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Editorial on the Research Topic 


Application of multi-omics analysis in thoracic cancer immunotherapy


The advent of multi-omics analysis has fundamentally transformed our understanding of thoracic cancers, particularly in terms of their interactions with the immune system. Recent advancements in multi-omics technologies have enabled us to gain insights into tumors at the single-cell level. For instance, Spatial genomics, spatial transcriptomics, and spatial proteomics facilitate the understanding of the three-dimensional molecular architecture of tumors, elucidating the intricate interactions between tumor cells and the tumor microenvironment (TME) (1, 2). Furthermore, comprehensive analyses of circulating tumor DNA (ctDNA) and multi-omics profiling of circulating tumor cells (CTCs) provide valuable support in deciphering the dynamic changes in tumor molecular structures during progression and treatment (3).

The current Research Topic, “The application of multi-omics analysis in thoracic cancer immunotherapy,” brings together leading researchers in this highly anticipated field, providing a series of authoritative reviews and exciting original articles that update our understanding of immunotherapy for thoracic tumors. These studies illustrate the complexity of the TME and its impact on immune responses, underscoring the potential for personalized treatment strategies through multi-omics analysis. We anticipate that these cutting-edge studies will advance thoracic cancer immunotherapy and improve clinical outcomes for patients.

The most significant advantage of multi-omics analysis in the field of thoracic tumors and immunotherapy is its ability to comprehensively reveal the TME and its influence on immune responses. The TME consists of various non-cancerous host cells, including fibroblasts, immune cells, and endothelial cells, as well as critical components like the extracellular matrix (ECM) and soluble factors (4). In thoracic cancers, recent studies have demonstrated that these elements significantly influence tumor behavior, immune evasion, and treatment responses (5). For instance, Kang et al. revealed significant differences in the tumor microenvironment between homologous recombination deficient (HRD) and non-HRD triple-negative breast cancer samples through multi-scale transcriptomics, suggesting that combining HRD with predictive models or other immune cell content assessment methods may enhance the prediction of immunotherapy response (6). Such findings highlight the importance of characterizing the TME through multi-omics approaches.

Additionally, multi-omics analysis helps characterize the features of different tumor subtypes, facilitating the development of personalized immunotherapy strategies that enhance treatment efficacy and patient outcomes. This integrated perspective allows researchers to gain deeper insights into the biological characteristics of thoracic tumors, promoting the development of innovative therapeutic approaches. Liu et al. demonstrated that integrated multi-omics analysis of esophageal squamous cell carcinoma (ESCC) identifies four distinct subtypes, emphasizing immune response heterogeneity in chest tumors and the clinical relevance of immune modulation for better responses to immunotherapy (7).

The rapid advancement of multi-omics methods has significantly deepened our understanding of cancer’s molecular landscape. Xu et al. presented a comprehensive proteomics analysis of lung adenocarcinoma (LUAD), revealing distinct proteomic characteristics and three subtypes associated with different clinical features, thereby enhancing potential diagnosis and targeted therapy (8). Wang et al. utilized spatial transcriptomics and multiplex immunohistochemistry to reveal the molecular characteristics and cellular plasticity of distinct histologic subtypes in LUAD, highlighting the contribution of multi-omics analysis in establishing the cancer molecular landscape and identifying potential therapeutic targets for invasive LUAD (9).

However, these technologies generate vast and complex datasets, presenting a substantial challenge for translational and clinical researchers in translating intricate information into clinical outcomes that benefit cancer patients. As we navigate this complexity, innovative tumor analysis techniques hold the potential to reshape the future of precision therapy by enabling the identification of novel biomarkers, optimizing treatment strategies, and facilitating personalized medicine approaches. By effectively harnessing and interpreting multi-omics data, we can improve patient stratification, enhance treatment efficacy, and ultimately drive better clinical outcomes in cancer care.

As we look to the future, the integration of artificial intelligence (AI) and machine learning with multi-omics data holds significant promise (10). These technologies can enhance data analysis, enabling the identification of complex patterns and predictive models that inform personalized treatment strategies. By harnessing these advancements, researchers and clinicians can better tailor immunotherapy approaches to meet the unique needs of patients with thoracic cancers.

In conclusion, multi-omics analysis represents a powerful tool in the fight against thoracic cancers, particularly in enhancing our understanding of the TME and its interactions with the immune system. As we continue to unravel the complexities of cancer biology, the insights gained from multi-omics studies will be pivotal in developing more effective and personalized immunotherapeutic strategies. We look forward to the ongoing innovations in this field and their potential to improve patient outcomes in thoracic cancer treatment.
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Background

Esophageal squamous cell carcinoma (ESCC), characterized by its high invasiveness and malignant potential, has long been a formidable challenge in terms of treatment.





Methods

A variety of advanced analytical techniques are employed, including single-cell RNA sequencing (scRNA-seq), cell trajectory inference, transcription factor regulatory network analysis, GSVA enrichment analysis, mutation profile construction, and the inference of potential immunotherapeutic drugs. The purpose is to conduct a more comprehensive exploration of the heterogeneity among malignant squamous epithelial cell subgroups within the ESCC microenvironment and establish a model for predicting the prognosis and immunotherapy outcomes of ESCC patients.





Results

An analysis was conducted through scRNA-seq, and three Cluster of malignant epithelial cells were identified using the infer CNV method. Cluster 0 was found to exhibit high invasiveness, whereas Cluster 1 displayed prominent characteristics associated with epithelial-mesenchymal transition. Confirmation of these findings was provided through cell trajectory analysis, which positioned Cluster 0 at the initiation stage of development and Cluster 1 at the final developmental stage. The abundance of Cluster 0-2 groups in TCGA-LUAD samples was assessed using ssGSEA and subsequently categorized into high and low-expression groups. Notably, it was observed that Cluster 0-1 had a significant impact on survival (p<0.05). Furthermore, GSVA enrichment analysis demonstrated heightened activity in hallmark pathways for Cluster 0, whereas Cluster 1 exhibited notable enrichment in pathways related to cell proliferation. It is noteworthy that a prognostic model was established utilizing feature genes from Cluster 0-1, employing the Lasso and stepwise regression methods. The results revealed that in TCGA and GSE53624 cohorts, the low-risk group demonstrated significantly higher overall survival and increased levels of immune infiltration. An examination of four external immunotherapy cohorts unveiled that the low-risk group exhibited improved immunotherapeutic efficacy. Additionally, more meaningful treatment options were identified for the low-risk group.





Conclusion

The findings revealed distinct interactions between malignant epithelial cells of ESCC and subgroups within the tumor microenvironment. Two cell clusters, strongly linked to survival, were pinpointed, and a signature was formulated. This signature is expected to play a crucial role in identifying and advancing precision medicine approaches for the treatment of ESCC.





Keywords: ESCC, tumor microenvironment, immunotherapy, prognosis, signature




1 Introduction

Esophageal cancer(EC), a prevalent malignant neoplasm affecting populations worldwide, exhibits alarmingly high incidence and mortality rates. The year 2020 alone witnessed a staggering 604,000 newly diagnosed cases of EC, tragically resulting in 544,000 fatalities (1). This formidable disease encompasses two predominant pathological classifications: esophageal adenocarcinoma and esophageal squamous carcinoma (ESCC), with ESCC representing the predominant subtype among new patients each year (2). Despite notable advancements in scientific and technological domains, the therapeutic armamentarium for EC has expanded considerably. However, the overall prognosis remains disheartening, as evidenced by a discouraging 5-year survival rate ranging between a mere 10% and 30% (3, 4). Furthermore, extensive research has unveiled substantial variations in surgical and pharmacological responses among patients sharing the same clinical stage, thus highlighting pronounced prognostic heterogeneity. This phenomenon primarily stems from the current reliance on TNM staging, widely employed in clinical practice, which regrettably neglects the cellular and even molecular disparities exhibited by these patients (5).

Esophageal Cancer Epithelial Cells Heterogeneity (HECEC) encompasses the intricate diversity and variability observed among epithelial cells within the tissue of EC. This heterogeneity manifests at the molecular level, characterized by disparities in gene expression and protein profiles. Distinct subpopulations of epithelial cells exhibit specific gene expression patterns, and scrutinizing these differences in gene and protein expression unveils the molecular attributes and potential driving mechanisms unique to each subpopulation (4, 6). HECEC exerts a profound impact on the development, metastasis, treatment, and prognosis of esophageal cancer. Varied subpopulations of cells may demonstrate disparate sensitivities and resistances to therapeutic agents, highlighting the significance of tailoring individualized treatment strategies. Consequently, conducting an in-depth exploration of epithelial cell heterogeneity in EC becomes paramount, as it unveils the molecular features and functional properties inherent to distinct subpopulations. This research serves as a crucial foundation for providing personalized treatments and improving the prognosis of individuals afflicted with EC (2, 7).

The advent of single-cell RNA sequencing (scRNA-seq) has revolutionized the field by offering a formidable tool for delving into the intricacies of tumor heterogeneity. Traditional bulk RNA-seq technology falls short in capturing the nuanced heterogeneity at the transcriptional level, limiting our understanding of intratumor heterogeneity and the intricate tumor microenvironment (TME). In contrast, the emerging technique of scRNA-seq boasts remarkable advantages such as high throughput and efficiency. Leveraging these benefits, scRNA-seq enables the identification of molecular features within tumors, decoding the intricate landscape of intratumor heterogeneity, and unearthing novel therapeutic targets and clinical biomarkers (8, 9).

Our study utilized scRNA-seq and bulk RNA-seq datasets to dissect the heterogeneity of ESCC epithelial cells. By categorizing different cancer epithelial clusters, we investigated their crucial roles within the TME. Ultimately, we constructed a signature using key cancer epithelial subgroups that can predict the prognosis and response to immunotherapy for ESCC patients. This provides valuable insights for the clinical stratification and treatment of ESCC patients.




2 Methods



2.1 Dataset source

The acquisition of bulk RNA-seq data, mutation data, and clinical characteristics related to ESCC patients diagnosed was facilitated through the utilization of The Cancer Genome Atlas (TCGA) database (https://portal.gdc.cancer.gov). Additionally, a scRNA-seq dataset (GSE188900) (10), comprising samples from six ESCC patients, including seven surgically resected tumor tissue specimens and one healthy tissue specimen, was obtained from the Gene Expression Omnibus (GEO) database (http://www.ncbi.nlm.nih.gov/geo). Furthermore, four datasets related to immunotherapy were aggregated from the GEO database, encompassing comprehensive transcriptomic data and the responses of patients to immunotherapy, as described below:

GSE91061: Nivolumab therapy was administered to 65 patients with advanced-stage melanoma (11).

GSE100797: This dataset consisted of 27 stage IV melanoma patients who participated in ACT clinical phase I/II trials (12).

GSE126044: Sixteen patients with non-small-cell lung cancer underwent PD-1 therapy (12).

GSE35640: It included 65 melanoma patients who were enrolled in a phase II trial involving recombinant MAGE-A3 antigen combined with an immunological adjuvant (13).

These data resources have been effectively utilized to provide robust support for our research, enabling a comprehensive understanding of the molecular characteristics of ESCC patients and their responses to immunotherapy. To ensure data uniformity and comparability, the expression data was transformed into the Transcripts Per Million (TPM) format, and potential batch effects were mitigated using the “combat” function within the “sva” R package (14). Furthermore, all data from the TCGA database, including bulk sequencing data, mutation data, and clinical details of ESCC patients, were logarithmically transformed to achieve a standardized data format before the initiation of the analysis.




2.2 The detailed steps of the single-cell analysis process

In single-cell RNA sequencing analysis, we utilized the Seurat R package (15, 16) (version 4.2.0) to transform the raw data into a Seurat object. During the data preprocessing, we implemented stringent quality control measures. Specifically, we excluded cells that expressed fewer than 300 genes or more than 5,000 genes, as well as cells in which the UMIs originating from the mitochondrial genome accounted for more than 10% of the total UMIs. To reduce data dimensionality, we performed Principal Component Analysis (PCA) on the variably expressed genes, selecting the top 20 principal components. Subsequently, we conducted clustering using the “FindCluster” function with a resolution parameter set to 0.5, and visualized the results using UMAP. To identify marker genes for distinct cell clusters, we employed Seurat’s “FindAllMarkers” function, comparing cells within a specific cluster to all other cells. Through the use of canonical marker genes, we annotated the cell clusters in the resulting two-dimensional representation with known biological cell types. It is worth noting that, in the analysis, we chose not to correct for cell cycle effects, as only a limited number of cells exhibited positive expression of cell proliferation markers.




2.3 Infer the malignant squamous epithelial cells

The InferCNV approach (17) was employed to validate copy number variations (CNVs) and discern between malignant cells and normal epithelial cells. To construct trajectories, high CNV score epithelial cells were extracted from squamous epithelial cells and designated as cancerous epithelial cells. Subsequently, the Monocle2 algorithm was employed (18), using a gene-cell matrix extracted from a Seurat subset with UMI counts scaled, as input. Default parameters were applied to infer cellular trajectories.




2.4 GSVA enrichment analysis

A gene set enrichment analysis was conducted using 50 hallmark pathways from the Molecular Signatures Database (MSigDB). To assign pathway activity estimates to each cell type, Gene Set Variation Analysis (GSVA) was performed on each cell, followed by calculating the average gene expression levels for each cell subtype, utilizing the standard settings in the GSVA package (19). Differences between activity scores were used to quantify differential pathway activity among distinct cell subtypes.




2.5 Cell-cell communication and inference of transcription factors

We integrated gene expression data using CellChat (20) to assess differences in hypothesized cell-cell communication modules. Following the standard CellChat pipeline, we employed the default CellChatDB as the ligand-receptor database. Cell type-specific interactions were inferred by identifying overexpressed ligands or receptors within a cell group, followed by the identification of enhanced ligand-receptor interactions when ligands or receptors were overexpressed. Additionally, the R package Scenic was utilized to infer the activity of gene regulatory networks.




2.6 Gene regulatory networks

The R software package Scenic is employed to deduce the functioning of gene regulatory networks. The default settings are utilized to assess the activity of individual regulators in single cells, drawing upon the cisTarget databases: hg38_refseq-r80_500bp_up_and_100bp_down_tss.mc9nr.feather and hg38_refseq-r80_10kb_up_and_down_tss.mc9nr.feather.




2.7 Building the high-performance epithelial-associated signature (EAS) of ESCC

Univariate Cox regression analysis was utilized to evaluate the influence of these genes on the survival status of ESCC. To minimize the risk of overlooking significant factors, we set the cutoff P-value to 0.05. Following this, we applied the LASSO Cox regression method (21) to reduce the number of candidate genes, ultimately creating the most optimal survival signature. The model’s predictive performance was evaluated using receiver operating characteristic (ROC) curves, with an area under the curve (AUC) value exceeding 0.65 indicating exceptional performance.




2.8 Mutation landscape

A comprehensive analysis of somatic mutation frequency and distribution across a range of genes was conducted utilizing the “maftools” R package (22). Concurrently, TCGA-ESCC patients were subjected to a stratification process, resulting in their classification into four distinct groups based on their median risk score and median tumor mutational burden (TMB). Subsequently, a comparative analysis was executed to scrutinize disparities in survival among these groups, contingent upon their respective median risk scores and TMB values.




2.9 Differences in the TME and drug inference

The efficacy of tumor immunotherapy is influenced by the complex TME (23, 24). Six different immune infiltration algorithms were employed to rigorously assess the composition of immune cells within distinct risk groups. Subsequently, to convey the intricate variances in immune cell infiltration across these risk groups, heatmaps were utilized as effective visual tools, thus elucidating subtle differences among immune cell populations. Additionally, the specialized functionalities of the “estimate” R package (25) were meticulously utilized to quantify immune scores, stromal scores, and ESTIMATE scores for patients diagnosed with ESCC. This strategic deployment enhanced a comprehensive evaluation of the TME and its potential implications. In the pursuit of identifying potentially effective chemotherapeutic agents among different risk groups, the predictive capabilities provided by the “oncoPredict” R package (26) were extensively utilized. Through the application of this tool, a profound prediction of suitable therapeutic interventions was enabled, contributing to a more informed treatment strategy.




2.10 SubMap validation

The significance of shared characteristics between two groups is evaluated using the unsupervised method, SubMap, with a significance threshold denoted by an adjusted p-value below 0.05, indicating substantial similarity. Subtype consistency between the validation and discovery cohorts was assessed utilizing the SubMap approach, and the results were subsequently presented through the ComplexHeatmap package.




2.11 Collection of clinical samples and cell lines and ethics

Ethical approval was obtained from the Medical Ethics Committee at The Affiliated Huaian No.1 People's Hospital of Nanjing Medical University to collect tissue specimens. These specimens, which included both tumor (T) and precancerous (N) tissues from patients with ESCC who had undergone tumor resection, were carefully stored at -80°C. TE1 and KYSE30, human esophageal squamous cell carcinoma (ESCC) cell lines, were obtained from the Cell Resource Center at the Shanghai Life Sciences Institute. The extraction of total RNA from ESCC tissues was performed using the TRIzol reagent from Thermo Fisher Scientific, headquartered in Waltham, MA, USA. Subsequently, cDNA synthesis followed the manufacturer’s instructions, utilizing the RevertAid™ First Strand cDNA Synthesis Kit, also provided by Thermo Fisher Scientific. The qRT-PCR analysis was conducted using the StepOne Real-Time PCR system, an instrument also manufactured by Thermo Fisher Scientific. For amplification, the SYBR Green PCR kit from Takara Bio in Otsu, Japan, was utilized. The quantification of relative gene expression levels was achieved through the 2-△△CT method.




2.12 Colony formation

For colony formation analysis, 1000 cells were transfected and cultured in 6-well plates for approximately 14 days. After this period, cell clones were visually examined without magnification. The cells were then washed, fixed with 4% paraformaldehyde (PFA) for 15 minutes, stained with crystal violet from Solarbio, China, for 20 minutes, and air-dried at room temperature. The cell count per well was then determined.




2.13 Statistical analysis

R 4.2.0 software was employed for all data processing, statistical analysis, and visualization. Subtype-specific overall survival (OS) was estimated and compared using the Kaplan-Meier method and log-rank test. Differences in continuous variables between the two groups were assessed via the Wilcoxon test or t-test. For categorical variables, the analysis was performed using the chi-squared test or Fisher’s exact test. The false discovery rate (FDR) method was utilized to correct p-values. Correlations between variables were assessed through Pearson correlation analysis. All p-values were calculated with a two-tailed approach, with statistical significance defined as p < 0.05.





3 Results

Figure 1 shows a flow chart outlining the study.




Figure 1 | Overall flowchart of all analyses.





3.1 The scRNA profiling of LUAD

This study encompassed a total of 8 samples, each exhibiting a relatively stable cell distribution, suggesting minimal susceptibility to batch effects. Consequently, these samples served as a robust foundation for subsequent analyses (Figure 2A). Leveraging the UMAP algorithm, all cells were meticulously categorized into 12 clusters, providing a detailed classification (Figure 2B). The comprehensive bubble plots depicted in Figure 2C illustrated the expression patterns of characterization marker genes associated with each of the 11 cell clusters. Cell type identification relied on the marker genes showcased in Figure 2D. To assess the distribution proportions of these 11 cell types across the 8 samples, Figure 2E presented the corresponding proportions. Intriguingly, Figure 2F unveiled the existence of diverse cell types, including squamous epithelial cells, T cells, and smooth muscle cells, among others. Moreover, through the application of inferCNV, Figure 2G elucidated the identification of individual chromosomes, with squamous epithelial cells demonstrating higher CNVs compared to endothelial cells in most instances. Notably, significant copy number deletions were observed on chromosome 6 in almost all tumor cells. To explore the distributional disparities in CNV scores among the eight clusters, Figure 2H highlighted the selection of cluster 1, cluster 4, and cluster 5-8, characterized by elevated copy number variations. Moreover, squamous epithelial cells within these clusters underwent UMAP downscaling, enabling their classification into three distinct subclusters: Cluster 0, Cluster 1, and Cluster 2 (Figure 2I).




Figure 2 | Explanation of cellular subpopulations. (A) Excluding batch effects between samples. (B) UMAP plot for descending cluster sorting. (C) Bubble plot of mean expression of marker genes for each cell type. (D) UMAP plot reveals marker gene expression levels across diverse cell types. (E) Proportions of 11 cell types originated from different tissues. (F) Cellular annotations unveil 11 distinct cell phenotypes. (G) Analysis of copy number loss or amplification of each chromosome in endothelial and squamous epithelial cells by InferCNV algorithm. (H) Comparison of CNV score for 8 clusters. (I) UMAP plot for all squamous epithelial cells clustered into four clusters.






3.2 Trajectory analysis and cellular communication

In Figure 3A, cellular transcriptional heterogeneity in malignant squamous epithelial cells was assessed via trajectory analysis using the “monocle2” R package. Over the pseudotime progression, there was a gradual reduction in the prevalence of the cluster0 subtype, concomitant with a progressive augmentation in the proportions of cluster1 and cluster2 subtypes. Figure 3B showcases the relative expression of the three most significantly altered genes, namely HMGN2, ISG15, and STMN1, represented in pseudo time. This representation provides insights into the temporal dynamics of gene expression changes. In Figure 3C, the illustration demonstrates the quantity and intensity of cellular communication between KRT15+ neoplastic cells (Cluster0), STMN1+ neoplastic cells (Cluster1), SPRR3+ neoplastic cells (Cluster2), and other cell types within ESCC tissues. This visualization sheds light on the intricate network of intercellular interactions. Furthermore, in Figures 3D, E, we delved into the ligand-receptor interactions existing between different cell types and the three labeled tumor cells within ESCC tissues. Notably, we discovered that KRT15+ neoplastic cells engaged with other cell types through the APP-CD74, MIF-(CD74 + CXCR4), and MIF-(CD74 + CD44) receptor-ligand pairs. Similarly, STMN1+ neoplastic cells also established contacts with other cells via the MIF-(CD74 + CXCR4) and MIF-(CD74 + CD44) receptor-ligand pairs. Additionally, fibroblast cells and smooth muscle cells exhibited the ability to communicate with KRT15+ neoplastic cells through several ligand-receptor pairs. Moreover, in Figure 3F, we conducted an analysis to assess the enrichment of the three identified cell clusters. Cluster 0 displayed enrichment across nearly all channels, indicating its prominence across multiple biological processes. Conversely, Cluster 1 showed enrichment primarily in spermatogenesis-related channels, while Cluster 2 exhibited enrichment specifically in the down-regulated KRAS signaling pathway.




Figure 3 | Trajectory analysis and cellular interactions analysis. (A) All squamous epithelial cells’ differentiation trajectories, pseudotime distribution, and cell clusters on pseudotime and the proportion of each clusters. (B) Relative expression of HMGN2,ISG15 and STMN1 in pseudo-time. (C) Number and strength of cellular communications between KRT15+ neoplastic, SPRR3+ neoplastic, STMN1+neoplastic and other type cells. (D) KRT15+ neoplastic, SPRR3+ neoplastic and STMN1+neoplastic acting on different cells ligand-receptor bubble diagram. (E) Ligand-receptor bubble diagram of different types of cells acting on KRT15+ neoplastic, SPRR3+ neoplastic and STMN1+neoplastic. (F) Enrichment analysis of the three clusters.






3.3 Regulon prediction

Figure 4A presents the top 10 gene regulatory regulars that exhibit high expression levels as well as the top 10 gene regulatory regulars with low expression levels for each cell cluster. This analysis offers insights into the differential gene expression patterns within each cluster. Subsequently, Figure 4B showcases the expression of five selected gene regulatory regulars within each cluster, with their locations indicated on the UMAP plots. Furthermore, Supplementary Figure 1 provides a comprehensive view of the gene expression profiles within each cluster, displaying the expression patterns of specific genes. To further elucidate the differential gene expression patterns, Figures 4C, D present heatmaps illustrating the differential expression of the top 10 gene regulatory elements across all cells within each of the three cell clusters. These heatmaps provide a visual representation of the variations in gene expression, highlighting the distinctive expression patterns specific to each cluster.




Figure 4 | Identification of differently expressed gene regulatory elements. (A) The first 10 highly expressed genes and the first 10 lowly expressed genes in each cluster. (B) The expression of five genes in each cluster were showed in Violin plot and UMAP plot. (C, D) Heatmap presenting the distribution of gene regulatory elements in different clusters.






3.4 Aggressive and EMT score

In Figure 5A, the transcription factors displaying the highest specificity for Cluster 0-2 epithelial cell subgroups were integrated into the pseudotime inference analysis. Notably, MAFF, NFE2L2, and FOXA1 were observed to be upregulated in Cluster 0, while NEUROD1, NFYB, and OTX2 exhibited upregulation in Cluster 1, and IKZF2, GRHL1, and SPI1 showed elevated expression in Cluster 2. Moving to Figures 5B, C, our analysis demonstrated that the Cluster 1 subpopulation displayed a notably higher Aggressive score compared to other cell subpopulations. This observation suggests an enhanced invasive ability of ESCC cells within the Cluster 1 subpopulation. Furthermore, as illustrated in Figures 5D, E, a substantial difference in the Epithelial-Mesenchymal Transition (EMT) score between Cluster 0 and Cluster 1/Cluster 2 was identified. Specifically, the EMT score of Cluster 0 was significantly higher than that of Cluster 1 and Cluster 2. This disparity implies that the esophageal cancer epithelial cells within the Cluster 0 subpopulation exhibit a more pronounced migratory ability, potentially associated with an increased propensity for metastasis.




Figure 5 | Invasion and EMT Features. (A) The cell trajectory analysis of different regulons. (B, C) Aggressive levels of three clusters were showed in UMAP plot and Violin plot. (D, E) EMT levels of three clusters were showed in UMAP plot and Violin plot. ***P < 0.001; ns, P < 0.05.






3.5 Model developing and evaluating

Based on the marker genes associated with Cluster 0-1, we utilized the ssgsea algorithm to assess their abundance in TCGA samples. We compared the survival outcomes between high and low abundances and found that a high abundance of Cluster 0 is indicative of better survival, whereas a high abundance of Cluster 1 is associated with poorer survival (Figures 6A, B). In Figure 6C, by intersecting cluster-identified genes in TCGA, GEO and cluster0-1, we identified a total of 1024 mark genes associated with the grouping of epithelial cell subpopulations in ESCC. A model was constructed using the training set of TCGA, and 38 prognostic genes were identified by univariate COX analysis (P<0.01). The results were presented using a forest plot to visualize the 21 protective factors and 17 risk factors (Figure 6D). Subsequently, the EAS was developed using LASSO and multifactorial Cox regression analyses, incorporating a total of 20 genes (Figures 6E-H). In Figure 6I, we observed a significant batch effect in the TCGA and GSE53624 independent cohorts, which were de-batched to obtain eligible cohorts for subsequent analysis (Figure 6J). Survival analysis showed that the prognosis of the high-EAS group in TCGA was significantly worse than that of the low-EAS group, a finding that was well validated in the GSE53624 cohort. Meanwhile, ROC curves were evaluated for the model, and it was found that the model had good predictive performance for the prognosis of esophageal cancer patients (Figures 6K, L).




Figure 6 | Model developing and evaluating. (A, B) The effect of cluster0 and 1 abundance on survival. (C) Venn diagram showing intersection genes of Epicluster0_1 with GEO and TCGA cohorts. (D) Forest plot shows the results of univariate COX analysis. (E) Volcano plot showing up- and down-regulated differential genes in the cohort. (F, G) LASSO regression screening for important prognosis-related genes. (H) Distribution of coefficient values of model genes. (I, J) Discernible batch effect detected in TCGA and GSE53624 cohorts, ensuring harmonized data integration by mitigating batch effects. (K, L) Differences in survival between the high and low risk groups in the TCGA and GSE53624 cohorts are presented separately, along with their ROC curves.






3.6 Immune infiltration analysis

The heat map depicted in Figure 7A employed five distinct methodologies to evaluate the extent of immune cell infiltration in both high- and low-EAS group. The findings indicated that immune cell infiltration was more pronounced in the low-EAS group. Figure 7B conducted an assessment of the association between CD44, HHLA2, PDCD1, and TNFRSF18 with the risk score, as well as with several modeled genes. The results demonstrated a significant correlation between HHLA2 and the risk score, as well as with some of the modeled genes. Furthermore, the risk score exhibited a negative correlation with HHLA2, PDCD1, and TNFRSF18. The “ESTIMATE” R software package was employed to gauge the level of immune infiltration, and subsequent correlation analysis revealed a noteworthy negative correlation between the risk score and the immune score. Conversely, a positive correlation was observed between the risk score and tumor purity (Figure 7C). To assess discrepancies in immune cell infiltration and immune-related pathways between the high- and low-EAS group, the ssGSEA method was utilized. The outcomes unveiled that the low-EAS group exhibited heightened levels of immune cell infiltration, encompassing NK cells, aDCs, and macrophages. Additionally, the low-EAS group manifested greater activity in numerous immune-related pathways, such as CCR, cytolytic activity, type I IFN response, among others (Figure 7D).




Figure 7 | Assessment of immune infiltration. (A) Heat map showing the differences in immune cell infiltration between two risk groups assessed using five algorithms. (B) Bubble plots demonstrating the correlation between riskScore and part of model genes and immune checkpoint expression. (C) Scatter plot elucidates the correlation between risk score and stromal score, immune score, ESTIMATE score, and tumor purity, revealing intricate interconnections within the tumor microenvironment. (D) SsGSEA enrichment analysis shows high and low risk groups in terms of immune cell infiltration and enrichment of immune-related pathways.






3.7 TMB and immunotherapy cohort

The waterfall plot presented in Figure 8A, which compared representative gene variants in the high- and low-EAS group, unveiled that TP53, TTN, MUC16, CSMD3, and RYR2 were the five genes exhibiting the highest frequency of variants. Notably, there was no discernible visual distinction in tumor mutational burden (TMB) between the two groups, as observed in the heat map. However, when patients were stratified based on TMB levels, it was revealed that the high-TMB group exhibited a poorer prognosis compared to the low-TMB group. Further stratification of patients according to both the risk score and TMB yielded intriguing findings in Figure 8B. Specifically, it was observed that the low-TMB and high-EAS group experienced the most unfavorable prognosis. In the cohorts receiving immunotherapy, namely GSE91061, GSE100797, GSE126044, and GSE35640, a comparative analysis demonstrated that the majority of patients in the low-EAS group exhibited a significantly higher proportion of treatment responders when compared to the high-EAS group. The statistical significance of these differences was assessed using various methods, including the Bonferroni adjusted value, the FDR adjusted value, and the Nominal p value, with the majority of the disparities found to be statistically significant (Figure 8C).




Figure 8 | Mutation landscape analysis. (A) Waterfall plots depicting differences in frequently mutated genes for esophageal cancer in high and low risk groups. The left panel shows mutation rates, with genes sorted by mutation frequency. (B) Survival curves showing the difference between survival among different subgroups. (C) Subgraph analysis of the GEO dataset to assess the association between EAS and response to immunotherapy.






3.8 Enrichment analysis and immunization checkpoints

A comprehensive correlation analysis was undertaken between the risk score and hallmark gene sets, as well as the cancer immunity cycle, revealing a clear negative association between the risk score and most components of the cancer immunity cycle. Notably, in the hallmark-related analysis, a positive correlation was observed between the risk score and specific pro-oncogenic pathways, including DNA repair, E2F targets, and G2M checkpoint (Figure 9A). Signaling pathway differences in different risk groups were assessed using marker gene sets. Figure 9B illustrates that enrichment in signaling pathways such as Notch signaling, TGF beta signaling, angiogenesis, and G2M checkpoint was primarily observed in the high-EAS group. Conversely, the low-EAS group demonstrated enrichment in KRAS signaling, the reactive oxygen species pathway, and fatty acid metabolism. To further explore these findings, GO and KEGG enrichment analyses were conducted using the GSEA method. KEGG enrichment analysis indicated significant enrichment in pathways associated with ECM receptor interaction and focal adhesion for the high-EAS group. In contrast, enrichment in pathways related to arachidonic acid metabolism, linoleic acid metabolism, KRAS signaling, the reactive oxygen species pathway, and fatty acid metabolism was observed in the low-EAS group. Additionally, GO enrichment analysis highlighted significant enrichment in pathways related to embryonic forelimb morphogenesis, embryonic skeletal system morphogenesis, sprouting angiogenesis, and collagen for the high-EAS group. Notably, substantial enrichment was observed in sprouting angiogenesis and collagen fibril organization pathways (Figure 9C). Potential effective chemotherapeutic agents for different risk groups were explored using the “oncopredict” R package. The results identified six drugs, namely Tozasertib, PRT062607, IRAK4_4710, Carmustine, AT13148, and Dactinomycin, which may hold greater efficacy as potential antitumor agents for low-EAS patients (Figure 9D).




Figure 9 | Enrichment analysis and immunotherapy analysis. (A) The relationship between risk scores and the steps of tumor immune cycle and hallmark gene sets. (B) GSVA enrichment analysis demonstrates the enrichment of hallmark gene sets between high- and low-risk groups. (C) GSEA enrichment analysis showed the enrichment of different genes in the GO and KEGG pathways between different risk groups. (D) Box plots comparing the sensitivity of high- and low-risk groups to six chemotherapeutic agents.






3.9 Vitro experimental validation

In TCGA, the expression levels of APLP2, CDCA4, PTMA and VIM were significantly different between normal and tumor samples with HR>1, while the other model genes showed no significant difference or small HR (Supplementary Figure 2B). To further validate these four model genes, qRT-PCR was performed using surgically resected tumor tissues and normal esophageal tissues, and it was found that the expression of APLP2, CDCA4, and VIM genes was significantly up-regulated in the tumor tissues, whereas the expression of the PTMA gene was also up-regulated but not statistically different (Figures 10A-D). Furthermore, we used siRNA to inhibit the expression of APLP2 in KYSE30 and TE1 cells. CCK-8 and colony formation assays revealed that the inhibition of APLP2 significantly suppressed the proliferation capacity of ESCC cells (Figures 11A, B). Supplementary Figure 2A showed that immune checkpoint genes such as CD44, HHLA2, PDCD1 and TNFRSF18 were significantly different in both high- and low-EAS group, with CD44 showing high expression in the high-EAS group, whereas HHLA2, PDCD1 and TNFRSF18 were more highly expressed in the low-EAS group, suggesting that the effect of immunotherapy in the low-EAS group may be better.




Figure 10 | Experimental validation of model gene. (A) Box plots showing differential expression of APLP2 in tumor and normal tissues in TCGA-ESCC;10 relative expression of APLP2 gene in pairs of cancer and paracancer samples. (B) Box plots showing differential expression of CDCA4 in tumor and normal tissues in TCGA-ESCC; 10 relative expression of CDCA4 gene in pairs of cancer and paracancer samples. (C) Box plots showing differential expression of PTMA in tumor and normal tissues in TCGA-ESCC;10 relative expression of PTMA gene in pairs of cancer and paracancer samples. (D) Box plots showing differential expression of VIM in tumor and normal tissues in TCGA-ESCC;10 relative expression of VIM gene in pairs of cancer and paracancer samples. **P < 0.01; ns, P > 0.05.






Figure 11 | In vitro Experiment (A, B) CCK-8 detection and colony formation assays show that inhibition of APLP2 expression significantly suppressed the proliferation of ESCC cells. **P < 0.01; ***P < 0.001.







4 Discussion

Esophageal cancer (EC), ranking 8th in incidence and 6th in mortality globally, poses a severe risk. With the current incidence rates, an estimated 957,000 new cases of EC are projected by 2040 (1, 27, 28). Unfortunately, many patients are diagnosed at advanced stages, leading to dismal 5-year survival rates (2). Immunotherapy has emerged as a promising option for various cancers, including EC (29–31). This innovative approach leverages the immune system to combat malignant cells, inhibiting tumor progression. However, individual responses vary, and complications may arise. Precise molecular characterization is urgently needed for targeted anti-tumor therapies (3).

In this study, all esophageal cancer squamous epithelial cells were classified into three clusters using the UMAP dimensionality reduction algorithm, and then 20 model genes related to ESCC prognosis were obtained by COX regression and Lasso regression analysis of cluster mark genes, and EAS were constructed based on them. Based on the EAS, patients were divided into high- and low-EAS group, and the survival analysis found that the prognosis of the high-EAS group was significantly worse. ROC curve analysis was performed on the training and test groups and found that the AUC values of the TCGA cohort and the GEO53624 validation cohort were above 0.7, showing good discriminatory ability. The model was applied to four immunotherapy cohorts (GSE91061, GSE100797, GSE126044, GSE35640) and found that patients in the low-EAS group had better immunotherapy outcomes. The results of drug sensitivity tests showed that Tozasertib, PRT062607, IRAK4_4710, Carmustine, AT13148 and Dactinomycin could be potential agents for esophageal cancer treatment. In addition, we performed qRT-PCR in vitro validation and found that APLP2,CDCA4 and VIM genes were significantly overexpressed in tumor tissues, and the expression of PTMA gene was also upregul XCated, but the difference lacked statistical significance.

APLP2, located on chromosome 16, is a gene that encodes the APLP2 protein. The APLP2 protein is a type I transmembrane protein involved in crucial cellular processes such as migration, adhesion, proliferation, and signaling. Previous research has highlighted the dysregulation of APLP2 in various cancer types, including colorectal, lung, breast, and pancreatic cancers (32–35). Its involvement in abnormal growth, invasion, and metastasis has been observed. However, there is inconsistency regarding the expression pattern (increase or decrease) of APLP2 in different tumors, and the precise underlying reasons and resulting effects remain unknown (36). Notably, a study by Tao et al. focused on hepatocellular liver cancer and constructed a predictive model based on four disulfide apoptotic differential genes, including APLP2. This model demonstrated high predictive performance in multiple cohorts, revealing that APLP2 influences the oncogenic processes of hepatocellular liver cancer by regulating apoptosis and the cell cycle (37). Gao et al. investigated renal cell carcinoma and found that APLP2 expression serves as an independent predictor of survival prognosis (P=0.026), indicating its significance in patient survival and prognosis (38). Additionally, Poelaert et al. identified increased APLP2 expression in pancreatic cancer epithelium compared to pancreatic intraepithelial neoplasia epithelial cells. This finding was further validated in a KPC mouse model, suggesting that APLP2 could be a potential therapeutic target for pancreatic cancer (39). In the present study, the expression of APLP2 in esophageal cancer tissues was found to be significantly higher than in normal tissues, and this observation was confirmed by qPCR analysis.

CDCA4 is a gene that encodes a protein with crucial functions in regulating the cell cycle, controlling E2F-dependent transcriptional activation, and governing cell proliferation. Its role in cell division is of significant importance (40). Previous studies conducted using cellular and animal models have demonstrated the association of CDCA4 with various malignant tumors. In breast cancer, non-small cell lung cancer, osteosarcoma, and squamous cell carcinoma of the head and neck, CDCA4 has been found to be up-regulated (41–44). In the realm of nephroblastoma, Li et al. discovered that CDCA4 exhibited high expression levels and played a role in promoting cell proliferation while inhibiting apoptosis. This effect was mediated through the activation of the AKT/mTOR signaling pathway (45). Furthermore, Zheng et al. constructed a prognostic map for esophageal cancer, utilizing eight genes, including CDCA4, UBE2Z, AMTN, AK1, TLE1, FXN, ZBTB6, and APLN. This columnar map holds promise in providing valuable insights for precise clinical management of the disease (46).

The PTMA gene encodes a small acidic protein that is widely distributed throughout the body and possesses notable pro-tumorigenic characteristics. This protein exerts inhibitory effects on apoptosis while promoting tumor cell proliferation. High expression of PTMA has been associated with a poorer prognosis in several tumor types, including esophageal, bladder, melanoma, hepatocellular, and gallbladder cancers (47–51). In addition to its intracellular functions, PTMA can also be secreted extracellularly and act as a damage-associated molecular pattern (DAMP) during cellular stress and infection. Under such circumstances, PTMA exhibits diverse immunomodulatory functions, including its role in anti-tumor immunity (52). Shao et al. conducted a study utilizing weighted gene co-expression network analysis (WGCNA) to identify differentially expressed genes and key modules contributing to the development and progression of ESCC. Their findings suggest that the PTMA gene may serve as a potential prognostic marker for ESCC (53). Another investigation by Chen et al. found that PTMA expression is significantly elevated in ESCC compared to normal tissues. Inhibition of PTMA expression was shown to substantially reduce the activity of ESCC cells while promoting apoptosis. Furthermore, PTMA was found to bind to HMGB1, influencing mitochondrial oxidative phosphorylation and impacting the malignant progression of ESCC (54). In our present study, we observed overexpression of the PTMA gene in esophageal cancer tissues, which was further validated through in vitro experiments. These findings underscore the potential of PTMA as a target for immunotherapy in the treatment of EC.

The VIM gene encodes an intermediate filament protein that belongs to the family of cytoskeletal proteins. This protein plays a crucial role in providing structural support and regulating various cellular functions. Overexpression of VIM has been consistently associated with key features of tumor progression, including invasion, metastasis, and resistance of tumor cells. Consequently, elevated VIM expression is considered one of the hallmarks of tumor development and prognosis (55, 56). In the context of gliomas, Liu et al. made an intriguing discovery linking high expression of VIM with negative patient survival outcomes. They also observed a positive correlation between VIM expression and immune infiltration as well as tumor progression. These findings suggest that VIM could potentially serve as a target for immunotherapy in the treatment of gliomas (57). In a study by Lien et al. focused on invasive low-stage endometrial carcinoma, they found that lower expression of epithelial waveform protein and VIM gene correlated with poorer recurrence-free survival. The loss or low expression of VIM was identified as a potent FIGO stage I recurrence marker, emphasizing its prognostic significance in this particular cancer type (58). In summary, the aforementioned four genes play vital roles in the development of ESCC and warrant further investigation.

Two specific subgroups that markedly influence the prognosis of ESCC patients have been identified through an investigation into the heterogeneity within malignant epithelial cell subgroups of esophageal cancer. A prognostic prediction model for ESCC has been constructed using 20 distinctive genes within these subgroups, showcasing a high degree of stability and accuracy, as validated in an external dataset. This model is positioned as a robust tool for the clinical treatment of ESCC, offering personalized treatment options tailored to individual circumstances of patients.
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Supplementary Figure 1 | The expression of four regulons in each cluster were showed in Violin plot and UMAP plot.

Supplementary Figure 2 | (A) Box plots showing differential expression of 4 immunization checkpoint genes in tumor and normal tissues in TCGA-ESCC. (B) Box plots showing differential expression of 16 model genes in tumor and normal tissues in TCGA-ESCC.
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Objective

This study aims to develop a predictive model for identifying lung cancer patients at elevated risk for bone metastases, utilizing the Unified Immunoinflammatory Index and various tumor markers. This model is expected to facilitate timely and effective therapeutic interventions, especially in the context of the growing significance of immunotherapy for lung cancer treatment.





Methods

A retrospective analysis was conducted on 324 lung cancer patients treated between January 2019 and January 2021. After meeting the inclusion criteria, 241 patients were selected, with 56 exhibiting bone metastases. The cohort was divided into a training group (169 patients) and a validation group (72 patients) at a 7:3 ratio. Lasso regression was employed to identify critical variables, followed by logistic regression to construct a Nomogram model for predicting bone metastases. The model’s validity was ascertained through internal and external evaluations using the Concordance Index (C-index) and Receiver Operating Characteristic (ROC) curve.





Results

The study identified several factors influencing bone metastasis in lung cancer, such as the Systemic Immune-Inflammatory Index (SII), Carcinoembryonic Antigen (CEA), Neuron Specific Enolase (NSE), Cyfra21-1, and Neutrophil-to-Lymphocyte Ratio (NLR). These factors were incorporated into the Nomogram model, demonstrating high validation accuracy with C-index scores of 0.936 for internal and 0.924 for external validation.





Conclusion

The research successfully developed an intuitive and accurate Nomogram prediction model utilizing clinical indicators to predict the risk of bone metastases in lung cancer patients. This tool can be instrumental in aiding clinicians in developing personalized treatment plans, thereby optimizing patient outcomes in lung cancer care.
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1 Introduction

Lung cancer is a highly lethal cancer, causing about one-third of all cancer deaths worldwide (1). This is mainly because early symptoms of lung cancer, such as coughing, are often unremarkable and not quickly alerted (2). Most patients seek medical assistance only when they experience severe symptoms such as hemoptysis and pain. By this time, the cancer has already progressed to an advanced stage or is detected by physical examination in the absence of apparent symptoms. However, with advances in various types of treatments, such as targeted therapies and immunotherapies, the death rate from lung cancer is decreasing every year. According to the U.S. Cancer Data 2021 (3), the mortality rate of lung cancer decreased by nearly half between 2014 and 2018, doubling the rate of decline, which is closely related to the reduction of smoking and the improvement of early diagnosis and treatment outcomes. The incidence of lung cancer is relatively low before the age of 50 years, but the risk increases progressively with age. Low-dose spiral CT, lung cancer screening, is recommended for high-risk groups who are older, long-term smokers, and exposed to occupational pollution; it is significantly more effective than ordinary chest radiographs and can reduce lung cancer mortality by 20%, which is essential for early detection of lung cancer (4).

Distant metastasis often occurs when lung cancer progresses in the course of the disease, and common sites of metastasis include intracranial, bone, lymph nodes, and so on (5). Among them, bones, especially load-bearing bones such as the middle shaft bone, are common remote metastatic sites of lung cancer (6). Once the bones are eroded by tumor cells, in addition to possible pathological fractures, they may also lead to the emergence of bone-related problems such as hypercalcemia, spinal cord injury, and pain, which negatively affect the quality of life of patients (7). At the same time, this further exacerbates the financial pressure on cancer patients as the treatment of pain and pathological fractures requires operations such as surgery and radiotherapy (8). This also means it is crucial to search for and identify risk factors for bone metastasis in lung cancer to detect and predict bone metastasis promptly.

Recently, many researchers have begun to focus on the factors associated with predicting bone metastasis in lung cancer and have attempted to construct predictive models (9). Previous studies have identified factors such as blood calcium, T4 stage, N3 stage, p-III stage, non-squamous cell carcinoma, bone salivary protein BSP expression, elevated carcinoembryonic antigen levels, and high alkaline phosphatase as risk factors for bone metastasis in lung cancer (10, 11). However, there is a relative lack of studies on the relationship between inflammatory response and lung cancer bone metastasis. Inflammatory response is essential in the tumor microenvironment and is closely related to tumor generation, development, aggression, and metastasis (12). The systemic immune-inflammatory index (SII) is a novel prognostic predictor calculated by multiplying platelets by the absolute value of neutrophils and dividing by the total value of lymphocytes (13). The formation of new blood vessels is one of the essential conditions for further tumor progression and distant metastasis. Therefore, circulating vascular endothelial growth factor (VEGF) levels are gaining wider acceptance as a prognostic factor in cancer patients’ diagnostic and therapeutic evaluation (14).

Nevertheless, the value of the systemic immunoinflammatory index (SII) in predicting bone metastasis in lung cancer is unclear. Bone metastasis is a standard process in which primary cancers undergo metastasis. When bone metastasis occurs in lung cancer, it not only aggravates the patient’s condition but also reduces the patient’s survival rate. For lung cancer patients suspected of having bone metastases, ECT (single photon emission computed tomography) and PET (positron emission tomography) are two commonly used diagnostic imaging methods that can effectively detect and localize cancer cells in the bones (15, 16). However, these tests involve radioactive substances, and prolonged or frequent exposure may pose certain health risks for patients and medical personnel.

Therefore, if other biological indicators or risk factors can predict the possibility of bone metastasis of lung cancer, it will be possible to select patients who need to undergo radiological examinations more accurately, thus reducing the risk of unnecessary radiation exposure. This will not only help protect the health of patients and medical staff but also save medical resources and improve the efficiency of diagnosis.




2 Methodology and information



2.1 Sample collection and ethical approval

The process of this study is detailed in Figure 1. A retrospective analysis was conducted on 324 lung cancer patients treated at our hospital from January 2019 to January 2021. The study has been approved and endorsed by the Medical Ethics Committee of Li Huili Hospital, Ningbo Medical Centre, with the approval number Li Huili Hospital Ethical Approval 2023 Study No. 233. Acceptance number: KY2023SL233-01.




Figure 1 | Flow chart of sample inclusion and exclusion.






2.2 Sample size calculation

Based on the available risk queries, we found that the incidence of bone metastases ranged from 15% to 25% (10). We took the 20% incidence rate and used the following formula:  ,: Whetwoe   is taken as 1.96, p is the prevalence of 20%, E is the maximum error taken as 0.05, and the final calculation is that 246 patients are needed.




2.3 Inclusion and exclusion criteria

Inclusion criteria comprised: (1) newly diagnosed malignant lung tumor patients; (2) patients presenting initially to our hospital without prior antitumor treatment (surgery, radiotherapy, chemotherapy, immunotherapy, or targeting); (3) availability of complete patient data; (4) confirmed diagnosis of lung cancer bone metastasis, either by clinical/pathological diagnosis and bone lesion biopsy or by typical imaging manifestations (17); (5) clinical TNM (cTNM) stage ≥ II.

Exclusion criteria included: (1) incomplete medical records; (2) significant comorbidities; (3) pre-existing bone-related diseases; (4) serious infections; (5) prior diagnosis or antitumor therapy in another hospital; (6) imaging suggestive of bone destruction but lacking comprehensive bone imaging.




2.4 Sample selection

Of the initial 324 patients, 241 met the inclusion criteria. Of these patients, 56 (23.23%) had bone metastases. For the study, we divided these patients into a training group (169) and a validation group (72) with an approximate ratio of 7:3. During the grouping process, we used a RAND function to assign patients randomly. Specifically, we generated a random number for each eligible patient. Patients were then transferred to the training and validation groups in a 7:3 ratio based on the order of these numbers. This method ensured the groupings’ randomization and helped us reduce potential selection bias, making the study results more reliable and valid.




2.5 Data collection

Data were retrieved from electronic medical records and outpatient review documents. Collected data included demographics (age, Gender, smoking status, BMI), pathological staging, and laboratory data (neutrophil count, lymphocyte count, peripheral platelet count, CEA, Cyfra21-1, NSE levels). The following calculations were made:

	

	




2.6 Signature selection steps

Data from the 241 patients were analyzed using SPSS 26.0. The training group data underwent feature selection using the LASSO machine learning algorithm.




2.7 Internal validation process

Model validation involved the C-index, calibration curve, and ROC curve area under the curve (AUC). The C-index assessed concordance between predicted outcomes and actual observations. The calibration curve evaluated the fit between anticipated and observed risks. Decision curve analysis determined the clinical benefits, aiding in identifying high-risk patients for intervention and sparing low-risk patients from unnecessary treatments.




2.8 Statistical analysis

Statistical analysis utilized SPSS 26.0 and R software. The “glmnet” package was employed for the LASSO model construction, “rms” for plotting column line graphs and determining the C-index, and “rocr” for ROC analysis. A P value< 0.05 was considered statistically significant.





3 Result



3.1 Screening of LASSO signature variables

The LASSO algorithm and 10-fold cross-validation were utilized to identify significant variables associated with bone metastasis in lung cancer. The optimal value of the tuning parameter lambda.1se was determined to be 0.0025887, as illustrated in Figures 2A, B. Through this rigorous selection process, nine key variables were identified: age, Gender, tumor type, smoking history, SII, CEA, NSE, Cyfra211, and NLR, as depicted in Figure 2.




Figure 2 | Variable Selection via LASSO Regression. (A) Visualization of non-zero coefficient genes utilized in model construction, indicating their relative importance. (B) Plot of log-lambda values against cross-validation error, highlighting the optimal lambda value corresponding to the most predictive subset of genes.






3.2 Univariate analysis of characteristic variables

First, we assigned values for age, gender, tumor type, smoking history, SII, CEA, NSE, Cyfra211, and NLR (Table 1). Subsequently, by univariate analysis, we found that SII, CEA, NSE, Cyfra211, and NLR were strongly associated with bone metastasis in lung cancer patients (P< 0.0001, Table 2). In addition, we also compared the differences in SII, CEA, NSE, Cyfra211, and NLR between patients in the modeling and validation groups. The results showed no statistical difference in SII, CEA, NSE, Cyfra211, and NLR between patients in the modeling and the validation groups (P > 0.05, Table 3).


Table 1 | Table of Assignments.




Table 2 | Univariate analysis of variance.




Table 3 | Comparison of clinical data between patients in the training group and the validation group.






3.3 Training the risk prediction model for bone metastasis in lung cancer

For the five characteristic variables screened by univariate screening, a column chart model was constructed to predict the risk of bone metastasis in lung cancer (Figure 3). In the visualization of the risk prediction column chart, Points represent the corresponding scores of the variables, and different values of the variables correspond to varying values of Points. The TotalPoints are obtained by summing up the scores of each variable. By analogy, the risk of lung cancer bone metastasis corresponding to the total points of each patient can be read out from the Risk of Lung Cancer Bone Metastasis in the lower part of the graph, which is helpful for individualized prediction of lung cancer bone metastasis in clinical practice.




Figure 3 | Columnar Representation of Risk Factors for Bone Metastasis in Lung Cancer. This figure presents a column chart indicating the scoring of variables, where CEA is carcinoembryonic antigen, Cyfra21-1 represents cytokeratin 19 fragment 21-1, NSE denotes neuron-specific enolase, SII is the systemic immunoinflammatory index, and NLR stands for the neutrophil to lymphocyte ratio. The aggregate score correlates with the risk of bone metastasis.






3.4 Risk prediction and model validation for lung cancer bone metastasis

Four methods of internal and external validation of the model, including the ROC curve, C-index, and calibration curve, were used to obtain the validity of the risk prediction model: (1) The AUC of internal validation was 0.708, and the AUC of external validation was 0.824, which indicated that the prediction model had an excellent discriminatory ability (Figures 4A, B). (2) The calibration curves of internal validation and external validation showed that the predicted probability of bone metastasis of lung cancer matched well with the actual situation, indicating the accuracy of the prediction model (Figures 5A, B); (3) The C-indexes of the internal validation and the external validation were C-index: 0.936 (0.897 - 0.975) and C-index: 0.924 (0.842 - 1.007), indicating that the actual probability of bone metastasis of lung cancer had good discriminative ability (Figures 4A, B). that the actual probability of bone metastasis in lung cancer is in good agreement with the predicted probability. (4) The DCA curves of internal and external validation showed that the predictive model showed good clinical net gain under different threshold probabilities when predicting the probability of DR, confirming its practicality (Figures 6A, B).




Figure 4 | Discriminative Analysis Using ROC Curves. (A) ROC curve analysis for the training cohort, demonstrating the model’s capacity to distinguish between lung cancer cases with and without bone metastasis. (B) ROC curve validation for the external cohort, confirming the model’s discriminative performance.






Figure 5 | Calibration of the Predictive Model. (A) The calibration curve for the training cohort model depicts the concordance between predicted and observed bone metastasis in lung cancer. (B) The calibration curve for the validation cohort illustrates the model’s predictive accuracy.






Figure 6 | Clinical Utility Assessment with Decision Curve Analysis (DCA). (A) DCA for the training cohort, assessing the predictive model’s clinical benefit in diagnosing lung cancer bone metastasis. (B) DCA for the validation cohort, evaluating the model’s net benefit across various decision thresholds.







4 Discussion

In our study of 241 lung cancer patients, we explored risk factors that promote bone metastasis and developed a diagnostic model. Our findings are consistent with previous studies showing that gender, age, and smoking habits do not have a significant effect on the likelihood of bone metastasis. Although some studies have shown that smokers are more likely to develop bone-related complications (18), the role of age in bone metastasis remains controversial. For example, Wang et al. (19) reported an increase in bone metastases in lung cancer patients over 55 years of age. At the same time, another study (20) found a higher incidence of bone metastases among younger patients. However, our study did not find a direct correlation between age and bone metastasis, which suggests that further investigation of this relationship is needed.

The inflammatory response, a key player in the tumor microenvironment, is intricately linked with tumor initiation, progression, invasion, and metastasis (21). Long-term exposure to exogenous inflammatory factors can increase cancer risk and progression (22, 23). The Neutrophil-to-Lymphocyte Ratio (NLR), an indicator of systemic inflammation, has been linked to poor prognosis in cancer (24, 25). For instance, Sun et al. (26) found a high NLR associated with poorer overall survival (OS) and progression-free survival (PFS) in advanced NSCLC. In addition, several studies have found that high levels of NLR are positively associated with poor prognosis in lung cancer (27, 28). Our study corroborates these findings, with NLR emerging as an independent risk factor for bone metastasis in lung cancer. In the current study, NLR was significantly higher in both bone metastasis groups compared with non-bone metastasis groups, and regression analysis showed that it was an independent risk factor for bone metastasis. This suggests that NLR is highly valuable in predicting and diagnosing bone metastasis in lung cancer patients.

Similarly, the Systemic Immune-Inflammatory Index (SII) has been recognized as a prognostic factor in various solid tumors (29, 30). These studies have shown that patients with high levels of SII are more likely to develop bone metastases and have a higher proportion of T-stage and lymph node metastases. Our findings suggest that elevated SII levels are indicative of a higher likelihood of bone metastases in lung cancer patients.

CEA, a glycoprotein crucial in cell adhesion, is usually only produced during fetal life. Many studies have shown that elevated CEA is strongly associated with the development of colorectal cancer (31). In addition, NSE, a cell-specific isoenzyme, usually is present only in specific tissues. Still, during malignant tumor proliferation, the level of NSE in body fluids is increased, which is valuable for diagnosing, staging, and treating related neuroendocrine tumors (32). Cyfra21-1 is a cytokeratin expressed in simple epithelia, including bronchial epithelium, and in malignant tumors that develop from these cells (33). As a serum marker for lung cancer, Cyfra21-1 is commonly used for lung cancer screening, treatment, and efficacy monitoring, and Okamura et al. (34) found that both CEA and Cyfra21-1 had good sensitivity and specificity for diagnosing lung cancer in a high-risk-population. In lung cancer, elevated levels of these markers are associated with bone metastasis. For example, elevated NSE levels correlate with the number of lung cancer bone metastases (35), while high Cyfra 21-1 levels are linked to distant metastasis (36). Therefore, these findings suggest that lung cancer tumor markers are closely related to bone metastasis of lung cancer. Changes in lung cancer tumor markers should be paid attention to in the process of cancer diagnosis and treatment, significantly when Cyfra 21-1, NSE, and CEA are elevated simultaneously; timely attention should be paid to whether there is the occurrence of bone metastasis.

This study successfully developed a model to predict bone metastases in lung cancer, aiding in determining the appropriateness of immunotherapy. High-risk patients may benefit from early immunotherapy to prevent or delay bone metastasis, while low-risk patients might avoid premature treatment. This model lays the groundwork for personalized immunotherapy regimens. However, there are limitations to our study. Being a single-center study, the generalizability of our findings needs further validation with broader data sets. Additionally, the model was validated only using data from our center, necessitating external validation to minimize selection bias. Besides, future research will focus on homogeneously treated patients to study PFS and incorporate more sophisticated machine learning or subgroup analysis methods to refine the predictive model. This will allow for a more effective clinical assessment of lung cancer patients at risk of bone metastasis.




5 Conclusion

This study successfully developed and validated an innovative, objective, and accurate nomogram prediction model for predicting the risk of bone metastasis in lung cancer to show high accuracy. The model provides clinicians with a valuable tool for risk assessment and personalized treatment planning. With early immunotherapy, high-risk patients may benefit from preventing or delaying bone metastases, while low-risk patients may avoid premature treatment. This model lays the foundation for personalized immunotherapy regimens.
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Lung cancer (LC) produces some of the most malignant tumors in the world, with high morbidity and mortality. Tumor immune microenvironment (TIME), a component of the tumor microenvironment (TME), are critical in tumor development, immune escape, and drug resistance. The TIME is composed of various immune cells, immune cytokines, etc, which are important biological characteristics and determinants of tumor progression and outcomes. In this paper, we reviewed the recently published literature and discussed the potential uses of natural products in regulating TIME. We observed that a total of 37 natural compounds have been reported to exert anti-cancer effects by targeting the TIME. In different classes of natural products, terpenoids are the most frequently mentioned compounds. TAMs are one of the most investigated immune cells about therapies with natural products in TIME, with 9 natural products acting through it. 17 natural products exhibit anti-cancer properties in LC by modulating PD-1 and PD-L1 protein activity. These natural products have been extensively evaluated in animal and cellular LC models, but their clinical trials in LC patients are lacking. Based on the current review, we have revealed that the mechanisms of LC can be treated with natural products through TIME intervention, resulting in a new perspective and potential therapeutic drugs.
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1 Introduction

Cancer poses a significant clinical, social, and economic burden, and lung cancer(LC) is one of the leading culprits. LC is a highly prevalent disease and remains the major cause of global cancer-associated mortality. In 2020, LC is predicted that there were around 2.21 million newly diagnosed instances of cancer, accounting for approximately 11.4% of all reported cancer cases. Additionally, there were approximately 1.80 million fatalities attributed to cancer, representing approximately 18% of all reported cancer-related deaths (1). LC can be classified into two main histological categories: non-small-cell lung carcinoma (NSCLC) and small-cell lung carcinoma (SCLC). More than 80 to 85% of LC cases are NSCLC, which is more common than SCLC (2). Treating LC has always been a tricky and complex process. Managing LC includes surgery, chemotherapy, radiation therapy, biological therapies, immunotherapies, and targeted therapies. Since the turn of the century, the cancer treatment landscape has dramatically changed, leading to substantial improvements in outcomes for patients (3). Immunotherapy has shown promising efficacy in regenerating and repairing tumor-specific immune responses by targeting both the activation and recovery of immune cell function. Immunotherapy has thus brought new treatment options for cancer treatment, including LC. With the rapid advancement of tumor immunotherapy, LC treatment has gradually transitioned into a new era of immunotherapy.

In the process of transforming normal cells into tumor cells, the internal and external environment of tumor cells is closely related to the course of the disease. This highly structured and closely related complex ecosystem is called the tumor microenvironment (TME). TME includes both cancerous and non-cancerous cells. Non-cancerous cells (such as immune cells, endothelial cells, fat cells, etc.) and extracellular matrix in TME have extremely important effects on the biological behavior of cancerous cells. Since immune cells represent a large fraction of the TME, they play a key role in mediating pro- and antitumor immune responses (4). The tumor immune microenvironment (TIME) is often mentioned and studied independently. The TIME includes tumor cells, immune cells, immune cytokines, etc. The TME contains different types, in which TIME is like a battlefield between the tumor and immunity, mostly caused by the interaction of diverse tumor cells with immune cells. The characteristics of the TIME are intrinsically related to the efficacy of immunotherapy. Identifying targets that modulate immune metabolism helps to maximize the efficacy of cancer therapies (5). Immunotherapy alters the TIME and restores the ability of anti-tumor immune cells to kill tumors (6). Tumors can evade immune destruction by constructing an immunosuppressive microenvironment.

Natural products with novel structures, multi-targets, multi-pathways, few toxic and side effects, and diversified biological activities have numerous kinds of impacts on the treatment of diseases and are some of the most important sources of new drug research and development. Natural compounds and their derivatives show strong anti-tumor activity in many types of cancer, and their effects are being confirmed through various experimental studies, including on lung, breast, colon, and prostate cancer (7). Natural products have a significant impact on cancer treatment by modulating TME and different signaling pathways (8). The investigation of novel natural-product-derived compounds with the potential to modulate tumor immunotherapy has emerged as a prominent and globally recognized area of research (9). Many natural products have immune-modulating properties that could revolutionize the LC landscape. This work provides a comprehensive review of the processes by which natural compounds are regulated during the TIME of LC. Natural compounds will undoubtedly be essential to the control of TIME in LC treatment. This investigation provides a theoretical basis for natural compounds that regulate the TIME in LC treatments and presents innovative research ideas for exploring and developing new anticancer drugs.




2 Overview of tumor immune microenvironment and lung cancer

The interaction and co-evolution between tumor cells and their microenvironments causes LC to occur and develop. The crucial involvement of the TME in the onset and advancement of LC has been widely recognized during the past decade (10). The TIME is the “battlefield” where tumour cells and immune cells interact. Certain immune cells can detect and eliminate tumor cells, whereas tumor cells can also influence their microenvironment by producing chemicals that signal other cells and cause immunological tolerance. It is well established that neighboring immune cells and interactions across cell types influence the biological phenotypes and behaviors of malignant T cells. This complex tumor ecosystem is collectively known as the TIME (11). The immune system and tumor cells have complex interactions throughout the initiation and development of cancer (12). Different immune cells possess distinct surface markers, secretory factors, and corresponding immune functions. Immune cells are the primary players in TIME, affecting and controlling the occurrence and development of tumors in a complex and precise manner. Based on the various immune cell types identified in the TIME, this study examines the function of LC-associated immune cell types.



2.1 Helper T cells

Helper T (Th) cells are the largest subpopulation of T cells and important components of the TIME. The cluster of differentiation (CD) is a nomenclature system that identifies and classifies cell surface molecules present in leukocytes. CD is a common cellular marker for immune antigen recognition, with CD4 (markers for Th cells) and CD8 (markers for cytotoxic T cells) being the most common. Th cells and regulatory T cells (Tregs) are commonly known as CD4 T cells due to the presence of CD4 molecules on their cell surfaces. The activation of quiescent naive CD4+ T cells (Th0) is assisted by their identification of antigen-major histocompatibility complex molecules and appropriate co-stimulation (13). Naive CD4+ T cells differentiate into one of several Th cell subsets, depending on specific antigens and cytokines in the immune microenvironment. Th cells play a pivotal role in regulating adaptive immune responses at epithelial sites by the secretion of a diverse range of cytokines, which serve to attract and modulate the function of various other immune cells (14). Different subtypes of Th cells produce different cytokines and perform different immune functions. In 1986, Mosmann discovered the mysterious veil of the Th1 and Th2 subsets (15), and since then, other cell subpopulations have also been discovered, such as Th3, Th9, Th17, Th22, Tfh, etc. In the TIME of LC, Th1, Th2, Th9, and Th17 tend to be of higher concern.

Th1 cells are primarily responsible for regulating cellular immune responses; secrete immune cytokines; and promote the activation and proliferation of macrophages, cytotoxic T cells (CTLs), and natural killer (NK) cells. Th1 responses are overrepresented in LC (16). When tumor necrosis factor (TNF)-α and interferon (IFN)-γ levels are high, IL-2 levels are low, and these are Th1-biased cytokines in LC. The higher expression of TNF-α is associated with a low risk of LC progression (17). IFN-γ can cause tumor cells to evade immune surveillance in LC (18). IL-2 is considered an effective treatment option for activating the anti-tumor immune response. The validation of the therapeutic efficacy of increasing the activity of NK cells and T cells through IL-2 signaling has been confirmed as a novel approach for SCLC (19). In fact, the role of Th1 in lung cancer is mainly summarized in three aspects: the secretion of regulatory cytokines, the regulation of the immune response of other immune cells and the homeostasis of Th1/Th2 cells.

Th2 cells are associated with pro-tumor activity, mediating this function by producing various cytokines. IL-6, IL-10, and IL-4 are considered the main Th2 immune cytokines, mainly encouraging tumor growth by hindering the host’s immune system. IL-4 influences tumor-associated macrophage polarization in LC. Signal Transducer and Activator of Transcription 6 (STAT6) deficit leads to a decrease in IL-4 levels, therefore resulting in a diminished differentiation of macrophages into M2 macrophages (20). An increase in IL-6 levels can lead to molecular targeted drug resistance in LC, and these levels might be useful as a prognostic marker in patients with NSCLC (21). LC with mutations in the epidermal growth factor receptor (EGFR) exhibits a deficiency in IL-10, resulting in the inadequate induction of CD39 expression in CD8+ T cells, commonly referred to as cytotoxic CD8+ T lymphocytes or CTLs. Furthermore, IL-10 plays a crucial role in enhancing CD8+ T-cell-mediated cytotoxic functions, which depends on the presence of CD39 (22). Th1 cells are involved in the promotion of the anti-tumor immune response, while Th2 cells counteract the activity of Th1 cells. Tumorigenesis and relapse may depend on alterations to Th1/Th2 cytokine homeostasis. Accordingly, in patients with LC, it can be found that Th2 cytokine levels increase, whereas Th1 levels decrease (23).

Th9 cells are characterized by the secretion of IL-10 and IL-9. Th9 cells mainly secrete cytokine IL-9 to act on other cells to play anti-tumor immunity. It has been reported to be effective in eliminating solid tumors, and exhibit remarkable anti-tumor properties compared with Th1 and Th17 cells (24). In addition, it has been reported that Th9 cells induce EMT in LC, thereby promoting migration and metastasis (25). According to the reports mentioned above, Th9 cells have a dual role in tumorigenesis, as they can play both anti-tumor and pro-tumor functions. Therefore, the inducing effect of drugs on Th9 cell function is a promising research direction.

Th17 cells and related immune cytokines can promote either tumorigenesis or tumor suppression, but the relevant mechanism is still unknown. The interaction between Th17 cells and Tregs is crucial in regulating autoimmunity and cancer (26). It is abundantly clear that the balance between Th17 cells and Tregs is significantly disturbed in NSCLC (27). In fact, the intricate relationships between immune cells often play an unexpected role in TIME, but they are often mysterious and waiting to be revealed.




2.2 Cytotoxic T lymphocytes

It is generally recognized that CTLs, as the primary effector cells of cellular immunity in the human body, can detect and eliminate malignancies, making them an essential part of the adaptive immune system. The number of CTLs within the TME is a pivotal prognostic marker of cancer, and high-CTL tumors are more likely to respond to immunotherapy than low-CTL tumors (28). CD3 is a common surface marker of T cells, marking all T cells. CD8+ is used as a specific marker in CTLs, so it is often called the CD8+ T-cell. CD8+ T cells constitute a highly heterogeneous cell population among patients with LC (29). The mechanism by which CTLs kill tumor cells involves the following three aspects (1): the granular exocytosis pathway, via the synaptic exocytosis of cytotoxic granules that contain perforin and granzymes into the target, results in tumour cell destruction (2); the cytotoxic cytokine pathway, secretes cytokines, including IFN-γ and TNF-α (3); and CTLs are capable of eliminating target T cells via a chain reaction that results in apoptosis via the FAS ligand (FASLG) molecule (30, 31). Tumor heterogeneity determines that even the same immune cells play different roles at different TIME. The significance of CTLs in SCLC has been explored more thoroughly than in NSCLC. Insufficient anti-tumor immune responses are caused by a lack of pre-existing tumor-infiltrating T lymphocytes (TITLs), particularly CTLs, in the SCLC TME (32). In addition, SCLC cells have an immune-provoking impact on cytotoxic T lymphocytes, which upregulate the co-inhibitory receptors of CTLs, thus inducing T-cell exhaustion upon prolonged activation (33). As multicellular organisms, cell-cell interactions (CCIs) play an important role in maintaining homeostasis and coordinating physiological functions. CCIs between immunizations plays an irreplaceable role in TIME, although it is complex and mysterious.




2.3 Regulatory T cells

Tregs are a special subgroup of CD4+ T cells with immunosuppressive, which represent 5−10% of peripheral CD4+ T cells (34). Tregs represent an important immunosuppressive cell type in TIME, which inhibit the activation of other immune cells and maintain the immune system’s homeostasis. Tregs can inhibit anti-tumor immunity through two stages, hindering immunosurveillance against cancer development, and hampering effective anti-tumor immune responses in hosts (35). Tregs are the “culprit” that helps tumor cells evade the body’s immune surveillance. Tumor cells can use Tregs to achieve immune escape. In addition, Tregs are therapeutic targets and biomarkers that can predict the LC’s survival length and recurrence, particularly in circulation or regional lymph nodes (36). In NSCLC, Tregs are associated with tumor staging, therapeutic efficacy, and prognosis, infiltrating tissues. Tregs attenuate immunologic anticancer effects in NSCLC patients (37). Their inhibition mechanisms include the following: suppressive cytokines; IL-2 consumption; the antigen-presenting cell (APC) mediated pathway via cytotoxic T-lymphocyte-associated protein 4 (CTLA-4); the T-cell immunoreceptor with immunoglobulin and the ITIM domain (TIGIT); the metabolite-related mechanism via CD39/CD73; lymphocyte activation gene 3 (LAG3); contact-dependent suppression via programmed death ligand 1 (PD-L1); and other mechanisms (38).




2.4 Natural killer cells

NK cells belong to large granular lymphocytes and are the third largest lymphocyte population after T cells and B cells. They serve as the primary effector cells regarding innate immunity and are highly heterogeneous in the TIME. The main role of NK cells can be summarized in two aspects: One acts as an important part of tumor immune surveillance. Many receptors on NK cells tightly regulate their activation and allow them to distinguish between ‘normal’ and ‘dangerous’ cells (39). The second is directly lysing tumor cells in a similar manner to activated CTLs. NK cells possess two primary cytotoxic mechanisms: granulocyte apoptosis mediated by perforin and granzyme and antibody-dependent cell-mediated cytotoxicity (ADCC) (40). Furthermore, as cytotoxic innate lymphoid cells, NK cells generate inflammatory cytokines and chemokines, including TNF-α and IFN-γ (41). The involvement of NK cells in LC is not fixed but rather exhibits alterations throughout the progression of the disease. The anti-tumor effect of NK cells varies according to the stage of LC. In the early stages of tumor development, NK cells with high cytotoxicity and survival can efficiently eliminate tumor cells. The NK cells involved in tumor promotion enter a mildly dysfunctional condition and reach a state of equilibrium with the tumor cells. Tumor cells resist NK cell-mediated immunosurveillance and attempt to escape from them as the tumor develops (42). The interaction between NK cells and LC is reciprocal. The colony-forming level and cytotoxicity of NK are significantly negatively correlated with LC, and the colony-formation and cytotoxicity of NK cells in LC patients were significantly lower than those in healthy people (43). There is increasing evidence suggesting that improving NK cell functioning may induce tumor regression, and immunotherapy targeting NK cells may be an effective strategy in LC treatment (44, 45).




2.5 Tumor-associated macrophages

Tumor-associated macrophages (TAMs) are significant constituents of the TIME, exhibiting a wide range of supporting and inhibitory influences on the growth, advancement, and metastasis of LC (46). In LC, TAMs are involved in participating in the growth, angiogenesis, metastasis, and invasion of cancer cells. Thus, TAMs are regarded as a potentially effective therapeutic target for LC (47). According to a recent study, in LC and LC-related disorders, cytokines and chemokines that are released through interactions between TAMs and tumor cells substantially stimulate antiapoptotic, hyperproliferative, and metastatic responses (48). TAMs can be divided into three subsets: the classical subtype M0 (non-polarized or neutral), M1 (anti-tumor), and M2 (pro-tumor) macrophage. TAMs have the opposite functional potential, which may depend on the cytokine environment in the TIME. The M1- and M2-like gene signature expressions are not mutually exclusive in early LC, as both gene expression profiles can be displayed simultaneously by the TAMs (49). However, TAMs in early-stage lung adenocarcinoma appear to express genes promoting tumorigenesis, and they are not known to have distinct M1 and M2 macrophage polarization (50). The value of TAMs in LC TIME is certain, but their specific mechanism remains to be fully explored and studied.




2.6 Cancer-associated fibroblasts

Over the past decade, the idea that Cancer-associated fibroblasts (CAFs) are immunosuppressive cells has been widely accepted. CAFs, as a most prominent and abundant cell population, are a major component of the TME and account for nearly 70% of cells in tumor tissues (51). CAFs perform a wide range of functions, such as the secretion of inflammatory ligands, growth factors, and extracellular matrix (ECM) proteins that enhance drug resistance, immune antagonistic effects, and tumor development (52). In addition, CAFs are actively involved in cancer progression, in the way that through complex interactions with other cell types in the TIME (53). As prospective therapeutic targets, T-cell exclusion in NSCLC is governed by the distinct ECM profiles and spatial distribution of CAFs (54). Furthermore, CAFs serve as a prognostic indicator for immunotherapy efficacy in non-small cell lung cancer (55). The ‘Reverse Warburg Effect’ in LC is supported by research, but it is limited to certain tumor cell lines and can be modified by different CAFs (56). The complex role and differential efficacy of CAFs in the TIME are certainly fully reflected in LC, but this needs to be further explored.




2.7 Tumor-infiltrating B cells

Although T cells have been the primary focus of tumor immune response studies in recent years, B cells also play an important role in tumor immunity. B cells, which continuously comprise a significant cellular component of the TME, might play an essential function in tumor immunity (57). B-cell density is considered a new prognostic biomarker of NSCLC patient survival (58). LC progression is significantly regulated by tumor-infiltrating B (TIL-B) cells. However, the role of TIL-B cells in human cancer, that is, whether they are anti-tumor or pro-tumor, depends on the tumor type. In patients with NSCLC, there is evidence that TIL-B cells have an anti-tumor effect. Anti-tumor immunity is mediated through the maintenance of structure and function of tertiary lymphoid structures (TLSs), the production of tumor-specific antibodies by TIL-B cells, and the promotion of T-cell responses; all of these mechanisms are associated with favorable outcomes in LC (59). Given their ability to efficiently deliver antigens to CD4+ TILs and modify the CD4+ TIL phenotype, TIL-B cells represent a promising therapeutic target in SCLC (60).




2.8 Dendritic cells

Dendritic cells (DCs) are a heterogeneous leukocyte population comprising distinct subsets, and their strong ability to initiate and regulate adaptive immune responses is the basis for successful anti-tumor immune responses (61). Tumor-specific immune responses are initiated, programmed, and regulated by DCs. DCs possess a distinctive ability to initiate immunological responses by capturing antigens and subsequently processing them into peptides. These peptides are then presented to naive T cells in lymphoid tissues via major histocompatibility complex (MHC) molecules (62). DCs play a critical role in protecting against LC, and clinical trials have shown that their function decreases in LC patients (63). According to research, patients diagnosed with advanced NSCLC have not responded well to vaccination with DCs or DC/cytokine-induced killer (CIK) cells (64). Modulating DCs at the early stage of LC seems to be a feasible immunoanticancer strategy, as suggested by the above studies.




2.9 Mast cells

Mast cells (MCs) are unique tissue-resident immune cells of the myeloid lineage, that secretes a variety of cytokines involved in immune regulation. MCs are recognized as critically shaping tumor cell and TME behavior (65). MCs play a complex role in the TME by modulating different tumor biological events, such as cell proliferation and survival, invasiveness, angiogenesis, and metastasis. Furthermore, tumor-associated MCs can influence TME through their interactions with other tumor-infiltrating cells (66), such as Th cells. The value of MCs in different types of LC continues to be studied. Some studies suggest that a constant decrease in MCs may be implicated in the whole invasive process of lung adenocarcinoma (LUAD) (67). Moreover, research confirms that high MC abundance correlates with prolonged survival in early-stage LC patients (68). The expression of the four genes linked to resting MCs (RMCRGs) and resting MCs infiltration in NSCLC are positively correlated; the greater the risk score, the lower the expression of immune checkpoint inhibitor (ICI) and resting MCs infiltration (69).




2.10 Myeloid-derived suppressor cells

Myeloid-derived suppressor cells (MDSCs) are a diverse population of pathologically activated cells that have strong immunosuppressive properties (70). In the context of cancer, MDSCs are abnormally produced and recruited into the TME to aid in establishing an immunosuppressive microenvironment that facilitates tumor immune escape (71). MDSCs are closely connected to the prognosis of patients with LC (72). There is increasing evidence that MDSCs are involved in the development of LC and may be used to predict the efficacy of immune checkpoint blockade (ICB) treatments (73). MDSCs can be further studied as immunosuppressive regulators and therapeutic targets in LC.

The critical role of TIME in promoting tumor growth and metastasis is strongly established. The TIME has been utilized to analyze particular interactions between tumor cells and immune cells of various types, and it was found that changes in the TIME, represented by immune cells, affect the progression and metastasis of LC. Although the anticancer and pro-cancer effects of some immune cells are still controversial, the role of TIME in LC is well established. This also makes TIME a potential target for improved immunotherapy. Overall, TIME is a novel field facing major challenges and deserves further exploration.





