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Introduction

Extra spindle pole bodies like 1 (ESPL1) are required to continue the cell cycle, and its primary role is to initiate the final segregation of sister chromatids. Although prior research has revealed a link between ESPL1 and the development of cancer, no systematic pan-cancer analysis has been conducted. Combining multi-omics data with bioinformatics, we have thoroughly described the function of ESPL1 in cancer. In addition, we examined the impact of ESPL1 on the proliferation of numerous cancer cell lines. In addition, the connection between ESPL1 and medication sensitivity was verified using organoids obtained from colorectal cancer patients. All these results confirm the oncogene nature of ESPL1.





Methods

Herein, we downloaded raw data from numerous publicly available databases and then applied R software and online tools to explore the association of ESPL1 expression with prognosis, survival, tumor microenvironment, tumor heterogeneity, and mutational profiles. To validate the oncogene nature of ESPL1, we have performed a knockdown of the target gene in various cancer cell lines to verify the effect of ESPL1 on proliferation and migration. In addition, patients’ derived organoids were used to verify drug sensitivity.





Results

The study found that ESPL1 expression was markedly upregulated in tumorous tissues compared to normal tissues, and high expression of ESPL1 was significantly associated with poor prognosis in a range of cancers. Furthermore, the study revealed that tumors with high ESPL1 expression tended to be more heterogeneous based on various tumor heterogeneity indicators. Enrichment analysis showed that ESPL1 is involved in mediating multiple cancer-related pathways. Notably, the study found that interference with ESPL1 expression significantly inhibited the proliferation of tumor cells. Additionally, the higher the expression of ESPL1 in organoids, the greater the sensitivity to PHA-793887, PAC-1, and AZD7762.





Discussion

Taken together, our study provides evidence that ESPL1 may implicate tumorigenesis and disease progression across multiple cancer types, highlighting its potential utility as both a prognostic indicator and therapeutic target.
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1 Introduction

It is well known that cancer incidence is significantly associated with age. To date, cancer remains the second leading cause of human death (1). Despite the advances in medical technology and the increasing number of cancer treatment options, a large number of patients are still diagnosed at an advanced stage when treatment approaches are often not feasible, eventually resulting in cancer-related death. Given that surgery and chemotherapy alone are not enough to save cancer patients, there is a need to develop more cancer treatment options. Therefore, this calls for studies to explore the mechanisms of cancer development at the molecular level for effective diagnosis and treatment.

ESPL1 (extra spindle pole bodies like 1) is a protein-coding gene whose related pathways are mitotic G1-G1/S phases and cell cycle. Notably, ESPL1 is regulated by at least two independent mechanisms. First, it is inactivated via interaction with securin/PTTG1, which probably covers its active site (2). It should be noted that its association with PTTG1 is not only inhibitory since PTTG1 is also required for ESPL1 activation, and thus the enzyme is inactive in cells in which PTTG1 is absent. Therefore, degradation of PTTG1 at anaphase liberates ESPL1 and triggers RAD21 cleavage. Second, phosphorylation at Ser-1126 inactivates it. The complete phosphorylation during mitosis is removed when cells undergo anaphase. Studies have proposed that activating the enzyme at the metaphase-anaphase transition requires the removal of both securin and inhibitory phosphate (3–5). A previous cancer study discovered frequent alterations in STAG2 and ESPL1 in bladder cancer, which suggests that it may be involved in bladder tumorigenesis through sister chromatid cohesion and segregation process (6). In addition, two other previous studies concluded that ESPL1 might be a prognostic biomarker in malignant glioma and endometrial cancer (7, 8).

Considering that ESPL1 is still inadequately studied in cancer and there are no relevant pan-cancer analyses, the main aim of this study was to perform a systematic full-scale pan-cancer analysis of tumor samples from public databases. Specifically, we explored the expression and prognostic significance of ESPL1 in various human malignancies using data from The Cancer Genome Atlas (TCGA). Furthermore, we evaluated the association of ESPL1 expression with tumor-infiltrating immune cells and immune-related genes, and then explored the association between ESPL1 expression and tumor mutational load (TMB), microsatellite instability (MSI), mutant-allele tumor heterogeneity (MATH), and homologous recombination deficiency (HRD). Moreover, we identified ESPL1 specific genes and signaling pathways that regulate cancer progression and finally performed a drug correlation analysis. Collectively, the findings of this study reveal that ESPL1 is associated with tumorigenesis and progression in a variety of cancers, which suggests that it is a potential prognostic marker.




2 Materials and methods



2.1 Data collection and processing

Standardized pan-cancer dataset was downloaded from the Xena functional genomics explorer (https://xenabrowser.net/) database, followed by extraction of the expression data of ENSG00000135476 (ESPL1) gene in each sample. Next, log2(x+1) transformations were performed for each expression value. Notably, the expression data of 33 cancer species were obtained. Due to the small sample size of normal tissues from the TCGA database, we further retrieved normal tissue expression data from the GTEX database (9). The abbreviations for the names of the cancers are in Supplementary Table 1. For colorectal cancer, liver cancer, lung cancer, and cervical cancer, we also compared gene expression levels using GEO data. These eight GEO datasets are GSE39001 and GSE6791 for cervical cancer (10, 11), GSE112790 and GSE45267 for liver cancer (12, 13), GSE68571 and GSE75037 for lung cancer (14, 15), and GSE24550 and GSE21815 for colorectal cancer (16, 17). To ensure data comparability, we performed normalization of the data using the “preprocessCore” package. For batch effects, we utilized the “removeBatchEffect” function from the “limma” package for removal.




2.2 Gene expression and clinical and survival analysis

The tumor cell line expression matrix was obtained from the CCLE dataset (https://portals.broadinstitute.org/ccle/about), and analysis was conducted using “ggplot2” R package (v3.3.3) (18, 19).

Next, we obtained a high-quality prognostic dataset from the TCGA prognostic study previously reported by Liu J et al (20). The Cox proportional hazards regression model was then built using the “coxph” function of the “survival” R package (version 3.2-7) to analyze the relationship between gene expression and prognosis in each tumor. The function “surv_cutpoint” calculates the optimal cut point for survival analysis and restricts the group proportion such that a subgroup cannot exceed 60% of the total sample size.

Univariate Cox regression analysis and forest plots generated through the “forestplot” R package were used to display the P value, HR, and 95% CI of each variable. For the multivariate analysis, we utilized the R package “coxph” for data processing and incorporated various factors such as TNM staging, clinical staging, tumor grade, tumor location, pathological type, age, and sex for different cancer types. Finally, the “survminer” package was used to visualize the results of the multivariate analysis.

For receiver operating characteristic (ROC) analysis, we performed the analysis using the “timeROC” package (version 0.4) in R language and generated the graphs using the “pdf” and “plot” functions. The ROC was constructed based on three primary parameters: survival status, survival time, and ESPL1 expression level. The training and testing sets were randomly partitioned using the “caret” package, with a ratio of 70:30 for the partitioning. Specifically, the “createDataPartition” function was employed for random partitioning, with the survival outcome as the sampling parameter. 70% of the samples were designated as the training set and the remaining 30% as the testing set.

For age comparison, we divided the samples into high and low expression groups based on the median ESPL1 expression level and compared the age distribution between the two groups. For comparison between genders, we directly compared the ESPL1 expression levels between males and females in each cancer type.




2.3 Genetic heterogeneity analysis

Homologous recombination deficiency (HRD) data for each tumor was obtained from previous studies (21). We then integrated the HRD and gene expression data of the samples, and then log2(x+1) was further used to transform each expression value.

MuTect2 software processed the level 4 simple nucleotide variation dataset downloaded from TCGA, calculated the tumor mutation burden (TMB) and mutant-allele tumor heterogeneity (MATH) for each tumor using the TMB and inferHeterogeneity function of the R package maftools (version 2.8.05), and combined the TMB and MATH score with gene expression data (22). A log2(x+1) transformation was further applied to each expression value.

The microsatellite instability (MSI) scores for each tumor were obtained from previous studies and integrated with the available data, and finally log2(x+1) transformations were performed (23).




2.4 Immune analysis

The expression data of two types of immune checkpoint pathway genes [inhibitory (24) and stimulatory (25)] and five types of immune pathway genes [chemokine (26), receptor (18), MHC (21), immuno-inhibitor (24), and immuno-stimulator (27)] in each sample were extracted from the downloaded TCGA dataset, and all normal samples were filtered. Log2(x+1) transformation was performed on each expression value, and the Pearson correlation between ENSG00000135476 (ESPL1) and marker genes was calculated. Next, the deconvo_xCell method of the R package IOBR (version 0.99.9) was used to analyze the relationship between immune cells and the expression of ESPL1 (24, 28). We used the false discovery rate (FDR) method to correct the p-values when performing the correlation analysis to ensure statistical accuracy. In more detail, the ‘corr.test’ function in the R package ‘psych’ is used for correlation analysis, with the ‘adjust’ parameter set to ‘fdr’.

Notably, the ESTIMATE algorithm includes three scores: immune score (assessment of immune cell infiltration level); stromal score (assessment of immunity of stromal components); and ESTIMATE score. The “Estimate” R package evaluates the above three scores for each TCGA sample (29).




2.5 Protein–protein interaction analysis

The protein-protein interaction (PPI) network was established using the Search Tool for the Retrieval of Interacting Genes (STRING) (https://cn.string-db.org/) with the following input parameters: “evidence”, “experiments”, and “low confidence level”. A total of 31 nodes were finally obtained and subjected to enrichment analysis. The Kyoto Encyclopedia of Genes and Genomes (KEGG) results were replotted by http://www.bioinformatics.com.cn, a free online platform for data analysis and visualization.




2.6 Enrichment analyses and similar genes

The GEPIA2 (http://gepia2.cancer-pku.cn/#index) database was used to obtain the top 200 genes similar to ESPL1 based on the TCGA dataset using the “Similar Gene” function (30). The heat map of similar genes and ESPL1 correlation was also obtained using the “Gene_Corr” function of TIMER2.0 database (http://timer.cistrome.org/) (31–33). The ESPL1 negatively correlated genes were identified using the “psych” package in R.

Next, Webgestalt (http://www.webgestalt.org/) and “clusterprofile” package in R were used for enrichment analysis of the 200 similar genes (34, 35). The basic parameters were Homo sapiens, ORA, and pathway-KEGG, whereas the reference set was genome encoding-protein. In addition, the advanced parameters were set to FDR < 0.05.




