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During tumor progression, cancer cells rewire their metabolism to face their bioenergetic demands. In recent years, microRNAs (miRNAs) have emerged as regulatory elements that inhibit the translation and stability of crucial mRNAs, some of them causing direct metabolic alterations in cancer. In this study, we investigated the relationship between miRNAs and their targets mRNAs that control metabolism, and how this fine-tuned regulation is diversified depending on the tumor stage. To do so, we implemented a paired analysis of RNA-seq and small RNA-seq in a breast cancer cell line (MCF7). The cell line was cultured in multicellular tumor spheroid (MCTS) and monoculture conditions. For MCTS, we selected two-time points during their development to recapitulate a proliferative and quiescent stage and contrast their miRNA and mRNA expression patterns associated with metabolism. As a result, we identified a set of new direct putative regulatory interactions between miRNAs and metabolic mRNAs representative for proliferative and quiescent stages. Notably, our study allows us to suggest that miR-3143 regulates the carbon metabolism by targeting hexokinase-2. Also, we found that the overexpression of several miRNAs could directly overturn the expression of mRNAs that control glycerophospholipid and N-Glycan metabolism. While this set of miRNAs downregulates their expression in the quiescent stage, the same set is upregulated in proliferative stages. This last finding suggests an additional metabolic switch of the above mentioned metabolic pathways between the quiescent and proliferative stages. Our results contribute to a better understanding of how miRNAs modulate the metabolic landscape in breast cancer MCTS, which eventually will help to design new strategies to mitigate cancer phenotype.
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Introduction

MicroRNAs (miRNAs) are small non-coding RNAs of approximately 22 nucleotides in size that are related to critical regulatory functions in a plethora of biological processes, associated with healthy and dysfunctional physiological states (1, 2). The most common and well-documented functions of miRNAs are to be endogenous negative regulators of the translation and contribute to the mRNAs instability. This regulatory capacity is carried out through direct base pairing to the target sites in the 3′ untranslated regions of an mRNA (3). To date, there are more than 1,900 mature human miRNAs according to the latest build (build 22) of the Sanger Centre miRNA database miRBase (http://www.mirbase.org). To highlight their regulatory relevance, last estimations suggest that this set of miRNAs target at least 60% of human mRNAs (4). For this reason, miRNAs have surged as crucial post-transcriptional regulators whose dysregulation can be tightly associated with aberrant gene expression in complex human diseases such as cancer (5).

In cancer research, there are a myriad of publications uncovering the role of miRNAs during their pathogenesis and progression (6, 7). Despite their broad dysregulation, miRNAs can be functionally classified as oncogenes or tumor suppressors (8). This fact leads to most of the human tumors present a unique pattern of expression, setting a large and complex network of interactions between oncogenes being activated and the loss of various tumor suppressors. Regardless of this variation in the genetic profiles, these interactions between oncogenes and tumor suppressors can directly or indirectly induce metabolic alterations that favor the survival and growth of the tumoral cells (9). For instance, there is experimental evidence that miRNA-143 down-regulates Hexokinase 2 (HK2) which promotes cancer progression and the reduction in glucose metabolism (10). Hence, miRNAs participate in the control of metabolic reprogramming by regulating the expression of mRNAs whose protein products regulate directly metabolic machinery (11, 12). Despite the substantial progress in this area, we still need to complete the puzzle and establish the role of miRNAs on metabolic rewiring into cancer progression and how this could be exploited as therapeutic targets in cancer.

A major impediment in cancer treatment is the drug resistance due to the heterogeneous subpopulations of cells within the tumor with different cell-cycle phases (13, 14). The cell cycle is the mechanism associated with proliferation, cellular division and DNA replication. It is mainly divided into four phases: G1-phase where proteins necessary for S-phase progression are accumulated, the S-phase period where DNA synthesis occurs, the G2-phase where proteins required for mitosis are produced and the M-phase phase where mitosis and separation occurs (15). Also, cells may occasionally exit from the cell-cycle and enter a phase of quiescence called the G0-phase (16). With this in mind, models that closely resemble human cancer cell-cycle heterogeneity are essential for understanding the growth mechanisms and for the development of new treatments. For this reason, MultiCellular Tumor Spheroids (MCTS) models have been used to study and reproduce the gradients between proliferating and quiescent cells, cell-cell interaction, low drug penetration and resistance of quiescent cells located in the deepest and hypoxic regions (17–19).

In the present study, we proceeded with a experimental and computational pipeline to report new plausible miRNA-mRNA pairs interactions involved in the metabolic rewiring of cancer, using an in vitro MCTS model of a luminal A breast cancer cell line (MCF7), the most prevalent subtype in women worldwide (20). To explore the regulatory effect of miRNAs over metabolism, we accomplished a longitudinal study of the MCTS in a period of 19 days of progression. In this interval of time, the MCTS owns cell populations with different cell cycle stages, particularly proliferative and quiescent cells, which can provide differences in the metabolic phenotype as time passes. Using this model, we conducted a whole transcriptome analysis, including RNAs and small-RNAs, to describe how miRNAs influence metabolism. Our paired analysis of RNAseq and small RNAseq allowed us to conclude that whereas glycerophospholipid and glucose metabolism are down-regulated in proliferative enriched MCTS, oxidative phosphorylation, and amino acid biosynthesis is down-regulated in quiescent enriched MCTS. Overall our study highlighted the crucial role of miRNAs to guide the metabolic phenotype in MCF7 MCTS. Notably, the set of miRNAs modulating the expression of various metabolic mRNAs seems to be a promising avenue to design new in vitro strategies to mitigate the malignant phenotype in cancer.



Materials and Methods


Experimental Procedures


MCF7 Monoculture

Breast cancer cell line MCF7 (ATCC HTB-22TM, Manassa, VA, USA) was grown in DMEM (ATCC 30-2002, Manassa, VA, USA) containing 4 mM L-glutamine, 4,500 mg/L glucose, 1 mM sodium pyruvate, and 1,500 mg/L sodium. Media was supplemented with 10% v/v of FBS (ATCC 30-2020, Manassa, VA, USA). The media was replaced every 2 days with fresh media. Cells were incubated under a humidified atmosphere with 5% CO2 and 95% air at 37°C. For all experiments, 70–80% confluent monoculture with less than 9 passages were used. MCF7 cell line was validated using STR analysis.



Generation and Disaggregation of Multicellular Tumor Spheroids (MCTS) Cultures from MCF7

The generation of MCTS was carried out using a liquid overlay technique. A single-cell suspension of MCF7 at a density of 1x106 cells was loaded into 12.5 cm2 suspension culture flasks (UltraCruz sc-200257, Tex, USA) containing 5 mL of L-15 media (ATCC 30-2008, Manassa, VA, USA) supplemented with 5% v/v of FBS. Flasks were placed in an orbital incubator at 37°C under constant orbital shaking of 59 rpm for 6 and 19 days (21). The media was replaced every 2 days with fresh media.

For disaggregation, the 6 and 19 day-old MCTS were harvested and transferred to 1.5 mL tubes. The MCTS were washed with PBS 1X (VWR 97062-732, PA, USA). Accutase (Invitrogen 00-4555-56, CA, USA) was added and the reaction was carried out for 45 min. at 37°C with orbital shaking. Every 5 min. the MCTS were mixed gently by pipetting during the accutase reaction. To ensure optimal disaggregation, Trypsin-EDTA (0.25% Trypsin, 1mM EDTA) solution was added for 5 min at 37°C. The trypsin reaction was stopped by adding media with FBS in a 1:1 ratio. Finally, cells were collected by centrifugation and were suspended in 0.1% BSA in PBS (Cell Signaling Technology BSA #9998, USA) solution.



MCTS Diameter Distribution

Diameter distribution of MCTS at 4, 7, 11, 15, 17, and 19 day-old time was estimated by two steps. First, we took photos directly to the MCTS culture, ensuring that almost all MCTS are positioned at the center of the flask. Photos were taken using a Nikon Eclipse TS100 Inverted Microscope. Following this, the images were analyzed through the MorphLibJ package to directly estimate the Feret diameter of all the MCTS in each picture (22). The Feret diameter value reported in Figure 1 represents the mean value of all MCTS properly measured for each time point. The diameter distribution was calculated for three independent MCTS cultures using the time points mentioned above (Table S1).




Figure 1 | MCF7 MCTS Model. (A) Representative images from MCF7 MCTS culture showing size differences along time. (B) MCTS diameter distribution measurements, average MCTS measure per time point = 67, n = 3. (C) Immunophenotyping of MCTS subpopulations with flow cytometry using Ki67 and p27 markers in four temporal conditions: day 6, 8, 17, and 19. The expression of both markers showed statistical difference in the comparison between days 6 and 19. Single asterisk indicates a statistical difference, P <0.05 (unpaired t-test with equality of variances in normalized measurements, t = ± 4.4629; df = 4).





MCTS Culture Time Points Selection

To evaluate the abundance of cells in proliferative and quiescent stages inside the MCTS through time, we selected four-time points: 6, 8, 17, and 19 days. The first two time points (6 and 8 days) of MCTS culture were chosen because after 6 days almost every cell has been aggregated to form an MCTS. The next two time points were picked because after 20 days of MCTS culture necrotic population started to appear, a condition that was avoided in our study.



Immunophenotyping

The 6-, 8-, 17-, and 19-day old MCTS cultures were disaggregated as described in Generation and Disaggregation of Multicellular Tumor Spheroids (MCTS) Cultures from MCF7 section. Therefore, we took an aliquot of 3x106 cells of each MCTS culture. Fixation was carried out using PFA 4% for 10 min. at room temperature and rinsing three times with PBS 1X. Subsequently, the permeabilization was accomplished by adding ice-cold methanol (90%) during 30 min. in ice. Previous to the antibody staining, the methanol was removed by washing with PBS 1X and 1x106 cells were aliquoted. Then, the cells were rinsed with 3 mL of incubation buffer (0.1% BSA in PBS) three times. Staining was made by resuspending the cells with the Ki67-Alexa Fluor® 488 Conjugate (CST 11882, Massachusetts, USA) and p27-PE Conjugate (CST 12184, Massachusetts, USA) primary antibodies (1:50) and incubating for 1 h at room temperature. Before cell cytometry analysis, cells were resuspended in 500 µL of PBS 1X. Finally, the immunophenotyping was done in a FACSAria Cell Sorter.



RNA Extraction Method for MCTS and Monoculture

Total RNA was isolated from MCF7 monoculture, 6- and 19-day old MCTS by a TRIzol (Invitrogen, CA, USA) adapted protocol. Particular adjustments previous to the TRIzol extraction were made for both culture conditions. In the monoculture, we used a 70–80% confluent culture, then we poured 1 mL of TRIzol directly to the culture dish and homogenized until all cells were detached from the dish. This step was assisted by the use of a scraper. In the 6- and 19-day old MCTS culture, the MCTS were retrieved by centrifugation and resuspended in 1 mL of TRIzol. The solution was homogenized vigorously until there were no cellular lumps. The subsequent steps described below were used for both culture conditions. We added 10 µL of triton 2% (Merck T8787, St. Louis, USA) and incubated for 10 min. at room temperature. Next, we added 200 µL of chloroform, mixed through inversion and incubated for 5 min. at room temperature. Tubes were centrifuged at 12,000 rpm during 15 min. at 18°C. The aqueous phase was retrieved, we added 0.25 µL of glycogen as co-precipitation reagent (ThermoFisher R0561, Waltham, USA) and isopropanol was added in a 1:1 ratio (regarding TRIzol). The mixture was homogenized gently, incubated for 20 min. at −20°C and centrifuged at 13,000 rpm during 45 min. at 18°C. Finally, the pellet was washed three times with ethanol 75%, dissolved in ultrapure DDW (not treated with DEPC) and stored at −80°C.



RNA-Seq and Small RNA-Seq Library Construction and Sequencing

Previous to the library construccion we ensured that all RNA samples have a minimum amount of 1 µg and the integrity value of the samples have a RIN >7. The NGS was performed on total RNA isolated as described in the previous section using the NextSeq platform (Illumina, Inc.). The library construction for RNA-Seq and small RNA-Seq was made following the TruSeq RNA Library Prep Kit (Illumina, Inc.) and the CD Small RNA Library Prep Kit (Illumina, Inc.), respectively. The datasets presented in this study can be found in online repositories. The names of the repository and accession number can be found below: ArrayExpress, Accession: E-MTAB-9741 (https://www.ebi.ac.uk/arrayexpress/experiments/E-MTAB-9741/)




Bioinformatic Analysis


Quality Determination and Pre-Processing

All the FASTQ files undergo quality evaluation using FastQC software version 3 (http://www.bioinformatics.babraham.ac.uk/projects/fastqc/). The resulting output files were summarized using the MultiQC tool (23). Only RNA-Seq FASTQ files were pre-processed to remove low-quality information in the 3′ and 5′ end using Trimmomatic version 0.36 (24).



Alignment and Entity Quantification

For RNA-Seq FASTQ pre-processed files, the alignment was made using Kallisto version 0.43.1 (25). The results were summarized using the tximport package in R (26). For small RNA-Seq the alignment was made using Bowtie2 version 2.3.2 (27) with the parameters suggested in (28) and the human genome GRCh38 construction. The resulting SAM files were summarized using FeatureCounts (29) with the hsa.gff file from miRBase v22.



Exploratory Analysis and Differential Expression Analysis

The processed data was inspected for normalized data through principal component analysis (PCA) plot (Figure S1). The differential expression analysis was carried out with edgeR package (30) version 3.26.8 for RNA-Seq and small RNA-Seq reads.



miRNAs Target Prediction for Metabolic mRNAs

To only obtain the Differential Expressed (DE) metabolic mRNAs in each condition, we filtered the DE mRNAs using the KEGG metabolic pathways gene list using an FDR <0.05 threshold. Next, we used DE miRNAs and the metabolic DE mRNAs mentioned before to obtain the plausible miRNAs-mRNA pairs calculated with miRGate (31). From miRGate analyses we only used the predictions from Targetscan algorithm and the experimental validated miRNA-mRNA pairs for further filters. We filtered the plausible pairs when the log2FC has an inverse value between miRNAs and the metabolic mRNAs. Finally, the selected pairs were filtered to those who appear at least two times in a metabolic pathway.



Pathway Enrichment Analysis

Pathway enrichment analysis was done using two different methods within Webgestalt (32). First method consists of taking the full mRNA list into an over-representation analysis (ORA). Second, gene set enrichment analysis (GSEA) was made using the mRNA differential expressed with a FDR <0.05. We used the KEGG, GO, Panther, and wikipathway datasets.





Results


MCTS Culture as a Model of Proliferation and Quiescence

To explore the possible interaction between miRNAs and mRNAs of metabolic genes in cancer, we carried out a MCTS culture with the breast cancer cell line MCF7. We mainly used the human luminal A (ER+, PR+, HER2-) cell line due to its high incidence in women breast cancer patients worldwide (20). In this MCTS model, MCF7 cell suspension was loaded on non-adherent plates to stimulate cell-cell adhesion and promote well-rounded spherical structures. This experimental model, and its implemented protocols, facilitated the tracking of the progression of the MCTS and ensured the production of large batches of MCTS on diverse time points (Figure 1A). The Feret Diameter reported in Figure 1B. is the average value of MCTS measurements in each time point (Table S1). To select the optimal time point where the MCTS is mainly enriched in a cell cycle phase, we assess the presence of a standard marker for proliferation (Ki67) and quiescence (p27) in four-time points using immunophenotyping. Also, to contrast the differences across a classical culture method, we included a 2D model (monoculture) along all the study to compare against a proliferative enriched MCTS and quiescent enriched MCTS. We applied a t-test analysis over the relative composition of the proliferative and quiescent population in monoculture and MCTS to identify two sample times to proceed with NGS data analysis. The statistical analysis showed significant differences in some samples between the expression of Ki67 and p27 (Figure S2). As a result of this study, we found that only the comparison between MCTS at 6- and 19-day old showed statistical differences in both cell cycle markers (Figure 1C). Consequently, these time points were selected to carry on the transcriptome and small-RNA profiling. These results indicate that MCTS 6-day old are primarily enriched in proliferative cells (P-MCTS), and MCTS 19-day old are principally enriched in quiescent cells (Q-MCTS).



Bioinformatics Analysis of RNA-Seq and Small RNA-Seq

To date, few computational tools can simultaneously accomplish the analysis of RNA-Seq and small RNA-Seq. Among these algorithms, miARma-Seq provides a multiprocess analysis tool that can undergo these restraints and allow the study of expression profiles of miRNAs and their targeted mRNAs (33). A study combining mRNA and miRNA sequencing can undoubtedly supply a proper framework to assess pair-wise connections between miRNAs and metabolic targets mRNAs. With this aim in mind, we implemented some changes in the original miARma-Seq pipeline, using the best-suited tools for each processing module. The two significant changes in the pipeline were performed in the alignment tool for RNA-Seq data and the enrichment tool. Thus, we set Kallisto and Webgestalt as the new processing tools (Figure 2). An in-deep description of the adjustments made for each processing module is described in the methods section. In brief, our pipeline is integrated by a set of modules which embraces classical steps for each technology (mRNA and microRNA) such as quality check, alignment, differential expression, target prediction, and functional analysis. A global view of the entire pipeline implemented in this paper is depicted in Figure 2.




Figure 2 | Bioinformatic pipeline workflow. Overview of the general modules implemented for the analysis of mRNA and microRNAs expression. Main modules are indicated in purple. Output files are indicated in light pink. Our workflow shows the software applied in the major steps of RNAseq and small RNA sequencing analysis: 1) Quality check, 2) Alignment, 3) Read count and differential expression, 4) Functional analysis; and 5) miRNAs target prediction.