3 Anticancer effects of natural products when targeting tumor immune microenvironments

Natural compounds play an important role in preventing and treating various cancers and have great research value and development prospects. The therapeutic role of natural compounds in cancer is complex and varied, and discoveries are constantly being updated. A wide range of natural compounds have been found to possess anticancer properties, demonstrating various actions such as inhibiting cell proliferation, promoting apoptosis, preventing metastasis and angiogenesis, regulating autophagy, reversing multidrug resistance, modulating immune responses, and enhancing the efficacy of chemotherapy both in vitro and in vivo. Natural compounds have an impact on tumor cells as well as TIME. Natural compounds are crucial to LC immunotherapy (74, 75). A total of 37 natural compounds have been reported to exert anti-cancer effects by targeting the TIME, Figure 1 presents them.




Figure 1 | Distribution of different sub-classes of natural products.





3.1 Terpenoids

Terpenoids are a class of biologically active natural compounds that exhibit a wide range of pharmacological properties, rendering them a valuable reservoir of potential compounds for drug discovery (76). Recent efforts to study and produce terpenoids for their anticancer properties have shown promise and could lead to new possibilities for treating cancer. Many terpenoids are effective anti-LC agents that can delay the invasion and metastasis of lung carcinoma cells (77). Tumor-infiltrating immune cells and associated cytokines are crucial in facilitating or impeding tumor growth, a factor that has become an important focus in the treatment of LC due to the complexity of its development. This study found that 13 terpenoids exert their anti-LC effects by modulating the TIME. Table 1 provides the basic information and mechanisms of these 13 terpenoids derived from recent studies on LC, while Figure 2 presents their chemical structures.


Table 1 | Basic information and mechanisms of 13 terpenoids from recent studies.






Figure 2 | Chemical structures of terpenoids.





3.1.1 Astragaloside-IV

Astragaloside-IV(AS-IV) is a cycloartane triterpene glycoside chemical and one of the bioactive ingredients isolated from Astragalus membranaceus Bunge. Astragalus membranaceus Bunge, also known as “HuangQi”, is widely used to treat various cancers in Traditional Chinese medicine (TCM). AS-IV, a well-investigated and significant natural compound in TCM, has exhibited its anti-tumor properties by impeding the growth, invasion, and metastasis of tumor cells in multiple cancer types (93). TAMs are key regulators of the complex interplay between cancer and the TIME (94) and a significant therapeutic target in LC. The M2 macrophage subpopulation is a cancer-promoting immune cell in TAMs, and M2 macrophage polarization invasions of tumor sites are frequently associated with tumor development and poor prognosis. By partially inhibiting the AMPK signaling pathway-mediated polarization of TAM M2 macrophages, AS-IV decreases the invasion, angiogenesis, and migration of tumor cells in LC (78). Tryptophan (Trp) is primarily catabolized by the enzyme indoleamine 2,3-dioxygenase (IDO) (95). IDO can degrade Trp, an important amino acid, into kynurenine and other downstream metabolites, which can decrease effector T-cell function and promote Treg differentiation. AS-IV exhibits a potent anticancer effect in vivo and can increase the immune response by lowering Tregs and raising CTLs activity, which may be linked to its ability to suppress IDO expression (79). Astragaloside demonstrates potential as a TIME intervention agent in LC, capable of enhancing the immune response and inhibiting tumor immune evasion through the regulation of various immune cells(include TAMs, CTLs and Tregs mentioned above).




3.1.2 Ginsenosides (Rg3 and Rh2)

Ginsenosides are effective components of terpenoids extracted from Panax ginseng C. A. Mey. (it is also known as Renshen in TCM) that can inhibit tumors and enhance body immune functions. Ginsenosides are a class of tetracyclic saponins that can be categorized into two groups, namely dammarane and oleanane, based on the structure of their aglycones. Within the dammarane group, ginsenosides can be further classified into four types: protopanaxatriol (PPT), protopanaxadiol (PPD), oleanane (OA), and ocotillol (OCT). Ginsenoside Rg3 and ginsenoside Rh2 are both the PPD type. A large number of ginsenosides are effective in LC intervention, but only Ginsenosides Rg3 and Rh2 have been reported on regarding LC immunotherapy.

Although ginsenoside Rg3 and ginsenoside Rh2 compounds are similar in structure, the structure of ginsenoside Rg3 is more complex and well-studied. A meta-analysis of 12 studies confirmed that ginsenoside Rg3 has some efficacy advantages in improving immune function in NSCLC patients compared with other saponins (96). A monomer preparation of ginsenoside Rg3 was approved by the National Medical Products Administration in Chinese and is frequently used for various cancers, particularly in NSCLC, which can improve the survival rate and objective response rate in combination with chemotherapy in NSCLC patients (80).

Tumor cells can become immunogenic by changing from non-immunogenic to immunogenic in response to external stimuli, which is known as immunogenic cell death (ICD). Ginsenoside Rg3 can induce ICD in lung carcinoma cells via the mediated induction of apoptosis and a subsequent increase in the expression of the chaperone protein calreticulin (CRT) and heat shock proteins (HSPs) on the surface of lung carcinoma cells. In addition, Rg3 induces the secretion of TNF-α or TGF-β and promotes IFN-γ production by tumor cells (81). Weakening the tumor’s chemotherapy resistance through immune regulation is also an important part of anticancer research into natural products. PD-L1 is overexpressed in lung carcinoma cells/cisplatin-resistance (CR) cells compared with lung carcinoma cells, and ginsenoside Rg3 can suppress the PD-L1 expression and resume T-cell functions (82). The degree and success rate of anti-tumor immune response are determined by the synergistic effect of multiple cytokines in TIME, and TNF-α, TGF-β and IFN-γ are the cytokines that are often concerned. TNF-α is a central cytokine that contributes to malignant tumor progression in TIME. TNF-α upregulation has also been observed in ginsenoside Rh2-treated A549 tumour cells (97). Ginsenosides have garnered greater attention in the context of their regulatory effects on immune cytokines, in comparison to other natural products.




3.1.3 Atractylenolides (Atractylenolides II and III)

Atractylenolides are sesquiterpenoids produced from the rhizomes of the plant Atractylodes Rhizoma (it is also known as Baizhu in TCM). These compounds have anti-tumor activity both in vitro and in vivo, making them an attractive option for treating a variety of cancers (98). Atractylenolides exhibit a diverse array of pharmacological properties, and their role in the treatment of LC has been proven (99). Atractylenolides mainly include Atractylenolide I, II, and III and Atracylon. Their pharmacological action is somewhat similar, possibly because of their shared tricyclic structure. In atractylenolides, atractylenolides II and III have been reported to be able to exert anti-cancer effects by intervening in TIME.

The promotion of tumor proliferation, angiogenesis, and metastasis is greatly influenced by M2 macrophage. By efficiently preventing M2 macrophage polarization, atractylenolide II prevents tumor cell metastasis in vivo as well as in vitro. The efficient inhibition of M2 macrophage polarization by Atractylenolide II mostly occurs through the activation of the STAT6 signaling pathway by inhibiting IL-4/IL-13 (83).

IDO has been recognized as a crucial protein checkpoint involved in the modulation of the TIME, hence facilitating tumor progression. By directly binding to the Jak3 protein, Atractylenolide III has demonstrated remarkable efficacy in blocking IFN-γ driven Jak3/STAT3 signaling pathway-dependent IDO activation (84).




3.1.4 Cannabinoids

Cannabinoids are terpenophenolic compounds derived from the Cannabis sativa L. plant. Cannabidiol is a non-psychoactive cannabinoid, and clinical studies have reported that cannabidiol may cause surprising reactions in LC patients (100).

The expression of Intercellular Adhesion Molecule-1 (ICAM-1), a transmembrane glycoprotein belonging to the immunoglobulin superfamily (IgSF), is observed in tumor cells. ICAM-1 can impact tumor development by promoting adhesive between tumor and immune cells (101). Cannabidiol can increase lung tumour cell lysis caused by lymphokine-activated killer cells by upregulating ICAM-1 (85). Cannabinoid receptors are key targets for cannabinoid action and are expressed in tumour cells and TIME cells. The expression of the cannabinoid receptor has an impact on the development of cancer in different types of tumors. TME-derived Cannabinoid2 s NSCLC model (102). This provides a new path to discovering LC treatments using cannabinoids to intervene in the TIME.




3.1.5 Triptolide

Triptolide is a diterpenoid of the abietane class that was extracted from Tripterygium wilfordii Hook.(also known as Leigongteng in TCM) Triptolide is the key ingredient of Tripterygium wilfordii Hook against cancers, it demonstrates substantial anticancer properties. The IL-6/STAT3 signaling pathway acts to drive the malignant progression of tumors, while strongly suppressing the antitumour immune response. Thus, target IL-6/STAT3 signaling pathway are poised to provide therapeutic benefit by stimulating antitumour immunity. The IL-6/STAT3 signaling pathway may play an essential role in the TIME; IL-6-mediated STAT3 activation in the TME inhibits the functional maturation of DCs, thus activating effector T cells and blocking the emergence of anti-tumor immunity in cancers (103). Triptolide can exert anti-tumor effects on lung carcinoma cells of NSCLC by inhibiting the activation of the IL-6/STAT3 axis (86).




3.1.6 Oridonin

Oridonin is a biologically active diterpenoid molecule derived from the plant species Rabdosia rubescens. Multiple studies have provided evidence supporting the inhibitory effects of oridonin on angiogenesis in diverse cancer types, including LC (104). Oridonin exhibits potential as an immunostimulatory drug for NK cells, thereby positioning it as a prospective candidate for the treatment of LC. The administration of Oridonin has been observed to improve the cellular cytotoxicity of NK-92MI cells towards tumor cells through the stimulation of degranulation markers and cytotoxic effector molecules. Additionally, it can enhance the upregulation of activation markers on NK-92MI cells, as well as the expression of ligands associated with these indicators in LC cells (87).




3.1.7 Lycopene

Lycopene is a dark-red carotenoid belonging to the tetraterpenoid family and is widely found in a variety of plants, especially ripe red fruits and vegetables such as tomatoes. From an anticancer perspective, people often look to lycopene as a dietary supplement that may help to prevent the occurrence of cancer. Lycopene’s immunomodulatory effects could make it an anticancer agent, as it modulates immune cells to suppress tumor growth and progression (105). Lycopene treatment increases the CD4+/CD8+ ratio in the spleen and promotes IFNγ-expressing CD8+ T cells in tumor tissues. Furthermore, lycopene can assist anti-PD-1 by elevating the IL-1 and IFN-γ levels while also reducing the IL-4 and IL-10 levels in the spleens of mice injected with LLC cells. Upon IFN-γ stimulation, lycopene diminishes PD-L1 expression by activating JAK and repressing AKT phosphorylation (88).




3.1.8 Lupeol

Lupeol is a triterpenoid found in various vegetables and fruits, as well as medicinal plants such as olives, mangos, elms, and Aloe vera (L.) Burm. f., Lupinus micranthus Guss., etc. Lupeol is an effective inhibitor of proliferating tumour cells and has a powerful anticancer effect against various neoplasms (colorectal, lung, and liver) (106). Plasminogen activator inhibitor-1 (PAI-1) is differentially highly expressed in various types of tumor types, which involved in cancer progression. The lupeol demonstrates inhibitory effects on the synthesis of PAI-1, hence impeding the recruitment of THP-1 macrophages (THP-1 cells that have undergone differentiation into macrophages) towards LC cells. Furthermore, it has been observed that lupeol exhibits the ability to inhibit the polarization of M2 macrophages, resulting in a decrease in the migratory capacity of Lewis LC cells (89).




3.1.9 Paeoniflorin

Paeoniflorin is a monoterpene glycoside isolated from Paeonia lactiflora Pall(also known as Baishao in TCM). Paeoniflorin is reported to possess a wide spectrum of anti-tumor effects, including for LC (107). Paeoniflorin can induce tumor cell apoptosis and inhibit tumor proliferation, invasion and metastasis through different mechanisms, and immune regulation be one of the keys to playing these roles.The polarization state and infiltration degree of TAMs in the TME are significantly correlated with cancer treatment and prognosis. Paeoniflorin can affect the cell cycle progression, viability, and migration of lung carcinoma cells by inhibiting the M2 macrophage polarization of TAMs (90).




3.1.10 Bakuchiol

Bakuchiol is a natural meroterpenoid extracted from Cullen corylifolium (L.) Medik. Bakuchiol is considered a potential anticancer compound, and its anti-tumor activity against LC has been confirmed in vitro (108). Bakuchiol treatment increases the population of cytotoxic immune cells (i.e., M1 macrophages and CD8+ T cells) while also decreasing pro-tumor immune cells (i.e., CD3+ T cells, Tregs, and M2 macrophages). Bakuchiol stimulates the production of anti-inflammatory cytokines, such as IL1-α, IL2, IFN-γ, TNF-α, IL4, and IL10. PD-L1 expression in the tumor is also lowered by Bakuchiol. AKT and STAT3 signaling is inhibited by Bakuchiol (91).




3.1.11 Platycodin D

Platycodin D is a triterpenoid saponin extracted from Platycodon grandiflorus (Jacq.) A. DC.(it is also known as Jiegeng in TCM). Jiegeng is a herb that has been used TCM in China for thousands of years and is commonly found in various tumor treatment TCM formula(Fufang). By binding PD-L1 to PD-1 on the surface of T cells, tumor cells can inhibit the immune effect of T cells, leading to immune escape. Jiegeng has a role in regulating TIME and can trigger anti-tumor immunity by limiting PD-1 expression in CD8+ T cells (109). Platycodin D decreases the protein level of PD-L1, triggers the extracellular release of PD-L1 in lung carcinoma cells, and enhances IL-2 secretion in T cells (92).





3.2 Flavonoids

Flavonoids are a large class of natural products that have a variety of quantities and complex structures In chemical structure, the basic skeleton of flavonoids is composed of three rings (C6-C3-C6) (110). Many preclinical studies have demonstrated that flavonoids inhibit LC development and can target signaling pathways (111). Flavonoids have diverse and extensive immunomodulatory and anticancer activities (112). This study found that 10 flavonoids exert anti-lung-cancer effects by modulating the TIME. Table 2 provides the basic information and mechanisms of these 10 flavonoids derived from recent studies on LC, while Figure 3 presents their chemical structures.


Table 2 | Basic information and mechanisms of 10 flavonoids from recent studies.






Figure 3 | Chemical structures of flavonoids.





3.2.1 Rocaglamide

Rocaglamide is a flavonoid extract obtained from Aglaia odorata and Aglaia duperreana belonging to the cyclopenta [b]-tetrahydrobenzofurans chemical class. In vivo and in vitro studies have shown that rocaglamide is a new candidate drug for the treatment of cancer (123). Concerning the structure-specific postulated biogenetic origin of rocamide, it is possible that the cycloaddition of a flavonoid nucleus and a cinnamic acid amide moiety result in the formation of cyclopenta [bc]benzopyran ring system (124).

Rocaglamide can play an anticancer role in NSCLC by promoting NK cell infiltration. There are two main mechanisms by which rocaglamide regulates NK cells, including the autophagy inhibition pathway and the non-autophagy inhibition pathway. UNC-51-like kinase 1 (ULK1), a serine/threonine kinase, plays a key role as an autophagic initiator. In the first pathway, rocaglamide enhances the NK-cell-mediated killing of NSCLC cells by inhibiting autophagy, which is achieved by targeting ULK1 (113). The cyclic GMP-AMP synthase (cGAS) and its downstream signalling effector stimulator of interferon genes (STING) play a crucial role in cancer development. The cGAS/STING signaling pathways has been widely concerned and has become the forefront and hot spot of current research. Rocaglamide activates cGAS/STING signaling pathways in NSCLC cells, leading to the upregulation of CCL5 and CXCL10 and the enhanced infiltration of NK cells (114).




3.2.2 Puerarin

An isoflavone glycoside known as puerarin was extracted from the root of the Pueraria lobata (Willd.) Ohwi and is known as Gegen in TCM. Puerarin is a naturally occurring medicinal substance that exhibits a range of biological activities, including antioxidative, anti-inflammatory, anti-tumor, immunomodulatory, and neuroprotective properties (125). It is one of the key components of puerarin’s anti-tumor effect, regulating immune cells and cytokines. Puerarin, a negative metastasis regulator of NSCLC, can induce anti-tumor effects by skewing macrophage populations back into the M1 subpopulation. Moreover, puerarin decreases the level of pro-tumor cytokines (IL-10, TGF-β, and IL-4) and increases the expression of anti-tumor cytokines (IFN-γ, IL-12, and TNF-α) (115).




3.2.3 Nobiletin

Nobiletin is a main flavone compound of the peels of citrus fruits, such as Citrus depressa, Citrus sinensis, Citrus reticulata, Citrus limon, etc. Numerous pharmacological effects attributed to nobiletin have been researched recently, including NOB’s anti-tumor activity (126). PD-1 is an essential component of the TIME and functions as a receptor that impedes T-cell activation. The EGFR phosphorylation can activates Janus kinase-2 (JAK2) and signal transduction, thereby activating STAT3 to results in the regulation of PD-L1 expression. Nobiletin inhibits the expression of PD-L1 by EGFR/JAK2/STAT3 signaling pathway, thereby enhancing anti-tumor immunity (116).




3.2.4 (−)-Epigallocatechin gallate

The compound (−)-epigallocatechin gallate (EGCG), classified as a flavonoid, is a polyphenolic catechin that constitutes approximately 59% of the overall catechins present in green tea leaves (127). EGCG partially restores T cell activity by inhibiting PD-L1/PD-1 signaling pathway, leading to the inhibition of lung carcinoma cell growth. The mechanism of EGCG-inhibited PD-L1 expression is induced by both IFN-γ and epidermal growth factor (EGF) (117). The role of IFN-γ in tumor immunotherapy is full of paradoxes. IFN-γ can enhance immune function, but it can also accelerate T cell failure by up-regulating PD-L1. The regulation of IFN-γ by EGCG requires further exploration due to its diverse role.




3.2.5 Myricetin

Myricetin is a flavonol compound widely found in many plants. The families Myricaceae, Polygonaceae, Primulaceae, Pinaceae, and Anacardiaceae are the richest sources of myricetin (128). IFN-γ is a major modulator of the TIME and performs a critical function in TIME. Myricetin reverses the effects of IFN-γ-treated LC cells on the survival, CD69 expression, proliferation, and IL-2 production of Jurkat-PD-1 T cells. An essential mechanism underlying the aforementioned therapeutic effects is that IFN-γ induces transcriptional upregulation of PD-L1 and IDO1 via the JAK/STAT/IRF1 axis, which is targeted and inhibited by myricetin (118).




3.2.6 Licochalcone A

Licochalcone A is a flavonoid extracted from Glycyrrhiza uralensis Fisch.(also known as Gancao in TCM) and presents a wide range of pharmacological effects, including anticancer. The excessive secretion of IFN-γ in the TIME can induce the expression of PD-L1 in tumor cells and promote the immune escape of tumor cells. Licochalcone A abrogates IFN-γ-induced PD-L1 expression via reactive oxygen species (ROS) generation (119).




3.2.7 Silibinin

Silibinin is a natural flavonol isolated from Silybum marianum (L.) Gaertn. Silibinin reportedly possesses strong anticancer properties, and immune regulation is one aspect of its anticancer role. NSCLC with anaplastic lymphoma kinase (ALK) gene rearrangement is a specific type of NSCLC. Immune evasion in ALK-positive NSCLC may be facilitated by PD-L1. Silibin reverse acquires resistance and restores sensitivity to crizotinib-resistant tumor cells. Silibinin treatments significantly inhibit the upregulation of the PD-L1 immune checkpoint regulator in crizotinib-refractory LC cells (120).




3.2.8 Isovitexin

Isovitexin is an isomer of vitexin extracted from Vitex negundo var. cannabifolia (Siebold and Zucc.) Hand.-Mazz. Isovitexin has a variety of biological activities, including anti-cancer. Isovitexin promotes lipopolysaccharide (LPS)- and lectin-stimulated splenocyte proliferation and enhances CTLs and NK cell activities, as well as the secretion of IL-2 and TNF-α (121).




3.2.9 Luteolin (Apigenin)

Luteolin is a flavonoid that was originally isolated from Reseda odorata L. It is found in vegetables, medicinal herbs, and fruits. Apigenin is mainly derived from Apium graveolens L., but it is also found in other plants such as Perilla frutescens (L.) Britton, Verbena officinalis L., and Melissa axillaris (Benth.) Bakh. f. Luteolin and apigenin can block interactions between PD-1 in T cells and PD-L1 in tumor cells, inhibiting IFN-γ-induced PD-L1 expression (122).





3.3 Alkaloids

Alkaloids are a large group of naturally occurring organic compounds that contain a nitrogen atom or nitrogen atoms in their structures, which cause alkalinity. The acidic tumor microenvironment (ATME) greatly limits the activity of immune cells, which are not conducive to anti-tumor immune responses. Previous studies have shown that low pH in tumors inhibits anticancer immune effectors. In addition, the ATME can contribute to immune evasion (129). Alkaloids can play a therapeutic role by neutralizing the ATME. Alkaloids also serve as a rich resource for drug discovery, and numerous alkaloids screened from medicinal plants have shown antiproliferative and anticancer effects in a wide variety of cancers both in vitro and in vivo (130). This study found that seven alkaloids exert anti-lung-cancer effects by modulating the TIME. Table 3 provides the basic information and mechanisms of these seven alkaloids derived from recent studies on LC, while Figure 4 presents their chemical structures.


Table 3 | Basic information and mechanisms of 7 alkaloids from recent studies.






Figure 4 | Chemical structures of alkaloids.





3.3.1 Matrine

Matrine is a key tetracycloquinolizindine alkaloid isolated from Sophora flavescens Aiton(also known as Kushen in TCM). Many studies have been conducted on its anticancer activities against different types of tumour cells, and the results are reasonably acceptable (140).

Toll-like receptors (TLRs) are present and play multiple functions in various immune cell types involved in tumor immunity. TLRS can be expressed on macrophages, neutrophils, DCs, NK cells and mast cells. Matrine exerts an anti-tumor effect by the modulation of the TLR signaling pathway, facilitating the release of immune cytokines, increasing the efficiency of immune cells, and promoting an immunological response. It mainly includes the following aspects: First, matrine interferes with the secretion of immune cytokines, which might decrease the secretion of IL-10 and increase that of IL-6, TNF-α, and IL-12. The second feature is that matrine increases the expression of MHC-II, CD54, CD80, and CD86 on the surface of DCs, which promotes DC differentiation and maturation. In addition, matrine can cause autologous mixed T lymphocytes to produce DC-activated killer (DAK) cells (131). The phosphatidylinositol-3-kinase (PI3K)/protein kinase B (AKT or PKB) signaling pathway serves as a crucial regulator in macrophage survival, migration and proliferation. The anti-cancer and anti-metastasis effects of matrine inhibit EMT induced by M2-like macrophages via the AKT/PI3K signaling pathways, boosting T-cell-mediated anti-tumor immunity by targeting TAMs (132).




3.3.2 Sanguinarine

Sanguinarine, a benzophenanthridine alkaloid obtained from the root of Sanguinaria canadensis, exhibits significant potential in the field of cancer treatment due to its potent anticancer properties (141). MDSCs play a key role in inhibiting tumor immune effector cell function, preventing cancer from being attacked by the patient’s immune system. Sanguinarine reduces the MDSC accumulation, weakens the immunosuppressive ability of MDSCs, promotes the differentiation of MDSCs (differentiated into macrophages and DC), and increases the anti-lung-cancer immune response (133). In addition, sanguinarine has the potential to act as a novel regulator of the Wnt/β-catenin signaling pathway, modulating M2 macrophage polarization and inhibiting angiogenesis, both of which have potential application values in LC immunotherapy therapy (134).




3.3.3 Homoharringtonine

Homoharringtonine is a cytotoxic alkaloid that was originally isolated from Cephalotaxus hainanensis. It is a unique agent with a long history of research development. Homotaxine, an approved medication by the Food and Drug Administration (FDA) for the treatment of chronic myeloid leukemia, has been found to exhibit notable inhibitory effects on the expression of NRF2 and ARE-dependent genes in human LC A549 cells. Furthermore, homotaxine has demonstrated its potential as an anti-LC agent, as indicated by numerous studies (142). Homoharringtonine may be a potent immunotherapy drug, against LC associated with Kirsten rats arcomaviral oncogene homolog (KRAS) mutations by directly killing tumour cells and indirectly influencing the TIME. Its influence on the TIME includes two aspects: one promotes the activation of TIL-B, resulting in its anti-tumor activity; the second suppresses the expression of tumor suppressors (RB and p21) and oncogenic proteins (Kras, Akt, ERK, STAT3, CDK6, and CDK4) (135).




3.3.4 Oxymatrine

Oxymatrine, a quinolizidine alkaloid, is a prominent member of the matrine-type alkaloids derived from Sophora flavescens Aiton. Numerous investigations have shown that OMT has numerous useful pharmacological qualities, including anticancer effects (143). Oxymatrine may increase the apoptosis of drug-resistant tumor cells by activating DC differentiation and function, thereby enhancing the anti-tumor immune response. Oxymatrine may promote DC maturation and mediate the differentiation of T cells into Tregs (136).




3.3.5 Morphine

Morphine is used as an opioid analgesic to treat acute and chronic moderate-to-severe pain. First discovered in 1806, Serturner isolated the monomer compound morphine from opium poppies, pioneering and promoting a new branch of science that came to be known as alkaloid chemistry (144). Morphine, a common analgesic in clinical practice, is favored for alleviating cancer pain, but it can also control the immune response to tumors. Morphine regulates immune factors (IL-2, IL-10, TGF-β, and PD-L1), thereby promoting tumor immune escape (137).




3.3.6 Evodiamine

Evodiamine is one of the main alkaloid components extracted from Tetradium ruticarpum (A. Juss.) T. G. Hartley and has been reported to have anti-tumor activity in human tumour cells (145). MUC1-C is an oncogenic protein that is excessively expressed in cancer. By increasing CD8+ T cells and decreasing the MUC1-C/PD-L1 axis, evodiamine is primarily utilized in the treatment of NSCLC (138).




3.3.7 Sophocarpine

Sophocarpine is one of the representative constituents of quinolizidine alkaloids extracted from Sophora alopecuroides Linn. Sophorine is a quinolizidine alkaloid, which has many pharmacological effects, mainly showing strong anti-tumor activity and anti-inflammatory effect. Adenosine A1 receptors (ADORA1) play a role in promoting tumor growth in cancer. Activated transcription factor 3 (ATF3) is abnormally expressed in a variety of cancers and is involved in tumorigenesis. By stimulating the ADORA1/ATF3 axis, sophocarpine increases PD-L1 expression, thereby enhancing the efficacy of PD-L1 inhibitory therapy (139).





3.4 Other natural products

Other natural products include polyphenols, quinones, steroids, and phenylpropanoids, which are not classified separately given their small quantities, but they are introduced by merging related natural products. This study found that seven other natural products exert anti-lung-cancer effects by modulating the TIME. Table 4 provides the basic information and mechanisms of these seven additional natural compounds derived from recent studies on LC, while Figure 5 shows their chemical structures.


Table 4 | Basic information and mechanisms of 7 additional natural compounds derived from recent studies.






Figure 5 | Chemical structures of other natural products.





3.4.1 Curcumin

Curcumin is a lipophilic polyphenol derived from Curcuma longa L. that has been documented to have promising anticancer activities, and it is well tolerated in humans (155). MDSCs have a significant role in the TIME as potent immune-suppressive cells. Curcumin has been observed to decrease the accumulation of MDSCs and facilitate the development and differentiation of MDSCs within tumor tissue. Moreover, curcumin also inhibits the immunosuppressive function of MDSCs and decreases the level of IL-6 (146). Curcumin therapy inhibits Tregs and increases Th1 in the peripheral system of LC patients by repressing the gene transcription of Foxp3 and increasing the expression of iIFN-γ (147). Furthermore, curcumin could improve the immune system in LC by inducing efficient T-cell-mediated anti-tumor immunological responses (156).




3.4.2 Resveratrol

Resveratrol, a non-flavonoid polyphenol, was initially identified in the roots of white hellebore (Veratrum grandiflorum O. Loes) in 1940, and subsequently isolated from the roots of Polygonum cuspidatum in 1963 (157). Resveratrol is mainly found in grapes, mulberries, berries, red wine, peanuts, pines, and nuts. Although resveratrol is a phytochemical known for its antioxidant properties, its anticancer potential has been researched worldwide.

Inhibiting the activation or M2 macrophage polarization of TAMs is an effective cancer therapy. By preventing TAMs from polarizing M2-like, resveratrol suppresses the proliferation of LC (148). Resveratrol inhibits anti-tumor immunity primarily by regulating PD-L1 expression via the Wnt signaling pathway activation pathway (149). In addition, resveratrol can increase TNF-α, IFN-γ, IL-12, and IL-2 expression and increase the cytotoxic effects of CD8+ T-cell expressions in lung squamous cell carcinoma (158).




3.4.3 Polydatin

Polydatin is an anthraquinone component extracted from Reynoutria japonica Houtt. and has a variety of biological roles. The therapeutic role of polydatin in LC intervention is positive, and studies have confirmed that it may be a potential therapeutic candidate for treating NSCLC, playing a role by inhibiting proliferation and metastasis (159). Polydatin can improve sensitivity and reduce the adverse effects of radiotherapy through immune regulation. TIL-B cells are found in all phases of LC, implying that B-cells play an important role in the course of the disease. Polydatin significantly decreases radiotherapy-induced tumor B-cell infiltration (150).




3.4.4 Plumbagin

Plumbagin is a plant-derived naphthoquinone mainly obtained from three families, including Plumbaginaceae, Droseraceae, and Ebenaceae (160). The number of CD8+ T cells that infiltrate tumors is shown to rise in mice treated with plumbagin. Furthermore, these cells exhibit promising effector capabilities. Specifically, CD8+ T cells effectively activate phenotypes and increase the effector function of CD8+ T cells by upregulating the production of TNF-α, IFN-γ, and granzyme B (GrzmB). In addition, the proportion of MHC-2/DC cells in mice with tumors treated with plumbagin was increased (151).




3.4.5 Withaferin A

Withaferin A is a pivotal steroidal lactone extracted from Withania somnifera (L.) Dunal (Solanaceae), also known as Ashwagandha, was one of the pivotal prehistoric remedies in Ayurveda. Withaferin A is receiving growing attention as a promising anticancer phytochemical, because of its polypharmaceutical medicinal effects, suppressing tumor cell survival, proliferation, motility, metastasis, angiogenesis, and chemosensitization (161).

Withaferin A has been found to trigger ICD in NSCLC cells, leading to an upregulation of PD-L1 expression. Furthermore, withaferin A targets immunosuppressive cells and increases CTL infiltration to raise LC tumor susceptibility to α-PD-L1, which in turn triggers an anti-tumor immune response (152).




3.4.6 Salidroside

Salidroside is a phenylpropanoid glycoside isolated from Rhodiola rosea L.(also known as Hongjingtian in TCM), which has been used for a long time as adaptogens in TCM (162). Salidroside promotes the immune activity of CD8+ T cells by inhibiting the expression of PD-L1, thereby preventing tumor immune escape in LUAD cells. However, the PD-L1 pathway mediated by circ_0009624 is the key to the above effect (153).




3.4.7 Erianin

Erianin is a natural bibenzyl compound isolated from Dendrobium chrysotoxum Lindl and has been reported to be a prospective natural agent for LC treatment (163). Erianin is abundant in TCM Shihu, Shihu is widely used in the treatment of lung diseases. Administering erianin substantially upregulates IL-2 and TNF-α levels, decreases IL-10 levels, and enhances immune function (154).






4 Discussion and conclusions

LC is still the leading cause of cancer-related mortality. Surgery, chemotherapy, and radiation therapy are the main conventional treatments commonly used for LC. Cancer immunotherapy has many advantages over chemotherapy and radiation therapy, and immunotherapy has received particular attention because of its favorable efficacy, low-risk ratio, and long-lasting activity (164). The TIME is an important target and pathway for immunotherapy. A variety of immune cells, stromal cells and cytokines within the TME can affect responses to immunotherapy (165). Changes in immune cells, cytokines, and associated receptors in the TIME can affect the development and deterioration of tumors. The anti-tumor effects of natural products are constantly being explored, and they may have value in treating tumors through TIME intervention. A total of 37 natural compounds have been reported to exert immunotherapeutic effects by modulating immune cells, cytokines, or related receptors in the TIME. Many of the natural compounds discussed in this paper can affect the TIME of LC, can improve immune surveillance, have cancer-cell-killing abilities, and have great potential as adjuvant therapies for LC. Tumors can resist chemotherapeutic drugs through various mechanisms, and TIME is crucial to this process. The combining natural compounds and chemotherapeutic drugs has a synergistic effect, which can solve the problem of chemotherapy drug resistance.

Targeting TIME for the treatment of LC has certain regularities, with terpenoids being the most prevalent natural compounds, and 13 species of terpenoids exist. The extensive quantity and diverse array of terpenoids could contribute to this observed phenomenon. In the study of the chemical structure of natural products, we found that there are great differences in the chemical structure of various natural products, and we have not found any obvious similarity and regularity. The sample size currently used is not large enough to support the analysis, which may be one reason for this. Therefore, it is crucial to further augment the sample size in order to comprehensively illuminate the chemical structural attributes of natural products. In the main sources of natural products, some content worth researching and exploring has been found. It is found that many natural products targeting TIME therapy for LC are derived from Chinese Herbal Medicine (CHM). Moreover, these CHM are consistent in TCM classification, that is, most of them belong to the CHM tonic (Buyi, Shihu, Hongjingtian, etc.). class, such as Renshen, Huangqi, Baizhu, Gancao, Baishao, Shihu Hongjingtian, etc. The CHM exerts its efficacy in cancer treatment by hindering tumor progression and enhancing the immune system of the host organism (166). The tumor elimination mechanism through the restoration of the body’s immune function aligns with the TCM concept of “nourishing positive accumulation and eliminating cancer by itself” (167). These perspectives appear to offer a guiding explanation for the management of LC utilizing TCM.

Tumor-bearing experimental animals are crucial for the preclinical development of cancer drugs. A broad range of tumor models is available, the subcutaneous tumor model is the most frequently utilized model (168). The LLC mouse model and A549 xenograft mouse LC model are the two most common animal models of LC in preclinical studies of natural products against LC. The LLC cell line was first derived from a C57BL mouse that had a tumor in its lung due to the implantation of primary LLC. LLC is highly representative of the human adenocarcinoma subtype of LC and widely used as a model for LC. Human lung adenocarcinoma cells were used to develop the A549 cell line, which is commonly employed to generate xenograft LC models, particularly in NSCLC. Most in vitro experiments are also carried out around the above two cell lines, using mature animal or cell models, which also provides more reliable evidence for the effectiveness of using natural products to intervene in LC.

The study on the common/classical signaling pathway for regulating natural products of TIME is a hot topic, but unfortunately, there are no obvious rules to be found. STAT proteins are known as “potential therapeutic targets for altering metabolic rate”. Among them, STAT3-related signaling pathways may have certain developmental value in TIME regulation. During the intervention of triptolide, atractylenolide III,nobiletin and bakuchiol, STAT3-related signaling pathways were all mentioned. The Wnt signaling pathway was mentioned in studies on the regulation of immune cells and immune checkpoints by resveratrol and sanguinarine. But the reference to a generic/classical signaling pathway in the above study seems to be more accidental. Perhaps there is not yet enough content of natural products that regulate TIME-related signaling pathways to provide useful references and enlightening perspectives. Immunotherapies that target PD-1/PD-L1 axis have shown unprecedented success in a wide variety of human cancers (169). Of course, PD-1/PD-L1 axis may be the most concerned common/classical axis in the natural product intervention TIME, and we will introduce it in the next paragraph.

As for the relevant research on using natural products to intervene in the TIME, we found that the target research has concentration characteristics. TAMs are one of the most investigated immune cells about therapies with natural products in TIME. At least ten different natural compounds have been identified to have a role in LC treatment via TAMs. TAMs are crucial components of the TIME and are involved in the progression, metastasis, and proliferation of tumors. The recent advancements in natural compounds in immunomodulation have highlighted their significant potential against cancer (170). In addition, 6 natural products were reported to have anti-cancer effects by regulating CTLs. However, there are fewer studies on natural products targeting other immune cells, so they are not introduced in detail. PD-1 acts as a crucial factor in impeding immune responses and fostering self-tolerance through its regulation of T-cell activity, activation of antigen-specific T-cell apoptosis, and inhibition of Tregs’ apoptosis (171). PD-L1, serving as the primary ligand for PD-1, generates a co-inhibitory signal within activated T cells, hence facilitating T-cell apoptosis, impaired reactivity, and compromised functional capacity (172). The proteins PD-1 and PD-L1 have emerged as significant subjects of study in the field of cancer immune regulation. Researchers have identified at least 17 natural products that exhibit anticancer properties in LC via modulating the activity of these proteins. IFN-γ is a cytokine that is predominantly produced by immune system cells. It plays crucial functions in maintaining tissue equilibrium, as well as in immunological responses and the surveillance of tumors (173). Macrophages are the main physiological targets of IFN-γ, and natural products interfere with the TME by regulating IFN-γ to play an anticancer role. IFN-γ can induce PD-L1 expression on tumor cells, a phenomenon called “adaptive resistance” (174). Many of natural products play an anticancer role by inhibiting IFN-γ secretion/expression and thereby affecting PD-L1. Research has revealed that TNF-α induces diverse oncogenic and tumor-suppressive effects in TME and that dynamic changes in TME could influence the pharmacological action of PD-1/PD-L1 blockers (175). Many natural products have been shown to regulate the secretion of TNF-α, but the subsequent role of TNF-α regulation remains to be further revealed. Attempts to discover a signaling pathway in natural product regulation of TIME have received much attention, but unfortunately have not. The Stat3-related pathway may have some development value, and it has been mentioned in the intervention process of triptolide, atractylenolide III,nobiletin and bakuchiol.

The TIME is a complex system. It is regulated by various signaling pathways, necessitates the interaction of different cell types, and modulates a broad spectrum of cellular responses. Although the numerous studies described in this review have examined the involvement of natural products in cancer mechanisms through TIME interventions, there is still a lack of research on the complex regulatory networks in the TIME formed by multiple pathways. Most natural products work by interfering with one type of immune cell or cytokine, but the incremental effect or crosstalk reaction of different immune cells or cytokines has yet to be revealed. Most studies on TIME intervention using natural products have focused on experiments involving cell lines and subcutaneous tumor mice, so there is a lack of human clinical observation data. The complex structure of natural products can provide effective reference and inspiration for drug development. In addition, the generation of structural analogues to explore structure–activity relationships and optimize natural product leads can be challenging (176). Given a series of factors, including the limited number of studies included in this work and the complexity of the chemical structures of natural products, this study only summarizes the structural commonalities of natural products in the treatment of LC through immune regulation, a subject that needs further exploration. anti-tumor immunotherapy has shown good application prospects in the clinical treatment of LC, but most natural products still need to be taken from their original discovery in basic research to clinical diagnosis and treatment. The use of natural compounds as candidate drugs for new tumor immunotherapies has great development prospects, and it is a path and direction worth exploring in tumor research.
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Background

Angiogenesis stands as a pivotal hallmark in lung adenocarcinoma (LUAD), intricately shaping the tumor microenvironment (TME) and influencing LUAD progression. It emerges as a promising therapeutic target for LUAD, affecting patients’ prognosis. However, its role in TME, LUAD prognosis, and its clinical applicability remain shrouded in mystery.





Methods

We employed integrated single-cell and bulk transcriptome sequencing to unravel the heterogeneity of angiogenesis within LUAD cells. Through “consensus clustering”, we delineated distinct angiogenic clusters and deciphered their TME features. “Monocle2” was used to unravel divergent trajectories within malignant cell subpopulations of LUAD. Additionally, regulon submodules and specific cellular communication patterns of cells in different angiogenic states were analyzed by “pyscenic” and “Cellchat” algorithms. The “univariate Cox” and “LASSO” algorithms were applied to build angiogenic prognostic models. Immunohistochemistry (IHC) on clinical samples validated the role of model factors in LUAD angiogenesis. We utilized CTRP 2.0 and PRISM databases for pinpointing sensitive drugs against lung adenocarcinoma.





Results

Two clusters for the activation of angiogenesis were identified, with Cluster 1 showing a poor prognosis and a pro-cancerous TME. Three differentiated states of malignant epithelial LUAD cells were identified, which had different degrees of angiogenic activation, were regulated by three different regulon submodules, and had completely different crosstalk from other cells in TME. The experiments validate that SLC2A1 promotes angiogenesis in LUAD. ARS (Angiogenesis related score) had a high prognostic value; low ARSs showed immunotherapy benefits, whereas high ARSs were sensitive to 15 chemotherapeutic agents.





Conclusion

The assessment of angiogenic clusters helps to determine the prognostic and TME characteristics of LUAD. Angiogenic prognostic models can be used to assess the prognosis, immunotherapeutic response, and chemotherapeutic drug sensitivity of LUAD.





Keywords: angiogenesis, tumor microenvironment, immune infiltration, immune therapy, prognosis, lung adenocarcinoma




1 Introduction

Lung cancer is the most common cause of cancer-related death (1), and lung adenocarcinoma (LUAD) is its leading pathological type (2), which accounts for 50% of all lung cancer cases (3). Tumor heterogeneity is the main cause of drug resistance and tumor recurrence in LUAD (4), and the complex tumor microenvironment (TME) is key to LUAD heterogeneity (5). Chemotherapeutic and immunotherapeutic efficacy exhibit varying degrees of heterogeneity in patients with LUAD (6), thus hindering precise assessment of individual patient prognosis. Recent studies have suggested that the components of TME can determine the cancer immunophenotype and help guide chemotherapy and immunotherapy stratification in the future (6–8).

Angiogenesis is defined as the formation of new blood vessels from pre-existing vessels through a process called germination. Angiogenesis is important for the phenotypic differentiation of TME (9). Vascular endothelial growth factor (VEGF) is a critical driver of tumor neo-angiogenesis, and its expression within TME is heterogeneous, leading to an immunosuppressive effect (10). VEGFA exerts angiogenic effects by activating VEGFR2 expressed on endothelial cells (11). In recent years, anti-angiogenic drugs targeting the VEGFA pathway have significantly contributed to the treatment of LUAD (12).

Cancer-associated fibroblasts within TME are involved in angiogenesis, immune escape, and drug resistance (13). Tumor-associated macrophages (TAMs) are enriched in TME in most cancer types. TAMs polarise into the M1 or M2 phenotype depending on the environment, and M2 macrophages express anti-inflammatory cytokines (e.g. IL-10, CCL22, and CCL18) and low levels of IL-12, thereby exerting anti-inflammatory, angiogenic and pro-tumor effects (14). Chemokines in TME mediate the recruitment of immune cells to TME and directly affect cancer and endothelial cells to regulate tumor neo-angiogenesis (15). Furthermore, angiogenesis modulates metabolism and immunity. An abnormal vascular system inevitably leads to hypoxia and acidosis, resulting in the upregulation of tumor factors such as VEGF and TGF-β in the TME and eventually promoting metastasis and immunosuppression (16). Therefore, the regulation of angiogenesis is extremely complex and closely related to the TME. However, no multi-omics study of LUAD based on angiogenesis-related genes has analyzed their specific role in the TME and prognosis.

Employing scRNA-seq, we can analyze RNA profile variations at a high resolution to comprehend the intricate tumor microenvironment (TME) (17). Previous LUAD studies utilized scRNA-seq to explore diverse cell profiles within the microenvironment. In this study, distinct angiogenic clusters were identified based on 36 previously reported angiogenesis-related genes. We revealed heterogeneity of angiogenic activity in the LUAD tumor microenvironment at the single-cell level. Additionally, to enhance clinical applicability, an angiogenic scoring system was developed. This system evaluates LUAD aggressiveness and TME phenotype, guiding the customization of chemotherapy and immunotherapy strategies for individualized patient care.




2 Materials and methods



2.1 Pre-processing of bulk RNA-seq data

The gene expression data and clinical information of patients with LUAD were downloaded from the NCBI GEO (https://www.ncbi.nlm.nih.gov/geo/) and TCGA (https://cancergenome.nih.gov/) databases. A total of 884 LUAD samples from the GSE31210 (N = 226), GSE42127 (N = 133), GSE50081 (N = 127), and GSE72094 (N = 398) datasets were included in this study. The RNA-seq data (FPKM format, N = 500) and survival information of patients with LUAD were extracted from the TCGA database and converted to the transcripts per million (TPM) format. The Combat algorithm of the R package “SVA” was used to remove batch effects in samples from the GEO datasets. All data were log2(X+1) normalized for subsequent analysis. The somatic gene mutation data of patients with LUAD were downloaded from the UCSC Xena database (https://xenabrowser.net/datapages/).




2.2 Extraction and manipulation of single-cell RNA-seq data

Raw scRNA-seq data were downloaded from the GSE127465 dataset for single-cell analysis. The data contains 12 samples from 5 lung adenocarcinoma patients. In addition, the expression matrix, cell clustering, and cell type annotation data of the dataset were downloaded from the TISCH database (17). Samples with UMI counts of >1000 and >500 genes expressed in each cell were retained. For subsequent analysis of malignant epithelial LUAD cells, the number of highly variable genes was set to 2000, and the resolution was set to 0.6 for cell clustering. The data were dimensionalized using the “tSNE” method, and differentially expressed genes among malignant cell clusters were calculated using the “FindAllMarkers” algorithm.




2.3 Consensus clustering of angiogenic clusters

We extracted a set of 36 angiogenesis-related genes from MsigDB (http://www.gsea-msigdb.org/gsea/msigdb/search.jsp) for this study. Utilizing the R package “ConsensusClusterPlus”, we conducted consensus clustering analysis on the gene expressions. The algorithm employed was “KM”, using “euclidean” distance calculation and a random seed set to “5555555”. The GEO and TCGA-LUAD cohorts were categorized into two expression patterns, Cluster1 and Cluster2. Differential gene expression between the clusters was identified using the R package “limma”.




2.4 ssGSEA, GSVA, and single-cell functional gene set activity scores

Transcriptomic pathway activity scores were assessed using gene set variation analysis (GSVA) with the “HALLMARK dataset”. Enrichment scores were calculated using single-sample gene set enrichment analysis (ssGSEA) to represent the activity scores of cancer-related biological pathways and immune microenvironment-related signatures. Functional activity scores for each cell were determined using the “SingleCellSignatureScorer” software, relying on the differential expression of genes between the two expression clusters (18).




2.5 GO and KEGG enrichment analyses and GSEA

GO and KEGG functional enrichment analyses of differentially expressed genes were performed using the R package “clusterProfiler”. GO analysis included functional enrichment of biological processes (BP), cellular components (CC), molecular functions (MF), and other categories.




2.6 Single-cell trajectory analysis

Based on the single-cell data (Seurat objects), single-cell trajectories were constructed using the R package “Monocle2”, and genes regulated in a branch-dependent manner were identified using the branched expression analysis modeling (BEAM) algorithm (19).




2.7 Cell communication analysis

Based on the human CellChatDB database, cellular communication among LUAD cells of different trajectory branches, immune, and stromal cells in TME was analyzed using the R package “CellChat”. In addition, ligand–receptor pairs involved in different signaling pathways in tumor, immune, and stromal cells were identified.




2.8 Identification of Regulon submodules

A list of human transcription factors was downloaded from the RcisTarget database (https://resources.aertslab.org/cistarget/) and used to construct a transcription factor regulatory network. The “pyscenic” algorithm in Python was used to build a gene co-expression network based on the abovementioned transcription factors, establish transcription factor–target regulatory relationships, and identify a regulon (20). In addition, the regulon activity score (RAS) of cells was evaluated using the “AUCell” algorithm. The area under the curve (AUC) and connection specificity index (CSI) were calculated, and the regulon submodules were defined by hierarchical clustering of regulons based on CSI.




2.9 Immunohistochemistry

A total of 18 lung adenocarcinoma samples, along with 7 corresponding paracancerous tissues, were collected. Ethical approval has been obtained from the Medical Ethics Committee at The Affiliated First Hospital of Soochow University for the collection of tissue specimens. The tissues were fixed with 4% paraformaldehyde, dehydrated, and paraffin-embedded, resulting in 4 μm sections. Tissue sections underwent incubation at 4°C overnight with primary antibodies targeting SLC2A1 (Sangon, D160433, 1:200), CD34 (Sangon, D363155, 1:200), and VEGFA (Sangon, D260788, 1:200) post-deparaffinization, rehydration, and antigen retrieval. Subsequently, the slides were exposed to an antirabbit secondary antibody, followed by DAB staining and hematoxylin counterstaining. Two blinded pathologists independently assessed the immunohistochemistry (IHC) results. Tissue sections were scored based on the percentage of positive cells and staining intensity. Staining intensity was graded as 0 (negative), 1 (weak), 2 (moderate), or 3 (strong), while the expression proportion of positive cells was scored as 1 (0–25%), 2 (26–50%), 3 (51–75%), or 4 (76–100%). The proportion and intensity scores were amalgamated to derive a final score. An IHC score of ≥6 denoted high expression, while <6 indicated low expression.




2.10 Analysis of immunotherapy response and chemotherapy drug sensitivity

Data regarding the response of patients with LUAD to immunotherapy were extracted from the GSE126044 (N = 16) cohort, and immunotherapeutic efficacy was predicted using the TIDE algorithm (http://tide.dfci.harvard.edu/). Data regarding the sensitivity of patients to chemotherapeutic drugs were extracted from the CTRP 2.0 database (https://portals.broadinstitute.org/ctrp.v2.1/), and AUC data for PRISM analysis were extracted from the PRISM Repurposing Secondary Screen 19Q4 dataset (https://depmap.org/portal/download/). The area under the dose-response curve (AUC) in both datasets was used to measure drug sensitivity, with lower AUC values indicating higher sensitivity. Differences in drug sensitivity were analyzed using the Wilcoxon test and Spearman correlation analysis (log2FC > 0.15, r < –0.4). Missing AUC values in the dataset were imputed using the K-nearest neighbors (KNN) algorithm, and chemotherapeutic drugs with >20% missing data were excluded (20). The expression profile data of the CCLE cell line (https://portals.broadinstitute.org/ccle/data) were used as a training set for predicting drug sensitivity. Drug response in each sample was evaluated using the pRRophetic package.




2.11 Statistical analysis

Statistical analyses were performed using the R software (version 4.2). For comparing the data of two datasets, the significance of normally distributed variables was estimated using the Student t-test, whereas that of non-normally distributed variables was estimated using the Wilcoxon test. For comparing the data of more than two groups, one-way ANOVA was used to analyze normally distributed data, whereas the Kruskal–Wallis test was used to analyze non-normally distributed data. The two-sided Fisher exact test was used for R*C tables containing <5 samples. Kaplan–Meier survival analysis and Cox proportional hazards model were used to analyze the significance of prognostic features. A multivariate regression model was used to adjust for confounders. The Benjamini–Hochberg method was used to control the false discovery rate (FDR) for multiple hypothesis testing, with all comparisons being two-sided with an alpha level of 0.05 (21) (*, P < 0.05; **, P < 0.01; ***, P < 0.001).





3 Results

Figure 1 shows the flow chart of this study.




Figure 1 | The flow chart of this study.





3.1 Identification of angiogenic clusters for LUAD

We conducted consensus clustering analysis on lung adenocarcinoma patients using expression data of 36 angiogenesis-related genes to differentiate angiogenic clusters of LUAD. Two clusters, namely, Cluster1 and Cluster2, were identified using LUAD samples in the GEO dataset (Supplementary Figures S1A–C). The two clusters possess different angiogenic gene expression patterns and are associated with different prognoses, with Cluster 1 having a worse prognosis (P < 0.001, log-rank test) (Figure 2A). Principal component analysis revealed that the two clusters were completely distinguishable based on the expression of angiogenesis-related genes (Figure 2B). Samples from both clusters were evenly distributed in the independent GEO cohort, and only Cluster 1 showed a worse prognosis (Supplementary Figures S1D–G). Consensus clustering was performed in the TCGA-LUAD cohort using the same method (Supplementary Figures S1H, I), and similar results were obtained (Figure 2C). The results of multivariate Cox analysis validated that the angiogenic clusters identified based on angiogenesis-related genes might serve as independent prognostic factors for LUAD (Cluster2 versus Cluster1; HR, 0.57; 95% CI, 0.43–0.76; P < 0.001) (Figure 2D). Next, the GSVA algorithm evaluated Hallmark gene sets to explore potential biological mechanisms of the differences between the two clusters. Cluster1 was significantly enriched in various oncogenic pathways, such as TGF-β signaling, epithelial–mesenchymal transition, angiogenesis, hypoxia, and apoptosis, whereas Cluster2 was mainly involved in the activation of biological pathways, such as the P53 signaling pathway and fatty acid metabolism (Figure 2E). These results suggest that angiogenesis is closely related to the TME of LUAD and is involved in LUAD development.




Figure 2 | Angiogenic clusters distinguish tumor microenvironment phenotypes and prognostic characteristics in lung adenocarcinoma. (A) Kaplan-Meier curves for overall survival (OS) of lung adenocarcinoma patients with different angiogenic cluster in the GEO cohort, Log-rank test P<0.001. (B) Principal component analysis based on 36 genes related to angiogenesis can well distinguish the two angiogenic clusters. (C) Overall survival (OS) Kaplan-Meier curves for lung adenocarcinoma patients in the TCGA cohort with different angiogenic cluster, Log-rank test P=0.008. (D) Multivariate Cox regression analysis based on clinicopathological characteristics of patients to assess the prognostic value of angiogenic cluster in lung adenocarcinoma. (E) Enrichment scores for the 50 “Hallmark “ gene sets in lung adenocarcinoma patients were assessed using the GSVA algorithm and tested for the significance of differences, with the horizontal axis indicating the t-value of the difference analysis. Entries with |t value| > 1.96 in this study were statistically significant, and a negative t value indicated that the signaling pathway was actively expressed in Cluster1. (F) The enrichment scores of Carcinogenic pathways, TME signature, TME regulatory factor, and immune cell signatures were evaluated based on the ssGSEA algorithm, and displayed with Heatmap and compared the difference in enrichment scores between the two angiogenic clusters. (G) Significantly differentially expressed genes (DEGs) between the two angiogenic clusters, 72 genes were upregulated and 81 genes were downregulated in Cluster2. (H) Functional annotation of DEGs using GO and KEGG functional enrichment analysis. The innermost circle represents the number of enriched genes in the corresponding pathway, and the remaining circle meanings have been labeled in the center of the circle.






3.2 Differences in TME characteristics between angiogenic clusters

To understand the tumor microenvironmental phenotype mapped by angiogenic clusters, the activity of signatures associated with cancer-related pathways was analyzed using the ssGSEA algorithm. The results indicated that the expression of multiple signatures was significantly different between the two clusters. The expression of signature genes associated with cancer-related pathways including EMT, WNT targeting, cell cycle, antigen presentation, and immune checkpoints was higher in Cluster1 than in Cluster2 (P < 0.001) (Figure 2F). Furthermore, differences in immune and stromal cell regulation between the two clusters were analyzed. Stromal cells with pro-oncogenic effects (e.g., MDSCs and CAFs) and regulatory T cells that suppress anti-tumor immunity were more active in Cluster1. Meanwhile, the expression of genes associated with immune checkpoint blockade (ICB) resistance was also high in Cluster1. However, despite the aggregation of various cancer-promoting stromal and immune cells in Cluster1, MHC and co-stimulatory molecules were activated, suggesting that anti-cancer immune responses are also related to Cluster1. These results indicate that immune cells and pro-cancer biological pathways play an important role in Cluster 1. Besides, there are complex chemokine and cytokine regulatory networks in TME, and we found that there are entirely different regulatory factor expression levels for different angiogenic expression patterns based on the ssGSEA enrichment results of the signature of these tumor microenvironmental regulators. For example, BCR (B cell receptor) signaling, TCR (T cell receptor) signaling, natural killer cell cytotoxicity, interleukin expression, chemokine expression, and cytokine expression were significantly upregulated in Cluster1, suggesting that the destabilization of chemokine and cytokine regulation in Cluster1 leads to a poor prognosis of LUAD. Furthermore, immune cell infiltration was analyzed in the two clusters. The infiltration of T helper, TFH (Follicular helper T cell), DC (Dendritic cells), mast, Tem (Effective Memory T Cell), and Th17 cells was significantly high in Cluster2, whereas that of macrophages and neutrophils was significantly high in Cluster1. These results validated our previous hypothesis, indicating that the pro-oncogenic immune microenvironment and pathways predominated in Cluster1, which suggests that elevated angiogenic activity accompanies the pro-oncogenic TME.

The two angiogenic clusters exhibited distinct tumor microenvironmental phenotypes. Differentially expressed genes (|log2fold change| > 1, adj. P < 0.05) between angiogenic Cluster1 and Cluster2 were identified as angiogenic clusters-related genes (Figure 2G). Subsequent GO and KEGG functional enrichment analysis revealed significant enrichment in the extracellular matrix, cytokine and chemokine production, angiogenesis regulation, immune response regulation, Wnt signaling pathway, and EMT-related processes. This validates that the differentially expressed genes exhibit characteristics of angiogenesis and its mediated TME (Figure 2H), reflecting differences in angiogenic clusters and their underlying biological mechanisms.




3.3 Angiogenic heterogeneity among different cell types and subtypes

To explore the heterogeneity of angiogenic activity among cell types, angiogenic clusters-related genes were used as the angiogenic signature, and scored using the “SingleCellSignatureScorer” algorithm. Firstly, a total of 12 samples in the scRNA-seq dataset had a good integration effect among samples, with no significant batch effect, thus allowing for subsequent analysis (Figure 3A). Through descending and unsupervised clustering, samples were classified into 13 cell types, encompassing immune, stromal, and malignant tumor cells (Figure 3B). Angiogenesis scores, reflecting the degree of biological activity, varied among these cell types. Notably, fibroblasts, malignant cells, and neutrophils displayed significantly higher scores than immune cells, indicating more active angiogenesis (Figures 3C, D).




Figure 3 | Analysis of angiogenic scores at the cellular level and trajectory analysis by single-cell sequencing. (A) The integration effect of 12 samples of lung adenocarcinoma samples appeared to be good with no significant batch effect. (B) Reduced-dimension visualization of tSNE of lung adenocarcinoma cells, each color represents a cluster, and the cell type represented by each color is labeled on the right. (C) Angiogenesis scores of cells were assessed based on DEGs between angiogenesis clusters. (D) The Kruskal-Wallis test for heterogeneity of angiogenesis scores between different cell types. (E) Reduced dimensional clustering of tSNE of malignant cells in lung adenocarcinoma, each color represents a cluster, and the cell type represented by each color is labeled on the right. (F) Visualization of angiogenesis score of Malignant cells in lung adenocarcinoma. Pseudo time analysis of Malignant cells based on Monocle2 inference, (G) each color represents one cell State, (H) shows pseudo time analysis changes and pseudo time start and endpoints. (I) Density diagram showing the process of cell State changes with pseudo-time. (J) The mapping of pseudo time distribution to high and low angiogenesis scores. (K) Kruskal-Wallis test for comparing significant differences in angiogenesis scores between the three cell State states. (L) State type proportion statistics of Malignant cells in lung adenocarcinoma and the proportion composition of HighScore and LowScore groups of different cell States were counted separately.



Furthermore, focusing on the heterogeneity of scores among malignant tumor cells, the cells were divided into 11 different subtypes (Figure 3E). Similarly, significant differences in angiogenesis scores were observed in different subpopulations of malignant tumor cells (Figure 3F). Altogether, these results suggest that different cells in TME exhibit different levels of angiogenesis. Therefore, it is important to investigate the causes of angiogenic dysregulation.

To examine the important role of angiogenesis in malignant cell heterogeneity, cellular pseudo-time analysis was performed to investigate malignant cell differentiation trajectories. The results revealed three main differentiation states of malignant cells, namely, State1, State2, and State3 (Figure 3G). Malignant cells in State1 are the initiating factors of the reverse chronological trajectory, whereas State2 is at the end of the trajectory. (Figure 3H). The transition of State1, State2, and State3 with pseudotime can be visualized clearly through density diagrams and trajectory plots. (Figures 3I, J). Furthermore, significant differences in angiogenesis scores were observed among the three cell states (Kruskal–Wallis test; P < 0.001) (Figure 3K). State3 had the lowest angiogenesis scores (low-score group), and State2 had the highest scores (high-score group) (Figure 3L), suggesting that angiogenesis is involved in malignant cell heterogeneity. In addition, angiogenesis is dysregulated in LUAD, and its activation is closely related to the differentiation status of LUAD cells.




3.4 Regulon submodules of different cell states

Clustering regulons based on the Connection Specialty Index (CSI) revealed three submodules, M1, M2, and M3 (Figure 4A). Regulons within the same submodule exhibited tight expression correlations. Subsequently, regulon activity scores were calculated for the three cell states, indicating the activation of regulons in each state. M1, M2, and M3 module regulons were predominantly activated in State2, State3, and State1, respectively (Figures 4B–D). The M1 module regulon, associated with high angiogenic scores, appeared to primarily regulate angiogenic activation (Figure 4E). The establishment of a regulon-based regulatory network enhances our understanding of the three cell differentiation states and aids in identifying markers and therapeutic targets for LUAD.




Figure 4 | Distinct regulon submodules activation in State1, State2, and State3 cells. (A) The transcription factors of different States of lung adenocarcinoma Malignant cells can be clustered into three regulon submodules, M1, M2, and M3. (B) Regulon activity score for regulon submodules in three cell states. (C) Visualization of the tSNE reduced the dimensionality of three cell States. (D) The Regulon activity score has been mapped to each cell. (E) Regulon activity scores of M1, M2, and M3 regulon submodules in three cell states.






3.5 Cell communication of malignant cells with TME

The findings indicate an association between angiogenesis and the microenvironment of lung adenocarcinoma. Cell communication pattern recognition predicts how cells, as signal senders or receivers, coordinate with each other and signaling pathways to drive intercellular communication. In this study, we analyzed cell communication within the lung adenocarcinoma TME involving malignant cells, immune cells, and stromal cells. The results revealed there were two incoming signal coordination modes and two outgoing signal coordination modes for intercellular communication and the signaling pathways coordinated with it (Supplementary Figure S2A). State1 cells can be signalled via the TWEAK signalling pathway (TNFSF12–TNFRSF12A, Supplementary Figure S2B), IGF signalling pathway (IGF2–[ITGA6+ITGB4], Supplementary Figure S2C), MK signalling pathway (MDK–[ITGA6+ITGB1], Supplementary Figure S2D), SEMA3 signalling pathway (SEMA3B–[NRP2+PLXNA2], Supplementary Figure S2E) and PERIOSTIN signalling pathway (POSTN–[ITGAV+ITGB5], Supplementary Figure S2F) for active communication with M2 macrophages, endothelial cells, and CD4 T cells. State2 cells can be signaled through the EGF signaling pathway (HBEGF–EGFR, Figure 5A), TRAIL signaling pathway (TNFSF10–TNFRSF10B, Figure 5B), TGF-β signaling pathway (TGFB3–[TGFBR1+TGF, Figure 5C), complement signaling pathway (C3–[ITGAX+ITGB2], Figure 5D), UGRP1 signaling pathway (SCGB3A2–MARCO, Figure 5E) and WNT signaling pathway (WNT3A–[FZD4+LRP5], Figure 5F) for active communication with M2 macrophages, mast cells, and endothelial cells. It is interesting to note that there are similar results between State1 and State2 cells. However, State3 cells communicate closely with M2 macrophages, fibroblasts, endothelial cells, and cDC cells through a signaling pathway that is distinct from that associated with State1 and State2 cells (Supplementary Figure S3). Although the cell types that communicate with cells in the three states are similar, the signaling pathways are different, indicating that heterogeneity of the angiogenic regulatory microenvironment is closely related to these signaling pathways.




Figure 5 | Ligand receptor pairs mediating cell communication between cell state2 and the tumor microenvironment. (A) State2 cells communicate with M2-type macrophages via HBEGF-EGFR. (B) State2 cells in concert with State1 communicate closely with Mast and Endothelial via TNFSF10-TNFRSF10B. (C) State2 cells communicate with State1 synergistically via TGFB3-(TGFBR1+TFGBR2), (D) C3-(ITGAX+ITGB2), (E) SCGB3A2-MARCO and M2 macrophages. (F) State2 intercommunicates with Endothelial via WNT3A-(FZD+LRP5).






3.6 Construction of the angiogenic risk score and discussion of its clinical relevance

To find all genes that differ between the branches, that is, cell differentiation trajectories, we used the branched expression analysis modeling (BEAM) to find “branch-dependent” genes (Figure 6A). These genes are associated with cell differentiation trajectories and also with angiogenic activation. Therefore, we took the intersection of cell branch-related genes and angiogenesis clusters-related genes, which are essential for angiogenic clustering and cell differentiation trajectories in lung adenocarcinoma. Then, to facilitate the assessment of the individualized prognosis of LUAD and guide treatment, a prognostic model, namely the angiogenic risk score (ARS), was developed based on these 60 intersecting genes (Figure 6B). The model comprised 12 genes identified via univariate Cox regression and Lasso regression analyses: ARS = Exp(HPGD) * (–0.035) + Exp(IRX2) * (–0.026) + Exp(SFTPB) * (–0.025) + Exp(CHIA) * (–0.017) + Exp(HOXD1) * (–0.005) + Exp(HSD17B6) * (–0.004) + Exp(MUC16) * (0.013) + Exp(S100P) * (0.032) + Exp(C1orf116) * (0.042) + Exp(KRT16) * (0.045) + Exp(EGLN3) * (0.090) + Exp(SLC2A1) * (0.166) (Figure 6C). The clinical significance of the prognostic model was assessed, and the low-ARS group had a significant survival benefit with good clinical efficacy for predicting 3-year overall survival in the training set, validation set, TCGA independent validation set, and the whole GEO dataset (Figure 6D), with AUC values of 0.71, 0.71, 0.68 and 0.70, respectively (Supplementary Figure S4A). Multivariate Cox regression analysis integrating the age, sex, pathological stage, smoking history, and ARSs of patients revealed that ARS was an independent biomarker for the prognosis of LUAD (HR, 3.12; 95% CI, 2.36–4.12; P < 0.001, Supplementary Figure S4B).




Figure 6 | Construction of angiogenic prognostic model and its prognostic value assessment. (A) Finding of all genes that differ between the cell branches. The center of the heatmap is the start of the pseudotime, and to the sides are the dynamics of genes associated with different cell fates or branches. The columns in the heatmap are pseudotimes and the rows are genes. The cell state branch-related genes can be clustered into four gene clusters based on co-expression relationships. (B) A total of 60 genes were intersected by cell “branch-dependent” genes and “angiogenesis-clusters” related genes. (C) Twelve model genes and their coefficients were identified based on univariate Cox regression and Lasso regression analysis. (D) Kaplan-Meier curves for overall survival (OS) in the high ARS and low ARS groups were evaluated in the training cohort (N = 532), test cohort (N = 352), external independent validation cohort TCGA cohort (N = 500), and Whole GEO cohort (N = 884), respectively. (E) Correlation of ARS with cancer-related biological features and (F) the degree of immune cell infiltration using the Spearman analysis. (G) Differences in somatic mutations in the tumor genome between the high-ARS and low-ARS groups and statistical tests.



In addition, a positive correlation was observed between ARS and cancer-related biological signatures reported by Mariathasan et al, especially for cell cycle, EMT, and immune checkpoints, which have been reported to promote proliferation, metastasis, and immune escape in LUAD (Figure 6E). These results validate that ARS is associated with a worse prognosis and can be used as an independent prognostic biomarker. Furthermore, the correlation between ARS and immune cell infiltration in the immune microenvironment was analyzed, which revealed that ARS fairly characterized the immune microenvironment. ARS had a positive correlation with Th2 cells (r = 0.5, P < 0.05) and neutrophils (r = 0.14) but a negative correlation with T cells (r = –0.14), Tcm cells (r = –0.34), Tem cells (r = –0.29), CD8 T cells (r = –0.32), TFH cells (r = –0.5), DC (r = -0.3), eosinophils (r = –0.34) and mast cells (r = –0.46) (Figure 6F). These results suggest that an increasingly strong tumor-suppressive immune microenvironment is characterized by elevated ARSs. In addition, various immune cells extensively interact with each other, reflecting the complexity of TME.

Furthermore, mutated genes in LUAD were identified in the high- and low-ARS groups. The results showed that both groups had different somatic mutation patterns. The mutation frequency of TP53 (61% versus 44%, respectively; OR, 2.029; P < 0.01), TTN (54% versus 39%, respectively; OR, 1.84; P < 0.05), ZFHX4 (41% versus 26%, respectively; OR, 2.021; P < 0.01), XIRP2 (37% versus 19%, respectively; OR, 2.552; P < 0.01), KEAP1 (31% versus 15%, respectively; OR, 2.598; P < 0.01) and COL11A1 (29% versus 16%, respectively; OR, 2.037; P < 0.01) was higher in the high-ARS group, suggesting that angiogenesis relates to the occurrence of somatic mutations in tumor cells (Figure 6G). Therefore, ARS constructed based on angiogenesis-related genes can help to assess TME and genomic somatic mutation patterns in each patient with LUAD, indicating that different ARSs may predict different chemotherapeutic and immunotherapeutic effects.




3.7 SLC2A1 promotes angiogenesis in lung adenocarcinoma

The ARS prognostic model was established based on the lasso regression algorithm. Among them, SLC2A1 was found to have the largest Lasso regression coefficient of 0.166 and as a high-risk gene, which had the greatest impact on the model and drove us to further validate the role of SLC2A1 on angiogenesis. Consequently, we collected cancerous and paracancerous tissues from seven pairs of lung adenocarcinoma patients and performed immunohistochemical staining for SLC2A1 and VEGFA (Figure 7A), and statistical analyses showed that the expression of SLC2A1 and VEGFA was significantly upregulated in lung adenocarcinoma tissues (Figures 7B, C), which was in agreement with the expression of SLC2A1 in the TCGA public database (Figure 7D). Meanwhile, we found that the expression level of SLC2A1 was significantly associated with the prognosis of lung adenocarcinoma patients, and patients in the high-expression SLC2A1 group had a significantly lower overall survival rate (Figure 7E, HR = 1.87, P<0.001). Tumor tissues from 18 patients with lung adenocarcinoma were collected subsequently, and the correlation between SLC2A1 expression level and microvessel density was observed by immunohistochemical staining. Here we visualized the proliferation of microvessels by immunohistochemical staining of CD34. The microvessels in the SLC2A1 high-expression group were shown to be significantly proliferated under high magnification, and the number of CD34-positive microvessels was significantly higher at 22.70 ± 10.34 than that in the low-expression group, which was 4.625 ± 1.506 (Mean ± SD) (Figure 7F), and the difference was statistically significant (Figure 7G).




Figure 7 | Immunohistochemical staining validates that SLC2A1 promotes angiogenesis in lung adenocarcinoma. (A) Immunohistochemical staining of SLC2A1 and VEGFA in lung adenocarcinoma tissues and paracarcinoma tissues. (B) The t-test for SLC2A1 IHC score in paired tissues. (C) Differential expression of SLC2A1 in lung adenocarcinoma in the TCGA database. (D) Overall survival of high and low expression of SLC2A1 in lung adenocarcinoma in the TCGA database. (E) Differential expression of VEGFA in lung adenocarcinoma in the TCGA database. (F) Immunohistochemical staining of CD34+ microvessels in high and low SLC2A1 expression groups. (G) The t-test for the number of CD34+ microvessels per high field in high and low SLC2A1 expression groups. (SLC2A1(+), High SLC2A1 expression group; SLC2A1 (–), Low SLC2A1 expression group). (H) Immunohistochemical staining of VEGFA in high and low SLC2A1 expression groups. (I) The t-test for VEGFA IHC score in high and low SLC2A1 expression groups. (J) Correlation between SLC2A1 and VEGFA by chi-square test.



Meanwhile, we further verified the role that SLC2A1 mediates VEGFA secretion in lung adenocarcinoma tissues. We examined the expression levels of SLC2A1 and VEGFA in the tumor tissues of 18 lung adenocarcinoma patients by immunohistochemical staining, and the IHC results showed that high expression of SLC2A1 was significantly correlated with the increased secretion of VEGFA (Figures 7H, I). The chi-square test showed that more samples in the high-expressing SLC2A1 group overexpressed VEGFA, OR = 13.33, P = 0.0474 (Figure 7J), suggesting that patients with high expression of SLC2A1 are more at risk of overexpressing VEGFA, which promotes angiogenesis in tumors.




3.8 Prediction of immunotherapeutic and chemotherapeutic effects and construction of an individualized nomogram based on ARS

In recent years, both immunotherapy and chemotherapy have played an important role in remodeling TME for the treatment of LUAD. The abovementioned results indicate that ARS is associated with the TME of LUAD, somatic mutations in LUAD cells, and the clinical immunotherapeutic and chemotherapeutic effects, suggesting that ARS can facilitate individualized prediction of the efficacy of immunotherapy in patients with LUAD to guide the selection of chemotherapeutic drugs. Furthermore, a majority of immune checkpoints were differently expressed in two groups (Figure 8A). High expression of checkpoints is involved in promoting the immune escape of LUAD cells, and these checkpoints mediate the immunosuppressive microenvironment, which may be attributed to the poor prognosis of the high-ARS group. These results suggest that the two groups respond differently to immunotherapy. Furthermore, the SD/PD (Stable disease/Progressive disease) group in the LUAD immunotherapy cohort (GSE126044) had higher ARSs, leading to a poor response to immunotherapy (Figure 8B). In addition, the TIDE algorithm was used to assess immunotherapy response in the GEO and TCGA cohorts. The response to immunotherapy was poorer in the high-ARS group than in the low-ARS group, indicating that patients with low ARSs can benefit from ICB treatment (GEO cohort immunotherapy non-response rate: 71.8% versus 52.5%, respectively; OR, 2.297; P < 0.001) (Figure 8C), (TCGA cohort immunotherapy non-response rate: 82.8% versus 59.1%; OR, 3.342; P < 0.001) (Figure 8D).




Figure 8 | Prediction of immunotherapy effects and sensitive chemotherapeutic agents in the high and low ARS groups. (A) Differential expression of immune checkpoints in the high ARS and low ARS groups. (B) ARS differences between samples in the group with and without clinical response to immunotherapy. The proportion of immunotherapy with clinical response in the High ARS and Low ARS groups in the (C) GEO cohort and (D) TCGA cohort was predicted based on the TIDE algorithm. GEO cohort: No immunotherapy response in High ARS versus Low ARS (OR =2.297, p<0.001). TCGA cohort: No immunotherapy response in High ARS versus Low ARS (OR = 3.342, p<0.001). (E) Number of chemotherapy drugs in PRISM database and CTRP V2 database. (F) Screening of sensitive chemotherapeutic agents based on analysis of variance log2FC and Spearman correlation analysis. (G) The correlation between the area under the drug dose-response curve (AUC) and ARS in patients with lung adenocarcinoma was calculated from drug sensitivity data in the PRISM database. (H) The difference between the area under the drug dose-response curve (AUC) between the high ARS and low ARS groups was calculated based on the PRISM database. (I) The correlation between the area under the drug dose-response curve (AUC) and ARS in patients with lung adenocarcinoma was calculated from drug sensitivity data in the CTRP V2 database. (J) The difference between the area under the drug dose-response curve (AUC) between the high ARS and low ARS groups was calculated based on the CTRP V2 database.



Given that ARS significantly affects pathways such as drug metabolism and mediates multiple oncogenic signaling pathways, sensitive chemotherapeutic agents for LUAD can be identified based on ARS. To analyze the potential of ARS as a biomarker for predicting sensitivity to chemotherapeutic agents, the sensitivity of patients with LUAD to chemotherapeutic agents was evaluated based on drug sensitivity data (Figure 8E) extracted from the PRISM (1448 compounds) and CTRP V2 (481 compounds) databases. The expression data extracted from CCLE were used as a training cohort. The area under the dose-response curve (AUC) was used to quantify drug sensitivity, with higher AUC values representing lower drug sensitivity. Sensitive drugs were screened using the Wilcoxon test and Spearman correlation analysis (log2FC > 0.15, r < –0.4, Figure 8F). Based on the CTRP V2 database, 4 chemotherapeutic agents were identified, including paclitaxel, KX2-391, CR-1-31B, and leptomycin (Figures 8G, H). In addition, 11 chemotherapeutic drugs with high sensitivity were identified based on the PRISM database using the same screening criteria, including docetaxel, epothilone-b, ispinesib, paclitaxel, cabazitaxel, litronesib, irinotecan gemcitabine, vincristine, topotecan, and rubitecan (Figures 8I, J). Patients with high ARSs may benefit from the above mentioned chemotherapeutic agents.

Furthermore, the independent prognostic marker ARS was combined with clinical prognostic characteristics such as age, gender, pathological stage, and smoking history to construct a nomogram for clinical prognostic prediction (Figure 9A), which can better assess the risk factors and guide subsequent treatment strategies. The calibration curve of the nomogram showed good performance with a concordance index (C-index) of 0.768 (Figure 9B), and the AUC of the ROC curve for predicting 1-, 3- and 5-year survival were 0.78, 0.82, and 0.81, respectively (Figure 9C), indicating that the nomogram had good accuracy in predicting overall survival. Decision curve analysis (DCA) and time-dependent C-index revealed that the clinical prediction accuracy of the nomogram was superior to that of other clinicopathological features (Figures 9D, E), indicating that the nomogram can be used in clinical settings in the future. In addition, we validate the accuracy of the Nomogram in three independent datasets. High and low Nomogram scores showed significant differences, and notably, the AUCs of 5-year overall survival for the Nomogram were 0.76, 0.74, and 0.93, respectively (Figures 9F-H), further confirming the clinical predictive performance of Nomogram. In conclusion, the assessment of angiogenesis and the rest of the clinicopathological features can be integrated to assess the prognosis of lung adenocarcinoma patients with great accuracy.




Figure 9 | Prognostic value analysis of Nomogram was constructed by combining age, gender, pathological stage, smoking history, and ARS. (A) Construction of Nomogram with 1-, 3- and 5-year survival rates of 0.963, 0.859, and 0.769 for the example sample, respectively. (B) Calibration curve to assess the prediction accuracy of Nomogram with a Concordance index (C-index) of 0.768 (se = 0.018). (C) The ROC curves of the Nomogram assessed their 1-, 3-, and 5-year overall survival with AUC values of 0.78, 0.82, and 0.81, respectively. (D) Decision curve analysis as well as (E)Time-dependent C-index calculations showed that the Nomogram outperformed any other clinical characteristics in predicting overall survival. (F-H) Kaplan-Meier and ROC curves for overall survival for the GSE31210, GSE50081, and GSE72094 cohorts.







4 Discussion

LUAD is a highly heterogeneous malignancy, and several studies have used single-cell and bulk sequencing studies to discuss the heterogeneity of the TME of LUAD (22). Angiogenesis plays a crucial role in promoting tumor growth and metastasis, and vascular endothelial growth factor (VEGF) and inflammatory chemokines exert immunomodulatory effects, which enhance angiogenesis while leading to immunosuppression (23). Studies have indicated the importance of angiogenesis for the differentiation of TME phenotypes (9). Clinically, anti-angiogenic drugs that block VEGF/VEGFR signaling have been successful in treating LUAD; however, they can induce hypoxia, leading to drug resistance, thereby exacerbating immunosuppression and increasing immune checkpoint PD-L1 expression (24). Therefore, an in-depth understanding of angiogenesis and TME interactions can help guide combination therapy for LUAD. Meanwhile, it is crucial to construct prognostic models based on angiogenesis to individually assess the prognosis and microenvironmental status of patients.