2.7 Drug sensitivity analysis

The Genomics of Drug Sensitivity in Cancer (GDSC) (https://www.cancerrxgene.org/) and Cancer Therapeutics Response Portal (CTRP) (https://portals.broadinstitute.org/ctrp/) databases were used for drug sensitivity analysis (25, 36–40). Finally, the two sub-datasets were pooled, and Pearson’s correlation analyses were performed.




2.8 Cell culture

The present study used eight cell lines from four cancers for in vitro experiments. Three colorectal cancer cell lines (SW620, LOVO, and HCT116), two lung carcinoma cell lines (A549 and PC9), two liver cancer cell lines (HepG2 and Hep3B), and the cervical cancer cell line Hela are included. HeLa, Hep3B, HepG2, SW620, LOVO, and A549 cells were grown in 10% FBS-supplemented DMEM media. PC9 was grown in 1640 medium containing 10% FBS. HCT116 was grown on McCoy’s 5A medium supplemented with 10% FBS. The cultures were incubated at 37°C with 5% CO2.




2.9 Organoids culture

The study was approved by the Ethics Committee of Zhejiang Cancer Hospital, and samples were taken from colorectal cancer patients who underwent surgery at the hospital. After surgery, colorectal samples were sent to the pathology department for pathological examination as part of routine clinical care for cancer patients. Harvesting the tissues had no impact on the patients’ surgical procedures, post-operative radiotherapy or chemotherapy, diagnosis, or the cost of treatment, and therefore the patients’ informed consent was non-mandatory.

A total of 12 colorectal cancer organoids were harvested. Briefly, after obtaining the cancer tissue, the tissue is first thoroughly washed using a washing buffer. The tissue is then cut up and added to the tissue digestion solution. The tumor cells were filtered using a 70 μM filter, resuspended again using the washing buffer, and centrifuged three times. After the removal of the supernatant, the Matrigel (BD, 356234) was added for resuspension. Finally, the cell suspension was inoculated into 48-well plates (Corning 3300). Organoid culture medium purchased from STEMCELL (IntestiCult™ Organoid Growth Medium (Human), Cat.06010).




2.10 Drug sensitivity assay

PHA-793887 (HY-11001), PAC-1 (HY-13523), and AZD-7762 (HY-10992) were purchased from MCE (https://www.medchemexpress.com/). DMSO is used as a solvent, and the maximum concentration of DMSO during cell culture does not exceed 0.5%. Organoid viability assay using the CellTiter-Glo® 3D Cell Viability Assay (Promega, G9681). All drug sensitivity verifications were carried out on the third day after the drug was delivered.




2.11 Cell viability assay

CCK-8 Cell Counting Kit (A311-01) was purchased from Vazyme (www.vazyme.com/) to assess the proliferative assay. The assay protocol is carried out in accordance with the manufacturer’s manual. The absorbance was measured at 450 nM by a microplate reader (Tecan, Switzerland).




2.12 Total RNA extraction and qRT‐PCR

FastPure Cell/Tissue Total RNA Isolation Kit V2 (RC112) from Vazyme® used to extract RNA from cell. HiScript® II Q RT SuperMix for qPCR (+gDNA wiper) (R223) from Vazyme® used to reverse transcription. ChamQ Universal SYBR qPCR Master Mix (Q711) from Vazyme® used for qPCR validation.

Primer of ESPL1 sequences (5’→3’): F: GAAGACTCAGCCTCAGGTG, R: TAGAAAGACCAGTGGCTACG.

Primer of GAPDH sequences (5’→3’): CAGGAGGCATTGCTGATGAT, R: GAAGGCTGGGGCTCATTT.




2.13 Cell transfects

siRNA transfect was performed using Lipofectamine 2000 reagent (Invitrogen) according to the manufacturer’s instruction. siRNA-1 sequences: Sense: 5’-AAAGUUGACUCUUUUGAAGCU-3’, Antisense: 5’-CUUCAAAAGAGUCAACUUUGG-3’. siRNA-2 sequences: Sense: 5’-AGACAAAGAGAAUUCGUUCCA-3’, Antisense: 5’-GAACGAAUUCUCUUUGUCUUA-3’.





3 Results



3.1 Aberrant expression of ESPL1 in cancer tissues

We first compared the difference in expression of ESPL1 between cancer and normal tissues and found that ESPL1 was commonly highly expressed in cancers (Figure 1A). Given the insufficient number of normal samples, the data of normal samples from the GTEx database was added for comparison. Results showed that ESPL1 was significantly highly expressed in ACC, BLCA, BRCA, CECS, CHOL, COAD, ESCA, GBM, KIRP, LAML, KICH, LGG, LIHC, LUAD, LUSC, OV, PAAD, PRAD, READ, SKCM, TGCT, STAD, USC and UCEC (Figure 1B). We also used the CCLE database to verify cell line-level expression. We found that the highest expression of ESPL1 was in lymphoma, leukemia, neuroblastoma, and liver cancer cell lines (Figure 1C). Moreover, the expression of ESPL1 was low in liposarcoma, bile duct cancer, and head and neck cancer cell lines.




Figure 1 | ESPL1 is aberrantly expressed in tumor tissue. (A) Expression profile of ESPL1 in TCGA cohorts. (B) Expression analysis of ESPL1 in tumor tissues from TCGA database and matched normal tissues from the GTEx database. (C) Expression of ESPL1 in different types of cell lines. *P<0.05, **P<0.01; ***P<0.001, ****P<0.0001; ns, Not Significant. GTEx, Data of Genotype-Tissue Expression; TCGA, The Cancer Genome Atlas.



Next, we evaluated the level of ESPL1 expression in multiple cancer types at different pathological stages. As shown in Supplementary Figure 1, we divided all samples into early (Stage I and II) and late (Stage III and IV) groups based on pathological staging. This type of grouping is more commonly used in clinical trials. We found significantly higher expression of ESPL1 in stage III and IV samples in ACC, CESC, KIPAN, KIRC, KIRP, LIHC, LUAD, UCEC and UCS. In contrast, a different result emerged in THYM and OV, where expression was lower in advanced-stage samples.

Finally, we further validated the dysregulated expression of ESPL1 by comparing it with eight independent GEO datasets, including cervical cancer, lung cancer, liver cancer, and colorectal cancer. Consistently, ESPL1 expression was significantly elevated in cancer samples across all eight datasets (Supplementary Figure 2).

We hypothesized that the expression level of ESPL1 may vary in different patients with the same cancer type. Thus, we combined ESPL1 expression with clinical information and found that ESPL1 expression levels showed statistical differences with age and sex in some cancers. As shown in Supplementary Figure 3A, the high expression group of ESPL1 had a higher average age in BLCA, KICH, LGG, PRAD, and UCEC, while in BRCA, ESCA, LUSC, LAML, PCPG, and THYM, the high expression group had a lower average age. Similarly, there were gender differences in ESPL1 expression levels, with higher expression levels observed in females in KIRP, LIHC, and SARC, and males had higher expression levels in LAML and LUAD (Supplementary Figure 3B).3.2 ESPL1 has potential as a tumor prognostic marker.

Considering that numerous genes highly expressed in cancer tissues affect patient prognosis, we speculated that ESPL1 also impacts patient survival. Therefore, we separated the patients into high and low expression groups for survival analysis based on ESPL1 expression, with the cut-off value by the median of expression.

As shown in Figure 2, a univariate analysis was performed with patient death as the event endpoint. Results showed that the prognosis of patients was worse in the ESPL1 high expression group in ACC, KIRP, LGG, MESO, KIRC, KICH, UCEC, PAAD, LUAD, PCPG, SKCM, LIHC, and SARC. Conversely, a positive correlation was found between high ESPL1 expression and improved prognosis in THYM. In addition, it was found that ESPL1 was highly expressed in ACC, CHOL, KIRC, KIRP, LGG, LUAD, SKCM, and UCEC cancerous tissues, and it shortened the survival of patients. Figure 2B demonstrates the relationship between ESPL1 expression and Progression Free Interval (PFI), where we found that in 18 types of cancer, high expression of ESPL1 was associated with poorer PFI.




Figure 2 | ESPL1 expression correlates with patient prognosis. Forest plot of associations between ESPL1 expression and (A) OS and (B) PFI. (C) Heat map of AUC of ESPL1 expression to predict patient prognosis from 1 to 5 years. (D) ROC of ESPL1 expression to predict prognosis in ACC, MESO, KICH, KIRP, LGG and PCPG. OS, overall survival; PFI, Progression Free Interval; AUC, Area Under Curve; ROC, Receiver Operating Characteristic.



Multivariate analysis is a statistical technique that analyzes the relationships between multiple variables in a dataset. It is used to determine the strength and direction of the relationships between variables, and to identify patterns and trends in the data. We combined ESPL1 expression with various clinical information and verified the effect of ESPL1 on patient prognosis through multivariate analysis. As shown in Supplementary Figure 4, ESPL1 remained a prognostic risk factor (HR>1 and p<0.05) for ACC, KICH, LUAD, MESO, PAAD, PCPG, SKCM, SARC, and LGG, further suggesting that ESPL1 may play an oncogenic role.

We postulated that ESPL1 could potentially serve as a marker for predicting cancer development. We constructed a receiver operating characteristic curve based on ESPL1 expression to test this. As shown in Figure 2C, the heat map demonstrates the area under the curve (AUC) for predicting patient OS for ESPL1 in 32 tumors. In ACC, MESO, KICH, KIRP, LGG, and PCPG, the AUC were determined with high precision to be greater than 0.70 (Figure 2D). Specifically, in ACC, the AUC of ESPL1 predicted prognosis with a value between 0.83 and 0.94. In GBM and UVM, the AUC for predicting 5-year survival reached 0.74 and 0.87, respectively, although the accuracy of predicting 1-4 year prognosis was poor.

Finally, we plotted Kaplan-Meier survival curves grouped according to ESPL1 expression based on the best cut-off value method. As shown in Figure 3, the survival time was shorter for high expression of ESPL1 in the 18 tumors.




Figure 3 | Kaplan-Meier plots with statistically significant differences in overall survival analysis by best-cut off value method for ESPL1.



Based on these findings, we conclude that ESPL1 may have oncogenic characteristics, and high expression is associated with poorer prognosis in cancer patients. We believe that, following validation through further prospective clinical studies, ESPL1 has the potential to become a prognostic biomarker in various malignancies.