Differential Expression Analysis and Metabolic mRNAs Target Prediction

In this section, we pursue two aims: explore how miRNA and mRNAs expression changes among conditions; and identify potential miRNAs-mRNA regulatory mechanisms at a metabolic level. To assess the changes in RNA expression profiles among the samples, we obtained the Differential Expressed (DE) profile of mRNAs and miRNAs for each pair-wise comparison among P-MCTS, Q-MCTS, and monoculture condition. From a statistical point of view, we used an FDR <0.05 as a criteria to select those mRNAs and miRNAs differentially expressed between conditions. As a result, we identified a total of 1,289 mRNAs and 35 miRNAs differentially expressed among all pairwise conditions. Particularly, the comparison between P-MCTS and monoculture showed no significant results. Therefore, to get insight of the regulation differences we used only for this comparison a p-value <0.05. By doing so, 15 unique miRNAs were added to the analysis. Figure 3A summarize the set of DE mRNAs and miRNAs obtained per comparison with the considerations indicated above.




Figure 3 | Differential Expression Analysis Overview. (A) Venn diagram resulting from the DE mRNAs and DE miRNAs in the conditions comparisons with a specified threshold. Orange, blue, and yellow represent the DE mRNAs in P-MCTS, Q-MCTS and monoculture conditions respectively. (B) Venn diagram resulting from the DE metabolic mRNAs subset and DE miRNAs after the target prediction with paired information using miRGate.



In order to disentangle the metabolic rewiring accomplished by miRNAs, we carried out a filter within the DE mRNAs to just obtain the subset of mRNAs that codify for metabolic machinery. This last analysis was accomplished by using the KEGG metabolic pathways gene set (34). Subsequently, miRGate was used to characterize in silico potential regulatory interactions between the DE metabolic mRNAs and the miRNAs. As a result of this bioinformatic analysis, 32 mRNAs and 24 miRNAs were selected as miRNA-RNAs interactions obtained with the considerations described in the miRNAs target prediction for metabolic mRNAs section. To dissect which of these miRNAs-mRNAs regulatory interactions between miRNAs and metabolic mRNAs are unique or shared across the cultured conditions, we visually recap their comparison in Figure 3B. As shown in this last figure, the numerical distribution and percentage of miRNA and their predicted DE mRNA targets shared and specific for each condition are shown in Figure 3B. In the next section, we present an in-deep analysis over these pairs of miRNAs-mRNA interactions and its possible functional consequences.



Metabolic mRNAs-miRNAs Pairs Functions

In the previous section, we identified a set of 24 miRNAs and 32 mRNAs that could have a regulatory effect in the metabolic pathways for the three comparisons. Based on this set of 24 miRNAs and 32 mRNAs, in this section we explored their pattern of expression and their possible influence on signaling and metabolic pathways for each pairwise condition, see Tables 1–3. In general terms, miRNA-mRNA pairs could influence different signaling and metabolic pathways, obtained as described in miRNAs Target Prediction for Metabolic mRNAs section. For instance, in the comparison between Q-MCTS and P-MCTS, we observed an upregulation of mRNAs in fatty acids and lipid metabolism. Also, we noted a downregulation of the biosynthesis of amino acids. Furthermore, mRNAs participating in glycolysis, oxidative phosphorylation, and glycan metabolism do not show a particular preference for a comparison due to the disparity in the pathway usage (Table 1). Comparative analysis between Q-MCTS and monoculture showed an up-regulation in mRNAs participating in lipid metabolism, particularly the glycerophospholipid metabolism. Notably, although we had a different set of DE mRNAs in each condition, we observed that mRNAs in glycerophospholipid metabolism remain up-regulated in Q-MCTS with respect to all comparisons.


Table 1 | Pathways affected by the mRNA-miRNA pairs for the comparison between Q-MCTS and P-MCTS.



Among the exclusive overexpressed pathways in monoculture, we stand out the inositol phosphate metabolism, purine metabolism, glycosaminoglycan metabolism, and pathways such as calcium and sphingolipid signaling pathways. The carbon metabolism for this comparison also showed differences in pathway usage (Table 2). Finally, the comparison between P-MCTS and monoculture showed a preference for the biosynthesis and degradation of the amino acids, the inositol metabolism, and glycerophospholipid metabolism in P-MCTS. The monoculture condition does not show a particular pathway usage for this comparison; however there is an overexpression in GFPT2, suggesting a UDP sugar metabolism preference (Table 3).


Table 2 | Pathways affected by the mRNA-miRNA pairs for the comparison between Q-MCTS and monoculture.




Table 3 | Pathways affected by the mRNA-miRNA pairs for the comparison between P-MCTS and monoculture.





Functional Analysis

To obtain a global perspective in the pathways usage in the whole mRNA data, we accomplished a gene set enrichment analysis over all the samples together. To this end, we applied an Over Representation Analysis (ORA) and selected those pathways with an FDR ≤0.05. This primary study allowed us to identify pathways that change over all the samples. Interestingly the enrichment suggested pathways involved in the spliceosome, cell cycle, proteolysis, protein processing, RNA transport, carcinogenesis, thermogenesis, endocytosis, and metabolic pathways (Figure 4A). The results recapitulate pathways according to the selection of the samples, such as the cell cycle. However, this method did not allow us to distinguish in which condition the pathway was over-represented. Thus, we use a complementary approach to achieve a more specific insight into the pathways usage between comparisons. We carried out a GSEA using different datasets for all pairwise comparisons. Figures 4B–D depicts some of the main enrichment pathways defined in the KEGG database. In general terms, we noted that most overrepresented pathways lead to abnormal immune responses, metabolic rewiring, cell division, subversion of cellular signaling pathways, and DNA replication and repair. When comparing Q-MCTS vs. P-MCTS, we observed an up-regulation of mRNAs in inflammatory responses and immune suppression and a downregulation of steroid biosynthesis, cell division, and DNA replication and repair (Figure 4B).




Figure 4 | Pathway Enrichment Analysis. Statistical evaluation of the fraction of mRNAs in a particular pathway found in the DE mRNAs across comparisons and in the whole dataset. (A) Over-representation analysis. (B) GSEA. Comparison between Q-MCTS and P-MCTS. (C) GSEA. Comparison between Q-MCTS, and monoculture. (D) GSEA. Comparison between P-MCTS and monoculture. Orange, magenta, green and light blue bars show statistically enriched pathways for all data, Q-MCTS, P-MCTS, and monoculture, respectively.



Comparative analysis between Q-MCTS and monoculture showed an up-regulation in mRNAs participating in steroid biosynthesis, glycerolipid metabolism and pathways involved in abnormal immune responses, and a downregulation of ascorbate, aldarate and drug metabolism, cell division, and DNA replication and repair (Figure 4C). Taking these results together, we noticed that the enriched pathways for the proliferative-like culture methods (P-MCTS and monoculture) are very similar when compared to Q-MCTS. Besides, Q-MCTS maintains the enrichment in pathways involved in abnormal immune responses. Finally, the comparison between P-MCTS and monoculture showed an up-regulation in mRNAs participating in arginine and proline metabolism and a downregulation in the immune responses and the cellular signaling pathways (Figure 4D).





Discussion

This study investigated the possible regulatory interactions between miRNAs and its metabolic mRNAs targets in the human breast cancer cell line MCF7. This aim was particularly carried out by applying and analyzing simultaneously RNA-seq and small RNA-Seq of MCTS and monoculture. As a result, two main findings can be highlighted. First, we provide new insights into the regulatory mechanism by which miRNAs modulate metabolic mRNAs to sustain cancer MCTS. Second, we have accomplished an in-depth bioinformatics analysis to characterize these miRNA regulations, and evaluate their consequences over pathways sustaining phenotype in Q-MCTS, P-MCTS, and monoculture conditions. In the following, we discuss and draw some conclusions for each pairwise culture comparison.


Q-MCTS vs. P-MCTS Comparison

The comparison between Q-MCTS and P-MCTS reveals that Q-MCTS primarily have low expression in miRNAs that control the lipid metabolism and hexokinase 2 (HK2), setting a high preference for glycerophospholipid and glycolytic metabolism usage. On the other hand, P-MCTS down-regulates some miRNAs that control the biosynthesis of amino acids and oxidative phosphorylation through the targeting of NDUFB6 mRNA (Table 1). These results agreed with previous observations dealing with miRNAs and cancer cell metabolism. For instance, HK2 is the first rate-limiting enzyme of glycolysis, and its activity has been predicted to be regulated by multiple miRNAs including the confirmed negative regulation by miR-143 in breast cancer cell lines (12). Here, we suggested a new regulatory interaction in HK2 mRNA mainly carried out by miR-3143 and preferently activated in P-MCTS when compared with Q-MCTS (Figure 5A).




Figure 5 | Schematic illustration of altered metabolic pathways. Global metabolic prospect with the miRNAs involvement. (A) Q-MCTS and P-MCTS comparison. (B) Q-MCTS and Monoculture comparison. (C) P-MCTS and Monoculture comparison. The block arrows indicated in brown, blue, and pink show the inhibition in the metabolic pathway for Q-MCT, P-MCTS, and Monoculture, respectively.



In addition to the carbon metabolism, differences in the amino acid and lipid metabolism have been reported before and consistently observed in this study, see Figure 5A Lipids are essential biosynthesis molecules for organelles and cells. The disturbance in lipid metabolism guided by miRNA regulation is a particular feature of cancer metabolism (35–37). Here, we propose that miR-7974 and miR-181a-5p regulate a set of mRNAs implicated in the lipid metabolism, predominantly the glycerophospholipid metabolism. These miRNAs are downregulated in Q-MCTS suggesting that the lipid metabolism remains active. Meanwhile the lipid metabolism is downregulated in P-MCTS by the list of miRNAs mentioned in Table 1. Moreover, cancer cells have an increased demand for amino acids to meet their rapid biosynthesis of proteins, nucleotides and lipids, redox homeostasis, and energy metabolism. There is evidence that miRNAs regulate amino acid catabolism in kidney cancer (38). In our study, we observed that the low expression of miRNAs regulating GLUL and PGAM1 mRNAs in P-MCTS assists their rapid proliferation, maintaining a high expression in these mRNAs to conserve the serine and glutamine pools. In Q-MCTS, the over-expression of miR-663a and miR-1184 can downregulate the amino acid metabolism to mainly depend only on a glycolytic and lipid metabolism (Figure 5A).

Regarding the oxidative phosphorylation findings, the overexpression of ATP6V1C1 in Q-MCTS, while in P-MCTS this mRNA is downregulated by miR-15a-5p. The ATP6V1C1 gene encodes a component of vacuolar ATPase (V-ATPase). The V-ATPase complex is located at the plasma membrane and plays an important role in tumor growth and metastasis by the increment in H+ secretion, granting tumor cells to survive in hypoxic conditions and the consequent acidic tumor microenvironment (39). Also, in a mouse breast cancer model was shown that the Atp6v1c1 knockdown reduced invasion and migration (40). Based on these facts, we suggest that the rewiring of the metabolic program in Q-MCTS is due to the hypoxic conditions within the MCTS that aid in acquiring a metastatic phenotype in the quiescent subpopulation, unlike of its proliferative counterpart (Figure 5A).

Finally, we found that the dependence in the N-Glycan metabolism is guided by two mRNAs: STT3B and MGAT5. The expression of these mRNAs show an inverse regulatory phenotype. While STT3B mRNA is mainly down-regulated in P-MCTS by a group of miRNAs (miR-3143, miR-671-5p, and miR-454-3p), MGAT5 mRNA is down-regulated in Q-MCTS by miR-1184. The branching of the N-Glycans is implicated in the regulation of surface levels of glycoproteins such as the epidermal growth factor (EGF) and transforming growth factor-ß (TGF-β) receptors. Also, the ablation of MGAT5 mRNA in tumor cells leads to less metastatic and less responsive to cytokines phenotype (41), and STT3B participates in the epithelial-mesenchymal transition (EMT) in cancer cells (42). For these reasons, we suggested that in Q-MCTS and P-MCTS the metastatic potential could exist, no matter the metabolic profile (Figure 5A).



Q-MCTS vs Monoculture Comparison

The comparison between Q-MCTS and monoculture reveal that Q-MCTS primarily has low expression in some miRNAs that control the glycerophospholipid biosynthesis and the glycolytic metabolism, suggesting a high preference for these metabolic pathways. On the other hand, monoculture down-regulates miRNAs regulating purine metabolism, inositol metabolism, sphingolipid metabolism, and glycosaminoglycan biosynthesis (Table 2). The obtained results showed that the down-regulation in the glycolytic metabolism, mainly in HK2 is in agreement with previous cancer metabolism reports. Here, we suggested a new regulation carried out by miR-362-5p on HK2, which is intensified in monoculture and diminished in Q-MCTS (Figure 5B). Intriguingly, the down-regulation of HK2, is a frequent feature for the proliferative-like models (P-MCTS and Monoculture), although it is guided by different miRNAs depending on the culture method. These results supply additional evidence pointing out that the Q-MCTS depends on a glycolytic metabolism.

Additionally, the results showed an overexpression of mRNAs of the purine metabolism in the monoculture. We also suggested that this pathway is controlled by miR-3648, miR-663b, and miR193a-5p targeting ADA, AMPD2, and HPRT1, respectively in Q-MCTS (Figure 5B). The purines are essential components for RNA and DNA production and provide the cofactors and energy to support cell survival and proliferation (43). In concordance with our findings, the pathway usage correlates with the high proliferative rate seen by immunophenotyping with Ki67 (Figure S2), suggesting its essential role in monoculture.

On the other hand, fructose and mannose metabolism seems to have significant changes between these conditions. Based on our analysis, we concluded that these pathways can be altered by two mRNAs: KHK and GMPPB. The expression of these mRNAs shows an inverse phenotype: while KHK upregulates its expression, GMPPB downregulates its expression. This contrary behavior leads to an unclear pathway usage. In Q-MCTS, we found that KHK mRNA is mainly down-regulated by miR-3652, and GMPPB mRNA is down-regulated in monoculture by miR-1226-3p. This pathway could fuel the pentose phosphate flux and protein synthesis, indirectly increasing tumor growth (44). Also, there is experimental evidence indicating that fructose can be used by breast cancer cells specifically in glucose-deficiency environments (45) and the upregulation of KHK correlates with tumor malignancy and progression (46). Moreover, GMPPB overexpression is associated with a favorable prognostic value in endometrial cancer (47). Overall, we concluded that individual participation of these mRNAs may lead to a more severe phenotype for the monoculture model.

As discussed earlier, we observed a frequent disturbance in lipid metabolism through all comparisons. This metabolic preference remains in the comparison between Q-MCTS vs monoculture. Specifically, the glycerophospholipid metabolism is overexpressed in Q-MCTS. Based on our bioinformatics analysis, a possible explanation can be given due to the regulation on two miRNAs. We suggest that miR-501-5p down-regulates PLD3 and miR-7974 down-regulates DGKG and PLA2G3 in monoculture. Furthermore, CERS6 participating in the sphingolipid metabolism is overexpressed in monoculture, and is down-regulated by miR-3929 in Q-MCTS, see Figure 5B. Together these results showed that there is no particular usage for the lipid metabolism in general. However, the lipid categories can be exclusive to a cell cycle phase, for instance, the glycerophospholipid metabolism being constantly overexpressed in Q-MCTS.

Finally, the down-regulation of Glycosaminoglycan metabolism in Q-MCTS is accomplished through the regulation of miR-3652 over NDST1 and XYLT2. Conversely, in monoculture, these two mRNAs are overexpressed. Another result indicates that the inositol metabolism is up-regulated in monoculture, whereas in Q-MCTS this pathway is down-regulated by miR-663b, miR-3929, miR-3648, and miR-663a. Remarkably, both metabolic pathways are used to fuel signaling processes. In fact, glycosaminoglycans are part of the extracellular matrix (ECM), which conducted interactions with growth factors and cytokines implicated in cancer growth and progression, mainly signaling cascades responsible for regulating angiogenesis, invasion, and metastasis (48). Also, the mRNAs involved in the inositol metabolism can sustain the PI3K-dependent signaling pathways, promoting tumor growth and invasiveness (49). The up-regulation in monoculture for both metabolic pathways suggests that this preference is followed by the high proliferation rates observed, especially in this culture model.



P-MCTS vs Monoculture Comparison

The comparison between P-MCTS and monoculture reveals that P-MCTS primarily has low expression in miRNAs that control the biosynthesis of amino acids, inositol, valine, leucine, isoleucine, and lipid metabolism. For instance, we found that the monoculture solely down-regulates miR-492, which in turn regulates GFPT2, a mRNA participating in amino and nucleotide sugar metabolism (Table 3). The phenotype in this metabolic pathway is mainly influenced by two mRNAs: GFPT2 and GMPPB. The expression of these mRNAs shows an inverse phenotype. While one upregulates, the other downregulates its expression. In P-MCTS, GFPT2 mRNA is mainly down-regulated by miR-492, and GMPPB mRNA is down-regulated in monoculture by miR-940, miR4721, and miR-1226-3p. The abundance of the nucleotide pools limits the cancer proliferative capacity (50), suggesting that both models require this pathway to maintain their proliferative capacity, regardless of the pathway regulation.

Additionally, the comparative analysis showed an overexpression of mRNAs involved in the lipid metabolism in the P-MCTS. Mainly, the glycerolipid and glycerophospholipid metabolism are a consistent result across all comparisons, showing a preference in the MCTS models (Q-MCTS and P-MCTS). However, in monoculture this pathway is down-regulated by miR-429 targeting DGAT2, LPIN1, and miR-26a-5p targeting PCYT1A (Figure 5C). These results correlated with the fact that the highest levels in lipid profiles are found in the most aggressive breast tumors (51), suggesting that the lipid metabolism can promote malignancy in the MCTS models, despite the differences in the proliferation rates.