In this study, two angiogenic clusters showed different tumor microenvironmental phenotypes and prognostic features. LUAD microenvironment has been categorized into three phenotypes, namely, “inflamed”, “immune-desert”, and “immune-excluded”, which mediate different prognoses and immunotherapeutic responses (25). The inflamed phenotype demonstrates anti-cancer immune activation and has a better prognosis. However, angiogenic Cluster1 in this study was associated with a poor prognosis, demonstrating the characteristics of the immune-deserted and immune-excluded phenotypes, which are characterized by differential activation of oncogenic signaling pathways such as glycolysis, cell cycle, hypoxia, and epithelial–mesenchymal transition. Moreover, immune cell infiltration and the expression of immune-related regulatory factors were downregulated in Cluster1. Angiogenesis mediates different tumor microenvironmental phenotypes in other solid tumors as well (9, 26).

scRNA-seq allows the analysis of interactions between cell subpopulations and specific transcriptional regulators at a high resolution (27). In this study, significant differences were observed in angiogenic activity among different cell types, which validated the heterogeneity of angiogenesis. The highest angiogenic activity was observed in malignant cells, fibroblasts, and neutrophils, which is consistent with the results of previous studies. Unterleuthner et al. demonstrated that cancer-associated fibroblasts (CAFs) promote angiogenesis through the expression of WNT2 (28). Neutrophils have also been reported to secrete pro-angiogenic factors and drive immunosuppression to promote tumor growth (29).

In this study, angiogenic activation was significantly heterogeneous in the malignant cell subpopulation of LUAD; however, the underlying causes and biological mechanisms warrant further investigation. Pseudotime trajectory analysis of malignant LUAD cells revealed the presence of three main cell differentiation states. Furthermore, angiogenesis activated the three cell states with specific transcription factors (regulons). Evaluation of RAS revealed differences in transcription factors regulating the heterogeneity of angiogenic activation in malignant LUAD cells. Transcription factors of State2 cells were found to be associated with angiogenic activation. However, transcription factors of State3 cells mediated lower angiogenic activation, and angiogenic activation was more complex in State 1 cells than in State2 and State3 cells. Altogether, exploring the specific regulon of different cell states is crucial for a deeper understanding of the differences in angiogenic activation in LUAD.

The complex cellular communication in TME drives cancer progression and response to the available therapies (30). In this study, different cell states, that is, different activation states of angiogenic pathways, communicated significantly differently with cells in the TME of LUAD, which further reveals the role of angiogenesis in the crosstalk in TME. Furthermore, multiple ligand–receptor pairs associated with malignant, immune, and stromal cells were identified, some of which have been reported to play a significant role in lung cancer. For example, the TNFRSF12A/Fn14 signaling axis activates NF-κB to promote the survival of LUAD cells (31), and IGF2 promotes neovascularisation in LUAD (32). However, SEMA3B attenuates tumorigenesis and angiogenesis (33). Furthermore, a complex relationship was observed between State1 and angiogenesis, and several novel cellular communication modes of State1 cells were identified. State1 cells were found to communicate closely with fibroblasts and M2-type macrophages via the POSTIN–(ITGAV+ITGB5) and MDK–(ITGA6+ITGB1) signaling pathways, respectively; however, State2 cells promoted tumorigenesis by interacting with microenvironmental cells through a different communication mode, such as the HBEGF–EGFR pathway that induces the proliferation and growth of lung cancer cells (34). State3 cells were also regulated by different ligand–receptor pairs. Therefore, angiogenesis mediates intercellular communication in the LUAD microenvironment.

Previous studies have demonstrated that abnormal angiogenesis is associated with the function and migration of immune cells (35). However, anti-angiogenic therapy has been shown to improve the response to immunotherapy while preventing tumor immune escape (36). Given the significant role of angiogenesis in the prognosis of LUAD and TME, an individualized prognostic model (ARS) based on angiogenesis-related genes was constructed in this study for assessing the TME and survival of patients with LUAD. ARS can be considered an independent prognostic factor for LUAD and can guide individualized treatment strategies. It was significantly correlated with immune-related pathways, cell cycle, and drug metabolism and was significantly positively correlated with the infiltration of Th2 cells and neutrophils. Th2 cells can form an immunosuppressive microenvironment and promote tumor immune escape (37). However, ARS had a significant negative correlation with the infiltration of anti-tumor immune cells such as CD8+ T cells, with the high and low ARSs characterizing the immunosuppressive and anti-tumor immune microenvironments, respectively. Significant differences were observed in mutation frequencies between the high- and low-ARS groups. TP53 mutations significantly increased the expression of immune checkpoints and were associated with the significant clinical benefits of PD-1 inhibitors (38). KEAP1-driven co-mutations in LUAD are closely associated with having high TMB but not responding to immunotherapy (39). In this study, significant differences in mutation frequencies between the high- and low-ARS groups and their close correlation with immunotherapy response indicated that ARS can help to individually assess the immune infiltration status, immunotherapeutic response, and chemotherapeutic drug sensitivity in patients with LUAD. In addition, both immunotherapy cohort and TIDE algorithm predictions suggested that the low-ARS group benefitted from immunotherapy.

Specific sensitive chemotherapeutic agents were predicted in the high-ARS group to guide LUAD chemotherapy. Paclitaxel and docetaxel have been extensively used in the treatment of LUAD (40, 41). Cabazitaxel, paclitaxel (42), and epothilone (43) are commonly used in chemotherapy for advanced non-small cell lung cancer; they stabilize microtubules and cause apoptosis of tumor cells. KX2-391 can reduce cell proliferation and angiogenesis, thereby inhibiting tumor growth (44). Also, gefitinib has excellent efficacy in the treatment of LUAD (45). Irinotecan in combination with gemcitabine and cisplatin can be used as a first-line treatment for advanced LUAD (46). However, the role of CR-1-31B, litronesib, and ispinesib in LUAD remains unclear. Although topotecan, vincristine, and rubitecan are widely used for the treatment of small cell lung cancer, their efficacy in LUAD treatment warrants further investigation. In this study, drug sensitivity analysis revealed that the high-ARS group was more sensitive to the abovementioned drugs, indicating that patients with high ARSs may benefit from these chemotherapeutic drugs.

Given that ARS has a good prognostic value, a multifactorial regression model was constructed, and the accuracy of prognostic prediction (3-year AUC of 0.82) was significantly improved with excellent discrimination (47). The accuracy is comparable to our previously established prognostic models related to sumoylation and M2 macrophages, and ARS can be combined with them in prognostic assessments (48, 49). Although the role of angiogenesis in mediating intercellular crosstalk in the TME of LUAD was examined by analyzing angiogenic pathway activation, the underlying mechanisms warrant comprehensive and in-depth investigation. Therefore, more single-cell sequencing studies should be conducted to refine the exploration of the role of angiogenesis in mediating the TME of LUAD. However, alterations in circRNA and miRNA levels are also important mechanisms (50). Due to the lack of these data, our multi-omics analysis was limited to the mRNA level, and in the future, more abundant and comprehensive data for multi-omics analysis will be needed for further analysis. Finally, the predictive efficiency of the prognostic model established in this study was high in both training and validation cohorts; however, more LUAD and immunotherapy cohorts are required to validate the results to further improve the accuracy of the prognostic model.




5 Conclusions

In conclusion, the assessment of angiogenic clusters helps to determine the prognostic and TME characteristics of LUAD. Heterogeneity in the activation of angiogenesis in LUAD is regulated by regulon submodules. There are significant differences in the cell communication patterns in TME between different angiogenic activation states. We further constructed a highly accurate prognostic model to assist in the clinical assessment of individualized LUAD patient prognosis and tumor microenvironment and to facilitate the assessment of immunotherapy response and sensitive chemotherapeutic agents.
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Supplementary Figure 1 | Consensus clustering of lung adenocarcinoma based on angiogenesis-related genes. (A-C) Consensus clustering of lung adenocarcinoma samples from the GEO cohort based on the expression of angiogenesis-related genes (K = 2, K values determined from CDF curves). (D-G) Survival analysis of clustered results in an independent data set was performed to verify prognostic significance. (H-I) Consensus clustering of TCGA cohort based on angiogenesis-related genes (K = 2, K values determined from CDF curves).

Supplementary Figure 2 | Cells communicate in the tumor microenvironment with different ligand-receptor pairs. (A) Afferent signaling coordination modes of cell-ligand receptor pairs can be divided into two types. (B) State1 cells communicate with M2 macrophages via TNFSF12-TNFRSF12A and (C) IGF2-(ITGA6+ITGB4). (D) State1 cells communicate with M2 macrophages and CD4 T cells via MDK-(ITGA6+ITGB1). (E)State1 cells communicate extensively with other cells of the tumor microenvironment via SEMA3B-(NRP2+PLXNA2). (F)State1 cells are in close contact with Fibroblasts and Endothelial via POSTN-(ITGAV+ITGB5).

Supplementary Figure 3 | Ligand receptor pairs mediating cell communication between cell state3 and the tumor microenvironment. (A) State3 cells communicate with Endothelial via CALCA-CALCRL, (B) with Fibroblasts via FGF8-FGFR1, and (C) with M2-type macrophages and cDC via CGA-FSHR. (D) State3 cells send signals to M2-type macrophages and various other cells via ARTN-GFRA1. Through (E) LIF-(LIFR+IL6ST) and (F)VEGFA-VEGFR1, State3 can communicate extensively with Mast, M2-type macrophages, and Endothelial each other.

Supplementary Figure 4 | Prognostic performance assessment for ARS risk scores. (A) Receiver operating characteristic (ROC) curves for overall survival (OS) in the high ARS and low ARS groups were evaluated in the training cohort (N = 532), test cohort (N = 352), external independent validation cohort TCGA cohort (N = 500), and Whole GEO cohort (N = 884), respectively. (B) Multivariate Cox analysis combining age, sex, pathological stages, smoking history, and other clinical characteristics confirmed the independent prognostic value of ARS in lung adenocarcinoma (HR, 3.12 (95% CI, 2.36-4.12), P<0.001).
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Background

Globally, esophageal squamous cell carcinoma (ESCC) stands out as a common cancer type, characterized by its notably high rates of occurrence and mortality. Recent advancements in treatment methods, including immunotherapy, have shown promise, yet the prognosis remains poor. In the context of tumor development and treatment outcomes, the tumor microenvironment (TME), especially the function of dendritic cells (DCs), is significantly influential. Our study aims to delve deeper into the heterogeneity of DCs in ESCC using single-cell RNA sequencing (scRNA-seq) and bulk RNA analysis.





Methods

In the scRNA-seq analysis, we utilized the SCP package for result visualization and functional enrichment analysis of cell subpopulations. CellChat was employed to identify potential oncogenic mechanisms in DCs, while Monocle 2 traced the evolutionary trajectory of the three DC subtypes. CopyKAT assessed the benign or malignant nature of cells, and SCENIC conducted transcription factor regulatory network analysis, offering a preliminary exploration of DC heterogeneity. In Bulk-RNA analysis, we constructed a prognostic model for ESCC prognosis and immunotherapy response, based on DC marker genes. This model was validated through quantitative PCR (qPCR) and immunohistochemistry (IHC), confirming the gene expression levels.





Results

In this study, through intercellular communication analysis, we identified GALECTIN and MHC-I signaling pathways as potential oncogenic mechanisms within dendritic cells. We categorized DCs into three subtypes: plasmacytoid (pDC), conventional (cDC), and tolerogenic (tDC). Our findings revealed that pDCs exhibited an increased proportion of cells in the G2/M and S phases, indicating enhanced cellular activity. Pseudotime trajectory analysis demonstrated that cDCs were in early stages of differentiation, whereas tDCs were in more advanced stages, with pDCs distributed across both early and late differentiation phases. Prognostic analysis highlighted a significant correlation between pDCs and tDCs with the prognosis of ESCC (P< 0.05), while no significant correlation was observed between cDCs and ESCC prognosis (P = 0.31). The analysis of cell malignancy showed the lowest proportion of malignant cells in cDCs (17%), followed by pDCs (29%), and the highest in tDCs (48%), with these results being statistically significant (P< 0.05). We developed a robust ESCC prognostic model based on marker genes of pDCs and tDCs in the GSE53624 cohort (n = 119), which was validated in the TCGA-ESCC cohort (n = 139) and the IMvigor210 immunotherapy cohort (n = 298) (P< 0.05). Additionally, we supplemented the study with a novel nomogram that integrates clinical features and risk assessments. Finally, the expression levels of genes involved in the model were validated using qPCR (n = 8) and IHC (n = 16), thereby confirming the accuracy of our analysis.





Conclusion

This study enhances the understanding of dendritic cell heterogeneity in ESCC and its impact on patient prognosis. The insights gained from scRNA-seq and Bulk-RNA analysis contribute to the development of novel biomarkers and therapeutic targets. Our prognostic models based on DC-related gene signatures hold promise for improving ESCC patient stratification and guiding treatment decisions.
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1 Introduction

ESCC holds a notable position in global cancer statistics, being the seventh most common in terms of new cases and the sixth leading cause of cancer-related deaths (1). In the year 2020, the worldwide incidence of esophageal cancer was around 604,000, leading to approximately 544,076 fatalities. Notably, more than half of these instances were reported in China (2). Approximately 90% of esophageal cancers are of the squamous cell carcinoma type. Despite advancements in treatment methods, the prognosis for ESCC remains concerning, with a relatively low overall five-year survival rate. Currently, the primary treatment modalities for ESCC include surgery, chemotherapy, radiotherapy, and limited targeted therapy (3). However, these treatments offer only limited survival benefits. In recent years, the advent of cancer immunotherapy has brought significant therapeutic effects for patients with cancers, including those with ESCC. Additionally, endoscopic screening plays a crucial role in the early diagnosis and treatment of esophageal cancer. Yet, due to the variability in the skill levels of endoscopists, many cases are still missed due to the inability to timely identify lesions (4, 5).

TME refers to the complex environment surrounding tumor cells, comprising intercellular interactions, extracellular matrix, vasculature, immune cells, and several other factors, all of which collectively influence tumor development, spread, and response to treatment (6–8). Within the TME, dendritic cells (DCs) serve as critical immune regulators, playing a vital role. Not only do they capture and present tumor antigens, but they also activate and modulate immune responses, impacting the mechanisms of tumor immune surveillance and escape (9). Previous studies have indicated that a combination therapy of pemetrexed and DCs as a third-line treatment for ESCC can significantly improve prognosis and is well-tolerated (10). Furthermore, in ESCC patients with regions rich in tertiary lymphoid structures, there is an increased infiltration of CD8+ T cells and DCs, which is associated with stronger anti-tumor immune activity (11).Specifically, conventional dendritic cells (cDCs) play a key role in cross-presenting tumor antigens and activating cytotoxic T cells; tolerogenic dendritic cells (tDCs) can modulate immune responses by inducing immune tolerance or generating regulatory T cells, thereby preventing overactive immune reactions (12); plasmacytoid dendritic cells (pDCs), primarily known for their role in antiviral responses, have an unclear role in the TME, possibly involving the modulation of the immune status of the TME (13). The functions and interactions of these three types of dendritic cells in tumor immunity provide a critical theoretical basis for the development of novel immunotherapeutic strategies.

Single-cell RNA sequencing(scRNA-seq) technology, in contrast to traditional Bulk-RNA sequencing, offers more precise and detailed analysis at the cellular level (14). scRNA-seq enables us to capture the heterogeneity within a cell population, revealing unique gene expression patterns of different cellular states and subgroups. This technology allows us to identify and differentiate rare cell types within a cell population, such as cancer or immune cells in tumors, thus offering new perspectives for understanding complex biological processes and disease mechanisms (15). Additionally, scRNA-seq can reveal interactions and communication pathways between cells, often unachievable in Bulk-RNA sequencing (16). Therefore, scRNA-seq not only enhances our understanding of biological systems at the microscopic level but also opens new doors for precision medicine and personalized treatment.

In our study, we utilized scRNA-seq to delve into signaling pathways associated with dendritic cells and conducted pseudotime analyses of three different types of dendritic cells: conventional cDC, pDC and tDC. Using the Copykat algorithm, we inferred the benign or malignant nature of these cells. We also carried out cell communication analyses between dendritic cells and other cell types within the single-cell sequencing data, revealing their interactions and functions in the tumor microenvironment. Additionally, in Bulk-RNA data, we analyzed the impact of these three types of dendritic cells on prognosis. Based on these findings, we constructed a model based on the marker genes of DC cells, which can accurately predict the prognosis and efficacy of immunotherapy in ESCC. To validate this model and the expression of its genes, we employed real-time quantitative PCR (qPCR) and immunohistochemistry techniques. The application of these methods not only further confirmed the accuracy of our model but also offered new strategies and targets for the personalized treatment of ESCC.




2 Methods



2.1 Data acquisition

This study obtained original scRNA-seq data of 9 cases of ESCC and 9 normal esophageal tissues from the National Center for Biotechnology Information Sequence Read Archive (SRA) (Project Number: PRJNA777911, URL: https://www.ncbi.nlm.nih.gov/sra/?term=PRJNA777911). Furthermore, we acquired dataset GSE53624 from the Gene Expression Omnibus (GEO), which includes sequencing data and clinical information of 119 ESCC samples and 119 normal samples, for the purpose of training our model. Subsequently, for model validation and further analysis, we obtained sequencing data (FPKM format), clinical information, and genetic mutation details of 198 ESCA patients from The Cancer Genome Atlas (TCGA) database (URL: https://portal.gdc.cancer.gov/repository). In order to better match the TCGA data with GEO data, we converted the gene expression information from FPKM format to TPM format. Moreover, aligning with previous studies, we retrieved information about 10 cancer-related biological pathways (17).




2.2 ScRNA-seq analysis

In the scRNA-seq analysis, we first utilized the hg38 reference genome and employed the default parameters of Cell Ranger v.7.1.0 software for gene alignment (18). Following this, we conducted standard single-cell RNA sequencing data analysis using the ‘Seurat’ package in R. After filtering out cells with mitochondrial gene percentage (pMT) over 20%, hemoglobin gene percentage (pHB) over 1%, and those expressing fewer than 500 genes, while retaining genes expressed in at least five cells, we successfully obtained 91,810 high-quality cell samples. Data normalization was achieved using the NormalizeData function, followed by the use of the FindVariableFeatures function to identify 2000 highly variable genes, and data scaling was accomplished through the ScaleData function. Next, Principal Component Analysis (PCA) was utilized for data dimensionality reduction. To further ensure comparability between different sequencing data, we employed the ‘Harmony’ R package to eliminate batch effects among samples (19). Utilizing t-distributed Stochastic Neighbor Embedding (t-SNE) technology, we visualized the above results, and ultimately identified 30 cell clusters. The annotation of each cell cluster was conducted by combining the ‘singleR’ package (20) and CellTypist (https://github.com/Teichlab/celltypist), based on the expression patterns of known marker genes. Moreover, we extracted DC cells using the subset function and subjected them to similar analytical processing as mentioned above. Subsequently, the analysis of intercellular communication was conducted using the ‘CellChat’ R package (21). Following this, we performed single-cell regulatory network inference and clustering (SCENIC) analysis on DC cells using the ‘Scenic’ R package (22) Additionally, the malignancy level of DC cells was inferred using the copykat R package (23), and pseudotime analysis was conducted with the ‘monocle2’ R package (24). Finally, we calculated marker genes between three types of dendritic cells using the FindallMarkers function, with selection parameters including logfc.threshold = 1, min.pct = 0.25, only.pos = T. Furthermore, the ‘SCP’ R package was used during the data visualization process.




2.3 Evaluation of dendritic cell-related features

In the GSE53624 cohort, enrichment scores for each type of DCs macrophage in every sample were calculated using the Single-sample Gene Set Enrichment Analysis (ssGSEA) algorithm (25), based on marker genes of dendritic cell. Initially, the differences in enrichment scores between normal and tumor samples were assessed, followed by dividing the ESCC tumor samples into two groups based on the median enrichment score, to conduct Kaplan-Meier survival analysis and assess survival differences between the groups.




2.4 Construction of the prognostic model

In this phase of our study, the ‘limma’ R package (26) was initially utilized to analyze the GSE53624 dataset, specifically aiming to identify differentially expressed genes (DEGs) between normal esophageal tissues and ESCC samples. The selection criteria were established as a false discovery rate (FDR) less than 0.05 and an absolute log2 fold change (|log2(FoldChange)|) greater than 1. After this evaluation, we analyzed the correlation between the DEGs and markers of three types of dendritic cells, selecting genes with a correlation coefficient greater than 0.4 and a p-value less than 0.05 for subsequent univariate Cox regression analysis to identify genes significantly impacting ESCC prognosis. Thereafter, a prognostic model was constructed using the identified genes in conjunction with least absolute shrinkage and selection operator (LASSO) Cox proportional hazards regression and multivariate regression. The model’s formula is:   where cof (k) is an abbreviation for the regression coefficient, and Expr (k) represents the expression level of the genes used in model construction. Based on the median risk score, all patients were categorized into high and low-risk groups. To enhance the confirmation of the model’s prognostic effectiveness, the ‘survivalROC’ R package was applied on two datasets: the training set GSE53624 and the validation set TCGA-ESCC. This was done to construct Receiver Operating Characteristic (ROC) curves and compute the Area Under the Curve (AUC). The aim of this procedure was to ascertain the risk model’s precision and evaluate its viability for clinical application.




2.5 Development of nomograms

Initially, both univariate and multivariate Cox regression analyses, integrating clinical features (such as age, alcohol consumption, lesion location, gender, and pathological staging) along with risk scores, were employed to identify factors significantly affecting ESCC prognosis. Utilizing these analysis outcomes, a nomogram was developed using the ‘rms’ package (27, 28) for predicting the survival probability of patients at 1, 3, and 5 years. To confirm the diagnostic and prognostic capabilities of the nomogram, decision curves and calibration curves were generated. These methods were utilized to assess the clinical benefits of the model at different risk thresholds and to evaluate the concordance between predicted survival probabilities and actual observed survival probabilities, thereby ensuring the accuracy and practicality of our model in clinical applications.




2.6 Analysis of mutations

Mutation data of ESCC patients were retrieved from the TCGA database using the ‘TCGAbiolinks’ R package and then uniformly decompressed. Using the read.maf function of the ‘maftools’ R package, mutation data and clinical information were read into MAF files. The oncoplot function was employed to create a heatmap that combines clinical and mutation information, showcasing the mutation profiles of high and low-risk groups, and the somaticInteractions function was used to analyze the co-mutation patterns of hub genes and the top 10 most frequently mutated genes in TCGA-ESCC.




2.7 Analysis of enrichment

Initially, the correlation between each Hub gene and common signaling pathways was assessed, followed by the application of the ‘GSEA’ algorithm (29) to analyze significantly enriched Gene Ontology (GO) pathways (30) and the Kyoto Encyclopedia of Genes and Genomes (KEGG) (31) between high and low-risk groups.




2.8 Forecasting the effectiveness of immunotherapy

Initially, we assessed the expression differences of immune checkpoint-related genes and major histocompatibility complex genes between high and low-risk groups. Subsequently, we validated the model’s prognostic and immunotherapy efficacy prediction capabilities in the IMvigor210 and GSE78220 cohorts, respectively.




2.9 RNA isolation and quantitative RT-PCR assay

Using TRIzol reagent from Thermo Fisher Scientific (Waltham, MA, USA), total RNA was extracted from ESCC cells and tissues. Following the protocol provided by the manufacturer, this RNA was then reverse-transcribed into complementary DNA (cDNA) using the RevertAid™ First Strand cDNA Synthesis Kit, also from Thermo Fisher Scientific. Quantitative real-time PCR (qRT-PCR) analyses were conducted using a Takara Bio’s SYBR Green PCR kit (Otsu, Japan) on Thermo Fisher Scientific’s StepOne Real-Time PCR system. For quantifying the levels of gene expression, the 2-△△CT method was employed.




2.10 Immunohistochemistry

Following approval by the Ethics Committee, 16 paraffin-embedded ESCC tissue sections, including tumors and corresponding peritumoral tissues, were obtained from the Pathology Department of the Second Hospital of Hebei Medical University. The immunohistochemical staining commenced with incubating the slides at 60°C for four hours to fix the tissue, followed by deparaffinization in xylene and rehydration through a graded series of alcohol. Subsequently, antigen retrieval was conducted in citrate buffer under high pressure for 20 minutes before the slides were cooled to room temperature and washed with PBS. Endogenous peroxidase activity was quenched with a 30-minute treatment of 3% hydrogen peroxide, followed by further PBS washes. The sections were then blocked with PBS containing 10% bovine serum. Primary antibody incubation proceeded overnight, after which the slides were washed with PBS, treated with secondary antibody for one hour, and washed again. Color development was achieved by applying DAB chromogen and timing the reaction carefully. Following this, the sections were rinsed with water, counterstained with hematoxylin for three minutes, washed again, and finally subjected to a dehydration, clearing, and mounting process. This sequence of steps completed the staining of the tissue sections for subsequent microscopic observation and analysis.





3 Results



3.1 Analysis of scRNA-seq

Firstly, strict quality control measures were implemented on the data, resulting in the elimination of low-quality cells that did not meet the requirements (Supplementary Figures 1A, B). Subsequently, during the analysis phase, batch effects in the original dataset were identified, a critical factor when explaining differences between cells (Supplementary Figure 1C). Following this, the non-biological effects were effectively mitigated using the Harmony algorithm, thereby optimizing sample distribution and minimizing the impact of experimental condition variability on the analysis results (Supplementary Figure 1D). Thereafter, following data normalization and dimensionality reduction clustering, the single-cell data were visually depicted in a t-SNE plot. Figure 1A, depicting the cell distribution by sample origin, reveals that cells from different samples are evenly mixed in space, unaffected by significant batch effects. Continuing with the analysis, 30 cell subpopulations were identified from 91,810 high-quality cells, representing various cell states in the TME (Figure 1B). Through the integration of manual and algorithmic annotations, these subpopulations were further refined into 10 major cell clusters (Figure 1C). The functional annotation of these cell clusters highlighted that dendritic cells (DCs) are primarily associated with pathways such as positive regulation of leukocytes, allograft rejection, and T-cell regulation in pancreatic cancer (Figure 1D). Figure 1E presents the top 10 most highly expressed genes in each cell cluster, further elucidating the biological characteristics of each cluster. Furthermore, the expression patterns of marker genes in Figure 1F, Supplementary Figure 1E illustrate the precision of our clustering. Ultimately, Figure 1G, depicting the distribution of cell tissue origins, further confirms the uniform mixture of various cell types in ESCC, apart from epithelial cells, emphasizing the cellular heterogeneity in the TME.




Figure 1 | Annotation of single-cell data. (A) Distribution of single-cell data in a t-SNE plot, colored according to sample origin. (B) Thirty cell subpopulations obtained after dimensionality reduction clustering, each represented by a different color. (C) Following cell annotation, ten distinct cell subtypes were identified. (D) Enrichment analysis results of each cell subpopulation, with a heatmap showing unique gene expression patterns and activities in various biological pathways for different subpopulations. (E) Heatmap of the top 10 most highly expressed genes in all subpopulations, reflecting heterogeneity in expression among subpopulations. (F) Heatmap of marker gene expression among different cell subpopulations, revealing the accuracy of cell annotation. (G) t-SNE plot colored according to tissue origin.






3.2 Analysis of cell communication

Our cellular communication analysis revealed a marked escalation in both the number and intensity of intercellular communications within tumor tissues, as opposed to normal tissues, with Figure 2A visually supporting this finding. This trend likely indicates a heightened level of interaction between tumor cells and adaptive responses within the TME. Elaborating on these insights, the heatmap in Figure 2B uncovers noticeable disparities in communication probabilities among different tumor cell subpopulations, particularly highlighting the intensified interactions between dendritic and epithelial cells in tumor contexts. Delving into signal pathway analysis, illustrated in Figure 2C, we discerned notable variances in the frequency and intensity of cellular communications between tumor and normal tissues. This analysis brought to light the prominent activation of pathways such as GALECTIN, MHC−I, and MHC−II within tumors, hinting at their potential pivotal roles in tumor evolution. Following this trajectory, our subsequent examination, as demonstrated in Figure 2D, brought to the fore significant alterations in ligand-receptor pairs within tumor tissues. These specific molecular interactions suggest critical regulatory roles in intercellular communication, thereby unveiling potential new molecular targets for therapeutic intervention. A deeper dive into the GALECTIN and MHC-I pathways’ roles in cellular communication revealed distinct dynamics. The GALECTIN pathway, predominantly initiated by dendritic cells within the TME and targeting T lymphocytes, is illustrated in Figure 2E. Conversely, the MHC−I pathway, prominently active in T lymphocytes and functioning as a signal emitter in dendritic cells, is depicted in Figure 2F. Intriguingly, the comparative analysis of key molecules in the GALECTIN pathway between tumor and normal samples, as seen in Figure 2G, did not indicate significant expression differences. This suggests that their role in the TME might be mediated through mechanisms beyond mere expression level alterations. Concluding our analysis, Figure 2H elucidates the pivotal receptor-ligand pairs in the MHC-I pathway, particularly highlighting the dominance of HLA-B - CD8A, HLA-A - CD8A, and HLA-C - CD8A in tumor communication. This finding accentuates their significance in the tumor immune landscape, potentially positioning them as central targets for future therapeutic exploration. These comprehensive analytical results not only demonstrate the intricacies and dynamic nature of cellular communication within the TME but also pinpoint potential key regulatory nodes in tumor progression. This provides novel insights for developing ESCC treatment strategies and lays a solid foundation for future advancements in precision medicine research.




Figure 2 | Analysis of cell communication. (A) Comparison of the number and intensity of cell communications between tumor and normal tissues. (B) Heatmap of communication probabilities between each cell subpopulation. (C) Differences in the number and intensity of signaling pathway-related cell communications between tumor and normal tissues. (D) Key ligand-receptor pairs with significant changes in tumor tissues. (E) The Function of the GALECTIN Signaling Pathway in Cellular Interaction. (F) The Importance of the MHC-I Signaling Pathway in Intercellular Communication. (G) Expression differences of molecules in the GALECTIN pathway between tumor and normal samples. (H) Relative contribution of receptor-ligand pairs in the MHC-I pathway.






3.3 Further clustering of dendritic cells

In order to gain a deeper understanding of DC subgroups, we initially utilized the subset function within the Seurat package, specifically focusing on isolating DC cells for enhanced scrutiny. This approach led to the identification of 3,877 high-quality DC cells following the crucial steps of data normalization and dimensionality reduction clustering. These cells were distinctly visualized in a t-SNE plot, where they were further subdivided into 25 unique subgroups, as illustrated in Figure 3A. Subsequently, by employing specific marker genes for cell annotation (32), we meticulously differentiated these cells into three DC subtypes: cDCs, tDCs, and pDCs. Each subtype, with its unique features, is concisely represented in Figure 3B. Furthermore, the analysis of the sample origin distribution of these DC cells, showcased in Figure 3C, revealed a uniform distribution across various samples. This uniformity is indicative of minimal batch effect influence, thereby reinforcing the reliability of our clustering approach. Advancing further into our investigation, the expression analysis of marker genes was conducted, as depicted in Figure 3D. This analysis not only validated the precision of our cell clustering but also enriched our understanding of the cellular characteristics. Moreover, the functional enrichment analysis of the three DC subgroups, detailed in Figure 3E, unveiled distinct functional pathways associated with each subgroup. In Figure 3F, we demonstrate the significantly overexpressed and underexpressed differential genes across three dendritic cell types. We discovered that cDC cells are predominantly involved in pathways like ‘response to molecule of bacterial origin’ and ‘positive regulation of cytokine production’, while tDC cells are linked to the ‘regulation of leukocyte proliferation’. In contrast, pDC cells are primarily associated with ‘ribonucleoprotein complex biogenesis’. These insights elucidate the diverse and significant roles that different DC subgroups play within the immune system, further contributing to our comprehensive understanding of their functionalities in various physiological contexts.




Figure 3 | Reclustering of DC cells. (A) DCs divided into 25 cell subpopulations after dimensionality reduction clustering, each represented by a different color. (B) Dendritic cells annotated as three different cell types based on phenotype. (C) t-SNE plot showing the origins of each DCs sample, each identified by a unique color. (D) Illustration of dendritic cell marker gene expression. (E) Enrichment analysis results, with a heatmap revealing the activity of different dendritic cell subpopulations in various biological pathways and functions. (F) Presentation of differential genes in three types of dendritic cells, with scatter plots revealing changes in their expression levels and potential significance in tumor biology.






3.4 Pseudotime analysis and assessment of heterogeneity among samples

To elucidate the evolutionary relationships among the three types of DCs, we embarked on a pseudotime analysis using the Monocle2 package. This analysis revealed that DC cells progress through nine distinct differentiation states. Intriguingly, cDCs were predominantly found in the early stages of differentiation, while tDCs appeared to advance towards later stages. pDCs, however, were present in both early and late stages, as illustrated in Figures 4A-C. This finding points towards the dynamic and complex nature of DC cell differentiation. Further examining the number and percentage of DC cells among different patients, as shown in Figures 4D, E, we uncovered significant heterogeneity. This variability suggests that DC cells may assume diverse roles in different individuals, highlighting the complexity of their functions in the immune response. Subsequently, we compared the cell cycle distribution of the dendritic cell subpopulations, presented in Figures 4F, G. This comparison revealed that pDCs had a higher proportion of cells in the G2/M and S phases, indicating a more active cell cycle status, whereas cDCs and tDCs predominantly occupied the G1 phase. Delving deeper, our analysis, as demonstrated in Figure 4H, focused on the expression patterns of various transcription factors across dendritic cell types. A detailed examination unveiled distinct expression trends for transcription factors such as IRF1, NFKB1, and RELB within the DC subgroups. Notably, IRF1 expression was markedly higher in cDC cells compared to pDC cells. NFKB1 exhibited relatively high expression in both cell types, albeit more pronounced in cDCs. Conversely, an increased expression of RELB was observed predominantly in pDC cells. Additionally, POLR2A was found to be highly expressed across all dendritic cell types, particularly in cDC cells, which might indicate its broad and pivotal role in dendritic cell functions. These results shed light on potential transcriptional regulatory differences between dendritic cell subgroups, which are integral to comprehending their distinct functions in immune responses. The unique expression patterns of these transcription factors likely mirror the specialized roles of dendritic cells in immune surveillance, antigen presentation, and inflammatory responses, thereby contributing to our understanding of the intricate dynamics within the immune system.




Figure 4 | Pseudotime analysis and cell proportion analysis. Pseudotime analysis: (A) colored according to cell type, (B) colored according to cell state, (C) colored according to developmental time. (D) Stacked bar graph showing the relative proportions of cDC, tDC, and pDC cell types in different samples, reflecting the heterogeneity of dendritic cell composition among samples. (E) Each bar represents the number of different dendritic cell types in a sample, providing a visual comparison of the numbers of cDC, tDC, and pDC cells in each sample. (F) Proportion of the cell cycle in each type of dendritic cell. (G) Number of cells in different cell cycle phases for each type of dendritic cell. (H) Heatmap displaying transcription factors that may regulate the three types of dendritic cells.






3.5 Impact of dendritic cell subgroups on ESCC prognosis

In the GSE53624 dataset, we conducted a thorough analysis of the differences in the behavior of cDC, tDC, and pDC dendritic cells between normal esophageal tissue and ESCC tissue. Figures 5A-C revealed significant differences in the enrichment scores of the three types of DCs between normal and cancerous tissues. In particular, tDC and pDC showed significantly higher enrichment scores in ESCC tissues compared to normal tissues, reflecting their possible activated state in the TME. Further survival analysis using the Kaplan-Meier curve method explored the correlation between these enrichment scores and patient prognosis. Figures 5D, E showed that high levels of cDC and tDC enrichment fractions were positively correlated with worse prognosis in ESCC patients. While the correlation for cDC did not reach statistical significance (p=0.31), tDC exhibited a statistically significant correlation (p=0.03).In stark contrast, high levels of pDC enrichment scores were significantly correlated with better prognosis in patients (Figure 5F). These results revealed the unique roles of different dendritic cell subgroups in the pathogenesis of esophageal cancer and their potential mechanisms affecting patient prognosis. The significant association of tDC and pDC enrichment scores with patient survival probabilities highlights their importance as potential biomarkers in the TME and in future clinical decision-making. These findings provide valuable molecular targets for future therapeutic strategies targeting dendritic cells and offer new perspectives for clinical prognosis assessment.




Figure 5 | Impact of dendritic cell subgroups on ESCC prognosis. In the GSE53624 dataset, (A) cDC, (B) tDC, and (C) pDC GSVA enrichment scores comparison between normal esophagus and ESCC tissues. (D) Kaplan-Meier survival curves for cDC, (E) tDC, and (F) pDC, used to assess the correlation between these dendritic cell subgroup enrichment scores and the prognosis of esophageal squamous cell carcinoma patients. **P < 0.01, ****P < 0.0001.






3.6 Dendritic cell malignancy inference

In our in-depth molecular characterization of DC subgroups, we employed the Copykat algorithm to estimate the benign or malignant state of each cell. t-SNE visualization results indicated a clear distinction between malignant and benign cells among the 3,877 cells analyzed, with 1,141 malignant and 2,536 benign cells identified (Figure 6A). Comparing the proportion of malignant cells across three different types of dendritic cells revealed variability in malignancy rates within each cell type, potentially reflecting their distinct functions or pathological states in the TME (Figure 6B). Specifically, cDCs had the lowest proportion of malignancy (17%), followed by pDCs (29%), and tDCs had the highest (48%). The activity of ten tumor-related signaling pathways was assessed using GSVA, with the results presented in a heatmap format (Figure 6C). This analysis demonstrated a more significant association of malignant cells with these pathways, revealing specific correlations between each dendritic cell type and certain signaling pathways, providing clues to their potential roles in tumor development. Further analysis of functional state differences between benign and malignant cells within each subgroup showed significant scoring differences in multiple tumor-related signaling pathways for cDCs (Figure 6D), tDCs (Figure 6E), and pDCs (Figure 6F). This disparity may reveal different mechanisms by which malignant dendritic cells promote tumor growth and modulate tumor immune responses. Integrating these findings, we conclude that different dendritic cell subgroups exhibit distinct signaling pathway activation patterns and functional states in malignant tumors, which is crucial for understanding their roles in the tumor immune microenvironment.




Figure 6 | Evaluation of dendritic cell subgroups in benign and malignant classification, signal pathway correlation, and functional status. (A) t-SNE plot generated using the Copykat algorithm to infer benign and malignant states in dendritic cells. B) Comparison of the proportion of malignant cells in three types of dendritic cells (cDC, tDC, pDC). (C) Heatmap showing the correlation of three dendritic cell subpopulations with ten tumor-related signaling pathways. (D) cDC, (E) tDC, (F) pDC: Differences between benign and malignant cells in tumor-related signaling pathway scores (GSVA enrichment scores).  *P < 0.05, **P < 0.01, ***P < 0.001.






3.7 Development and assessment of the predictive mode

In the process of conducting an in-depth analysis of the GSE53624 dataset, we initially calculated the differentially expressed genes (DEGs), selecting genes with an absolute log fold change (|lgFC|) greater than 1 and a p-value less than 0.05 (Figure 7A). Next, we analyzed the correlation between tDC and pDC marker genes and these DEGs, selecting genes with a correlation coefficient greater than 0.4 and a p-value less than 0.05. Based on these genes, univariate Cox regression analysis identified 46 genes with significant prognostic value for esophageal squamous cell carcinoma (ESCC), of which 28 were risk factors and 18 were protective factors (Figure 7B). To further narrow down the gene pool, we employed Lasso regression analysis and selected 13 genes at the optimal cutoff value (lambda=0.0735) (Figure 7C). Ultimately, we constructed a prognostic model comprising six genes using stepwise multivariate Cox regression, including Coiled-Coil Domain Containing 50 (CCDC50), ETS Variant 5 (ETV5), Neuralized E3 Ubiquitin Protein Ligase 3 (NEURL3), Lysosomal-Associated Membrane Protein Family Member 5 (LAMP5), Complement Receptor 2 (CR2), and Serine Dehydratase (SDS). The model formula is: Risk = 0.684 * CCDC50 + 0.221 * ETV5 + 0.158 * LAMP5 + 0.203 * NEURL3 - 0.62 * SDS - 0.15 * CR2. Kaplan-Meier survival analysis was used to evaluate the prognosis of patients in high-risk and low-risk groups, with results indicating a significantly worse prognosis for the high-risk group. In the training set, the prognostic model demonstrated good predictive performance with area under the curve (AUC) values of 0.81, 0.76, and 0.74 for 1-year, 3-year, and 5-year survival predictions, respectively (Figure 6D). Additionally, we validated the prognostic assessment and diagnostic capabilities of the model in the TCGA-ESCA dataset, obtaining similar positive results (Figure 7E). The risk score distribution chart (Figure 7F) clearly differentiated between high-risk and low-risk group patients, while the survival status distribution chart (Figure 7G) showed a noticeably higher number of deaths in the high-risk group compared to the low-risk group. Lastly, a heatmap (Figure 7H) detailed the expression patterns of the six core genes in the training set, further supporting their critical roles in esophageal cancer. In summary, the gene signature model we constructed is not only statistically significant but also holds potential clinical application value. It provides important molecular markers for the personalized treatment of esophageal cancer patients.




Figure 7 | Development and assessment of the predictive model. (A) Volcano plot showing the distribution of differentially expressed genes in the GSE53624 dataset, with red indicating upregulated genes, blue indicating downregulated genes, and size representing the significance of gene expression changes. (B) Results of univariate regression analysis of dendritic cell-related genes. (C) Optimal prognostic markers identified via Lasso regression analysis and their respective coefficient shrinkage trajectories. (D) Kaplan-Meier survival curves for ESCC patients in the GSE53624 and (E) TCGA datasets (left), and receiver operating characteristic (ROC) curve analysis of the prognostic model at 1 year, 3 years, and 5 years (right). (F) Risk score distribution plot differentiating between high and low-risk statuses of patients. (G) Distribution plot of survival statuses illustrating survival scenarios of patients in high and low-risk scoring categories. (H) Heatmap providing a detailed display of HUB gene expression in different samples.






3.8 Building and testing of the prognostic nomogram

To comprehensively assess the prognosis of ESCC patients and its applicability in clinical decision-making, we conducted a series of statistical analyses and model validations. Initially, we identified factors significantly affecting the prognosis of ESCC patients through univariate and multivariate Cox regression analyses, combined with clinical features and risk scoring (Figures 8A, B). The analysis indicated that pathological staging (Stage) and risk scoring are important factors affecting prognosis. Based on these findings, we constructed a nomogram (Figure 8C) combining risk scores and pathological staging to predict 1-year, 3-year, and 5-year survival probabilities. This tool aims to provide a quantitative method to assist physicians in treatment decision-making, estimating patients’ survival probabilities by calculating a total score for each patient. To validate the predictive accuracy of this nomogram, we plotted calibration curves (Figure 8D) to assess the concordance between the predicted and actual survival probabilities. The calibration curves demonstrated the model’s accuracy in predicting 1-year, 3-year, and 5-year survival, providing an intuitive validation of the model’s predictive capability. From the calibration curves in Figure 8D, our nomogram prediction model demonstrated good accuracy in forecasting 1-year, 3-year, and 5-year survival probabilities of ESCC patients in the training set. The calibration curves closely followed the ideal line, indicating a match between predicted survival probabilities and actual observed survival rates, confirming good calibration performance of the model at different time points. In the decision curve analysis, when applying our nomogram prediction model, particularly at moderate threshold ranges, the model showed higher net benefits, indicating strong clinical applicability in differentiating medium to high-risk groups of ESCC patients (Figure 8E). This result emphasizes the important value of the model in accurately stratifying patient risk and assisting in the formulation of corresponding treatment strategies. Overall, our analysis revealed a powerful prognostic assessment tool that combines clinical features and biomarker scoring of patients, effectively predicting the survival probabilities of ESCC patients. The model’s accuracy and clinical utility in predicting the prognosis of esophageal cancer patients were confirmed through the validation by calibration curves and decision curve analysis.




Figure 8 | Building and testing of the prognostic nomogram. (A) Results of univariate Cox regression analysis combining clinical features and risk scores. (B) Results of multivariate Cox regression analysis combining clinical features and risk scores. (C) Nomogram constructed based on multivariate Cox regression analysis results, used to calculate the total score based on patients’ clinical features and risk scores, subsequently predicting 1-year, 3-year, and 5-year survival probabilities. (D) Calibration curves showing the concordance between the model’s predicted survival probabilities and the actual observed survival rates, providing validation for the 1-year, 3-year, and 5-year survival rate predictions. (E) Decision Curve Analysis (DCA) indicating the clinical value of the model at different risk thresholds by comparing net benefits when including different variable combinations, assessing the practical application benefits of the model.






3.9 Enrichment analysis

An in-depth bioinformatics analysis of gene expression data from ESCC patients revealed significant differences in biological processes and metabolic pathways between different risk groups, offering new perspectives on the molecular characteristics and pathological mechanisms of these patient groups. As shown in Figures 9A, B, we first analyzed potential signaling pathways related to the genes used in model construction. A total of 30 pathways were significantly related to these genes, including the B cell receptor signaling pathway, primary immunodeficiency, colorectal cancer, etc., which play key roles in the biology and clinical characteristics of tumors. Subsequent GO and KEGG enrichment analyses further emphasized the molecular-level differences between different risk groups. As illustrated in Figure 9C, GO enrichment analysis showed that gene expression features of patients in the high-risk group were primarily focused on processes related to tumor invasiveness and metastasis, such as external encapsulating structure organization and collagen fibril organization. This finding suggests that tumors in these patients may have a stronger tendency for invasiveness and deterioration. In contrast, the low-risk group showed enrichment in processes related to immune response, such as keratinization and T cell receptor complex (Figure 9D), possibly reflecting a stronger immune response and lower tumor invasiveness in these patients. KEGG enrichment analysis results (Figures 9E, F) further highlighted these differences. The high-risk group was significantly enriched in ecm receptor interaction and pathways in cancer, suggesting that the tumor microenvironment might be more conducive to tumor growth and spread. Conversely, the low-risk group was mainly enriched in drug metabolism-cytochrome P450 and linoleic acid metabolism pathways, revealing unique characteristics of these patients in drug and lipid metabolism. In summary, our analysis disclosed marked differences in molecular traits and biological processes between high-risk and low-risk groups among ESCC patients.




Figure 9 | Enrichment analysis. (A) Displays a heatmap of enrichment scores for key pathways, visualizing the extent of enrichment in various samples. (B) Reveals the correlation between Hub genes and key pathways. (C) Results of the GO enrichment analysis for the high-risk group. (D) Results of the GO enrichment analysis for the low-risk group. (E) Results of the KEGG enrichment analysis for the high-risk group. (F) Results of the KEGG enrichment analysis for the low-risk group. *P < 0.05, **P < 0.01, ***P < 0.001.






3.10 Forecasting the effectiveness of immunotherapy

Initially, we compared the expression differences between immune checkpoint-related genes and major histocompatibility complex genes in high and low-risk groups (Supplementary Figures 2A, B). The results indicated that these genes, including classic molecules like PDCD1 and HAVCR2, were predominantly expressed at higher levels in the low-risk group. Next, we compared the survival differences between high and low-risk groups in the IMvigor210 cohort. Consistent with previous analyses, there were significant prognostic differences between the different risk groups (Supplementary Figure 2C). Additionally, in the group with better immunotherapy responses (CR+PR group), there were lower risk scores (Supplementary Figure 2D). Concurrently, the proportion of patients with poorer immunotherapy responses (PD+SD group) was significantly lower in the low-risk group (Supplementary Figure 2E). Lastly, we validated the prognostic ability of the model in another immunotherapy cohort, obtaining similar results (Supplementary Figures 2F-H).




3.11 Validation of model gene expression

Given that our analysis was primarily based on bioinformatics, it is possible that certain biases existed. To confirm the accuracy of our analysis, we initially downloaded the expression data of six model genes across various cancers from the Timer2.0 database. We then conducted qPCR and IHC validations of these model genes’ expression levels. As shown in Figure 10, our qPCR analysis (involving 8 pairs of ESCC patients and their corresponding peritumoral tissues) revealed significant overexpression of the six model genes in tumor tissues. While the pan-cancer analysis did not demonstrate statistical significance for CCDC50 and CR2, the trend of gene overexpression was consistent. This discrepancy might be attributed to the genetic differences between Eastern and Western populations. We further validated the expression of CCDC50 and CR2 at the protein level using IHC, which confirmed their significant overexpression in tumor tissues (Figure 11). These analyses substantiate the accuracy and credibility of our bioinformatics finding.




Figure 10 | PCR validation of gene expression. Expression of genes (A) CCDC50, (B) CR2, (C) ETV5, (D) SDS, (E) LAMP5, and (F) NEURL3 in tumor and normal tissue samples. The left panels show the gene expression profiles across pan-cancer. The middle panels depict the comparative expression of these genes in tumor versus normal tissues. The right panels present paired comparisons between individual tumor tissues and their adjacent normal tissues. *P < 0.05, **P < 0.01, ***P < 0.001.






Figure 11 | Immunohistochemical validation of gene expression. (A) Results for CCDC50. (B) Results for CR2. On the left are normal tissues, in the middle are tumor tissues, and on the right are the statistical results. ***P < 0.001.







4 Discussion

ESCC is a globally prevalent disease, occupying a leading position in both incidence and mortality among malignancies (1). Traditional treatments such as surgery, chemotherapy, and radiotherapy, augmented by a limited range of targeted therapies, have been the mainstay. However, the advent of emerging strategies like immunotherapy has injected a ray of hope into the realm of ESCC management (3). Despite these advancements, the battle against ESCC is fraught with challenges, primarily due to the inherent difficulties in early diagnosis and the multitude of complex postoperative complications. Accurate molecular characterization is imperative for effectively targeting ESCC.

In solid tumors, especially ESCC, the significance of TME in influencing cancer therapy has garnered escalating attention. The microenvironment of ESCC, a complex milieu comprising diverse cellular groups, signaling molecules, and structural components, facilitates an intricate interplay with cancer cells, thereby supporting every phase of tumor development (33). Environmental factors, for instance, can instigate chronic inflammation, perpetuating pro-inflammatory signaling pathways that bolster tumor cell survival and proliferation (34). The anti-tumor immune response is often undermined by elements such as myeloid-derived suppressor cells, regulatory T cells, and immune checkpoints like programmed death-1 (35). Moreover, tumor-associated macrophages and other immune cells can assume additional tumor-promoting roles, including the induction of angiogenesis and facilitation of tumor cell invasion (36). Furthermore, cancer-associated fibroblasts secrete growth factors and modify the extracellular matrix, crafting a conducive tumor niche that accentuates tumor cell migration and metastasis (37).

Notably, dendritic cells (DCs), as professional antigen-presenting cells, play a pivotal role in the tumor microenvironment. These cells adeptly capture exogenous antigens and present them to lymphocytes, such as T and B cells, epitomizing one of the most potent cells in triggering the adaptive immune response (38). Consequently, the presence of DCs at immune challenge sites is essential for mounting an effective immune response. A significant area of current research is how different tumor microenvironments influence DCs in aspects like their development, functionality, and migration, thereby modulating the robustness of the adaptive immune response. Given their heterogeneity, DCs are classified into various subtypes, each with distinct functionalities. In our study, we categorize DCs into three subtypes - cDC, tDC, and pDC - in alignment with established literature. Our ssGSEA analysis reveals that pDCs positively influence ESCC prognosis, while a high enrichment of tDC-related genes correlates with poorer outcomes in ESCC patients. Through intercellular communication analysis, we have pinpointed GALECTIN and MHC−I as potential carcinogenic pathways in these DC subsets. GALECTINs, crucial in cancer progression, play unique roles in the tumor microenvironment by modulating tumor cell adhesion, migration, invasion, and impacting immune cell functions (39). Consequently, GALECTIN inhibitors or modulators could emerge as innovative therapeutic approaches in cancer treatment, potentially improving patient outcomes. The aberrant regulation of MHC-I molecules in cancer, possibly exploited by tumor cells to evade immune detection and promote tumor progression, diminishes the efficacy of cancer immunotherapies. The interactions of MHC-I molecules within the tumor microenvironment and their multifaceted roles in cancer progression are currently at the forefront of oncological research (40). Targeted therapies against MHC-I hold substantial promise in enhancing the effectiveness of cancer immunotherapies and in deepening our understanding of the dynamic roles and mechanisms of MHC-I in cancer.

During our examination of the cell cycle distribution across different dendritic cell (DC) subgroups, notable variances were found in the proportions of cell cycle stages among diverse types of DCs. Specifically, pDCs exhibited a higher proportion of cells in the G2/M and S phases, suggesting a more active state of cell division or preparation for cell division. In contrast, cDCs and tDCs predominantly resided in the G1 phase, indicating a relatively quiescent state in the cell cycle. This distribution pattern of cell cycle states may reflect the distinct biological functions and activities of each cell type within the tumor microenvironment. Notably, the increased proportion of pDCs in the G2/M phase could be associated with their role in viral defense and tumor immune surveillance, whereas the dominance of cDCs and tDCs in the G1 phase might align with their functions in antigen presentation and maintaining immune tolerance. These findings provide cell cycle-related insights for further exploration of the roles of DCs in tumor development and immune responses.

Based on six DC marker genes (CCDC50, ETV5, LAMP5, NEURL3, SDS, CR2), we constructed a robust prognostic feature set that can reliably predict the prognosis and efficacy of immunotherapy in ESCC. CCDC50, a gene encoding a human protein, has been explored in multiple studies for its primary functions and mechanisms. Its increased expression in diffuse large B-cell lymphoma (DLBCL) has been linked to tumor development stages and extranodal site numbers. Additionally, CCDC50 promotes tumor cell proliferation by inhibiting c-Myc ubiquitin-mediated degradation (41) and also contributes to the development of hepatocellular carcinoma through the Ras/Foxo4 signaling pathway (42). ETV5, belonging to the ETS family of transcription factors, is a key factor in cancer research, recognized for its role in cell cycle regulation and tumor progression. In neuroblastoma, ETV5 drives tumor aggressiveness through transcriptional regulation mediated by activated ALK mutations and is influenced by the MAPK signaling pathway, a mechanism consistent across different cancer types (43). Moreover, ETV5’s oncogenic role in colorectal cancer involves enhancing tumor proliferation and affecting the G1/S transition in the cell cycle, primarily by regulating p21 expression (44). LAMP5, a lysosome-associated membrane protein, plays a crucial role in leukemia and gastric cancer. In leukemia, particularly mixed-lineage leukemia rearrangements (MLL-r), LAMP5 is a direct target of the oncogenic MLL fusion protein, and its reduction significantly inhibits leukemia cell growth, highlighting its potential as a therapeutic target (45). In gastric cancer, the upregulation of LAMP5 in metastatic tissues is associated with enhanced cell proliferation, invasion, migration, and alterations in apoptosis and the cell cycle, indicating its significant role in metastasis formation and potential as a drug development target (46).

In summary, our systematic analysis of dendritic cell heterogeneity in ESCC has identified that tDCs and pDCs can significantly impact the prognosis of ESCC patients. Utilizing marker genes from these two cell groups, we have developed a robust prognostic model that can accurately predict the prognosis and immunotherapeutic efficacy in ESCC. This model could bring new insights into the treatment of ESCC patients. However, we must acknowledge certain limitations. Firstly, as our study relies on existing public data, we lack comprehensive experimental validation of the key genes in our model. This might limit our understanding of the roles these genes play in ESCC. In light of these limitations, our future research will focus on more extensive cellular and animal experiments. These studies will enable us to more directly validate the roles these genes play in the development of ESCC, particularly regarding the functions of dendritic cells. Through these experiments, we hope to provide stronger evidence to support our findings and further deepen our understanding of the heterogeneity of dendritic cells in ESCC and their role in TME.
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Introduction

Numerous observational studies have indicated that smoking is a substantial risk factor for esophageal cancer. However, there is a shortage of research that delves into the specific causal relationship and potential mediators between the two. Our study aims to validate the correlation between smoking-related traits and esophageal cancer while exploring the possible mediating effects of immune factors.





Methods

Initially, we conducted bidirectional univariate Mendelian Randomization (MR) analyses to forecast the causal effects linking smoking-related traits and esophageal cancer. Subsequently, we employed a two-step MR analysis to scrutinize immune cell phenotypes that could mediate these effects. Finally, the coefficient product method was employed to determine the precise mediating impact. Additionally, we have refined our sensitivity analysis to ensure the reliability of the outcomes.





Results

After analysis, Smoking status: Never had a significant negative association with the incidence of esophageal cancer (inverse-variance weighted (IVW) method, p=1.82e-05, OR=0.10, 95%CI=0.04~0.29). Ever smoked (IVW, p=1.49e-02, OR=4.31, 95%CI=1.33~13.94) and Current tobacco smoking (IVW, p=1.49e-02, OR=4.31, 95%CI=1.33~13.94) showed the promoting effect on the pathogenesis of esophageal cancer. Through further examination, researchers discovered 21 immune cell phenotypes that have a causal relationship with esophageal cancer. After careful screening, two immune cell phenotypes were found to have potential mediating effects. In particular, it was observed that in the case of the preventive effect of Smoking status: Never on esophageal cancer, the absolute count of CD62L plasmacytoid dendritic cells mediated a reduction of 4.21%, while the mediating effect of CD27 in CD20-CD38-B cells was -4.12%. In addition, sensitivity analyses did not reveal significant heterogeneity or level pleiotropy.





Conclusion

The study provides new evidence for the causal relationship between smoking-related features and esophageal cancer and proposes immune factors with potential mediating effects. However, this finding needs to be further demonstrated by more extensive clinical studies.





Keywords: Mendelian randomization, smoking-related features, immune cell phenotypes, esophageal cancer, mediation effect




1 Introduction

Esophageal cancer is a prevalent type of cancer that has affected a staggering 604,100 individuals and led to 544,100 deaths globally in 2020 (1). The incidence of this cancer is increasing in Western countries. However, despite significant advancements in patient management and treatment, the overall survival rate after 5 years remains low, at approximately 10%. However, after esophageal cancer surgery, the survival rate slightly improves, ranging from 15-40% (2). To enhance the prognosis of this cancer, it is crucial to identify, explore, and intervene in all potential risk factors. Previous observational studies suggest that smoking (3), being white (4, 5), and gastroesophageal reflux disease (6, 7) are among the possible risk factors for esophageal cancer.

Research has demonstrated that smoking is a significant risk factor for esophageal cancer. According to studies, current smokers face a higher chance of developing esophageal adenocarcinoma compared to non-smokers (odds ratio (OR) = 1.96; 95% confidence interval (CI) = 1.64-2.34) (3). Even those who have quit smoking for a decade are more likely to develop esophageal adenocarcinoma than those who have never smoked (OR = 1.72; 95%CI, 1.38-2.15). Furthermore, continuing to smoke increases the risk of cancer in Barrett’s esophagus (8).

It’s common knowledge that tobacco smoke contains harmful substances like carbon monoxide and nicotine, which can trigger the production of various immune or inflammatory mediators in the body (9, 10). Recent research has shown that cigarette smoke exposure can cause changes in the immune system, including the increased release of IL-33 in epithelial cells and altered expression of the IL-33 homologous receptor ST2 in different immune cells (11). The immune system plays a vital role in preventing cancer by producing interferon (IFN)-γ and cytotoxins that can inhibit cancer progression. However, chronic inflammation caused by factors like smoking may override the effects of these cells and promote cancer progression (12–15). In addition, autoimmune diseases have been shown to support the development of many cancers due to ongoing immune system activity (16–18). Overall, smoking can hurt the immune system, promoting the occurrence and progression of esophageal cancer.

Mendelian randomization (MR) is a powerful epidemiological analysis method that predicts causal associations. This approach leverages genetic variation, such as single nucleotide polymorphisms (SNPs), as an instrumental variable (IV) to represent exposure factors. Since these SNPs are randomly distributed and independent of environmental factors and other confounders (19), MR design offers a rigorous explanation of causal relationships between complex factors.

In this study, we first evaluated the effect between multiple smoking-related features and susceptibility to esophageal cancer using univariate bidirectional MR analysis. We then used a two-step MR analysis to screen for immunophenotypes that could be potential mediators and their mediating effects between never-smoking and esophageal cancer.




2 Materials and methods



2.1 Study design

Our research employed genetic variants as instrumental variables for Mendelian randomization analysis. The credibility of our MR study is grounded in three key assumptions: (1) the correlation hypothesis, indicating a robust connection between genetic variation and exposure; (2) the independence hypothesis, affirming that genetic variation is not connected to any confounding variables that could impact the link between exposure and outcome; and (3) the Exclusion-Limit Hypothesis, which maintains that genetic variation influences outcomes solely through exposure (20).




2.2 Description of the data source

The data related to smoking encompasses smoking status (whether one has never smoked or is a current smoker) and smoking initiation. All of the relevant genetic information is sourced from public databases. The genetic association between esophageal cancer and genetics was derived from two separate GWAS data sets detailed in the table. All of the above data can be found in Table 1. Furthermore, the genetic data for 731 immune cell traits, identified as GCST0001391 to GCST0002121, were obtained from the GWAS Public Catalog. This comprehensive resource offers the most up-to-date report on genetic loci for immune cell traits, including absolute cell (AC) counts (n = 118), median fluorescence intensity (MFI) reflecting surface antigen levels (n = 389), morphological parameters [MP] (n = 32), and relative cell (RC) counts (n = 192) (21). The original GWAS on immune profiles was conducted using data from 3,757 European individuals with no overlapping cohorts. The study analyzed roughly 22 million SNPs genotyped with high-density arrays attributed to reference panels based on Sardinian sequences. Associations were tested after adjusting for covariates such as sex, age, and age2 (22). It is important to note that all data used in this study is at the GWAS abstract level. Therefore, ethical approval and informed consent were obtained in the original research.


Table 1 | Details of the studies included in the Mendelian randomization analyses.






2.3 Selection of genetic instrumental variables

To ensure high-quality results, we implemented a rigorous quality control procedure to identify Type IV genes that align with the MR hypotheses. For Type IV genes related to smoking-related traits and esophageal cancer, we set the p-value threshold to p<5e-8, while for immune cell signature-related genes, it was p<5e-06. In the MVMR analysis, we used the same p-value threshold (p<5e-06) for both immune cell phenotype and smoking status to examine the mediated relationship. Our approach also involved applying a linkage imbalance clustering algorithm with R2<0.001 and a window size of 10,000 kb. To ensure that effector alleles are consistent, we harmonized the exposure and outcome datasets by removing SNPs with intermediate allele frequencies and ambiguous SNPs with inconsistent alleles. Lastly, we calculated the F-statistic for each SNP using the following equation to assess the strength of the IV:

	

In this equation, F is equal to the numerator (N-K-1) divided by the denominator, which is ((K x R^2)/(1-R^2)). R^2 represents the proportion of variations explained by the IV (23). Since the F-statistic for all SNPs exceeded 10, only SNPs that undergo strict screening will be utilized as an IV for future analyses. N denotes the sample size of the exposed dataset, and K represents the number of SNPs.




2.4 Univariate MR analysis

To predict the impact of various smoking characteristics on esophageal cancer, three complementary methods were employed for univariate MR analysis: IVW, MR-Egger, and Weighted-median methods. IVW method was considered the primary causal estimation method, providing accurate results when all selected SNPs are valid IVs (24). MR-Egger method yields consistent causal estimates under the InSIDE assumption independent of the instrumental strength of direct influences, even if genetic IV is invalid. However, it is important to note that this method is imprecise and susceptible to peripheral genetic variation (25). The weighted median method, on the other hand, calculates the weighted median of Wald ratio estimates without InSIDE assumptions and is robust to horizontal pleiotropic bias. Compared with the MR-Egger method, the weighted median method has a lower type I error and a higher causal estimation power (26). A causal relationship between exposure and outcome was considered when the IVW analysis results were P<0.05, and the results of the three methods were consistent. For MR analysis between immune cell phenotype and esophageal cancer, the results were corrected for FDR, and a fixed P value meeting P<0.05 was considered indicative of a causal relationship.




2.5 Sensitivity analysis

Conducting sensitivity analysis to evaluate heterogeneity and potential pleiotropy that could significantly violate MR analysis requirements is crucial. Horizontal pleiotropy may occur when IVs impact outcomes through pathways other than exposure. To ensure the accuracy of the findings, we utilized several methods in this study. These methods included the Cochran Q test, the MR-Egger intercept test, and the MR-Pleiotropy RESidual Sum and Outliers (MR-PRESSO). In the presence of heterogeneity, a Cochran Q test result with p < 0.05 was deemed significant (27). The MR-Egger intercept was utilized to assess the offset due to the IV’s invalidity (28). Finally, we employed MR-PRESSO to re-examine the study for any potential horizontal pleiotropy (29).




2.6 Reverse MR analysis

Before further research, we validated the directionality of causal effects. We performed two-sample univariate MR analyses using esophageal cancer as an exposure factor and various smoking characteristics as outcomes. Based on the analysis results, we verify our judgment on the directionality of causal effects.




2.7 Mediated MR analysis

Our analysis focused on the impact of smoking status on the development of esophageal cancer. We utilized a two-step MR approach to investigate potential immunophenotypes that could act as mediators between never-smokers and those with esophageal cancer. The Two-step Mediation Regression (MR) technique can be likened to the coefficient product method. It involves calculating two MR estimates, namely, the causal effect of the exposure on the mediator, and the causal effect of the mediator on the outcome. By multiplying these two estimates, one can obtain an estimate of the indirect effect. First, we assessed the causal effects of 731 immunophenotypes on esophageal cancer development. Then, we analyzed the immunophenotype that had a causal effect on esophageal cancer to observe its impact on never-smokers. Our findings identified a positive immunophenotype that we consider a potential mediator. To further investigate, we estimated the overall effect of never smoking on the risk of esophageal cancer and its impact on potential intermediate mediators. We then evaluated the direct impact of potential intermediate mediators on esophageal cancer. Finally, we calculated the proportion of mediated effects. Our approach utilized univariate MR and the coefficient product method (30–32).

All statistical analysis and data visualization were performed using R programming software (R4.2.3), including the “TwoSampleMR” R package (Version 0.5.7) and the “MRPRESSO” (version 1.0) R package (PMID: 24114802). The “forestploter” R package (version 1.1.1) generates a forest plot. Use the “circlize” R package to create a Ring heatmap.





3 Results



3.1 Effect of smoking-related features on esophageal cancer

According to the findings in Figure 1, the genetic prediction of never smoking was significantly and negatively linked to the incidence of esophageal cancer, as demonstrated by the two-sample univariate MR analysis (IVW method, p=1.82e-05, OR=0.10, 95%CI=0.04~0.29). In contrast, ever smoking (IVW, p=1.49e-02, OR=4.31, 95%CI=1.33~13.94) and current tobacco smoking (IVW, p=1.49e-02, OR=4.31, 95%CI=1.33~13.94) were associated with an increased risk of esophageal cancer. In the case of partial associations, both the weighted median MR and MR-Egger OR values were in agreement with the IVW method. However, the confidence intervals were wider owing to reduced statistical power (29). It’s worth noting that while the IVW method suggests that smoking initiation may promote the development of esophageal cancer, the MR Egger method indicates the opposite effect. After conducting sensitivity analysis, no significant heterogeneity or level of pleiotropy was detected, and all results can be found in Supplementary Materials Table 1. It is noteworthy that all IVs chosen in the studies mentioned above possessed F-statistic values exceeding 10 (please refer to Supplementary Materials Tables 5–8).




Figure 1 | Forest plot of Mendelian randomization analyses of smoking-associated phenotypes on esophageal cancer. OR, odds ratio. 95%CI, 95% confidence interval. nsnp, number of single nucleotide polymorphisms.






3.2 Effects of esophageal cancer on various smoking characteristics

After reversing MR analysis, as shown in Figure 2, compared to patients with non-esophageal cancer, the results showed that esophageal cancer had no significant effect on Smoking status: Never (IVW method, p=0.12, OR=1.00, 95%CI=0.99~1.00), which verified our conjecture about the directionality of the causal association between the two. For the remaining three smoking-related features, esophageal cancer was also found to have no promoting or inhibitory effect on them. We then refined the sensitivity analysis, and the results are presented in the Supplementary Materials Table 2. Notably, genetic prediction of the development of esophageal cancer on Ever smoked showed significant heterogeneity and level pleiotropy (IVW method, Q_pval=1.88e-3; MR PRESSO, Global Test_pval=0.032), suggesting that the causal relationship between the two should be carefully considered and verified in more complete large-scale GWAS data.




Figure 2 | Forest plot of Mendelian randomization analyses of esophageal cancer on smoking-associated phenotypes. OR, odds ratio. 95%CI, 95% confidence interval. nsnp, number of single nucleotide polymorphisms.






3.3 Effect of immune cell phenotypes on esophageal cancer

Our team conducted a thorough statistical analysis to explore the potential impact of immune cell phenotype on the development of esophageal cancer. Upon careful examination, we discovered that 27 immune cell phenotypes significantly affected esophageal cancer, as evidenced by a p-value of less than 0.05 (IVW) (for more information, please refer to Supplementary Materials Table 3). We then utilized the Weighted Median and MR Egger methods to eliminate exposure factors that had inconsistent directions of OR values across the three approaches. Through sensitivity analyses, we found no significant heterogeneity or level of pleiotropy. To enhance the reliability of our results, we applied FDR correction to the IVW results, which enabled us to identify exposure factors with a PVAL (FDR) >0.05. As a result of our efforts, we uncovered 21 immunophenotypes causally linked to esophageal cancer, and we created a circular heat map to visually represent our findings (see Figure 3).




Figure 3 | Ring heatmap of Mendelian randomization analyses of immune cell phenotype on esophageal cancer. IVW_OR, the results of odds ratio of inverse variance weighted method. MR_Egger_OR, the results of odds ratio of MR Egger method. Weighted_median_OR, the results of odds ratio of weighted median method. IVW_P, the P value for inverse variance weighted method. IVW_P_FDR, the P-Value after FDR adjust.






3.4 Mediated MR analysis

To identify immunophenotypes that could be potential mediators, we explored the effect of Smoking status: Never on the 21 immunophenotypes derived from the above analysis. The results of all three assays and sensitivity analyses are presented in Supplementary Materials Table 4. After screening, two possible mediated immunophenotypes were obtained, including CD62L-plasmacytoid Dendritic Cell Absolute Count (IVW method, p=4.21e-2, OR=0.43, 95%CI=0.19~0.97) and CD27 on CD20-CD38- B cell (IVW method, p=3.73e-2, OR=0.44, 95%CI=0.20~0.95). We then explored the mediating effect of the above two immunophenotypes in the impact of Smoking status: Never on esophageal cancer. As shown in Figure 4, CD27 on CD20- CD38- B cell, as a potential mediator, reduced the intensity of Smoking status: Never in preventing or inhibiting esophageal cancer (mediating effect: -4.12%). Similarly, CD62L-plasmacytoid Dendritic Cell Absolute Count reduced the intensity of the negative impact of Smoking status: Never on the incidence of esophageal cancer (mediating effect: -4.21%).




Figure 4 | Mediation analysis of the effect of Smoking status: Never on esophageal cancer via immune cell phenotype. IVs, instrumental variables. SNP, single nucleotide polymorphisms.







4 Discussion

In this research, we employed genetic prediction to investigate how smoking-related traits impact the development of esophageal cancer. Furthermore, we explored immune cell phenotypes that may serve as mediators. Our results revealed that individuals who never smoked had a one-way causal relationship with a lower risk of esophageal cancer. We then conducted mediation analyses and ultimately identified two immunophenotypes that exhibited potential mediating effects: CD62L-plasmacytoid Dendritic Cell Absolute Count and CD27 on CD20- CD38- B cells. Using coefficient product analysis, we determined that both immunophenotypes mitigated the intensity of the effect of Smoking status: Never on the prevention or inhibition of esophageal cancer (mediating impact <0).

Esophageal cancer is a leading cause of cancer-related deaths worldwide, and multiple factors can contribute to its occurrence and progression (33). Numerous observational studies indicate that smoking is a significant risk factor for esophageal cancer. For instance, a large-scale prospective cohort study conducted in Japan found that heavy smoking (15 cigarettes/day or more) was significantly associated with increased mortality from esophageal cancer (RR=2.3, 95%CI=1.7~3.1) (34). Meanwhile, another retrospective study revealed that heavy smokers had a higher hazard ratio than non-heavy smokers (1.73, 95% CI: 1.12-2.68; P = 0.013) (35). Moreover, a meta-analysis of 41 studies on esophageal squamous cell carcinoma suggested that current smokers were four times more likely to develop this cancer type than non-smokers. However, prolonged smoking abstinence significantly decreased the likelihood of ESCC development (36). Although these studies suggest that smoking can contribute to the development and progression of esophageal cancer, they have certain limitations due to the lack of randomization, prospectivity, and blinding, which can lead to confounding interference. To address this issue, we utilized the Mendelian randomization (MR) method to analyze the causal relationship between smoking-related features and esophageal cancer. The instrumental variables (IV) in MR analysis are chosen as SNPs that are randomly distributed and not influenced by environmental or other exposure factors. Through our univariate two-way MR analysis, it was found that never smoking significantly lowers the risk of esophageal cancer. Conversely, the incidence of this cancer is promoted by ever-smoking and current tobacco smoking.

Smoking emits thousands of chemicals that can promote cancer by causing dysregulation and transformation of cells, as well as altering the immune microenvironment to favor cancer cell development and invasion (37, 38). Research conducted by Liu et al. suggests that smoking may activate mast cells and CD4 memory T cells, leading to tumor growth and progression (39). Additional studies have indicated that smoking alters innate and adaptive immunity in lung, breast, and colorectal cancers through the release of cytokines from cytotoxic or inflammatory cells (40–42). As a result, smoking could impact the occurrence and progression of esophageal cancer by influencing the host immune system. To account for individual smoking habits, we selected “Smoking status: Never” for a follow-up mediating study. Utilizing a two-step MR analysis, we identified two immune cell phenotypes - CD62L-plasmacytoid Dendritic Cell Absolute Count and CD27 on CD20- CD38- B cells - with potential mediating effects. Intriguingly, further analysis revealed that both immunophenotypes had the opposite effect, reducing the inhibitory effect of “Smoking status: Never” on esophageal cancer.

Plasmacytoid dendritic cells (pDCs) are a unique type of sentinel cell that detects pathogen-derived nucleic acids and responds rapidly by producing high volumes of type I interferons (43). L-selectin (CD62L) is a transmembrane glycoprotein and cell adhesion molecule found on the surface of several types of leukocytes (44). Although pDCs have demonstrated the potential to elicit anti-tumor immune responses, studies have shown that their infiltration in tumor microenvironments (TMEs) has varying effects on different cancers (44–47). Unfortunately, there is a lack of research on their direct role in esophageal cancer. In our study, we found that while CD62L-plasmacytoid Dendritic Cell Absolute Count had a negative causal effect on esophageal cancer, it weakened the preventive effect of never smoking on esophageal cancer. CD27, when it binds to its native ligand CD70, can promote T cell proliferation and differentiation into effector and memory T cells, which have potent anti-tumor potential. The CD27 agonist antibody varlilumab has shown promising efficacy in both hematologic and solid cancers (48). Similarly, our findings suggest that CD27 on CD20-CD38- B cells can inhibit the development of esophageal cancer. However, it’s worth noting that it has a negative mediating effect on the preventive effect of never smoking on esophageal cancer. One possible explanation for the negative mediating effect of the above immune cell phenotypes is that smoking may cause a partial immune response in the body, which may be lacking in never-smokers. It’s important to note that the specific mechanism of action requires further exploration by researchers.

Taken together, in this study, we genetically predicted the effect of smoking-related traits on esophageal cancer and further explored immune cell phenotypes with potential mediating effects. The results of our analysis showed that Smoking status: Never had a one-way causal relationship in the risk reduction of esophageal cancer, and based on this, subsequent mediation studies were conducted. Using a two-step MR analysis, we finally screened two immunophenotypes with potential mediating effects, namely CD62L-plasmacytoid Dendritic Cell Absolute Count and CD27 on CD20- CD38- B cell. After the coefficient product method, we found that both reduced the intensity of the effect of Smoking status: Never in preventing or inhibiting esophageal cancer (mediating effect<0)。The findings presented here provide additional evidence to substantiate the notion that the immune system plays a crucial mediating role in the association between environmental factors and cancer. The results underscore the importance of immune modulation as a preventive measure against cancer occurrence among high-risk populations. In addition, the phenotypic characteristics of the above two immune cells may be used as new indicators to predict the risk of esophageal cancer in high-risk groups such as smoking, which is conducive to the screening and prevention of esophageal cancer. At the same time, our study also provides a research method to explore the potential mediators of environmental factors and cancer associations.

This study presents several notable advantages. Firstly, we employed multiple complementary MR methods to explore the causal effects of smoking-related features and 731 immune cell phenotypes on esophageal cancer risk, minimizing the impact of residual confounders. Secondly, we delved into the mediating effect of immune factors on the risk of esophageal cancer, providing a valuable reference for future research into the mechanism of risk factors related to esophageal cancer. Finally, we conducted a comprehensive sensitivity analysis to ensure the reliability of our results.

However, there are some limitations to our research. On the one hand, overlapping participants in the samples of exposures and outcomes may impact the accuracy of MR analysis. To mitigate this, we utilized strong effect IV with F-statistic greater than 10 for all instrumental variables. On the other hand, our dataset only includes the European population, which may limit the generalizability of our findings to other people. While this approach reduces population stratification bias, it is essential to acknowledge that our results may not apply to other individuals.




5 Conclusion

In summary, our comprehensive MR analysis found that 3 smoking-related traits and 21 immune cell phenotypes had causal effects on esophageal cancer. On this basis, we further screened two immune cell phenotypes with potential mediating effects and calculated the intensity of the inhibitory effect of Smoking status: Never. This study provides new evidence for a causal relationship between smoking-related features and esophageal cancer and proposes immune factors with potential mediating effects. However, this finding needs to be further demonstrated by more extensive clinical studies.
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Background

The transcription factor, SOX13 is part of the SOX family. SOX proteins are crucial in the progression of many cancers, and some correlate with carcinogenesis. Nonetheless, the biological and clinical implications of SOX13 in human breast cancer (BC) remain rarely known.





Methods

We evaluated the survival and expression data of SOX13 in BC patients via the UNLCAL, GEPIA, TIMER, and Kaplan-Meier plotter databases. Immunohistochemistry (IHC) was used to verify clinical specimens. The gene alteration rates of SOX13 were acquired on the online web cBioportal. With the aid of the TCGA data, the association between SOX13 mRNA expression and copy number alterations (CNA) and methylation was determined. LinkedOmics was used to identify the genes that co-expressed with SOX13 and the regulators. Immune infiltration and tumor microenvironment evaluations were assessed by ImmuCellAI and TIMER2.0 databases. SOX13 correlated drug resistance analysis was performed using the GDSC2 database.





Results

Higher SOX13 expression was discovered in BC tissues in comparison to normal tissues. Moreover, increased gene mutation and amplification of SOX13 were found in BC. Patients with increased SOX13 expression levels showed worse overall survival (OS). Cox analysis showed that SOX13 independently served as a prognostic indicator for poor survival in BC. Further, the expression of SOX13 was also confirmed to be correlated with tumor microenvironment and diverse infiltration of immune cells. In terms of drug sensitivity analysis, we found higher expression level of SOX13 predicts a high IC50 value for most of 198 drugs which predicts drug resistance.





Conclusion

The present findings demonstrated that high expression of SOX13 negatively relates to prognosis and SOX13 plays an important role in cancer immunity. Therefore, SOX13 may potentially be adopted as a biomarker for predicting BC prognosis and infiltration of immune cells.