3.3 Correlation between ESPL1 and tumor microenvironment

The tumor microenvironment (TME) is critical for tumor growth and is directly associated with tumor progression and metastasis. Therefore, we analyzed the correlation between ESPL1 expression in various cancers and the immune cells/scores using the XCELL algorithm (Figure 4A). We found that THYM and THCA correlated extremely well with ESPL1 expression. In particular, in THYM, there was a strong correlation with a variety of T cells. In contrast, in THCA, ESPL1 expression was positively correlated with immune cells and stromal cells. LUAD, PAAD, STAD, LIHC, COAD, LUSC, ESCA, UCEC, BLCA, and SARC negatively correlated with immune microenvironment cells. This result gives us a hint that ESPL1 may play different roles in the immune microenvironment in different cancers.




Figure 4 | The effect of ESPL1 on TME in pan-cancers. (A) Correlation between ESPL1 and TME cells by xCELL algorithm. Representative results of correlation analysis between ESPL1 expression and immune score (B), stromal score (C) and ESTIMATE score (D) by ESTIMATE algorithm (Three most positive correlations versus three most negative correlations). *p<0.05, **p<0.01, ***p<0.001. TME, tumor microenvironment.



We also calculated the immune, stromal, and ESTIMATE scores using the ESTIMATE algorithm. It was found that the expression of ESPL1 was negatively correlated with these scores in most cancers. However, THCA, KIPAN, GBMLGG, and KIRC were positively correlated with immune scores (Figure 4B; Supplementary Table 2). Similarly, THCA, KIPAN, and GBMLGG were positively correlated with stromal scores (Figure 4C; Supplementary Table 2). The same results were also found about the estimate scores. Moreover, the expression of ESPL1 was positively correlated with the ESTIMATE score in THCA, KIPAN, GBMLGG, and KIRC (Figure 4D; Supplementary Table 2). In THYM, ESPL1 was significantly positively correlated with the immune score but negatively correlated with the ESTIMATE score. This finding is consistent with xCell results, which show that ESPL1 expression significantly correlates with T and B cells, increasing the immune score. However, the correlation with stromal cells is negative or not significant, resulting in a negative correlation in stromal score. In LUAD, PAAD, STAD, LIHC, COAD, READ, LUSC, ESCA, UCEC, BLCA, SARC, and ACC, the xCell results demonstrated a negative correlation trend between various T cells, B cells, macrophages, and ESPL1 expression, which is consistent with the immune score in ESTIMATE. Overall, the three immune scores showed a significant negative trend in GBM, ESCA, STES, SARC, STAD, UCEC, SKCM, PAAD, OV, BLCA, and ACC. In KIPAN, THCA, there was a significant positive correlation. No statistically significant correlations existed in MESO, READ, KIRP, LAML, UVM, UCS, CHOL, and DLBC. This indicates that the function of ESPL1 may differ significantly among different types of tumors.




3.4 Correlation between ESPL1 expression and immune markers

Given that immunoregulatory genes are closely associated with cancer development, we evaluated the expression data of 150 immunoregulatory genes in each sample and correlated them with the expression of ESPL1 (Figures 5A–E). Figure 5A shows the heatmap of immunostimulatory genes with ESPL1 expression. Through clustering, we found high positive correlations in DLBC, KIPAN, and THCA. While in PRAD, READ, LIHC, OV, KIRC, LAML, HNSC, UVM, MESO, and GBMLGG, there is a predominantly positive correlation trend. An extremely strong correlation emerged in THYM. This trend switched to a negative correlation in LUAD, LUSC, and STES. Notably, CD276, MICB, PVR, and ULBP1 showed statistically significant correlations with ESPL1 in most tumors, suggesting that these genes may be essential to unlocking the influence of ESPL1 on tumor development. Chemokines are very powerful and can impact tumor migration and immune cell infiltration. Through Figure 5B, we explored the correlation between chemokines and ESPL1. Similarly, the correlations showed a divergent trend, with the expression of chemokine genes increasing with the expression of ESPL1 in KIPAN, KIRC, THCA and, conversely, a statistically negative correlation in TGCT, GBM, LUSC and THYM. Figures 5C–E shows the correlation results of ESPL1 with receptor, immunoinhibitor and MHC, respectively. The bifurcation trend was again observed, with STES, STAD, and LUSC showing a negative trend among receptor-related genes, while GBMLGG, KIPAN, THCA, PRAD, KIRC, LIHC, and HNSC showed a positive trend. In the correlation analysis with MHC, significant positive correlations were also found in KIRC, LGG, GBMLGG, KIPAN, THCA, and PRAD. These results suggest that the correlation between ESPL1 and immunity is extremely strong in KIPAN, GBMLGG, and THCA; in these tumors, more immune-related validation is needed.




Figure 5 | The effect of ESPL1 on immunological genes in pan-cancers. Correlation between ESPL1 and (A) immunostimulators, (B) chemokines, (C) receptors, (D) Immunoinhibitor and (E) MHC. *p<0.05, **p<0.01, ***p<0.001.






3.5 Correlation between ESPL1 expression and tumor heterogeneity

Considering that TMB and MSI correlated with immunotherapy efficacy, we further assessed the correlation between ESPL1 expression and TMB and MSI. Immune checkpoint inhibitor sensitivity is associated with high tumor mutational burden (TMB), Figure 6A shows the information of TMB with ESPL1 expression in each cancer. The results indicated that TMB positively correlated with ESPL1 expression in DLBC, CHOL, ACC, LUAD, KICH, PRAD, LGG, STAD, PADD, BRCA, SARC, and READ. Surprisingly, there was a statistically negative correlation between the expression of ESPL1 and TMB in THYM, with high expression of ESPL1 being associated with a better prognosis. The instability of microsatellites results from defects in the mismatch repair system, resulting in hypermutation patterns. MSI is often used to guide treatment, such as in colorectal cancer, where immune checkpoint blockade treatment decisions are made based on a patient’s MSI status. From Figure 6B, we can find that MSI showed a significant negative correlation with the expression of ESPL1 in DLBC and a positive trend in LUSC, ACC, and STAD. Previous studies have reported that homologous recombination deficiency will produce specific and quantifiable genomic changes, and the HRD status is a key indicator of treatment and prognosis in many tumors (21, 41, 42). After analyzing the relationship between HRD and ESPL1 expression, we found that HRD increased with the increase of ESPL1 expression in 22 types of tumors (Figure 6C). Mutant-allele tumor heterogeneity (MATH) is an algorithm for assessing tumor heterogeneity, with higher MATH values indicating higher tumor heterogeneity (26, 43). This study explored the relationship between MATH and ESPL1 expression and found a significant correlation in 14 tumors, with a positive correlation in 10 tumors and a negative correlation in four tumors (GBMLGG, LGG, KIPAN, and THCA) (Figure 6D).




Figure 6 | Correlation of ESPL1 with tumor heterogeneity. Correlation between ESPL1 expression and (A) TMB, (B) MSI, (C) HRD and (D) MATH. TMB, tumor mutational burden; MSI, microsatellite instability; HRD, homologous recombination deficiency; MATH, mutant-allele tumor heterogeneity.






3.6 Enrichment analysis of ESPL1

To further explore the molecular mechanisms and functions of the ESPL1 gene in tumorigenesis, enrichment analysis was performed to screen for ESPL1-related proteins and pathways. First, protein–protein interaction (PPI) network analysis was performed using STRING, and the top 30 genes associated with ESPL1 were obtained (Figure 7A). After KEGG analysis of these genes and drawing Sangchi map, it was found that the pathways significantly associated with tumor were enriched in cell cycle, the AMPK signaling pathway, and the PI3K Akt signaling pathway (Figure 7B). Next, we performed gene ontology (GO) enrichment analysis with regard to biological processes, cell components, and molecular functions (Figure 7C). In addition, we combined the expression data of all TCGA tumors and identified the top 200 genes most related to ESPL1 expression (the list of the top 200 similar genes is provided in Supplementary Table 3). We then analyzed the correlation between the first ten similar genes and ESPL1 and found that all were significantly positively correlated with ESPL1 expression (Figure 7D). Moreover, the KEGG enrichment results showed that the 200 genes were mainly associated with cancer-related pathways, including cycle, DNA replication, and mismatch repair (Figure 7E). To further explore the biological functions of down-regulated ESPL1-related proteins, we obtained the top 200 genes negatively correlated with the expression level of ESPL1. We performed enrichment analysis on these genes (Supplementary Tables 4, 5). However, these 200 genes showed no statistically significant enrichment in the terms or pathways identified in the KEGG or GO analyses. No terms with an FDR<0.05 were enriched for BP, MF, and CC. This set of 200 genes may have lacked annotations in the enrichment analysis or may not be involved in any specific biological functions.




Figure 7 | Enrichment analysis of ESPL1-related partners. (A) PPI analysis of ESPL1. (B) Sankey diagram of KEGG pathway analysis results. (C) GO functional classification. (D) Heat map of ESPL1 correlations with the top 10 similar genes in different cancer types. (E) Volcano plot of KEGG results for 200 similar genes. PPI, protein-protein interaction; KEGG, Kyoto Encyclopedia of Genes and Genomes. BP, biological process. CC, cellular component. MF, molecular function. FDR, false discovery rate.






3.7 Drug sensitive analyses of ESPL1

Furthermore, GDSC and CTRP, two of the largest tumor-related drug databases, were utilized to discover drugs that target tumors with high ESPL1 expression. the CTRP database indicated that GSK-J4 (R= -0.471) and BRD-K30748066 (R= -0.469) were the most negatively correlated with ESPL1 expression (Figure 8A). Figure 8B shows the top 20 drugs negatively correlated with high ESPL1 expression via GDSC, with NPK76-II-72-1 (R= -0.318) being the most negatively correlated. Using the intersection, we identified twelve medicines that appeared in both datasets (Figure 8C). Three medications that impede the cell cycle or induce apoptosis are among the most remarkable findings from comparing the data. PHA-793887 is a strong CDK inhibitor with anti-cancer effects on the cell cycle (44). The activation of procaspase-3, which promotes apoptosis, is the approach through which Procaspase activating compound 1 (PAC1) kills cancer cells (45). AZD-7762 is a checkpoint kinase inhibitor that inhibits tumor proliferation and growth by targeting Chk1 and Chk2 (46). Coincidentally, ESPL1 is a critical cell cycle regulator, and as ESPL1 expression rises, so does the drug sensitivity of the cell cycle inhibitors list above.




Figure 8 | The relationship between ESPL1 and drug sensitivity. The drugs with the strongest correlation in ESPL1 expression were in the (A) CTRP and (B) GDSC databases. (C) Venn diagram of the results of the two databases. (D-F) The three-dimensional structure of drugs in PubChem. (G) Patient derived organoids (PDO) before and after coculture with drugs. Scale with 500 μM. (H) Expression level of ESPL1 in 12 PDOs. Correlation of ESPL1 expression in organoids with IC50 of (I) PHA793887, (J) PAC-1 and (K) AZD7762.



