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Background

Radiotherapy (RT) is a critical component of treatment for locally advanced rectal cancer (LARC), though patient response varies significantly. The variability in treatment outcomes is partly due to the resistance conferred by cancer stem cells (CSCs) and tumor immune microenvironment (TiME). This study investigates the role of EIF5A in radiotherapy response and its impact on the CSCs and TiME.





Methods

Predictive models for preoperative radiotherapy (preRT) response were developed using machine learning, identifying EIF5A as a key gene associated with radioresistance. EIF5A expression was analyzed via bulk RNA-seq and single-cell RNA-seq (scRNA-seq). Functional assays and in vivo experiments validated EIF5A’s role in radioresistance and TiME modulation.





Results

EIF5A was significantly upregulated in radioresistant colorectal cancer (CRC) tissues. EIF5A knockdown in CRC cell lines reduced cell viability, migration, and invasion after radiation, and increased radiation-induced apoptosis. Mechanistically, EIF5A promoted cancer stem cell (CSC) characteristics through the Hedgehog signaling pathway. Analysis of the TiME revealed that the radiation-resistant group had an immune-desert phenotype, characterized by low immune cell infiltration. In vivo experiments showed that EIF5A knockdown led to increased infiltration of CD8+ T cells and M1 macrophages, and decreased M2 macrophages and Tregs following radiation therapy, thereby enhancing the radiotherapy response.





Conclusion

EIF5A contributes to CRC radioresistance by promoting CSC traits via the Hedgehog pathway and modulating the TiME to an immune-suppressive state. Targeting EIF5A could enhance radiation sensitivity and improve immune responses, offering a potential therapeutic strategy to optimize radiotherapy outcomes in CRC patients.
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1 Introduction

Preoperative radiotherapy (preRT) serves as a fundamental component of neoadjuvant treatment for locally advanced rectal cancer (LARC), encompassing both long-course and short-course modalities (1). Despite its pivotal role, the efficacy of preRT varies, with complete response rates reported between 6% (2) and 28% (3), and even as high as 48.1% (4) in contexts involving intensified neoadjuvant systemic therapy. Nonetheless, around 40% of LARC patients exhibit resistance to preRT, underscoring the critical need to investigate the molecular bases of rectal radioresistance and to devise strategies that could enhance the treatment outcomes for these patients (5, 6).

Cancer stem cells (CSCs), characterized by their self-renewal capabilities, multidirectional differentiation potential, and heightened treatment resistance, are key contributors to radioresistance (7–9). Research indicates that CSCs may support radioresistance via several mechanisms: 1) efficient DNA damage repair, allowing them to survive post-radiation (10, 11); 2) a higher proportion of cells in the quiescent G0 phase compared to rapidly dividing tumor cells (12); 3) prevalence in hypoxic tumor regions which are less amenable to radiotherapy (13); 4) unique metabolic traits that bolster their radiation resistance (14); 5) lower levels of reactive oxygen species and higher expression of ROS scavengers, reducing radiation-induced damage (15). However, the specific role of CSCs in radioresistance among CRC patients remain poorly understood.

Growing evidence suggests that radiotherapy (RT)-induced regulation of the tumor immune microenvironment (TiME) is a double-edged sword, maintaining a delicate balance between immune activation and immunosuppression (16, 17). On one hand, RT effectively promotes local and systemic anti-tumor immunity:1) Pro-inflammatory mediators produced in the tumor post-RT enhance antigen presentation by dendritic cells (DCs) and activate natural killer (NK) cells, thereby inducing in situ immune regulation (18, 19); 2) RT can generate an in situ vaccination (ISV) effect, converting the patient’s own tumor into a nidus of enhanced antigen presentation, leading to a stronger immune response that can also target distant disease sites (i.e., abscopal effects) (20, 21). On the other hand, RT can negatively modulate tumor immunity: 1) The reduction of lymphocytes and NK cells following RT leads to immunosuppression (22); 2) RT-induced activation of TGF-β promotes the proliferation of myeloid-derived suppressor cells (MDSCs) and M2 macrophages, creating an immunosuppressive tumor microenvironment (23). Therefore, identifying the essential molecules responsible for modulating the TiME following radiation is crucial.

In this research, we developed 17 predictive models of radiation response using machine learning techniques and identified EIF5A as a principal gene associated with radioresistance, based on the Shapley value of each gene included. Subsequent experiments showed that EIF5A was upregulated in radioresistant CRC tissues, as confirmed by both bulk RNA-seq and single-cell RNA-seq analyses. In addition, downregulation of EIF5A was observed to reverse the radioresistant phenotype in vitro, with subsequent investigations indicating a potential role for EIF5A in promoting the transition of epithelial cells to stem cells via the Hedgehog signaling pathway. Compared with radioresistant samples, radiosensitive samples demonstrated a higher level of immune cell infiltration, with the low-EIF5A subgroup showing particularly higher infiltration levels. Furthermore, knockdown of EIF5A was shown to augment the effects of radiation in vivo and alter TiME. Collectively, these findings illuminate the novel functions of EIF5A in CRC and propose it as a potential target to mitigate radioresistance and remodel TiME in CRC patients.




2 Materials and methods



2.1 Gene expression data from public databases

Gene expression data and clinical information for CRC patients were obtained from the Gene Expression Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo/) and The Cancer Genome Atlas (TCGA) cohort (https://tcga-data.nci.nih.gov/tcga/). Immunohistochemical (IHC) data for the TCGA cohort were sourced from the Human Protein Atlas (HPA) database (https://www.proteinatlas.org/). Five bulk RNA-seq cohorts receiving preRT were included, namely GSE35452, GSE68204, GSE145037, and GSE150082, providing complete preRT response information categorized by tumor regression grade (TRG). TRG 0-1 denoted radiosensitive samples, while TRG 2-3 represented radioresistant samples (24). Additionally, GSE87211 comprised normal tissue samples with detailed overall survival (OS) and disease-free survival (DFS) data. The “ComBat” method within the “sva” R package was applied to mitigate batch effects across all cohorts. Three single-cell RNA-seq datasets (GSE132465, GSE166555, and GSE178318) of CRC were retrieved from the GEO database. Supplementary Table S1 presents a summary of the baseline characteristics of the cohorts.




2.2 Construction of preRT response predicting model by machine learning

Seventeen machine learning algorithms were deployed in the GSE68204 cohort to formulate diagnostic models predicting the efficacy of preRT. These algorithms, including glmBoost, random forest (RF), Lasso, Ridge, Enet, SVM, multiNom, plsRglm, RDA, LDA, amdai, GBM, KNN, XGBoost, Stepglm, NaiveBayes, and LogisticR, were subsequently validated across three additional cohorts (GSE35452, GSE145037, and GSE150082), with model performance assessed via receiver operating characteristic (ROC) analysis.

Key radioresistant gene screening by SHapley Additive exPlanations (SHAP). SHAP was employed to interpret machine learning models by quantifying each feature’s contribution to the predictions (25). The “fastshap” R package and “shapviz” R package were utilized to compute the mean Shapley value of each gene across the four cohorts within each model (26). Subsequently, genes demonstrating significant impacts on the models were filtered for further analysis.




2.3 Single-cell RNA sequencing data quality control and processing

The Seurat single-cell standard workflow was implemented for analysis and integration (27). Cells with <250 or >5000 measured genes and those with >25% mitochondrial contamination were filtered out. A total of 106,634 cells were selected for processing, comprising 65,412 cells from 52 tumor tissue samples and 41,222 cells from 29 normal tissue samples. The merged objects were normalized and the 3,000 most variable genes were identified. Principal component analysis (PCA) was applied to scale gene expression and reduce dimensionality. Batch effects were corrected, and objects were integrated using the “Harmony” R package. T-distributed stochastic neighbor embedding (t-SNE) was employed for visualization.




2.4 scRNA-seq cell type annotation and analysis

Distinct cell types were labeled using canonical marker genes based on classical immune cell markers sourced from CellMarker 2.0. Dotplots visualized gene expression for each cluster, and the “scissor” R package identified phenotype-driven single-cell subpopulations. Cell-cell communication was analyzed using the “CommPath” R package, and signaling pathway networks within clusters were depicted via heatmaps. Cellular trajectories were inferred using the “Monocle2” R package, facilitating pseudotime analysis to describe high-dimensional expression values.




2.5 Functional analysis

Gene set enrichment analysis (GSEA) was employed to assess biological functions and signaling pathways in bulk RNA-seq and scRNA-seq datasets. Stemness, indicating the differentiation level and potential of cells, was evaluated using the One-Class Logistic Regression (OCLR) algorithm (28).




2.6 Cell culture and animals

MC38 cells (murine colorectal cancer cells) and HCT116 cells (human colorectal cancer cells) were obtained from the national cell line resource infrastructure of China and cultured in RPMI-1640 medium supplemented with 10% fetal bovine serum and 1% penicillin-streptomycin.

In order to conduct in vivo studies, female C57BL/6 mice aged 6-8 weeks were procured from the Shanghai Wushi Experimental Animal Center in Shanghai, China. Approval for all animal studies was obtained from the Institutional Animal Care and Use Committee at Fujian Medical University.