Keywords: SOX13, prognosis, breast cancer, immunohistochemistry, bioinformatics analysis




1 Introduction

Breast cancer (BC) is the most common malignant tumor in women. According to the global cancer data in 2020, there were about 2.3 million new cases of BC and 685000 deaths (1). Its annual morbidity and mortality rank first among female malignant tumors (2). According to its infiltration level, BC can occur as either pre-invasive or invasive carcinoma (3). BC develops in stages in clinical practice, starting with normal ductal epithelium and progressing through hyperplasia, in situ ductal carcinoma, invasive malignancy, and ultimately metastatic carcinoma. Patients with early-stage BC have a good prognosis, but 20-30% of them will experience local recurrence or distant metastasis within two years after diagnosis (4). It has been reported that the overall survival (OS) rate of primary BC has reached nearly 90% within 5 years. However, the 5-year OS rate of patients with distant non-lymph node metastasis drops to 23% (5, 6). Despite many reports elucidating molecular mutations associated with carcinogenesis, the potential mechanisms of BC progression remain elusive (7–9). Surgery, radiotherapy, chemotherapy, targeted therapy, endocrine therapy, and immunotherapy are the standard treatment modalities for BC (10, 11). Appropriate treatment regimens need to be selected based on clinical and pathological characteristics such as estrogen receptor (ER), progesterone receptor (PR), human epidermal growth factor receptor 2 (HER-2), TNM stage, tumor grade, etc. (12). Currently, the treatment of BC has certain effects, but for some special molecular subtypes, such as triple negative breast cancer (TNBC), the possibility of developing drug resistance is higher, and the treatment effect is poor (13–17). We still know very little about the potential pathogenesis of BC invasiveness, therefore, there is an urgent need for extensive research on the pathogenesis of BC to discover effective drugs and biomarkers.

SOX13 has been revealed to be an essential regulatory element for cell differentiation and cell stemness in both normal and cancer tissues via the regulation of Wnt/β-catenin signaling (18). The expression of SOX13 is high in numerous solid types of tumor, including hepatocellular carcinoma (19), colorectal cancer (20), and gastric cancer (18). As a tumor biomarker with diagnosis and treatment potential in various tumors, high SOX13 expression is linked to poor prognosis. However, the role of SOX13 in BC is still unclear.

Herein, we assessed the expression of SOX13 and its clinical importance in BC by using Immunohistochemistry (IHC), and bioinformatics analysis web servers, including UALCAN, TIMER2.0, GEPIA, etc.




2 Materials and methods



2.1 TIMER 2.0

TIMER 2.0 (http://timer.cistrome.org/) is a comprehensive online tool, it is vital to analyze immune infiltrates across various cancer (21). With TIMER, users can input function-specific features, whereby the resulting figures are dynamically highlighted to extensive explore the tumor’s clinical, genomic, and immunological characteristics. In our study, TIMER was applied to explore the tumor differential expression with normal tissues for SOX13 among all The Cancer Genome Atlas (TCGA) tumors. Besides, TIMER adopts a deconvolution technique (22), inferring the tumor-infiltrating immune cell (TIIC) abundance according to gene expression profiles. The association between SOX13 expression and immune cell infiltration levels were analyzed.




2.2 UALCAN

UALCAN (http://ualcan.path.uab.edu) is a free online resource, it is vital in elucidating the relative transcriptional expression of potentially interesting genes in both normal and tumor samples and the correlation between the transcriptional expression and relative clinicopathologic features (23). Herein, UALCAN was adopted to assess the relative gene expression across normal and tumor samples. Besides, it was applied to prognosis analysis.




2.3 GEPIA

GEPIA database (http://gepia.cancer-pku.cn/), an online web, incorporates over 8000 normal samples and over 9000 tumors from TCGA and Genotype-Tissue Expression (GTEx) (24). Using GEPIA, we generated OS curves relying on the median GENE expression level. The remaining default settings of the operating system were all accepted.




2.4 Kaplan-Meier plotter

Kaplan-Meier plotter (http://kmplot.com/analysis/) is capable of assessing how over 50000 genes affect survival by analyzing over 1000 cancer samples in 21 cancer types (25). We investigated the relationship between SOX13 expression and BC survival using the Kaplan-Meier plotter and differential gene expression analysis in tumor and normal tissues.




2.5 cBioportal

The data on gene mutation, amplification, and methylation was obtained from the cBioportal database (https://www.cbioportal.org/). The methylation data are from the HM450 types, both the association between the SOX13 expression and the copy number alterations and methylation were calculated the Pearson’s correlation coefficients. In addition, the “mafCompare” function in the “maftools” package was used to compare the mutation levels between high and low SOX13 expression groups.




2.6 LinkedOmics database analysis

The LinkedOmics database (http://www.linkedomics.org/login.php), is adopted for exploring 32 TCGA cancer-associated multi-dimensional datasets (26). The co-expression of SOX13 was statistically assessed by Pearson’s correlation coefficient, whereby heatmaps or volcano plots were generated.




2.7 ImmuCellAI

The ImmuCellAI database was utilized for downloading data of immune cell infiltration of TCGA (http://bioinfo.life.hust.edu.cn/ImmuCellAI#!/). We analyzed the association between SOX13 expression and immune cell infiltration, MHC genes, immunosuppressive genes, chemokine, and chemokine receptors in pan-cancer level. The visualization of all heatmaps in this step was conducted by the “ggplot2” package.




2.8 GDSC2

Drug resistance analysis was performed using data from the GDSC2 database (https://www.cancerrxgene.org/). The spearman-correlation analysis was employed to investigate the correlation between drugs and SOX13 expression level, and the drugs with the top 3 strongest positive and negative correlations were displayed respectively. The IC50 differences of the six drugs in high and low SOX13 expression groups were plotted.




2.9 Patients

Between January 2013 and December 2019, we retrospectively gathered data on 167 BC patients from the Medical Oncology Department at The First Affiliated Hospital of the University of South China. The following were the eligibility requirements (1): All patients had to have BC that was pathologically proven (2); patients were not given any anticancer medication prior to diagnosis (3); paraffin-embedded tissue samples were available for immunohistochemistry analysis (4); There were complete and searchable medical records. The following criteria were excluded from this study (1): complicated with other malignant tumors or distant metastases (2); lost to follow-up. To learn more about the patient’s outcomes, a follow-up by phone or medical record was conducted. The primary endpoints of this trial were OS, and the follow-up period ended on July 4, 2022. This study was exempted from the requirement of informed consent and approved by the Ethics Committee of The First Affiliated Hospital of University of South China (N0.2021ll0104001).




2.10 IHC

The paraffin-embedded tissue samples of 167 BC patients were made a tissue chip wax block (Supplementary Figure 1). IHC was carried out in accordance with industry standards. Briefly, the tissue sections were boiled for 15 minutes for antigen repair in citric acid (PH6.0) antigen retrieval solution following deparaffinization and hydration. Endogenous peroxidase activity was inhibited by treatment with a 3 percent methanol solution. The anti-SOX13 antibody (TA321719S, ORIGENE, USA) was incubated with the samples for a whole night at 4°C. The samples were washed and then exposed to the secondary antibody for 50 minutes. Hematoxylin counterstaining and sealing were done after diaminobenzidine coloration. Light microscopy observations were made of the sections.

The expression of SOX13 was assessed independently by two skilled pathologists who were blinded to the clinical information. Staining intensity and extent were graded using the widely used German semi-quantitative scoring system in several locations (27). Scores were given to each specimen based on the degree of nucleic, cytoplasmic, and membrane staining (0 = no staining, 1 = weak staining, 2 = moderate staining, and 3 = strong staining) and the percentage of stained cells (0 = 0-5 percent, 1 = 5-25 percent, 2 = 26-50 percent, 3 = 51-75 percent, and 4 = 76-100 percent). The final result was determined by multiplying these two scores. Scores of 0–7 were placed in the low expression group, and those of 8–12 were placed in the high expression group.




2.11 Statistical analysis

First, categorical variables were compared by the χ2 test. Second, the χ2 test was used to investigate the relationships between SOX13 expression and the clinicopathological parameters of the patients. Third, the bivariate correlations between the study variables were displayed using Spearman’s rank correlation coefficient. Then, OS curves were plotted using the Kaplan-Meier curve, and log-rank tests were employed to compare the differences. At last, for both univariate and multivariate analyses of prognostic variables, Cox regression was used. Differences at P<0.05 were deemed significant in all statistical analyses, which were conducted using SPSS 26.0 and R 4.3.1.





3 Results



3.1 Elevated expression of SOX13 in BC

To assess the SOX13 expression in human cancers, we verified the different expression between the adjacent normal tissues and tumor for SOX13 across all TCGA tumors by TIMER database. As was depicted in Figure 1A, SOX13 was expressed remarkably higher in cholangiocarcinoma (CHOL), breast invasive carcinoma (BRCA), esophageal carcinoma (ESCA), etc. compared to normal tissues. Notably, SOX13 exhibited markedly lower expression in kidney renal clear cell carcinoma (KIRC), kidney chromophobe (KICH), kidney renal papillary cell carcinoma (KIRP), etc. in comparison to normal tissues. The findings showed that BC had considerably elevated SOX13 expression (p = 0.001) (Figure 1B). Moreover, the higher expression of SOX13 protein was reported in BC tissues via the UALCAN database (Figure 1C). The protein levels were presented as Z-value which represents standard deviations from the median across samples for breast cancer type. Collectively, these findings demonstrated the high transcriptional and proteinic expressions of SOX13 in BC.




Figure 1 | The expression of SOX13 in BC. (A)Human SOX13 expression levels were explored by TIMER database in 33 types of cancers (*P < 0.05, **P < 0.01, ***P < 0.001). (B) SOX13 expression profiles of normal and tumor tissues by Kaplan–Meier Plotter. (C) The protein expression of SOX13 was detected to be overexpressed in BC tissues versus normal samples.



To confirm the outcomes of the database analysis mentioned above, we performed IHC to test SOX13 protein expression in tissue chip wax block which includes 167 BCs and their counterparts. The results show that the SOX13 proteinic mainly concentrates in the cell nucleus. SOX13 was highly expressed in BC tissues (Figure 2A) and lowly expressed in paracancerous tissues (Figure 2B).




Figure 2 | The expression of SOX13 in BC (IHC). (A) Tumor (B) Normal (upper: bar = 500μm, lower: bar = 50μm).






3.2 Gene mutation analysis and methylation analysis

First, analysis in the cBioportal database showed the alteration frequency of SOX13 in Pan-cancer. The results showed that the alteration frequency of SOX13 in BC was the highest, and the main type is the amplification mutation (Figure 3A). Subsequently, we explored the association between SOX13 and copy number mutation (CNA) in BC. The results showed that SOX13 had a strong positive correlation with BC (Figure 3B). Then, we explored the correlation between SOX13 and methylation in BC. The findings demonstrated that SOX13 exhibited a strong negative correlation with BC (Figure 3C). In addition, we analyzed the mutation relationship with SOX13 expression. The results showed that the mutation rate of the top 10 mutated genes in the SOX13 high and low expression groups was 67.82% and 67.55%, respectively (Figure 3D). We further compared differences in somatic mutations between the two groups. PIK3CA, CDH1, SF3B1, and PCDHB16 had more mutations in SOX13-high group, and genes like TP53 and ANkRD30A had more mutations in SOX13-low group (Figure 3E). 




Figure 3 | Effect of SOX13 on gene mutations in BC. (A) alteration frequency of SOX13 in each cancer of TCGA. (B) Correlation between CAN and SOX13 expression. (C) Correlation between methylation and SOX13 mRNA expression. (D) Top 10 mutated genes in SOX13 high and low expression group. (E) Significant different mutation genes in SOX13 low and high expression groups.






3.3 Patient characteristics

Table 1 lists the characteristics of the patients. The median follow-up period lasted 69 months (with a range of 12 to 113). The range of ages was 29 to 83, with 50 being the median. Patients could be staged as follows: 4 in stage Tis, 43 in stage I, 91 in stage II, 29 in stage III, and 0 in stage IV. Patients’ molecular classification as follows: 36 in Luminal A, 70 in Luminal B, 29 in HER2-E, and 32 in TNBC. 98 patients were grouped in SOX13 low expression, and 69 in SOX13 high expression.


Table 1 | Patients’ characteristics.






3.4 Association with SOX13 expression and clinicopathologic variables

To confirm the significance of SOX13 expression, IHC staining was performed for a cohort containing 167 cases of BC paired with paracancerous tissue. Results uncovered that SOX13 expression was remarkably related to N stage (p = 0.046) and molecular classification (p = 0.016) (Table 2). The expression of SOX13 was substantially connected with molecular categorization (p = 0.012) and vital state (p = 0.022), according to a Spearman analysis of the relationship between SOX13 and clinicopathological parameters (Table 3).


Table 2 | Association between SOX13 expression and clinicopathologic features.




Table 3 | Spearman analysis of correlation between SOX13 and clinicopathological.






3.5 Elevated SOX13 expression is correlated with poor outcome in BC patients

Here, we analyzed the prognostic potential of SOX13. The Kaplan–Meier survival curves revealed that higher SOX13 levels were associated with worse OS (Figure 4A). Furthermore, GEPIA, UALCAN, and Kaplan–Meier plotter databases showed that increased expression of SOX13 correlates with poor outcomes in BC (Figures 4B–D).




Figure 4 | The higher the SOX13 expression, the worse the OS. (A) Kaplan-Meier OS curves of BC patients according to the expression of SOX13. (B) GEPIA. (C) UALCAN. (D) Kaplan-Meier plotter.



We also looked at the relative hazards that SOX13 indicated for the prognosis of BC. To assess whether SOX13 might be a risk factor, Cox regression analysis was utilized. According to Table 4, T stage (p = 0.009), N stage (p = 0.007), TNM stage (p = 0.002), and SOX13 (p = 0.035) were all linked with OS in univariate analysis. Multivariate Cox regression analysis revealed that T stage and SOX13 were independent prognostic factors. These findings show a substantial relationship between SOX13 expression and BC prognosis.


Table 4 | Univariate and multivariate Cox proportional hazards analysis of SOX13 expression and OS for BC patients.






3.6 Co-expression analysis of SOX13

To clarify SOX13’s biological functions in BC, we employed the LinkedOmics function module to evaluate the SOX13 mode of co-expression in the BC cohort. From Figure 5A, 4631 genes (dots in dark red) depicted a significant positive association with SOX13. On the other hand, 5316 genes (dark green dots) displayed a markedly negative correlation (FDR< 0.01). The upmost 50 remarkable genes exhibited both negative and positive correlations with SOX13 and have been highlighted in the heat map (Figures 5B, C).




Figure 5 | SOX13 co-expression genes in BC (LinkedOmics) and enrichment analysis. (A) Genes whose expression was highly associated with SOX13 confirmed by Pearson test in BC cohort. Heatmaps showing the top 50 genes negatively (B) and positively (C) correlated with SOX13 in BC.






3.7 Enrichment analysis of co-expression genes correlated with SOX13 in BC

Based on the co-expression gene analysis results of SOX13 (person correlation >0.25, p <0.05), significant GO term analysis through clusterprofiler package in R 3.6.1 highlighted differentially expressed gene, showing correlations with SOX13 were primarily located in the side of secretory granule membrane, recycling endosome membrane and tertiary granule, where they participated primarily in hormone secretion, regulation of innate immune response and regulation of cell killing. Their molecular Function as follows: endopeptidase inhibitor activity, pattern recognition receptor activity, and serine−type endopeptidase inhibitor activity. Enrichment was found in the NF-kappa B signaling pathway by KEGG pathway analysis (Figure 6).




Figure 6 | The GO and KEGG enrichment analysis of SOX13 co-expressed genes.






3.8 The effects of SOX13 on immune cell infiltration

The role of SOX13 on immune infiltration was figured using the data from the TIMER2 dataset (Figure 7A). The results indicated that SOX13 was positively correlated with cancer-associated fibroblasts, endothelial, M2 macrophage, etc., and negatively correlated with CD8+ T cells, myeloid dendritic cells, monocytes, etc. in BRCA. By exploring the correlation of SOX13 expression with immune cell infiltration utilizing the ImmuCellAI database, it was noticed that SOX13 was positively associated with Th17, T cm, neutrophil, and CD8_naive while negatively correlated with Th2, Tfh, Th1, B cell, Tc, NK, DC, macrophage, infiltration score, CD 8+ T, and Tex in BRCA (Figures 7B, C).




Figure 7 | The role of SOX13 in tumor microenvironment. (A) The role of SOX13 on immune infiltration using the data from the TIMER2 database. (B) The role of SOX13 on immune cell infiltration using data from ImmuCellAI database. (C) The role of SOX13 on immune cell infiltration in the setting of breast cancer. *p<0.05, **p<0.01, ***p<0.001, ****p<0.0001.






3.9 The association between SOX13 and immune-related genes

The correlation of SOX13 with expression and immune regulatory genes was further analyzed. The results showed that the SOX13 gene has a potential immunomodulatory effect in most tumors (Figure 8). On immunosuppressive genes in BC, SOX13 was positively correlated with KDR, TGFBR1, and NECTIN2 (Figure 8A). Chemokine receptors such as CX3CR1, CCR4, and CXCR1 and chemokines such as CXCL12, CCL16, and CCL14 were positively correlated with SOX13 expression in BC (Figures 8B, C). Moreover, the association between SOX13 and immune inhibitory genes in BC in specific Wnt/β-catenin and TGF-β1 signaling pathways was also illustrated. In Wnt/β-catenin pathways, the top 3 SOX13 positively correlated genes were MAML1, NCSTN, and NOTCH1, whereas the top 3 negatively correlated genes were RBPJ, WNT6, and WNT5B (Figure 8D). In TGF-β1 pathways, the top 3 SOX13 positively correlated genes were ARID4B, TJP1, and SKI, whereas the top 3 negatively correlated genes were ID3, PPP1CA, and ID1 (Figure 8E).




Figure 8 | SOX13 correlation with immunomodulatory genes. (A) Immunosuppressive genes. (B) Chemokine receptor genes. (C) Chemokine genes. (D) Wnt/β-catenin signaling genes. (E) TGF-β1 signaling genes. *p<0.05, **p<0.01, ***p<0.001, ****p<0.0001.






3.10 SOX13 correlated drug resistance analysis

A total of 198 drugs were identified as being associated with SOX13. The top 3 SOX13 positively correlated drugs from the GDSC2 database were AZD8186, Staurosporine, and Sepantronium bromide (Figures 9A–C), and the IC50 of three drugs in the high-risk group was higher than low-risk group (Figures 9G–I). In addition, the top 3 SOX13 negatively correlated drugs were OSI-027, SCH772984, and Acetalax (Figures 9D–F), and the IC50 of three drugs in the high-risk group was lower than low-risk group (Figures 9J–L).




Figure 9 | | Drug sensitivity analysis. (A-C) The top 3 SOX13 positively correlated drugs from the GDSC2 database. (D, F) The top 3 SOX13 negatively correlated drugs from the GDSC2 database. (G-L) Differential expression of IC50 between different drugs in high and low SOX13 expression groups.







4 Discussion

BC is regarded as a highly complex and heterogeneous malignancy. Despite the advancement in diverse therapeutic methods, the OS rate of patients with BC at advanced stages remains elusive (28, 29). Thus, it is imperative that uncover novel factors for predicting and effectively managing BC and devise additional novel treatment measure (30, 31). SOX13, located within the human chromosome 1q31.3–32.1, and a study revealed SOX13 as a specific immune system gene (32). In this study, which described SOX13’s role in BC, it shows that high SOX13 expression is associated with a bad prognosis.

In order to obtain a reliable result, the expression of SOX13 was explored by the TCGA database, and then we confirmed the result with IHC and databases. The present results demonstrated over-expressions of protein and mRNA in SOX13. Therefore, monitoring the expression level of SOX13 may be an effective diagnostic method for BC. Subsequently, the mutation analysis found that the alteration frequency of SOX13 in BC was the highest. We also found that SOX13 expression is influenced by gene mutations, CNA, and DNA methylation. This enriched our understanding of the functionality of SOX13. Expression of SOX13 mRNA was dramatically correlated with nodal stage and molecular classification. Survival analysis showed that SOX13 was an independent prognostic indicator for many tumors. Patients highly expressing SOX13 showed worse OS. Analysis of the immune microenvironment revealed the role of SOX13 in the immune environment including immune-related genes and immune cell infiltration. The final drug sensitivity analysis provided the strongest association with SOX13. This provides an idea for targeting SOX13 therapy.

The association of SOX13 expression with the level of immune infiltration in BC is also a major aspect presented in the present work. Immune checkpoint inhibitors (ICIS), such as PD-1/PD-L1 antibodies, have changed the way many cancers are treated (33).Studies have shown that cells of the immune system are rich in the tumor microenvironment in BC regardless of subtypes, higher rates of pathological complete response were reflected in neoadjuvant chemotherapy (34–36). According to the findings of the present research, SOX13 serves a prominent function in the immune milieu of BC cells. SHEN et al. (37)have shown that M2 macrophages are mainly concentrated in lymph node metastasis positive samples of BC, and M2 macrophages have strong ability of migration and activation in situ tumor tissues. We analyzed the correlation between SOX13 and the infiltration of immune cells in BC. The results revealed that SOX13 was positively correlated with cancer-associated fibroblasts, endothelial, M2 macrophage, etc. Besides, the infiltration levels of immune killer cells, including B cells, CD8+ T cells, NK cells, and macrophages were negatively correlated with SOX13 expression in BC. To further explore the connection between SOX13 and the immunosuppressive milieu, we conducted a correlation analysis between immune-related genes and SOX13. Our study found significant correlations of SOX13 with most immunosuppressive checkpoints, including KDR, TGFBR1, and NECTIN2. Meanwhile, our results show that SOX13 also have markable relation with chemokines and chemokine receptors. Wnt/β-catenin and TGF-β1 signaling pathways play an important role in the progression of BC (38, 39). Our study found that SOX13 is significantly associated with genes of Wnt/β-catenin and TGF-β1 signaling pathways. The above results indicate that SOX13 has significance for further exploration in immune regulation in the tumor microenvironment.

In the drug sensitivity analysis, we found higher SOX13 expression in BC indicates a higher IC50 value for most drugs in the GDSC2 database, which shows the measurement of SOX13 expression level may act as a reliable indicator for clinical therapy. Combining with the SOX13 expression and its drug sensitivity analysis, we may establish risk stratification for cancer patients, which optimizes the development and application of anti-cancer drugs. These findings suggest that SOX13 may be a potential target for cancer therapy, which contributes to studying the mechanisms of anti-cancer drug resistance.

Our research has some limitations. The sample size of this study is relatively small, and a larger sample size is needed to verify the results. We need more experiments to verify the expression of SOX13 in BC. In addition, its molecular mechanism was not discussed in this study, and experiments should be carried out in vivo and in vitro.




5 Conclusions

According to the current study, BC has high SOX13 expression. SOX13 is a promising clinical biomarker that can be applied to early diagnosis. In addition, SOX13 was revealed to be remarkably related to unfavorable OS in BC patients, which provides an in-depth understanding of molecular targets for future therapeutic strategies of BC. The above findings potentially guide the establishment of novel strategies for SOX13 in BC.
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Background

Patients with resectable esophageal squamous cell carcinoma (ESCC) receiving neoadjuvant immunotherapy (NIT) display variable treatment responses. The purpose of this study is to establish and validate a radiomics based on enhanced computed tomography (CT) and combined with clinical data to predict the major pathological response to NIT in ESCC patients.





Methods

This retrospective study included 82 ESCC patients who were randomly divided into the training group (n = 57) and the validation group (n = 25). Radiomic features were derived from the tumor region in enhanced CT images obtained before treatment. After feature reduction and screening, radiomics was established. Logistic regression analysis was conducted to select clinical variables. The predictive model integrating radiomics and clinical data was constructed and presented as a nomogram. Area under curve (AUC) was applied to evaluate the predictive ability of the models, and decision curve analysis (DCA) and calibration curves were performed to test the application of the models.





Results

One clinical data (radiotherapy) and 10 radiomic features were identified and applied for the predictive model. The radiomics integrated with clinical data could achieve excellent predictive performance, with AUC values of 0.93 (95% CI 0.87–0.99) and 0.85 (95% CI 0.69–1.00) in the training group and the validation group, respectively. DCA and calibration curves demonstrated a good clinical feasibility and utility of this model.





Conclusion

Enhanced CT image-based radiomics could predict the response of ESCC patients to NIT with high accuracy and robustness. The developed predictive model offers a valuable tool for assessing treatment efficacy prior to initiating therapy, thus providing individualized treatment regimens for patients.





Keywords: neoadjuvant immunotherapy, esophageal squamous cell cancer, major pathological response, radiomics, computed tomography




1 Introduction

Esophageal carcinoma (EC) is the sixth most common cause of cancer-related mortality and a crucial threat to global public health (1). In China, esophageal squamous cell carcinoma (ESCC) presents the dominant histological subtype accounting for 85.29% of all the ECs (2). Surgery remains the cornerstone of the treatment strategy for early-stage patients. Nevertheless, some of the patients present with locally advanced tumors at initial diagnosis due to insidious symptoms, and it is challenging to achieve R0 resection for such a population. Furthermore, the efficacy of surgery alone for locally advanced patients is quite limited, with a 5-year survival rate of 25% (3). Conventionally, neoadjuvant chemoradiotherapy or neoadjuvant chemotherapy has been recognized as the standard treatment for locally advanced patients. Although neoadjuvant chemoradiotherapy or neoadjuvant chemotherapy achieved a longer survival than surgery alone, the effects are not ideal enough owing to a low pathological response rate and local recurrence after surgery (4, 5). Hence, it is necessary to explore a novel and highly effective neoadjuvant therapy mode to maximize patient survival.

In recent years, immunotherapy has revolutionized the treatment landscape of most malignant tumors. By reactivating and enhancing the function of immune cells, immunotherapy could realize a precision attack on tumor cells and a durable immune response. Consequently, emerging trials have attempted to apply immunotherapy in the neoadjuvant setting. Neoadjuvant immunochemotherapy demonstrated satisfactory efficacy and manageable safety, with pathologic complete response rates of 16.7% to 50.0% (6). Furthermore, patients with ESCC who achieved major pathologic response (MPR) after neoadjuvant immunochemotherapy had significantly longer overall survival (91.4% vs. 47.7%) in the latest report (7). Despite this, part of the patients do not respond to neoadjuvant immunotherapy (NIT) and possibly bear high drug expenditure and the risk of immunotherapy-related adverse events (irAEs). Therefore, it is essential to predict the treatment response and identify the priority population for NIT to avoid unnecessary adverse events and costs. Many biomarkers have been used to judge the applicability of immunotherapy in ECs such as programmed death ligand 1 (PD-L1), CD8+ T infiltration, and tumor mutation burden (TMB) (8–10). Nonetheless, the predicting effect of these biomarkers has not been curtained in the NIT setting for ESCC. Furthermore, these biomarkers are usually obtained from a small proportion of tumor samples in an invasive, expensive, and time-consuming way, which could not reflect a comprehensive tumor information due to tumor heterogeneity (11, 12). Consequently, novel and noninvasive forecasting tools still need to be developed. Enhanced computed tomography (CT) plays an essential role in disease diagnosis and efficacy evaluation with convenience and rapid nature. However, due to the unique mechanism of immunotherapy, radiologic patterns of response are diverse and atypical, such as delayed response, pseudoprogression, hyperprogression, and mixed response, which confound the classical response evaluation based on the response evaluation criteria in solid tumors criteria (13–15). Hence, relying solely on enhanced CT to determine the response to immunotherapy is not precise or adequate. Currently, radiomics has become a critical technology in medical data mining by extracting abundant and multidimensional image features to facilitate the process of screening, diagnosis, and forecasting the treatment response and survival of cancer (16). Moreover, radiomics provides an underlying solution to the evaluation of intricate immune response and represents a pivotal role in immunotherapy imaging. Several studies have demonstrated reliable predicting capacity and feasibility of the treatment response of NIT in several tumors (17–20). However, there have been no studies using radiomics to evaluate the response of NIT. Therefore, this study aims to construct and validate a radiomics based on enhanced CT to preoperatively predict the therapeutic response after NIT in ESCC patients. Furthermore, this study integrated the clinicopathological data with radiomics into a multidimensional prediction system to assist the advancement of individual precision treatment.




2 Materials and methods



2.1 Patient selection

This study retrospectively selected ESCC patients who received immunotherapy in the neoadjuvant setting from January 2020 to October 2023 in West China Hospital, Sichuan University. The inclusion criteria were as follows: (i) pathologically confirmed, (ii) stage I–stage Iva, (iii) treated with immunotherapy before surgery, and (iv) available enhanced CT scan within 1 month prior to neoadjuvant therapy. Patients were excluded for the following reasons: (i) patients rejected surgery resulting in the absence of efficacy evaluation; (ii) neoadjuvant treatment regimens contained other drugs (such as targeted drugs) in addition to immunotherapy, chemotherapy, and radiotherapy; and (iii) critical clinicopathological data were missed. The flow chart of patient screening is shown in Figure 1. The study was approved by the Institutional Review Board of West China Hospital, Sichuan University (Approval number: 2024–0390). Informed consent from participants was waived, and patients’ details were hidden.




Figure 1 | Flow chart of patient selection. CT, computed tomography.






2.2 Treatments and response evaluation

All patients received a series of pretreatment workups, including lesion biopsy, disease evaluation, and related examinations. Patients were staged according to the 8th Edition of the American Joint Committee on Cancer TNM classification. Subsequently, patients received immunochemotherapy or with radiotherapy in the neoadjuvant setting. The specific strategy was enacted by the multidisciplinary team decision and patients’ willingness. Following the neoadjuvant therapy, a radical resection of tumors was performed. Based on the postoperative pathological result, treatment response was determined as pathologic complete response (defined as no residual tumor cells in both tumor tissue and lymph node), MPR (defined as residual tumor cells ≤10%), partial pathological response (defined as residual tumor cells >10%), or no treatment response (defined as abundant residual tumor cells). Then, patients with pathologic complete response or MPR were classified in the MPR group, while the rest were classified in the non-MPR group.




2.3 Imaging acquisition and feature extraction

CT scan was performed in West China Hospital, Sichuan University, within 1 month prior to the first treatment. The target CT images were exported from picture archiving and communication systems and reserved in Picture Archiving and Communication System in Digital Imaging and Communications in Medicine format. The 3D slicer software (version 5.40) was used to process the image data. The regions of interest in the image were segmented by two radiologists, with 5 years of working experience, who were blinded to the treatment response. The final result of image segmentation would be checked and corrected by a third radiologist with 10 years of working experience. Through 3D slicer software, the image features of regions of interest were derived. A total of 851 features (including four dimensions: shape feature, first-order statistics features, texture-based features, and high-order features) were packaged into R software (Version 4.1.1).




2.4 Model construction

We randomly divided the included patients by 7:3 ratio into the training group and the validation group. The clinical data were first evaluated with univariate logistic regression analysis to select the potential predictive factors. Then, multivariate logistic regression was performed to integrate and further determine the clinical prediction parameters. For the image part, zero mean normalization was used to normalize the image characteristic to reduce the variability of patients. Inter-class correlation coefficient (ICC) was used to test the reproducibility of data, and the feature with an ICC value of more than 0.8 indicated good consistency and could be further selected. Max-relevance and min-redundancy and least absolute shrinkage and selection operator (LASSO) regression were performed to reduce redundant features and select the most meaningful features for prediction. Then, a radiomics score (Rad-score) was calculated for each patient as a linear combination of selected features that were weighted by their respective coefficients. The receiver operating characteristic curve (ROC) to estimate the ability of the Rad-score was plotted, and the area under the curve (AUC) was calculated concurrently. Then, the radiomics model, clinical model, and the combined model integrating image and clinical data were established and verified using the data from the validation group. Additionally, an optimal predictive model would be determined and presented as a nomogram. Decision curve analysis was performed to test clinical utility, and calibration curves were applied to evaluate the agreement between prediction and clinical practice with the Hosmer–Lemeshow test.




2.5 Statistics analysis

The data analysis was handled in SPSS software and R language. Categorical variables, expressed as counts and percentages, were compared using the chi-square test or Fisher’s exact test, where applicable. LASSO regression analysis was completed using the “glmnet” package of R software, while ROC curve analysis was performed in the R software with the “survive ROC” package. Odds ratio (OR) and 95% confidence interval (CI) were used to describe the risk of clinical data. A two-tailed p-value less than 0.05 was recognized as significant for univariable and multivariable analysis.





3 Results



3.1 Clinical characteristics

A total of 82 patients met the inclusion and exclusion criteria and were finally included in the analysis. We randomly assigned all patients into the training group (n = 57) and the validation group (n = 25) by a 7:3 ratio. There was no significant characteristic difference between the training group and the validation group (Supplementary Table 1). The characteristics of all patients are shown in Table 1. For the most part, participants with potentially resectable ESCC were in the II–III stages, with more than half of the patients receiving radiotherapy. The vast majority of patients were treated with two cycles of NIT, while others prolonged the treatment cycle. All patients accepted standard surgical procedures and were evaluated for treatment response of NIT, except for two patients who discarded surgery due to disease progression judged by image. Overall, the rate of MRP was 56.1% (46/82).


Table 1 | The baseline clinicopathological characteristics of the included patients.






3.2 Feature selection

A total of 851 features of tumor volume of interest were extracted. After selecting the features of ICC more than 0.8, a sum of 626 features was further analyzed in LASSO regression to discard the redundant features (Figures 2A, B). Eventually, 10 optimal features were selected to establish radiomics and nomogram. Then, a fitting formula was applied to calculate the linear association of selected features. In the radiomics model, the rad score of the MPR group was higher than that of the non-MPR group in the training cohort (Figure 2C). A similar result was also found in the validation cohort.




Figure 2 | Selection of radiomic features and comparison of radiomics score. (A) Selection of the regulation weight parameter (λ) for the least absolute shrinkage and selection operator. (B) coefficient curves for 10 radiomic features. (C) There were significant differences in the radiomics score between the MPR group and non-MPR group in both training cohort and validation cohort. MPR, major pathological response.






3.3 Model construction

Univariable analysis was performed to initially identify the independent factors (Table 2). Multivariable analysis showed that radiotherapy was associated with a higher MPR, and eventually, it was included in the model construction. Then, three predictive models were established, namely radiomics model, clinical model, and radiomics-clinical model. The predictive ability of the three models is presented in the ROC curve (Figure 3). The AUC values of the clinical model and the radiomics model in the training cohort were 0.77 (95% CI 0.66–0.88) and 0.87 (95% CI 0.78–0.96), respectively. In the validation setting, the clinical model and the radiomics model had an AUC value of 0.68 (95% CI 0.49–0.86) and 0.75 (95% CI 0.54–0.96). The radiomics–clinical model had the most excellent performance both in the training cohort and validation cohort, with the AUC values of 0.94 (95% CI 0.89–1.00) and 0.77 (95% CI 0.58–0.96), respectively.


Table 2 | Univariable analysis and multivariable analysis of clinical data.






Figure 3 | The receiver operating characteristic curve of the three models. (A) In the training group; (B) in the validation group.






3.4 Nomogram construction

The combined model incorporating Rad-score and radiotherapy was established and presented with a nomogram (Figure 4A). The calibration curve demonstrated that probability of treatment response had a good agreement between nomogram-evaluated and actual response (Figure 4B, C). The Hosmer–Lemeshow test in calibration curves yielded a statistically insignificant p-value of 0.932 for the training group and 0.581 for the validation group suggesting that the nomogram worked with a good fit. The decision curve analysis for the nomogram is shown in Figure 4D. The decision curve demonstrated that the performance of the three models was at least equivalent to a strategy of treating all patients or treating none. Furthermore, regardless of the risk threshold, utilizing the combined model for predicting MPR resulted in a greater net benefit compared to the other two models.




Figure 4 | Nomogram, calibration curve, and decision curve analysis of the combined model. (A) Nomogram of the combined model; (B) calibration curve for the major pathological response in the training group; (C) calibration curve for the major pathological response in the validation group; (D) decision curve analysis of the three models.







4 Discussion

This present study constructed and validated a nomogram to predict the MPR of NIT in ESCC patients. One clinical factor and 10 image features were incorporated into this predictive model, and the model demonstrated excellent predictive accuracy, with the AUC value of 0.93 in the training cohort and 0.95 in the validation cohort. This convenient tool could serve in a pretreatment setting and provide a reference for clinical decision making.

Presently, NIT demonstrates promising efficacy in ESCC, and emerging clinical trials are ongoing to explore the wider application of NIT. Despite this, the treatment effect is varied, and some of the patients bear the risk of irAEs. Therefore, seeking novel biomarkers to forecast treatment response is reasonable and urgent especially in the era of immunotherapy-predominant treatment. Theoretically, PD-L1 expression is a powerful marker to predict the effect of immunotherapy; however, there is still a controversy about whether PD-L1 could serve as a predictor to identify those ESCC patients who would benefit from immunotherapy. Many trials have revealed that patients could benefit from immunotherapy combined with chemotherapy regardless of the expression level of PD-L1 (21, 22). Additionally, several studies verified that there were no significant differences in PD-L1 expression between the pathological response and the non-response group (23, 24). Similarly, TMB is a debatable predictor in the NIT setting, as some studies verified its predictive role (24, 25), while some trials displayed no correlation between response and TMB (26). In addition, studies focus on the change of components from tumor microenvironment. M2-like macrophages (27), tumor-infiltrating CD8+ T cells (28, 29), and chemokines (30) were investigated, but their predictive roles lack evidence. To date, reliable predictive biomarkers have not been determined.

Radiomics, a novel strategy that extracts quantitative features from images and converts these features into mineable data, has an extensive application in the medical field. Importantly, radiomics could recognize subtle differences reflecting the microenvironment and genomic heterogeneity, which are critical for treatment response, especially for newly treated cancer patients. In a retrospective analysis, including lung cancer and melanoma, specific texture and shape features were closely related to treatment response and survival. Concretely, response rate was higher in those tumor images showing heterogeneous morphological profiles, uneven density, and compact borders (31). In addition, radiomics could indirectly build up a link with treatment response by capturing gene phenotypes and established biomarkers (32, 33). For ESCC, radiomics has demonstrated good predictive ability in treatment response and prognosis, with AUCs of 0.68–0.86 (34–38). The application of radiomics in the neoadjuvant setting might be reasonable and accurate, since other treatment phases may give rise to a controversy about the optimal imaging time considering altered tumor heterogeneity due to treatment (39). In a meta-analysis integrating 16 studies, the median AUC was 0.84 (0.81–0.87) to predict neoadjuvant chemoradiotherapy for EC patients suggesting the feasibility of radiomics (40).To our knowledge, this is the first radiomics for ESCC patients treated with NIT, with similar predictive effectiveness with other cancers (17, 18). Such a predictive tool could have an impact on the early identification of non-responders so that patients seek alternative treatment and save cost. Certainly, to promote clinical translation of radiomics, standardized image acquisition, normalized data processing and analysis, and large sample size from multi-centers are indispensable. In addition, the combination of genomics, proteomics, metabolomics, or other omics with radiomics further enhances robust and comprehensive predictive ability providing detailed information for decision making and precision medicine (41, 42).

In this present study, the overall MPR rate was 56.1% consistent with the results of most trials (43) suggesting that NIT was a promising way for ESCC. In addition, we found that radiotherapy was associated with a higher MPR. Presently, quite a few studies explore the utility of radiotherapy and find that radiotherapy might be associated with a higher response rate, which was consistent with our study (43, 44). In the meta-analysis, Wang et al. summarized the efficacy of NIT for EC patients and revealed that patients treated with neoadjuvant immunochemotherapy plus radiotherapy developed a higher MPR rate than those with neoadjuvant immunochemotherapy (39.8% vs. 88.8%) (44). In addition to its own killing ability, radiotherapy might have a synergistic effect on immune response through the following mechanisms (1): escalating the expression of PD-L1 or other neoantigens (2), inducing immunogenic cell deaths and increasing the release of abundant cytokines and chemokines recruiting immune cells to the tumor microenvironment, and (3) increasing the neoantigen presentation and accelerating the identification of cytotoxic T lymphocytes (45–47). Yet, the implementation of radiotherapy did not demonstrate an extra benefit in all clinical trials, and the coordination of the two regimens is required to be optimized (47).

Although this study constructed a predictive model with promising performance, there were several limitations. First, this was a retrospective study using the data from a single center of the Chinese population, which inevitably introduced the bias and confounding factors and limited the generality of the predictive model. Second, the predictive model was constructed with a relatively small sample size and lacked external validation, which could limit the robustness and wider applicability of the predictive model. Therefore, research with a multi-center, prospective setting on a large scale is required to further verify the feasibility of the predictive model and address these limitations. In addition, adhering to a uniform protocol for image acquisition is also necessary to ensure the reproducibility of radiomics. Finally, this predictive model utilized image data, and potential factors correlated with treatment response were not integrated. Multi-omics involving genomic characteristics, hematological data, and proteomics should be attempted in future studies to obtain an optimal immunotherapy predictive model.




5 Conclusion

In summary, this study integrated image features of tumor volume and clinical data of resectable ESCC patients to construct a nomogram to predict the treatment response of NIT. This nomogram model could forecast MPR before treatment with high accuracy and robustness, which help guide individualized therapy for patients and reduce the unnecessary risk of irAEs.





Data availability statement

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





Ethics statement

The studies involving humans were approved by Institutional Review Board of West China Hospital, Sichuan University. The studies were conducted in accordance with the local legislation and institutional requirements. The ethics committee/institutional review board waived the requirement of written informed consent for participation from the participants or the participants’ legal guardians/next of kin because this was a retrospective analysis and all patients’ details were hidden.





Author contributions

J-LW: Conceptualization, Data curation, Formal analysis, Writing – original draft. L-ST: Conceptualization, Formal analysis, Investigation, Writing – original draft. XZ: Methodology, Resources, Software, Writing – original draft. YW: Formal analysis, Methodology, Software, Writing – original draft. Y-JF: Formal analysis, Project administration, Resources, Software, Writing – original draft. YZ: Conceptualization, Methodology, Project administration, Supervision, Validation, Writing – review & editing. J-YL: Conceptualization, Project administration, Supervision, Writing – review & editing.





Funding

The author(s) declare that no financial support was received for the research, authorship, and/or publication of this article.




Acknowledgments

This research acknowledges the help of radiologists in identifying the area of interest and obtaining the CT images. The content of this manuscript was not presented as a preprint or thesis.





Conflict of interest

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





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2024.1405146/full#supplementary-material




References

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

2. He, Y, Liang, D, Du, L, Guo, T, Liu, Y, Sun, X, et al. Clinical characteristics and survival of 5283 esophageal cancer patients: A multicenter study from eighteen hospitals across six regions in China. Cancer Commun (Lond). (2020) 40:531–44. doi: 10.1002/cac2.12087

3. Herskovic, A, Russell, W, Liptay, M, Fidler, MJ, and Al-Sarraf, M. Esophageal carcinoma advances in treatment results for locally advanced disease: review. Ann Oncol. (2012) 23:1095–103. doi: 10.1093/annonc/mdr433

4. van Hagen, P, Hulshof, MC, van Lanschot, JJ, Steyerberg, EW, van Berge Henegouwen, MI, Wijnhoven, BP, et al. Preoperative chemoradiotherapy for esophageal or junctional cancer. N Engl J Med. (2012) 366:2074–84. doi: 10.1056/NEJMoa1112088

5. Yang, H, Liu, H, Chen, Y, Zhu, C, Fang, W, Yu, Z, et al. Neoadjuvant chemoradiotherapy followed by surgery versus surgery alone for locally advanced squamous cell carcinoma of the esophagus (NEOCRTEC5010): A phase III multicenter, randomized, open-label clinical trial. J Clin Oncol. (2018) 36:2796–803. doi: 10.1200/JCO.2018.79.1483

6. Li, Q, Liu, T, and Ding, Z. Neoadjuvant immunotherapy for resectable esophageal cancer: A review. Front Immunol. (2022) 13:1051841. doi: 10.3389/fimmu.2022.1051841

7. Yang, Y, Liu, J, Liu, Z, Zhu, L, Chen, H, Yu, B, et al. Two-year outcomes of clinical N2–3 esophageal squamous cell carcinoma after neoadjuvant chemotherapy and immunotherapy from the phase 2 NICE study. J Thorac Cardiovasc surgery. (2024) 167:838–47.e1. doi: 10.1016/j.jtcvs.2023.08.056

8. Kojima, T, Shah, MA, Muro, K, Francois, E, Adenis, A, Hsu, CH, et al. Randomized phase III KEYNOTE-181 study of pembrolizumab versus chemotherapy in advanced esophageal cancer. J Clin Oncol. (2020) 38:4138–48. doi: 10.1200/JCO.20.01888

9. Wu, H, Leng, X, Liu, Q, Mao, T, Jiang, T, Liu, Y, et al. Intratumoral microbiota composition regulates chemoimmunotherapy response in esophageal squamous cell carcinoma. Cancer Res. (2023) 83:3131–44. doi: 10.1158/0008-5472.CAN-22-2593

10. Cui, Y, Chen, H, Xi, R, Cui, H, Zhao, Y, Xu, E, et al. Whole-genome sequencing of 508 patients identifies key molecular features associated with poor prognosis in esophageal squamous cell carcinoma. Cell Res. (2020) 30:902–13. doi: 10.1038/s41422-020-0333-6

11. Ilie, M, Long-Mira, E, Bence, C, Butori, C, Lassalle, S, Bouhlel, L, et al. Comparative study of the PD-L1 status between surgically resected specimens and matched biopsies of NSCLC patients reveal major discordances: a potential issue for anti-PD-L1 therapeutic strategies. Ann Oncol. (2016) 27:147–53. doi: 10.1093/annonc/mdv489

12. McLaughlin, J, Han, G, Schalper, KA, Carvajal-Hausdorf, D, Pelekanou, V, Rehman, J, et al. Quantitative assessment of the heterogeneity of PD-L1 expression in non-small-cell lung cancer. JAMA Oncol. (2016) 2:46–54. doi: 10.1001/jamaoncol.2015.3638

13. Chiou, VL, and Burotto, M. Pseudoprogression and immune-related response in solid tumors. J Clin Oncol. (2015) 33:3541–3. doi: 10.1200/JCO.2015.61.6870

14. Dercle, L, Sun, S, Seban, R-D, Mekki, A, Sun, R, Tselikas, L, et al. Emerging and evolving concepts in cancer immunotherapy imaging. Radiology (2023) 306(1):32–46. doi: 10.1148/radiol.210518

15. Huang, Q, Liu, Z, Yu, Y, Rong, Z, Wang, P, Wang, S, et al. Prediction of response to neoadjuvant chemo-immunotherapy in patients with esophageal squamous cell carcinoma by a rapid breath test. Br J cancer. (2024) 130:694–700. doi: 10.1038/s41416-023-02547-w

16. Lambin, P, Rios-Velazquez, E, Leijenaar, R, Carvalho, S, van Stiphout, RG, Granton, P, et al. Radiomics: extracting more information from medical images using advanced feature analysis. Eur J Cancer. (2012) 48:441–6. doi: 10.1016/j.ejca.2011.11.036

17. Liu, C, Zhao, W, Xie, J, Lin, H, Hu, X, Li, C, et al. Development and validation of a radiomics-based nomogram for predicting a major pathological response to neoadjuvant immunochemotherapy for patients with potentially resectable non-small cell lung cancer. Front Immunol. (2023) 14:1115291. doi: 10.3389/fimmu.2023.1115291

18. van der Hulst, HJ, Vos, JL, Tissier, R, Smit, LA, Martens, RM, Beets-Tan, RGH, et al. Quantitative diffusion-weighted imaging analyses to predict response to neoadjuvant immunotherapy in patients with locally advanced head and neck carcinoma. Cancers. (2022) 14:6235. doi: 10.3390/cancers14246235

19. Seban, RD, Arnaud, E, Loirat, D, Cabel, L, Cottu, P, Djerroudi, L, et al. [18F]FDG PET/CT for predicting triple-negative breast cancer outcomes after neoadjuvant chemotherapy with or without pembrolizumab. Eur J Nucl Med Mol Imaging. (2023) 50:4024–35. doi: 10.1007/s00259-023-06394-y

20. Vos, JL, Zuur, CL, Smit, LA, de Boer, JP, Al-Mamgani, A, van den Brekel, MWM, et al. [(18)F]FDG-PET accurately identifies pathological response early upon neoadjuvant immune checkpoint blockade in head and neck squamous cell carcinoma. Eur J Nucl Med Mol Imaging. (2022) 49:2010–22. doi: 10.1007/s00259-021-05610-x

21. Huang, J, Xu, B, Mo, H, Zhang, W, Chen, X, Wu, D, et al. Safety, activity, and biomarkers of SHR-1210, an anti-PD-1 antibody, for patients with advanced esophageal carcinoma. Clin Cancer research: an Off J Am Assoc Cancer Res. (2018) 24:1296–304. doi: 10.1158/1078-0432.CCR-17-2439

22. Sun, JM, Shen, L, Shah, MA, Enzinger, P, Adenis, A, Doi, T, et al. Pembrolizumab plus chemotherapy versus chemotherapy alone for first-line treatment of advanced oesophageal cancer (KEYNOTE-590): a randomised, placebo-controlled, phase 3 study. Lancet (London England). (2021) 398:759–71. doi: 10.1016/S0140-6736(21)01234-4

23. Yan, X, Duan, H, Ni, Y, Zhou, Y, Wang, X, Qi, H, et al. Tislelizumab combined with chemotherapy as neoadjuvant therapy for surgically resectable esophageal cancer: A prospective, single-arm, phase II study (TD-NICE). Int J Surg. (2022) 103:106680. doi: 10.1016/j.ijsu.2022.106680

24. Chen, X, Xu, X, Wang, D, Liu, J, Sun, J, Lu, M, et al. Neoadjuvant sintilimab and chemotherapy in patients with potentially resectable esophageal squamous cell carcinoma (KEEP-G 03): an open-label, single-arm, phase 2 trial. J Immunother Cancer. (2023) 11:e005830. doi: 10.1136/jitc-2022-005830

25. Forde, PM, Chaft, JE, Smith, KN, Anagnostou, V, Cottrell, TR, Hellmann, MD, et al. Neoadjuvant PD-1 blockade in resectable lung cancer. New Engl J Med. (2018) 378:1976–86. doi: 10.1056/NEJMoa1716078

26. Chaft, JE, Oezkan, F, Kris, MG, Bunn, PA, Wistuba, II, DJ, K, et al. Neoadjuvant atezolizumab for resectable non-small cell lung cancer: an open-label, single-arm phase II trial. Nat Med. (2022) 28:2155–61. doi: 10.1038/s41591-022-01962-5

27. Yang, W, Xing, X, Yeung, SJ, Wang, S, Chen, W, Bao, Y, et al. Neoadjuvant programmed cell death 1 blockade combined with chemotherapy for resectable esophageal squamous cell carcinoma. J Immunother Cancer. (2022) 10:e003497. doi: 10.1136/jitc-2021-003497

28. Liu, Z, Zhang, Y, Ma, N, Yang, Y, Ma, Y, Wang, F, et al. Progenitor-like exhausted SPRY1(+)CD8(+) T cells potentiate responsiveness to neoadjuvant PD-1 blockade in esophageal squamous cell carcinoma. Cancer Cell. (2023) 41:1852–70.e9. doi: 10.1016/j.ccell.2023.09.011

29. Ma, N, Hua, R, Yang, Y, Liu, ZC, Pan, J, Yu, BY, et al. PES1 reduces CD8(+) T cell infiltration and immunotherapy sensitivity via interrupting ILF3-IL15 complex in esophageal squamous cell carcinoma. J Biomed science. (2023) 30:20. doi: 10.1186/s12929-023-00912-8

30. Han, D, Han, Y, Guo, W, Wei, W, Yang, S, Xiang, J, et al. High-dimensional single-cell proteomics analysis of esophageal squamous cell carcinoma reveals dynamic alterations of the tumor immune microenvironment after neoadjuvant therapy. J Immunother Cancer. (2023) 11:e007847. doi: 10.1136/jitc-2023-007847

31. Trebeschi, S, Drago, SG, Birkbak, NJ, Kurilova, I, C,ril, AM, Delli Pizzi, A, et al. Predicting response to cancer immunotherapy using noninvasive radiomic biomarkers. Ann oncology: Off J Eur Soc Med Oncol. (2019) 30:998–1004. doi: 10.1093/annonc/mdz108

32. Gevaert, O, Xu, J, Hoang, CD, Leung, AN, Xu, Y, Quon, A, et al. Non-small cell lung cancer: identifying prognostic imaging biomarkers by leveraging public gene expression microarray data–methods and preliminary results. Radiology. (2012) 264:387–96. doi: 10.1148/radiol.12111607

33. Rizzo, S, Petrella, F, Buscarino, V, De Maria, F, Raimondi, S, Barberis, M, et al. CT radiogenomic characterization of EGFR, K-RAS, and ALK mutations in non-small cell lung cancer. Eur Radiol. (2016) 26:32–42. doi: 10.1007/s00330-015-3814-0

34. Jin, X, Zheng, X, Chen, D, Jin, J, Zhu, G, Deng, X, et al. Prediction of response after chemoradiation for esophageal cancer using a combination of dosimetry and CT radiomics. Eur Radiol. (2019) 29:6080–8. doi: 10.1007/s00330-019-06193-w

35. Yang, Z, He, B, Zhuang, X, Gao, X, Wang, D, Li, M, et al. CT-based radiomic signatures for prediction of pathologic complete response in esophageal squamous cell carcinoma after neoadjuvant chemoradiotherapy. J Radiat Res. (2019) 60:538–45. doi: 10.1093/jrr/rrz027

36. Xie, C, Yang, P, Zhang, X, Xu, L, Wang, X, Li, X, et al. Sub-region based radiomics analysis for survival prediction in oesophageal tumours treated by definitive concurrent chemoradiotherapy. EBioMedicine. (2019) 44:289–97. doi: 10.1016/j.ebiom.2019.05.023

37. Qiu, Q, Duan, J, Deng, H, Han, Z, Gu, J, Yue, NJ, et al. Development and validation of a radiomics nomogram model for predicting postoperative recurrence in patients with esophageal squamous cell cancer who achieved pCR after neoadjuvant chemoradiotherapy followed by surgery. Front Oncol. (2020) 10:1398. doi: 10.3389/fonc.2020.01398

38. Cui, J, Li, L, Liu, N, Hou, W, Dong, Y, Yang, F, et al. Model integrating CT-based radiomics and genomics for survival prediction in esophageal cancer patients receiving definitive chemoradiotherapy. biomark Res. (2023) 11:44. doi: 10.1186/s40364-023-00480-x

39. Rao, SX, Lambregts, DM, Schnerr, RS, Beckers, RC, Maas, M, Albarello, F, et al. CT texture analysis in colorectal liver metastases: A better way than size and volume measurements to assess response to chemotherapy? United Eur Gastroenterol J. (2016) 4:257–63. doi: 10.1177/2050640615601603

40. Yang, Z, Gong, J, Li, J, Sun, H, Pan, Y, and Zhao, L. The gap before real clinical application of imaging-based machine-learning and radiomic models for chemoradiation outcome prediction in esophageal cancer: a systematic review and meta-analysis. Int J Surg. (2023) 109:2451–66. doi: 10.1097/JS9.0000000000000441

41. Wang, HH, Steffens, EN, Kats-Ugurlu, G, van Etten, B, Burgerhof, JGM, Hospers, GAP, et al. Potential predictive immune and metabolic biomarkers of tumor microenvironment regarding pathological and clinical response in esophageal cancer after neoadjuvant chemoradiotherapy: A systematic review. Ann Surg Oncol. (2024) 31:433–51. doi: 10.1245/s10434-023-14352-z

42. Wu, B, Fu, L, Guo, X, Hu, H, Li, Y, Shi, Y, et al. Multi-omics profiling and digital image analysis reveal the potential prognostic and immunotherapeutic properties of CD93 in stomach adenocarcinoma. Front Immunol. (2023) 14:984816. doi: 10.3389/fimmu.2023.984816

43. Liu, Y, Bao, Y, Yang, X, Sun, S, Yuan, M, Ma, Z, et al. Efficacy and safety of neoadjuvant immunotherapy combined with chemoradiotherapy or chemotherapy in esophageal cancer: A systematic review and meta-analysis. Front Immunol. (2023) 14:1117448. doi: 10.3389/fimmu.2023.1117448

44. Wang, Z, Shao, C, Wang, Y, Duan, H, Pan, M, Zhao, J, et al. Efficacy and safety of neoadjuvant immunotherapy in surgically resectable esophageal cancer: A systematic review and meta-analysis. Int J Surg. (2022) 104:106767. doi: 10.1016/j.ijsu.2022.106767

45. Vanpouille-Box, C, Alard, A, Aryankalayil, MJ, Sarfraz, Y, Diamond, JM, Schneider, RJ, et al. DNA exonuclease Trex1 regulates radiotherapy-induced tumour immunogenicity. Nat Commun. (2017) 8:15618. doi: 10.1038/ncomms15618

46. Deng, L, Liang, H, Burnette, B, Beckett, M, Darga, T, Weichselbaum, RR, et al. Irradiation and anti-PD-L1 treatment synergistically promote antitumor immunity in mice. J Clin Invest. (2014) 124:687–95. doi: 10.1172/JCI67313

47. Galluzzi, L, Aryankalayil, MJ, Coleman, CN, and Formenti, SC. Emerging evidence for adapting radiotherapy to immunotherapy. Nat Rev Clin Oncol. (2023) 20:543–57. doi: 10.1038/s41571-023-00782-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 © 2024 Wang, Tang, Zhong, Wang, Feng, Zhang and Liu. 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: 28 June 2024

doi: 10.3389/fimmu.2024.1424259

[image: image2]


Integrating machine learning algorithms and multiple immunohistochemistry validation to unveil novel diagnostic markers based on costimulatory molecules for predicting immune microenvironment status in triple-negative breast cancer


Chao Zhang ‡, Wenyu Zhai ‡, Yuyu Ma ‡, Minqing Wu, Qiaoting Cai, Jiajia Huang *†, Zhihuan Zhou *† and Fangfang Duan *†


State Key Laboratory of Oncology in South China, Guangdong Provincial Clinical Research Center for Cancer, Sun Yat-Sen University Cancer Center, Guangzhou, Guangdong, China




Edited by: Attila Szöllősi, University of Debrecen, Hungary

Reviewed by: 

Yixing Wang, City of Hope National Medical Center, United States

Zhangzan Huang, Erasmus Medical Center, Netherlands

Yizhi Wang, Leiden University Medical Center (LUMC), Netherlands

*Correspondence: 

Fangfang Duan
 duanff@sysucc.org.cn

Zhihuan Zhou
 zhouzhh@sysucc.org.cn 

Jiajia Huang
 huangjiaj@sysucc.org.cn













†These authors have contributed equally to this work


‡These authors have contributed equally to this work and share first authorship



Received: 27 April 2024

Accepted: 10 June 2024

Published: 28 June 2024

Citation:
Zhang C, Zhai W, Ma Y, Wu M, Cai Q, Huang J, Zhou Z and Duan F (2024) Integrating machine learning algorithms and multiple immunohistochemistry validation to unveil novel diagnostic markers based on costimulatory molecules for predicting immune microenvironment status in triple-negative breast cancer. Front. Immunol. 15:1424259. doi: 10.3389/fimmu.2024.1424259






Introduction

Costimulatory molecules are putative novel targets or potential additions to current available immunotherapy, but their expression patterns and clinical value in triple-negative breast cancer (TNBC) are to be clarified. 





Methods

The gene expression profiles datasets of TNBC patients were obtained from The Cancer Genome Atlas and the Gene Expression Omnibus databases. Diagnostic biomarkers for stratifying individualized tumor immune microenvironment (TIME) were identified using the Least Absolute Shrinkage and Selection Operator (LASSO) and Support Vector Machine-Recursive Feature Elimination (SVM-RFE) algorithms. Additionally, we explored their associations with response to immunotherapy via the multiplex immunohistochemistry (mIHC). 





Results

A total of 60 costimulatory molecule genes (CMGs) were obtained, and we determined two different TIME subclasses (“hot” and “cold”) through the K-means clustering method. The “hot” tumors presented a higher infiltration of activated immune cells, i.e., CD4 memory-activated T cells, resting NK cells, M1 macrophages, and CD8 T cells, thereby enriched in the B cell and T cell receptor signaling pathways. LASSO and SVM-RFE algorithms identified three CMGs (CD86, TNFRSF17 and TNFRSF1B) as diagnostic biomarkers. Following, a novel diagnostic nomogram was constructed for predicting individualized TIME status and was validated with good predictive accuracy in TCGA, GSE76250 and GSE58812 databases. Further mIHC conformed that TNBC patients with high CD86, TNFRSF17 and TNFRSF1B levels tended to respond to immunotherapy. 





Conclusion

This study supplemented evidence about the value of CMGs in TNBC. In addition, CD86, TNFRSF17 and TNFRSF1B were found as potential biomarkers, significantly promoting TNBC patient selection for immunotherapeutic guidance.





Keywords: triple-negative breast cancer, costimulatory molecules, diagnostic biomarker, tumor immune microenvironment, machine learning algorithm




1 Introduction

Triple-negative breast cancer (TNBC) accounts for nearly 15% of all breast cancers (1). Due to its paucity of definitive targets and the intrinsic aggressiveness, most TNBC-related deaths occur, and it remains a grave life-threatening disease among women worldwide (2–5). In view of lacking estrogen receptor (ER), progesterone receptor (PR), and human epidermal growth factor receptor 2 (HER2), TNBC can’t benefit from endocrine and targeted treatments, and depend on traditional chemotherapy with little clinical benefits realized, a median overall survival (OS) about 12 to 18 months (6–9).

In recent years, immune-checkpoint inhibitors (ICIs) have revolutionized the therapeutic landscape of multiple tumors, such as nasopharyngeal carcinoma, melanoma, and lung cancer, wherein, ICIs generated durable responses, resulted in substantial survival progress, and have been recommended as a part of standardized treatments (10). Compared with other breast cancer subtypes, TNBC exhibits stronger immunogenicity, abundant tumor-infiltrating lymphocytes (TILs), higher programmed cell death ligand 1 (PD-L1) expression and tumor mutation burden (TMB) (2, 11, 12), numerous explorations on adding ICIs to the therapeutic arsenal of TNBC have acquired inspiring feedback (13–15). While survival benefits derived from ICIs in TNBC are relatively minimal as compared to other tumors (2, 16, 17). Therefore, identifying and developing optimal biomarkers have become a hot area. Currently, PD-L1 and TMB are most used predictors for patient selection in clinical practice, but absence of standardized criteria for the methodology and expression cutoff values leads to their inconsistency predictive value in different clinical trials and therapeutic regimes (16, 18, 19). Although a possible association between higher TILs and improved pCR rates from an immunotherapeutic perspective has been examined, it is confined to the early stage of TNBC (20). Hence, novel predictors of immunotherapeutic response are necessary and meaningful to appropriately select ideal patients who can benefit from ICIs with the aim to design individualized strategies.

The tumor immune microenvironment (TIME), composed of various immune cells, stromal cells, mesenchymal cells, cytokines, and chemokines, plays a crucial role in the processes of tumor initiation, progress, development, and metastasis (21). A deep parsing of the diversity and complexity of TIME is valuable for improving anti-tumor immune responses and patient stratification according to their unique TIME classes and subclasses, thereby greatly improving therapeutic benefits from ICIs and unraveling novel targets (22). Increasing evidence suggests that features associated with the “hot” tumor, including abundant TILs in TIME, markers related to T cell activation, as well as signatures for adhesion, are potential factors for predicting responses to ICIs (23). Costimulatory molecules, comprising the B7-CD28 family with 13 molecules and the tumor necrosis factor (TNF) family with 48 molecules, are vital for the differentiation, proliferation, maturation, survival, activation, and functions of immune cells. The former includes the most common PD-1 and PD-L1 axis of ICIs, the latter includes 19 members belong to the TNF ligand superfamily (TNFSF) and 29 members to the TNF receptor superfamily (TNFRSF) (22, 24, 25). Moreover, they are putative novel targets or potential additions to current available immunotherapeutic strategies (26, 27). The predictive model based on costimulatory molecule genes (CMGs) have been explored in lung adenocarcinoma (28), while their functions and clinic value in TNBC are little illustrated.

Herein, we aimed to systematically dissect the expression pattern and clinical value of costimulatory molecules in TNBC. Using the transcriptional profiles of TNBC patients from The Cancer Genome Atlas (TCGA) and the Gene Expression Omnibus (GEO) databases, we stratified patients into two different TIME status (“cold” and “hot”) through the K-means clustering method and compared their difference in immune cell infiltrations via the CIBERSORT algorithm (29). Subsequently, Least Absolute Shrinkage and Selection Operator (LASSO) (30) and Support Vector Machine-Recursive Feature Elimination (SVM-RFE) (31) were utilized to identify diagnostic markers from CMGs. Following, a diagnostic signature for stratifying individualized TIME status of TNBC patients was stablished, and its predictive performance was further validated. Moreover, we conducted a small-sample exploratory analysis via the multiplex immunohistochemistry (mIHC) to explore the correlation between the expression level of identified CMGs biomarkers and response to immunotherapy.




2 Materials and methods



2.1 Data acquisition and preparation

We downloaded the gene expression profile datasets of TNBC patients from TCGA (https://tcga-data.nci.nih.gov/tcga/) and GEO databases (https://www.ncbi.nlm.nih.gov/geo/) (GSE76250 and GSE58812 datasets) using the “GEO query” package (32). All microarray datasets were standardized via the “SVA” and “limma” R packages. TCGA, GSE76250, and GSE58812 datasets consisted of 168, 165, and 107 tumor samples, respectively. A total of 60 CMGs, including 13 members of B7-CD28 family and 47 members of TNF family, were obtained from a previously published study (Supplementary Table 1) (28).




2.2 Patient-clustering based on CMGs

To investigate the potential value and functions of abovementioned 60 CMGs in the TIME of TNBC, we classified patients into different clusters after the k-means machine learning algorithm, an unsupervised consensus clustering method, using the “Cluster” package. First, we determined the corresponding optimal cluster numbers in three datasets via the “factoextra” package. After k-means clustering, we performed the principal component analysis (PCA) with the “factoextra” package. Next, we utilized the “ESTIMATE” package (33) to calculate and compare the tumor purity, immune, and stromal scores among different clusters in TCGA, GSE76250, and GSE58812 datasets. TNBC patients in three datasets were further stratified into the “hot” and “cold” tumor groups according to their immune and stromal scores.




2.3 Estimation of the immune cell infiltration landscape in TIME

The standardized gene expression profiles of TNBC patients in TCGA, GSE76250, and GSED58812 datasets were performed by the CIBERSORT algorithm with perm set to 1000 to analyze the characteristics of 22 immune cells infiltration (29) between patients belonging to the “hot” and “cold” tumor groups.




2.4 Functional annotation and pathway enrichment analyses

Gene set enrichment analysis (GSEA, https://www.gsea-msigdb.org/gsea/index.jsp) was performed for patients in “hot” vs “cold” tumors through the Java GSEA (version4.0.1) and the Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway in C2 and Gene Ontology (GO) terms in C5 to evaluate potential functional pathways and biological mechanisms enriched in patients (34). False discovery rate (FDR) < 0.25 and normalized P < 0.05 were set as cutoffs to obtain significant enrichment.




2.5 Screening and identification of the diagnostic CMGs biomarkers

In the TCGA and GSE76250, to avoid possible influence of multicollinearity, we firstly conducted the LASSO logistic regression analysis through the “glmnet” package to screen out biomarkers from above all 60 CMGs at the optimal value of log lambda with the smallest classification error (30). Besides, the SVM-RFE machine learning algorithm based on the support vector machine was utilized to identify the most valuable biomarkers from all 60 CMGs by subtracting the feature vector determined using SVM with the “e1071” and “caret” R packages (31). Next, we merged identified CMGs from above-mentioned machine learning algorithms via the “scMerge” package to further narrow the number of markers. These overlapped CMGs markers were finally input for the logistics regression analysis to identify the final diagnostic biomarkers.




2.6 Conduction and validation of the diagnostic nomogram based on CMGs biomarkers

Based on abovementioned final CMGs biomarkers, a diagnostic signature for individualized TIME status was constructed and visually presented as nomogram via the “rms” R package. Then, we evaluated and validated the predictive accuracy and clinical value of the CMG-based nomogram using the receiver operating characteristic (ROC) curves, calibration curves, and decision curve analysis (DCA) in both training and validation datasets.




2.7 Tissue multiplex immunohistochemistry

We stained TNBC samples using the multiplex fluorescence immunohistochemical kit, PDOne four-color TSA-RM-275 (20 T) (cat 10001100020 Panovue, Beijing, China) according to the manual provided. Paraffin-embedded samples were sequentially incubated with primary antibodies and horseradish peroxidase (HRP)-conjugated secondary antibodies. Then, we performed the tyrosine signal amplification (TSA) to label antigens, after each TSA labeling step, we removed the primary and secondary antibodies through a microwave treatment for heat-induced antigen retrieval. After the sample was eluted, the next antigen was labeled, and this procedure was repeated for all four antigen markers. Anti-CD86 (E2G8P, dilution 1:200, Rabbit, Cell Signaling Technology, Danvers, MA, USA), TNFRSF17 (ab245940, dilution 1:100, Rabbit, Abcam, Cambridge, UK) and TNFRSF1B (28746–1-AP, dilution 1:200, Proteintech, Rosemont, USA) were utilized as primary antibodies. The dyes Opal520, Opal570, Opal650 and 4′-6′-diamidino-2-phenylindole (DAPI, Sigma-Aldrich) were utilized for staining. We scanned TNBC samples and obtained their fluorescence images at ×20 magnification with a PanoVIEW VS200 slide scanner (Panovue, Beijing, China) and an Olympus 20× lens. Image recognition and analysis were performed with QuPath image analysis software (Version 0.3.0, Queen’s University of Belfast, Northern Ireland, UK). The images were quantized into data by tissue segmentation and cell segmentation using the positive threshold settings and phenotypic recognition. By means of an R script (Version 4.0.1), we assumed the quantitative data and basic data such as the positive cell number, positive staining rate and density for subsequent analysis.




2.8 Statistical analysis

In current study, the expression levels of CMGs in TNBC patients were presented as raw and standardized data. We conducted this study in two phases. During the first phase, we classified TNBC patients into the “hot” and “cold” tumors according to their immune and stromal scores. During the second phase, TCGA dataset was used as the training cohort, TCGA and the GSE76250 datasets were utilized as internal validation cohorts, and the GSE58812 dataset was as external validation cohort. A diagnostic signature based on identified CMGs biomarkers for predicting individualized TIME subclasses in TNBC was constructed and validated.

All statistical analyses herein were performed using the R software (version 4.0.1, Vanderbilt University, Nashville, TN). The Mann-Whitney U test and Kruskal-Wallis H test were utilized to compare the immune score, stromal score, and tumor purity among different clusters. The unpaired Student’s t test was performed to compare differences in responses to immunotherapy among patients with TNBC. A P-value <0.05 was considered statistically significant unless specified.





3 Results



3.1 Data extraction and processing

The flow chart for the study design is presented in Figure 1. All microarray matrixes of three publicly available datasets were annotated, following which, TCGA dataset consisted of 168 TNBC samples (46999 genes), GSE76250 and GSE 58812 datasets included 165 TNBC samples (30906 genes) and 107 TNBC samples (20161 genes), respectively. Next, 60 CMGs were overlapped with TCGA dataset, except for the TNFRSF6B gene due to its low expression, a total of 59 CMGs were identified. Similarly, 60 CMGs were merged with GEO datasets, wherein, only 57 CMGs in the GSE76250 dataset and 58 CMGs in the GSE58812 dataset were eligible. Then, we standardized the expression levels of CMGs in three datasets using the “SVA” and “limma” R packages. Finally, a total of 56 CMGs were used for subsequent analysis.




Figure 1 | Flowchart of the study design.






3.2 Patient-clustering based on CMGs

To explore the clinical value and functions of above CMGs in TNBC, an unsupervised consensus clustering analysis was performed to stratify patients. Figures 2A, C, E show the curves of the total within the sum of squared error for the corresponding cluster numbers of k. These suggested that a k value of 5, 7, and 4 were the most optimal in TCGA, GSE76250, and GSE58812 datasets, respectively. The PCA was performed to evaluate the credibility of these cluster numbers, and it demarcated five clusters at k = 5 in TCGA dataset (Figures 2B). Similarly, patients were distinguished at k = 7 in the GSE76250 dataset (Figure 2D), and k = 4 in the GSE58812 dataset (Figures 2F).




Figure 2 | TNBC patient-clustering based on costimulatory molecule genes (CMGs). (A) The curve of the total within the sum of squared error curve for the corresponding cluster number k in TCGA dataset; (B) The principal component analysis (PCA) plot of clustered patients in TCGA dataset; (C) The curve of the total within the sum of squared error curve for the corresponding cluster number k in GSE76250 dataset; (D) The PCA plot of clustered patients in GSE76250 dataset; (E) The curve of the total within the sum of squared error curve for the corresponding cluster number k in GSE58812 dataset; (F) The PCA plot of clustered patients in GSE58812 dataset.



Next, we used the “ESTIMATE” R package (33) to estimate the tumor purity, and to calculate the percentages of stromal and immune cells infiltrations in TIME of TNBC patients based on their CMGs expression profiles. It showed that the tumor purity among patient clusters was significantly different for TCGA, GSE76250 and GSE58812 datasets (Supplementary Figure 1). Besides, significant differences among multiple clusters for tumor stroma and immune scores in TCGA (Supplementary Figures 2A, B), GSE76250 (Supplementary Figures 2C, D), and GSE58812 (Supplementary 2E, F) datasets were also observed. Accordingly, we classified the TNBC patients in cluster 1 of TCGA dataset into the “cold” tumor group, while those in clusters 2 to 5 were in the “hot” tumor group. In the GSE76250 dataset, we categorized patients in clusters 4 and 5 as the “hot” tumor group and patients in other clusters formed the “cold” tumor group. In the GSE58812 dataset, TNBC patients in clusters 1 and 2 were divided into the “hot” tumor, while the remaining patients were in the “cold” tumor group.

Next, we used the “ESTIMATE” R package (33) again to calculate and compare the tumor purity, stromal, and immune cells infiltrations between “cold” and “hot” tumors. There were significant differences in the stromal and immune cell types among TCGA (Figures 3A, B), GSE76250 (Figures 3C, D), and GSE58812 datasets (Figures 3E, F). A significantly higher tumor purity in the “cold” tumor relative to the “hot” tumor in TCGA, GSE76250, and GSE58812 datasets (Supplementary Figure 3) was observed.




Figure 3 | Calculation and comparison of tumor-stromal and immune scores between different TIME subclasses in TNBC, where red represents patients in the “hot” tumor and green shows patients in the “cold” tumor. The comparison of stromal scores (A) and immune scores (B) between “hot” (clusters 2 to 5) and “cold” (cluster 1) tumor groups in TCGA dataset; The comparison of stromal scores (C) and immune scores (D) between “hot” (clusters 4 and 5) and “cold” (clusters 1,2,3,6 and 7) tumor groups in GSE76250 dataset; The comparison of stromal scores (E) and immune scores (F) between “hot” (clusters 1 and 2) and “cold” (clusters 3 and 4) tumor groups in GSE58812 dataset.






3.3 Estimation of the immune cell infiltration landscape in TIME

The landscape of 22 immune cell type infiltrations in TNBC tissues were estimated based on the gene expression profiles via the CIBERSORT algorithm (29), and we also evaluated the correlation between the immune cells in the TIME of TNBC patients. In TCGA dataset, the distribution of immune cells between “cold” and “hot” tumors were significantly different, including CD8 T cells (P = 0.001), CD4 memory activated T cells (P < 0.001), resting NK cells (P = 0.028), monocytes (P = 0.011), M0 macrophages (P = 0.005), M1 macrophages (P < 0.001), and M2 macrophages (P = 0.001). Among them, the proportion of M0 and M2 macrophages were higher in the “cold” tumor (P < 0.05), while that of others was higher in the “hot” tumor (P < 0.05) (Figure 4A). Significant differences in the proportion of immune cells between the “cold” and “hot” tumors were also found in GSE76250 dataset, namely, memory B cells (P < 0.001), CD8 T cells (P < 0.001), resting CD4 memory T cells (P < 0.001), CD4 memory activated T cells (P < 0.001), follicular helper T cells (P = 0.001), regulatory T cells (Tregs) (P < 0.001), activated NK cells (P = 0.028), monocytes (P = 0.011), M0 macrophages (P = 0.017), and M1 macrophages (P < 0.001). Among them, the distributions of memory B cells, resting CD4 memory T cells, CD4 memory activated T cells, and M1 macrophages were higher, while CD8 T cells, follicular helper T cells, Tregs, activated NK cells, monocytes and M0 macrophages were lower in the “hot” tumor (P < 0.05) (Figure 4B). In GSE58812 dataset, multiple immune cell types infiltrating the “cold” and “hot” tumors showed significantly different distributions, including the naïve B cells (P < 0.001), CD8 T cells (P < 0.001), CD4 naïve T cells (P < 0.001), resting CD4 memory T cells (P < 0.001), CD4 memory activated T cells (P < 0.001), M0 macrophages (P = 0.003), and M2 macrophages (P = 0.006). Among them, the proportions of naïve B cells, CD8 T cells, CD4 naïve T cells, and CD4 memory-activated T cells were higher in the “hot” tumor (P < 0.05) (Figure 4C).




Figure 4 | Evaluation and visualization of 22 immune cell type infiltration landscape between different TIME status. The violin plot depicts infiltration disparities among immune cell types between the “hot” tumor (red) and the “cold” tumor (blue) in TCGA (A), GSE76250 (B), and GSE58812 datasets (C).



Additionally, the correlation matrix for the 22 immune cells in TNBC tissues was constructed (Supplementary Figure 4). For example, a positive correlation between CD4 memory-activated T cells and M1 macrophages (Cor = 0.37), and CD4 memory-activated T cells and CD8 T cells (Cor = 0.31) was observed in TCGA dataset (Supplementary Figure 4A). Likewise, a positive correlation between CD8 T cells and activated NK cells (Cor = 0.66) in GSE76250 dataset (Supplementary Figure 4B), a positive correlation between CD4 memory activated T cells and M1 macrophages (Cor = 0.31) in the GSE58812 dataset (Supplementary Figure 4C) were observed.




3.4 Functional annotation and pathway enrichment analyses

We performed GO and KEGG enrichment analyses for the “cold” and “hot” tumors to reveal potential functions and pathways. It demonstrated that “hot” tumor group was enriched in the chemokine signaling pathway, cytokine-cytokine receptor signaling pathway, JAK-STAT signaling pathway, nature killer cell-mediated signaling pathway, B cell receptor, and T cell receptor signaling pathway in TCGA (Figure 5A), GSE76250 (Figure 5C), and GSE58812 datasets (Figure 5E). As for the biological processes (BP), the “hot” tumor was mainly associated with the T cells activation and the regulation of immune responses in all three datasets (Figures 5B, D, F).




Figure 5 | Functional analysis for the “hot” tumor and the “cold” tumor based on costimulatory molecule genes (CMGs). (A, C, E) The Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis in TCGA, GSE76250, and GSE58812 datasets, respectively; (B, D, F) Gene Ontology (GO) analysis for biological processes in TCGA, GSE76250, and GSE58812 datasets, respectively.






3.5 Screening and identification of the diagnostic CMGs biomarkers

In TCGA dataset, we performed the LASSO logistic regression analysis and screened out 27 CMGs from 56 candidates, having zero coefficients at the optimal value -5.830026 of log lambda (Figures 6A, B). 26 CMGs from 56 candidates were recognized as diagnostic biomarkers based on the result of SVM-RFE algorithm (Figure 6C). Diagnostic biomarkers identified using above two algorithms were overlapped and 13 CMGs remained to be biomarkers (Figure 6G). Similarly, in GSE76250 dataset, 11 CMGs and 46 CMGs from 56 candidates were identified as putative diagnostic biomarkers via the LASSO (a value -3.836916 of the optimal log lambda) (Figures 6D, E) and SVM-RFE (Figures 6F) machine learning algorithms. Among these, 11 CMGs were overlapping (Figure 6G). Next, we merged candidate CMGs identified from above two datasets and performed the logistic regression analysis to further narrow the number of diagnostic biomarkers, three CMGs (CD86, TNFRSF17, and TNFRSF1B) were determined as final diagnostic biomarkers (Figure 6G). All CMGs analyzed in this phase were listed in Supplementary Table 2.