Likewise, our analysis showed an overexpression in the biosynthesis and degradation of amino acid in P-MCTS. Additionally, in monoculture, we suggested that the amino acid biosynthesis is down-regulated by miR-320c and miR-940 targeting PRPS1 and PYCR1, respectively. Also, the amino acid degradation is down-regulated by miR-320c targeting HMGCS1, and ACADSB is down-regulated by a set of miRNAs; miR-19a-3p, miR454-3p, and miR-1226-3p (Figure 5C). These results agree with a proteome study in 3D cancer cultures (52), which suggest that spheroid cultures rely on amino acid utilization.

Finally, the overexpression in the inositol metabolism is accompanied by the up-regulation of PLCB4 and INPP5J in P-MCTS. Conversely, in monoculture, this pathway is down-regulated by miR-454-3p and miR-940, targeting these two mRNAs. These results suggest that this pathway and their corresponding fueled signaling pathways, such as PI3K, may be upregulated in the MCTS model.



Altered Signaling Pathways

Our analysis mainly focused on metabolic alterations; however, other pathways presented significant perturbations to explore more deeply. For instance, we found that pathways associated with cell division, DNA replication and repair are enriched in the proliferative-like models (P-MCTS and Monoculture). As we expected, these results are in agreement with the demands for sustaining a rapid proliferation. Complementary, inflammatory responses and immune suppression are enriched pathways for the Q-MCTS (Figure 4). Furthermore, our analysis makes evidence that Q-MCTS phenotype points to the overrepresentation in inflammatory cytokines, which have a key role in cancer progression via the stimulation of the epithelial-to-mesenchymal transition, and augmentation of metastasis in cancer (53). Another important and recurrent result is the overrepresentation of the ferroptosis. This pathway is characterized by iron-dependent accumulation of reactive oxygen species (ROS) within the cell, leading to cell death. Therefore, activation of ferroptosis derives in a selective elimination of some tumor cells (54). Together, these results suggest that the Q-MCTS can selectively enhance an invasive phenotype. As a whole, these observations mirror an orchestrated response to integrate the cancer phenotype, and it is in agreement with the fact that different tumor clonal subpopulations can diversify their task to maintain their growth and malignancy (14).



Outlook

Metabolic reprogramming plays an essential role in tumor development and metastasis. Besides, targeting cancer metabolism remains a great promise in developing anti-cancer therapies. As we propose here, several miRNAs may be controlling various metabolic pathways during MCTS progression. Although the model used in this study has limitations and the suggested interactions require subsequent experimental validation, we postulate the presence of new miRNAs-mRNA interactions that can modulate the metabolic landscape in the different cell populations that coexist during MCTS growth. In this context, other reports showed that miRNAs deregulation does not alter the growth in normal cells, but it has a reduction in the growth of cancer cells (55–57). Although the progress in the effectiveness of miRNAs/anti-miRs delivery in vivo is still a major obstacle in clinics, our results highlight the miRNAs associated with metabolic changes in breast cancer as possible markers in peripheral blood since they are less labile than mRNAs and as therapeutic targets in cancer. Likewise, many functional activities of miRNAs and targets are unknown during tumor progression, so it is important to study them to understand how tumor cells propitiate its phenotype. Hopefully, our approaches and findings can be useful to verify experimentally these microRNA-mRNA interactions and explore their pragmatic implications for developing more effective cancer treatments that will target metabolic alteration within tumor subpopulations.
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Iron is one of the essential trace elements in the human body. An increasing amount of evidence indicates that the imbalance of iron metabolism is related to the occurrence and development of cancer. Here, we obtained the gene expression and clinical data of sarcoma patients from TCGA and the GEO database. The prognostic value of iron metabolism-related genes (IMRGs) in patients with sarcoma and the relationship between these genes and the immune microenvironment were studied by comprehensive bioinformatics analyses. Two signatures based on IMRGs were generated for the overall survival (OS) and disease-free survival (DFS) of sarcoma patients. At 3, 5, and 7 years, the areas under the curve (AUCs) of the OS signature were 0.708, 0.713, and 0.688, respectively. The AUCs of the DFS signature at 3, 5, and 7 years were 0.717, 0.689, and 0.702, respectively. Kaplan–Meier survival analysis indicated that the prognosis of high-risk patients was worse than that of low-risk patients. In addition, immunological analysis showed that there were different patterns of immune cell infiltration among patients in different clusters. Finally, we constructed two nomograms that can be used to predict the OS and DFS of sarcoma patients. The C-index was 0.766 (95% CI: 0.697–0.835) and 0.763 (95% CI: 0.706–0.820) for the OS and DFS nomograms, respectively. Both the ROC curves and the calibration plots showed that the two nomograms have good predictive performance. In summary, we constructed two IMRG-based prognostic models that can effectively predict the OS and DFS of sarcoma patients.
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Introduction

Sarcomas are extremely rare malignancies of mesenchymal origin with high heterogeneity, and they account for approximately 1% of adult malignancies (1). It is estimated that the total incidence of sarcomas in EU countries is 5.6 per 100,000 (2). At present, more than 70 histological subtypes of sarcoma have been identified, and they can occur in different anatomical locations. Sarcomas can be divided into two categories: soft tissue sarcoma (STS), which accounts for 80% of sarcomas, and osteosarcoma (3). Due to the characteristics of aggressive growth and a high risk of metastasis, the prognosis of sarcoma patients is unsatisfactory (4). Consequently, it is vital to develop new biomarkers for accurately predicting the prognosis of sarcoma patients.

Iron is an essential element for cells to maintain normal function and homeostasis. The imbalance of iron metabolism is closely related to the occurrence, development and metastasis of tumors (5–7). Notably, iron metabolism has dual effects in tumor cells. On the one hand, the proliferation of tumor cells is more dependent on iron than that of normal cells, a phenomenon known as iron addiction (8). On the other hand, increased iron concentrations cause cell death through the accumulation of reactive oxygen species (ROS) and lipid peroxidation products, termed ferroptosis (9, 10). Ferroptosis is a new type of programmed cell death that is different from apoptosis, cell necrosis, and autophagy (11). As emerging anticancer pathways have been studied, a variety of ferroptosis inducers have been developed for the treatment of cancer (12, 13).

In the present study, we conducted extensive analysis based on transcript and clinical data obtained from The Cancer Genome Atlas (TCGA) and the Gene Expression Omnibus (GEO) database. We applied consensus clustering analysis, least absolute shrinkage and selection operator (LASSO) regression analysis, and Cox regression analysis to develop two prognostic iron metabolism-related gene (IMRG) signatures. To further explore the potential relationship between IMRGs and clinicopathological data, we developed two clinical IMRG nomograms to predict the prognosis of and to suggest therapeutic targets for sarcoma patients.



Materials and Methods


Data Sources

Seventy IMRGs were collected from the published literature. RNA-seq transcriptome and clinical data sets were obtained from TCGA (https://portal.gdc.cancer.gov/). Patients with unclear survival time, survival status, and clinicopathological characteristics were excluded. Additionally, the gene expression profile and clinical data of the two independent cohorts, GSE17674 and GSE30929, were obtained from the GEO database (https://www.ncbi.nlm.nih.gov/geo/) as the external validation cohorts. Among them, the GSE17674 cohort was used to verify the overall survival (OS) signature, while the GSE30929 cohort was used to validate the disease-free survival (DFS) signature. All data were collected on 18 April 2020.



Comprehensive Analyses of Iron Metabolism-Related Gene-Based Clusters in Sarcoma Patients

Based on the expression pattern of IMRGs, 259 patients with sarcoma were classified as unsupervised by the “ConensusClusterPlus” software package, and unbiased and unsupervised outcomes were obtained. Second, using the “limma” software package, the accuracy of the clustering results was verified by principal component analysis (PCA). The survival software package was used to analyze the difference in DFS in different clusters of sarcoma. To further explore the difference in the tumor microenvironment (TME) among different clusters based on the above tumor classification, by performing ESTIMATE and CIBERSORT in R, the TME scores and the fraction of 21 types of immune cells were determined. The differences in prognosis, TME score, and immune cells were assessed using the Wilcoxon rank-sum test or the Kruskal–Wallis test.



Construction and Validation of Iron Metabolism-Related Gene Signature

To identify the prognostic IMRGs, using the R software package “survival”, we first performed univariate Cox regression analysis and then used the machine learning algorithm LASSO regression analysis to further eliminate overfitting. Finally, the genes that can be used as independent prognostic factors of OS and DFS were screened by multivariate Cox regression analysis, and their regression coefficients (β) were calculated. The risk score of each sample was calculated, and the formula was as follows:

	

Subsequently, all patients were divided into high-risk and low-risk groups based on the median risk score. The Kaplan–Meier method was performed to compare the survival difference between two risk subgroups. The prediction accuracy of the multi-gene signature was assessed by receiver operating characteristic (ROC) analysis.

In addition, to ensure the stability of the two prognostic signatures, we calculated the risk score of patients in two validation cohorts. The Kaplan–Meier survival curve and survival ROC curve were developed to show the predictive ability of prognostic signatures in the validation cohorts.



Establishment of a Clinical Iron Metabolism-Related Gene Nomogram for Sarcoma Patients

Nomograms are a visual clinical predictive model tool that is widely used to evaluate the prognosis of cancer patients. Therefore, we developed a nomogram based on the prognostic signature of IMRGs and clinicopathological data to predict the prognosis of patients with sarcoma. First, we performed univariate Cox regression analysis to evaluate the prognostic value of polygenic signatures and clinicopathological features. Multivariate Cox regression analysis was used to further determine the independent prognostic factors. Afterward, two nomograms were established by the “rms” package for predicting OS and DFS. Finally, the C-index, and calibration plot were constructed to estimate the accuracy and consistency of the prognostic models.



Statistical Analysis

SPSS 21.0 (SPSS Inc., Chicago, IL, USA) and R software (version 3.6.1) were used for all statistical analyses. Univariate and multivariate Cox regression analyses, ROC curve analysis and K–M survival analysis were performed by R software and the corresponding R packages. The continuous data are expressed as the mean ± standard deviation (SD). The Wilcoxon test was used for comparisons between the two groups, and the Kruskal–Wallis test was used for comparisons of prognoses between groups. Except for the special instructions, all statistical tests were two-tailed, and a P <0.05 was considered to be statistically significant.




Results


Overview of Survival Data of Sarcoma Patients

According to the aforementioned criteria, 259 patients with primary sarcoma participated in this study, including 118 males and 141 females. The mean age was 60.71 ± 14.59. A total of 231 patients with DFS data were used to study DFS-related genes, including 108 males and 123 females, and the mean age was 60.09 ± 14.65. The demographic and clinicopathological data included in the sample are shown in Supplementary File 1.



Iron Metabolism-Related Gene-Based Clusters Were Significantly Associated With Immune Function

To gain insight into the molecular heterogeneity of STS and explore whether IMRGs presented discernible patterns in sarcoma, we performed unsupervised consensus analysis of all samples. The result of k = 3 seemed to be more accurate, which could divide all samples into three groups with less correlation between groups (Figures 1A–D). Next, we performed PCA to further show the effect of distinction on the transcriptional profile between cluster 1, cluster 2, and cluster 3 (Figure 1E). To explore whether there was a correlation between the clustering result and clinical outcome, we compared the DFS among the three clusters of patients via the Kaplan–Meier analysis. The results showed that patients in the cluster 3 subgroup had shorter DFS (p = 0.044) than the other two clusters (Figure 1F).




Figure 1 | Tumor classification and verification based on IMRGs. (A–D) Unsupervised clustering of all samples based on the IMRGs. (E) PCA based on clustering results. (F) Kaplan–Meier survival analysis of DFS in different subgroups. IMRGs, iron metabolism-related genes; PCA, principal component analysis; DFS, disease-free survival.



To investigate whether there was a difference in the TME between different clusters, we employed the Kruskal–Wallis test to compare the scores related to the TME between the three clusters (Figure 2A). As the results showed, the three clusters showed significant differences in the scores of the three TMEs, including stromal (p < 0.001), immune (p < 0.001), and ESTIMATE (p < 0.001) microenvironments. In addition, we compared the differences in tumor mutation burden (TMB) between different clusters. The results showed a significant difference in TMB (p = 0.011), and cluster 3 had the highest TMB compared with the other clusters (Figure 2B). To assess the correlation between IMRGs and additional immune infiltration characteristics, we compared the levels of 21 types of immune cells among the three clusters (Figure 2C). The results revealed that the expression levels of naive B cells, memory B cells, resting memory CD4 T cells, activated memory CD4 T cells, delta gamma T cells, activated NK cells, monocytes, M0 macrophages, M1 macrophages, M2 macrophages, resting dendritic cells, activated dendritic cells and resting mast cells were significantly different among the three clusters.




Figure 2 | Comparison of the TME among different clusters. (A) The Kruskal–Wallis test was used to compare the TME-related scores between the three clusters. (B) Comparison of TMB among three clusters. (C) Comparison of 21 immune cells between the three clusters. TME, tumor microenvironment; TMB, tumor mutation burden.





Construction and Validation of an Iron Metabolism-Related Gene Signature for Overall Survival

To explore the prognostic role of IMRGs in sarcomas, we first performed univariate Cox regression analysis to identify genes associated with OS in the training set (Figure 3A). Nine IMRGs were selected. Then, we performed LASSO regression analysis and stepwise multivariate Cox regression analysis to establish an optimal multigene prognostic signature for OS, which was composed of ABCB7, NCOA4, SFXN1, SLC25A28, and SLC48A1 (Figures S1A, B, Figure 3B and Supplementary File 2). The risk coefficients generated by the multivariate Cox regression analysis were used to calculate the risk score of each patient in the training and validation sets. The formula for calculating the risk scores was as follows:




Figure 3 | Forest plots of IMRG hazard ratios of prognosis-associated IMRGs in sarcoma patients. (A, B) Univariate and multivariate Cox analysis results of OS-related IMRGs. (C, D) Univariate and multivariate Cox analysis results of DFS-related IMRGs. OS, Overall survival; DFS, disease-free survival; IMRGs, iron metabolism-related genes.





Based on the median risk scores, the patients in the training and validation sets were divided into high and low groups. To determine whether the multigene signature can accurately predict the prognosis of patients with sarcomas, the Kaplan–Meier method was conducted (Figures 4A, C). The results demonstrated that patients in the high-risk group had lower OS than patients in the low-risk group (p < 0.001), consistent with the results obtained in the validation set (p < 0.001). The AUCs for 3-, 5- and 7-year OS shown by ROC analysis reached 0.708, 0.713, and 0.688 in the training cohort and 0.722, 0.735, and 0.700 in the validation cohort, respectively (Figures 4B, D). These results revealed that the prognostic signature for OS could effectively screen out high-risk sarcoma patients with relatively worse OS.




Figure 4 | Establishment and validation of a prognostic model related to OS based on IMGRs. (A) The survival curve shows that the OS status of high-risk and low-risk patients in the training cohort is different. (B) Receiver operating characteristic curve of the prognostic signature in the training cohort. (C) The survival curve shows that the OS status of high-risk and low-risk patients in the validation cohort is different. (D) Receiver operating characteristic curves of the prognostic signature in the validation cohort. OS, Overall survival; IMRGs, iron metabolism-related genes.





Construction and Validation of an Iron Metabolism-Related Gene Signature for Disease-Free Survival

Considering the importance of DFS in the clinical outcome of patients, we also constructed a prognostic IMRG signature for DFS. After univariate Cox regression analysis, five IMRGs were found to be associated with DFS in sarcoma patients (Figure 3C). After LASSO regression analysis and stepwise multivariate Cox regression analysis (Figures S1C, D, Figure 3D and Supplementary File 3), we finally obtained four IMRGs and established a multigene prognostic signature. Based on the coefficients, the risk score of each patient was calculated, and the formula was as follows:

	

Then, according to the median risk score, all patients in the training cohort and validation cohort were divided into high- and low-risk groups. The Kaplan–Meier analysis showed that patients in the high-risk group had a relatively shorter DFS (p < 0.001). Consistent results were also found in the validation cohort (Figures 5A, C). The AUCs for 3-, 5- and 7-year DFS were 0.717, 0.689, and 0.702 in the training cohort, respectively, and 0.601, 0.661, and 0.664 in the validation cohort, respectively (Figures 5B, D). These results indicated that the multigene prognostic signature for DFS can also accurately predict the clinical outcome of sarcoma patients.




Figure 5 | Establishment and validation of a prognostic model related to DFS based on IMGRs. (A) The survival curve shows that the DFS status of high-risk and low-risk patients in the training cohort is different. (B) Receiver operating characteristic curve of the prognostic signature in the training cohort. (C) The survival curve shows that the DFS status of high-risk and low-risk patients in the validation cohort was different. (D) Receiver operating characteristic curves of the prognostic signature in the validation cohort. DFS, disease-free survival; IMRGs, iron metabolism-related genes.





Development of Nomogram of Patients With Sarcoma Based on OS and DFS

To confirm whether the iron metabolism-related signature for OS was an independent prognostic factor, univariate and multivariate Cox regression analyses were performed (Figures 6A, B). As the results showed, in the univariate Cox regression analysis, risk score, age, metastasis and margin status were significantly associated with the OS of sarcoma patients. Then, risk score, age, metastasis and margin status were identified as independent prognostic factors of sarcomas via multivariate Cox regression analysis. All independent factors were combined to establish a nomogram for predicting the 3-, 5- and 7-year OS (Figure 6C). As shown in Figure 6, the risk score contributes more to the total score than other variables. The 3-, 5-, and 7-year OS rates of patients declined as the total score increased. The C-index reached 0.766 (95% CI: 0.697–0.835). The calibration plots approached 45 degrees (Figure 6D). These results indicated that the nomogram had great performance.




Figure 6 | Nomograms based on the OS-related IMRGs for osteosarcoma patients. (A) Univariate Cox analysis of OS-related variables. (B) Multivariate Cox analysis of OS-related variables. (C) Establish a nomogram to predict the OS of patients. (D) The calibration curve shows that using a nomogram to predict OS is highly consistent with actual OS. OS, Overall survival; IMRGs, iron metabolism-related genes.