2.7 Transfection and irradiation

shRNA and siRNA targeting EIF5A, control scrambled shRNA and siRNA, and lentiviral vector were procured from ZolGene. Transfection was performed in accordance with manufacturer’s protocols. Scrambled shRNA and siRNA were used as control. Following validation was conducted through the utilization of quantitative reverse transcription PCR (qRT-PCR) and western blotting. Both cell lines and mice in the irradiation (IR) group received 6 Gy of X-ray radiation using a Varian Truebeam linear accelerator.




2.8 Western blotting, qRT-PCR and immunofluorescence assay

Total protein collection, RNA extraction and reverse transcription were conducted according to the methods described in a previous study (29). EIF5A expression was normalized to β-actin. Western blot and qRT-PCR analysis was performed in triplicate, and the average value was calculated using the gray value and 2-ΔΔCt method. The primer sequences for EIF5A and β-actin are listed in Supplementary Table S2. Samples of tumor tissues obtained from mice were collected for immunofluorescence analysis according to the manufacturers protocol. Primary antibodies information is listed in Supplementary Table S3.




2.9 Wound healing assay

Cells were inoculated in 6-well plates, and wounds were scraped with 200 μL pipettes when the cells reached 90% confluency. The cells positions were then photographed and recorded at 0, 24, and 48h. Lastly, the migration rate of each group was calculated using the following formula: (initial area-final area)/initial area.




2.10 Transwell migration and invasion assay

Cells suspension were seeded in a 24-well perforated transwell chamber with pores size of 8.0µm (Corning Costar, USA) with/without pre-coated Matrigel. The culture medium containing 10% FBS was poured into the lower chamber. After 24 hours of incubation, the membranes were collected, stained with crystal violet solution and removing cells that cannot migrate or invade through pores. Migrating and invading cells were counted and photographed under a microscope in 5 different fields.




2.11 Cell viability and rescue experiment

The viability of cells was assessed through Cell Count Kit-8 (CCK-8), Calcein-AM/Propidium Iodide (PI) staining and 5-Ethynyl-2-Deoxyuridine (EdU) assay, respectively, according to the manufacturer’s instructions. Cells were inoculated into 96-well culture plates and irradiation group was given 6Gy irradiation. All groups’ cells were analyzed optical density (OD) rate at 0, 24, 48, 72 and 96h. The fluorescence images were acquired by using a fluorescence microscope (Leica DM2500). Image Pro advanced software was used to analyze the mean fluorescence intensity (MFI). SAG (HY-12848, MedChemExpress, USA), as the agonist of Hedgehog pathway, was used for the rescue experiment of Hedgehog pathway.




2.12 Colony formation assay

Cells were inoculated into 6-well culture plates for 8 to 10 days. The irradiation group was given 6Gy irradiation. During the culture period, the medium containing 10% FBS was changed half times every 2-3 days. Subsequent crystal violet staining and colonies counting were performed when single visible clone was observed in the negative control (NC) group.




2.13 Reactive oxygen species assay

Cells were inoculated into 96-well culture plates and irradiation group was given 6Gy irradiation. All groups’ cells were incubated with the peroxide-sensitive fluorescent probe DCFH-DA (1mM) for 2h in the dark, before imaging. The fluorescence images were acquired by using a fluorescence microscope (Leica DM2500) and image Pro advanced software was used to analyze the MFI.




2.14 Cell apoptosis

Cells were inoculated into 24-well culture plates and irradiation group was given 6Gy irradiation. All groups’ cells were analyzed with an annexin V-APC/PI double staining apoptosis detection kit (KeyGen BioTech) according to the manufacturer’s instructions, respectively. And then the apoptosis of cells detected by flow cytometry (FCM).




2.15 Sphere formation assay

Cells were planted in low-adsorption 6-well plates and cultured with DMEM/F12 medium for 8 to 10 days, which contained 20g/ml epidermal growth factor (EGF), 10ng/ml basic fibroblast growth factor (bFGF) and 2% B27. Then the spheres were collected and photographed, and their sizes were measured by the Image pro plus software.




2.16 Patients and tissue samples

A total of 80 frozen colorectal cancer samples (including 15 paired normal tissue samples) undergoing both nCRT and radical surgery were received at Fujian Provincial Cancer Hospital (FJCH) between March 2016 and March 2022. Two consultant pathologists assigned preRT response assessed by TRG according to the American Joint Committee on Cancer (AJCC) criteria. This study was approved by the Ethics Committee of FJCH (K2023-181-01).




2.17 IHC

IHC staining were performed using the antibodies against EIF5A (1: 5000, ab32443, Abcam) as described previously. All immunostaining images were evaluated blindly based on the histochemical score. As reported previously, the H-score was determined by multiplying the staining intensity score (negative = 0, weak = 1, moderate = 2, strong = 3) with the positive rate score (negative=0, 1-25% = 1, 26-50% = 2, 51-75% = 3, 76-100% = 4).




2.18 Statistical analyses

All analyses were conducted using R (version 4.0.3). Normality was assessed using the Shapiro-Wilk test, with Student’s t-test or Wilcoxon test employed for group comparisons depending on data distribution. Parametric and nonparametric tests were used for multiple group comparisons. Correlation analyses were conducted using Spareman and distance correlation coefficients. P<0.05 indicates statistical significance.





3 Results



3.1 Machine learning-based screening of key genes for radioresistance in CRC

The study’s overall concept is depicted in the flow chart of Figure 1. Initially, 508 differentially expressed genes (DEGs) were identified between radiosensitive tissues and radioresistant tumors in the meta-cohort (Supplementary Table S4; Figure 2A), while 1,327 genes were associated with patient DFS in the GSE87211 cohort (Supplementary Table S5). Subsequently, 28 intersection genes between DEGs and prognosis-related genes were considered as candidate genes to establish response predicting models (Figure 2B). Seventeen models of machine learning were then developed in the GSE68204 cohort and validated across GSE150082, GSE145037, and GSE35452, achieving mean area under curve (AUC) of the ROC curve ranging from 0.704 to 0.842 (Figure 2C). The top four performing models, based on mean AUC, were glmBoost, RF, Ridge, and LASSO. Utilizing the SHAP algorithm, SHAP summary plot of shows how and how much each gene influences the prediction in the four machine learning models (Figure 2D). Notably, EIF5A was identified as the predominant feature that exerted the greatest influence on all four machine learning models. Consequently, EIF5A was designated as the key gene associated with radioresistance in rectal cancer.




Figure 1 | Flowchart of the present study.






Figure 2 | Machine learning-based screening of key genes for radiation sensitivity. (A) Volcano plot showing the DEGs between the radiosensitive and radioresistant groups in meta-cohort. (B) The 28 candidate genes were identified via venn diagram. (C) A total of 17 prediction models and the ROC of each model across all cohorts. (D) Beeswarm plot of SHAP values (shows how and how much each gene influences the predictions) in four machine learning models across all cohorts. ROC, Receiver operating characteristic; SHAP, SHapley Additive explanation.






3.2 Multiomics validation of radiation resistance by EIF5A

As anticipated, EIF5A exhibited upregulation in both colon and rectal cancer within the TCGA
cohort, as confirmed by GEPIA analysis (Supplementary Figure S1A). This finding was further validated using IHC and scRNA-seq analyses (Supplementary Figures S1B–D). Analysis of the GSE87211 cohort revealed overexpression of EIF5A in tumor tissues compared to normal tissues (P<0.001, Figure 3A), with higher EIF5A expression correlating with worse OS (P<0.001, Figure 3B) and DFS (P=0.003, Figure 3C). Similarly, EIF5A expression was significantly elevated in radioresistant samples compared to radiosensitive ones across multiple cohorts of GSE145037, GSE150082, GSE35452, and GSE68204 (P<0.001, Figures 3D–G). In the scRNA-seq meta-cohort, 106,634 cells from 81 samples (including 52 tumor tissues and 29 normal tissues) were collected for further processing, and the t-SNE plot were depicted in Figure 3H. Similarly, the EIF5A expression in the radioresistant samples was also significantly higher than those in the radiosensitive samples based on “scissor” algorithm(P<0.001, Figure 3I).




Figure 3 | Prognosis and differential expression of EIF5A in cohorts receiving preRT. (A) Boxplot showing differential expression of EIF5A between normal/peritumor and tumor in the GSE87211 cohort. (B, C) Kaplan-Meier curves of OS and DFS with different EIF5A expression groups in the GSE87211 cohort. (D-G) Boxplots of the difference in EIF5A expression between the radioresistant and radiosensitive groups in the GSE145037, GSE150082, GSE35452, and GSE68204 cohort. (H-I) t-SNE plot and violin plot showing the distribution of EIF5A expression between radioresistant and radiosensitive cells. OS, Overall survival; DFS, Disease free survival; t-SNE, Stochastic neighbor embedding; ***: P < 0.001.