Figure 6 | The selection of diagnostic biomarkers from candidate costimulatory molecule genes (CMGs). The lower abscissa is the log lambda value, while the upper abscissa is the number of CMGs with non-zero coefficient; the vertical axis represents the Least Absolute Shrinkage and Selection Operator (LASSO) coefficient of CMGs, and each curve shows the variation trajectory of the coefficients of each gene. (A) Determination of the number of CMGs with non-zero coefficients at the optimal value -5.830026 of log lambda in TCGA dataset; (B) LASSO coefficient profiles of 27 candidate CMGs after the 10-fold cross-validation in TCGA dataset; (C) Support Vector Machine-Recursive Feature Elimination (SVM-RFE) method to identify markers in TCGA dataset; (D) Definition of the number of CMGs with non-zero coefficients at the optimal value -3.836916 of log lambda in GSE76250 dataset; (E) LASSO coefficient profiles of 35 candidate CMGs after the 10-fold cross-validation in GSE76250 dataset; (F) SVM-RFE method to identify markers in GSE76250 dataset; (G) Venn diagram presents the overlapping diagnostic markers identified by LASSO and SVM-REF algorithms.






3.6 Construction and validation of the diagnostic nomogram based on CMGs

To develop a practical tool for individually predicting TIME subclass in patients with TNBC, we constructed the diagnostic nomogram incorporating above three final CMGs biomarkers, including CD86, TNFRSF17, and TNFRSF1B, based on findings in TCGA (Figure 7A). Each biomarker could be scored in points line according to its expression, and after summation, every TNBC patient could have a total score, based on which, the probability of “hot” tumor could be predicted by locating the total score on the probability of the hot tumor scale. For example, TNBC patients with high expression of above three CMGs were more likely to be recognized as “hot” tumor. We further assessed the diagnostic efficiency of this nomogram in three datasets by calculating the area under the ROC curve (AUC), which suggested a satisfactory diagnostic accuracy in TCGA (Figure 7B), GSE76250 (Figure 7C), and GSE58812 datasets (Figure 7D). Moreover, a favorable agreement between actual and predicted probability through the diagnostic nomogram in all three datasets was observed via the calibration curves (Figures 7E–G). Additionally, the DCA results demonstrated a good clinical value of this diagnostic nomogram in predicting TIME status (Figures 7H–J).




Figure 7 | Development and validation of the diagnostic nomogram. (A) A nomogram for diagnosing individualized tumor immune environment subclass. The receiver operating characteristic (ROC) curve of the diagnostic efficacy verification in TCGA (B), GSE76250 (C), and GSE58812 datasets (D); The calibration plots of the diagnostic accuracy validation in three datasets (E–G); The decision curve analysis (DCA) of the clinical value for therapeutic guidance in TCGA (H), GSE76250 (I), and GSE58812 datasets (J).






3.7 Expression of CMGs markers positively related to efficacy of immunotherapy

To further verify the associations between the expression level of these three CMGs biomarkers in tumor tissues of TNBC patients receiving immunotherapy and patients’ response to treatment, we collected 27 patients’ paraffin-embedded samples and performed the mIHC assays. Figures 8A, B showed the representative mIHC images of DAPI and three CMGs biomarkers in tumor tissues of responders and no-responders, i.e., DAPI (blue), CD86 (green), TNFRSF17 (purple) and TNFRSF1B (red). Further statistical analysis demonstrated that there were significant associations between high expression of CMGs biomarkers and patients’ positive response to immunotherapy (Figure 8C).




Figure 8 | Expression of CMGs biomarkers are positively related to the efficacy of immunotherapy in TNBC. Representative multiplex immunofluorescence images demonstrating the protein expression of CD86 (blue), TNFRSF1B (red) and TNFRSF17 (purple) in samples from nonresponders (A) and responders (B); (C) Correlation analysis showed that TNFRSF1B, CD86 and TNFRSF17 were significantly associated with the immune response.







4 Discussion

In recent years, the therapeutic landscape of TNBC patients has broadened owing to the rapid development of immunotherapy, but only a few patients benefit from ICIs treatment unlike the excellent therapeutic responses achieved in other tumors (16). Effective biomarkers for predicting responses to ICIs in TNBC are lacking in the clinical setting (19). Increasing evidence demonstrated that understanding the unique subsets of personalized TIME is meaningful for identifying novel therapeutic targets and guiding immunotherapeutic strategies (21). In current study, we creatively classified TNBC patients into the “hot” and “cold” tumors according to their TIME clusters determined by CMGs. Further, we executed two machine learning algorithms and identified three CMGs (CD86, TNFRSF17, and TNFRSF1B) as diagnostic biomarkers, based on which, a diagnostic nomogram for predicting TIME subclasses in TNBC in TCGA dataset was constructed, which presented satisfactory predictive accuracy and good clinical value in both the training and validation datasets. Moreover, exploratory analysis in a real-world clinic cohort of patients with TNBC via mIHC also revealed an apparently positive association between the expression level of these three CMGs biomarkers with responses to immunotherapy. This suggest that these CMGs biomarkers might be promising tool for TNBC patients’ stratification to immunotherapeutic guidance.

The failure of current immunotherapy targeting CTLA-4 or PD-1 may be caused by intratumor T cell exhaustion (2), therefore increasing interests revolve around costimulatory molecules residing in the TIME in TNBC tumors. The costimulatory molecules mainly include the B7-CD28 family and the TNF family of proteins (24, 25). Their expressions on tumor cell and lymphocyte surfaces play important roles in regulating the anti-tumor immune responses (22). The immune surveillance function of the immune system in the human body helps to distinguish malignant from normal cells and initiates subsequent attacks. During this process, the naïve T cells should be activated through two indispensable signals, one of which is the costimulatory signal (35), so the activation of T cells could be blocked without costimulatory signals (28). Generally, malignant cells deliver incorrect messages to T cells and prevent the recognition of costimulatory signals by altering their structures and expressions in TIME, and further inducing an immunosuppressive TIME, thereby helping tumor cells to evade immune-induced elimination (36). A single-cell RNA profile analysis of B cells in breast cancer showed that tumors elicited immune-suppressive B cells owing to their failure in extracting costimulatory signals from them, which facilitated further breast tumor cell evasion of immune surveillance (37). ICIs, by blocking the PD1-PD-L1 and the CD86/CTLA4 axes, prevent tumor cells from releasing wrong messages to T cells, thereby restoring tumor-induced immuno-deficiency in TIME (38). While except for common realized PD1/PD-L1 and CD86/CTLA4 axes, many costimulatory members are still poorly understood. To explore the clinical value of costimulatory molecules in TNBC, we obtained 56 CMGs from public databases in this study. Utilizing the unsupervised consensus clustering algorithm, we clustered patients into two different TIME subclasses, namely the “cold” tumor and the “hot” tumor. TIME, composed of several immune cells, carcinoma-associated fibroblasts, stromal cells, and tumor endothelial stromal cells, plays a crucial role in multiple biological processes, including tumor initiation, angiogenesis, and immune regulation (21, 22). Classifying the immune contexts within a TIME represents the first level of cognizing immunological composition and status (activated or suppressed), their influence on survival outcomes and responses possibilities to anti-tumor treatment. Moreover, TIME classifications might also promote to understand its principle of affecting the establishment and maintenance of specific immunological compositions (21).

Tumors were generally classified as “cold” with immune deficiency if their TIME population included immune cells but lacked activation, which could promote metastasis and disease progression as adaptive immunity could not recognize extrinsic antigens or malignancies (39). Whereas, a high expression of activation biomarkers, such as PD-L1, on activated immune cells or tumor cells within a tumor, are the key characteristics of an immunological “hot” tumor, which is likely to initiate anti-tumor immune responses to attack tumors (21). Herein, we simultaneously examined the immune cells infiltrations in the “hot” and “cold” tumors to elucidate the differences in their TIME. The findings demonstrated that immunosuppressive cells, such as M0 and M2 macrophages, had significant infiltration in the “cold” tumor. Typically, M1 macrophages secret cytokines to activate T cells and exert antitumoral effects, while M2 macrophages are pro-tumorigenic factors via angiogenesis and the chemotaxis of Tregs (40). Therefore, the presence of poor immunogenic TIME in patients with “cold” tumors was reasonably speculated. The “hot” tumor exhibited significantly higher infiltrations of various activated immune cells, including CD4 memory activated T cells, resting NK cells, M1 macrophages, and CD8 T cells, which demonstrated that TNBC patients with “hot” tumors had an immuno-active TIME. Similarly, our functional enrichment analysis presented that B cell and T cell receptor-signaling pathways were significantly enriched in “hot” tumors. Significant associations with the activation of T cells and the regulation of immune responses were found in “hot” tumors. Complex interactions between immunosuppressive cells cooperate to suppress the anti-tumor immune responses and promote disease progression. Hence, our findings might provide a reference for guiding combinatorial immunotherapy strategies. For example, a patient with “hot” TNBC tumors might respond to a single ICI, resulting in the intensification of the preexisting anti-tumor benefits and further prolonging survival. However, in TNBC patients with “cold” tumors, a single-agent ICI might not be sufficient. Thus, radiotherapy, chemotherapy, or novel therapeutic strategies, such as inducible T cells co-stimulator (ICOS) agonist, NCT03829501, transforming growth factor-beta (TGF-β) inhibitor, NCT04429542, along with ICIs might unleash the silent anti-tumor immunity and further generate promising clinical prognosis by transforming the “cold” tumor into a “hot” tumor (2, 16, 41).

Different predictive models focus on the TIME and immune landscape for TNBC clinical prognosis and therapeutic sensitivity, but most of them only emphasized clusters and characteristics of intratumoral immunes cells, mRNA panels, and/or protein signatures, and their clinical applications remain to be clarified (42–45). Given the current unsatisfactory immunotherapeutic benefits in patients with TNBC, patient selection using reliable biomarkers for predicting responses is necessary (2). PD-L1, TILs, and TMB are commonly used to guide treatment, but they were subjected to inconsistent results and low predictive accuracy in different clinical trials (16, 18–20). Herein, we highlighted the comprehensive landscape and diagnostic value of CMGs, for the exploration of novel biomarkers. Moreover, traditional prognostic signatures were established through an individual-based model, which required the recognition of survival event information a priory, i.e., it was “supervised”. In current study, we executed the unsupervised consensus clustering algorithm based on expression profiles of CMGs to evaluate the characteristic subclasses of TIME, which could maximize the homogeneity of immune composition within the same cluster and the heterogeneity among different clusters (46). In addition, we identified candidate CMGs rigorously by integrating LASSO regression analysis with the SVM-RFE machine learning algorithm to reinforce the statistical power of the results.

Subsequently, we identified three CMGs (CD86, TNFRSF17, and TNFRSF1B) as diagnostic markers by numerous bioinformatics. CD86, also termed as B70 (B7–2), exerts a suppressive role through CTLA-4 on T cells activation. Thus, its competitive stimulation signal by binding to CD28 is crucial in immune responses, survival of T lymphocytes, and generation of cytokines (47). In the stimulatory status, CD86 can up-regulate its expression via antigen-presenting cells (APCs), and further combine with CD28 delivering stimulation signals to promote anti-tumor immune and enhance activating T cells (48, 49). TNFRSF17, a transmembrane glycoprotein, also known as B cell maturation antigen, is preferentially expressed by mature B lymphocytes and critically regulate B cell proliferation and survival, as well as maturation and differentiation into plasma cells. Previous studies indicated that TNFRSF17 has a dispensable role in overall B cells homeostasis and is an important surface protein supporting the survival of multiple myeloma cells (50, 51). Preclinical models found that the overexpression and activation of TNFRSF17 was associated with multiple myeloma, supporting its potential utility as a therapeutic target. And significant clinical responses in patients with refractory multiple myeloma who failed at least three prior treatments had been achieved by the anti-TNFRSF17 antibody-drug conjugate (52). TNFRSF1B or TNFR2, a member of the TNF receptor superfamily, is expressed by T cells, deliver activating signals, which are largely dependent on antigen recognition and participate in activation, clonal expansion, and differentiation of T cells. Accumulating evidence in recent years indicates that costimulatory signals via TNFR2 plays indispensable roles in protective immunity, inflammatory, autoimmune diseases, and tumor immunotherapy (53).

Based on above three diagnostic markers, we developed a diagnostic nomogram for TNBC patients, which showed that patients with high expressions of CD86, TNFRSF17, and TNFRSF1B had a high probability of “hot” tumor. Besides, satisfactory predictive performance of this nomogram was validated in three independent datasets, including the TCGA, GSE76250, and GSE58812. The “hot” TNBC tumors were mainly related to the BPs of T cell activation and immune response regulation, which implied that patients with “hot” tumors might likely respond to immunotherapy. In consistent with above presumption, the mIHC results showed that responders to immunotherapy were significantly associated with high expressions of CD86, TNFRSF17 and TNFRSF1B in TNBC patients. Hence, our diagnostic nomogram has the potential to aid identifying ideal TNBC patients who may benefit from ICIs, thereby providing immunotherapeutic guidance.

There were some limitations in this study. First, although we included three different independent datasets in current study, it is a retrospective analysis and all data were obtained from public databases, so practical bias might be unavoidable. Second, the underlying mechanism of these three diagnostic markers (TNFRSF17, CD86 and TNFRSF1B) remain poorly understood. Third, we performed this research by means of bioinformatics, further experimental validation of their predictive ability and clinical value are needed in future. Finally, although we constructed our diagnostic model based on CMGs from TCGA data consisting of samples from the United States and validated it using GEO datasets comprising of populations from France and China, prospective studies in different populations are warranted to further validate these results.




5 Conclusions

In summary, we comprehensively parse the expression patterns and clinical value of costimulatory molecules in TNBC patients and further clustered patients into two TIME subclasses (“hot” and “cold”) for patients’ stratification. In addition, we identified three CMGs (CD86, TNFRSF17 and TNFRSF1B) as putative diagnostic markers, based on which, a novel diagnostic nomogram for predicting TIME status were constructed and validated with good predictive accuracy and clinical value. This may provide a new insight into the value of CMGs in stratifying TIME status of patients with TNBC, which might serve as a tool to identify ideal candidates and tailor rational immunotherapeutic strategies for TNBC patients.
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Background

Elevated PPP4C expression has been associated with poor prognostic implications for patients suffering from lung adenocarcinoma (LUAD). The extent to which PPP4C affects immune cell infiltration in LUAD, as well as the importance of associated genes in clinical scenarios, still requires thorough investigation.





Methods

In our investigation, we leveraged both single-cell and comprehensive RNA sequencing data, sourced from LUAD patients, in our analysis. This study also integrated datasets of immune-related genes from InnateDB into the framework. Our expansive evaluation employed various analytical techniques; these included pinpointing differentially expressed genes, constructing WGCNA, implementing Cox proportional hazards models. We utilized these methods to investigate the gene expression profiles of PPP4C within the context of LUAD and to clarify its potential prognostic value for patients. Subsequent steps involved validating the observed enhancement of PPP4C expression in LUAD samples through a series of experimental approaches. The array comprised immunohistochemistry staining, Western blotting, quantitative PCR, and a collection of cell-based assays aimed at evaluating the influence of PPP4C on the proliferative and migratory activities of LUAD cells.





Results

In lung cancer, elevated expression levels of PPP4C were observed, correlating with poorer patient prognoses. Validation of increased PPP4C levels in LUAD specimens was achieved using immunohistochemical techniques. Experimental investigations have substantiated the role of PPP4C in facilitating cellular proliferation and migration in LUAD contexts. Furthermore, an association was identified between the expression of PPP4C and the infiltration of immune cells in these tumors. A prognostic framework, incorporating PPP4C and immune-related genes, was developed and recognized as an autonomous predictor of survival in individuals afflicted with LUAD. This prognostic tool has demonstrated considerable efficacy in forecasting patient survival and their response to immunotherapeutic interventions.





Conclusion

The involvement of PPP4C in LUAD is deeply intertwined with the tumor’s immune microenvironment. PPP4C’s over-expression is associated with negative clinical outcomes, promoting both tumor proliferation and spread. A prognostic framework based on PPP4C levels may effectively predict patient prognoses in LUAD, as well as the efficacy of immunotherapy strategy. This research sheds light on the mechanisms of immune interaction in LUAD and proposes a new strategy for treatment.
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1 Introduction

Lung adenocarcinoma (LUAD), a prevalent form of lung cancer, remains a leading cause of cancer-associated mortality globally (1), displaying a five-year survival rate of merely 15% (2–4). Among the primary therapeutic targets for LUAD are PD-1 and PD-L1 (5–8). The field has seen considerable interest in immune checkpoint blockade (ICB), noted for substantially enhancing survival rates in cancer patients. Despite these advances, the effectiveness of immunotherapy is not universal among LUAD patients (9). Factors such as the PD-1 expression, MSI, TMB, and tumor microenvironment play crucial roles in determining the response to immune treatments (10–13). Nevertheless, the prognostic tools currently available lack precision, underscoring the imperative need for research into vital genes and biomarkers that influence both the prognosis of LUAD patients and the response to immunological therapies (14–17).

Nowadays, high-throughput sequencing tools such as second-generation sequencing (18, 19), single-cell transcriptomics sequencing (20), spatial transcriptomics sequencing, proteomics sequencing, and metabolomics sequencing are rapidly evolving (21). These technological advances have brought new perspectives to the field of genetic research. Utilizing patterns of gene expression, researchers aim to uncover novel biomarkers within various cancers (22, 23). By rigorously analyzing high-throughput RNA sequencing data, it is possible to support initiatives in personalized treatment and precision medicine. This includes identifying emerging prognostic markers and therapeutic targets, elucidating principal genes that affect the immune infiltration status of patients, and delineating the molecular pathways that promote the progression of LUAD (24, 25). These objectives can be fulfilled through the application of differential expression analysis and functional enrichment studies (26).

Protein phosphatases from the PPP family play crucial roles in a variety of physiological and pathological contexts, notably in oncological disorders (27). In particular, the enzyme PPP4C has been linked to the advancement of numerous malignancies, such as breast and pancreatic cancers, and glioblastomas (28). The connection between the expression levels of PPP4C, immune cell infiltration, and the efficacy of chemoimmunotherapy treatments has been established (29–32). However, the specific role of PPP4C within the framework of LUAD has yet to be clarified.

To address the challenge of identifying potential therapeutic targets and prognostic biomarkers for lung adenocarcinoma, our study focused on analyzing the differential immunogenomic profiles in both tumor and non-tumor tissues from LUAD patients. Employing methodologies such as gene set enrichment analysis, survival analysis, WGCNA, single-cell transcriptomics analysis and assessment of differentially expressed immune-related genes, we pinpointed PPP4C as a pivotal subject for further investigation (33). Our research further explored how PPP4C expression within the tumor immune microenvironment influences LUAD prognosis. By constructing a risk assessment model incorporating PPP4C alongside other immunologically relevant genes, we successfully predicted outcomes and immune response efficacy in LUAD therapy. Furthermore, our investigation extended to analyzing clinical and immune profiles across various risk categories, culminating in the development of diagnostic charts that offer novel insights into managing LUAD and evaluating immunotherapy responses in treated patients.




2 Materials and methods



2.1 Participant recruitment and data collection

Between June and August 2023, individuals undergoing surgical procedures at Harbin Medical University’s Second Affiliated Hospital contributed samples from three distinct pairs of lung adenocarcinoma and adjacent non-malignant tissues. These specimens encompassed paired samples of lung adenocarcinoma tumors and the corresponding adjacent healthy tissues. Authorization for this research was granted by the Ethics Committee of the Second Affiliated Hospital at Harbin Medical University under the protocol number KY2023–042.

Clinical records and RNA sequencing data from 594 LUAD patients were retrieved from the TCGA repository (https://portal.gdc.cancer.gov/). Furthermore, RNA sequencing and survival statistics for an additional 246 LUAD patients were accessed through GEO dataset GSE31210 (34). The dataset GSE123902, which includes RNA sequencing data at the single-cell level, comprised thirteen tumor and four normal tissue samples. An immunotherapy validation cohort was established using data from the R program IMvigor210. Additionally, gene sets pertinent to immune responses were obtained from both InnateDB and ImmPort databases.




2.2 Identification of immune-related genes

To ascertain immune-associated genes, differential expression analysis was conducted on LUAD cohort data from the TCGA database, employing the limma software (|log2FC| > 0.585) (35). Subsequently, lists of immune genes sourced from the InnateDB and ImmPort databases were amalgamated to facilitate functional enrichment analysis. Genes within the yellow and brown modules were selected based on a significance threshold of P < 0.05. The identification of pivotal genes in immune regulation was achieved through the application of the WGCNA algorithm (33, 36). Functional enrichment analysis was subsequently conducted using the clusterProfiler software (37).




2.3 Single-cell RNA sequencing

In this investigation, data from single-cell RNA sequencing was analyzed using the Seurat package within R software (version 4.4.0) (38). Initially, rigorous quality control protocols were employed to eliminate substandard cells, which required the establishment of specific criteria such as nFeature between 300 and 7,500, nCount between 300 and 100,000, mitochondrial gene expression ratio of less than 20%, ribosomal gene expression ratio of greater than 3 and erythrocyte gene expression ratio of less than 0.1. Subsequently, the SCTransform method was applied for data normalization, followed by dimensionality reduction via the RunTSNE function, facilitating easier clustering and visualization. Knowledge from prior studies and the CellMarker database (http://xteam.xbio.top/CellMarker) aided in cell type annotation (39). Furthermore, normal epithelial cells in the sample were used as a control group, and the inferCNV (https://github.com/broadinstitute/inferCNV/) algorithm was utilized to differentiate between benign and malignant epithelial cells based on differences in chromosome copy number variants and to explore the differences in the expression of PPP4C in the two types of cells, Then, tumor cells were categorized according to the median PPP4C expression level, and differential pathway enrichment was explored using GSVA analysis, and CellPhoneDB (version 2.0) elucidated cell-cell interactions, with higher ligand-receptor interaction scores suggesting more robust intercellular communication.




2.4 Immune infiltration

LUAD patients were stratified into groups with high and low levels of PPP4C gene expression based on median values. Subsequent analysis of immune cell infiltration differences between these groups employed the CIBERSORT algorithm (40). Comparative immunological assessments utilized the ESTIMATE method (41, 42), alongside Spearman’s rank correlation analysis. To delineate key genetic markers for constructing a prognostic model, the LASSO and univariate regression methodologies isolated 14 critical genes (43, 44). Furthermore, multivariable Cox regression analysis facilitated the establishment of risk scores, categorizing patients into cohorts with elevated or diminished risk profiles.




2.5 The immunological landscapes, clinical manifestations, and immunotherapy

To elucidate the interplay between immunological profiles, clinical characteristics, and responses to immunotherapy, our study employed MCPcounter to quantify immune cell infiltration within distinct risk strata. This approach facilitated an exploration of the correlations between risk assessments and clinical manifestations. Furthermore, the ESTIMATE algorithm was applied to evaluate differences in immunological scores across the cohorts (45). We investigated disparities in the expression of genes associated with immune checkpoints across these risk groups. Subsequent analysis focused on contrasting the tumor mutational burden between individuals classified as high-risk and those deemed low-risk, alongside investigating variations in prognostic outcomes, responses to immune treatments, and staging utilizing the R IMvigor210 toolset. In pursuit of developing a predictive framework, we conducted both univariate and multivariate Cox regression analyses. The decision curve analysis (DCA) was subsequently utilized to determine the predictive precision and clinical utility of the developed model.




2.6 Real-time PCR

In this investigation, the methodology of real-time quantitative polymerase chain reaction (RT-qPCR) was utilized. For the synthesis of cDNA, cellular RNA was initially isolated using Trizol (Sigma), followed by reverse transcription using PrimeScriptTM RT Master Mix (TaKaRa). Subsequently, the ChamQ Universal SYBR qPCR Master Mix (Vazyme) facilitated the RT-qPCR analysis. The quantification of mRNA expression levels of the target genes was performed utilizing the 2-ΔΔCT approach, wherein β-actin served as the internal standard (46). Data analysis and the creation of graphical outputs were conducted with the aid of Prism software.

The primer sequences used were as follows: for PPP4C, 5’- GGTCTATGGCTTCTACGATG -3’; and for β-actin, 5’-GAAGAGCTACGAGCTGCCTGA-3’.




2.7 Western blot

Proteins were extracted from washed tissues using a RIPA buffer enhanced with PMSF and a cocktail of protease inhibitors. Subsequently, protein concentrations were quantified employing the BCA assay. Proteins were resolved by SDS-PAGE and transferred onto PVDF membranes. The membranes underwent a blocking process using 5% non-fat milk before antibody incubation. Primary antibodies were applied overnight at 4°C, followed by a one-hour incubation with secondary antibodies at ambient temperature (47). In this study, the primary antibodies utilized were anti-β-actin and anti-PPP4C, while Goat anti-Rabbit HRB served as the secondary antibody. Visualization of the protein bands on the Western blots was facilitated using an ECL detection system.




2.8 Immunohistochemistry

In the course of this study, the immunohistochemistry protocol was meticulously followed through several distinct methodological phases (48). Initially, tissue sections were subjected to a pre-treatment phase within a temperature-controlled oven. Ensuring cellular exposure to the antigen involved multiple steps including the removal of paraffin and the retrieval of antigens. Overnight incubation with primary antibodies, sourced from Abcam, was then conducted. Visualization of the staining process was facilitated using the Dako EnVisionTM FLEX+ kit. Subsequently, an Aperio digital pathology slide scanner was employed to capture the resultant images, and additional staining was performed using hematoxylin provided by Sigma Aldrich. The semi-quantitative analysis of immunohistochemical staining was performed using the IHC Profiler plugin in Image J software, and the IHC score was calculated based on the percentage of area of different staining intensities. (IHC sore = High positive areas percentage × 3 + Positive areas percentage × 2 + Low positive areas percentage × 1 + Negative areas percentage × 0)




2.9 Cultivation of lung cancer cells

Cultures of the A549, H1299, PC9 and H1975 cell lines (sourced from PLST Co., Ltd., China) were propagated using RPMI-1640 medium (manufactured by Gibco, USA), which was enriched with 10% fetal bovine serum. BEAS-2B cell line culture was performed in serum-free BEpiCM complete medium (manufactured by SclenCell, USA). These cultures were sustained at a constant temperature of 37°C within a humidified environment, supplemented by an atmosphere containing 5% CO2.




2.10 PPP4C influences on the migration and invasion of LUAD cells

In the investigation of PPP4C’s role in inhibiting LUAD cell migration, cells were evenly distributed across six-well plates for a wound healing assay, achieving the necessary confluency. Subsequently, serum-free DMEM was employed to foster cell cultures post-creation of uniform scratches using 200 μl pipette tips. After 24 hours of cell culture, the scratched areas were systematically photographed to monitor the healing progress, thus helping to analyze the migration dynamics of the cells.

To determine the invasive properties of the tumor cells, experiments utilized a 24-well, 8μm Transwell setup (NEST Biotechnology Co. LTD., Wuxi, China). Single-cell suspensions were introduced into the upper compartment at a concentration of 1×10^5 cells per well, with serum-free media above and 10% FBS-enriched media below. Following a 24-hour incubation, the cells underwent fixation with 4% paraformaldehyde post-staining with 1% crystal violet (49). Invasion assessments were conducted using an inverted microscope to capture images from at least three random fields.




2.11 Cell colonies formation

To investigate colony formation, 500 cells were uniformly distributed into each well of a six-well plate. These cells were incubated at 37°C for two weeks until distinct colonies, comprising no fewer than 50 cells each, could be discerned microscopically. Post-incubation, colonies were fixed using 4% paraformaldehyde and subsequently stained with 1% crystal violet. Photographs documenting colony growth across all wells were subsequently captured (50).




2.12 Statistical analysis

To conduct the statistical evaluations, we utilized versions 4.2.2 and 9.5.1 of Prism and R, respectively. Continuous variables were described using means and standard deviations of independent samples. Survival differences were assessed employing Kaplan-Meier curves and the Log-rank test, alongside Spearman’s correlation coefficient and the t-test for comparisons between two groups. A significance level was established at P < 0.05.





3 Results



3.1 Analysis of differentially expressed immune genes in LUAD

Utilizing the TCGA-LUAD data set for analysis, a survey of gene expression variances unveiled 13,618 genes with fluctuating expression levels. Among these, 4,237 were noted as down-regulated and 9,381 as up-regulated (Figure 1A). Subsequent scrutiny against immune-specific databases from InnateDB and ImmPort revealed 1,011 genes linked to immune functionalities showing disparate expression patterns in LUAD, divided into 499 down-regulated and 512 up-regulated genes (Figure 1B). Advanced probing into these genes’ roles identified enrichment in 132 KEGG pathways and 2,720 GO terms, with emphasis on the foremost 30 GO terms and KEGG pathways (Figures 1C, D).




Figure 1 | Identifying differentially expressed immune genes in LUAD. (A) Comparative analysis was conducted between 535 tumor samples and 59 normal lung tissues from LUAD patients. Up-regulated genes are depicted in red, while down-regulated genes are depicted in green. (B) A heatmap visualizes the differential expression pattern of immune-related DEGs between tumor samples (in red) and normal samples (in blue). (C) Gene Ontology (GO) enrichment analysis was performed on the identified differential immune genes. (D) Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis was conducted on the differential immune genes.






3.2 Characterization of immune-related gene targets in LUAD

In an endeavor to identify pivotal hub genes associated with immunity in lung adenocarcinoma (LUAD), researchers conducted a comprehensive analysis using Weighted Gene Co-expression Network Analysis (WGCNA) on 1011 genes known for their variable expression in immune responses. This analysis constructed a scale-free network, which facilitated the identification of an optimal soft-thresholding power set at 2, as depicted in Figure 2A. This specific thresholding power, when applied alongside hierarchical clustering employing average linkage techniques, classified these genes into seven distinct clusters (Figures 2B, C). Subsequent analysis calculated Pearson correlation coefficients to link these gene clusters with particular traits of LUAD tumor samples, adopting a significance level of P < 0.05. Notably, genes within the brown and yellow clusters were selected for further detailed scrutiny. The intent of this deeper investigation was to elucidate the relationship between immune genes and patient prognosis in LUAD. Prior to a focused analysis of the selected gene clusters, a preliminary survey was conducted to assess their functional involvement and pathway engagement. This led to the revelation of considerable enrichment in the top 8 Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways, shedding light on their biological functions and interconnected roles in LUAD progression (Figures 2D, E).




Figure 2 | The identification of immune-related hub genes. (A) Determination of the soft threshold power through analysis, with the optimal value found to be 2. (B) Application of WGCNA on differential immune genes. (C) Extraction of seven gene modules through WGCNA. (D) GO enrichment analysis of genes within the yellow and brown modules. (E) KEGG enrichment analysis of genes within the yellow and brown modules.






3.3 Probing PPP4C expression patterns in lung cancer

To ascertain immune-associated genes of independent prognostic value, a meticulous univariate Cox regression coupled with Kaplan-Meier survival analysis was conducted for genes within the brown and yellow modules (Figures 3A-G). This analysis brought to light 58 immune genes of prognostic significance. Moreover, earlier investigations have illuminated distinctive expression profiles of the PPP gene family in breast cancer, underscoring its link to both prognosis and the infiltration states of immune cells (21). Notably, PPP4C has been distinguished as a valuable prognostic indicator and as a potential therapeutic target in breast cancer. However, the expression dynamics, biological functions, and impact on immune cell infiltration by PPP4C in lung adenocarcinoma (LUAD) necessitate further inquiry. Thus, our focus has shifted toward the PPP4C gene. Through the analysis of the GSE31210 dataset from the GEO database, we confirmed PPP4C’s unique expression in LUAD and its prognostic ramifications. The findings reveal a significant upregulation of PPP4C in LUAD, correlating with unfavorable outcomes (Figures 3H, I). Subsequently, an exhaustive pan-cancer assessment of PPP4C was undertaken to define its biological ramifications across various cancers (Figure 3J). This broad evaluation disclosed a uniform pattern of elevated PPP4C expression in numerous cancers, notably associated with adverse results, particularly in patients with liver hepatocellular carcinoma (LIHC) and kidney renal clear cell carcinoma (KIRC) (Figure 3K). In conclusion, the pervasive increase in PPP4C expression in LUAD and other cancers highlights its critical role as an indicator of poor prognosis, thereby solidifying PPP4C as a paramount prognostic marker and a prospective therapeutic target.




Figure 3 | Analysis of PPP4C (A) Univariate Cox regression analysis was conducted on 58 immune-related hub genes, where green dots represent protective factors and red dots represent risk factors. (B-G) Kaplan-Meier survival analysis was performed on the top six immune-related hub genes with HR>1. (H) Differential expression analysis of PPP4C in the GEO cohort. (I) Kaplan-Meier survival analysis of PPP4C in the GEO cohort. (J, K) Pan-cancer analysis of the PPP4C gene. (*P < 0.05, **P < 0.01, ***P < 0.001).






3.4 Delineation of PPP4C expression via single-cell profiling

A single-cell transcriptomic approach to investigating PPP4C expression has uncovered a considerable variation in expression levels and functional roles across cells. By examining the GSE123902 dataset, which encompasses primary, metastatic lung adenocarcinomas, and non-tumorous lung tissues, the study distinguished twenty distinct cellular clusters. These clusters were systematically categorized as epithelial, immune, or stromal cells through integration with the CellMarker database (Figures 4A-C). Deeper scrutiny revealed seven principal subtypes within the immune cells (Figures 4D-F). The classification strategy hinged on the use of defined cellular markers (Figures 4G, H). Subsequent analysis using inferCNV highlighted a conspicuous escalation in PPP4C expression among cancerous epithelial cells (Figure 5A), compared to their normal counterparts (Figure 5B). Further subdivision of the tumor epithelial cells into high and low PPP4C expression groups, followed by GSVA enrichment analysis, identified significant upregulation of pathways related to the cell cycle, DNA replication, oxidative phosphorylation, and metabolism of glycolysis/TCA cycle in cells with elevated PPP4C expression (Figure 5C). Moreover, a comparative analysis of intercellular communication between different factions of cancerous epithelial and immune cells was conducted. This investigation not only casts light on the crucial role of PPP4C in lung adenocarcinoma pathogenesis but also lays the groundwork for further explorations (Figures 5D, E).




Figure 4 | Single-cell mapping. (A) t-SNE plots depict all cells in the 20-cell cluster. (B) Classification of all cells into three primary types: epithelial, immune, and stromal. (C) Demonstration of specific gene expression across different cell types. (D) t-SNE plot focusing on immune cell clustering. (E) Annotation of the immune cell population into seven major immune cells. (F) Presentation of specific gene expression within the seven immune cell types. (G) Integration of clustered t-SNE plot for all cells. (H) Demonstration of specific gene expression across all cell types.






Figure 5 | Analysis of functional enrichment. (A) Application of the inferCNV algorithm to analyze all epithelial cell copy number variants. (B) Comparison of PPP4C differential expression between normal and malignant epithelial cells. (C) GSVA pathway enrichment analysis between high and low PPP4C expression groups. (D) Investigation of cellular communication between PPP4C-overexpressing malignant epithelial cells and immune cells. (E) Examination of cellular communication between PPP4C low-expressing malignant epithelial cells and immune cells.






3.5 Exploration of immunological subtypes based on PPP4C gene expression

Current research explores the dynamic interaction between PPP4C gene expression and immune cell infiltration, highlighting its importance in modern scientific investigations. This study stratifies patients into categories based on either elevated or reduced PPP4C gene expression levels. Utilizing CIBERSORT software to analyze their sequencing data, the study assesses how PPP4C gene expression impacts the distribution of twenty-two distinct immune cell types (Figure 6A). Results reveal that patients with increased PPP4C expression show higher levels of follicular helper T cells, regulatory T cells (Tregs), and both M0 and M1 macrophages. In contrast, individuals with lower expression levels display a higher prevalence of memory B cells, CD4 memory resting T cells, monocytes, and inactive mast cells (Figure 6B). Additionally, employing the ESTIMATE algorithm to determine stromal and immune scores within these gene expression subclasses demonstrates a negative correlation between PPP4C gene expression and the immune score (Figures 6C, D). Such findings provide crucial insights into the role of the PPP4C gene in immune regulation.




Figure 6 | The relationship between PPP4C and immune cell infiltration. (A) Correlation analysis between PPP4C gene expression and immune cells. (B) Evaluation of differences between PPP4C gene expression and immune cells. (C) Assessment of differences between PPP4C gene expression and stromal score, immune score, and ESTIMATE score. (D) Correlation of PPP4C gene expression with stromal score, immune score, and ESTIMATE score. (*P < 0.05, **P < 0.01, ***P < 0.001, ns, no significance).






3.6 Constructing and validating a predictive model involving PPP4C

Given the correlation between elevated expression of the PPP4C gene and reduced survival rates in patients with lung adenocarcinoma (LUAD), as well as its ties to immune cell infiltration in the tumor environment, we developed a prognostic model based on PPP4C. This model aims to predict survival and immunotherapy outcomes for LUAD patients. We initially conducted an analysis to identify genes correlated with PPP4C expression and immune parameters, revealing a set of 267 genes (Figure 7A). Further enrichment analysis linked these genes to GTPases, pathways of non-small cell lung cancer, PD-L1 expression, and the PD-1 checkpoint, underscoring their potential impact on LUAD prognosis and the efficacy of PD-L1-targeted therapies (Supplementary Figure S1). A selected group of 100 genes with significant prognostic value was further narrowed down to 14 key genes through LASSO regression analysis (Figures 7B, C). Utilizing these key genes, a risk stratification model was constructed, and risk scores for individual samples were determined via multivariate COX regression analysis. The effectiveness of this model was confirmed through PCA analysis (Figure 7D), and the creation of Kaplan-Meier survival and ROC curves demonstrated significantly lower survival in the high-risk group compared to the low-risk group (Figures 7E, F). Further validation of the model’s robustness and precision was conducted using a GEO dataset, reinforcing the prognostic model’s accuracy and dependability in predicting survival and responses to immunotherapy in LUAD patients (Figures 7G, H).




Figure 7 | Construction of a risk score model. (A) Utilization of a Venn diagram to identify 267 intersecting genes from PPP4C-associated genes and immune score-associated genes. (B) LASSO coefficient profiles. (C) Determination of the tuning parameter (log λ) based on minimum criteria in the LASSO analysis. (D) PCA analysis among different risk groups. (E) Kaplan-Meier survival analysis of patients in different risk groups in the TCGA cohort. (F) ROC analysis of the TCGA cohort at 1-, 3-, and 5-years. (G) Kaplan-Meier survival analysis of patients in different risk groups in the GEO cohort. (H) ROC analysis of the GEO cohort at 1-, 3-, and 5-years.






3.7 Assessing the clinical impact of a PPP4C-centric prognostic framework

The prognostic model based on PPP4C demonstrates significant potential for predicting survival rates in patients with lung adenocarcinoma. This approach involves stratifying patients into distinct groups based on clinical features including TNM classification and age. The analysis aims to explore the relationship between these clinical variables and prognostic scores. Results indicate a positive correlation between higher prognostic scores and advanced T, N (Figures 8A, B), and pTNM stages (Figures 8C, D), particularly in patients under the age of 65 (Figure 8E). An extensive analysis was conducted to assess differences in immune cell composition among cohorts displaying varied prognostic scores. Notably, the high-risk group exhibited a reduced presence of T cells CD4 memory activated, Tregs, activated NK cells, and M0 macrophages compared to the low-risk group, which presented an inverse pattern (Figure 9A). The variation in immune cell and score metrics among these groups was evaluated using the ESTIMATE algorithm and MCP counting method (Figures 9B, C). Furthermore, an analysis comparing immune checkpoint gene expression across different prognostic groups was undertaken (Figure 9D). The model’s accuracy in predicting outcomes after immunotherapy was validated (Figure 9E), with the high-risk group showing a decreased likelihood of favorable response (Figure 9F). The study also included an examination of the disparity in tumor mutation burden between high and low-risk groups (Figures 9G, H). These findings underscore the critical clinical importance of utilizing a PPP4C-focused prognostic model for lung adenocarcinoma patients, providing key insights for optimizing therapeutic strategies.




Figure 8 | Risk scores in different groups. (A-C) T-stage, N-stage, and M-stage. (D, E) Pathological stage and age in the TCGA cohort. (*P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001, ns, no significance).






Figure 9 | Variations among immune characteristics. (A) Illustration of immune cell infiltration differences between patients in different risk subgroups. (B) Comparison of immune score differences between patients in different risk subgroups. (C) Calculation of differences in immune cell abundance among different risk subgroups of patients based on MCPcounter. (D) Evaluation of immune checkpoint-associated gene expression differences among patients in different risk groups. (E, F) Kaplan-Meier survival analysis and immunotherapy response in patients from different risk groups of the IMvigor210 cohort. (G, H) Analysis of tumor mutation burden differences and correlation in the TCGA cohort of patients. (*P < 0.05, **P < 0.01, ***P < 0.001, ns, no significance).






3.8 Formulation of a nomogram for precise prognosis prediction in LUAD patients

To enhance the precision of predictive frameworks in evaluating patient risks, our research integrated clinical-pathological factors with risk scores utilizing both single-factor and multifactorial Cox regression analyses, considering elements like patient demographics. This examination demonstrated that in lung adenocarcinoma (LUAD) scenarios, the derived risk score is an essential independent prognostic factor (P < 0.001), whereas the clinical-pathological stage was of secondary importance (Figures 10A, B). Subsequently, a Nomogram was developed, merging both staging data and risk assessments (Figures 10C). The prognostic accuracy of this Nomogram was subsequently confirmed through methods of calibration and decision curve analysis (DCA). Calibration diagrams confirmed the Nomogram’s ability to accurately reflect the actual survival rates of patients across timeframes of 1, 3, and 5 years (Figures 10C). Moreover, the DCA underscored that the Nomogram markedly surpasses either the risk scores or the pathological staging alone in identifying high-risk patients, thus delivering an enhanced net clinical benefit.




Figure 10 | Nomogram in LUAD. (A, B) Univariate and multivariate cox regression analysis of risk scores and clinicopathological characteristics. (C) Construction of a nomogram combining risk score and clinicopathological staging. (D) Calibration curves for 1-, 3- and 5-years for Nomogram. (E) Decision curve for nomogram. ***P< 0.001.






3.9 Investigating the impact of PPP4C gene expression on cellular dynamics in LUAD

In investigating lung adenocarcinoma, a comprehensive study was conducted to assess the differential expression of PPP4C and its effects on cellular dynamics. The initial stage involved quantifying PPP4C expression in lung adenocarcinoma tissue as well as in adjacent non-cancerous tissue, utilizing methods such as Western blot analysis (Figures 11A, B), RT-qPCR (Figure 11C), and immunohistochemistry (Figures 11D, E). The data revealed a pronounced elevation of PPP4C levels in the tumor tissues compared with the normal tissues, confirmed at both protein and mRNA levels. Meanwhile, we also compared the expression of PPP4C in normal lung epithelial cell lines and lung adenocarcinoma cell lines by Western blot experiments. The results showed that PPP4C was significantly overexpressed in all four lung adenocarcinoma cell lines, which also laid the foundation for our subsequent cell function experiments (Figures 11F, G). Subsequent experiments across various lung adenocarcinoma cell lines were designed to clarify the role of PPP4C. By creating cellular models that either overexpressed (Figures 12A, C) or suppressed PPP4C expression (Figures 12B, D), it was observed that increased PPP4C levels markedly enhanced the proliferation (Figures 13A, B), and also the migration and invasion capabilities of A549 and H1299 cells (Figures 13C, E). Conversely, a reduction in PPP4C expression led to decreased these cellular processes (Figures 13D, F). These results underscore the pivotal influence of PPP4C in lung adenocarcinoma progression and suggest its potential association with patient prognosis.




Figure 11 | Expression of PPP4C in tumor tissues and normal tissues. (A, B) Western blot detection of PPP4C expression in lung adenocarcinoma tissue and normal tissue. (C) PCR detection of mRNA expression levels of PPP4C in tumor and normal tissues. (D, E) IHC staining and quantitative analysis of lung adenocarcinoma tissues and normal tissues. (F, G) Western blotting to detect differences in PPP4C expression in human normal lung epithelial cells BEAS-2B and four types of human lung adenocarcinoma cells A549, H1299, PC9 and H1975. (***P < 0.001, ****P < 0.0001).






Figure 12 | PPP4C overexpression and knockdown in lung cancer cells. (A, C) PPP4C overexpression in A549 and H1299 cell lines. (B, D) PPP4C knockdown experiment in A549 and H1299 cell lines. (*P < 0.05, **P < 0.01, ***P < 0.001, ns, no significance).






Figure 13 | Experimental validation of PPP4C function in lung adenocarcinoma cell line. (A, B) Colony formation assay showed that the proliferation ability of A549 and H1299 cells with PPP4C overexpression was significantly enhanced, while the proliferation ability of cells in the PPP4C knockdown group was significantly decreased. (C, D) The wound healing assay showed that the cell migration ability was significantly increased in the PPP4C overexpression group compared with the control group, whereas it was significantly reduced in the knockdown group. (E, F) Transwell assay showed that the invasive ability of cells in the PPP4C overexpression group was significantly elevated, in contrast to a significant decrease in the invasive ability of cells in the knockdown group. (*P < 0.05, **P < 0.01, ***P < 0.001).







4 Discussion

PPP4C, a member of the phosphatase enzyme family, demonstrates widespread expression across diverse human tissues, suggesting its implication in crucial biological processes. Its conservation throughout evolution underscores its putative involvement in fundamental physiological mechanisms (51). Prior investigations have noted an upregulation of PPP4C expression in numerous cancer types, including colorectal, breast, and pulmonary malignancies (52–55). Within the oncogenic landscape, heightened PPP4C expression correlates with the modulation of pivotal signaling cascades such as mTOR, JNK, and NF-κB, while its depletion may instigate cellular apoptosis (56–58). Notably, PPP4C-mediated augmentation of the ERK pathway fosters lung cancer cell proliferation and impedes apoptotic mechanisms, thereby exacerbating clinical prognosis (59). These insights underscore the potential of PPP4C as a promising therapeutic target across diverse cancer types. Nonetheless, further investigation is imperative to delineate the impact of PPP4C on the immune milieu in lung adenocarcinoma and elucidate its interplay with other oncogenic determinants.

This investigation employed diverse methodologies, encompassing RNA sequencing data analysis, weighted gene co-expression network analysis (WGCNA), and single-cell transcriptome sequencing, to identify pivotal genes within patients afflicted with LUAD and assess their impact on the tumor’s immune milieu. The study revealed a conspicuous escalation in the levels of PPP4C gene among individuals with LUAD, a phenomenon associated with an unfavorable prognosis, a conclusion substantiated by experimental verification. Moreover, an exploration into the nexus between PPP4C gene expression and the tumor’s immune milieu was conducted. The results elucidate a direct correlation between heightened PPP4C expression and diminished immune scores, underscored by a negative correlation between PPP4C expression and immune score. Furthermore, an augmented presence of regulatory T cells (Tregs) was observed in specimens exhibiting elevated PPP4C expression. The dampening of immune response by Tregs emerges as a pivotal tactic employed by tumors to evade immune surveillance, a factor potentially underpinning the adverse prognosis for LUAD patients with heightened PPP4C expression (60). These revelations furnish crucial insights into comprehending the role of PPP4C in LUAD and its ramifications for therapeutic interventions.

Given the significance of PPP4C in prognosis and its impact on the tumor immune microenvironment, we have devised a risk evaluation framework integrating PPP4C with genes associated with immune scoring. This framework serves as a robust prognostic tool, providing insights into patients’ probable response to immunotherapy. Integrating this risk assessment with conventional TNM classifications substantially enhances the predictive capacity of the model. Our investigation encompasses 14 genes pivotal in lung adenocarcinoma (LUAD). Notably, DOCK4 emerges as a suppressor of tumor growth by modulating tumor cell adhesion and invasiveness (61). Moreover, EFHD2 garners attention for its indispensable role in activating immune cells and promoting cancer dissemination (62). METTL7A and MT2A, among other genes, correlate with the prognostic landscape of LUAD patients, implicating their potential impact on disease outcomes (63–65). These revelations underscore a nuanced interplay between these genes and PPP4C’s involvement in LUAD, underscoring the necessity for further exploration to elucidate their functions.

In summary, this study elucidates key genetic markers that impact prognostic outcomes and the immunological microenvironment in patients diagnosed with Lung Adenocarcinoma (LUAD) by integrating single-cell analysis and multi-omics strategies. And the regulatory effect of PPP4C on lung adenocarcinoma cells was verified by differential expression assay and cell function assay. These findings pave the way for identifying new therapeutic targets and prognostic indicators for managing LUAD. Despite the reliance on publicly available datasets, these findings provide valuable insights for further investigations into the oncological significance of PPP4C. Future studies should consider integrating advanced techniques such as machine learning algorithms, spatial transcriptome analysis, and further experimental validation to unravel the biological mechanisms of PPP4C in cancer. These efforts aim to strengthen the basis of precision oncology.




5 Conclusion

In patients diagnosed with LUAD, a robust correlation has been established between the levels of PPP4C and the intricacies of the tumor microenvironment’s immune landscape. Elevated PPP4C concentrations serve as harbingers of unfavorable prognostic outcomes, thereby fostering the proliferation and metastasis of lung carcinoma cells. The development and implementation of a risk assessment paradigm centered on PPP4C afford precise prognostic capabilities for individuals afflicted with LUAD, concurrently facilitating the meticulous evaluation of the efficacy of immunotherapeutic interventions. This scholarly inquiry has not only elucidated the intricate pathways governing immune responses in LUAD but also delineated a strategic blueprint for the efficacious management of cancer.
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Background

Static tumor features before initiating anti-tumor treatment were insufficient to distinguish responding from non-responding tumors under the selective pressure of immuno-therapy. Herein we investigated the longitudinal dynamics of peripheral blood inflammatory indexes (dPBI) and its value in predicting major pathological response (MPR) in non-small cell lung cancer (NSCLC).





Methods

A total of 147 patients with NSCLC who underwent neoadjuvant immunochemotherapy were retrospectively reviewed as training cohort, and 26 NSCLC patients from a phase II trial were included as validation cohort. Peripheral blood inflammatory indexes were collected at baseline and as posttreatment status; their dynamics were calculated as their posttreatment values minus their baseline level. Least absolute shrinkage and selection operator algorithm was utilized to screen out predictors for MPR, and a MPR score was integrated. We constructed a model incorporating this MPR score and clinical predictors for predicting MPR and evaluated its predictive capacity via the area under the curve (AUC) of the receiver operating characteristic and calibration curves. Furthermore, we sought to interpret this MPR score in the context of micro-RNA transcriptomic analysis in plasma exosomes for 12 paired samples (baseline and posttreatment) obtained from the training cohort.





Results

Longitudinal dynamics of monocyte–lymphocyte ratio, platelet-to-lymphocyte ratio, platelet-to-albumin ratio, and prognostic nutritional index were screened out as significant indicators for MPR and a MPR score was integrated, which was further identified as an independent predictor of MPR. Then, we constructed a predictive model incorporating MPR score, histology, and differentiated degree, which discriminated MPR and non-MPR patients well in both the training and validation cohorts with an AUC value of 0.803 and 0.817, respectively. Furthermore, micro-RNA transcriptomic analysis revealed the association between our MPR score and immune regulation pathways. A significantly better event-free survival was seen in subpopulations with a high MPR score.





Conclusion

Our findings suggested that dPBI reflected responses to neoadjuvant immuno-chemotherapy for NSCLC. The MPR score, a non-invasive biomarker integrating their dynamics, captured the miRNA transcriptomic pattern in the tumor microenvironment and distinguished MPR from non-MPR for neoadjuvant immunochemotherapy, which could support the clinical decisions on the utilization of immune checkpoint inhibitor-based treatments in NSCLC patients.





Keywords: non-small cell lung cancer, neoadjuvant immunotherapy, tumor biomarkers, longitudinal dynamics, transcriptomic analysis




1 Introduction

Immune checkpoint inhibitors (ICIs) targeting the interaction of programmed cell death protein-1 (PD-1) with its ligand PD-L1 as a single agent or plus other anti-tumor therapies have dramatically revolutionized the management of non-small cell lung cancer (NSCLC) and significantly improved patients’ clinical outcomes (1). Therefore, ICIs are moving forward to the neoadjuvant setting (2–4) and have been approved by the US Food and Drug Administration as a neoadjuvant treatment for patients with locally advanced NSCLC (5). While nearly half of NSCLC patients failed to respond to ICI-based neoadjuvant therapy, a proportion of them even undergo hyper-progress. Moreover, immune-related toxicity might hinder subsequent surgery and be even fatal (6). Hence, precise and reliable approaches to predict therapeutic efficacy and identify ideal responders to ICI-based neoadjuvant treatment are of great importance.

Current predominantly utilized biomarkers in clinic and trials design are PD-L1 expression and tumor mutation burden (TMB), although considerable efforts have been made to develop them as companion biomarkers. Most NSCLC patients with high PD-L1 expression and TMB show no long-term benefits from ICIs, while some patients with low PD-L1 and TMB tumors are responders (7, 8). Both PD-L1 and TMB heavily depend on tissues and are subject to technical challenges and clinical specimens. Dynamic reflection of responses to neoadjuvant immunochemotherapy is difficult to be reflected. In addition, accurate estimates of PD-L1 and TMB might be impacted by tumor heterogeneity and purity, making them insufficient to accurately predict outcomes to ICIs (9, 10). Latest research demonstrated that genetic phenotype rather than mutation status was crucial for responders’ selection (11). Other potential predictors, such as tumor-infiltrating lymphocytes, microbiome, multi-omics, and so on (12), are limited by high cost, time-consuming for operation, and required tissue specimens. Thus, exploiting economic and reliable biomarkers to identify NSCLC patients responding to neoadjuvant immunochemotherapy is urgently required and meaningful.

In recent years, increasing focus on peripheral blood inflammation indexes, such as hemoglobin, lactate dehydrogenase, neutrophil-to-lymphocyte ratio (NLR), platelet-to-lymphocyte ratio (PLR), monocyte–lymphocyte ratio (MLR), and platelet-to-albumin ratio (PAR), which represent systemic immune-inflammatory status and tumor burden, has been made to predict the therapeutic efficacy of NSCLC patients. Their lower baseline level or post-treatment reduction was widely considered to be associated with the higher anti-tumor response rate and better long-term outcomes in patients (6, 13–16). However, most prior studies were either based on monotherapy or just paid attention to the pretreatment baseline level without clear evidence of their dynamics during immunotherapy. Importantly, specific inflammation alterations could shape the tumor microenvironment (TME), and response to anti-tumor immune is orchestrated by immune-related pathways. The complex crosstalk between tumor and immune cells during ICI-based treatment highlights the need to develop integrated models to interpret immunotherapy responses and predict clinical outcomes, while static single feature analyses are insufficient to capture the dynamic nature and plasticity of the tumor–immune system interplay during immune checkpoint blockade (14, 17). Hence, tracking the longitudinal dynamics of peripheral blood inflammatory indexes (dPBI) during anti-tumor immune treatment gradually increased the attention and interest of researchers.

Herein we conducted an integrative analysis of dPBI during neoadjuvant immuno-chemotherapy to predict the therapeutic responses for NSCLC patients with the help of the incorporated multi-retrospective cohorts. Ultimately, we modeled their dynamics using a score and linked this score with therapeutic responses at the cellular level (evaluated by major pathological response, MPR) and the molecular level [assessed by micro-RNA (miRNA) transcriptomic analysis of plasma exosomes].




2 Materials and methods



2.1 Study design and patient population

This is a multi-cohort retrospective study. For the training cohort, we retrospectively reviewed the medical records of 193 NSCLC patients who underwent neoadjuvant ICI-containing regimens and had completed resection between October 2019 and April 2023 at our center. After rigorous screening, 147 patients were included in the study (Figure 1). The key inclusion criteria were as follows: (1) above 18 years old, (2) pathologically confirmed as NSCLC, (3) clinically staged IIA–IIIB (cT1–4N0–3) according to the eighth edition of the American Joint Committee on Cancer stage system, (4) administration of at least two cycles of neoadjuvant immunotherapy, (5) resection specimens subjected to pathological assessment after neoadjuvant immunochemotherapy, and (6) complete follow-up and clinicopathological information. Patients meeting the following exclusion criteria were ineligible: (1) receiving neoadjuvant immunomonotherapy, (2) with epidermal growth factor receptor (EGFR) gene mutation and anaplastic lymphoma kinase (ALK) gene rearrangement, (3) lacking peripheral blood laboratory data within 1 week before neoadjuvant immunochemotherapy, (4) a history of malignancies at other sites, and (5) suffering from active acute infection or chronic infection or steroid treatments within 1 month before the neoadjuvant immunochemotherapy. As for the validation cohort, patients with NSCLC from our previously published prospective, phase II study (NCT04304248) were analyzed (18).




Figure 1 | Study enrollment, source and distribution of cases, and identification of predictive indexes for major pathological response.



This study was performed following the recommendations of the Declaration of Helsinki, and its protocol was reviewed and approved by the ethics committee (no. B2022–445-01). The requirement for written informed consent from patients was waived owing to its retrospective nature.




2.2 Definition of peripheral blood inflammatory indexes and data collection

Peripheral blood values were manually retrieved from the medical records at baseline (within 1 week before the first neoadjuvant treatment) and posttreatment (within 1 week before resection). Specifically, we collected the counts of neutrophils (109/L, N), monocytes (109/L, M), platelets (109/L, P), lymphocytes (109/L, L), and serum albumin concentrations (105/L, A). The specific peripheral blood inflammatory indexes were calculated as follows: NLR = N/L (14), MLR = M/L (19), PLR = P/L (20), platelet–albumin ratio (PAR) = P/A (21), prognostic nutritional index (PNI) = A+5*L (22), systemic immune inflammation index (SII) = P*NLR (23), systemic inflammation response index (SIRI) = N*MLR (24), and PIV = N*M*P/L (13). Subsequently, the dynamic changes of these peripheral blood inflammatory indexes, which were named as dNLR, dMLR, dPLR, dPAR, dPNI, dSII, dSIRI, and dPIV, were defined as peripheral blood inflammatory indexes at the posttreatment point minus the corresponding value at baseline.

In addition, we collected data on clinicopathological factors of all patients included, including gender, age, body mass index (BMI) (obtained within 1 week before the first neoadjuvant treatment), smoking history, histological type, differentiation degree, cT stage, cN stage, and pathological response from the medical records.




2.3 Neoadjuvant therapy and pathological assessment

Neoadjuvant immunochemotherapy is administered every 3 weeks, and the ICI agent included PD-1 and PD-L1 inhibitors. Surgery is performed 4 to 6 weeks after the end of the last cycle of neoadjuvant immunochemotherapy.

Based on the multidisciplinary recommendations from the International Association for Lung Cancer Research (25) and published studies, MPR is defined as the presence of no more than 10% residual cancer cells within the primary tumor bed, which is the same as the Checkmate 159 and NADIM study (2, 26).




2.4 Follow-up of patients and study endpoints

We regularly monitored the patients’ medical conditions every 3 months through a telephone follow-up or by outpatient electronic records, including physical examinations, hematological and laboratory examinations, and chest and abdominal computed tomography (CT). Positron emission tomography CT, brain magnetic resonance imaging (MRI), and tracheoscopy were performed if necessary. In cases where the patients had passed away, the cause and date of death were also recorded during the follow-up process.

The main endpoint of this study is MPR. The secondary study endpoint is event-free survival (EFS), defined as the time interval from the date of initiation of neoadjuvant immunotherapy to the date of death or tumor recurrence.




2.5 Identifying a MPR signature based on dPBI

In the training cohort, we utilized the “glmnet” R package to perform least absolute shrinkage and selection operator (LASSO) algorithm to select the dPBI for predicting MPR and calculating their corresponding coefficients. On the basis of the results of the above-mentioned LASSO algorithm, a MPR signature was constructed, and its predictive score (MPR score) was summed up using the dynamic change of specific peripheral blood indexes and their corresponding regression coefficients. The specific formula was as follows: MPR score = sum (selected dPBI × corresponding coefficients).




2.6 Purification and identification of plasma exosome and exosomal miRNA sequencing

For miRNA sequencing, we collected plasma (within 1 week before the first neoadjuvant treatment) and posttreatment (within 1 week before resection) from 12 patients with NSCLC in the training cohort. Total exosome was extracted from 200 μL of plasma via the GS Reagent DF Kit (GENESEED, Guangzhou) following the manufacturer’s instructions. Then, we utilized the transmission electron microscope (HT-7700, Hitachi) to identify the purified exosomes, which were subsequently suspended in 100 μL of phosphate-buffered saline (PBS) and dropped on copper-coated grids. Before photographing by electron microscopy, the copper-coated grids were dried at room temperature after staining with 2% uranyl acetate. Approximately 100 ng of total RNA was used to prepare a small RNA library according to the protocol of TruSeq Small RNA Sample Prep Kits (Illumina, San Diego, CA, USA). Finally, we performed single-end sequencing (1 × 50 bp) on an Illumina Hiseq2500 at the LC-BIO (Hangzhou, China) following the vendor’s recommended protocol.




2.7 Processing of sequencing data and gene set enrichment analysis

Processing of raw data and miRNA mapping were achieved using the ACGT101-miR (LC Sciences, Houston, TX, USA) and miRBase 22.0 (http://www.mirbase.org/), and miRNA expression data were normalized for transcripts per kilobase of exon model per million mapped reads (TPM). The details of the above-mentioned procedure are provided in the Supplementary Methods.

We carried out the differential expression (DE) analysis via “limma” R package (27) to identify the DE miRNAs at baseline and after neoadjuvant immunochemotherapy. A miRNA with log2 | fold change | > 1 and P-value <0.05 were defined as DE miRNA, whose dynamic change was calculated as TPM at posttreatment – TPM at baseline. Then, Pearson correlation analysis was performed to recognize the correlation between the dynamic change of DE miRNA and MPR signature. Correlation coefficient (R2) > 0.5 and P-value < 0.05 were considered as significantly correlated. We used two computational target prediction algorithms (TargetScan 5.0 and miRanda 3.3a) (28, 29) to predict genes targeted by miRNAs correlated with MPR signature. Gene with miranda Energy <-10 in miRanda algorithm and context score percentile >50 were identified as targeted genes of miRNAs. Subsequently, we executed the Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis of targeted genes through the “clusterProfiler” R package (30), in which the pathway with P-value <0.05 was seen as apparent enrichment.




2.8 Statistical analysis

Continuous variables were shown as median values with interquartile ranges; for continuous variables with normal distribution, we used Student’s t-test to compare, and as for those not conforming to normal distribution, Mann–Whitney U-test was used to compare. Categorical variables were listed as count (percentage) and compared via the chi-squared test or Fisher’s exact test. The survival curves for EFS were estimated using the Kaplan–Meier method and compared through the log-rank test.

The univariate and multivariate logistic regression model was performed to identify the predictive value of MPR score and other independent predictors of MPR, based on which a predictive model for MPR was established and graphically presented as a nomogram through the “rms” R package. We further internally evaluated the predictive performance of this nomogram by calculating the area under the curve (AUC) of the receiver operating characteristic (ROC) and calibration curves. We performed 1,000 times bootstrap resampling to validate its predictive capability. Furthermore, we also externally evaluated the predictive performance of this nomogram via the AUC of ROC and calibration curves in the validation cohort. Ultimately, the clinical value of our nomogram was assessed by decision curve analysis (DCA), which could assess the net benefit of patients from this nomogram. The maximally selected log-rank test was used via the “maxstat” R package to determine the cutoff value of MPR score for converting the MPR score into a binary categorical variable.

Statistical analyses in this study were performed using R software (version 4.2.1, Vanderbilt University, Nashville, TN, USA) and SPSS software (version 22.0, SPSS Inc., Chicago, IL, USA). A two-tailed P-value <0.05 was considered statistically significant.





3 Results



3.1 Workflow of this study

Herein a total of 147 patients were eligible for the training cohort. As for the validation cohort, 26 patients without EGFR mutation and ALK rearrangement from our previously published prospective, phase II study (NCT04304248) were enrolled (18). All patients enrolled here underwent ICIs plus chemotherapy as inductive treatment and then received surgery. Details of their neoadjuvant regimens are listed in Supplementary Table S1. The flow diagram of this work is shown in Figure 2.




Figure 2 | Flowchart for a comprehensive analysis of the dynamics of peripheral blood inflammatory index (dPBI) in patients with locally advanced non-small cell lung cancer who underwent neoadjuvant immunochemotherapy.






3.2 Characteristics of the patients

The median age of the training cohort was 61 years old, while it was 59 years old in the validation cohort. Lung squamous carcinoma (LUSC) was the major histological type, accounting for 66.0% of the training cohort and 73.1% of the validation cohort. Male patients were significantly more than female patients in both the training cohort (89.1% versus 10.9%) and the validation cohort (84.6% versus 15.6%). Before neoadjuvant therapy, at least half of the patients were diagnosed as cN2 stage in both the training cohort (50.3%) and the validation cohort (50.0%). After neoadjuvant therapy, 101 (68.7%) and 20 (76.9%) patients in the training and validation cohorts achieved MPR, respectively. Moreover, 58 (39.5%) and 15 (57.7%) patients in the training and validation cohorts achieved pCR, respectively. Except for differentiation degree, the training cohort and the validation cohort were matched well. Compared with the validation cohort, more patients were moderately differentiated in the training cohort (35.4% versus 11.5%, P = 0.010) (Table 1).


Table 1 | Patients’ characteristics.






3.3 Identifying a MPR signature based on dPBI

Using NSCLC patients in the training cohort, we investigated the value of dPBI in predicting MPR for NSCLC patients receiving neoadjuvant immunochemotherapy (Figure 1). We initially performed the LASSO regression algorithm to integrate the longitudinal dynamics of above eight peripheral blood inflammatory indexes at the optimal value of -4.28 of log(e)λ with minimal bias, four dPBI without zero coefficients, i.e., dMLR, dPLR, dPAR, and dPNI, were screened out as indicators associated with MPR to further construct the MPR signature, which was named as the MPR score (Supplementary Figures 1A, B). The specific formula of MPR score was as follows: MPR score = dMLR * -3.70E-01 + dPLR * -8.81E-04 + dPAR * -7.65E-02 + dPNI * -6.61E-03.




3.4 Predictive value of the MPR score for MPR

Subsequently, we integrated the MPR score as well as clinical characteristics into the univariate and multivariate logistics analysis to further identify the predictive factors of MPR. As shown in Table 2, the univariate logistic analysis demonstrated that gender (P = 0.028), smoking history (P = 0.028), histology (LUSC versus LUAD, P = 0.001; LUSC versus others, P = 0.001), differentiation degree (P = 0.001), and the MPR score (P = 0.016) were statistically significant for MPR. Before multivariate logistics analysis, we tested the multicollinearity through variance inflation factor (VIF) and tolerance of MPR score, gender, histological type, smoking history, and differentiation degree. The VIF of score, gender, histological type, smoking history, and differentiation degree is 1.044, 1.606, 1.254, 1.762, and 1.050, respectively, which were less than 5. The tolerance of score, gender, histological type, smoking history, and differentiation degree is 0.958, 0.623, 0.798, 0.567, and 0.952, respectively, which were larger than 0.1.The multivariate logistics analysis further revealed that the MPR score (P = 0.028, OR 4.756; 95% CI 1.183–19.116), differentiated degree (P < 0.001, OR 4.432; 95% CI 2.015–9.750), and histological type (LUSC versus LUAD, P < 0.001, OR 0.139; 95% CI 0.046–0.415; LUSC versus others, P = 0.007, OR 0.182; 95% CI 0.053–0.621) were independent predictors of MPR for NSCLC patients who underwent neoadjuvant immunochemotherapy.


Table 2 | Univariate and multivariate logistics analysis of MPR for the training cohort.






3.5 Development of the predictive nomogram for MPR

Based on the aforementioned three independent predictors from the above-mentioned multivariate logistics analysis, i.e., the MPR score, differentiated degree, and histology, a predictive model to predict MPR derived from neoadjuvant immunochemotherapy was developed and visually presented as a nomogram (Figure 3A). Through this nomogram, the corresponding score of these three factors were determined by their projection onto the point scale. We subsequently summed up their total scores and projected it to the total point scale and then projected downward onto the bottommost line to predict the probability of MPR of NSCLC patients treated with neoadjuvant immunochemotherapy. It was evident that higher total scores in patients were associated with an increased probability of MPR. For easy use of our nomogram, we provided the point for each factor and the probability of MPR associated with the different total points (Supplementary Table S2).




Figure 3 | Development and validation of the nomogram. (A) Nomogram for predicting MPR for NSCLC patients after neoadjuvant immunotherapy, according to which each variable could be assigned a score on the point scale. By adding up the total points, we could determine the estimated probability of MPR. (B) Receiver operating characteristic curve of the nomogram in training cohort. (C) Calibration plots for the nomogram in the training cohort. Predicted and actual MPR probability were respectively plotted on the X-axis and the Y-axis. The 45° dashed lines through the coordinate origin represent the excellent calibration models. (D) Distribution of AUC for 1,000 times bootstrapping. (E) Receiver operating characteristic curve for the nomogram in the validation cohort. (F) Calibration plots for the nomogram in the validation cohort. The predicted and actual MPR probability were respectively plotted on the X-axis and the Y-axis. The 45° dashed lines through the coordinate origin represent the excellent calibration models.






3.6 Assessment of predictive performance of the nomogram for MPR

We draw ROC curves and calibration curves of this nomogram in the training cohort and the validation cohort to evaluate its predictive performance. In the training cohort, the AUC value of ROC was 0.803, which represented a high predictive efficacy in predicting MPR (Figure 3B). The calibration curve displayed a high agreement between the virtual (Y-axis) and predicted (X-axis) probabilities of MPR (Figure 3C), which indicated a satisfactory predictive performance in internal validation. In addition, we further performed internal bootstrap validation with 1,000 repetitions. The main AUC after 1,000 times of bootstrapping was 0.752 (IQR 0.682–0.795). The histogram in Figure 3D showed the distribution of AUC for 1,000 times of bootstrapping, and more than half of the repetitions of AUC were closed to 0.8.

Similarly, the predictive performance of this nomogram was validated in the validation cohort. This nomogram also showed a high predictive performance in the validation cohort with an AUC of 0.817 (Figure 3E). The calibration curve also displayed a relatively good agreement between the virtual and predicted probabilities of the MPR (Figure 3F). Moreover, DCA plots demonstrated that a net benefit for NSCLC patients could be obtained when patients utilize this nomogram in neoadjuvant immunochemotherapy (Supplementary Figures S2A, B).




3.7 Prognostic value of MPR and MPR score for EFS

The median follow-up time of all 173 patients was 26.7 months, and 43 recurrence or death events were observed. At first, we attempted to explore the association between MPR and EFS outcomes. As shown in Figure 4A, significantly better EFS of NSCLC patients with MPR after neoadjuvant immunochemotherapy than those without MPR was seen in the Kaplan–Meier curves (log-rank test P = 0.002). Then, maximally selected log-rank statistics determined 0.23 as the cutoff value of MPR score, and 56 of 173 patients had a high MPR score (Supplementary Figure S3). As shown in Figure 4B, an apparently longer EFS time was observed in patients with high MPR score than those with low MPR score (log-rank test P = 0.042). We also explored the prognostic value of gender, BMI, smoking history, histological type, differentiated degree, and cT and cN stage. Only pCR showed statistical significance (P = 0.001) in univariable Cox regression analysis (Supplementary Figure S4).




Figure 4 | Event-free survival for all patients. (A) Survival curves for patients with MPR and non-MPR. (B) Survival curves for patients with high and low MPR score, respectively.






3.8 MPR signature and dynamic changes of exosomal miRNA profile

As inflammatory status can suppress innate and adaptive immune responses (31), we next sought to explore whether this peripheral MPR signature was related to distinct transcriptional signatures in the context of neoadjuvant immunochemotherapy. We focused on paired analyses of baseline and post-ICI plasma of 12 patients with NSCLC in the training cohort, from which we firstly purified the exosomes through the GS Reagent DF Kit, and by means of transmission electron microscopy, we observed the small double-leaflet membrane particles (Supplementary Figure S5). Then, we performed miRNA sequencing from plasma exosomes, and a differential analysis found 549 DE miRNA between baseline and post-ICI samples. Compared with baseline samples, 293 miRNAs were upregulated, and 256 miRNAs were downregulated in post-ICI samples (Supplementary Table S3). After excluding miRNAs with low expression, we further calculated the longitudinal dynamic change of the expression of DE miRNAs and performed Pearson correlation analysis with the predictive score of our MPR score. As shown in Table 3, five miRNAs were significantly related to our MPR score, among which two miRNAs were negatively associated with the MPR score and three miRNAs showed a positive correlation with the MPR score. Subsequently, we predicted the targeted genes of these five miRNAs and performed KEGG enrichment analysis to explore the potential function of these miRNAs. These analyses revealed enrichments in some immune regulation and signal transduction pathways, specifically speaking, miRNAs positively correlated with the MPR score showed enrichments in platelet activation, PI3K-Akt signaling pathway, chemokine signaling pathway, PD-L1 expression and PD-1 checkpoint pathway, leukocyte transendothelial migration, Th17 cell differentiation, and so on. Other two miRNAs negatively correlated with the MPR score were enriched in transcriptional misregulation in cancer, p53 signaling pathway, mTOR signaling pathway, B cell receptor signaling pathway, T cell receptor signaling pathway, and so on (Figures 5A, B).


Table 3 | miRNA significantly correlated with MPR signature.






Figure 5 | Scatter plot of KEGG enrichment analysis. (A) Pathways involved in immune regulation and signal transduction of three miRNAs which positively correlated with MPR signature. (B) Pathways involved in immune regulation and signal transduction in two miRNAs which negatively correlated with MPR signature.







4 Discussion

Mechanically speaking, an intact host immunity status tends to release or expose to tumor neoantigens to activate tumor-specific T cells; thus, preoperative immunotherapy has much advantage to eradicate tumor cells and micrometastases (32). ICI-based neoadjuvant therapy has been recommended as a prior antitumor strategy for patients with locally advanced NSCLC in consideration of its remarkable tumor-killing effects and sustaining clinical benefits (2–4). Due to the heterogeneous response rate to neoadjuvant immunochemotherapy in NSCLC patients, an accurate and reproducible prediction of antitumor immune responses among patients with NSCLC who underwent ICI-based neoadjuvant regimens is much essential to optimize patient benefits, improve clinical outcomes, and reduce social medical cost. In this retrospective study, we monitored the longitudinal dynamic changes in peripheral blood inflammatory indexes in NSCLC patients treated with preoperative immunochemotherapy. Utilizing the LASSO algorithm, we revealed four dPBI (dMLR, dPLR, dPAR, and dPNI) to be associated with MPR and further developed a MPR score to model their longitudinal dynamics. The MPR score was subsequently identified as an independent predictor of MPR; a predictive model on the basis of this MPR score was subsequently constructed and showed good stratification performance on MPR prediction in NSCLC patients treated with neoadjuvant immunochemotherapy. Besides that, miRNA transcriptomic analysis of plasma exosomes represents a significant correlation between the MPR score and immune cell regulations as well as immune-related pathways. Taken together, our study suggested that dPBI might be an indirect reflection of antitumor immune responses derived from neoadjuvant immunochemo-therapy and, ultimately, favorable clinical outcomes.

The value of inflammation-nutrition-related biomarkers in predicting the prognosis and immunotherapeutic efficacy in patients with NSCLC has become a research hotspot in recent years (13, 33–36). Diem et al. found that baseline NLR ≥5 was independently correlated with the inferior overall survival (OS) of nivolumab-treated patients with advanced NSCLC (33). Similarly, Sun et al. reported that the high baseline NLR was an independent predictor of poor pathological response and shorter disease-free survival for resectable NSCLC patients receiving neoadjuvant chemotherapy plus ICIs (34). Sekine et al. revealed that a rapid decrease of the peripheral MLR was significantly associated with the efficacy of nivolumab monotherapy in advanced NSCLC (35). Advanced NSCLC patients with higher baseline PNI exhibited better clinical outcomes from immunotherapy (36). On the one hand, inflammation, as the recognized hallmark of tumors, reflects the overall immune function of the body and is substantially associated with anti-tumor immunity. Previous researches have reported that the expression pattern of inflammation-related genes, proteins, and cytokines was a vital part of the TME (37, 38). On the other hand, the systemic inflammatory-nutrient status plays a vital role in tumor progression and patients’ survival. Usually, cancer patients tend to experience malnutrition due to vigorous metabolism and abnormal proliferation of tumor cells, leading to loss of muscle, fat, and body weight. Furthermore, malnutrition might damage the immune system, causing an imbalance between immune-suppression and tumor proliferation; hence, the body’s immune system fails to eliminate tumor cells, and the possibility of cancer-related death finally increases (39). Thus, considerable efforts on combining peripheral inflammatory and nutrition-related indexes to predict the prognosis and immunotherapeutic efficacy of NSCLC patients have been conducted (6, 13–16).

Although the underlying causal effects of the above-mentioned association are still unclear, several hypotheses can be proposed. Circulating classical monocytes extravasate into tissues and further differentiate into macrophages. Tumor-associated macrophages (TAMs) contribute to tumor progression in diverse ways, including promoting genetic instability, stimulating angiogenesis and lymphangiogenesis, facilitating tumor cell extravasation, survival, proliferation, and persistent growth, nurturing tumor stem cells, promoting epithelial–mesenchymal transition, remodeling the extracellular matrix, priming the premetastatic site, and supporting metastasis. TAMs also induce immunosuppression through secreting cytokines such as IL-10 and TGF-β to prevent tumor cells from being attacked by natural killer and T cells during progression and after recovery from chemotherapy or anti-tumor immune (40–42). Low grade TAMs correlate with better prognosis and improve overall survival (41). Platelets have been shown to actively contribute to the process of tumor metastasis, and these bind to circulating tumor cells (CTCs), forming a platelet shield around CTCs, which protect CTCs from shear stress by reducing the exerted force, avoid CTCs from being recognized by the immune system to facilitate immune evasion, and provide adhesive sites on the wall of blood vessels to promote tumor cells to extravasate into tissues (43, 44). Depleted platelet has been observed to be correlated with decrease in tumor growth (45). In contrast, peripheral albumin level sensitively reflects the nutrition status of the body; a low albumin causes a high level of malnutrition and is related to poor clinical outcomes for lung cancer patients (46). Lymphocytes, especially CD8+ T cells, play an important component in anti-tumor immune response through inhibiting tumor cell proliferation and migration and inducing cytotoxic deaths. CD8+ T cells not only directly kill cancer cells via perforin and granzyme pathways or the Fas/Fas ligand pathway but also indirectly destroy tumors through secreting cytokines such as IFN-γ and TNF-α (14, 47, 48). High peripheral blood lymphocytes indicate stronger endogenous anti-tumor capacity in the body, and lymphocytopenia is associated with poor survival in numerous settings as tumors might induce lymphocyte apoptosis both within the TME and in peripheral circulation as a means of avoiding immune recognition (49). In line with this notion, we focused on the dPBI and identified a MPR signature, named MPR score, based on these dynamics during neoadjuvant immunochemotherapy. Furthermore, we revealed a significant correlation between an increased MPR score during the treatment, that is, reduction of MLR, PLR, PAR, and PNI, with a higher possibility of MPR. Additionally, NSCLC patients with MPR after ICI-based regimens of neoadjuvant treatment presented significantly better clinical responses (EFS) than those without MPR.