To further determine the clinical value of the prognostic signature for DFS, Cox regression analysis was performed (Figures 7A, B). In the univariate Cox analysis, the results showed that metastasis, margin status, and risk score were significantly associated with the DFS of sarcoma patients. Multivariate Cox regression analysis revealed that metastasis, margin status, and risk score can independently predict the DFS of patients with sarcomas. Based on these independent prognostic factors, a nomogram for predicting DFS in sarcoma patients was constructed (Figure 7C), and the C-index reached 0.763 (95% CI: 0.706–0.820). The calibration plots indicated great predictive performance (Figure 7D).




Figure 7 | Nomograms based on DFS-related IMRGs for osteosarcoma patients. (A) Univariate Cox analysis of DFS-related variables. (B) Multivariate Cox analysis of DFS-related variables. (C) Establish a nomogram to predict the DFS of patients. (D) The calibration curve shows that using a nomogram to predict DFS is highly consistent with actual DFS. DFS, disease-free survival; IMRGs, iron metabolism-related genes.






Discussion

Currently, it is widely recognized that the traditional staging system cannot adequately predict the prognosis of cancer patients (14–17). Biomarkers related to tumor diagnosis and prognosis urgently need to be developed. Previous studies have found that iron is highly required at all stages of tumor development (18). Iron metabolism pathways, including processes of uptake-export, storage, and regulation, may be abnormally regulated during cancer progression (19). For example, transferrin receptor 1 (TFR1) is involved in the regulation of iron uptake and cell growth, is abnormally expressed in tumors and is closely related to tumor proliferation and metastasis (20–22). However, current studies mainly focus on the role of iron metabolism in cancer development and treatment and rarely discuss the role of iron metabolism genes in cancer prognosis (23, 24).

In the present study, based the expression pattern of IMRGs, three clusters of sarcoma subgroups were identified by consensus clustering analysis. The results revealed significant differences in DFS, TMB and tumor microenvironment between the three clusters. Cluster 1 patients with lower TMB had a better prognosis than those in the other two clusters. Previous studies have shown that iron plays a critical role in the reprogramming of the TME (18, 25). The TME is abundant with a variety of leukocytes, of which macrophages dominate. The density of M2 phenotype macrophages is correlated with poor prognosis (26). However, M1 phenotype macrophages generally have antitumor properties (27). Our results showed that patients in cluster 1 had the lowest infiltration level of M2 macrophages, while the level of M2 macrophage infiltration in cluster 2 was the same as that in cluster 3, but cluster 2 had the highest infiltration level of M1 macrophages. We speculate that this may be the reason why the prognosis of patients in cluster 2 is better than that in cluster 3. This result seems to be consistent with previous conclusions. M1 macrophages show iron-accumulating properties, while M2 macrophages show iron-releasing properties (28). The possible reason for this difference is that the iron released by M2 macrophages can aggravate abnormal iron metabolism in tumor cells. The mechanism may be related to increased iron export through FPN and increased iron-related proteins (18). Undoubtedly, targeting iron metabolism in M2 macrophages is a promising therapeutic strategy to suppress tumor growth.

Disordered iron metabolism is one of the hallmarks of tumors, and iron metabolism is significantly associated with the prognosis of cancer patients. Therefore, the construction of a novel signature using IMRGs is of great significance to provide new therapeutic targets and improve prognosis in patients with sarcomas. In our work, we performed univariate Cox regression to identify IMRGs related to the clinical outcome of patients with sarcomas. Nine IMRGs were found to be significantly related to the clinical outcome of sarcomas. Finally, LASSO regression analysis and multivariate Cox regression analysis were conducted, and five IMRGs (ABCB7, NCAO4, SFXN1, SLC25A28, SLC48A1) were included in the risk scoring model for predicting OS. ABCB7 is a mitochondrial iron transporter, and the expression of ABCB7 is associated with the prognosis of glioma patients. The loss of ABCB7 not only reduces the invasiveness of tumor cells but also results in cell death through dysregulated intracellular iron circulation and mitochondrial ROS generation (29). NCAO4 is a selective cargo receptor that mediates the autophagic degradation of ferritin (30). In prostate cancer, NCOA4α acts as a tumor suppressor, while NCOA4β expression is correlated with proliferation and invasion (31). The SFXN1 gene is associated with mitochondrial function and iron transport. The latest findings indicate that SFXN1 is a mitochondrial serine transporter required for one-carbon metabolism. Because a crowd of malignancies depends on the one-carbon units produced from serine for rapid proliferation and SFXN1 is expressed in many cancers, SFXN1 may play a special role in the proliferation of cancer (32). The SLC48A1 gene encodes an iron transporter that appears to transport heme from the endosome into the cytosol. In vivo and in vitro experiments have shown that overexpression of the SLC48A1 gene contributes to increased iron uptake, resulting in increased oxygen consumption and ATP production, which ultimately promotes the proliferation of NSCLC (33). The SLC25A28 gene encodes a mitochondrial iron uptake transporter (Mfrn2), which participates in As2O3-induced cell killing in glioma (34). Combined with these studies, we assumed that the iron metabolism-related signature for OS can accurately predict the clinical outcome of sarcoma patients. Subsequent research further confirmed that the multigene signature for OS is an independent prognostic factor for patients with sarcomas. Risk stratification by risk score showed that patients in the high-risk subgroup had a shorter OS than those in the low-risk subgroup. The good predictive performance of the multigene signature for OS we constructed was shown through the validation of the training set and validation set.

In addition, we also established a multigene signature for DFS using IMRGs (NCOA4, ISCU, SLC25A37, SLC48A1) and validated it through a training set and validation set. The multigene signature for DFS can independently and precisely predict the prognosis of sarcoma patients. The role of ISCU is to catalyze the assembly of iron-sulfur clusters, which are essential for the function of aconitase (a member of the tricarboxylic acid cycle) and mitochondrial ETC complexes I, II and III. In addition, the high expression of ISCU is related to the good prognosis of many kinds of tumors (35). The degradation of SLC25A37 can be mediated by the PINK1-PARK2 pathway to increase the accumulation of iron in mitochondria, which leads to the activation of the inflammasome in tumor cells. In patients with pancreatic cancer, the high expression of SLC25A37 is associated with poor prognosis (36, 37). Interestingly, NCOA4 and SLC48A1 are also included in the multigene signature for DFS, which implies that these two genes may play a more important role in the progression of sarcomas. Based on existing reports, the mechanism of these two genes in sarcoma is still unclear and requires follow-up research for further exploration. Our research is the first to use a large database to establish two signatures related to iron metabolism for predicting the prognosis of sarcoma patients, which undoubtedly provides a new treatment strategy for the treatment of sarcoma patients.

Last, our research also has some limitations. First, this is a retrospective study, so there may be biases in the selection of variables, resulting in a loss of data accuracy. Second, the prediction model constructed in this study is based on the estimation of the survival function after comprehensive analysis of various influencing factors on the premise of big data analysis. However, the prediction of OS and DFS of patients is restricted by the current medical level, so it is suggested that the prediction model constructed in this study should be included in future clinical trials, and further prospective verification has been carried out. Finally, further experimental verification is needed in the future to reveal the potential mechanism of IMRGs in sarcoma.



Conclusion

In summary, our research systematically demonstrated that IMRGs were significantly associated with the TME. Then, we constructed two multigene prognostic signatures for OS and DFS that can both accurately predict the prognosis of sarcoma patients and provide new treatment strategies for sarcomas.
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Purpose: We focused on immune-related genes (IRGs) derived from transcriptomic studies, which had the potential to stratify patients’ prognosis and to establish a risk assessment model in colorectal cancer.

Summary: This article examined our understanding of the molecular pathways associated with intratumoral immune response, which represented a critical step for the implementation of stratification strategies toward the development of personalized immunotherapy of colorectal cancer. More and more evidence shows that IRGs play an important role in tumors. We have used data analysis to screen and identify immune-related molecular biomarkers of colon cancer. We selected 18 immune-related prognostic genes and established models to assess prognostic risks of patients, which can provide recommendations for clinical treatment and follow-up. Colorectal cancer (CRC) is a leading cause of cancer-related death in human. Several studies have investigated whether IRGs and tumor immune microenvironment (TIME) could be indicators of CRC prognoses. This study aimed to develop an improved prognostic signature for CRC based on IRGs to predict overall survival (OS) and provide new therapeutic targets for CRC treatment. Based on the screened IRGs, the Cox regression model was used to build a prediction model based on 18-IRG signature. Cox regression analysis revealed that the 18-IRG signature was an independent prognostic factor for OS in CRC patients. Then, we used the TIMER online database to explore the relationship between the risk scoring model and the infiltration of immune cells, and the results showed that the risk model can reflect the state of TIME to a certain extent. In short, an 18-IRG prognostic signature for predicting CRC patients’ survival was firmly established.

Keywords: colorectal cancer, immune-related gene, immune prognostic signature, TCGA, tumor immune microenvironment


INTRODUCTION

Colorectal cancer (CRC) ranks among the top causes of cancer-related deaths worldwide that endangers human health. The GLOBOCAN data in 2018 released by the International Cancer Research Agency showed that each year there were approximately 1.85 million new CRCs and more than 880,000 deaths worldwide. The morbidity and mortality of CRC rank third and second, respectively, in malignant tumors, in which the morbidity accounts for approximately 10% of the total cancer incidence, and the mortality accounts for 9% of the total deaths due to cancer (Bray et al., 2018). It was predicted that the number of cases will increase by more than 60% in 2030, with 2.2 million new cases and 1.1 million deaths (Arnold et al., 2017). Surgical resection is the main treatment option for CRC patients. With the application and popularity of colonoscopy, early treatment work has been improved. The clinical outcomes of CRC patients in many countries have improved significantly over the past few decades (Atkin et al., 2017). Despite the complete surgical resection, many CRC patients eventually relapsed and developed metastatic disease (Angenete, 2019). In clinical practice, a more effective prognostic evaluation system is urgently needed to provide personalized medicine for CRC patients and improve patient outcomes.

It is noteworthy that after Fearon and Vogelstein proposed the model of CRC genetic basis, researchers have begun to understand the heterogeneity of CRC (Fearon and Vogelstein, 1990). Patients with different genetic backgrounds had different outcomes after receiving the same treatment (Fearon and Vogelstein, 1990). Some researchers believed that it was attributed to immunity-related factors (Becht et al., 2016). As we knew that the immune system plays an important role in the development of a variety of cancers, including CRC (Gentles et al., 2015). A recent study found that immunological data (such as type, density, and location of immune cells in tumor samples) can predict patient survival better than the current histopathological characteristics used for CRC patients (Galon et al., 2006). Immune cells are important parts of the tumor microenvironment and affect the development and metastasis of CRC (Pages et al., 2005). Tumor-infiltrating macrophages and dendritic cells in CRC are related to local regulatory T cells and systemic T-cell responses to tumor-associated antigens and have an impact on patients’ survival (Nagorsen et al., 2007). In addition, studies have shown that immune-related genes (IRGs) in colon cancer are closely related to the occurrence and development of colon cancer. However, there is currently no prognostic model based on IRGs to predict the overall prognosis of CRC patients and systematically assess the immune environment of CRC (Ge et al., 2019). Therefore, constructing an immune-based prognostic model that can effectively predict the prognosis of CRC has a very important clinical application prospect.

In this study, we screened differentially expressed IRGs that are closely related to CRC through bioinformatics analysis of The Cancer Genome Atlas (TCGA). Next, the IRGs that were significantly associated with prognosis were further screened. Differentially expressed tumor-associated transcription factors (TFs) were searched, and a correlation network was constructed to reveal the relationship between TFs regulating immune genes. Then, immune-related prognostic models were constructed by integrating IRGs of CRC. Besides, we verified that the risk model can be used as an effective independent prognostic indicator.



MATERIALS AND METHODS


Patient Data Collection

Colorectal cancer patients (adenocarcinomas) with gene expression profiles and clinical information were obtained from TCGA data portal1. Processed RNA-Seq FPKM data of 398 CRC and 39 adjacent normal tissues were downloaded for further analyses.



IRGs and Cancer-Related Transcription Factors

The comprehensive list of IRGs was downloaded from the Immunology Database and Analysis Portal (ImmPort) database2, which shares immunology data and provides a list of IRGs for cancer researchers (Bhattacharya et al., 2014). The IRGs that actively participated in the immune process were identified. To investigate the regulatory mechanism of IRGs, we extracted cancer-related transcription factors (CRTFs) for subsequent research. The CRTF data were downloaded from the Cistrome Cancer database3, which is a useful database for biomedical and genetic research and includes 318 CRTFs (Mei et al., 2017).



Differential Gene Expression Analysis

To select the IRGs and TFs that contributed to the development and progression of CRC, differentially expressed genes (DEGs) between tumor samples and normal samples were screened using the limma R package. Differential expression analysis was conducted, with an adjusted false discovery rate < 0.05 and | log2(fold change)| > 1 as the thresholds. Differentially expressed IRGs were identified as overlaps between the IRG list and the DEG list. Differentially expressed TFs were identified as overlaps between the TFs list and the DEG list. Heatmaps were generated using the “pheatmap” R package, and volcano plots were also displayed using the “ggplot2” R package.



CRTF-IRG Regulatory Network

In order to evaluate how differentially expressed CRTFs regulate prognosis-related IRGs, we studied the correlation between them. The core method is the Pearson test. The critical standard is set to a correlation coefficient > 0.4, P < 0.001. This step is performed using the Cor. test function in R, and the correlation coefficient and P value are calculated by Cor. test. To make the situation clearer, Cytoscape was used to build a visual regulatory network.



PPI Network Construction and Module Analysis

The PPI network was predicted using an online database search tool STRING4 (Franceschini et al., 2013). Analyzing functional interactions between proteins may provide insights into the mechanisms of CRC development and progression. In this study, prognostic-related PPI networks of IRGs and CRTFs were constructed using the STRING database, and interactions with composite scores > 0.4 were considered statistically significant. Kyoto Encyclopedia of Genes and Genomes signaling pathways and biological functions of genes were analyzed using functional clustering carried by STRING.



Gene Set Enrichment Analysis

Gene Set Enrichment Analysis (GSEA)5 was used to analyze the GO term of the genes that make up the signature.



Construction of the Immune-Related Signature for CRC

To control the quality of the data, after excluding patients who lacked survival information or survived for less than 90 days, 334 samples were subsequently analyzed. Transcriptomic analysis of RNA measured by FPKM values was performed using log2-based conversion. Based on the differentially expressed IRGs, Kaplan–Meier analysis was first performed to screen prognostic immune genes. Then, immune-related prognostic signature (IPS) was constructed by multivariate Cox regression to calculate the risk score for each patient. Risk scores were acquired based on expressions of genes multiplied by a linear combination of regression coefficients obtained from the multivariate Cox regression analysis. P < 0.01 was regarded as significant.



Survival Analysis

According to the optimal cutoff value obtained by the “survminer” R package, CRC patients were classified into low risk and high risk according to their risk scores. To investigate the prognostic value of the prognostic model in CRC patients, univariate Cox analysis was implemented by the “survival” R package and “survminer” R package. A time-dependent receiver operating characteristic (ROC) curve was plotted to assess sensitivity and specificity using the “timeROC” R software package (Heagerty et al., 2000). The area under the curve was calculated from the ROC curve.



Association Analysis Between 18-IRGs and Clinical Parameters

Association analysis of clinical characteristics of 18 key prognostic IRGs in the model was performed using the t test. To transform the data types into binary variables, 398 CRC patients were grouped according to different clinical characteristics. In terms of age, 65 years old was chosen as the cutoff point. The stage was divided into stages I and II and stages III and IV. The T stage was divided into T1–2 and T3–4. M stage was divided into M0 or M1. N stages N0 and N1–2.



TIMER Database Analysis of the Correlation Between Immune-Related Markers and Immune Cell Infiltration

TIMER database6 is a comprehensive resource for systematical analysis of immune infiltrates across different cancer types (Li et al., 2017). The abundance of six immune infiltrates was estimated by the TIMER algorithm (B cells, CD4+ T cells, CD8+ T cells, neutrophils, macrophages, and dendritic cells). We used the TIMER database to analyze the correlation between the prognostic model of CRC patients and six tumor-infiltrating immune cells.



Statistical Analysis

Overall survival (OS) was defined as the main outcome. Univariate cox regression analysis and multivariate cox regression analysis were performed to evaluate the prognostic effect of the immune signature and various clinicopathological features including age, clinical stage, grade, and TNM stage. Statistical analyses were performed using R software (version 3.5.1). The heatmap was generated using the “pheatmap” R package. Unless otherwise specified, a two-sided P < 0.05 was considered statistically significant.



RESULTS


Differentially Expressed IRGs and CRTFs in CRC

Compared with normal tissues, there were 5,938 DEGs in CRC tissues, of which 3,936 were up-regulated and 2,002 were down-regulated in these samples. The difference between tumor tissue and normal tissue can be seen through the heatmap and the volcano map (Figures 1A,B). Compared with normal tissues, a total of 484 IRGs (173 up-regulated and 311 down-regulated) and 71 CRTFs (46 up-regulated and 25 down-regulated) were differentially expressed in CRC tissues. The heatmaps showed that CRC samples can be distinguished from normal samples based on the differentially expressed IRGs and CRTFs (Figures 1C,D). The volcano plots showed the distribution of differentially expressed IRGs and CRTF between CRC samples and normal controls (Figures 1E,F).
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FIGURE 1. Differentially expressed immune-related genes (IRGs) and cancer-related transcription factors (CRTFs) in colorectal cancer (CRC). (A) Heatmap of differentially expressed genes in CRC. The color from green to red represents the progression from low expression to high expression. (B) Volcano plot of differentially expressed genes in CRC. The red dots in the plot represent upregulated genes, and green dots represent downregulated genes with statistical significance. Black dots represent no differentially expressed genes in CRC. (C) Heatmap of significantly differentially expressed IRGs in CRC. (D) Heatmap of significantly differentially expressed cancer-related transcription factors in CRC. The color from green to red represents the progression from low expression to high expression. (E) Volcano plot of differentially expressed IRGs. (F) Volcano plot of differentially expressed cancer-related transcription factors.