Therefore, we determined the connection between ESPL1 expression and these three small molecule inhibitors using colorectal cancer patient-derived organoids. Figures 8D–F show the molecular structures from PubChem of PHA-793887, PAC1, and AZD-7762, respectively. Figure 8G depicts images of the organoids in normal culture before and two days after adding the drugs (days 0 and 2). The normal growth of the organoid had a circular form with a maximum diameter of 200 μM; however, the addition of drugs resulted in a considerable reduction in roundness, fragmentation, and darkening. Figure 8H shows the distribution of the expression of ESPL1 in 12 cases of organoid. The expression of ESPL1 varied greatly, with the maximum expression of PDO#6 being 57 times higher than the lowest expression. By analyzing the link between drug sensitivity and ESPL1 expression in the organoids, we determined that the IC50 of the three drugs reduced dramatically with increasing ESPL1 expression (Figures 8I–K). We also discovered that the IC50 of PHA-793887 varied widely between organoids, with the greatest IC50 reaching 179 μM (PDO#10) and the lowest reaching only 6.6 μM (PDO#06).

To investigate whether ESPL1 is a direct target of PAC1, AZD-7762, and PHA-793887, we performed IC50 assays after knocking down ESPL1 expression in HCT116 and SW620 cell lines. As shown in the Supplementary Figure 5, there was no significant change in the IC50 values of the three drugs after ESPL1 knockdown. Only in SW620, the IC50 of AZD7762 was reduced after knockdown using si1, which was unexpected and may contradict our initial hypothesis.




3.8 Knockdown of ESPL1 impact on proliferation in vitro

A total of 8 types of cell lines, including colorectal, liver, lung, and cervical cancer, were used to verify the impact of knockdown ESPL1. ESPL1 is highly expressed in these cancers, and the prognosis is worse for high expression. Initially, we inhibited the expression of ESPL1 in these cell lines using siRNA and confirmed the results at the mRNA level (Figure 9A). We found that cell proliferation in both cancer cell lines was significantly inhibited following interference with ESPL1 expression (Figure 9B). This conclusion is consistent with expectations, as ESPL1 is a critical gene involved in cell division, and its suppression has a definite effect on cell proliferation.




Figure 9 | Interference with ESPL1 expression inhibits cell proliferation in a variety of cell lines. (A) Validation of siRNA interference efficiency. (B) Cell proliferation curves following interference with ESPL1 expression in eight different cell lines.







4 Discussion

The cell cycle represents a series of tightly integrated events that allow the cell to grow and proliferate (27). Notably, cancer represents a dysregulation of the cell cycle so cells that overexpress cyclins or do not express the CDK inhibitors continue to undergo unregulated cell growth (27, 47). ESPL1 encodes separase, a protein that regulates the cell cycle and plays an important role in the process of chromosome segregation. Previous studies have confirmed that ESPL1 is an oncogene that is overexpressed in many human cancers of breast, bone, brain, and prostate (48, 49). However, although researchers have gained some insight into the cell cycle regulation by ESPL1, more is needed to know whether and how it drives tumorigenesis, progression, and metastasis.There are no relevant pan-cancer analyses to date. Overall, as a key cell cycle-associated gene, the potential role of ESPL1 in carcinogenesis and cancer development is worth investigating.

First, we investigate the relationship between ESPL1 expression and the prognosis for survival of common cancers. Comparing cancer tissues to normal tissues revealed that ESPL1 was highly elevated in a number of malignancies. This could be due to the fact that upregulation of ESPL1 promotes cell cycle progression, resulting in a rapid increase in cell proliferation. Moreover, by comparing the expression of ESPL1 in various clinical stages, we discovered that ESPL1 expression increased as pathological stages progressed. Interestingly, as the disease advanced in SKCM and OV, ESPL1 expression decreased, particularly in SKCM, where patients with high ESPL1 expression had a poorer prognosis. However, the tumor stage was negatively correlated with the expression of ESPL1, a phenomenon that deserves further study. Kaplan-Meier and univariate Cox regression analyses revealed that upregulation of ESPL1 expression was associated with poor prognosis. Using the optimal cutoff value, we found that high expression of ESPL1 was significantly associated with poor prognosis in 18 different types of cancer. To avoid sample size imbalance, we ensured that the sample size of each group was at most 60% of the total sample size after grouping, thus ensuring comparability and statistical significance between the two groups. However, high ESPL1 expression was associated with better OS prognosis in THYM patients, implying that ESPL1 may be protective in this cancer. However, the PFI of THYM predicted by ESPL1 did not statistically distinguish a better prognosis, suggesting that additional confounding factors influenced the prediction of OS by ESPL1 in THYM. Through multivariate analysis that integrates clinical information, ESPL1 remains a prognostic risk factor in multiple types of cancer. We hypothesized that ESPL1 expression is a reliable indicator of prognosis. Using ROC, we obtained an AUC of 0.7+ in ACC, MESO, KICH, KIRP, LGG, PCPG, GBM, THYM, and UVM for predicting 5-year survival.

It is worth noting that cancers develop in complex tissue environments, the tumor microenvironment, which they depend upon for sustained growth, invasion, and metastasis (50). TME consists of three critical components: tumor cells, stromal cells, and ECM (51). This study also integrated, for the first time, the correlation between ESPL1 expression and the tumor microenvironment. Results demonstrated that high expression of ESPL1 in THYM showed a positive correlation with various CD4+ T cells, and a negative correlation with epithelial cells and macrophages. However, most other cancers showed a negative correlation with CD4+ T cells, which may be one of the reasons why the high expression of ESPL1 in THYM exhibited a better prognosis. Moreover, we found that Th2 cell was positively correlated with ESPL1 expression in the majority of tumors.

The ESTIMATE algorithm has been shown to predict tumor purity and reflects the characteristics of TME. Most tumor scores decreased with the increase in expression of ESPL1, but the opposite was true for THCA. The three scores were positively correlated with ESPL1 expression, and most cells in the TME were positively correlated with ESPL1 expression; in THCA, ESPL1 may affect immunity through a different mechanism. The immune score reflects the number and functional status of immune cells infiltrating the tumor microenvironment, including T cells, B cells, plasma cells, natural killer cells, and others. By using Immune Score, we can obtain information about the immune infiltration in the tumor microenvironment. XCELL, on the other hand, provides a detailed evaluation of each type of immune cell present in the microenvironment. In summary, these two algorithms can help us understand the relationship between ESPL1 and the tumor microenvironment from a macro and cellular level.

A slight association between TME cells and ESPL1 expression was found in UCS and CHOL, which implies that ESPL1 is not a suitable TME therapeutic target in these two tumors.

The same conclusion was obtained in the pan-correlation analysis, which explored the association between immune-related genes and ESPL1. The analysis showed that the correlation between ESPL1 and immune-related genes in USC and CHOL was not strong, suggesting that the effect of ESPL1 on these two cancers is not through the immune function. CD276 belongs to the immunoglobulin superfamily and participates in the regulation of T-cell-mediated immune response. We found that CD276 is statistically correlated with ESPL1 in a variety of tumors and that there may be an intrinsic link between them. ULBP1 is a ligand of NKG2D, an immune system-activating receptor on NK cells and T-cells. here was also a significant co-expression relationship between ESPL1 and ULBP1; ESPL1 could be involved in the immune regulation of tumors. Notably, ESPL1 was negatively correlated with immune-related genes in LUAD, LUSC, STAD, THYM, SARC, GBM, and TGCT. High expression of ESPL1 was associated with better survival in THYM, suggesting that ESPL1 may influence patient prognosis by affecting immunity.

The TMB, MSI, MATH, and HRD are indicators of tumor heterogeneity and can be used to guide application of tumor immunotherapy. In THYM, the expression of ESPL1 was negatively correlated with TMB, while high expression of ESPL1 was coincidentally associated with a better prognosis. This may indicate that ESPL1 could decrease TMB and thus improve patient survival, but further validation is required. In BLCA, STAD, and LUSC, ESPL1 expression was positively correlated with TMB and MSI, suggesting that these tumors may show good response to immunotherapy. In LUSC and BLCA, ESPL1 was also positively correlated with MATH, HRD, and all the four indicators suggesting that target ESPL1-targeted treatments may be effective in LUSC and BLCA.

Analysis of GDSC and CTRP databases identified drugs negatively correlated with ESPL1, suggesting that tumor cells with high ESPL1 expression are likely to be more sensitive to these drugs. GSK-J4 is a potent dual inhibitor of H3K27me3/me2-demethylases JMJD3/KDM6B and UTX/KDM6A. GSK-J4 inhibits LPS-induced TNF-α production in human primary macrophages and can induce endoplasmic reticulum stress-associated apoptosis. GSK-J4 is thought to be effective in diffuse intrinsic pontine glioma (DIPG) (52), and the drug sensitivity of GSK-J4 is enhanced with increased expression of ESPL1. Perhaps it is feasible to use ESPL1 as an indication for GSK-J4 in DIPG. BRD-K30748066 is a CDK9 inhibitor, a member of the cyclin-dependent protein kinase (CDK) family. This correlation is consistent with the function of ESPL1. A total of 12 drugs were shown to be more sensitive in cancer cell lines with high ESPL1 by correlation analysis of the two drug databases. Interestingly, a variety of mTOR inhibitors were involved, including AZD-8055, OSI-027 and PI-103. In addition, pro-apoptotic and cell cycle inhibiting drugs are also listed, including PHA-793887, PAC-1 and AZD-7762. Through organoid drug sensitivity testing, we confirmed that the expression of ESPL1 was statistically linked with PHA-793887, PAC-1, and AZD-7762, and that the expression of ESPL1 in colorectal cancer patient tissues may indicate the use of these drugs. In patients with high ESPL1 expression, certain drugs may be more effective. However, interference with ESPL1 expression in cell lines should lead to increased drug resistance. The absence of this trend may indicate that ESPL1 does not directly affect the response to these three drugs. The relationship and mechanisms between ESPL1 expression levels and PAC1, AZD7762, and PHA793887 deserve further investigation and discussion.

Finally, through in vitro studies, we demonstrated that ESPL1 can impact the proliferation, which is concordant with the bioinformatics results.