Previous homogeneous research usually paid attention to the value of pretreatment peripheral inflammatory biomarkers in predicting the anti-tumor immune responses in NSCLC patients (13), which neglected the dynamic nature and plasticity of the tumor–immune system interplay of the immune checkpoint blockade and was not very robust. Analyses integrated with tumor-intrinsic and immune cell-focused features showed that nuanced characteristics of the tumor genomic landscape together with proinflammatory signatures in TME could better distinguish responding from non-responding tumors (9, 50, 51)—for instance, the recruitment of TAMs to tumors is mainly mediated by a range of tumor-derived chemokines, including CCL2, VEGF, CCL5, and CSF1 (41). Ali HR et al. identified that immunotherapy distinctively remodeled the tumor structure; non-responders were characterized by increasing levels of CD15+ cells (a carbohydrate blood group antigen expressed by neutrophils and monocytes), while key leukocytes, such as T cells, increased dramatically on treatment and the dynamics of macrophages and dendritic cells mirrored that of T cells (17). In addition, a significant overlap between responders and non-responders to ICIs exists for biomarkers tested just based on the analysis of pretreatment tumor biopsies (52, 53). Wargo et al. obtained longitudinal tumor biopsies of metastatic melanoma patients treated with ICIs. Immune profiling analysis of immune cell infiltrates in TME showed that there was no difference in any of the measured markers between responders versus non-responders to CTLA-4 blockade at the pretreatment time point, while an analysis of early on-treatment tumor biopsies revealed a significantly higher density of CD8+ T cells in responders than non-responders to CTLA-4 blockade. Although further immune profiling analysis for patients treated with anti-PD-1therapy had a modestly statistically significant difference in the density of T cells subsets in the pretreatment baseline samples of responders compared to non-responders, their values were largely overlapping. In contrast, a profound and highly statistically significant difference in the expression of markers for T cell subsets and immunomodulatory molecules was shown in responders versus non-responders to therapy in early on-treatment tumor samples, with little to no overlap between groups (50). Therefore, our study provided novel evidence that assessing neoadjuvant immune-chemotherapy responses could be precisely achieved through minoring the dPBI during the treatment, rather than solely according to examination at baseline. Theoretically, ICIs and chemotherapy can influence the proliferation, migration, chemotaxis, and activation of peripheral blood mononuclear cell (PBMC) to killing tumor cells, and we guess tumor cells counteract the killing through a series of biological reaction such as secreting exosomes containing characteristic substances, and this process can show up in the dPBIs (54–57). Therefore, we performed exosomal miRNA seq analysis to dissect the possible intrinsic relationship between the MPR score and MPR. Furthermore, the exosomal miRNA sequencing and DE analysis obtained at baseline and posttreatment time points showed a significant Pearson correlation among the certain miRNAs and our MPR score. The targeted genes of the abovementioned miRNAs as well as their enriched pathways dissected the possible intrinsic relationship between the MPR score and MPR, that is, patients with a high MPR score might not have a weakened anti-tumor immune, such as decreased platelet activation. Similar to a previous study, we report that early on-treatment tumor samples of patients treated with immunotherapy showed significant DEGs in responders and upregulated DEGs related to processes such as antigen presentation, T cell activation, and T cell homing, but there were no significant differences in targeted gene expression profiling at pre-treatment ICIs (50). Hence, our MPR score might represent another strategy through which clinicians could best predict responders to neoadjuvant immunochemotherapy.

Despite our MPR score integrating dPBI during neoadjuvant immunochemotherapy and the considerable predictive efficiency of this MPR score-based model, several limitations should be acknowledged for this study. First, confounding factors or uncaptured sources of bias should be noted due to the retrospective nature of this investigation, and the relatively small sample size of the validation cohort was limited. Although we adopted an independently managed cohort (NCT04304248) to evaluate the predictive capacity of the MPR model, larger-scale studies in a prospective design and external validation are warranted in the future. Second, although we dissected the correlation between the MPR score and miRNA transcriptomic analysis of plasma exosomes, we did not explore the intratumoral T cell clonal dynamics in peripheral blood during this ICI-based neoadjuvant treatment; hence, if this MPR score could be linked with the expansions in peripheral effector lymphocytes are worthy of consideration. However, our findings are strengthened by the consistency with another similar study in NSCLC patients, which demonstrated that peripheral inflammatory indexes captured the T cell repertoire reshaping post-ICI. Third, though this study revealed the prognostic value of MPR, pCR is the most important thing in the treatment strategy. In the future, prospective exploration of markers of pCR will be a more valuable work.




5 Conclusion

We comprehensively analyzed the dPBI and constructed the MPR score for non-invasive prediction of neoadjuvant immunochemotherapy responders for patients with NSCLC. Furthermore, our analysis supported the notion that this MPR score was associated with underlying transcriptome dynamics in plasma exosomes in the quality of the antitumor immune response in the TME, providing the potentially biological foundation to dissect their association. Hence, for patients with NSCLC planned for neoadjuvant immunochemotherapy, integrative predictive models of response incorporating this non-invasive, readily available biomarkers might help to identify patients who are less likely to obtain clinical outcome benefits on ICI-based treatment, allowing for rapid adaptive changes in therapeutic strategy.
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Lung adenocarcinoma (LUAD), characterized by a low 5-year survival rate, is the most common and aggressive type of lung cancer. Recent studies have shown that tertiary lymphoid structures (TLS), which resemble lymphoid structures, are closely linked to the immune response and tumor prognosis. The functions of the tertiary lymphoid structure-related genes (TLS-RGs) in the tumor microenvironment (TME) are poorly understood. Based on publicly available data, we conducted a comprehensive study of the function of TLS-RGs in LUAD. Initially, we categorized LUAD patients into two TLS and two gene subtypes. Subsequently, risk scores were calculated, and prognostic models were constructed using seven genes (CIITA, FCRL2, GBP1, BIRC3, SCGB1A1, CLDN18, and S100P). To enhance the clinical application of TLS scores, we have developed a precise nomogram. Furthermore, drug sensitivity, tumor mutational burden (TMB), and the cancer stem cell (CSC) index were found to be substantially correlated with the TLS scores. Single-cell sequencing results reflected the distribution of TLS-RGs in cells. Finally, we took the intersection of overall survival (OS), disease-specific survival (DSS), and progression-free interval (PFI) prognosis-related genes and then further validated the expression of these genes by qRT-PCR. Our in-depth investigation of TLS-RGs in LUAD revealed their possible contributions to the clinicopathological features, prognosis, and characteristics of TME. These findings underscore the potential of TLS-RGs as prognostic biomarkers and therapeutic targets for LUAD, thereby paving the way for personalized treatment strategies.
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Introduction

Lung cancer is the predominant form of cancer and the leading cause of cancer-related deaths worldwide (1–4). Approximately 80–85% of these cases are non-small cell lung cancer (NSCLC) (5). Lung adenocarcinoma (LUAD) is the most prevalent subtype of NSCLC (6, 7). The five-year survival rate for LUAD is approximately 15% because most patients are diagnosed at an advanced stage (8). Immunotherapy significantly alters the treatment course for cancer patients (9–11). Specifically, therapeutic strategies for metastatic NSCLC, either in a first- or second-line setting, have resulted in unprecedentedly prolonged survival in some patients (12, 13). Nevertheless, not every patient responds to immunotherapy, and only a small fraction achieve long-term survival (14). Therefore, the identification of additional biomarkers is essential to enhance the efficacy of precision immunotherapy in NSCLC patients.

Tertiary lymphoid structures (TLS) are ectopic formations of lymphoid tissue acquired from inflammatory, infectious, or tumoral tissues (15, 16). TLS include a T cell zone containing mature dendritic cells and a germinal center containing proliferating B cells, follicular dendritic cells, and high endothelial venules (17–20). Emerging as a significant predictor of patient outcomes, the TLS has been identified in the pathological evaluation of numerous cancers (21, 22). Due to their distinct immunogenic niches, they represent excellent candidates for enhancing therapeutic efficacy and for predicting and assessing the effectiveness of immunotherapy drugs (21, 23, 24). Specific studies have examined the prognostic significance of TLS in a range of tumor types, including pancreatic ductal adenocarcinomas (25, 26), esophageal squamous cell carcinoma (27), breast cancer (28, 29), endometrial cancer (30, 31), cholangiocarcinoma (32, 33), gastric carcinoma (34, 35), human melanoma (36), renal cell cancer (37), and hepatocellular carcinoma (38), among others. These studies showed that TLS affects patient prognosis and influences immunological infiltration, thereby enhancing patient survival. Therefore, a comprehensive evaluation of TLS in LUAD is crucial, particularly focusing on changes in tertiary lymphoid structure-related genes (TLS-RGs). Identifying different TLS-RG subgroups among LUAD patients may potentially improve their prognosis.

Patients with LUAD were initially divided into two distinct subgroups based on TLS-RGs expression levels. Following the identification of differentially expressed genes (DEGs) based on the two TLS subtypes, patients were categorized into two distinct gene subtypes. We created a scoring method to assess the immunological landscape and predict prognosis. Additionally, we investigated how TLS-RGs influence the tumor microenvironment (TME), cancer stem cells (CSC), tumor mutational burden (TMB), and drug sensitivity in LUAD. Moreover, we analyzed TLS-RGs through single-cell sequencing to offer a comprehensive description of their prognostic significance. Finally, the prognosis-related genes were verified by qRT-PCR. Specifically, acquiring a more profound understanding of the role played by TLS-RGs not only facilitates a comprehensive exploration of TLS as potential therapeutic targets for treating LUAD but also contributes to improving the prognosis of LUAD patients through informed treatment strategies and personalized interventions.





Materials and methods




LUAD dataset download and TLS-RGs acquisition

A process map outlining the current study was depicted in Supplementary Figure 1. TCGA database provides RNA expression, somatic mutation data, and clinical characteristics for LUAD. The TCGA database can be accessed at https://portal.gdc.cancer.gov/. A suitable number of samples and comprehensive clinical information were obtained from the Gene Expression Omnibus (GEO) database, accessible at https://www.ncbi.nlm.nih.gov/geo/. From this database, the LUAD-related dataset GSE13213 was located and downloaded. The FPKM values of 541 LUAD patients and 59 normal patients from the TCGA database were converted to TPM values and normalized. Subsequently, the GSE13213 data (117 LUAD patients) was merged to create a comprehensive expression matrix. These datasets were then systematically organized and processed utilizing Strawberry Perl (version 5.30.0.1). Immunohistochemical images of lung cancer tissues and their corresponding normal tissues were obtained from the Human Protein Atlas (HPA) database to assess the protein expression levels of 5 TLS prognostic genes. Previous studies provided 39 TLS-RGs (39). Gene details are available in Supplementary Table 1.

LUAD tissues and corresponding paracarcinoma tissue samples were collected from 30 lung cancer surgery patients at Fujian Cancer Hospital. This study was approved by the hospital’s Ethics Committee (number: K2023-417-01). Informed consent was obtained from all participants prior to enrollment.





Analysis of TLS-RGs using consensus clustering

We utilized the “ConsensusClusterPlus” tool in the R package to conduct consensus unsupervised clustering analysis. The following standards were used to produce this clustering: initially, the curve representing the cumulative distribution function (CDF) increased steadily and gradually. None of the groups had small sample sizes. Finally, there was an increase in the intragroup correlations and a decrease in the intergroup correlations following clustering. The classification of several subgroups can be evaluated using principal component analysis (PCA), which partially reflects the variations among subgroups. Kaplan-Meier (KM) curves were also generated to illustrate differences in survival rates between different subgroups.





DEGs identification and functional enrichment analysis

229 DEGs between the TLS subtypes were determined utilizing the R “limma” package. The p < 0.05 and a fold change of 2.0 were used as the criteria. The molecular signaling pathways involved were determined using the Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis (40). Gene ontology (GO) enrichment analysis facilitated the classification and description of gene and protein activities (41). Differential analysis at the signaling system level was performed using gene-set variation analysis (GSVA) (42).





Creation of TLS scores

First, univariate Cox regression analysis was conducted on the dataset to identify the DEGs associated with LUAD overall survival (OS). Secondly, based on the expression levels of prognostic TLS-RGs, patients were stratified into two subtypes (TLS gene subtypes A and B) for further investigation using an unsupervised clustering method. Finally, a 1:1 randomization process was employed to divide all patients with LUAD into training and test sets. The test set and the training set each contained 312 patients. The training set was utilized to create TLS-related prognostic scores. To sum up, we utilized the “glmnet” R package alongside Lasso Cox regression to reduce overfitting risk linked to TLS-related prognostic genes. Through multivariate Cox regression analysis, candidate genes were identified, and predictive TLS scores were subsequently derived within the training set.

Patients within the training set were stratified into two groups: those categorized as low-risk (TLS scores above median) and those identified as high-risk (TLS scores below median). In a similar manner, the testing group was divided into low-risk and high-risk groups. Receiver operating characteristic (ROC) curves were generated, and KM survival analyses were performed for each group.





Cell culture for qRT-PCR analysis

The cell lines Beas-2B, PC9, A549, H1299, and HCC827 used in our study were purchased from procell (Wuhan, China). The frozen stocks of Beas-2B, PC9, A549, H1299, and HCC827 cells were thawed in a 37°C water bath. Subsequently, the cells were cultured in 10 cm dishes with RPMI-1640 medium supplemented with 10% fetal bovine serum and 1% penicillin/streptomycin, and then incubated in a 37°C humidified atmosphere with 5% carbon dioxide. The TRIzol reagent (Invitrogen, Carlsbad, CA, USA) was used to extract total RNA. Total RNA and the PrimeScript RT Reagent Kit (Takara) were used to create complementary DNA. Takara SYBR Green assays were utilized for qRT-PCR analysis. The 2-ΔΔCt approach was used to compile qRT-qPCR data normalized using GAPDH. The primer sequences used for the qRT-PCR are listed in Supplementary Table 3.





Assessment of immune cells infiltration, and TME

The ESTIMATE algorithm was utilized to assess the stromal scores and immune scores of each patient. CIBERSORT was utilized to measure the number of infiltrating immune cells in heterogeneous samples from both the low- and high-risk groups, aiming to assess the percentage of tumor-infiltrating immune cells (TIICs) in the TME. Seven genes with TLS scores were compared with the fractions of the 19 infiltrating immune cells.





Assessment of TMB, CSC, and mutation

The R package “maftools” (43) was utilized to create the mutation annotation format. This facilitated the comparison of somatic mutations among LUAD patients. Additionally, we investigated the correlation between CSC, TMB, and the two risk groups.





Drug susceptibility analysis

We utilized the “pRRophetic” software to compute the semi-inhibitory concentration (IC50) values of medications commonly used for treating LUAD. This analysis aimed to examine variations in the therapeutic responses of these treatments among patients belonging to the two groups.





Establishment and verification of the nomogram

Utilizing findings from independent prognostic studies, we effectively utilized clinical characteristics and risk scores to construct a predictive nomogram, facilitated by the “rms” program. A comprehensive assessment of the nomogram’s performance ensued. Additionally, a calibration curve was constructed to assess the predictive accuracy of the nomogram.





Data processing for single-cell sequencing

The GEO database provided the NSCLC scRNA-seq datasets GSE143423, GSE146100, and GSE153935. Utilizing the R package “Seurat” (44), the samples were combined. Cell data satisfying the specified criteria were preserved, including gene counts ranging from 300 to 7,000 and total transcript count under 100,000. Conversely, cell data with gene counts of three or fewer cells and those with fewer than 300 genes detected in a single cell were filtered out. During the manual annotation of various cell clusters, auxiliary annotations were obtained from the CellMarker database, the R package “singleR,” and relevant references.





Statistical analysis

In this study, we employed R software (version 4.3.2) and GraphPad Prism 9 for data processing, analysis, and visualization. Quantitative variables were analyzed using independent samples t-tests. The effectiveness of R software in predicting survival outcomes was evaluated through ROC curve analysis and KM survival analysis. Statistical significance was set at P < 0.05 for comparisons between groups.






Results




Transcriptional and genetic changes of TLS-RGs in LUAD

According to the TCGA dataset, a total of 39 TLS-RGs were identified. A summary analysis of the occurrence of somatic mutations in the 39 TLS genes showed that TLS mutations were present in 97 (15.75%) of the 616 LUAD samples (Figure 1A). The most frequent mutations were in CD4 (2%), IRF4 (2%), and MS4A1 (2%). The locations of the copy number variation (CNV) changes in the TLS-RGs on the corresponding chromosomes are displayed in Figure 1B. In the copy number circle diagram, the outermost circle represents the chromosome, with corresponding chromosome positions labeled as TLS-RGs. As depicted in Figure 1B, red labeling signifies genes with a higher frequency of CNV increase, while blue labeling indicates genes with a higher frequency of CNV deletion. Subsequently, we showed that the levels of IL10, IRF4, CCL19, and CCL21 were generally elevated in CNV, whereas the levels of GFI1 and CSF2 levels were decreased (Figure 1C). At the same time, we performed a correlation analysis of TLS-RGs (Figure 1D). Additionally, we investigated the differential expression of the 39 TLS-RGs in LUAD tumors and normal tissues. Among the 26 TLS-RGs exhibiting significant expression differences in LUAD, 12 genes displayed up-regulation, while 14 showed down-regulation (Figure 1E). Our investigation uncovered noteworthy variances in both TLS-RGs expression levels and genetic profiles between LUAD and control specimens.




Figure 1 | Different mutations, CNV, and expression of TLS-RGs in TCGA cohort. (A) The somatic mutation frequency of TLS-RGs. (B) The location of CNV alterations of TLS-RGs on 23 chromosomes. (C) The CNV frequency of TLS-RGs in LUAD. (D) Correlation analysis for TLS-RGs. (E) Expression of TLS-RGs in both normal and LUAD tissues. **p < 0.01; ***p < 0.001.



The high expression of CCL2, CCL3, CCL5, CCL18, CCL19, CCR5, CD4, CD5, CD40, CSF2, CXCL9, CXCR3, FBLN7, GFI1, ICOS, IGSF6, IL1R1, IL10, IRF4, MS4A1, SDC1, SH2D1A, STAT5A, TIGIT, and TNFRSF17 was associated with improved OS in LUAD patients. In contrast, the elevated expression of CXCL8, IL1R2, CCL20, SGPP2, CXCL11, and CCL21 correlated with poorer OS (Supplementary Figure 2).





Prognostic analysis of TLS-RGs, TLS subtypes confirmation, and immune infiltration analysis

The predictive significance of the 39 TLS-RGs for OS, disease-specific survival (DSS), and progression-free interval (PFI) in patients with LUAD was determined using univariate Cox regression (Figures 2A–C). Concurrently, we examined the intersection of OS, DSS, and PFI prognostic genes (Figure 2D). In the prognostic network diagram, nodes depict TLS-RGs, with the left semicircle color indicating gene attributes and the right semicircle representing gene risk, with high-risk genes depicted in purple and low-risk genes in green. Larger nodes denote genes more likely to be prognostically relevant. Lines between nodes signify co-expression relationships (Figure 3A). This figure illustrates the interconnections among TLS genes, regulatory linkages, and their significance in predicting the prognosis of LUAD patients. We utilized a consensus clustering algorithm to classify patients according to the expression profiles of the 39 TLS-RGs (Supplementary Figure 3). Our findings indicate that the entire cohort could be divided into subtypes A (n = 285) and B (n = 348), with k = 2 appearing to be the best choice (Figures 3B–D). PCA uncovered notable distinctions in the transcription profiles of TLS between the two subtypes (Figure 3E). According to the KM curves, it was observed that patients categorized as subtype B demonstrated a significantly longer OS compared to those categorized as subtype A (p = 0.002; Figure 3F).




Figure 2 | Association between TLS-RGs expression and OS, DSS, and PFI. (A) Forest plot of OS relationships in 39 TLS-RGs. (B) Forest plot of DSS relationships in 39 TLS-RGs. (C) Forest plot of PFI relationships in 39 TLS-RGs. (D) Venn diagram of OS, DSS, and PFI prognostic genes.






Figure 3 | Identification of TLS-RG subgroups in LUAD. (A) Prognostic network diagram of TLS-RGs. (B) For each tested value of k, the CDF illustrates the cumulative fraction of each sample co-clustering at the specified consensus index, where 1.0 indicates complete co-clustering (100% of the time). (C) The consensus clustering delta area curve depicts the variation in the area under the CDF curve concerning k - 1 for each category number k. (D) Heatmap of the consensus matrix indicating the correlation region and two clusters (k = 2). (E) Significant differences in transcriptomes between the two subtypes are shown by PCA. (F) Analysis of KM survival between Clusters A and B.



The comparative analysis of clinicopathological features among distinct subtypes of LUAD, conducted using data from both the TCGA and GSE13213 databases, revealed significant distinctions in TLS-RGs expression patterns and clinicopathological attributes. In addition, most TLS-RGs were upregulated in cluster B (Figure 4A). GSVA enrichment analysis revealed that subtype B exhibited notable enrichment in fully activated immune pathways. This included the activation of various pathways such as the chemokine signaling pathway, natural T and B cell receptor signaling pathways, cytokine receptor interactions, as well as Toll-like and Jak-stat receptor signaling pathways (Figure 4B). GSVA analysis also revealed enrichment of molecular functions in B cell activation, T cell differentiation, lymphocyte co-stimulation, and immune response activation (Figure 4C). Using the CIBERSORT algorithm, we evaluated the correlation between the two TLS subtypes and the 23 human immune cell subpopulations in each LUAD sample, aiming to further understand the function of TLS-RGs within the LUAD TME. Our analysis revealed a notable discrepancy in the infiltration levels of most immune cells between the two subtypes (Figure 4D). Specifically, subtype B exhibited elevated levels of 20 immune cell types compared to subtype A, including activated B cells, activated CD4+ T cells, macrophages, and activated CD8+ T cells (Figure 4D).




Figure 4 | Clinicopathologic features, enrichment analysis, and immune cells infiltration of TLS subtypes. (A) Clinicopathological characterization of different TLS subtypes. (B) GSVA of biological pathways in the TLS subtypes. (C) GSVA of molecular function in the TLS subtypes. (D) The characterization of 23 immune cells in the TLS subtypes. ***p < 0.001.







Gene subtypes identification based on DEGs

Using the R package “limma”, we discovered 229 TLS subtype-related DEGs (Supplementary Table 2) and carried out functional enrichment analysis to explore the possible biological behavior associated with each TLS pattern (Supplementary Figure 4A). DEGs were predominantly enriched in immune process-related biological functions, indicating that TLS subtype gene-mediated immune process modifications are essential for LUAD regulation (Figures 5A, B). Furthermore, the involvement of TLS subtype-related genes in LUAD was explored using a consensus clustering approach to divide the patients into distinct gene subgroups based on the expression levels of TLS subtype-related genes. The findings indicated that The best grouping outcomes were achieved when patients were divided into two subgroups (Supplementary Figures 4B–D). Gene cluster B had a superior OS compared to gene cluster A, according to the KM curves, which showed a significant difference in TLS between the two gene clusters (p < 0.001; Figure 5C). Figure 5D shows an expression heat map of the genes associated with the two TLS subtypes. It was evident that these two gene clusters had different levels of gene expression (Figure 5D). Most TLS-RGs showed different expression levels between the two gene clusters (Figure 5E).




Figure 5 | DEGs-based gene subtypes identification. (A) GO enrichment analyses of DEGs between different TLS subtypes. (B) KEGG enrichment analyses of DEGs between different TLS subtypes. (C) KM curves of gene subtypes. (D) Association between the two gene subtypes and clinicopathologic characteristics. (E) Differential expression of TLS-RGs across gene subtypes. **p < 0.01; ***p < 0.001.







Construction and certification of TLS scores

Subtype-related DEGs were used to establish the TLS scores. Initially, the LUAD patients were randomly divided into two groups: the training group and the test group, each consisting of 312 patients. The prognostic model was constructed using data from the training group, and the accuracy of the model was validated using the testing group. To determine the ideal prognostic signature for TLS subtype-related prognostic DEGs, LASSO and multivariate Cox analyses were performed. Fifteen OS-associated genes were identified using LASSO regression analysis, as shown by minimal partial likelihood deviance (Figures 6A, B). Subsequently, we evaluated these fifteen OS-associated genes using multivariate Cox regression analysis, leading to the identification of seven genes (CIITA, FCRL2, GBP1, BIRC3, SCGB1A1, CLDN18, and S100P). Based on the outcomes of multivariate cox regression analysis, the TLS score was computed using the following formula: Risk score = (-0.241448343 × expression of CIITA) + (-0.300276561 × expression of FCRL2 + (0.194538624 × expression of GBP1) + (0.174440808 × expression of BIRC3) + (-0.074347915 × expression of SCGB1A1) + (-0.081694457 × expression of CLDN18) + (0.058453204 × expression of S100P). Patients were then stratified into two risk groups, high and low, based on the median value of the risk scores.




Figure 6 | The LASSO regression and the construction of the TLS scores. (A) LASSO regression. (B) Profiles of LASSO coefficients. (C) Alluvial diagram illustrating the distribution of subtypes between groups based on survival outcomes and TLS scores. (D) Variations in TLS scores between gene subtypes. (E) Variations in TLS scores between TLS subtypes.



The distributions of patients among the two TLS subtypes, two gene subtypes, and two TLS score groups are shown in Figure 6C. The TLS scores exhibited variation in both the TLS and gene clusters, as shown in Figures 6D, E. TLS scores were lower in the TLS cluster B and gene cluster B. As TLS scores increased, the risk distribution plot illustrated a decrease in survival times and an increase in recurrence rates (Figure 7A). According to the KM survival curves, it was noted that patients with low scores exhibited superior OS compared to those with high scores (p < 0.001; Figure 7C). Furthermore, as depicted in Figure 7E, the AUC values for the 1-year, 3-year, and 5-year survival rates based on the TLS scores are 0.740, 0.719, and 0.719, respectively.




Figure 7 | Evaluation and categorization outcomes of TLS scores. (A) The distribution of risk scores, survival status, and expression levels of seven prognostic genes in the training group. (B) The distribution of risk scores, survival status, and expression of seven prognostic genes in the testing group. (C) KM curve outcomes for LUAD patients with various TLS scores in the training group. (D) KM curve outcomes for LUAD patients with various TLS scores in the testing group. (E) Based on the TLS scores, ROC curves are used to estimate the sensitivity and specificity in the training group. (F) Using the TLS scores, ROC curves estimate the sensitivity and specificity in the testing group. (G) Variations in the expression of TLS-RGs in patients with different TLS scores. *p < 0.05; **p < 0.01; ***p < 0.001.



We calculated the TLS scores across the testing group to validate their prognostic performance. Based on the formula applied within the training group, we further categorized the patients into groups denoting low-risk and high-risk statuses. The relationship between TLS scores, survival times, and recurrence rates is depicted in the risk distribution plot (Figure 7B). Survival analysis unveiled a markedly superior prognosis within the low-risk group compared to the high-risk group (p = 0.002; Figure 7D). ROC curves in the testing group revealed that the TLS scores maintained relatively high AUC values (Figure 7F). In addition, we investigated the differential expression of TLS-RGs across various TLS scores. According to the results, among the 39 TLS-RGs, 28 genes exhibited differential expression, with the majority demonstrating high expression levels in the low-risk group (Figure 7G).





Construction of a nomogram

Utilizing clinical features and TLS scores, we created a prognostic nomogram aimed at precisely predicting the prognosis of patients diagnosed with LUAD (Figure 8A). The results of the Concordance Index indicate the favorable predictive capability of the nomogram (Figure 8B). Figures 8C–E present the ROC curves and corresponding AUC values for risk score, nomogram, age, gender, T-stage, and N-stage at 1, 3, and 5 years, respectively. In Figure 8C, the risk score (AUC = 0.724) and nomogram (AUC = 0.714) demonstrate superior performance in predicting patient prognosis. Figures 8D, E reveal that the AUC values for the nomogram are 0.723 and 0.725, respectively, outperforming the risk score, which highlights its robust predictive capability.




Figure 8 | Nomogram results based on TLS scores and clinical factors. (A) Prognostic nomogram that predicts OS of LUAD patients, incorporating clinical features and TLS scores. (B) Prognostic nomogram Concordance Index findings. (C) ROC curves for nomogram, risk score, and clinical characteristics at 1 year. (D) ROC curves for nomogram, risk score, and clinical characteristics at 3 year. (E) ROC curves for nomogram, risk score, and clinical characteristics at 5 year.







Evaluation of TME between different TLS scores

Using the CIBERSORT algorithm, we evaluated the relationship between the TLS scores and the abundance of immune cells. The scatter diagrams indicate a positive correlation between TLS scores and M0 macrophages, M1 macrophages, neutrophils, CD8 + T cells, activated memory CD4 + T cells, and activated mast cells. Conversely, they show a negative correlation with naive B cells, memory B cells, resting mast cells, resting dendritic cells, monocytes, and resting memory CD4 + T cells (Figure 9A). High stromal and immune scores were strongly correlated with low TLS scores (Figure 9B). Furthermore, we observed a significant correlation between the expression of these seven genes and the majority of immune cells (Figure 9C).




Figure 9 | Assessment of the TME. (A) Relationships between immune cell types and TLS scores. (B) Associations between stromal scores, immune scores, and TLS scores. (C) Relationships between immune cell abundance and the expression of seven genes. *p < 0.05; **p < 0.01; ***p < 0.001.







Relationship of TLS scores with TMB and CSC index

Based on accumulating evidence, patients with high TMB may potentially benefit from immunotherapy due to their increased neoantigen counts (45, 46). Our analysis of mutation data from the TCGA LUAD cohort indicates that individuals in the high-risk group may benefit from immunotherapy, as the high subgroup displays higher TMB (Figure 10A). Furthermore, Spearmanor correlation analysis revealed a positive correlation between TMB and TLS scores (R = 0.34, p < 0.001), as illustrated in Figure 10B. The linear association between the CSC index and TLS scores is depicted in Figure 10C. Our data analysis revealed a positive correlation between CSC and TLS scores (R = 0.45, p < 0.001). These findings imply that LUAD cells exhibiting higher TLS scores tend to exhibit enhanced stem cell characteristics and diminished levels of cellular differentiation (Figure 10C). Subsequently, we delved into the differences in somatic mutation distribution between the two TLS scoring groups within the TCGA-LUAD cohort. The top ten mutated genes were identified as TP53, TTN, MUC16, CSMD3, RYR2, LRP1B, ZFHX4, USH2A, KRAS, and XIRP2, respectively (Figures 10D, E). Notably, the frequency of mutations observed in patients with high TLS scores was significantly higher. These findings further emphasize the potential clinical significance of TLS scores in individuals with LUAD, providing crucial insights for tailored treatment strategies and prognostic assessments.




Figure 10 | Outcomes of TMB, CSC, and tumor mutation landscape analysis. (A) The TMB expression in different TLS scores. (B) Spearman correlation analysis between TMB and TLS scores. (C) Relationships between the CSC index and TLS scores. (D) Somatic mutation features resulting in high TLS scores. (E) Somatic mutation features resulting in low TLS scores. Every column denoted a distinct patient. TMB was displayed in the top bar plot.







Drug sensitivity analysis in different TLS scores

Drug sensitivity reflects the reaction of a patient to drug therapy. To evaluate the sensitivity of patients to various medications commonly used in LUAD treatment, we selected several drugs for evaluation. Interestingly, patients with high TLS scores showed lower IC50 values for vinblastine, thapsigargin, parthenolide, paclitaxel, gemcitabine, doxorubicin, docetaxel, cyclopamine, cisplatin, and bortezomib, whereas those with low TLS scores showed significantly lower IC50 values for therapeutics such as temsirolimus, salubrinal, roscovitine, nilotinib, methotrexate, metformin, lenalidomide, lmatinib, bexarotene, and axitinib. Overall, these findings underscore the relationship between TLS-RGs and drug sensitivity, indicating potential implications for therapeutic outcomes (Figure 11).




Figure 11 | Relationships between drug sensitivity and different TLS score groups.







Single-cell sequencing analysis

To investigate differences in TLS gene expression among different LUAD cell types, we systematically analyzed LUAD single-cell sequencing data from three datasets: GSE143423, GSE146100, and GSE153935. For each dataset, integration involved implementing batch correlation techniques, followed by dimensionality reduction methods and subsequent unsupervised clustering procedures. In the resultant graph of the UMAP analysis of the dataset GSE143423, it was clear that different cell populations were distinguished based on their expression profiles, including malignant, immune, and stromal cells (Figure 12A). Notably, mononuclear macrophages constituted the primary immune cell population, with a predominance of M2 over M1 cells within the macrophage subset (Figures 12B, C). Using the Kruskal-Wallis rank sum test, we assessed the differential expression of the TLS gene set using AUCell scoring in different cell types. Our findings revealed that the TLS gene set exhibited differential expression in immune, stromal, and malignant cells, with TLS-RGs showing notably high expression levels in immune and malignant cells (p < 0.001; Figures 12D–F). Similar results were observed in gene sets GSE146100 and GSE153935 (Supplementary Figures 5, 6).




Figure 12 | Single-cell sequencing analysis of TLS-RGs in GSE143423. (A–C) Aggregation of consolidated data in the UMAP. (D) Differences in TLS-RGs expression between cells. (E) Single-cell TLS-RGs AUCell scoring. (F) Differences in TLS-RGs expression between specific cells.







TLS-RGs validation with LUAD cells and tissues

The expression levels of MS4A1, IRF4, IL1R2, CD5, and ICOS in LUAD cell lines (PC9, A549, H1299, and HCC827) and Beas-2B control cell line were evaluated using qRT-PCR. The results indicated that MS4A1, IRF4, and IL1R2 were upregulated in LUAD cell lines, while CD5 and ICOS were downregulated (Figures 13A–E). Additionally, the expression levels of these five TLS prognosis-related genes were assessed in 30 pairs of LUAD tissues and their adjacent normal tissues. It was found that MS4A1, IRF4, and IL1R2 were significantly upregulated in LUAD tissues, whereas CD5 and ICOS were downregulated (Figures 13F–J). Immunohistochemical images of lung cancer from the HPA database corroborated these findings (Supplementary Figure 7), which were also consistent with the results from the TCGA cohort.




Figure 13 | The degree of 5 TLS prognostic signature mRNA expression by qRT-PCR. The mRNA expression levels of (A) MS4A1; (B) IRF4; (C) IL1R2; (D) CD5; (E) ICOS in Beas-2B, PC9, A549, H1299 and HCC827 cell lines; (F–J) Relative expression of MS4A1, IRF4, IL1R2, CD5, and ICOS in normal and LUAD tissues by qRT-PCR. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.








Discussion

Lung cancer stands as one of the leading causes of cancer-related fatalities worldwide (47), with LUAD emerging as the predominant subtype. It accounts for over one million deaths annually across the globe (48, 49). Therefore, additional methods for guiding the treatment of LUAD are urgently required. TLS has gradually become an important factor associated with prognosis and carcinogenesis (50, 51). Therefore, through an in-depth exploration of the function of TLS in LUAD, we aim to gain a better understanding of its impact on patient prognosis and offer more precise and effective strategies for LUAD treatment. This will contribute to the development of personalized treatment plans and provide the best treatment options for each patient. Ultimately, this approach seeks to reduce discrepancies in prognosis, enhance treatment outcomes, and improve survival rates.

The findings of our study demonstrate widespread changes in TLS-RGs in LUAD at both the transcriptional and genomic levels. Utilizing 39 TLS-RGs, we stratified LUAD into two distinct TLS subtypes. Patients with TLS subtype A showed lower OS and more advanced clinicopathological characteristics than those with TLS subtype B. Significantly, there existed a notable contrast in the infiltration levels of most immune cells between the two TLS subtypes, with subtype B exhibiting heightened levels of 20 immune cell types compared to subtype A. In TLS subtype B, we also observed significant differences in immune activation, including natural killer cell-mediated cytotoxicity, activation of chemokine signaling pathways, T-cell and B-cell receptor signaling pathways, cytokine receptor interactions, as well as Toll-like and Jak-Stat receptor signaling pathways. These findings indicate that TLS-RGs play a critical predictive role in assessing the response to LUAD immunotherapy and determining clinical prognosis, thus exerting a significant influence on patient treatment and recovery.

Utilizing the DEGs identified in TLS subtypes, we stratified LUAD patients into two gene subtypes. Notably, the OS of gene subtype B surpassed that of gene subtype A. Subsequently, prognostic models were constructed, and risk scores were calculated. LUAD patients were classified into two distinct groups: high risk and low risk. There were notable differences in clinicopathological features, mutations, prognosis, CSC index, TMB, and medication responsiveness between patients with different TLS scores. Compared to those with high TLS scores, patients exhibiting low TLS scores demonstrated markedly longer survival times and lower rates of recurrence. The somatic mutation frequency was notably higher in patients with high TLS scores compared to those with low scores, potentially indicating a poorer prognosis. It is well known that cancer patients with CSC have a poor prognosis (52). Several studies have reported a negative association between TMB and the prognosis of tumor patients (53–55). Both CSC and TMB show a positive correlation with TLS scores, indicating a worse prognosis for patients with high TLS scores. Patients with low TLS scores exhibited markedly lower IC50 values for temsirolimus, salubrinal, roscovitine, nilotinib, methotrexate, metformin, lenalidomide, lmatinib, bexarotene, and axitinib. Conversely, patients with high TLS scores exhibited significantly lower IC50 values for vinblastine, thapsigargin, parthenolide, paclitaxel, gemcitabine, doxorubicin, docetaxel, cyclopamine, cisplatin, and bortezomib, suggesting that individuals with varying TLS scores respond differently to medication. These findings imply that TLS scores have the potential to personalize treatment strategies for patients with LUAD. Additionally, by integrating TLS scores with tumor stage, we developed a quantitative nomogram, which not only enhanced performance but also facilitated the effective utilization of TLS scores.

The significant role of the TME in cancer development and drug resistance is widely recognized (56–58). The primary cellular constituents of the TME are innate immune cells, including tumor-associated neutrophils, tumor-associated macrophages, tumor-associated dendritic cells, and adaptive immune cells, such as regulatory T cells (59). Significant disparities were identified between the two molecular subtypes concerning TLS scores, TME, and the relative abundance of 19 TIICs. T-cells play a pivotal role in cancer immunotherapy (60–62). TLS subtype B, characterized by a low TLS score and associated with better prognosis, exhibited heightened infiltration of activated CD4+, CD8+ T cells, and gamma delta T cells. Emerging evidence indicates that B cells also contribute to the immune response against tumors (63–65). In our study, we observed that the numbers of activated B cells, activated CD8+ T cells, and immature B cells were significantly higher in TLS subtype B and subtypes with lower TLS scores compared to TLS subtype A. Additionally, we conducted single-cell sequencing analysis to examine the distribution of TLS-RGs within cells. Lastly, we validated the expression of five genes related to prognosis through qRT-PCR analysis. In the LUAD cell lines PC9, A549, H1299, and HCC827, elevated expression levels of MS4A1, IRF4, and IL1R2 were observed compared to the Beas-2B control cell line. These observations align with data from the TCGA cohort, suggesting that these genes may serve as pivotal markers for LUAD. Conversely, we noted significantly lower expression levels of CD5 and ICOS in LUAD cell lines. These distinct expression profiles underscore the intricate interplay between tumor cells and the immune system in LUAD. Our findings underscore the potential of these genes as prognostic biomarkers and therapeutic targets in LUAD.

Despite the thorough analyses conducted in this study, several limitations must be acknowledged. First, all samples were obtained retrospectively, and all analyses were limited to data from publicly available databases, which may have introduced inherent biases in case selection, potentially affecting the results. Second, larger prospective studies and in vitro and in vivo experiments are necessary to thoroughly validate these findings. Third, the lack of clinical validation limits the direct applicability of the results in real-world clinical settings. Additionally, the use of multiple datasets may have resulted in batch effects, despite efforts at normalization. These limitations indicate that further studies, including larger cohort studies and extensive experimental validation, are necessary to confirm these findings.





Conclusion

In conclusion, our extensive exploration of TLS-RGs in LUAD unveiled their promising role as biomarkers for prognostic prediction in patients with this disease. We found that TLS-RGs exert a notable influence on the immunological landscape of LUAD patients, providing valuable predictive information for both immunotherapy and chemotherapy outcomes. The results of this study highlighted the significant clinical consequences of TLS-RGs and offered novel insights into the development of tailored immunotherapeutic approaches for patients with LUAD.
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Purpose

The count of lymphocyte subsets in blood can reflect the immune status of the body which is closely related to the tumor immune microenvironment and the efficacy of NAT. This study aims to explore the relationship between peripheral blood lymphocyte subsets and the efficacy and prognosis of NAT in breast cancer.





Methods

We retrospectively analyzed clinicopathological information and peripheral blood lymphocyte subpopulation counts of patients receiving NAT from January 2015 to November 2021 at Sun Yat-sen University Cancer Center. Kaplan-Meier curves were used to estimate the survival probability. The independent predictors of NAT response and survival prognosis were respectively analyzed by multivariate logistic regression and Cox regression, and nomograms were constructed accordingly. The prediction efficiency of three nomograms was validated separately in the training cohort and the testing cohort.





Results

230 patients were included in the study, consisting of 161 in the training cohort and 69 in the testing cohort. After a median follow-up of 1238 days, patients with higher NK cell value showed higher pCR rates and higher OS and RFS after NAT (all P < 0.001). Multivariate analyses suggested NK cell count was an independent predictor of NAT response, OS and RFS. We then built nomograms accordingly and validated the prediction performance in the testing cohort (C index for NAT response: 0.786; for OS: 0.877, for RFS: 0.794).





Conclusion

Peripheral blood NK cell count is a potential predictive marker for BC patients receiving NAT. Nomograms based on it might help predict NAT response and prognosis in BC.





Keywords: peripheral NK cell count, breast cancer, neoadjuvant chemotherapy, nomograms, survival





Introduction

Breast cancer (BC) has become the world’s highest incidence of malignant tumors (1). Among the more than two million new cases each year, almost half of patients eligible for recommended neoadjuvant chemotherapy (NAT) included advanced patients who missed the optimal time for surgery, HER2-positive breast cancer, triple-negative breast cancer, and patients who desired maximum breast preservation during surgery (2, 3). For these patients, NAT is currently widely accepted as the preferred treatment.

NAT is a breakthrough achievement in cancer treatment and has been proven to benefit patients in the middle and advanced stages of a variety of malignancies (4–7). Through NAT, the stage and grading of patients can be reduced, and the probability of complete surgical resection can be significantly improved. When patients show a good response or even achieve a pathological complete response (pCR) in NAT, it often predicts a good prognosis (8, 9). Conversely, for some patients who are insensitive to NAT, NAT may pose a risk of further tumor progression and chemotherapy-related side effects (10). At present, NAT has been more and more widely used in BC patients (9, 11), so it is of great significance to find factors that can predict NAT response to improve patient benefit.

In recent years, an increasing number of diseases have been screened or diagnosed by means of “liquid biopsies” (12, 13). By using easily accessible body fluids such as blood, urine, saliva rich in cells or substances as detection indicators, to obtain disease occurrence, development, outcome and other information. Compared with traditional methods such as histopathology, it is inexpensive, non-invasive and has good repeatability (12). Of note, liquid biopsy has made great progress in the early diagnosis, auxiliary typing, prognosis prediction and treatment response prediction of various malignant tumors (13, 14). However, the prognostic indicators of NAT response in BC are still limited.

Previous studies have confirmed that the state of tumor local immune microenvironment is a key factor affecting the tolerance and efficacy of chemotherapy and radiotherapy for malignant tumors (15, 16). However, there is significant spatial heterogeneity of tumor-infiltrating lymphocytes (TILs) (17, 18), which makes direct analysis of intratumor immune cells too complicated. Lymphocyte is one of the most important cell groups in blood. It has many subgroups and widely participates in the immune process (19). It has been reported that lymphocytes in blood can reflect the immune state of the body to a certain extent and are correlated with infiltrated lymphocytes in tumor tissues (20, 21). At the same time, studies have shown that the total number of peripheral blood lymphocytes is related to the efficacy and prognosis of the primary chemotherapy for breast cancer (22, 23). Therefore, we want to further analyze the relationship between different subsets of lymphocytes in peripheral blood and the NAT efficacy and prognosis in BC.

In this study, we explored the correlation between counts of different lymphocyte subsets in peripheral blood and NAT response in breast cancer. Based on these results, we aimed to construct prediction models to predict NAT response and prognosis.





Methods




Study design and patient eligibility

This study retrospectively analyzed the relationship between the values of peripheral blood lymphocyte subsets and the efficacy and prognosis of NAT in breast cancer patients receiving neoadjuvant chemotherapy between January 2015 and November 2021 at Sun Yat-sen University Cancer Center (SYSUCC) in Guangzhou, China. The study was approved by the ethics committee of SYSUCC (B2022-039-01). Due to the retrospective nature of the current study and the anonymous processing of patient information, patients’ written informed consent was waived. We kept all personal data confidential and conducted this study in accordance with the Declaration of Helsinki.

The inclusion criteria were as follows. (I) Female patients older than 18 years; (II) Pathologically confirmed invasive breast cancer; (III) Underwent all cycles of NAT; (IV) Lymphocyte subsets were examined before NAT; (V) Available complete clinicopathological data and specific follow-up data. Patients were excluded when they met the following criteria: (I) Previous antitumor therapy including radiotherapy, chemotherapy, surgery, etc; (II) Second tumor or multisystem tumor; (III) Active or chronic infections, blood system diseases, and autoimmune diseases; (IV) Previous use of drugs or health care products that affect immune function.





Data collection and patients grouping

Clinicopathological information for all patients was obtained from the electronic medical record system of SYSUCC. General information included age, BMI, molecular subtype, TNM stage, Ki-67 and the lymphocyte subsets test results before NAT. Molecular subtype was classified according to puncture histopathological reports. ER or PR positivity was defined as an immunohistochemical positive rate > 1% (24), and HER2 positivity was determined when the immunohistochemical positive rate was greater than 3+ or 2+ but ERBB2 gene amplification was detected with fluorescence in situ hybridization (FISH).

Lymphocyte subsets test is a peripheral blood test in our hospital based on flow cytometry (#NAVIOS, Beckman) which can be used to evaluate the immune status of patients. It is non-invasive, inexpensive and reproducible. All patients received the test within two weeks prior to the first course of NAT, and all patients had their blood taken between 8 a.m. and 12 a.m. It contains counts in the peripheral blood of CD3+ cells (total T cells), CD3+CD4+ cells (CD4+T cells), CD3+CD8+ cells (CD8+T cells), CD19+ cells (total B cells), CD3-CD16+CD56+ cells (NK cells), CD4+CD25+ cells (CD4+ Treg cells) and CD8+CD25+ cells (CD8+ Treg cells). Based on the range of normal reference values given for each subitem of the test, we found that the number of patients below or above the reference value was small, so we chose the median as the cutoff value for the lymphocyte subsets in each group. Age, Ki-67 (25), and TNM staging (26) we referred to the grouping methods and cut-off values of previous studies. As for BMI, considering the height and weight characteristics of the Chinese female population, we refer to the truncation values reported in some Chinese studies (27). Finally, the training cohort and validation cohort were randomly split using R software in a 7:3 ratio.





Follow and endpoints

Follow-up data were obtained by electronic outpatient records or telephone interviews of SYSUCC. Patients were evaluated every 3 months during NAT, then every 6 months until 5 years, and then annually thereafter. Routine evaluation includes usual hematology and laboratory tests, ultrasound (breast and axillary and neck lymph nodes), or computed tomography. Total body bone imaging is performed annually.

The primary endpoints were overall survival (OS) and relapse-free survival (RFS) which were obtained from the follow-up system. RFS was defined as the time from the end of treatment to the first recurrence of local or regional draining lymph nodes and OS was defined as the time from the start of treatment to death from any cause. Response of NAT was also particularly concerned and it was identified by the postoperative pathological data. Pathological complete response (pCR) was defined as pathological Miller-payne 5 level together with no lymph nodes metastasis after NAT.





Statistical analysis

The results of lymphocyte subsets were numerical in the preliminary comparative statistics, and were subsequently converted into categorical variables together with age, Ki-67, TNM stage and other variables for subsequent Cox univariate and multivariate regression analysis. The method of converting numerical variables to categorical variables and the cutoff values were described above. The comparison of the means between the two groups was reasonably conducted by using Student’s t-test or Wilcoxon rank sum test according to its normality and homogeneity of variance. The Chi-squared test was used to compare the proportions between the two groups. ROC curve was used to judge the predictive ability of a single indicator to NAT response Survival curves including OS and RFS were estimated using the Kaplan-Meier method and compared with the log-rank test between different groups. Univariate and multivariate Logistic regression analysis of NAT treatment response was performed. Likewise, Univariate and multivariate Cox regression analyses were conducted to explore independent predictors of OS and RFS. Factors were tested according to Schoenfeld residuals, and only factors with a P value < 0.05 in the univariate analysis were further included in the multivariate regression analysis. All factors were assessed and reported with their hazard ratios (HRs) and 95% confidence intervals (CIs). We then included statistically significant factors to construct Nomograms for diagnosis and prognosis respectively. Their discriminant efficiency and prediction accuracy were measured by the concordance index (C-index), calibration curves, decision curve analyses (DCA) and time-dependent ROC curves in the training set and validation set. A two-sided P value < 0.05 was considered statistically significant. All statistical analysis and result visualization were performed using R software (Version 4.3.1) (stats package, version 4.2.1; car package, version 3.1-0; pROC package, version 1.18.0; ggalluvial package, version 0.12.3; survival package, version 3.3.1; rms package, version 6.4.0; timeROC package, version 0.4; ggplot2 package, version 3.3.6).






Results




Characteristics of patients

The process of this study was visually presented in a flowchart (Figure 1). After excluding 8 patients, including 4 cases where postoperative pathological examination confirmed non-primary breast cancer, and 4 cases with incomplete prognostic follow-up information, a total of 230 patient data were considered valid and included in the analysis of this study. Focusing on the factors related to the efficacy of neoadjuvant therapy in breast cancer patients described above, we first developed a baseline data sheet showing the clinicopathological features of non-pCR versus pCR patients (Table 1). The results indicated that there is a statistically significant difference between the two groups in terms of molecular subtype (P = 0.010), CD3+CD8+ cells (P = 0.042), CD3-CD16+CD56+ cells (P < 0.001), CD8+CD25+ cells (P = 0.042), T stage (P = 0.001), N stage (P < 0.001), M stage (P = 0.002), recurrence status (P < 0.001), and survival status (P = 0.001).




Figure 1 | Flowchart of design in this study.




Table 1 | Characteristics of patients in this study.







Examination results of the lymphocyte subpopulations are correlated with the efficacy of NAC

First, ROC curves were used to assess the predictive power of different lymphocyte subsets in the baseline data table for NAT responses. Compared with CD3+CD8+ cells (AUC = 0.580) and CD8+CD25+ cells (AUC = 0.580), CD3-CD16+CD56+ cells had the highest predictive power (AUC = 0.727) (Figures 2A–C). Then, the patients were grouped with the median of the above three types of cells as cut-off values. The proportions in the pCR and non-pCR groups show the difference between the groups. CD3-CD16+CD56+ cells had the most significant P value (P < 0.001) compared with CD3+CD8+ cells (P = 0.042) and CD8+CD25+ cells (P = 0.042) (Figures 2D–F). Taken together, value of CD3-CD16+CD56+ cells had the greatest potential to predict NAT response.




Figure 2 | The peripheral lymphocyte subsets correlated with NAT response. ROC curves of CD3+CD8+ cells (A), CD3-CD16+CD56+ cells (B) and CD8+CD25+ cells (C) in predicting NAT response. Proportion of pCR and non-pCR patients in the high and low group of CD3+ CD8+cells (D), CD3-CD16+CD56+ cells (E) and CD8+CD25+ cells (F).







Survival outcomes in the training cohort

We randomly allocated 230 breast cancer patients in a 7:3 ratio into the training set (N=161) and validation sets (N=69). The clinical and pathological characteristics of these patients were presented in Table 2. The median follow-up time was 1238 days (approximately 41 months) in the training cohort. There was no significant difference in OS and RFS between the training cohort and the testing cohort (both P > 0.05) (Figures 3A, B). Breast cancer patients with higher levels of CD3-CD16+CD56+ cells in peripheral blood demonstrated significantly improved OS (Figure 3C) and RFS compared to those with lower levels (both P < 0.001) (Figure 3D).


Table 2 | Characteristics of patients in different cohorts.






Figure 3 | Kaplan-Meier survival curves of BC patients receiving NAT. OS (A) and RFS (B) curves of patients in the training cohort and the testing cohort. OS (C) and RFS (D) curves of patients in the high and low NK cell groups.







Establishing and validation a predictive model for NAC response

Initially, we conducted univariate and multivariate logistic regression analyses. The results indicated that molecular subtype, CD3-CD16+CD56+ cells, and T stage had statistical significance in the univariate analysis (all P < 0.05) (Table 3). When considering variables with P < 0.05, the multivariate analysis revealed that only CD3-CD16+CD56+ cells remained statistically significant (P < 0.001). Considering that an individual variable often has limited predictive power, we included all three variables with P < 0.05 in univariate regression analysis to construct the predictive nomogram (Figure 4A). The model was satisfactory with a C-index at 0.786 (95% CI 0.711 - 0.862). Subsequently, ROC curves, DCA plots, and calibration curves were employed to assess the predictive performance of the Nomogram model. The Nomogram model exhibited superior predictive performance for NAC response (AUC = 0.786), surpassing the univariate predictive ability of CD3-CD16+CD56+ cells (AUC = 0.707). Furthermore, the Nomogram model yielded greater overall net benefits for breast cancer patients in NAC prediction compared to CD3-CD16+CD56+ cell prediction (Figures 4B–D). Consistent findings were obtained in the testing cohort (Nomogram AUC = 0.834, CD3-CD16+CD56+ AUC = 0.798) (Figures 4E, F).


Table 3 | Univariate and multivariate logistic regression analysis of NAT response.






Figure 4 | Construction and validation of a nomogram to predict NAT response. (A) A nomogram predicting response of NAT. (B) ROC curves of different predictors in the training cohort. (C) A decision curve analysis of this nomogram in the training cohort. (D) The calibration curve of the nomogram. (E) ROC curves of different predictors in the testing cohort. (F) A decision curve analysis of this nomogram in the testing cohort.







Establishment of prognostic prediction models

We performed the univariate Cox regression analysis for OS and RFS in the training cohort and presented the results in the table (Table 4). The results indicated that molecular subtypes, CD3-CD16+CD56+ cells, T stage, N stage, and M stage were significantly associated with OS in breast cancer patients after neoadjuvant chemotherapy. Furthermore, Ki-67, molecular subtypes, NAC response, CD3-CD16+CD56+ cells, N stage and M stage were significantly associated with RFS. Variables with p-values less than 0.1 in the univariate Cox regression analysis were included in the multivariate Cox regression analysis. CD3-CD16+CD56+ cells, N stage, and M stage were identified as independent prognostic factors for OS, while molecular subtypes, CD3-CD16+CD56+ cells, and N stage were confirmed as independent prognostic factors for RFS (Figure 5). Based on the independent prognostic factors obtained from the multivariate Cox regression, nomogram models were constructed to predict Overall Survival (OS) and Recurrence-Free Survival (RFS) respectively (Figures 6A, 7A).


Table 4 | Univariate Cox regression analysis of OS and RFS.






Figure 5 | Multivariate Cox regression forest maps of OS (A) and RFS (B) in the training cohort.






Figure 6 | Construction and validation of a nomogram to predict OS. (A) A nomogram predicting 1-, 3- and 5-year OS. (B) The prognostic calibration curves in the training cohort. (C) Time-dependent ROC curves of the nomogram in the training cohort. (D) Time-dependent AUC curves for different predictors in the training cohort. (E) The prognostic calibration curves in the testing cohort. (F) Time-dependent ROC curves of the nomogram in the testing cohort. (G) Time-dependent AUC curves for different predictors in the testing cohort.






Figure 7 | Construction and validation of a nomogram to predict RFS. (A) A nomogram predicting 1-, 3- and 5-year RFS. (B) The prognostic calibration curves in the training cohort. (C) Time-dependent ROC curves of the nomogram in the training cohort. (D) Time-dependent AUC curves for different predictors in the training cohort. (E) The prognostic calibration curves in the testing cohort. (F) Time-dependent ROC curves of the nomogram in the testing cohort. (G) Time-dependent AUC curves for different predictors in the testing cohort.







Assessment of the prognostic performance of the predictive models

The prognostic nomogram exhibited favorable discriminative accuracy and predictive capacity for OS with a C-index at 0.877 (95%CI 0.845-0.908). In the prognostic calibration curves for the training and validation cohorts, the predicted outcomes for 1-, 3-, and 5-year prognosis closely aligned with the ideal line (Figures 6B, E). The time-dependent ROC curve demonstrated that the model exhibited high accuracy in predicting patient prognosis, particularly in terms of 1- and 3-year survival rates (1-year, AUC = 0.981 and 0.882; 3-years, AUC = 0.897 and 0.847; 5-years, AUC = 0.829 and 0.647) (Figures 6C, F). The time-dependent AUC curve was employed to compare the predictive accuracy of the nomogram model, CD3-CD16+CD56+ cells, N stage, and M stage in terms of prognosis. The results indicated that for the majority of time points within the 0-5 years period, the nomogram exhibits a valuable predictive performance for OS (at any time AUC > 0.65) (Figures 6D, G).

As for RFS, the nomogram model demonstrates a more satisfactory predictive accuracy and performance with a C-index at 0.794 (95% CI 0.754-0.833). The calibration plot documented a good agreement between the observed 1-, 3-, and 5-year RFS rates and the nomogram-predicted 1-, 3-, and 5-year OS rates (Figures 7B, E). Both the training and testing cohorts demonstrated time-dependent ROC curves with AUC exceeding 0.8 at 1-, 3-, and 5-year intervals (training set 0.948, 0.832, 0.829, testing cohort 0.918, 0.820, 0.843) (Figures 7C, F). Furthermore, in the time-dependent AUC curves, the Nomogram exhibited excellent predictive accuracy for RFS at any given time point (AUC > 0.8), surpassing other variables such as molecular subtypes, CD3-CD16+CD56+ cells, and N stage (Figures 7D, G). In short, these two nomograms exhibited good efficacy in predicting OS and RFS for patients undergoing NAT.






Discussion

As the concept of NAT has been gradually accepted, more and more patients with middle and advanced BC have adopted neoadjuvant therapy (2, 28). However, some patients who are not sensitive to chemotherapy do not benefit from NAT and are even at risk for disease progression (29). The response of NAT is closely related to patient prognosis and can even be used as an alternative prognostic endpoint in some clinical studies (9, 30). Therefore, it is of great clinical significance to predict the efficacy of NAT by developing new and easily available indicators.

In this study, we first retrospectively analyzed the correlation between various lymphocyte subsets in peripheral blood and NAT response. We found that T cells, NK cells and CD8+ Treg were higher in the pCR group than in the non-pCR group, and the difference between NK cells was most significant. In addition, patients in the high NK cells group had higher OS and RFS than those in the low NK cells group. Multivariate logistic and Cox regression indicated that peripheral blood NK cell count was an independent predictor of NAT response, OS and RFS. Subsequently, NK cell counts combined with other clinicopathological factors such as molecular typing and TNM staging were incorporated to construct predictive nomograms, which were used to predict NAT response, OS, and RFS, respectively.

Paclitaxel, doxorubicin and cyclophosphamide, which are frequently included in NAT regimens for breast cancer, have been reported to have a synergistic killing effect with anti-tumor immunity (31–33). The immune state of the body and the tumor immune microenvironment greatly affect the efficacy of chemotherapy in diverse ways (34–36). As professional immune cells, lymphocytes play an important role in the innate and cellular immune pathways involved in tumor clearance. Previous studies have shown that lymphocytes can be divided into many subgroups, which usually express different surface markers and perform their specific immune-related functions (37, 38). NK cells, for example, often express CD16 and CD56 surface markers, with their strong immune clearance ability, play a synergistic anti-tumor role in tumor radiotherapy and chemotherapy (39). While common regulatory T cells (Treg), known as CD4+CD25+CD127-/low, are prone to mediate immune suppression by secreting cytokines such as TGF-β (40).

Just as the gradually widely used peripheral blood circulating small molecules such as DNA and non-coding RNA reflect certain characteristics of tumor cells (13), peripheral blood lymphocytes have also been proved to be significantly correlated with lymphocyte infiltration and immune microenvironment in tumor tissues. In a variety of malignancies, high level lymphocytes with immune killing activity in the peripheral blood often suggest abundant immune infiltration in tumor tissue and a good therapeutic effect, while the enrichment of immune inhibitory cells often predicts a poor therapeutic effect and prognosis (41, 42). Joan et al. ‘s study confirmed that tumor infiltrated NK cells (TINK) were an independent predictor of breast cancer NAT response, and higher NK cell infiltration predicted higher pCR probability (P < 0.0001) and higher survival (43), which was highly consistent with the results of this study.

Patients with different molecular subtypes have different responses to NAT (44). It has been reported that estrogen receptor or progesterone receptor positive luminal subtype breast cancer has a lower pCR rate in NAT (45), which is also reflected in the results of this study. From this Nomogram, we can see that luminal B subtype corresponded to the lowest contribution score. This suggests that the scope of application of NAT should not be over-enlarged, and clinical practice should be based on guideline recommendations and various clinicopathological characteristics and needs of patients, so as to select the people who are most likely to benefit from NAT.

TNM staging system has been proved to be one of the most valuable prognostic indicators in previous studies (46). The results of this study showed that higher T staging suggested poor NAT response rates and patients with higher N and M staging have worse OS and RFS. It is consistent with the results of previous studies. Notably, NAT response in this study was not an independent predictor of OS or RFS (P > 0.05), suggesting that pCR did not translate into a survival advantage during NAT in the patients included in this study. We speculated that the sample size was too small or the follow-up time was not long enough, so the difference in survival of people with different responses to NAT did not reach statistical significance.

However, there are some limitations in this study. First, this study was a single-center retrospective analysis with a small sample size, and the results may be subject to error or bias. Moreover, all of the patients were from China, suggesting that current findings may not be applicable to patients from other geographic regions. Second, the cell count data in this study were directly derived from the results of the lymphocyte examination program in the hospital, and the use of the median as the cut-off value may weaken the representativeness of this indicator. Because the low and high subgroups in this study still include the normal range and that are too low or too high. It is well known that patients with abnormal lymphocyte counts may be in a state of immune abnormality and have some prognostic factors present. Third, NK cells can still be divided into smaller subpopulations with different functions, and CD3-CD16+CD56+ labeling does not perfectly represent the population of NK cells in vivo. Fourth, due to the small sample size of the study, we were unable to perform further subgroup analyses based on breast cancer subtypes or different chemotherapy regimens. Therefore, further studies with multi-center and larger sample size need to be conducted to confirm the conclusion of this study.





Conclusion

Peripheral blood NK cell count is an independent predictor of NAT response in BC patients. On this basis, we constructed and verified nomograms for predicting NAT responses, OS and RFS. All three nomograms showed good predictive power and consistency with actual clinical outcomes.
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miRNA R? P-value Relation
hsa-miR-5586-5p -0.66341 0.019 | Negative
hsa-miR-3159 -0.66068 0.019 | Negative
hsa-miR-6124-p5 0.681547 0.014 | Positive
hsa-miR-501-5p 0.782831 0.002 | Positive
hsa-miR-3614-5p 0.628972 0.028 | Positive






OPS/images/fimmu.2024.1422717/table2.jpg
Factors Univariate analysis = Multivariate

analysis
OR HR
(95% Cl) (95% Cl)
Gender 0.306 0.028 0.713 0.650
(0.16-0.882) (0.166-3.065)
Age (year) 1.030 0.186

(0.986-1.077)

BMI 0.954 0.383
(0.857-1.061)

Smoking history 2.373 0.028 2313 0.171

(1.096-5.144) (0.696-7.683)
cT stage® 1.009 0.963

(0.680-1.498)

cN stage® 1.180 0.408
(0.797-1.749)

Histology
LUSC Ref
LUAD 0.211 0.001 0.139 <0.001
(0.086-0.517) (0.046-0.415)
Others® 0.203 0.001 0.182 0.007
(0.076-0.540) (0.053-0.621)

Differentiation degree

Moderate Ref Ref

Poor 3.172 0.001 4432 <0.001

or (1.599-6.296) (2.015-9.750)

undifferentiated

Score 4.234 0.016 4.756 0.028
(1.301-13.777) (1.183-19.116)

LUSC, lung squamous carcinoma; LUAD, lung adenocarcinoma; LELC, lung
lymphoepithelioma-like carcinoma.

“Diagnosed based on the AJCC criteria (8th edition).

bIncluding LELC, adenosquamous carcinoma, large cell neuroendocrine carcinoma.

Bold values mean statistical significance.
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Training group

Validation group

(n =57) (n = 25)
Variables
Non-MPR MPR
(n = 24) n=12)
Age (%) 1.00 0.57
<60 12 (36.4) 9 (37.5) 4 (30.8) 6 (50.0)
>60 21 (63.6) 15 (62.5) 9 (69.2) 6 (50.0)
Gender (%) 0.57 1.00
Male 29 (87.9) 23 (95.8) 12 (92.3) 12 (100.0)
Female 4 (12.1) 1(42) 1(7.7) 0(0.0)
BMI® (%) 1.00 1.00
<24 8 (24.2) 5 (20.8) 3(23.1) 3(25.0)
>24 25 (75.8) 19 (79.2) 10 (76.9) 9 (75.0)
Tumor location (%) 0.79 0.95
Upper thorax 5(15.2) 5(20.8) 2 (15.4) 2(16.7)
Middle thorax 16 (48.5) 12 (50.0) 4 (30.8) 3(25.0)
Lower thorax 12 (36.4) 7(29.2) 7 (53.8) 7 (58.3)
T stage (%) 0.50 0.39
cT1 0 (0.0) 1(42) 0 (0.0) 1(8.3)
cT2 9(27.3) 5(20.8) 3(23.1) 1(83)
T3 23 (69.7) 16 (66.7) 10 (76.9) 9 (75.0)
T4 1(3.0) 2(83) 0(0.0) | 1(83)
<N stage (%) <0.01 | 0.62
N0 3(9.1) 12 (50.0) 3(23.1) 2(16.7)
N1 12 (36.4) 6 (25.0) 4 (30.8) 6 (50.0)
cN2 15 (45.5) 6 (25.0) 6 (46.2) 4(33.3)
cN3 3(9.1) 0(0.0) 0(0.0) 0(0.0)
Clinical stage (%) 0.07 0.50
1 0 (0.0) 1(42) 0 (0.0) 1(8.3)
i 6 (18.2) 11 (45.8) 4(30.8) 3(25.0)
1 23 (69.7) 10 (41.7) 9 (69.2) 7 (58.3)
v 4(12.1) 2(83) 0(0.0) 1(8.3)
Pathological 0.06 0.05
differentiation (%)
Moderately 9 (27.3) 13 (54.2) 2 (15.4) 5(41.7)
Poorly 12 (36.4) 8 (33.3) 4 (30.8) 6 (50.0)
Unknown 12 (36.4) 3 (12.5) 7 (53.8) 1(8.3)
Immunotherapy (%) 0.07 0.23
Pembrolizumab 5(15.2) 4 (16.7) 2 (15.4) 1(8.3)
Sintilimab 6(182) 6 (25.0) 3(23.1) 3(25.0)
Camrelizumab 1(3.0) 4 (16.7) 0(0.0) 3(25.0)
Toripalimab 0 (0.0) 2(8.3) 0 (0.0) 1(8.3)
Tislelizumab 21 (63.6) 8 (33.3) 8 (61.5) 4(33.3)
Treatment cycles (%) 1.00 0.44
2 cycles 29 (87.9) 21 (87.5) ] 8 (61.5) 10 (83.3)
>2 cycles 4 (12.1) 3 (125) 5(38.5) 2(16.7)
Radiotherapy (%) <0.01 0.17
Yes 26 (78.8) 6 (25.0) 10 (76.9) 5 (41.7)
No 7 (21.2) 18 (75.0) 3(23.1) 7 (58.3)
Interval time* (%) 0.18 0.31
<90 days 6(18.2) 9 (37.5) 2 (154) 5(41.7)
>90 days 27 (81.8) 15 (62.5) 11 (84.6) 7 (58.3)

*Means the time from the day of the first neoadjuvant immunotherapy to the day of surgery. *Major pathological response. *Body mass index.
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Univariable
analysis

OR? (95% CI®)

Multivariate
analysis

OR (95% ClI)

<60 Reference
>60 1.05 (0.35-3.12)
BMI®

<24 Reference
>24 1.22 (0.35-4.58)

Tumor location
Upper thorax

Middle thorax

Reference

1.33 (0.31-5.85)

Lower thorax

1.71 (0.36-8.4)

cT stage

cT1-cT2 Reference

CT3-cT4 0.89 (0.26-2.93)

cN stage

cNO Reference Reference
N1-cN3 10 (2.64-49.97) 10.82 (0.93-296.01)
Stage

I-1I Reference Reference
-1V 4.5 (1.41-15.74) 0.43 (0.02-4.18)
Pathological differentiation

Moderately Reference

Poorly 2.17 (0.64-7.71)

Unknown 5.78 (1.37-31.12)

Treatment cycles

2 cycles Reference
>2 cycles 0.97 (0.19-5.33)
Radiotherapy
V Yes Reference Reference
No 11.14 (3.40-41.98) 7.77 (2.11-31.98)

Interval time*

<90 days

Reference

>90 days

*Means the time from the day of first neoadjuvant immunotherapy to the day of surgery.

0.37 (0.11-1.22)

*0dds ratio. "Confidence interval. “Body mass index.

Bold numbers mean a p-value less than 0.05.
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Patients included in this study CT image without enhancement (n=10)
(n=82)

Training cohort Validation cohort
(n=57) (n=25)
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SOX13 expression, n (%)

racteristics N

Low High
Age(y) 0.797
=50 90 52 38
<50 77 46 ' 31
T stage 0.421
Tis 4 1 3
i 67 43 24
T2 ‘ 85 48 7 37
T3 10 | 5 5
T4 1 1 0
N stage 0.046
NoO ‘ 101 62 39
N1 40 ‘ 25 15
N2 15 9 6
N3 11 2 9
TNM stage 0.082
0 4 1 3
I 43 27 16
il 91 58 33
I 29 12 17
v 0 0 69
ER status 0.051
Negative 56 27 29
Positive 111 71 40
PR status 0.141
Negative 64 33 31
Positive 103 65 38
HER-2 status 0.802
Negative ‘ 134 78 56 ‘
Positive 33 ‘ 20 13
Molecular classification | | 0.016
Luminal A 36 25 11
Luminal B 70 43 27
HER2-E 29 19 10
TNBC 32 11 21
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Variables

SOX13 expression level

Spearman Correlation

T stage 0.042 0.591
N stage 0.106 0.173
TNM stage V 0.083 0.286
ER status -0.151 0.051
PR status -0.114 0.142
HER-2 status -0.019 0.804
Molecular classification 0.194 0.012
Vital states 0.177 0.022
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Characteristics Training Validation
cohort cohort
N = 147 N = 26
Gender 0.509
Male 131 (89.1) 22 (84.6)
Female 16 (10.9) 4 (15.4)
Age (year), 61.0 (56.0-66.0) 59.0 (55.8-66.3) 0.399
median (IQR)
BMI 22.6 (20.5-25.2) 22.8 (21.4-25.0) 0.678
Smoking history 0.850
No 37 (25.2) 7 (26.9)
Yes or ever 110 (74.8) 43 (73.1)
cT stage® 0.156
Tl 9 (6.1) 0 (0)
T2 59 (40.1) 13 (50.0)
T3 46 (31.3) 10 (38.5)
T4 33 (22.4) 3 (11.5)
cN stage® ‘ 0.563
NO 17 (11.6) 1(3.8)
N1 30 (20.4) 7 (26.9)
N2 74 (50.3) 13 (50.0)
N3 26 (17.7) 5(19.2)
Differentiation degree 0.010
Moderate 52 (354) 3(11.5)
Poor 89 (60.5) 19 (73.1)
Undifferentiated 6 (4.1) 4 (15.4)
Histological type 0.565
LUSC 97 (66.0) 19 (73.1)
LUAD 28 (19.0) 5(19.2)
Others® 22 (15.0) 2(7.7)
dNLR, median (IQR) = -022 (-1.56-0.28) | -0.54 (-1.69-0.12) 0.481
7 dMLR, median (IQR) = 0.24 (-0.05-0.92) 0.12 (-0.08-0.76) 0253
dPLR, median (IQR) = -15.03 -36.32 (-64.59-6.35) | 0.088
(-57.85-27.85)
dPAR, median (IQR) | -1.35 (-2.96-0.27) | -2.26 (-4.14-1.19) 0.123
dSIL, median (IQR) -185.81 -344.67 0.196
(-530.95-46.37) (-633.26-236.87)
dSIRL, median (IQR) | -0.17 (-0.99-0.22) | -0.47 (-1.04-0.03) 0279
dPNL, median (IQR) | -1.35 (-4.25-3.00) | -0.62 (-2.44-3.51) 0.930
dPIV, median (IQR) | -106.83 -144.54 0221
(-393.47-23.93) (-333.89-45.24)
MPR 0.491
Yes 101 (68.7) 20 (76.9)
No 46 (31.3) 6 (23.1)
PCR 0.09
Yes 58 (39.5) 15 (57.7)
No 89 (60.5) 11 (42.3)

IQR, interquartile range; LUSC, lung squamous carcinoma; LUAD, lung adenocarcinoma;
LELC, lung lymphoepithelioma-like carcinoma; dNLR, dynamic change of neutrophil-
lymphocyte ratio; dMLR, dynamic change of monocyte-lymphocyte ratio; dPLR, dynamic
change of platelet-lymphocyte ratio; dPAR, dynamic change of platelet-albumin ratio; dSII,
dynamic change of systemic immune inflammation index; dSIRI, dynamic change of system
inflammation response index; dPNI, dynamic change of prognostic nutritional index; dPIV,
dynamic change of pan-immune-inflammatory value; MPR, major pathological response.
*Diagnosed based on the AJCC criteria (8th edition).

*Including LELC, adenosquamous carcinoma, large cell neuroendocrine carcinoma.

Bold values mean statistical significance.
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193 patients with NSCLC underwent neoadjuvant ICls-
containing regimens and finished completed resection
between October 2019 and April 2023were reviewed

Patients excluded (n=46)
Receiving neoadjuvant immunomonotherapy (n=19)
No pretreatment or posttreatment laboratory data (n=17)
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—
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LASSO algorithm
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Collection

Calculation

Selection

Validation

Ethical approval was obtained
to collect lung cancer patients
treated between January 2019
and January 2021.

Take the 20% incidence of bone
metastases in patients and
calculate it using the formula:
Zf_gx px(-p)
n= ZT' a n d
exclusion using the Inclusion
and Exclusion Criteria.

Patients were assigned to the
training and validation groups
in a 7:3 ratio, clinical and
laboratory data were collected,
and signature selection was
performed using the LASSO
machine learning Algorithm.

The model was validated using
the C index, calibration curves
and AUC.

Patient collected
(n=324)

241 patients met
the criteria, of
whom 56 developed
bone metastases.

A predictive model was
constructed to assess
the risk of bone
metastasis in lung
cancer using Sll, CEA,
NSE, Cyfra211 and NLR.
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Overall survival Relapse-free survival

Characteristics

Hazard ratio (95%Cl) P value Hazard ratio (95%Cl) P value
Age (years)
<50 Reference Reference
>50 1181 (0.545 - 2.557) 0673 0529 (0.279 - 1.006) 0052
BMI (kg/m?)
<24 Reference Reference
224 1.154 (0510 - 2.611) 0.731 1.134 (0594 - 2.167) 0.703
Ki-67 2
<30% Reference Reference
>30% 2324 (0922 - 5.860) 0.074 3.040 (1.397 - 6.617) 0.005 *

Molecular subtype®

LumA Reference Reference

LumB 5.656 (1.141 - 28.026) 0.034 % 5.316 (1.700 - 16.625) 0.004 *
Her2 2.731 (0.560 - 13.329) 0.214 1.387 (0.427 - 4.507) 0.586
Basal 8.628 (1.877 - 39.653) 0.006 * 9.039 (2.955 - 27.645) < 0.001 *

NAC response

non-pCR Reference Reference

pCR 0.169 (0.023 - 1.260) 0.083 0.069 (0.009 - 0.502) 0.008 *
CD3+ ¢

<715 Reference Reference

271.5 1.046 (0.483 - 2.267) 0.909 0.788 (0.420 - 1.479) 0.458
CD3+CD4+ ©

<377 Reference Reference

>37.7 1516 (0.687 - 3.343) 0.303 0.642 (0.342 - 1.206) 0.169
CD3+CD8+ ©

<26.9 Reference Reference

226.9 0.839 (0.387 - 1.821) 0.657 1.356 (0.722 - 2.548) 0.344
CD19+ ©

<9.3 Reference Reference

293 1.078 (0.497 - 2.338) 0.849 0.645 (0.343 - 1.211) 0.172

CD3-CD16+CD56+ ©

<15.6 Reference Reference

215.6 0.147 (0.044 - 0.494) 0.002 * 0.237 (0.113 - 0.501) < 0.001 *
CD4+CD25+ ©

<19.2 Reference Reference

219.2 0.793 (0.362 - 1.734) 0.561 0.777 (0.413 - 1.461) 0.434
CD8+CD25+ ©

<9.1 Reference Reference

29.1 0.881 (0.389 - 1.994) 0.762 1.008 (0.535 - 1.900) 0.980
T stage ¢

0&1 Reference Reference

2 1.391 (0.546 - 3.543) 0.489 1.286 (0.627 - 2.639) 0.492
3 0.830 (0.205 - 3.361) 0.794 2,607 (1.056 - 6.437) 0.038 *
4 3.311 (1.057 - 10.376) 0.040 * 1.204 (0.341 - 4.254) 0.773
N stage ¢

0 Reference Reference

1 8.977 (1.095 - 73.586) 0.041 * 1.273 (0.440 - 3.678) 0.656
2 3.707 (0.413 - 33.257) 0.242 2238 (0.910 - 5.503) 0.079
3 16.677 (2.160 - 128.773) 0.007 * 3.550 (1.469 - 8.582) 0.005 *
M stage ¢

0 Reference Reference

1 7.957 (3.630 - 17.443) <0.001 * 3.013 (1.399 - 6.490) 0.005 *

“The Ki-67 index at the diagnosis indicates DNA synthetic activity as measured using immunocytochemistry.
"Molecular subtypes were determined by the expression of ER, PR and HER2.

“The cut-off values were determined as the median for each group.

Diagnosed based on the AJCC, 2016 criteria (the eighth edition).

*P<0.05.
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Univariate Multivariate

Characteristics Total (N)
Odds Radio (95%Cl) P value Odds Radio (95%Cl)

Age (years) 161

<50 84 Reference

250 77 1,562 (0.765 - 3.189) 0221

BMI (kg/m?) 161

<24 102 Reference |
o 59 0997 (0.477 - 2.080) 0993

Ki-67 161

<30% 63 Reference

>30% 98 0878 (0.426 - 1.807) 0723

Molecular subtype * 161

LumA 37 Reference

LumB 26 0.074 (0.009 - 0.609) 0.015* 0.130 (0.015 - 1.136) 0.065
Her2 67 0.965 (0.416 - 2.241) 0.934 1.076 (0.432 - 2.679) 0.875
Basal 31 0.274 (0.078 - 0.953) 0.042 * 0.372 (0.098 - 1.407) 0.145
CD3+ © 161

<715 75 Reference

2715 86 1.511 (0.734 - 3.112) 0.263

CD3-CD16+CD56+ © 161

<156 81 Reference

215.6 80 6.407 (2.725 - 15.063) < 0.001 * 4.834 (1.961 - 11.915) <0.001*
CD8+CD25+ © 161

<9.1 85 Reference

29.1 76 ‘ 1.615 (0.791 - 3.300) 0.188

T stage ¢ 161

0&1 82 Reference

2 ‘ 54 0.438 (0.192 - 1.000) 0.050 * 0.511 (0.208 - 1.257) 0.144
3 14 0.321 (0.067 - 1.537) 0.155 0.417 (0.078 - 2.231) 0.307
4 11 0.193 (0.023 - 1.583) 0.125 0.442 (0.046 - 4.270) 0.481
M stage d 161

0 142 Reference

1 19 0.000 (0.000 - Inf) 0.985

“The Ki-67 index at the diagnosis indicates DNA synthetic activity as measured using immunocytochemistry.
"Molecular subtypes were determined by the expression of ER, PR and HER2.