3.3 In vitro validation of radioresistance by EIF5A

To further verify whether EIF5A could result in the radioresistance of CRC, we knock down the EIF5A in the HCT116 cell line by three different siRNAs. Through western blot and qRT-PCR (Figures 4A, B, Supplementary Figure S2), we selected EIF5A-243 as the candidate siRNA which was used in the following experiment. First, knock down of EIF5A sharply was found to decrease the migration and invasion of HCT116 cells, compared with NC group of HCT116 cells (all P<0.05, Figures 4C, D). Upon 6 Gy X ray, the cell viability of EIF5A-KD cells was decreased sharply to 9.6% compared with NC group (27.8%, P<0.001, Figure 4E), as well as impaired clones (149.0 vs. 239.3, P<0.001, Figure 4F). From the other hand, the ROS production was significantly increased in the EIF5A-KD cells upon 6 Gy radiation compared with NC group (61.18 vs. 44.9, MFI, P<0.001, Figure 4G). FCM results revealed that 6 Gy irradiation resulted in increased apoptosis in EIF5A-KD group compared with NC group, both in early apoptosis and total apoptosis (35.5% vs. 50.0%, P<0.001; 73.4% vs. 89.1%, P<0.001; Figure 4H). Calcein-AM/PI staining assay showed that the cell viability was decreased from 74.5% (irradiation group) to 48.5% (irradiation+EIF5A-KD group, P<0.001, Figure 4I), which was also verified by EdU staining (P<0.05, Figure 4I). Taken together, knock down of EIF5A could reverse the radioresistance in CRC.




Figure 4 | In vitro validation of radiation resistance by EIF5A. (A, B) The transfection efficiency of siEIF5A in HCT116 cell line, which was examined by western blot and qRT-PCR. (C) Representative wound healing images of migration after knocking down EIF5A. (D) Representative transwell images of migration and invasion after knocking down EIF5A. (E) CCK-8 assay to analyze the effect of radiation on cell proliferation of the irradiated and non-irradiated groups after knocking down EIF5A. (F) Representative colony formation images of the irradiated and non-irradiated groups after knocking down EIF5A. (G) Representative ROS production images of the irradiated and non-irradiated groups after knocking down EIF5A. (H) Flow cytometry assay to analyze the cell apoptosis changes in irradiated and non-irradiated groups after knocking down EIF5A. (I) Calcein-AM/PI staining assay and EdU incorporation assay to detected the cell death and proliferation in irradiated and non-irradiated groups after knocking down EIF5A. qRT-PCR, Quantitative reverse transcription polymerase chain reaction; CCK-8, Cell counting kit-8; ROS, Reactive oxygen species; EdU, 5-Ethynyl-2’-deoxyuridine; NC, Negative control; KD, Knock down; IR, Irradiation; ns, Non-statistics significance;*: P < 0.05; **: P < 0.01; ***: P < 0.001.






3.4 The underlying mechanism of radioresistance by EIF5A

As is known to all, CSCs plays an important role in the radioresistance (22). The tumor samples in three CRC scRNA-seq cohorts were collected to explore the potential mechanism of EIF5A in the radioresistance. Totally, 65,412 cells were identified as 26 cell clusters (Figure 5A), which were annotated with canonical marker genes of major cell types (Figure 5B). Similarly, cells were classified as radioresistant cells and radiosensitive cells according to “scissor” algorithm. Interestingly, the proportion of CSCs in the resistant cells was greatly higher than that in the sensitive ones (Figure 5C, P<0.05). Pseudotime analysis revealed a distinct tendency that more epithelial cells would transform into CSCs in high-EIF5A cells, regardless of radioresistant or radiosensitive, compared with low-EIF5A ones (Figure 5D, Supplementary Figure S3). Hence, we supposed that EIF5A might promote the transformation of epithelial cell into
CSCs and result in radioresistance. Cellular communication were then conducted to explore the potential interaction counts and interaction intensity of ligands and receptors among cell subpopulations using “CommPath” method (Supplementary Figures S4A, B). The potential pathways activated in cell subpopulations were identified from via GSEA,
among which Hedgehog signaling pathway was activated both in CSC-resistant cells and epithelial-resistant cells (Supplementary Figure S4C).




Figure 5 | Landscape and potential mechanism of radiation resistance via scRNA-seq. (A) The t-SNE plot of 26 cell clusters from the multicellular ecosystem of three CRC scRNA-seq cohorts. (B) Dotplot showing the percentage of expressed cells and average expression levels of canonical marker genes of major cell types in 26 cell clusters. (C) t-SNE plot and bar plots indicating the landscape and proportion of major cell lineages between radioresistant and radiosensitive cells. (D) Pseudotime analysis of epithelial cell and cancer stem cell in high- and low-EIF5A expression groups. scRNA-seq, Single-cell RNA sequencing; t-SNE, Stochastic neighbor embedding; CRC, Colorectal cancer.



As expected, EIF5A was highly expressed in radioresistant cells compared with radiosensitive cells, as well as up-regulated Hedgehog signaling pathway, CD133 and CD44 (all P<0.001, Figure 6A). GSEA revealed that Hedgehog signaling pathway was enriched in the high-EIF5A group compared with the low-EIF5A group in meta-cohort (Figure 6B). Further, correlation analysis revealed significantly positive correlation between EIF5A
expression and the Hedgehog signaling pathway including its key genes of SHH, SMO, and GLI1 (all R>0 and P<0.05, Supplementary Figures S5A–D), and similar correlations were observed between EIF5A expression and stemness including its
key genes of CD133 and CD44 (all R>0 and P<0.05, Supplementary Figures S5E–G), both of which were summarized in Figure 6C. As expected, Hedgehog signaling pathway score in the high-EIF5A group was significantly higher than that in the low-EIF5A group (P<0.01, Figure 6D), as well as elevated stemness score (P<0.05, Figure 6E). Furthermore, knock down of EIF5A was found to sharply weaken the sphere ability of HCT116 cells compared with the NC group (69,932.2μm2 vs. 6,907.2 μm2, P<0.001, Figure 6F). In addition, upon radiation, knock down of EIF5A decreased the expression of GLI1, SMO, SHH, CD133 and CD44, and ultimately resulted in increased γ-H2AX (A DNA double-strand damage marker used to reflect radiation response) (Figure 6G, Supplementary Figure S6), (23). Subsequent rescue experiments demonstrated a
significant reduction in cell viability of irradiated EIF5A-KD CRC cells, decreasing from 37.89% to 55.76% following the application of SAG (P<0.05, Supplementary Figure S7). This finding was corroborated in the EdU assay (P<0.05, Supplementary Figure S8). Taken together, we concluded that EIF5A might promote the abundance of CSC via Hedgehog signaling pathway and result in radioresistance of CRC.




Figure 6 | Analysis and validation of EIF5A mediating radiation resistance via Hedgehog signaling pathway. (A) t-SNE plots and violin plots illustrating the distribution of the expression of EIF5A, CD44, CD133, and the ssGSEA score of Hedgehog in radioresistant and radiosensitive cells. (B) GSEA result based on the DEGs between the high- and low-EIF5A group in meta-cohort. (C) The correlations between EIF5A expression and the Hedgehog signaling pathway & its key genes (e.g. SHH, SMO, and GLI1), as well as EIF5A expression and stemness & its key genes (e.g. CD133 and CD44), were being investigated by correlation network and heat map. (D, E) Boxplots indicating the distribution of Hedgehog signaling pathway and stemness between high- and low-EIF5A group. (F) Representative tumor sphere formation images in HCT116 cell line after knocking down EIF5A. (G) Representative western blot images showing the expression levels of EIF5A, γ-H2AX, and the key genes of stemness (e.g. CD133 and CD44) and Hedgehog signaling pathway (e.g. SHH, SMO, and GLI1) in the irradiated and non-irradiated groups after knocking down EIF5A. t-SNE, Stochastic neighbor embedding; GSEA, Gene set enrichment analysis; ssGSEA, Single sample gene set enrichment analysis; NC, Negative control; KD, Knock down; IR, Irradiation; ns, Non-statistics significance;*: P < 0.05; **: P < 0.01; ***: P < 0.001; ****: P < 0.0001.






3.5 Landscape of the radiation-induced TiME modified by EIF5A

Radiation resistance is often associated with an immune-desert TiME (30). To investigate this, we analyzed the TiME profile of the radiation-resistant group and explored the relationship between immune infiltration and EIF5A expression. Figure 7A shows that the radiation-resistant group had an immune-desert TiME, compared with the radiation-sensitive cohort. But among the radiation-sensitive cohort, there was an immune-infiltrating TiME characterized by a notable increase in CD8+ T cells, M1 macrophages, and NK cells in the low-EIF5A subgroup; while the proportion of M2 macrophages and Tregs was significantly reduced in the high-EIF5A subgroup (Figure 7A). Similar results were observed in the bulk RNA-seq cohort that received radiation (all P<0.05, Figure 7B).




Figure 7 | The role of EIF5A in the tumor immune microenvironment induced by radiation. (A) Disparities in cellular subpopulations between high- and low-EIF5A expression cells within the radioresistant and radiosensitive groups. (B) Differences in immune cell infiltration between high- and low-EIF5A groups in CRC patients who received radiation. (C, D) qRT-PCR and WB was used to screen knockdown efficiency of EIF5A in the shEIF5A-604, shEIF5A-676, and shEIF5A-441. (E, F) The tumor size and tumor volume curve of C57BL/6 mice in different groups (NC, shEIF5A, IR, and shEIF5A+IR group) at 14 day. (G) Typical immunofluorescence images of EIF5A (red), Cd4 (red), Cd8 (green), iNos (red), Arg-1 (green), and Foxp3 in different groups. Scale bar, 50μm. CRC, colorectal cancer; qRT-PCR, Quantitative reverse transcription polymerase chain reaction; WB, Western blot; NC, Negative control; IR, Irradiation; ns, Non-statistics significance;*: P < 0.05; **: P < 0.01; ***: P < 0.001.



