (China). Xenograft tumors were produced through subcutaneously injecting 2×105 control or sh-LRPPRC-transfected HepG2 cells under the arm. Tumor growth was measured by use of slide caliper every 3 days. Tumor volume was computed utilizing the formula 1/2 × (length × width2). Following three weeks, all mice were euthanized, the tumors were gathered for immunoblotting or immunohistochemical staining. This animal study gained the approval of the Animal Ethics Committee of The Affiliated Bozhou Hospital of Anhui Medical University (2022).




Statistical analysis

All experimental data were analyzed by use of GraphPad Prism 8.0.1. Comparisons between groups were implemented via unpaired Student’s t-test, or one- or two-way ANOVA. Through Pearson’s correlation test, correlation analysis was carried out. P < 0.05 indicated statistical significance.




Results



LRPPRC is frequently upregulated in HCC and correlates to patients’ tumor staging and prognosis

In most cancer types, LRPPRC exhibited the notable upregulation in tumors relative to normal tissues (Figure 1A). Especially, it was frequently overexpressed in HCC tumors (Figure 1B). Further verification was conducted for such bioinformatics analysis findings. Thirty HCC and normal specimens were gathered. As expected, upregulated LRPPRC was confirmed in HCC versus controls in accordance with RT-qPCR (Figure 1C), immunoblotting (Figures 1D, E), and immunohistochemical staining (Figures 1F, G). In addition, LRPPRC presented the higher level in advanced stage across The Cancer Genome Atlas (TCGA)-Liver Hepatocellular Carcinoma (LIHC) patients (Figure 1H). This was indicative of the possible role of LRPPRC in HCC progression. The prognostic relevance was then assessed. With the median expression of LRPPRC, we categorized TCGA-LIHC patients as lowly or highly expressed LRPPRC subsets. As illustrated in Figures 1I, J, highly expressed LRPPRC subset possessed the worse overall survival as well as disease-free survival relative to another subset, indicating the contribution of LRPPRC overexpression to poor prognostic outcomes.




Figure 1 | Leucine rich pentatricopeptide repeat containing (LRPPRC) presents the frequent upregulation in hepatocellular carcinoma (HCC) and correlates to patients’ tumor staging and prognosis. (A) The transcript level of LRPPRC in The Cancer Genome Atlas (TCGA) pan-cancer and matched normal tissues. (B) LRPPRC level in HCC and control specimens across TCGA-LIHC patients. (C) RT-qPCR of the transcript level of LRPPRC in paired HCC and control tissues. (D) Representative immunoblotting images of LRPPRC expression in such kinds of tissues. (E) Quantification of LRPPRC expression in line with the immunoblotting gray value. (F) Representative immunohistochemical staining photographs of LRPPRC in HCC and controls. (G) LRPPRC expression quantification in above tissues. (H) Difference in the transcript level of LRPPRC among distinct tumor stages of TCGA-LIHC patients. (I, J) Overall survival and disease-free survival probabilities of patients with lowly or highly expressed LRPPRC. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.






LRPPRC suppression mitigates proliferative capacity and delays cell cycle progression in HCC cells

For the assessment of LRPPRC function during HCC progression, its expression was effectively knockout in HepG2 and Hep3B cells through transfection of specific shRNAs (Figures 2A–C). Afterward, cellular proliferative capacity was measured via carrying out EdU staining. In comparison with controls, EdU-positive cells presented the notable reduction in LRPPRC-knockout cells (Figures 2D-G). This proved that LRPPRC was capable of affecting HCC proliferation. In addition, cell cycle distribution was tested by use of flow cytometric analysis. The proportion of G2/M was prominently elevated by LRPPRC deficiency in two HCC cell lines (Figures 2H-K), indicating the contribution of LRPPRC loss to G2/M cycle arrest of HCC.




Figure 2 | Leucine rich pentatricopeptide repeat containing (LRPPRC) suppression mitigates proliferative capacity as well as delays cell cycle progression in hepatocellular carcinoma (HCC) cells. (A–C) Immunoblotting of LRPPRC expression in HepG2 and Hep3B cells after LRPPRC was knockout. (D–G) EdU staining for the evaluation of proliferative ability of HCC cell lines with LRPPRC deficiency. Bar, 20 μm. (H–K) Flow cytometric analysis for the cell cycle distribution of LRPPRC-knockout HCC cells. *p < 0.05; **p < 0.01; ***p < 0.001.






LRPPRC loss results in apoptosis of HCC cells and attenuates migratory and invasive abilities

In accordance with TUNRL staining results, after LRPPRC was knockout, TUNEL (Terminal Deoxynucleotidyl Transferase mediated dUTP Nick-End Labeling)-positive HepG2 and Hep3B cells exhibited the prominent reduction (Figures 3A-D). This showed that targeting LRPPRC can induce HCC apoptosis. As shown in wound healing experiment, migratory level in HCC cells was remarkably mitigated by LRPPRC deficiency (Figures 3E-H). In addition, the impairment of invasive ability was observed in LRPPRC-knockout HCC cells (Figures 3I-L). Such findings were indicative that LRPPRC inhibition resulted in HCC cell apoptosis as well as impaired migratory and invasive capacities.




Figure 3 | Leucine rich pentatricopeptide repeat containing (LRPPRC) loss results in apoptosis of hepatocellular carcinoma (HCC) cells and attenuates migratory and invasive abilities. (A–D) TUNEL (Terminal Deoxynucleotidyl Transferase mediated dUTP Nick-End Labeling) staining for the assessment of apoptotic level in LRPPRC-deficient HepG2 and Hep3B cells. Bar, 20 μm. (E–H) Wound healing test for investigating the migratory ability of HCC cells under the knockdown of LRPPRC. Bar, 50 μm. (I–L) Evaluation of the invasive capacity of LRPPRC-knockout HCC cells by use of transwell experiment. Bar, 100 μm. *p < 0.05; **p < 0.01; ***p < 0.001.






LRPPRC presents a negative association with anti-tumor immunity and immune infiltration in HCC

Immunohistochemical staining demonstrated the remarkable upregulation of PD-L1 in HCC tumor versus control specimens (Figures 4A, B). HCC tumors exhibited the notably lower density of CD8+ and CD4+ T-cell infiltration relative to normal tissues (Figures 4C-F). CXCL9 and CXCL10 can be generated by antigen-presenting cells (dendritic cells and macrophages) and by tumor cells. Therefore, the two chemokines were measured by use of immunohistochemical staining. As a result, such chemokines were lowly expressed in HCC in comparison with normal specimens (Figures 4G-J). Further analysis was indicative that LRPPRC exhibited a positive relationship with PD-L1 across HCC patients, while displayed negative correlations to CD8, CD4, CXCL9, and CXCL10 (Figures 4K-O). Above data preliminarily proved that LRPPRC was negatively associated with anti-tumor immunity and immune infiltration in HCC.




Figure 4 | Leucine rich pentatricopeptide repeat containing (LRPPRC) exhibits a negative correlation to anti-tumor immunity and immune infiltration in hepatocellular carcinoma (HCC). (A–J) Representative immunohistochemical staining photographs and quantification results of (A, B) PD-L1, (C, D) CD8, (E, F) CD4, (G, H) CXCL9, (I, J) CXCL10 in 30 paired HCC, and normal tissues. (K–O) Scatter plots illustrating the relationships of LRPPRC with (K) PD-L1, (L) CD8, (M) CD4, (N) CXCL9, and (O) CXCL10. **p < 0.01; ***p < 0.001.






LRPPRC elevates m6A modification of PD-L1 mRNA in HCC cells

We firstly used the RM2Target platform (http://rm2target.canceromics.org/) to predict the m6A modification role of LRPPRC in PD-L1 (23). Our prediction data demonstrated that PD-L1 might be potentially modified by LRPPRC-mediated m6A modification. This work assessed the regulatory effect of LRPPRC on the overall m6A modification in HepG2 and Hep3B cells. Consequently, LRPPRC deficiency lowered the global m6A modification in two HCC cell lines (Figures 5A, B). Moreover, it was found that PD-L1 mRNA level exhibited a prominent reduction by 3-deazaadenosine (3-DAA) methylation inhibitor with a concentration-dependent manner (Figures 5C, D). RIP-qPCR was implemented for examining the effect of LRPPRC on posttranscriptional modification of PD-L1. It was found the prominently lower LRPPRC enrichment with PD-L1 mRNA versus IgG control (Figures 5E, F). Based upon MeRIP-qPCR results, PD-L1 mRNA exhibited the remarkable reduction in m6A-modified level by LRPPRC deficiency (Figures 5G, H). In addition, LRPPRC loss resulted in the decrease in mRNA stability of PD-L1, because the half-life of PD-L1 transcript was lowered under exposure to actinomycin D (Figures 5I, J). Altogether, LRPPRC showed a direct interaction with PD-L1 and can modulate m6A modification of PD-L1 mRNA in HCC cells.




Figure 5 | Leucine rich pentatricopeptide repeat containing (LRPPRC) elevates m6A modification of PD-L1 mRNA in hepatocellular carcinoma (HCC) cells. (A, B) the overall m6A modification in HepG2 and Hep3B cells with LRPPRC deficiency. (C, D) PD-L1 transcript level in LRPPRC-knockout HCC cells following 3-DAA exposure. (E, F) RIP-qPCR for the evaluation of the interactions of LRPPRC with PD-L1 mRNA in HCC cells with LRPPRC deficiency. (G, H) The relative m6A level in PD-L1 mRNA in LRPPRC-knockout HCC cells. (I, J) PD-L1 transcript level in LRPPRC-deficient HCC cells following actinomycin D administration. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.






LRPPRC upregulates PD-L1 expression in HCC cells partially with an m6A-independent manner

As expected, PD-L1 exhibited the prominent upregulation in HCC tumors relative to control specimens (Figures 6A, B). Its transcript and protein levels were notably decreased by LRPPRC deficiency in HepG2 and Hep3B cells (Figures 6C-G). Immunofluorescent staining also proved the reduction in PD-L1 protein level in LRPPRC-deficient HCC cells (Figures 6H-K). Such findings proved that LRPPRC enabled to upregulate PD-L1 expression in HCC cells partially with an m6A-independent manner.




Figure 6 | Leucine rich pentatricopeptide repeat containing (LRPPRC) upregulates PD-L1 expression in hepatocellular carcinoma (HCC) cells with an m6A-independent manner. (A, B) Immunoblotting of PD-L1 level in HCC tumors and control specimens. (C, D) Transcript level of PD-L1 in LRPPRC-knockout HepG2 and Hep3B cells. (E–G) PD-L1 protein level in HCC cells with LRPPRC loss. (H–K) Representative immunofluorescent staining photographs and quantification data of PD-L1 in LRPPRC-knockout HCC cell lines. Bar, 10 μm. *p < 0.05; **p < 0.01; ***p < 0.001.






LRPPRC suppression mitigates tumor growth in HCC

HepG2 cells with LRPPRC knockout or not were subcutaneously inoculated into BALB/c nude mice. Following 3 weeks, tumor specimens were dissected. It was observed that LRPPRC-deficient group exhibited the lower tumor weight (Figures 7A-C). In addition, tumor growth was notably slowed down by LRPPRC knockdown (Figure 7D). In addition, Ki-67–positive tumor cells displayed the remarkable reduction in LRPPRC-deficient group (Figures 7E, F). Thus, LRPPRC downregulation may mitigate tumor growth in HCC.




Figure 7 | Leucine rich pentatricopeptide repeat containing (LRPPRC) suppression mitigates tumor growth in hepatocellular carcinoma (HCC). (A) Representative photographs of BALB/c nude mice injecting 2 × 105 HepG2 cells with LRPPRC knockout or not. (B) Representative photographs of tumors from the indicated BALB/c nude mice. (C, D) Tumor weight and tumor growth curves. (E, F) Representative photographs and quantified data of immunohistochemical staining of Ki-67 in tumors. Bar, 50 μm. **p < 0.01; ****p < 0.0001.






LRPPRC loss improves anti-tumor immunity and immune infiltration in vivo

In the subcutaneous xenograft murine models, LRPPRC presented the remarkable downregulation in LRPPRC-knockout group (Figures 8A, B). In addition, PD-L1 level was notably attenuated by LRPPRC deficiency in tumors (Figure 8C). Immunohistochemical staining also proven the downregulation of LRPPRC and PD-L1 in the murine models injected with LRPPRC-knockout HepG2 cells (Figures 8D-F). Moreover, CD8+ and CD4+ T cells exhibited the higher infiltration in tumors from LRPPRC-knockout group (Figures 8G, H). The downregulation of CXCL9 and CXCL10 was also observed in this group (Figures 8I, J). Altogether, LRPPRC deficiency strengthened anti-tumor immunity and immune infiltration in vivo.




Figure 8 | Leucine rich pentatricopeptide repeat containing (LRPPRC) loss improves anti-tumor immunity and immune infiltration in vivo. (A–C) Immunoblotting of LRPPRC and PD-L1 expression in tumors from BALB/c nude mice injected with LRPPRC-knockout or not 2 × 105 HepG2 cells. (D) Representative immunohistochemical staining photographs of LRPPRC, PD-L1, CD8, CD4, CXCL9, and CXCL10 in tumor specimens. Bar, 50 μm. (E–J) Quantified data of (E) LRPPRC, (F) PD-L1, (G) CD8, (H) CD4, (I) CXCL9, and (J) CXCL10 in tumors in accordance with immunohistochemical staining. *p < 0.05; **p < 0.01; ***p < 0.001.






Discussion

HCC remains a dominating global healthcare challenge (24). Elements within the immune system exert an essential role in fighting tumor cells (25). Although such elements make the determined efforts into tumor elimination, tumor cells skillfully evade the immune system’s monitoring process via employing a variety of immune escape mechanisms, especially immunosuppression (26). Immune checkpoint inhibitors are emerging as a potent therapeutic option. Nonetheless, regulating the immune system with immune checkpoint inhibitors still faces serious immunogenic side effects and limited response (8, 27). Hence, the development of strategies to stimulate anti-tumor immunity may bring novel perspectives for HCC therapy.

Both in TCGA-LIHC and our cohorts, LRPPRC exhibited the frequent upregulation in HCC tumors, which was in relation to advanced stage as well as poor prognostic outcomes, consistent with previous findings (15, 16). Both in vitro and murine models, LRPPRC suppression was capable of attenuating malignant behaviors of HCC cells. Our evidence proposed LRPPRC as a possible therapeutic target against HCC. However, as an m6A modification reader, the role of LRPPRC in modulating m6A modification remains indistinct.

PD-L1 is a main co-inhibitory immune checkpoint and the PD1/PD-L1 signaling is capable of mitigating the killing role of cytotoxic T cells within the tumor microenvironment, thus contributing to tumor immune evasion (28, 29). Hence, further research on the regulatory mechanisms of PD-L1 in HCC is required. This work demonstrated that LRPPRC upregulated PD-L1 mRNA in HCC with an m6A-independent manner. In addition, both in HCC patients and murine models, LRPPRC exhibited a positive interaction with PD-L1, with negative correlations to CD8+, and CD4+ T-cell infiltrations and chemokines CXCL9, and CXCL10, indicating the possible role of LRPPRC in modulating anti-tumor immunity and immune infiltration. The m6A modification of PD-L1 have been reported. For instance, METTL3 posttranscriptionally upregulates PD-L1 expression in an m6A-IGF2BP3–mediated manner for enhancing stabilization of PD-L1 mRNA in breast carcinoma (30). In bladder carcinoma, JNK pathway facilitates immune evasion through upregulating METTL3-independnet m6A modification of PD-L1 (31). Tumor-intrinsic ALKBH5 attenuates the expansion and cytotoxicity of T cells through maintaining PD-L1 expression with YTHDF2-independnet m6A modification in intrahepatic cholangiocarcinoma (32). ALKBH5 is capable of facilitating the recruitment of PD-L1+ macrophages as well as accelerating HCC growth and metastases (33). In murine models, YTHDF1 deficiency can enhance antigen-specific CD8+ T-cell anti-tumor response as well as improve the therapeutic efficacy of anti–PD-L1 antibody (34). Our work proposed a novel mechanism of LRPPRC in mediating m6A modification of PD-L1 mRNA during HCC, which might further the present molecular understanding of immunosuppression and offer more effective immunotherapeutic regimens.

Altogether, our work on LRPPRC-mediated m6A modification of PD-L1 mRNA and anti-tumor immunity offered a new mechanism for m6A regulator-mediated immunosuppression in HCC. Thus, LRPPRC might possess a possible application as a new therapeutic target in combined with immunotherapy.



Conclusion

Collectively, this work uncovered the m6A modification role of LRPPRC in PD-L1 mRNA stabilization in HCC cells and broadened the knowledge of a novel posttranscriptional regulation mechanism of PD-L1 expression and the functional significance of LRPPRC in anti-tumor immunity. This may have a possible implication for a novel and effective treatment option in HCC immunotherapy.



Data availability statement

The original contributions presented in the study are included in the article/supplementary material. Further inquiries can be directed to the corresponding author.



Ethics statement

The studies involving human participants were reviewed and approved by The Affiliated Bozhou Hospital of Anhui Medical University (2022). The patients/participants provided their written informed consent to participate in this study. The animal study was reviewed and approved by The Affiliated Bozhou Hospital of Anhui Medical University (2022).



Author contributions

HL conceived and designed the study. HW, AT conducted most of the experiments and data analysis, and wrote the manuscript. YC, HG participated in collecting data and helped to draft the manuscript. All authors contributed to the article and approved the submitted version.




Funding

This work was funded by Project of Bozhou Municipal Health Commission (bzwj2022a001), Project of Bozhou Science and Technology Bureau (bzzc2022008), Project of The Affiliated Bozhou Hospital of Anhui Medical University (by2022001, by2023001).



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.



Abbreviations

HCC, hepatocellular carcinoma; PD-1, programmed death-1; PD-L1, PD-1 ligand 1; m6A, N6-methyladenosine; LRPPRC, leucine rich pentatricopeptide repeat containing; sh-LRPPRC, shRNAs against LRPPRC; RIP, RNA immunoprecipitation; TCGA, The Cancer Genome Atlas.



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. Kulik, L, and El-Serag, HB. Epidemiology and management of hepatocellular carcinoma. Gastroenterology (2019) 156(2):477–91.e1. doi: 10.1053/j.gastro.2018.08.065

3. Tran, NH, Muñoz, S, Thompson, S, Hallemeier, CL, and Bruix, J. Hepatocellular carcinoma downstaging for liver transplantation in the era of systemic combined therapy with anti-VEGF/TKI and immunotherapy. Hepatology (2022) 76(4):1203–18. doi: 10.1002/hep.32613

4. Qin, S, Ren, Z, Meng, Z, Chen, Z, Chai, X, Xiong, J, et al. Camrelizumab in patients with previously treated advanced hepatocellular carcinoma: a multicentre, open-label, parallel-group, randomised, phase 2 trial. Lancet Oncol (2020) 21(4):571–80. doi: 10.1016/s1470-2045(20)30011-5

5. Cheng, AL, Qin, S, Ikeda, M, Galle, PR, Ducreux, M, Kim, TY, et al. Updated efficacy and safety data from IMbrave150: Atezolizumab plus bevacizumab vs. sorafenib for unresectable hepatocellular carcinoma. J Hepatol (2022) 76(4):862–73. doi: 10.1016/j.jhep.2021.11.030

6. Kelley, RK, Sangro, B, Harris, W, Ikeda, M, Okusaka, T, Kang, YK, et al. Safety, efficacy, and pharmacodynamics of tremelimumab plus durvalumab for patients with unresectable hepatocellular carcinoma: Randomized expansion of a phase I/II study. J Clin Oncol (2021) 39(27):2991–3001. doi: 10.1200/jco.20.03555

7. 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

8. 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

9. Niu, X, Xu, J, Liu, J, Chen, L, Qiao, X, and Zhong, M. Landscape of N(6)-methyladenosine modification patterns in human ameloblastoma. Front Oncol (2020) 10:556497. doi: 10.3389/fonc.2020.556497

10. Lan, T, Li, H, Zhang, D, Xu, L, Liu, H, Hao, X, et al. KIAA1429 contributes to liver cancer progression through N6-methyladenosine-dependent post-transcriptional modification of GATA3. Mol Cancer (2019) 18(1):186. doi: 10.1186/s12943-019-1106-z

11. Yang, Y, Cai, J, Yang, X, Wang, K, Sun, K, Yang, Z, et al. Dysregulated m6A modification promotes lipogenesis and development of non-alcoholic fatty liver disease and hepatocellular carcinoma. Mol Ther (2022) 30(6):2342–53. doi: 10.1016/j.ymthe.2022.02.021

12. Xiong, J, He, J, Zhu, J, Pan, J, Liao, W, Ye, H, et al. Lactylation-driven METTL3-mediated RNA m(6)A modification promotes immunosuppression of tumor-infiltrating myeloid cells. Mol Cell (2022) 82(9):1660–77.e10. doi: 10.1016/j.molcel.2022.02.033

13. Zhang, Y, Zeng, F, Zeng, M, Han, X, Cai, L, Zhang, J, et al. Identification and characterization of alcohol-related hepatocellular carcinoma prognostic subtypes based on an integrative N6-methyladenosine methylation model. Int J Biol Sci (2021) 17(13):3554–72. doi: 10.7150/ijbs.62168

14. Li, D, Li, K, Zhang, W, Yang, KW, Mu, DA, Jiang, GJ, et al. The m6A/m5C/m1A regulated gene signature predicts the prognosis and correlates with the immune status of hepatocellular carcinoma. Front Immunol (2022) 13:918140. doi: 10.3389/fimmu.2022.918140

15. Li, W, Dai, Y, Shi, B, Yue, F, Zou, J, Xu, G, et al. LRPPRC sustains yap-P27-mediated cell ploidy and P62-HDAC6-mediated autophagy maturation and suppresses genome instability and hepatocellular carcinomas. Oncogene (2020) 39(19):3879–92. doi: 10.1038/s41388-020-1257-9

16. Liu, JY, Chen, YJ, Feng, HH, Chen, ZL, Wang, YL, Yang, JE, et al. LncRNA SNHG17 interacts with LRPPRC to stabilize c-myc protein and promote G1/S transition and cell proliferation. Cell Death Dis (2021) 12(11):970. doi: 10.1038/s41419-021-04238-x

17. Li, Y, Gu, J, Xu, F, Zhu, Q, Chen, Y, Ge, D, et al. Molecular characterization, biological function, tumor microenvironment association and clinical significance of m6A regulators in lung adenocarcinoma. Brief Bioinform (2021) 22(4):bbaa225. doi: 10.1093/bib/bbaa225

18. Zhang, X, Zhang, S, Yan, X, Shan, Y, Liu, L, Zhou, J, et al. m6A regulator-mediated RNA methylation modification patterns are involved in immune microenvironment regulation of periodontitis. J Cell Mol Med (2021) 25(7):3634–45. doi: 10.1111/jcmm.16469

19. Zhao, H, Zhou, Q, Shi, C, Shao, Y, Ni, J, Lou, J, et al. RNA N6-methyladenosine patterns in hepatocellular carcinoma reveal a distinct immune infiltration landscape and clinical significance. Med Sci Monit (2021) 27:e930994. doi: 10.12659/msm.930994

20. Huang, D, and Huang, D. Relationship between M6A methylation regulator and prognosis in patients with hepatocellular carcinoma after transcatheter arterial chemoembolization. Heliyon (2022) 8(10):e10931. doi: 10.1016/j.heliyon.2022.e10931

21. Li, T, Fu, J, Zeng, Z, Cohen, D, Li, J, Chen, Q, et al. TIMER2.0 for analysis of tumor-infiltrating immune cells. Nucleic Acids Res (2020) 48(W1):W509–14. doi: 10.1093/nar/gkaa407

22. Tang, Z, Kang, B, Li, C, Chen, T, and Zhang, Z. GEPIA2: An enhanced web server for large-scale expression profiling and interactive analysis. Nucleic Acids Res (2019) 47(W1):W556–w60. doi: 10.1093/nar/gkz430

23. Bao, X, Zhang, Y, Li, H, Teng, Y, Ma, L, Chen, Z, et al. RM2Target: A comprehensive database for targets of writers, erasers and readers of RNA modifications. Nucleic Acids Res (2022) 51(D1):D269–79. doi: 10.1093/nar/gkac945

24. Liu, X, Niu, X, and Qiu, Z. A five-gene signature based on Stromal/Immune scores in the tumor microenvironment and its clinical implications for liver cancer. DNA Cell Biol (2020) 39(9):1621–38. doi: 10.1089/dna.2020.5512

25. Kurebayashi, Y, Matsuda, K, Ueno, A, Tsujikawa, H, Yamazaki, K, Masugi, Y, et al. Immunovascular classification of HCC reflects reciprocal interaction between immune and angiogenic tumor microenvironments. Hepatology (2022) 75(5):1139–53. doi: 10.1002/hep.32201

26. Sheng, J, Zhang, J, Wang, L, Tano, V, Tang, J, Wang, X, et al. Topological analysis of hepatocellular carcinoma tumour microenvironment based on imaging mass cytometry reveals cellular neighbourhood regulated reversely by macrophages with different ontogeny. Gut (2022) 71(6):1176–91. doi: 10.1136/gutjnl-2021-324339

27. Ryoo, BY, Merle, P, Kulkarni, AS, Cheng, AL, Bouattour, M, Lim, HY, et al. Health-related quality-of-life impact of pembrolizumab versus best supportive care in previously systemically treated patients with advanced hepatocellular carcinoma: KEYNOTE-240. Cancer (2021) 127(6):865–74. doi: 10.1002/cncr.33317

28. Cho, BC, Abreu, DR, Hussein, M, Cobo, M, Patel, AJ, Secen, N, et al. Tiragolumab plus atezolizumab versus placebo plus atezolizumab as a first-line treatment for PD-L1-selected non-small-cell lung cancer (CITYSCAPE): Primary and follow-up analyses of a randomised, double-blind, phase 2 study. Lancet Oncol (2022) 23(6):781–92. doi: 10.1016/s1470-2045(22)00226-1

29. Janjigian, YY, Shitara, K, Moehler, M, Garrido, M, Salman, P, Shen, L, et al. First-line nivolumab plus chemotherapy versus chemotherapy alone for advanced gastric, gastro-oesophageal junction, and oesophageal adenocarcinoma (CheckMate 649): a randomised, open-label, phase 3 trial. Lancet (2021) 398(10294):27–40. doi: 10.1016/s0140-6736(21)00797-2

30. Wan, W, Ao, X, Chen, Q, Yu, Y, Ao, L, Xing, W, et al. METTL3/IGF2BP3 axis inhibits tumor immune surveillance by upregulating N(6)-methyladenosine modification of PD-L1 mRNA in breast cancer. Mol Cancer (2022) 21(1):60. doi: 10.1186/s12943-021-01447-y

31. Ni, Z, Sun, P, Zheng, J, Wu, M, Yang, C, Cheng, M, et al. JNK signaling promotes bladder cancer immune escape by regulating METTL3-mediated m6A modification of PD-L1 mRNA. Cancer Res (2022) 82(9):1789–802. doi: 10.1158/0008-5472.Can-21-1323

32. Qiu, X, Yang, S, Wang, S, Wu, J, Zheng, B, Wang, K, et al. M(6)A demethylase ALKBH5 regulates PD-L1 expression and tumor immunoenvironment in intrahepatic cholangiocarcinoma. Cancer Res (2021) 81(18):4778–93. doi: 10.1158/0008-5472.Can-21-0468

33. You, Y, Wen, D, Zeng, L, Lu, J, Xiao, X, Chen, Y, et al. ALKBH5/MAP3K8 axis regulates PD-L1+ macrophage infiltration and promotes hepatocellular carcinoma progression. Int J Biol Sci (2022) 18(13):5001–18. doi: 10.7150/ijbs.70149

34. Han, D, Liu, J, Chen, C, Dong, L, Liu, Y, Chang, R, et al. Anti-tumour immunity controlled through mRNA m(6)A methylation and YTHDF1 in dendritic cells. Nature (2019) 566(7743):270–4. doi: 10.1038/s41586-019-0916-x



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 Wang, Tang, Cui, Gong and Li. 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.




ORIGINAL RESEARCH

published: 03 April 2023

doi: 10.3389/fimmu.2023.1148483

[image: image2]


Subtype classification based on t cell proliferation-related regulator genes and risk model for predicting outcomes of lung adenocarcinoma


Qin Yang 1, Weiyuan Zhu 1 and Han Gong 2*


1 School of Basic Medicine, Shaoyang University, the First Affiliated Hospital of Shaoyang University, Shaoyang, Hunan, China, 2 Molecular Biology Research Center and Center for Medical Genetics, School of Life Sciences, Central South University, Changsha, Hunan, China




Edited by: 

Jinghua Pan, Jinan University, China

Reviewed by: 

Xiaorong Zhou, Nantong University, China

Binbin Wang, National Cancer Institute (NIH), United States

*Correspondence: 

Han Gong
 hangong@csu.edu.cn

Specialty section: 
 This article was submitted to Cancer Immunity and Immunotherapy, a section of the journal Frontiers in Immunology


Received: 20 January 2023

Accepted: 24 March 2023

Published: 03 April 2023

Citation:
Yang Q, Zhu W and Gong H (2023) Subtype classification based on t cell proliferation-related regulator genes and risk model for predicting outcomes of lung adenocarcinoma. Front. Immunol. 14:1148483. doi: 10.3389/fimmu.2023.1148483






Background

Lung adenocarcinoma (LUAD), the major lung cancer histotype, represents 40% lung cancers. Currently, outcomes are remarkably different in LUAD patients with similar AJCC/UICC-TNM features. T cell proliferation-related regulator genes (TPRGs) relate to the proliferation, activity and function of T cells and tumor progression. The values of TPRGs in classifying LUAD patients and predicting outcomes remain unknown.





Methods

Gene expression profile and corresponding clinical data were downloaded from TCGA and the GEO databases. We systematically analyzed the expression profile characteristics of 35 TPRGs in LUAD patients and investigated the differences in overall survival (OS), biology pathway, immunity and somatic mutation between different TPRGs-related subtypes. Subsequently, we constructed a TPRGs-related risk model in TCGA cohort to quantify risk scores using LASSO cox regression analysis and then validated this risk model in two GEO cohorts. LUAD patients were divided into high- and low-risk subtypes according to the median risk score. We systematically compared the biology pathway, immunity, somatic mutation and drug susceptibility between the two risk subtypes. Finally, we validate biological functions of two TPRGs-encoded proteins (DCLRE1B and HOMER1) in LUAD cells A549.





Results

We identified different TPRGs-related subtypes (including cluster 1/cluster A and its counterpart cluster 2/cluster B). Compared to the cluster 1/cluster A subtype, cluster 2/cluster B subtype tended to have a prominent survival advantage with an immunosuppressive microenvironment and a higher somatic mutation frequency. Then, we constructed a TPRGs-related 6-gene risk model. The high-risk subtype characterized by higher somatic mutation frequency and lower immunotherapy response had a worse prognosis. This risk model was an independent prognostic factor and showed to be reliable and accurate for LUAD classification. Furthermore, subtypes with different risk scores were significantly associated with drug sensitivity. DCLRE1B and HOMER1 suppressed cell proliferation, migration and invasion in LUAD cells A549, which was in line with their prognostic values.





Conclusion

We construed a novel stratification model of LUAD based on TPRGs, which can accurately and reliably predict the prognosis and might be used as a predictive tool for LUAD patients.





Keywords: immunity, lung adenocarcinoma, mutation, predictive risk model, T cell proliferation-related regulator genes, tumor microenvironment




1 Introduction

Lung cancer is the world’s leading cause of cancer death. Non-small cell lung cancer (NSCLC) comprises 85% of all lung cancers. Lung adenocarcinoma (LUAD) is the major NSCLC histotype, which accounts for 40% of all lung cancers (1). Due to highly heterogeneous nature and wide range of mutations, LUAD treatment is still particularly challenging. Targeted therapies that inhibit multiple oncogenic drivers and immune checkpoints have showed promise for the treatments of lung cancer, particularly LUAD, in recent years (2, 3). Currently, traditional AJCC/UICC-TNM stratification systems are the mainstay clinical determinants of the prognosis of LUAD prognosis. However, outcomes are remarkably different in patients with similar AJCC/UICC-TNM features after receiving the same treatments. To choose the best therapy for individual patient, we still need prognostic models that can better classify LUAD patients based on the likely outcome.

The reasons for outcomes are embedded into tumor tissue and complex interactions between tumor tissue and tumor microenvironment (TME) (4, 5). In NSCLC TME, T cells dominate immune cell infiltrates (6). Upon recognition of antigens, T cells proliferate and acquire capacity to kill tumor cells and secrete cytokines to coordinate the immune response. T cell proliferation modulates TME by affecting the clustering and T cell population. T cell proliferation has long been used as a tumor-reactivity marker and is positively associated with outcomes of immune checkpoints inhibitors (7–9). However, abundant evidence argues that T cell proliferation is imperfect for measuring tumor-reactivity and outcomes (8, 10–15). Recently, Mateusz Legut et al., for the first time, defined T cell proliferation-related regulator genes (TPRGs) (16, 17). In that article, many positive TPRGs that enhance T cell functions are identified (17). Therefore, comprehensive analysis of the molecular characteristics and clinical relevance in TPRGs and their relationships with TME will enhance understanding of TPRGs and improve anti-tumor strategies.

In this study, we investigate prognostic value of TPRGs and identify TPRGs-related subtypes in LUAD cohort from The Cancer Genome Atlas (TCGA). Our findings reveal that the TPRGs-related subtypes have obviously different clinical prognosis and characteristics. Additionally, we establish and validate a 6-gene risk model for predicting the overall survival (OS) based on differentially expressed genes (DEGs) between TPRGs-related subtypes. We also systematically compare the differences (including biology function and pathway, somatic mutation, immunity and drug susceptibility) between patients of different subtypes. At last, we validate biological functions of two TPRGs-encoded proteins (HOMER 1 and DCLRE1B) in LUAD cells A549. Our results show that TPRGs play an essential role in tumor progression and lays a foundation for implementing rational intervention strategies in cancer.




2 Materials and methods



2.1 Dataset acquisition

By conducting the R package “TCGAbiolinks” (18), we obtained the gene expression matrix of TCGA-LUAD (including 524 tumor and 58 normal specimens) and corresponding clinicopathological data. Detailed, the workflow type was set to “STAR-Counts” form and then expression matrix was collated as the “FKPM” format. Patients with survival time less than 1 month were excluded from subsequent analyses. Simple nucleotide variations data in format of “maf” were retrieved from TCGA portal (TCGA-LUAD project) and copy number variation (CNV) data were obtained from the term “GDC TCGA-LUAD” of UCSC Xena website (http://xena.ucsc.edu/). We obtained two external microarray datasets GSE31210 (including 246 LUAD patients and survival imformation) and GSE68465 (including 442 LUAD patients and survival imformation) from the GEO database. A total of 35 TPRGs were extracted from the published studies (16).




2.2 Identification of the prognostic genes and TPRGs-related clusters

We used the univariate Cox regression method to screen TPRGs with prognostic value and obtained 5 TPRGs. Based on the expression (log2 transform) of 5 TPRGs, we performed the R package “Consensus-ClusterPlus” (19) to classify LUAD patients into two TRPG-related subtypes, with the arguments of clusterAlg = “km” and distance = “euclidean”. We conducted the R package “factoextra” to perform the PCA algorithm for visualizing the distribution of two TRPG-related subtypes.




2.3 Biological processes quantification

We performed the R package “Gene set variation analysis (GSVA)” (20) to assess the enrichment scores of three gene sets for each LUAD patient (including v2022.1 versions of HALLMARK, KEGG, and GO-BP) from the MSigDB database (downloaded on 17 November 2022). We performed the limma package to investigate the differences in the pathway activity of distinct subtypes.




2.4 TME infiltration and genomic alteration analysis

The infiltration scores of TCGA-LUAD patients were retrieved from the ImmuCellAI online tool (http://bioinfo.life.hust.edu.cn/ImmuCellAI#!/) (21). Besides, we conducted the R package “estimate” to evaluate the scores of TME infiltration (including immune, stromal, and ESTIMATE score) in each subtype (22). We utilized the CIBERSORT approach to evaluate the infiltration proportions of 22 immune cells in each LUAD patient (23). We performed the maftools package (24) to read the “maf” file of LUAD patients and compare the incidence of somatic mutations between distinct LUAD subtypes.




2.5 Gene clustering based on DEGs of TPRGs-related subtypes

After deletion of genes that were lowly expressed in at least half of the LUAD patients (FPKM< 1), we utilized the R package “limma” to explore dysregulated genes between two TPRGs-related subtypes with |log2FC| >1 and p-adjust< 0.05 as thresholds. Consistent with previous method, we utilized consensus clustering algorithm to identify LUAD patients into two gene subtypes.




2.6 Construction and validation of a 6-gene risk model for LUAD patients

To evaluate the survival time of each LUAD patient, we first performed the univariate Cox regression analysis on the dysregulated genes to obtain DEGs with prognostic value. Then, least absolute shrinkage and selection operator (LASSO) cox was executed to generate a risk model, with the arguments of 10-fold cross-validation and 1000 permutations. The final risk score of each LUAD patient was defined based on the following specific formula:  , which i means one of 6 genes (CCNA2, HMMR ANLN, NKX2-1, SFTPB and KRT6A). Then, our team divided LUAD patients into two subgroups (high-risk and low-risk) according to the median risk score. We used previous two external cohorts to validate the robustness of this risk model and conducted the receiver operating characteristic (ROC) curve to evaluate the performance. In addition, we combined univariate and multivariate Cox analyses to validate the independence of this risk model.




2.7 Prediction of immunotherapy response and chemotherapy susceptibility

Tumor immune dysfunction and exclusion (TIDE) was an online tool to predict patient immunotherapy response based on immune-related biomarkers (25). By uploading transcriptional profiles of LUAD patients to TIDE, we obtained TIDE scores and the reaction to immunotherapy of each LUAD patient. By performing the R package “oncoPredict”, we estimated the sensitivity of about 200 drugs for each LUAD patient based on pharmacogenomic data of genomics of drug sensitivity in cancer (GDSC) 2 database as training dataset (26).




2.8 Cell lines and cell culture

LUAD cell line A549 was purchased from the Cell Bank of Type Culture Collection of the Chinese Academy of Sciences, Shanghai Institute of Cell Biology. A549 cells were grown in RPMI 1640 medium (Gibco, United States) supplemented with 10% fetal bovine serum at 37°C in a humidified atmosphere containing 5% CO2.




2.9 Antibodies, siRNAs and reagents

Rabbit DCLRE1B antibody and mouse Homer1 antibody were purchased from omnimabs Co., Ltd (Alhambra, USA). Mouse β-actin antibody was purchased from ProMab Co., Ltd (California, USA). DCLRE1B siRNA and Homer1 siRNA were purchased from Shanghai GenePharma Co., Ltd (Shanghai, China). GP-transfect-Mate transfection kit was purchased from Shanghai GenePharma Co., Ltd (Shanghai, China). siRNAs targeting DCLRE1B and HOMER1 and their siRNA negative controls were transfected into A549 cells according to the manufacturer’s instructions by using GP-transfect-Mate transfection kit. siRNAs targeting DCLRE1B (siDCLRE1B-1: 5’CCAUAUGGAGAUCUGCCAUTT3’, siDCLRE1B-2: 5’CCGGACUCUGUACAGCAAUTT3’ and siDCLRE1B-3: 5’GGAUCAAGAAGCAGUUGUUTT3’). siRNAs targeting HOMER1 (siHOMER1-1: 5’GCAUCAUCUUUCGAAAUUUTT3’, siHOMER1-2: 5’GGUACCCACCAGCAAGCAUTT3’ and siHOMER1-3: 5’GCACUCGAGCUCAUGUCUUTT3’).




2.10 RT-qPCR and western blot

2 ug RNA was reverse transcribed using RevertAid-TM M-MuLV Reverse Transcription kit according to the manufacturer’s instructions and then cDNA was restored in -20°C. RT-qPCR reaction conditions were 94 °C for 20 s followed by 40 cycles of 72 °C for 20 s and 55°C for 10 s. RT-qPCR primers for DCLRE1B (forward: 5’GACCCACCCTACGATTGCTA3’, revers: 5’AGACTGTCCTGAAAGCCTCC3’). RT-qPCR primers for HOMER1 (forward: 5’GCACTCGAGCTCATGTCTTC3’, reverse: 5’CCACTGGCCAAACTTCTGAG3’). RT-qPCR primers for β-actin (forward: 5’CATTAAGGAGAAGCTGTGCT3’, revers: 5’GTTGAAGGTAGTTTCGTGGA3’). Western blot were performed according to our previous protocol (27, 28).




2.11 Cell proliferation assay, wound healing assay and transwell assay

Cell proliferation assay, wound healing assay and transwell assay were also carried out as we previously described (27, 28).




2.12 Statistical analysis

R software (v4.1.3) and GraphPad Prism software (v8.0.1) were utilized to perform statistical analyses and visualization. Student’s two-tailed t-test was used to compare the differences between distinct LUAD subtypes. Kaplan–Meier survival analysis and the log-rank test were used to compare the differences in survival time. All P values were two-sided, and a P< 0.05 was considered statistically significant unless otherwise stated.


Table 1 | Clinical features of patients in subtypes 1 and 2.







3 Results



3.1 Landscape of TPRGs and gene mutations

In Figure 1, a flow chart of this study is showed. Transcription profile of TCGA-LUAD dataset was uesd for exploring the expression of the TPRGs. We found that there were 19 up-regulated TRPGs and 12 down-regulated TRPGs in the tumors in contrast to adjacent normal tissues (Figure 2A). STRING platform was used to analyze the potential biofunctional network associated with TPRGs (Figure 2B). Then, we explored the incidence of somatic mutations and CNVs for the TPRGs. The result showed that 134 of 557 patients (24.06%) have genetic alterations in TPRGs. Among them, AHNAK had the highest mutation frequency (11%), followed by ITM2A (2%) and MS4A3 (2%) (Figure 2C). The result of CNVs incidence showed that CNV alteration was prevalent in all TPRGs. Among them, B2M, DCLRE1B, MOMER1 showed remarkable copy number amplification, while ATF6B, CD19, CDK2, CLIC1, CXCL12, HLA-A, IFNL2 and NGFR showed significant copy number deletions (Figure 2D). We utilized univariate cox analysis to explore relevance of TPRGs with prognosis. Forest plot showed that CD19 was a protective factor, while CDK1, HOMER1, RAN and DCLRE1B were risk factors (Figure 2E).




Figure 1 | The flow chart.






Figure 2 | Landscape of T cell proliferation-related regulator genes (TPRGs) in LUAD. (A) Differentially expressed TPRGs in normal tissue and tumor tissue. (B) Potential biofunctional network associated with TPRGs from the STRING platform. (C) Mutation waterfall plots of 557 LUAD patients from the TCGA-LUAD cohort. (D) Copy number variation (CNV) frequency of TPRGs in the TCGA-LUAD cohort. (E) Hazard ratios (HR) forest plot of 5 TPRGs with prognostic values. HR > 1 (red) represents risk factors. HR (blue)< 1 represents protection factors. *P < 0.05, **P < 0.01, ***P < 0.001 and ****P < 0.0001.






3.2 Subtype classification based on OS-related TPRGs and enrichment analysis

We performed a consensus clustering analysis based on those 5 prognostic TPRGs (CD19, CDK1, HOMER1, RAN and DCLRE1B). By using cumulative distribution function (CDF), we divided LUAD into 2 TPRGs-associated subtypes (clusters 1 and 2) (Figures 3A, B and Table 1). When k = 2, the change of CDF value was relatively smooth (Figure 3A), and the heatmap of consensus matrix was relatively distinct (Figure 3B). Kaplan–Meier curve showed that the cluster 1 tended to have a longer OS (Figure 3C). The PCA algorithm also demonstrated that the cluster 1 was clearly separated from the cluster 2 (Figure 3D). Combining these results, we confirmed that the optimal cut-off of k-value was 2, and obtained two TPRGs-related subtypes. We also compared the expressions of the 5 prognostic TPRGs in the two clusters. A higher expression of protective factor CD19 and lower expressions of risk factors (including CDK1, DCLRE1B, HOMER1 and RAN) were found in the cluster 1 (Figure 3E). We further analyzed the enrichment score of cancer-related pathway in the two clusters. Our analysis result revealed that cluster 1 had a significantly lower proto-oncogene carcinogenic pathway activity than cluster 2 (Figure 3F).




Figure 3 | Subtype classification based on 5 prognostic T cell proliferation-related regulator genes (TPRGs) and enrichment analysis. (A) Consensus clusters by TPRGs. (B) Clustering heatmap. Consensus matrix at optimal k = 2. GCTA-LUAD patients were classified into clusters 1 and 2. (C) Overall survival analysis for the clusters 1 and 2. (D) PCA analysis. (E) Expression of five risk-related TPRGs (including CDK1, RAN, HOMER1, DCLRE1B and CD19) in the two clusters. (F) Enrichment analysis of proto-oncogene carcinogenic pathways in the two clusters. ** P< 0.01 and **** P< 0.0001.



To further explore expression profiles of the TPRGs in TME of LUAD, we performed single-cell RNA sequencing analyses and clustering using a single-cell dataset GSE139555. Distributions of ten types of immune cells (including B, CD4+ T conv, CD8+ T, CD8+ Tex, DC, Mono/Macro, NK, plasma, T prolif and Treg) were identified in Figure 4A. Among those immune cells, T prolif cells had the highest T cell proliferation scores based on the expression levels of TRPGs, followed by B cells and plasma cells (Figures 4C, D). In addition, we measured expressions of the 5 prognostic TPRGs (including CDK1, DCLRE1B, HOMER1 and RAN) in the ten types of immune cell (Figure 4B).




Figure 4 | Overview of single cells from lung adenocarcinoma tissues and normal tissues. (A) Distributions of ten types of immune cell in tissues. (B) Expression profiles of 5 prognostic T cell proliferation-related regulator genes in the ten major types of immune cells. (C) The deeper the color, the higher the T cell proliferation score. (D) T cell proliferation scores in the ten major types of immune cells.






3.3 Characterization of TME cell infiltration and gene mutation

To better understand the interaction between TPRGs and TME, we investigated the immune cell infiltration in clusters 1 and 2. First, we used ESTIMATE method to calculate the Stromal score, Immune score and ESTIMATE score in the two clusters, and found the cluster 1 had higher infiltration than the cluster 2 (Figure 5A). We also utilized the ImmuCellAI to obtain the Infiltration scores in LUAD and the result also showed that the cluster 1 had a higher level of immune infiltration than the cluster 2 (Figure 5B). Furthermore, cell infiltrations of 22 immune cells in TME were compared using CIBERSORT. The two clusters showed distinct immune infiltration patterns that eleven types of immune cells were significantly differently infiltrated (Figure 5C). Moreover, we investigated and compared the incidence of somatic mutations between clusters 1 and 2. For the cluster 1, 332 of 372 patients (89.25%) had somatic mutations (Figure 5D). For the cluster 2, 125 of 130 samples (96.15%) had somatic mutations (Figure 5D). The cluster 1 patients had lower somatic mutation frequencies in some important anti-oncogenes (for example, TP53 and KRAS) than the cluster 2 patients (Figure 5D).




Figure 5 | Characterization of tumor microenvironment (TME) cell infiltration and somatic mutation in clusters 1 and 2. (A) Analysis of differences in TME scores (including Stromal score, Immune score and ESTIMATE score). (B) Analysis of differences in Infiltration score. (C) Boxplot shows the infiltration abundance of 22 immune cells obtained from CIBERSORT analysis. (D, E) Comparison of the top 20 genes with the highest somatic mutation frequency in the two clusters. ∗ P< 0.05, ∗∗ P< 0.01, ∗∗∗ P< 0.001, ∗∗∗∗ P< 0.0001 and ns represents nonsense.






3.4 Gene clustering

By performing R package “limma”, we found 103 up-regulated genes and 77 down-regulated genes between the two TPRGs-related clusters. Based on the expression profiles of these dysregulated genes, we conducted an unsupervised clustering analysis. K = 2 was the optimal number for clustering with the distinct heatmap (Figures 6A, B). As shown in heatmap (Figure 6C), two subtypes (clusters A and B) had significantly distinct expression profiles. The resemblance between cluster A and cluster 1, or cluster B and cluster 2 was remarkable according to DEGs expression heatmap (Figure 6C). Moreover, similarly with the OS in the clusters 1 and 2 (Figure 3C), the cluster A had longer OS than the cluster B (Figure 6D). Subsequently, we compared DEGs between the clusters A and B (Figure 6E). To explore potential biological function and pathway of the DEGs, we compared 50 hallmark pathways using GSVA. Up-regulated hallmark gene sets in the cluster A were mainly enriched in metabolisms (including heme metabolism, adipogenesis, bile acid metabolism and fatty acid metabolism) and p53, while the up-regulated hallmark gene sets in the cluster B were mainly enriched in the e2f targets, G2m checkpoint, spermatogenesis and mTORC1 signaling (Figure 6F).




Figure 6 | LUAD clustering (cluster A and cluster B) based on differentially expressed genes (DEGs) between clusters 1 and 2. (A) Identification of consensus clusters (clusters A and B) based on DEGs between cluster 1 and cluster 2. (B) Clustering heatmap of clusters (A, B) Consensus k=2. (C) Heatmap shows the DEGs expression profiles in the different LUAD clusters (including cluster 1, cluster 2, cluster A and cluster B). (D) Kaplan–Meier survival curves of overall survival in the clusters (A, B, E) Volcano plot for DEGs analysis between clusters (A, B, F) Gene Set Variation Analysis of T cell proliferation-related regulator genes in clusters (A, B).






3.5 Construction of a predictive risk model

We first identified TPRGs-related differentially expressed genes (DEGs) between gene cluster A and gene cluster B. Then, we conducted a univariate Cox regression analysis to obtain DEGs with prognostic value according to the threshold of P value< 0.05. At last, we constructed the 6-gene signature using the LASSO Cox model with the parameters of 10-fold cross-validation and 1000 reps (Figures 7A, B). The risk score of each LUAD patient according to the formula:




Figure 7 | A 6-gene risk model based on differentially expressed genes (DEGs) between clusters (A) and (B, A) Partial likelihood deviance coefficient profiles. (B) Least absolute shrinkage and selection operator cox analysis of the DEGs between clusters A and (B, C) Kaplan-Meier curves for overall survival (OS) of the high- and low-risk subtypes in TCGA-LUAD cohort. (D) Receiver operating characteristic (ROC) curves for 1-, 2- and 3-year of TCGA-LUAD cohort. (E) Multivariate cox regression analyses show the hazard ratios of 6-gene risk model and other clinic-pathological factors. (F) Univariate cox regression analyses show the hazard ratios of the risk model and other clinic-pathological factors. (G) Kaplan-Meier curves for OS of the high- and low-risk subtypes in GEO-LUAD cohort (GSE31210). (H) ROC curves for 1-, 2- and 3-year of GEO-LUAD cohort (GSE31210). (I) Kaplan-Meier curves for OS of the high- and low-risk subtypes in GEO-LUAD cohort (GSE68465). (J) ROC curves for 1-, 2- and 3-year of GEO-LUAD cohort (GSE68465).



	

The 6-gene risk model divided TCGA-LUAD patients into high- and low-risk subtypes based on the median risk scores. The high-risk subtype had a significantly worse clinical outcome than the low-risk subtype (Figure 7C). The 6-gene risk model showed a good sensitivity and specificity in stratifying TCGA-LUAD patients using ROC curves (for 1-year, areas under the curve (AUC) = 0.78; for 2-year, AUC = 0.75; for 3-year, AUC = 0.69) (Figure 7D). To determine whether the 6-gene risk model was an independent factor, we combined muinltivariate and univariate Cox regression analyses. The forest plot showed that the 6-gene risk model was an independent risk factor even when combined with various clinical features (Figures 7E, F). The predictive ability of the 6-gene risk model was further validated in two external GEO cohorts (GSE31210 and GSE68465) (Figures 7G–J). In both of the two GEO datasets, Kaplan-Meier curves showed significant shorter OS for the high-risk subtype (Figures 7G, I). For the GSE31210, the AUCs at 1-, 3- and 5-year were 0.77, 0.76 and 0.67, respectively (Figure 7H). For the GSE68465, the AUCs at 1-, 3- and 5-year were 0.69, 0.69 and 0.68, respectively (Figure 7J). Collectively, those results verified that the TPRGs-related risk model classified the patients well and showed a good sensitivity and specificity.




3.6 Associations of the 6-gene risk model with clinical features

To investigate the relevance between risk model and other clinical variables, we performed survival analyses according to various clinical parameters (including age (≥ 65/>65), gender (female/male), stage (I-II/III-IV) and N (0/1-3)). In each stratum of the above clinical features, the high-risk subtype had significant worse survival outcome than the low-risk subtype (Figure 8). These results demonstrated that our risk model still had a reliable ability to predict OS within each stratum and could be applicable for LUAD patients stratified by different clinical parameters.




Figure 8 | Associations of risk scores with clinical characteristics by stratification analyses. Kaplan‑Meier survival curves for overall survival of LUAD patients stratified by age (A), gender (B), clinical stage (C) and N stage (D).



We compared C-index of our risk model with a few published models (including PMC7433810, PMC8017122, PMID34108619, PMC8050921, PMC8867215, PMC7658576, PMC8567176 and PMC8929513), and our TGPGs risk model had the highest C-index (Figure 9A). Then we compared accuracy of our risk model and two risk models (PMC8050921 and PMC8867215) with relatively higher C-index. ROC curves for 1-year showed that our risk model had a better accuracy than the other two risk models (for our risk model, AUC = 0.78; for PMC8050921, AUC = 0.71; for PMC8867215, AUC = 0.69) (Figure 9B). Moreover, we constructed a prognostic nomogram using factors using T, N, stage and risk score (Figure 9C). The nomogram could reliably predict 1-, 2-, and 3-year OS of LUAD patients (Figure 9D).




Figure 9 | Prognostic nomogram combing key clinical features. (A) Comparison of C-Index between our TPRGs risk model and a few published models (including PMC7433810, PMC8017122, PMID34108619, PMC8050921, PMC8867215, PMC7658576, PMC8567176 and PMC8929513). (B) Receiver operating characteristic curves for 1-year using our risk model and two other published models (PMC8050921 and PMC8867215). (C) A nomogram combining T, N, stage and risk score predicts 1-, 3-, and 5-years survival. (D) Calibration curves test the agreement between observed and predicted overall survival at 1-, 3-, and 5-year.






3.7 Function and pathway enrichment analyses

To explore the association of risk scores to biological behaviors, functional annotations of TCGA-LUAD was used for the high- and low-risk subtypes. The top 5 gene hallmarks of Gene Set Enrichment Analysis (GESA) and 18 Kyoto Encyclopedia of Genes (KEGG) pathways with |correlation| > 0.3 & p< 0.05 were visualized (Figure 10). For the high-risk subtype, the GESA result was enriched in hallmark e2f targets, hallmark epithelial mesenchymal transition, hallmark G2M checkpoint, hallmark mTORC1 signaling and hallmark myc targets v1 (Figure 10A). In Figure 10B, the correlation heatmap showed that the low-risk subtype was mainly enriched in metabolic-related functions and pathways (including taurine and hypotaurine metabolism, fatty acid metabolism, glycerophospholipid metabolism and alpha linolenic acid metabolism), while the high-risk subtype was mainly enriched in tumor-related pathways and functions (for instance, p53 signaling pathway, nucleotide excision repair, homologous recombination, DNA replication, mismatch repair, cell cycle and small cell lung cancer).




Figure 10 | Function and pathway enrichment analyses in high- and low-risk subtypes. (A) Gene set enrichment analysis of the top 5 gene hallmarks significantly enriched in high-risk subtype. (B) Kyoto encyclopedia of genes enrichment analysis of high-risk subtype and low-risk subtype.






3.8 Somatic mutation frequency and predictability of immunotherapy response

To explore the relevance of the risk model and somatic mutation in TCGA-LUAD, we counted incidence of genetic alterations in the high- and low-risk subtypes. For the high-risk subtype, 188 of 200 samples (94%) had genetic alterations (Figure 11A). For the low-risk subtype, 182 of 198 samples (91.92%) had genetic alterations (Figure 11B). Compared with the low-risk subtype, the high-risk subtype had higher genetic alteration frequencies in TP53, TTN, MUC16, LRP1B, ZFHX4 and USH2A (Figures 11A, B). Somatic mutation burden has been widely described as a biomarker for response to immune checkpoint inhibitors (29–32). Because of the obviously differences in somatic mutation frequency between the high- and low-risk subtypes, we used the TIDE algorithm (25) to explore if the risk scores could reflect the immunotherapeutic benefit in LUAD patients. The boxplot indicated that the high-risk subtype had higher TIDE scores (Figure 11C) and a significant lower immunotherapy responder number (91/209) than the low-risk subtype (121/209) (chi-square tests, p = 0.0033) (Figure 11D). The high-risk subtype characterized by higher somatic mutation frequency and lower immunotherapy response had a worse prognosis (Figures 7, 11).