“The cut-off values were determined as the median for each group.

9Diagnosed based on the AJCC, 2016 criteria (the eighth edition).

*P<0.05.
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Training cohort Testing cohort

Characteristic (%)

N =161 N = 69
Age at diagnosis (years) 19 (43-57) 47 (41-56)
<50 124 (53.9) 84 (52.2) 40 (58.0)
50 106 (46.1) 77 (47.8) 29 (42.0)
BMI (kg/m?)
<24 150 (65.2) | 102 (63.4) 48 (69.6)
>4 80 (34.8) 59 (36.6) 21 (304)
Ki-67 2
<30% 92 (40.0) 63 (39.1) 29 (42.0)
>30% 138 (60.0) 98 (60.9) 10 (58.0)
Molecular subtype ©
LumA 54 (235) 37 (23.0) 17 (24.6)
LumB 34 (14.38) 26 (16.1) 8 (116)
Her2 91 (39.6) 67 (41.6) 24 (348)
Basal 51(222) 31(193) 20 (29.0)

NAT response
non-pCR 177 (77.0) 120 (74.5) 57 (82.6)
PCR 53 (23.0) 41 (25.5) 12 (17.4)
CD3+ (median) ©
<715 115 (50.0) 75 (46.6) 40 (58.0)
2715 115 (50.0) 86 (53.4) 29 (42.0)
CD3+CD4+ (median) ©
<377 115 (50.0) 74 (46.0) 41 (59.4)
>37.7 115 (50.0) 87 (54.0) 28 (40.6)
CD3+CD8+ (median) ©

s 115 (50.0) 79 (49.0) 36 (522)
226.85 115 (50.0) 82 (51.0) 33 (47.8)

CD19+ (median) ©

<9.25 115 (50.0) 81 (50.0) 34 (493)
2925 115 (50.0) 80 (50.0) 35 (50.7)
CD3-CD16+CD56+ (median) ©

<16.15 115 (50.0) 81 (50.0) 34 (493)

216.15 115 (50.0) 80 (50.0) 35 (50.7)

CD4+CD25+ (median) ©
<192 115 (50.0) 78 (48.4) 37 (53.6)
>192 115 (50.0) 83 (51.6) 32 (46.4)

CD8+CD25+ (median) ©

<91 115 (50.0) 85 (52.8) 30 (435)
>9.1 115 (50.0) 76 (47.2) 39 (56.5)
T stage®

TO&TL 115 (50.0) 82 (50.9) 33 (47.8)
v 81(35.2) 54(33.5) 27 (39.1)
3 18 (7.8) 14 (87) 4(58)

T4 16 (7.0) 11 (638) 5(72)

N stage?

No 85 (37.0) 60 (37.3) 25 (362)
N1 51(222) 33 (205) 18 (26.1)
N2 49 (21.3) 35 (21.7) 14 (20.3)
N3 45 (19.6) 33 (205) 12 (17.4)
M stage®

Mo 202 (87.8) 142 (88.2) 60 (87.0)
M1 28 (122) 19 (11.8) 9(13.0)

*The Ki-67 index at the diagnosis indicates DNA synthetic activity as measured using immunocytochemistry.
Molecular subtypes were determined by the expression of ER, PR and HER2.

“The cut-off values were determined as the median for each group.

9Diagnosed based on the AJCC, 2016 criteria (the eighth edition).
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Characteristics (n%)  non-pCR pCR P value

N 177 (77.0%) 53 (23%)
Age, (years) 49 (41-57) 49 (43-55) 0.857
<50 96 (41.7%) 28 (12.2%)
=50 81 (35.2%) ‘ 25 (10.9%)
BMI, (kg/m?) 0853
<24 116 (50.4%) 34 (14.8%)
>24 61 (26.5%) | 19 (8.3%)
Ki-67 * 0.482
<30% 73 (31.7%) 19 (8.3%)
>30% 104 (45.2%) 34 (14.8%)
Molecular subtype b 0.010
LumA 40 (17.4%) 14 (6.1%)

7 LumB 33 (14.3%) 7 1(0.4%)
Her2 63 (27.4%) 28 (12.2%)
Basal 41 (17.8%) | 10 (4.3%)
CD3+ ¢ 0.159
<715 93 (40.4%) 22 (9.6%)
271.5 84 (36.5%) 31 (13.5%)
CD3+CD4+ © 0.273
<37.7 92 (40%) | 23 (10%)
>37.7 85 (37%) | 30 (13%)
CD3+CD8+ © | | 0.042
<26.85 95 (41.3%) 20 (8.7%)
>26.85 82 (35.7%) 33 (14.3%)
CD19+ © 0.434
<9.25 91 (39.6%) | 24 (10.4%)
29.25 86 (37.4%) 29 (12.6%)
CD3-CD16+CD56+ © | <0.001
<16.15 107 (46.5%) 8 (3.5%)
>16.15 70 (30.4%) s (19.6%)
CD4+CD25+ © 0.434
<19.2 91 (39.6%) 24 (10.4%)
219.2 86 (37.4%) 29 (12.6%)
CD8+CD25+ ¢ 0.042
<9.1 95 (41.3%) 20 (8.7%)
>9.1 82 (357%) | 33 (14.3%)
T stage d 0.001
0/1 76 (33%) ‘ 39 (17%)
2 70 (30.4%) 11 (4.8%)

7 3 16 (7%) 2 (0.9%)
4 15 (6.5%) 1 (0.4%)
N stage ¢ <0.001
0 45 (19.6%) 7 40 (17.4%)
1 40 (17.4%) 11 (4.8%)
2 . 47 (20.4%) 2 (0.9%)
3 45 (19.6%) 0 (0%)
M stage ¢ 0.002
0 149 (64.8%) | 53 (23%)
1 28 (12.2%) 0 (0%)
Relapse status < 0.001
0 124 (53.9%) 52 (22.6%)
1 ‘ 53 (23%) 1 (0.4%)
OS status © . 0.001
0 141 (61.3%) 52 (22.6%)
1 36 (15.7%) 1 (0.4%)

“The Ki-67 index at the diagnosis indicates DNA synthetic activity as measured
using immunocytochemistry.

Molecular subtypes were determined by the expression of ER, PR and HER2.

“The cut-off values were determined as the median for each group.

dDiagnosed based on the AJCC, 2016 criteria (the eighth edition).

€0 and 1 indicated that the outcome event did not occur and occurred, respectively.





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Application of multi-omics analysis in thoracic cancer immunotherapy



		Editorial: Application of multi-omics analysis in thoracic cancer immunotherapy



		Author contributions



		Acknowledgments



		Conflict of interest



		References









		Single-cell transcriptomics reveals heterogeneity in esophageal squamous epithelial cells and constructs models for predicting patient prognosis and immunotherapy



		Background



		Methods



		Results



		Conclusion



		1 Introduction



		2 Methods



		2.1 Dataset source



		2.2 The detailed steps of the single-cell analysis process



		2.3 Infer the malignant squamous epithelial cells



		2.4 GSVA enrichment analysis



		2.5 Cell-cell communication and inference of transcription factors



		2.6 Gene regulatory networks



		2.7 Building the high-performance epithelial-associated signature (EAS) of ESCC



		2.8 Mutation landscape



		2.9 Differences in the TME and drug inference



		2.10 SubMap validation



		2.11 Collection of clinical samples and cell lines and ethics



		2.12 Colony formation



		2.13 Statistical analysis









		3 Results



		3.1 The scRNA profiling of LUAD



		3.2 Trajectory analysis and cellular communication



		3.3 Regulon prediction



		3.4 Aggressive and EMT score



		3.5 Model developing and evaluating



		3.6 Immune infiltration analysis



		3.7 TMB and immunotherapy cohort



		3.8 Enrichment analysis and immunization checkpoints



		3.9 Vitro experimental validation









		4 Discussion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Supplementary material



		References









		Evaluating the predictive significance of systemic immune-inflammatory index and tumor markers in lung cancer patients with bone metastases



		Objective



		Methods



		Results



		Conclusion



		1 Introduction



		2 Methodology and information



		2.1 Sample collection and ethical approval



		2.2 Sample size calculation



		2.3 Inclusion and exclusion criteria



		2.4 Sample selection



		2.5 Data collection



		2.6 Signature selection steps



		2.7 Internal validation process



		2.8 Statistical analysis









		3 Result



		3.1 Screening of LASSO signature variables



		3.2 Univariate analysis of characteristic variables



		3.3 Training the risk prediction model for bone metastasis in lung cancer



		3.4 Risk prediction and model validation for lung cancer bone metastasis









		4 Discussion



		5 Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Conflict of interest



		References









		A review of natural products targeting tumor immune microenvironments for the treatment of lung cancer



		1 Introduction



		2 Overview of tumor immune microenvironment and lung cancer



		2.1 Helper T cells



		2.2 Cytotoxic T lymphocytes



		2.3 Regulatory T cells



		2.4 Natural killer cells



		2.5 Tumor-associated macrophages



		2.6 Cancer-associated fibroblasts



		2.7 Tumor-infiltrating B cells



		2.8 Dendritic cells



		2.9 Mast cells



		2.10 Myeloid-derived suppressor cells









		3 Anticancer effects of natural products when targeting tumor immune microenvironments



		3.1 Terpenoids



		3.1.1 Astragaloside-IV



		3.1.2 Ginsenosides (Rg3 and Rh2)



		3.1.3 Atractylenolides (Atractylenolides II and III)



		3.1.4 Cannabinoids



		3.1.5 Triptolide



		3.1.6 Oridonin



		3.1.7 Lycopene



		3.1.8 Lupeol



		3.1.9 Paeoniflorin



		3.1.10 Bakuchiol



		3.1.11 Platycodin D









		3.2 Flavonoids



		3.2.1 Rocaglamide



		3.2.2 Puerarin



		3.2.3 Nobiletin



		3.2.4 (−)-Epigallocatechin gallate



		3.2.5 Myricetin



		3.2.6 Licochalcone A



		3.2.7 Silibinin



		3.2.8 Isovitexin



		3.2.9 Luteolin (Apigenin)









		3.3 Alkaloids



		3.3.1 Matrine



		3.3.2 Sanguinarine



		3.3.3 Homoharringtonine



		3.3.4 Oxymatrine



		3.3.5 Morphine



		3.3.6 Evodiamine



		3.3.7 Sophocarpine









		3.4 Other natural products



		3.4.1 Curcumin



		3.4.2 Resveratrol



		3.4.3 Polydatin



		3.4.4 Plumbagin



		3.4.5 Withaferin A



		3.4.6 Salidroside



		3.4.7 Erianin















		4 Discussion and conclusions



		Author contributions



		Funding



		Conflict of interest



		References



		Glossary









		Single-cell and Bulk RNA-Seq reveal angiogenic heterogeneity and microenvironmental features to evaluate prognosis and therapeutic response in lung adenocarcinoma



		Background



		Methods



		Results



		Conclusion



		1 Introduction



		2 Materials and methods



		2.1 Pre-processing of bulk RNA-seq data



		2.2 Extraction and manipulation of single-cell RNA-seq data



		2.3 Consensus clustering of angiogenic clusters



		2.4 ssGSEA, GSVA, and single-cell functional gene set activity scores



		2.5 GO and KEGG enrichment analyses and GSEA



		2.6 Single-cell trajectory analysis



		2.7 Cell communication analysis



		2.8 Identification of Regulon submodules



		2.9 Immunohistochemistry



		2.10 Analysis of immunotherapy response and chemotherapy drug sensitivity



		2.11 Statistical analysis









		3 Results



		3.1 Identification of angiogenic clusters for LUAD



		3.2 Differences in TME characteristics between angiogenic clusters



		3.3 Angiogenic heterogeneity among different cell types and subtypes



		3.4 Regulon submodules of different cell states



		3.5 Cell communication of malignant cells with TME



		3.6 Construction of the angiogenic risk score and discussion of its clinical relevance



		3.7 SLC2A1 promotes angiogenesis in lung adenocarcinoma



		3.8 Prediction of immunotherapeutic and chemotherapeutic effects and construction of an individualized nomogram based on ARS









		4 Discussion



		5 Conclusions



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Supplementary material



		References









		Innovative prognostic modeling in ESCC: leveraging scRNA-seq and bulk-RNA for dendritic cell heterogeneity analysis



		Background



		Methods



		Results



		Conclusion



		1 Introduction



		2 Methods



		2.1 Data acquisition



		2.2 ScRNA-seq analysis



		2.3 Evaluation of dendritic cell-related features



		2.4 Construction of the prognostic model



		2.5 Development of nomograms



		2.6 Analysis of mutations



		2.7 Analysis of enrichment



		2.8 Forecasting the effectiveness of immunotherapy



		2.9 RNA isolation and quantitative RT-PCR assay



		2.10 Immunohistochemistry









		3 Results



		3.1 Analysis of scRNA-seq



		3.2 Analysis of cell communication



		3.3 Further clustering of dendritic cells



		3.4 Pseudotime analysis and assessment of heterogeneity among samples



		3.5 Impact of dendritic cell subgroups on ESCC prognosis



		3.6 Dendritic cell malignancy inference



		3.7 Development and assessment of the predictive mode



		3.8 Building and testing of the prognostic nomogram



		3.9 Enrichment analysis



		3.10 Forecasting the effectiveness of immunotherapy



		3.11 Validation of model gene expression









		4 Discussion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Supplementary material



		References









		Effect of smoking-related features and 731 immune cell phenotypes on esophageal cancer: a two-sample and mediated Mendelian randomized study



		Introduction



		Methods



		Results



		Conclusion



		1 Introduction



		2 Materials and methods



		2.1 Study design



		2.2 Description of the data source



		2.3 Selection of genetic instrumental variables



		2.4 Univariate MR analysis



		2.5 Sensitivity analysis



		2.6 Reverse MR analysis



		2.7 Mediated MR analysis









		3 Results



		3.1 Effect of smoking-related features on esophageal cancer



		3.2 Effects of esophageal cancer on various smoking characteristics



		3.3 Effect of immune cell phenotypes on esophageal cancer



		3.4 Mediated MR analysis









		4 Discussion



		5 Conclusion



		Data availability statement



		Author contributions



		Funding



		Conflict of interest



		Supplementary material



		References









		SOX13 is a novel prognostic biomarker and associates with immune infiltration in breast cancer



		Background



		Methods



		Results



		Conclusion



		1 Introduction



		2 Materials and methods



		2.1 TIMER 2.0



		2.2 UALCAN



		2.3 GEPIA



		2.4 Kaplan-Meier plotter



		2.5 cBioportal



		2.6 LinkedOmics database analysis



		2.7 ImmuCellAI



		2.8 GDSC2



		2.9 Patients



		2.10 IHC



		2.11 Statistical analysis









		3 Results



		3.1 Elevated expression of SOX13 in BC



		3.2 Gene mutation analysis and methylation analysis



		3.3 Patient characteristics



		3.4 Association with SOX13 expression and clinicopathologic variables



		3.5 Elevated SOX13 expression is correlated with poor outcome in BC patients



		3.6 Co-expression analysis of SOX13



		3.7 Enrichment analysis of co-expression genes correlated with SOX13 in BC



		3.8 The effects of SOX13 on immune cell infiltration



		3.9 The association between SOX13 and immune-related genes



		3.10 SOX13 correlated drug resistance analysis









		4 Discussion



		5 Conclusions



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Conflict of interest



		Supplementary material



		References









		A machine learning radiomics based on enhanced computed tomography to predict neoadjuvant immunotherapy for resectable esophageal squamous cell carcinoma



		Background



		Methods



		Results



		Conclusion



		1 Introduction



		2 Materials and methods



		2.1 Patient selection



		2.2 Treatments and response evaluation



		2.3 Imaging acquisition and feature extraction



		2.4 Model construction



		2.5 Statistics analysis









		3 Results



		3.1 Clinical characteristics



		3.2 Feature selection



		3.3 Model construction



		3.4 Nomogram construction









		4 Discussion



		5 Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Supplementary material



		References









		Integrating machine learning algorithms and multiple immunohistochemistry validation to unveil novel diagnostic markers based on costimulatory molecules for predicting immune microenvironment status in triple-negative breast cancer



		Introduction



		Methods



		Results



		Conclusion



		1 Introduction



		2 Materials and methods



		2.1 Data acquisition and preparation



		2.2 Patient-clustering based on CMGs



		2.3 Estimation of the immune cell infiltration landscape in TIME



		2.4 Functional annotation and pathway enrichment analyses



		2.5 Screening and identification of the diagnostic CMGs biomarkers



		2.6 Conduction and validation of the diagnostic nomogram based on CMGs biomarkers



		2.7 Tissue multiplex immunohistochemistry



		2.8 Statistical analysis









		3 Results



		3.1 Data extraction and processing



		3.2 Patient-clustering based on CMGs



		3.3 Estimation of the immune cell infiltration landscape in TIME



		3.4 Functional annotation and pathway enrichment analyses



		3.5 Screening and identification of the diagnostic CMGs biomarkers



		3.6 Construction and validation of the diagnostic nomogram based on CMGs



		3.7 Expression of CMGs markers positively related to efficacy of immunotherapy









		4 Discussion



		5 Conclusions



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Supplementary material



		References









		Comprehensive analysis of PPP4C’s impact on prognosis, immune microenvironment, and immunotherapy response in lung adenocarcinoma using single-cell sequencing and multi-omics



		Background



		Methods



		Results



		Conclusion



		1 Introduction



		2 Materials and methods



		2.1 Participant recruitment and data collection



		2.2 Identification of immune-related genes



		2.3 Single-cell RNA sequencing



		2.4 Immune infiltration



		2.5 The immunological landscapes, clinical manifestations, and immunotherapy



		2.6 Real-time PCR



		2.7 Western blot



		2.8 Immunohistochemistry



		2.9 Cultivation of lung cancer cells



		2.10 PPP4C influences on the migration and invasion of LUAD cells



		2.11 Cell colonies formation



		2.12 Statistical analysis









		3 Results



		3.1 Analysis of differentially expressed immune genes in LUAD



		3.2 Characterization of immune-related gene targets in LUAD



		3.3 Probing PPP4C expression patterns in lung cancer



		3.4 Delineation of PPP4C expression via single-cell profiling



		3.5 Exploration of immunological subtypes based on PPP4C gene expression



		3.6 Constructing and validating a predictive model involving PPP4C



		3.7 Assessing the clinical impact of a PPP4C-centric prognostic framework



		3.8 Formulation of a nomogram for precise prognosis prediction in LUAD patients



		3.9 Investigating the impact of PPP4C gene expression on cellular dynamics in LUAD









		4 Discussion



		5 Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Supplementary material



		References









		Dynamics of peripheral blood inflammatory index predict tumor pathological response and survival among patients with locally advanced non-small cell lung cancer who underwent neoadjuvant immunochemotherapy: a multi-cohort retrospective study



		Background



		Methods



		Results



		Conclusion



		1 Introduction



		2 Materials and methods



		2.1 Study design and patient population



		2.2 Definition of peripheral blood inflammatory indexes and data collection



		2.3 Neoadjuvant therapy and pathological assessment



		2.4 Follow-up of patients and study endpoints



		2.5 Identifying a MPR signature based on dPBI



		2.6 Purification and identification of plasma exosome and exosomal miRNA sequencing



		2.7 Processing of sequencing data and gene set enrichment analysis



		2.8 Statistical analysis









		3 Results



		3.1 Workflow of this study



		3.2 Characteristics of the patients



		3.3 Identifying a MPR signature based on dPBI



		3.4 Predictive value of the MPR score for MPR



		3.5 Development of the predictive nomogram for MPR



		3.6 Assessment of predictive performance of the nomogram for MPR



		3.7 Prognostic value of MPR and MPR score for EFS



		3.8 MPR signature and dynamic changes of exosomal miRNA profile









		4 Discussion



		5 Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Conflict of interest



		Supplementary material



		References









		Multi-omics profiling and experimental verification of tertiary lymphoid structure-related genes: molecular subgroups, immune infiltration, and prognostic implications in lung adenocarcinoma



		Introduction



		Materials and methods



		LUAD dataset download and TLS-RGs acquisition



		Analysis of TLS-RGs using consensus clustering



		DEGs identification and functional enrichment analysis



		Creation of TLS scores



		Cell culture for qRT-PCR analysis



		Assessment of immune cells infiltration, and TME



		Assessment of TMB, CSC, and mutation



		Drug susceptibility analysis



		Establishment and verification of the nomogram



		Data processing for single-cell sequencing



		Statistical analysis









		Results



		Transcriptional and genetic changes of TLS-RGs in LUAD



		Prognostic analysis of TLS-RGs, TLS subtypes confirmation, and immune infiltration analysis



		Gene subtypes identification based on DEGs



		Construction and certification of TLS scores



		Construction of a nomogram



		Evaluation of TME between different TLS scores



		Relationship of TLS scores with TMB and CSC index



		Drug sensitivity analysis in different TLS scores



		Single-cell sequencing analysis



		TLS-RGs validation with LUAD cells and tissues









		Discussion



		Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		Supplementary material



		References









		Peripheral NK cell count predicts response and prognosis in breast cancer patients underwent neoadjuvant chemotherapy



		Purpose



		Methods



		Results



		Conclusion



		Introduction



		Methods



		Study design and patient eligibility



		Data collection and patients grouping



		Follow and endpoints



		Statistical analysis









		Results



		Characteristics of patients



		Examination results of the lymphocyte subpopulations are correlated with the efficacy of NAC



		Survival outcomes in the training cohort



		Establishing and validation a predictive model for NAC response



		Establishment of prognostic prediction models



		Assessment of the prognostic performance of the predictive models









		Discussion



		Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Acknowledgments



		Conflict of interest



		References























OPS/images/fimmu.2024.1437193/fimmu-15-1437193-g007.jpg
hort

ining co

Tra

Testing cohort

Points

Molecular subtype

CD3-CD16+CD56+

N stage

Total Points

Linear Predictor

1-year Survival Probability

3-year Survival Probability

5-year Survival Probability

vy

o o o -
o [} e} o

o
N

— 1-year

— 3-year

— 5-year
Ideal line

Observed fraction survival probability

o
o

00 02 04 06 08 10
Nomogram predicted survival probability

m

o o o -
ES [ e} o

o
N

— 1-year

— 3-year

— 5-year
Ideal line

Observed fraction survival probability

o
o

00 02 04 06 08 10
Nomogram predicted survival probability

120

80 100

Basal

160 200 240

-15 -0.5 0.5 15 25 3.5
0.9 08 07
0.8 0.6 0.4 0.2
0.8 06 04 0.2

1.0

0.8
o
o
= 06
2
=
g 04
o]
[42]
0.2 Nomogram
: — 1-year (AUC = 0.948)|
— 3-year (AUC = 0.832)
0.0 — 5-year (AUC = 0.829)|

0.2 04 0.6 0.8 1.0
1-Specificity (FPR)

1.0

08
@
o
= 06
2
=
g 04
o]
(2]
0.2 Nomogram
: — 1-year (AUC = 0.918),
— 3-year (AUC = 0.820)|
00 — 5-year (AUC = 0.843)|

0.2 04 0.6 0.8 1.0
1-Specificity (FPR)

AUC

AUC

Molecular subtype
CD3-CD16+CD56+
N stage

Nomogram

Time (year)

Molecular subtype
CD3-CD16+CD56+
N stage

Nomogram

Time (year)





OPS/images/fimmu.2024.1437193/fimmu-15-1437193-g006.jpg
hort

ining co

Tra

Testing cohort

Points

CD3-CD16+CD56+

N stage

M stage

Total Points

Linear Predictor

1-year Survival Probability

3-year Survival Probability

5-year Survival Probability

o)

— 1-year

— 3-year

— 5-year
Ideal line

Observed fraction survival probability

0.2 04 0.6 0.8 1.0
Nomogram predicted survival probability

— 1-year

— 3-year

— 5-year
Ideal line

Observed fraction survival probability IT]

0.2 04 0.6 0.8 1.0
Nomogram predicted survival probability

0 20 40

60 80 100

Low

| A— S— — |
0.95 0.9 0.850.80.75

08 07 06 0504

=2 =1 0 1
0.9
0.8
1.0

9 =
o ©

Sensitivity (TPR)
o
=

0.2 ! Nomogram
— 1-year (AUC = 0.981)|
— 3-year (AUC = 0.897)
— 5-year (AUC = 0.829)|

0.0 0.2 04 0.6 0.8 1.0
1-Specificity (FPR)

1.0

o o
) ©

Sensitivity (TPR)
o
=

Nomogram

— 1-year (AUC = 0.882)|
— 3-year (AUC = 0.847)
— 5-year (AUC = 0.647)|

e
N

0.0
0.0 0.2 04 0.6 0.8 1.0

1-Specificity (FPR)

06 04 0.2

AUC

CD3-CD06+CD56+
N stage

M stage

Nomogram

1 2 3 4 5
Time (year)

AUC

CD3-CD16+CD56+

N stage
M stage
Nomogram

1 2 3 4 5
Time (year)





OPS/images/fimmu.2024.1437193/fimmu-15-1437193-g005.jpg
A B

Characteristics Total(N)  Hazard ratio (95%Cl) 0s P value Characteristics Total(N) Hazard ratio (95%Cl) RFS P value
Subtype161—l Ki-67 161 1
LumA 37 Reference : L9W 63 Reference :
LumB 26 1.440(0.240 - 8.648) —e— 069 S:Iblfyhpe 1%81 1866 (0623 - 5.588) ! 0.265
Her2 67 1.855 (0.351 - 9.818) ———x 0.467 LA 37 Refeierice :
Basal 31 4.390 (0.802 - 24.039) '1—* 0.088 LumB 26 1.800 (0.367 - 8.819) —r———» 0468
CD3-CD16+CD56+ 161 1 Her2 67 1.145 (0.249 - 5.274) ——— (.862
| G 81 Reference ! Basal 31 5.487 (1.159 - 25.989) — 0032
High 80  0.130(0.033 - 0.504) o 0.003 Responss 161 !
1 non-pCR 120 Reference !
N stage 161 ' 1
pCR 41 0.246 (0.031 - 1.977) > 0.187
0 &0 Reference : CD3-CD16+CD56+ 161 |
1 33 5.998 (0.692 - 51.988) > 0.104 Low 81 Reference 1
2 35 1.589 (0.136 - 18.612) '_:'._" 0.712 High 80 0.275 (0.114 - 0.666) L 2l : 0.004
3 33 10.203 (1.112 - 93.595) — 0.04 N stage 161 1
M stage 161 ! 0 60 Reference :
o 142 R ; 1 33 0.918(0.310 - 2.724) —— 0.878
1 2 35 2.720 (0.984 - 7.523) ——e—» 0.054
L 19 3452 (1:299-9.171) —— 0013 3 33 3.250 (1.100 - 9.604) :v—f—l 0.033
g 1@&s8 M stage 161 1
0 142 Reference !
1 19 1.170 (0.472 - 2.900) ::' 0735

0 1 2 3





OPS/images/fimmu.2024.1437193/fimmu-15-1437193-g004.jpg
Points

Molecular subtype

CD3-CD16+CD56+

T stage

Total Points

Linear Predictor

pCR probability

1.0

1-Specificity (FPR)

0 20 40 60 80 100

Basal Her2
I—‘—l_'
LumB LumA

High

Low
4 0&1
—_—
3 2

0.1 02 03 04 05

Risk Threshold

025 — CD3-CD16+CD56+ 1.0
— Nomogram
— All
0.8 0.20 — None 08
2 = =
o K =
= o
£ E 06 gomr g 0o
8 > ) o
o 2 D 010 o
D 9]
£ | Zos g RS
E (4] 0.05 2
E 02 02
— Apparent
0.00 — BlE:\s corrected
00 Ideal line
0.0 T T T T T
0.0 0.2 04 0.6 0.8 1.0 0.0 0.2 04 0.6 0.8 1.0 00 02 04 0o 08 10
1-Specificity (FPR) Risk Threshold Predicted Probability
1.0
— CD3-CD16+CD56+
— Nomogram
0.15 — Al
08 None
5| &
o =
< = 06 © 0.10
[*] - S
(8] 2 m
(o] = @
c g 04 =
k=] 0.05
g (2]
- 0.2
~/CD3-CD16+CD56+ (AUC =0.798) 0.00
b6 “— Nomogram (AUC = 0.834)
0.0 0.2 04 0.6 0.8 1.0 0.0 0.2 04 0.6 0.8 1.0





OPS/images/fimmu.2023.1322147/fimmu-14-1322147-g002.jpg
5
A B C 3
E] 2
£ 2 R
Patient . 38 2 2 o 3
S S2 K] £ T 3 2 o
2 3% 3 3 s < T 2 E 2
= -] 2 T B = ® o O
2 S8 5 E 2 8 v 8 8 38
w o uw i B S = = o O -
® Gswmsesiea i T 5995090565 °:005°0:0@060 Fraction of cells
® GSMs691643 1 000000 c@@oos00000000000 In group (%)
5 ©0000000000000000000000
® csusssiou 0 10588 081 o I s Tglgsial | ce0@
® GsMs691645 7 600600090000 0000c@@@0O0 00 025 50 75
© csmssatsis 3 0c00eoc0s 0000000000000
o 20000 6000000000000
N
® osmssotes H IR B Y 00000000000 Mean expression
® Gsusesisdn " 90000 60000 o in group
o © osuseiess 9 o 00000 o
< s‘ 2 L1 ° o
.} E9 3 ° > o 000 025 050 075 100
3
H
UMAP_1 UMAP_T

CD79A CD3D Lyz

celltype

W s
B crcotveiia
[ Fibroblasts

B Gienduiar Epithelium
Mast cels

B vyeioia
B~ es

Plasma cells
B smooth muscie
B scuamous epitheiium

B reeis

CLDN5 COL1A1 CPA3

;! b b

inferCNV

@ Endoelal B Squaous sptelum

B
Endothelial
Fibroblasts

References (Cells)

Glandular Epithelium

Mast cells
Myeloid
NKIT cells

Plasma cells

Smooth muscle

Observations (Cels)

Squamous epithelium

T cells

Squamous epithelium

Genomic Region

6000
g Q0
8
& 4000 o o
>

2000

0
2 3 4 5 6 7 8

CNV Cluster





OPS/images/fimmu.2024.1336817/table1.jpg
Consortium

tobacco smoking

https://gwas.mrcieu.ac.uk/datasets/ebi-

Esophageal cancer Sakaue S 2-GCST90018841/

European 476,306 2021 24,194,380

Phenotype Jutier Ethnicity Web source

Smoking status: Never  Neale lab ‘ European 359,706 2018 13,586,591 https://gwas.mrcieu.ac.uk/datasets/ukb-d-20116_0/
Ever smoked MRC-IEU ‘ European 461,066 2018 9,851,867 https://gwas.mrcieu.ac.uk/datasets/ukb-b-20261/
Smoking initiation GSCAN ‘ European 607,291 2019 11,802,365 https://gwas.mrcieu.ac.uk/datasets/ieu-b-4877/
et Neale Lab ‘ European 337,030 2017 9,178,635 https://gwas.mrcieu.ac.uk/datasets/ukb-a-16/






OPS/images/fimmu.2023.1322147/fimmu-14-1322147-g003.jpg
Component 2

Component_1

state

.2
.
.
.

seurat_dlusters

l‘7
2

Component_2

Component_1

seurat_dlusters

I2

Component_2

‘Component_1

ALLOGRAFT_REJECTION

KRAS_SIGNALING_UP
05

E2F_TARGETS

0 [ 2v_crEckpOINT 0

B PANCREAS BETA_CELLS

APICAL_SURFACE -05
COAGULATION
INFLAMMATORY_RESPONSE "

INTERFERON_ALPHA_RESPONSE
COMPLEMENT
IL6_JAK_STAT3_SIGNALING
INTERFERON_GAMMA_RESPONSE

L] ANGIOGENESIS.
B | TGF_BETA_SIGNALING

MITOTIC_SPINDLE
MYC_TARGETS_v2

I ona_REPAIR

B MvC_TARGETS Vi

[ FATTY_ACID_METABOLISM

[ OXIDATIVE_PHOSPHORYLATION

[ UNFOLDED_PROTEIN_RESPONSE

[ WNT_BETA_CATENIN_SIGNALING

I cuveouvsis

[ XENOBIOTIC_METABOLISM

[ MTORC1_SIGNALING

[ ADIPOGENESIS

I PerOXISOME

[ REACTIVE_OXYGEN_SPECIES_PATHWAY

[ PI3K_AKT_MTOR_SIGNALING

[ NOTCH_SIGNALING

[ uv_RESPONSE_UP

[ ESTROGEN_RESPONSE_LATE

I PROTEIN_SECRETION

I BILE_ACID_METABOLISM

[ HEME_METABOLISM

| [ ANDROGEN_RESPONSE

1] cHOLESTEROL_HOMEOSTASIS

| [ psa_paTHwaAY

| [ APICAL_JUNCTION

| || HEDGEHOG_SIGNALING

[ apoprosis

[ mvocenesis

i3

=
Kl
3
o
]
2
H
H
o
<
H
-
z
3
3

0

Number of interactions

0

Relative Expression

Pseudo-time

TNG - SDC1{
THBST - SDC1
THBS1 - CD47

PTN - SDC2+

PTN - SDC1

PN~ NCL @/
PDGFA - PDGFRB-
PDGFA - PDGFRA |
NAMPT - INSR - :
NAMPT - (ITGAS+ITGB1) |
MPZL1 - MPZL1 -
MIF - ACKR3 |

MIF - (CD74+CXCR4)
MIF - (CD74+CD44)
MDK - SDC2-
MDK - SDC1-
MDK - NCL

MDK - LRP1

MDK - (ITGA6+TGB1)-
LGALSS - HAVCR2
LGALS - CD45 -
LGALS - CD44

LAMC2 - (ITGAGHTGB1)
LAMC? - (ITGAT+TGB1
LAMC1 - CD44 (@ @
LAMC? - (ITGAT+ITGB1) |
LAMC1 - (ITGAG+ITGB1)| @
LAMC1 - (ITGAT+TGB1
LAMBS3 - CD44 |
LAMBS - (TGAT+TGB1) |
LAMB3 - (ITGAGHTGBT)| @
LAMBS3 - (ITGA1+ITGBT
LAMAS - CD44 /@
LAMAS - (ITGAT+TGB1) |
LAMAS - (ITGAG+ITGB1)| @
LAMAS - (ITGA1+TGB1
LAMA3 - CD44 (@ @
LAMAS - (ITGAT+[TGB1
LAMA3 - (ITGAG+ITGB1)| @
LAMA3 - (ITGAT+ITGB1)+
JAGT - NOTCH3 |
HLA-F - CD8B |
HLA-F - CDBA+
HLA-E - KRG |
HLA-E - CD84:NKG2A |
HUA-E - CDBB |
HLA-E - CDBA-
HLA-C - CD8B-|
HLA-C - CDBA |
HLA-B - CDBB{

CXCL16 - CXCR -
CLEC2B - KLRB1 -

CD98 - CD99 |
CD46 - JAGT | o
APP - CD74 o o
ANGPTL4 - SDC2 1
ANGPTL4 - SDC1+
ANGPTL4 - CDHS
ANGPTL4 - (ITGAS+ITGB1) |

ALCAM - CD6 L)

ADM - CALCRL{_® ° (]
Sg2Ras89990028234232982
£883883488588848388588%8

ot8ylcaerasieprosagotaer
TERESERLITERRELTERESEREY
AR R AR R
Eoo0801088 00108, 080008
§rglgscrffagisifrgises
i
gz§f§?§ﬁ§§2§§sg§§§5;¥sag
Sepsdaceiiidezli ez By
R S e P
EEEEDs "EEEIE,"EEEbEz:
g% TR RS ERGREZ
<5 Gg G2

& 5 &

p-value

®001<p<005

@p<001

Commun. Prob.

Interaction weights/strength

TNXB - SDC4
TNXB - SDC1

TNFSF12 - TNFRSF 12A
TNFSF10 - TNFRSF108
TNG - SDC4

TNC - SDC1

THBS? - SDC4.

THBS2 - SDC1

THBS? - CD47

THBS2 - (ITGA3+ITGB1)
THBS1 - SDC4-

THBS1 - SDC1

THBS - CD47

THBS1 - (ITGAS+TGE!)
SELE-GLG1

SELE - CD44

PTN - SDC4-

PTN - SDC1
PTN-PTPRZ1

PTN - NCL

MPZL1 - MPZLT

WIF - ACKR3

NDK - S04

NDK - SOC1

MDK - PTPRZ1

DK = NCL-

DK - LRPT

MDK - (ITGAB+TGB1)
LGALSS - CD44

LAMC1 - DAG1

LAMC1 - CD44-

LAMC - (ITGAV+1TGBS)
LAMCT - (ITGAB*TGBA)
LANC1 - (ITGAG+TGB1)
LANC1 - (ITGA3+TGB1)
LAMC1 - (ITGAZ+TGB1)
LAMB - DAGT

LAMB? - CDa4

LAMB? - (ITGAV+ITGBS)
LAMEB - (ITGAG+ITGBA)
LAMEB - (ITGAG+ITGB1)
LAMB2 - (ITGA3+TGB1)
LAWMEB? - (ITGA2+ITGB1)
LAMAS - DAG1

LAMAS - CD44

LAMAG - (TGAV+TGES)
LAMAG - (ITGAB+TGBA)
LAWAG - (ITGAG+TGB1)
LAWAA - (ITGA3+ITGB1)
LAMAA - (ITGAZ+TGB1)
JANZ - F11R

JAM2 - (ITGAV+TGB1)
JAM2 - (ITGA3+TGB1)
JAGT - NOTGH3:

1TGB2 - IGAM1

IGF1 - (ITGAG+ITGBA)
IFNG - (IFNGR1+IFNGR2)
HSPG2 - DAGT

GZMA - PARD3

GZMA - F2RLT

FN1 - SDC4

FN1 - SDC1

FN1 - CDad.

FN1 - (ITGAV+ITGBS)
FN1 - (ITGAV+ITGBI)
FN1 - (TGA3+ITGB1)
FGFT - FGFR2

ENTPD! - ADORAZB
EFNB2 - EPHBS

EFNAT - EPHAZ

CXCL12 - ACKR3

CTSG - PARD3

CTSG - F2RL1

COLBA3 - SDC4-

COL8A3 - SDC1
COLBA3 - CDA4
GOLBAS - (ITGAV+ITGBS)
COLEAS - (ITGA3+TGB1)
COLBA3 - (ITGAZ+TGB1)
GOLBA2 - SDC4-

COLBA2 - SDC1
COLBA2 - CDA4
COLBAZ - (ITGAV+ITGES)
COLEA2 - (ITGA3+TGB1)
COLBAZ - (ITGAZ+ITGB1)
COLBAT - SDC4-

GOLBAT - SDC1
COLBAT - CDa4
COLBAT - (TGAV+ITGES)
COLEAT - (ITGA3+ITGB1)
COLAT - (ITGAZ+TGB1)
COL#A2 - SDC4-

GOL4A2 - SDC1
COLéA2 - CDa4
COL4A2 - (TGAV+ITGES)
COL4A2 - (ITGA3+TGB1)
COL4A2 - (ITGAZ+ITGB1)
COL4A1 - SDC4

COL4A1 - SDC1
COL4A - CDa4
COL4A1 - (ITGAV+ITGES)
COL4AT - (ITGAZ+ITGB1)
COL4AT - (ITGA2+ITGB1)
COL1A2 - SDC4-

COL1A2 - SDC1
COL1A2 - CDa4
COL1A2 - (ITGAV+ITGES)
COL1A2 - (ITGAZ+ITGB1)
COL1AZ - (ITGAZ+TGB1)
COLIAT - SDC4-

GOL1A1 - SDCT
COLIA1 - CDa4
COL1A1 - (TGAV+ITGBS)
COLIAT - (ITGAZ+ITGB1)
COL1AT - (ITGA2+1TGB1)
GD99 - CDYY
CDB - ALCAM
APP - CD74
ANGPTLA - SOC4.
ANGPTL4 - SDC1

: k244
i

o g“o o
IR o
.:05 .0

R

.
T . o
2L88288822222822222222
R R
EEEEEEREERREERILEIEE
ShHLESLESL R85
Bipespsisbtizissisis
EEREEEREELREEELReLEE
Sraataettaatatentint
3558828832 $o2%
Sirzisrioeg EHE
gEgE8==s £Ec
b 855
5EE

Commun. Prob.

p-value

@ »<00r





OPS/images/fimmu.2024.1369892/crossmark.jpg
©

2

i

|





OPS/images/fimmu.2023.1322147/crossmark.jpg
©

2

i

|





OPS/images/fimmu.2023.1322147/fimmu-14-1322147-g001.jpg
Single-cell RNA
sequencing

SSGSEA-Survival

SSGSEA-Survival

100

®

©

w

2

o
Time

Survival

Mutation Spectrum

Enrichment Analysis

Normal Tumor

Cell Chat

Gene regulatory Cell Trajectory
network

~log10(pvalue)
v

GEO-Survival TCGA-Survival

Low Risk Score
High Risk Score

Survival

; . Immunothera
Tumor Microenviron- 0 Py
ueue

e

(4

Immune Checkpoint Drug Screening

1Y






OPS/images/fimmu.2023.1322147/fimmu-14-1322147-g006.jpg
Survival curve

1.00

Survival curve

GEO

1.00
Cluster0 Clustert
= high S
2 high
3 075 = tliow, g 075 = low
5 s
g 3
5050 5050
S
3025 So
I a .25
0.00

D
F —
PTMA PQLR1D | {CDCA4 RPL7A
ACTB
POLR1D
FUS
BUB3
RPL7A o
EFHD2 T
APLP2 g
SEC62 8
FOXP1 ]
SERF2 8
vIm
ACTN1
CDCA4
TPM1
RPA1
UZ%L.’l_ﬁﬁ -0.5 0.0 0.5 1.0
ARL3 Cox coefficient
DKK1 H G
CCND1 Type [l R [l Protecive
S100A7 "
PI3 @ Protective factors(HR>1) RPL7A
SLPIq POLR1D
SPRR2D @® Hazardous factors(HR<1) oL ]
SPRR2A{ PKP1 2
FABP54 DKK1 g
DSG34 CDCA4 ]
PKP1 U2SURP %
FAM83B T 8
TACSTD24 DSG3 2
TRIM294 APLP2 3
MAL24 coND1 3
TUFT1 Sene? =
TUBE24 | CcTTN 2
- EFHD2 d
BTG34 TUFT1 < |||||||||“‘
MRPL15 ] MRFL1E i
0 1 2 3 4 5 -0.5 00 05 1.0 6 2 2
Cox coefficient In(lambda)
1 K
100
2 TCGA
=
= E g
& ) &
o by ]
= Q E
o = 3 0s0 Type
£ g = — AUC at 1 years: 0.71
fa) = 2 — AUC at 2 years: 0.77
S p =0.0013 ~~ AUC at 3 years: 0.77
3
Ti oo 0.00 0.25 0.50 075 1.00
J L Ime False positive fraction
1.00 Group 100
- GSES53624 = ion
k) L - Low
8 o o
©
2 GSE53624
& oso zow
= k] Type
> S — AUC at 1 years: 0.88
E & 025 — AUC at 3 years: 0.9
S 0.25 — AUC at 5 years: 0.84
@
ato
000
o 20 40
30 0 20 % Time e & BT

0% 050 075
False positive fraction

Dim1 (11.7%)





OPS/images/fimmu.2024.1336817/fimmu-15-1336817-g002.jpg
outcome

Smoking status: Never

Ever smoked

Smoking initiation

Current tobacco smoking

method

Inverse variance weighted

MR Egger
Weighted median

Inverse variance weighted

MR Egger
Weighted median

Inverse variance weighted

MR Egger
Weighted median

Inverse variance weighted

MR Egger
Weighted median

nsnp pval OR(95%Cl)

4 0.12201902 H-:i 1.00(0.99 to 1.00)
4 0.56732409 l—:—0—| 1.01(0.99 to 1.02)
4 0.08735736 l—O—:l 0.99(0.99 to 1.00)
4 0.82257493 l—ll—G 1.00(0.99 to 1.01)
4 0.08450841 +——o—— : 0.98(0.96 to 0.99)
4 0.80097891 —a— 1.00(0.99 to 1.01)
4 0.66908113 l—:-O—G 1.00(0.99 to 1.02)
4 0.28142174 0—:—| 0.96(0.91 to 1.01)
4 0.52524224 '—:—0—' 1.01(0.98 to 1.03)
4 0.44201721 l-'ro—! 1.00(1.00 to 1.01)
4 0.46596656 l—:0—| 1.01(0.99 to 1.03)
4 0.28140971 l+0—| 1.00(1.00 to 1.01)

0.|96 0.|98 1| 1.|02 1.|04

<

>

protective factor risk factor





OPS/images/fimmu.2023.1322147/fimmu-14-1322147-g007.jpg
StromalScore

ESTIMATEScore

CIBERSORT

MMW 4

|Plasma_cells_CIBERSORT

T_cells_CD4_memory_resting_CIBERSOR

I T_cells_follicular_helper_CIBERSORT

[Monocytes_CIBERSORT
[Macrophages_MO_CIBERSORT
[Macrophages_M2_CIBERSORT

MCPcounter

Quantiseq

Cytotoxic_lymphocytes_MCPcounter
B_lineage_MCPcounter
INK_cells_MCPcounter

[Neutrophils_MCPcounter

B_cells_quantiseq
INK_cells_quantiseq
T_cells_CD8_quantiseq
|B-cells_xCell
[Eosinophils_xCell
Epithelial_cells_xCell

Expression
--03

s-0.2
Inaive_B-cells_xCell 0.1
INKT_xCell l 0
Plasma_cells_xCell
Sebocytes_xCell

StromaScore_xCell

r=-0.43, q = 9e-07 D

B

riskScore
EFHD2
MRPL15
POLR1D
BTG3
PTMA
U2SURP
TUFT1
TPM1
SERF2
APLP2
PKP1
vim
ARL3
DSG3

Positive
correlation
p-value

Negtive <0.001

correlation

povalue | * <001 <0.05

® 020 @ 025

@ 030 @ o035

Spearman'’s p

APC_co_inhibition
Type_I_IFN_Reponse-, -APC_co_stimulation

Type_I_IFN_Reponse CCR

2
o
& T_cell_co-stin heck—point
[]
<
3
E . '
E T_cell_co—inhibition Cytolytic_activity
=
Parainflammation HLA
MHC _class_I Inflammation—promoting
riskScore riskScore —@— high —@— low
r=-0.38, q = 2.6e-05 r=0.38, q = 2e-05 aDCs
Treg B_cells
TIL DCs
>
g Th2_cells iDCs
g
x
(<)
E Thi_cells icrophages
S
Tth Mast_cells
T_helper_cells Neutrophils

riskScore

riskScore

pDCs  NK_cells





OPS/images/fimmu.2024.1336817/fimmu-15-1336817-g003.jpg
CD11c on CD62L+ myeloid Dendritic Cell

HIE

0.75 1.25
MR_Egger_OR

0.65 1.55
Weighted_median_OR

0.75 1.25

!IE

0.001 0.05
IVW_P_FDR

0.01 0.05

Ocyte





OPS/images/fimmu.2023.1322147/fimmu-14-1322147-g004.jpg
Log2-Fold Change

0 1 MAFF (15g) NFE2L2 (20g) FOXA1(61g)  FOXA1-extended (75g)  DDIT3 (15g)
NEUROD1-extended (10g) IKZF2 (16g) 4
NFYB (26g) 3
4 OTXp-shtended (98g) CRsPA-Stendad (1) K & ‘
GRHL1 (27g) 24 2
E2F2ffxtended (443g) 2 2
1 i 5
E2F2 (4029) GRHj |—ex(ende(ﬂ|169) o L o 0
MAFF (15g) /
3 . S IoTR) NEUROD1-extended (10g)  NFYB (26g) OTX2-extended (98g) E2F2-extended (443g) E2F2 (402g)
6 5
FOXA1 (61g) E2! 1\{9.@3-1 (445g) 4] 4 4
E2F1 (433g) SPI1-gxtended (141g) 4 4 N . 5
DDIT3 (15g)
FOXAT iended (75) POLE3 (222g) BACH1%&xtended (105g) N 2 24 2 2
2 POLERextended (2750) || s7aT2-ltended (3589) 1 ! !
IRF-Ftended (73g) L 9 o1 0 g
NFYB-extended (181g) ELK3ggrtandad (2070) IKZF2 (16g) CEBPA-extended (11g)  GRHL1(27g) GRHL1-extended (116g)  SPH (101g)
NFE2L2 (200) STAT2 (349) 6 s
JUNB (119) P 4 . 4 4
14 == B e e | e T I 3
» IRF6-exterided (73g)
ATF3 (869) 2 2 2 2 2
1
pacLa(11g) NFKB1-extended (183g) 0 0 01 [ o
NFKBT (1518) MAFF (15g) NFE2L2 (20g) FOXA1(61g)  FOXA1-extended (75g)  DDIT3 (15g)
0 MAFG (34g)
BCL3-extendhd (759) Soxa (@15
TFDP1 (163h)
SPI1-exter (141g)
POLE3 (2208)
S E=Is s etes St [~ SPIT(TO1 == 7| EFz@OB|T T T T

EZH2-exterided (467g)

MAFF (iﬁg)/

POLE3 (222),

POLE3-extendéd (b75q)

E2F1 (4339),
52F1-exmmm\a\ 54)

-2

GRHL1-extergled (116g)

BACH1-extended (105g)

GRHL1 (27g)

E2F2 (4029)——e
OTX2-extended (98g)

E2F2-exten
NFYB (269)
NEUROD1-extended (10g)

(443g)

L
A

E2F2-extgfdgd (443g)

)  NFYB (26g)

OTX2-extended (98g) E2F2-extended (443g)

E2F2 (402g)

E2F1 (433g)

E2F1-extefiged (445g)
OTX2-extenfied (98g)
DDIT3 (159)' o

NEUROD1-extended (10g)

IKZF2 (16g)

Cl

EBPA-extended (11g)

GRHL1 (279)  GRHL1-extended (116g)

SPH (101g)

.0 ©

P

R o

K ®

R

[NPN

A Percentage Diffrence

/KB

W

= il

M

celitype celltype
i ‘ FOXA1 (61g)
I 1 ) Foxat_extended (75g) 0
‘\ MAFF (15g)
| | |1l IRF6_extended (73g) 1
DDIT3 (15g) 2
I

ATF3 (86g)
E JUNB (11g)
[/ FNIWY) BCL3 (119)
NFE2L2 (20g)
i MAFG (34g)
NFYB (26g)
| NFYB_extended (181g)
POLES3 (222g)
POLE3_extended (275g)
NEUROD1_extended (10g)
E2F1_extended (445g)
E2F1 (433g)
OTX2_extended (98g)
E2F2_extended (443g)
E2F2 (4029)
1 W CEBPA _extended (11g)
IKZF2 (16g)
| STAT2 (34g)
STAT2_extended (358g)
SPI1(101g)
SPI1_extended (141g)
ELK3_extended (297g)
GRHL1 (27g)
GRHL1_extended (116g)
BACH1_extended (105g)

“ | \n/

IRF6_extended (73g)

BCL3 (11g)
M DDIT3 (15g)
B MAFG (34g)
NFE2L2 (20g)
ATF3 (86g)
] FOXA1_extended (75g)
I JUNB (11g)
MAFF (15g)
FOXA1 (61g)
Il GRHL1_extended (116g)
B GRHL1(27g)
BACH1_extended (105g)
CEBPA_extended (11g)
IKZF2 (16g)
Bl ELK3_extended (2979g)
STAT2_extended (358g)
SPI1_extended (141g)
SPI1(101g)
M STAT2 (34g)
E2F1_extended (445g)
OTX2_extended (98g)
E2F1 (433g)
|| POLE3_extended (275g)
NFYB_extended (181g)
E2F2_extended (443g)
E2F2 (402g)
[ POLE3 (222g)
NEUROD1_extended (10g)
NFYB (26g)






OPS/images/fimmu.2024.1336817/fimmu-15-1336817-g004.jpg
Step1l Total effect
betaXZ=-2.259 (-7.420~1.563)

pval=1.82e-5
Exposure(X) Outcome(2)

Smoking status: Never Esophageal cancer

Exposure(Y;)
CD27 on CD20- CD38- B cell

.
- —y
- ~y

~ Indirect effect(Y; )

Exposure(X) Outcome(2)
Smoking status: Never Direct effect Esophageal cancer

~ < Jndirect effect Yz -

e -

Proportion of effect mediated: -4.21%

Exposure(Y, )
CD62L- plasmacytoid

Dendritic Cell Absolute Count





OPS/images/fimmu.2023.1322147/fimmu-14-1322147-g005.jpg
MAFF_(159)

Iﬂ
'
2

‘Component_2

Component_1

seurat_clusters

I ;
'
2

NEUROD1_extended_(10g)

Gompanent 2
m

Component_t

seurat_clusters,

Iﬂ
'
2

IKZF2_(169)

‘Component_2

‘Component_1

B Aggressive-AUCgroup

Component_2

Component_2

NFE2L2_(20g) seurat_clusters

Component_2
Component_2

‘Component_1 Component_1

OTX2_extended_(98g)
028

seurat_clusters
o o100
1 oors
2 o080
0025
NFYB_(26g) 0.000
03
seurat_clusters
0z S o
2 1
01 g :
o ]
Component_1
‘Component_1
GRHL1_(27g) seurat_clusters

l“ In
'
02 o
2
I“‘
T8 SPI1_(101g)

seurat_clusters ' 02
o )
: § o1
g
2
£ 00
8
Component_1 Component_1

Aggressive-AUCscore C o5

oS o N
N (X EN

Aggressive-AUC-Score
[S)

0 1 2

D EMT-AUCgroup

Cluster

EMT-AUC-Score
[S)
=
«

0.00






OPS/images/fimmu.2024.1336817/M1.jpg





OPS/images/fimmu.2024.1352454/fimmu-15-1352454-g011.jpg
€CcDCs50
A

Expression

o] i

Normal Tumor
Tissue_type

CR2

075:

Expression
2

000:

Normal Tumor
Tissue_type





OPS/images/fimmu.2024.1352454/im1.jpg
Xk coef (k) % Expr(K)





OPS/images/fimmu.2024.1336817/crossmark.jpg
©

2

i

|





OPS/images/fimmu.2024.1336817/fimmu-15-1336817-g001.jpg
exposure

Smoking status: Never

Ever smoked

Smoking initiation

Current tobacco smoking

method nsnp pval

Inverse variance weighted 67

MR Egger 67
Weighted median 67
Inverse variance weighted 69
MR Egger 69
Weighted median 69
Inverse variance weighted 72
MR Egger 72
Weighted median 2
Inverse variance weighted 15
MR Egger 15
Weighted median 18

OR(95%Cl)
1.82¢-:05 »4 | 0.10(0.04 to 0.29)
2.066-01 ®————— 0.05(0.00 t0 4.77)
2.10e-03 &= | 0.08(0.02 to 0.41)
1.49e-02 | > 4.31(1.33 10 13.94)

9.48e-01 +———to———> 121

0.00 to 336.98)

o~ o~ o~ o~ o~ o~ o~

2.39e-01 —t—=e—> 2.86(0.50 to 16.43)
|

1.94e-03 | ——t 1.65(1.20 to 2.26)

9.78e-01 l—‘—’ 0.98(0.19 to 5.02)

2.326-01 ——t
3.93e-03 :
|

1.32(0.84 to0 2.07)

> 19.25(2.58 to 143.65)

6.08e-01 +———f—————>

14.47(0.00 to 310971.48)

5.33e-02 ':—> 13.61(0.96 to 192.34)
| |

| | |
0 1 2

<

3

4

protective factor risk factor

>





OPS/images/fimmu.2024.1508723/crossmark.jpg
©

2

i

|





OPS/images/fimmu.2024.1437193/fimmu-15-1437193-g003.jpg
1.00

0.75

0.50

0.25

Overall survival probability

0.00

1.00

0.75

0.50

0.25

Overall survival probability

0.00

0

Log-rank P < 0.001

0

Log-rank P = 0.659

1000

1000

2000

Time (days)

2000
Time (days)

3000

3000

4000

4000

— Training cohort
— Testing cohort

CD3-CD16+CD56+

— Low
— High

1.00

0.75

0.50

0.25

Relapse...free survival probability

0.00

1.00

0.75

0.50

0.25

Relapse-free survival probability

0.00

Log-rank P = 0.434

0 1000
Time (days)

Log-rank P < 0.001

0 1000
Time (days)

2000

2000

— Training cohort
— Testing cohort

CD3-CD16+CD56+

— Low
— High





OPS/images/fimmu.2024.1437193/fimmu-15-1437193-g002.jpg
1.0 1.0 1.0
08 08 0.8
o o o
o o o
= 06 = 06 = 06
o = 2
= = >
@ 04 @ 04 @ 04
[0 [0 Jo
w (] )
02 CD3+CD8+ 02 CD3-CD16+CD56+ 0.2 CD8+CD25+
AUC: 0.580 AUC: 0.727 AUC: 0.580
Cl: 0.504-0.655 Cl: 0.666-0.787 Cl: 0.504-0.655
0.0 0.0 0.0
00 02 04 06 08 10 00 02 04 06 08 10 00 02 04 06 08 10
1-Specificity (FPR) 1-Specificity (FPR) 1-Specificity (FPR)
1004 P=0.042 100 ] P <0.001 100 ] P=0.042
s 75 75
= c =
s CD3+CD8+ & CD3-CD16+CD56+ & CD8+CD25+
5 90 Low £ 50 Low £ 5 Low
=3 High Q i g i
o 9 o High o High
o o o
25 25 25

non-pCR pCR non-pCR pCR





OPS/images/fimmu.2024.1437193/fimmu-15-1437193-g001.jpg
Female breast cancer patients who have undergone neoadjuvant
chemotherapy and lymphocyte subset examination at our hospital (N=238)

8 Excluded

4 Confirmed not primary breast cancer by pathological examination
4 Lacking comprehensive prognostic follow-up information

Exploring the correlation between lymphocyte subset examination results and
the outcomes of neoadjuvant chemotherapy

A total of 230 patients were randomly assigned in a 7:3 ratio to form the training
cohort (N=161) and testing cohort (N=69)

Exploration of factors Exploration of factors influencing OS
affecting response of NAC and RFS using univariate and
using logistic regression multivariate Cox regression

Construction of predictive nomograms respectively
Testing cohort

Verify the predictive efficiency of three nomograms






OPS/images/fimmu.2024.1437193/crossmark.jpg
©

2

i

|





OPS/images/fimmu.2024.1453220/fimmu-15-1453220-g013.jpg
IRF4
Aok

MS4A1

IL1R2

Aok ok ok

20

&k

20

e o e
-

abueyd pjoj YNy W

Ao e ok
% ok ok

|

™ (9] «—

abueyd pjoj yYNYwW

* %k Xk
%k k %k

2 2 =
abueyo pjoj YNYw

<
)
6. %
n % ové
O % H Q..O
O *| 3| * %
% H * 6
: *4 %o
* b
¥ &W
Se
)
w o v o ® o ®
N N «— — o o
abueyo pjo} YNywW
<
)
Co, %
<z
o ¥ %
()] H * Au
&) * u (%
6x
* *4 b
Y
qwee
[>)
w o ®vw o 1 9 @
N N - - o o
abueyo pjo} YNywW

*k %k k

ok

% %k %k %k

%k %k %k k

%k %k %k %k

SO2l jo
uolissaidxa uone|oy

6do jo

¢yl 3o
uoissaidxa uone|ay

O
anl;W%ﬂﬂ?nl
%\%
< ™ N -~
vd4dl Jo

uoissaidxa uolneey

LVYSIN JO
uoissaidxa uone|ay

Normal Tumor Normal Tumor Normal Tumor

Normal Tumor

Normal Tumor





OPS/images/fimmu.2024.1453220/fimmu-15-1453220-g012.jpg
AUC (mRNA Level in minor—-lineage)

AUC (mRNA Level in lineage)

# Malignan

= B

UMAP_2

UMAP_1

0.3

©
[N

0.0

Immune cells

o
w

o
[}

0.1

=
o

Others

..

Malignant cells

Endothelial

’

| Stromal cells %

x

.

UMAP_1

Stromal cells

M2

o e
3 &;,}

Aok
i M.

Mono/Macro |

A

(Oligodendrocyte | | Oligodendrocyte
¥
Endgt'hellal ) o #
I P
1 Endothelial
? k]
o ‘:..'ﬁ B ‘::"h‘
. 71 .
) ‘{Pericytes } %, _“f;"g"? " 7'{Pericytes
N
n.I
<
=
=]
UMAP_1
2.00
NI 1.75
Q.
g 1.50
> 1.25
1.00

Malignant

umap_1

Oligodendrocyte Pericytes Plasma





OPS/images/fimmu.2024.1453220/fimmu-15-1453220-g011.jpg
Risk B8 low BE high

0.00012

Vinblastine senstivity (IC50)

low high
Risk

Risk B8 low EH high

Gemcitabine senstivity (IC50)

low high

Risk EH low EH high

4.4e-08

Cisplatin senstivity (IC50)
w »

N

low high
Risk

» o
© )

=
©

Roscovitine senstivity (IC50)

4.7
low high
Risk
Risk EH low EE high
5.75 0.00047
[ 1
=)
0
2 550
>
>
@
=
Q
w
o 525
he)
IS
o
b=
T
® 3
S8 5.00 :
L]
low high
Risk

by

Risk EH low BE high

1.4e-12

2
3 -4
B
=
@
=
Q
(7]
£ -5
2
©
{=2] °
S e
o .
s .
=
-6
L]
low high
Risk
Risk EH low Bl high
-1.7 1.8e-05

Doxorubicin senstivity (IC50)
R ¢
- o © ®

|
N
N

low high
Risk

Risk ES low BE high

Bortezomib senstivity (IC50)

Risk

Risk B8 low BE high

-
3

e
=}

Nilotinib senstivity (IC50)

]
3

low high
Risk

Risk ES low BE high

52

]
-

=
©

Imatinib senstivity (IC50)
(6,
o

b
o

Risk

Risk B8 low BEE high

5.7e-06
5 |

o
=]

oy
©

Parthenolide senstivity (IC50)

=
[}

low high
Risk

Risk EH low B8 high

Docetaxel senstivity (IC50)

low high
Risk
Risk B8 low BE high
0.00066
L 1
0.
S
0
Q
£
a -
k7
1=
Q
2
(2}
£ -21
5
£
L]
’9 =31 L) L]
L]
.
.
low high
Risk
Risk ES low EH high

Methotrexate senstivity (IC50)

Risk

Risk ES low B8 high

0.00033
- 1

o o
o o

o
3]

Bexarotene senstivity (IC50)

g
<)

low high
Risk

Risk EH low EE high
p <2.22e-16
I 1
3 =2
Q
2
=
2
5-3
w
°
x
L)
S
©
Q-4 .
L]
low high
Risk
Risk EH low BE high
; 5.1e-08 ;
7.0
o
0
Q
2
565
k7
=4
Q
(2]
[0}
£
£ 60 !
5
S L]
>
© L]
5.5 °
L]
low high
Risk
Risk EE low BE high
3.5e-05

il
3

od
)

Salubrinal senstivity (IC50)

low high
Risk

Risk B8 low B8 high

sl
e
o

10.5

Metformin senstivity (IC50)

10.0

low high
Risk

Risk EH low EE high

w w e
<) o )

Axitinib senstivity (IC50)

N
o

2.0

low high
Risk





OPS/images/fimmu.2024.1453220/fimmu-15-1453220-g010.jpg
Risk EBH low BF high

Cg

1.7e-10 R=034,p=12e-14

R=045,p<22e-16

geneCluster
e A
e B

[ =4
o c
B
g 5
B g
. -
S £
£ F 2
=
0
0 3
Altered in 250 (95.06%) of 263 samples.
1422
o
=
0 136
0 No. of samples
el T T IIIIIIIIIIIIIIIIII 51% [
TTN M L HI III Ill 52%
MUC16 i 11100 D || 46% [N
csmD3 [ IIIIIIIIIIII IIIIIII IIIII 46% |
RYR2 III” |I 40% NI
LRP1B LT II IIII II|II IIII 36% [
ZFHX4 I 38% [N
USH2A I I|| I II 37%
KRAS I I II I IIIIIIIIIII 28% [
XIRP2 I I “ 29% [N
FLG I II | 1l I 27%
SPTA1 IIIIIII Il 28% AN
NAV3 III I| LTI 23% - |-
ZNF536 ||IIII| I ] 22%
COL11A1 | |l| LI | | 24% N
ANK2 II I | IIII I LM 21% - -
FAT3 || L 22%
PCLO || ||I [H11 |II i 22% [
CSMD1 II Il | II IIII|I|| III ||II 20% [
APOB ||| I IIIIIIII ([T IIII I 23% |
= Missense_Mutation  In_Frame_Del Risk
® Nonsense_Mutation = Translation_Start_Site = high
= Frame_Shift_Del m Multi_Hit = low
= Frame_Shift_Ins

Risk score

E

Altered in 200 (85.84%) of 233 samples.

WWHMEMMWHhMNMﬂhumM¢% I

0 [
TP53 lIIIIIIIIlIIIIIII||I|III|III||IIIII|III 40% R
gl g 2
Muc16 ||| IIIIIIIIIII 33% [
CSMD3 I|||I ||| IIII | I IIIII 29% [N
RYR2 30% I
LRP1B MN I r WI “W | |l 27% [
ZFHX4 l‘} ‘ I 24% -
USH2A ||I I I II Il 23% [
KRAS I|| III I N 28% |
XIRP2 w I II II |I I ’ YT 17% [
FLG | 19% I
SPTAT | | H |I|| IIII L |III|| ” I I 16%
NAV3 1L IIE I I ] II | IIII 16% [
ZNF536 II 1 LRI | | 17%
coc11A1 UL L] I I 14% [
ANKZIIFHIIPIHII (I IIIIII 16% |l
FAT3 IIIIIII L T A 13% [
pcLo [ |l ” | I ’ I I 13% I
CSMD1 I [ | |II| LT JLAA 16% [N
APOB [[IINFE | 11 TR TR A 12% [l
= Missense_Mutation ® Frame_Shift_Ins Risk
= Nonsense_Mutation ~ In_Frame_Del = high

= Frame_Shift_Del = Multi_Hit = low





OPS/images/fimmu.2024.1453220/fimmu-15-1453220-g009.jpg
B cells naive

Risk score

A

R=-0.24, p=2e-09

T cells CD4 memory resting

o
N
IS

Risk score

A

0.125
L
R=0.2,p=8.1e-07 .
.

0.1004 s
3 .
g 0.0754 . L4
E .
2 .
§ 0.0501
23
I}
=

Risk score

7500

5000

2500

TME score

-2500

Dendritic cells resting

B cells memory

Neutrophils

A

03] R2-028,p=%e-12

R=0.16, p=7.2e-05
0.154

Risk score

A

Ll
R=-031,p=15e-15

Mast cells resting

R=0.19,p=31e-06 o

. .
« o
034 e *
. .
o
=
P
4]
2021
=
[
o
o
©
=

=)
L

Risk score

R=03%p<22e-46

0.1549

T cells CD4 memory activated

Risk score

T cells regulatory (Tregs)

T cells gamma delta

T cells follicular helper

T cells CD8

T cells CD4 memory resting
T cells CD4 memory activated
Plasma cells

NK cells activated
Neutrophils

Monocytes

Mast cells resting

Mast cells activated
Macrophages M2
Macrophages M1
Macrophages M0

Dendritic cells resting
Dendritic cells activated

B cells naive

B cells memory

Lid

-

-

%

T cells CD8

A

.
0159 R=-0.19,p=1.1e-06
.-
0.104 .
3
g L )
2 s* .
.
0.054 . 3. o e
.: ..’...~ .
c’ ..- .
‘ﬁ Y .
‘ '. . R . .
0.004
0 2 4 6
Risk score
.
R=0.18, p=1e-05
0.204
L4 .
Ll
S 0154
@
@
o
@
-4
80104
S
©
=
0.054
0.004
K
Risk score
0.44

R=0.11,p=0.0049

Risk score

* el
- _w

o -

~ -
*+ p<0.001

ok * Rl R - p<0.01
* p<0.05
- e Correlation
0.6
T . _— e
0.4
Eid Ll
e
R Rt R
0.0
- Lid -
-0.2
in —

- -
N \J 2 o
0‘5& \9‘{\ N
(@ .,\‘}'





OPS/images/fimmu.2024.1453220/fimmu-15-1453220-g008.jpg
Sensitivity

1.0

0.8

0.6

0.4

0.2

0.0

Points
20 4 80 80 10
Gender IALE - |
Age
T‘k* ; _——
|5 >
. w
risk™* @)
3
N*** E
F)
)
N1 I{% 8
Total points
120 140 160 180 200 220 240 2 280 300 320 340
. 0.159
Pr( futime > 5§ 05 03 15 006 002 0.005
) 0.414
Pr( futime > 3
07 05 03 076 0.8 0.0 0.2 0.4 0.6 0.8 10
; 0.793
Prifutime > Tygg 084 082 09 0 07 06 05 :
' ' ' ' ' ' ‘ ' Nomogram-predicted OS (%)
Q Qo
© ©
(o= ) o
© ©
£ ° > o
= 2
3 = -
o o
Risk, AUC=0.724 Risk, AUC=0.662 Risk, AUC=0.652
Nomogram, AUC=0.714 ~N Nomogram, AUC=0.723 N Nomogram, AUC=0.725
Age, AUC=0.538 N Age, AUC=0.520 = Age, AUC=0.534
Gender, AUC=0.587 Gender, AUC=0.522 Gender, AUC=0.487
T, AUC=0.646 T, AUC=0.611 T, AUC=0.612
N, AUC=0.633 = N, AUC=0.656 = N, AUC=0.626
0.0 0.2 0.4 0.6 0.8 10 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0

1-Specificity 1-Specificity 1-Specificity





OPS/images/fimmu.2024.1369892/table1.jpg
Characteristics

N (%)

Agely)

>50 90(53.9)
<50 77(46.1)
T stage

Tis 4(2.4)

i 67(40.1)
T2 85(50.9)
T3 10(6.0)
T4 1(0.6)

N stage

NO 101(60.5)
N1 40(24.0)
N2 15(9.0)
N3 11(6.5)
TNM stage

0 4(24)

I 43(25.7)
it 91(54.5)
il 29(17.4)
v 0(0.0)
ER status

Negative 56(33.5)
Positive 111(66.5)
PR status

Negative 64(38.3)
Positive 103(61.7)
HER-2 status

Negative 134(80.2)
Positive 33(19.8)
Molecular classification

Luminal A 36(21.6)
Luminal B 70(41.9)
HER2-E 29(17.3)
TNBC 32(19.2)
SOX13

Low 98(58.3)
High 69(41.1)






OPS/images/fimmu.2024.1369892/fimmu-15-1369892-g006.jpg
NF-kappa B signaling pathway

endopeptidase inhibitor activity

serine—type endopeptidase inhibitor activity

pattern recognition receptor activity

secretory granule membrane

tertiary granule

recycling endosome membrane

regulation of innate iImmune response

hormone secretion

regulation of cell killing

0.01 0.02 0.03 0.04 0.05
GeneRatio





OPS/images/fimmu.2024.1369892/fimmu-15-1369892-g007.jpg
TR
oo R

3635

S Sh dop o
= i R R A
savLiosumar" Bukaries-Juipusp-biok
1BUFRR-Sunea o3-2uBusE Bl
SNy o 3o

,s‘
et

T e
oSSR

TS5X Rty 1851

A
BT o S iR S oy
o HBSI3EE B oweu va3 os

T130x iseaaiay“paiaoss~iaoue:
H2INNODGON feaas pat0sse taaues
S Tekio pareisosst-Jeoues

T
NK
DC

Macrophage
InfitrationScore.

TiaOx ste kowntorueT L
g
S osuaaI0 st Komnar oo L

THOSHSAID 06y KD 1909 1

‘SayLuosygaIo edow om0y 10971
THOSHSAID oo o) 195 1

130X IoweB0“oukaouou euoomueio
T30 JoMso00KT-POAL. Uounnoo.
TIEOX JOUIB0GATPIOUUAT UOWALO0

T 10N s
Sav: LnosKI0 Tunsal 1o
THOSHI BuEor 199 N
OISO 199 51
M3UNNCOON 195 N

DI 100 N .
ey IHOSHIGIO POISNIE 195N

THOSH3AID Perentoe 199 N

I udonnon
OISILNVID udoaney

LI 2 sbetdomen
SavH NS on sbewstioon

DISILNVIID LW sbeudosen
SaV 10 Boudoron






OPS/images/fimmu.2024.1369892/fimmu-15-1369892-g008.jpg
A Immunosuppressive genes

KOR
IL10RB]
TGFBR1
LGALSY
CD160;
VICNT
NECTINZ *
ADORAZA
TGFe1

WR2DLT (%

cxcL17
XCLA,
coL1s
(S
ceLts
cxcL2
cxcLs
ccL2o
ceLt
ccLig
ceui7
ceLis
coLs
CXCL13
ceLtt
ccLs
coLr
XCL2, o
ccLzs
ceLa7,
cot

-
L

MESO I

LIHC

LAML
READ
SARC.
SKCM
HNSC
UCEC|
CHOL.