In conclusion, this study demonstrates the potential of ESPL1 as a cancer biomarker in various malignancies, with high expression of ESPL1 associated with worse prognosis in multiple cancer types and immune infiltration. Additionally, ESPL1 expression is associated with TMB, MSI, MATH, and HRD in several cancer types, suggesting a connection with tumor heterogeneity. We assessed drug sensitivity using organoids and found that those with high ESPL1 expression were more vulnerable to cell cycle inhibitors. Therefore, ESPL1 could serve as a marker for cancer therapy. In vitro assays confirmed that interference with ESPL1 can affect cell proliferation. Nonetheless, the study has some limitations, including the small sample size for organoid drug sensitivity tests, which may lead to bias. Future research should further investigate ESPL1 in other malignancies.




5 Conclusions

Through the use of public data mining, we were able to confirm that ESPL1 is an oncogene, that it can serve as a prognostic marker for several cancers, that it can be used to direct cancer medication therapy in patient derived organoids, and that ESPL1 knockdown can limit cell growth in vitro.





Data availability statement

The original contributions presented in the study are included in the article/Supplementary Material. Further inquiries can be directed to the corresponding authors.





Ethics statement

The studies involving human participants were reviewed and approved by the Ethics Committee of Zhejiang Cancer Hospital. Written informed consent for participation was not required for this study in accordance with the national legislation and the institutional requirements.





Author contributions

YZ conceived the idea, analyzed the data, and drafted the work. CZ and YZ analyzed the data and performed the visualization. WZ, HW, MW, and QZ collected the data and participated in the revision. HF and GW supervised the study. HF and GW provide funding support. All authors contributed to the article and approved the submitted version.





Funding

National Natural Science Foundation of China (No. 62276084),Major Health and Medicine Projects in Zhejiang Province (No.2022503044), Zhejiang Health Medicine Clinical Research Application Project (No. 2022483926), and Zhejiang Provincial Basic Public Welfare Research Program (No. LGD22C040016).




Acknowledgments

We are grateful to the Institute of Basic Medicine and Cancer, Chinese Academy of Sciences for providing the cell lines and research environment.





Conflict of interest

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





Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fimmu.2023.1138077/full#supplementary-material

Supplementary Figure 1 | Relationship between ESPL1 expression and pathological staging. ns. not significant; *, p<0.05; **, p<0.01; ***, p<0.001.

Supplementary Figure 2 | Validating the aberrant expression of ESPL1 through GEO. (A, B) Cervical cancer. (C, D) Liver cancer, (E, F) Lung cancer, (G, H) Colorectal cancer.

Supplementary Figure 3 | Relationship between ESPL1 expression and clinical information. (A) Box plots showing the relationship between ESPL1 expression and age. (B) Box plots showing the relationship between ESPL1 expression and gender.

Supplementary Figure 4 | Multivariate survival analysis based on ESPL1 expression and multiple clinical information.

Supplementary Figure 5 | The IC50 values of HCT116 and SW620 cells after siRNA-mediated interference of ESPL1 expression. (A and C) IC50 curves of three drugs in HCT116 and SW620 cells. (B and D) Column chart comparing IC50 values.




References

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

2. Sun, Y, Kucej, M, Fan, HY, Yu, H, Sun, QY, and Zou, H. Separase is recruited to mitotic chromosomes to dissolve sister chromatid cohesion in a DNA-dependent manner. Cell (2009) 137(1):123–32. doi: 10.1016/j.cell.2009.01.040

3. Waizenegger, I, Giménez-Abián, JF, Wernic, D, and Peters, JM. Regulation of human separase by securin binding and autocleavage. Curr Biol CB. (2002) 12(16):1368–78. doi: 10.1016/S0960-9822(02)01073-4

4. Stemmann, O, Zou, H, Gerber, SA, Gygi, SP, and Kirschner, MW. Dual inhibition of sister chromatid separation at metaphase. Cell (2001) 107(6):715–26. doi: 10.1016/S0092-8674(01)00603-1

5. Zou, H, Stemman, O, Anderson, JS, Mann, M, and Kirschner, MW. Anaphase specific auto-cleavage of separase. FEBS Lett (2002) 528(1-3):246–50. doi: 10.1016/S0014-5793(02)03238-6

6. Guo, G, Sun, X, Chen, C, Wu, S, Huang, P, Li, Z, et al. Whole-genome and whole-exome sequencing of bladder cancer identifies frequent alterations in genes involved in sister chromatid cohesion and segregation. Nat Genet (2013) 45(12):1459–63. doi: 10.1038/ng.2798

7. Yang, Q, Yu, B, and Sun, JTTK. CDC25A, and ESPL1 as prognostic biomarkers for endometrial cancer. BioMed Res Int (2020) 2020:4625123. doi: 10.1155/2020/4625123

8. Liu, Z, Lian, X, Zhang, X, Zhu, Y, Zhang, W, Wang, J, et al. ESPL1 is a novel prognostic biomarker associated with the malignant features of glioma. Front Genet (2021) 12:666106. doi: 10.3389/fgene.2021.666106

9.GTEx Consortium. The genotype-tissue expression (GTEx) project. Nat Genet (2013) 45(6):580–5. doi: 10.1038/ng.2653

10. Espinosa, AM, Alfaro, A, Roman-Basaure, E, Guardado-Estrada, M, Palma, Í, Serralde, C, et al. Mitosis is a source of potential markers for screening and survival and therapeutic targets in cervical cancer. PloS One (2013) 8(2):e55975. doi: 10.1371/journal.pone.0055975

11. Pyeon, D, Newton, MA, Lambert, PF, den Boon, JA, Sengupta, S, Marsit, CJ, et al. Fundamental differences in cell cycle deregulation in human papillomavirus-positive and human papillomavirus-negative head/neck and cervical cancers. Cancer Res (2007) 67(10):4605–19. doi: 10.1158/0008-5472.CAN-06-3619

12. Shimada, S, Mogushi, K, Akiyama, Y, Furuyama, T, Watanabe, S, Ogura, T, et al. Comprehensive molecular and immunological characterization of hepatocellular carcinoma. EBioMedicine (2019) 40:457–70. doi: 10.1016/j.ebiom.2018.12.058

13. Wang, HW, Hsieh, TH, Huang, SY, Chau, GY, Tung, CY, Su, CW, et al. Forfeited hepatogenesis program and increased embryonic stem cell traits in young hepatocellular carcinoma (HCC) comparing to elderly HCC. BMC Genomics (2013) 14:736. doi: 10.1186/1471-2164-14-736

14. Beer, DG, Kardia, SL, Huang, CC, Giordano, TJ, Levin, AM, Misek, DE, et al. Gene-expression profiles predict survival of patients with lung adenocarcinoma. Nat Med (2002) 8(8):816–24. doi: 10.1038/nm733

15. Girard, L, Rodriguez-Canales, J, Behrens, C, Thompson, DM, Botros, IW, Tang, H, et al. An expression signature as an aid to the histologic classification of non-small cell lung cancer. Clin Cancer Res (2016) 22(19):4880–9. doi: 10.1158/1078-0432.CCR-15-2900

16. Sveen, A, Agesen, TH, Nesbakken, A, Rognum, TO, Lothe, RA, and Skotheim, RI. Transcriptome instability in colorectal cancer identified by exon microarray analyses: Associations with splicing factor expression levels and patient survival. Genome Med (2011) 3(5):32. doi: 10.1186/gm248

17. Iwaya, T, Yokobori, T, Nishida, N, Kogo, R, Sudo, T, Tanaka, F, et al. Downregulation of miR-144 is associated with colorectal cancer progression via activation of mTOR signaling pathway. Carcinogenesis (2012) 33(12):2391–7. doi: 10.1093/carcin/bgs288

18. Ghandi, M, Huang, FW, Jané-Valbuena, J, Kryukov, GV, Lo, CC, McDonald, ER 3rd, et al. Next-generation characterization of the cancer cell line encyclopedia. Nature (2019) 569(7757):503–8. doi: 10.1038/s41586-019-1186-3

19. Zhou, T, Cai, Z, Ma, N, Xie, W, Gao, C, Huang, M, et al. A novel ten-gene signature predicting prognosis in hepatocellular carcinoma. Front Cell Dev Biol (2020) 8:629. doi: 10.3389/fcell.2020.00629

20. Liu, J, Lichtenberg, T, Hoadley, KA, Poisson, LM, Lazar, AJ, Cherniack, AD, et al. An integrated TCGA pan-cancer clinical data resource to drive high-quality survival outcome analytics. Cell (2018) 173(2):400–16.e11. doi: 10.1016/j.cell.2018.02.052

21. Thorsson, V, Gibbs, DL, Brown, SD, Wolf, D, Bortone, DS, Ou Yang, TH, et al. The immune landscape of cancer. Immunity (2018) 48(4):812–30.e14. doi: 10.1016/j.immuni.2018.03.023

22. Beroukhim, R, Mermel, CH, Porter, D, Wei, G, Raychaudhuri, S, Donovan, J, et al. The landscape of somatic copy-number alteration across human cancers. Nature (2010) 463(7283):899–905. doi: 10.1038/nature08822

23. Bonneville, R, Krook, MA, Kautto, EA, Miya, J, Wing, MR, Chen, HZ, et al. Landscape of microsatellite instability across 39 cancer types. JCO Precis Oncol (2017) 2017:PO.17.00073. doi: 10.1200/PO.17.00073

24. Zeng, D, Ye, Z, Shen, R, Yu, G, Wu, J, Xiong, Y, et al. IOBR: Multi-omics immuno-oncology biological research to decode tumor microenvironment and signatures. Front Immunol (2021) 12:687975. doi: 10.3389/fimmu.2021.687975

25. Rees, MG, Seashore-Ludlow, B, Cheah, JH, Adams, DJ, Price, EV, Gill, S, et al. Correlating chemical sensitivity and basal gene expression reveals mechanism of action. Nat Chem Biol (2016) 12(2):109–16. doi: 10.1038/nchembio.1986

26. Mroz, EA, Tward, AD, Pickering, CR, Myers, JN, Ferris, RL, and Rocco, JW. High intratumor genetic heterogeneity is related to worse outcome in patients with head and neck squamous cell carcinoma. Cancer (2013) 119(16):3034–42. doi: 10.1002/cncr.28150

27. Schwartz, GK, and Shah, MA. Targeting the cell cycle: a new approach to cancer therapy. J Clin Oncol (2005) 23(36):9408–21. doi: 10.1200/JCO.2005.01.5594

28. Aran, D, Hu, Z, and Butte, AJ. xCell: digitally portraying the tissue cellular heterogeneity landscape. Genome Biol (2017) 18(1):220. doi: 10.1186/s13059-017-1349-1