Figure 11 | Somatic mutation frequency and immunotherapy response analyses. (A, B) The top 20 genes with the highest somatic mutation frequency in high-risk subtype (A) and low-risk subtype (B). (C) TIDE prediction scores for immunotherapy response in the high- and low-risk subtypes. (D) The difference of high- and low-risk subtypes between non-responders (NR) and responders (R).






3.9 Drug sensitivity analyses

To help doctors make better drug treatments for different risk groups, we compared the half-maximal inhibitory concentration (IC50) values of drugs between the high- and low-risk subtypes by performing the oncoPredict package. The results indicated that Dabrafenib, Birabresib, I-BET-762, BI-2536 and LCL-161 had higher IC50 in the low-risk subtype, suggesting that these drugs are more resistant in the LUAD patients with low risk (Figures 12A–E). In contrast to that, the IC50 values of Ribociclib, Doramapimod, GSK269962A, PF-4708671 and SB-505124 were higher for the high-risk subtype, indicating that these drugs are more effective in the patients with low-risk scores (Figures 12F–J). These drug sensitivity analyses might guide individualized treatment strategies.




Figure 12 | Comparison of anti-tumor drug sensitivity between the high- and low-risk subtypes. (A) BI-2536, (B) dabrafenib, (C) I-BET-762, (D) LCL-161, (E) Birabresib, (F) doramapimod, (G) GSK269962A, (H) PF-4708671, (I) ribociclib, (J) SB-505124.






3.10 Functional validation of DCLRE1B and HOMER1

According to our prognostic value analysis, DCLRE1B and HOMER1 were risk factors in LUAD (Figure 2D). Currently, their cellular effects in lung cancer are unclear. To validate the cellular effects of HOMER1 and DCLRE1B, we performed MTT, wound healing and transwell assays in LUAD cells A549 (Figures 13, 14). As showed in Figure 13, DCLRE1B could be knocked down by three siRNAs (siDCLRE1B-1, siDCLRE1B-2 and siDCLRE1B-3) and HOMER1 also could be scilenced by thee siRNAs (siHOMER1-1, siHOMER1-2 and siHOMER1-3) at both mRNA (Figure 13A, B) and protein (Figure 13C, D) levels. The siDCLRE1B-1, siDCLRE1B-2, siHOMER1-1 and siHOMER1-3 were chosen as optimal siRNAs for further experiments. After transiently transfected with siRNAs, significant decreases in cell proliferation (Figure 13E, F), migration (Figure 14A, B) and invasion (Figure 14C, D) were observed in DCLRE1B- and HOMER1-silenced A549 cells compared with each control. These cellular effects of DCLRE1B and HOMER1 were in line with their prognostic values.




Figure 13 | Validation of cell proliferation for DCLRE1B and HOMER1 in LUAD cell line A549. A549 cells were transiently transfected with siRNA (siDCLRE1B-1, siDCLRE1B-2, siDCLRE1B-3, siHOMER1-1, siHOMER1-2 or siHOMER1-3) or with its corresponding negative control (siNC). RT-qPCR (A, B) and western blot (C, D) were used to measure DCLRE1B and HOMER1 expressions.(E, F) MTT assay was used to measure cell proliferation. The data were presented as the mean ± standard deviation. ∗ P< 0.05, ∗∗ P< 0.01 and ∗∗∗ P< 0.001.






Figure 14 | Validation of cell migration and invasion for DCLRE1B and HOMER1 in LUAD cell line A549. A549 cells were transiently transfected with siRNAs (siDCLRE1B-1, siDCLRE1B-2, siHOMER1-1 or siHOMER1-3) or with its corresponding negative control (siNC). (A, B) Wound healing assay was used to measure cell migration. (C, D) Transwell assay was used to measure cell invasion. Representative images were shown on the right. The data were presented as the mean ± standard deviation. ∗ P< 0.05.







4 Discussions

The most commonly diagnosed lung cancer is NSCLC, of which is mainly LUAD. Recent advance in LUAD treatment targeting oncogenic drivers and immune checkpoints has shifted the paradigm of therapies, leading to a durable response and prolonged OS (33). However, tumor shrinkage or extended survival is still limited to a small portion of patients. Moreover, LUAD patients with similar AJCC/UICC-TNM features have distinct outcomes. It is getting clearer that the reason should be sought in the malignant cells and in the multiple interactions between malignant cells and TME (5). The composition of a tumor is not only a group of heterogeneous malignant cells, but also a TME that contains infiltrating immune cells, extracellular matrix molecules, etc. The TME differs across individual patients and will, in turn, determine tumor characteristics and patient outcomes (34). At present, TME represents an element of increasing interest for prognostic tool and a therapeutic target in different cancers including LUAD (5, 35). Classifying patients into subtypes and constructing a sensitive and accurate risk model based on TPRGs in tumor may contribute to predicting prognosis for LUAD.

Our current study aims to classify LUAD patients and construct a risk model for predicting outcomes. The risk model showed reliability and accuracy in outcome prediction. The 6-gene risk model can classify LUAD patients into distinct subtypes (high- and low-risk subtypes). The high-risk subtype was strongly associated with shorter OS of LUAD patients stratified by various clinical parameters. To explore the possible reasons, we performed functional and pathway enrichment analysis, somatic mutation frequency analysis and immunotherapy response analysis. Low-risk patients with longer OS were enriched in some important metabolic pathways (including fatty acid metabolism, heme metabolism, adipogenesis, bile acid metabolism, taurine and hypotaurine metabolism, glycerophospholipid metabolism and alpha linolenic acid metabolism), while the high-risk patients with shorter OS were enriched in oncogenic signaling pathways (including, E2f targets, G2m checkpoint, myc targets v1 and mTORC1). Oncogenic pathways in cancer cells can impair induction or execution of the local anticancer immune response (36). Oncogenic pathways also regulated immune checkpoint proteins and cancer immune surveillance, and ultimately favor resistance to immune checkpoint therapies (37). Thus, the activation of oncogenic pathways in high-risk patients may one important reason why high-risk patients had worse outcomes. High-risk subtype had higher genetic alteration frequencies in several important cancer-related genes, such as TP53, MUC16 and LRP1B. Around half of cancers have gene mutations in tumour suppressor Functional defect of TP53 results in carcinogenesis and drug resistance of cancer cells (38). Aberrantly expressed MUC16 is found in various cancers, which plays important roles in carcinogenesis, anti-cancer immune response and acquired resistance to drugs (39, 40). MUC16 is potential target for monoclonal antibodies and immunotherapy (39). Putative tumor suppressor LRP1B is frequently inactivated in cancers. LRP1B has been emerged as a a potential therapy target and associated with cancer responses to immune checkpoint inhibitor therapies (41). The results of immunotherapy response analyses showed that high-risk patients had higher TIDE scores and a significant lower immunotherapy responder number. Those results together suggested a less likely immunotherapeutic benefits for the high-risk patients. Drug efficacy or therapy is associated with drug sensitivity and individual variation. Thus individualized therapies based on subtypes will reduce ineffective treatments in LUAD patients. We compared the drug sensitivity between LUAD patients with different risk scores. Ten drugs with significantly differential sensitivity were found. The sensitivity prediction showed that Dabrafenib, Birabresib, I-BET-762, BI-2536 and LCL-161 were a better choice for high-risk patients, while Ribociclib, Doramapimod, GSK269962A, PF-4708671 and SB-505124 were more effective in low-risk patients. We notice that certain signaling pathways (for example, myc targets, e2f targets and mTORC1 signaling) by which some of those drugs exert their antitumor effects were enriched in our enrichment analyses (Figure 3, 6, 9). For example, I-BET-762 and Birabresib are bromodomain and extra-terminal inhibitors. I-BET-762 not only reduces cell proliferation and c-myc expression in NSCLC tumor but also altered immune populations in lung (42–44). NSCLC cells treated with Birabresib leads to myc down-regulation and cell proliferation inhibition (45). PF-4708671 stimulates S6K1 phosphorylation, which plays a key role in cell growth is dependent upon mTORC1 (46, 47). Ribociclib, a cyclin-dependent kinases CDK 4/6 inhibitor, has showed anti-tumor benefit in NSCLC (48). CDK 4/6 phosphorylate and inactivate retinoblastoma protein and subsequently negatively control e2f (49, 50). Cyclin D is a common downstream pathway for mTOR signaling (49).

Our results of single-cell RNA sequencing analyses and clustering showed that T prolif cells had the highest T cell proliferation scores based on the expression levels of TRPGs among ten types of immune cells. In the original study, most of these TPRGs have been demonstrated to increase the proliferation and activation of primary human CD4+ and CD8+ T cells and their secretion of key cytokines (17). TPRGs-related T cell proliferation can leads to better outcomes in LUAD patients, but doesn’t have to. T cells, the major tumor infiltrating immune cells of TME (51), comprises of various T cell subsets. T cell subsets and some other types of immune cells exert both tumor-antagonizing and tumor-promoting activities in the lung TME (52). For example, contrary to the immune-boosting functions of CD+8 T cells (15), Treg are well-known for their immune-suppressing activities (53). Moreover, in the TME, expanded T cell clones that do not recognize tumor cells are mentioned and, vice versa, small T cell clones present tumor inhibitory ability (15). It is noteworthy that not all of the TPRGs restrict to T cells. For example, TPRGs CDK1 and CXCL12 are expressed in both T cells and various cancer cells. A systematic pan-cancer analysis shows that oncogene CDK1 is an immunological and prognostic biomarker, which may influence tumor immunity mainly by mediating the migration of immune cells to TME, and is positively associated with tumor mutational burden and microsatellite instability (54). CXCL12 is highly enriched in fibroblasts (16). Fibroblasts in bladder cancer parietal tissue promote bladder carcinogenesis and progression by paracrine secretions of CXCL12 into TME to interact specifically with CXCR4 receptors (a specific receptor for CXCL12, expressed in T cells and macrophages in tumor tissues) and promote the proliferation of depleted T cells in cancer tissues (16). Those studies reveal complicated roles of TRPGs in cancer by regulating immune cells and cancer cells. Considering that functions of the TPRGs have already been explored in T cells (17), we further validated cellular effects of two TRPGs (including DCLRE1B and HOMER1) in LUAD cells. As a result, DCLRE1B and HOMER1 suppressed cell proliferation, migration and invasion, which line with their prognostic values (risk factors). The biological functions and underlying molecular mechanisms of those TRPGs need to be investigated in the future.

Overall, our study proposed a TPRGs-related 6-gene risk model for subtype classification and OS prediction in LUAD. The LUAD subtypes divided by the risk model showed remarkably differences in biology function and pathway, mutation status, immunity and drug susceptibility. High-risk subtype characterized by higher somatic mutation frequency and lower immunotherapy response had a shorter OS. The subtypes with different risk scores were significantly associated with drug sensitivity. Furthermore, TPRGs-encoded proteins DCLRE1B and HOMER1 suppressed cell proliferation, migration and invasion, which was in line with their prognostic values. This risk model showed a good reliability and accuracy in training and validation cohorts, and might serve as a potential prognostic biomarker in clinical use.





Data availability statement

The original contributions presented in the study are included in the article/supplementary material. Further inquiries can be directed to the corresponding author.





Author contributions

QY and HG contributed the idea for the article, performed the experiments and analyses, and wrote the manuscript. WZ revised the manuscript. All authors contributed to the article and approved the submitted version.





Funding

This study was funded by the Scientific Research Foundation of Hunan Provincial Education Department [grant number 20B528, 21B0694].





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.




Abbreviations

AUC, areas under the curve; CDF, cumulative distribution function; CNV, copy number variation; DEGs, differentially expressed genes; FC, fold change; GDSC, genomics of drug sensitivity in cancer; GSEA, gene set variation analysis; GSVA, gene set variation analysis; IC50, half-maximal inhibitory concentration; KEGG, kyoto encyclopedia of genes; LUAD, lung adenocarcinoma; NR, non-responders; NSCLC, non-small lung cancer; OS, overall survival; PCA, principal component analysis; R, responders; ROC, receiver operating characteristic; TCGA, the cancer genome atlas cohort; TIDE, tumor immune dysfunction and exclusion; TPRGs, T cell proliferation-related regulator genes; TME, tumor microenvironment; TNM, tumor, node, metastasis staging system.




References

1. Ruiz-Cordero, R, and Devine, WP. Targeted therapy and checkpoint immunotherapy in lung cancer. Surg Pathol clinics (2020) 13(1):17–33. doi: 10.1016/j.path.2019.11.002

2. Saito, M, Suzuki, H, Kono, K, Takenoshita, S, and Kohno, T. Treatment of lung adenocarcinoma by molecular-targeted therapy and immunotherapy. Surg Today (2018) 48(1):1–8. doi: 10.1007/s00595-017-1497-7

3. Kleczko, EK, Kwak, JW, Schenk, EL, and Nemenoff, RA. Targeting the complement pathway as a therapeutic strategy in lung cancer. Front Immunol (2019) 10:954. doi: 10.3389/fimmu.2019.00954

4. O'Donnell, JS, Teng, MWL, and Smyth, MJ. Cancer immunoediting and resistance to T cell-based immunotherapy. Nat Rev Clin Oncol (2019) 16(3):151–67. doi: 10.1038/s41571-018-0142-8

5. Genova, C, Dellepiane, C, Carrega, P, Sommariva, S, Ferlazzo, G, Pronzato, P, et al. Therapeutic implications of tumor microenvironment in lung cancer: Focus on immune checkpoint blockade. Front Immunol (2021) 12:799455. doi: 10.3389/fimmu.2021.799455

6. Stankovic, B, Bjorhovde, HAK, Skarshaug, R, Aamodt, H, Frafjord, A, Muller, E, et al. Immune cell composition in human non-small cell lung cancer. Front Immunol (2018) 9:3101. doi: 10.3389/fimmu.2018.03101

7. Tumeh, PC, Harview, CL, Yearley, JH, Shintaku, IP, Taylor, EJ, Robert, L, et al. PD-1 blockade induces responses by inhibiting adaptive immune resistance. Nature (2014) 515(7528):568–71. doi: 10.1038/nature13954

8. Scheper, W, Kelderman, S, Fanchi, LF, Linnemann, C, Bendle, G, de Rooij, MAJ, et al. Low and variable tumor reactivity of the intratumoral TCR repertoire in human cancers. Nat Med (2019) 25(1):89–94. doi: 10.1038/s41591-018-0266-5

9. Pasetto, A, Gros, A, Robbins, PF, Deniger, DC, Prickett, TD, Matus-Nicodemos, R, et al. Tumor- and neoantigen-reactive T-cell receptors can be identified based on their frequency in fresh tumor. Cancer Immunol Res (2016) 4(9):734–43. doi: 10.1158/2326-6066.CIR-16-0001

10. Li, H, van der Leun, AM, Yofe, I, Lubling, Y, Gelbard-Solodkin, D, van Akkooi, ACJ, et al. Dysfunctional CD8 T cells form a proliferative, dynamically regulated compartment within human melanoma. Cell (2019) 176(4):775–89.e18. doi: 10.1016/j.cell.2018.11.043

11. Guo, X, Zhang, Y, Zheng, L, Zheng, C, Song, J, Zhang, Q, et al. Global characterization of T cells in non-small-cell lung cancer by single-cell sequencing. Nat Med (2018) 24(7):978–85. doi: 10.1038/s41591-018-0045-3

12. Yost, KE, Satpathy, AT, Wells, DK, Qi, Y, Wang, C, Kageyama, R, et al. Clonal replacement of tumor-specific T cells following PD-1 blockade. Nat Med (2019) 25(8):1251–9. doi: 10.1038/s41591-019-0522-3

13. Zhang, L, Yu, X, Zheng, L, Zhang, Y, Li, Y, Fang, Q, et al. Lineage tracking reveals dynamic relationships of T cells in colorectal cancer. Nature (2018) 564(7735):268–72. doi: 10.1038/s41586-018-0694-x

14. Savas, P, Virassamy, B, Ye, C, Salim, A, Mintoff, CP, Caramia, F, et al. Single-cell profiling of breast cancer T cells reveals a tissue-resident memory subset associated with improved prognosis. Nat Med (2018) 24(7):986–93. doi: 10.1038/s41591-018-0078-7

15. van der Leun, AM, Thommen, DS, and Schumacher, TN. CD8(+) T cell states in human cancer: insights from single-cell analysis. Nat Rev Cancer (2020) 20(4):218–32. doi: 10.1038/s41568-019-0235-4

16. Hou, J, Wen, X, Lu, Z, Wu, G, Yang, G, Tang, C, et al. A novel T-cell proliferation-associated regulator signature pre-operatively predicted the prognostic of bladder cancer. Front Immunol (2022) 13:970949. doi: 10.3389/fimmu.2022.970949

17. Legut, M, Gajic, Z, Guarino, M, Daniloski, Z, Rahman, JA, Xue, X, et al. A genome-scale screen for synthetic drivers of T cell proliferation. Nature (2022) 603(7902):728–35. doi: 10.1038/s41586-022-04494-7

18. Colaprico, A, Silva, TC, Olsen, C, Garofano, L, Cava, C, Garolini, D, et al. TCGAbiolinks: an R/Bioconductor package for integrative analysis of TCGA data. Nucleic Acids Res (2016) 44(8):e71. doi: 10.1093/nar/gkv1507

19. Wilkerson, MD, and Hayes, DN. ConsensusClusterPlus: a class discovery tool with confidence assessments and item tracking. Bioinformatics (2010) 26(12):1572–3. doi: 10.1093/bioinformatics/btq170

20. Hanzelmann, S, Castelo, R, and Guinney, J. GSVA: gene set variation analysis for microarray and RNA-seq data. BMC Bioinf (2013) 14:7. doi: 10.1186/1471-2105-14-7

21. Miao, YR, Zhang, Q, Lei, Q, Luo, M, Xie, GY, Wang, H, et al. ImmuCellAI: A unique method for comprehensive T-cell subsets abundance prediction and its application in cancer immunotherapy. Adv sci (2020) 7(7):1902880. doi: 10.1002/advs.201902880

22. Yoshihara, K, Shahmoradgoli, M, Martinez, 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) 4:2612. doi: 10.1038/ncomms3612

23. 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

24. Mayakonda, A, Lin, DC, Assenov, Y, Plass, C, and Koeffler, HP. Maftools: efficient and comprehensive analysis of somatic variants in cancer. Genome Res (2018) 28(11):1747–56. doi: 10.1101/gr.239244.118

25. Jiang, P, Gu, S, Pan, D, Fu, J, Sahu, A, Hu, X, et al. Signatures of T cell dysfunction and exclusion predict cancer immunotherapy response. Nat Med (2018) 24(10):1550–8. doi: 10.1038/s41591-018-0136-1

26. Maeser, D, Gruener, RF, and Huang, RS. oncoPredict: an r package for predicting in vivo or cancer patient drug response and biomarkers from cell line screening data. Briefings Bioinf (2021) 22(6). doi: 10.1093/bib/bbab260

27. Yang, Q, Zhu, L, Ye, M, Zhang, B, Zhan, P, Li, H, et al. Tumor suppressor 4.1N/EPB41L1 is epigenetic silenced by promoter methylation and MiR-454-3p in NSCLC. Front Genet (2022) 13:805960. doi: 10.3389/fgene.2022.805960

28. Yang, Q, Zhu, M, Wang, Z, Li, H, Zhou, W, Xiao, X, et al. 4.1N is involved in a flotillin-1/beta-catenin/Wnt pathway and suppresses cell proliferation and migration in non-small cell lung cancer cell lines. Tumour Biol (2016) 37(9):12713–23. doi: 10.1007/s13277-016-5146-3

29. Sholl, LM, Hirsch, FR, Hwang, D, Botling, J, Lopez-Rios, F, Bubendorf, L, et al. The promises and challenges of tumor mutation burden as an immunotherapy biomarker: A perspective from the international association for the study of lung cancer pathology committee. J Thorac Oncol (2020) 15(9):1409–24. doi: 10.1016/j.jtho.2020.05.019

30. Chan, TA, Yarchoan, M, Jaffee, E, Swanton, C, Quezada, SA, Stenzinger, A, et al. Development of tumor mutation burden as an immunotherapy biomarker: utility for the oncology clinic. Ann Oncol (2019) 30(1):44–56. doi: 10.1093/annonc/mdy495

31. Jardim, DL, Goodman, A, de Melo Gagliato, D, and Kurzrock, R. The challenges of tumor mutational burden as an immunotherapy biomarker. Cancer Cell (2021) 39(2):154–73. doi: 10.1016/j.ccell.2020.10.001

32. Leader, AM, Grout, JA, Maier, BB, Nabet, BY, Park, MD, Tabachnikova, A, et al. Single-cell analysis of human non-small cell lung cancer lesions refines tumor classification and patient stratification. Cancer Cell (2021) 39(12):1594–609.e12. doi: 10.1016/j.ccell.2021.10.009

33. Pan, Y, Han, H, Labbe, KE, Zhang, H, and Wong, KK. Recent advances in preclinical models for lung squamous cell carcinoma. Oncogene (2021) 40(16):2817–29. doi: 10.1038/s41388-021-01723-7

34. Bremnes, RM, Busund, LT, Kilvaer, TL, Andersen, S, Richardsen, E, Paulsen, EE, et al. The role of tumor-infiltrating lymphocytes in development, progression, and prognosis of non-small cell lung cancer. J Thorac Oncol (2016) 11(6):789–800. doi: 10.1016/j.jtho.2016.01.015

35. Ilie, MD, Vasiljevic, A, Raverot, G, and Bertolino, P. The microenvironment of pituitary tumors-biological and therapeutic implications. Cancers (2019) 11(10). doi: 10.3390/cancers11101605

36. Spranger, S, and Gajewski, TF. Impact of oncogenic pathways on evasion of antitumour immune responses. Nat Rev Cancer (2018) 18(3):139–47. doi: 10.1038/nrc.2017.117

37. Kobayashi, Y, Lim, SO, and Yamaguchi, H. Oncogenic signaling pathways associated with immune evasion and resistance to immune checkpoint inhibitors in cancer. Semin Cancer Biol (2020) 65:51–64. doi: 10.1016/j.semcancer.2019.11.011

38. Wang, Z, Strasser, A, and Kelly, GL. Should mutant TP53 be targeted for cancer therapy? Cell Death differentiation (2022) 29(5):911–20. doi: 10.1038/s41418-022-00962-9

39. Aithal, A, Rauth, S, Kshirsagar, P, Shah, A, Lakshmanan, I, Junker, WM, et al. MUC16 as a novel target for cancer therapy. Expert Opin Ther targets (2018) 22(8):675–86. doi: 10.1080/14728222.2018.1498845

40. Felder, M, Kapur, A, Gonzalez-Bosquet, J, Horibata, S, Heintz, J, Albrecht, R, et al. MUC16 (CA125): tumor biomarker to cancer therapy, a work in progress. Mol cancer (2014) 13:129. doi: 10.1186/1476-4598-13-129

41. Principe, C, Dionisio de Sousa, IJ, Prazeres, H, Soares, P, and Lima, RT. LRP1B: A giant lost in cancer translation. Pharmaceuticals (2021) 14(9):836. doi: 10.3390/ph14090836

42. Berger, NA, and Scacheri, PC. Targeting epigenetics to prevent obesity promoted cancers. Cancer Prev Res (2018) 11(3):125–8. doi: 10.1158/1940-6207.CAPR-18-0043

43. Zhang, D, Leal, AS, Carapellucci, S, Zydeck, K, Sporn, MB, and Liby, KT. Chemoprevention of preclinical breast and lung cancer with the bromodomain inhibitor I-BET 762. Cancer Prev Res (2018) 11(3):143–56. doi: 10.1158/1940-6207.CAPR-17-0264

44. Leal, AS, Williams, CR, Royce, DB, Pioli, PA, Sporn, MB, and Liby, KT. Bromodomain inhibitors, JQ1 and I-BET 762, as potential therapies for pancreatic cancer. Cancer letters (2017) 394:76–87. doi: 10.1016/j.canlet.2017.02.021

45. Riveiro, ME, Astorgues-Xerri, L, Vazquez, R, Frapolli, R, Kwee, I, Rinaldi, A, et al. OTX015 (MK-8628), a novel BET inhibitor, exhibits antitumor activity in non-small cell and small cell lung cancer models harboring different oncogenic mutations. Oncotarget (2016) 7(51):84675–87. doi: 10.18632/oncotarget.13181

46. Pearce, LR, Alton, GR, Richter, DT, Kath, JC, Lingardo, L, Chapman, J, et al. Characterization of PF-4708671, a novel and highly specific inhibitor of p70 ribosomal S6 kinase (S6K1). Biochem J (2010) 431(2):245–55. doi: 10.1042/BJ20101024

47. Park, JH, Pyun, WY, and Park, HW. Cancer metabolism: Phenotype, signaling and therapeutic targets. Cells (2020) 9(10):2308. doi: 10.3390/cells9102308

48. Liu, C, Lu, H, Wang, H, Loo, A, Zhang, X, Yang, G, et al. Combinations with allosteric SHP2 inhibitor TNO155 to block receptor tyrosine kinase signaling. Clin Cancer Res (2021) 27(1):342–54. doi: 10.1158/1078-0432.CCR-20-2718

49. Schettini, F, De Santo, I, Rea, CG, De Placido, P, Formisano, L, Giuliano, M, et al. CDK 4/6 inhibitors as single agent in advanced solid tumors. Front Oncol (2018) 8:608. doi: 10.3389/fonc.2018.00608

50. Musgrove, EA, Caldon, CE, Barraclough, J, Stone, A, and Sutherland, RL. Cyclin d as a therapeutic target in cancer. Nat Rev Cancer (2011) 11(8):558–72. doi: 10.1038/nrc3090

51. Sokratous, G, Polyzoidis, S, and Ashkan, K. Immune infiltration of tumor microenvironment following immunotherapy for glioblastoma multiforme. Hum Vaccines Immunother (2017) 13(11):2575–82. doi: 10.1080/21645515.2017.1303582

52. Altorki, NK, Markowitz, GJ, Gao, D, Port, JL, Saxena, A, Stiles, B, et al. The lung microenvironment: an important regulator of tumour growth and metastasis. Nat Rev Cancer (2019) 19(1):9–31. doi: 10.1038/s41568-018-0081-9

53. Tanaka, A, and Sakaguchi, S. Targeting treg cells in cancer immunotherapy. Eur J Immunol (2019) 49(8):1140–6. doi: 10.1002/eji.201847659

54. Yang, Y, Liu, Q, Guo, X, Yuan, Q, Nian, S, Kang, P, et al. Systematic pan-cancer analysis identifies CDK1 as an immunological and prognostic biomarker. J Oncol (2022) 2022:8115474. doi: 10.1155/2022/8115474




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 Yang, Zhu and Gong. 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.




ORIGINAL RESEARCH

published: 03 April 2023

doi: 10.3389/fimmu.2023.1166052

[image: image2]


Establishment and validation of exhausted CD8+ T cell feature as a prognostic model of HCC


Jihang Shi 1,2,3†, Guangya Li 4,5†, Lulu Liu 4,5†, Xiandun Yuan 6, Yafei Wang 1,2,3, Ming Gong 1,2,3, Chonghui Li 2,3, Xinlan Ge 2,3 and Shichun Lu 2,3*


1 Medical School of Chinese People’s Liberation Army (PLA), Beijing, China, 2 Faculty of Hepato-Pancreato-Biliary Surgery, Chinese People’s Liberation Army (PLA) General Hospital, Beijing, China, 3 Institute of Hepatobiliary Surgery of Chinese PLA, Beijing, China, 4 Ministry of Education (MOE) Key Laboratory of Cell Proliferation and Differentiation, College of Life Sciences, Peking-Tsinghua Center for Life Sciences, Peking University, Beijing, China, 5 Peking University-Tsinghua University-National Institute of Biological Science Joint Graduate Program, College of Life Science, Peking University, Beijing, China, 6 Department of Rheumatology and Immunology, Peking University Third Hospital, Beijing, China




Edited by: 

Jinghua Pan, Jinan University, China

Reviewed by: 

Shujun Li, Second Hospital of Hebei Medical University, China

Cong Chen, Nantong University, China

*Correspondence: 

Shichun Lu
 lusc_301@163.com


†These authors have contributed equally to this work


Specialty section: 
 This article was submitted to Cancer Immunity and Immunotherapy, a section of the journal Frontiers in Immunology


Received: 14 February 2023

Accepted: 20 March 2023

Published: 03 April 2023

Citation:
Shi J, Li G, Liu L, Yuan X, Wang Y, Gong M, Li C, Ge X and Lu S (2023) Establishment and validation of exhausted CD8+ T cell feature as a prognostic model of HCC. Front. Immunol. 14:1166052. doi: 10.3389/fimmu.2023.1166052






Objectives

The exhausted CD8+T (Tex) cells are a unique cell population of activated T cells that emerges in response to persistent viral infection or tumor antigens. Tex cells showed the characteristics of aging cells, including weakened self-renewal ability, effector function inhibition, sustained high expression of inhibitory receptors including PD-1, TIGIT, TIM-3, and LAG-3, and always accompanied by metabolic and epigenetic reprogramming. Tex cells are getting more and more attention in researching immune-related diseases and tumor immunotherapy. However, studies on Tex-related models for tumor prognosis are still lacking. We hope to establish a risk model based on Tex-related genes for HCC prognosis.





Methods

Tex-related GEO datasets from different pathologic factors (chronic HBV, chronic HCV, and telomere shortening) were analyzed respectively to acquire differentially expressed genes (DEGs) by the ‘limma’ package of R. Genes with at least one intersection were incorporated into Tex-related gene set. GO, KEGG, and GSEA enrichment analyses were produced. Hub genes and the PPI network were established and visualized by the STRING website and Cytoscape software. Transcription factors and targeting small molecules were predicted by the TRUST and CLUE websites. The Tex-related HCC prognostic model was built by Cox regression and verified based on different datasets. Tumor immune dysfunction and exclusion (TIDE) and SubMap algorithms tested immunotherapy sensitivity. Finally, qRT-PCR and Flow Cytometry was used to confirm the bioinformatic results.





Results

Hub genes such as AKT1, CDC6, TNF and their upstream transcription factor ILF3, Regulatory factor X-associated protein, STAT3, JUN, and RELA/NFKB1 were identified as potential motivators for Tex. Tex-related genes SLC16A11, CACYBP, HSF2, and ATG10 built the HCC prognostic model and helped with Immunotherapy sensitivity prediction.





Conclusion

Our study demonstrated that Tex-related genes might provide accurate prediction for HCC patients in clinical decision-making, prognostic assessment, and immunotherapy. In addition, targeting the hub genes or transcription factors may help to reverse T cell function and enhance the effect of tumor immunotherapy.





Keywords: CD8+ T, T cell exhaustion, hepatocellular carcinoma, prognostic model, survival analysis




1 Introduction

Hepatocellular carcinoma (HCC), accounting for more than 90% of primary liver tumors, is now the world’s fifth most common cause of cancer. The five-year survival rate for liver cancer was 18% and second only to that for pancreatic cancer (1). Important risk factors for hepatocellular carcinoma include hepatitis liver disease (hepatitis B and C), alcoholic liver disease, and nonalcoholic fatty liver disease (2). Due to its insidious progression, most patients were diagnosed at advanced stages. RFA, TACE, TKI, and immunotherapy are widely used in advanced liver cancer (3). Advanced therapies, including gene therapy and immunotherapy, have shown incredible effects, and more and more combination therapies are also being carried out in clinical studies, offering hope for the treatment of patients with advanced liver cancer (4–6).

Nevertheless, the role of immune cells, especially exhausted T cells, in developing and progressing HCC at different stages and whether exhaustion features can be utilized as a diagnostic and prognostic marker for HCC remains unclear. T cell exhaustion, usually called exhausted CD8+T (Tex) cells, is a hypofunctional state of T lymphocytes, endowing them to lose their ability to eliminate cancer cells effectively (7, 8). Prolonged antigen exposure and persistent inflammatory stimuli are thought to be potential mechanisms that drive T cells to an exhaustion state (9, 10). Advanced HCC is often accompanied by an immune exhaustion station, characterized by the accumulation of PD-1hi CD8+T cells and exhaustion of tumor-antigen-specific CD8+T cells (11). T-cell exhaustion was associated with overall survival in HCC patients of different ethnicities and etiologies (12, 13). In HCC, the T cell exhaustion factor is particularly important for several reasons. On the one hand, due to its unique physiological structure, the liver plays an important role in promoting immune tolerance (14). And the immune tolerance microenvironment contributes to the latent growth of malignant hepatocytes. Research demonstrates that the numbers of Tregs, MDSCs, and exhausted T cells were increased in patients with advanced liver cancer compared with normal controls (15, 16). On the other hand, chronic HBV and HCV infection are important etiologies of HCC, leading to liver fibrosis and chronic inflammatory reaction (17). All these factors aggravate the development of Tex.

In conclusion, Tex, a reliable immunophenotype of HCC, may be related to the efficacy of immunotherapy and prognosis (18). However, there is no Tex-based prognostic model to systematically evaluate Tex-related genes and predict the overall prognosis of HCC patients. Therefore, establishing a Tex-based prognostic model for diagnosing and treating HCC has important clinical significance.

In the first step of this study, we analyzed data sets of exhausted CD8+T (Tex) cells from different etiologies (HBV, HCV, TOLER) to find Tex-related co-differentially expressed genes and analyzed the hub gene networks and associated signaling pathways. Then we constructed a Tex-related prognostic model based on the TCGA database and validated it in an independent ICGC(International Cancer Genome Consortium) database. The results demonstrated that the Tex-related genes are related to HCC prognosis, and the Tex-related prognostic model would be effective in clinical decision-making, prognostic assessment, and immunotherapy for HCC treatment.




2 Research methods



2.1 Datasets collection

This article’s related datasets included HBV, HCV, and Telomere shortening data of exhausted CD8+ T cells from the Gene Expression Omnibus (GEO) database. The HBV dataset (GSE67801) contains four HBV-induced Tex samples and five control samples. The HCV dataset (GSE111449) contains seven HCV-infected Tex samples and five healthy samples, and the telomere-shortening dataset (GSE77525) has four telomere-shortening CD8+T cell samples and four healthy samples. TCGA-LIHC cohort containing RNA sequencing and corresponding clinical information of 369 HCC samples were downloaded from the TCGA website until January 1, 2023. ICGC (LIRI-JP) cohort comprises 231 HCC samples from the ICGC portal.




2.2 Identification of common DEGs between HBV, HCV, and telomere shortening

DEGs of three GEO, TCGA, and ICGC datasets were analyzed with standard | Log2Fold Change | > 1 and | adj. P value | < 0.05. The ‘limma’ package in RStudio software (version 4.2.2) was used. Common DEGs were produced at least one intersection by the ‘Venn’ website (http://bioinformatics.psb.ugent.be/webtools/Venn/) for Tex gene list construction.




2.3 Pathway enrichment analysis of common DEGs

The ‘clusterProfiler’ package was used to process GO and KEGG enrichment analysis in R software (version 4.2.2). Other packages, including ‘dplyr,’ ‘org.Hs.eg.db,’ ‘circlize,’ ‘RColorBrewer,’ ‘ggplot2,’ ‘enrichplot,’ ‘ggpubr,’ and ‘ComplexHeatmap’ were used for data Annotation and Visualization. P-value < 0.05 was set as the cutoff criterion for common DEGs.




2.4 PPI network analysis based on common DEGs

PPI networks were established by Search Tool for the Retrieval of Interacting Genes Database (STRING) based on the combined score > 0.9 and visualized by Cytoscape 3.9.1 (version 4.2.2) to reveal the interactions among proteins of common DEGs.




2.5 Establishment and validation of the Tex-related prognostic model

During the model construction, cases with OS time less than 90 days in TCGA and ICGC datasets were excluded. The TCGA data were first randomly divided into the training and testing sets utilizing package “caret” in R. Univariate Cox proportional hazard regression analysis by R package “survival” was used to screen prognostic-related Tex DEGs in the training group (p < 0.05). The R package “glmnet” was utilized for Lasso regression. Then, the multivariable Cox proportional risk regression analysis was carried out to establish the prognosis model of HCC based on Tex-related genes in TCGA. The risk score formula is as follows:  , where coef means regression coefficient. The HCC patients in the training, testing, and ICGC validation sets were separated into high- and low-risk groups based on the median risk score. The survival analysis and the receiver operator characteristic (ROC) curves between the two risk groups were carried out using the “survminer,” “survival,” and “timeROC” R packages.




2.6 Immunotherapy reactivity

Tex-related HCC risk score was used to predict the patients’ responsiveness to immune checkpoint blocks (ICB). IMvigor210 cohort (http://research-pub.gene.com/IMvigor210CoreBiologies/) containing transcriptomic and corresponding clinical data of HCC patients receiving anti-PD-L1 agent (atezolizumab) treatment. The GSE78220 cohort comprises transcriptomic data from melanomas patients receiving anti-PD-1 checkpoint inhibition therapy.




2.7 Independence factors of HCC

Univariate Cox and multivariate Cox regression analyses were utilized to evaluate if the risk score and other clinical characteristics were independent variable factors for HCC.




2.8 The stimulation and expansion of T cells

The blood samples were collected from healthy donors (Chinese PLA General Hospital, 2017YFA003003). Then the peripheral blood mononuclear cells (PBMCs) were isolated using Ficoll density gradient centrifugation. The isolated human PBMCs were cultured in complete culture media, including advanced RPMI 1640 media (Gibco, 12633012), supplemented with 10% human serum (Sigma, NIST909C), 200U/ml IL2 (MCE, HY-P7039) and 1% penicillin/streptomycin (Pen/Strep, 15140163), at 37°C and 5% CO2 concentration. MagniSort Human T cell Enrichment Kit (Invitrogen, 8804-6810-74) was used to obtain CD3+ cells. The complete culture media were mixed with magnetic beads coated with anti-CD3/CD28 mAbs (Invitrogen, 11141D) to stimulate and expand the CD3+ T cells. T cells were mixed with magnetic beads at a ratio of 1:1 beads-to-cells. During each induction cycle, 2.5 × 106 cells in a 5 mL/well volume were plated in a 6−well culture plate at 37°C/5% CO2 for four days. Then magnetic beads were washed away, and cells were cultured in a culture medium for two days. Flow analysis of the T cell exhaustion state was performed after each cycle.




2.9 Quantitative real-time polymerase chain reaction

After removing beads from the CD3+ T cells by magnet or grinding liver tissue, total RNA was isolated using the Direct-zol RNA Kits (ZYMO Research, R2052). Then RNA was converted to cDNA using the TransScript First-Strand cDNA Synthesis SuperMix (TransGen Biotech, AT311). qRT-PCR analysis was performed using the KAPA SYBR® FAST qPCR Kit (KAPA Biosystems, KK4601) on a Bio-Rad CFX384TM Real-time System. The quantified values were normalized by housekeeping genes (β-ACTIN or RRN18S). The qRT-PCR primer sequences were provided in Table 1, and the data were analyzed using the ΔΔCt method.


Table 1 | Primer sequences for real-time PCR in the study.






2.10 Flow cytometry and apoptosis assays

After 1×106 cells were fixated and permeabilizated, resuspended with 200 µl 1×Perm/Wash Buffer and stained with antibodies APC anti-PD1 (Biolegend, 329908), FITC Anti-Tim3 (Biolegend, 345022), and then detected on the Flow Cytometer.




2.11 Other methods and statistical analysis

GeneMANIA (http://www.genemania.org) was used to find genes related to Tex hub genes. The tool was used to visualize the gene networks, construct the protein-protein interaction (PPI) network, and generate hypotheses about gene function. Transcription regulators upstream of hub genes were searched in the TRRUST database (https://www.grnpedia.org/trrust/) with the FDR < 0.05. Small molecules reported to target these transcription factors were obtained by the Clue website (https://clue.io/). All bioinformatics statistical analyses were performed by R (version 4.2.2) and RStudio. p <0 .05 was considered statistically significant. Statistical flow cytometry and qRT-PCR data tests were performed using GraphPad Prism software. Student t-test (two-tailed) was used for comparisons between two independent conditions. p <0 .05 was considered statistically significant.





3 Results



3.1 Identification of Tex-related genes

GEO datasets (GSE67801, GSE111449, and GSE77525) containing three etiologies (chronic HBV, HCV infection, and telomere shortening) induced exhausted CD8+T (Tex) cells and their normal control data were selected to screen for Tex genes (Figure 1A). Up-regulated DEGs and down-regulated-DEGs were analyzed with standard | Log2Fold Change | > 1 and | adj. P value | < 0.05 followed by intersection operation. The VENN diagram demonstrated that 561 co-upregulated genes and 834 co-downregulated genes constituted 1435 Tex-related gene lists (Figure 1B, Supplementary 1).




Figure 1 | Construction of Tex-related gene list. (A) Heatmap and Volcano plot of the DEGs between Tex cells and CD8 T control cells from three GEO datasets. Green represents downregulated DEGs, red represents upregulated DEGs, and black represents no difference. (B) Venn diagram demonstrates the co-upregulated and co-downregulated DEGs for the Tex-related gene list.






3.2 PPI network construction and hub gene selection

By using the STRING database, we built a PPI network containing 1021 edges and 526 nodes to explore further the correlation between genes in the Tex gene list (Figure 2A). Then, CytoHubba in Cytoscape was used to identify the 15 hub genes based on degree method scores in the PPI network, including TNF, AKT1, RPS29, RPS27A, PTPN6, RUNX2, CD4, LYN, HLA-DRB1, IKBKG, CDC6, HLA-DRA, SNRPG, RPS12, and PIK3CA (Figure 2B). Hub genes were analyzed further by GeneMANIA to explore their interacting genes and predict their correlations such as colocalization, coexpression, and shared protein domains. The hub genes are on the left side, while the interacting genes are on the right. Function analysis showed that these genes were enriched in the MHC protein complex, positive regulation of myeloid leukocyte differentiation, PI3K, and NF-κB signaling (Figure 2C).




Figure 2 | Hub genes extraction and PPI network construction. (A) PPI network of Tex-related genes constructed by STRING. (B) The top 15 hub genes and their relationship were calculated and visualized by Cytoscape. (C) GeneMANIA database helps predict the hub gene interaction network based on gene correlations such as colocalization, coexpression, and shared protein domains. The 15 hub genes were listed on the left side, and the top 20 mostly related neighboring genes are shown on the right side.






3.3 Functional enrichment analysis of Tex-related hub genes

We used a ‘cluster profiler’ package in R software to analyze these Tex-related hub genes’ biological role and function to perform GO and KEGG enrichment analyses. GO enrichment analysis included three categories: biological process (BP), cell composition (CC), and molecular function (MF). Regarding BP, Tex-related hub genes were mainly enriched in regulating leukocyte cell-cell adhesion and T-cell activation (Figure 3A). The top GO terms in the CC module were endocytic vesicle membrane, endocytic vesicle, and cytosolic small ribosomal subunit, and regarding MF, Tex-related hub genes were mainly enriched in MHC protein complex binding (Figure 3A). KEGG enrichment analysis containing T cell receptor signaling pathway, virus infection, and PD-L1 expression and PD-1 checkpoint pathway in cancer (Figure 3B). These results showed that the Tex-related gene list we found was efficient and reliable.




Figure 3 | GO and KEGG pathway analyses of Hub genes. (A) The top ten GO functional enrichment analyses of the hub genes in biological process (BP), cellular component (CC), and molecular function (MF) groups, respectively. (B) The top 30 significant KEGG signal pathways of the hub genes.






3.4 Transcription factor and small molecules for Tex reversion

To further explore the regulatory relationship of transcription factors upstream of Tex-related hub genes, which may contribute to T cell exhaustion, we used the TRUST website for further analysis. The results showed that the transcription factors such as ILF3, regulatory factor X-associated protein, STAT3, JUN, and RELA/NFKB1 regulated the hub genes’ expression, playing an important role in CD8+T exhaustion (Table 2). The hub genes and their predicted transcription factors were further validated in the data sets (Figures 4A, B). Targeting these transcription factors may help reverse T cells’ exhaustion state, restoring T cell function and increasing treatment effector for infections and tumors. We further identified potential small molecules reported to inhibit such TFs by the CLUE website (Table 3). In this section, we identified transcription factors critical for the induction of T cell exhaustion, providing potential targets for T exhaustion-reverse therapy.


Table 2 | Transcription factors upstream of Tex-related hub genes.






Figure 4 | Validation of Tex-related transcription factors. (A, B) The Tex-related hub genes (A) and upstream transcription factors (B) predicted by the TRUST website were verified in the Tex GEO dataset GSE67801, GSE111449, and GSE77525.




Table 3 | Small molecules reported to inhibit Transcription factors in Table 2.






3.5 Construction and verification of the HCC prognostic model

Next, we wanted to know whether Tex-related genes have predictive value for diagnosing and treating HCC. We collected 369 HCC samples and 50 cancer-adjacent control samples from the TCGA database. The DEGs in HCC were analyzed, and Tex-related DEGS were extracted for further analysis with | Log2Fold Change | > 1 and | adj. P value | < 0.05. Tex-related prognostic DEGs were identified by univariate cox regression (Figure 5A). Then least absolute shrinkage and selection operator (LASSO) was used to avoid overfitting (Figure 5B). Finally, four genes (SLC16A11, CACYBP, HSF2, and ATG10) were selected to construct the Tex-related prognostic model by multivariate Cox regression (Figure 5C, Table 4). We calculated risk score with the formula: risk score= SLC16A11 × (-0.0.3755) + CACYBP × (0.038092) + HSF2 × (0.173432) + ATG10 × (0.504545). In the TCGA cohort, low- and high-risk groups showed a significant difference in prognosis in the training and testing sets. The Kaplan-Meier curves showed that the OS of the high-risk group was significantly worse than that of the low-risk group. Time-dependent ROC curves were used to evaluate the sensitivity and specificity of the prognostic model by calculating the area under the ROC curve (AUC). In the training set, the 1-year, 3-year, and 5-year AUCs were 0.86, 0.72, and 0.78, and corresponding AUCs in the testing set were 0.80, 0.63, and 0.61 (Figures 6A, B). In addition, the independent data set based on ICGC further verified the accuracy and reliability of the model (Figures 7A, B). The clinical characteristics of the TCGA and ICGC databases are listed in Table 5. The above results indicated that the Tex-related prognostic model could accurately predict the prognosis of HCC. High-risk patients, based on risk scores, usually have a worse prognosis.




Figure 5 | Construction of Tex-related HCC prognostic model. (A) The prognostic Tex-related genes extracted by univariate Cox regression analysis. (B) LASSO regression analysis and coefficients of Tex-related HCC prognostic model-constructed genes obtained by LASSO. (C) Multivariate analyses of model genes obtained from lasso regression analysis in the TCGA cohort. Hazard ratios are adjusted by the variables shown in this figure.




Table 4 | Tex-related prognostic model by multivariate Cox regression.






Figure 6 | Evaluation and verification of Tex-related HCC prognostic model in TCGA training and testing sets. (A) Kaplan-Meier curve; ROC curves; Scatter plot of the risk score, overall survival, and corresponding heatmap in TCGA training set. (B) Kaplan-Meier curve; ROC curves; Scatter plot of the risk score, overall survival, and corresponding heatmap in TCGA testing set.






Figure 7 | Validation of Tex-related HCC prognostic model in independent ICGC cohort. (A) Kaplan-Meier curve; ROC curves. (B) Scatter plot of the risk score, overall survival, and corresponding heatmap in ICGC verification set.




Table 5 | The clinical characteristics of two cohort.






3.6 The risk signature and the clinicopathological features in HCC

We performed independent prognostic analyses to explore further the relationship between the risk model and clinical features, analyzing whether Tex signature can be used as an independent prognostic feature of HCC. In univariate Cox regression, the hazard ratio (HR) of the risk score was 1.301, and the 95% confidence interval (CI) was 1.121–1.518 (p < 0.001), while in multivariate Cox regression, they were 1.197 and 1.017-1.410 (p < 0.05). In addition, we identified that Grade was another independent prognostic parameter with HR 1.868 and 95%CI 1.012 - 3.450 (p < 0.05) (Figure 8A). Interestingly, it was observed that risk signatures could accurately reflect tumor grade characteristics and the expression level of CACYBP is also correlated with grade (p < 0.05) (Figure 8B). These results indicate that the HCC prognostic model constructed based on the four Tex-related genes can accurately reflect the degree of tumor progression, providing a basis for prognostic prediction and clinical decision-making.




Figure 8 | Validation of Tex-related HCC prognostic model in independent ICGC cohort. (A) Univariate and multivariate analyses indicated that the Grade and the risk score were independent prognostic factors of HCC patients. (B) The risk score and CACYBP had a significant correlation with Grade classification. *** indicates significant difference at p < 0.001.






3.7 The responsiveness of ICB immunotherapy

We have established a Tex-related HCC prognostic model, and we wonder if this will help to guide clinical immunotherapy. Through the TIDE algorithm, we found that the high-risk group showed a promising response to immunotherapy (Figure 9A). Therefore, the Tex-related risk signature prognostic value was further tested based on IMvigor210 and GSE78220 cohorts ICB therapy. In the IMvigor210 cohort, patients’ respondence to anti-PD-L1 receptor blockers were classified into complete response (CR), partial response (PR), stable disease (SD), and progressive disease (PD) four outcomings. SD/PD patients acquired higher risk scores than CR/PR patients (Figure 9B). In the high-risk group, the percentage of SD/PD was higher than that in the low-risk group (Figure 9C). We observed that risk score demonstrated valuable prediction capacity and patients in the high-risk group showed significant clinical benefits than that of those in the low-risk group in the IMvigor210 cohort (p = 0.0011) (Figure 9D). Specifically, in the Stage I+II subgroup analysis, there were significant survival differences between the two risk groups (p = 0.0078) (Figure 9E). But not significantly different in Stage III+IV subgroup (p = 0.07) (Figure 9F). However, in the GSE78220 cohort, the patients between two groups didn’t demonstrate survival differences, which may because they were derived from melanomas data (Figure 9G). In conclusion, the results proofed that the Tex-related risk model makes sense in immunotherapy prediction.




Figure 9 | Immunotherapeutic responses in high- and low-risk groups with HCC. (A) Correlation between risk score and immunotherapy response. (B) In the IMvigor210 cohort, patients’ prognostic was related to Tex-related risk score. (C) Distribution of immunotherapy responses among high- and low-risk groups in the IMvigor210 cohort. (D-F) Prognostic differences among risk score groups in the IMvigor210 cohort (D), Stage I+II subgroup (E), and Stage III+IV subgroup (F). (G) prognostic differences between high- and low-risk groups in the GSE78220 cohort.






3.8 Gene set enrichment analysis for Tex-related prognostic genes

Four genes composing the prognostic model were analyzed based on GSE67801(Figure 10A) and GSE111449 (Figure 10B) databases to further investigate the role of Tex-related prognostic genes. Analysis was performed using immunologic signatures (GSEA C7) gene sets, and Top5 relevant data sets were displayed. The results showed that these four genes were strongly correlated with immune activation and CD8+T exhaustion, which proved the reliability of our model.




Figure 10 | GSEA enrichment analysis for Tex-related HCC prognostic genes. (A) Enrichment analysis of immune-related data sets for SLC16A11, CACYBP, HSF2, and ATG10 based on the GSE67801 profile. (B) Enrichment analysis of immune-related data sets for SLC16A11, CACYBP, HSF2, and ATG10 based on the GSE111449 profile.






3.9 The CD8+T exhaustion verification by RT-qPCR and flow cytometry

The CD3+T cells were activated and amplified by CD3/CD28 magnetic beads to induce exhaustion. The T cell exhaustion state was compared between the fourth cycle stimulated T cells with those NC. The expressions of inhibitory receptors PD-1 and Tim-3 were detected by flow cytometry (Figure 11A), and qRT-PCR identified the expression of exhaustion-related hub genes and transcription factors (Figure 11B). Four Tex-related prognostic genes were compared between HCC tissues and normal tissues (Figure 11C). The results demonstrate the predictive value of Tex-related genes in the HCC prognosis model.




Figure 11 | Verification of Tex signature by in vitro experiments. (A) Detection of the inhibitory receptor PD-1 and Tim-3 in T cells with different cycles of expansion. N=3 (B) qRT-PCR was used to detect exhaustion gene expression between the fourth cycle expanded T cells and NC cells. N = 3 (C) The expression of SLC16A11, CACYBP, HSF2, and ATG10 in HCC tissues and control tissues was detected by PCR. N = 5. *indicates significant difference at p < 0.05, ** indicates significant difference at p < 0.01, *** indicates significant difference at p < 0.001, **** indicates significant difference at P <0.0001.







4 Discussion

With the popularization of immunotherapy and gene therapy, the prognosis of patients with HCC, especially those with advanced HCC, has been significantly improved. However, due to chronic viral infection, heterogeneity of tumors, and the special physiological structure of the liver, the immune microenvironment, the immune inhibition state of HCC, and the level of immune exhaustion have become important factors affecting the efficacy of immunotherapy (19). There is still a lack of effective biomarkers and prognostic models for HCC (20, 21). Therefore, a reliable and effective predictive model is critical for HCC treatment. This study established a prognostic model based on Tex-related genes and validated it in different databases. The results showed that the risk model could accurately reflect the prognosis of patients with HCC.

After acute infection and vaccination, naive T cells, activated by antigen, co-stimulation, and inflammation, proliferate exponentially to differentiate into effector T cells and memory T cells (22, 23). In patients with chronic infections and cancer, long-term exposure to persistent antigens and inflammation causes persistent stimulation of T cells, during which exhausted T cells gradually become unfunctional. Tex cells possess properties of progressive loss-of-effector function, poor memory recall, high and sustained inhibitory receptor expression, and metabolic and epigenetic reprogramming, distinguishing Tex from effector T cells and memory T cells (24–27). Studies on various tumor immune microenvironments, including liver cancer, melanoma, and lung cancer, have found that tumor-infiltrating T cells are usually exhausted, and the degree of exhaustion correlated with prognosis (28–30). Some key genes and transcription factors that induce Tex are gradually discovered. For example, NR4A and Tox family transcription factors were identified as key mediators of T cell exhaustion’s epigenetic and transcriptional programs (31, 32). The hypoxic microenvironment leads to cellular mitochondrial dysfunction, triggering the expression of transcriptional repressor BLIMP1 and producing Tex (33). Several approaches to partially reverse the T cell exhaustion phenotype through gene editing or small molecules and enhance the efficacy of immunotherapy have also been found. The classic example is immune checkpoint inhibitors help to suppress the expression of inhibitory receptors, reverse the exhausted T cell state, and restore tumor-infiltrating T cell (TIL) function (34). It has been proven to have a powerful anti-tumor effect. However, the mechanism of Tex induction is still not fully understood. The relationship between Tex and tumor and how to use Tex to guide tumor clinical treatment practice and predict patients’ prognosis still lacks effective models. In addition, like other immune cells, Tex T cells are heterogeneous, including progenitors and terminal subsets with unique characteristics. In conclusion, exploring the mechanism of Tex and constructing effective prognostic models may be of great significance for tumor therapy.

This study analyzed the Tex signature and its potential in HCC prediction. First, we constructed a Tex-related gene set based on GEO datasets and identified the hub genes through bioinformatic analysis. GO, KEGG, and GSEA enrichment analysis confirmed the promoting effect of these hub genes on Tex. Through prediction, we constructed transcription factor regulatory networks for hub genes. These transcription factors include: ILF3, RFXANK, RFXAP, RFX5, CIITA, RELA, NFKB1, AR, E2F1, STAT3 and JUN. Consistent with the conclusions of other studies, NFKB1/RelA heterodimers participated in NF-κB signaling pathway activation, which is an important factor for Tex production (35–37). Transcription factors CIITA, RFX5, RFXAP, and RFXANK mutations have been associated with Major histocompatibility complex (MHC) II deficiency, so they’re also associated with immune exhaustion. Tumor-derived cytokines such as IL-6 and IL-27 have promoted PD-L1+CD8+ T cells development through STAT1/STAT3 signaling (38, 39). ILF3 promotes the production of several tumors and is closely related to cellular senescence (40, 41). We also explored small molecules to target these transcription factors. Rutin, for example, a quercetin glycoside, possesses antioxidant and anti-aging properties. In conclusion, these results indicate that the Tex-related targets we have found are relatively accurate, and they may help to find ways for Tex state reversion and rejuvenate the immune system.

Further, Tex-related genes SLC16A11, CACYBP, HSF2, and ATG10 were selected to build a prognostic model for HCC, and excellent predictive capacity was demonstrated in the independent training, testing, and validation sets. SLC16A11, a protein in the endoplasmic reticulum and plasma membrane, is involved in pyruvate transport and lipid metabolism. Its abnormal expression or mutation is associated with various metabolic diseases such as type 2 diabetes, fatty liver, and obesity, all of which are risk factors for aging and cancer (42, 43). Therefore, the SLC16A11 gene may be an important target for regulating cellular senescence, immune cell exhaustion, and tumorigenesis. CACYBP is a calcyclin-binding protein. CACYBP has been reported as an independent prognostic factor in multiple cancers such as HCC and gastric cancer (44, 45). Moreover, it has also been identified as an immune-related biomarker with guiding value for the prognosis and immunotherapy effect in HCC, esophageal cancer, bladder cancer, and other tumors (45–47). A study based on single-cell sequencing has found that CACYBP can be used as an effective indicator to evaluate the efficacy of anti-PD-1 therapy and significantly up-regulated in exhausted CD8+T cells (48). HSF2 belongs to the HSF family of transcription factors. As a Heat shock protein, it has been reported to be associated with cellular stress and aging in diverse cells, including mesenchymal stem cells, skeletal muscle, and T cells (49–51). Through various bioinformatics, it has been related to immune cell infiltration and tumor immune microenvironment across different cancer types (52). Finally, the autophagy-related gene ATG10 regulated the formation of autophagosomes and participated in the anti-virus immune response (53). It has been identified as a downstream target of the PI3K/AKT/mTOR signaling pathway, is involved in various biological processes, and is closely related to aging (54). In conclusion, these Tex-related genes play an important role in immune exhaustion, cellular senescence, and tumorigenesis to provide a basis for the rationality of this prognostic model.