Screening of IRGs Related to Significant Prognosis in CRC

To determine the differentially expressed IRGs with prognostic characteristics, the relationship between the expression of 484 IRGs in 398 CRC samples and prognosis were evaluated by univariate Cox analysis. A total of 30 IRGs with prognostic characteristics were found, as shown in Table 1. Figure 2 is a forest plot showing the prognostic IRGs, P values, and hazard ratios. Among the 18 prognostic-related IRGs, CD1B, CXCL3, F2RL1, and IGHG4 are low-risk genes. The higher expression of these genes indicated better prognosis of patients. The other 14 IRGs are high-risk genes, and when their expression increases, the patient’s risk increases. NGF is the gene with the highest risk factor.


TABLE 1. General characteristics of prognostic immune-related genes.
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FIGURE 2. Screening of IRGs related to significant prognosis in CRC. Forest plot showing the prognostic immune-related genes, P values, and hazard ratios. Green dots represent low risk factors, and red dots represent high risk factors.




The Mechanism of Prognosis-Related IRGs and CRTF-IRG Regulatory Network

We explored the potential regulatory mechanisms of 18 prognostic-related IRGs, which may reflect the regulatory mechanisms of these gene sets. We selected 30 prognostic-related IRGs and 71 differential CTRFs for correlation analysis to explore the regulatory mechanism of prognostic-related IRGs. The Cor. test function is used to test the correlation between each CRTF and each IRG. The core method is Pearson test. The correlation coefficient filter is 0.4, and the P value filter is 0.001. The regulatory relationship between these CRTFs and IRGs is revealed in the regulatory network (Figure 3A). As shown in Figure 3A, NR3C1, MYH11, RUNX1, MAF, CCB7, LMO2, FOXP3, and EPAS1 regulate most of the IRGs related to prognosis and dominate the regulation network. This transcriptional regulatory network reveals the regulatory relationship between these IRGs and CRTFs. Table 2 shows the correlation between IRGs and CRTFs after screening. The PPI network of IRGs and CRTFs was constructed, and the most significant module was obtained. The functional analyses of genes involved in this module were analyzed. Enrichment analysis shows that the genes in this module are mainly involved in cell proliferation and metabolic processes (Figure 3B).
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FIGURE 3. The main regulatory network constructed based on prognosis-related IRGs and CRTFs. (A) The main regulatory network was constructed using Cytoscape for visualization. The circulars represent differentially expressed prognostic immune-related genes, and the purple triangles represent prognosis-related cancer-related transcription factors, respectively. The red circulars represent high-risk genes, and the green circulars represent low-risk genes. Red lines represent positive correlations and green lines represent negative correlations. (B) The PPI network was predicted using the Search Tool for the Retrieval of Interacting Genes online database. Analyzing the functional interactions between proteins may provide insights into the mechanisms of generation or development of CRC.



TABLE 2. Correlation between prognostic IRGs and CRTFs.
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Hub Gene Selection and Analysis in CRC

Using Cytohubba in Cytoscape, we filtered 33 hub genes that were identified by filtering according to the criterion of degrees > 10 criteria (each node had more than 10 interactions), and the 10 most central genes in the immune gene regulatory network according to node degree were MAF, A2M, CBX7, MYH11, EPAS1, CXCL12, LMO2, S1PR1, FOXP3, and NR3C1 (Figures 4A,B). Gene Ontology (GO) enrichment analysis of genes in the immune gene regulatory network related to prognosis was conducted to explore which signaling pathways were activated. The analysis of the biological processes (BPs) of the central genes using BiNGO in Cytoscape is shown in Figures 4C,D. GO analysis showed that the changes in the BPs of these genes were significantly enriched in the immune process, cell proliferation, immune organ development, and hemopoiesis. Changes in molecular function were mainly focused on TF activity, cytokine activation, and molecular binding. Afterward, the functional enrichment analysis of the key genes of the IRG set was performed by GSEA. Figure 4E shows that the changes in the BP of these genes are significantly enriched in the immune process, cell proliferation, immune organ development, and hematopoiesis. The results of Kaplan–Meier analysis of these hub genes are in the Supplementary Figure 1.
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FIGURE 4. Interaction network and biological process analysis of the hub genes. (A) Top 10 hub genes screened from the regulatory network. (B) Top 10 hub genes and their first neighbors that are screened from the regulatory network. Hub gene is shown in red to orange on the left. The first neighboring node is shown in blue. The right picture shows the characteristics of the genes in the left picture. The green ones are low-risk genes. The red ones are high-risk genes. The triangles are transcription factors. (C) The biological process analysis of genes in the network was constructed using BiNGO. The color depth of nodes refers to the corrected P value of ontologies. The size of nodes refers to the number of genes that are involved in the ontologies. P < 0.01 was considered statistically significant. (D) The biological process analysis of hub genes was constructed using BiNGO. P < 0.05 was considered statistically significant. (E) Ten-hub-gene enrichment plots from Gene Set Enrichment Analysis (GSEA).




Construction of the Immune-Related Signature for CRC

Multivariate Cox analysis was performed on 30 prognostic IRGs, and 18 genes were finally selected to establish a prognostic model (Table 3). The risk score is based on the gene expression level multiplied by its corresponding regression coefficient. The regression coefficient was calculated by multivariate Cox regression. The risk score is related to not only the expression level of these genes but also the correlation coefficients. The risk score of each patient is the sum of all the 18 risk prognostic genes in Table 3 multiplied by the corresponding risk factors. The 398 CRC samples were then divided into high-risk groups (n = 199) and low-risk groups (n = 199) based on the median risk score (Figure 5A). Survival overview and gene expression heatmaps are presented in Figures 5B,C. Survival analysis showed that the OS of patients in the high-risk group was significantly lower than that in the low-risk group (P < 0.0001; Figure 5D). The 5-year survival rate of the high-risk group was 51.1%, and the 5-year survival rate of the low-risk group was 81.4%. The areas under the ROC curves at 1, 3, and 5 years of OS are 0.811, 0.711, and 0.734, respectively, which indicated that the prognostic model showed good sensitivity and specificity (Figure 5E). In addition, as shown in Supplementary Figure 2, the model after excluding genes with P ≥ 0.05 has advantages in the short-term prognosis (1 year), but the model is not effective in predicting the long-term prognosis.


TABLE 3. Eighteen genes that constitute the immune-related prognostic model and the corresponding risk factors Riskscore = CD1B*(-4.726) + SLC10A2*(0.844) + CXCL3*(-0.019) + NOX4*(-1.253) + FABP4*(0.057) + ADIPOQ*(-0.249) + F2RL1*(-0.027) + PLCG2*(0.499) + IGKV1 - 33*(0.051) + IGLV6 - 57*(0.003) + INHBA*(0.139) + NGF*(0.944) + RETNLB*(0.004) + UCN*(0.468) + VIP*(0.067) + NGFR*(-0.436) + OXTR*(-0.304) + TRDC*(0.267).
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FIGURE 5. Construction of an immune-related prognostic signature for CRC. (A) The risk score distribution of CRC patients in The Cancer Genome Atlas (TCGA) database. (B) Survival status and duration of patients. (C) Heatmap of the expression of 18 immune-related genes in CRC patients. (D) Survival curves for the low-risk and high-risk groups. (E) The receiver operating characteristic curve (ROC) analysis predicted overall survival using the risk score. The forecast time is 1, 3, and 5 years.




Immune-Related Prognostic Signature Was an Independent Predictive Marker of OS for CRC Patients

Three hundred ninety-eight CRC patients with clinical information of age, gender, pathological stage, TNM stage, and risk score were selected for further analysis. Univariate and multivariate Cox regression analyses were performed to assess the independent predictive power of immune-related prognostic markers. Univariate analysis showed that pathological stage (P < 0.001), TNM stage (P < 0.001), and immune-related prognostic risk score (P < 0.001) were significantly correlated with OS (Table 4 and Figure 6A). After multivariate analysis, the immune-related prognostic risk score was the only independent prognostic factor related to OS (P < 0.005; Table 5 and Figure 6B).


TABLE 4. Univariate analyses of overall survival in CRC patients of TCGA.
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TABLE 5. Multivariate analyses of overall survival in CRC patients of TCGA.
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FIGURE 6. Independence of immune-related prognostic signature from clinical factors. (A) Forest plot for univariate analysis of overall survival of TCGA CRC patients. (B) Forest plot for multivariate analysis of overall survival of TCGA CRC patients. Red dots represent high-risk factors.




Association Between 18 IRGs, Clinical Parameters, and Prognostic Risk Scores

We analyzed the association between the expression of 18 key prognostic related IRGs in the patient’s tumor tissue and the patient’s clinical characteristics. The association between NGF, TRDC, CXCL3, CD1B, VIP, F2RL1, FABP4, OXTR, UCN, NOX4, ADIPOQ, and clinical characteristics was found (Table 6 and Figure 7). NGF is negatively correlated with age, and NGF expression is generally higher in advanced patients. Patients with higher VIP expression generally have higher T and N stages. On the other hand, TRDC, CXCL3, and FRL1 are highly expressed in patients in the early stage and patients with N0 stage.


TABLE 6. Eighteen genes in the risk score model and clinical characteristics correlation analysis.
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FIGURE 7. Clinical characteristics correlation analysis. Clinical characteristics correlation analysis of genes in the risk score model (P < 0.05).




TIMER Database Analysis

The relationships between the risk score model and immune cell infiltration were studied. The characterization of immune infiltration is very important for exploring the state of the immune microenvironment and studying the interaction between tumors and immunity. We applied the TIMER tool to identify potential relationships between IPS and infiltrating immune cells, including B cells, CD4+ T cells, CD8+ T cells, neutrophils, macrophages, and dendritic cells. As shown in Figure 8, the proportions of tumor-infiltrating CD4+ T cells, CD8+ T cells, neutrophils, macrophages, and dendritic cells were closely related to our prognostic risk score (p < 0.05).
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FIGURE 8. Relationships between the risk score model and infiltration abundances of six types of immune cells.




DISCUSSION

In recent years, the genetic characteristics of mRNA in cancer patients have attracted people’s attention, and studies have revealed its great potential in the prognosis of CRC. In this study, based on the analysis of the TCGA data set, 484 differentially expressed IRGs were screened from 389 HCC and 39 normal tissues. By univariate regression analysis of differentially expressed IRGs, 30 genes were detected to be significantly correlated with OS. To further study the regulatory mechanisms of prognostic IRGs, a tumor-related TF-mediated network was established to reveal key TFs that can regulate these IRGs. Studies have shown that CBX7 played an important role in gastric and pancreatic cancer (Ni et al., 2017, 2018). In recent years, studies have found that CBX7 was a component of polycomb repressive complex 1, maintaining the stem cell–like characteristics of gastric cancer cells by activating the AKT pathway and down-regulating p16 (Ni et al., 2018). MYH11 (also known as SMMHC) encodes a smooth muscle myosin heavy chain, which plays a key role in smooth muscle contraction. The inversion of the MYH11 locus is one of the most common chromosomal aberrations in acute myeloid leukemia (Alhopuro et al., 2008). The MYH11 gene has a single-nucleotide repeat sequence (C8) in the coding sequence, which may be a mutation target for cancer that exhibits microsatellite instability (MSI). The study found that compared with the low microsatellite unstable group, the incidence of MYH11 frameshift mutation was higher in patients with high microsatellite-unstable (MSI) gastric cancer and CRC (Jo et al., 2018). Among these major hub genes, the study of CXCL12 is more comprehensive. It has been reported that the CXCL12/CXCR4 axis is related to tumor progression, angiogenesis, metastasis, and survival (Teicher and Fricker, 2010). Recent studies have found that the activation of LMO2 is essential for the development of T-cell acute lymphoblastic leukemia (T-ALL) leukemia (Morishima et al., 2019). The SP1PR1 gene plays a role in regulating tumors. Targeting the SphK1/S1P/S1PR1 axis with specific drugs can reduce tumor progression caused by key proinflammatory cytokines, macrophage infiltration, and obesity (Nagahashi et al., 2018). FOXP3 is one of the key TFs controlling the development and function of regulatory T cells. FOXP3 has been extensively studied in human tumors, which is closely related to tumor immunity, and its correlation with T cells in tumors has recently been reported (Wing et al., 2019). The relationship between several other genes and CRC is still unclear. Among them, the role of MAF, A2M, EPAS1, and NR3C1 in CRC is worthy of further investigation. A study of breast cancer showed that the enhanced expression of MAF can mediate bone metastasis of breast cancer, which can be used as a risk index for bone metastasis in breast cancer patients (Pavlovic et al., 2015). The proteins encoded by A2M are protease inhibitors and cytokine transporters. It can inhibit a variety of proteases, as well as inflammatory cytokines, thereby destroying the inflammatory cascade. Xu’s team found that EPAS1 gene is dysregulated in non–small cell lung cancer, which encodes hypoxia-inducible factor 2α and plays an important role in the progression of non–small cell lung cancer (Xu et al., 2018). It is known that EPAS1 is regulated by DNA methylation transcription in CRC (Rawluszko-Wieczorek et al., 2014), but its role in CRC remains to be studied. NR3C1 encodes a glucocorticoid receptor, which can act both as a TF that binds to the glucocorticoid response element in the promoter of the glucocorticoid response gene to activate its transcription and as a regulator of other TFs. Further experimental evidence on the function of these genes in CRC may be of great help to our understanding of the progress of CRC.

In recent years, Xie et al. (2017) established a 20-gene prognosis model, which has a good predictive function for CRC prognosis. Another study also constructed a novel four-gene signature for CRC OS prediction based on gene expression data from TCGA, COAD, and READ data sets (Ahluwalia et al., 2019). A recent study exploring the prognostic value of immune cells in the CRC tumor microenvironment determined that tumor-infiltrating immune cells is highly correlated with the progression and prognosis of CRC (Ge et al., 2019). However, these studies do not fully explore the relationship between immune genes and the prognosis of CRC. Our study has the following advantages. First, we used a specialized immunological database to analyze as many IRGs as possible. To our knowledge, this is the first study to explore the relationship between a large number of IRGs and the prognosis of patients with CRC. Second, we obtained some immune-related prognostic genes and established a novel prognostic model related to immunity. This prognostic model showed excellent performance in the prediction of OS based on the TCGA database. According to the in-depth analysis, the immune-related prognostic model was demonstrated to be an independent prognostic indicator after adjusting for other clinical factors. These results indicated that the immune-related prognosis model can be used as an effective marker for the prognosis of CRC patients.

The characterization of immune infiltration is of great significance for studying the interaction between tumor and immunity. Therefore, we explored the relationship between immune-related prognostic models and immune cell infiltration to reflect the state of the immune microenvironment. According to the TIMER database, we found that high-risk patients had higher levels of CD4+ T cells, CD8+ T cells, neutrophils, macrophages, and dendritic cells of infiltration. These results confirmed and extended the discovery that the heterogeneity of immune infiltration is important for the progression of CRC. A recent study reported that the colonic cancer microenvironment uses dendritic cells’ plasticity to support cancer progression by enhancing the release of the inflammatory chemokine CXCL1 (Hsu et al., 2018), which is consistent with our results. Neutrophils contribute to the activation, regulation, and effect of immune cells (Mantovani et al., 2011). Existing research reported that tumor-associated neutrophils in CRC produce matrix metalloproteinase 9 vascular endothelial growth factor and hepatocyte growth factor to promote tumor invasion and angiogenesis. In addition, neutrophils also promote the spread of tumor cells by capturing tumor cells in the circulation, thereby promoting their migration to distant places (Mizuno et al., 2019). Studies have reported that macrophages are associated with CRC progression (Wei et al., 2019). Tumor-associated macrophages (TAMs) can induce EMT processes to enhance CRC migration, invasion, and circulating tumor cell (CTC)-mediated metastasis (Wei et al., 2019). The immune model can indicate the infiltration of immune cells to some extent. It may be a promising way to cure CRC by broadening the relationship between immune cells and tumor progression.

Current research provides novel insights into the CRC immune microenvironment and immunotherapy. We conducted functional studies on selected genes to confirm their clinical value. However, the limitation of this study is that it is a retrospective study. Therefore, further prospective research is needed. On the one hand, the predictive capability of this model in CRC requires further testing with the goal of better prognostic stratification and treatment management. On the other hand, we need to further study the biological functions of the 18 IRGs through a series of experiments.