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

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

31. Li, B, Severson, E, Pignon, JC, Zhao, H, Li, T, Novak, J, et al. Comprehensive analyses of tumor immunity: implications for cancer immunotherapy. Genome Biol (2016) 17(1):174. doi: 10.1186/s13059-016-1028-7

32. Li, T, Fu, J, Zeng, Z, Cohen, D, Li, J, Chen, Q, et al. TIMER2.0 for analysis of tumor-infiltrating immune cells. Nucleic Acids Res (2020) 48(W1):W509–w14. doi: 10.1093/nar/gkaa407

33. Li, T, Fan, J, Wang, B, Traugh, N, Chen, Q, Liu, JS, et al. TIMER: A web server for comprehensive analysis of tumor-infiltrating immune cells. Cancer Res (2017) 77(21):e108–e10. doi: 10.1158/0008-5472.CAN-17-0307

34. Liao, Y, Wang, J, Jaehnig, EJ, Shi, Z, and Zhang, B. WebGestalt 2019: gene set analysis toolkit with revamped UIs and APIs. Nucleic Acids Res (2019) 47(W1):W199–w205. doi: 10.1093/nar/gkz401

35. Yu, G, Wang, LG, Han, Y, and He, QY. clusterProfiler: an r package for comparing biological themes among gene clusters. Omics (2012) 16(5):284–7. doi: 10.1089/omi.2011.0118

36. Yang, W, Soares, J, Greninger, P, Edelman, EJ, Lightfoot, H, Forbes, S, et al. Genomics of drug sensitivity in cancer (GDSC): a resource for therapeutic biomarker discovery in cancer cells. Nucleic Acids Res (2013) 41(Database issue):D955–61. doi: 10.1093/nar/gks1111

37. Iorio, F, Knijnenburg, TA, Vis, DJ, Bignell, GR, Menden, MP, Schubert, M, et al. A landscape of pharmacogenomic interactions in cancer. Cell (2016) 166(3):740–54. doi: 10.1016/j.cell.2016.06.017

38. Garnett, MJ, Edelman, EJ, Heidorn, SJ, Greenman, CD, Dastur, A, Lau, KW, et al. Systematic identification of genomic markers of drug sensitivity in cancer cells. Nature (2012) 483(7391):570–5. doi: 10.1038/nature11005

39. Seashore-Ludlow, B, Rees, MG, Cheah, JH, Cokol, M, Price, EV, Coletti, ME, et al. Harnessing connectivity in a Large-scale small-molecule sensitivity dataset. Cancer discovery. (2015) 5(11):1210–23. doi: 10.1158/2159-8290.CD-15-0235

40. Basu, A, Bodycombe, NE, Cheah, JH, Price, EV, Liu, K, Schaefer, GI, et al. An interactive resource to identify cancer genetic and lineage dependencies targeted by small molecules. Cell (2013) 154(5):1151–61. doi: 10.1016/j.cell.2013.08.003

41. Casolino, R, Paiella, S, Azzolina, D, Beer, PA, Corbo, V, Lorenzoni, G, et al. Homologous recombination deficiency in pancreatic cancer: A systematic review and prevalence meta-analysis. J Clin Oncol (2021) 39(23):2617–31. doi: 10.1200/JCO.20.03238

42. Vergote, I, González-Martín, A, Ray-Coquard, I, Harter, P, Colombo, N, Pujol, P, et al. European Experts consensus: BRCA/homologous recombination deficiency testing in first-line ovarian cancer. Ann Oncol (2022) 33(3):276–87. doi: 10.1016/j.annonc.2021.11.013

43. Mroz, EA, and Rocco, JW. MATH, a novel measure of intratumor genetic heterogeneity, is high in poor-outcome classes of head and neck squamous cell carcinoma. Oral Oncol (2013) 49(3):211–5. doi: 10.1016/j.oraloncology.2012.09.007

44. Brasca, MG, Albanese, C, Alzani, R, Amici, R, Avanzi, N, Ballinari, D, et al. Optimization of 6,6-dimethyl pyrrolo[3,4-c]pyrazoles: Identification of PHA-793887, a potent CDK inhibitor suitable for intravenous dosing. Bioorganic medicinal Chem (2010) 18(5):1844–53. doi: 10.1016/j.bmc.2010.01.042

45. Putt, KS, Chen, GW, Pearson, JM, Sandhorst, JS, Hoagland, MS, Kwon, JT, et al. Small-molecule activation of procaspase-3 to caspase-3 as a personalized anticancer strategy. Nat Chem Biol (2006) 2(10):543–50. doi: 10.1038/nchembio814

46. Zabludoff, SD, Deng, C, Grondine, MR, Sheehy, AM, Ashwell, S, Caleb, BL, et al. AZD7762, a novel checkpoint kinase inhibitor, drives checkpoint abrogation and potentiates DNA-targeted therapies. Mol Cancer Ther (2008) 7(9):2955–66. doi: 10.1158/1535-7163.MCT-08-0492

47. Evan, GI, and Vousden, KH. Proliferation, cell cycle and apoptosis in cancer. Nature (2001) 411(6835):342–8. doi: 10.1038/35077213

48. Zhang, N, and Pati, D. Biology and insights into the role of cohesin protease separase in human malignancies. Biol Rev Cambridge Philos Society. (2017) 92(4):2070–83. doi: 10.1111/brv.12321

49. Meyer, R, Fofanov, V, Panigrahi, A, Merchant, F, Zhang, N, and Pati, D. Overexpression and mislocalization of the chromosomal segregation protein separase in multiple human cancers. Clin Cancer Res (2009) 15(8):2703–10. doi: 10.1158/1078-0432.CCR-08-2454

50. Quail, DF, and Joyce, JA. Microenvironmental regulation of tumor progression and metastasis. Nat Med (2013) 19(11):1423–37. doi: 10.1038/nm.3394

51. Yin, SY, Jian, FY, Chen, YH, Chien, SC, Hsieh, MC, Hsiao, PW, et al. Induction of IL-25 secretion from tumour-associated fibroblasts suppresses mammary tumour metastasis. Nat Commun (2016) 7:11311. doi: 10.1038/ncomms11311

52. Grasso, CS, Tang, Y, Truffaux, N, Berlow, NE, Liu, L, Debily, MA, et al. Functionally defined therapeutic targets in diffuse intrinsic pontine glioma. Nat Med (2015) 21(6):555–9. doi: 10.1038/nm.3855




Publisher’s note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.


Copyright © 2023 Zhong, Zheng, Zhang, Wu, Wang, Zhang, Feng and Wang. 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-14-1138077-g007.jpg
[ \
M= . Progesoone madate o marten .
bl
Tecs N [ — 0
cocer mm
ANAPCA | \ v 2%
Pmm. mwl»ﬁ:ﬁll . 204 é‘
eevasso 1] . Wmmnmml . =3
o - : w
COKY - " M‘Wb'ﬂ‘_l .
Gt
D0 e
= S e N
repase . B
< wwm. .
orn | K
o~ ’ X mwunuml o
peezia || o 0
s el -
[ X
CCNB1 S o . %
epasa
W %
Strength
o H
= BP §E:
20 == cC
- MF Acc@=m9) HEE
BLCA (-t08) EEE
%15 BRCA G100y EEE
= BRCA-Basl (191) n
z mcaenea e
=) 9 BRCA-LumA (1=568)
3 BRCA-Lunt 1219
54 CESC (1=306) X p>005
CHOL (0=36) - . p < 005
coAD r-459)
0
DLBC (n=48)
& ST R SRR Cor
AP SELESEESEE SESE IS ssca p
O O RGN R P SEE S FFE BN ee153) 0

P
o :f.?-“‘ TI @q,@‘ﬁfj"%f i;,f SRS e
& S & FEL T E HNSC-HPV- (@=422)
& HEES & & ST
Ay o S ENSCHPS (1-58)
& qf & & KICH (1=66)

o &
&
Qfé\ @f S KIRC (r-538)
&

KIRP (1-290)
v‘f LGG @=516) -
LIHC @=371)
E - LUAD (u=515)
DNA replication
Cell eyl LUSC (1=501)
MESO (1-87) -

OV (@=303)

“Logl0 of FOR
015 2

PAAD (@=179)

H

PCPG (=181
PRAD (1=495)
READ (n=166)

Progesterone-mediated e G SARC (1-260)
oocyte maturation gt Homologous
recombination

& SKCM-Metastasis (1-368) -

SKCM (w=471)

SKCM-Primary (1-103)
64 Ooeyte meiosis STAD (=115
Mismatch repair TGCT @=150) -

1 Cellul THCA (a=509)
. elular senescence 5 sl i

THYM (-120)

Human T-cell leukemiia _» Blasa excition sapuit UCEC (u=545)

virus 1 infection Pyrimidine metabolism
— Nucleotide excision [,

. log2 of enichiment atio UVM (e50) -






OEBPS/Images/fimmu-14-1138077-g002.jpg
A

Cancer

ACC
KIRP
LGG
MESO
KIRC
KICH
UCEC
PAAD
LUAD
PCPG
SKCM
LIHC
SARC
THYM
STAD
ucs
PRAD
CHOL
BLCA
DLBC
uvMm
GBM
LuUsc
BRCA
HNSC
THCA
CESC
COREAD
TGCT
ov
ESCA
LAML

C

HR(OS) Lower Higher

2.08
1.95
14
1.85
1.33
1.82
1.52
14
1.16
238
1.25
1.18
1.28
0.65
0.88
0.63
1.39
1.34
1.08
0.74
12
1.06
0.95
1.04
0.96
11
0.93
0.97
0.89
0.99
1.02
1

1.48
1.54
1.27
1.45
1.16
1.33
1.22
1.14
1.06
1.35
1.08
1.05
1.08
0.46
0.77
0.35
0.9

0.81
0.94
04

0.81
0.92
0.82
0.92
0.82
0.7

0.66
0.73
0.22
0.85
0.76

294
248
154
2.35
152
248
19
173
128
423
144
132
153
0.92
1.01
112
2417
22
124
1.38
18
121
111
118
112
175
132
127
3.66
1.16
1.36
1.25