Although the study was based primarily on bioinformatics analysis, it has many implications. On the one hand, the study found the Tex gene set based on three etiologies-induced Tex cells data sets and explored its hub genes and transcription factors, which helps to reverse the characteristics of T cell exhaustion and to improve the effect of tumor immunotherapy. On the other hand, the prognostic model of HCC constructed by Tex-related genes has a good predictive function in both TCGA and ICGA data sets and can guide the clinical treatment of HCC. However, the study also has some limitations. First, we identified the Tex-related transcription factor regulating network and their targeting of small molecules, but the reversion effect lacked experimental verification. Second, Due to sequencing depth issues, some tumor-infiltrating T cells’ genes may be biased, and the role of some Tex genes may be neglected. Third, in HCC model construction and verification, separating CD8+T cells in HCC tissue is better for measuring the expression of hub genes or transcription factors. These shortcomings will be gradually overcome in the following research.




5 Conclusion

Our study demonstrated that Tex-related genes might provide accurate prediction for HCC patients in clinical decision-making, prognostic assessment, and immunotherapy. In addition, targeting the hub genes or transcription factors may help to reverse T cell function and enhance the effect of tumor immunotherapy.
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Background

Previous studies indicate that exogenous use of glucocorticoid (GC) affects immune checkpoint inhibitor (ICI) efficacy. However, there is a paucity of clinical data evaluating the direct impact of endogenous GC on the efficacy for cancer patients with immune checkpoint blockade.





Methods

We first compared the endogenous circulating GC levels in healthy individuals and patients with cancer. We next retrospectively reviewed patients with advanced cancer with PD-1/PD-L1 inhibitor alone or combination therapy in a single center. The effects of baseline circulating GC levels on objective response rate (ORR), durable clinical benefit (DCB), progression‐free survival (PFS), and overall survival (OS) were analyzed. The association of the endogenous GC levels with circulating lymphocytes, cytokines levels, and neutrophil to lymphocyte ratio, and tumor infiltrating immune cells, were systematically analyzed.





Results

The endogenous GC levels in advanced cancer patients were higher than those in early-stage cancer patients as well as healthy people. In the advanced cancer cohort with immune checkpoint blockade (n=130), patients with high baseline endogenous GC levels (n=80) had a significantly reduced ORR (10.0% vs 40.0%; p<0.0001) and DCB (35.0% vs 73.5%, p=0.001) compared to those with low endogenous GC levels (n=50). The increased GC levels was significantly associated with reduced PFS (HR 2.023; p=0.0008) and OS (HR 2.809; p=0.0005). Moreover, statistically significant differences regarding PFS, and OS were also detected after propensity score matching. In a multivariable model, the endogenous GC was identified as an independent indicator for predicting PFS (HR 1.779; p=0.012) and OS (HR 2.468; p=0.013). High endogenous GC levels were significantly associated with reduced lymphocytes (p=0.019), increased neutrophil to lymphocyte ratio (p=0.0009), and increased interleukin-6 levels (p=0.025). Patients with high levels of endogenous GC had low numbers of tumor infiltrating CD3+ (p=0.001), CD8+ T (p=0.059), and CD4+ T (p=0.002) cells, and the numbers of circulating PD-1+ NK cells (p=0.012), and the ratio of CD8+PD-1+ to CD4+PD-1+ (p=0.031) were higher in patients with high levels of endogenous GC compared to low levels of endogenous GC.





Conclusion

Baseline endogenous GC increase executes a comprehensive negative effect on immunosurveillance and response to immunotherapy in real-world cancer patients accompanied with cancer progression.





Keywords: glucocorticoid, programmed cell death protein-1, programmed cell death ligand-1, immune checkpoint inhibitor, advanced cancer





Background

Immune checkpoint blockade using immune checkpoint inhibitors (ICIs), including cytotoxic T lymphocyte-associated antigen-4 (CTLA-4) and programmed cell death protein-1 (PD-1)/programmed cell death ligand-1 (PD-L1) inhibitors, has revolutionized the systematic treatment for various malignancies at the advanced or metastatic stage, with unprecedented survival benefit and tolerable toxicity. ICIs selectively restore and normalize the body’s antitumor immune responses by disrupting the immunoinhibitory signals mediated by the PD-1/PD-L1 and CTLA-4 axes in the tumor microenvironment (1). Nivolumab, pembrolizumab, cemiplimab, avelumab, durvalumab, atezolizumab, and ipilimumab are currently approved standards of care and have shifted the treatment paradigm for certain human malignancies, including previously treated or untreated non-small cell lung cancer (NSCLC), melanoma, and other human solid tumors (2). PD-L1 expression on tumor cells is initially characterized as a biomarker for predicting the response to ICI therapy (3). Other tumor factors related to enhanced clinical benefit from immunotherapy include deficient mismatch repair (dMMR) protein, high microsatellite instability (MSI-H), high tumor mutational burden (TMB), and the effector T-cell gene signature. However, tumoral PD-L1 positivity is insufficient for selecting patients benefiting from immunotherapy because patients with negative PD-L1 expression or low TMB are also responsive to immunotherapy (4). Tumor-derived PD-L1 and other biomarkers have some limitations, involving technical difficulties, invasive feature because of the need for tumor biopsy, and the lack of consideration of comprehensive host immune status (5). Recent studies have indicated that baseline circulating predictors from the host, including CD8+PD-1+ T cells, serum tumor markers, neutrophil to lymphocyte ratio (NLR), and diversity of gut microbiome, can aid in evaluating the therapeutic outcomes of ICI treatment (6–9).

Glucocorticoid (GC) has anti-inflammatory, anti-shock, and immunosuppressive properties (10). Although low-dose dexamethasone at the initial stage of treatment is helpful to improve the efficacy of anti-PD-1 treatment in cancer by suppressing immune evasion (11, 12), but high-dose synthetic GCs such as dexamethasone and prednisolone are found to suppress T cell proliferation and function and decrease response to anti-PD-1 and anti-CTLA-4 immune checkpoint blockade in vitro and animal experiments (13, 14). GC can potentiate the inhibitory capacity of PD-1 by up-regulating its expression on tumor-infiltrating T and NK cells (15). Exogenous GC is widely used in the management of cancer patients with a variety of clinical conditions, including dyspnea, fatigue, lack of appetite, and symptomatic brain metastases with edema. GC is also first-line agent against immune-related adverse events (irAEs) that may develop following immunotherapy, particularly immune checkpoint blockade (16, 17). The baseline use of GC at a high dose of ≥10 mg of prednisone equivalent daily for palliative indications is associated with poor outcome in NSCLC patients with PD-1/PD-L1 blockade (18, 19). Even early use of high dose of GC for treating irAEs after the initiation of anti-PD-1 monotherapy is associated with poor survival (20). Furthermore, patients treated with glucocorticoid ≥2 months after starting immunotherapy had a statistically significant longer progression-free survival (PFS), and overall survival (OS) than those who received glucocorticoid <2 months after starting immunotherapy (21).

By contrast, endogenous GC cortisol secretion in human occurs in response to hyperactivity of the hypothalamic-pituitary-adrenal (HPA) axis during physical and psychological stress, and play an important role in disease development, especially cancer progression when the diagnosis of cancer has been already made (22, 23). Stress can induce circulating GC surge and Tsc22d3 upregulation, which subvert anticancer therapy-induced immunosurveillance and abolish therapeutic control of tumors including chemotherapy and immunotherapy (24). Neuroendocrine alterations including a dysregulation of endogenous GC secretion and serum cortisol rhythm usually occurred in patients with advanced cancer and is associated with advanced cancer stage poor clinical outcome (25–29). High random serum cortisol level is found to be an independent predictor of OS for terminally ill cancer patients (30). However, there is a paucity of clinical data evaluating the direct effect of endogenous GC on ICI efficacy for cancer patients with immune checkpoint blockade. In this study, we therefore evaluated whether endogenous GC at the initiation of ICIs may impair the efficacy of PD-1/PD-L1 inhibitors in patients with advanced or metastatic cancer, and further explored whether endogenous GC levels are associated with circulating and tumor-infiltrating T cell subpopulations, and cytokine secretion.





Materials and methods




Peripheral blood mononuclear cells isolation and agents

Peripheral blood was collected at baseline into heparinized tubes for cancer patient with immunotherapy, and PBMCs were separated by Ficoll-Paque density gradient. Firstly, the blood was diluted with 1:1 volume of PBS, these suspensions were then added gently onto the Ficoll-Paque™ PLUS (17–1440–02) (GE Healthcare) from the edge of the falcon tube. The mixture was centrifuged at 2000 rpm SOFT RCC/DEC for 30 minutes. The obtained mononuclear cell layer was gently rinsed by adding in PBS, then centrifuged at 1200 rpm for 10 minutes. The cells were resuspended in CELLSAVING (Serum-free, animal protein-free Cell Freezing Medium) (NCM Biotech) at -80 °C until the flow cytometric.





Cancer patients and healthy populations

A retrospective cohort included patients with a histologically or cytologically proven diagnosis of advanced or metastatic cancer who presented to The First Affiliated Hospital of Shandong First Medical University from December 2019 to April 2022. The inclusion criteria were as follows: age older than 18 years; histologically or cytologically confirmed locally advanced or metastatic cancer according to the American Joint Committee on Cancer (AJCC) staging system, 8th version; receiving at least two cycles of PD-1/PD-L1 inhibitor (nivolumab, pembrolizumab, camrelizumab, sintilimab, tislelizumab, durvalumab, or atezolizumab) monotherapy or a combination with chemotherapy as a first-, second- or later line of treatment for at least one tumor evaluation by imaging; an Eastern Cooperative Oncology Group (ECOG) performance status (PS) of 0–2. Patients who did not undergo re-staging imaging while on treatment, having basic cortisol deficiency, adrenalectomy, or previous radiotherapy on adrenal glands, and having a history of immunotherapy including ICIs, were excluded. Efficacy evaluation by radiographic findings was performed according to Response Evaluation Criteria in Solid Tumors version 1.1 (RECIST 1.1) and included complete response (CR), partial response (PR), objective response rate (ORR), and disease control rate (DCR). To compare the endogenous circulating GC levels in populations with versus without cancer, 61 healthy volunteers and 44 early-stage cancer patients who completed radical surgery in this center were included in this study.

Data were gathered through the electronic medical record. The clinical characteristics of the patients included age, sex, smoking status, body mass index (BMI), histology, and tumor node metastasis (TNM) stage at the start of treatment. Baseline plasma GC cortisol (normal range: 172 to 497 nmol/L) and adrenocorticotropic hormone (ACTH) (8:00 AM) levels in healthy volunteers and cancer patients were captured and recorded prior to antitumor treatment. Endogenous GC cortisol and ACTH concentrations were determined by an automated analyzer (The cobas 8000 modular analyzer series) with an ECLIA method (Roche Diagnostics, Mannheim, Germany). The NLR was calculated by dividing the absolute neutrophil counts by the lymphocyte counts, as measured in peripheral blood. This study was approved by the independent research ethics committee of The First Affiliated Hospital of Shandong First Medical University (NO: YXLL-KY-2020–007) and conformed to the principles of the Declaration of Helsinki.





Flow cytometry analysis

APC anti-human CD8 (SK1), FITC anti-human CD4 (OKT4), FITC anti-human CD16 (3G8), APC anti-human CD56 (NCAM) (HCD56), PE/Dazzle™594 anti-human CD279 (PD-1) (EH12.2H7), were purchased from BioLegend. Cells were stained for 30 min at room temperature, rinsed with FACS buffer (1% BSA and 0.01% sodium azide in PBS), fixed with 4% paraformaldehyde (Alfa Aesar, WA, USA), and resuspended in FACS buffer for flow cytometry analysis. Samples run on a BD LSR Fortessa using BD FACSDiva software (BD Biosciences). Data was analyzed using FlowJo V10 (Tree Star Inc) and GraphPad prism 9.0.





Enzyme-linked immunosorbent assay

Cytokines including interleukin (IL)-2, IL-4, IL-6, IL-10, interferon-γ (IFN-γ), and tumor necrosis factor-α (TNF-α) were detected using Human Cytokine Standard Assays panel (ET Healthcare, Inc., Shanghai, China) and the Bio-Plex 200 system (Bio-Rad, Hercules, CA, USA) according to the manufacturer’s instructions.





Immunohistochemical analysis

IHC staining was performed according to the previous procedures (31). Briefly, 4-μm-thick sections of tumor tissues were cut from FFPE blocks and mounted on slides. All slides were dried for 2 h at 62 °C. Sections were subsequently deparaffinized in xylene and rehydrated in graded alcohol. Antigen retrieval was achieved by heating the slides in a target retrieval solution (pH 6.0; 0.01 mol/L citrate buffer) for 15 min, then cooling them for 90 min at room temperature. After the endogenous peroxidase activity was blocked by incubation with 3% hydrogen peroxide in methanol for 10 min, nonspecific binding was blocked by incubating the slides with 5% bovine serum albumin in phosphate-buffered saline (PBS) for 30 min. After the specimens were washed three times with PBS, they were reacted overnight at 4 °C with primary mouse anti-human monoclonal CD8, CD4, and CD3 antibody (1:200 solution; Santa Cruz Biotechnology, Santa Cruz, CA, USA). After incubation with a biotin-conjugated secondary antibody for 30 min at room temperature, sections were further treated with an avidin-biotin-peroxidase complex system (RTU VECTASTAIN kit, VECTOR LABORATORIES, Burlingame, CA, USA). Finally, the signal was developed with 3,3´-diaminobenzidine tetrahydrochloride (1:50 solution; DAB Substrate kit, Abcam, Cambridge, MA, USA). All sections were then counterstained with hematoxylin and mounted.





Multiple immunofluorescences

Tumor tissues were obtained by operation, fixed in formalin and embedded in paraffin. For the Panck/Foxp3/PD-1/CD4/CD8 multiplex panel, a cocktail of primary antibodies including Panck, Foxp3, PD-1, CD4, and CD8 were used, Immunofluorescence staining was performed according to standard procedures (Akoya Biosciences, NEL871001KT). Briefly, paraffin sections were repaired using sodium citrate for 10-25 min, blocked using BF block buffer containing 30%-40% goat serum for 1 hour at room temperature, then incubated with primary antibodies against Panck (Zsgb.bio, catalog number zm0069, 1:200 dilution), Foxp3 (Abcam, catalog number ab20034, 1:100 dilution), PD1 (Zsgb.bio, catalog number zm0381, stock solution), CD4 (Zsgb.bio, catalog number zm0418, stock solution), CD8 (Abcam, catalog number ab199016, 1:500 dilution) at 4°C overnight with additional 2 h at room temperature, and then incubated with secondary antibodies for 10 min followed by appropriate opal fluorophore (690, 520, 570, 480 and 780, respectively) reagent at room temperature for 10min. Finally, the paraffin sections were stained with DAPI (1:500 dilution) for 7 min at room temperature and subjected to standard analysis by Halo Link software (Indica Labs).





Statistical analysis

Categorical variables, such as patients’ demographics, disease characteristics, and medical history, were reported as frequencies and percentages. Quantitative variables are presented as medians and ranges. For categorical data, χ2 or Fisher-exact test was used to compare the groups. For continuous variables, independent sample t-test or Mann-Whitney U test was used to compare patient groups. The Cutoff Finder web application tool was used to fit Cox proportional hazard models to dichotomize clinicopathological variables and the survival variables. The optimal cutoff value of GC level (low and high GC group) was defined as the point with the most significant (log-rank test) split (32). In addition, low, intermediate and levels of endogenous GC are set according to calculating quartiles. Durable clinical benefit (DCB) was defined as CR and PR, or stable disease (SD) that lasted longer than 6 months otherwise patients were considered as no durable clinical benefit (NDB). PFS was defined as the time from immunotherapy initiation to the date of disease progression or death from any cause, whichever occurred first. Patients who were alive without disease progression were censored on the date of their last disease assessment. OS was defined as the time from immunotherapy initiation to death from any cause. Patients who were still alive were censored at the date of last contact. PFS and OS curves were calculated using the Kaplan–Meier method and were compared using the log-rank test. Cox proportional hazard regression methods were used to estimate the survival probability, the hazard ratio (HR) and 95% confidence interval (CI). Factors that were statistically significant in the univariate analysis were incorporated into the multivariate analysis. Propensity score matching (PSM) was used to balance the baseline characteristics between the low GC group and high GC group. thus, we used a logistic regression model to calculate the propensity score for each patient and match 1:1 for the two groups. After PSM, we used standardized mean differences to evaluate the balance of characteristics between the two groups. A SPSS 26.0 software (SPSS Inc., Chicago, IL) was used for all statistical tests. A p value <0.05 was considered statistically significant.






Results




The endogenous GC levels in healthy individuals, early-stage, and advanced cancer patients

We first asked whether there was significant difference regarding endogenous GC levels in healthy individuals compared to cancer patients with different disease stages. There were no healthy individuals (n=61) with an endogenous GC level above the normal range (497 nmol/L), but 2.2% of early-stage cancer patients (n=44) and 17.0% of advanced cancer patients (n=130) had an endogenous GC level above the normal range (Figure 1A), suggesting that differences existed in the abnormality of high endogenous GC between advanced cancer patients and early-stage cancer patients (p=0.0003) or healthy populations (p<0.0001). The endogenous GC levels in advanced cancer patients were higher than that in early-stage cancer patients (p=0.0009) as well as in healthy populations (p<0.0001) (Figure 1B). Patients with advanced cancer also had a decreased absolute lymphocyte count, decreased lymphocyte percentage, and increased NLR, compared to patients with early-stage cancer (p=0.066, p=0.0008, p=0.001, respectively) and healthy populations (p<0.0001, p<0.0001, p<0.0001, respectively) (Figure 1C). However, the endogenous GC levels in patients with different cancer types were similar regardless of disease stage (Figure 1D).




Figure 1 | The endogenous GC levels in healthy individuals and cancer patients. (A) Comparing the percentage of endogenous GC levels above the normal range in healthy individuals (n=61) and cancer patients with early (n=44) and advanced (n=130) stages. (B) Comparing the endogenous GC levels in healthy individuals and cancer patients with different disease stage. (C) Comparing the absolute lymphocyte count, lymphocyte percentage, and neutrophil-to-lymphocyte ratio in healthy individuals and cancer patients with different disease stage. (D) The endogenous GC levels in early-stage and advanced patients with different caner types. GC, glucocorticoid; NSCLC, non-small cell lung cancer.







The endogenous GC and the efficacy of immune checkpoint blockade

We next analyzed whether baseline endogenous GC levels affected the efficacy of immunotherapy in advanced solid tumors. In the entire cohort of advanced or metastatic cancer patients, the data of 170 patients treated with PD-1/PD-L1 inhibitors were initially reviewed. Of them, 130 patients with gastric carcinoma (n=34), including NSCLC (n=20), hepatocellular carcinoma (HCC) (n=12), small cell lung cancer (n=8), and esophageal cancer (n=8), received at least two ICI infusions and were evaluable for response to immunotherapy. Patient characteristics are presented in Table 1. Median follow-up was 9.5 months (range 1.3 to 27.6). The median age was 62.5 years (range 22 to 86), and 70.8% were male. 23 patients received ICI monotherapy. At the end of follow-up, 99 patients had relapsed, and 53 patients had died. For the entire population, the ORR was 21.5%, DCR was 73.3%, DCB was 52.7%, and the median OS and PFS were 18.6 months (95% CI 13.8–23.4) and 4.6 months (95% CI 3.3–5.9), respectively.


Table 1 | Baseline characteristics of included patients with advanced or metastatic cancer.



We first focused on the baseline endogenous GC levels on the efficacy of ICI, and the cut-off for survival risk by log-rank maximization method was 322 nmol/L. At the time of ICI initiation, a total of 80 patients had high endogenous GC levels. Patients with response had a significantly low endogenous GC level than those with no response (p=0.0006) (Figure 2A). The ORR was significantly lower in the high endogenous GC group than that in the low endogenous GC group (10.0% vs 40.0%, p<0.0001) (Figure 2B). Similarly, patients with DCB had significantly higher endogenous GC levels than those with NDB) (p=0.002) (Figure 2C), and the difference in DCB rate between the two groups was statistically significant (35.0% vs 73.5%, p=0.001) (Figure 2D). Gastric cancer patients with response had a significantly low endogenous GC level than those with no response (p=0.036) (Figure 2E). High endogenous GC levels remained associated with reduced ORR in patients with gastric cancer (p=0.005), and the ORR was 6.0% and 43.7% in high and low GC levels group, respectively (Figure 2F).




Figure 2 | ORR and DCB for advanced cancer patients with high baseline endogenous GC levels versus low endogenous GC levels. (A) Comparing the baseline endogenous GC levels in all advanced cancer patients with response (R, n=28) and patients with no response (NR, n=102). (B) The rate of CR/PR (ORR), SD, PD in all advanced patients with high (n=80) or low (n=50) baseline endogenous GC levels. (C) Comparing the baseline endogenous GC levels in all advanced patients with DCB (n=39) and NDB (n=35). (D) The rate of DCB in all advanced patients with high (n=40) or low (n=34) endogenous GC levels. (E) Comparing the baseline endogenous GC levels in advanced gastric cancer patients with response (R, n=8) and patients with no response (NR, n=26). (F) The rate of CR/PR (ORR), SD, PD in all advanced gastric cancer patients with high (n=18) or low (n=16) baseline endogenous GC levels. GC, glucocorticoid; CR, complete response; PR, partial response; ORR, objective response rate; SD, stable disease; PD, progressive disease; DCB, durable clinical benefit; NDB, no durable clinical benefit.



As for survival analysis, the patients with high endogenous GC levels had a poorer median PFS (3.5 vs 8.3 months; HR 2.023; 95% CI 1.364–3.001; p=0.0008) and OS (13.7 vs 22.7 months; HR 2.809; 95% CI 1.639–4.816; p=0.0005) than those with low endogenous GC level (Figure 3A). Statistically significant differences regarding PFS (HR 1.816; 95% CI 1.034–3.188; p=0.032) and OS (HR 3.084; 95% CI 1.397–6.809; p=0.002) were also detected after PSM (Figure 3B). The endogenous GC levels were further confirmed to stratify patients with different prognoses in terms of PFS and OS in patients with different tumor type (Figure 3C for NSCLC, and Figure 3D for gastric cancer) or different anti-cancer treatment (see Supplemental Figure 1). The baseline plasma cortisol levels had a consistently negative effect on the efficacy of immunotherapy, with decreased PFS and OS in other subgroups (Figure 4). In a multivariate analysis using Cox proportional hazards regression model, adjusting for various clinical factors, including age, smoking status, performance status, and tumor type, the endogenous GC was an independent indicator for predicting OS (HR 2.468; 95% CI 1.207–5.046; p=0.013) and PFS (HR 1.779; 95% CI 1.135–2.788; p=0.012) (Table 2). External low-dose dexamethasone at the initial stage of treatment has been reported to be helpful in improving the efficacy of anti-PD-1 treatment in cancer by suppressing immune evasion (11, 12), so we address the question of whether intermediate levels of endogenous GC are therapeutically more beneficial than both higher and lower levels of GC. Unfortunately, the ORR remained significantly higher in the low endogenous GC group than that in the intermediate and high endogenous GC groups (35.0% vs 23.0% vs 6.0%, p=0.043). Patients with high endogenous levels of GC had a poorer median OS (11.8 vs 18.6 vs 22.7 months; p=0.005) and PFS (2.7 vs 4.6 vs 8.2 months; p=0.006) than those with intermediate and low levels of endogenous GC level (see Supplemental Figure 2).




Figure 3 | Kaplan-Meier survival curves for overall survival and progression-free survival according to the baseline endogenous GC levels. (A) Kaplan-Meier survival curves for progression-free and overall survival according to the baseline endogenous GC levels in all populations (n=130). (B) Kaplan-Meier survival curves for progression-free and overall survival according to the baseline endogenous GC levels in all populations after PSM (n=72). (C) Kaplan-Meier survival curves for progression-free and overall survival according to the baseline endogenous GC levels in NSCLC patients (n=20). (D) Kaplan-Meier survival curves for progression-free and overall survival according to the baseline endogenous GC levels in gastric patients (n=34). PSM, propensity score matching; GC, glucocorticoid; NSCLC, non-small cell lung cancer; mOS, median overall survival time; mPFS, median progression-free survival.






Figure 4 | Forest plot of subgroup analyses of prognostic factors for progression-free survival and overall survival in patients with high endogenous GC levels versus low endogenous GC levels. ECOG, Eastern Cooperative Oncology Group; HR, hazard ratio; PS, performance status; GC, glucocorticoid; PD-1, programmed cell death-1; PD-L1, programmed death ligand 1; BMI, body mass index; ALB, albumin; NLR, neutrophil to lymphocyte ratio.




Table 2 | Multivariable analysis of progression-free survival and overall survival.







The endogenous GC and circulating lymphocytes and cytokines

We next explored why the endogenous GC affected the efficacy of anti-PD-1/PD-L1 antibody immunotherapy. Clinical characteristics and some laboratory findings were typical and were generally well balanced between patients who did or did not have baseline high GC levels, with the only one expected exception; poor ECOG PS was more common in those with high cortisol levels (p=0.028) (Table 1). High cortisol level was also associated with increased ECOG PS (Figure 5A). We continued to analyze the association of the endogenous GC and circulating immune-related biomarkers. Patients with high cortisol level also had lower absolute lymphocyte count (p=0.019), lymphocyte percentage (p=0.001), and NLR by complete blood count analyzer (p=0.0009) than those with low cortisol levels (Figure 5B). Considering cortisol secretion is controlled by HPA axis, we also analyzed the levels of ACTH and confirmed its association with the levels of GC. High levels of ACTH were more commonly occurred in patients with high levels of GC (p=0.041) (Figure 5C). Using ELISA, we found that only high levels of circulating IL-6, not other five cytokines (IL-2, IL-4, IL-10, IFN-γ, and TNF-α), were more commonly found in patients with high GC levels (p=0.025) and circulating increased IL-6 levels were associated with increased GC levels (p=0.029) (Figures 5D, E). However, the GC levels remained no significant change after completing 2 cycles of ICI treatment (Figure 5F) regardless of the response to ICIs, but patients with response remained high GC levels (p=0.024) and increased NLR (p=0.038) compared to those with no response at the time of response evaluation (Figures 5G, H).




Figure 5 | Comparing the circulating lymphocytes, cytokines levels, and ACTH levels in patients with high or low endogenous GC levels. (A) The baseline endogenous GC levels in patients with different ECOG PS. (B) The baseline absolute lymphocyte count, lymphocyte percentage, and neutrophil-to-lymphocyte ratio in cancer patients with high or low GC levels. (C) The ACTH levels in patients with high or low GC levels. (D, E) The circulating IL-6 levels in cancer patients with high or low GC levels. (F) Dynamics of endogenous GC (cycles 1-2) in responsive or non-responsive patients. (G) Comparing the endogenous GC levels in all advanced cancer patients with response and patients with no response at the time of the first evaluation (cycle 2). (H) Comparing the neutrophil-to-lymphocyte ratio in all advanced cancer patients with response and patients with no response at the time of the first evaluation (cycle 2). ACTH, adrenocorticotropic hormone; GC, glucocorticoid; ECOG, Eastern Cooperative Oncology Group; PS, performance status; IL-6, interleukin 6.



We next focused on the impact of endogenous GC levels on the proportion of peripheral blood immune cells. As shown in Figure 6A, the proportion of CD8+ T cells and CD8+PD-1+ T cells was similar in two groups, but a low proportion of CD45+ cells (p=0.005), CD4+ T cells (p=0.048), and NK cells (p=0.031) more commonly occurred in patients with high GC levels, and these patients also had a high proportion of PD-1+ NK cells (p=0.012). Furthermore, GC levels were negatively correlated with the ratio of CD8+PD-1+ to CD4+PD-1+ ratio (p=0.031) (Figure 6B). We also combined two variables including GC levels and specific cell subgroups to determine whether they could better predict clinical outcome for ICI-treated patients. Patients with both high GC levels and high proportion of CD4+PD-1+ T cells or PD-1+ NK cells had a particularly worse prognosis in OS and PFS than other groups of patients (Figures 6C, D).




Figure 6 | The effect of endogenous GC on the percentages of immune cell subgroups in patients with high or low endogenous GC levels. (A) Comparing the percentages of immune cell subgroups in patients with high (n=5) or low (n=12) endogenous GC levels. (B) Comparing the CD8+PD-1+ to CD4+PD-1+ ratio in patients with high (n=5) or low (n=12) endogenous GC levels. (C, D) Kaplan-Meier survival curves for progression-free and overall survival according to the baseline endogenous GC levels and the proportion of cell subgroups.







The endogenous GC and tumor infiltrating lymphocytes

We next determined whether endogenous GC levels influenced tumor-infiltrating lymphocytes (TILs) in the tumor microenvironment. In pretreated tumor samples, IHC results showed that patients with high levels of GC had lower numbers of tumor infiltrating CD3+ (p=0.001), CD8+ (p=0.059), and CD4+ (p=0.002) cells compared to those with low levels of GC (Figures 7A, B). The levels of GC were inversely associated with the numbers of infiltrating CD3+, CD8+, and CD4+ cells (Figure 7C). Furthermore, mIF results showed that patients with high levels of GC had high numbers of PD-1+ and CD4+PD-1+ cells in the tumor microenvironment, but the numbers of CD8+PD-1+ cells were comparable in two groups (Figure 7D, E).




Figure 7 | The effect of endogenous GC on immune cell infiltration. (A) Representative IHC images for tumor infiltrating CD3+, CD8+, and CD4+ cells in advanced gastric cancer or NSCLC patients with high or low baseline endogenous GC levels. (B, C) Comparing the numbers of tumor infiltrating CD3+, CD8+, and CD4+ cells per field of view in advanced cancer patients with high (n=12) or low (n=17) endogenous GC levels. (D, E) The mIF analysis of immune cell infiltration in NSCLC tumors with high (n=6) or low (n=6) baseline endogenous GC levels.








Discussion

In this study, the endogenous GC levels were found to be higher in advanced cancer patients than that in early-stage cancer patients and healthy individuals. Baseline endogenous GC had a comprehensive negative effect on T cell-mediated immunity and response to immune checkpoint blockade accompanied with cancer progression, which can be developed as a useful biomarker to predict the efficacy and prognosis for advanced cancer patients with immunotherapy. Baseline evaluation of GC should be considered to select potential beneficial cancer populations from ICI therapy.

The anti-inflammatory, anti-shock, and immunosuppressive prospective of exogenous GC are clearly determined (10). GC is routinely utilized to relieve cancer-related dyspnea, fatigue, lack of appetite, and edema. It is also used as first-line agent to combat irAEs associated with immune checkpoint blockade (16, 17). Previous studies show that baseline use of GC (≥10 mg of prednisone equivalent daily) or early use of GC (<2 months after starting immunotherapy) are associated with decreased ORR, PFS, and OS in NSCLC and other solid cancers administrated with PD-1/PD-L1 blockers (18–21, 33). A large systematic review and meta-analysis confirmed the association of steroids use with decreased OS and PFS in patients that received steroids for supportive care or brain metastases (34). In contrast to exogenous GC, the abnormally high levels of plasma endogenous GC (hypercortisolemia) and/or an altered secretion rhythm usually occurs in cancer patients and is associated with advanced stage and poor outcome (25–29). Colorectal cancer or NSCLC patients exhibits an increase in circulating cortisol levels, compared to age- and sex-matched healthy volunteers (24). Plasma levels of cortisol also are significantly elevated in patients with pancreatic ductal adenocarcinoma compared to healthy volunteers (35). Here we comprehensively compared the endogenous GC levels in healthy individuals versus pan-cancer patients with different disease stages. Results showed that not only the abnormality of endogenous GC levels were more likely to occur in advanced cancer patients, but also the endogenous GC levels in advanced cancer patients were higher than that in early-stage cancer patients and healthy populations. The majority of patients with advanced cancer also had lymphopenia and increased NLR, suggesting that the abnormally high levels of peripheral blood endogenous GC were associated with immunosuppression. Thus, the individual’ psychological condition can influence the cells of the immune system, especially if the diagnosis of cancer has already been made. The anxiety and depression will worse clinical outcome for advanced patients due to subsequent continuous therapeutic treatments or rapid progression of the disease itself, accompanied with the increase of systematic GC (35).

Why advanced cancer patients have an abnormally high levels of endogenous GC? Data show that increased endogenous GC secretion is a response to physical and psychological stress-induced hyperactivity of HPA axis. Cancer-related stress induces GC excess, subverts anticancer therapy-induced immunosurveillance, and abolishes therapeutic control of tumors by Tsc22d3 upregulation and significant impairment of the antigen presentation pathway (24). In chronic unpredictable mild stress (CUMS) induced depressed mice models, the progression of liver cancer was significantly accelerated in the depressed mice, and high levels of GC were observed in both depressed mice and depressed HCC patients (15). In the present study, we did not present the stress status of advanced patients, especially those with high levels of endogenous GC. However, the levels of GC were significantly associated with the levels of ACTH, and patients with baseline high levels of endogenous GC remained the high levels of endogenous GC until the first efficacy evaluation regardless of the response to immunotherapy, suggesting that abnormally high levels of endogenous GC are durable and could be controlled by hyperactivity of HPA axis. In addition, endogenous GC can be produced by activated tumor-associated monocyte-macrophage in the tumor microenvironment, and metastatic adrenal gland lesions (36–40).

The mechanism underlying the effect of endogenous GC on the efficacy of immune-dependent cancer therapies remained unclear. Studies indicate that the excessive release of GC promotes PD-1/PD-L1 mediated exhaustion of infiltrated NK cells in the tumor microenvironment accompanied by cancer progression (15). Stress hormone GC is the natural agonist of GR in humans, and its increase during breast cancer progression leads to the activation of the receptor and increased expression of kinase ROR1 at distant metastatic sites, increases colonization, and reduces survival in mice models (41). Endogenous GC surge can subvert anticancer therapy-induced immunity and abolish therapeutic control of tumors in animal models through blocking type I IFN responses in dendritic cell and IFN-γ+ T cell activation, accompanied with cancer progression (24, 42). Even GC presenting in the tumor microenvironment together with IL-12, IL-15, and IL-18 induces the de novo expression of PD-1 on NK cells, which are associated with a strong immunosuppressive phenotype (43). The endogenous GC produced by tumor-associated monocyte-macrophage lineage cells regulate effector differentiation and development of dysfunction in CD8+ TILs via active GR signaling, and results into the failure to respond to checkpoint blockade. The negative impact of local endogenous GCs on tumor microenvironment and immunity can partially explain why adrenal glands acts as immune-resistant sanctuary sites of metastases in renal cancer, melanoma, uterine carcinosarcoma, and even MSI-high metastatic colorectal cancer with immunotherapy (37–40). The expression loss of the antigen presenting genes might be related to the presence of GCs in metastatic adrenal tumors (39). In particular, in adrenocortical carcinoma, GC excess is significantly associated with CD3+CD4+ T cell depletion, and patients with GC excess and low TILs had a particularly poor overall survival compared to those with normal GC levels and high TILs (27 vs 121 months) (44).

Exogenous GC has been showed to suppresses the function of activated T lymphocytes by enhancing expression of PD-1 and other immune checkpoint molecules, and modestly impact the efficacy of checkpoint blockade combination treatment in cellular and animal experiments (45, 46). Fucà and colleagues demonstrated that early use of steroids was associated with worse clinical outcomes and remarkable modulation of peripheral blood immune cells and increased NLR, which could contribute to restraining the activation of antitumor immunity (47). In contrast to exogenous GC use, stress-induced durable augmentation in the endogenous GC tonus inhibits IFN-γ expression in tumor-infiltrating T cells and decreases plasma concentration of cytokines and chemokines, such as IFN-β, IL-15, IL-23A, CXCL10, CXCL1 and CXCL9, and these changes were also long-lasting. Thus, endogenous GC can lead to intra-tumoral and systemic durable immunosuppression (24). In agreement with these clinical findings, we showed that a low proportion of peripheral blood CD45+, CD4+, NK, CD4+PD-1+ T, PD-1+ NK cells more commonly occurred in patients with high GC levels than those with low GC levels. The ratio of CD8+PD-1+ to CD4+PD-1+ was negatively with the circulating levels of GC. Patients with both high GC levels and high proportion of immunosuppressive CD4+PD-1+ T cells or PD-1+ NK cells had a particularly worse prognosis than other groups of patients. These results were also in line with previous reports that circulating naïve PD-1+ PBMC, CD4+PD-1+ T cells, and the balance between circulating CD8+PD-1+ and CD4+PD-1+ were negatively correlated with survival or benefit from immune checkpoint blockers in advanced NSCLC (48–50). We also found that tumors with high levels of GC had lower number of TILs compared to those with low levels of GC. Less number of PD-1+ and CD4+PD-1+ cells in the tumor microenvironment were observed in tumor with high levels of GC. Aston et al. found that dexamethasone treatment caused substantial lymphodepletion in peripheral blood but not tumor in patients and mice (46), even low doses of external dexamethasone at the initial stage of treatment or other anti-inflammatory pretreatment is beneficial to improve the efficacy of anti-cancer treatment by counteracting tumor-immunostimulation, suppressing or limiting tumor evasion (11, 12, 51, 52). However, this was not completely consistent with our findings showing that the intermediate levels of endogenous GC are not more beneficial than both higher and lower levels of GC. One explanation may be that exogenous GC treatment has more impact on naïve T cell proliferation and differentiation that are a key source of secondary anti-tumor immunity mediated by antigen spread in response to ICI (13), but influence of endogenous GC on T cell proliferation, differentiation, and function in both peripheral blood and tumor is long-lasting, accompanied with cancer progression and GC secretion in cancer patients.

Interestingly, we also found that circulating IL-6 levels were associated with the levels of GC. Previous investigations indicate that baseline serum IL-6 levels or its changes have been found to be associated with the efficacy of immune checkpoint blockade therapy in NSCLC by altering peripheral T cell population and function (53–55). Targeting IL-6 by genetic ablation or pharmacological inhibition in combination with CD40 stimulation or PD-1/PD-L1 signaling blockade improves T-cell infiltration into tumor and enhances mouse survival (56, 57). Even IL-6 blockade in cancer patients treated with immune checkpoint blockade is viewed as a win-win strategy because combined IL-6 blockade and immune checkpoint blockade abrogates immunotherapy toxicity and promotes tumor immunity (58). Thus, durable high levels of GC during cancer progression could abolish the efficacy of immune-dependent cancer therapies through changing the cancer cell and immune cell-containing microenvironment, the proportion of circulating immune cells, circulating IL-6 levels, and the balance between circulating CD8+PD-1+ and CD4+PD-1+ T cells.

Although such real-world data on the effect of baseline GC is possible, our study still has several limitations. First, this study was retrospective with limited overall patient size. Objective response was only determined by direct review of scans by local radiologists and evaluated by RECIST instead of other immune-related response valuation criteria. We only used subgroup analyses in a single cohort, and thus, further external cohort validation for specific cancer type is needed. Second, plasma cortisol concentrations were only analyzed in samples collected only at one time of day (8:00 AM). In fact, the identification of fluctuations of cortisol, namely circadian rhythms, requires a more careful evaluation of the HPA axis levels over a daily period. Third, data on traditional predictive biomarkers, such as PD-L1 expression or TMB, were not available in the majority of patients in this analysis. Fourth, available blood PBMC and tissue samples with flow cytometry or IHC analyses were limited, which may have increased selection bias. Some patient parameters such as pain, sleep dysregulation, and psychological stress or depress levels, were not incorporated to the analysis, which may have influenced our results.





Conclusions

Our study reports a comprehensive picture of the negative systemic immunomodulatory effects of endogenous GC in cancer patients. We also present a compelling case for caution in considering the initiation of ICI therapy if a patient has high baseline levels of GC. Further prospective trials with larger patient cohorts sampled is needed, and further experimental investigations should be implemented to validate the mechanisms associated with endogenous GC’s effects on function and signaling of circulating immune cell subpopulations, cancer cell itself, and tumor-infiltrating immune cells. More importantly, studies focusing on reversing the adverse influence of endogenous GC on immunity and immunotherapy, such as controlling cancer-related depress and chronic stress with agents, combined IL-6 blockade, and interrupting the GR signaling with targeted molecules, are urgently expected.
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Lung cancer is one of the most severe forms of malignancy and a leading cause of cancer-related death worldwide, of which non-small cell lung cancer (NSCLC) is the most primary type observed in the clinic. NSCLC is mainly treated with surgery, radiotherapy, and chemotherapy. Additionally, targeted therapy and immunotherapy have also shown promising results. Several immunotherapies, including immune checkpoint inhibitors, have been developed for clinical use and have benefited patients with NSCLC. However, immunotherapy faces several challenges like poor response and unknown effective population. It is essential to identify novel predictive markers to further advance precision immunotherapy for NSCLC. Extracellular vesicles (EVs) present an important research direction. In this review, we focus on the role of EVs as a biomarker in NSCLC immunotherapy considering various perspectives, including the definition and properties of EVs, their role as biomarkers in current NSCLC immunotherapy, and different EV components as biomarkers in NSCLC immunotherapy research. We describe the cross-talk between the role of EVs as biomarkers and novel technical approaches or research concepts in NSCLC immunotherapy, such as neoadjuvants, multi-omics analysis, and the tumour microenvironment. This review will provide a reference for future research to improve the benefits of immunotherapy for patients with NSCLC.
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1 Introduction

Lung cancer is the most common type of cancer and a leading cause of cancer-related death in China (1). Lung cancer is classified into two subtypes: small cell lung cancer and non-small cell lung cancer (NSCLC), of which NSCLC accounts for 85% of all lung malignancies (2). Squamous cell carcinoma, adenocarcinoma (AD), and large cell carcinoma are the three forms of NSCLC. AD accounts for around 40% of all lung cancers, squamous cell carcinoma for 25%–30%, and large cell carcinoma for 5%–10% (3). The aetiology of lung cancer remains unclear. Smoking and air pollution are two significant risk factors. Other risk factors, such as occupational exposure (e.g. asbestos), also play a significant role in the development of lung cancer (4). Surgery, radiation, chemotherapy, targeted therapy, and immunotherapy are used for treating NSCLC (2, 5–8). Treatment options vary according to the type and stage of cancer. A majority of patients with NSCLC are diagnosed at stage IV. Surgery is the primary treatment for stage I–IIIA NSCLC, but patients with stage IIIB–IV are generally treated with radiation or chemotherapy because of the metastasis of the tumour. The 5-year overall survival rate for NSCLC is dismal, with 68% for patients in stage IB and 0%–10% for those in stage IVA–IVB (3, 9, 10). Immunotherapy is a novel treatment that has shown promising outcomes and improved patient prognosis. The ligand-receptor interaction is necessary for self-tolerance and physiological immune regulation. Immune checkpoint inhibitors (ICIs) are a novel class of immunotherapy-based drugs that are one of the most regularly employed techniques in tumour immunotherapy for enhancing survival in NSCLC (11). Antibodies of programmed death-1 (PD-1) and its ligand (PD-L1), for example, are utilized for the therapy of NSCLC to stimulate anti-tumour immune responses by preventing inhibitory immunological signals. Conversely, combination chemo-immunotherapy only shows a substantial therapeutic response in patients with NSCLC having more than 50% expression of the PD-L1 biomarker (12). Furthermore, ICI treatment has certain severe side effects and can result in immune-mediated checkpoint inhibitor pneumonia that affects 3%–5% of patients with NSCLC treated with ICIs (13).

Chemo-immunotherapy is now the mainstay for NSCLC treatment, with results often outperforming immunization alone. PD-L1 therapy paired with cytotoxic chemotherapy is often utilized in the treatment of patients with NSCLC. The KEYNOTE-189 and KEYNOTE-407 studies on non-squamous and squamous cancers, respectively, both found that immunotherapy in conjunction with chemotherapy improved progression-free survival as compared to that of chemotherapy alone. In all studies, the control group crossover rate was approximately 50%, indicating that early administration of immunotherapy can deliver significant advantages (12).

CTLA-4, an inhibitory receptor, is located on effector and regulatory T cells that competes with CD28 for binding to control the immune response. Tumour cells can accomplish immunological escape by activating CTLA-4, which inactivates T lymphocytes according to previous research. The anti-CTLA-4 ICI, ipilimumab, has been proven for the treatment of metastatic melanoma. In advanced clinical studies of NSCLC, monoclonal antibodies of ipilimumab have exhibited significant increases in patients’ overall survival. PD-1 and CTLA-4 are complementary co-suppressor receptors that suppress T cell immunological responses. The CheckMate-227 phase III study found that PD-1 with CTLA-4 blockade increased patients’ overall survival (14). Unfortunately, antibodies that neutralize inhibitory factors and cytokines frequently cause toxic side effects, such as diarrhoea, thyroid dysfunction, and hyperglycaemia, as a result of immunotherapy (15). Anti-PD-1 expression in tumour tissue can be employed as a prognostic biomarker in immunohistochemistry studies. However, because of the tumour heterogeneity, possibility for gene expression at many places, and metastasis in various areas, many patients with cancer may not have enough tumour tissue for testing. Moreover, tissue biopsies may not be entirely diagnostic of the tumour phenotype.

Consequently, it is crucial to investigate biomarkers with more universal therapeutic capabilities for advanced therapies of cancer (16).

Immunotherapy has significant limitations, including the lack of particular indicators and small patient group to benefit from it. New biomarker-based, non-invasive, accurate, and safer diagnostic methods are required for the immunotherapy of NSCLC. Current research is concentrated on extracellular vesicles (EVs) with diameters less than 150 nm, known as exosomes. In this review, we will mainly discuss exosomes as one of the EV subtypes.

EVs are intercellular communication vehicles that convey and control the physiological status of cells and are directly involved in the genesis and progression of many diseases (17). They include microvesicles (MVs), apoptotic bodies (ApoBDs), and exosomes (14). Exosomes have been discovered to affect tumour mechanisms. As a biomarker they play an important role in the diagnosis, treatment, and prognosis of NSCLC by modulating the production of miRNAs, lncRNAs, circRNAs, and proteins (18–21). In this review, we discuss, the definitions, properties, contents, and separation methods of EVs along with future research directions and challenges.




2 Extracellular vesicles: definition, properties, and isolation methods



2.1 Definitions and categorization of EV

EVs are secreted by all cells during normal, pathological, and physiological processes, and cells can transmit information via EVs in the form of lipids, proteins, or nucleic acids to achieve intercellular communication (22). EVs are spherical in shape, separated by a phospholipid bilayer that protect their load from enzymatic destruction during transfer from the donor to receiving cell. MVs, ApoBDs, and exosomes are the three primary EV groups (23) (Figure 1).




Figure 1 | Biogenesis of EV.



MV is a heterogeneous cell-derived membrane vesicle that blisters and extrudes straight outward from the cell surface before being released into the extracellular environment during a highly controlled process. Vesicle contents are determined by the type of cell they arise from (24). MVs transport membrane-derived receptors, cytokines, chemokines, cell signalling proteins, lipids, carbohydrates, and genetic material, including DNA and various types of RNA, such as mRNA and miRNA (25). When cells are stimulated by cell injury, pro-inflammatory stimuli, hypoxia, or oxidative and shear stress, MV shedding increases (26). MVs hold carriers that can be discharged and influence the extracellular environment by being ejected from the cell, or act by fusing with the target cells (24).

An ApoBD is a tiny vesicle linked to the cell membrane and discharged as a cellular vesicle after apoptosis. ApoBDs range in size from 50–5000 nm (27). Before ApoBD was revealed to be capable of delivering helpful molecules to healthy recipient cells, these vesicles were thought to be dead cell garbage bags (28). Exogenous apoptosis induction can be employed to kill cancer cells in the biomedical area. Repetitive blistering and contraction of apoptotic cells result in the creation of ApoBDs that are then recognized, phagocytosed, and eventually degraded by lysosomes (28). ApoBDs have a prolonged procoagulant impact on the cancer cells (29). Rapid clearance of apoptotic cells is critical in autoimmune diseases for developing immunological tolerance and avoiding inflammatory reactions, and clearance of ApoBD abnormalities may contribute to the development of autoimmunity (30, 31). Studies show that ApoBDs may play a major role in anti-cancer immunity; however, their method of action requires further investigation (32, 33).

Exosomes are 40–100 nm in diameter, generated by continuous invagination of the plasma membrane that merges with the cell membrane, and are discharged outside the cell by the process of cytosolic vomiting (34, 35). Exosomes, like other EV subtypes, can be found in the bodily fluids, such as blood, urine, saliva, and breast milk (36–39). Exosomes contain proteins, DNA, mRNA, miRNA, and lipids, and their molecular composition is derived from the source cells. Their characteristics can reflect the multiple physiological functions or pathological states of the progenitor cells, and their function is determined by the cells from which they originate (40). Exosomes play a vital role in intercellular communication, as well as in normal physiological responses and pathobiological processes. Annexins, flotillins, and tetraspanins (CD9, CD63, CD81, and CD82) (41) are the proteins that can be involved in intracellular assembly and transport. The tetraspanins, CD9, CD63, CD37, CD81, or CD82, are usually found in the membranes of exosomes and are, therefore, used as biomarkers for exosome identification (42). Exosomes have been reported to be involved in many biological processes, including the presentation of antigens in immune responses, angiogenesis promotion, and removal of undesirable proteins and RNA. They also play a role in various pathological processes, including tumour formation and metastasis (43–45). They, for example, are crucial for the transport of bioactive chemicals from the main tumour site to other cells and organs in the local and distant microenvironment (17). Current studies focus on exosomes, which contain multitudinous components, including miRNA, lncRNA, circRNA, proteins etc., as described in this review.




2.2 Isolation methods of EV

There are several methods available for the isolation of EVs, each with different advantages, disadvantages, and variations in the purity of EVs obtained (Table 1). The subtypes of EVs are characterized by their biogenesis, size, physical features, contents, and function (54). Manipulations are made based on their diameter, biochemical features, and surface indicators to better isolate exosomes from other components for more in-depth investigations (55). There are several approaches for separating exosomes, including differential and density gradient centrifugation and ultrafiltration, among others, each with their own separation principles, advantages, and disadvantages.


Table 1 | Isolation method of EV.



Differential centrifugation is one approach used to separate exosomes in cell culture, wherein big particles and cell debris are isolated from the medium by centrifugation at 200–100,000 × g and exosomes recovered from the supernatant by centrifugation at 100,000 × g (46). This approach is most commonly employed; however, it is inefficient for separating exosomes, as it contains a combination of other components in the filtered product, is time-consuming, and requires specialized equipment (40).To overcome the limitations of differential centrifugation, samples can be separated using density gradient centrifugation. It has been demonstrated that density gradient centrifugation can separate subcellular components and improve particle separation performance based on buoyancy and density (47). This can improve yield, resulting in highly purified and concentrated exosomes.

Separation can also be performed based on EV size disparities. Ultrafiltration, which has a molecular weight cut-off of 10–100 kDa, concentrates exosomes from a large amount of raw material into a small sample volume for subsequent purification and is often conducted as the first step in the separation process (48). Filtration begins by removing cells and detritus from the sample, then concentration for free proteins and, ultimately, depending on the diameter of the exosome, filtration to retrieve the target exosome (49). Size-exclusion chromatography has the advantage over other techniques as it is cost-effective and non-destructive for the separation of the sample. Studies have shown that ultrafiltration technology is more efficient than centrifugation, allowing more particles to be separated in less time and improving the purification rate of exosomes (50).

Magnetic beads in capture-based techniques play a central role by binding to target proteins on the membrane surface. This technique is closely related to immunoaffinity and is used for the production of high-purity exosomes. Its advantage over other separation techniques is the ability to isolate specific exosomes having high purity using specific immune interactions between antibodies and antigens (51).

Because of their capacity to separate continuously at high rates, microfluidics-based procedures have distinct advantages, such as cheaper costs and shorter operating times. However, this approach has drawbacks of high equipment needs and operating complexity. Microfluidic techniques are currently fully integrated with size-based, immunoaffinity-based, and dynamic separations (52, 53, 56).

The optimum approach for exosome isolation should have the following characteristics: ease of use, efficiency, speed, and cost-effectiveness. The isolation method should not be harmful to exosomes. The advantages and disadvantages of each approach for isolating exosomes should analysed, and the limitations should be addressed further. Despite the fact that there are several separation methods, ultracentrifugation is still regarded as the gold standard and most prominent EV separation method, and many research extensively use this approach.

EVs are abundant in organisms and engage in a range of life activities, containing a diversity of proteins and genetic materials. They play a range of roles depending on their contents. Exosomes, for example, are crucial for the transport of bioactive chemicals from the main tumour site to other cells and organs in the local and distant microenvironment (17). Is it feasible to identify the contents of EVs in order to acquire more information about the tumour and better understand the response to immunotherapy with so many live things in EV?





3 EV as a biomarker in NSCLC immunotherapy

Exosomes with size more than 40 nm and less than 100 nm in diameter are still the focus of studies on EV as a biomarker. The function of exosomes as carriers of natural biomarkers in illness detection has attracted much attention. Exosomes are still being used in NSCLC immunotherapy to provide new information on future prognostic techniques.

Neoadjuvant therapy is a systemic anti-tumour medication administered to patients before surgery. Neoadjuvant therapy may involve chemotherapy, immunotherapy, targeted therapy, radiation, and other treatments depending on the kind of tumour involved. Exosomal miRNA-21, miRNA-222, and miRNA-155 have been shown to be useful biomarkers for the diagnosis and prognosis of patients with breast cancer receiving neoadjuvant chemotherapy (57). This shows that exosomes might play a key role during tumour neoadjuvant therapy; however, there is no relevant research in NSCLC.



3.1 Application of EV as biomarker for immunotherapy

PD-L1, which interacts with PD-1 to enhance tumour cell evasion and T cell inactivation, is an immunosuppressive chemical that tumour-derived EVs (TDEs) may carry and use as a modality for immunotherapy (58). For example, NKG2D ligands can aid tumour cells in evading immune surveillance when it is expressed on TDEs. NKG2D is a key recognition receptor for the identification and eradication of tumour cells (59). FASL expressed on TDEs can also encourage immune cells to die, which enhances the growth of tumours (60). Through these immunosuppressive chemicals, TDEs can act as indicators of tumour cells.




3.2 Application of EV as biomarker in tumor microenvironment

The tumour microenvironment (TME), which includes cancer-associated fibroblasts, adipocytes, neuroendocrine cells, and vascular and lymphatic networks, is the internal environment involved in the development and progression of tumours (61). According to previous studies, exosomes have a particularly significant influence on tumorigenesis, signalling, and progression. The diversity of tumorigenesis and tumour genetics is reflected in TDEs, which is mostly generated from the cell membrane and endosome of primitive tumour cells and include a wide variety of tumour antigens. TDEs show enormous promise as a biomarker for early cancer detection, diagnosis, and prognosis (62). To create a TME that promotes tumour cell survival and metastasis, tumour-derived exosomes are loaded with chemicals that inhibit immune responses and inflammation (63). Immune system responses to tumours can be boosted by exosomes produced in immune cells (64). Exosomes have been revealed to be crucial for coordinating intercellular communication as well as facilitating communication between cancer cells and the cells in the TME (65). As a result, tumour-derived exosomes are significant and have the potential to as new, minimally invasive biomarkers for cancer immunotherapy and are capable of taking part in the immunological TME (66).

TDEs participate in the TME, which allows them to play a dual function in the anti-tumour immunological mechanism. TDEs play a function in reducing immunological activity by stimulating the differentiation of immune-suppressive cells. In contrast, TDEs can also produce an inflammatory milieu that promotes continued tumour growth. It has been demonstrated that HCC-derived exosome high mobility group box 1 (HMGB1) causes the growth of immune cells that release IL-10 and impair CD8+ T cell activity (67). TDEs carry tumour-associated antigens on their surface that can trigger an immune response in the early stages of malignancies (68). They can play an important role in tumour immunotherapy by acting as effectors of immune cell activation, and B cells and dendritic cells and can induce an immune response by presenting antigens to activate T cells (69, 70). For instance, TDEs containing HSP70 can cause natural killer cells to operate as immune cells (71). Studies have shown that microenvironmental acidity and the release of EVs are related, and that microenvironmental acidosis of patients with cancer can cause an enhanced release of EVs. In order to diagnose and predict the development of cancer, EVs in the TME can be employed (72, 73). In conclusion, EVs and the TME are strongly linked to the onset and management of cancer; however, more research is still needed to fully understand the dual function of EVs in the TME.