To further investigate the combined effects of EIF5A and radiation on TiME, we used shRNA to mediate stable EIF5A knockdown in MC38 cells, verified by RT-qPCR and Western blot (Figures 7C, D, Supplementary Figure S9). These cells were then implanted into the right hind limb of mice to establish a subcutaneous tumor model. Figures 7E, F shows that knockdown of EIF5A alone did not yield statistically significant changes in tumor volume. However, by day 14, the mean tumor volume in the shEIF5A+IR group exhibited a significant reduction compared to the other experimental groups (both P<0.01, Figures 7E, F). Immunofluorescence analysis indicated an increase in CD8+ T cells and M1 macrophages, and a decrease in M2 macrophages and Tregs in the shEIF5A+IR group compared to the NC, shEIF5A, and IR groups (Figure 7G). These results suggest that EIF5A knockdown may modulate the radiation-induced suppressive TiME and enhance positive immune responses to radiation, warranting further comprehensive investigations.




3.6 Clinical application of EIF5A in an in-house cohort

In the subsequent analysis, we explored the clinical application of EIF5A in an in-house cohort
of 80 CRC patients treated with preRT using qRT-PCR and IHC. First, we analyzed clinicopathological data in the high- and low-EIF5A expression/H-score groups to see if there was any clinicopathological difference. As was depicted in Supplementary Figures S10A–D, EIF5A expression in the subgroups of female and Grade 3-4 were significantly higher than
their counterparts (both P<0.05), and similar findings were observed in terms of H-score (Supplementary Figures S10E–H). As expected, the EIF5A expression in the tumor was significantly higher in the tumors than that in the peritumor tissues via qRT-PCR (P<0.001, Figure 8A), which could also predict CRC with the AUC of 0.818 (Figure 8B). Similar findings were observed using H-score (P<0.001, AUC of 0.803, Figures 8C–E).




Figure 8 | Clinical application of EIF5A in in-house cohort. (A) Boxplot shows the distribution of EIF5A expression between tumor and peritumor samples. (B) Diagnostic ROC curve analysis for predicting CRC. (C, D) IHC images and EIF5A H-score based on IHC images shows the distribution of EIF5A expression between tumor and peritumor samples. (E) Diagnostic ROC curve of EIF5A H-score analysis for predicting CRC. (F, G) Kaplan-Meier curves of OS with high- and low-EIF5A expression & H-score groups. (H, I) Time-dependent ROC curve of EIF5A expression & H-score analysis for predicting OS at 1-, 2-, and 3-years. (J) Boxplot shows the distribution of EIF5A expression between radiation resistant and sensitive samples. (K) Diagnostic ROC curve of EIF5A expression analysis for predicting radiotherapy sensitivity. (L, M) IHC images and EIF5A H-score based on IHC images showing the distribution of EIF5A expression between radioresistant and radiosensitive samples. (N) Diagnostic ROC curve of EIF5A H-score analysis for predicting radiotherapy sensitivity. ROC, Receiver operating characteristic; IHC, Immunohistochemistry; OS,  Overall survival; CRC, Colorectal cancer; ***, P < 0.001.



Besides, EIF5A expression was significantly associated with CRC in logistic regression analysis
(both P<0.001, Supplementary Figure S11A). In addition, patients with high-expression of EIF5A had worse OS compared with those with low-expression of EIF5A, regardless of qRT-PCR (P<0.001, Figure 8F) or IHC (P=0.028, Figure 8G). And both of EIF5A expression and H-score were the prognostic factors of OS using univariate and multivariate Cox regression analysis (both P<0.001, Supplementary Figure S11B). The 1-, 2-, 3-year AUC of EIF5A expression in predicting the OS of CRC patients were 0.841, 0.770 and 0.729, respectively (Figure 8H); while, the corresponding AUC of H-score in predicting the OS of CRC patients were 0.682, 0.698 and 0.772, respectively (Figure 8I).

Similarly, tumors were divided into radioresistant and radiosensitive ones according to TRG as mentioned above. The EIF5A expression in the radioresistant samples was significantly higher than that in the radiosensitive samples using qRT-PCR (P<0.001, Figure 8J), which could predict the response to nCRT with the AUC of 0.781 (Figure 8K). Besides, the H-score in the resistant samples was significantly higher than that in the sensitive samples via IHC (P<0.001, Figures 8L, M) with the AUC of 0.738 (Figure 8N). Logistic regression analysis revealed that both EIF5A expression and H-score were
significantly associated with the preRT response in CRC (both P<0.001, Supplementary Figure S11C).





4 Discussion

Radiotherapy stands as a cornerstone of local treatment for CRC, yet identifying patients who stand to gain the most from it remains a formidable challenge (31). While factors such as tumor stage (32), location (33), and genetic profile (34) traditionally influence treatment decisions, they often fall short as definitive predictors of treatment response. In this study, we pioneered the construction of preRT response prediction models using machine learning, achieving an impressive ROC of 0.988. Notably, among the top four predicting models, EIF5A emerged as the key gene associated with radioresistance, boasting the highest Shapley value. Subsequent investigations unveiled EIF5A’s potential mechanism in bolstering CRC abundance via the Hedgehog signaling pathway, ultimately driving radioresistance, as confirmed by both bulk RNA-seq and scRNA-seq analyses.

While recent strides in predicting preRT response in CRC show promise, hurdles persist (35, 36). On the molecular front, previous studies have attempted to predict preRT response using gene sets such as transient receptor potential channels (37), DNA Damage Response (38), and fatty acid metabolism (39). However, the limitations of single gene sets underscore the need for more comprehensive approaches. Enter machine learning algorithms, adept at uncovering patterns and correlations within vast datasets (40, 41). In our study, we harnessed machine learning to construct 17 models predicting preRT response across four public cohorts. The top four models, namely glmBoost, random forest, ridge, and LASSO, yielded mean AUC value as high as 0.842. Thus, the fusion of machine learning and transcriptomics holds promise in predicting preRT response more accurately.

EIF5A’s importance in cancer progression has garnered attention, but its full significance remains to be uncovered. The biological role and significance of EIF5A lies in its pivotal regulation of essential cellular processes like protein synthesis (42), tumor proliferation (43), and apoptosis (44), which are crucial for cancer development (45). While its significance has been noted in various cancers, including neuroblastoma (46), lung adenocarcinoma (47), and hepatocellular carcinoma (43), its link to radioresistance remained uncharted territory. In this study, EIF5A was pinpointed as a key player in CRC radioresistance through meticulous analysis of Shapley values and comprehensive expression profiling, which was verified by bulk RNA-seq, scRNA-seq and in-house cohort. Of note, knock down of EIF5A was found to reverse the radioresistance of CRC in vitro. Therefore, EIF5A might be a potential target to overcome radioresistance in CRC, but the underlying mechanism is still to be explored.

EIF5A has been implicated in several signaling pathways that are also important in the regulation of CSCs, including pathways of NF-kB, Wnt, and PI3K/AKT (48, 49). It is well known that increased CSCs is an important cause of radioresistance (12, 50). As is expected, the proportion of CSC in the radioresistant cells was significantly higher than that in the radiosensitive cells using scRNA-seq in this study. Further, pseudotime analysis revealed an apparent transformation of epithelial cells into CSCs in the high-EIF5A cells, compared with the low-EIF5A ones. In addition, EIF5A was found to be positively correlated with stemness, and knock down of EIF5A significantly decreased the ability of tumor cells to form sphere in vitro. Together, EIF5A might induce the radioresistance via increasing the abundance of CSC within tumors, but it has yet to be known how EIF5A regulated the of epithelial cells into stem cells.

Hedgehog signaling pathway plays a critical role in the regulation of cell growth and differentiation during embryonic development, and it is also implicated in the maintenance of CSCs and therapeutic resistance (51, 52). Hedgehog signaling pathway is often regulated by ligand processing and secretion of dispatched protein and SCUBE2, GPRK2, GRK2, interacted with extracellular matrix of heparan sulfate proteoglycans, and affected by the hypoxia environment (53–55). In this study, hedgehog signaling pathway was upregulated in the radioresistant samples via scRNA-seq, compared with that in the radiosensitive ones. Further, knock down of EIF5A could decreased the expression of SHH, SMO and GLI1, as well as decreased CD44 and CD133, which ultimately resulted in an reversion of radioresistance. Therefore, we concluded that EIF5A could increase the abundance of CSCs via Hedgehog signaling pathway and leading to radioresistance in CRC, but it needs further validation.