Pvalue
—e— 0
—e—i 0
lof 0
——i 0
4 1e-04
—o— 2e-04
o 2e-04
Ea! 0.0013
] 0.0017
———> 0.0029
kgl 0.003
] 0.0042
hgl 0.0054
gl 0.0161
1o 0.0651
o 0.1166
H—— 0.1406
Ho+— 0.253
[ ] 0.2983
o 0.3406
He— 0.3617
™ 0.4388
1 0.5127
0.5434
L4 0.5626
o—1 0.6774
2 m! 0.6925
0.8016
}—% 0.8756
0.8894
0.9022
0.9998
1 2
Hazard ratio D
1 =]
AcC
MESO 2
KICH 09
THYM 3
KIRP 08
LGG &
PCPG 07 o
THCA °
STAD 06 ¢
050 TGCT
055 BRCA 0.5
05 CESC
057 COREAD e
054 LAML
055 HNSC 3
054 LUSC e
051 BLCA .S o
s
§ 3

02

00

02 04 06 08 10
" L L

00

B
Cancer HR(PFI) Lower Higher Pvalue
KIRC 141 121 163 agl 0
KIRP 177 144 217 e 0
LGG 123 114 133 L] 0
PRAD 156 133 183 gl 0
MESO 162 126 209 o 2e-04
THCA 159 125 203 o=l 2e-04
ACC 159 123 204 e 3e-04
KICH 181 128 256 —e— 8e-04
uvm 193 128 29 —e—— 0.0017
PAAD 132 11 159 gl 0.0027
PCPG 176 12 258 —e— 0.004
SKCM 113 1.04 123 ot 0.0046
LIHC 112 1.02 123 0.0207
LUAD 111 102 121 0.0211
SARC 118 1.02 137 0.0234
UCEC 143 1.04 196 e 0.0256
BRCA 116 1.02 132 0.028
BLCA 117 101 135 0.0384
CHOL 125 086 181 0.2436
STAD 094 081 1.09 0.3899
COREAD 0.89 067 1.18 0.4025
THYM 092 071 118 0.4914
ESCA 109 083 144 0.5146
HNSC 097 082 1.14 0.6899
DLBC 089 049 163 0.7085
ucs 091 055 151 0.7293
TGCT 109 068 174 0.734
GBM 098 085 113 0.7947
CESC 102 072 145 0.9076
Lusc 101 084 122 0.9227

ov 1 087 1.14

ACC

0 1 2 3
Hazard ratio

06 08 10

04

AUC at 1 year: 0.865
AUC at 2 year: 0.92
AUC at 3 year: 0.935
AUC at 4 year: 0.891
AUC at § year: 0.83

T T T

02

00

AUC at 1 year: 0.707
AUC at2 year: 0819
AUCat3 year: 0834
—— AUCat4year 0.873
—— AUCat5 year. 0.833

T T

06 08 10

04 06 08 10

KIRP

08

06

04

— AUCat 1 year: 0.983
— AUCat 2 year 0613
. —— AUCat3 year: 0.788
Fig — AUCat4 year: 0.813
—— AUCat 5 year: 0.869

T T T

02

00

— AUCat 1 year 0.851
AUC at 2 year: 0.851
AUC a3 year: 0.773
AUC at4 year: 0.717
—— AUCat5year. 0.720
T T

04 06 08 10

LGG

04 06 08 10

PCPG

08

08

04

AUCat 1 year: 0.724
AUC at 2 year: 0.742
AUC at 3 year: 0.771
AUC at 4 year: 0.707

02

00

AUC at § year: 0.708
T T T

— AUCat 1 year: 0.834
— AUCat2year 0.717
AUC at3 year: 0746
AUC at4 year: 0725

— AUCat5 year 0.706
T T n

00 02 04 06 08 10

1-Specificit

04 06 08 10






OEBPS/Images/fimmu-14-1138077-g009.jpg
HELA

LOVO

HCT116

SW620

n b= o 2
o =

uoissaidxa YNYW aAle|oy

0 o o =)
< < S =
uojssaidxa YNYW dARe[SY

n e w 3
- o =3

uoissaidxa YNYW aARe[ay

10, e 0 e
< < = S
uoissaidxa YNYW aAne|ay

si1 si2
PC9

NC

sl si2
A549

NC

si2

NC sit

si1  si2
HepG2

NC

Hep3B

5

a 0 <«
= =

uoissaidxe YNYW sAie|ey

Q w 1=
- o o

uoissaidxa YNYW aAne|ay

1.5

1.5

o » e
- o S

uoissaidxa YNYW aAne|ay

1.5

o 0 =]
- = 5

uoissaidxa YNYW aAneay

si2

si1

NC

si1  si2

NC

si1  si2

NC

si1  si2

NC

- NC

it

HELA

LOVO

HCT116

SW620

B

©

si2

——

© < ~

(uosy) @o emeley

\\
AN

© < ~

(uosy) @o aneley

© < ~

(uosy) @o ameley

- o~
A_\,_comvvoo%_ﬁ_mm

Time (Days) Time (Days) Time (Days)

Time (Days)

- NC
- sit

PCo

A549

Hep3B

HepG2

si2

© < ~

(Inu0SY) A0 aAeleY

© < ~

(Inu0SY) Q0 eAeleY

© < ~

(Inu0SY) A0 aAeleY

NN

© < ~

(nuosY) Ao ameley

Time (Days) Time (Days) Time (Days)

Time (Days)





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Pan-Cancer analysis and experimental validation identify the oncogenic nature of ESPL1: Potential therapeutic target in colorectal cancer

      

        		

          Introduction

        



        		

          Methods

        



        		

          Results

        



        		

          Discussion

        



        		

          1 Introduction

        



        		

          2 Materials and methods

        

          		

            2.1 Data collection and processing

          



          		

            2.2 Gene expression and clinical and survival analysis

          



          		

            2.3 Genetic heterogeneity analysis

          



          		

            2.4 Immune analysis

          



          		

            2.5 Protein–protein interaction analysis

          



          		

            2.6 Enrichment analyses and similar genes

          



          		

            2.7 Drug sensitivity analysis

          



          		

            2.8 Cell culture

          



          		

            2.9 Organoids culture

          



          		

            2.10 Drug sensitivity assay

          



          		

            2.11 Cell viability assay

          



          		

            2.12 Total RNA extraction and qRT‐PCR

          



          		

            2.13 Cell transfects

          



        



        



        		

          3 Results

        

          		

            3.1 Aberrant expression of ESPL1 in cancer tissues

          



          		

            3.3 Correlation between ESPL1 and tumor microenvironment

          



          		

            3.4 Correlation between ESPL1 expression and immune markers

          



          		

            3.5 Correlation between ESPL1 expression and tumor heterogeneity

          



          		

            3.6 Enrichment analysis of ESPL1

          



          		

            3.7 Drug sensitive analyses of ESPL1

          



          		

            3.8 Knockdown of ESPL1 impact on proliferation in vitro

          



        



        



        		

          4 Discussion

        



        		

          5 Conclusions

        



        		

          Data availability statement

        



        		

          Ethics statement

        



        		

          Author contributions

        



        		

          Funding

        



        		

          Acknowledgments

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/fimmu.2023.1138077_cover.jpg
& frontiers | Frontiers in Immunology

Pan-Cancer analysis and experimental
validation identify the oncogenic nature of
ESPL1: Potential therapeutic target in
colorectal cancer





OEBPS/Images/fimmu-14-1138077-g005.jpg
=
i

]
o %

t
S

s

H

F33REAR

o
]

i

i

!

'

51

R

SETRTARAREAEATSEFERIEIAFIC

i
H

o . = =
{ R = = e -
TR %% UL RN %% NN %%%%%%%%%% R

SR G

H

%
&

%,






OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fimmu-14-1138077-g003.jpg
LIHC Survival probability (OS) KIRP Survival probability (OS) ESCA Survival probability (OS) ACC Survival probability (OS)

Survival probability (OS)

PAAD

1.00

0.75

0.50

0.25

0.00

1.00

0.75

0.50

0.25

0.00

1.00

0.75

0.50

0.25

0.00

1.00

0.75

0.50

0.25

0.00

1.00

0.75

0.50

ACC == ESPL1High = ESPL1Low

0 1000 2000 3000 4000 5000
Number at risk
33 8 2 1 0 0
46 38 20 7 2 0
(l] 10’00 20‘00 30’00 40’00 50‘00
ESCA == ESPL1 High == ESPL1 Low
p <0.0001 !
0 1000 2000 3000 4000
Number at risk
% 10 1 0 0
88 13 2 1 0
0 1000 2000 3000 4000

KIRP == ESPL1High = ESPL1Low

p < 0.0001

0 1000 2000 3000 4000 5000 6000

Number at risk

116 43 13 3 1 1
172 66 34 8 0 0
0 1000 2000 3000 4000 5000

LIHC == ESPL1High = ESPL1Low

p < 0.0001
0 1000 2000 3000
Number at risk
164 39 11 2
203 63 24 4
0 1000 2000 3000

PAAD == ESPL1High = ESPL1Low

p <0.0001
0 1000 2000
Number at risk
107 10 3
71 13 3
0 1000 2000

0
0
6000

4000

0
0
4000

3000

LUAD Survival probability (OS) LAML Survival probability (OS) KICH Survival probability (OS) BLCA Survival probability (OS)

Survival probability (OS)

PRAD

1.001

0.751

0.001

1.001

0.751

0.501

0.251

0.001

0.251

0.001
0 10002000300040005000600070008000

1.001

0.751

0.501

0.251

0.001

BLCA == ESPL1High = ESPL1Low

0 1000 2000 3000 4000 5000
Number at risk

169 38 18 8 2 1
234 60 20 3 1 1

6 10’00 20‘00 30’00 40’00 50‘00

KICH === ESPL1 High == ESPL1 Low
p < 0.0001

0 1000 2000 3000 4000 5000
Number at risk

26 17 10 6 1 0
39 30 25 14 2 0

0 1000 2000 3000 4000 5000

LAML =#= ESPL1High = ESPL1Low

0 1000 2000
Number at risk
63 12 1
88 18 4
0 1000 2000

LUAD == ESPL1High = ESPL1Low

Number at risk

294 80 25 6 4 2 2 1
210 67 20 10 2 1 1 1
0 1000 2000 3000 4000 5000 6000 7000
PRAD == ESPL1 High == ESPL1 Low
p < 0.0001
0 1000 2000 3000 4000
Number at risk
215 106 32 7 1
283 117 28 7 2

0 1000 2000 3000 4000

3000

0
0
8000

5000

1
0
5000

LGG Survival probability (OS) KIRC Survival probability (OS) CHOL Survival probability (OS)

Survival probability (OS)

MESO

1.001

0.751

0.001

1.001

0.751

0.001

1.001

0.751

0.251

0.001

1.001

0.751

0.501

0.251

0.001

CHOL == ESPL1High = ESPL1Low

p < 0.0001
0 1000 2000
Number at risk
17 3 0
19 9 0
(’) 10‘00 20’00
KIRC == ESPL1 High = ESPL1 Low
p < 0.0001 ;
0 1000 2000 3000 4000
Number at risk
293 160 52 20 2
237 147 66 20 1
0 1000 2000 3000 4000
LGG =+ ESPL1High = ESPL1Low
p < 0.0001 !