We reviewed the registered clinical trials (clinicaltrials.gov) on the use of EVs or exosomes in NSCLC (Table 2). We found some patterns where clinical studies on EVs in NSCLC focused on its role as a biomarker in early diagnosis and in the therapeutic efficacy of drugs during the mid-to-late stages. In addition, these studies have mainly focused on the last three years, and the materials examined were primarily blood and alveolar lavage fluid. The mRNA, lncRNA, proteins, and other compounds are among those that were investigated. Development in this area of research is summarized in section 4.


Table 2 | Clinical trials registered on clinicaltrials.gov on EV or exosome for NSCLC.







4 Different components of EV as biomarker in NSCLC immunotherapy research

As previously stated, an EV comprises DNA, RNA, proteins, lipids, and other components. These elements are involved in tumorigenesis and can have a crucial role in immunotherapy during the early diagnosis, treatment, and prognosis of cancer. The primary focus of biomarker research in immunotherapy is on miRNA, lncRNA, and proteins, which we will discuss in this section separately (Table 3, Figure 2).


Table 3 | Different components of EV as biomarker in NSCLC immunotherapy research.






Figure 2 | The functions of EV.





4.1 RNA

The miRNAs can influence further tumour progression in immunotherapy of lung cancer by modulating lung cancer immune checkpoints and acting as a biomarker. It was found that miRNA-200 levels were closely associated with PD-L1 expression (85). Four miRNA signatures in serum (miR-193b, miR-301, miR-141, and miR-200b) can be used to differentiate NSCLC from non-cancerous individuals (86). Exosomal miRNAs are critically associated with the development, spread, and metastasis of NSCLC. Previous studies have shown that exosomal miRNAs can promote angiogenesis. For example, STAT3-regulated exosomal miR-21 promotes angiogenesis and induces malignant transformation of human bronchial epithelial cells (74). In addition, exosomal miRNAs are involved in the process of tumour metastasis. The AD cell-derived exosomes, miR-494 and miR-524-3p, have been reported to regulate pre-metastatic organoids (75).

T cells are immunosuppressed by myeloid-derived suppressor cells in malignancies. According to previous studies, lncRNAs control the ability of myeloid-derived suppressor cells to inhibit the immune system in the TME, which influences the development of lung cancer. In other studies, patients with lung cancer were found to have lower expression levels of HOTAIRM1 in their peripheral blood cells, and when this gene was overexpressed, the immunosuppressive properties of myeloid-derived suppressor cells decreased and tumour immune responses strengthened (87). Additionally, lncRNAs affect tumour development by controlling T cell activity. According to previous reports, NSCLC has a high expression of LINC00301. By concentrating on TGF-β, linC00301 can decrease the levels of CD8+ T cells, accelerating the development of NSCLC (76). Exosomal lncRNAs are directly related to the development of NSCLC. Zang et al. (77) discovered that lncRNA UFC1 expression levels were raised in the tumour tissues, serum, and serum exosomes of patients with NSCLC. High UFC1 levels were linked to tumour invasion. Researchers discovered that exosomal-delivered UFC1 might bind to EZH2, downregulate PTEN gene expression, and activate the PI3K/Akt signalling pathway, encouraging tumorigenesis in NSCLC.

In the treatment of NSCLC using immunotherapy, circRNA is also crucial. It was discovered that circNDUFB2 had a poor correlation with NSCLC’s malignant characteristics. By controlling the cellular immune response, circNDUFB2 was able to stimulate anti-tumour immunity throughout the development of NSCLC (78). According to Wang et al., the expression of has-circRNA-002178 was noticeably elevated in AD tumour tissues. T cell failure might result from the delivery of has-circRNA-002178 to CD8+ T cells, which would cause PD-1 expression to be induced via exosomes (79). Exosomal circRNA have also been implicated in the advancement of NSCLC in several investigations. The release of IFN-γ, TNF-α, granzyme B, and perforin by CD8+ T cells has been shown to be suppressed by the tumour-derived exosome, circUSP7, preventing CD8+ T cells from performing their normal role. As a result, circUSP7 may encourage patients with NSCLC to get anti-PD-1 treatment (80).




4.2 Protein

A recent study revealed a unique mechanism for the propagation of drug resistance in solid tumours (21): Hypoxia-induced exosomes transfer PKM2 to susceptible NSCLC cells and transmit cisplatin resistance. Exosomal PKM2 might be a viable biomarker and therapeutic target for NSCLC cisplatin resistance. Exosomal PLA2G10 protein levels were considerably greater in NSCLC samples than in healthy samples (81). Furthermore, patients with NSCLC with greater amounts of exosomal PLA2G10 protein had poorer overall and relapse-free survival rates. These findings show that the PLA2G10 protein found in exosomes might be a helpful biomarker for identifying and predicting survival in individuals with NSCLC. Exosomal GCC2 considerably changes with pathological stage, has high specificity and sensitivity in detecting early-stage NSCLC, and is likely to contribute greatly to the diagnosis of asymptomatic patients with early-stage lung cancer in routine screening (82). Interestingly, GCC2-ALK fusion proteins were discovered in individuals with NSCLC in a prior study (83). GCC2-ALK overexpression has been demonstrated to trigger downstream ALK signalling, which can be blocked by ALK inhibitors, such as crizotinib and ceritinib. These findings show that GCC2 is a viable target for NSCLC diagnosis and/or therapy. Wang et al. (84) used proteomic techniques to look for diagnostic markers for metastatic NSCLC and discovered significant differences in the levels of LBP in exosomes and circulation of patients with metastatic and non-metastatic NSCLC, indicating that LBP has the potential to act as a metastatic NSCLC biomarker.




4.3 Multi-omics approach for EV

As cancer tissue samples are very variable and incredibly complicated, different technological techniques and data formats might produce disparate outcomes. As a result, multi-omics analysis-employing approaches, from genomics, transcriptomics, epigenomics, proteomics, metabolomics, and other areas of histology, are seen as critical to the advancement of precision treatment in cancer.

Luo et al. (88) integrated the analysis of transcriptome and proteome data to reveal the diverse functions of exosomal-enriched RNAs and proteins, many of which are associated with tumorigenesis. Importantly, several human lung AD stem-like cell markers identified were highly expressed in AD stem-like cell-derived exosomes and associated with poor survival, which may thus serve as promising liquid biopsy biomarkers for lung AD diagnosis. Through using weighted gene co-expression network analysis, Chen et al. (89) identified a series of known, conserved, and novel exosomal miRNAs associated with the severity of anxiety and depression, as well as concentrations of the neurotransmitters, GABA, choline, and serotonin. Soon, Sun Kim et al. (90) identified differentially expressed lncRNAs in HCC and healthy donor EVs, and selected LINC00853 as a novel biomarker for early detection of HCC.

The advancement of multi-omics technologies has not only increased our understanding of tumour biology but also uncovered intriguing new biomarkers and therapeutic targets. However, no research has focused on immunotherapy in NSCLC. As a result, more research using multi-omics approaches in NSCLC is needed, and the integration of multi-omics data for NSCLC discrimination could become a growing trend.




4.4 Other roles of EV

Exosome indicators are also important in liquid biopsies. Circulating tumour cells, circulating tumour DNA, circulating cell-free DNA, miRNA, and non-coding RNA are all used in liquid biopsies to help diagnose and treat cancer (63). Flow-based traditional tissue biopsies are invasive, can result in complications that include bleeding and infection, and may be less accurate at forecasting treatment results than liquid biopsies (16). Additionally, it might not accurately anticipate the outcome of therapy. Conversely, non-invasive liquid biopsies using urine-derived exosomes in patients with NSCLC can identify exosomes from bodily fluids and predict therapy responses (63).

Few studies currently use EVs as ICI biomarkers for liquid biopsies during exosomal immunotherapy. More research has been done on EVs that contain PD-L1. According to one study, releasing the gene for PD-L1-containing exosomes in a mouse model 1 reduced tumour development (91). According to another study, the forced expression of PD-L1 on cells devoid of PD-L1 and administration of PD-L1-containing exosomes to NSCLC tissue both prevented the formation of tumour tissue (92). These data imply that exosomal PD-L1 should be investigated further as a biomarker for NSCLC therapy.

Different subpopulations of exosomes are loaded with various miRNAs, which may have various biological activities. EVs also include a range of bioactive compounds. The gold standard for the clinical detection of cancer using liquid biopsy is circulating DNA, which is secreted by cells along with EVs and used to diagnose NSCLC (93, 94). Through the use of EVs, tumour cells can also avoid immune monitoring, facilitating distant metastasis. Cancer-causing proteins are carried by tumour cell EVs and cause healthy fibroblasts to develop carcinogenesis (95, 96). Additionally, tumour cell EVs contribute to targeted cancer therapy. Tumour cell EVs have reportedly evolved into one of the techniques used for evaluating the efficacy of targeted therapy. For instance, the low sensitivity in circulating DNA liquid biopsies has been enhanced by the introduction of exosomal RNA as a biomarker to identify T790M mutations in the EGFR gene (97, 98). EVs can contribute to medication delivery because they can load biomolecules with parental cell selectivity. The particular binding of EVs to cell surface receptors for message transmission, EV signalling, and substance transport by membrane fusion and endocytosis are some of the methods used to transport EV contents (99, 100). According to previous studies, using EVs to transport macromolecular medicines is more reliable and has a more powerful impact on anticancer treatment (101). Acidification of the TME also enhances EV fusion with tumour cells by encouraging EV absorption. This underlines the inherent ability of EVs to transport macromolecules (102, 103). It has been noted that transfection is a successful technique for introducing RNA medicines into EVs. The viability of gene delivery by EVs was shown when siRNAs targeting RAD51 and RAD52 were transfected into EVs and triggered gene silencing via transport to target cells (104). The viability of gene immunotherapy is increased by EV-mediated gene delivery. Similar to this, EVs were shown to enhance the endocytosis and stability of protein drug delivery during cancer treatment (105). EVs offer distinct benefits and promise in the detection and treatment of cancer, and more research is still needed to determine how well they serve as delivery vehicles.





5 Conclusion

Immunotherapy has emerged as one of the most significant medical treatment methods for NSCLC, and novel immunotherapeutic approaches are being developed. EVs are gaining popularity as a component of liquid biopsies. EVs have been demonstrated to play an important role in various immunotherapeutic marker investigations, offering a novel viewpoint on the diagnosis and prognosis of NSCLC. We show how EVs play an important role in the prevention, diagnosis, and treatment of NSCLC by secreting miRNAs, lncRNAs, circRNAs, and proteins. More studies about EVs are being conducted and we believe that they will play an important role as a biomarker for NSCLC immunotherapy and improve patient prognosis.
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Background

Hepatocellular carcinoma (HCC) is a leading cause of cancer-related deaths worldwide. Lysosomes are organelles that play an important role in cancer progression by breaking down biomolecules. However, the molecular mechanisms of lysosome-related genes in HCC are not fully understood.





Methods

We downloaded HCC datasets from TCGA and GEO as well as lysosome-related gene sets from AIMGO. After univariate Cox screening of the set of lysosome-associated genes differentially expressed in HCC and normal tissues, risk models were built by machine learning. Model effects were assessed using the concordance index (C-index), Kaplan-Meier (K-M) and receiver operating characteristic curves (ROC). Additionally, we explored the biological function and immune microenvironment between the high- and low-risk groups, and analyzed the response of the high- and low-risk groups to immunotherapy responsiveness and chemotherapeutic agents. Finally, we explored the function of a key gene (RAMP3) at the cellular level.





Results

Univariate Cox yielded 46 differentially and prognostically significant lysosome-related genes, and risk models were constructed using eight genes (RAMP3, GPLD1, FABP5, CD68, CSPG4, SORT1, CSPG5, CSF3R) derived from machine learning. The risk model was a better predictor of clinical outcomes, with the higher risk group having worse clinical outcomes. There were significant differences in biological function, immune microenvironment, and responsiveness to immunotherapy and drug sensitivity between the high and low-risk groups. Finally, we found that RAMP3 inhibited the proliferation, migration, and invasion of HCC cells and correlated with the sensitivity of HCC cells to Idarubicin.





Conclusion

Lysosome-associated gene risk models built by machine learning can effectively predict patient prognosis and offer new prospects for chemotherapy and immunotherapy in HCC. In addition, cellular-level experiments suggest that RAMP3 may be a new target for the treatment of HCC.





Keywords: hepatocellular carcinoma, lysosome, machine learning, prognostic model, RAMP3, immune infiltration, drug sensitivity





Introduction

Hepatocellular carcinoma is the seventh most common form of cancer and the second most common cause of cancer-related death in the world. Its incidence is on the rise and poses a serious threat to human health (1), and in China, HCC is one of the four leading causes of cancer-related death (2). There are various treatment options for HCC, such as partial hepatectomy, liver transplantation, radiofrequency ablation, hepatic artery embolization chemotherapy, and targeted therapy (3), and in recent years, as research progresses, new strategies of combining multiple chemotherapeutic agents with immunotherapy have emerged (4). Although some results have been achieved, overall, the survival benefit is very limited unless patients are stratified according to their gene expression profile (5–7). The search for more precise and effective molecular markers is therefore extremely necessary to improve clinical outcomes and reduce patient burden in patients with liver cancer.

Lysosomes are membrane-encapsulated organelles, and lysosomes were previously thought to be sites of degradation of intracellular and extracellular substances. As a result, researchers have called lysosomes the “rubbish disposals” of cells (8–10), however, more in-depth studies have shown that this view is too one-sided. Emerging evidence suggests that lysosomes may directly or indirectly regulate cell signaling, metabolism and degradation of protein aggregates and damaged organelles (11, 12). It has been shown that lysosomes may play an important role in tumor development through the above-mentioned biological processes, and that both the functional state and spatial distribution of lysosomes are closely related to cancer cell proliferation, energy metabolism, invasive metastasis, immune escape, drug resistance and tumor-associated angiogenesis (13), but there are still few reports on the relevance of lysosomes in tumors, and more importantly, we have not found any previous reports of lysosome-related genes in hepatocellular carcinoma.

The aim of this paper is to analyze the expression of lysosome-related genes in HCC and to build an optimal prognostic model based on machine learning. The features were used to stratify HCC patients by risk score. Immuno-infiltration analysis, immune checkpoint gene correlation, chemotherapy drug sensitivity, enrichment analysis and clinical relevance analysis were performed for high and low-risk groups to validate the stratification. In addition, we overexpressed RAMP3 and preliminarily demonstrated the potential of RAMP3 as a new therapeutic target by means of cell proliferation, cell migration, invasion and drug sensitivity assays. In conclusion, the present study may provide new options for the treatment and prediction of hepatocellular carcinoma.





Materials and methods




Data sources

The mRNA sequencing data and corresponding clinical information (TCGA-LIHC) for hepatocellular carcinoma were obtained from TCGA (https://portal.gdc.cancer.gov/), which included 374 liver cancer samples and 50 normal tissue samples; and from the GEO database (https://www.ncbi.nlm.nih.gov/geo/) to obtain the hepatocellular carcinoma-related dataset GSE14520, based on the GPL3921 platform (Affymetrix HT Human Genome U133A Array), containing 225 hepatocellular carcinoma samples and 220 normal samples; lysosomal-related genes (875) were obtained from AmiGO2 (http://amigo.geneontology.org/amigo) was obtained. Data were processed using R (4.2.0).





Differential gene analysis

The “edgeR” package (14) was used to identify genes differentially expressed in TCGA-LIHC in liver cancer samples and normal tissues; the Sanger assistant (15) was used to take intersections for differential genes and lysosome-related genes; the “corrplot” package and “tinyarray” package were used to plot correlations as well as heat maps.





Gene function analysis

Enrichment analysis was performed using the online website DAVID (https://david.ncifcrf.gov/tools.jsp) and P values less than 0.05 were considered significant and visualized by the Sanger assistant. Gene expression in single cells of hepatocellular carcinoma was analyzed using the single cell database TISCH (http://tisch.comp-genomics.org/search-gene/).





Machine learning

The liver cancer samples from TCGA-LIHC were filtered (filtering criteria: remove samples with incomplete survival information or survival time less than 30 days), and finally 343 liver cancer samples were obtained from TCGA-LIHC (training set); clinical information of GSE14520 was obtained from (16), which was also filtered (filtering criteria: remove samples with incomplete survival information or survival time less than 30 days), and finally 343 liver cancer samples were obtained from GSE14520 (training set); clinical information of GSE14520 was also filtered (filtering criteria: remove samples with incomplete survival information or survival time less than 30 days). samples), resulting in 219 columns of liver cancer samples from GSE14520 (test set).

A preliminary screen for differential lysosomal-associated genes in hepatocellular carcinoma was performed using a univariate Cox (“survival” package) to derive lysosomal-associated genes associated with overall survival (OS) for machine learning. Random forest (RSF) analysis was performed using the “randomForest” package to select (the top 8 ‘significant’ genes for subsequent analysis); Lasso analysis was performed using the “glmnet” package, with the optimal value of the penalty paraeter (λ) determined based on a ten-fold cross-validation used to select significant features; Stepwise regression (stepwise) using the My. “Stepwise” package. The algorithms were evaluated by combining the three algorithms in pairs or individually on the training set, with the average C-index value of the training and test sets.





Building the model

The signature was constructed using COX regression to construct a risk model based on the following equation

	





Assessment model

Hepatocellular carcinoma samples were divided into high and low-risk groups based on median risk and the effect of the model was assessed using C-index,K-M,ROC.

Explore differences in biology, immune microenvironment, immunotherapy and tumour chemotherapy sensitivity between high and low-risk groups

The GSVA package and “msigdbr” package were used to explore the functional differences in biology between the high and low-risk groups. The reference gene set for KEGG analysis was species = “Homo sapiens”, category = “C2”, subcategory = “CP: KEGG”; the reference gene set for GO analysis was species = Homo sapiens, category = “C5”.

The ssGSEA function in the “GSVA” package was used to calculate the abundance of 28 immune cells in liver cancer samples; the “IMvigor210CoreBiologies” package (17) was used to predict the responsiveness of high and low-risk groups to immunotherapy.

Common anticancer drug sensitivities between high and low-risk groups were predicted using the “Prrophetic” package (18) based on matrix padding and ridge regression models.





Cell culture

Human HCC cell lines (Huh7, HepG2, SNU387, MHCC97H, Hep3B) were purchased from the Shanghai Cell Collection, Chinese Academy of Sciences. Cells were cultured in an incubator supplemented with 10% fetal bovine serum (Gibco, Grand Island, USA), 100 U/mL penicillin and 100 mg/mL streptomycin (Gibco, Grand Island, USA) at 37°C and 5% CO2.





Transfection

The plasmid was purchased from (GenePharma Co. Ltd., Shanghai, China). Transfection reagent was purchased from (Thermo Fisher Scientific, Shanghai, China). After the cells have reached 60-70% growth, Lipofectamin 3000 was added to 100 µl of serum-free medium, and the pcDNA and P3000 (1:1) were added to 100 µl of serum-free medium, both were mixed and incubated for 15 min at room temperature. After incubation, the mixture is added to each well (12-well plate) with 800 ul of serum-free medium and then 200 ul of P3000-Lipofectamin3000-pcDNA mixture is added to each well and incubation is continued at 37°C in a constant temperature incubator; after 24-36 h of transfection, subsequent experiments can be carried out.





CCK-8 assay

A 96-well plate with 5000 cells per well was used and 5 replicate wells were set up. CCK-8 reagent (BioSharp, Beijing, China) was added at 0h, 24h, 48h and 72h for detection in an enzyme marker, and cell growth curves were plotted using mapping software and analysed for statistical significance.





Transwell migration

Matrigel (Corning,Shanghai,China) matrix gel was added to the small chambers in advance and allowed to solidify. 200 µl of cell suspension (5x105 cells) was added to the upper chamber and 800 µl of complete medium containing 10% FBS was added to the 24-well plate (lower chamber). The 24-well plates were placed in an incubator and incubated for 48h before fixed staining. The cell migration assay is performed as the cell invasion assay, except that no matrix gel is required in the upper chamber and incubated for 36 hours.





Transwell invasion

The same as migration except that no matrix gel is added to the upper chamber.





RT-PCR

Total RNA was extracted using Total RNA Kit I (OMEGA biotek, USA) and complementary DNA (cDNA) was synthesised using a reverse transcription kit (Thermo Fisher Scientific, Waltham, Massachusetts, EUA). The primers used for the quantitative real-time PCR (GenePharma Co. Ltd., Shanghai, China) were as follows: RAMP3 (5’-GGCATCCACAGGCAGTTCTT -3’ and 5’-CGGGTATAACGATCAGCGGG-3’); β-actin (5’-GAG AAA TCT GGC ACC ACA CC-3’ and 5’-GGA TAG CAC AGC CTG GAT AGCAA-3’).





Western blotting

Equal amounts of protein extracts were separated by SDS-PAGE and transferred to PVDF membranes using antibodies against RAMP3 (R&D Systems, Shanghai, China) and Tubulin (Abcam, Shanghai, China). The signals were detected using the Immobilon western chemilum HRP Substrate (BioSharp, Beijing, China), and images were obtained by a GEL-DOC2000 Gel Imager system (BIO-RAD, California, USA).





Data analysis

Statistical analyses were performed using GraphPad Prism (8.0.2) and R software (4.2.0). P < 0.05 was considered statistically significant.






Results




Identification of differential lysosome-associated genes in hepatocellular carcinoma

The flowchart of the current study is shown in Figure 1. To identify differential lysosome-associated genes in hepatocellular carcinoma (HCC), we obtained 374 HCC samples and 50 normal tissue samples from TCGA and performed differential analysis using the edge package (threshold value for differential genes |logFC | ≥ 1, p-value < 0.05). This analysis revealed 5620 genes (2593 up-regulated and 3027 down-regulated) that were differentially expressed in HCC and normal tissue (Additional file 1: Table S1). We then intersected these results with 875 lysosome-associated genes from AmiGO2 (Additional file 1: Table S2) to obtain 148 genes (Figure 2A). The top 10 differential genes were subjected to correlation analysis (Figure 2B), and a heat map was generated to visualize their expression patterns (Figure 2C). Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis (Figures 2D, E) revealed that differentially expressed lysosome-related genes were enriched in pathways associated with tumor progression, including Lysosome, Ferroptosis, Necroptosis, and inflammatory response. In summary, we identified 148 differential lysosome-associated genes in HCC and found that they were enriched in pathways associated with tumor progression. These results provide insight into the role of lysosomes in HCC and lay the foundation for further analysis and experimentation.




Figure 1 | The workflow of the current study.






Figure 2 | Expression of lysosome-related genes in hepatocellular carcinoma and normal tissues and demonstration of the biological functions involved. (A)Venn diagram of intersection of differentially expressed genes in TCGA-LIHC and lysosomal genes in AIMGO; (B) scatter plot showing the correlation between the top 10 differentially expressed lysosome-related genes; (C) hierarchical clustering of the top 10 differentially expressed lysosome-related genes. Blue bars represent normal tissues and red bars represent liver cancer tissues. (D) GO results of lysosome-related genes differentially expressed in liver cancer tissues and normal tissues, red bars represent Biological Process, green bars represent Cellular Component, blue bars represent Molecular Function; (E) KEGG results of lysosome-related genes differentially expressed in liver cancer tissues and normal tissues.







Model construction by machine learning

To construct a model using machine learning, we first screened 148 lysosome-related genes using univariate COX analysis with a significance threshold of P<0.05. This resulted in 46 genes with prognostic significance, which were used for further analysis. A common method for constructing models in previous studies was the Lasso method (19, 20). In previous studies, the Lasso method was commonly used to construct models, but we found that this may not be the best approach for our data (21). Therefore, we chose three common ways of constructing models (RSF, Lasso, stepwise) (20, 22, 23) either separately or in two-by-two combinations to analyze the 46 lysosomal-associated genes.We calculated the C-index for both the training set (TCGA) and the test set (GSE14520) separately and averaged the results (Figures 3A–C; Additional file 2: Figures S1-S3). We also counted the number of genes used in the nine algorithms that were combined to construct the model (Figure 3D).




Figure 3 | C-index display of machine learning. (A) C-index display of the nine algorithms in TCGA-LIHC (training set); (B) C-index display of the nine algorithms in GSE14520 (test set); (C) average C-index of TCGA-LIHC (training set) and GSE14520 (test set); (D) nine algorithms selected for the number of genes.



The results of our study indicate that some algorithms, such as stepwise and Lasso, performed well in the training set but did not perform well in the test set. Therefore, we selected the genes identified by RSF+Lasso to construct our model based on the combined performance of the algorithms. (Figures 4A, B; Additional file 2: Figures S2C, D). To test the predictive power of our model (LGRs), we compared it with four published prognostic models, including FGBs (Five-Gene-Based Prognostic Signature) (24), PRGs (Pyroptosis-Related Gene Signature) (25), RRGs (Response-Related Gene Signature) (26), and CRGs (Cuproptosis-Related Gene Signature) (27). We used C-index to evaluate the predictive ability of the model, and our analysis showed that our model had the highest C-index in both the training and test sets (Figures 4C, D). In conclusion, our constructed prognostic models based on lysosome-related genes (LGRs) have superior performance compared with published models.




Figure 4 | Machine learning constructed models. (A) top 30 significant genes screened by random forest in the training set; (B) further screening of the top 8 significant genes screened by random forest by Lasso, λ = lambda.min; (C) C-index of 5 prognostic models in TCGA-LIHC; (D) C-index of 5 prognostic models in GSE14520.







Evaluating the model

After constructing the risk model, we categorized the sample into high and low-risk based on the median risk value and found that the eight genes (genes) used to construct the model were mostly differentially expressed between the high and low-risk groups (Additional file 3: Figures S4A, B). Risk factor plots (Additional file 3: Figures S4C, D) showed that risk scores were negatively associated with overall survival and survival status of patients. Combining the risk score with clinical information from other liver cancer samples in a multifactorial COX (Figure 5A) showed that the risk score was indeed an independent prognostic factor for patients with liver cancer and that the C-index at this point was ≥0.72. Based on the risk grouping, we then performed a Kaplan-Meier (KM) survival analysis (Figure 5B), which showed that the high-risk group had a poorer prognosis. In addition, we plotted the corresponding ROC curves for each group using years 1,3,5 as the endpoints of prediction time (Figure 5C), and the results demonstrated good predictive power (AUC ≥ 0.69 in the training set; AUC ≥ 0.63 in the test set).




Figure 5 | Evaluation of the model. (A) Multi-factor COX for both the training set (Figure left) and the test set (Figure right) indicating that risk scores are associated with prognosis; (B) Survival curves between the high-risk and low-risk groups for both the training set (Figure left) and the test set (Figure right); (C) 1,3,5-year RCO curves between the high-risk and low-risk groups for both the training set (Figure left) and the test set (Figure right).







Exploring biological function between high-risk and low-risk groups

In order to gain insights into the biological mechanisms underlying the differences between high-risk and low-risk groups, we performed enrichment analysis using the “GSVA” and “msigdbr” packages. The top 10 pathways that emerged from our analysis were visualized in Figures 6A–D. Our results suggest that the differential genes between these two groups are primarily involved in the SPLICEOSOME, CELL_CYCLE, and DNA_REPLICATION pathways. These findings provide important clues for further investigation into the mechanisms underlying the development and progression of high-risk cancers.




Figure 6 | Results of GSVA analysis of high and low-risk groups in TCGA. (A–C) Biological processes, cellular localization and molecular function enrichment pathways in GO for high and low-risk groups, blue for low-risk group and red for high-risk group; (D) Pathways enriched in KEGG for high and low-risk groups, blue for low-risk group and red for high-risk group.







Relationship between risk grouping and immune microenvironment of liver cancer and immunotherapy

In recent years, the success of immune checkpoint therapy has highlighted the crucial role of the immune system in cancer treatment (28). Lysosomes have been identified as a major site for the degradation of immune checkpoint molecules, as they can temporarily store proteins such as CTLA-4, PD-L1, TIM-3, CD70, CD200, and CD47 (29). Therefore, we analyzed the expression levels of immune checkpoints (27) in the high and low-risk groups in both the training and test sets (Figures 7A, B). We also visualized the correlation between riskscore and PD-1, CTLA-4, and PD-L1 (Figures 7C, D). Our results indicate that CD244, CD44, and TNFRSF14 (P < 0.05) were significantly different between the high and low-risk groups. These findings suggest that immune checkpoint molecules may play an important role in the development and progression of high-risk cancers, and may be potential targets for cancer immunotherapy.




Figure 7 | Immune checkpoint differences between high and low-risk groups. (A, B), heat map showing immune checkpoint differences between high and low-risk groups in the training and test sets; (C, D) chord plot showing correlations between risk scores and PD-L2, PD-1 and CTLA4 in the training and test sets.



According to the report lysosomes can also be involved in the regulation of immune cell function (30), so we calculated the abundance of immune cells in liver cancer samples by the ssgsea function in the GSVA package , and the box plot (Figure 8A) both demonstrate the difference in immune cells between high and low-risk groups, and the results show that there are natural killer cells(NK), T helper 2 cell(Th2), T helper 1 cell(Th2), and Natural killer T (NKT) cells between high-risk and low-risk groups differential expression (P < 0.05), which is the same as that reported in the literature (31). In addition, we compared the responsiveness of the high-risk and low-risk groups to immunotherapy (32, 33) and found that patients in the low-risk group responded better to immunotherapy than those in the high-risk group (Figure 8B) and that patients in the low-risk group had a better prognosis than those in the high-risk group (Figure 8C).




Figure 8 | Relevance of risk scores to immune cells and to immunotherapy. (A) GSVA analysis of immune cell differences between high and low-risk groups in TCGA; (B) distribution of CR/PR and SD/PD between high and low-risk groups in the immunotherapy cohort; (C) survival curves between high and low-risk groups in the immunotherapy cohort. *P < 0.05 **P < 0.01, ***P < 0.001, ****P < 0.0001. ns, no significance.







Differences in drug sensitivity between high–risk and low-risk groups

The emergence of drug resistance has greatly reduced the therapeutic efficacy of oncological chemotherapeutic agents, and the lysosome has recently emerged as a promising target for overcoming chemotherapy resistance (33), and evidence suggests that interfering with lysosomal function may be a way in which chemotherapy can be sensitized, an effect that may arise by affecting multiple mechanisms, such as trafficking in the FEFFLUX transporter, drug sequestration and TFEB-regulated pathways that including autophagy and DNA repair (34). Therefore, we used the GDSC database to predict the sensitivity of 20 commonly used hepatocellular carcinoma drugs in high- and low-risk groups (Additional file 4: Table S3), and there was a difference in the sensitivity of 16 hepatocellular carcinoma drugs between high- and low-risk groups (Figure 9).




Figure 9 | high and low-risk groups are associated with multiple chemotherapy drug sensitivities. Boxplot showing the difference in chemotherapy drug sensitivity between high and low-risk groups, with red representing the high-risk group and blue representing the low-risk group. *P < 0.05 **P < 0.01, ***P < 0.001, ****P < 0.0001.







Single cell analysis

To investigate the expression patterns of 8 genes (RAMP3, GPLD1, FABP5, CD68, CSPG4, SORT1, CSPG5, CSF3R) in various immune cell subpopulations of hepatocellular carcinoma, we utilized the single-cell database TISCH (http://tisch.comp-genomics.org/search-gene/) to analyze GSE140228, which consisted of 62,530 cells. The results depicted in Figure 10 indicated that FABP5, CD68, SORT1, and CSF3R were predominantly expressed in monocytes/macrophages, while RAMP3 was primarily expressed in Treg cells. GPLD1, SORT1, and CSPG5 showed low levels of expression in GSE140228.




Figure 10 | Expression of the eight constructed model genes at the single cell level.







RAMP3 is associated with proliferative capacity, migratory and invasive capacity and drug sensitivity of hepatocellular carcinoma cells

To identify key genes related to lysosomes, three basic algorithms (RSF, Lasso, and stepwise) were used, and RAMP3 was selected for further study based on the results. The expression of RAMP3 in tumor cell lines and normal cell lines was explored in BioGPS (http://biogps.org/)(Additional file 5: Figures S5A, B).

It has been shown that lysosomes are involved in regulating the proliferation, migration and invasion of tumour cells (35, 36). We hypothesized that RAMP3 might also be associated with the proliferation, migration and invasive ability of hepatocellular carcinoma cells. RAMP3 expression was detected by RT-PCR in five common laboratory hepatocellular carcinoma cell lines (Huh7, HepG2, SNU387, MHCC97H and Hep3B) (Additional file 5: Figure S5C), followed by overexpression of RAMP3 in Hep3B and HepG2 (Additional file 5: Figures S5D, E), followed by separate CCK-8 proliferation, transwell proliferation, migration and invasion assays on hepatocellular carcinoma cells. The results showed that the proliferation; migration and invasion abilities were significantly reduced in the RAMP3 overexpression group compared to the control group (Additional file 5: Figures S5F–H).

Furthermore, analysis of the relationship between RAMP3 and chemotherapeutic drug sensitivity through the CellMiner database (https://discover.nci.nih.gov/cellminer/home.do) (37) (Additional file 6: Figure S6) showed that RAMP3 expression correlated with multiple chemotherapeutic drugs (P < 0.05), with the highest correlation being with Idarubicin (R = 0.474, P < 0.001). Idarubicin is not only the most toxic drug to human hepatocellular carcinoma cell lines, but also has the ability to overcome multidrug resistance (38, 39), suggesting to us the possibility of RAMP3 being a drug target.






Discussion

It is estimated that every year, around 841,000 new cases of hepatocellular carcinoma (HCC) are diagnosed, with 781,631 patients dying from the disease in 2018 alone (40). Despite advancements in early detection and drug development, the clinical outcomes for advanced cases of HCC remain unsatisfactory. Therefore, there is an urgent need to identify new and effective molecular markers to improve clinical outcomes and reduce the burden of HCC cases (38, 41).

Lysosomes are an important component of the inner membrane system and participate in numerous cell biological processes, such as macromolecular degradation, antigen presentation, intracellular pathogen destruction, plasmamembrane repair, exosome release, cell adhesion/migration and apoptosis (42). Recent studies have shown that the functional state and distribution of lysosomes also regulate tumour development and progression. However, there are still few reports on lysosomes in HCC. To address this gap, we developed a prognostic model of lysosome-related genes using a machine learning approach. We also investigated the relationship between these genes and the immune microenvironment, immunotherapy, and drug sensitivity. This research has the potential to contribute to the development of new HCC treatments and improve patient outcomes.

In this study, a machine learning approach was used to construct a prognostic risk model consisting of eight genes (RAMP3, GPLD1, FABP5, CD68, CSPG4, SORT1, CSPG5, CSF3R). Several of these genes have been previously linked to cancer, such as RAMP3, which has been shown to inhibit the metastatic ability of liver cancer cells when lacking in cancer fibroblasts. Targeting GPLD1 has been found to inhibit the proliferation of non-small cell lung cancer cells mediated by p38 MAP kinase (43) Knockdown or silencing of FABP5 has been shown to reduce the proliferation and invasiveness of PC cells in vitro and reduce tumor growth and metastasis in vivo (44). Additionally, hsa_circ_0110389 has been found to upregulate SORT1 to promote gastric cancer progression by sponging miR-127-5p and miR-136-5p (45). The risk model was evaluated in both training and test set samples by dividing the samples into two groups based on the median value of risk. Patients in the low-risk group had significantly longer survival, and the ROC curves validated the predictive validity of the risk score. Multifactorial COX demonstrated that the risk model was an independent prognostic factor for liver cancer. Subsequent analysis of the functional differences between the high and low-risk groups in TCGA using GSVA showed that the differential genes between the two groups were mainly involved in the SPLICEOSOME, CELL_CYCLE, and DNA_REPLICATION pathways.

In recent years, the use of immune checkpoint inhibitors (ICIs) has revolutionized cancer treatment. However, many patients with hepatocellular carcinoma (HCC) still do not respond well to ICBs (46). Research has shown that lysosomes can be a primary site for the degradation of immune checkpoint molecules. Therefore, we investigated the relationship between risk models and immune checkpoints and found significant differences in CD244, CD44 TNFRSF14, CD27, and other immune checkpoints between high- and low-risk groups. The infiltration of immune cells is a critical factor in the prognosis of HCC patients (47). Tumor infiltration and the recurrence of circulating NK cells are positively associated with survival benefits in HCC with prognostic significance (48). Our results showed that NK cell levels were lower in the low-risk group than in the high-risk group, which is consistent with previous studies (31). Moreover, our analysis revealed that the low-risk group had better results for immunotherapy and a more favorable prognosis than the high-risk group in the immunotherapy cohort. Additionally, risk scores were associated with multiple chemotherapeutic drug sensitivities.

RAMP3 has been selected by multiple algorithms and ranked highly in random forests; therefore, we believe that RAMP3 is a key gene in lysosomal-related genes and that RAMP3 has not been studied in hepatocellular carcinoma. We demonstrated at the cellular level that overexpression of RAMP3 significantly reduced the proliferation, migration and invasion of hepatocellular carcinoma cells. Furthermore, we found that RAMP3 was associated with idarubicin, which has been shown to improve remission rates in intermediate stage hepatocellular carcinoma (49), suggesting the possibility that RAMP3, like other small molecule drugs (50) being investigated, could be a new drug target.

Unfortunately, our study has some limitations. First, although the predictive power of our model is better than some published prediction models, the predictive power of LRGs is still inadequate compared to some machine learning constructed prognostic models (51, 52) for liver cancer. Second, further experiments are needed to explore the pathological functions of the other seven lysosome-related genes in HCC. Third, although we have demonstrated that RAMP3 can inhibit the proliferation, migration and invasion of hepatocellular carcinoma cells, the underlying mechanisms need to be further investigated in vivo. The above deficiencies will be the focus of our future work.





Conclusion

Our study identifies a prognostic signature based on eight lysosome-related genes and this model not only predicts patient response to immunotherapy and chemotherapeutic agents, but also has high accuracy in predicting overall patient survival. Furthermore, we demonstrated at the cellular level that RAMP3 correlates with the proliferation, migration, and invasive ability of hepatocellular carcinoma cells.
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Supplementary Figure 1 | C-index of Lasso, Lasso+RSF and Lasso+stepwise algorithms. (A) C-index of the prognostic model constructed based on Lasso (TCGA on the left side of the figure, GSE14520 on the right side of the figure). (B) C-index of the prognostic model based on Lasso+RSF (TCGA on the left side of the figure and GSE14520 on the right side of the figure). (C) C-index of the prognostic model based on Lasso+stepwise construction (TCGA on the left, GSE14520 on the right).

Supplementary Figure 2 | C-index of RSF, RSF+Lasso and RSF+stepwise algorithms are shown. (A) C-index of the prognostic model constructed based on RSF (TCGA on the left of the figure, GSE14520 on the right of the figure). (B) C-index of the prognostic model constructed based on RSF+Lasso (TCGA on the left, GSE14520 on the right). (C) C-index of the prognostic model constructed based on Lasso+stepwise (TCGA on the left and GSE14520 on the right).

Supplementary Figure 3 | C-index demonstrations for the 3 algorithms stepwise, stepwise+Lasso and stepwise+RSF. (A) C-index of the stepwise based prognostic model (TCGA on the left and GSE14520 on the right). (B) C-index of the prognostic model based on stepwise+Lasso (TCGA on the left, GSE14520 on the right). (C) C-index of the prognostic model constructed based on stepwise+RSF (TCGA on the left, GSE14520 on the right).

Supplementary Figure 4 | Gene expression between high and low risk groups. (A) Differences between high and low risk groups of 8 genes in TCGA (B) Differences between high and low risk groups of 8 genes in GSE14520 (C) Risk factor plot demonstrating the relationship between gene expression and patient survival in TCGA. (D) Risk factor plot showing the relationship between gene expression and patient survival in GSE14520, with blue representing the low risk group and red representing the high risk group.

Supplementary Figure 5 | Overexpression of RAMP3 inhibits the proliferation, migration and invasion of hepatocellular carcinoma cells. (A, B) Expression of RAMP3 in normal and tumor cells (BioGPS). (C) RT-PCR to detect the expression of RAMP3 in five hepatocellular carcinoma cell lines. (D, E) RT-PCR and Western Blot to detect the overexpression of RAMP3 in HepG2 and Hep3B cells (F) CCK-8 curves demonstrating the proliferation of overexpressed RAMP3 and control hepatocellular carcinoma cells (G, H) transwell to detect the migration and invasion of overexpressed RAMP3 and control hepatocellular carcinoma cells, the following figure shows the statistics.

Supplementary Figure 6 | Correlation analysis of RAMP3 expression with multiple chemotherapeutic agents in cellMiner database.
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Lung cancer remains the first cause of cancer-related death despite many therapeutic innovations, including immune checkpoint inhibitors (ICI). ICI are now well used in daily practice at late metastatic stages and locally advanced stages after a chemo-radiation. ICI are also emerging in the peri-operative context. However, all patients do not benefit from ICI and even suffer from additional immune side effects. A current challenge remains to identify patients eligible for ICI and benefiting from these drugs. Currently, the prediction of ICI response is only supported by Programmed death-ligand 1 (PD-L1) tumor expression with perfectible results and limitations inherent to tumor-biopsy specimen analysis. Here, we reviewed alternative markers based on liquid biopsy and focused on the most promising biomarkers to modify clinical practice, including non-tumoral blood cell count such as absolute neutrophil counts, platelet to lymphocyte ratio, neutrophil to lymphocyte ratio, and derived neutrophil to lymphocyte ratio. We also discussed soluble-derived immune checkpoint-related products such as sPD-L1, circulating tumor cells (detection, count, and marker expression), and circulating tumor DNA-related products. Finally, we explored perspectives for liquid biopsies in the immune landscape and discussed how they could be implemented into lung cancer management with a potential biological–driven decision.
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1 Introduction

Lung cancer represents the first cause of cancer‐related deaths worldwide with over 1.5 million deaths in 2018 and an incidence superior to 2 million (11.6%), largely represented by non-small cell lung cancer (NSCLC) (1). Lung cancer is diagnosed at a locally advanced or metastatic stage in most cases, leading to no curative options and poor outcomes (2). In recent decades, many innovative strategies have been designed, namely tyrosine kinase inhibitors (TKIs) targeting oncogenic drivers or immunotherapies (3). On the one hand, personalized medicine based on molecular targetable alterations has emerged from proof of concept to current clinical applications with restricted indications to a sub-population (4). On the other hand, immune checkpoint inhibitors (ICI) are now largely employed but obtain various response rates with fewer than 40% of responders among a population selected on programmed death-ligand 1 (PD-L1) expression (5).

Many biomarkers have been investigated through the last decades to improve clinical cancer management and patient outcomes. First, biomarkers designed to predict better, and longer responses have been proposed, such as PD-L1. PD-L1 expression in tumor biopsy is the strategy that allows identifying a subpopulation of patients benefiting from ICI. For example, patients with a high PD-L1 tumor proportion score (TPS ≥ 50%) benefit from ICI in first-line (vs platinum-based chemotherapy) (6–8). However, resistance and relapse fatally occur in most cases. Consequently, global age-standardized 5-year survival remains within the range of 10-20% and a limited increase of up to 5% has been observed (9), arguing the need to further refine and improve clinical lung cancer management. Therefore, other approaches have been explored in plasma or total blood. Soluble biomarkers have the advantages to allow real-time monitoring, repeatable, and easily feasible at every step of lung cancer (from the diagnosis throughout the progression of the disease) including non-evaluable radiographic diseases, named biological minimal residual diseases (MRD) (10). Liquid biopsy is now even integrated into clinical practice to research and/or monitor oncogenic addiction under TKI treatment (11). Circulating tumor-derived products are various and offer wide potential applications, especially in the ICI field (12). Inflammation-related biomarkers are particularly promising since inflammation is associated with a worse prognosis in solid tumors due to its effect on the immune modulation, into both tumor cells and its microenvironment, influencing disease-related outcomes (13). These biomarkers include immunoregulatory cells, soluble mediators, and a panel of features including absolute neutrophil, eosinophil, lymphocyte counts, or ratios (14). To date, no soluble biomarker has yet been approved and validated for the management of lung cancer patients, despite important recent technical advances. In this context, there is an emerging interest to identify one to predict ICI benefit, overcoming limitations due to tissue-based analysis (15).

Numerous serum-based biomarkers have already been explored or are currently under investigation. Among the most promising, the blood cell count of neutrophils, lymphocytes, and platelets have been associated with ICI efficacy with potential prognostic value (15). Other promising serum-based biomarkers include soluble PD-L1 (sPD-L1) (16), circulating tumor cells (CTCs) (17), blood tumor mutational burden (bTMB), or circulating tumor DNA (ctDNA) (18). Figure 1 – Graphical Abstract.




Figure 1 | Soluble biomarkers in the immune landscape of NSCLC. Graphical abstract illustrating various types of soluble biomarkers with potential clinical relevance in the immunotherapy field in a non-small cell lung cancer context. Created with BioRender.com.



In this review, we discuss the potential relevance of such soluble biomarkers associated with clinical outcomes in NSCLC treated by ICI. We also analyzed their limitations precluding their implementation into clinical management. Finally, we selected active clinical trials exploring soluble biomarkers in NSCLC treated by ICI focusing on how their results could be integrated into clinical practice.




2 Non-tumoral blood cell count

Systemic inflammation is a well-known related condition impacting tumor responses under ICI treatment in solid cancers (19). Cytokine profiles are thus modified in case of an inflammatory tumor with high IL-6 and TNF-α levels, affecting myelopoiesis (20), and resulting in a shift in blood-cell numerations. Neutrophils and other immune cells such as lymphocytes, platelets myeloid-derived suppressor cells, and monocytes also secrete proinflammatory cytokines (i.e. VEGF, IL-6/8, or TGF-beta) (21). Considering that these circulating immune cells also represent a broad part of ICI therapy effectors, immune cell count was evaluated in serum to predict ICI efficacy. Here under we review the impact of neutrophils, lymphocytes, and platelets, and their variation (Δ) in the case of longitudinal monitoring of clinical outcomes under ICI treatment.



2.1 Absolute neutrophils count

Absolute neutrophil count (ANC), as a predictor for ICI response, has been investigated in many studies. The largest included 213 patients, retrospectively comparing biological profiles between long-term responders and non-long-term responders (22). Δ ANC decreased at 4 weeks and was associated with longer responses (p=0.018). In another large retrospective cohort of 191 patients, lower ANC at baseline was associated with better OS (p=0.048) with similar observations at first re-evaluation (23). All other studies were concordant with these results, despite ICI heterogeneity and thresholds. The principal ANC cut-off was 6.0 103/µL, whereas some authors proposed higher values until 7.5 103/µL (24). The main limitation for ANC integration in current practice to predict ICI outcomes remain a restricted number of studies. Moreover, ICI combined with chemotherapy could involve G-CSF stimulation, hardening Δ ANC interpretation in this context.




2.2 Absolute eosinophils count

Absolute eosinophil count (AEC) was investigated in a few studies. The largest enrolled 191 patients, mostly treated with Nivolumab (n=100) and Pembrolizumab (n=58) (23). Interestingly, the authors reported an induced early increase in AEC, more frequently in responding patients, independently of PD-L1 and immune-related adverse events (p<0.001). Other studies tended to be negative regarding AEC as a predictor of ICI response. Otherwise, many parameters could influence AEC such as corticosteroids in premedication (for chemotherapy combination or palliative radiotherapy support). The interest of AEC thus appears limited for further studies to predict ICI response.




2.3 Absolute lymphocyte count

Absolute lymphocyte count (ALC) was extensively assessed, broadly co-evaluating lymphocyte ratio as described in the following sections. Murakami et al. conducted the largest study, with 213 patients, all treated with Nivolumab (22). ALC was not associated with ICI outcomes. Two other studies equally dimensioned with 203 and 191 patients respectively, were consistent despite various anti-PD-1 and anti-PD-L1 drugs: ALC did not differ according to ICI response (23, 25).




2.4 Circulating immune-suppressive cells

Flow cytometry (FC) allows a deep analysis of peripheral blood cell subpopulations such as myeloid-derived suppressor cells (MDSCs) and their sub-populations including monocytic myeloid-derived suppressor cells (M-MDSCs) and granulocytic MDSC (G-MDSCs) (26). Both tissular MDSCs and circulating subset play an important immunosuppressive role and negative effect on ICI in animal tumor models (27). Due to their immunosuppressive effects, MDSCs exhibit protumoral effects and associate with poorer prognosis. Thus, Bronte et al. reported in a meta-analysis pooling 14 studies (905 NSCLC patients) that high level of circulating M-MDSCs was associated with short PFS (HR=2.67, p<0.0001) and OS (HR=2.10, p<0.0001) (28). The proof of concept was established in a melanoma context treated by ICI (i.e ipilimumab) with a benefit from ICI in patients with low frequencies of M-MDSCs (29). In NSCLC, various reports are available in the ICI context. Feng et al. observed a rapid increase in NK cell fraction in 27 NSCLC patients responding to nivolumab, along with a reduction of G-MDSCs (30). Similar results were reported in a cohort of 132 NSCLC patients treated by anti-PD-1 therapy: lower levels of circulating M‐MDSCs, polymorphonuclear (PMN)‐MDSCs, and CD39+CD8+ T cells at baseline were associated with longer PFS and OS (31). In the same report, PD-L1 TPS was not correlated with the proportions of suppressive immune cells, including PMN-MDSCs and M-MDSCs, or with the clinical outcome. This was concordant with another report based on 22 NSCLC patients: patients with M-MDSC values upper than the median experienced shorter PFS (HR=2.51, p=0.046) and OS (HR=2.68, p=0.042) (32). FC could both assess pro and anti-tumor cell subsets such as regulatory T cells and MDSCs. Kim et al. thus proposed that the ratio between peripheral regulatory T cells to lox-1+ PMN MDSCs could predict the early response to ICI in NSCLC patients (33). Similarly, Youn et al. reported in 62 NSCLC patients that the NK cell-to-Lox-1+ PMN-MDSC ratio was significantly higher in patients benefiting from ICI (p<0.0001) (34). FC thus allows to standardize evaluation of immune cell subsets and potentially predicts clinical outcome for NSCLC patients treated by ICI. FC has become invaluable for biomarker research, providing detailed information on single cells in a heterogeneous population. However, only few clinical trials investigated FC interest in ICI context. Its validation and relevance at larger scale need to be further investigated.





3 Non-tumoral blood cell ratios

As previously reviewed, the absolute count for circulating non-tumoral cells is not sufficient to predict clinical outcomes under the ICI regimen. Also, the markers of the systemic inflammatory response (such as plasma C-reactive protein (CRP) or hypoalbuminemia) have been shown to play a major role in cancer progression and aggressiveness (35). Many systemic inflammatory markers have thus been reported as prognostics markers in NSCLC, mainly based on the cell count ratio between two or more non-tumoral cell subsets. Among them, platelet-to-lymphocyte ratio (PLR), neutrophil-to-lymphocyte ratio (NLR), and lymphocyte-to-monocyte ratio (LMR) have been previously proposed as prognostic markers (36–38). Moreover, the ratio between various subsets of cells could reflect the systemic inflammation with a lower intra- and inter-individual variation, especially during course of the treatment. As an additional hypothesis, the ratio between pro and anti-tumoral factors could also introduce precision and robustness to predict tumor immune sensibility. We review here the impact of neutrophils, lymphocytes, and platelets respective ratios, and their variation (Δ) for NSCLC patients treated by ICI.



3.1 Platelet to lymphocyte ratio

Platelet to lymphocyte ratio (PLR) is a common ratio combining two parameters related to chronic inflammation. We reviewed 16 studies exploring PLR as a potential predictor of ICI response and survival. Ksienski’s report was the largest study published, retrospectively investigating PLR to predict ICI outcomes in 220 patients with NSCLC treated by Pembrolizumab in the frontline for 95% of them (39). In this study, patients with high PLR at baseline had worse OS (median: 4.0 vs 15.4 months, HR: 2.03, p=0.006), suggesting that PLR could predict ICI response and benefit. Interestingly, this study included only patients with high PD-L1 expression (TPS >50%) and thus highlighted that PLR may be independent of PD-L1 expression to predict ICI benefit. A recent meta-analysis published by Liu et al. integrated 15 studies focused on PLR in the ICI field of NSCLC (40). In this meta-analysis, the authors established that high PLR was associated with worse OS (HR:  1.49, p<0.001, I2  = 57.6%, p=0.003), driven by worse PFS (HR = 1.62, p<0 .001). To note, the I2 index reflects the degree of heterogeneity in a meta-analysis among included studies with higher heterogeneity for higher I2 indexes. Very interestingly, there was no association between PLR and OS in the group ≥ 200 when stratified by cut-off point (HR: 1.35, p=0.172). This discrepancy illustrates the heterogeneity in studies assessing PLR as a predictor of ICI response: the range for PLR cut-off varies from 144 to 441 and introduces a broad bias.




3.2 Systemic immune inflammation index

Another composite score based on three types of blood cell was also developed: the systemic immune inflammation index (SII) (SII = Platelet × Neutrophils/Lymphocytes counts). This index was first developed in the context of hepatocellular carcinoma (41). Larger studies then proposed that higher SII could predict worse clinical outcomes in various solid cancers, including NSCLC in terms of PFS, OS, and disease-free survival (DFS) (42, 43).

Only three studies investigated SII interest in NSCLC patients treated by ICI. One retrospective study of 44 patients treated by nivolumab monotherapy in the second line reported a significant association: low SII at baseline (<603.5) predicted longer PFS (HR=0.34, p=0.006) and OS (HR=0.16, p=0.005) and remained significant in a multivariate analysis (44). These results remain controversial, without association between SII at baseline (cut-off value of 730 and 792.07, respectively) and tumor response in two other studies (45, 46). Interestingly, these two studies both reported a significant prediction for dynamic change of SII throughout the ICI course of 6 weeks. Indeed, Fang et al. reported a shorter PFS for patients with an increased in SII from baseline (HR=1.731, p=0.027). Similarly, Jin Suh et al. observed a worse PFS for patients with a post-treatment SII ≥ 730 at 6 weeks (median: 2.8 vs 8.1 months, p=0.033). In earlier stages (stages I-IIIB), the same observations were done for NSCLC patients treated by chemoimmunotherapy: SII at baseline did not predict pathological response. However, on-treatment SII and a decrease of SII from baseline exhibited more frequently a major pathological response (p<0.01) (47).

SII predictive capacity was not specific to the ICI context, since similar results have been reported in EGFR mutant patients treated by TKIs (48–50). Considering inconsistent and non-specific results, SII is currently set aside to predict clinical issues for patients treated by ICI.




3.3 Lymphocyte to monocytes ratio

A few studies investigated lymphocyte-to-monocyte ratio (LMR) to predict ICI response. The largest one was a retrospective cohort of 262 patients mainly treated with Nivolumab (n=131) or Pembrolizumab (n=95). The patients with LMR < 2.12 at baseline were exposed to shorter OS (HR: 1.62, p=0.02) in multivariate analysis (51). In other available studies, low LMR was also associated with worse outcomes for patients with NSCLC under ICI regimens. These parameters remain rarely explored. A meta-analysis integrated 4 studies investigating this parameter: patients with low LMR had worse OS without heterogeneity (HR = 0.45, p <0 .001) (40). Finally, only one study compared PD-L1 and LMR abilities to predict ICI benefits with similar results. In Katayama et al. ‘s report, PD-L1 TPS was not significantly predictive for OS or PFS, while LMR > 1.5 was associated with better PFS and OS (HR: 0.418, p=0.004 and HR: 0.30, p<0.0001, respectively) (52). Of note and as a main limitation, LMR relevant cut-off was not consensual ranging from 1.5 to 2.12. This critical point needs to be elucidated in larger studies.




3.4 Prognostic nutritional index

Nutrition and immune features share a close relationship and can both modify tumor aggressivity and prognosis in cancer patients (53). The nutritional status, the muscle mass, and the inflammatory status could reflect cancer-related cachexia and impact the immune system, leading to potential ineffective ICI (54). The prognostic nutritional index (PNI) is calculated as follows: [(10 × serum albumin (g/dL)) + (0.005 × total lymphocyte count)]. It is an efficient indicator for assessing the nutritional and immunological conditions of cancer patients. The parameters are routinely assessed in laboratory tests during clinical cancer management and are easily repeated. Numerous studies reported an association between baseline PNI and survival in various cancers, including NSCLC (55, 56). For example, PNI predicted both early-progression (OR=3.709, p=0.011) and shorter OS (HR= 7.596, p<0.001) for patients with lower PNI (significant cut-off value determined by ROC curve) (57). A meta-analysis dedicated to PNI included 12 studies, enrolling 13590 NSCLC patients treated by ICI (58). The Cut-off value for PNI ranged from 31.1 to 48. The findings demonstrated that patients treated by ICI with low PNI at baseline had both shorter OS (HR=2.24, 95% CI=1.57–3.20) and PFS (HR=1.61, 95% CI=1.37–1.88). Mahiat C. et al. explored systemic inflammation/nutritional status (including PNI) as predictive factors in 3 metastatic NSCLC cohorts treated in the first line by ICI monotherapy (n=75), ICI combined with chemotherapy (n=56), or chemotherapy alone (n=221). Their results supported that systemic inflammation/nutritional status could be associated with the outcomes independently of the treatment, and were therefore prognostic but not predictive (59). The ICI efficacy predicted by PNI also seemed independent of PD-L1 expression, since no association between PD-L1 TPS and PFS/OS was reported while a lower PNI was significantly associated with shorter PFS (HR: 1.704, p<0.05) (60). Consistent comparisons were reported in external NSCLC cohorts (57, 61). The non-specific prognosis was also supported by Sheng et al.: low PNI at baseline was predictive of worse survival in the EGFR mutated context (untreated by ICI) (62). Low levels of baseline PNI could thus be a significant predictor of worse clinical outcomes for patients treated with ICIs. However, its specificity with ICI and relevant cut-off remains unclear and needs to be assessed in further prospective and larger cohorts.