In short, through comprehensive analysis, many IRGs were found to be significantly related to the prognosis of CRC. Besides, we constructed a novel immune-related prognosis model as an independent prognostic indicator of CRC. This prognostic model can also indicate the infiltration of immune cells and prove its key role in the TIME. The current research has deepened our understanding of IRGs in CRC and provided new potential prognostic and therapeutic biomarkers.
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Ferroptosis is a newly discovered type of programmed cell death that differs from canonical apoptosis. However, the potential role of ferroptosis in lung adenocarcinoma (LUAD) has not been elaborated. In total, 1,328 samples from databases and 36 ferroptosis regulators were included in this study. By combining random survival forest and principal component analysis algorithms, a robust prognostic ferroptosis-related risk score (FRRS) was constructed, and the performance was validated in three independent datasets. Based on the median risk score, two subgroups were identified. Then, comparisons, including of mutational profiles, functional enrichment analyses and immune components, were conducted between subgroups. An immunotherapy cohort was applied to explore potential therapeutic-related biomarkers. Finally, the clinical utility of FRRS was validated in a proteomic cohort. In the TCGA-LUAD cohort, FRRS was calculated using the expression of 11 selected genes, and patients with high FRRS had a significantly (p < 0.001) worse prognosis than those with low FRRS. Multivariate regression suggested that FRRS was an independent prognostic factor. Functional enrichment analysis indicated that FRRS was mainly involved in cell cycle, metabolic and immune-related pathways. Furthermore, FRRS was shown to be significantly (p < 0.001) associated with the abundance of CD8 T cells and tumor mutation burden (TMB). The combination of TMB and FANCD2 expression, the main contributor to FRRS, substantially increased the precision of predicting the therapeutic response. In conclusion, the present study revealed the potential role of ferroptosis regulators in LUAD and identified ferroptosis-related biomarkers for prognostic and immunotherapeutic predictions.
Keywords: lung adenocarcinoma, ferroptosis, prognosis, immunotherapy, machine learning
INTRODUCTION
Cancer is a major public health problem worldwide. Lung cancer remains the most common cancer, with the highest morbidity and mortality according to the latest cancer statistics (Siegel et al., 2020). Among all subtypes of lung cancer, nonsmall-cell lung cancer (NSCLC), including adenocarcinoma, squamous cell carcinoma and large cell carcinoma, accounts for approximately 85% of all cases (Bade and Cruz, 2020). Currently, in most countries, lung adenocarcinoma (LUAD) has surpassed squamous cell carcinoma as the major type of NSCLC and represents more than one-third of total cases (Bade and Cruz, 2020). Despite great progress in targeted therapy and immunotherapy, the overall 5 years survival rate in men and women remains 57% for patients with stage I disease and declines to 4% for those with stage IV disease (Miller et al., 2019). The primary treatment of early-stage LUAD is surgical resection, while targeted or systemic therapy is applied for advanced or metastatic disease. Recently, KEYNOTE-042 investigators announced that pembrolizumab outperformed conventional chemotherapy in advanced patients regardless of the PD-L1 tumor proportion score (Mok et al., 2019). Nevertheless, due to the heterogeneous nature of cancer genomes, a significant portion of patients did not benefit from immunotherapy. Further study of the mechanisms by which immune components can be regulated to improve immunotherapeutic efficacy in LUAD is crucial. It is also critical to identify reliable biomarkers that can predict therapeutic response.
Ferroptosis, distinct from apoptosis, is a recently coined form of programmed cell death activated by iron-dependent peroxide lipid accumulation (Dixon et al., 2012). It is a complex and vulnerable process affected by a variety of crosslinks among lipids, iron, amino acid metabolism and environmental stress (Galluzzi et al., 2018; Hirschhorn and Stockwell, 2019). Although the physiological role and function of ferroptosis in normal mammalian development have not been fully elucidated, emerging evidence has revealed that ferroptosis is implicated in a number neoplastic contexts, including breast cancer, renal cell carcinoma and prostate cancer (Lue et al., 2017; Hultsch et al., 2018; Tousignant et al., 2020). Recent studies have suggested that ferroptosis may play a role in tumor suppression through metabolic regulation and promotion of cell death (Gao et al., 2015; Jiang et al., 2015). In addition, in vitro studies illustrated that the ferroptosis process is modulated by the tumor suppressor TP53 via its transcriptional targets (Jiang et al., 2015). With regard to clinical application prospects, it has been confirmed that chemotherapy-resistant cancer cells are vulnerable to ferroptosis induced by the lipid peroxidase pathway, which represents a novel therapeutic direction for the treatment of drug-resistant cancer (Hangauer et al., 2017; Viswanathan et al., 2017). Of particular importance, in the context of the development of immunotherapy, research on enhancing immunotherapy efficacy has become a hotspot. Wang et al. uncovered that agents that induce ferroptosis can improve the immunotherapeutic effect by promoting CD8+ T cells to trigger ferroptosis (Wang et al., 2019). A deeper comprehension of the mechanisms and functions of ferroptosis will pave the way for developing novel cancer therapeutic strategies.
Previous in vitro and in vivo studies have shown that dysregulation of ferroptosis may play a critical role in drug resistance and immune evasion in tumors (Angeli et al., 2019). To the best of our knowledge, there has been no comprehensive analysis of ferroptosis regulators in LUAD. In the present study, the expression profile and copy number variation of 36 ferroptosis regulators were first described in detail using The Cancer Genome Atlas (TCGA) database. Next, a ferroptosis-related prognostic model was constructed in the TCGA-LUAD cohort and validated in three independent cohorts and a proteomics cohort. Then, different genomic mutation profiles and biological functions and pathways related to this model were explored. Finally, correlation analyses between risk score and immune components were conducted, and three ferroptosis regulators were identified as potential biomarkers for predicting immunotherapeutic response, providing a basis for future implementation of ferroptosis in the clinical application of treating LUAD.
METHOD
Data Acquisition and Preprocessing
The training cohort contained 500 LUAD patients with both RNA-seq and clinical information extracted from the TCGA-LUAD project database (https://portal.gdc.cancer.gov/). Gene expression quantified with fragments per kilobase million (FPKM) was first downloaded from the database and transformed into transcripts per million (TPM) before further analysis. Three independent validation cohorts (GSE3141, GSE30219, GSE31210) were obtained from the Gene Expression Omnibus (https://www.ncbi.nlm.nih.gov/geo) by the GEO query R package (Bild et al., 2006; Davis and Meltzer, 2007; Okayama et al., 2012; Rousseaux et al., 2013). For microarray datasets, probe IDs were first converted into gene symbols, and genes that corresponded to multiple probes were collapsed using mean values. Logarithmic transformation and standardization were then performed for each gene. IMvigor210 is an immunotherapy cohort, including 348 metastatic urothelial cancer (mUC) patients treated with atezolizumab. A fully documented package named IMvigor210CoreBiologies provided the methods and processed data for this cohort (Mariathasan et al., 2018). RNA-seq data, as count values, were first normalized to the trimmed mean of M-values (TMM) in edgeR R package and then transformed by voom in the limma R package (Smyth, 2005; Robinson et al., 2010). Only cases with complete gene expression and clinical information were included in the further analysis. Gene-level mutation (VarScan) and copy number data of the TCGA-LUAD cohort were acquired from the TCGA data portal (https://portal.gdc.cancer.gov/). In terms of copy number variation, the GISTIC2 approach was implemented to quantify gene copy gain and loss (Mermel et al., 2011). A detailed description of the included cohorts is shown in Table 1.
TABLE 1 | Description of lung adenocarcinoma cohorts used in this article.
[image: Table 1]Construction and Validation of a Ferroptosis-Related Prognostic Model
The list of genes involved in ferroptosis was retrieved from a recent review on this topic (Stockwell et al., 2017). Overall, 36 ferroptosis regulators were included in the present study. To construct a robust ferroptosis-related prognostic scoring system, the random survival forest algorithm was first applied to reduce the dimension of features, and gene selection was performed according to both variable importance (VIMP) and minimal depth (Ishwaran et al., 2008). Only genes that ranked in the top 15 lists for both VIMP and minimal depth were selected. Then, principal component analysis (PCA) was performed, and principal components with the most significant prognostic values calculated by Cox regression were extracted for use as a ferroptosis-related risk score (FRRS) (Wold et al., 1987). The performance of FRRS was first evaluated in the TCGA-LUAD cohort and then validated in three independent LUAD cohorts from GEO. Then, differential expression analysis between tumor and normal tissue was conducted on selected genes. Finally, associations between gene expression and copy number variation of these selected genes were explored. Samples in TCGA-LUAD were divided into high-risk and low-risk subgroups according to the median risk score for further analyses.
Molecular Characteristics of Genes in the Ferroptosis-Related Risk Score
To further elaborate the basic characteristics of selected genes, differentially expressed gene (DEG) analyses between tumor and normal tissue were first conducted in the TCGA-LUAD cohort. Then, correlation analyses between copy number variation defined by the GISTIC2 approach and gene expression defined by TPM were performed among these genes.
Genomic Characteristics and Tumor Mutation Burdens Between Different Risk Subgroups
To evaluate the differences in genomic alternations among risk subgroups, the mutation profile and mutation type of the top 15 genes with the highest mutation frequency were drawn in oncoplots (Mayakonda et al., 2018). Tumor mutation burden (TMB) was defined as the total number of nonsynonymous mutations in a patient’s whole exome. In the present study, TMB was calculated as the number of nonsynonymous mutations per mega-base (using 38 Mb as the size of exome). After TMB estimation for each case, correlation analysis between TMB and FRRS was applied.
Pathway Enrichment Analysis of DEGs Between Subgroups
To explore the potential biological functions and pathways related to FRRS, DEG analysis was performed using the edgeR R package between subgroups. A cutoff of adjusted p < 0.01 and |log2 (fold change)| > 2 were used to define DEGs. The top 100 significant DEGs ranked by adjusted p value were selected. Then, GO biological process and KEGG pathway analyses were applied to identify the potential functions of these DEGs using the clusterProfiler R package (Yu et al., 2012). Benjamini-Hochberg (BH) adjustment was used to calculate adjusted p values.
Gene Set Enrichment Analysis of FRRS
Gene set enrichment analysis (GSEA) is an approach to identify specific pathways or processes that are overrepresented in predefined subgroups, which is an alternative to DEG-based functional analysis (Subramanian et al., 2005). Curated gene sets were downloaded from the Molecular Signatures Database v7.1 and included for analysis. The BH method was applied to adjust for multiple testing, and permutations were set to 1,000.
Exploring Relationships Between Immune Components and FRRS
To verify the potential relationship between FRRS and immune components, both emerging immunotherapy targets and infiltrating immune cells were included. The list of potential drug targets involved in innate and adaptive immune processes was extracted according to a recent review (Burugu et al., 2018). Comparisons of target gene expression between different risk groups were conducted. In terms of immune cells, a computational algorithm named ImmuCellAI was utilized to estimate the abundance of 24 infiltrating immune cell types based on transcriptome data (Miao et al., 2020). Associations between FRRS and infiltrating immune cell abundances were analyzed by Pearson correlation.
Exploring the Potential in Clinical Immunotherapy Response Prediction
To identify markers with predictive value in the immunotherapy response, the top three ferroptosis regulator genes (CISD1, FANCD2, and SLC3A2) that contributed to the FRRS were extracted, and association and Kaplan-Meier survival curve analyses were performed using these genes in the IMvigor210 cohort. A receiver operating characteristic (ROC) curve was applied to assess the predictive efficacy of gene expression for the immunotherapy response.
Protein-Level Validation of FRRS and Selected Ferroptosis Regulators
For further validation of the clinical utility of FRRS and selected ferroptosis regulators, an independent proteomic LUAD cohort, including 111 cases, was obtained from The Clinical Proteomic Tumor Analysis Consortium (CPTAC) (https://proteomics.cancer.gov/programs/cptac). An unshared log ratio was used for quantification of protein expression. Comparisons of selected ferroptosis regulators between normal lung tissue and LUAD were performed. The prognostic value of FRRS was also evaluated in this cohort. Furthermore, immunohistochemical staining images were extracted from The Human Protein Atlas project (https://www.proteinatlas.org/) to verify the true existence of high expression.
Statistical Analysis
For comparisons of means between two groups, the Wilcoxon signed-rank test was used, and the Kruskal-Wallis test was applied for comparison of means of more than two groups. The chi-square test was performed to test categorical data. Regarding survival analysis, both the Kaplan-Meier survival curve and Cox regression model were implemented. To choose the best cutoff value for subgroup stratification, the R package “maxstat” was applied, providing a cutoff value that corresponded to the factor most significantly related to survival. In the current article, the median was selected as the indicator for group stratification, except for DEG analysis, which used quartile grouping instead. The area under the curve (AUC) was calculated from the ROC curve using the pROC R package (Robin et al., 2011). All statistical analyses were carried out using R version 3.6.2. p < 0.05 was considered statistically significant unless otherwise specified.
RESULTS
Construction of a Ferroptosis-Related Prognostic Model in TCGA-LUAD
The flow chart for the analysis in this study is shown in Figure 1. Gene expression values of 36 ferroptosis regulators (Supplementary Table S1) served as input to construct the random survival forest model. Error plots using the out-of-bag (OOB) prediction error estimator illustrated that the forest prediction error tended to be stable when the number of trees was approximately 280 (Figure 2A). During the feature selection process, the top 15 genes ranked by minimal depth were listed, and 11 genes were chosen after considering VIMP (Figure 2B). Finally, GLS2, ALOX15, NOX1, ACSL4, CISD1, SLC3A2, FANCD2, GSS, HSPB1, PTGS2, and NCOA4 were used for further model construction. PCA was then conducted, and PC1 was the most significant component for prognostic prediction. Thus, PC1 served as FRRS, and the distribution of cases in TCGA-LUAD is illustrated in Figure 2C. Patients were classified into two subgroups based on an optimal cutoff risk score, which was calculated by the maximally selected rank statistics. Both the Kaplan-Meier survival curve and univariate Cox regression model demonstrated significantly (p < 0.001) worse overall survival in patients with higher FRRS (Figure 2D). The AUCs of the ROC curve were 0.625, 0.588, and 0.593 for 2, 3 and 5 years, respectively, (Figure 2E). Furthermore, multivariate Cox regression analysis indicated that T stage, lymph node metastasis and FRRS were independent prognostic factors (p < 0.001) (Table 2).
[image: Figure 1]FIGURE 1 | Flowchart of the comprehensive analysis of ferroptotic regulators in LUAD.
[image: Figure 2]FIGURE 2 | Gene selection and model construction process. (A) Estimation of the random forest OOB prediction error rate based on the number of trees. (B) The top 15 genes with the smallest minimal depth. VIMP is proportional to the size of the circle. (C) The distribution of risk scores. Gene contributions to PCA1 were annotated by gradient colors. The upper quartile and lower quartile of PCA1 were used for stratification. (D) Kaplan-Meier curves and univariate Cox regression of overall survival in the TCGA-LUAD cohort stratified by risk score. (E) ROC curve analysis for evaluating the prediction performance in the TCGA-LUAD cohort.
TABLE 2 | Univariate and multivariate analyses of risk factors for prognosis in the TCGA-LUAD cohort.
[image: Table 2]Validating the Predictive Value of FRRS in Independent Cohorts
To further verify the predictive value of FRRS, three independent cohorts from GEO were employed. Cox regression analysis and the Kaplan-Meier curve showed that worse overall survival was significantly (GSE31210 p < 0.001, GSE30219 p = 0.027) associated with higher FRRS in two independent cohorts (Figures 3A,B), which agreed with the results found in the TCGA-LUAD cohort. An exception was noted with GSE3141 (p = 0.100). Although not significant, a similar prognostic trend was observed (Figure 3C). The area under the ROC curves in GSE31210 was 0.662, 0.601 and 0.690 for 2, 3, and 5 years, respectively, (Figure 3D). In the GSE30219 cohort, the AUCs of FRRS at 2, 3 and 5 years were 0.686, 0.699, and 0.694, respectively, (Figure 3E). For the GSE3141 cohort, all AUCs were no more than 0.600 (Figure 3F).
[image: Figure 3]FIGURE 3 | Evaluation of FRRS performance in independent datasets. Kaplan-Meier curves and univariate Cox regression of overall survival in (A) GSE31210, (B) GSE30219, and (C) GSE3141. ROC curve analyses in (D) GSE31210, (E) GSE30219, and (F) GSE3141.
Expression Profile of 11 Selected Ferroptosis Regulators in the TCGA-LUAD Cohort
Differences in the expression levels of 11 selected ferroptosis regulators were compared between 526 tumor tissue samples and 59 adjacent normal tissue samples. Compared with expression in normal tissue, GLS2, NOX1, CISD1, SLC3A2, FANCD2, GSS, and HSPB1 expression levels were significantly increased, while expression levels of ALOX15, ACSL4, PTGS2, and NCOA4 were significantly decreased in LUAD (Figures 4A–K). Next, the implications of copy number variation on gene expression were analyzed. Only CISD1, FANCD2, GSS, HSPB1, NCOA4, and SLC3A2 revealed a significant association between copy number variation and gene expression (Figures 5A–F, Supplementary Figure S1). These results revealed that gene expression values may not be mainly regulated by copy number variations. Instead, they may be mainly influenced by mutation or epigenetic regulation, which needs to be further explored in the future.
[image: Figure 4]FIGURE 4 | Comparisons of the expression profiles of 11 selected ferroptotic regulators between LUAD and normal tissue, which included (A) GLS2, (B) ALOX15, (C) NOX1, (D) ACSL4, (E) CISD1, (F) SLC3A2, (G) FANCD2, (H) GSS, (I) HSPB1, (J) PTGS2, and (K) NCOA4. *p < 0.05; ***p < 0.001; ****p < 0.0001.
[image: Figure 5]FIGURE 5 | Correlation between copy number variation and mRNA expression of ferroptotic regulators, including (A) CISD1, (B) FANCD2, (C) GSS, (D) HSPB1, (E) NCOA4, and (F) SLC3A2. ***p < 0.001; ****p < 0.0001.
Differences in Genomic Mutation Profiles and TMB Between FRRS Subgroups
The top 15 genes with the highest mutation frequency in different risk groups are shown in Figure 6A. Overall, the 12 top-ranked genes were shared between both sets (TP53, TTN, MUC16, CSMD3, RYR2, ZFHX4, LRP1B, USH2A, XIRP2, KRAS, SPTA1, and FLG). Three genes, including KEAP1, NAV3, and FAT3, were expressed only in the high-risk group, while COL11A1, CSMD1, and ZNF536 were specifically expressed in the low-risk group. Further correlation analysis suggested that TMB in the high-risk group was significantly (p < 0.001) higher than that in the low-risk group (Figure 6B). In addition, a significant (p < 0.001) positive correlation was observed between FRRS and TMB (Figure 6C).
[image: Figure 6]FIGURE 6 | Genomic mutation profiles and TMB characteristics of different risk groups. (A) Distribution of frequently mutated genes in different TCGA-LUAD subgroups. The upper bar plot shows the TMB for each patient, whereas the left bar plot indicates the gene mutation frequency in different risk groups. The survival status of each patient is shown in the annotation bar. (B) Comparison of TMB between different subgroups in the TCGA-LUAD cohort. The whiskers embrace 1.5 times the interquartile range. ***p < 0.001. (C) Correlation analysis between TMB and FRRS in the TCGA-LUAD cohort.
Functional Annotation and Pathway Enrichment Analysis of FRRS
To identify the potential biological function of FRRS, both the DEG-based method and GSEA were conducted. Using the edgeR package, 664 genes were shown (Figure 7A) to be differentially expressed based on our predefined criteria (adjusted p < 0.01 and |log2 (fold change)| > 2). Significantly annotated biological processes and KEGG pathways of these DEGs are summarized in Figures 7B,C, respectively. Functional enrichment analysis was then performed by implementing the GSEA algorithm, which took all genes into account. Annotated pathways of interest are displayed in Figures 7D,E. The enrichment results illustrated that processes related to poor survival in lung cancer patients, cancer microenvironment, immature B lymphocytes, early T lymphocytes and lung metastasis were significantly enriched in the high-risk group (Figure 7D), while processes related to COMP, lectin, TCRA, NOTCH1 target and hypoxia were significantly enriched in the low-risk group (Figure 7E). A full list of GSEA results can be found in Supplementary Table S2.
[image: Figure 7]FIGURE 7 | Functional annotation and pathway enrichment analysis of FRRS. (A) Volcano plot of differential gene expression analysis between high-risk and low-risk groups. The upper quartile and lower quartile of FRRS were used for stratification. The size of points is positively correlated with lower p value and higher fold change. (B) Functional annotation for FRRS using GO biological process. The color scale of bar plots indicates the significance level of enrichment. (C) Pathway enrichment analysis by KEGG. The color scale of circles represents the significance level of enrichment. (D, E) Gene set enrichment analysis of curated gene sets obtained from MSigDB Collections. Pathways of interest with significant enrichment between high-risk and low-risk groups are shown.
Differential Levels of Specific Emerging Immunotherapy Targets and Immune Cell Abundances Between FRRS Subgroups
Pathway enrichment in the previous section suggested that FRRS is involved in several immune-signaling pathways. Thus, specific association analyses between FRRS and several immune components were carried out. The gene expression levels of potential immunotherapy targets, including CD276 (p < 0.001), PD-L1 (p = 0.011), and NKG2A (p = 0.045), were significantly upregulated in the high-risk group (Figure 8A). Meanwhile, the expression levels of VSIR (p = 0.009) and CD27 (p < 0.001) were significantly higher in the low-risk group than in the high-risk group (Figure 8A). In terms of infiltrating immune cells, among the high-risk group, the abundances of Tex (p = 0.012), nTreg (p < 0.001), iTreg (p < 0.001), Th1 (p < 0.001), Tem (p < 0.001), monocytes (p = 0.001), macrophages (p = 0.023) and neutrophils (p < 0.001) were significantly higher than those in the low-risk group (Figure 8B). The results also revealed that the abundances of CD4 T (p < 0.001), CD8 T (p < 0.001), Th2 (p < 0.001), Tfh (p < 0.001), NKT (p < 0.001), MAIT (p = 0.009), NK (p < 0.001), and Tgd (p = 0.014) cells were significantly lower in the high-risk group than in the low-risk group (Figure 8B). The top three immune cell types with the highest correlation with FRRS were CD4 T (R = ˗0.48, p < 0.001), Tfh (R = ˗0.28, p < 0.001), and CD8 T cells (R = -0.20, p < 0.001) (Figures 8C–E).
[image: Figure 8]FIGURE 8 | Immune characteristics of the TCGA-LUAD subtype. (A) Different expression of available emerging immunotherapeutic targets between high-risk and low-risk groups. (B) Different infiltrating abundances of 24 immune cell types estimated by ImmuCellAI between subgroups. Correlation analysis between FRRS and (C) CD4 T cells, (D) Tfhs, and (E) CD8 T cells. The distributions of FRRS and infiltrating of immune cell abundance are shown on the top and right of the plot, respectively. *p < 0.05; **p < 0.01; ***p < 0.001; ****p < 0.0001.
Three Ferroptosis Regulators in FRRS are Potential Predictors of Immunotherapeutic Response
Since close relationships were observed between FRRS and various immune components, exploration of the predictive values of ferroptosis regulators was then performed. The top three genes that contributed most to FRRS were CISD1, FANCD2 and SLC3A2, and their expression values were extracted from IMvigor210 RNA-seq data. The results illustrated that low CISD1 expression was significantly (p = 0.027) associated with favorable immunotherapeutic responses, including complete response (CR) and partial response (PR) (Figure 9A). In contrast, low expression of FANCD2 was significantly (p = 0.001) associated with undesired effects, including stable disease (SD) and progressive disease (PD) (Figure 9B). No significant association was observed between SLC3A2 expression and therapeutic effect (Figure 9C). The Kaplan-Meier survival curve showed that high expression of CISD1 (p = 0.002) and SLC3A2 (p = 0.002) was associated with a significantly poorer overall survival, and high expression of FANCD2 conferred a significant (p = 0.004) favorable prognosis (Figures 9D,E). The AUCs of FRRS at 2, 3 and, 5 years were 0.686, 0.699, and 0.694, respectively. Using CISD1, FANCD2, SLC3A2, and TMB as predictors of immunotherapeutic response, their AUCs were 0.586, 0.605, 0.539, and 0.656, respectively, (Figure 9F). In addition, combining FANCD2 and TMB substantially increased predictive precision, and the value of AUC reached 0.690 (Figure 9F).
[image: Figure 9]FIGURE 9 | Identification of potential ferroptosis-based biomarkers for predicting therapeutic response. The proportion of response to anti-PD-L1 immunotherapy in subgroups stratified by the expression of (A) CISD1, (B) FANCD2, and (C) SLC3A2 in the IMvigor210 cohort. *p < 0.05; **p < 0.01. Kaplan-Meier curves and univariate Cox regression of patients with high and low expression of (D) CISD1, (E) FANCD2, and (F) SLC3A2 in the IMvigor210 cohort. (G) ROC curves evaluating the predictive values of CISD1, FANCD2, SLC3A2, TMB and the combination of FANCD2 and TMB in the IMvigor210 cohort.
Validating Ferroptosis Regulator Expression and the Predictive Value of FRRS in CPTAC-LUAD Cohorts
To further assess the clinical significance of ferroptosis regulators and FRRS, protein-level validation was conducted. The expression of CISD1 (p < 0.001), FANCD2 (p = 0.036) and SLC3A2 (p < 0.001) in tumors was significantly higher than that in adjacent normal tissues (Figures 10A–C). In addition, high FRRS was significantly (p = 0.009) associated with poor prognosis (Figure 10D). Immunohistochemical images of FANCD2 and SLC3A2 in both normal lung tissue and LUAD are shown in Figure 10E-L, which indicated expression of these proteins in patient tissues. The immunohistochemical image of CISD1 was not displayed due to a lack of staining in LUAD.
[image: Figure 10]FIGURE 10 | Protein-level validation of selected ferroptosis regulators and FRRS. Comparisons of (A) CISD1, (B) FANCD2 and (C) SLC3A2 protein expression between LUAD and normal tissues in the CPTAC-LUAD cohort. The unit of the y-axis is the unshared log ratio. *p < 0.05; ****p < 0.0001. (D) Kaplan-Meier curves and univariate Cox regression of overall survival in the CPTAC-LUAD cohort. (E–H) Immunohistochemical staining for FANCD2 in normal lung tissue (E, F) and LUAD (G, H). (I–L) Immunohistochemical staining for SLC3A2 in normal lung tissue (I, J) and LUAD (K, L).
DISCUSSION
Apoptosis has been identified as a core process regulating cell proliferation and as an important mechanism to prevent tumorigenesis (Wong, 2011). Ferroptosis, one form of programmed cell death that is independent of apoptosis, has been modulated by several pathways and has been implicated in various diseases (Stockwell et al., 2020). Specifically, several studies have demonstrated that ferroptosis is closely involved in cancer development, the tumor suppression process and the treatment response (Lu et al., 2018). However, research on ferroptosis in oncology is still in its infancy, especially in LUAD. In this study, the integrative roles of 36 ferroptosis regulators were analyzed, and a ferroptosis-based score was constructed to predict prognosis in four datasets. In addition, three ferroptosis regulators showed value in predicting therapeutic response and are worthy of further investigation. It is important to note that the datasets included in our study were heterogeneous with respect to tumor stage, which led to a significant difference in overall median survival.
With regard to model construction, instead of using the most common least absolute shrinkage and selection operator (LASSO), a random survival forest algorithm was applied for feature reduction for the following reasons. First, two forms of randomization were incorporated, including case resampling and variable subsetting, which made the prediction results robust and accurate (Ishwaran et al., 2008). Second, the inherent attributes of ensemble learning make it easy to handle both nonlinear effects and variable interactions. Third, two tested quantitative indicators, VIMP and minimal depth, could be used for gene selection. Nevertheless, the disadvantages of the random survival forest were also apparent. It did not provide explicitly formatted formulas and could not extract information regarding the underlying process. Using such a model in a clinical setting without knowing its biological explanation may be dangerous. Thus, the random survival forest was only implemented for gene selection, and PCA was applied for scoring. Currently, several algorithms can estimate the abundance of infiltrating immune cells from bulk transcriptome data. However, only ImmuCellAI is designed to predict the abundance of numerous T-cell subsets, which are key elements in immunotherapy. Moreover, the abundance of most immune cells estimated by ImmuCellAI showed a higher positive correlation with the counting results of flow cytometry than that estimated by the other methods, particularly for T-cell subsets. According to our current understanding, ferroptosis regulatory genes can be grouped into three main metabolic pathways: amino acid metabolism, lipid metabolism and iron metabolism (Gao et al., 2015; Yang et al., 2016; Angeli et al., 2017). Ferroptosis is at the intersection of these pathways, and its activity depends on the balance of both inhibitory and activating metabolites. In our present study, functional enrichment analysis of FRRS results identified several metabolic pathways that coincided well with previous in vitro and in vivo results. In the context of cancer, several conceivable mechanisms that modulate ferroptosis sensitivity have begun to emerge recently. These mechanisms are mainly involved in tumor suppression genes, hypoxia inducible factors and the degree to which cells were in a mesenchymal state (Jiang et al., 2015; Viswanathan et al., 2017; Zou et al., 2019). The mesenchymal-like state is attractive in research since cancer cells at this state are treatment-resistant and possess stem cell-like features (Viswanathan et al., 2017). Meanwhile, Richard et al. pointed out that cells with mesenchymal-like features are also resistant to some types of targeted therapy (Richard et al., 2016). Together, these factors may be a major cause of treatment failure for most cancer patients. However, numerous studies have reported that mesenchymal-like cancer cells are associated with an inherent sensitivity to ferroptosis, and we also reported significant enrichment of ferroptosis in platinum drug resistance and drug metabolism. This has brought novel strategies and targets to overcome drug resistance.
Based on a literature review, we included 36 ferroptosis regulators in this study and extracted 11 genes for comprehensive analysis. It is worth noting that all selected ferroptosis regulators were significantly different in their expression between LUAD tissue and normal tissue, which indicated a fundamental change in ferroptosis activity. Specifically, the expression of two important ferroptosis activators, ACSL4 and NCOA4, was significantly decreased (Mancias et al., 2014; Doll et al., 2017). ACSL4 is a synthase that converts free fatty acids into peroxidation products, which is required for ferroptosis (Doll et al., 2017). On the other hand, NCOA4 participates in regulating ferritinophagy and controlling the abundance of iron (Mancias et al., 2014). While indirect, these results provide evidence of ferroptosis dysregulation in LUAD. Whether reactivation of ferroptosis can impede LUAD occurrence and development remains to be further investigated.
Numerous previous studies have demonstrated that ferroptosis is involved in immunomodulation and immune evasion. There is extensive crosstalk between ferroptosis in cancer cells and infiltrating immune cells. Distinct signals released by ferroptotic cancer cells can trigger phagocytosis and stimulate antigen presentation by dendritic cells (Angeli et al., 2019). Meanwhile, in vivo suppression of ferroptosis activity results in impediment of cell killing ability for both CD8 T cell and NK cells (Böttcher et al., 2018; Wang et al., 2019). Similar to the aforementioned studies, ferroptosis was found to be associated with several immune-related pathways. Meanwhile, FRRS was significantly correlated with CD8 T cell abundance and TMB. Because of these results, we investigated the potential for predicting therapeutic responses in relation to these regulators. In the IMvigor210 cohort, a combination of FANCD2 and TMB improved the predictive efficiency to a certain extent. Several previous studies have shown that FANCD2 is closely associated with several cancer types, including breast cancer, hepatocellular carcinoma and leukemia (Lewis et al., 2005; Yao et al., 2015; Komatsu et al., 2017). In lung cancer, Wang et al. also reported that inhibition of FANCD2 enhanced DNA damage and restrained tumor progression (Wang et al., 2015). Unfortunately, this IMvigor210 cohort only included patients with urothelial cancer. However, with a deeper understanding of tumor genomics, tumors from different sites may share similar genomic alternation profiles and can be treated with the same drugs or be predicted with the same indicators. Therefore, findings in urothelial carcinoma may also have implications in other solid tumors, including LUAD, to some extent.
This preliminary study has several limitations. First, since the study of ferroptosis is a novel and rapidly evolving field, an increasing number of ferroptosis regulators will likely be found, not just the 36 genes included in the present study. Second, the predictive effectiveness was relatively modest due to the limited number of features. The model can be further optimized after a deeper understanding of the biological processes of ferroptosis. Third, all quantifications of gene expression are relative values, which makes it difficult to determine the absolute threshold in clinical application. Thus, a large-scale LUAD cohort with absolute quantitative measurements of gene expression is required to further verify the conclusion.
In summary, this is the first report of ferroptosis in an LUAD cohort. The present study has profiled significant alternations of ferroptosis regulators in LUAD, which may open up novel possible drug targets against LUAD. A robust ferroptosis-based prognostic risk score named FRRS was constructed and validated in independent cohorts. More importantly, FRRS was found to be significantly associated with several immune components, including CD8 T cells, that are closely related to the antitumor response. Combining data concerning FANCD2 and TMB could further improve performance in predicting the immunotherapeutic response. Finally, protein-level validation of FRRS was conducted through proteomics and immunohistochemistry to demonstrate its clinical utility. This preliminary study provides a novel stratification system for LUAD patients and reveals potential predictive biomarkers for immunotherapy response.
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Background