Number at risk

243 74 27 13 8 3
282 105 32 12 6 2
0 1000 2000 3000 4000 5000

MESQ == ESPL1High = ESPL1Low

p<q.
0 1000 2000
Number at risk
51 1 0
34 13 4
0 1000 2000

0 1000 2000 3000 4000 5000 6000

1
0

6000

3000

3000

UCEC Survival probability (OS) SKCM Survival probability (OS)

Survival probability (OS)

Survival probability (OS)

SARC

SKCM == ESPL1High =#= ESPL1Low

1.00
0.75
0.50
023 p < 0.0001!
0.00 T T Il T : T T T T T T T T T
0 10020080040050 060070 0800800M00000200C
Number at risk
== 118696 45282114 6 2 2 2 1 0 0
127215095 64 4124 16 8 5 4 3 2 0
(') 10100 20'00 30'00 40b0 50'00 60‘00 7OIOO 80'00 90b01 0(')0(1 1 (‘)O(] 2(')00
UCEC == ESPL1 High == ESPL1 Low
1.00
0.75
0501 ----------------=
0:29 p < 0.0001 ;
0.00 T T T T : T T T
0 1000 2000 3000 4000 5000 6000
Number at risk
==l269 109 37 1 1 0 0
== l261 127 52 8 3 2 1
0 1000 2000 3000 4000 5000 6000
UVM === ESPL1 High == ESPL1 Low
1.00
0.75
0.50
0.25 p < 0.0001 !
0.00 '
0 1000 2000
Number at risk
=134 9 0
=146 20 2
0 1000 2000
SARC =+ ESPL1 High == ESPL1 Low
1.00
0.75
0.50
0.25
0.00
0 1000 2000 3000 4000 5000 6000
Number at risk
==1107 45 15 7 3 0 0
=153 79 33 10 3 2 0
0 1000 2000 3000 4000 5000 6000





OEBPS/Images/fimmu-14-1138077-g001.jpg
ESPL1

ESPL1 expression

! . f
i
- g s 1 )
. + . l . M s
: . N . w1 - "
. . . . . « 0 .
i " R IPLL ¥
Mo % % % % % R T R R R % % g R vy R R B Ry %
Cancer type
'
' i
i 2 s s 1 .
. i + . l ] . | | + . ;; .+ *
il ol TR L pletel il ua
R L R R R R R R R R R R R
Cancer type
‘ % % %«%%%% o, Py B B, Y %, T,
SERITTRIINR TIINERRNN

%‘«,

Cell lines

Group

£3 Noma
3 Tumor

Group.

E3 Nomal
E3 Tumor





OEBPS/Images/fimmu-14-1138077-g006.jpg
—
<
vy,

THYM(N=118)

LAML(N=126)
CESC(N=286}]
MESO(N=82)

UCS(N=57
KIPAN(N=679)
BLCA(N=407)-
SARC(N=234){

BRCA(N=981H{
KICH(N=66)-
PRAD(N=492)

M
READ(N=90)4
LUAD(N=509)-{
GBMLGG(N=650)
ACC(N=77)

HHHHUMMumu“W"’T

SampleSize
.

pvalue

0.00
0.01
0.02
0.03
0.04
0.05

Cc

T T T T
0.2 0.0 02 04

Correlation coefficient(spearman)

THYM(N=103)
OV(N=407)
CHOL(N=36)-
DLBC(N=46)-|

ESCA(N=1581
HNSC(N=505)

UCEC(N=178){
UCS(N=56)1
GBM(N=143)-{
BLCA(N=397)
MESO(N=81H{

LIHC(N=356)-]
BRCA(N=1044){
ACC(N=75)-

)
LUAD(N=500)-]

HRD

HHM HHMMWMW“J

T
-04

T T T
02 0.0 02 04

Correlation coefficient(spearman)

SampleSize

MSI

DLBC(N=47)
GBMLGG(N=657)
KIPAN(N=688)
TGCT(N=148H
LAML(N=129)
HNSC(N=500H{
LGG(N=506)
KIRP(N=285)
UCEC(N=180){
THCA(N=493)
UCS(N=57)1
PCPG(N=177)]
LIHC(N=367)-|
PAAD(N=176)-
THYM(N=118)
COAD(N=285)1
BRCA(N=1039H
COADREAD(N=374H
OV(N=303)
PRAD(N=495H

KIRC(N=337)
LUAD(N=511)+
SKCM(N=102)

UVM(N=79)
ESCA(N=180){
GBM(N=151)

SARC(N=252)1{
STAD(N=412)
LUSC(N=490H

[[JTiTssees: Tﬂ

e

T
-04

T d T T
-0.2 0.0 02 04

Correlation coefficient(spearman)

MATH

DLBC(N=37)
GBMLGG(N=649)1
CHOL(N=35)1
THYM(N=118)
LGG(N=5001
THCA(N=487)
KIPAN(N=679)
ACC(N=77)
PRAD(N=492H
KICH(N=66)

TGCT(N=143H{
READ(N=90)-
COADREAD(N=372H
SKCM(N=102)
COAD(N=282)
KIRC(N=334)-

PCPG(N=176)]
GBM(N=149)-
OV(N=303)
HNSC(N=498){
SARC(N=234}{
LIHC(N=356)
UCS(N=57H
LUSC(N=485)1
KIRP(N=279)
LAML(N=123)
MESO(N=811{
PAAD(N=168)
LUAD(N=508)-
ESCA(N=180H
STAD(N=4091
BRCA(N=980)
UCEC(N=175){
STES(N=589}]
BLCA(N=407)

|

mﬂm\uumw”””’mﬂ

T

T T T T
=01 0.0 0.1 02 03

Correlation coefficient(spearman)

SampleSize

0.00
0.01
0.02
0.03
0.04
0.05

SampleSize

0.00
0.01
0.02
0.03
0.04
0.05





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





OEBPS/Images/fimmu-14-1138077-g008.jpg
A CTRP B GDSC C

GSK-V4 @————————— NPK76-11-72-1 -
BRD-K30748066| @——————————————— FOR Navitoclax e |loglOofFDR
. 0035 12
tivantinib | o — 0.030 Vorinostat &— "
BRD-K01737880)| o—————— |oo2s I1-BET-762 —_
belinostat —— W™  pkes D e |
0015
LY-2183240 o— WMo TPCA1 [EEEE——
docetaxel — oo BX-912 — ™
0000
necrosulfonamide | *r— ‘GSK1070916 >t
GSK461364 T Methotrexate ]
dinaciclib | o —— CP466722 -
€D-437 - Wz3105 —_ CTRP  GDSC
| . —— PHA-793887 -0.29078 -0.25491
TPCA-1 -0.17299 -0.26349]
S8220002 S PAC-1 -0.22276 -0.19888
gemcitabine | BMS345541 —_— AZD7762 -0.20576 -0.21133|
cytarabine hydrochloride | ] GSK690693 —— PI-103 -0.17961 -0.22943}
triazolothiadiazine | e Tubastatin A -— PIK-93 -0.13011 -0.26938
—— a1 I 1 ATT519 PR R B SNX-2112 -0.18848 -0.18688|
0SI-930 -0.23259 -0.12343|
. P .
I e 0sl-027 -0.11063 -0.23422)
parbendazole| - QL-XI-92 — AZD8055 -0.1354 -0.19734
alvocidib| -~ THZ-2-102-1 — MK-2206 -0.13311 -0.14818
KU-55933 -0.15925 -0.10274
05 04 03 02 01 00 04 03 02 01 00
D cor E cor F

o

PAC-1 AZD7762

= o

ESPL1 expression ! Lt
. R=-0.7133, FDR= 0.0092

PDOKO1
PDO#02
PDO#03
PDO#04
PDO#05
PDO#0B
PoO#O7
PDO#0B
PDO#09
PDO#10
PoO#1
PDO#12

8

3

20

Relative mRNA expression
1C50 of PHA793887 (M)

PHA793887

23 N ® %

SHIIEHEE sz

3 3 o @1
Relﬂﬁve mMRNA level

pdo
- ootor
® R=~-07461, FDR=0.0053 R=-06434, FDR=0024| P9
w© « Poot02 [ ] PoOKOT
« Poows PoOK2
° « poOK4 PoOS
. « PooWS PDOKA
© PDOHG " PDO#0S
5 - Poosor S PDOK0S
g e POOS g PDOKO7
g « PooWS 5 PoOKS
5 « PoO#I0 b3 PDOH0D
2 s
8 <o B roowe
&. POORZ Q PDO#11
PoO#2
o PACt .| azomre2
R g
o 0 ® i
®
H % @ @ 7 £l @ £}
; w
Relative mRNA level [}

Relative mRNA level





OEBPS/Images/fimmu-14-1138077-g004.jpg
|

ousc

eSO
cHoL

Lam

Lee

e

KiRp

skem

-

pepG

HsC
cesc

s

LA

smo

%,

e

[

e

coan

Ea

i

ReAD

Lusc

Esca

ucee

BLcA

[ B S B == I e B

m

sarc

Ace

%»»%%%s»

"t.

?%

NN ;x}:

"‘x"*«%“*«»‘”‘&ﬁ?

“x

%%’:}0\

% EX%K%’% %é%:;‘:&\?%}m"s

%o

SNSRI

TOGA BROAN=1077) p=1526.27

TCGA-STES(N=509): =1 69e-38 =-0.51

TCGA-STAD(N=388):p=7.06e.26 1=-0.50

TCGAGEMLGGIN-G58) p-8.070.9 023

TCGAKIPAN(N=878) p=2 986-14 025

TCGA-THCA(N=503):p=7.926-15=0.34
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TCGA.GBM(N=152) p=1 6de-11 =052

TCGA-STES(N=569), p=2 06-30 =045

TCGA-UCEC(N=178).p=1.60E-07 r=0.39

TCGAKIPAN(N=676): p=1.70-18 =029,

TCGATHYMNA118), p=002 =023
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TCGA GBMN=152) p=1 94e-11 =051

[TCGA-STES(N=569). p=5.0e-40 =052

TCGA STAD(N=388) p=3. 9023 =048

TCGAGBMLGG(N-656) p-2.5% 8 =022

3%
'ESPL1 Expression

H

3
ESPL1 Expression

H 3
ESPL1 Expression