3.5 Neutrophil to lymphocyte ratio and derived neutrophil to lymphocyte ratio

Neutrophil to lymphocyte ratio (NLR) and derived neutrophil to lymphocyte ratio (dNLR) were the broadest investigated features based on blood cell count. NLR assessed by absolute neutrophil count divided by absolute lymphocyte count is the most explored parameter as a potential predictor of clinical outcomes for NSCLC patients treated by ICI. NLR is a marker for the general immune response to various stress conditions (63, 64).

These studies are reviewed in Table 1. The most relevant and robust trial was LIPS-3, aiming to stratify the prognosis of patients treated by ICI. It retrospectively included 784 patients (201 in a training group and 583 in a validation group), all of them treated with Pembrolizumab in the frontline, thus with a TPS of PD-L1 ≥ 50% (85). Based on a threshold of 4, low NLR was associated with better OS in both cohorts, reaching 76.6% at 1 year. Interestingly, the authors proposed combining NLR with other factors such as PS-ECOG and corticosteroid pre-treatment to improve their prognostic score. As reviewed, a very large part of studies exploring NLR are consistent: low NLR at baseline was associated with better responses and clinical outcomes under an ICI regimen. However, patients and ICI are very heterogeneous, considering the line of pre-treatment, PS-ECOG, sub-type histology (squamous vs non-squamous), PD-L1 expression, or combination with chemotherapy. A recent meta-analysis aggregated 31 studies (40): high NLR was associated with shorter OS (HR 2.13, p<0.001) with significant heterogeneity (I2 = 83.8%, p<0 .001). Very similar results were observed for Δ NLR: increased NLR through ICI administration was associated with worse survival (HR = 1.77, p < 0.001, I2 = 79.5%, p <0.001). The sub-group analysis performed on the cut-off showed a significant association for the NLR threshold of 5 (HR=1.94, p<0.001), which remains the most employed cut-off, with a range from 2.8 to 5. Some studies compared and adjusted NLR levels with PD-L1 expression in multivariate analysis predicting PFS or OS for patients treated by ICI. Most of them were consistent, observing an independence between NLR and PD-L1 expression (51, 83, 95).


Table 1 | Non-tumoral blood cell count biomarkers.



Derived neutrophil to lymphocyte ratio (dNLR), assessed by ANC/(WBC – ANC) was also proposed as a promising predictor of ICI responses in NSCLC. We thus reviewed 8 studies exploring dNLR, the largest one enrolling 466 patients (composed of a test set (n=161) and a validation set (n=305)) (101). The patients with high dNLR had independently worse OS (HR: 1.98, p=0.002) while PD-L1 was not significantly predictive of the clinical issue under the ICI regimen. All other studies were consistent and integrated into a meta-analysis published by Yang et al.: the pooled results supported that high dNLR predicted worse PFS (HR: 1.38, p<0.001) and shorter OS (HR: 1.65, p< 0.001) (104). Cut-off values were also different, ranging from 2.2 to 3.0. This meta-analysis showed that dNLR relevance remained significant, indifferently from the dNLR threshold. Moreover, dNLR was commonly associated with a parameter of a global score named LIPI, a predictor of ICI responses, and combined with LDH level. Just as exposed for NLR, the level of evidence is high for LIPI and dNLR but is not integrated into current clinical guidelines for ICI guidance in NSCLC management.

Although many other studies corroborated these observations, this easy and low-cost parameter remains unused in current clinical practice and does not even appear in clinical guidelines.




3.6 Comparisons of NLR and PLR respective interests

Petrova et al. explored both NLR and PLR in a cohort, comparing chemotherapy and ICI groups. Both NLR and PLR at baseline were significative predictors of OS in the chemotherapy groups (HR: 8.09, p<0.001 and HR: 2.91, p=0.025, respectively) and ICI groups (HR: 7.94, p<0.001 and HR: 5.08, p<0.001, respectively) in multivariate analysis. This suggests that nor NLR nor PLR are specific for survival in NSCLC treated by ICI (95). Regarding PFS, only NLR remained significant (HR = 4.47, p < 0.001), supporting more interest in NLR parameters in the ICI context.




3.7 Limitations and perspectives

Very few studies investigated these blood parameters for patients treated by ICI combined with chemotherapy, whereas chemo-immunotherapy became a large standard for many patients, especially when PD-L1 TPS ≤ 49% in the frontline. Moreover, the inclusion of ICI alone, mainly in a pre-treated context, is not easily transposed in a frontline context which represents a current challenge to predicting patient outcomes. The next step for these potential markers of ICI response remains certainly the establishment of a relevant cut-off to then validate the biological–driven decision in a prospective study.





4 Soluble-derived immune checkpoints related products

Although PD-1/PD-L1 were described as membrane-associated molecules, various soluble derived products of ICI were described in the serum of cancer patients. Soluble PD-1/PD-L1 (sPD-1/sPD-L1) and exosomal PD-L1 (exoPD-L1) are both parts of the dynamic PD-1 pathway and immune response (105, 106). Their respective biological effects remain largely unknown. sPD-1 has been proposed to act as a decoy, blocking PD-1 immunosuppressive axis, and binding to PD-L1 and PD-L2 (107–109). sPD-L1 detection and/or high levels could thus be associated with ICI ineffectiveness. Although sPD-L1 effects are not elucidated, its clinical relevance in NSCLC was explored, especially in patients treated by ICI as a predictive biomarker for response and/or tumor progression.



4.1 Soluble programmed death ligand 1

sPD-L1 was the most investigated parameter with 9 reviewed studies focusing on ICI outcomes in NSCLC patients including a cohort of 119 NSCLC patients, with a control group of 29 healthy volunteers (110). Additional circulating parameters were explored such as PD-L1 levels on circulating immune cells, platelets, and platelet microparticles. Interestingly, circulating PD-L1+ leukocytes count was independent of tumor PD-L1 expression. Although some features such as PD-L1+ neutrophil count, or PD-L1+ PLTs count were associated with shorter PFS and OS, no differences were observed for patients with high vs low sPD-L1 (cut-off=12.94 pg/ml). Another study equally dimensioned with 233 NSCLC patients treated with Nivolumab or Pembrolizumab (details not provided), reported positive results (111): the patients with high sPD-L1 exhibited both shorter PFS (median: 57 days vs 177 days; p=0.011) and OS (median: 182 days vs not reached, p<0.001) than those in the low sPD-L1 group. In comparison with PD-L1 tissue expression, there was a significant but low correlation between tissue PD‐L1 TPS and circulating sPD‐L1 concentration (r=0.214, p=0.001). sPD-L1 remained an independent predictor of ICI outcome in a multivariate analysis for both PFS (HR: 1.910; p=0.061) and OS (HR: 2.073; p=0.034). In addition, sPD-L1 remained significant in a multivariate analysis for OS prediction after adjustment on PD-L1 tissue expression, illustrating its independence and valuable interest as a predictive marker of ICI benefit. In this report, the discrepancy could be explained by a high threshold of 90 pg/mL. Most other studies examined smaller cohort of patients resulting in lower statistical power and/or considered different cut-offs for sPD-L1 with a large range from 3.357 ng/mL (detection threshold/positivity) to 166 pg/mL (112). Δ sPD-L1 was also investigated with lower interest, as reviewed in Table 2. Finally, a meta-analysis updated in 2022 of 710 patients treated by surgery or ICI reported that high levels of sPD-L1 were correlated with worse OS (HR: 2.34; p<0.001) and PFS (HR: 2.35; p<0.001). The results were consistent when focusing on subgroups of patients treated by ICI for OS (HR: 2.40;p<0.001) (124, 125).


Table 2 | Soluble-derived immune checkpoints-related products.






4.2 Soluble programmed death ligand 2 and other related parameters

sPD-L2 may act as a decoy blocking the PD-1 immunosuppressive axis and leading to potential ICI inefficacy. Only one study explored the potential interest of sPD-L2 as a predictor of ICI response among 43 NSCLC patients treated with Nivolumab without any association with clinical outcomes (118, 125) (118, 125) (126). One study assessed serum mRNA PD-L1, reporting that patients with a fold change of PD-L1 mRNA ≥ 2.04 had better PFS, OS, and best objective response (123) (Table 2). Three studies also explored exoPD-L1, the largest cohort enrolling 42 NSCLC patients with contradictory results. Many other soluble markers might be of interest in this context such as sPD-L2, sLAG3, sTIM-3, or sIDO despite restricted reports (127).




4.3 Limitations and perspectives

Thus, all available studies currently suffer from limited effective with lower statistical power and/or retrospective designs. Although sPD-L1 was the most explored parameter with consistent meta-analysis, a relevant cut-off is not defined (high variation across publications). Considering sPD-L1 as a biomarker remains challenging according to its multi-biological and structural protein forms. Other parameters such as exosomal and mRNA-derived products introduced high challenges with technical difficulties, and high variabilities in methodologies, resulting in complex clinical applications.





5 Circulating tumor cells

Circulating tumor cells (CTCs) emerged as promising blood based-biomarkers in a large panel of solid cancers (128). CTCs are tumor cells that escaped from the primary tumor site and have extravasated into the blood circulation. CTCs detection is challenging because of their rarety. Nonetheless, recent technologies succeeded in extracting CTCs through enrichment and detection methods based on molecular markers and more especially on epithelial cell adhesion molecules but also on physical parameters (128). CTCs are thus also examined in lung cancer, especially in NSCLC, from early to advanced stages as a predictor of clinical outcomes (17). CTCs harbor a great interest in the cancer context with many potential clinical applications such as early diagnosis markers, prognostic evaluation, therapeutic response monitoring, drug sensitivity testing, and/or precision medication guidance (128, 129). Focusing on the NSCLC context, several studies already reported a global poor prognosis in patients with CTCs detection and/or high CTC enumeration (130), including early and resected NSCLC (131). Here, published studies are reviewed about CTC-related features associated with outcomes under ICI regimens for NSCLC patients.



5.1 CTC count

CTC detection and absolute count were the most investigated parameter in the CTC field (132) with at least 8 studies focused on CTC enumeration with ICI treatment. The largest cohort included 104 patients, mainly treated with Nivolumab (133). Based on the CellSearch method, CTC detection was an independent predictive factor for worse PFS and OS at baseline (OR: 0.28, p=0.02), and on-treatment (OR: 0.07, p<0.01). However, this difference did not remain significant after adjustment with other co-factors including PD-L1 TPS (OR:0.22, p=0.08). Another published cohort by Guibert et al. (134) enrolled 96 patients with NSCLC all treated with Nivolumab. The patients with a high baseline CTC number ≥ 30/10mL were associated with worse OS (HR: 1.06; p=0.03) and PFS (HR: 1.05; p=0.02). All others were broadly consistent with these results, whereas we did not identify any meta-analysis focusing on CTC utility with ICI treatment. As reviewed in Table 3, the CTC cut-off also varies both on absolute number (0–30) and blood volume collected (3-10 mL), therefore introducing biases.


Table 3 | Circulating tumor cells as biomarkers.






5.2 PD-L1 expression by CTC

Additional techniques and analyses have been proposed to improve CTC relevance in the ICI context besides CTC detection and enumeration. Among them, PD-L1 expression by CTC was most explored (7 studies) with the hypothesis that PD-L1 expression by CTCs might be a valuable surrogate for PD-L1 tissue expression, in a dynamic and non-invasive approach, representing the whole landscape of the tumor heterogeneity. The largest study observed a higher baseline PD-L1+ CTC number (≥1%) in the “non-responders” group (PFS < 6 months, p=0.04) whereas PD-L1 TPS did not manage to predict ICI benefit in terms of PFS (134). No correlation was observed between tissues and CTC PD-L1 expression (r=0.04, p=0.77), and CTCs were more frequently found to be PD-L1 positive than tissues (83% vs 41%). Finally, PD-L1+ CTCs were seen in all patients at progression. Mondelo-Macía et al. reported no association for PD-L1+ CTCs, regardless of the technology employed (CellSearch and Parsortix systems) (137). A recent meta-analysis of 30 studies including various cancers reported global prognostic factors associated with PD-L1 CTC expression (144). Furthermore, Ouyang et al. reported that the baseline presence of PD-L1+ CTC was associated with better PFS (HR: 0.55, p=0.084, I2 = 61.1%, p=0.025) and with a trend for OS (HR: 0.61, p=0.067, I2 = 43%, p=0.135) when treated by ICI. In contrast, non-immune-based treatment (chemotherapy and/or TKI) was associated with worse PFS (HR: 1.85, p=0.005, I2 = 60.6%, p<0.001) and OS (HR: 2.44, p<0.001, I2 = 42.2%, p<0.043). These results suggested that PD-L1 CTC expression could endorse a certain specificity to predict outcomes with ICI treatment. However, PD-L1 CTC expression was not a significant predictor of PFS in the NSCLC context (HR: 1.3, p=0.341, I2 = 58.0%, p=0.011) with similar data for OS prediction.




5.3 Limitations and perspectives

CTCs seem highly promising for clinical cancer management, based on their non-invasive, easily repeatable, and dynamic real-time monitoring analysis (145). Additional CTC markers have been explored in NSCLC patients treated by ICI. In a cohort of 15 patients, high Carcinoembryonic antigen (CEA) and Human telomerase reverse transcriptase (hTERT) expression on CTC were associated with poor clinical response (p=0.017 and p=0.072, respectively) (142). In an equally dimensioned group treated by ICI, Indoleamine 2,3-dioxygenase (IDO)+ CTC detection was associated with shorter PFS (median: 2.5 vs 5.8 months, p=0.039) and OS (HR: 5.46, p=0.021). However, these results remain exploratory.

CTC use and transposability in daily practice remain very challenging. CTC detection remains very challenging with so-far only two FDA-approved methods (CellSearch and Parsortix) for specific cancer contexts and other numerous non-standardized techniques including ISET® (Isolation by Size of Epithelial Tumor cells) or numerous microfluidic systems. CellSearch is an FDA-approved system that demonstrated its clinical relevance in other solid cancer including breast (146), colorectal (147), and prostate cancers (148). The CellSearch method enriches cells using a magnetic ferrofluid containing antibodies against epithelial cell adhesion molecules (i.e EpCAM), before staining for cytokeratins (including cytokeratins 8, 18, and 19). This technology is not included in clinical practice, most probably because of its high cost. Moreover, there is no consensus for a relevant CTC threshold, also depending on the volume of blood collected. This critical point requires further investigation before additional consideration by the clinician. Innovative approaches are emerging such as Circulating tumor-derived endothelial cells (CTECs) that could predict acquired resistance to ICI (149). Other rare types of CTCs are suggested with non-elucidated and incertain clinical relevance (150). Aside from CTC-expressed immune-related biomarkers, other markers are also highly promising in reflecting tumor immune resistance (primary or acquired) such as those acquired through Epithelial-Mesenchymal Transition (EMT) for instance (151).





6 Circulating tumor DNA

Plasma circulating tumor DNA (ctDNA) is a cell-free DNA product released by the tumor in the bloodstream. ctDNA interest is growing fast for solid tumor management. The detection and monitoring of ctDNA provide new opportunities for personalized cancer management. ctDNA is already used in clinical practice for detecting some targetable oncogenic driver such as EGFR of BRAF mutation but might have additional interest in the NSCLC context (152). Diverse technologies to analyze plasma ctDNA emerged and progressively integrated clinical practice. However, there is high variability and a lack of standardized techniques to detect ctDNA such as allele-specific PCR, digital PCR, multiplex PCR-based NGS, and whole-exome sequencing (WES) (153). Nonetheless, ctDNA-based clinical decision-making holds significant potential despite challenges and complexities, especially in the field of immunotherapy and lung cancer. We reviewed here published studies on ctDNA-related features associated with outcomes under ICI regimens for NSCLC patients (154).



6.1 Cell-free DNA and derived biomarkers

Cell-free DNA can be estimated by various methods, most commonly using the maximum somatic allele frequency (MSAF), which is defined as the maximum allele frequency (AF) of all the tumor somatic mutations observed per sample by next-generation sequencing (NGS), and reflecting the ctDNA proportion in the blood. ctDNA and especially its variation and clearance have also been proposed as a potential surrogate of early tumor response and might predict responses to ICI (12). We identified 18 studies based on cell-free DNA detection and quantification of patients’ outcomes with NSCLC and under ICI (Table 4). The largest tested ctDNA levels as a potential relevant surrogate of early tumor response to ICI (168). ctDNA was detected using non-targetable mutation from the initial tumor biopsy by droplet digital PCR. A ctDNA decrease of over 30% at 4-6 weeks was correlated with an improved PFS and OS in 100 AC treated by ICI. In this cohort, patients with a tissue-positive PD‐L1 expression (TPS ≥ 1%) had a better PFS (HR: 0.46, p<0.001) and OS (HR: 0.57, p<0.05) than PD‐L1 negative patients. However, ctDNA demonstrated its independency from PD-L1 expression, significantly predicting OS both in PD-L1 positive and negative patients (HR: 0.37 and 0.47, p<0.05; respectively). Another equally dimensioned cohort of 97 patients treated by ICI also correlated with patient outcomes: an increase of ctDNA allele fraction at 1 month was associated with a 2-month PFS versus 14 months for patients with a decrease of AF. On another hand, PD-L1 TPS was not statistically predictive of ICI benefit, using either a cut-off of 1% or 50%, and was less predictive of response than ctDNA profiling (165). The largest report based on ctDNA was a pooled analysis of the randomized POPLAR and OAK studies by Chen et al. (161). This study assessed the clinical relevance of maximum somatic allele frequency (MSAF) which is an indicator of the proportion of tumor-derived plasma DNA. Atezolizumab was identified as beneficial when patients harbored lower MSAF levels (i.e., MSAF < 10.3%; HR: 0.59, p<0.001). In contrast, no difference was observed for patients with high MSAF levels between docetaxel and ICI groups (HR: 0.91, p=0.5). In this analysis, subgroup comparisons were performed especially regarding clinical confounding factors to determine the independency of ctDNA. Thus, the prediction of ICI interest by ctDNA remains significant both in Atezolizumab and Docetaxel arms after adjustment for baseline covariate (including age, sex, race, performance status, histology, number of metastatic sites, smoking history or number of prior therapies) with a more prominent effect in the Atezolizumab arm (HR=1.89, p<0.001 for Atezolizumab vs. HR=1.30, p=0.029 for docetaxel group). Finally, a meta-analysis was performed on 10 studies, including 1017 patients with NSCLC and treated by ICI (169). The baseline ctDNA detection was not associated with clinical outcomes, for OS, PFS, and ORR (respective HR: 1.18; 0.98, and 0.89). The longitudinal assessment and especially its early decrease was able to significantly predict ICI benefit regarding both OS, PFS, and ORR (respective HR: 0.19, 0.30, and 0.07).


Table 4 | Circulating tumor DNA as a biomarker.






6.2 Blood Tumor mutational burden

Tumor mutation burden (TMB) is a marker of genomic instability. It reflects the production of immunological and inflammatory neoantigens, closely related to immunogenicity (170). The biological approaches support that high TMB reflects a tumor with a higher level of mutation and neoantigens productions, reflecting a so-called “hot-tumor”, which could potentially be predictive of ICI sensibility (171). Previous clinical trials reported positive results from tissue-based TMB analysis in NSCLC (172, 173). Blood TMB (bTMB) is a derived marker of ctDNA that might have the capacity to integrate and reflect tumor heterogeneity, and that we reviewed in a dedicated section (Table 5) according to a specific method of assessment and analysis.


Table 5 | Blood Tumor mutational burden.



The largest cohort included 809 patients with a NSCLC treated with Durvalumab +/- Tremelimumab (vs SOC) in the MYSTIC study (181). With a threshold of 20 mutations/Mb at baseline, the patients with high bTMB had better OS (HR: 0.49) when treated with Durvalumab and Tremelimumab. A level of bTMB > 16 mutations/Mb was associated with better OS in 153 patients treated with Atezolizumab from the BF1RST trial (at baseline, HR: 0.54, p<0.5) (180). Gandara et al, compared PD-L1 expression and bTMB levels to assess the potential overlap between these two parameters (174). Among 1070 patients (pooled from OAK and POPLAR trials), patients with high bTMB (>16 mutations/Mb) were not overrepresented among patients with the highest levels of PD-L1 (defined by a TPS ≥50% or ≥10% of tumor-infiltrating immune cells expressing PD-L1) with only 30 patients positive for both assays (19.2% of patients for bTMB and 29.1% for PD-L1 expression). These data demonstrated the independence between bTMB and PD-L1 expressions assessed by IHC. The supplemental analysis from the same publication also compared the clinical characteristics of the bTMB subgroups of patients from the OAK trial. bTMB > 16 mutations/Mb was associated with smoking history as already published, as a consequence of tobacco mutagen exposure (184). Additionally, high bTMB was also associated with high tumor stages (p<0.0001) or the number of metastases sites(p=0.0055), potentially impacting survival and prognosis. However, the baseline clinical features were well balanced between arms (Atezolizumab vs. Docetaxel) suggesting that bTMB might be an independent predictive marker of ICI efficacy.

Only one study addressed the potential relevance of longitudinal bTMB assessment (179): no correlation was found between clinical outcomes and baseline bTMB in 270 lung squamous carcinomas treated by Camrelizumab. However, low on-treatment bTMB significantly correlated with better PFS, OS, and ORR. This association was specific to the ICI regimen and was not observed in the chemotherapy control group. Finally, a meta-analysis pooled 2338 patients from 6 randomized controlled trials with bTMB assessment (177): patients with high bTMB and treated by ICI had improved ORR (HR:2.69, p<0.03), PFS (HGR: 0.57, p<0.01), and OS (HR: 0.62, p<0.01) in comparison with patients treated with chemotherapy. Inversely, no clinical benefit was observed with ICI regimens when patients had lower bTMB. More interestingly, subgroups analyses confirmed across all potential confounding factors (such as line of treatment, type of NGS panel with various among of genome covered, level of PD-L1 expression, and ICI regimen) that bTMB was able to independently predict clinical issues for NSCLC patients treated by ICI.

The interest in soluble biomarkers is also emerging in the earlier stages, including neoadjuvant conditions with many ICI trials in the peri-operative context (185). The NADIM trial enrolled 46 patients with a locally advanced stage IIIA NSCLC treated with neoadjuvant chemotherapy and Nivolumab (186). Tissue-based TMB and PD-L1 were significant predictors of OS. The patients with the lowest ctDNA at baseline had longer PFS (HR: 0.20, p=0.006), and OS (HR: 0.27, p=0.002). Moreover, the absence of ctDNA after neoadjuvant treatment was also associated with improved PFS (HR: 0.26, p=0.038) and OS (HR: 0.04, p=0.015). These results illustrated the feasibility and clinical relevance of detecting soluble biomarkers in every stage of NSCLC treated by ICI. Prospective dedicated studies are further needed to improve clinical outcomes under ICI regimen, considering randomization with pre-specified soluble biomarker expression and/or level at baseline.




6.3 Limitations and perspectives

ctDNA and its related biomarkers are highly promising for cancer management. However, many limitations remain unsolved.

The baseline level of ctDNA, and particularly of MSAF could be biased. An MSAF < 1% was associated with better OR in the BF1RST study. However, this result could be driven by better baseline values rather than by MSAF itself (180). Although the findings are broadly consistent, establishing bTMB cut-off values still requires further studies. For instance, the Keynote-189 trial used a 15 mutation/Mb while the MYSTIC study was based on a bTMB threshold of 20 mutation/Mb. Finally, OAK, B-F1RST, and POPLAR trials used an intermediate threshold of 16 mutations/Mb. Moreover, bTMB determination suffers from a major lack of standardization. Gold standard techniques involve a WES examination. Trying to reduce cost and time analysis, clinical studies were based on various NGS panels covering 150 to more than 500 genes and thus covering variable amounts of the genome (from 0.138 to 1.64 Mb of coding exome; the literature recommends at least 1 Mb of DNA for reliable assay) without clear cut-off for bTMB (187, 188).

These major reports highlight the need for a relevant bTMB cut-off before conducting a randomized controlled trial with a biological-driven treatment decision.





7 Perspectives for liquid biopsies into the immune landscape



7.1 Current active clinical trials

As reviewed previously, many circulating markers might help clinicians to predict ICI outcomes for NSCLC patients (189). We summarized here current active clinical trials investigating one or more soluble biomarkers in the ICI context for NSCLC and discussed how their results could introduce a change into clinical practice.

No active clinical trial is investigating (d)NLR in NSCLC despite its high potential. The BUDDY trial (NCT04059887) explores bTMB as a biomarker, whereas the endpoints do not drastically differ from the BF1RST study previously discussed. The NCT03373955 trial (non-randomized design) aims to construct an immune repertoire for patients treated with Atezolizumab, mainly based on T-cell repertoire and cfDNA. This approach might provide additional promising soluble markers.

The NCT04720339 prospectively enrolls NSCLC patients treated with Atezolizumab, assessing the predictive value for quantification of plasma cfDNA at the time of the first radiological evaluation and on clinical benefit. The ATLAS and CIRCULAR trials have similar secondary endpoints, based on Nivolumab-Ipilimumab or Pembrolizumab regimen (NCT04966676 and NCT04912687, respectively). Complementary results from observational studies are also expected with the same scope (NCT03892096; NCT04791215).

The COPE trial is an ambitious biological-driven protocol, where implementing sequential ctDNA to improve the management of patients with advanced cancer and therefore their survival is tested. AstraZeneca also supports a recruiting trial assessing the benefit of adjuvant concomitant chemotherapy plus Atezolizumab for resected NSCLC patients with post-operative detectable ctDNA (NCT04367311) named molecular residual disease (MRD). The clearance of ctDNA will also serve as a surrogate for DFS and OS. Some trials are also recruiting based on MRD positivity (detectable cfDNA) with other ICI regimens like Durvalumab + Tremelimumab (NCT04625699) also in post-operative context, post stereotactic radiotherapy for stage I (SCION trial - NCT04944173) or Pembrolizumab metastatic frontline (NCT05198154).

The terms of CTC use remain challenging. Many trials aim to use CTC as a surrogate of tumor response in ICI treatment through plasma clearance (NCT05091190; NCT03481101). The largest study dedicated to CTC in NSCLC is currently the IMMUNO-PREDICT trial, aiming to enroll about 200 patients with an NSCLC. Its main objective is to demonstrate the feasibility of the analysis of PD-L1 expression on CTC.

These active trials reflect the need to implement biomarkers into clinical management, especially with ICI treatment and in each NSCLC stage.




7.2 Future directions and potential impact on clinical practice

The experimental strategies do not converge on the same aims, challenges, and difficulties according to the stage of the disease. We discuss here how soluble biomarkers could be integrated into clinical practice with their respective potential interest. At the baseline evaluation, soluble biomarkers could thus allow the selection of the more appropriate treatment with a higher predictive value of clinical benefit (190). It could also predict patients with worse prognoses to propose more aggressive treatment and combine ICI with chemotherapy rather than ICI alone. At the early on-treatment phase, soluble biomarker variations could identify patients with biological progression and predict patients with a higher risk of progression to closely monitor the disease (191), and even identify patients with early-stage hyper progression (192). The prolonged monitoring of soluble biomarkers for patients treated by ICI also exhibits additional interest such as response assessment. The pseudo-progression or prediction of biological residual disease in long-term responders could also be identified with prolonged monitoring of soluble biomarkers (193) (Figure 2).




Figure 2 | Perspectives for liquid biopsies into the immune landscape. Liquid biopsy for patients with NSCLC and treated by immunotherapy can improve many clinical challenges such as baseline evaluation, real-time monitoring, and prediction of response or progression. Created with BioRender.com.







8 Conclusion

Recent advances in lung cancer management are particularly impressive in ICI. However, only a sub-population benefits from immunotherapies. The currently available biomarkers, including tumor PD-L1 expression, remain largely perfectible. Liquid biopsy is now well-admitted into NSCLC with oncogenic addiction treated by TKIs showing promising results in the ICI field. Easy-to-use parameters derived from blood numerations and more complex scores and parameters can predict ICI outcomes for patients with NSCLC. However, each parameter harbors various limitations growing roots from a low level of evidence to technical difficulties before the integration into clinical practice. The design of specific and dedicated clinical trials is necessary to improve patient survival with biological-driven randomization and/or management.
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Tumor mutation burden (TMB) is a widely recognized biomarker for predicting the efficacy of immunotherapy. However, its use still remains highly controversial. In this study, we examine the underlying causes of this controversy based on clinical needs. By tracing the source of the TMB errors and analyzing the design philosophy behind variant callers, we identify the conflict between the incompleteness of biostatistics rules and the variety of clinical samples as the critical issue that renders TMB an ambivalent biomarker. A series of experiments were conducted to illustrate the challenges of mutation detection in clinical practice. Additionally, we also discuss potential strategies for overcoming these conflict issues to enable the application of TMB in guiding decision-making in real clinical settings.
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1 Introduction

Immunotherapy has altered cancer treatment paradigms as a result of substantial advancements in immune checkpoint blocking (1–3). Increasing numbers of advanced cancer patients benefit from immune-checkpoint inhibitor (ICI) therapy (4). Tumor mutation burden (TMB) has been intensively studied as the promising immunotherapy biomarker for patient selection (5, 6). TMB refers to the number of somatic mutations per megabase (7). Clinical studies have noted that patients with high TMB tend to benefit more from immunotherapy (8). The association of high TMB with improved patient responses and survival benefits after immunotherapy has been observed in urothelial cancer (9), small cell lung cancer (10), non-small-cell lung cancer (11), among others. The US FDA has also prioritized TMB as the recommended test for cancer patients (12).

In clinical practice, it is only practical for physicians when TMB levels can effectively categorize patients into different risk groups with varying therapeutic benefits. However, here, TMB remains highly controversial. On one hand, TMB has been approved as a companion diagnostic biomarker, and multiple clinical trials have demonstrated its relevance to immunotherapy efficacy (13–15). Multiple studies presented at the 2020 ASCO meeting confirmed the predictive value of TMB in immunization or combination therapy, including KEYNOTE-061 study (16, 17), CONDOR study (18), EAGLE study (19), and EPOC1704 study (20), consolidating TMB as an independent predictor. On the other hand, several investigators have noted that TMB is not a perfect predictor of response to anti-PD-1/PD-L1 therapy, such as in KEYNOTE-158 study (21) and RATIONALE-304 study (22). Clinical studies with RCC (23–25), HPV-positive HNSCC (26), and melanoma receiving anti-PD-1 after recurrence (27) showed that TMB alone neither distinguished responders nor accurately predicted overall survival.

A popular opinion believes that this dispute is mainly caused by the inappropriate thresholds. The quantile-based cutoffs (e.g., median, quartiles) do not accurately reflect the underlying biology of TMB and fail to distinguish patients with their prospective clinical benefits (23, 24, 27, 28). Other conventional categorization methods, which establish a generic TMB threshold based on a single endpoint, reveal only partial therapeutic benefits. A single endpoint cannot fully represent the complexity and efficacy of a disease. Since different single endpoints were used, even on the same cohort of patients, the statistical studies gave inconsistent TMB thresholds, making it difficult for clinicians to make a decision (29). Moreover, the relationship between TMB and ICI benefits may not be uniformly distributed and may also differ across cancer types and corresponding regimens (30–33). Therefore, incorporating multiple efficacy endpoints into multiple categorizations of TMB for various cancers would be more effective in resolving the dispute (34).

Why does the argument still exist when TMB thresholds seem optimal? In data management, we often hear of the “trash in, trash out” principle. Thus, the imprecision of TMB measurements (23, 35, 36) is another crucial or even more dominant fact causing such controversy. Regardless of the various TMB calculation methodologies, none of the mutation callers claim to reach 100% accuracy. They each have their own unique advantages for mutation detection; thus, the errors in TMB measurement cannot be eliminated (37, 38). To avoid the trash-in-trash-out results, it is reasonable to consider TMB errors in threshold optimization, particularly for decision models. Based on the aforementioned multiple-endpoint framework, some study have proposed fault-tolerant statistical models (36) that reduce the instability and bias caused by TMB errors in patient categorization and resulting in improved performance. Although the mutation detection accuracy on each sample may be arbitrarily improved, regardless of the cost, by combining various sequencing technologies, deepening the sequencing depth, etc., it is still hard for the errors to meet the statistical correction assumption of the proposed models. Hence, merely introducing error control or fault tolerance into the decision model is insufficient. The critical error issues from bioinformatics tools that preclude the TMB from being employed in clinical use have not been addressed yet. We are trying to discuss how the issue of errors issue made TMB an ambivalent biomarker, and propose avenues for future research to resolve these tensions.




2 Discussion



2.1 What are the TMB measurement errors?

Traditionally, when evaluating a bioinformatics tool, researchers use the following performance metrics, including precision, recall, and F1-score, on the average of samples. The goal is to accurately detect mutations of target genes, with a focus on identifying the mutation commonalities among the genome data of patients and maintaining strict control over false positives(FPs), thereby avoiding giving the wrong medicine in targeted therapy. To ensure the detection of gene mutations, bioinformatics has developed numerous variant callers that are sensitive (39) and employs various filters to control FPs. It inevitably results in a large number of false negative(FN) errors while lowering the FP error rate in the final report (40).

In immunotherapy practice, the essence of TMB lies in the total number of mutations rather than a single or multiple targets of interest, regardless of the TMB calculation approaches used. FP and FN errors are equally important in TMB assessment and contribute to the aggregate TMB measurement errors. In TMB errors, the false-positive rate (FPR) is defined as the ratio of the number of FPs to the total number of mutations, whereas the false-negative rate (FNR) is defined as the ratio of the number of FNs to the total number of mutations. FPR and FNR may each obey a non-parametric distribution. They might be a layer-by-layer conditional probability that depends on the types and number of mutations in the sample, the mutation density and composition of the mutations in the particular segments, the design philosophy of the selected caller, the sampling quality, etc. Together, these two complex errors add up to a more complicated and unpredictable TMB measurement error.




2.2 What are the effects of complicated TMB errors on the threshold?

Existing TMB thresholds are typically obtained from retrospective investigations of specific immunotherapy patient cohorts. The disadvantage is that the optimized TMB thresholds are frequently less appropriate for broader patient populations, leading to limited generalizability results from sampling bias and measurement inaccuracy within the TMB. Generally, a particular cohort is a small group of patients sampled from a large population based on certain conditional criteria, such as cancer subtypes and enrollment requirements (41), resulting in substantial sampling bias. Due to sampling that violates the principle of randomization, patient cohorts in standard clinical trials are only partially representative of the distribution features of the entire population, resulting in TMB thresholds that are cohort-specific and scalable under extremely demanding conditions. In addition, the risk of measurement error carried by the TMB metric itself influences the transferability of the assigned threshold, even if the sampling population is regularly extended in clinical trials with the expectation that the analytic cohort would precisely characterize the entire distribution. TMB measurement errors can introduce bias in statistical inference (42), which in turn affects decision-making and hinders the effectiveness of therapeutic grouping effects. Here, we use the maximum likelihood estimation (MLE), which is the most popular in statistical inference, as an example to analyze the bias imposed by TMB measurement error on parameter estimation.

The MLE of a parameter   is generally obtained by solving for the zero solution of a score function (the first-order derivative of the likelihood), i.e.,  . The basic condition that guarantees the MLE is an unbiased estimator is the expectation unbiasedness of the score function  . Nonetheless, if the TMB observations contain additive error components  , the expectation of the score function must be nonzero since the score function cannot be axisymmetric around the origin.

 

Further, if the error term   is assumed to obey a normal distribution with mean 0 and variance  .   denotes a vector of covariates, e.g., age, gender, treatment indicator, cancer stage, we take Weibull–Cox PH model as an example, the instantaneous risk for an event depends on   and TMB is defined as follow,

 

Here, the expectation of the score function in Eq (1). can be expressed as

 

where   is an event indicator,   denotes the observed event time (such as tumor relapses, progression, death, etc.). The additional term   on the scoring function is caused by the measurement error, leading the naïve estimator to be biased apparently. If the variance fluctuation   can be controlled to approximate zero, the expectation of the score function will converge to zero.

 

 

However, existing approaches barely achieve the variance control. The presence of the unavoidable error term destroys the impartiality nature of the score expectation, resulting in a considerably biased naive MLE estimator, which further affects the downstream TMB threshold determination. The threshold thus obtained is difficult to apply to clinical practice or other historical cohort data.

Furthermore, the mathematical modeling of TMB measurement error is extremely complex. It is related to a number of factors mentioned before, which are interdependent. There exists a complex logical transfer that constitutes nonparametric probability distributions on a layer-by-layer basis. Describing TMB error as a simple Gaussian noise within the conventional decision-making model lacks mathematical rigor, and definitely causes significant confusion in decision-making.




2.3 Why is this issue amplified in cancer sequencing data?

Why does this error rate issue seem not to appear in previous sequencing data analysis, especially in a similar genomics problem named population-based data analysis? This is due to the fact that, i) TMB assessment needs to count the total number of detection results, while other application scenarios only need to detect mutations of interest. The switch of needs increases the impact of error rates; ii) the types of mutations in general population are very limited, hence the accuracy of mutation detection software is much higher than that in cancer patients. For example, complex indels only exist in cancer sequencing data. It is a unique form of somatic mutation in tumor samples rarely seen in normal samples; and iii) if the accuracy of a mutation calling tool is sufficiently high, it would be capable of handling the detection and counting tasks very well. For example, the detection accuracy of the 1000 Genomes can easily reach 95% and up. This slight error rate would not affect the counting task since mutations are almost all detected. However, when it comes to complex cancer sequencing data with much lower accuracy, the impact of error rates is further deepened in the counting task. Hence, due to these facts, the original error rate issue has been noticed in cancer sequencing data.

Meanwhile, the clinical need of immunotherapy lies in the ability of variant callers to provide the total mutation count with steady state error rates on a cohort to calculate a fair TMB value for categorization. The variance control of TMB measurement becomes the focus. Despite the factors we discussed in Section 2.1, we focused on the TMB errors from the calling analysis. Bioinformatics software is comparable to a ruler in that it measures the level of patients on a specific dimension related to their immunotherapy prognosis. Just like a ruler, the measurement region should be uniform for all patients. Specifically, the variant callers must have steady performance by maintaining a stable/constant FPR and FNR across patients, as errors are inevitable. In that case, physicians will be able to categorize TMB as a baseline to separate patients into distinct risk groups with varying therapeutic benefits for subsequent clinical decision-making.

Unfortunately, the existing variant callers are unable to ensure consistent performance across samples, thereby failing to provide a fair TMB for clinical usage. We simulated a data set with 10 samples in which 500 variants, including single-nucleotide variants (SNVs), insertions, and deletions, were randomly planted in a template derived from the reference genome (hg.19). Variant calling was performed using Samtools and Bcftools. As shown in Figure 1, the performance of the caller exhibited significant fluctuations in FPR and FNR values across different samples. The coefficient of variation for the FPR and FNR values was 87.90% and 58.61%, respectively, demonstrating that the performance of callers fluctuated significantly as the sample (e.g., the proportion of different variants) varied. Further details of the experiment are presented in Supplementary 1.




Figure 1 | Performance comparison of the caller across simulated samples.



As compared to the targeted therapy, the differences in the design philosophy make sophisticated bioinformatics tools unable to provide results with steady error rates and minimize TMB errors, thus performing inadequately in immunotherapy guidance. Hence, error control in bioinformatics tools becomes particularly important when using TMB to identify individuals likely to benefit from ICI treatment in a reliable and reproducible manner.




2.4 Why does bioinformatics software perform unsteadily across samples?

Existing bioinformatics software detects mutations from sequencing data based on rules, which are the mapping relationships between features of the sequencing data (e.g., split reads, abnormal read pairs, sequencing depth, etc.) and outcomes (mutation types), as summarized in Figure 2. Taking the deletion variant as an example, in which the sample is missing a fragment relative to the reference genome, there are three types of features when compared to the reference genome: 1) the read depth would be significantly reduced within this deletion region; 2) the insert size of the read pair, which is the spatial distance of the fragment generated by sequencing on both sides of the variant, would be significantly larger; and 3) a read in the sequenced fragment would be split into two fragments with the same alignment direction. Software sets the rules so that a region with these features would be reported as having a deletion variant. These rules are either summarized by researchers via experience and observation (43–46) or automatically learned by machine learning algorithms (47–50) based on commonalities among patients. The program reports the detection of a mutation in any genome region whose features fit the predefined rules. Therefore, the accuracy of detection in a certain region relies on the degree of matching between the preset rules of callers and the characteristics of the sequencing data. The mutation types in different samples may not differ greatly, but the proportion of each mutation type may vary significantly. The amount and proportion of mutations whose features do not match preset rules are also different across samples. Using the software with limited predetermined rules to analyze these samples will result in a significant variation in accuracy, as shown in Figure 1. The mismatch, caused by the variety of samples and the incompleteness of preset rules, is the fundamental reason for the fluctuation of error rates. It may also help explain why the performance of bioinformatics software differs significantly across populations and even races.




Figure 2 | Mapping relationships between features of the sequencing data and mutation types. (A) SNV. (B) Deletion. (C) Insertion. (D) Inversion. (E) Tandem duplication.



The mutation detection problem for a sample with multiple mutation types may be a non-deterministic polynomial-time hardness problem. That is, when a caller tries to combine all rules to cope with multiple mutation types, it is hard to find a solution to the problem in polynomial-time. As the number of mutation types increases, the number of rules may expand exponentially. Even with the help of machine learning, based on the probabilistic approximately correct (PAC) theory (51), it is only possible to establish an approximately correct set of rules to reduce the generalization error to an acceptable level. Thus, it is not feasible for a variant caller to establish a complete set of recognition rules that encompasses all mappings. Moreover, a general idea of the proof is given below.

Denote the reals by R, the accuracy control variable by ϵ, the confidence degree control variable by δ, the target concept by H, the possible hypothesis by h and the structural variation by SV. In Figure 3, falling within H indicates the reference SV set, while falling within h indicates the call SV set.




Figure 3 | Schematic diagram of target concept and possible hypothesis.



For each  , if  , then   is constant. If  , Let’s separate  from H, and suppose that their areas are all  , then  . Thus, we can obtain the proposition that if  intersects both  , then  . Its converse proposition is that if H(c)>ε, then   does not intersect with at least one of  . Therefore, we can get

 

In order to ensure that

 

Then,

 

Hence, for each  ,  , if



Then,

 

Thus, this concept class is PAC-learnable. Because of the correlation between some features of the sequencing data (e.g., sequencing depth), an SV can be expressed as an r-term DNF. Applying the result of Pitt and Valiant (52), that r-term DNF are not learnable using r-term DNF as hypotheses in polynomial time unless  , will complete the proof.




2.5 Why the ensemble strategies for bioinformatics software cannot solve this issue?

Currently, powerful toolkits often adopt ensemble strategies. Multiple mutation detection tools were ensembled, and the consensus voting strategy was used to determine the final detection output. Voting may help to improve the detection of specific candidate targets, hence reducing the risk of FPs. However, it may neglect the important true mutations found by the minority. For example, a delicately designed software detects a mutation that is ignored by all others, yet due to the voting principle, this true mutation is filtered out as a false-positive error, resulting in a false-negative error. We simulated a data set with 15 samples in which 500 variants, including SNVs, insertions and deletions, were randomly planted in a template obtained from the reference genome (hg.19). Three commonly used variant calling flows: samtools + bcftools, freebayes and GATK mutect2 were adopted for the variant calling. We calculated the positive and negative error rates of variant calling using ensemble strategy, as shown in Figure 4. Furthermore, we provided two FP and two FN error examples, respectively, caused by the ensemble strategy (Supplementary 2.3). The ensemble strategy led to non-negligible errors in both the positive and negative, and the error rate fluctuated significantly, as depicted in Figure 4. Through calculation in out experiment, the coefficient of variation of the positive and negative error rates of the ensemble strategy reached 42.79% and 30.86%, respectively, indicating that when the sample changed (e.g., the percentage of various variants changes), the ensemble strategy performance changed accordinssgly (More details are available in Supplementary 2). This is because, despite having hundreds of variant callers, their fundamental rules are limited. There are huge overlaps in the basic variant-calling components. In particular, some mutation sites in alleles with low frequency are more likely to be filtered by the voting strategy, hence increasing the risk of FNs. As previously noted, FNs and FPs are equally crucial for TMB. The ensemble strategies voting cannot, therefore, resolve this issue.




Figure 4 | The positive and negative error rate of the ensemble strategy.







3 Potential solutions



3.1 Software recommendation with improved error variance control performance

Some empirical studies have compared the performance of various variant callers on some benchmarking datasets and demonstrated that most callers have obvious advantages in specific data. These advantages are attributed to the variant caller’s own preset rules, which enable them to handle data with specific mutations. For example, in a benchmark experiment by Kosugi et al. (53), a total of 69 variant callers were tested on second-generation and third-generation sequencing data, both real and simulated. The study revealed that each caller exhibited distinct advantages for specific samples, and no single caller performed optimally across all samples.

As previously noted, based on the clinical need for immunotherapy, bioinformatics mutation detection software is required to take the “personality of samples” into consideration. Technically, the objective is to improve the matching degree between mutations in samples and detection rules. Thus, we can benefit from the idea of the recommender system, which provides suggestions for items that are most pertinent to a particular user. The most suitable bioinformatics software, determined by high matching degree for the samples to be analyzed, can be automatically recommended in a clinical setting. Thus, the recommended bioinformatics software ensures both effectiveness and efficiency in clinical practice, eliminating the need for additional prerequisites. Unlike the traditional recommender system in which the characteristics of users and items are apparent, the bioinformatics software recommender system suggests compatible software for samples whose characteristics are hidsssssden. In this context, we have to mine sample features and evaluate software performance in advance.

Specifically, in the design of traditional recommender systems, researcher guides the process of recommending an item to a user by establishing associations between items and the users. During this process, we can explicitly obtain the user’s gender, age, educational background, and other characteristics to describe a user, as well as the item’s size, color, material, and other attributes to describe an item. Motivated by this, we can achieve software recommendation by finding the characteristics that can describe the sequencing samples and software performance, and subsequently establishing the relationship between them. In this scenario, the user and item are the sample and software, respectively. It appears feasible to implement software recommendations in the same manner as traditional recommender systems. Unfortunately, it is more difficult to obtain the characteristics of a sequencing sample and software than it is to obtain the characteristics of an item or a user. We need to analyze sequencing samples to determine the characteristics that can distinguish among sample differences and software performance variations, such as read length and sequencing depth, among others. Similarly, we need to carry out a large number of experiments to test the performance of the software, in order to achieve a description of the software performance. Therefore, the user and item characteristics in the software recommendation scenario are hidden, which makes this problem challenging.

Some pioneering attempts have been made in this direction. Wang et al. (54) have presented an online SV caller recommendation tool implemented under the meta-learning framework, which automatically recommends the most compatible caller for the input sequencing data. There are some other recommender systems available, such as the SLP-based, ML-KNN-based, and collaborative filtering-based recommendation methods, among others (55). Moreover, the online caller recommendation tool documented in (54) is mainly used for SV caller recommendation. For SNV, indel, CNV, and other scenarios, meta features of the corresponding scenes can also be extracted to guide software recommendation. Therefore, we believe there will be more exciting software recommendation work, such as considering different application scenarios, personalized requirements and so on.




3.2 Developing novel bioinformatics tools with error control

Software recommendation is a good way to improve matching degree, however, its performance is still capped by the recommended candidates. Hence, it is still necessary to develop novel bioinformatics tools to achieve control over the error rate. From the perspective of error control, we believe there are several potential studies that warrant further investigation.

1) For some specific types of mutations, such as CNV or MSI, the mapping structure of the rules will not alter even if the variances across samples are substantial. By adjusting the parameters of the rules, it is possible to optimally match the features of different samples with the appropriate rules. Consequently, it is feasible to overcome this kind of problem by incorporating adaptation into the detection scheme. The parameters may self-adjust based on the features of the samples, thereby increasing the degree of matching in an adaptive manner. Some pioneer researches have made attempts. Taking CNV detection as an example, the size of sliding window is the crucial factor impacting the detection precision. Xuwen et al. (56) have presented a CNV caller with a dynamic sliding window that automatically adjust the window size based on the length of CNV to achieve the optimal setting. The adaptive window with self-adopted size makes it capable of handling CNVs with various lengths ranging from kb-scale to chromosome-arm level.

2) From the perspective of the control system, this problem can be viewed as a detection quality control problem. By setting the detection error as the adaptive control goal, it is feasible to introduce the adaptive control mechanism into the algorithm design to utilize the error feedback information. Hence, the detection algorithm would have the adaptability of dynamic adjustment and automatic matching of sequencing sample characteristics. However, there are two challenges that need to be tackled here. First of all, how do we establish the model for this detection quality control problem? Establishing accurate models of systems with nonlinear characteristics has been one of the most challenging and critical challenges in control science. Meanwhile, the mutation detection process is a special process of statistical analysis of static sequencing data and outputting results. The traditional modeling methods of physical systems cannot be directly applied in this context. Instead, it is necessary to study the key factors affecting quality control, such as the multi-dimensional sample characteristics and detection rule parameters and define the dynamic characteristics of the detection process. Secondly, how do we design a control strategy with adaptiveness and robustness to achieve the quality control of mutation detection? A complex nonlinear system with high uncertainties is one of the classical control problems in the field of nonlinear systems. There are numerous control approaches that have been studied and developed. However, the field currently lacks mathematical tools to uniformly deal with nonlinear systems, and a general optimal design solution is yet to be established, which needs to be analyzed and handled case-by-case. It needs to study how to introduce adaptive mechanisms into mutation detection methods, design control strategies based on the error feedback information and system model, and guide the design of adaptive detection algorithms.

3) Another one is to deal with multiple types of mutations simultaneously, each with its own set of rules. By adopting the concept of the recommender system in the selection of bioinformatics software, a sample may be viewed as a collection of different mutations with varying proportions and types. The sequencing data is divided into a series of intervals, with each interval containing just one mutation. These intervals are then clustered. The best combination of bioinformatics software is selected by recommending the optimally matched rule sets for the clustered classes.

These studies may be further ensembled to address more complex cases, such as the overlap of different mutations within a single interval window. As an added value, this might shed light on why bioinformatics tools have inconsistent performance when detecting mutations in data from individuals of different races.




3.3 New threshold optimization methods to better consider the error

The threshold optimization method considering FN and FP errors is also a viable research topic for addressing the TMB issue. From the perspective of the errors, its fundamental concept is to correct the number of mutations detected within any specific interval of the samples in the statistical framework.

Thereby, the machine learning algorithm may be employed to learn the features of TMB that cannot be directly observed during detection, to predict the deviation risk of detected mutations, and to thereafter monitor the risk outliers among samples. Based on the predicted risk, the new threshold optimization methods would be able to assist in immune decision-making modeling, which will facilitate clinically precise diagnosis and therapy.

Compared to the existing multiple-end statistical models, which directly estimate the TMB error of each sample, this model uses machine learning to predict FPs and FNs instead, tracing the errors back one step farther. The information loss is reduced. Thus, the errors are more effectively handled across samples.





4 Conclusion

This article investigates the underlying reasons why TMB becomes an ambivalent biomarker. The definition of TMB error is given first. Then the requirements of immunotherapy for bioinformatics tools are analyzed to trace the source of the TMB error. The simulation results also demonstrate that the variant caller performs unsteadily across samples and cannot fulfill the requirements. The effects of TMB error on threshold and the reasons why error issue is amplified in cancer sequencing data are also discussed. By analyzing the design philosophy behind callers, the conflict between the incompleteness of biostatistics rules and the variety of clinical samples is the critical issue that renders TMB an ambivalent biomarker. Additionally, the article also proposes potential research topics in order to address the conflict issue.
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Introduction

Immune checkpoint blockade (ICB) is a systemic therapeutic option for advanced hepatocellular carcinoma (HCC). However, low patient response rates necessitate the development of robust predictive biomarkers that identify individuals who will benefit from ICB. A 4-gene inflammatory signature, comprising CD8, PD-L1, LAG-3, and STAT1, was recently shown to be associated with a better overall response to ICB in various cancer types. Here, we examined whether tissue protein expression of CD8, PD-L1, LAG-3, and STAT1 predicts response to ICB in HCC.





Methods

HCC samples from 191 Asian patients, comprising resection specimens from 124 patients (ICB-naïve) and pre-treatment specimens from 67 advanced HCC patients treated with ICB (ICB-treated), were analyzed for CD8, PD-L1, LAG-3, and STAT1 tissue expression using multiplex immunohistochemistry followed by statistical and survival analyses.





Results

Immunohistochemical and survival analyses of ICB-naïve samples showed that high LAG-3 expression was associated with shorter median progression-free survival (mPFS) and overall survival (mOS). Analysis of ICB-treated samples revealed that high proportions of LAG-3+ and LAG-3+CD8+ cells pre-treatment were most closely associated with longer mPFS and mOS. Using a log-likelihood model, adding the total LAG-3+ cell proportion to the total CD8+ cell proportion significantly increased the predictive values for mPFS and mOS, compared with the total CD8+ cell proportion alone. Moreover, levels of CD8 and STAT1, but not PD-L1, were significantly correlated with better responses to ICB. After analyzing viral-related and non-viral HCC samples separately, only the LAG3+CD8+ cell proportion was significantly associated with responses to ICB regardless of viral status.





Conclusion

Immunohistochemical scoring of pre-treatment levels of LAG-3 and CD8 in the tumor microenvironment may help predict ICB benefits in HCC patients. Furthermore, immunohistochemistry-based techniques offer the advantage of being readily translatable in the clinical setting.





Keywords: LAG-3, CD8, immunotherapy, immune checkpoint blockade, biomarkers, hepatocellular carcinoma, multiplex immunohistochemistry, immunohistochemistry





Introduction

Hepatocellular carcinoma (HCC) is the sixth most common cancer and the third leading cause of cancer-associated mortalities globally (1). Many factors increase an individual’s risk of HCC, and the risk varies across geographical locations. Hepatitis B (HBV) and aflatoxin exposure are major risk factors in sub-Saharan Africa and eastern Asia, whereas hepatitis C, metabolic diseases, and alcoholism are primary risk factors in the USA and Europe. Treatment options for advanced HCC are often limited to systemic therapies, and the median survival is between 6 and 20 months (2).

Immune-checkpoint blockade (ICB) has shown encouraging efficacy in the treatment of HCC (3, 4). The Phase III CheckMate 459 clinical trial demonstrated that nivolumab was associated with clinically meaningful improvements in overall survival (OS), objective response rate, and complete response rate compared to sorafenib, although the primary endpoint OS did not reach the level of statistical significance (5). In addition, nivolumab is associated with fewer treatment-related adverse events and a higher therapy compliance rate. However, response rates to anti-programmed cell death protein 1/anti-programmed death-ligand 1 (anti-PD-1/anti-PD-L1) ICB remain suboptimal, with only a subset of patients benefitting from ICB monotherapy (6). While associated with higher response rates and survival, atezolizumab-bevacizumab combination therapy is also associated with higher treatment-related toxicities and financial costs (7). A biomarker-directed therapeutic strategy that maximizes treatment benefits and minimizes toxicities is clearly needed.

There are, however, no widely recognized blood or tissue biomarkers for predicting HCC response to ICB therapies in clinical use, and studies on serum biomarkers, such as alpha-fetoprotein (AFP), have returned inconsistent results (7–9). Peripheral immune cell profiling, cytokines, circulating tumor DNA and cells, tumor mutational burden, microsatellite instability, and gut microbiota have been evaluated as potential predictive markers with variable results (10–16). The identification of predictive RNA and protein biomarkers in the tumor microenvironment using techniques such as RNA-sequencing (RNA-seq) and immunohistochemistry (IHC) has become a major focus of research interest (17–19). The main advantage of IHC-based methods over RNA assays is that they are more readily translatable to, and adoptable in, clinical practice. The tissue expression of programmed death-ligand 1 (PD-L1) has been extensively explored by IHC for use as a predictive biomarker in HCC, although studies have yielded inconclusive results (5, 20, 21). The reliability of tissue PD-L1 status alone as a predictive biomarker is affected by the inter-assay heterogeneity of tissue PD-L1 expression when different IHC assay platforms are employed (22), and by issues of tumor heterogeneity and intra-observer variability (23). This evidence suggests that a single biomarker may not provide the best predictive value, and the identification of alternative tissue biomarkers is required.