TiME is generally categorized into three types: immune-inflamed, immune-rejected, and immune-desert (30). In our research, we observed the lowest distribution of infiltrated immune cells in the radiation-resistant subgroup, conforming to the characteristics of the “immune desert” immunophenotype. To understand the impact of EIF5A on the TiME, we utilized scRNA-seq and bulk RNA-seq analyses, and our findings revealed a notable increase in the infiltration of CD8+ T cells and M1 macrophages in the low-EIF5A subgroup. But on the contrary, the infiltration of M2 macrophages and Tregs was significantly reduced. In vivo experiments further demonstrated that EIF5A knockdown led to increased infiltration of CD8+ T cells and M1 macrophages and decreased infiltration of M2 macrophages and Tregs following radiation therapy. This modulation ultimately improved the efficacy of radiotherapy. We propose that EIF5A enhances the positive effects and inhibits the negative effects of radiation on the TiME, making EIF5A a crucial gene for optimizing the radiation-induced TiME. However, these findings deserve further validation.

Whereas, there are several limitations in this study. First, the study’s sample size, particularly in the in vivo experiments and the specific patient cohorts, may not fully represent the heterogeneity of colorectal cancer across different populations. Larger and more diverse cohorts are needed to generalize the findings. Second, the use of specific cell lines and animal models may not accurately reflect the complexity and variability of human colorectal cancer and it’s TiME, potentially limiting the applicability of the results to clinical settings. Third, while the study focuses on EIF5A as a key gene associated with radioresistance, this singular focus may overlook the contributions of other genes and pathways that also play significant roles in modulating radioresistance and the TiME. A more comprehensive analysis of multiple genes and pathways might provide a fuller understanding. Last, the study primarily assesses the impact of EIF5A at specific time points, without fully exploring the dynamic changes over time in gene expression and immune cell infiltration in response to radiation and EIF5A modulation. Additionally, while the study suggests that EIF5A influences the TiME and CSC abundance via the Hedgehog signaling pathway, the exact molecular mechanisms and interactions remain to be fully elucidated and require further detailed investigation.




5 Conclusions

In conclusion, this study highlights EIF5A as a critical gene influencing radiation sensitivity and the TiME in colorectal cancer. Knockdown of EIF5A significantly enhances radiation sensitivity, reducing tumor volume and increasing apoptosis. Additionally, EIF5A modulation positively impacts TiME by increasing the infiltration of CD8+ T cells and M1 macrophages while reducing M2 macrophages and Tregs. These findings suggest that targeting EIF5A could optimize radiotherapy outcomes and improve immune responses in colorectal cancer patients. Nevertheless, further validation and mechanistic studies are warranted to fully exploit EIF5A’s therapeutic potential in CRC.





Data availability statement

The datasets presented in this study can be found in online repositories. The names of the repository/repositories and accession number(s) can be found in the article/supplementary material.





Ethics statement

The studies involving humans were approved by the Ethical Committee of Fujian Cancer Hospital of Fujian Medical University (K2023-181-01). The studies were conducted in accordance with the local legislation and institutional requirements. The participants provided their written informed consent to participate in this study. The animal study was approved by Institutional Animal Care and Use Committee at Fujian Medical University. The study was conducted in accordance with the local legislation and institutional requirements.





Author contributions

YZ: Conceptualization, Formal analysis, Methodology, Software, Validation, Writing – original draft. XC: Conceptualization, Methodology, Validation, Writing – original draft. SW: Formal analysis, Methodology, Validation, Writing – review & editing. HF: Formal analysis, Software, Validation, Writing – review & editing. LH: Formal analysis, Methodology, Writing – review & editing. LS: Formal analysis, Methodology, Writing – review & editing. LW: Conceptualization, Formal analysis, Project administration, Supervision, Writing – original draft. JW: Conceptualization, Formal analysis, Project administration, Supervision, Writing – review & editing.





Funding

The author(s) declare financial support was received for the research, authorship, and/or publication of this article. This research was funded by Fujian Province Gastrointestinal, Respiratory, Genitourinary Malignant Tumor Radiotherapy Radiation and Treatment Clinical Medical Research Center (2021Y2014), Fujian Provincial Clinical Medical Research Center for Tumor Precision Radiotherapy (2020Y20101), Fujian Province Science and Technology Innovation Joint Project (2021Y9216), Fujian Province Natural Science Foundation (2021J01438 and 2022J01433), Fujian Cancer Hospital Scientific Research Foundation (2022YNG06 and 2021YN10), the Fujian Provincial Clinical Research Center for Cancer Radiotherapy and Immunotherapy (2020Y2012), Fujian Province Natural Science Foundation (2023J011288); Fujian provincial health and family planning research talent training program (2020QNA013), and the National Clinical Key Specialty Construction Program.




Acknowledgments

We thank the TCGA, GEO and HPA database for providing valuable and public datasets.





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.2024.1466226/full#supplementary-material



Abbreviations

















preRT, Preoperative radiotherapy; LARC, Locally advanced rectal cancer; CSCs, Cancer stem cells; GEO, Gene Expression Omnibus; TCGA, The Cancer Genome Atlas; ROC, Receiver operating characteristic; CRC, Colorectal cancer; TiME, Tumor immune microenvironment; IHC, Immunohistochemical; HPA, Human Protein Atlas; TRG, Tumor regression grade; OS, Overall survival; DFS, Disease-free survival; RF, Random forest; SHAP, SHapley Additive exPlanations; scRNA-seq, Single-cell RNA sequencing; PCA, Principal component analysis; t-SNE, T-distributed stochastic neighbor embedding; GSEA, Gene set enrichment analysis; OCLR, Short hairpin RNA shRNA; siRNA, Small interfering RNA; qRT-PCR, Quantitative reverse transcription PCR; CCK-8, Cell Count Kit-8; PI, Propidium Iodide; EdU, 5-Ethynyl-2-Deoxyuridine; OD, Optical density; MFI, Fluorescence intensity; NC, Negative control; ROS, Reactive oxygen species; FCM, Flow cytometry; EGF, Epidermal growth factor; bFGF, Basic fibroblast growth factor; FJCH, Fujian Provincial Cancer Hospital; AJCC, American Joint Committee on Cancer; DEGs, Differentially expressed genes; AUC, Area under curve.




References

1. Benson, AB, Venook, AP, Al-Hawary, MM, Azad, N, Chen, Y-J, Ciombor, KK, et al. Rectal cancer, version 2.2022, nccn clinical practice guidelines in oncology. J Natl Compr Canc Netw. (2022) 20:1139–67. doi: 10.6004/jnccn.2022.0051

2. Hoendervangers, S, Couwenberg, AM, Intven, MPW, van Grevenstein, WMU, and Verkooijen, HM. Comparison of pathological complete response rates after neoadjuvant short-course radiotherapy or chemoradiation followed by delayed surgery in locally advanced rectal cancer. Eur J Surg Oncol. (2018) 44:1013–7. doi: 10.1016/j.ejso.2018.03.014

3. Fokas, E, Allgäuer, M, Polat, B, Klautke, G, Grabenbauer, GG, Fietkau, R, et al. Randomized phase ii trial of chemoradiotherapy plus induction or consolidation chemotherapy as total neoadjuvant therapy for locally advanced rectal cancer: cao/aro/aio-12. J Clin Oncol. (2019) 37:3212–22. doi: 10.1200/jco.19.00308

4. Oronsky, B, Reid, T, Larson, C, and Knox, SJ. Locally advanced rectal cancer: the past, present, and future. Semin Oncol. (2020) 47:85–92. doi: 10.1053/j.seminoncol.2020.02.001

5. Saraf, A, Roberts, HJ, Wo, JY, and Parikh, AR. Optimal neoadjuvant strategies for locally advanced rectal cancer by risk assessment and tumor location. J Natl Compr Canc Netw. (2022) 20:1177–84. doi: 10.6004/jnccn.2022.7061

6. Kamran, SC, Lennerz, JK, Margolis, CA, Liu, D, Reardon, B, Wankowicz, SA, et al. Integrative molecular characterization of resistance to neoadjuvant chemoradiation in rectal cancer. Clin Cancer Res. (2019) 25:5561–71. doi: 10.1158/1078-0432.Ccr-19-0908

7. Wu, Y, Song, Y, Wang, R, and Wang, T. Molecular mechanisms of tumor resistance to radiotherapy. Mol Cancer. (2023) 22(1):96. doi: 10.1186/s12943-023-01801-2

8. Wang, Q, Liu, R, Zhang, Q, Luo, H, Wu, X, Du, T, et al. Biological effects of cancer stem cells irradiated by charged particle: A systematic review of in vitro studies. J Cancer Res Clin Oncol. (2023) 149:6625–38. doi: 10.1007/s00432-022-04561-6

9. Batlle, E, and Clevers, H. Cancer stem cells revisited. Nat Med. (2017) 23:1124–34. doi: 10.1038/nm.4409

10. Abad, E, Graifer, D, and Lyakhovich, A. DNA damage response and resistance of cancer stem cells. Cancer Lett. (2020) 474:106–17. doi: 10.1016/j.canlet.2020.01.008

11. Gillespie, MS, Ward, CM, and Davies, CC. DNA repair and therapeutic strategies in cancer stem cells. Cancers. (2023) 15(6):1897. doi: 10.3390/cancers15061897