Autophagy related protein 5 (ATG5) is an important autophagosome formation related protein, and its involvement in the biological process of autophagy has been shown to correlate with tumor metabolic patterns and the formation of tumor heterogeneity. However, the role of ATG5 in tumor metabolism and tumor immunity remains unclear.



Method

In order to explore this problem, this study was designed to reveal the role of ATG5 in tumor metabolism and tumor immunity through pan-cancer analysis of multi-database. GTEx database, CCLE database, and TCGA database were used to describe the expression, prognosis, immune microenvironment, immune new antigen, immune checkpoint, TMB, and microsatellite instability of ATG5 in 33 types of tumors. A series of bioinformatics tools and methods were used for quantitative analysis and panoramic description, such as to Estimate, Scanneo and GSEA.



Result

The differential analysis results of multiple databases showed that ATG5 was ubiquitously highly expressed in pan-cancer, especially in solid tumors. Survival analysis revealed that ATG5 was universally associated with the prognosis of pan-cancer, and high ATG5 expression was significantly associated with poor patient prognosis in most cases. Further, the expression level of ATG5 was confirmed to be associated with tumor immune infiltration and tumor microenvironment, especially in BRCA, KIRC, and LIHC. In addition to this, ATG5 expression was confirmed to correlate with these clinically significant phenotypes, in conjunction with immune neoantigens and immune checkpoint gene expression profiles in pan-cancer. In addition to TMB and microsatellite instability in pan-cancer, we confirmed that ATG5 expression affects the expression of DNA repair genes and methyltransferases in pan-cancer, and found through gene set enrichment analysis that ATG5 is involved in the regulation of numerous signaling pathways involved in cancer metabolism and cancer immunity.



Conclusions

ATG5 participated in the formation of autophagosomal membrane important molecule LC3-II outside, and played an important role in tumor metabolism and tumor immunity. The comprehensive pan-cancer analysis not only revealed the potential of ATG5 in tumor-targeted therapy but also suggested ATG5 as a promising tumor predictive biomarker in most solid tumors.





Keywords: pan-cancer, autophagy-related protein 5 (Atg5), autophagy, tumor metabolism, tumor immune escape



Introduction

Autophagy related protein 5 (ATG5) is an important autophagosome formation related protein that functions as an E1-like activating enzyme in eukaryotic cells (1, 2). In addition to LC3-II, an important molecule involved in autophagosomal membrane formation through the ATG5-ATG12/ATG16 complex, ATG5 has been shown to play important roles in viral infection (3, 4), tumor apoptosis (5, 6), and tumor proliferation (7, 8). And several reports have suggested that ATG5 is promising as a novel target for clinical cancer therapy.

In recent years, autophagy has been shown to correlate with tumor metabolic patterns and the formation of tumor heterogeneity (9). On the one hand, as an important pathway of cellular material recycling and energy metabolism, autophagy helps tumor cells to escape from the attack of high-levels of ROS generated by aerobic glycolysis by degrading damaged mitochondria, which guarantees the sustainability of the Warburg effect and the metabolic pattern of tumors. On the other hand, antagonism of autophagy with inflammation decreased the degree of chronic inflammatory infiltration and repressed the inflammatory cancer transformation process. These biological processes, which influence cell fate decisions, conspire at distinct effects of tumor stromal cells and versus tumor immune cells to program tumor metabolic patterns and shape the tumor immune landscape (10, 11).