Previously, our group found that IHC scoring of CD38+ and CD38+CD68+ cell densities in the tumor microenvironment predicted HCC patient responses to anti-PD-1/anti-PD-L1 ICB (24). Another promising predictive marker for HCC is the 4-gene inflammatory signature consisting of the following genes: cluster of differentiation 8 (CD8), PD-L1, lymphocyte-activating gene 3 (LAG-3), and signal transducer and activator of transcription 1 (STAT1) genes (17). Various trials demonstrated that upregulated expression of the 4-gene inflammatory signature is associated with response to immunotherapy in several cancers, including HCC, melanoma, and gastroesophageal cancer (17, 25, 26). In the HCC CheckMate 040 clinical trial, expression of 4-gene inflammatory signature, as determined by RNA-seq, was associated with an improved response to nivolumab and better OS (17).

In this study, the pre-treatment protein expression levels of CD8, PD-L1, LAG-3, and STAT-1 proteins within the HCC tumor microenvironment were determined using multiplex immunohistochemistry/immunofluorescence (mIHC/IF). We then determined whether the expression levels of the biomarkers were associated with overall response rates (ORR), progression-free survival (PFS), and overall survival (OS). We propose that pre-treatment levels of LAG-3+ and CD8+ cells in tumor tissue should be explored further to help identify HCC patients likely to benefit from immunotherapy using IHC-based techniques that are readily accessible during routine clinical care.





Materials and methods




Patients and tumors

Formalin-fixed paraffin-embedded (FFPE) HCC tissues and peripheral blood mononuclear cells (PBMCs) from 191 Asian patients with advanced HCC were obtained from the Department of Anatomical Pathology, Division of Pathology, Singapore General Hospital. A total of 124 patients who underwent tumor resection and had never received ICB treatment between March 1997 and July 2007 (ICB-naïve cohort), and 67 patients who received ICB treatment between May 2016 and March 2021 (ICB-treated cohort), were included. ICB-treated cohort samples were obtained prior to the initiation of ICB treatment. The clinicopathological parameters of the ICB-naïve and ICB-treated cohorts are summarized in Supplementary Tables 1 and 2, respectively.

HCC tumors were staged according to the AJCC or BCLC staging systems and graded according to the Edmondson–Steiner grading system. Responses were determined according to RECIST V.1.1 (27). Patients who achieved a best response of complete response or partial response according to RECIST V.1.1 were termed responders and patients who achieved a best response of stable disease or progressive disease according to RECIST 1.1 were termed non-responders. The Centralized Institutional Review Board of SingHealth provided ethical approval for the use of patient materials in this study (CIRB Ref: 2009/907/B).





Multiplex immunohistochemistry/immunofluorescence analysis

A total of 191 FFPE tissue sections (4-μm thick) from the aforementioned patients were first stained with hematoxylin (Leica Biosystems Richmond Inc., Richmond, IL, USA) and eosin (Merck KGaA, Darmstadt, Germany), and three representative areas of high cellularity were chosen for mIHC/IF staining, which was performed using an Opal Multiplex Fluorescence IHC kit (Akoya Biosciences, Marlborough, MA, USA), as previously described (24, 28–30). In brief, tissue sections were first incubated with primary antibodies against PD-L1, LAG-3, CD8, CD38, CD68, and STAT1 (Supplementary Table 3), followed by polymeric horseradish peroxidase-conjugated secondary antibodies (Leica Biosystems Inc.); appropriate positive and negative controls were included. Opal fluorophore-conjugated tyramide signal-amplification (TSA) buffer (Akoya Biosciences) was then added and after the heat-stable deposition of the TSA-conjugated fluorophore around the marker of interest, the slides were subjected to heat-induced epitope retrieval. The process was repeated until all markers were labeled, at which point spectral DAPI (Akoya Biosciences) was added. Fluorescence images were captured using a Vectra 3.0 pathology imaging system microscope (Akoya Biosciences) and analyzed using inForm Cell Analysis Software (Akoya Biosciences) and HALO (Indica Labs, Albuquerque, NM, USA).

The densities of PD-L1+, LAG-3+, CD8+, CD38+, CD68+, and STAT1+ cells in the tumor microenvironment were determined as cell counts per a pre-defined, high-powered field (334 µm x 250 µm). The cell proportions of the biomarkers were determined by normalization with DAPI using the following formula:

	

Samples were then categorized as ‘high’ or ‘low’ according to whether the cell proportion was above or below the cut-off points (best thresholds) that produced the lowest P-value determined using Determine the Optimal Cutpoint for Continuous Variables method in R 4.1.1 (24, 29, 30).





Single-cell RNA sequencing

PBMCs from 6 ICB-treated patients were extracted for single-cell RNA sequencing. Approximately 16,000 PBMCs were loaded onto the Chromium Controller (10× Genomics, San Francisco, CA, USA) for targeted recovery of 10,000 single cells. The cells were partitioned into nanoliter-scale Gel Bead-In Emulsions and individually barcoded. The 10× Genomics Chromium Single Cell 3′ Reagent Kit v3 (10× Genomics, San Francisco, CA, USA) was used for reverse transcription, cDNA amplification, and library construction of gene expression libraries according to the manufacturer’s instructions. Library quality was assessed using BioAnalyzer 2100 with an Agilent High Sensitivity DNA Kit (Agilent Technologies, Inc., Santa Clara, CA, USA). Paired-end sequencing at 2 × 150-bp was performed using the Illumina NovaSeq 6000 platform (Illumina, Inc., San Diego, CA, USA). The raw reads were aligned and quantified using the Cell Ranger (version 4.0.0, 10× Genomics) against the GRCh38 human reference genome (GenBank Assembly ID GCA_000001405.28). The gene expression data were cleaned up and processed using Seurat R package (v4.0.3) with the default parameters unless otherwise specified, as follows: (i) excluding cells with<200 unique genes (low-quality cells or empty droplets), >4,000 unique genes (doublets), or >35% mitochondrial genes (low-quality or dying cells), and subsequently (ii) normalization (SCTransform), (iii) projection to lower dimensional space (RunPCA and RunUMAP), (iv) cell clustering (FindNeighbors and FindClusters), and (v) mapping to references of 2,700 PBMC cells with cell-type annotation (FindTransferAnchors, MapQuery) (31).





Flow cytometry

PBMCs from 4 ICB-treated patients were incubated with Zombie NIR Fixable Viability dye (BioLegend, San Diego, CA, USA) for 10 min at 4°C in the dark for live/dead cell discrimination. Fc receptors were blocked with Human TruStain FcX (BioLegend) for 10 min at room temperature. Cell surfaces were labelled with antibodies targeting markers of interest (Supplementary Table 4) for 30 min at 4°C. Sample data were acquired on a Cytek Aurora spectral flow cytometer (Cytek Biosciences, Fremont, CA, USA) and analyzed using FlowJo V.10 software (FlowJo LLC, Ashland, OR, USA) with the FlowJo plug-in to generate the uniform manifold approximation and projection plots.





Validation, follow-up, and statistical analysis

Long-term follow-up data for patients were obtained from the medical records. Disease-free survival (DFS) was defined as the time from tumor resection to disease relapse. PFS was defined as the time from the start of treatment to disease progression. OS was defined as the time from the start of treatment to death or censoring at the date of the last follow-up. Median DFS (mDFS) was defined as the time at which 50% of the patients relapsed after tumor resection. Median PFS (mPFS) was defined as the time at which the disease had progressed in 50% of the patients. Median OS (mOS) was defined as the time at which 50% of the patients had died. Cox proportional hazards regression was performed to evaluate the effects of biomarker expression and clinicopathological parameters on PFS and OS. Multivariate Cox proportional hazards regression analysis of survival outcomes was performed while adjusting for AFP level, Eastern Cooperative Oncology Group Performance Status (ECOG PS) scale, macrovascular invasion status, and Child-Pugh score. Statistical analysis was conducted using R studio 2021.09.0 running R 4.1.1 (R-core Team, R Foundation for Statistical Computing, Vienna, Austria), and a P-value of<0.05 was considered to indicate a statistically significant difference.






Results




LAG-3 is a marker of poor prognosis in ICB-naïve resected HCC, but indicates a good prognosis in ICB-treated advanced HCC

The mIHC/IF analysis of HCC tissue samples confirmed the expression of LAG-3 within the tumor microenvironment (Figure 1A). Compared with patients who had lower LAG-3 expression, Cox regression analysis demonstrated that ICB-naïve patients with upregulated tissue LAG-3 expression had significantly shorter mDFS (119.1 months vs mDFS not reached, P = 0.038, HR = 2.21; Figures 2A, C) and shorter, but not statistically significant, mOS (57.1 months vs 77.4 months, P = 0.34, HR = 1.30; Figures 2B, C). In contrast, univariate Cox regression analysis of tissue LAG-3 expression in ICB-treated patients using an optimal cut-off of 1% demonstrated that patients with a high pre-treatment total LAG-3+ cell proportion had a longer mPFS (5.6 months) and mOS (22.9 months), compared with 1.5 and 6.7 months, respectively, for patients with a low total LAG-3+ cell proportion (mPFS: p< 0.001, HR = 0.278; mOS: P = 0.003, HR = 0.350; Table 1, Figures 3A, B). Among the various clinicopathological parameters, only the Child-Pugh score significantly predicted mOS in our ICB-treated cohort (Table 2). Multivariate analysis confirmed the association between a high total LAG-3+ cell proportion and better mPFS and mOS in ICB-treated patients after adjusting for clinical prognostic factors, including AFP level, ECOG PS scale, macrovascular invasion status, and Child-Pugh score (Table 1, Supplementary Table 5).




Figure 1 | Pre-treatment 4-gene inflammatory signature, CD38, and CD68 expression in HCC tumor microenvironment as visualized using mIHC/IF. (A-H) Representative mIHC/IF images: (A) LAG-3 (red); (B) CD8 (green); (C) Colocalization of LAG-3 (red) and CD8 (green) in some cells, as indicated by white arrows; (D) PD-L1 (magenta); (E) STAT1 (yellow); (F) CD38 (green); (G) CD68 (red); (H) Colocalization of CD38 (green) and CD68 (red) in some cells, as indicated by white arrows. DAPI was stained blue. Scale bar: 100 µm. HCC, hepatocellular carcinoma; mIHC/IF, multiplex immunohistochemistry/immunofluorescence.






Figure 2 | Association between pre-treatment total LAG-3+ cell proportion and post-resection DFS or OS in ICB-naïve patients (n = 124). (A) Kaplan-Meier curve illustrating a significant association between high total LAG-3+ cell proportion and shorter mDFS after resection (HR = 2.21, P = 0.038). (B) Kaplan-Meier curve illustrating an insignificant association between high total LAG-3+ cell proportion and shorter mOS after resection (HR = 1.30, P = 0.34). (C) Univariate Cox regression analysis of total LAG-3+ cell proportion of ICB-naïve patients using optimal cut-off point. CI, confidence internal; mDFS, median disease-free survival; mOS, median overall survival; HR, hazard ratio; ICB, immune checkpoint blockade. *P-value< 0.05 indicates statistical significance.




Table 1 | Univariate and multivariate Cox proportional hazards regression analysis of median PFS (mPFS) and median OS (mOS) in patients with HCC treated with ICB (n = 67).






Figure 3 | HCC patients’ response to ICB in relation to pre-treatment total LAG-3+ and LAG-3+CD8+ cell proportions (n = 67). (A, B) Kaplan-Meier curve showing the association between high LAG-3+ cell proportion and better progression-free survival (mPFS: high 5.6 months vs low 1.53 months, HR = 0.278, P< 0.001) (A) or overall survival (mOS: high 22.9 months vs low 6.7 months, HR = 0.350, P = 0.003) (B) after treatment with ICB. (C, D) Kaplan-Meier curve showing the association between high total LAG-3+CD8+ cell proportion and better progression-free survival (mPFS: high 4.1 months vs low 1.4 months, HR = 0.276, P< 0.001) (C) or overall survival (mOS: high 20.9 months vs low 5.2 months, HR = 0.200, P< 0.001) (D) after treatment with ICB. HCC, hepatocellular carcinoma; HR, hazard ratio; ICB, immune checkpoint blockade; mPFS, median progression-free survival; mOS, median overall survival. *P-value< 0.05 indicates statistical significance.




Table 2 | Univariate Cox regression analysis of median overall survival (mOS) in ICB-treated HCC patients (n = 67).







Pre-treatment LAG-3+CD8+, CD8+, STAT1+, and CD38+ cells were also associated with better prognosis in ICB-treated HCC

Next, to examine and characterize the immune cell types that expressed LAG-3, we performed both single-cell RNA sequencing (scRNA-seq) and flow cytometry analysis of PBMCs from the HCC patients. As shown in Figure 4, LAG-3 was predominantly expressed by CD8+ T cells (43.9% by scRNA-seq and 27.5% by flow cytometry). Therefore, we further investigated whether the LAG3+CD8+ T cell proportion correlated with survival outcomes of ICB-treated HCC patients. Similar to patients with a high LAG-3+ cell proportion, ICB-treated patients with a high total LAG-3+CD8+ cell proportion had significantly longer mPFS (4.1 months vs 1.4 months, p< 0.001, HR = 0.276; Table 1, Figure 3C) and mOS (20.9 months vs 5.2 months, p< 0.001, HR = 0.200; Table 1, Figure 3D), and the association remained significant after adjusting for clinical prognostic factors (Table 1, Supplementary Table 5). Overall, the total LAG-3+CD8+ cell proportion appeared to be as good as, if not better than, the LAG-3+ cell proportion as a predictive marker for responses to ICB in HCC.




Figure 4 | Distribution of LAG-3 expression by lineages of PBMCs isolated from HCC patients. (A, B) Uniform manifold approximation and projection (UMAP) plots illustrating abundance of (A) eight main lineages and (B) average LAG-3 gene expression from six PBMCs (three responders and three non-responders) investigated by scRNA-seq. (C) Pie chart showing frequency of LAG-3-expressing cells by individual lineages. (D, E) UMAP plots depicting abundance of (D) seven main lineages and (E) LAG-3 protein expression of four HCC PBMCs (two responders and two non-responders) studied by flow cytometry. (F) Pie chart showing frequency of LAG-3-expressing cells for each cell type. B, B cells; DC, dendritic cells; HCC, hepatocellular carcinoma; LAMP-2, lysosome-associated membrane protein 2; Mono, monocytes; NK, natural killer cells; NK T, natural killer T cells; UMAP, uniform manifold approximation and projection.



In addition, we investigated whether CD8, STAT1, PD-L1, CD38, and CD68 predict the survival outcomes of ICB-treated HCC patients. The expression of these markers within the tumor microenvironment was confirmed by mIHC/IF (Figures 1B–H). We found that high pre-treatment CD8+ and STAT1+ cell proportions were significantly associated with longer mPFS and mOS in ICB-treated patients, whereas PD-L1 expression showed an insignificant association (Table 1, Supplementary Figure 1). Patients with a high total CD8+ cell proportion had longer mPFS (12.4 months vs 1.9 months, P = 0.021, HR = 0.46; Table 1, Supplementary Figure 1A) and mOS (14.4 months vs 4.9 months, P < 0.001, HR = 0.182; Table 1, Supplementary Figure 1B). Similarly, patients with a high total STAT1+ cell proportion had longer mPFS (4.1 months vs 1.6 months, P = 0.014, HR = 0.38; Table 1, Supplementary Figure 1C) and mOS (22.9 months vs 6.7 months, P = 0.007, HR = 0.31; Table 1, Supplementary Figure 1D). Previously, our group showed that CD38+ and CD38+CD68+ cell densities predicted the responsiveness of HCC patients to immunotherapy (24). In accordance with the previous study, we found that patients with high CD38+ and CD38+CD68+ cell proportions also had significantly longer mPFS and mOS (Table 1, Supplementary Figures 1E-H).

Lastly, we used a log-likelihood model to ascertain whether multiple biomarkers are better predictors of survival outcomes than single biomarkers. As the CD8+ cell proportion provided the best hazard ratio for mOS in the multivariate analysis (Table 1), we used this cell proportion as the basis for comparison, and we added subsequent predictive terms based on the next best hazard ratios. We found that adding the total LAG-3+ cell proportion to the CD8+ cell proportion significantly enhanced the predictive value of the CD8+ cell proportion alone for both PFS and OS (PFS: ΔLRχ2 = 9.87, P = 0.002; OS: ΔLRχ2 = 4.92, P = 0.027; Figure 5, Supplementary Table 6), compared to CD8+ cell proportion alone. Similarly, adding the total LAG-3+CD8+ cell proportion to the CD8+ cell proportion significantly increased the predictive value of the CD8+ cell proportion alone for both PFS and OS (PFS: ΔLRχ2 = 7.9; P = 0.005; OS: ΔLRχ2 = 4.9; P = 0.0269; Figure 5, Supplementary Table 6), compared to CD8+ cell proportion alone.




Figure 5 | Change in log-likelihood of models with addition of predictive terms in ICB-treated cohort. (A) Log-likelihood models with predictive terms added for all ICB-treated HCC patients (n = 67). CD8+ cell proportion was used as basis for comparison, as it had the best hazard ratio for OS in multivariate analysis. Subsequent predictive terms were added and arranged according to increasing hazard ratio. The best models were selected and included in the figure from Supplementary Table 6. (B) Log-likelihood models with predictive terms added for ICB-treated patients with viral-related HCC (n = 46). LAG-3+CD8+ cell proportion was used as basis for comparison, as it had the best hazard ratio for OS in multivariate analysis. Subsequent predictive terms were added and arranged according to increasing hazard ratio. The best models were selected and included in the figure from Supplementary Table 9. (C) Log-likelihood models with predictive terms added for ICB-treated patients with non-viral HCC (n = 21). LAG-3+ cell proportion was used as the basis for comparison, as it had the best hazard ratio for OS in multivariate analysis. Subsequent predictive terms were added and arranged according to increasing hazard ratio. The best models were selected and included in the figure from Supplementary Table 10. Null model with two markers was not performed, as none of the single markers were significant. (A-C) *P-value< 0.05 indicated statistical significance, as determined with likelihood ratio test. HCC, hepatocellular carcinoma; ICB, immune checkpoint blockade; OS, overall survival.







LAG-3+CD8+ expression was significantly associated with responses to ICB regardless of viral hepatitis status

In our previous study, we found that CD38+ and CD38+CD68+ cell densities were significantly associated with responses to ICB in viral-related HCC but not non-viral HCC patients (24). To ascertain whether the same association existed in this cohort, we analyzed viral-related and non-viral HCC cases separately. Only the LAG-3+CD8+ cell proportion was found to be significantly associated with for OS regardless of viral status (Table 3, Supplementary Table 7, 8). Not surprisingly, patients with high LAG-3+CD8+ cell proportions had the best ORRs, with an ORR of 37.5% for viral-related HCC and 23.1% for non-viral HCC (Figure 6). On the other hand, the LAG-3+, CD8+, and STAT1+ cell proportions were significanly associated with ORR only with non-viral HCC, while the CD38+ and CD38+CD68+ cell proportions were significantly associated with ORR only with viral-related HCC.


Table 3 | Univariate cox regression for overall survival of patients with viral-related (n = 46) and non-viral (n = 21) HCC treated with ICB.






Figure 6 | Overall response rates of biomarkers for overall survival based on viral status. (A) Overall response rates of LAG-3+, LAG-3+CD8+, CD38+, CD38+CD68+, LAG-3+CD8+ + CD38+CD68+, and LAG3+ ≥1% + CD38+ ≥10% cell proportions for overall survival in viral-related HCC (n = 46). (B) Overall response rates of LAG-3+, LAG-3+CD8+, CD8+, STAT1+, CD38+, and CD38+CD68+ cell proportions for overall survival in non-viral HCC (n = 21). Only those groups significant in univariate analysis (Table 3) are shown here. The receiver operating characteristic curves of each marker are shown in Supplementary Figure 2. HCC, hepatocellular carcinoma.



Using the log-likelihood model, we found that, adding the CD38+CD68+ cell proportion to the LAG3+CD8+ cell proportion provided the best predictive value for OS for viral-related HCC compared to the LAG3+CD8+ cell proportion alone (ΔLRχ2 = 7.54, P = 0.006; Figure 5, Supplementary Table 9). Furthermore, viral-related HCC patients with high LAG3+CD8+ and CD38+CD68+ cell proportions had significantly longer mPFS and mOS, with an ORR reaching 50% (Figures 6A, 7A, B). To establish a model that is more clinically appliable and easy to implement model by using just one biomarker, rather than two, we investigated the cell proportions in more detail and found that patients with ≥1% LAG3+ and ≥10% CD38+ cells had significantly longer mPFS and mOS, with an ORR of 40% (Figures 6A, 7C, D), compared to patients with <1% LAG3+ and <10% CD38+ cells.




Figure 7 | HCC patient’s response to ICB in relation to pre-treatment total LAG-3+ and LAG-3+CD8+ cell proportions depending on viral status. (A, B) Kaplan-Meier curve showing significant association between high LAG-3+CD8+ and CD38+CD68+ cell proportions and better mPFS (A) or mOS (B) after treatment with ICB in viral-related HCC (n = 46). (C, D) Kaplan-Meier curve showing significant association between high total LAG-3+ (≥1%) and CD38+ (≥10%) cell proportions and better mPFS (C) or mOS (D) after treatment with ICB in viral-related HCC (n = 46). (E, F) Kaplan-Meier curve showing significant association between high total LAG-3+ (≥1%) cell proportion and better mPFS (E) or mOS (F) after treatment with ICB in non-viral HCC (n = 21). HCC, hepatocellular carcinoma; ICB, immune checkpoint blockade, mPFS, median progression-free survival; mOS, median overall survival. *P-value< 0.05 indicates statistical significance.



For non-viral HCC, none of the log-likelihood model adjustments to the LAG-3+ cell proportion were significant, indicating that this biomarker alone provided the best predictive value for OS (HR = 0.038, P = 0.004; Table 3) (Supplementary Table 10). Subsequent survival analysis demonstrated that non-viral HCC patients with a high LAG-3+ cell proportion had significantly longer mPFS and mOS, and an ORR of 25% (Figures 6B, 7E, F).

To summarize, the best predictive models for PFS in ICB-treated patients involved adding the LAG-3+ cell proportion to the CD8+ cell proportion for all patients (ΔLRχ2 = 9.87, P = 0.002; Figure 5, Supplementary Table 6), adding the CD38+CD68+ cell proportion to the LAG-3+CD8+ cell proportion for viral-related HCC (ΔLRχ2 = 2.08, P = 0.15; Figure 5, Supplementary Table 8), and the LAG-3+ cell proportion alone for non-viral HCC (HR = 0.16, P = 0.004; Supplementary Table 7). The best predictive models for OS involved adding the CD38+ cell proportion to the CD8+ cell proportion for all patients (ΔLRχ2 = 11.5, P = 0.0004; Figure 5, Supplementary Table 6), adding the CD38+CD68+ cell proportion to the LAG-3+CD8+ cell proportion for virus-related HCC (ΔLRχ2 = 7.54, P = 0.006; Figure 5, Supplementary Table 8), and the LAG-3+ cell proportion alone for non-virus HCC (HR = 0.038, P = 0.004; Table 3).






Discussion

In this study, we demonstrated the use of readily translatable mIHC/IF methods to determine the pre-treatment expression of the 4-gene inflammatory signature and CD38 expression in the HCC tumor microenvironment. Survival analysis established that high levels of cells expressing both LAG-3 and CD8 were most significantly associated with responses to ICB, regardless of viral status. LAG-3+, CD8+, and STAT1+ cell proportions also appeared to be associated with responses to ICB, although this depended on the viral status of the patients. Moreover, in accordance with our previous study (24), we found that high proportions of CD38+ cells, as well as CD38+CD68+ cells, were associated with improved responses to ICB, albeit only at a significant level in patients with viral hepatitis. Using a log-likelihood model, we demonstrated that adding the total LAG-3+ and LAG-3+CD8+ cell proportions to the total CD8+ cell proportion significantly increased the predictive values for both PFS and OS. Overall, the total LAG-3+ and LAG-3+CD8+ cell proportions appeared to be the best predictors of responses to ICB in patients with advanced HCC.

LAG-3 has been extensively evaluated for its potential as an immune-checkpoint target and predictive biomarker. Physiologically, the LAG-3 receptor acts as an inhibitory immune checkpoint and is expressed by activated T cells to prevent autoimmunity, autoinflammation, and tissue damage (32–35). In HCC, LAG-3 attenuates the effector function of CD8+ T cells, resulting in a less efficacious anti-tumoral response by the patient’s adaptive immune system (36). LAG-3 upregulation, which is observed in tumor-infiltrating lymphocytes in the majority of patients with HCC, is a mechanism of immune escape by tumors (37, 38). These findings implicate LAG-3 as a biomarker of poor prognosis in HCC. Indeed, it has been reported that high levels of LAG-3+ T cells are an independent predictor of poor PFS and OS in HCC patients (36), which is consistent with our analysis of the ICB-naïve cohort (Figure 2). Similar findings have been described for non-small cell lung cancer (39), head and neck squamous cell carcinoma (40), soft tissue sarcoma (41), melanoma (42), and renal cell carcinoma (43). Thus, it can be speculated that blocking the function of the LAG-3 receptor should reverse its immune checkpoint effect and restore the function of CD8+ T cells via a mechanism that is analogous to that underlying the effects of other widely used ICBs such as anti-PD-1 and anti-PD-L1. This hypothesis has prompted the development of the anti-LAG-3 antibody, relatlimab, which is undergoing extensive evaluation in numerous randomized trials of various cancer types, including HCC (44). A phase II/III clinical trial comparison of a combined relatlimab with nivolumab therapy versus nivolumab alone for melanoma showed an encouraging efficacy and safety profile for the combined therapy (45, 46), leading to the FDA approval of nivolumab and relatlimab as a combination therapy for advanced melanoma (47).

As ICBs are intended to stimulate an inhibited or exhausted anti-tumor immune response, it is logical to hypothesize that immune cells infiltrating the tumor-environment play an important role in responses to ICB, and that patients with a high density of such infiltrating immune cells would be more likely to respond to ICB. In accordance with this hypothesis, advanced melanoma patients with ≥1% tissue LAG-3 expression detected by IHC were shown to have longer median PFS after ICB treatment (48). Moreover, using the same cutoff of 1%, we found that ICB-treated HCC patients with high LAG-3+ cell proportions in the tumor microenvironment had significantly longer PFS and OS, compared to patients with low LAG-3+ cell proportions. Interestingly, flow cytometry analysis of pre-treatment peripheral blood from a cohort study of 188 ICB-treated melanoma patients and 94 ICB-treated urothelial cancer patients with the aim of identifying blood-based biomarkers showed that the presence of LAG-3+ and LAG-3+CD8+ T cells in peripheral blood was shown to be associated with poorer survival outcomes in ICB-treated melanoma and urothelial carcinoma (49). These conflicting findings may be due to differences in the nature and properties of peripheral immune cells and infiltrating immune cells, which represent two functionally distinct cell populations. Taken together, the data suggested that a pre-treatment tissue IHC LAG-3 expression cutoff of ≥1% may be clinically useful for evaluation of a patient’s likelihood of a positive response to ICB therapy. Furthermore, while high LAG-3 expression is a good predictive indicator of a better response to ICB, it is a marker of poor prognosis in HCC patients with no ICB treatment. These opposing findings suggest that the effects of LAG-3 on patient survival rate are unlikely to be due to its possible prognostic value. This also indicates that patients with high levels of LAG-3+ cells will benefit from ICB, as their prognosis would be very poor without any ICB treatment.

The independent high expression levels of two other immune markers, CD8 and STAT1, also demonstrated significant associations with survival outcomes in ICB-treated HCC patients. While the infiltration of CD8+ T cells into the tumor microenvironment showed a weak correlation with survival after anti-PD-1 treatment in the CheckMate 040 clinical trial (17), our study showed that high levels of CD8+ cells are also significantly associated with ICB response and may be used in conjunction with the LAG-3+ cell proportion to guide ICB treatment in clinical practice. On the other hand, the use of protein STAT1 levels as a predictive marker in HCC has not been reported. In the context of HCC, STAT1 is reportedly involved in the regulation of innate and adaptive immune responses within the tumor environment (50–55). An IHC human breast cancer study demonstrated that p-STAT1 is a potential marker for selecting patients for anti-PD-1/PD-L1 immunotherapy (56). Although our study demonstrated a relatively weak association between STAT1 and ICB responses, STAT1 expression in the HCC tumor microenvironment remains a potential predictive marker and warrants more in-depth evaluation. While PD-L1 status has been extensively evaluated as a predictive marker of ICB responsiveness, the results have been mixed and suboptimal at best. We did not identify clinically significant associations between PD-L1 expression and survival outcome in our previous and current ICB-treated patient cohorts (24); therefore, the clinical utility of PD-L1 remains to be seen.

Hepatitis B and C viruses play a key role in the pathogenesis of HCC and the definition of HCC-infiltrating immune cell phenotypes (57–59). Although little is known about the regulation of HBV-specific CD8+ T cell functions, studies have shown significantly higher LAG-3 expression levels in CD8+ T cells from patients with HBV (57). Previously, we reported that CD38 expression predicted responses to ICB in viral-related HCC but not non-viral HCC (24), which is consistent with the findings in this study (Table 3, Supplementary Table 5). This suggests that CD38 alone may not be clinically useful for predicting responses in patients with no history of viral hepatitis. After performing separate analyses of viral-related and non-viral HCC, we found that only the LAG-3+CD8+ cell proportion predicted responses to ICB regardless of the viral hepatitis status, with the overall best ORRs in both groups (Figure 6). An important finding of our current study was that viral-related and non-viral HCC have distinctive predictive biomarker profiles (Table 3). Our data suggest that combining the LAG-3+ or LAG3+CD8+ cell proportions with the CD38+ or CD38CD68+ cell proportions is more useful in patients with viral hepatitis, whereas the LAG-3+ and CD8+ cell proportions may be more useful in patients without viral hepatitis. Nevertheless, when the viral status is unknown, IHC staining for LAG-3 and CD8 provides three phenotypes that can still predict responses to ICB. Our best predictive models also suggested that different combinations of biomarkers may be used, depending on the patient’s viral hepatitis status (Figure 5).

The CheckMate 040 trial demonstrated that RNA levels of the 4-gene inflammatory signature, as determined by RNA-seq, were associated with an improved response to nivolumab therapy and better OS (17). However, to the best of our knowledge, this study is the first to demonstrate an association between the IHC-detected protein expression of LAG-3, CD8, and STAT1 and responsiveness to ICB in HCC patients. Our findings fill the translation gap between RNA-seq and clinical practice, as IHC is more accessible and less technically challenging than RNA-based analysis. We believe that LAG-3 and CD8 expression levels in the tumor microenvironment have potential value as predictive biomarkers of ICB responses in patients with advanced HCC prior to ICB treatment. We propose that pre-treatment LAG-3+ cell proportions, with a cutoff of 1%, may be used in conjunction with the CD8+ cell proportion to aid in the identification of patients who are likely to be better responders to ICB using readily translatable IHC-based methods available in the clinical setting. The limitations of this current study include the retrospective and heterogeneous nature of our patient cohorts, including the multiple types of immunotherapies they received. Another limitation is that tumour-infiltrating lymphocytes would be more ideal than PBMCs for studying the immune landscapes of LAG3+ cells, but we did not have access to tumour-infiltrating lymphocytes from the same patients. More studies, such as expression analyses with larger multi-national cohorts or randomized clinical trials, should be conducted to confirm our findings and to further evaluate the potential utility of the biomarkers.





Conclusion

This study establishes an association between pre-treatment LAG-3, CD8, STAT1, and LAG-3+CD8+ tissue expression and responsiveness to monoclonal antibody immunotherapy in patients with advanced HCC, with the LAG-3+CD8+ cell proportion being the most favorable protein biomarker. In particular, we showed that IHC staining of LAG-3 and CD8, as both single markers and the double LAG-3+CD8+ phenotype, is useful for predicting responses to ICB in pre-treatment patients with advanced HCC. We further showed that the choice of markers may be guided by the patient’s viral hepatitis status, and IHC scoring of CD38 can be added to the biomarker panel if the patient has viral-related HCC. The tissue expression of the markers can be determined using readily available and translatable IHC-based techniques. Future investigations, such as expression analyses in a larger multinational cohort, should aim to test the validity of our current findings. Following validation in a larger independent cohort, we will strive to adopt these predictive biomarkers as routine screening modalities in clinical practice to facilitate the accurate identification of patients most suited to cancer immunotherapy in the current era of precision medicine.
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Background

YKL-40, also known as chitinase-3-like protein 1 (CHI3L1), is a secreted glycoprotein produced by various cell types including stromal, immune, and cancer cells. It contributes to cancer progression through tumor-promoting inflammation and has been shown to inhibit the cytotoxicity of T and NK lymphocytes. In vivo studies have demonstrated synergistic anti-cancer effects of blocking YKL-40 in combination with immune checkpoint inhibitors (ICIs). Biomarkers for the prediction of the response to ICIs are highly needed. We investigated the association between plasma YKL-40 and clinical benefit and survival in patients with metastatic pancreatic cancer (mPC) receiving ICIs and stereotactic body radiotherapy (SBRT).





Methods

Blood samples were collected from 84 patients with mPC who participated in the randomized phase II CheckPAC study, in which patients received nivolumab with or without ipilimumab combined with a single fraction of SBRT. Plasma YKL-40 was measured using a commercial ELISA kit.





Results

Elevated baseline plasma YKL-40 was an independent predictor of shorter overall survival (OS) (HR 2.19, 95% CI 1.21–3.95). A ≥ 40% decrease in plasma YKL-40 during treatment was associated with longer progression-free survival (p = 0.009) and OS (p = 0.0028). There was no correlation between plasma YKL-40 and the tumor burden marker CA19-9 at baseline or during treatment.





Conclusion

This study contributes new knowledge regarding YKL-40 as a predictor of clinical benefit from ICIs and radiotherapy. These exploratory results warrant further investigation of YKL-40 as a biomarker for patients treated with immunotherapies.





Clinical trial registration

Clinicaltrials.gov, identifier NCT02866383.
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1 Introduction

YKL-40 (also known as chitinase-3-like protein 1 [CHI3L1]) is a secreted glycoprotein that binds chitin, heparin, and collagen but lacks enzymatic activity (1). The protein is secreted by various cell types including immune (mainly macrophages and neutrophils), cancer, and stromal cells (2, 3). The protein has been linked to cancer-promoting characteristics such as stimulation of cell growth, protection against apoptosis, increased angiogenesis, and extracellular matrix remodeling (1, 2, 4, 5). YKL-40 is also suggested to contribute to an immunosuppressive tumor microenvironment by inhibiting the function of cytotoxic T and natural killer (NK) lymphocytes (6–8), stimulating programmed death-ligand 1 (PD-L1) expression (9), and regulating macrophage polarization toward an anti-inflammatory phenotype (10). Recently, in vivo studies using antibody-based blockade of YKL-40 or blockade using chitooligosaccharides have shown synergistic effects with immunotherapy (3, 8, 9, 11). Plasma YKL-40 is investigated as a biomarker in different diseases characterized by inflammation, including cancer, autoimmune, fibrotic, and neurodegenerative diseases (12–16). Additionally, plasma YKL-40 levels in healthy subjects increase with age (17). Higher plasma levels of YKL-40 are found in patients with cancer compared to those of healthy individuals (12). Elevated plasma YKL-40 levels are associated with shorter overall survival (OS) in patients with different cancers (13) including pancreatic cancer (PC) (18–21). Plasma YKL-40 has therefore been suggested as a prognostic cancer biomarker.

PC is an aggressive cancer type with one of the lowest 5-year survival rates - less than 10% for combined disease stages (22). PC is characterized by high tumor heterogeneity, and a collagen-dense, hypoxic, and highly immunosuppressive tumor microenvironment (23). Standard treatment options include surgery and chemotherapy, but 80% of the patients are not eligible for surgery due to advanced or metastatic disease at the time of diagnosis (24). The increasing incidence of PC related to changes in risk factors such as diabetes, obesity, tobacco usage, and alcohol consumption combined with few advances in treatment strategies have led to an urgent need for new treatment strategies (25). Currently, ICIs are not standard treatment options for patients with metastatic PC (mPC) and are only recommended for patients with tumors displaying microsatellite instability or mismatch repair deficiency (26, 27). While several biomarkers, including interleukin (IL)-6, are still under investigation for clinical applications, carbohydrate antigen 19-9 (CA19-9) remains currently the only routinely used biomarker for PC (18–21).

Biomarkers for the prediction of the response to ICIs are highly needed. In this prospective biomarker study, we determined plasma YKL-40 levels in patients with mPC participating in the randomized phase II CheckPAC study (28). The aim of the current study was to investigate whether baseline and on-treatment longitudinal changes in plasma YKL-40 were associated with clinical benefit and survival in patients receiving ICIs combined with stereotactic body radiotherapy (SBRT).




2 Methods



2.1 Patients

Eighty-four patients with mPC were included in the CheckPAC phase II trial (NCT02866383) at Copenhagen University Hospital – Herlev and Gentofte, Denmark, from November 2016 to December 2019. The patients had experienced disease progression after at least one line of standard chemotherapy and had an Eastern Cooperative Oncology Group performance status (ECOG PS) of 0 or 1. Patients were randomized 1:1 with stratification for ECOG PS to receive SBRT of 15 Gy on day 1 in combination with nivolumab on day 1 and every 2 weeks with or without ipilimumab on day 1 and every 6 weeks. The primary endpoint was clinical benefit rate defined as the proportion of patients with stable disease, partial response, or complete response according to Response Evaluation Criteria in Solid Tumors (RECIST) 1.1. Clinical outcome was evaluated by computed tomography scans every 8 weeks during study treatment and/or at any time when progressive disease was suspected (28). The patients simultaneously participated in the Danish BIOPAC study (NCT03311776) (29). The protocol, amendments, and informed consent form were all approved by the independent ethics committee before study initiation. Signed informed consent was obtained from each participant. Blood samples were collected at baseline, after 2 weeks, and then every 8 weeks until disease progression.




2.2 YKL-40 ELISA

In the body, YKL-40 is primarily found in the plasma, hence the level of YKL-40 is referred to as plasma YKL-40. Following peripheral blood collection and centrifugation at 2300 g at 4˚C for 10 minutes within 2 hours of blood sampling, serum was aliquoted and stored at −80˚C until analysis. Serum samples were thawed at room temperature, mixed using a vortex mixer, and centrifuged at 3800 rpm for 10 minutes. YKL-40 was measured using a commercial enzyme-linked immunosorbent assay (ELISA) following the manufacturer’s instructions (MicroVue YKL-40 EIA, catalog number 8020, Quidel, San Diego, CA, USA). The limit of detection for YKL-40 was 20 ng/mL, with an intra-assay coefficient of variation (CV) of ≤ 5% and an inter-assay CV of ≤ 6%. The measurement of YKL-40 was done blinded to patient characteristics and outcomes. Elevated YKL-40 was defined as higher than the 95th age-adjusted percentile of normal (17). The change in plasma YKL-40 on-treatment was defined as follows: decrease: ≥ 40% decrease, stable: < 40% decrease to ≤ 40% increase, and increase: > 40% increase (27). The study report was written according to the REporting recommendations for tumor MARKer prognostic studies (REMARK) guidelines (30).




2.3 Statistics

Baseline and longitudinal on-treatment plasma YKL-40 levels were analyzed. A T-test was used for the comparison of two groups after testing for normal distribution. A Mann-Whitney U test was used for the non-parametric comparison of two groups. The Kruskal-Wallis test was used for the comparison of three or more groups. Univariate and multivariate analyses were carried out with Cox proportional hazard models to calculate hazard ratios (HR) for the prediction of OS for elevated baseline YKL-40. Kaplan-Meier curves divided by elevated baseline YKL-40 or change in YKL-40 were used to assess association with progression-free survival (PFS) and OS. A log-rank test was used to compare the survival curves. For correlation analysis, log-transformation was applied for plasma YKL-40, IL-6, IL-8, CA19-9, and C-reactive protein (CRP), and Pearson analysis was performed after testing for normal distribution with the Shapiro-Wilk test. If normal distribution was not observed, Spearman’s correlation coefficient was calculated. A p-value < 0.05 was considered significant. All statistical analyses were done using Python software (version 3.8), except for survival analyses analyzed with R software (version 3.6).





3 Results



3.1 Baseline patient characteristics and plasma YKL-40

A total of 84 patients with mPC were included in the CheckPAC study. Twenty-three patients had a clinical benefit and 61 patients had disease progression as best response to treatment. Eighty-one patients had a baseline blood sample. A more detailed description of the cohort is available in Chen et al. (28). YKL-40 was higher in patients with ECOG PS 1 compared to ECOG PS 0, in patients with a high Modified Glasgow Prognostic Score (mGPS) of 2: CRP > 10 mg/L and albumin < 35 g/L compared to mGPS of 1: CRP > 10 mg/L and albumin ≥ 35 g/L and mGPS of 0: CRP ≤ 10 mg/L and any albumin, and in patients with weight loss ≥ 5% prior to diagnosis (Table 1). Additionally, the patients recruited for this study exhibited comorbidities associated with plasma YKL-40 levels as follows: asthma (n = 3), diabetes (n = 2), cardiovascular diseases (n = 2), chronic obstructive pulmonary disease (n = 2), and rheumatic diseases (n = 8).


Table 1 | Baseline plasma YKL-40 levels in relation to clinical characteristics of the patients included in the CheckPAC study.






3.2 Plasma YKL-40 in patients with progressive disease as the best response

Patients were divided into two groups based on their best response to treatment. There was a tendency toward higher median plasma YKL-40 at baseline, after 2, 8, and 16 weeks in patients with progressive disease than in patients with clinical benefit (Figure 1).




Figure 1 | Plasma YKL-40 levels at baseline and after 2, 8, and 16 weeks of treatment. The patients are divided based on response evaluated by computed tomography scans according to RECIST 1.1: clinical benefit defined as stable disease, partial response, or complete response, (blue) and progressive disease (yellow). The boxplot shows the median, upper and lower quartiles, and minimum and maximum. Outliers are not shown. Each dot is an individual patient.






3.3 Association between plasma YKL-40 and PFS and OS

Forty-nine patients (60%) had elevated baseline YKL-40. Elevated baseline YKL-40 was prognostic for shorter OS (HR 2.22, 95% confidence interval (CI) 1.37–3.59) (Figure 2). After adjusting for age, ECOG PS, weight loss, bilirubin, mGPS, and IL-6, elevated baseline YKL-40 remained a prognostic biomarker for OS (HR 2.19, 95% CI 1.21–3.95) in the Cox proportional hazards regression model (Figure 2). A high level of bilirubin (> 25 µmol/L) was also an independent biomarker for OS (HR 16.17, 95% CI 5.12–51.09) (Figure 2).




Figure 2 | Forest plot with OS HR based on univariate (top) and multivariate (bottom) Cox regression analysis. Squares represent HR, and bars represent 95% CI. Variables predictive of OS in the univariate Cox regression analysis from Chen et al. (28) were included in this study in addition to baseline YKL-40. CI, confidence intervals; ECOG PS, Eastern Cooperative Oncology Group performance status; mGPS, modified Glasgow Prognostic Score; HR, hazard ratios; OS, overall survival.



There was no association between elevated baseline plasma YKL-40 and PFS (Figure 3A). Patients with elevated baseline plasma YKL-40 had a median OS of 3 months while patients with normal baseline YKL-40 had a median OS of 5.5 months (Figure 3B).




Figure 3 | Kaplan Meier plots of PFS (A, C) and OS (B, D) based on elevated baseline plasma YKL-40 (A, B) and change in plasma YKL-40 during treatment (C, D). A log-rank test was used to determine difference between survival curves. CI, confidence interval; NR, not reached; HR, hazard ratio; PFS, progression-free survival; OS, overall survival.






3.4 Association between changes in plasma YKL-40 during treatment and outcome

Baseline plasma YKL-40 was compared to the on-treatment level after 8 weeks (or 2 weeks if no sample after 8 weeks was available) in the individual patients. Of the nine patients with a decrease in YKL-40, seven (78%) had a clinical benefit (Supplementary Figure 1). Patients with a decrease in YKL-40 had longer PFS, a median PFS of 3.5 months (95% CI 2.9 to not reached (NR)) versus 1.6 months (95% CI 1.5–2.0) for stable levels and 1.6 months (95% CI 1.5–1.6) for increasing levels (Figure 3C). Patients with a decrease in YKL-40 also had longer OS, a median OS of 10.1 months (95% CI 6.5 to NR) versus 4 months (95% CI 3.3–5.7) for stable levels and 2.9 months (95% CI 2.3–4.0) for increasing levels (Figure 3D).

Plasma CRP, CA19-9, and bilirubin were routinely measured in the patients, and IL-6 and IL-8 were analyzed as part of the BIOPAC study (Supplementary Methods). Plasma YKL-40, IL-8, IL-9, CRP, CA-19, and bilirubin levels during treatment were investigated in patients divided into OS ≤ 3 months, > 3 to ≤ 6 months, and > 6 months survival (Figure 4), but due to the large variation in the groups, no statistical model was applied. Individual levels of these five biomarkers are shown in Supplementary Figure 2. Two patients had an exceptionally long survival. In these two patients, increased plasma YKL-40 levels were occasionally found at specific timepoints related to other conditions, including arthritis symptoms and a liver abscess. But, in general, stable levels of plasma YKL-40 were observed (Supplementary Figure 3).




Figure 4 |     Plots illustrating plasma YKL-40 (A), IL-6 (B), IL-8 (C), CRP (D), CA19-9 (E), and bilirubin (F) over time from baseline to last sample. The lines represent the mean values and the shaded area the 95% CI. If there is no shaded area, only one value was available. The patients are divided into three groups based on OS: ≤ 3 months (yellow, n = 30 (A, B, C) or n = 32 (D–F)), > 3 to ≤ 6 months (grey, n = 25 (A, B, C, E) or n = 26 (D, F)), and > 6 months (blue, n = 21 (A, C), n = 22 (B) or n = 26 (D–F)). IL-6, interleukin 6; IL-8, interleukin 8; CRP, C-reactive protein; CA19-9, carbohydrate antigen 19-9; CI, confidence interval; OS, overall survival.






3.5 Correlations between plasma YKL-40 and CA19-9, CRP, bilirubin, IL-6, IL-8, and tissue PD-L1 expression

There was no correlation between baseline YKL-40 and CA19-9 and IL-8 (Figures 5A, C), while there was a trend toward a positive correlation between YKL-40 and IL-6 (Figure 5B). Spearman’s correlation coefficients between all biomarkers were calculated for samples collected at baseline and after 2 weeks and 8 weeks. As can be seen in Figure 6, two overall different clusters were observed: CA 19-9 cluster (green) and an inflammatory biomarker cluster (remaining colors). For the inflammation biomarkers, YKL-40 (red) and IL-8 (purple) clustered alone compared to CRP and IL-6 (blue colors), for which there was no tendency for clustering within biomarker type nor timepoint. In conclusion, there was a trend toward a positive association between the different inflammation biomarkers that was strongest between IL-6 and CRP after 2 weeks of treatment (ρ = 0.73).




Figure 5 | Relationships between baseline plasma YKL-40 and CA19-9 (A), IL-6 (B), and IL-8 (C). On the x- and y-axis, histograms show the distribution of the biomarkers after log-transformation. A Pearson correlation coefficient was calculated (upper left corner). CA19-9, carbohydrate antigen 19-9; IL-6, interleukin 6; IL-8, interleukin 8.






Figure 6 | Heatmap illustrating relationships between plasma YKL-40, IL-6, IL-8, CRP, and CA19-9 at baseline and after 2 and 8 weeks of treatment. Spearman’s correlations were calculated (scale: upper left corner). The clustering of biomarkers was based on Spearman’s correlation analysis. IL-6, interleukin 6; IL-8, interleukin 8; CRP, C-reactive protein; CA19-9, carbohydrate antigen 19-9; W2, week 2; W8, week 8.



No correlation was found between baseline plasma bilirubin and YKL-40 (ρ = 0.14) nor tissue PD-L1 expression and baseline YKL-40 (ρ = −0.25) (data not shown).





4 Discussion

In this prospective biomarker study including patients with mPC treated with a combination of ICIs and SBRT, we found that elevated baseline plasma YKL-40 was an independent predictor of short OS and that a decrease in plasma YKL-40 during treatment was associated with longer PFS and OS. To our knowledge, this is the first study of plasma YKL-40 in cancer patients treated with ICIs and radiotherapy.

Current biomarkers for prediction of clinical benefit from checkpoint inhibitors include high tumor PD-L1 expression, high tumor mutational burden (TMB), and an inflamed T cell signature (31). PC is characterized by low PD-L1 expression, low TMB, and low T cell infiltration, indicating a low probability of clinical benefit from ICIs (32). Recently, we have demonstrated that a combination treatment strategy using nivolumab, ipilimumab, and a single dose of SBRT can deliver clinical benefit in patients with chemotherapy-resistant mPC (28).

In the present study, we found no association between baseline plasma YKL-40 and treatment response to ICIs. Prior to inclusion in the CheckPAC study, patients had progressed after being treated with one to three lines of chemotherapy. It is therefore unknown whether an association exists between baseline plasma YKL-40 and clinical benefit in treatment-naive patients receiving ICIs, highlighting the importance of investigating plasma YKL-40 before treatment start.

There is no well-defined cut-off for clinically relevant changes in inflammatory biomarker levels in patients treated with immunotherapy, but a 40% cut-off has been suggested (28, 33). We found that a ≥ 40% decrease in plasma YKL-40 during treatment was associated with longer PFS and OS. Patients that experienced a clinical benefit were largely represented in the groups that either had a ≥ 40% decrease or stable plasma YKL-40, suggesting that changes in plasma YKL-40 could be a predictive marker for clinical benefit from ICIs combined with radiotherapy. A recent, small study of 11 patients with lung cancer treated with ICI similarly showed that partial response to treatment correlated with a decrease in plasma YKL-40 during treatment (34). Others have suggested that YKL-40 mediates immune suppression, thereby reducing the efficacy of ICIs through inhibition of the cytotoxicity of T and NK lymphocytes (8, 9, 11). A decrease in YKL-40 could indicate a favorable clinical outcome after ICI treatment; however, the underlying mechanism remains unknown. Studies including a larger number of treatment-naïve patients with more responsive cancer types could be valuable to define an appropriate cut-off and investigate the predictive value of YKL-40 for response to immunotherapy.

Plasma YKL-40 was not correlated with CA19-9, a clinical tumor burden marker in PC (35). Whether the decrease in YKL-40 in patients with clinical benefit is due to lower tumor burden, i.e. killing of YKL-40 producing cells, is unknown. However, only a minority of patients with clinical benefit had a reduction of tumor mass (28). A high level of bilirubin was also an independent biomarker for OS. Elevated plasma bilirubin levels have been associated with poorer survival in patients with PC (36), and treatment with immunotherapy and SBRT has been shown to result in elevated levels of bilirubin (37) suggesting future studies of bilirubin as a potential biomarker. There was no correlation between plasma bilirubin and YKL-40. Positive correlations between YKL-40 and other biomarkers involved in cancer-promotion or systemic inflammation (IL-6, IL-8, and CRP) were identified in this study. Secretion of IL-6 by immune cells has been shown to promote YKL-40 transcription through activation of a range of transcription factors including NF-κB and STAT3 (1, 38). Moreover, YKL-40 stimulates IL-8 secretion in human colorectal cancer cells (39), and YKL-40 secreted by cancer-associated fibroblasts stimulates IL-8 production through binding to the IL-13 receptor α2 (40). Inflammation and cytokine profiles combining multiple biomarkers have been investigated in patients treated with ICIs and were found to be predictive of response and survival (41). An ongoing study from our group will evaluate if a combination of 92 plasma proteins will provide better predictive and prognostic information about the patients in the CheckPAC study.

YKL-40 has been suggested to increase the expression of immune checkpoints (9, 42), and recently, a study found a positive correlation between the expression of YKL-40 in immune cells and PD-L1 expression in tissue sections from patients with colorectal cancer (43). However, in our study, we found no correlation between plasma YKL-40 and tissue PD-L1 expression at baseline.

We only investigated patients with PC, which is known for its resistance to ICIs. Therefore, our findings cannot necessarily be extrapolated to patients with other cancer types, including cancers with more favorable biology and responsiveness to immunotherapy. All patients received radiotherapy combined with ICIs. Thus, the prognostic value of YKL-40 level in patients treated with immunotherapy alone is still unknown. Additionally, the patient population was quite small and heterogeneous regarding tumor burden and numbers of prior treatments, limiting generalizability. Furthermore, YKL-40 is not a cancer-specific biomarker, and it is also elevated in non-malignant diseases characterized by inflammation such as infections, autoimmune- and fibrotic diseases (2). The limited number of patients within each disease group restricts our ability to thoroughly investigate the role of the comorbidities. However, considering the advanced stage of PC in the patients included in this study, the impact of the comorbidities on plasma YKL-40 is likely less compared to the influence of PC. Additionally, ICIs can cause a variety of inflammatory side effects related to the disruption of immunologic homeostasis and T cell tolerance (44), potentially causing increased levels of plasma YKL-40.

In conclusion, this study contributes new knowledge regarding plasma YKL-40 as a biomarker for clinical benefit in a cohort of patients with mPC receiving ICIs combined with radiotherapy. These results warrant further investigation in larger, multicenter studies across different cancer types more responsive to ICIs.
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Objective

This study sought to assess the efficacy and safety of immunotherapy combined with single-agent chemotherapy as a second- or later-line setting for metastatic non-small cell lung cancer (NSCLC) and to provide clinical evidence for this treatment regimen. The predictive value of extracellular vesicle (EV) membrane proteins was explored in patients who underwent this treatment.





Methods

Clinical data from patients diagnosed with metastatic NSCLC who received immunotherapy plus single-agent chemotherapy as a second- or later-line setting were retrospectively collected between March 2019 and January 2022. A total of 30 patients met the inclusion criteria, and all were pathologically confirmed to have NSCLC. Short-term efficacy, progression-free survival (PFS), EV markers for response prediction, and adverse events were assessed.





Results

Efficacy data were available for all 30 patients and included a partial response in 5 patients, stable disease in 18 patients, and disease progression in 7 patients. The objective response rate was 16.7%, the disease control rate was 76.7%, and the median PFS was 3.2 months. Univariate analysis showed that PFS was not associated with sex, age, smoking status, treatment lines, prior use of immunotherapy, or prior use of antiangiogenic drugs. The EV membrane proteins MET proto-oncogene, receptor tyrosine kinase (c-MET), epidermal growth factor receptor (EGFR), and vascular endothelial growth factor receptor 2 (VEGFR2) at baseline were associated with poor prognosis and correlated with the efficacy of immunotherapy plus chemotherapy. According to the receiver operating characteristics and Kaplan–Meier curve analyses, patients with high c-MET, EGFR, and VEGFR2 expression at baseline had significantly shorter PFS than those with low expression. In addition, VEGFR2 expression was increased after combined immunotherapy in responders, which was decreased in non-responders. The most common grade 2 or higher adverse events were neutropenia, gastrointestinal reactions, and thyroid dysfunction, all of which were tolerated.





Conclusions

Immunotherapy plus single-agent chemotherapy as a second- or later-line treatment is safe, effective, and tolerable for metastatic NSCLC. EV markers can be used as predictive markers of efficacy in patients with metastatic NSCLC treated with immunotherapy plus chemotherapy to help monitor treatment efficacy and guide treatment decisions.





Keywords: non-small cell lung cancer, immunotherapy, chemotherapy, EV markers, EGFR, VEGFR2




1 Introduction

Lung cancer is one of the most common malignancies, and it has the highest mortality rate of all cancer types in China and worldwide. There are 733,000 newly diagnosed lung cancer cases and 610,000 deaths each year in China (1). Non-small cell lung cancer (NSCLC) accounts for approximately 85% of lung cancer cases. At the time of diagnosis, up to 60% of patients have locally advanced or metastatic NSCLC, with a 5-year survival rate of approximately 5% (2). Although genetic testing can identify patients with therapeutically targeted alterations including epidermal growth factor receptor (EGFR)-sensitive mutations and anaplastic lymphoma kinase (ALK) gene rearrangements who may be treated with targeted therapies, most patients experience disease progression within 12-18 months.

The conventional chemotherapy (docetaxel and pemetrexed) is the current standard of care for the second-line treatment of patients who experience disease progression after first-line therapy (3). Shepherd et al. (4) and Fossella et al. (5) reported that the objective response rate (ORR) of patients with NSCLC treated with docetaxel is approximately 7% NSCLC. The phase 3 clinical study reported by Hanna et al. (6) in 2004 found that the ORR of patients with stage III/IV NSCLC treated with pemetrexed as the second-line therapy was 9.1%. Immune checkpoint inhibitors have emerged as a new treatment regimen for the second-line treatment of both squamous and non-squamous NSCLC. The Checkmate078 (7) study found that the use of nivolumab as a second-line treatment for Chinese patients with NSCLC significantly prolonged overall survival (OS) (median: 12.0 vs. 9.6 months, p = 0.0006) and increased ORR (16.6% vs. 4.2%, p < 0.0001) with limited adverse events. The National Medical Products Administration (NMPA) of China approved the indication for nivolumab as a second-line therapy in 2018. However, evidence supporting the use of immunotherapy combined with chemotherapy as a second-line treatment for advanced NSCLC therapies is lacking.