12. Skvortsova, I, Debbage, P, Kumar, V, and Skvortsov, S. Radiation resistance: cancer stem cells (Cscs) and their enigmatic pro-survival signaling. Semin Cancer Biol. (2015) 35:39–44. doi: 10.1016/j.semcancer.2015.09.009

13. Marie-Egyptienne, DT, Lohse, I, and Hill, RP. Cancer stem cells, the epithelial to mesenchymal transition (Emt) and radioresistance: potential role of hypoxia. Cancer Lett. (2013) 341:63–72. doi: 10.1016/j.canlet.2012.11.019

14. Lee, SY, Jeong, EK, Ju, MK, Jeon, HM, Kim, MY, Kim, CH, et al. Induction of metastasis, cancer stem cell phenotype, and oncogenic metabolism in cancer cells by ionizing radiation. Mol Cancer. (2017) 16(1):10. doi: 10.1186/s12943-016-0577-4

15. Dando, I, Cordani, M, Dalla Pozza, E, Biondani, G, Donadelli, M, and Palmieri, M. Antioxidant mechanisms and ros-related micrornas in cancer stem cells. Oxid Med Cell Longev. (2015) 2015:1–13. doi: 10.1155/2015/425708

16. He, M, Wang, M, Xu, T, Zhang, M, Dai, H, Wang, C, et al. Reactive oxygen species-powered cancer immunotherapy: current status and challenges. J Control Release. (2023) 356:623–48. doi: 10.1016/j.jconrel.2023.02.040

17. Walle, T, Martinez Monge, R, Cerwenka, A, Ajona, D, Melero, I, and Lecanda, F. Radiation effects on antitumor immune responses: current perspectives and challenges. Ther Adv Med Oncol. (2018) 10:1758834017742575. doi: 10.1177/1758834017742575

18. McLaughlin, M, Patin, EC, Pedersen, M, Wilkins, A, Dillon, MT, Melcher, AA, et al. Inflammatory microenvironment remodelling by tumour cells after radiotherapy. Nat Rev Cancer. (2020) 20:203–17. doi: 10.1038/s41568-020-0246-1

19. Mondini, M, and Deutsch, E. (Chemo)Radiotherapy–immunotherapy combinations: time to get tailored? Clin Cancer Res. (2021) 27:3815–7. doi: 10.1158/1078-0432.Ccr-21-1173

20. Jagodinsky, JC, Bates, AM, Clark, PA, Sriramaneni, RN, Havighurst, TC, Chakravarty, I, et al. Local tlr4 stimulation augments in situ vaccination induced via local radiation and anti-ctla-4 checkpoint blockade through induction of cd8 T-cell independent th1 polarization. J ImmunoTherapy Cancer. (2022) 10(10):e005103. doi: 10.1136/jitc-2022-005103

21. Wang, N-H, Lei, Z, Yang, H-N, Tang, Z, Yang, M-Q, Wang, Y, et al. Radiation-induced pd-L1 expression in tumor and its microenvironment facilitates cancer-immune escape: A narrative review. Ann Trans Med. (2022) 10:1406–. doi: 10.21037/atm-22-6049

22. Donlon, NE, Power, R, Hayes, C, Reynolds, JV, and Lysaght, J. Radiotherapy, immunotherapy, and the tumour microenvironment: turning an immunosuppressive milieu into a therapeutic opportunity. Cancer Lett. (2021) 502:84–96. doi: 10.1016/j.canlet.2020.12.045

23. Bergerud, KMB, Berkseth, M, Pardoll, DM, Ganguly, S, Kleinberg, LR, Lawrence, J, et al. Radiation therapy and myeloid-derived suppressor cells: breaking down their cancerous partnership. Int J Radiat OncologyBiologyPhysics. (2024) 119:42–55. doi: 10.1016/j.ijrobp.2023.11.050

24. Nicholls, RJ, Zinicola, R, and Haboubi, N. Extramural spread of rectal cancer and the ajcc cancer staging manual 8th edition, 2017. Ann Oncol. (2019) 30:1394–5. doi: 10.1093/annonc/mdz147

25. Granat, R, Donnellan, A, Heflin, M, Lyzenga, G, Glasscoe, M, Parker, J, et al. Clustering analysis methods for gnss observations: A data-driven approach to identifying california's major faults. Earth Space Sci. (2021) 8(11):e2021EA001680. doi: 10.1029/2021ea001680

26. Mazrouee, S, and Wang, W. Fasthap: fast and accurate single individual haplotype reconstruction using fuzzy conflict graphs. Bioinformatics. (2014) 30:i371–i8. doi: 10.1093/bioinformatics/btu442

27. Butler, A, Hoffman, P, Smibert, P, Papalexi, E, and Satija, R. Integrating single-cell transcriptomic data across different conditions, technologies, and species. Nat Biotechnol. (2018) 36:411–20. doi: 10.1038/nbt.4096

28. Malta, TM, Sokolov, A, Gentles, AJ, Burzykowski, T, Poisson, L, Weinstein, JN, et al. Machine learning identifies stemness features associated with oncogenic dedifferentiation. Cell. (2018) 173:338–54.e15. doi: 10.1016/j.cell.2018.03.034

29. Liu, D, Mei, W, Kang, J, Liao, T, Wei, Y, Jie, L, et al. Casticin ameliorates osteoarthritic cartilage damage in rats through pi3k/akt/hif-1alpha signaling. Chem Biol Interact. (2024) 391:110897. doi: 10.1016/j.cbi.2024.110897

30. Mortezaee, K, and Najafi, M. Immune system in cancer radiotherapy: resistance mechanisms and therapy perspectives. Crit Rev Oncol Hematol. (2021) 157:103180. doi: 10.1016/j.critrevonc.2020.103180

31. Tessmann, JW, Rocha, MR, and Morgado-Díaz, JA. Mechanisms of radioresistance and the underlying signaling pathways in colorectal cancer cells. J Cell Biochem. (2022) 124:31–45. doi: 10.1002/jcb.30361

32. Ghebrial, M, Aktary, ML, Wang, Q, Spinelli, JJ, Shack, L, Robson, PJ, et al. Predictors of Crc Stage at Diagnosis among Male and Female Adults Participating in a Prospective Cohort Study: Findings from Alberta’s Tomorrow Project. Curr Oncol. (2021) 28:4938–52. doi: 10.3390/curroncol28060414

33. Popovici, D, Stanisav, C, Saftescu, S, Negru, S, Dragomir, R, Ciurescu, D, et al. Exploring the influence of age, gender and body mass index on colorectal cancer location. Medicina (Kaunas). (2023) 59. doi: 10.3390/medicina59081399

34. Jicman Stan, D, Niculet, E, Lungu, M, Onisor, C, Rebegea, L, Bobeica, C, et al. Rare case of metachronous tumor: nasopharyngeal and colorectal carcinoma. Exp Ther Med. (2021) 22:1417. doi: 10.3892/etm.2021.10852

35. Wang, L, Zhong, X, Lin, H, Zhang, X, Shao, L, Chen, G, et al. Identifying the long-term survival beneficiary of preoperative radiotherapy for rectal cancer in the tme era. Sci Rep. (2022) 12(1):4617. doi: 10.1038/s41598-022-08541-1

36. McCarthy, K, Pearson, K, Fulton, R, and Hewitt, J. Pre-operative chemoradiation for non-metastatic locally advanced rectal cancer. Cochrane Database Syst Rev. (2012) 12:CD008368. doi: 10.1002/14651858.CD008368.pub2

37. Wang, L, Chen, X, Zhang, H, Hong, L, Wang, J, Shao, L, et al. Comprehensive analysis of transient receptor potential channels-related signature for prognosis, tumor immune microenvironment, and treatment response of colorectal cancer. Front Immunol. (2022) 13:1014834. doi: 10.3389/fimmu.2022.1014834

38. Montori, A, Germani, A, Ferri, M, Milano, A, Ranalli, TV, Piane, M, et al. Somatic ngs analysis of DNA damage response (Ddr) genes atm, mre11a, rad50, nbn, and atr in locally advanced rectal cancer treated with neoadjuvant chemo-radiotherapy. Biomedicines. (2022) 10(12):3247. doi: 10.3390/biomedicines10123247

39. Zhou, H, Chen, Y, Xiao, Y, Wu, Q, Li, H, Li, Y, et al. Evaluation of the ability of fatty acid metabolism signature to predict response to neoadjuvant chemoradiotherapy and prognosis of patients with locally advanced rectal cancer. Front Immunol. (2022) 13:1050721. doi: 10.3389/fimmu.2022.1050721

40. Binson, VA, Thomas, S, Subramoniam, M, Arun, J, Naveen, S, and Madhu, S. A review of machine learning algorithms for biomedical applications. Ann BioMed Eng. (2024) 52:1159–83. doi: 10.1007/s10439-024-03459-3

41. Musolf, AM, Holzinger, ER, Malley, JD, and Bailey-Wilson, JE. What makes a good prediction? Feature importance and beginning to open the black box of machine learning in genetics. Hum Genet. (2022) 141:1515–28. doi: 10.1007/s00439-021-02402-z