_

2

LEFTY2
SERPINE1
NOG

D1

|
PPP1CA
D3

.
-
cesc il

THCA §

-

PRAD §

UvM

DLBC
THYM
ucs
KICH
PRAD
PCPG
KIRC & ¢
oV .
ACC
coAD
KIRP
ESCA
STAD
THYM
KIRC
KIRP & §
UCEC -
LIHC





OPS/images/fimmu.2024.1369892/fimmu-15-1369892-g009.jpg
AZDB180, n = 749, r = 0.13(spearman), p.value= 3e-04 Staurosporine, n = 769, r = 0.13(spearman), p.value= 4e-04 Sepantronium bromide, n = 749, r = 0.13(spearman), p.value= 5e-04

A= ol ° B - . C

- . 25 = .
25~ L s = b
e . E -
2 s
8 = = -
2 g = 3
Q g ool 2
3 5 §
k3 =
5 @ H
] E g»zs
= @
g 2 4
3 2 H
© 2 £
e % 50
. 8
2]
.
= (o
= o =

1 - n -15
33 36 33 36
SOX13 expression SOX13 expression SOX13 expression
D 0SI1-027, n = 262, r = -0.18(spearman), p.value= 0.0032 E SCH772984, n = 800, r = -0.15(spearman), p.value= 0 F Acetalax, n = 726, r = -0.13(spearman), p.value= 7e-04
- .
75 o e
. % 8®
~? = ¥
odd |6 ®

on’s,

1C50 value of Acetalax

IC50 value of OSI-027
R - ——) ]|
O
.
Iy
o

IC50 value of SCH772984

. . = .
11 N N . 1] 1 | I " 1
325 350 375 400 425 325 350 375 400 425 )
G SOX13 expression H SOX13 expression 1 SOX13 expression
78]
:
50
: :
3 g
00 '
s
.
25|
o expestonn = 75 [T T e n 3T Tow sresson n= 374 o epressan =35 Towerpesson n =560
SOx13 AZDBES 50K13 Sepantonum bromice 5013 Staurosponne

75 .
5
50 & %
H £ LR
8 8 H
g g &
25
o
.
b .
00
. - .
n n TG expression 1= 400 Tow exprosson n = 400 —r ey
Tiah expresaion n = 1T Tow exprossion = 131 s acia T oo Lovepesonn =38

Gassp sy





OPS/images/fimmu.2024.1369892/fimmu-15-1369892-g002.jpg





OPS/images/fimmu.2024.1369892/fimmu-15-1369892-g003.jpg
A B (o]

o © Muaion ® StucturalVaiant @ Ampification @ Deep Deletion @ Mupie Aleratons  BRCA, n = 1073, r = 0.38(pearson), p.value<0.0001  BRCA, n = 783, r = ~0.4(pearson), p.value<0.000"

% - - . .
8
5 4
g ow S
g 2
£ £
g 5
g o gn
2 g2
8
% 5
2
gl
2
Srucuralvatanidata | 4+ + 4 4 6 4 6 8 & B 4 B G S B S B LS LS e LSS k4
Muaiondata + # % 4 4 4 4 & 4 & 4 4 4 + 2 4 4 & 4 + 2 2 4 4+ 2+ 4 44 &
CNAGEa 4 4 4 4 & 4 4 b 4 4 4 s b b e st et D)
g =

10—
2 4 6 2 3 4 5 6 7

%”‘\\‘ %,Q‘;:@ Q‘&:'se:‘g% o %, g%% "S;;“’k SOX13 expression log2(TPM+0.001) S0X13 expression log2(TPM+0.001)
D Y S E
e OR  P-value

s SOX13_Low (n = 490) vis SOX13_High (n = 431) Low High
Altered in 333 (67.82%) of 491 samples.
2 ] l r—— PIK3CA 115 191 2075 -
od A . . e § o orsamoies
PikscA o« | - P53 164 100 0509 -
I o S
™ [} s [N — ANKRD30A 13 0 0 -
wuct m -~
coni T ] — COH1 14 © s -
wcs [ | ~ Bl
uUstza (1] I (NNE | e SFaB1 1 13 1328 -
s | (| ol
kmr2c || N | | | 5% B — PoLQ 10 1 0098 ~
owo [ IIMOmII [0 | (== W
: o r - Spknctee - meer o
asse ) " Altered in 331 (67.55%) of 490 samples.
. ] ————>  PCOMBIE 0 8 Inf -
H
. T 2 No of sampies. PR DSEL 7 0 0
PikacA I — RFC1 7 0 0 “
d I | I B0
et || | [0 S ERBB4 9 1 0109
w1 1 ]
moerz ||| ] [] | (] -— NPHP4 9 1 0109
el [ 1N I E ——
e R i
SYNET .
~< NIMIERRN I n ossemomnoss
= Missense_Mutation = Spiice_Site (1= no effect, < 1 BRCA_Low has more mutants)

o Konsante Miette o Sos T





OPS/images/fimmu.2024.1369892/fimmu-15-1369892-g004.jpg
8 —— Low SOX13 Group
—— High SOX13 Group
10 Logrank p=0.037
«© HR(high)=1.4
o p(HR)=0.037
> SOXI3 low - n(high)=535
£ ; S n(low)=535
3 SOX13 high < o | (low):
3 05 S °
S 7
g €
i: 3 v |
‘E 04 a o
= [a
‘% o~
02 o
00 P=0.029 o |
T T T T T T T =
L —
0 2 ] 60 0 100 120
. 0 50 100 150 200 250
Time(months) Months
c D
|
1.0049 - HR=1.55(1.12 - 2.13)
logrank P = 0.0071
@
IS
0.754
©
) z 9]
= = o
20504 E
S 2 < |
= &3
> |
N 0254 L
p=00026 ~ )
Expression Level © | Expression
-~ High expression (n=271) — low
0.004 - Low/Medium-expression (n=810) o - high
™ T o
T T T T T T
0 2000 4000 6000 8000 0 50 100 150 200 250
Time (months)
Time in days Number at risk
low 658 218 63 14 3

~ o

high 431 102 32 4





OPS/images/fimmu.2024.1369892/fimmu-15-1369892-g005.jpg
S0OX13 Association Result

(anjend

)

0160}-

-6 -10 -05 00 05 1.0 15 20

B negative correlation

i1 AN Il J | I | | /LI
|l LR h‘ I ‘\ll‘ [ il I' | ‘;‘ |
Il I | BIL LTl | ll | | |
| | |

0 f

1 i i I |
I 't
|

| “ i {1 I
) I 1






OPS/images/fimmu.2024.1369892/fimmu-15-1369892-g001.jpg
<

*x

m

*hk

kK KKK KKK KRR

*xx

F(08=u) Jowny WAN
F(26=u) jowny 'SON
+(5e=U) [ewIoN 030N

| (sps=u) Jowni 530N
F(0z1=u) JoWnL WAHL

F (6S=U) [BULON VOHL
(10g=U) JownL"VOHL
(0g1=u) Jown 1091
(5E=U) [EWLON"QVLS

I (SLp=u) Jown)-avis

I (89g=u) sISEISEIBN WONS
| (e01=u) Jowni"WONS
F(85z=U) JownL O¥VS
F(0L=u) leusoN QVIY

- (991=u) Jown| Qv3y
F(2g=U) lewoN Qv¥d

| (26v=u) Jowny-avad

- (£=u) |eWION'©dOd
+(621=u) Jown|'9dOd

| (=u) fewsoN Qv vd
+(821=u) Jown| Qvvd
=U) JownL'AO
(£8=u) jowni -OS3IN
F(1Lg=u) [euoN OSNT
=U) JownL OsNT

U) [EULON QYN

| (s15=u) Jowni-avm

- (05=U) [EWION'OHIN
F(L2g=u) sown| OHIT
F(916=) Jowni 997
F(€21=u) JownL TNV

| (ze=U) fewsoN' diIx

- (06z=U) Jown" gy
F(z2=u) [ewIoN O

| (e£5=u) JownL-Ou1
(5z=U) [ewION'HOIN

| (99=u) Jown1 'HOIM

F (1zp=) JownL"-AdH-OSNH
- (26=U) Jown| +AdH-OSNH
| (#=) [ewoN OSNH
 (0zg=u) Jownl OSNH

- (g=u) [ewiON'WED

| (eg1=u) Jowni ‘gD
F(LL=U) eWION vOS3

| (¥81=u) Jowny "vOs3

F (8p=u) Jowny 081
F(Lp=U) [ewIioNavOD
 (26v=u) Jown1°avOD
F(6=U) [BWIONTOHO

| (9g=u) Jown| TOHD

F(e=u) |lewION'DS3D
+(¥0g=U) Jown|'0$30
F(21z=) Jown|-gwn1-youg
F (¥9g=u) Jown| ywn-yOug
- (z8=u) Jown| ‘ZiBH-vOHE
F (061=U) Jown|‘jeseg-youg

- (€0€:

F (108
- (6S:

~ o o o
(d.L zbo)) |orne uoissaldx3 £€1X0OS

F(2L=U) [ewioN'vOHg

F(6L=u) leuuoN'vO18
F(80p=u) Jown| '¥o1g
F (62=u) Jowni 00V

protein expression of SOX13 in Breast cancer

1000-

*kk

r
o
£ ~
ms
- - =8
@
=
m
13
K
Q
£
©
2
2
=
o
o
© ~
B
2c
T T T T T
o~ - C A o ?
anjea-z
r
o
LE
=]
=
©
|E
E
S
=
o o o o
w0 o wn
~ [rs) N

uolssaidxa auab ¢LX0S





OPS/images/fimmu.2024.1352893/fimmu-15-1352893-g007.jpg
F

LUAD

Adjacent

SLC2A1

CD34

SLC2A1

VEGFA

»
@
F]
7]
I}

2
»
@
3
I3
17}

2

©
13
£
]
€
n
3
3
n
4
=
°
3
£
]
o
£
2
S
o
n

o
F
5
13}
]
7

The expression of SLC2A1
Log, (FPKM+1)

SLC2A1 (20X)

)
L

»
"

{n

Normal

Tumor

SLC2A1 (40X)
A Y

AR 3

Survival probability

Overall Survival
HR =1.87 (1.40 - 2.52)

P<0.001

0 5 10 15
Time (years)

Low expression of SLC2A1

VEGFA IHC score

VEGFA IHC score in paired tissues
-~

o

N

0
2
& p P
& & &
& & O
Y& &
<9
<&
-] *%
T 40
=
<
2 30
=
-
7]
o 20
"]
e
> 10
S
) ===
Q o
& O\ D
x .
NN

Case number






OPS/images/fimmu.2024.1352893/fimmu-15-1352893-g008.jpg
* 0027
H 2
2
£ols s s R
8 8 e
2 score 8
2 : High %
g Low 1
25
s
H
£ []
H
0
o o T
& LT CRIPR  SD/PD
6(? foX &€ Response
Q R
ES
TIDE Responder Predict(GEO) D TIDE Responder Predict(TCGA) E
_— Jo0% Compounds of PRISM and CTRP V2
71.8% 52.5% 82.8% 59.1%
o 75% o 5% ST
£ =
= g N
s Responder g Responder "
5 50% FALSE 5 50% FALSE 1288
c c
S TRUE S TRUE
£ & g |
& 8
L 25% L o25%
PRISM
OR=2297 OR=3.342
% pvalue = 3649009 % pralue = 9.5680-05
High Low High Low
Score Score
G H
Predicting Agent Targets in the High AAScore Group B tionscore Bl Lowsre
Agents Candidate
paclitaxelf = = = = = = - - %
o 04
AAScore vs Dose response(AUC) 4
KX2-3914m = = = = = = Y 5
4 4 Zs
2
Wilcox rank sum test of Spearman correlation 3
Dose response(AUC) between between Dose response(AUC) 1 31Bd = = = = = = K
high and low AAScore groups  and AAScore ER-1=d18 ® £02
) 4 :
04
(Log2FC>0.15) & (R<-0.4) leptomycin Bd= = = = = = 'y
i i N2
Predicted Agents Candidate - — — JN & 2
Corrslation coefficient it S &
& E & <
| J W High Score § Low Score
docetaxelq == == == = ———— @ - - £ £ - - P P PR
epothilone-by{ = = = = = = = = .|
fspinesib-————————-. z
d= = = === - @
paclitaxel o ol
5
cabazitaxelf= = = = = = = = g
litronesib{ = = = = = = = D £
% 0.104
irinotecany = = = = —=—— 9 g
3
gemcitabing f= = = = = = = g L *#
0.059
vincristing 4o == = = == - - ) ﬁ
topotecany = = = = —= - o
: > > , p >
rubitecan = = = = = = E ] .@p \6@ Q@/‘O 56‘(\0 0&0 &&)@ QQP‘& ‘\'b_‘g, P & de(\ é\\&
3 3 A & © & & 2 O S i S &
0.0 0.4 0.6 2" & S © S KR N & ¥ &
Correlation coefficient & S QQ(‘(\ &é‘ RS A2 3 Q N R &
&





OPS/images/fimmu.2024.1352893/fimmu-15-1352893-g009.jpg
Ture positive rate

Ture positive rate

Nomogram

Points % $0 5070800 B Calibration Curve of Nomogram
Gender* L o ] L M
FENALE :
H i LE b C-index = 0.768 (se = 0.018) *
SmokingHistory*  yever & H Smoker T/;
ver smoker © _| d
e _— 3 t /1
Aget .
? R
Stage™* Stage | . Stage i 2 g
e &ge v e =
. b T
RiskScore*** : ﬂé
1 7 T8 77 7% Y T8 5 34
Total points 2
o
o~
120 320 st =]
© — 1-year
Pr(Time>5) g, 002 — 3-year
N .. =} — b5-year
Pr(Time>3) 095036 092 U7 U5 U3 008 0015 s 1 . | ; | :
Pr( Ti 1 0.963
r(Time > 1) 6:997 0.994 0.99 098 092 085 075 055 035 0.0 0.2 04 0.6 0.8 1.0
Nomogram-predicted OS (%)
Time ROC Curve of Nomogram D Decision Curve Analysis E Time-dependent Cindex
o J 03 Prognostic factors 0.9
- == RiskScore
— nge
o | — Gender 08
S 02 — sige
— SmokingHisory | x .7
© | et Nomogram: H
° 5 — 8
§ o1 — None § 06y~
< | @ 8
3 E 2
S o0s
& o RiskScore
@ —— AUC at 1 years: 0.78 s — ggs
—— AUC at 3 years: 0.82 o G‘:f:er
g il —— AUC at 5 years: 0.81 —— SmokingHistory
T T T T T T -01 03 —— Nomogram
0.0 0.2 0.4 0.6 08 1.0 0 1 * 3 4 5 6 7 8
oo 0z o4 3
" Risk Threshold Time (Years)
False positive rate
GSE31210 G GSE50081 H GSE72094
o o o
® " .. 2
= S =
2 2
© g o g o
S 2 S 2 97
8 8
= Gl g | & =
S e o ¢ o
= =
N N 4 N 4
° —— AUC at 1 years: 0.85 S —— AUC at 1 years: 0.71 ° —— AUCat 1 years: 0.74
—— AUC at 3 years: 0.77 —— AUC at 3 years: 0.73 —— AUC at 3 years: 0.81
o | —— AUC at 5 years: 0.76 o — AUC at 5 years: 0.74 o —— AUC at 5 years: 0.93
S & T T T T T e : T T T T T S o T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 04 0.6 0.8 1.0 0.0 0.2 04 0.6 0.8 1.0
False positive rate False positive rate False positive rate
1.00 1.00 1.00
Zo07s Zos Zoms
3 3 3
2 8 8
] ] e
& 0.50 8 080 —=t=r1— h 4 0.50
K s ' g v
c 2 : H v
@ 025 e Nomogram | @ 025 eeler Tk Nomogram | @ 0.25 ey, ! Nomogram
Pro;oe < High i 1 r i o o 2 = High
= Low ' - Low ' - Low
0.00 0.00: & 0.00 -
¢ 1 2 3 4 5 & 7 8 § 10 ¢ 1 z 3 & 5 & 7 8 5 1 ] T H 3 i 3 ]
Time(Years) Time(Years) Time(Years)
g g 5
&o164 61 52 42 30 20 14 10 5 2 0 o146 37 28 23 17 13 6 2 0 0 O g*fﬂ‘ 145 113 73 13 4 0 0
8 8 8
E Low{162161158 143120 83 32 16 9 3 1 E w169 64 59 56 51 39 16 6 2 1 1 Elow1183 167 138 47 21 4 0
z 0 1 2 3 4 5 6 7 8 9 10 z 0 1 2 3 4 5 8 7 8 9 10 = 0 1 2 3 4 5 6
Time(Years) Time(Years) Time(Years)






OPS/images/fimmu.2024.1352454/crossmark.jpg
©

2

i

|





OPS/images/fimmu.2024.1352893/fimmu-15-1352893-g003.jpg
Sample distribution B Celltype annotations C AngiogenesisScore
50 50
®B cell
© Sample01 ©CD4 T cell
25 ° zamplegg 25 ©CD8 Tex cell
® Sample ®cDC2
o Sample0t @Endothelial 1.00
~ ©Sample0s ®Fibroblast I b
w o ®Sample06 W 0 B 050
e M2 macrophage
2] © Sample07 g ®Malignant cell 025
= © Sample08 ~ Moo
© Sample09 ©Mast
-25 ©Sample10  —25 ©Monocyte
© Sample11 © Neutrophil
© Sample12 O NK cell
©Plasma
50 -50
_50 T35 o 25 50 -50 -25 0 25 50 ‘SUNE i
tSNE_1 tSNE_1 =
E F AngiogenesisScore
4 Kruskal-Wallis, p < 2.2e-16
o
3 [ s 2 20
9 i
3
@ «Malignant0
2 «Malignanti 4
n N «Malignant2 o
e " o «Malignant3 o 3
S u +Malignantd u
=) E 2 »Malignants 4 2
o . «Malignant6 | |
= . * «Malignant? '
2 i Cm “Raigrant
. L J - [
<! T T [ 2 Malignantio 20
LitedTallieTol
i 4 -40
N RN Y
IS LEeSE &L -40 20 [ 20 40
Q~°@9§§§5¢§§$§$¢& ISNE_1
¥ o FLres &
& ¢ €8 & &
&
State «1 <2 -3 Pseudotime
H 0 5 10 15 20 I
B y [] stater [7] state2  [7] states
o~ o~
o § o
2
8 g
£ g
38 o
= &7
101 -1
-15 -10 =5 0 5 =15 -10 A5 q 5 0 i i . . 20 .
Component 1 Component Pseudotime
Sample Ty HighScore -LowS: L
Ple Type. -Hig TEoERre K Cell State Proportion ScoreType Proportion in Cell Statet

Component 2

1

State1

B state2
B staes

.3 7
Component 1

oo
P <0.001
Kruskal-Wallis test

State1

Stat

State3

‘ScoreType Proportion in Call State2

Highcore,

HighScore:

Lowscore

ScoreType Proportion in Coll State3

ighScore






OPS/images/fimmu.2024.1352893/fimmu-15-1352893-g004.jpg
Regulon activity score of three cell state

Cell State W State1 [l State2 [l State3 ~ ScoreType [ HighScore [l LowScore

M2 Ewm3

Regulon submodules 1l M1

Cell State M1 M2

M state1 [l State2 [l State3

20 20
10 %{e’& 104+ 0.07
: 0.06
g : 0 0.05
-10 -10 T oo4
-20 -204 i 003
-304— 5 S0t s
-0 20 1o 5 10 20 -30 -20 -10 0 10 20  -30 -20 -0 0 10 20 __ -30 -20 -0 0 10 20
tSNE_1
M1 M2 M3
®State2 0.0400 1 @State3 ®State1
<4 o o
5 0039 S 0.0375 8.0.050
n n 0w
2 2 z
S 0.036 3 00350 2 0.045
3 3 3
g C 00325 c
= c
5 0.0334 5 5
H g 3000
°
& 56| Statet & 00300 & State2
State3@ 0.0275 State3@
.
10 15 20 25 30 10 15 20 25 30 10 15 20 25 30

Cell type Cell type Cell type





OPS/images/fimmu.2024.1352893/fimmu-15-1352893-g005.jpg
HBEGF - EGFR
Endothelial  ¢pg2
Fibroblasts

2 Q‘ *“y\ *CDSTex

Mast @ {

M2

@8
/ “ * State3

u: i State2
Lo

‘State1

Monocyle" S

Neutrophils
[ 3

NK
Plasma

EGF signaling pathway network
Sender

|
Receiver .
[ |
>

Mediator
Influencer
—— Em——

@« 4t ) RN
6"\&4\&‘9 o “‘@é’o&‘} PE S
& ¥
C3 - (ITGAX+ITGB2)
Endothelial  «pc2
Fibroblasts
' * CD8Tex
M2 *
Mast " s
Monocyte -
Neutrophils
NK. % %
Plasma
COMPLEMENT signaling pathway network
Sender
Receiver
Mediator

Influencer

* CD4Tn

TNFSF10 - TNFRSF10B

TGFBS - (TGFBR1+TGFBR2)

Endothel ez Endothelial 2
v, \/ cl
Fibroblasts Flbmhlasl§
s @ CD8Tex
\ @ CDaTn
Mast @ \
Mast ®s
Mononyte‘
Monocyte ® Ssiaes
Y \
Neutrophils é i
Neutrophils State2
’ NK L] ‘ﬁ
Plasma ~ State!
TRAL signaling pathway network TGFb signaling pathway network
! Sender 1 Sender
2 ' Receivr g I Receiver
£ s .
£ Mediator : Mediator
By Influencer| £ Influencer
————a———— I ]
VRGN PSRN
s, PPV F L E LS VR V@ F SRS
0“0‘6\6&?90 e \9‘}?“@@&¢~ o e 0&0& @gy@&e N &9\%‘5" ¥ ¥
© ol ¥ Q & W&
E SCGB3A2 - MARCO F WNT3A - (FZD4+LRP5)
Endothelial b2 Endothelial
Fibroblast: o
roblasig, @ @ Y Fibroblasts
M2 o ° e CD8Tex
® CD4Tn M2 @
Mast ® CD4Tn
B Mast
Monocyte® B
o
State3 Monocyte
Neutropmls. » Y State3
NK® o e State2 Neutrophils 9 ez
Plasma Statel ik
State1
Plasma
UGRP1 signaling pathway network WNT signaling pathway network
3 Sender m ) sender |l [ | B
5 Receiver | | 5 Receiver
E Mediator ‘é Mediator
< Inluencer [ | H Influencer
KRS0 R R QSR R ) g PR USRI N N v
FSe S Wt vq\ e &%@@ i e“pé’d@ P
S & < W






OPS/images/fimmu.2024.1352893/fimmu-15-1352893-g006.jpg
A

Cell fate 1
HPGD 1-0.035@)=——
1Rx24 ~0.026@—
sFTPB{ -0.025@—
CHIA{  -0.017@=
HOXD1 -0.005@
HSD17B6 -0004@
mucts “@oots
s100p ——@o032
jogenesis-cluster” Clorfi16 —@o0x2
related genes KRT16 —@ 0045
EGLNG —@00%0
sLc2At —eeeeeee @) 0166
o1

Coefficients.

Train Cohort(N = 532) Test Cohort(N = 352) TCGA Cohort(N = 500) Whole GEO Cohort(N = 884)

pon o 2 2o
2 2 £ £
e f. 8 L.
7 e R B ptateon S + 1 penos L
= on i = Hoh 1 - Hoh
- -+ Low wi0: bl am] . am- e
T L S £ 7 LI . £ I S g EI £
Number at risk b Number at risk Number at risk
§ofre s T B o N re—— a s 7 fofo v 4 1 0 0 0 0 o foles @ «a 2
iofan o 106 16 4 Eoofies 12 6 o 3 Fodoo w0 e w0 8 3 3 A i i L 2 Ll
! T tneosy - ' P v N R ' T ey N
23
« 8
E F i PR O ¢ 1 28,
H Poc Bi88 fee
S ® 4 EES g;{;&ﬁ%‘é.ﬁi i :
DNAreplicatin ———————————— @) * PR - *
B xw ok e ox ok *
Homologous recorbination  —————————————(f) . B = o8
wn — 9 . 5
P B
ase excsion epair | —————————— ) - 06
Mismatch Repair  ——————— () -log10(pvalue) *
w 04
o —————— . 3
colcyereg ——— @ : o
Nuclootde.excision repalr  —————— 2 =
s ————— - 0
Cytotouc clls -0
o ————
Hisones  —————— sbs(comelaton) NKCOSBaM cels 01402083008 0 0130 02-0av0sm8 16 e
— < o NK COssbrigicoe [ as200s o2 600 98 oM -+ ar-s.10
0C 03019848 005 0130 017-005021 04
Immune Checkpoint ———— 02 DG -0.220.19 842-0.040.14. 007017012/
03 abC -o. 04 043, 01 015015018
AP 4 PDC -0.050.16 0.38-0.060.02 03-0.050.150.15. %
WNTaarget 0s ecunoprts [lbasr o ssofifee o JBRTE a1s-s:3008 cor-coverbt NERIRE ¢ '
o+ . L Macrshages 00015038 010001388 0 017038028 023834 o1 01 s
sorlitoi was cote [Bas aru-sdazi o 00-006027 024 .11 0.7-0 14021
Neulrophis 014018 032-008008 015 047 01026027 01 .
Altered in 367 (87.17%) of 421 samples. Altered in 68 (97.14%) of 70 samples.
1358
g ]MJL
0 Genes  Odd Ratio Pvalue
ess || NHIA T aas tess (1L N T
T 39% TIN I\II e | T 180 -
‘muc16 || RN DN 3s%csmpa ]|l n I CSMD3 1646 s
Ryr || I RYR2 1537 ns
CSMD3 11} i ZFHXe 2021 ¢
LRP1B il MUC16 1066  ns
usH2a |lll I XIRP2 2552 =
ZFHXJ |||| lj Il USH2A 1366  ns
Kkras| ||| | 1l KEAP1 2508
FLGlIlIII I I LRP1B 1038 s
sP1at || I il SPTA1 1557 ns
xire2 ||| | 1| 19wcoLtar|| | coLt1Al 2037 =
Nav3 || | KRAS 0678 s
FaT3 || 1 118% FLG | Il FLG 1105 ns
2ZNF536 || Il Il 11l PCDH1S 1592 ns
coL11A1 | T | Il | (L HEE CSMD1 | 1440 s
Ankz || |I]] TN I il I | [ I1116% wava JLLECE DL L NAVZ 1117
cswmo1 || AT TR 1 T TR IECTIECEE ] 16% zwrsas | ||| I 238 1491 ne
pcors [IILILIE I BITETI IR TR T A A T I e ankz LI ANK2 1085 s
LA | BT B 1 LT AT TSl I T AT osm ms

= Missense_Mutation
* Nonsense_Mutation

= Splice_Site  * Frame_Shift_Del
“ In_Frame_Del = Frame_Shift_Ins

* Translation_Start_Site
= Multi_Hit





OPS/images/fimmu.2024.1352893/fimmu-15-1352893-g001.jpg
Identification of LUAD angiogenic clusters and their TME features based on Bulk RNA sequencing data

GEO and TCGA
LUAD patients

Angiogenesis-related
genes from MSigDB

%

Consensus Clustering

consensus metrix k=2

DEGs by limma

TME differences between
Cluster1 and Cluster2

Angiogenic heterogeneity in LUAD TME revealed by single-cell RNA sequencing analysis

Single cell analysis and
Angiogenesis scoring

Construction of angiogenic risk score and its clinical evaluation

Construction of (ARS)
angiogenesis risk score

Assessment of Nomogram
accuracy and performance

Calibration Curve of Nomogram

Ciindex =0.768 (se = 0.018)

Monocle2
trajectory analysis

Correlation between ARS
and immune cell infiltration

Establishment of
Nomogram

foi Nomogram
s Tt %o

Gender
FE
i i L me

SmokingHistory*

Relevance of ARS
to somatic mutations

Altered in 68 (97.14%) of 70 samples.

Drug sensitivity

Predicting Agent Targets in the High AAScore Group
Agents Candidate

4

AAScore vs Dose response(AUC)

4 4

Wilcox rank sum test of Spearman correlation
Dose response(AUC) between between Dose response(AUC)
high and low AAScore groups  and AAScore

(Log2FC>0.15) & (R<-0.4)

Predicted Agents Candidate

Cell Communication

Endothelial

Fibroblasts
[

B

Monocyte State3

Neutrophils ® State2

o
NI State1
Plasma

Immunohistochemistry
experimental validation

Low expression of SLC2A1

Immunotherapeutic
response assessment
TIDE Responder Predict(TCGA)

82.8%

Responder
FALSE

[ TRuE

Fraction of Patients

OR =3.342
pvalue = 9.568e-05






OPS/images/fimmu.2024.1352893/fimmu-15-1352893-g002.jpg
G

~log10(adj.P.Val)

75

Surhva prebabity

Suvival prababity
g

8

Custer

Differentially expressed genes(Cluster 2 vs. Cluster 1))

B cluster [5] c1 [1] c2
GEO Cohort He@
5
i go
| E
oSl g
e .
Time{Months) =%
Numberat sk
W e w » s
o ws m e s
Tmarta)
TCGA Cohort D
- e e
e e
e — e nmsovan
= S T
R T T T ot ) i
Tt e ampiop e
Namborat sk S—— T
R S Wy WY —— e i
ot il B i B 0 I o R + b d 4 ¥ ) ra 057 (943, 078) <0001

EPITHELIAL MESENCHYMAL TRANSITI

ol

Time{bontne)

LUAD samples (i

Cluster C1_N =457

884)

BILE ACID METABOL TSN I |
FATTY ACID METABOLIS\ I e—

ADIPOGENESIS EE—
XENOBIOTIC METABOLISMI
OXIDATIVE PHOSPHORYLATION BLas
CHOLESTEROL HOMEOSTASIS

P53 FATHWAY I

R MYOGENESIS.
WNT BETA CATENIN SIGNALING
UV RESPONSE DN
[ ANDROGEN RESPONSE
[ SPERVATOGENESIS
L UV RESPONSE UP
[ VYC TARGETS V2
I TGF BETA SIGNALING.
[ INTERFERON ALPHA RESPONSE

L WYC TARGETS Vi
e ALLOGRATT REJECTION
INTERFERON GAMIA RESPONSE

B PIRK AKT MTOR SIGNALING
e APOPTOSIS
B TNFA SIGNALING VIA NFKB.
[ S INFLAMVATORY RESPONSE
[ L6 JAK STAT3 SIGNALING
F s GlveOLYsiS
S KRAS SIGNALING UP

B MTORCH SIGNALING
e GoM CHECKPOINT
B APICAL SURFACE
i UNFOLDED PROTEIN RESPONSE
S HYPOXIA
mes . ANGIOGENESIS

20 0 0 10

tvalue of GSVA score, Cluster C2 versus Cluster C1

7 T A '

T o 7 e =

{ I | LA E Tacr] 3

A1 e 11 e el

(B il

() it A | K] 1P Regonss

il | (I - 3
10 YRR s

bttt L e Py et =

preves

Tl uH‘ T, i
A 1

R

T —

NN AN (RN e

T
Tl
S
o =

I N 1 TR T YT T T T
RN [ T et T TR T

SSGSEA Cluster Age Gender Stage ‘SmokingHistory
[ ] 5 Hc W< 1 FEMALE Stage |  Curent Smoker
c2 MALE W stage I! © Ever smoker
Stage Il lever smoker
tage IV M unknow
W unknow

Significant
©  Down regulated
. Not significant
© Up reguiated
. N .
. o
Py

-2 -1 0
log2(FoldChange)

I | stage

I || SmokingHistory

[
Go0030198
GO:0001819. positve regulaton of eytokine producion
GO0045765 regulaton o angiogenesis
GO:1901342  requlation of vascidature development
600050900 leukocyte migration
600008950 humoralimimune response
600042060 wound hesling
500050673 epitnelalcell profferation
GO.0001666 response to ypoxia
GO0016055 Wt signaing pathway
GO018738  cel-cel signaiing by wnl
600032642 eguiation of chemokine production
600001837 _epithelal o mesenchymal ansiton
600048018 receptorligand actily
GO:0030515 _ signaling receplor actvalor actly
GO0005125 eytokine ity
600008009 chematine iy
GO.0042370  chemokine receplor binding
GO0017147 Wint-protein binding
Go:0005621 op janction
hsa04657 1L-17 signaling pathway
1sa04974  Protoin digeston and absorplon
1304610 Complement and coagulation cascades.
hsa05323 Rheumatod arrils
hes05133 Periussis





OPS/images/back-cover.jpg
Frontiers in
Immunology

Explores novel approaches and diagnoses to treat
immune disorders.

The official journal of the International Union of
Immunological Societies (IUIS) and the most cited
inits field, leading the way for research across.
basic, translational and clinical immunology.

Discover the latest
Research Topics

Immunology






OPS/images/fimmu.2024.1352454/fimmu-15-1352454-g008.jpg
Names paalue  Hazard Ratio(93% C1) B Names pyalue  Hazard Ratio(95% CI)

ree ™ w6 13m0 nae ™ o F
Alcohol ] o8 1050.66,1.69) Aleohol | ] 086 094(0.50.1.80)
site ] 088 0960.58.1.59) site L | 028 1340.79.230)
P ™ ” i Gender ™ on L0753
s = wl 2i35m s = o LIKLZI0
— B an  masam - ™ an 2sa940
——
G W
w— 1—Year .
R 3
Points [ S S SO S S S ) Y S 3-Year
e 5—Year
EY
S 3
e <}
Stage — 1
Wit 2
E =
5 2
Z
S
o
2
RiskScore —— >
25 3 35 4 45 5 s 6 es 71 75 8 I
g 4.
T T T T T
0.0 02 04 0.6 08 1.0
Nomogram-prediced OS (%)
Total Points e —
R R R N I R I R R ) E
= = Nomogram
= Stage
— RiskScore
= — Al
1~ Year Survival — — None
08 06 04 02 =
3
g2 o
g 3
Z
z
3 o=
g3
ki
3-Year Survival —_— 2
m 06 0s 02 2 W
2
=
2
\
T
S-Year Survival —_— 00 02 04 06 08 10
08 o6 04 02 High Risk Threshold
T T T
1:100 1:4 32 1 100:1

Cost:Benefit Ratio





OPS/images/fimmu.2024.1352454/fimmu-15-1352454-g009.jpg
Running Enrenmant Score

Ranked List etric

:jlmw.“ﬂf".'.ﬂ'.ww

Runming Envichmen Score

Ranke List Metric

Enriched in High Risk group.

Enriched in Low Risk group

S

Enriched in High Risk group

| et
;

‘Rank in Orderad Dataset

s

Running Envichment Score

Ranked List Metric

e o

AR PITY  1
| R

e

Rank n Ordered Datasel






OPS/images/fimmu.2024.1352454/fimmu-15-1352454-g010.jpg
Tumor
Tumor
Tumor

Tissue_type
Tissue_type

€CDC50
Tissue_type
CR2

‘Normal
‘Normal
‘Normal

SIoAD] YNYW dAnEIRY

SIOAD] VNN W dAnEIRY

S1oA3] YNYW 2AnEfRY

R2
Tissue_type
TVS
Tissue_type

u
[ifl

€cDCso
E

uopssoidxa

(N 2800 o037 oS 20

(1 260) one uorssaut 050000

e o

Tumor
Tumor
Tumor

sDs

Tissue_type
/ /

LAMPS
Z

Tissue_type
NEURL3
Tissue_type

‘Normal
‘Normal
‘Normal

siord) yNuw oAneiY S10n0] VNNW aAeloy

SI9A3] YNHW dANEIRY

;

LAMPS
Tissue_type
NEURL3
Tissue_type

Tissue_type

Normal

4]

uoissaidxg

‘Normal
‘Normal

o

uoissaidxa

[ Teap——— Rl S





OPS/images/fimmu.2024.1352454/fimmu-15-1352454-g004.jpg
Componsnt2

sl @ @ ® 0c e

1

Percentage

00%

75%

50%

25%

300

100

Percentage

Componcat |

|

l

Compomi

Componcar |

125:2%

482%

de_cell_type

sample_id

de_cell_type

A B RS M N 10t

( ‘IHH‘H[H |

Cell_group
TRest 169)

erow (30)
PraRD (120

‘lI Il HIII ll\ hIIJ‘cmwmm

] ’fﬁ | i

‘l‘ i v“? Il '?‘h

de_cell_type:

cDC
DC
pDC

de_cell_type:

cDC
tDC
pDC

s matrix 3 Tissue_type

sReo2 504a)
nn @

N s
PouRzA Goatp
MAX_exndos 21750)
PXS_exendes a10)

Normal
Tumor

Cell_group

Weoc
i
pOC





OPS/images/fimmu.2024.1352454/fimmu-15-1352454-g005.jpg
cbC

Tissue Type

Survival Analysis Of LUAD In TCGA

1.00 4
b 0.75 4
;—E
S
S
2 0.50
=™
=
2
2 025
=
7
0.00 4
B HILLNJ 108 84 62 49 44 41 3
S Lowq 11 10 7: 6 6 6 0
] H H 3 H 3 13
Year

Survival Analysis Of LUAD In TCGA

1] — .
DC
== High
295 == Low
|
H
Bosod == === -Tw el :
£ -1 T
g ! —_—
o4 p=003 1 TT T
Z]° '
1
000 1
T T T T T T
0 1 2 3 4 6
Time (years)
o tien{ 109 84 59 47 42 39 2
S Lov{ 10 10 10 8 8 8 i
1 T I 3 H H 3

Tissue Type

Tissue Type

Survival Analysis Of LUAD In TCGA

1.00 4 ™ 1 -
oy ’ pDC
i == High
2075 ST T = mm Low
=
el
=]
Q050 = = ===
£
: !
2 - -
P 1 N
g0 p=0.03 . --
w1
1
0.00 4 !
T T T T T T T
0 1 2 3 4 5 6
Time (years)
g ] 33 28 24 21 19 18 1
= Lov{ 86 66 45 34 31 29 2
] i H H H 3 3
Year





OPS/images/fimmu.2024.1352454/fimmu-15-1352454-g006.jpg
F &Sy S
-4 €

éﬂ#%ﬂ“unﬂnﬁ

Seore.

%Hﬁﬁﬁ### “






OPS/images/fimmu.2024.1352454/fimmu-15-1352454-g007.jpg
GEO Tumorvs Normel ® Down _Hors & Up

~log10(FDR)

1
|
7 |
log2(FoldChange) i porss
Concosticint

Inambs) Iambd)

F ® High risk
® Low risk

 GSES36247.] -

0 20 40 60 80 100 120

True positive fracton

G Patients (increasing risk socre)

Type

False postive raction

Survival time (years)

Patients (increasing risk socre)

TCGA .| =

ceveso

BTV

| Lawrs

e

NEURLY

S

False positive facton





OPS/images/fimmu.2024.1352454/fimmu-15-1352454-g001.jpg
nCells:91810

Tissue stem cells

caomt
ForR
Hest

origident:
PO0Y(5178)
PovR(2121)
® Poos2se7)
$ ponda
POOS(7277)
PODB(4104)
PODT(4860)
i341)
PO0B(095)
POTO7B6T)
POT1(4333)
PO12(7065)
POT3(3869)
PO14(5450)
POTS(3323)
POTB(ST14)
POT7(3366)
 pota(sice)

Seurat_harmony

nCels91810

GO_BP (terms)

Seurat_clustors:
@ ojtaais) @ 151531

73804)
a0y
S(a812)
102875 @ 25G17)
11(2573) @ 26210)
12(2356) @ 27(112)
13(3147) © z0(oe)
14(1540) @ 29(52)

KEGG (terms)

nCells91810

WikiPattway (terms)

s o
oG e o n
e e sng s S

Tow s
e sacsing « s s

Ve VECTRG ey

e e B e —

N s ey

e

o

Evepe o ey

el spsing sty

=]

Endotnelialcells 47111
Tcau
cxes |
Fibroblasts  cronms |
cousse—|
Epithelial cells ™14
creoms—f|
Blymphocytes  ioha1 —IE=]
Tiymphocytes  CReGt
csmr
NKGells  pege
Monocyte  DoCKs

wcoLN

o

seRnicl
oo

ons
e
it

ks

TReS1
cawe.

o

[ 5 5 =

s e e AR

frrey

Ve sy

ot B

e

Tt e g e

B oy e e

i s
P epion o gt e

S e

e

Identty
Tisue stem cell

Encothelo el

© rbrabiasts

© Epmeiatcens
Bmphocytes

T ymphocytes

e eas

Honocyte

* Macroshage

Expression
2

1

o
1

2

Seurat_harmony

INNEN|

RERGERGEERE]

e

INNRELJNBEPY]

ol@iiiil

cioieen

;

nCells91810

1SNE 2

e

callype singer

.‘..

16004l

IBNANNEE]
TR

HHHH
HHH

.o
4dERERND

tissuo_type:
2 Tumoragson

Normai(35200)

Seurat_harmony:

® Tisuestom cals(s72)
Endothetol calb(s070)
Firoblasts( 19321
 Eplinolalcols(
Bymphocytes(17326
T ymphocytes(29275)
NR cate(sar2)
Monocyie(3081)
Macrophage(3604)
® ocsr)

2scorafnommalized counts) TF
! i
os 7 coscor

csea
Wsurtscepron

‘Seurat_harmony.
Tesue stemcals
Endaelalcals
Foabass
Epnoial cots
Bymonocyes
T hmorocytes
N cets
Monccrie
acophage
oc

Cluster
Tissue stom calls
Endanellcols
Firabasts
Epthesal cots

excoromatens coun) catypesiger

o
=
P
.
Exe.
o
b

5

Phase
cr
3
o
tssve_type
T
[y





OPS/images/fimmu.2024.1352454/fimmu-15-1352454-g002.jpg
Number of inferred interactions

1359 28.162

26.734 1001
2im

Tissue stem cells

1206

Endothelial cells

1000 5

Fibrobasts
Epithelial cells

8 lymphacytes

T lymphacytes

Sources (Sender)

o NK oslls

Interaction strength

Monocyte
Macrophage

oc

normal tumor normal tumor

Tissue stem cell

THBS1 - 501
THeS1 - Cour.

THES1 - (TGASHTGB)
NeCTIG - TiGIT
NPT - ISR

PzL - WPzt

W - ACKRS

M - CO74+CXCRY)
LGALSS - COus.
LGALSS - Cous

a2 - cAM1

HUAF - COBA

HUAE - KLRKT

HUAE - COBA

HUA-C - CoBA

HUA-B - OBA
HUAA-GOBA

EREG - EGFR.

ENTPD! - ADORAZE
o - PILRA

D68 -GTLAG

oo cTLAS

BUIPS - (ACVRT+BUPRY)
AREG - EGFR

Pe - cors.

~ADGRES - Coss-

Retatve acrmation flow

GALECTIN signaling pathway network

Sender
Receiver - | g I
Mediator g

2 W2 22 @ P2 P 2 @ 2
\\d‘»\\'f}&\\&qe&\\&vq&
S @ @ FEE S
P& E @ &S ¥
F S @
& LN AUEN

LGALSY ‘]
PTPRC S‘I
HAVCR2 5]

CD44 5] I I

&
a

normal
tumor

Tissue stem cells

Endothelial cellss
Fibroblast
Epithelial cell

B lymphocytes
T lymphocyte:
NK cell
Monocyt
Macrophage

Differential number of interactions

Differential interaction strength

qllll-ll-ll

e | L

50
100
0

Fibroblasts
NK cells
Monacyte
oc
Fibroblasts
NK cells
Monocyte
oc

WMacrophage

Macrophage

Blymphocytes
Tiymphocytes

Blymphocytes

Epithelal calls
Tlymphocytes

Epithelial cells

Endothelialcel

Tissue stem cells

Increased signaling in Tumor Decreased signaiing in Tumor

e VINTZS - (F20811595)-
VEGTA - VEGFR2-
VEGTA- VEGFRIR:

VEGFA - VEGFRY

TNFSF135 - TNFRSFISC-
TNFSF138 - TNFRSF135-
THBS1 - S04

THeS! - C4T-

TGB! - (TGFBR1+TGFBR2)
To7A - EGFR.

SEMASE - PLANAZ

POGEC - POGRA.

AN - INSR.

NAMPT - (TGASHITGBY)-
WF - ACKRD

M - (COT4CA4)

18z - AN

1682 - CAMI

‘GRN - SORT!

EREG - EGFR.

Gommun Prob Commun Pro

prvae

® oo
XL - ACKRY
LEC2D - KiR8!
oss - cozs-
Coso - cozs-
AREG EGFR
‘ALCAN - CDs.
ADGRES - COSS

IR

e
sog

scee
%3

P

5,

MHC-I signaling pathway network

Sender

Receiver
Mediator

Importance

Influencer

Contribution of each L-R pair

HLA-8 - cosA |
HLA-A -cDeA |
HLA-C - cDeA |
HLA-E - CDo4NKG2A | - I

HLA-E-kiRet |
Ha-E - coea | I

HLA-E - KLRKY (- I
HLA-F-cosa| I

Relative contribution





OPS/images/fimmu.2024.1352454/fimmu-15-1352454-g003.jpg
nCells:3877
nCells:3877 nCells:3877

sample_id
.

scTsm
® o)
8 o7
S
® o6y
o Uz dc_cell_type:
® cociie
@ i0C(i530)
@ poc(izs)

dc_cell_type. Zmaorsnomaized counts) e
— ] s § cosewma e teme) e
Phase . o | "
G2M score| T o - s e = ; = e, - [——
soiswe I s i
g o a3
o o ol
o . e
o D R R P o EEEE B
corc| o - & B -
o8 =
CLEC10A| L] + T jpoC V- 4 :c
Fsont| . — s vy B »
Lamps| o 'Y . 5, - oo & = cl':
i —| ! ffa o -
cLecac| g e
ey o
pDC
COL24A% -
200 LILRA4,
2 3 2
8 2 100 MARIA,
= k=1 le® /0
i £ OLRDr ey
b s 0 op®
S =] e
2 2100
[l T
200
0300 03 ~0.50 —0.25 000 025 0.50

diff pet diff pet





OPS/images/fimmu.2024.1416632/fimmu-15-1416632-g009.jpg
Survival probability

Strata

RiskType B High B3 Low

os] s - - . - » i - - s - wr - - - .
.
. .
. .3
. . s
i :
0.4 s s
H . H
.
@ S . : . .
8 .
3 . o . . . .
D B T .
3 .. o . .
3 e l s 8 .
3 s i s 3 M
H TR
— -L.I. “‘ 11 “ Ll * == iize
® - < 3 X d e 3 "
\\epo M\@“‘e xe‘i““\g B o 'ﬂ@gﬁ at\a\\a ‘9““9 N ef"x\(L %\\‘\g &€ ‘%@g w2 e
o Nt 2° SN 3 28 ¥ ge PO o
N o o ‘\\«» \3\@\0 o N R <«
<& Oob.s‘\ c,()b"«\e o 02\\5@‘}» < oV W W &\ 6““ W \&@r’\'
NS ( =
< o
<&
RiskType B High B8 Low C RiskType Bl High B3 Low
12000 - - - 15 ns ns ns
.
o000 -

4000

+

Score

T

o° #® o < &° ® &* ~ o ™
Stomaiscors ImmuneScore ESTIMATEScore < P ‘««"’d‘ o o We«‘\‘ o o w“’&
o M o @“’w
ot W
RiskType BH High B3 Low
gl e e e s e e g e s g e e e g s ns s ns ms s s ns ns ns e e oo s
.
H .
.
H
ae
. .
. .
.
] .
£ 1914 H ; . . . . . s . .o
% [ H . . g .
g . @ |} % e
a * s . * s *
. H
5 v % HE “
3 . ] i
38 H ]
. . .
5{e8 3 J s .
., . .
. s .
s
. . . . |} . . I da oo ..
. . o e . . . L - el . s,
1 LI H i 3 o8 s o 3 .
bt . : : e :
04 . . . ® . . . *
R o T B 16 B pO G ph p® A0 oD o ph ol RN 6@@?»\\»\?@\
ok S R0 2o o o1 Rt oBR R \J% NSNS NS e Retestetasie i feteeRo™
00?33'% 2 O TR PR o o e BRI TR M ES o0 s NEQ p& Qe e
F G H
o o = ot chi-square test p=0.028 chi-square test p=0 £ Low-risk B3 High-risk
o 100 100
46e-05
o 30 Tl . £
§ 3
o $ 4 "
050 050 H L. g
o Lo §n g . »
L 025 025 é é
£ g
o £ g
] 5 g E3 % E3 210 2o
Yo 00 0
Number at sk o Tow o
olm W w e om0 o
W m " o k “ o "
3 7 % = % 3 binaryResponse [ crer [ soro see [l M WMV Low-risk High-risk






OPS/images/fimmu.2024.1416632/fimmu-15-1416632-g008.jpg
A TStage BY T1 B3 T2 B3 T3 BE T4 B N.Stage B3 No B3 N1 B3 N2 BE N3 c M.Stage B3 Mo EF M1

—4 ns
-5
o o © -6
Q o Q
(5] o (5]
[7] 0 [Z]
X X X
2 2 v -7
-8
-9
MO M1
D E Age BE <=65 B3 >65
-4 ¥
-5
o 0 ®
8 8
g g
2 e -7
-8
-9

<=65 >65





OPS/images/fimmu.2024.1416632/fimmu-15-1416632-g007.jpg
PPP4C.cor

ImmuneScore.cor

98 96 95 90 81 62 38 17 13 4 0

Partial Likelihood Deviance
13 14
1 L

12
L

1.00

0.75

0.50:

Survival probability

0.25

0.00

1 risk=High
g
@ risk=Low

1.00

075

0.50

8
g
8
8
g
[
s
2]

]
g
@

0.25

0.00

risk=High

risk=Low.

Strata == risk=High - risk=Low

Log-rank
p<0.0001
[ 5 10 15 20
Year
Number at risk
237 17 3 2 0
265 36 6 1 0
0 5 10 15 20
Year
Strata = risk=High <~ risk=Low
Log-rank
p <0.0001
[ 25 5 75 0
Year
Number at risk
105 85 40 9 0
121 111 63 10 1
[ 25 5 75 10

Year

Coefficients

PC2

Sensitivity

Sensitivity

97 95 87 60 28 9 0

Risk

0.
o
Q 4
IS
0
s 4
T
50
25
00
-25
.
-5.0 °
-5 3 ] 3 s
PC1
=t |
« J
3
© |
2 |
— AUCat1 years: 075
= —— AUC at 3 years: 0.67
Bior] > 5 —— AUC at 5 years: 0.69
T T T T T T
0.0 02 04 06 08 10
1-Specifciy
o]
®
|
H
<
3
o
3
— AUCat1years: 073
~—— AUC at 3 years: 0.81
s — AUC at5 years: 0.8
T T T T T T
0.0 02 04 06 08 10
1-Specificity

High
Low





OPS/images/fimmu.2024.1416632/fimmu-15-1416632-g006.jpg
[T

12000

Score

4000

group B Hgh B Low

ns

group B tigh B Low
06 ™t oo L ¥ & sooonsooms s oms N
'
04 . .
0 . .
3 ; 1 ' R
) H ;
H .
Nl ﬁ
00 il l -Ll- .L-L.l.
@ o @ P o 0 e SR I
\\5&\ G‘Mr;@ v“ @5\\ “ﬁ\ me\v‘ @ o ‘s\\ o“\ i\ % “‘ 5“\ 4 oa\ @5“ g ‘\“\‘\ \“’\’“\
& & P AP g N »h° Q\yv e e cﬁ\\s o @ @
o7 A 9 AP g Lt o G
? (@ 0“ R & < P W 0606 “&\“e “\e ‘pg,\
O 1T o
@

6000
R= 0.18,p37e-05
.

StromalScore

5000,

ImmuneScore

ESTIMATEScore

12500

10000

g

2500

R= 0.14,p000

PPP4C Expression

PPP4C Expression

kil 72 3
PPP4C Expression





OPS/images/fimmu.2024.1416632/fimmu-15-1416632-g005.jpg
inferCNV B
2
£
B
2
&
Tumor_EP @
—
z
e
.
g
"2 Normal_EP o
8
=

PPP4C

Genomic Region

© Normal_Ref_EP

o Epithelial_cells O Normal_EP

Cc

KEGG pathways

GSVA

KEGG_PROTEASOME | —
KeGG_ceLL_cvcLE [
KEGG_SPLICEOSOME [ —
KEGG_BASE_EXCISION_REPAIR | —
KEGG_MISMATCH_REPAIR [ —
KEGG_DNA_REPLICATION [
KEGG_RIBOFLAVIN_METABOLISM [
KEGG_PROTEIN_EXPORT [
KEGG_PATHOGENIC_ESCHERICHIA_COLI_INFECTION [
KEGG_RNA_POLYMERASE [
KEGG_NON_HOMOLOGOUS_END_JOINING [
KEGG_HUNTINGTONS_DISEASE (I
KEGG_PENTOSE_PHOSPHATE_PATHWAY IR
KEGG_PARKINSONS_DISEASE [
KEGG_CITRATE_CYCLE_TCA_CYCLE [
KEGG_CARDIAC_MUSCLE_CONTRACTION [
KEGG_ALZHEIMERS_DISEASE [
KEGG_OXIDATIVE_PHOSPHORYLATION [
KEGG_GLYOXYLATE_AND_DICARBOXYLATE_METABOLISM [
KEGG_RIBOSOME [
N KEGG_ALPHA_LINOLENIC_ACID_METABOLISM
I KEGG_ALDOSTERONE_REGULATED_SODIUM_REABSORPTION
I KEGG_GLYCOSPHINGOLIPID_BIOSYNTHESIS_GANGLIO_SERIES
[ KEGG_GLYCOSPHINGOLIPID_BIOSYNTHESIS_LACTO_AND_NEOLACTO_SERIE
[ KEGG_RENIN_ANGIOTENSIN_SYSTEM
I KEGG_TYPE_II_DIABETES_MELLITUS
P KEGG_TASTE_TRANSDUCTION
I KEGG_CIRCADIAN_RHYTHM_MAMMAL
I KEGG_TAURINE_AND_HYPOTAURINE_METABOLISM
I KEGG_GLYCOSAMINOGLYCAN_BIOSYNTHESIS_HEPARAN_SULFATE
P KEGG_OLFACTORY_TRANSDUCTION
I |<=GG_BASAL_CELL_CARCINOMA
I (<EGG_ARACHIDONIC_ACID_METABOLISM
P KEGG_NITROGEN_METABOLISM
N KEGG_RETINOL_METABOLISM
N KEGG_LINOLEIC_ACID_METABOLISM
N KEGG_CYTOKINE_CYTOKINE_RECEPTOR_INTERACTION
I KEGG_MATURITY_ONSET_DIABETES_OF_THE_YOUNG
N KEGG_NEUROACTIVE_LIGAND_RECEPTOR_INTERACTION
— KEGG_HEDGEHOG_SIGNALING_PATHWAY

-5 5 10

0
t value of GSVA score
Low-High

E

TNC_integrin_adb1_complex
TGFB1_integrin_aVb6_complex
FGL1_LAG3
Desmosterol_byDHCR7_NR1H3{

x
£ Desmosterol_byDHCR7_NR1H2{ & & @

CXCL2_DPP4+
CXCL12_DPP4

interacting_p

Cholesterol_byDHCR7_RORA
CEACAMS_CDB8A-
CEACAMS5_CD1D

CCL22_DPP4
CALCA_RAMP1_complex

WNTSA_FZD5_LRPG
WNT5A_FZD5_LRPS

WNT10A_FZD5_LRPG

WNT10A_FZD5_LRPS {
TNC_integrin_adb1_complex{
TGFB1_integrin_aVb6_complex {
Desmosterol_byDHCR7_NR1H3 {
Desmosterol_byDHCR7_NR1H2

CXCL2_DPP4

CXCL12_DPP4
COL9A2_integrin_a2b1_complex
COL9A_integrin_a1b1_complex
COL9A2_integrin_a10b1_complex {
Cholesterol_byDHCR7_RORA
CEACAMS5_CDBA

CEACAMS5_CD1D

CCL22_DPP4
atRetinoicAcid_byALDH1A1_RAreceptor_RXRA:

-log10(pvals + 1e-04)
20
25
30
35
40

L]
o sce oo
LR X X2
e °
. XXX
means
04

interacting_pair.x

03

02

01

I1eo7gl

|d3"UBIH Obddd
|d3"UBIH Obddd

[C-RE1

E ]
33
I3
23
lol0
Iz
3=
Imlﬂ'\
55

sBeydosep/aiioouopy

SN
ie0"jewons

.
33
33
33
23

‘n‘n
Tz

sSS

'm 'm
33

1ol

33
33
22

‘OIO
Tz

s 5

Il’nlm
35

oqul

207L
o8 4
N

o ewons | ¢

Isel
eoise |
SN
loqu

o0 jewonNs

MO Obddd

3™ MOT Obddd

i3m0 Ovddd
I
le6eydonep/a1k00uoi | g
i
o3 MOT Obddd

3 MO Opddd

11897 1|d3 M0 Opddd

3 MOT Opddd

H Ovdddliieo 8
3 MOT Obddd

ot
158l

‘abeydosoep/eIk00UO|d:

d3 MOT Ovdddl

61
o3 UBIH Opdddl

d37UBIHOvdddlebeydosepaikoouop

d3UBIH OpdddIdN

NI
11897 ewoAS|dF MO Dvddd

d37MOT Opdddl

oqd|
1107 gl

d3UBIH Ovdddloqw |
43 MOT Ovddd

3 UBIH™Opdddlii
d37UBIH Ovdddload
dF MOT Obddd

a3
oquild
oadld

d37MOT Opdddl

[

43 UBIH Ovdddlii

d3MOT Ovddd|

CC.x CC.x

load

d3 M0 Opddd|

Fraction of cells
in group (%)

e @ @
57 59 61

o0 @
58 60 62

Mean expression
in group

-04 00 04

~log10(pvals + 1e-04)
e 15

20

25

30

35

40

means
035

030
025
020
0.15
0.10





OPS/images/fimmu.2024.1416632/fimmu-15-1416632-g004.jpg
cell_type

seurat_clusters.

e
- B
e @«
2
2o 25
23 82
25 59
o E
] S so@®8
§ 25
g . o=
7 &L exR

ZdWVY
SNa10
HAYO3d
LAHL
2vY1100
1100
NOaQ
VPSS
V6,00
8900
aWz9
3ead
O¥dld
BLLEM
pARC))
IHad
Wvdd3

- 90000000

°

o

o

o

Stromal_cell

2
o
25

s

cees

oy

2
o
25

E3

tSNE_1

B

E

1SNE_T

cell_type

seurat_clusters.

Fraction of cells

in group (%)
NN N ]
0 25 50 75 100

o 0 o

Q000000000000 oo
@@ccoocooo0o0 o

cO@@o 00000000000

000°-00000000 ° -

|

NK{O @O0 0 000000000@@c © o

®
°

Plasma_cell

B_cell

T_cel
Monocyte/Macrophage

o 0 0

c
2
@
a
2
$
g
o
=

in group

o0 o

o

© 000000000005

0o0Qooo0o0000000¢° - QO@
mDC{0 002 2000000000 2 o

st_cell
pDC{ 0

Ma:

-050.0 0.5 1.0 1.5 2.0

Vid304
[orao

[ vaoLd
[ovro310
[zasdL
[ravsdL
[ewrsi
EEL
[ Loy
[ +o0dv
[ 8010
[vOL0
[ooL0
[€orad
6Y00LS
[8voois
[rLa0

[ rvrsiv
[ veLa0
[ voHo!

[ aead
L7l

25

2N

2

E3

E3

%

E3

s

SNE_1

cell_type

1

SN

Fraction of cells

in group (%)
000 @
0 25 50 75 100

o0 o
° 000

o
°
°
°
o
°
o
°
°
o
o
°
o

[

2 000@@0° 000000000000

°
°
o
°
o
o
[
o
°
°
o
o
°
°
°
o
[ 4
®

o0 o

o
o
o
o
o
o
o
o
°
o
o
°
°
o
°
o
°
o
(]
L]
L]
[
®
[
{ ]
°
o
o
o

Q@O@@® 00 °c000000000000°0000000 00

© 0 00000000
co000000 00
000000 0@o
NK{o o 0 06000000

Mast_cell

© 000000000

Epithelial_cell
Stromal_cell
Plasma_cell

Mean expression

°

°

©O@®00°00600000000@@c © o o

©0000000000000Q000000000Q0 o

©c000°-0000@@@@® © c o0 00 o

Monocyte/Macrophage

in group

©0000000000000°0¢°000@¢°0O

o

o
o

oo

pC{o 0 0 0 o o

e
o
-
o
!
S
b
o
2
S
-
S
7

0000000000000 0coo0o00°-Q@@

o

o

o o

mDC{o 0 0 o o o

Viy304
o1ad
VdOLd
J¥0310
28SdL
18vSdL
2ZYrS
L
ad™
100dY
8010
YOLO
010
€91a0
6Y00lS
8Y001LS
100
LYPSN
v6.00
LYHOI
aead
AL
TNV
SNaT10
HAYO3d
FAHL
2¥1100
Y1100
NOQ
BLLIM
L1¥M
LHad
WvOd3

25

Z7aNs

-25

25

-25

tSNE_1





OPS/images/fimmu.2024.1416632/fimmu-15-1416632-g003.jpg
ADRB1
ADRB2
AGER
ANGPTLS
ANGPTL7
ANOS1
ARRB1
BMP5
C4BPA
Ccé

c7
CASP12
CAT
CAV1
CCL14
CCL20
CMTM5
FGF14
GDF10
HGF
HTR3C
IGHD2-2
IGHD3-3
IGHJS
IGKJ3
IGKJ4
IGKJS
IL11RA
IL33
ILSRA
IL7TR
LIFR
LTB4R2
MAP3K8
MC1R
MIR23B
NR3C2
P2RY14
PDGFB
PPP4C
PRKCE
PTCH1
PTGDR2
PTHLH
RFTN1
RGS2
ROBO2
RORA
RXFP1
SEM1
SFTPD
SORT1
TAFA3
TNFRSF13C
VEGFD
VIPR1
WNT3A

PPP4C

O sen wmt w e e aw e am e e e e e .

pvalue

0.017
0.004
0.009
0.018
0.030
0.002
0.007

<0.001

0.002
0.004
0.016
0.008
0.021
0.030
0.008
0.002
0.024
0.044
0.006
0.005
0.035
0.009
0.043
0.003
0.003
0.014
0.008
0.010
0.035
0.012
0.034
0.002
0.040
0.013
0.026
0.027
0.007
0.009
0.004
0.013
0.028
0.039
0.006
0.039
0.014
0.029
0.017
0.022
0.009
0.046
0.002
0.038
0.015
0.018

<0.001

0.001
0.035

Hazard ratio
758-0.974)
33-0.944)
50-0.977)
7-0.879)
4-0.955)
-0.941)
-0.941)
-0.916)
-0.966)

5
1
53
73
49
8
2-0.933)
6
3
5

0.859(0.
0.832(0.7:
0.911(0:8!
0.475(0.2!
0.629(0.4
0.842(0.7!
0.796(0.6
0.828(0.7:
0.910(0.85
0.803(0.69
0.912(0.846-0.983)
0531(0:333-0.845)
0.821(0.695-0.970)
1.120(1.011-1.241
0.497(0:297-0.830)
1.116(1.041-1.197
0.168(0.036-0.792
0.695(0.487-0.990)
0 836 0.734-0.951
0 794&0 677-0.932
0.501(0.264-0.953)
0 872éo .788-0.966,
0.921(0.850-0.997)
0 893€0 .829-0.962)
0.891(0.825-0.962)
0 goaéo .841-0.981)
0.909(0.847-0.976)
0.754(0.609-0.935)
0.893(0.803-0.992)
0.738(0.582-0.936)
0.886(0.792-0.991)
0.807(0.706-0.922)
0.756(0.580-0.987)
0.777(0.636-0.949)
1.297(1.032-1.631)
0.837(0.715-0.980)
0.834(0.731-0.951)
0.782(0.651-0.940)
1.246(1.072-1.449)
1:390(1.071-1.804)
0.776(0.619-0.973)
0.803(0.653-0.989)
0.576(0.389-0.854)
1.117(1.005-1.240)
0.835(0.723-0.964)
1.145(1.014-1.293)
0.788(0.649-0.957)
0.789(0.644-0.967)
0.652(0.474-0.897)
1.277(1.005-1.623)
0.908(0.854-0.965)
0.827(0.691-0.989)
1.441(1.074-1.934)
0.842(0.731-0.972)
0.838(0.757-0.929)
0.789(0.685-0.909)
0.801(0.652-0.984)

Hi-,
Ha
}—I—-—-f

l—l—'—\
0.0 0.5 1.0 1

Hazard ratio

Type B3 Normal E3 Tumor

Type E3 Normal E3 Tumor

T

5

.
.
] . ..
7 K .
s ! i3 H i i [
2 . 8 o ¢
[ : :
s o . H
x F] o HakKl .
§5 Ifl é & o
e [40ls] :
a ] H N .. # .
i o B . § LN |
3 . : ]
: & oL
.
ITTELFOTANELILR LI PLI9LNI TP
ST R ST ST LFTLIFS : FORLELS Y
TEESSEEFCEETIITELISFELES

1.00

075

Survival probability

025

000

1.00

075

Survival probability

025

000

1.00

075

Survival probability

025

000

TAFAS - high == low

p=0.007

1.00

075

Survival probability
°

025

000

PPPAC == high = low

p<0.001

0712345678 91011121314151617 181920
Time(years)

MCTR == hgh == low E

p=0.005

1.00

075

Survival probability
°

025

000

012345678 061011121314151617 181920
Time(years)

SEM1 = high == low

p=0.012

01234567 891011121314151617181920
Time(years)

POGFB <= high == low

01234567 891011121314151617181920
Time(years)

RGS2 == high = low

100
2078
3
oso
g
<
@ o025
p=0.003 p=0.013
000
612345675 06101112131a151617181920 612354567506 1011121314151617181920
Time(years) Time(years)
PPP4C =k High level == Low level
1.001
0.75
K]
2
>
=
2 0509
®
9]
>
o]
0.25
p=0.019
0.001
0 1 2 3 4 5 6 7 8 9 10
Time(years)
pvalue Hazard ratio
BLCA 0.867 0.977(0.743-1.284) -
BRCA 0.921 0.986(0.755-1.289) -
CESC 0.114 0.652(0.384-1.108) -
CHOL 0.950 1.032(0.388-2.741) —l—
COAD 0.269 1.179(0.880-1.580) -
ESCA 0.357 0.782(0.463-1.321) -
GBM 0.839 0.963(0.671-1.383) -
HNSC 0411 1.142(0.832-1.566) L
KICH 0.431 0.452(0.062-3.267) ——
KIRC 0.002 1.774(1.242-2.533) -
KIRP 0.201 1.660(0.764-3.606) ——
LIHC 0.017 1.465(1.069-2.008) -
LUAD 0.168 1.187(0.930-1.515) =
Lusc 0.885 0.980(0.742-1.293) -
PAAD 0.275 1.260(0.832-1.907) -
PCPG 0.063 3.963(0.928-16.921) b e ad
PRAD 0.924 0.937(0.245-3.587) e f—
READ 0.954 0.979(0.469-2.044) ——
SARC 0.332 1.190(0.837-1.690) -
STAD 0.721 0.945(0.690-1.292) -
THCA 0.289 0.482(0.125-1.858) L
THYM 0.082 0.359(0.113-1.138) ——
UCEC 0.106 0.731(0.500-1.069) o
rrrr 11111

0.062

0.500 2.00 8.00
Hazard ratio





OPS/images/fimmu.2024.1416632/fimmu-15-1416632-g002.jpg
Scale Free Topology Model Fit,signed R*2

Scale independence

o
- 845
6 g9
[ee]
b
©
o
<
=
1011121314151617181 95
N
o
1
5 10 15 20

Height

Dynamic Tree Cut

Soft Threshold (power)

Gene dendrogram and module colors

i "M\ 2

Mean Connectivity

40 60 80 100

20

Mean connectivity

- 7 8 91011121314151617181920

5 10 15 20

Soft Threshold (power)

Module-trait relationships

MEturquoise bt o 1
0.5
MEyellow o won
MEblue o % 0
MEgreen ok o
-0.5
MEred Ton n
MEgrey oo k) -1
N S
& S
¢ <

logFC

KEGG Patway |

[l oo iarmn [ o [ e [l e 2





OPS/images/fimmu.2024.1416632/fimmu-15-1416632-g001.jpg
2004

1504

-log10(adj.P.Vval)

o
o
1

504 ¢

1
3]

Significant
*  Down
o Not
o Up

adaptive immune response

T
o R
==
leukooyte activation JAK-STAT signaling pathway
mediator of immune response Th17 cell differentiation
~ O Setvation _ Shemekineisionaing pathwey _
2
pathway Inflammatory bowel disease
MR SecRIRdlIERIE _ Resumatold st _
Srahoes sctvanon _
S
lymphocyte activatior RLaraction
TGS Comese _ Fpmashnaee _
T embrane _ Sfmereninnen
e
possimiersestiste _ iefgenzes _
- .
8 4010
receptor complex cytotoxicity 6e-10
e Be-10
ndocytic vesicle membran C-type lectin receptor
Srdogyio el s - signsiing pat Y
MR _ Ostecciast aferentiation _
vesicle lumen Antigen processing and
.
PR ——— Staphylococous aureus
MR B _ T eeneine e Y -
e _ Hetere -
SHRKinsiecivy _ femaepoisue calinesoe -
mmunogiobuin receptor _ NF-kappa B signaling pathway
&
s moepraracty _ GrafversusThost disease -
R _ Denidnseammne -
et
cyienebinang _ InhLtor ONsIStaDe: -
SRR - EathE

o
a
&
3
8
&

o
a
&





OPS/images/fimmu.2024.1343316/crossmark.jpg
©

2

i

|





OPS/images/fimmu.2024.1343316/fimmu-15-1343316-g001.jpg
M Terpenoids Flavonoids Alkaloids M Polyphenols

¥ Quinones Steroid Phenylpropanoid = Bibenzyl






OPS/images/fonc.2023.1338809/M2.jpg
Neutropntt to Lymphocyte Ratio (NLR)
e T O






OPS/images/fonc.2023.1338809/table1.jpg
Variables Assign a value to something

Age =60 years = 0,<60 years = 1
Gender Male = 0, female = 1
BMI >25kg/m? = 0,<25kg/m? = 1
Tumor type Squamous carcinoma = 0, adenocarcinoma = 1, other
=2
Smoking history Present = 0, absent = 1
S1I 2490 = 0,<490 = 1
CEA (ng/mL) 26.34 = 0,<6.34 = 1
NSE(ng/mL) >15.65 = 0,<15.65 = 1
CYFRA21-1 2526 =0,<5.26 = 1
(ng/mL)
NLR 2325=0<325=1
Bone metastasis Present = 0, absent = 1

Body Mass Index (BMI), CEA (Carcinoembryonic Antigen), Cyfra21-1 (Cytokeratin 19
Fragment 21-1), NSE (Neuron Specific Enolase), Systemic Immunoinflammatory Index (SI1),
Neutrophil to Lymphocyte Ratio (NLR).
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Variables Bone metastasi s

Age 0.135 0.712
260 years 19 57,
<60 years 21 72
Gender 2955 0.085
Male 31 81
Female 9. 48
Tumor type 0.714 0.699
Squamous carcinoma 20 61
Adenocarcinoma 17 62
Other [ 3 6
Smoking history ' 0.340 0.559
Yes 31 94
No 9 35
SII 35.031 <0.0001
2490 34 41
<490 6 88
CEA(ng/mL) 34.980 <0.0001
26.34 23 16
<6.34 17 113
NSE(ng/mL) 44363 <0.0001
215.65 33 31
<15.65 7 98
CYFRA21-1(ng/mL) 16.198 <0.0001
25.26 27 41
<5.26 13 88
NLR » 25.329 <0.0001
23.25 30 39
<325 10 90

CEA, carcinoembryonic antigen; Cyfra21-1, Cytokeratin 19 Fragment 21-1; NSE, neuron-specific enolase; SII, Systemic Immunoinflammatory Index; NLR, Neutrophil to Lymphocyte Ratio.
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Consideration Validation

SII 0346 0.556
2490 29 75
<490 43 94

CEA (ng/mL) 0.008 0.928
2634 17 39
<6.34 55 v 130

NSE (ng/mL) 1142 0.285
21565 33 64
<15.65 40 105

CYFRA21-1 (ng/mL) 0649 » 0.420

2526 33 68 1

<5.26 39 101

NLR 0.470 0.492
2325 2 69
<3.25 16 100

CEA, carcinoembryonic antigen; Cyfra21-1, Cytokeratin 19 Fragment 21-1; NSE, neuron-specific enolase; SII, Systemic Immunoinflammatory Index; NLR, Neutrophil to Lymphocyte Ratio.
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Compounds

Rocaglamide

Puerarin

Nobiletin

(-)-epigallocatechin
gallate

Myricetin

Licochalcone A

silibinin

Tsovitexin

Luteolin

Apigenin

Subclass  Molecular
Formula

Flavonoid  C29H3INO7

Flavonoid C21H2009

Flavonoid C21H2208

Flavonoid C22H18011
Flavonoid CI5H1008
Flavonoid C21H2204
Flavon C25H22010
Flavonoid C21H20010

CI5H1006
Flavonoid CI5H1005

Weight
(g/mol)

5056

4164

4024

4584

318.23

3384

4824

4324

28624

27024

Aghia odorata
and
Aglaia
duperreana

Pueraria lobata
(Willd)) Ohwi

Citrus depressa,
Citrus reticulata,
Citrus sinensis,
Citrus
limon, etc.

Green tea

Morella
rubra Lou.

Glyeyrrhiza
uralensis Fisch.

Silybum
marianum
(L) Gaertn.

Vitex negundo
var. cannabifolia
(Siebold and
Zuce.)
Hand.-Mazz.

Reseda
odorata L.

Apium
graveolens L.,
Perilla frutescens
(L) Britton,
Verbena
offcinalis L.,
and Melissa
axillaris (Benth.)
Bakh. f.

Experimental
Model

LLC mouse model;
LLCs and H460,
A549, H1975 cells

LLC mouse model;
LLCs and A549,
H1299, H1975 cells

A519 xenograft
mouse lung
cancer model

A549, H292, and
HA60 cells

&
(methylnitrosamino)-
1-(3-pyridy])-1-
butanone (NNK)-
induced lung cancer
mouse model; A549,
H1299 and LU-
99 cells

A549, H1650 and
HA60 cells

A549 and
HI1299 cells

H3122 cells

A549 xenograft
mouse lung cancer
model; A549 and
HI975 cells

H358 cell xenograft
mouse lung cancer
model; H358, H460,
H2122, and
A549 cells

H358 cell xenograft
mouse lung cancer
model; H358, H460,
H2122, and
A549 cells

0,3,7 10, and
13and 1.0;0,
31.25,625,125,
250, and
500 nM

1 mgkg2 &; 0,
250, and 500

10

100, 200

Give water
containing 0.3%
green tea
extract
(contains 0.85
L of catecl
in which EGCG
8%); 10, 50

510,20

5and 10

50, 100

20,25 ug/mL

3050, 10, 20,
30,40, 50

3050, 10, 20,
30,40, 50

21d;24h

21d (from
day 3);24h

30d

48h

16 weeks;
pretreatment
for3h

2h

6h

24and 48 h

15d

20d;4h

20d4h

Immune
Cells/
Immune
Regulatory
Cytokines
and Protein

NK cells

NK cells

TAMs; IFN-y,

TNF-ctand IL-

121010, TL-4.
and TGF-B

PD-1

PD-1

IFN-y and
PD-LL

IFN-y and
PD-LL

PD-LL
CTLs, NK cells;

IL-2 and TNF-0.

PD-1, PD-L1

PD-1, PD-L1

Enhances NK-cell-
mediated killing

Enhances infiltration of
NK cells

Increases M1
‘macrophages, enhances
the expression of anti
tumor cytokines (IFN:
TNF-a, and 1L-12), and
reduces the level of pro-
tumor cytokines (IL-10,

IL-4, and TGF-B).

Downregulates PD-
L1 expression

Downregulates PD-
LI expression

Downregulates PD-L1 and
IDOI expression

Abrogates IFN-induced
PD-LI translation

Downregulates PD-
LI expression

Increases CTLs and NK
cell proliferation and
activities; promotes the
secretion of I1-2 and
TNF-a

Blocks the PD-1/PD-LL
axis, down-regulation PD-
LI expression

Blocks the PD-1/PD-L1
axis; downregulates PD-
L1 expression

Reference

(113)

(114)

(115)

(116)

(117)

(118)

(119

(120)

(121)

(122)

(122)
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Immune
Cells/
Molecular Experimental Immune

Number Compounds Subclass Reference

Formula Model Regulatory
Cytokines
and Protein

Increases the secretion of TNF-g, IL-
6, IL-12; decreases the secretion of IL-

01,248 DCs TNE-q, 105 increases the expression of MHC-
LiCs and 16 200 IL-6,1L-12,and | 1, CD80, CD54, CD86; causes a3)
Sophora ug/ml 1L-10 autologous mixed T lymphocyte to
1 Matrine Alkaloid | CISH2N20 24836 Jlavescens produce DC-activated killer
Aiton (DAK) cells
LLC mouse model;
LLCs Higoand o0 o l6di2eh | TAMs Inhibits the M2 polarization of TAMs  (132)
A549 calls g
D P s | 20 i i,
Sanguinaria | Model LLCs ”‘2:'2"‘5‘ L. [B08,26K ““’2’ ';’;;C power of MDSCs, promotes the =
2 Sanguinarine Alkaloid C20HI4NO4+ | 3323 <k an cells (MDSCS) | iferentiation of MDSCs
Canadensis
LLC mouse model | 5 3wecks | TAMs Vet (134)
macrophage polarization
Promotes the activation of B cells;
» ) downregulates the expression of
3 Homoharringtonine | Alkaloid C29HINO9 | 5456 f::‘ :‘:"::‘:1“’ ’,ﬁ ::‘:":5:’:’5:1115 ;zf :“Z ; TIL-B oncogenic proteins (Kras, ERK, Akt, | (135)
e STATS, CDK4, and CDK6) and
tumor suppressors (p21 and RB)
Sophora Ml NSCLC Promotes DC maturation; mediates
4 Oxymatrine Alkaloid CISH2IN202 26436 Jlavescens i ImgmL  4sh DCs, Tregs the differentiation of T cclls (136)
Aiton P into Tregs
A549 xe
Papaver A e 01,03, poL, TGEp, | Upreltes the expresion of DL,
5 Morphine Alkaloid CIZHISNO3 28534 somiferum . and051, | 3d24h »TOPD TGE-p, and 1L-10; downregulates the  (137)
by model Asa9and 1040 1L-10, and IL-2 fa
3 s . an expression of IL-
Downregulates the expression of PD-
11975 mouse lung L1 and MUCI-G; downregulates the
Tetradium B
e cancermodel, LLC | 10.20,and || dnbibition of IFN-nduced PD-LI
6 Evodiamine Alkaloid CISHIZN3O | 3034 gl mouse model; 30:5, 10, g Y EDLL T oxpression; downregulates T-cell (138)
(A Juss) T. 72h T cells
b H1975 and and 20 apoptosis; enhances the effector
i H1650 cells function of CD8+ T cells; increases
the number of CD8+ T cells
Sophora LLC mouse model;
7 Sophocarpine Alkaloid CISH2N20 24635 alopecuroides | LLCs, HI7sand 2 PDALI Upregulates PD-L1 expression 139

Linn A549 cells
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Number Compounds

1 Curcumin
2 Resveratrol

3 Polydatin

4 Plumbagin

5 Withaferin A
6 Salidroside

7 Erianin

Subclass

Polyphenol

Polyphenol

Quinones

Quinones

Steroid

Phenylpropanoid

Bibenzyl

Molecular
Formula

CI9H24CINO4

C14H1203

C20H2208

CI11H803

C28H3806

C14H2007

CI18H2205

3658

22824

3904

18818

4706

3003

3184

Curcuma
longa L.

Grapes,
‘mulberries,
berries, red
wine,
peanuts,
pines,
nuts, etc.

Reynoutria

Jjaponica
Houtt.

Plumbago
zeylanica 1.

Withania
sommifera
1)

Dunal
(Solanaceae)

Rhodiola
rosea L.

Dendrobium
nobile Lindl

Experimental

Model

LLC mouse
model; LLCs

Patients with non-
small-cell
lung cancer

A549 and
HI1299 cells

A549 and
HI1299 cells

A549 xenograft
mouse lung
cancer model

LLC mouse models

LLC mouse model;
LLGs, H1650 and
AS49 cells

A549 xenograft
mouse lung cancer
model; A549 cells

LLC mouse model;
LLCs, H1975 and.
A549 cells

50,20 M.

15¢
capsule,
twice a day

20 pM

20 uM

4mgid

05,1,2

4504 and
06 (LLCs
and H1650
cells), 2 and
1

(A549 cells)

40; 10 and
20 pg/ml.

10,35, and
50; 00625,
0.125,0.25,
05, and
1 nmol

16d;24h

2 weeks

2h

3h

7d

21d

18d;24h

1 month;
48h

12d;24h,
48h

Immune
Cells/
Immune
Regulatory
Cytokines
and Protein

MDSCs; IL-6

Tregs

TAMs

PD-LL

“Tumor-
infiltrating
Tumor-
infiltrating B
(TIL-B)

CTLs; IFN-
+ TNFo,

CTLs; PD-LL

CTLs; PD-L1

IL-2, TNF-ot and
1L-10

Reduces the accumulation of
MDSCs, promotes the maturation
and differentiation of MDSCs,
inhibits the immunosuppressive
function of MDSCs, and decreases
the level of IL-6

Converts Foxp3+ regulatory T cells
into Th 1 cells

Inhibits the activation or M2
polarization of TAMs

Upregulates PD-L1 expression

Decreases TIL-B cell infiltration

Increases the number and function
of CDB+ T cells; up-regulates the
expression of IFN-y and TNF-o.

Increases CTL infiltration;
upregulates the expression of PD-L1

Suppresses PD-LI; promotes the
immune activity of CD8+ T cells

Upregulates the level of IL-2 and
TNF-0; downregulates the level of
110

Reference

(146)

(147)

(148)

(149)

(150)

@s1)

(1s2)

@1s3)

(154)
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Compounds Subclass Molecular Weight Main Experimental Dosage Dosing Immune Reference

Formula  (g/mol) Source Model (mg/kg;  Cycle Cells/
um/L) Immune
Regulatory
Cytokines
and Protein
1 Astragaloside IV Terpenoids  C41H68014 785 Astragalus A549 and 40,40 20d;48h TAMs Blocks the M2 polarization of TAMs @8)
membranaceus H1299 cells and 80
Bunge
Lewis lung 40;80and | 12d;24, | Tregsand CTLs | Decreases the number of Tregs, and @9)
carcinoma (LLC) | 160 ugmL 48, and increases the number of CTLS
‘mouse model; LLCs 72h
2 Ginsenoside Rgd | Terpenoids | C42H72013 785 Panax ginseng LLCs 310,20, 48h DCs; TNF-o, | Increases the number of DCs, induces (80)
C.A. Mey. 50,100, TGFand | the secretion of TNF-c. or TGF-B, and
200, 300, IFN-y promotes the production of IFN-Y by
and 400 tumor cells
ug/ml
A549 cells 510,20, | 12,24and PD-LL Downregulation of PD-LI expression 1)
40,80, and 48h
160 ug/mL.
3 Ginsenoside Rh2 | Terpenoids  C36H6208 6229 Panax ginseng A549 cells 0,10,20, 48h TNFo Upregulation of TNF-a. expression (82)
C.A. Mey. 30, 40, 50,
and 60
4 Atractylenolide Il | Terpenoids  C15H2002 .32 Atractylodes A549 xenograft 50,25 2424 TAMs Inhibits the M2 polarization of TAMs (83)
Rhizoma mouse lung cancer and 5 and 48 h
thizomes model; A549 cells
5 Atractylenolide  Terpenoids  C15H2003 2832 Atractylodes LLCs, H1703, 2,4,8,16, 24h DO ts IDO expression (84)
1 Rhizoma H520, PC-9, AS49, | 32,64, 128,
rhizomes and H1299 cells 256,
and 512
6 Cannabidiol Terpenoids  C21H3002 3145 Cannabis A549 and 3 4sh ICAM-1 Upregulation of ICAM-1 expression (85)
sativa L. H460 cells
7 Triptolide Terpenoids  C20H2406 3604 Tripterygium PC-9 and 500 nm/L | 24and L6 Inhibits the activation of the IL-6/ (86)
wilfordii A549 cells 4sh STATS axis
Hook. F.
8 Oridonin Terpenoids  C20H2806 3644 Rabdosia A549 xenograft 10513, 4weeks; NK cells Enhances NK cell activity (®7)
rubescens mouse lung cancer | and 10 2h

model; A549 cells

9 Lycopene Terpenoids C40HS6 5369 Tomato LLC mouse 40;40 12d;24h | Thcellsand Increases the CD4+/CD8+ cell (88)
model; LLCs CTLs; PD-L1, upregulates IFNY-expression,
IL-1and IEN-Y | upregulates the levels of IL-1 and TEN-
¥, reduces the levels of IL-4 and IL-10
10 Lupeol Terpenoids C30H500 4267 olives, mango, HI299 cells 20 24h TAMs Inhibits the M2 polarization of TAMs (89)
elm, Aloe vera
(L) Burm. £,
Lupinus
micranthus
Guss.
n Paconiflorin Terpenoids  C23H28011 1805 Paconia LLC mouse 10,20,and | 210,12, TAMs Inhibits the M2 polarization of TAMs ©0)
lactiffora Pall, model; LLCs 401,310, 24,and
30, and 100 48h
12 Bakuchiol Terpenoids CI8H240 2564 Cullen LLC mouse model 5,15, 15d TAMs; IL-1B, Increases the number of cytotoxic ©)
corylifolium and 40 IL-2, TEN- immune cells (CD8+ T cells and M1
(L) Medik. TNF-,IL4, | macrophages); decreases the number
IL-10 and of pro-tumor immune cells (CD3+ T
PD-LI cells, Tregs, and M2 macrophages);
upregulates 1L-1B, IL-2, IEN-Y, TNF-0t,
1L-4, and IL-10 expression;
downregulates PD-LI expression
13 Platycodin D Terpenoids  C57H92028 12253 Platycodon H1975 and 10 24h PD-LL IL-2 Decreases the level of PD-LL; triggers ©2)
grandiflorus H358 cells the extracellular release of PD-L1 and

(Jacq) A. DC. enhances IL-2 secretion
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