Extracellular vesicle (EVs) are lipid bilayer membrane-bound vesicles secreted into the circulation by almost all cell types. EVs are widely distributed in diverse body fluids, including plasma, whole blood, urine, saliva, cerebrospinal fluid, and breast milk (8). Previous studies have shown that that EVs emerged as a diagnostic tool for early cancer detection, disease monitoring, and treatment evaluation (9–11). However, the potential clinical utility of plasma EV surface membrane proteins in advanced NSCLC patients who received immunotherapy remains elusive.

Thus, the purpose of this study was to evaluate the efficacy and safety of immunotherapy combined with single-agent chemotherapy as a second- or later-line treatment for metastatic NSCLC and to provide clinical evidence for the use of the regimen. We also aimed to explore the clinical application value of EV surface membrane proteins in metastatic NSCLC patients who received immunotherapy combined with single-agent chemotherapy as a second- or later-line therapy.




2 Materials and methods



2.1 General data

Clinical data for patients with advanced NSCLC who received immunotherapy combined with single-agent chemotherapy as a second- or later-line therapy in the Cancer Hospital of the Chinese Academy of Medical Sciences and the Beijing Chao yang District San huan Cancer Hospital between March 2019 and January 2022 were collected. The inclusion criteria were a) patients who had histologically or cytologically confirmed metastatic or recurrent (stage IV) NSCLC, (b) patients who had received platinum-based regimens or targeted therapy but had relapsed or not responded to the treatment, c) patients who had received immunotherapy combined with single-agent chemotherapy as a second- or later-line therapy, d) patients with at least one measurable tumor lesion diagnosed by computed tomography (CT) or magnetic resonance imaging (MRI) with a maximum diameter of ≥10 mm, as measured by spiral CT or MRI, and e) patients with complete clinical and survival data. The exclusion criteria were a) patients with an indefinite cytological or pathological diagnosis, b) patients with a history of non-infectious pneumonia requiring glucocorticoid therapy within 1 year prior to the first drug administration, and c) patients with symptomatic central nervous system metastases. Based on the inclusion and exclusion criteria, 30 patients were eligible for this study. This study was approved by the Ethics Committee of the Cancer Hospital of the Chinese Academy of Medical Sciences (approval Number: 20/361-2145). All patients signed a written informed consent to participate before the study in accordance with the Declaration of Helsinki.




2.2 Treatment

All patients received programmed cell death-1 (PD-1) inhibitors (pembrolizumab, sintilimab, camrelizumab, and nivolumab in 14, 11, 3 and 2 patients, respectively) combined with single-agent chemotherapy (albumin-bound paclitaxel, paclitaxel liposomes, vinorelbine soft capsules, pemetrexed, and gemcitabine in 15, 6, 5, 3, and 1 patients, respectively) (Table S1). The regimen was prescribed by the investigator after evaluation. Pretreatment was performed according to the instructions of the prescribed drug. Efficacy was evaluated after two cycles of treatment lasting 21 days. Each patient received routine blood, biochemistry, thyroid function, myocardial enzyme testing, and electrocardiogram before each cycle.




2.3 Evaluations and criteria

The ORR, progression-free survival (PFS), EV marker levels for response prediction, and adverse events were evaluated in all patients. Imaging results were collected as baseline data within 1 month prior to treatment, and radiographic examinations were performed after every two cycles of immunotherapy combined with single-agent chemotherapy to assess drug efficacy. The efficacy evaluation was performed using the Response Evaluation Criteria in Solid Tumors (RECIST) Version 1.1 (12), which grades the response as a complete response (CR), partial response (PR), stable disease (SD), or progressive disease (PD). Responders were defined as patients who benefited from the treatment with PR or SD. Non-responders were defined as patients who did not benefit from the treatment with PD. ORR was defined as CR or PR. Disease control rate (DCR) was defined as CR, PR, or SD. PFS was defined as the time from relapse or non-response after 1–2 courses of prior systemic treatment to objective disease progression or death from any cause. Peripheral whole-blood specimens (10 ml per sample) were collected through venipuncture into EDTA tubes and centrifuged at 4°C and 3000×g for 15 min. Isolated plasma, serum, lymphocytes, and peripheral blood monocular cells (PBMCs) were placed at −80°C for long-term storage. Clinical data for patients, including baseline characteristics, treatment regimens, laboratory testing results, pathologic examination results, and CT images, were acquired with individual medical records. The severity of adverse events was evaluated using the Common Terminology Criteria for Adverse Events (CTCAE) 4.0. Follow-up ended on January 21st, 2022.




2.4 Specimen preparation

Precise 10 ml peripheral blood prior to treatment (at baseline, stage D1) and after two cycles of immunotherapy plus single-agent chemotherapy (stage D2) was collected with an EDTA tube, centrifugated at 4°C, 3000× g, and 10 min for separating plasma and blood cells. Plasma samples were performed for EV expression array analysis.




2.5 EV expression array analysis

Antibodies were diluted to 200 μg/ml with 5% glycerol and then printed onto a 3D modified slide surface (Capital Biochip Corp, Beijing, China) using an Arrayjet microarrayer (Roslin, UK). A total of 57 antihuman antibodies were used for capturing EV proteins (Table S2). PBS with 5% glycerol and 10 μg/ml of biotinylated bovine serum albumin (BSA) were used as negative and positive controls, respectively. The EV expression array assay was performed by referring to previous studies (13, 14). Briefly, the microarray slides were incubated with a 10 μl unpurified plasma sample diluted (1:10) in wash buffer (0.05% Tween20 in PBS) at room temperature for 2 h followed by overnight incubation at 4°C. After a wash, the slides were incubated with biotinylated detection antibodies (anti-human-CD9, -CD63 and -CD81, LifeSpan BioSciences, WA, USA) diluted 1:1500 in wash buffer. After washing, the slides were incubated with Cy3-labeled streptavidin (Life Technologies) diluted 1:1500 in wash buffer for detection. The microarray slides were scanned using the GenePix 4000A microarray scanner (Molecular Devices, CA, USA). The signal intensity of the fluorescent images was extracted using the GenePix Pro image analysis software (Molecular Devices, CA, USA). All antibodies were printed in triplicate, and the mean value of the total signal was used to estimate the signal intensity.

The expression level of EV proteins at baseline in responders vs. non-responders was compared. EV proteins with p < 0.05 and fold change (FC) > 1.5 were significantly upregulated, and those with p < 0.05 and FC < 0.67 were significantly downregulated in responders.




2.6 Statistical analysis

Enumeration data are presented as counts and rates (%). Kaplan–Meier (KM) survival analysis was performed to describe the survival of the patients. Volcano plots were performed using the OmicStudio tools at https://www.omicstudio.cn/tool/7. Differences among the subgroups were analyzed by the Mann–Whitney test or t test. Graphs and statistics were performed using GraphPad Prism 6.0 or SPSS21.0. Receiver operating characteristic (ROC) curves were generated to derive the best cut-offs. The area under the ROC curve (AUC) refers to the area between the ROC curve and the x-axis. p < 0.05 (*) indicates statistical significance.





3 Results



3.1 Baseline characteristics of patients

A total of 30 metastatic NSCLC patients receiving immunotherapy combined with single-agent chemotherapy as a second- or later-line therapy were enrolled in this study. The clinical data at baseline are shown in Table 1. The patients were 33–74 years old [median: 59 years; ≥ 65 years: 11 patients (36.7%), < 65 years: 19 patients (63.3%)], and 23 were male (76.7%). In all, 20 patients with lung adenocarcinoma and 10 patients with lung squamous cell carcinoma were included, and 2 (6.7%) and 28 (93.3%) patients presented with Eastern Cooperative Oncology Group Performance Status (ECOG PS) of 0 and 1, respectively. Metastases to the bone, brain, adrenal gland, liver, spleen, and kidney occurred in 15 (50.0%), 10 (33.3%), 7 (23.3%), 4 (13.3%), 2 (6.7%), and 1 (3.3%) patient(s), respectively. Of the 25 patients who underwent actionable alteration detection, 4 harbored EGFR L858R, 4 harbored EGFR 19del, 3 harbored EGFR T790M, and 3 harbored BRAF V600E; each patient harbored KRAS mutation, HER2 amplification, HER2 20ins, ROS1 rearrangement, ALK fusion, and RET rearrangement; 4 harbored TP53 alterations, and 7 were negative for actionable alterations. In addition, 4 patients harboring actionable alterations at initial diagnosis who were then resistant to TKIs were included among the 25 eligible patients, such as 1 EGFR 19del-positive patient who acquired TP53 alteration and ROS1 rearrangement from EGFR-TKI, 1 EGFR 19del-positive patient who acquired TP53 alteration and EGFR T790M from EGFR-TKI, 1 EGFR 19del-positive patient who acquired EGFR T790M from EGFR-TKI, and 1 EGFR L858R-positive patient who acquired EGFR T790M from EGFR-TKI. A total of 8 patients (26.7%) underwent the programmed cell death ligand-1 (PD-L1) detection with a median TPS of 80% (range: 2%-95%), and the PD-L1 status of the remaining 22 patients (73.3%) was unknown. Overall, 19 patients were smokers (63.3%), 17 (56.7%) had received second-line therapy, and 13 (43.3%) had received third-line therapy; 16 patients (53.3%) were previously treated with immunotherapy, and 21 (70%) had prior use of antiangiogenic therapy.


Table 1 | Baseline clinical data of included NSCLC patients.






3.2 Efficacy evaluation

Of the 30 enrolled patients, none achieved CR, 5 (16.7%) achieved PR, 18 (60.0%) achieved SD, and 7 (23.3%) experienced PD. The ORR and DCR were 16.7% and 76.7%, respectively. The median PFS was 3.2 months (95% confidence interval [CI]: 2.7–3.7, range: 1.0-10.6). The KM curves for PFS is described in Figure S1. Univariate analysis revealed that PFS was not associated with (p > 0.05) sex, age, brain metastasis status, ECGO PS, pathological subtype, smoking status, treatment lines, prior use of immunotherapy, or prior use of antiangiogenic therapy (Table 2).


Table 2 | Univariate analysis of PFS.






3.3 EV markers for response prediction

Among the 30 patients, 14 (3 PR, 7 SD, 4 PD) patients who had plasma samples prior to treatment were selected for EV Array analysis. This assay assesses EV membrane proteins related to the immune system, immune typing, chemoradiotherapy, vascular therapy (famitinib and anlotinib), and lung cancer, as well as the common EV protein markers CD63, CD81, and CD9 (15, 16). Then, these samples were analyzed to obtain the membrane protein expression profiles of the EVs. The results are detailed in the following subsections.



3.3.1 Heatmap analysis of the protein expression clusters

The cluster heatmap analysis of EV membrane proteins at baseline in patients who benefited from the treatment (responders: 3 PR and 7 SD) and those who showed no treatment benefit (non-responders: 4 PD) is depicted in Figure 1. We found that most plasma EV membrane proteins had higher expression levels in non-responders than responders.




Figure 1 | Cluster heatmap analysis of plasma EV membrane proteins at baseline in non-small cell lung cancer patients (n = 14). EV, extracellular vesicle; R, responders, NR, non-responders; PR, partial response; SD, stable disease; PD, progressive disease.






3.3.2 Volcano map analysis

Volcano plot analysis of the EV membrane proteins was performed for responders (3 PR and 7 SD) and non-responders (4 PD). The results are shown in Figure 2. In responders, 12 EV membrane proteins at baseline showed significantly lower expression (Mann–Whitney test, p < 0.05, FC < 0.67) than in non-responders.




Figure 2 | Volcano plot analysis of differentially expressed EV membrane proteins at baseline between responders (n = 10) and non-responders (n = 4). A total of 12 EV membrane proteins showed significantly lower expression in responders than non-responders. Sig_Up (0) indicated that no significantly upregulated EV proteins (p < 0.05 and FC > 1.5) were identified in responders; FC_Up_Only (4) indicated 4 EV proteins with p > 0.05 and FC > 1.5 identified in responders; pVal_Only (0) indicated that there were no EV proteins with p < 0.05 and 0.67 < FC < 1.5 identified in responders; NoDiff (16) indicated 16 EV proteins with p > 0.05 and 0.67 < FC < 1.5 identified in responders; FC_Down_Only (25) indicated 25 EV proteins with p > 0.05 and FC < 0.67 identified in responders; Sig-down (12) indicated 12 EV proteins with p < 0.05 and FC < 0.67 identified in responders. EV, extracellular vesicle; FC, fold change. p-values were calculated using the Mann–Whitney test.






3.3.3 Column scatter analysis of differentially expressed EV membrane proteins

A bar graph analysis was performed of the 12 significantly different EV membrane proteins in responders (3 PR and 7 SD) and non-responders (4 PD) at baseline. The results are shown in Figures 3A–L.




Figure 3 | Bar graph analysis of differentially expressed EV membrane proteins at baseline between responders (n = 10) and non-responders (n = 4). (A) cMET; (B) EGFR; (C) VEGFR2; (D) EpCAM; (E) HMGB1; (F) PDGFRA; (G) CD3; (H) HLA-C; (I) CD40L; (J) c-Src; (K) IL-1β; (L) SFTPC. EV, extracellular vesicle; R, responders, NR, non-responders. p-values were calculated using the Mann–Whitney test.






3.3.4 Analysis of differentially expressed EV membrane proteins during treatment

Plasma samples at stage D1 (baseline) and D2 (after treatment) were available in 7 patients who showed a PR (n = 2), SD (n = 3), or PD (n = 2) and were performed to identify significantly differentially expressed EV membrane proteins between stage D1 and D2. The results are shown in Figure 4. VEGFR2 expression was significantly increased at stage D2 in responders (Figure 4A) and decreased in non-responders (Figure 4B).




Figure 4 | Analysis of differentially expressed EV membrane proteins during treatment. (A) the expression of VEGFR2 at D1 and D2 in responders (n = 5); (B) the expression of VEGFR2 at D1 and D2 in non-responders (n = 2). EV, extracellular vesicle; R, responders, NR, non-responders; D1, at baseline; D2, after treatment with immunotherapy combined with single-agent chemotherapy. * indicates p < 0.05. n.s. indicates no significant difference. p-values were calculated using the t test.






3.3.5 Receiver operating characteristic curve analysis

An AUC greater than 0.5 indicates that the diagnostic test has a certain diagnostic value. An AUC equal to 1 indicates a 100% accuracy of diagnostic tests. ROC curve analysis of the 12 EV membrane proteins at baseline negatively associated with immunotherapy combined with single-agent chemotherapy was performed to determine the diagnostic value of these proteins in identifying patients more likely to benefit from this treatment, including cMET. The results are shown in Figures 5, 6. The AUC for cMET was 0.98 with a sensitivity of 100%, a specificity of 90%, and a diagnostic accuracy of 100%. Of note, the AUC was 1 with 100% sensitivity, 100% specificity, and 100% diagnostic accuracy when cMET was combined with VEGFR2 or EGFR was combined with VEGFR2.




Figure 5 | ROC curve analysis displaying the performance of EV proteins at baseline in distinguishing responders from non-responders. ROC, operating characteristic curve; EV, extracellular vesicle; AUC, area under the ROC curve.






Figure 6 | Area under the ROC curve of cMET, EGFR, VEGFR2, cEMT plus VEGFR2, and EGFR plus VEGFR2 at baseline in 14 patients. ROC, operating characteristic curve; AUC, area under the ROC curve; Ref, reference.






3.3.6 Kaplan–Meier survival analysis

KM survival analyses of responders (3 PR and 7 SD) and non-responders (4 PD) were performed according to the threshold obtained by the ROC analyses. The results are shown in Figure 7. The PFS of patients with high expression of c-MET (Figure 7A, log-rank test, p = 0.0012), EGFR (Figure 7B, p < 0.0001), VEGFR2 (Figure 7C, log-rank test p = 0.0004), c-MET combined with VEGFR2 (Figure 7D, log-rank test, p < 0.0001), and EGFR combined with VEGFR2 (Figure 7E, log-rank test, p < 0.0001) at baseline was significantly shorter than that of those with low expression.




Figure 7 | Kaplan–Meier (KM) analysis in 14 patients. (A) KM survival analysis by PFS in terms of cMET at baseline; (B) KM survival analysis by PFS in terms of EGFR at baseline; (C) KM survival analysis by PFS in terms of VEGFR2 at baseline; (D) KM survival analysis by PFS in terms of cMET combined with VEGFR2 at baseline; (E) KM survival analysis by PFS in terms of EGFR combined with VEGFR2 at baseline. PFS, progression-free survival. p-values were calculated using the log-rank test.







3.4 Adverse events

Grade 2 or higher adverse events were recorded in patients with metastatic NSCLC who received immunotherapy combined with single-agent chemotherapy. Hematologic toxicity (leucopenia, thrombocytopenia, and anemia) and gastrointestinal reactions (nausea and vomiting) occurred (Table 3). A total of 22 cases had immune-related adverse events, including 17 cases (56.7%) with thyroid dysfunction, 2 cases (6.7%) with cardiotoxicity, 1 case (3.3%) with nephrotoxicity, 1 case (3.3%) with pulmonary toxicity, and 1 case (3.3%) with skin rash. No deaths and discontinuation resulted from chemotherapy or immune-related adverse events.


Table 3 | Adverse events.







4 Discussion

Chemotherapy was historically believed to inhibit immunity; however, recent studies have indicated that some chemotherapeutic agents can induce DNA damage and promote an immune response. Immune checkpoint inhibitors represent a breakthrough in the first-line treatment of driver gene-negative advanced NSCLC. The KEYNOTE-189 (17) and KEYNOTE-407 (18) trials both showed that the median PFS (9.0 vs. 4.9 months and 8.0 vs. 5.1 months) and median OS (22.0 vs. 10.7 months and 17.1 vs. 11.6 months) of patients in the pembrolizumab combined with chemotherapy group were superior to those in the chemotherapy-alone group. In this work, the median PFS of patients who received immunotherapy plus single-agent chemotherapy was shorter than that reported in KEYNOTE-189 and KEYNOTE-407 trials (Table S1), which might be attributed to several factors. First, immunotherapy plus single-agent chemotherapy was adopted as a different treatment line in these studies, having been used as first-line setting in KEYNOTE-189 and KEYNOTE-407 trials and as second- or later-line in our work. Second, the same drugs were adopted for the chemotherapy plus pembrolizumab group in the KEYNOTE-189 (pembrolizumab+pemetrexed+platinum) and KEYNOTE-407 trials (pembrolizumab+carboplatin+paclitaxel/nab-paclitaxel), while different drugs were administered for patients who received immunotherapy (pembrolizumab/sintilimab/camrelizumab/nivolumab) and chemotherapy (albumin-bound paclitaxel/paclitaxel/vinorelbine/pemetrexed/gemcitabine). Third, our work had a relatively small sample size. Although the abovementioned details might result in the bias of our findings, metastatic NSCLC benefiting from immunotherapy plus chemotherapy with 76.7% DCR was observed in this study.

Second-line chemotherapy regimens for advanced NSCLC patients progressing from first-line therapy yield an ORR of only 10%, and monotherapy regimens with docetaxel and pemetrexed have achieved a median PFS of < 3 months. Immunotherapy has revolutionized the treatment of lung cancer. The CheckMate 078 study showed that nivolumab as a second-line therapy for NSCLC significantly prolonged OS (median: 12.0 vs. 9.6 months, p = 0.0006). The Chinese Society of Clinical Oncology (CSCO) guidelines recommend nivolumab (Class 1A evidence), docetaxel (Class 1A evidence), or pemetrexed (if not used as the first-line treatment) as the second-line treatment for advanced NSCLC. The KEYNOTE-010 (19) study showed that pembrolizumab significantly prolonged OS (median: 10.4 vs. 8.5 months, p = 0.0008), and the OAK (20) study showed that atezolizumab significantly prolonged OS compared with docetaxel (median: 13.8 vs. 9.6 months, p = 0.0003). These data show that advanced NSCLC patients treated with pembrolizumab or atezolizumab as a second-line treatment achieve good OS outcomes.

In this study, the ORR was 16.7%, the DCR was 76.7%, and the median PFS was 3.2 months in 30 patients with advanced NSCLC receiving immunotherapy combined with single-agent chemotherapy as a second- or later-line therapy. In prior studies, the ORR of docetaxel and pemetrexed monotherapy as second-line therapy was both <10%. The ORR of immunotherapy combined with single-agent chemotherapy achieved 16.7% in the current study.

These data indicate that the efficacy of immunotherapy combined with single-agent chemotherapy in this study was superior to that of the second-line standard of care based on the prior study (21). The median PFS of immunotherapy combined with single-agent chemotherapy was also superior to that of docetaxel and pemetrexed monotherapy as a second-line standard of care (3.2 vs. 2.6–3.0 months) (22). The 16.7% ORR of treatment in this study was comparable to that of second-line monotherapy nivolumab (16.6%) (7).

In addition, no serious adverse events were detected, and the treatment regimen was well tolerated. Taken together, the data indicate that immunotherapy combined with single-agent chemotherapy as a second- or later-line therapy is effective against advanced NSCLC, improving patient survival with a good safety profile. Although some grade 2 or higher adverse events occurred, these adverse events were relieved with the discontinuation of the treatment.

EVs transfer nucleic acids and proteins in the cell–cell communication involved in a variety of biological processes (23–25). In addition to their enrichment in nucleic acids, EVs are also a specific composition of membrane proteins (26). The sandwich immunoassay-based EV Array was recently developed for EV membrane protein determination (27). In comparison to conventional protein detection methods, the EV Array can detect EVs expression in a high-throughput manner. Moreover, this platform is highly sensitive with a small amount of protein samples under the unpurified condition. EVs can protect cargo from degradation and indicate the tissue of origin. The data analysis showed that EV membrane proteins, such as c-MET, EGFR, VEGFR2, CD3, CD40 ligand (CD40L), SRC proto-oncogene non-receptor tyrosine kinase (C-Src), epithelial cell adhesion molecule (EpCAM), major histocompatibility complex, class I C (HLAC), high-mobility group box 1 (HMGB1), interleukin 1 beta (IL1beta), platelet-derived growth factor receptor alpha (PDGFRA), and surfactant protein C (SFTPC), were at high levels in the plasma of patients who did not respond to the treatment and at low levels in the plasma of those who showed a clinical benefit. Therefore, the levels of these 12 EV membrane proteins are inversely associated with the efficacy of immunotherapy combined with single-agent chemotherapy for lung cancer. ROC and KM curve analyses showed that PFS was significantly shorter in patients with high levels of c-MET, EGFR, and VEGFR2 than in those with low levels, suggesting that patients with low levels of these proteins have a better prognosis. These data indicate that EVs related to treatment efficacy have potential value and might be used as markers in identifying patients who may not respond to treatment to guide clinical decision-making. During treatment, the expression of the EV membrane protein VEGFR2 was significantly increased in the responder group and decreased in the non-responder group, indicating that the change in VEGFR2 expression on the EV membrane can be used as a marker to monitor drug efficacy.

This study has some limitations. First, the sample size of this study was small; thus, large prospective cohort studies are warranted to verify the predictive values of EV markers. Second, this was a single-arm, single-center study without a control group, and bias could not be avoided. Further large prospective cohort studies are warranted to investigate the efficacy of immunotherapy plus single-agent chemotherapy vs. platinum-containing chemotherapy/immunotherapy alone as a second- or later-line therapy for metastatic non-small cell lung cancer. Third, despite our findings of the cut-offs of the EV proteins in identifying patients who would more likely benefit from immunotherapy combined with single-agent chemotherapy, the clinical evidence of the cut-offs of the EV proteins should be verified in a large, multi-center, randomized clinical trial in further work. Forth, due to the small number of patients participating in the study, the efficacy of immunotherapy plus single-agent chemotherapy as a second- or later-line therapy for metastatic non-small cell lung cancer was not explored in terms of actionable alteration status and PD-L1 status. Further work is needed to investigate its efficacy in patients with vs. without actionable alterations and high vs. low PD-L1 expression.

This study thoroughly assessed the efficacy and safety of immunotherapy combined with single-agent chemotherapy. The results could be used to inform clinical practice. It also explored the clinical value of using EV surface membrane protein expression to predict and monitor the efficacy of immunotherapy combined with single-agent chemotherapy. Thus, this study may facilitate treatment selection and decision-making, improve our understanding of microenvironmental changes associated with immunotherapy, and lead to the improvement of the currently available treatment options.
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Background

The efficacy of current adjuvant chemotherapy for gastric adenocarcinoma/gastroesophageal junction adenocarcinoma (GA/GEJA) leaves much to be desired. ctDNA could serve as a potential marker to identify patients who are at higher risk of recurrence. Reinforcing standard adjuvant chemotherapy with immunotherapy has already been indicated to significantly improve clinical outcome, albeit such evidence is rare in GA/GEJA. Here, we intend to explore the clinical benefit of the reinforcement of adjuvant immunotherapy and antiangiogenics alongside with chemotherapy in patients who are deemed in high risk of recurrence by ctDNA analysis, which might shed light on further improvements in adjuvant therapy for GA/GEJA.





Methods/Design

This study is designed as a prospective, multicenter, randomized, controlled phase II study in patients histologically or cytologically diagnosed with GA/GEJA who underwent D2 gastrectomy and achieved R0 or R1 resection. From February 2022, a total of 300 stage III patients will be enrolled and subjected according to ctDNA sequencing results, and those with positive results will subsequently be randomized 1:1 to arm A or B. Patients in arm A will receive anlotinib, penpulimab and XELOX for 6-8 cycles, maintained with anlotinib and penpulimab for up to 1 year, while patients in arm B will receive XELOX alone for 6-8 cycles. ctDNA-negative patients will be assigned to arm C, and patients who are ctDNA positive but failed in randomization will be assigned to arm D. Patients in arms C and D will receive the investigator’s choice of therapy. The primary endpoint is the median disease-free survival (DFS) of arm A versus arm B determined via CT/MRI imaging. Secondary endpoints include the DFS of ctDNA positive patients versus ctDNA negative patients, the 2- and 3-year DFS rates, overall survival (OS), the impact of hallmark molecules on the treatment response, adverse events (AEs), and the impact of nutrition status or exercise on recurrence.





Discussion

We expect that ctDNA would be a strong prognostic factor and ctDNA-positive patients are at higher risk of relapse than ctDNA-negative patients. The addition of anlotinib and penpulimab to XELOX, may contribute to delaying relapse in ctDNA-positive patients.





Trial registration

https://www.clinicaltrials.gov, identifier NCT05494060.
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1 Background

Gastric cancer (GC) is a malignant tumor occurring in the digestive tract; it ranks fifth in occurrence among all malignancies and third in mortality. Chinese GC patients constitute 47% of patients worldwide (1). There were approximately 478,000 new occurrences and 374,000 fatalities in China in 2020, and the occurrence and fatality of GC rank third among all malignancies in the Chinese population (2). For stage II patients, the recommended regimen is S-1 alone (per oral to 1 year after surgery) or capecitabine plus oxaliplatin/cisplatin (3, 4). In 2022, the 3-year follow-up report of the JACCRO GC-07 trial suggested administering 6 cycles of docetaxel with S-1 (DS regimen) in stage III GC patients which improved the OS of patients compared to single-regimen S-1 (5). In 2019, the RESOLVE trial showed that for cT4aN+M or cT4bNxM locally advanced GC, adjuvant chemotherapy with 8 cycles of the S-1 with oxaliplatin (SOX) regimen is noninferior to the XELOX regimen (6). The 3-year DFS of patients enrolled in these trials is approximately 50% - 85%. However, for stage III patients, the 3-year DFS is approximately 50% - 65%, which implies a significant risk of recurrence in patients receiving standard postoperative adjuvant chemotherapy.

The identification of patients who are most at risk and the precise administration of reinforced therapy are the focus in further improving the perioperative treatment. Circulating tumor DNA (ctDNA) is a biomarker with promising prospects of serving as a prognostic indicator. Kotani et al. reported that postsurgical ctDNA in patients with stage II–IV resectable CRC is found to be associated with higher recurrence risk (hazard ratio (HR) 10.0, P < 0.0001). Furthermore, postsurgical ctDNA positivity identified patients with stage II or III CRC who derived benefit from adjuvant chemotherapy (HR 6.59, P < 0.0001) (7). In addition, Gale et al. used ctDNA as an indicator for risk of relapse in localized non-small cell lung cancer (NSCLC) following treatment with curative intent. Detection within 2 weeks to 4 months after treatment was associated with shorter recurrence-free survival [hazard ratio (HR): 14.8, P<0.00001] and OS (HR: 5.48, P<0.0003) (8). In GC, Yang et al. reported a significant correlation of worse DFS and OS. (HR = 14.78, 95%CI, 7.991–61.29, P < 0.0001 and HR = 7.664, 95% CI, 2.916–21.06, P = 0.002, respectively), and preceded radiographic recurrence by a median of 6 months (9). From these studies we can conclude that positive ctDNA is a sensitive risk indicator for recurrence and calls for reinforced means to mitigate this risk. However, the number of patients participating in studies on the value of ctDNA as a risk indicator of recurrence in postoperative GC patients was rather limited, calling for additional verification. Studies supporting the use of immune checkpoint inhibitors (ICIs) in the adjuvant setting in gastroesophageal cancer are also rare. The results of CheckMate-577 revealed that disease-free survival (DFS) was significantly longer in nivolumab group than in placebo group in GA/GEJA patients (HR for disease recurrence or death, 0.69; 96.4% CI, 0.56 to 0.86; P<0.001) (10). Similar researches also suggest a benefit in ICIs adjuvant therapy, such as the CheckMate-274 trial in urothelial cancer (11) and the MAGE-A3 trial in NSCLC (12). In summary, the value of ctDNA as a risk factor and the clinical benefit of ICIs as a part of adjuvant therapy requires further evidence.

Therefore, we designed this clinical trial, providing ctDNA screening to stage III GC patients who underwent curative gastrectomy, and randomized them into different arms based on ctDNA results. The trial arm will be treated with chemotherapy combined with ICIs and antiangiogenics. The control arm will be given standard chemotherapy. We hope to further explore the prognostic value of ctDNA and whether reinforced adjuvant treatment for ctDNA-positive patients can improve the prognosis.




2 Patients and methods



2.1 Recruitment and allocation

Patients with pathologically and/or cytologically diagnosed GA/GEJA who underwent D2 gastrectomy were potentially eligible for enrollment, and every consenting patient signed the informed consent form (ICF) prior to actual enrollment.

The criteria for eligible patients included 18- to 75-year-old males and females (female participants should not be pregnant or lactating), patients histologically or cytologically diagnosed with stage III GA/GEJA (Siewert III), patients who underwent D2 gastrectomy and achieved R0 or R1 resection, patients with an Eastern Cooperative Oncology Group (ECOG) performance status between 0 to 1, and patients without significant defects in organ function. Considering that the detection of ctDNA via next-generation sequencing (NGS) may take up to 10 working days, patients who received only the first cycle of XELOX chemotherapy will also be accepted for enrollment. The major exclusion criteria included serious/uncontrollable hypertension/cardiac insufficiency/infection/diabetes/renal insufficiency, tendency for gastrointestinal hemorrhage, immune deficiency, recent thrombotic event or any other situation deemed unsuitable for enrollment by the researcher. A more detailed version of our inclusion/exclusion criteria is provided in Supplementary Materials.

The recruited patients will be subjected to ctDNA analysis (Geneseeq Technology Co., Ltd., Nanjing, China; 1021 genes NGS) 3-8 weeks after the operation. Patients with positive ctDNA will be randomly allocated to two arms (arms A&B). Patients with negative ctDNA will constitute arm C. Patients who are ctDNA positive but for various reasons fail in random allocation will be assigned to arm D.

Block randomization is used in this study, with a block size of 4. Random allocation sequence including randomization seed, block size and block counts are provided by our statistics specialist. A central randomization is established, in which researchers will enter the participants’ general information, including abbreviation of participant’s name, gender and age to apply for a randomization number and allocation into arms. This randomization number will be included in the participant’s medical history, and the participant will receive treatment according to the allocated arm.




2.2 Trial design

This study was designed as a prospective, multicenter, randomized, controlled, open-label and multicenter phase II clinical trial conducted in China. beginning in June 2022. Patients in arm A (experiment group) will undergo XELOX chemotherapy combined with anlotinib and penpulimab until they reach the 6-8 cycle without recurrence. Subsequently, they will receive anlotinib combined with penpulimab as maintenance therapy until recurrence or death occurs or reach the maximum length of 1 year. Patients in arm B (control group) will undergo XELOX chemotherapy for 6-8 cycles. Arm C&D will receive the researcher’s choice of treatment according to recommendations by the Chinese Society of Clinical Oncology (CSCO) guidelines. All ctDNA positive patients should receive ctDNA tests every 3 months as a dynamic monitoring  procedure. Considering that NGS analysis may take up to 10 working days, patients could receive 1 cycle of XELOX chemotherapy after ctDNA sampling. Follow-ups and evaluations will be carried out regularly. In addition to data concerning treatment and recurrence, data on nutritional and exercise habits will also be collected in an exploratory attempt to determine the impact of nutrition and exercise on survival and the risk of recurrence.

The primary endpoint of our trial is the DFS of ctDNA-positive patients receiving XELOX combined with anlotinib and penpulimab versus ctDNA-positive patients receiving XELOX alone (arm A versus arm B). The secondary endpoints include the DFS of ctDNA-positive patients versus ctDNA-negative patients, the 2-year DFS rate, the 3-year DFS rate, overall survival (OS), the relationship of dynamic ctDNA status and treatment response, adverse events (AEs), and the impact of nutrition status and exercise on recurrence.




2.3 ctDNA sequencing via NGS

ctDNA from the plasma was extracted using a QIAmp Circulating Nucleic Acid Kit (Qiagen). Genomic DNA from surgical tumor samples and white blood cells was extracted using a DNeasy Blood & Tissue kit (Qiagen). Purified genomic DNA was qualified by Nanodrop2000 for A260/280 and A260/A230 ratios (Thermo Fisher Scientific). All DNA samples were quantified by Qubit 3.0 using the dsDNA HS Assay Kit (Life Technologies) according to the manufacturer’s recommendations. Hereafter, a local bioinformatics polishing pipeline was used to identify somatic variants in ctDNA after filtering out germline variants using normal control DNA. Mutations identified in the matched tumor DNA, which were supported by a minimum of one unique consensus mutant allele read and passed the polishing criteria, were regarded as being present.




2.4 Intervention and assessment

Arm A (experimental group) will be given anlotinib 12 mg, po, qd + penpulimab 200 mg, iv, d1 + XELOX regimen (oxaliplatin 130 mg/m2, iv, d1 + capecitabine 1000 mg/m2, po, qd, d1-14). Arm B will be given the same XELOX regimen as arm A. Arms C&D will be given the investigator’s choice of treatment. If drug-associated toxicity occurs during treatment, it is up to the investigator to consider the effect of the toxicity (according to the National Cancer Institute (NCI) Common Terminology Criteria for Adverse Events (CTCAE 5.1) and the therapeutic benefit and decide whether to adjust the dose of anlotinib or penpulimab. The starting dose of anlotinib is 12 mg qd and can be decreased to 10 mg or 8 mg. A dose reduction or suspension is allowed only when ≥ grade 3 hematological toxicity or ≥ grade 2 nonhematological toxicity is observed. Regarding penpulimab, adjustment of the dose is not recommended. Management of the AEs of penpulimab should be in accordance with the CSCO guidelines for the management of immune checkpoint inhibitor-related toxicity. If the administration of penpulimab is postponed for more than 12 weeks due to infusion-related AEs or more than 3 weeks due to immune-related AEs, the usage of penpulimab should be permanently discontinued. The study flowchart is shown in Supplementary Materials Figure 1. Supportive treatment including antibiotics, pain reliefs, steroids, palliative surgery is considered acceptable as a concomitant care. Any other anti-tumor chemo/endocrine/immune treatment is considered not acceptable.

The results of follow-up examinations should be closely monitored (see Supplementary Materials for details), including ctDNA status every 3 months (in ctDNA-positive patients only) and nutrition status, in a case report form (CRF). Imaging via CT or MRI will be performed before the first administration of drugs, after every 2 cycles and upon treatment completion. Upon and after treatment completion, patients will still be regularly followed-up for survival.




2.5 Data collection and management

After obtaining ICFs signed by the patients, our clinical investigators will begin collecting the baseline data, including age, gender, body mass index and adverse events, along with all laboratory indices and imaging that are required (refer to “Intervention and Assessment” & Supplementary Materials for further details). Peripheral blood and tissue samples will be collected for cytometry analysis, immune environment analysis and genetic sequencing.

All clinical data relevant to our patients will be recorded in CRFs on a regular basis by trained and independent clinical research coordinators (CRCs) and managed by a data manager based at the main center. All data will be verified by the data manager and the principal investigator. The CRFs will be under constant surveillance by the clinical investigators to minimize the possibility that any mistake remains unchecked. All research data will be available exclusively to researchers who have signed a confidential disclosure agreement. In particular, any collected information in this study that may potentially lead to the disclosure of any patient’s identity will not be released until consented by the patient, unless special urgent or legal circumferences dictate otherwise. Should any potential error or missing in the data be identified, the rectification will be made only under the approval of the principal investigator, collaborator, statistician and data manager. The ethics committees of the First Affiliated Hospital of Nanjing Medical University will enforce the rights and welfare of all the patients, adherence to the approved version of the protocol, proper practices in collecting clinical data and performing statistical analysis, and anonymity in publications.




2.6 Statistical analysis

Previous research reported that the median DFS of postoperative adjuvant chemotherapy in ctDNA-positive GA/GEJA patients is approximately 12 months (13, 14). Our hypothesis is that anlotinib plus penpulimab combined with XELOX will prolong DFS to 24 months. Setting the single-sided α as 0.05, β as 0.2, the length of in-group time as 18 months and the length of follow-up as 24 months, the calculated sample size is 36 patients for the test group (arm A) and 36 patients for the control group (arm B); presuming that the drop-off rate is 10%, the total number of participants needed is 40 each group. The key secondary endpoint is the difference in DFS between ctDNA-positive and ctDNA-negative patients treated by only chemotherapy. Given that the median DFS of ctDNA-negative patients receiving standard treatment is approximately 36 months, two-sided α = 0.05, β = 0.2, the length of in-group time is 18 months, and the length of follow-up is 36 months, the sample size should be 14 each for the ctDNA-positive group and the ctDNA-negative group. Taking both hypotheses into consideration, we presume at least 80 ctDNA-positive patients would be needed to complete this study. Considering that the positive rate of ctDNA in postoperative GA/GEJA patients is approximately 25-30%, a total of 300 participants needs to be screened.

Statistical analysis will be carried out by statistics specialists who will take part in the study during the whole process, from the study design and implementation to the data analysis phase. Measurement variables will be analyzed by means of t test, paired t test, rank-sum test, paired rank-sum test, analysis of variance (ANOVA), etc. Count variables will be analyzed using the Cochran–Mantel–Haenszel (CMH) chi-squared test, logistic regression and Fisher’s exact test. Ordinal variables will be analyzed via the rank-sum test. Survival data will be compared via the Kaplan–Meier method or Cox regression. The main clinical response indicators will be subjected to per-protocol population (PP) and full analysis set (FAS) analyses simultaneously. A two-sided test for significance was performed as the default, and P<0.05 was considered significant. The analysis will be performed using SAS software. The data analysis is planned to be at mid-term and upon completion of this trial.





3 Discussion

GC is still a major health threat to China, with over half of the world’s incidences occurring in this country (15). The prognosis of GC patients in China is also less optimistic than that of patients in Europe or the US (16). Currently, a multimodal approach comprising surgery, chemotherapy, targeted therapy, and immunotherapy is employed in the management of GC. Among them, surgery is considered the foundation of our strategy in pursuit of complete remission. However, quite a few patients experience recurrence early, even if they undergo curative surgery and adjuvant chemotherapy (17–19). Therefore, the reinforcement of adjuvant immunotherapy for patients with high recurrence probability is necessary.

Adjuvant immunotherapy has been reported to provide clinical benefits. Lee et al. conducted a trial on post-operation hepatocellular cancer patients. The median time of recurrence-free survival was 44.0 months in the immunotherapy group and 30.0 months in the no-adjuvant control group (P=0.010) (20). KEYNOTE-716 trial showed that pembrolizumab as adjuvant therapy for up to approximately 1 year for resected stage IIB or IIC melanoma. Compared with placebo, pembrolizumab as adjuvant therapy resulted in a significant reduction in the risk of disease recurrence or death. In the first interim analysis, 54 (11%) of 487 patients in the pembrolizumab group and 82 (17%) of 489 in the placebo group had a first recurrence of disease or died (hazard ratio [HR] 0.65 [95% CI 0.46-0.92]; P=0.0066) (21). Thus, adjuvant immunotherapy plays a significant role in improving clinical benefits of patients undergoing postoperative adjuvant treatment.

In ctDNA positive urothelial carcinoma patients, Powles et al. reported an improved DFS and OS in the atezolizumab arm versus the observation arm (22). Therefore, ctDNA positive patients are most probably to benefit from adjuvant immunotherapy. The ATTRACTION-5 study revealed that N+C (Nivolumab plus chemotherapy) vs P+C (placebo plus chemotherapy) in patients with pathological stage III G/GEJ cancer after D2 or more extended gastrectomy did not meet the primary endpoint of RFS. However, benefit of survival was observed in stage IIIc GC patients with higher risk of recurrence. The results of these research suggest that post-operation patients that are in increased risk of recurrence, such as later stage and ctDNA positive status, may benefit from reinforcement of immunotherapy.

ctDNA is one of the means to screen out high-risk patients. Postsurgical ctDNA in patients with stage II–IV resectable CRC is found to be associated with higher recurrence risk. In addition, postsurgical ctDNA identified patients with stage II or III CRC who derived benefit from adjuvant chemotherapy (7). In GC, Yang et al. reported a significant correlation of worse DFS/OS and positive ctDNA with a preceded radiographic recurrence by a median of 6 months (9). Thus, we hypothesized that ctDNA sequencing can screen out high-risk post-operation GC patients and reinforce their adjuvant regimen with immunotherapy might yield positive results.

Approximately a number of 106 tumor cells can be detected in ctDNA positive patients (23). While for imaging examination like CT, a number of 1012 tumor cells or an 8 mm diameter lesion size can be detected. Thus, ctDNA sequencing can be used to find earlier tumor lesion than imaging examination. Besides, the process of angiogenesis starts as early as the tumor reached the size of 2 mm (24, 25). At the same time, early intervention with antiangiogenics might be more effective.

Prior to this study, we have already conducted two study in advanced GC with similar regimens: SPACE trial (apatinib, camrelizumab and SOX regimen, ChiCTR2000034109) and TALENT trial (Anlotinib, tislelizumab and XELOX regimen, NCT04963088). Both yields promising results. In the SPACE trial, the confirmed ORR was 80.8%, median PFS was 10.2 months (95% CI, 5.5-22.3), with the median OS not reached yet (26). In the TALENT trial, The ORR was 75.86% (95% CI: 57.89%-87.78%), and the DCR was 100% (27). Considering the fact that stage III patients are generally in better condition than those with advanced cancer, we expect this regimen can not only reduce risk of recurrence, but also have tolerable adverse effects. Therefore, it is necessary to reinforce adjuvant immunotherapy and antiangiogenics in ctDNA positive GA/GEJA patients undergoing curative surgery and adjuvant chemotherapy.

Our study aims to explore the potential of ctDNA as a biomarker to screen out the patients that are most at risk for recurrence, and the efficacy and safety of reinforcing adjuvant chemotherapy with targeted as well as immunotherapy in high-risk patients determined by ctDNA status. Both of them are novel to adjuvant treatment of GC. This study is also designed to have multiomics analysis, including genomics, transcriptomics, microenvironment immune cell infiltration, radiomics and nutritional analysis, which will help not only to validate the use of ctDNA as an immunotherapy indicator, but also to explore the mechanics that lies beneath. We are the first to report the use of ctDNA as an indicator of reinforced adjuvant therapy, in stage III GA/GEJA. Our data can provide the much needed and long-awaited evidence to support clinical decision in implementing adjuvant immunotherapy in GA/GEJA. However, some limitations remain. Firstly, as a researcher-initiated study, the scale of our study is limited. Expanded trials featuring more patients would provide valuable insight into specific findings derived from subgroups. Secondly, dynamic monitoring of ctDNA status is not applied to all our patients, which means conversion of ctDNA negative patients could be neglected, thus impacts of therapy in this specific population remains unclear. Lastly, only stage III patients, no high-risk stage II patient is enrolled in our study. As early recurrence is also seen in stage II patients, the portion of ctDNA positive patients, prognostic value of ctDNA status and clinical benefit of radical adjuvant therapy cannot be explored in this study. We hope our study can provide novel insights into the clinical use of ctDNA and help to further develop the paradigm of precision medicine.




4 Trial status

We estimate that this clinical study will last for 18 months, starting from July 2022 to February 2024. Patients will be recruited from multiple centers across Jiangsu Province. A total of 300 patients will be screened for this trial.
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Clinical features Subtype 1 Total (N=331)

(N=231)
0s Alive 176 (76.2%) 57 (57%) 233 (70.4%) <0.001
‘ Dead 55 (23.8%) 43 (43%) 98 (29.6%)
‘ Age <=65 107 (46.3%) 54 (54%) 161 (48.6%) 0.244
> 65 124 (53.7%) 46 (46%) 170 (51.4%)
‘ Gender Female 125 (54.1%) 42 (42%) 167 (50.5%) 0043
‘ Male 106 (45.9%) 58 (58%) 164 (49.5%)
‘ Stage 1 130 (56.3%) 44 (44%) 174 (52.6%) 0007
‘ i 56 (24.2%) 22 (22%) 78 (23.6%)
i 33 (14.3%) 25 (25%) 58 (17.5%)
v 12 (5.2%) 9 (9%) 21 (6.3%)
T T1 76 (32.9%) 22 (22%) 98 (29.6%) 0.023
T2 127 (55%) 62 (62%) 189 (57.1%) |
T3 17 (7.4%) 11 (11%) 28 (8.5%)
T4 11 (4.8%) 5 (5%) 16 (4.8%)
|
N NO 158 (68.4%) 55 (55%) 213 (64.4%) 0045
N1 43 (18.6%) 24 (24%) 67 (20.2%)
N2 29 (12.6%) 21 (21%) 50 (15.1%)
N3 1(0.4%) 0 (0%) 1(0.3%)
‘ M Mo 219 (94.8%) 91 (91%) 310 (93.7%) 029

M1 12 (5.2%) 9 (9%) 21 (6.3%)
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Subgroup Events/Patients Unstratified Hazard Ratio (95% CI) P Value
Age, years
>65 38/39 " 1.00
<65 42/45 —a— 1.23 (0.79 - 1.91) 0.36
Sex
Female 39/40 ] 1.00
Male 41/44 —a— 0.80 (0.51 - 1.24) 0.31
ECOG PS
0 38/41 ] 1.00
1 42/43 —a— 1.73 (1.11 - 2.70) 0.02
Weight loss
<5% 30/33 ] 1.00
25% 50/51 —a— 1.66 (1.05 - 2.63) 0.03
Bilirubin, pmol/L
<25 75179 | 1.00
>25 5/5 e 9.41 (3.46 - 25.60) <0.01
mGPS
0 27/29 ] 1.00
1 39/41 —a— 1.20 (0.73-1.97) 0.47
2 14/14 —a— 2.66 (1.38 - 5.13) <0.01
CRP, mg/L
<10 25/26 ] 1.00
210 55/58 —a— 1.30 (0.81 - 2.10) 0.28
Log(IL-6)

77/81 HH 1.20 (1.03 - 1.41) 0.02
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77/81 Ll 1.15(0.93 - 1.41) 0.20
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Normal 29/32 ] 1.00
High 49/49 —a— 2.22 (1.37 - 3.59) <0.01

T T T T T T 1
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Multivariate
Subgroup Events/Patients Hazard Ratio (95% CI) P Value
Age, years
>65 38/39 n 1.00
<65 42/45 —=— 1.11 (0.69 - 1.79) 0.67
ECOG PS
0 38/41 [ ] 1.00
1 42/43 —a— 1.37 (0.81 - 2.30) 0.24
Weight loss
<5% 30/33 [ ] 1.00
5% 50/51 —=— 1.24 (0.74 - 2.06) 0.42
Bilirubin, pmol/L
<25 75179 ] 1.00
>25 5/5 o | 16.17 (5.12 - 51.09) <0.01
mGPS
0 27/29 | 1.00
1 39/41 —a— 1.03 (0.59 - 1.79) 0.92
2 14/14 - 1.60 (0.67 - 3.82) 0.29
Log(IL-6)

77/81 HH 0.97 (0.78 - 1.21) 0.80
YKL-40
Normal 29/32 n 1.00
High 49/49 —a— 2.19 (1.21 - 3.95) <0.01

[ T T I T T 1
025050 1.0 20 40 80 16.032.0
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Biomarker/
cell proportion

Viral-related HCC Non-viral HCC

Univariate analysis Multivariate analysis Univariate analysis Multivariate analysis

HR (95% CI) P-value HR (95% CI) HR (95% Cl) HR (95% CI)
LAG3 0.41 (0.162-1.06) 0.066 - - 0.038 (0.004-0.354) 0.004* 0.009 (0.0004-0.183) 0.002*

LAG3CDS' 0.208 (0.048-0.91) 0037 0022 (0.003-0.184) | 0.0004° 0.092 (0.016-0.54) 0.008* 0.046 (0.004-0.53) 0.014*

CD8 0.149 (0.019-1.16) 0.069 - [ = 0.197 (0.050-0.79) 0.021* 0.180 (0.033-0.98) 0.048*
PD-L1 0.65 (0.340-1.25) 0.20 | - | - 1.08 (0.377-3.09) 0.89 - -
STAT1 0271 (0.035-2.10) I 0.21 | - [ - 0.116 (0.022-0.61) V 0.011* 0.041 (0.003-0.67) | 0.025*
CD38 0.184 (0.063-0.54) 0.002* 0.158 (0.052-0.48) [ 0.001* 0.395 (0.108-1.44) 0.16 - -
CD68 0.49 (0.222-1.07) 0.074 = = 3.72 (0.49-28.4) V 0.30 = =
CD38"CD68* | 0251 (0.111-0.57) 0.0009* 0.251 (0.109-0.58) " 0001 3.16™' (0-Inf) 0.998 = =

*P-value< 0.05 indicates statistical significance.
« Multivariate analysis was performed only in cases where the univariate analysis was significant. Detailed analysis is shown in
« CI, confidence internal; HCC, hepatocellular carcinoma; HR, hazard ratio; ICB, immune checkpoint blockade.
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P

factor

Hepatitis status

Negative 128 Reference
Positive 145 1.07 (0.58-1.98) 0.84
BCLC Stage

Aand B 209 | Reference

€ 142 0.87 (0.375-2.10) 0.87

Edmondson-Steiner Grade

1 12.8 Reference

2and 3 8.4 | 0.84 (0.396-1.79) 0.65
Age (years)

<65 9.7 Reference

265 14.5 1.20 (0.66-2.18) 055
AFP marker (ng/mL)

<400 142 Reference
>400 19.2 | 097 (0.53-1.79) 0.93
ECOG PS scale

0 14.5 Reference

21 7.0 [ 0.75 (0.40-1.40) 0.37
Child-Pugh score

A5 19.3 Reference

A6 5.7 0.71 (0.365-1.37) 0.30
B7 and B8 4.1 ‘ 0.387 (0.151-0.99) [ 0.047%

‘ Macrovascular invasion

Absent 147 Reference

Present 9.8 1.01 (0.53-1.93) 0.97

{ Extra-hepatic Spread
Absent 8.0 Reference
Present 14.7 | 143 (0.76-2.70) 0.27

« *P-value< 0.05 indicates statistical significance.
« AFP, alpha-fetoprotein; BCLC, Barcelona Clinic Liver Cancer; CI, confidence interval; ECOG PS, Eastern Cooperative Oncology Group Performance Status; HCC, hepatocellular carcinoma; HR,
hazard ratio; ICB, immune checkpoint blockade; mOS, median overall survival.
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Progression-free survival Overall survival

Univariate analysis Multivariate analysis Univariate analysis Multivariate analysis
Variable/ mPFS HR (95% P- HR (95% P- mOS HR (95% HR (95% P-
cell onths) (@) value (@)] value months) (@)} (@)} value
proportion
LAG-3
Low 153 Reference Reference 6.67 Reference Reference
High 5.60 0278 (0.141- | 0.0002* | 0224 (0.106- | 0.00008" 22.90 0350 (0.175- | 0.003* | 0307 (0.147- | 0.002*
0.55) 0.47) 0.70) 0.64)
LAG-3*CD8"
Low 1.40 Reference Reference 520 Reference Reference
High 4.10 0276 (0.135- | 0.0005% | 0259 (0.123- | 0.0004* 20.90 0.200 (0.085- | 0.0002* | 0208 (0.088- | 0.0004*
057) 0.55) 0.47) 0.49)
CD8
Low 1.93 Reference Reference 487 Reference Reference
High 12.40 0.46 (0.24- 0021 | 0280 (0.127- | 0.002* 14.40 0.182 (0.068- | 0.0007* | 0.160 (0.057- | 0.0005*
0.89) 0.61) 0.49) 0.45)
PD-L1
Low 177 Reference Reference 9.80 Reference Reference
High 270 0.66 (0.380- 0.13 056 (0.317- 0.044* 18.80 0.73 (0.41- 0.28 0.58 (0.306- 0.09
1.12) 0.98) 1.30) 1.10)
STAT1
Low 157 Reference Reference 6.67 Reference Reference
b : ! !
High 4.10 0380 (0.176- | 0.014* | 034 (0.136- 0.024 22,90 0314 (0.136-  0.007* | 0276 (0.104- = 0.010*
0.82) 0.87) 0.73) 0.73)
CD38
Low 177 Reference Reference 8.17 Reference Reference
High 11.24 0.49 (0.266- 0.02° 0.44 (0.235- 0.011* 36.67 0267 (0.122- | 0.0009° | 0216 (0.095- | 0.0003*
0.89) 0.83) 0.58) 0.49)
CD38"CD68"*
Low 797 Reference Reference 797 Reference Reference
High 192 0.51 (0.300- 0014* | 051 (0.293- 0.015% 34.93 0381 (0.207- 0002 | 0354 (0.186- | 0.002*
0.87) 0.88) 0.70) 0.67)

« *P-value< 0.05 indicates statistical significance.

+ In multivariate Cox regression analysis, survival outcome was adjusted for AP level, ECOG PS scale, macrovascular invasion status, and Child-Pugh score. Full analysis is shown in Supplementary
Table 4.