42. Pizzinga, M, Harvey, RF, Garland, GD, Mordue, R, Dezi, V, Ramakrishna, M, et al. The cell stress response: extreme times call for post-transcriptional measures. Wiley Interdiscip Rev RNA. (2020) 11:e1578. doi: 10.1002/wrna.1578

43. Li, L, Li, X, Zhang, Q, Ye, T, Zou, S, and Yan, J. Eif5a expression and its role as a potential diagnostic biomarker in hepatocellular carcinoma. J Cancer. (2021) 12:4774–9. doi: 10.7150/jca.58168

44. Pereira, KD, Tamborlin, L, de Lima, TI, Consonni, SR, Silveira, LR, and Luchessi, AD. Alternative human eif5a protein isoform plays a critical role in mitochondria. J Cell Biochem. (2021) 122:549–61. doi: 10.1002/jcb.29884

45. Sfakianos, AP, Raven, RM, and Willis, AE. The pleiotropic roles of eif5a in cellular life and its therapeutic potential in cancer. Biochem Soc Trans. (2022) 50:1885–95. doi: 10.1042/bst20221035

46. Liu, Y, Peng, L, Chen, J, Chen, L, Wu, Y, Cheng, M, et al. Eif5a2 specifically regulates the transcription of aging-related genes in human neuroblastoma cells. BMC Geriatr. (2023) 23(1):83. doi: 10.1186/s12877-023-03793-6

47. Yang, Z, Yuan, H, He, H, Qi, S, Zhu, X, Hu, X, et al. Unlocking the role of eif5a: A potential diagnostic marker regulating the cell cycle and showing negative correlation with immune infiltration in lung adenocarcinoma. Int Immunopharmacol. (2024) 126:111227. doi: 10.1016/j.intimp.2023.111227

48. Taylor, CA, Liu, Z, Tang, TC, Zheng, Q, Francis, S, Wang, T-W, et al. Modulation of eif5a expression using sns01 nanoparticles inhibits nf-κb activity and tumor growth in murine models of multiple myeloma. Mol Ther. (2012) 20:1305–14. doi: 10.1038/mt.2012.94

49. Zhou, G-F, Chen, C-X, Cai, Q-C, Yan, X, Peng, N-N, Li, X-C, et al. Bracovirus sneaks into apoptotic bodies transmitting immunosuppressive signaling driven by integration-mediated eif5a hypusination. Front Immunol. (2022) 13:901593. doi: 10.3389/fimmu.2022.901593

50. Chang, L, Graham, P, Hao, J, Ni, J, Deng, J, Bucci, J, et al. Cancer stem cells and signaling pathways in radioresistance. Oncotarget. (2015) 7:11002–17. doi: 10.18632/oncotarget.6760

51. Jiang, J. Hedgehog signaling mechanism and role in cancer. Semin Cancer Biol. (2022) 85:107–22. doi: 10.1016/j.semcancer.2021.04.003

52. Yang, L, Shi, P, Zhao, G, Xu, J, Peng, W, Zhang, J, et al. Targeting cancer stem cell pathways for cancer therapy. Signal Transduction Targeted Ther. (2020) 5(1):8. doi: 10.1038/s41392-020-0110-5

53. Wu, Q, Tian, P, He, D, Jia, Z, He, Y, Luo, W, et al. Scube2 mediates bone metastasis of luminal breast cancer by modulating immune-suppressive osteoblastic niches. Cell Res. (2023) 33:464–78. doi: 10.1038/s41422-023-00810-6

54. Chen, Y, Li, S, Tong, C, Zhao, Y, Wang, B, Liu, Y, et al. G protein-coupled receptor kinase 2 promotes high-level hedgehog signaling by regulating the active state of smo through kinase-dependent and kinase-independent mechanisms in drosophila. Genes Dev. (2010) 24:2054–67. doi: 10.1101/gad.1948710

55. Basler, K, Chen, Y, Sasai, N, Ma, G, Yue, T, Jia, J, et al. Sonic hedgehog dependent phosphorylation by ck1α and grk2 is required for ciliary accumulation and activation of smoothened. PloS Biol. (2011) 9(6):e1001083. doi: 10.1371/journal.pbio.1001083




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


OEBPS/Images/fimmu-15-1466226-g002.jpg
DEGs
o Up e Notsig © Down

e
% )

MAGEA%}I’1

480

-1.0 -05 00 05 1.0
Log, (Fold Change)

(D) glmBoost

KIF24- o o o@®
TCIRG1 - o o
LRRC43- © ®

EDN2 -

CXCL11-
IFNK -

CFTR-

IFNG - )
SLC2A5-

IL17RC - e o
DEPDC1B -
ERI1 -
CTTNBP2-
TMEM198 -

06 -04

-

KIF24 -
LRRC43- ©
IFNK -
EDN2 -
TCIRG1 -
CXCL11-
IFNG -
SLC2A5-
MAGEA11-
TMEM198 -
IL17RC -
CFTR-
MCOLN2 -
TCF7L1-

-1 0 1
SHAP value

DFS UniCox

"‘“"""“‘"

HMGNS -
CXCL11-
IFNK -
TCIRG1 -
KIF24 -
SLC2A5-
TMEM198 -
MAGEA11-
FAM20C -
LRRC43-
FAM200A -
MDK -
NXT2 -
IFNG -

0.2

KIF24 -
TCIRG1 -
LRRC43- ©

EDN2 -

IFNK-

IFNG -
CXCL11-
SLC2A5-

TMEM198 -
MAGEA11-
CFTR-
IL17RC -
ERI1 -
FAM200A -

Cohort

B GSE145037
GSE150082

| GSE35452

B GSE68204

NaiveBayes
LogisticR

0 02 04 06 08

Ramdom Forest

==
Q
>

o comny
-
>

LASSO

e~ —~eut
..:;" | Low
=
-
St

anjeA ainjeaq

2
SHAP value





OEBPS/Images/fimmu.2024.1466226_cover.jpg
& frontiers | Frontiers in Immunology

Deciphering colorectal cancer
radioresistance and immune
microrenvironment: unraveling the role of
EIF5A through single-cell RNA sequencing
and machine learning





OEBPS/Images/fimmu-15-1466226-g007.jpg
High_EIF5A Low_EIF5A High_EIF5A Low_EIF5A
50% ® CD8+_T_cell ; ‘ 20%
® NK_cell
® B_cell
® Epithelial_cell
0 et ® Macrophage_M1
T "t.. Macrophage_M2 0
e Cancer_stem_cell
A Endothelial_cell
N L - N
0 I A Tregs I
50% W “l » CD4+_T_cell 2
® ) 20%
> N Q & NE_1
&Sg; \ng; 0§ &@g tSNE_ tSNE_1 &
&% v\\q}‘(z’ \{\qu @i
o‘z}/‘ﬁ\\ éoQ 00 00
O{DQ 2
(B) (C) (D)
0.30
* %
§ 0.25 18 & Ao p?"\
'g ’ = *k va't Y.SD o
= 0.20 2 o £ & é(
€ $ 1.0 < & & F
o 0.15 —
= 3
Eo. I o5
= L
0.05 i
0.00
@
&
@‘;’oe\‘e

Y

X

ShEIF5A .
IR ]
2
shEFsa+R | @ & D 8§ © §
maulnmngl'mmual‘m||||g|nn[lIgil1{lﬂlﬂllilultungjn.uﬂlﬂléﬂuﬂ(WWT{EH{HW;!E;}E o
(F) =
NC A
~ o oo =" =
E 1500 4 IR &D
= shEIEH <
+ )
~— - o
1000 =

s |

E o T
I .
S “;,)/ LT 3
= 500 e 2. :%_P /;/f 2
£ Y - T3 8





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Deciphering colorectal cancer radioresistance and immune microrenvironment: unraveling the role of EIF5A through single-cell RNA sequencing and machine learning

      

        		

          Background

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusion

        



        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Gene expression data from public databases

          



          		

            2.2 Construction of preRT response predicting model by machine learning

          



          		

            2.3 Single-cell RNA sequencing data quality control and processing

          



          		

            2.4 scRNA-seq cell type annotation and analysis

          



          		

            2.5 Functional analysis

          



          		

            2.6 Cell culture and animals

          



          		

            2.7 Transfection and irradiation

          



          		

            2.8 Western blotting, qRT-PCR and immunofluorescence assay

          



          		

            2.9 Wound healing assay

          



          		

            2.10 Transwell migration and invasion assay

          



          		

            2.11 Cell viability and rescue experiment

          



          		

            2.12 Colony formation assay

          



          		

            2.13 Reactive oxygen species assay

          



          		

            2.14 Cell apoptosis

          



          		

            2.15 Sphere formation assay

          



          		

            2.16 Patients and tissue samples

          



          		

            2.17 IHC

          



          		

            2.18 Statistical analyses

          



        



        



        		

          3 Results

        

          		

            3.1 Machine learning-based screening of key genes for radioresistance in CRC

          



          		

            3.2 Multiomics validation of radiation resistance by EIF5A

          



          		

            3.3 In vitro validation of radioresistance by EIF5A

          



          		

            3.4 The underlying mechanism of radioresistance by EIF5A

          



          		

            3.5 Landscape of the radiation-induced TiME modified by EIF5A

          



          		

            3.6 Clinical application of EIF5A in an in-house cohort

          



        



        



        		

          4 Discussion

        



        		

          5 Conclusions

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          Abbreviations

        



        		

          References

        



      



      



    



  



OEBPS/Images/fimmu-15-1466226-g006.jpg
>

4 Resistant Sensitive Resistant Sensitive 4
S 3
o l s 5 - Bus
@ 3 - W o - % e
£, < - x4 g o 80s® o 3
X w0 \ "’ % i LY e U a
o . " . . LK ¥4
<C LL ° 4 \ £ e o P, a - O 1
frid 1 w L A s g’ w
E o S Foo $EY ¢
0 G 7 - 7 % p
Resistant Sensitive t-SNE1 t-SNE1 t-SNE1 t-SNE1 Resistant Sensitive
4
> , 3
508 o oy ® i
e o 2.3 <
E g O 32
& = gt o + oo
3 0.4 [ 1 B 1
I o) oo B
T o W g W IR
¢ 3 - 5 % 0
0.0 I? i L -
Resistant Sensitive t-SNE1 t-SNE1 Resistant Sensitive
(C) Enrichment plot: HEDGEHOG_SIGNALING_PATHWAY

(=
o
2 o
£
2 00
e

0.1

Hedgehog H-EIF5A L-EIF5A

SMO @ @ D)
GLI1 @ Q O Stemness 0:2
CD44 @ Q Q ‘ ©

Cor

1.0 0.8
o5 |

o
o

Hedgehog
o
AN

Stemness
o o

o 0.0 _
= 3 ) 0.5
| Q ~ . 0.2
O O 0 -1.0

@) 0.0

(G)

* % 5k % EIFSA-KD - - + +

&E‘ 200000
=100000

EIF5A-KD

Sphere area






OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-15-1466226-g004.jpg
(A) (B) s

)
L
N D .
WP § ;
O Q@Y‘ ((6‘7“ <<<3‘7" §1.o NC ;
AR AR R s ‘i oy 3
s , [ :
- :
EIF5A 18kDa 5 05 e
|
B-Actin 42kDa 0.0 EIF5A-KD
E & & P
& & &
¢ ¢ <
( D) Migration Invasion ( E )
= NC 150
EIF5A-KD
200 *k Kk -
NC s
. 100
2 150 g’
£ 8
Z 100 >
= = 50
© [
o 50 (&]
EIF5A-KD
0 0
Migration  Invasion 0 24 48 72
Time (hour)
(F) (G) Non-IR IR
NC
" £
c =
2 @
o
o 3
EIF5A-KD

EIF5A-KD

(H)

EIF5A-KD IR

EIF5A-KD-IR

Propidium lodide

Cell viability (%)

EIF5A-KD

EIF5A-KD-IR

Percentage of Edu+ cells (%)

Persentage of apoptosis cell (%)

I
]
. \
9
8
c
c
]
£~
g
=
3
0
NC EIF5A-KD
-0- NC

*kkk

d

== EIF5A-KD

I

F*hkk
== R

|

*kkk

=@= EIF5A-KD+IR

ns kkxkk *k%k

80

60

40

O ¢ ¢
& ©
& &
&

[ Early Apoptosis
Late Apoptosis

kkk kk kkk

!

30

k% kkk






OEBPS/Images/fimmu-15-1466226-g008.jpg
(A

N’

15
S 0
‘0 o
o
@ ®10
Q . I
) o <
< £ Ty
L - % w s
w €
(B) (E)
1.0
1.0
0.8
0.8 —
o) Py
= = S 06
> 06 -] =
= = b
2 5 g o4
$ 0.4 o (7p]
0.2
02 ; EIF5A H-score
EIF5A expression AUC: 0.803
0.0 AUC: 0.818 0.0 T
' 00 02 04 06 08 10 00 02 04 06 08 1.0
' ' : e ' 1-Specificity
(F) 1-Specificity (G) (I )
iapy —— Low R — Low 1.0
1.00 EIF5A expression — High 1.00 EIF5A H-score
> — __ 08
= 0.75 = a o o
o I = = os
2 o Py =
o 0.50 s = =
= $ %) »
= E 2 5
o e = %) EIF5A expression | ¢ 0.2 EIF5A H-score
o 04 — 1-year (AUC = 0.841) — 1-year (AUC = 0.682)
— 2-year (AUC = 0.770) — 2-year (AUC = 0.698)
P=0.007 — 3-year (AUC = 0.729) — 3-year (AUC = 0.721)
0.0 0.0
—
0 1 2 3 0 1 2 3 0.0 0.2 04 06 08 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Time(years) Time(years) 1-Specificity (FPR) 1-Specificity (FPR)

c
o
‘0
[]
o
S
- c
o 8
L 0
w ‘»
()
o
(K) Sensitive Resistant
1.0
0.8
o
>
é 0.6 E
= =
S 04 c
n ()
0.2 i
’ EIF5A expression
0.0 AUC: 0.781

02 04
1-Specificity

0.6 0.8

Sensitive Resistant

EIF5A H-score
AUC: 0.738

04 06
1-Specificity

08 1.0





OEBPS/Images/fimmu-15-1466226-g003.jpg
(A)

EIFSA expression

Tumor

(D)
GSE145037

*k*%

4.0

3.5

3.0

2.5

EIF5A expression

2.0

15
Resistant Sentisive

(H)

Resistant

t-SNE2

t—-SNE1

GSE87211

Normal

(E)

EIF5A expression

Resistant Sentisive

Sensitive

(B) GSE87211 (C)
EIF5A == High == L =
| —_—
? g ow _6
— 4]
< 1.00 [
= oY
:_30.75 Tg
>
< 050 >
= (0]
a 0}
= 0251 1<0.001 &
— (O]
L 0.00 o
© 0123456789101112 3
Time(years) O
(F)
GSE150082 GSE35452
, * %% 45 * %%
g 4.0
3 3 a5
% 3.0
2 '}() 2.5
= 20
1.5

Resistant Sensitive

(1)

1.00

o
N
o

o
u
o

0.25

0.00

GSE87211

EIF5A == High == Low

p=0.003

01234567 89101112
Time(years)

(G)

GSE68204

*k%

3.4

3.2

EIF5A expression

Resistant Sensitive

. Resistant . Sensitive

4
c
9
EIF5A @3
5 o
-
3 o
. %
1 T
0 L

o

Resistant

*%k%

Sensitive





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





OEBPS/Images/fimmu-15-1466226-g005.jpg
( ) ( ) Mean Expression - Fractionof cells © 25 @ 50 @ 75
A B -1 0 1 2

CDh37
CD79A
MS4A1
CD19
Macrophage | EFI’DCE);E
CD86 1
PTGS24
CCL3L3
CD9 4
CD163-

Macrophage_M2 I FOLR24

SOCS3A o @
Cancer_stem_cell | CCDE%%%:

VWF

Endothelial_cell IPECAM1-
CDH5

EPCAMA{

CLDN4

Epithelial_cell | KRT194
KRT8 4

CDH1

CD3E {
T_cell I cD3D 1

CD3 {@ O

NK_cell | SQGL\; 1

CD8A 4

CD8B -

CD103{

CD39 A .

CD4 - ° e o
CDa+_T_cell frnCSRL ® ® °

FOXP34

CTLA4-

IL2RA 4

Tregs TIGIT A

ARID5B-

CD27

CCR64

(C) _ . 1.00

B_cell

Cancer_stem_cell
CD4+_T cell s Se-sy

Macrophage_M1

CD8+_T_cell ‘

1
___+.
o o
a

CD8+_T cell

NK cell

B cell
Epithelial_cell
Macrophage M1
Macrophage_M2
Cancer_stem_cell
Endothelial_cell
Tregs
CD4+ T cell

0.75

Proportion
g

0.25

t-SNE2

0.00

(D) High EIF5A Low_EIF5A

’ e Resistant_epithelial_cell

et s Sensitive_epithelial_cell

Cancer_stem_cell

Component 2

Component 1





OEBPS/Images/fimmu-15-1466226-g001.jpg
A. Data Collection and Machine Learning

Bulk RNA-seq

b S M

Machine Learning

Resistant Sensitive

008 ogo
-3

Radiation coho

B. EIF5A Expression Analysis C. EIF5A Phenotype Experiments
— @ Cell Invasion and Migration
% / GSE132465  GsEg7211 | /
— % GSE166555
E % = | GSE178318  TCGA

) ogs 208 | GsEssasa GsEas0s7
) Sgge g GSE68204 GSE150082

Cancer Normal Resistant Sensitive

\——

BBBRRR

EACAICAICRICRICY

D. Mechanism Analysis

' Single Cell Analysis \ Hedgehog Pathway
|
W

—_ —_— —_— = - | Calcein AM/PI Edu+ ROS )

I
\ =
E.In vitro experiment

2 %@

289e

0ed

Subcutaneous /

Tumor Implantation @

F.Validation in a Clinical In-house Cohort
Tissues RNA Extraction

p— ——

\
Hedgehog Pathway

' Paracancer

RISC

S&% Resistant  &&% Sensitive

TN TN TN 7 NI N

Target Genes