+ AFP, alpha-fetoprotein; CI, confidence interval; ECOG PS, Eastern Cooperative Oncology Group score Performance Status; HCC, hepatocellular carcinoma; HR, hazard ratio; ICB, immune
checkpoint blockade; mPES, median progression-free survival; mOS, median overall survival.
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Univariate analysis Multivariate analysis

Variables

HR (95% Cl) P value HR (95% Cl) P value
Age (years) ‘ 1(0.97,1.03) 0.946 - -
Sex (Male vs. Female) 0.96 (0.42,2.22) 0.928 - -
Tumor (ESCC vs. NSCLC) 1.97 (0.52,7.38) 0.317 4.83 (0.95,24.6) 0.058
Tumor (GC vs. NSCLC) 4.01 (1.25,12.89) 0.020 3.06 (0.58,16.14) 0.187
Tumor (Head and neck vs. NSCLC) 1.26 (0.34,4.70) 0.735 0.40 (0.05,2.98) 0.369
Tumor (Others vs. NSCLC) 1.53 (0.46,5.07) 0.483 0.89 (0.25,3.25) 0.864
Performance status (2-3 vs. 0-1) 2.03 (0.27,15.33) 0.493 - -
TNM stage (IV vs. III) 4(0.94,16.93) 0.060 - -
Liver metastasis (Yes vs. No) 1.89 (0.79,4.54) 0.154 = ®
Multiple metastases (Yes vs. No) 1.61 (0.71,3.62) 0.251 = #
Immunotherapy (Nivolumab vs. Pembrolizumab) 271 (1,7.32) 0.049 1.34 (0.29,6.12) 0.703
Immunotherapy (Tislelizumab vs. Pembrolizumab) 0.34 (0.04,2.76) 0.315 0.24 (0.02,2.44) 0.228
Immunotherapy (Toripalimab vs. Pembrolizumab) 1.79 (0.58,5.47) 0.309 5.65 (0.94,33.92) 0.058
Immunotherapy (Others vs. Pembrolizumab) 1.87 (0.56,6.28) 0.308 2.96 (0.79,11.10) 0.109
Combination therapy (Yes vs. No) 1.56 (0.36,6.70) 0.552 - -
PD-L1 status (Positive vs. Negative) 0.27 (0.08,0.94) 0.039 0.23 (0.05,0.99) 0.049
MSI status (MSS vs. MSI-H) 94048932 (0,Inf) 0.997 - -
Lymphocytes (/L) ‘ 1(1,1) 0.078 - -
CD19+ B cells (/uL) 1(0.99,1) 0.426 - -
CD16+CD56+ NK cells (/uL) 1(11) 0.078 - -
CD3+ T cells (/uL) 1(1L1) 0.190 - -
CD3+CD4+ T cells (/uL) 1(L1) 0.117 - -
CD3+CD8+ T cells (/uL) 1(1,1) 0.731 - -
CD4+CD45RA- T cells (/uL) 1(1L1) 0.093 - -
CD4+CD45RA+ T cells (/uL) 1(0.99,1) 0.637 - 2
CD4+CD45RA+CD62L+ T cells (/uL) 1(11) 0.873 - -
CD4+CD28+ T cells (/uL) 1(L1) 0.212 - -
CD8+CD28+ T cells (/uL) ‘ 0.99 (0.99,1) 0.003 0.99 (0.99,1) 0.018
CD8+HLA-DR+ T cells (/uL) 1(1,1) 0.926 - -
CD8+CD38+ T cells (/uL) 1(0.99,1) 0.387 - 5
CD4+/CD8+ 1.05 (0.75,1.47) 0.763 -

ESCC, esophageal cell squamous carcinoma; GC, gastric cancer; MSI, microsatellite instability; MSI-H, MSI-high; MSS, microsatellite-stable; NSCLC, non-small cell lung cancer; PD-LI,
programmed death ligand-1.
The bold values indicate they are statistically significant (p<0.05).
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Mann-Whitney U test was used to compare medians between two groups, and Kruskal-Wallis test was used for medians between > two groups. Abbreviations: ECOG PS, Eastern Cooperative
Oncology Group performance status; mGPS, modified Glasgow Prognostic Score.
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Age (median, range) 61 (16-90) 69 (31-89)
‘ Gender (%)
Female 121 (32.8%) 61 (26.4%)
Male 248 (67.2%) 170 (72.6%)
‘ Grade (%)
Grade 1 55 (14.9%) NA
Grade 2 177 (48.0%) NA
Grade 3 120 (32.5%) NA
Grade 4 12 (3.3%) NA
Unknown 5 (1.4%) NA
Stage (%)
1 170 (46.1%) 36 (15.6%)
i 85 (23.0%) 105 (45.5%)
11 85 (23.0%) 71 (30.7%)
v 5 (14%) 19 (8.2%)
Unknown 24 (6.5%) 0(0%)
Survival state
0S days (median) 601 780
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Id

SLC16A11
‘ CACYBP
‘ HSF2

ATG10

ef HR H
-0.03755 0.963147 0.930365
0.038092 1.038827 1.011348
0.173432 1.18938 1.046539
0.504545 1656231 1.158781

HR.95H

0.997084

1.067052

1351717

2.367231

P value

0.033566

0.005354

0.007888

0.005629
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Iname Idose Moa Sample 1ES
BRD-A99218607 10 uM 24h NA 2 0.15
naproxol 10 uM 6h Anti-inflammatory 3 0.11
[ BRD-K63436783 10 uM 6h NA 3 0.07
BRD-K22384978 10 uM 6h NA 3 0.11
BRD-K04188046 10 uM 6h NA 5 0.23
Levothyroxine 222 uM 24h Thyroid hormone stimulant 2 021
Imatinib 10 uM 24h PDGEFR inhibitor|Bcr-Abl inhibitor|KIT inhibitor 4 0.2
Ambrisentan 0.125 uM 24h Endothelin receptor antagonist 3 0.27
BRD-K28223745 4uM 24h NA 3 0.13
VX-222 0.03 uM 24h HCYV inhibitor 2 0.13
Alda-1 40 uM 6h Aldehyde dehydrogenase activator 2 012
Bucladesine 10 uM 6h NA 3 0.07
1CI-63197 10 uM 24h Phosphodiesterase inhibitor 2 0.05
Rutin 0.03 uM 24h Antioxidant|Capillary stabilizing agent|Nitric oxide scavenger 2 0.09
Tandutinib 10 uM Six h FLT3 inhibitor|KIT inhibitor|PDGFR inhibitor 5 [ 0.33

NA: No annotation.
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Key TF Descripti P value Q value List of overlapped genes
ILF3 Interleukin enhancer binding factor 3, 90kDa 1.24E-05 0.000136 HLA-DRBI, HLA-DRA
RFXANK Regulatory factor X-associated ankyrin-containing protein 6.16E-05 0.000226 ] HLA-DRA, HLA-DRB1
REXAP Regulatory factor X-associated protein 6.16E-05 0.000226 HLA-DRBI, HLA-DRA
REX5 Regulatory factor X, 5 (influences HLA class II expression) 8.96E-05 0.000246 ‘ HLA-DRA, HLA-DRB1
CIITA Class 11, major histocompatibility complex, transactivator 0.000271 0.000595 HLA-DRBI, HLA-DRA
RELA V-rel reticuloendotheliosis viral oncogene homolog A (avian) 0.00159 0.00254 TNF, PTPN6,AKT1
NFKB1 Nuclear factor of kappa light polypeptide gene enhancer in B-cells 1 0.00162 0.00254 PTPN6, AKT1, TNF
AR Androgen receptor 0.00242 0.00333 CDC6, AKT1

E2F1 E2F transcription factor 1 0.00495 0.00605 TNF, CDC6

STAT3 Signal transducer and activator of transcription 3 (acute-phase response factor) 0.00554 0.00608 PTPN6, AKT1

JUN Jun proto-oncogene 0.00608 0.00608 RUNX2, TNF
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Gel Forw; primer (5’ to 3') Reverse primer (5’ to 3')
185 GTAACCCGTTGAACCCCATT CCATCCAATCGGTAGTAGCG
B-actin CTCCATCCTGGCCTCGCTGT ACTAAGTCATAGTCCGCCTAGA
AKT1 AGCGACGTGGCTATTGTGAAG GCCATCATTCTTGAGGAGGAAGT
CDC6 CCAGGCACAGGCTACAATCAG AACAGGTTACGGTTTGGACATT
ILF3 AGCATTCTTCCGTTTATCCAACA GCTCGTCTATCCAGTCGGAC
SLC16A11 CGTGGAGGCTTCTCTCACAG CGTAGGACAGCCCGTTTATCG
CACYBP CTCCCATTACAACGGGCTATAC GAACTGCCTTCCACAGAGATG

HSF2

ATG10

AGAATGAGTCCCTTTGGAAGGA

AGACCATCAAAGGACTGTTCTGA

TTCTTTTGGGCTCCATTAGTGTT

GGGTAGATGCTCCTAGATGTGAC
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Adverse ev Grade 2 Grade
Leucopenia 6 (20.0%) 3 (10.0%)
Thrombocytopenia 1 (3.3%) 0 (0%)
Anemia 1(3.3%) 0 (0%)
Gastrointestinal reaction 9 (30.0%) 0 (0%)
Skin rash 0 (0%) 1(3.3%)
Neurotoxicity 1 (3.3%) 0 (0%)
Abnormal liver function | 1 (3.3%) 0 (0%)

| Total 15 (50%) 4(133%)
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Clinical characteristics No. of cases Median PFS Log-rank p value

(mo)
Sex
Male 23 3.0 1.0
Female 7 2.8 1.0
Age (years)
265 11 29 | 1.0
<65 19 3.0 1.0

Smoking history
No 1 28 1.0
Yes 19 3.1

Brain metastases

With 10 3.0 0.943
Without 20 32
ECOG PS
0 2 L5 0321
1 28 35
Pathological subtype
LUAD 20 32 0.807
LUSC 10 29

Line of treatment
Second-line 13 29 0.698
Third- or later-line I 17 3.0 0.698
Prior use of immunotherapy
Yes 16 29 0.226
No 14 29 0.226
Prior use of antiangiogenic agents
Yes 21 2.9 1.0

No >9 38 1.0

ECOG PS, Eastern Cooperative Oncology Group Performance Status; LUAD, lung adenocarcinoma; LUSC, lung squamous cell carcinoma; No., number; mo, month; PES, progression-free survival.
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Characteristic = Cases (n,

Sex Male 23 (76.7)
Female 7 (233)
Age 265 years 11 (36.7)
<65 years 19 (63.3)
Pathological subtype LUAD 20 (66.7)
LUSC 10 (33.3)
Smoking history Yes 19 (63.3)
No 11 (36.7)
ECOG PS 0 2(6.7)
1 28 (93.3)
Metastases Bone 15 (50.0)
Brain 10 (33.3)
Adrenal gland 7 (23.3)
Liver 4(13.3)
Spleen 2(6.7)
Kidney 1(3.3)
Actionable alteration status EGFR L858R 4(13.3)
EGFR 19del 4(133)
EGFR T790M 3 (10.0)
BRAF V600E 3 (10.0)
KRAS mutations 1(3.3)

HER?2 amplification 1(33)
HER?2 20ins 1(3.3)
ROSI rearrangement 1(3.3)
ALK fusion 1(3.3)

RET rearrangement 1(3.3)

TP53alterations 4(13.3)
Without 7 (23.3)
Unknown 5(16.7)
PD-L1 status TPS =1 6 (20.0)
Unknown 24 (80.0)
Line of treatment Second-line 13 (43.3)

Third- or later-line 17 (56.7)

Prior use of immunotherapy Yes 16 (53.3)
No 14 (46.7)

Prior use of antiangiogenic agents = Yes 21 (70.0)
No 9 (30.0)

NSCLC, non-small cell lung cancer; LUAD, lung adenocarcinoma; LUSC, lung squamous cell
carcinoma; ECOG PS, Eastern Cooperative Oncology Group Performance Status; PD-L1,
programmed cell death ligand-1; TPS, tumor proportion score; del, deletion; ins, insertion;
without, patients who did not harbor actionable alterations; unknown, patients who were not
performed on for actionable alteration detection.
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Types/ characteristics

Apoptptic bodies

Size:  50-5000nm
Shape:  Iegular

Markers: ~ Phosphatidyserine
Origin:  Dying cells

Exosomes

Size:  40-100nm

Shape:  Cup shaped

Markers: Tetraspanins, ALIX, TSG101,
ESCRT

Exosomes. Origin:  Multivesicular endosomes
®

® Microvesicles

Size:  100-10000m
Shape:  Irregular

Markers: ~Tetraspanins, Integrin
Origin:  Plasma membrane

Microvesicles
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Patient Characteristic PFS

HR (95% Cl) HR (95% Cl)
Endogenous GC (2322 nmol/L vs <322 nmol/L) ‘ 1.779 (1.135-2.788) 0012 2.468 (1.207-5.046) ‘ 0013
NLR (25 vs <5) ‘ 1.613 (0.954-2.727) 0075 1.409 (0.689-2.880) ‘ 0348
ALB (<40 g/L vs 240 g/L) ‘ 1.107 (0.728-1.683) 0635 0710 (0.404-1.248) ‘ 0234
Treatment (monotherapy vs combination therapy) ‘ 2.193 (1.206-3.988) 0010 0.830 (0.423-1.627) ‘ 0587
Metastatic site (>2 vs <2) ‘ 1.909 (1.264-2.884) 0.002 1472 (0.833-2.602) ‘ 0.184
ECOG PS (32 vs 0-1) ‘ 0,523 (0.318-0.860) 0011 0552 (0.295-1.031) ‘ 0.062

ALB, albumin; ECOG, Eastern Cooperative Oncology Group; GC, glucocorticoid; HR, hazard ratio; NLR, neutrophil to lymphocyte ratio; PES, progression-free survival; PS, performance status;
08, overall survival.
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Baseline Char- Low GC (<322 High GC (=322

acteristic nmol/L) nmol/L)
(n=50) (n=8
Age, range, years 62 (30-78) 64 (22-86) 0.762
<60 22 (44) 34 (42) 0.867
260 28 (56) 46 (58)
Sex 0.583
Male 34 (68) 58 (73)
Female 16 (32) 22 (27)
ECOG PS 0.028
0-1 46 (92) 60 (75)
2 4(8) 20 (25)
Smoking status 0.824
Ever 26 (52) 40 (50)
Never 24 (48) 40 (50)
BMI, kg/m’ 0.353
Underweight 3(6) 13 (16)
(<18.5)
Normal (18.5-24) 32 (64) 46 (58)
Overweight (24— 11 (22) 17 (21)
| 28)
‘ Obese (>28) 4 (8) 4 (5)
‘ Cancer type 0.465
‘ Gastric carcinoma 16 (32) 18 (22)
NSCLC 6(12) 14 (18)
HCC 4(8) 8 (10)
SCLC 2(4) 6(8)
Esophageal cancer 5(10) 3(3)
Others 17 (34) 31 (39)
Treatment 0.383
Monotherapy 7 (14) 16 (20)
Combination 43 (86) 64 (80)
therapy
1C1 0.136
Anti-PD-1 38 (76) 69 (86)
antibody
Anti-PD-L1 12 (24) 11 (14)
antibody
PD-L1 expression 0.872
Not available 37 (74) 57 (71)
<1% 5(10) 6(8)
1-49% 8 (16) 16 (20)
250% 0(0) 1(1)
MSI/MMR status 0.183
Not available 38 (76) 63 (79)
MSI-H (dMMR) 0(0) 4(5)
MSI-L/MSS 12 (24) 13 (16)
(pPMMR)
Distant metastasis 0.589
Non-metastatic 12 (24) 16 (20)
Metastatic 38 (76) 64 (80)
Brain metastasis 1.000
Yes 2(4) 4(5
No 48 (96) 76 (95)
Adrenal gland 0.298
metastasis
Yes 0(0) 4(5)
No 50 (100) 76 (95)
Line of therapy 0.230
First line 16 (32) 18 (22)
Second line or 34 (68) 62 (78)
later
Previous surgery 0.403
Yes 30 (60) 42 (53)
No 20 (40) 38 (47)
Radiotherapy 0.394
Yes 11 (22) 23 (29)
No 39 (78) 57 (71)
NLR 0.006
<5 48 (96) 61 (76)
>5 2 (4) » 19 (24)
ALB, g/L 0.288
<0 19 (38) 38 (48)
>40 31 (62) 42 (52)
Lymphocyte count, 0.011
x 10°/L
<l.1 12 (24) 37 (46)
=1.1 38 (76) 43 (54)
Blood glucose, 0.523
mmol/L
<6.11 42 (84) 62 (79)
26.11 8 (16) 16 (21)
Cholestenone, 1.000
mmol/L
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Biomarker ICI Time of Conclusion Device Respective =~ Comment
assessment cut-off
(If signifi-
cant)
(Alama 89 CTC count Nivo Baseline and Pts with CTC < 2/3 mL had better ScreenCell  CTC count Progressing pts with
et al, 2019 on-treatment OS (median: 8.8 vs 6.2 mths, p = >2/3mL concomitant lower
(135)) 0.05) CTCs and cfDNA
performed clinically well
(p = 0.007)
(Park etal, 83 CTC count Pembro,  Baseline and Pts with decreased CTC count CD- CTC count CTC count at baseline
2021 (136)) n=18 on-treatment from Cl to C2 had better PFS PRIME >4.6/7.5 mL did not predict ICI
Atezo, (median: 6.7 vs 2.3 mths; p = response
n=65 0.078) and OS (median: NR vs 6.8
mths, p = 0.021)
(Tamminga 104 = CTC count Nivo, Baseline and CTC detection was an independent  CellSearch  CTC count
et al, 2019 n=89 on-treatment predictive factor for worse PFS and >0/7.5 mL
(133)) Pembro, OS at baseline (OR: 0.28, p = 0.02),
n=8 and on-treatment (OR: 0.07, p <
Atezo, 0.01),
n=5
Nivo
+Ipi,
n=2
(Mondelo- 50 CTC count Pembro Baseline and Pts with detectable CTC by CellSearch  CTC count 13 pts treated by
Macia et al., and PD-L1 on-treatment CellSearch had shorter PFS and >0/3 mL combination CT-ICI
2021 (137)) expression (median: 3 vs 12.6 mths, p < 0.05)  Parsortix  PD-L1" by
and OS (median: 4.9 vs 21.1 mths, systems CTCs
p <0.05)
(Dall'Olio 39 CTC count Nivo, Baseline Median OS in pts with PD-L1" CellSearch Divided into 3 No correlation was
etal, 2021 and PD-L1 Pembro, CTC was 2.2 mths vs 3.7 mths groups: found between PD-L1
(138)) expression or Atezo (HR: 033, p = 0.019) in pts with noCTC (n= | expression by CTCs and
by CTCs PD-L1" CTC vs 16.0 mths, (HR: 15), tumor tissue
0.17 p < 0.001) in pts with no CTC PD-L1* CTC CTC number was
(n=13), correlated with baseline
and PD-L1° tumor size
CTIC(n=11)
(Guibert 96 CTC count Nivo Baseline and Baseline high CTC number was ISET CTC count CTCs were more
etal, 2018 and PD-L1 on-treatment associated with worse OS (HR: = 30/10mL frequently found to be
(134)) expression 1.06; p = .03) and PFS (HR: 1.05; p PD-L1* by PD-LI positive than
=.02) CTCs (21%) tissue (83% vs 41%)
Higher baseline PD-L1* CTC No correlation between
number (21%) was observed in the tissue and CTC PD-L1
“non-responders” group (PFS < 6 expression (r = 0.04, p =
miths) (p = .04) 0.77).
PD-L1" CTCs were seen
in all pts at progression.
(Dharetal, = 22 CTC count Pembro,  Baseline Not significant Vortex CTC count Analyses were restricted
2018 (139)) and PD-L1 n=10 > 1.32/mL to pts with blood
expression Nivo, 22 PD-L1" collection immediately
by CTCs n=2 CTCs (overall before starting ICI (n =
Nivo count) 17)
+Ipi,
n=8
Ave, n=2
(Tkeda et al, = 45 PD-L1 Nivo Baseline and PFS was significantly longer in pts MCA 27.7% PD- The cut-off value of the
2021 (140)) expression on-treatment with = 7.7% PD-L1* CTCs rate (n system L1* CTCs rate PD-LI positivity rates in
by CTCs = 8) than in those with < 7.7% the CTCs was calculated
rates (n = 8; p < 0.01) at 8w at 4,8 or 12w based on
the ROC method
(Nicolazzo 24 PD-L1 Nivo Baseline and Pts with PD-L1" CTCs all obtained  CellSearch PD-L1* by Although CTCs were
etal, 2016 expression on-treatment  a clinical benefit, while pts with CTCs found in all pts 6 mths
(141)) by CTCs after treatment, pts
\ PD-L1* CTCs all experienced could be dichotomized |
progressive disease into 2 groups based on
PD-LI expression by
CTCs
(Bao et al,, 15 PD-L1, CEA, = Nivo Baseline High expression of CEA (p = Polymeric Not provided Only 2/17 cases had
2018 (142)) and hTERT 0.017) and hTERT (p = 0.072) by microfluid CTCs expressing PD-L1
expressions CTCs were associated with poor CTC chip
by CTCs clinical response
(Papadaki 15 CTC count Anti- Baseline Detection CTCs by either ISET Parsotix CTC count Ficoll, ISET, and
et al, 2020 and IDO PD-1 (median: 2.5 vs 5.8 mths; p = ISET >0/5 mL Parsortix presented the
(143)) expression 0.037), Parsortix (median: 2.5 vs Ficoll 211IDO" CTC  highest yields and
by CTCs 6.2 mths; p = 0.036), or any (overall count)  compatibility with

method (median: 2.5 vs 10.6 mths;
P = 0.007) was correlated with
worse PFS

IDO" CTCs were associated with
shorter PFS (median: 2.5 vs 5.8
mths, p = 0.039) and OS (HR:
546, p = 0.021)

phenotypic analysis

At the pts level, they
provided discordant
CTC positivity (13%,
33%, and 60% of pts,
respectively)

PD-L1 was expressed in
33% of CTCs

ICI, Immune checkpoints inhibitors; CTC(s), Circulating tumor cells; Nivo, nivolumab; OS, Overall survival; mths, months; cfDNA, Cell-free DNA; Pts, patients; PD-L1, Programmed death
ligand 1; Pembro, Pembrolizumab; PFS, Progression Free-survival; CT, Chemotherapy; ISET, Isolation by SizE of Tumor cells; Atezo, Atezolizumabs Ipi, Ipilimumab; Ave, Avelumab; CEA,
Carcinoembryonic antigen; hTERT, human Telomerase reverse transcriptase; IDO, indoleamine-2,3-dioxygenase 1; PD-1, Programmed death 1; HR, Hazard ratio; w, weeks; MCA, automated
microcavity array; ROC, Receiver Operating Characteristic; n, effective.
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(Mazzaschi 109 | sPD-L1 Nivo, Baseline Pts with low sPD-L1 had a better PFS Prosp 113 pg/ml
etal, 2020 n=66, (median: 11.9 vs 3.8 mths (HR: 2.55; p <
(113)) Pembro, 0.001) and OS (median: 15.0 vs 5.8 (HR:
n=21, 2.53; p = 0.001)
Atezo,
n=22
(Zamora 118 | sPD-L1 Not Baseline No differences were observed for pts Prosp 12.94 pg/ml
Atenza provided with high vs low sPD-L1
etal, 2022
(110))
(Ohetal, 128 | sPD-LI Nivo, Baseline and High sPD-L1 was associated with worse | Prosp 11 pg/uL. 128 pts including 50
2021 (114)) n=41 on-treatment PES (median: 2.9 mths vs 6.3 mths; p = NSCLC
Pembro, 0.023), and OS (median: 7.4 mths vs
n=32 13.3 mths; p = 0.005)
Durva, In multivariate analyses, high sPD-L1
n=15, was an independent prognostic factor
Ipi, n=5, for both decreased PFS (HR: 1928, p =
Atezo, 0.038) and OS (HR: 1.788, p = 0.004).
n=4
(Murakami | 233 | sPD-L1 Nivo or Baseline For high sPD-L1 pts, both PFS (median: = Retro 90 pg/mL
et al, 2020 pembro 57 d vs 177 d; p = 0.011) and OS
(111)) (median: 182 d vs not reached, p <
0.001) were worse than those in the low
sPDLI group
SPD-L1 was independently associated
with a shorter PFS (HR: 1.910; P =
0.061) and OS (HR: 2.073; P = 0.034) in
multivariate analysis.
(Okuma 39 sPD-L1 Nivo Baseline DCR was better for pts with low plasma  Prosp 3.357 ng/mL
etal, 2018 sPD-L1 levels (59% vs 25%)
(115)) Pts with high sPD-L1 levels had a
significantly shorter TTF (5.36 mths vs
1.48 mths; p = 0.032) and OS (7.20
mths vs not reached; p = 0.040)
(Ando 21 sPD-L1 Nivo, Baseline and Reduction sPD-L1 was significantly Prosp Not provided Same cohort as
etal, 2019 n=5, on-treatment correlated with tumor regression in pts Ohkuma et al.
(116)) Pembro, administered 4 cycles of treatment (p < Focusing on sPD-1
n=7 0.05). and sPD-L1
Baseline sPD-L1 in pts who received alternatively
ICIs were not correlated with the OS
(Castello 20 sPD-L1 Nivo, Baseline and No difference in survival outcomes was Prosp 27.22 pg/mL
etal, 2020 n=12 on-treatment observed between low sPD-L1 and high
(117)) Pembro, sPD-L1 pts
n=7 An increase in sPD-L1 concentrations
Nivo during ICI treatment may reflect the
+Ipi, expansion of tumor volume and the
n=1 tumor lysis.
(Costantini 43 sPD-L1 Nivo Baseline and Baseline sPD-L1 was not associated with  Prosp 33.97 pg/mL sPD-L2 did not affect
etal, 2018 sPD-L2 on-treatment ORR A sPD-L1 clinical outcomes
(118)) High sPD-L1 at 2 mths and increase of
sPD-L1 were associated with worse PFS
(median: 11.8 mths vs 2.2 mths; p =
0.041) with a similar trend for OS (p =
0.087)
Pts with an increase sSPD-L1 had worse
PFS (median: 1.8 mths vs 6.5 mths; p =
0.008) and OS (median: 5.4 mths vs not
reached; p = 0.028)
An increase of sPD-L1 remained an
\ independent negative factor for PES
(HR: 4.85; p = 0.048) but not for OS
(Tiako 51 sPD-L1 Nivo Baseline and sCombo positivity was associated with Retro Composite Baseline sPD-1 and
Meyo et al,, sPD-1 on-treatment shorter PFS (median: 78 d vs 658 d; HR: criteria sPD-L1 were positive
2020 (119)) 4.12; p = 0.0002) and OS (HR: 3.99; p = sCombo for 15 (29.4%) and 27
0.003) (limit of (52.9%) pts,
detection: respectively
0.156 ng/mL)
(Lambert 40 sPD-1 Budiga Baseline Pts with high sPD-1 had better PFS Prosp Not provided 40 NSCLC among 81
etal, 2022 (HR: 0.209; p = 0.002) pts (41 HNSCC)
(120))
(Ohkuma 21 | sPD-1 Nivo, Baseline and No significant associations between Prosp Not provided  Small effective
etal, 2021 n=5, on-treatment sPD-1 and PFS/OS at baseline or after 2 including only 12
(121)) Pembro, and 4 cycles of ICI NSCLC
=7 An increased rate of change in plasma
sPD-1 concentrations after 2 and 4
cycles of ICI significantly correlated with
tumor progression (p = 0.024).
(Zhang 24 exoPD-L1 Not Baseline Pts with low exosomal PD-L1 had a Prosp 149 pg/mL
etal, 2020, provided better PFS (median: 2.0 mths vs 8.0
p. 28 (122)) mths; p = 0.010)
(Shimada 17 | exoPD-L1 Nivo, n=  Baseline The DCR of 100% for pts with high Prosp 166 pg/mL 17 reccurence treated
etal, 2021 6, exosomal PD-L1 (n = 11/17) by ICI among 120 pts
(112)) Pembro, Pts with high exosomal PD-L1 tended with stage I-11T
n=11 to have a worse RFS in all stages (p = NSCLC
0.163)
(Yangetal, 51 | PD-LI Not Baseline and Pts with a fold change of PD-LI mRNA | Prosp APD-LL 51 pts including 41
2021 (123)) mRNA provided | on-treatment > 2.04 had better PFS, OS, and bORR mRNA (fold NSCLC
exoPD-L1 A fold change of exoPD-L1 > 1.86 was change > 2.04)
sPD-L1 also associated with better PFS and OS A exoPD-L1
A sPD-L1 Dynamic change of sPD-L1 was not (fold change >
associated with PFS and OS. 1.86)

ICI, Immune checkpoints inhibitors; sPD-L1, soluble Programmed Death Ligand 1; Nivo, nivolumab; Pembro, Pembrolizumab; Atezo, Atezolizumab; Pts, patients; PFS, Progression Free-
survival; mths, months; HR, Hazard ratio; OS, Overall survival; Prosp, prospective; exo PD-L1, exosomal Programmed Death Ligand 15 sPD-1, soluble Programmed Death 1; Budiga,
Budigalimab; NSCLC, Non-small cell carcinoma; HNSCC, Head and Neck squamous cell carcinoma; DCR, Disease control rate; RFS, Recurrence-free survival; TTF, Time to treatment failure;
Durva, Durvalumab; Ipi, Ipilimumab; d, days; Retro, retrospective; sCombo, composite criteria (sCombo) corresponding to sPD-1 and/or sPD-L1 positivity for each patient; mRNA, messenger
RNA; sPD-L2, soluble Programmed Death Ligand 2; n, effective.





OPS/images/fimmu.2023.1171649/table1.jpg
Biomarker ICI

Time of
assessment

Conclusion

Comment

Respective

cut-off
(If significant)

(Karantanos 22 ALC Nivo Baseline and ALC at baseline and 6 w positively Retro ALC 209, 1.3 and Previous radiation
etal, 2019 ANC on-treatment correlated with OS (p<0.01) 17 103/pL was associated with
(65)) ANC/ALC at baseline was higher ANC and
negatively associated with OS lower ALC
(p<0.05)
(Diem et al., 52 ALC Nivo Baseline Pts with high NLR were associated NLR 2 5 No significant
2017 (66)) ANC with worse OS (HR: 3.3, p<0.013) PLR > 262 association between
NLR and lower ORR PFS with both NLR
PLR Pts with high PLR were associated and PLR
with worse OS (HR: 4.1, p<0.001)
and lower ORR
(Khunger 109  ALC Nivo Baseline and Post-treatment NLR > 5 after 2 Retro NLR > 5 Pts in the highest
etal, 2018 ANC on-treatment cycles of Nivo was associated with Quartiles for ALC quartile of post-
(67)) AMC poor OS (median: 29.1 mths vs and ANC treatment ALC had
NLR 24.2 mths, p<0.001) ANLR > 0 superior OS
ANLR ANLR > 0 after 2 cycles of Nivo compared to the
was associated with non- remaining population
responders (p=0.027) (log-rank p=0.0113)
Pts in the highest
quartile of post-
treatment ANC had
inferior OS compared
to all others (log-rank
p=0.0027)
(Facchinetti 54 ANC Nivo Baseline Pts with higher WBC (p=0.004), Prosp WBC > 8.8 10°/uL
etal, 2018 WBC ANC (p=0.004) and NLR ANC > 6 10*/uL
(68)) NLR (p=0.001) had poorer OS NLR > 4
(Patil et al., 115 ANC Nivo Baseline and ANC, AMC, and NLR were Prosp ANC = 6 ANLR > 0 was
2017 (69)) AMC on-treatment associated with worse OS (HR: AMC > 05 associated with non-
NLR 1.17, p=0.00001; HR 4.53, p=0.04 NLR > 2.8 responders (p=0.03)
ANLR and HR: 1.09, p=0.0002) ANLR = 0
(Park et al., 159 ANC Nivo Baseline and Pts with high NLR had worse PFS Retro Composite iISEND
2018 (70)) ALC on-treatment (HR: 1.68, p=0.015) score
NLR ANLR did not significantly including
AEC correlate with PFS NLR 2 5 and
PLR Median PFS for the iSEND good, ANLR = 0
ANLR intermediate, and poor were 17.4,
5.3, and 2.8 mths, respectively
(p<0.0001)
(Daher etal, | 108 =~ ANC Nivo Baseline Pts with high dNLR correlated Retro dNLR = 3 Only ANLR remained
2021 (71)) WBC significantly with worse OS (HR: significant in
NLR 1.12, p<0.05) multivariate analysis
dNLR
PLR
(Puetal, 184 ALC Pembro, Baseline Pts with high NLR or PLR had Retro ANC > 7.5 10°/uL
2021 (24)) ANC n=98 independent poor OS (HR: 1.964, NLR = 5
AMC Nivo, p<0.05; HR: 4.255, p<0.001, PLR = 200
NLR n=86 respectively) ALC = 1.0 10*/uL
PLR
(Murakami 213 ANC Nivo Baseline and Pts with A NLR < 1 were Retro ANIR > 1
et al,, 2022 ALC on-treatment associated with longer OS (HR:
(22)) NLR 3.97, p<0.05) in multivariate
dNLR analysis
ANLR
(Sibille et al., 191  ALC Nivo, Baseline A lower baseline ANC correlated Retro Not provided
2021 (23)) ANC n=100 with longer OS (p = 0.049)
NLR Pembro, At 1** evaluation, high ANC and
n=58
PLR Durva, NLR correlated with worse OS
AEC n=22 (p<0.05)
Atezo,
n=11
(Soyano 52 ANC Nivo, Baseline Pts with high ANC had a worse Retro ANC = 6.06 10%/
etal, 2017 ALC n=48 OS (HR: 2.46, p=0.025) and PFS [un
(72)) NLR Pembro, (HR: 2.41, P=0.009)
AEC n=4 Pts with both high ANC/ALC had
worse OS (HR: 2.41, p=0.027) and
PFS (HR: 2.08, p=0.027)
(Bagley 175 | NLR Nivo Baseline Pts with high NLR were Retro NLR > 5
etal, 2017 PLR independently associated with
(73)) worse OS (median: 5.5 mths vs 8.4
mths; HR: 2.07; p=0.002) and PFS
(median: 1.9 mths vs 2.8 mths;
HR: 143, p=0.04)
(Suh et al, 54 NLR Nivo Baseline and Pts with high post-treatment NLR Retro NLR 25 Baseline NLR, PLR,
2018 (46)) A NLR on-treatment had significantly shorter PFS PLR > 169 and SII were not
(median: 1.3 mths vs 6.1 mths, ANLR > 0 predictive of response
p<0.001)
(Rogado 40 NLR Nivo Baseline NILR < 5 and NCP < 80% were Retro NLR = 5 Comparable results in
etal, 2017 NCP associated with improved PES NCP > 80% the CT group
(74)) (HR:6.7, p<0.001 and HR: 0.09,
Pp<0.001) and OS (HR: 4.4, p<0.001
and HR: 0.2, p=0.02)
(Liu et al., 44 NLR Nivo Baseline Low SII, NLR, and PLR were Retro SII 2 603.5
2019 (44)) PLR associated with better PFS (HR: NLR > 3.07
SIT 0.34, p=0.006; HR: 0.46, p=0.048 PLR > 144
and HR: 0.39, p=0.025,
respectively) and OS (HR: 0.16,
p=0.005; HR: 0.20, p=0.002 and
HR: 0.20, p=0.008)
(Shiroyama 201 NLR Nivo Baseline Pts with high NLR had worse PFS Retro NLR >4
etal, 2018 (median: 1.5 mths vs 3.5 mths,
(75)) p=0.019)
(Fukui et al., 52 NLR Nivo Baseline Pts with high baseline NLR had Prosp NLR =5
2019 (76)) poorer OS (HR: 4.52, p=0.013)
(Passiglia 45 NLR Nivo Baseline and Pts with increased NLR > 20% at Retro ANLR > 20%
etal, 2019 ANLR on-treatment 6 w had significantly worse
77)) survival outcomes (median OS: 8.7
mths vs 14.6 mths, p=0.035;
median PFS: 5.2 mths vs 10.3
mths, p=0.039)
(Russo et al, 62 dNLR Nivo Baseline PFS and OS did not differ Retro ANC 2 7.5 10°/uL Control CT group
2018 (78)) PLR according to dNLR for pts treated dNILR >3
by Nivo PLR > 160
PLT = 450
(Takeda 30 NLR Nivo Baseline and Pts with high NLR at 4 w were Retro NLR = 5
etal, 2018 A NLR on-treatment associated with shorter PFS (HR ANLR = 0
79) PLR 5.995, p<0.05) PLR > 150
(Amaral 32 NLR Nivo, Baseline High NLR or PLR above the mean Retro Not provided
etal, 2019 PLR n=20 were independent predictive
(80) Pembro, factors for worse PFS (11 mths vs
n=12 6 mths, HR 3.33, p=0.056 and 12
mths vs 6 mths, HR: 3.9, p=0.025,
respectively)
(Dusselier 59 ANLR Nivo Baseline and ANLR < 1 prolonged OS (HR: Retro ANIR 2 1 Baseline NLR and
etal, 2019 on-treatment 0.001, p=0.001) and remained NLR = 5 PLR were not
(81)) significant in multivariate analysis PLR > 262 predictive of response
(HR:0.12, p=0.001)
(Ren et al., 147 NLR Nivo, n Baseline Pts with low NLR had better OS Retro NLR > 2.5
2019 (82)) =60 (p=0.009) and PFS (p=0.017).
Pembro,
n= 87
(Pavan et al., 184 = NLR Nivo, n= | Baseline Pts with low NLR had better PFS Retro NLR > 3
2019 (83)) PLR 145 (median: 7.4 mths vs 3.1 mths, PLR > 180
Pembro, p=0.003) and OS (HR: 0.468,
n=34 p=0.001)
Atezo,
n=7
(Banna et al., 132 NLR Pembro Baseline Pts with low NLR had better PFS Retro NLR = 5
2020 (84)) (12.0 mths vs 5.7 mths, p=0.01)
and OS (HR: 0.45, p=0.005)
(Bannaetal, 784 NLR Pembro Baseline Pts with low NLR had better PFS Retro NLR > 4
2021 (85)) (HR: 2.29, p<0.001)
(Bannaetal, 128 NLR Pembro Baseline Pts with low NLR had better PFS Retro NLR = 4 Only PS2+ pts
2022 (86)) 1 mths vs 1.8 mths,
0.005)
(Ksienski 220 NLR Pembro Baseline Pts with high NLR (HR: 2.31, Retro NLR = 64
et al, 2021 PLR P<0.0001) or PLR (HR: 2.03, PLR 2 441.8
(39)) p=0.006) had
worse OS
(Peng et al., 102 NLR Nivo, Baseline Pts with high NLR had worse Retro NLR =5
2020 (87)) n=11 outcomes according to PFS
Pembro, (p=0.049) and OS (p=0.007)
n=26
Toripa,
n=30
Sinti,
n=35
(Ayers et al., 173 NLR Nivo or Baseline and Pts with high NLR had worse OS Retro NLR =5
2021 (88)) A NLR Pembro on-treatment (HR: 1.66, p=0.019) ANLR 2 1
Pts with ANLR > 1 also had worse
0S (HR: 3.33, p<0.0001)
(Takeyasu 145  NLR Pembro Baseline Not significate Retro NLR =5 Only TPS > 50%
etal,, 2021
(89))
(Russo et al., 187 NLR Nivo Baseline Pts with low NLR had a better PFS Retro NLR 25
2020 (90)) PLR (HR: 0.64, p<0.05) and OS (HR: PLR = 200
0.48; p=0.001)
Pts with low PLR had better PFS
(HR: 0.67; p<0.05) and OS (HR:
0.66; p=0.05)
(Takada 226 dNLR Nivo, Baseline Pts with high dNLR had worse Retro dNLR > 2.79 NLR was only
etal., 2020 LMR n=131 PFS (HR: 1.56, p<0.05) and OS LMR 22.12 significant in
(51)) Pembro, (HR: 1.68, p<0.05) univariate analysis
n=95 Pts with low LMR at baseline had
worse OS (HR: 1.62, p=0.02)
(Alessi etal, 221 = dNLR Pembro Baseline Pts with low dNLR had better PFS Retro dNILR = 2.6
2021 (91)) (HR: 0.47, p<0.001) and OS (HR:
0.32, p<0.001)
(Yuan et al,, 203 ALC Nivo, Baseline and Pts with high dNLR were Retro dNLR =235 Control CT group
2021 (25)) dNLR n=43 on-treatment associated with poorer OS (HR:
A NLR Pembro, 1.434, p=0.035) in multivariate
n=50 analysis
Camre,
n=31
Toripa,
n=26
Sinti,
n=31
Tisleli,
n=22
(Chen et al,, 101 NLR Nivo, Baseline and Patients with either high NLR or Retro NLR > 4.5 Only PS2+ pts
2021 (92)) ANLR n=49 on-treatment positive A NLR showed worse OS ANIR = 0
Pembro, (HR: 3.12, p<0.001) and PFS (HR:
n=47 3.45, p<0.001)
Camre,
n=1
Toripa,
n=3
Sinti,
n=1
(Lim et al., 89 NLR Nivo, Baseline and Pts with increased NLR had worse Retro ANLR > 1
2021 (93)) dNLR n=33 on-treatment PFS (median: 2.6 mths vs 9.5 mths, AdNLR > 1
ANLR Pembro, p<0.001)
A dNLR n=56 Pts with increased dNLR showed
worse PFS (median: 4.2 mths vs
9.2 mths, p=0.001)
(Jiang et al., 76 PLR Nivo, Baseline and Pts with high PLR had a poorer Retro PLR > 168.13
2020 (94)) A NLR n=59 on-treatment PFS (HR: 3.15, p=0.006) and OS
Durva, (HR: 3.26, p=0.014)
n=17
(Petrova 119  PLR Pembro Baseline and Pts with high NLR at baseline Retro PLR > 200
etal, 2020 NLR on-treatment  showed significantly shorter PFS ANLR > 25%
(95)) ANLR (median: 6.86 mths, p<0.001)
(Xiongetal, = 41 PLR Nivo, Baseline and Both PLR and NLR at baseline Retro NLR 25
2021 (96)) NLR n=19 on-treatment were not a predictor for PFS PLR > 169
ANLR Pembro, Pts with high NLR at 6w had
n=19 shorter PFS (HR: 0.29, p=0.04)
Atezo,
n=2
Toripa,
n=1
(Katayama 81 PLR Atezo Baseline Pts with high NLR, low LMR, and/ = Retro NLR =5
et al,, 2020 NLR or high PLR at baseline had PLR > 262
(52)) LMR shorter PFS and OS (HR: 3.78; 0.3 LMR = 1.5
and 2.82, respectively, p<0.001)
(Matsubara 24 PLR Atezo Baseline Pts with high NLR had worse OS Retro NLR =5
et al,, 2020 NLR (HR: 3.53, p=0.038) in multivariate PLR > 150
(97)) analysis
PLR was not significant for OS
prediction
(Rossi et al., 65 NLR Nivo Baseline and In multivariate analysis, only an Retro NLR =49
2020 (98)) LMR on-treatment increased NLR was associated with ANLR > 0
A NLR shorter OS (p<0.0001) LMR > 1.38
(Simonaggio 161 = ANLR Not Baseline and Pts with increase NLR at 6w had Retro ANLR > 0 Including 86 RCC
et al,, 2020 provided | on-treatment worse PFS (HR: 2.2, p<0.0001) and and 75 NSCLC
(99) OS (HR: 2.1, p=0.005)
(Song et al., 63 NLR Pembro, | Baseline Pts with high NLR had worse OS Prosp NLR > 4
2020 (100)) PLR n=42 (HR: 3.14, p=0.004) in multivariate PLR > 220
Nivo, analysis
n=4 PLR was not significant for OS
Sinti, prediction
n=17
(Mezquita 466  dNLR Not Baseline Pts with high dNLR had Retro dNLR >3
etal, 2018 provided independently worse OS (HR: 1.98,
(101)) p=0.002)
(Seban et al, = 63 dNLR Pembro Baseline Pts with high dNLR had Retro dNLR >3
2020 (102)) independently worse PFS (HR:
2.00, p=0.04) and OS (HR: 3.4,
p=0.01)
(Prelaj et al., 154  NLR Nivo or Baseline and Pts with high NLR (HR: 2.59, Retro NLR = 4
2020 (103)) dNLR Pembro on-treatment p<0.001) or dNLR at baseline (HR: ANLR > 30%
LMR 2.20, p<0.001) had worse OS dNLR =22
ANLR Pts with low LMR had longer OS IMR > 1.8

(HR: 0.45, p<0.001)

ICI, Immune checkpoints inhibitors; ALC, Absolut leucocytes count; ANC, Absolut neutrophils count; Nivo, nivolumab; w, weeks; OS, Overall survival; Retro, retrospective; NLR, neutrophil to
lymphocyte ratio; Pts, patients; mths, months; PFS, Progression Free-survival; AMC, Absolute monocyte count; PLR, Platelet to lymphocyte ratio; Prosp, prospective; HR, Hazard ratio; ORR,
Objective response rate; SII, Systemic Immune-inflammation index; NCP, Neutrophil count percentages; AEC, Absolut eosinophils count; Pembro, Pembrolizumab; WBC, White blood count;
PLT, Absolute platelet count; CT, Chemotherapy; PS, Performance status; Toripa, Toripalimab; Sinti, Sintilimab; TPS, Tumor proportion score; LMR, Lymphocyte-monocyte ratio; Durva,
Durvalumab; Atezo, Atezolizumab; Camre, Camrelizumab; Tisle, Tislelizumab; RCC, Renal cell carcinoma; NSCLC, Non-small cell carcinoma; n, effective.
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Variables

Age, median (range), years
Sex, male

Tumor type

Non-small cell lung cancer
Gastric cancer

Head and neck cancer
Esophageal cell squamous carcinoma
Others®

Performance status

0-1

2-3

TNM stage

Juts

v

Liver metastasis

Multiple metastases
PD-1/PD-L1 inhibitor
Pembrolizumab
Nivolumab

Tislelizumab

Toripalimab

Others®

Combination therapy®
PD-L1 status

Positive!

Negative

Unknown

MSI status

MSI-H

MSS

Unknown

Lymphocytes, median (range),/uL

CD19+ B cells, median (range),/uL

CD16+CD56+ NK cells, median (range),/uL

CD3+ T cells, median (range),/uL

CD3+CD4+ T cells, median (range),/uL
CD3+CD8+ T cells, median (range),/uL
CD4+CD45RA- T cells, median (range),/uL

CD4+CD45RA+ T cells, median (range),/uL

Total (n=87)

61 (32-85)

63 (72.4%)

26 (29.9%)
17 (19.5%)
13 (14.9%)
12 (13.8%)

19 (21.8%)

83 (95.4%)

4 (4.6%)

22 (25.3%)
65 (74.7%)
20 (23.0%)

23 (26.4%)

35 (40.2%)
20 (23.0%)
11 (12.6%)
10 (11.5%)
11 (12.6%)

79 (90.8%)

30 (34.5%)
6 (6.9%)

51 (58.6%)

7 (8.0%)

31 (35.6%)
49 (56.3%)
1500 (330-4170)
106 (7-535)
234 (44-1360)
1040 (228-2360)
594 (113-1180)
347 (96-1370)
462 (80-987)

125 (14-578)

CD4+CD45RA+CD62L+ T cells, median (range),/uL
CD4+CD28+ T cells, median (range),/uL
CD8+CD28+ T cells, median (range),/uL
CD8+HLA-DR+ T cells, median (range),/uL

CD8+CD38+ T cells, median (range),/uL

CD4+/CD8+

115 (13-564)
556 (109-1180)
187 (30-536)
167 (38-949)
132 (43-736)

1.62 (0.2-6.63)

MSI, microsatellite instability; MSI-H, MSI-high; MSS, microsatellite-stable; PD-L1,

programmed death ligand-1.

"Five patients had urological cancer, 4 had colorectal cancer, 3 had small cell lung cancer, 2

had periampullary carcinoma, 1 had hepatocellular carcinoma, 1 had cholangiocarcinoma, 1

had endometrial cancer, 1 had cervical cancer, and 1 had cutaneous squamous cell carcinoma.
"Four patients were treated with durvalumab, 3 with camrelizumab, 2 with sintilimab, 1 with

atezolizumab, and 1 with penpulimab.

“71 patients treated with combined chemotherapy, 6 with combined targeted therapy, 1 with
combined chemotherapy plus targeted therapy, and 1 with combined ipilimumab.

4pD-L1 combined positive score = 1 or tumor proportion score > 1%.





OPS/images/fimmu.2023.1125876/table2.jpg
Treatment response
(P value, OR) irAEs (P value, OR) Severe irAEs (P value, OR)

Variables
Univariate Multivariate  Univariate Multivariate ~ Univariate Multivariate

Age (years) 0.676, 1.008 - 0.762, 1.006 - 0.459, 1.025 -
Sex (Male vs. Female) 0.249, 1.750 - 0.418, 0.677 - 0.705, 1.375 -
Performance status (2-3 vs. 0-1) 0.361, 2.929 - 0.383, 0.358 - 0.994, 0.000 -
Tumor type (ESCC vs. NSCLC) 0.970, 1.027 - 0.487, 0.612 = 0.766, 0.697 -
Tumor type (GC vs. NSCLC) 0.292, 0.513 - 0.418, 0.600 - 0.574, 1.643 -
Tumor type (Head and neck vs. NSCLC) 0.497, 0.629 - 0.368, 0.536 - 0.711, 0.639 -
Tumor type (Others vs. NSCLC) 0.736, 0.815 = 0.936, 0.952 = 0.476, 0.423 -
TNM stage (IV vs. III) 0.425, 0.671 - 0.755, 0.857 - 0.175, 0.375 -
Liver metastasis (Yes vs. No) 0.738, 1.186 - 0.086, 0.392 - 0.387, 0.388 -
Multiple metastases (Yes vs. No) 0.358, 0.637 - 0.683, 0.819 - 0.293, 0.318 -
Immunotherapy (Nivolumab vs. Pembrolizumab) 0.508, 0.689 - 0.415, 0.630 - 0.123, 4.125 -
Immunotherapy (Tislelizumab vs. Pembrolizumab) 0.586, 1.474 = 0.857, 1.133 - 0.224, 3.667 -
Immunotherapy (Toripalimab vs. Pembrolizumab) 0.185, 0.361 - 0.526, 0.630 - 0.994, 0.000 -
Immunotherapy (Others vs. Pembrolizumab) 0.586, 1.474 - 0.730, 0.787 - 0.695, 1.650 -
Combination therapy (Yes vs. No) 0.525, 0.615 - 0.117, 0.265 - 0.994, 1479 -
PD-L1 status (Positive vs. Negative) 0.190, 3.454 - 0.244, 3.000 - 0.992, 8537 -
MSI status (MSS vs. MSI-H) 0.350, 0.427 - 0.676, 0.703 & 0.721, 0.643 -
Lymphocytes (/uL) 0.039, 1.001 0.161, 0.999 0.149, 0.999 - 0.845, 1.000 -
CD19+ B cells (/uL) 0.447, 1.002 - 0.616, 0.999 - 0.376, 0.996 -
CD16+CD56+ NK cells (/uL) 0.022, 1.003 0.072, 1.003 0.890, 1.000 = 0.160, 1.002 &
CD3+ T cells (/uL) 0.143, 1.001 = 0.061, 0.999 - 0.736, 1.000 -
CD3+CD4+ T cells (/uL) 0.809, 1.000 - 0.034, 0.998 0.714, 1.002 0.498, 0.999 =
CD3+CD8+ T cells (/uL) 0.060, 1.002 - 0.133, 0.999 - 0.857, 1.000 -
CD4+CD45RA- T cells (/uL) 0.265, 1.001 = 0.063, 0.998 = 0.336, 0.998 -
CD4+CD45RA+ T cells (/uL) 0.138, 0.997 - 0.170, 0.997 = 0.801, 1.001 =
CD4+CD45RA+CD62L+ T cells (/uL) 0.086, 0.996 = 0.199, 0.997 = 0.683, 1.001 -
CD4+CD28+ T cells (/uL) 0.964, 1.000 - 0.025, 0.998 0.377, 0.996 0.510, 0.999 -
CD8+CD28+ T cells (/uL) 0.001, 1.008 0.006, 1.009 0.799, 1.000 - 0.038, 1.006 0.038, 1.006
CD8+HLA-DR+ T cells (/L) 0.125, 1.002 - 0.551, 0.999 - 0.727, 0.999 -
CD8+CD38+ T cells (/uL) 0.042, 1.006 0.162, 1.004 0.845, 1.000 = 0.671, 1.001 =
CD4+/CD8+ 0.058, 0.631 - 0.376, 0.828 - 0.282, 0.600 -

ESCC, esophageal cell squamous carcinoma; GC, gastric cancer; irAEs, immune-related adverse events; MSI, microsatellite instability; MSI-H, MSI-high; MSS, microsatellite-stable; NSCLC, non-
small cell lung cancer; PD-L1, programmed death ligand-1.
e bold values indicate they are statistically significant (p<0.05).
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Univariate analysis Multivariate analysis

Variables
HR (95% Cl) P value HR (95% Cl) P value

Age (years) 0.98 (0.95,1) 0081 - -
Sex (Male vs. Female) 0.71 (0.38,1.33) 0.286 - -
Tumor (ESCC vs. NSCLC) 1.24 (0.49,3.14) 0.657 - -
Tumor (GC vs. NSCLC) 1.83 (0.76,4.38) 0.174 z s
Tumor (Head and neck vs. NSCLC) 1.3 (0.53,3.19) 0.566 - -
Tumor (Others vs. NSCLC) 1.25 (0.54,2.91) 0.603 - -
Performance status (2-3 vs. 0-1) 0.60 (0.08,4.36) 0.613 - -
TNM stage (IV vs. III) 1.69 (0.81,3.53) 0.159 - -
Liver metastasis (Yes vs. No) 2.08 (1.09,3.99) 0.027 1.48(0.75,2.93) 0.263
Multiple metastases (Yes vs. No) 1.74 (0.93,3.26) 0.082 . #
Immunotherapy (Nivolumab vs. Pembrolizumab) 1.34 (0.62,2.90) 0.459 - -
Immunotherapy (Tislelizumab vs. Pembrolizumab) 0.58 (0.20,1.70) 0.319 - -
Immunotherapy (Toripalimab vs. Pembrolizumab) 1.61 (0.67,3.82) 0.285 - -
Immunotherapy (Others vs. Pembrolizumab) 1.15 (0.46,2.88) 0.765 - -
Combination therapy (Yes vs. No) 1.26 (0.45,3.55) 0.661 - -
PD-L1 status (Positive vs. Negative) 0.54 (0.18,1.62) 0.269 5 ]
MSI status (MSS vs. MSI-H) 2.53 (0.59,10.90) 0.214 - -
Lymphocytes (/uL) 1(L1) 0.086 - -
CD19+ B cells (/uL) 1(1,1) 0.570 e -
CD16+CD56+ NK cells (/uL) 1(1,1) 0.219 - -
CD3+ T cells (/uL) 1(11) 0.120 - -
CD3+CD4+ T cells (/uL) 1(L1) 0.252 - -
CD3+CD8+ T cells (/uL) 1(11) 0.232 - -
CD4+CD45RA- T cells (/uL) 1(L1) 0.122 - -
CD4+CD45RA+ T cells (/uL) 1(11) 0.803 £ 2
CD4+CD45RA+CD62L+ T cells (/uL) 1(11) 0.579 - -
CD4+CD28+ T cells (/uL) 1(L1) 0.352 - -
CD8+CD28+ T cells (/uL) 0.99 (0.99,1) 0.001 1(0.99,1) 0.002
CD8+HLA-DR+ T cells (/uL) 1(1,1) 0.173 ‘ - -
CD8+CD38+ T cells (/uL) 1(L1) 0.272 - -
CD4+/CD8+ 1.11 (0.87,1.41) 0.394 - -

ESCC, esophageal cell squamous carcinoma; GC, gastric cancer; MSI, microsatellite instability; MSI-H, MSI-high; MSS, microsatellite-stable; NSCLC, non-small cell lung cancer; PD-LI,
programmed death ligand-1.
The bold values indicate they are statistically significant (p< 0.05).
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Ensemble Protein  Subcellularlocation Qualified GO Representative Oncogene Tumor sup-

Length term Substrates pressor gene
(aa)

FBXW1 ENSG00000166167 605 Cytoplasm, Nucleus Protein STATI, p63, COAD (31, 32), GBM (35)
polyubiquitination; Pro-caspase 3 Hepatoblastoma ~ mUC (36)
Signal transduction; Emll, REST, (33),
Protein CDC25A, Melanoma (34),
dephosphorylation; CDC25B, Snail, kKB PAAD (14),
‘Wnt signaling
pathway

FBXW2 ENSG00000119402 454 Cytosol Proteolysis; SKP2, p65, NSCLC (37-39),
Protein B-catenin, BRCA (40),
ubiquitination; MSX2, EGFR PRAD (41)
Protein
modification
process

FBXW4 ENSG00000107829 412 Cytosol Regulation of None AML (42)
mesenchymal cell
proliferation;
Protein
polyubiquitination;
‘Whnt signaling
pathway

FBXW5 ENSG00000159069 566 Cytoplasm; Cytosol Mitotic nuclear SASS6, EPS8, STAD (43, 44)
division; TSC2, SEC23B NSCLC (45)
Centrosome kinesin-13, DLCI,

duplication; Protein ~ TSC2
ubiquitination

FBXW7 ENSG00000109670 707 Nucleus; Cytoplasm; Vasculogenesis; c-Myc, Aurora A, COAD (17, 46),
Chromosome; DNA repair; Sister Cyclin E, LIHC (47, 48),
Nucleoplasm chromatid cohesion;  ¢-Myb, Notch, T-ALL (49),
Protein c-Jun, Mcl-1, NSCLC (50),
ubiquitination mTOR STAD (51-55),
PAAD (56, 57),
RCC (58, 59),
NSCLC (60),
PRAD (61)
FBXWS8 ENSG00000174989 598 Cytoplasm; Cytosol Golgi organization; MAP4KI, PAAD (62) STAD (63),
Dendrite B-TrCP1, COAD (64),
morphogenesis cyclin D1, CDK4,
Cell population HPK1
proliferation;
Protein

ubiquitination;

FBXW9 ENSG00000132004 458 Cytosol None None

FBXW10  ENSG00000171931 1052 Cytosol None SOS, CBX5, CBX1

FBXWI11  ENSG00000072803 542 Cytoplasm; Nucleus Mitotic spindle CTNNBI, NFKBIA,  COAD (65), Osteosarcoma
orientation; Cell IFNARI, CEP68, ALL (66), BRCA  (69),
cycle; (67), CC (68) Chondrosarcoma
Protein RCANI, CDC25A, (70), NSCLC (60)
polyubiquitination; CYTHI1 STAD (71, 72),
Nuclear migration; PRAD (73)
Protein
dephosphorylation

FBXW12  ENSG00000164049 464 Cytosol None IL-22R

BRCA, breast invasive carcinoma; COAD, colon adenocarcinoma; LIHC, liver hepatocellular carcinoma; PAAD, pancreatic adenocarcinoma; PRAD, prostate adenocarcinoma; STAD,
stomach adenocarcinoma; GBM, glioblastoma; mUC, urothelium carcinoma; T-ALL, T-cell acute lymphoblastic leukemia; NSCLC, non-small cell lung cancer; RCC, renal cell
carcinoma; CC, cervical cancer.
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