Unfortunately, the role of ATG5, as an important autophagy-related molecule, in tumor metabolism versus tumor immunity remains obscure. Therefore, this study plans to reveal it by pan-cancer analysis of the combined multi-database. In recent years, the rise of high-throughput sequencing based cancer atlas initiatives with omics technologies has provided a new perspective in cancer research. The use of transcriptome technology to reveal the role of gene expression in tumor cells has long been appreciated, and emerging deconvolution network algorithms allow tumor investigators to extract the expression profiles of immune cells from transcriptome data and describe their distribution patterns. In addition to this, the vast amount of data generated by the unprecedented bioinformatics revolution can be used to delineate the panoramic landscape covering all known genes and cancer types (12). This bioinformatic analysis that uses multiple databases to analyze the expression, prognosis, mutational pattern, and function of a gene in different tumors is called pan-cancer analysis, and it can be used to investigate the roles and connections of genes in different tumors (13).

In this study, we utilized a pan-cancer analysis to analyze the association of ATG5 expression, prognosis, immune microenvironment, immune neoantigens, immune checkpoints genes, TMB, and microsatellite instability in 33 tumors. Confirmed that ATG5 expression affects the expression of DNA repair genes and methyltransferases in Pan-cancer, and found that ATG5 is involved in the regulation of signaling pathways involved in cancer metabolism and tumor immunity by gene set enrichment analysis.



Materials and Methods


Sample Information

The gene expression matrix and clinical information data in each tumor and normal were obtained from the GTEx database (https://gtexportal.org/) and TCGA database (https://portal.gdc.cancer.gov/). Among them, 31 cancers were included in gene expression analysis with GTEx and 27 cancers were included in TCGA integrated analysis with GTEx. The expression data of each tumor cell line were downloaded from the CCLE database (https://portals.broadinstitute.org/). The pan-cancer immune infiltrating cell score data were downloaded from the timer database (https://cistrome.shinyapps.io/timer/). Tumor name abbreviations and corresponding meanings are given below: ACC(Adrenocortical carcinoma); BLCA(Bladder Urothelial Carcinoma); BRCA(Breast invasive carcinoma); CESC(Cervical squamous cell carcinoma and endocervical adenocarcinoma); CHOL(Cholangiocarcinoma); COAD(Colon adenocarcinoma); COAD (Colon adenocarcinoma); READ (Rectum adenocarcinoma Esophageal carcinoma); DLBC(Lymphoid Neoplasm Diffuse Large B-cell Lymphoma); ESCA(Esophageal carcinoma); GBM(Glioblastoma multiforme); HNSC(Head and Neck squamous cell carcinoma); KICH(Kidney Chromophobe); KIRC(Kidney renal clear cell carcinoma); KIRP(Kidney renal papillary cell carcinoma); LAML(Acute Myeloid Leukemia); LGG(Brain Lower Grade Glioma); LIHC(Liver hepatocellular carcinoma); LUAD(Lung adenocarcinoma); LUSC(Lung squamous cell carcinoma); MESO(Mesothelioma); OV(Ovarian serous cystadenocarcinoma); PAAD(Pancreatic adenocarcinoma); PCPG(Pheochromocytoma and Paraganglioma); PRAD(Prostate adenocarcinoma); READ(Rectum adenocarcinoma); SARC(Sarcoma); SKCM(Skin Cutaneous Melanoma); STAD(Stomach adenocarcinoma); STES(Stomach and Esophageal carcinoma); TGCT(Testicular Germ Cell Tumors); THCA(Thyroid carcinoma); THYM(Thymoma); UCEC(Uterine Corpus Endometrial Carcinoma); UVM(Uveal Melanoma).



Expression Analysis of Autophagy-Related Protein 5 in Pan-Cancer

Differences in ATG5 expression levels in tumor tissues and normal tissues were analyzed by edgeR software. The Kruskal Wallis test was used to analyze the expression levels of ATG5 in different normal tissues and different tumor cell lines. Violin plots were drawn by the R package ggplot.



Prognostic Analysis of Autophagy-Related Protein 5 in Pan-Cancer

Univariate survival analysis was used to analyze the correlation of ATG5 expression with patient survival. The Kaplan-Meier method was used to compare survival with different levels of ATG5 expression. The expression levels of ATG5 in tumors and adjacent noncancerous tissues were divided into ATG5 high expression and ATG5 low expression groups by a bipartite method. Univariate Cox survival analysis was done by survival software. Visualization was done by software forestplot.



Association Analysis of Autophagy-Related Protein 5 With the Immune Microenvironment

Tumor infiltrating lymphocytes are independent predictors of sentinel lymph node status and survival in cancer, with the immune cell score of the respective tumor sample described by the immune score and stromal score. Correlation of gene expression with immune cell scores was analyzed using the software estimate and considered significant and positive when p<0.05 and R>0.20.



Association Analysis of Autophagy-Related Protein 5 With Immune Neoantigens and Immune Checkpoints Genes

Neoantigen encoded by a mutated gene in tumor cells, coming from biological events such as point mutations, deletion mutations, and gene fusions. Scanneo calculates its binding affinity score using antigenic epitopes with a length of 8~11 amino acids, while epitopes with a score less than 500 nm are reported as neoantigens. Predicted neoantigens were then ranked according to binding affinity, variant allele frequency, and antigenicity index values. The number of neoantigens per tumor sample was counted separately using scanneo, and the relationship between ATG5 expression and the number of antigens was analyzed. Further, the common more than 40 immune checkpoint genes were analyzed for their expression relationship with ATG5, these immune checkpoint genes were extracted separately, and the correlation with ATG5 expression was calculated. Correlations were considered significant and positive when p<0.05 and R>0.20.



Association Analysis of Autophagy-Related Protein 5 With Tumor Mutational Burden and Microsatellite Instability

Tumor mutational burden (TMB), as a quantifiable biomarker, can be used to reflect the number of mutations contained in a tumor cell. The TMB of each tumor sample was counted separately using Spearman’s rank correlation coefficient. Microsatellite instability (MSI) refers to the occurrence of a new microsatellite allele phenomenon when compared with normal tissue, in a tumor, any alteration in the length of a microsatellite caused by an insertion or deletion of a repeat unit. Correlation of ATG5 expression with MSI was analyzed using Spearman’s rank correlation coefficient.



Association Analysis of Autophagy-Related Protein 5 With DNA Mismatch Repair Genes and Methyltransferases

Mismatch repair is an intracellular mismatch repair mechanism, and loss of function of key genes of this mechanism results in DNA replication errors that cannot be repaired, which in turn leads to the generation of higher levels of somatic mutations. The correlation of five MMRs genes (MLH1, MSH2, MSH6, PMS2, EPCAM) with ATG5 expression was assessed using the expression profile data from TCGA. DNA methylation is a form of chemical modification of DNA capable of altering epigenetic inheritance and controlling gene expression without altering the DNA sequence. Here we analyzed the correlation between ATG5 expression and the expression of four methyltransferases. Visualization analysis was done by ggplot. Correlations were considered significant and positive when p<0.05 and R>0.20.



Gene Set Enrichment Analysis of Autophagy-Related Protein 5 in Pan-Cancer

Gene set enrichment analysis (GSEA) is an analytical method that compares genes with predefined gene sets to explore their expression status within a specific functional gene set and whether such expression status is associated with a biological process, molecular function, or cellular component in some way statistically significant (14). Kyoto Encyclopedia of Genes and Genomes (KEGG) is a comprehensive database incorporating genomic, chemical, and systematic functional information. Another dataset used for GSEA analysis is the molecular signatures database (MsigDB) (15), where the Hallmark gene set was used in this analysis. Using |NES| > 1, p-value < 0.05, FDR < 0.25 as the threshold of GSEA, pathways were considered significantly enriched when they met the sub-conditions.




Results


Autophagy-Related Protein 5 Is Highly Expressed in Pan-Cancer

As shown in Figure 1A, first we analyzed the expression levels of ATG5 in various tissues by utilizing the GTEx datasets, describing the expression pattern of ATG5 in 31 tissues. As shown in Figure 1B, the expression levels of ATG5 in 21 tissue cell lines were analyzed according to tissue origin using the data of individual tumor cell lines downloaded from the CCLE database. Next, as shown in Figure 1C, we retrieved the differential expression pattern of ATG5 in cancer vs. adjacent carcinoma in individual tumor samples from the TCGA database. As shown in Figure 1D, considering that there were fewer normal samples in TCGA, we integrated the data of normal tissues in the GTEx database and the data of TCGA tumor tissues to perform the expression difference analysis of ATG5 in 27 tumors. From the expression analysis of ATG5 in Pan-cancer, it can be found that the expression level of ATG5 is generally higher in almost all solid tumors than that in normal tissues.




Figure 1 | ATG5 expression in pan-cancer. (A) Expression levels of ATG5 in a dataset containing 31 tissues, derived from the GTEx. (B) Expression levels of ATG5 in a dataset containing 21 tissue in tumor cell lines, derived from the CCLE. (C) Expression levels of ATG5 in tumor and paired adjacent noncancerous tissues containing 20 tissues from TCGA, *P < 0.05, **P < 0.01, ***P < 0.001. (D) ATG5 expression difference in 27 tumors integrating data of normal tissues in GTEx database and data of TCGA tumor tissues, *P < 0.05, **P < 0.01, ***P < 0.001.





Autophagy-Related Protein 5 Is Associated With Prognosis in Pan-Cancer

The association of ATG5 expression with overall survival was first calculated for 33 tumors in TCGA using univariate survival analysis. As shown in Figure 2, the forest plots among the 33 tumors were showed that ATG5 could significantly affect the overall survival of CESC (HR = 1.02, P = 0.01), ESCA (HR = 1.02, P = 0.039), HNSC (HR = 1.12, P = 0.013), KICH (HR = 1.12, P = 0.0036), KIRP (HR = 1.05, P = 0.0075), LGG (HR = 1.04, P = 0.0068), and LIHC (HR = 1.05, P < 0.001) patients. These tumors all suggested that ATG5 was associated with poor patient outcomes, especially in KICH. The KM curves for tumors in which ATG5 expression was significantly associated with the patient outcome are shown in Figure 3. The results showed that high expression of ATG5 was significantly associated with poor prognosis of patients, which suggested that ATG5 may be a potential prognostic indicator molecule in pan-cancer.




Figure 2 | Forest plot of the relationship between ATG5 expression and overall survival time in days, using univariate survival analysis, across 33 tumors.






Figure 3 | Kaplan–Meier OS curves of ATG5 expression in the seven most significantly associated tumors. (A) KM plot of high and low ATG5 expression in CESC patients. (B) KM curves of high and low ATG5 expression in ESCA patients. (C) KM plot of high and low ATG5 expression in HNSC patients. (D) KM curves of high and low ATG5 expression in KICH patients. (E) KM curves of high and low ATG5 expression in KIRP patients. (F) KM curves of high and low ATG5 expression in LGG patients. (G) KM curves of high and low ATG5 expression in LIHC patients.





Autophagy-Related Protein 5 Is Correlated With Tumor Immune Infiltration and Tumor Microenvironment in Pan-Cancer

Tumor infiltrating lymphocytes are independent predictors of sentinel lymph node status and survival in cancer, and immune infiltration analysis confirmed that ATG5 expression correlates with the level of immune infiltration in different types of cancer, especially in BRCA, KIRC, and LIHC. As shown in Figures 4A, B, ATG5 expression levels were significantly correlated with those of CD8+ T cells (R= 0.228, P < 0.001) and neutrophils (R = 0.228, P < 0.001) in BRCA, and B cells (R = 0.249, P < 0.001), CD8+ T cells (R = 0.272, P < 0.001), neutrophils (R = 0.385, P < 0.001) and dendritic cells (R = 0.345, P < 0.001) in KIRC. As shown in Figure 4C, ATG5 expression was significantly correlated with all six tumor infiltrating lymphocytes in LIHC, B cells (R = 0.29, P < 0.001), CD4+ T cells (R = 0.301, P < 0.001), CD8+ T cells (R = 0.251, P < 0.001), neutrophils (R = 0.393, P < 0.001), macrophages (R = 0.415, P < 0.001), and dendritic cells (R = 0.331, P < 0.001). In addition, to explore the roles that the ATG5 influenced tumor immune microenvironment has during tumor development, we analyzed the immune score and stromal score of individual tumor samples using the R package Estimate, as shown in Figure 4D, the top three tumors with the most significant correlation between ATG5 expression and immune score among the 33 tumors were TGCT (R = -0.461, P < 0.001), KIRC (R = 0.234, P < 0.001), and THCA (R = -0.206,P < 0.001), the top three tumors whose ATG5 expression was most significantly correlated with stromal score were THCA (R = -0.206, P < 0.001), CESC (R = -0.202, P < 0.001) and LUSC (R = -0.126, P < 0.005), and the relationships between ATG5 expression and the immune score of estimate were THCA (R = -0.206, P < 0.001), CESC (R = -0.202, P < 0.001) and LUSC (R = -0.127, P < 0.005). These results suggested that in the tumor immune microenvironment, the expression levels of ATG5 in TGCT and THCA are significantly negatively correlated with the immune score, but positively correlated with KIRC, THCA, CESC, and LUSC. And the expression levels of ATG5 in THCA and CESC are significantly negatively correlated with the estimate immune score.




Figure 4 | Correlation analysis between ATG5 expression in Pan-cancer and tumor immune infiltration and tumor microenvironment. (A) Correlation analysis between expression levels of ATG5 and immune cell infiltration in BRCA. (B) Correlation analysis between expression levels of ATG5 and immune cell infiltration in KIRC. (C) Correlation analysis between the expression level of ATG5 and immune cell infiltration in LIHC. (D) Correlation analysis between ATG5 expression in Pan-cancer and immune score, between ATG5 expression and stromal score, and between ATG5 expression and estimate immune score.





Autophagy-Related Protein 5 Expression in Pan-Cancer Is Associated With Immune Neoantigens and Immune Checkpoint Genes

As shown in Figure 5A, the relationship of ATG5 expression and the expression of immune checkpoint genes could be probed by expression data of more than forty immune checkpoint genes commonly found in various types of tumors. Our results showed that the expression of ATG5 was positively correlated with the expression levels of immune checkpoint genes in various types of tumors, such as KIRC, LIHC, and UVM, suggesting that in some tumors ATG5 may play a role in modulating the pattern of tumor immunity by regulating the expression levels of these immune checkpoint genes. As shown in Figure 5B, we counted the number of neoantigens for each tumor type separately and analyzed the relationship between ATG5 expression and the number of these neoantigens, and found that only in STAD was the expression of ATG5 positively correlated with the number of neoantigens (R = 0.287, P < 0.01).




Figure 5 | Correlation analysis between ATG5 expression and immune neoantigens and immune checkpoint genes in pan-cancer. (A) Correlation analysis between ATG5 expression in Pan-cancer and immune checkpoint gene expression. *Significant correlation P < 0.05, **Significant correlation P < 0.01, ***Significant correlation P < 0.001. (B) Correlation analysis between ATG5 expression in pan-cancer and the number of tumor neoantigens in 19 types of tumors.





Autophagy-Related Protein 5 Expression Is Associated With Tumor Mutational Burden and Microsatellite Instability in Pan-Cancer

TMB, usually measured as the number of somatic mutations occurring at an average of 1M bases in the coding regions of the tumor cell genome, is sometimes directly represented by the total number of nonsynonymous mutations, and the mutation types mainly include various forms of mutations such as single nucleotide variations (SNVs) and small insertions/deletions (Indels). TMB was used to reflect the number of mutations contained in tumor cells, is a quantifiable biomarker. As shown in Figure 6A, the correlation of TMB with ATG5 expression was statistically analyzed for each tumor type separately, using Spearman’s rank correlation coefficient. Notably, ATG5 expression was positively correlated with TBM in BRCA, ESCA, PAAD, SARC, SKCM, and STAD, and negatively correlated with THCA and PRAD. MSI refers to the occurrence of a new microsatellite allele in a tumor compared with normal tissue due to any alteration in the length of a microsatellite caused by insertion or deletion of a repeat unit. As shown in Figure 6B, the expression of ATG5 was analyzed for correlation with MSI using Spearman’s rank correlation coefficient. The results showed that ATG5 expression was significantly positively correlated with MSI in READ, STAD and UCEC, and negatively correlated with LUAD and PRAD.




Figure 6 | Correlation analysis between ATG5 expression in pan-cancer and TMB, MSI. (A) Results of correlation analysis between ATG5 expression in pan-cancer and TMB described using Spearman’s rank correlation coefficient. (B) Results of correlation analysis between ATG5 expression in pan-cancer and MSI described using Spearman’s rank correlation coefficient.





Autophagy-Related Protein 5 Affects DNA Mismatch Repair Genes and Methyltransferase Expression in Pan-Cancer

As shown in Figure 7A, almost all the MMRs genes were positively correlated with the expression level of ATG5 except CHOL, DLBC, LUSC and USC, which suggested that ATG5 could maintain tumor cell viability by upregulating DNA mismatch repair related genes. DNA methylation is the action of DNA methyltransferases that covalently bond a methyl group at the 5’ carbon position of cytosine of genomic CpG dinucleotides. As shown in Figure 7B, through the correlation visualization analysis between ATG5 expression and the expression of the four methyltransferases, we obtained a significant positive correlation between ATG5 expression levels and methyltransferase expression levels in all tumors, which suggested that ATG5 could mediate tumorigenesis and progression by regulating the epigenetic status in human pan-cancer.




Figure 7 | Correlation analysis between the expression of ATG5 in pan-cancer and the expression levels of DNA repair genes and methyltransferases. (A) Correlation analysis between gene expression levels of the five MMRs and ATG5 expression. (B) Correlation analysis between ATG5 expression and the expression of four methyltransferases. DNMT1 is colored red, DNMT2 was colored blue, DNMT3a was colored green, and DNMT3b is colored purple.





Autophagy-Related Protein 5 Is Implicated in the Regulation of Signaling Pathways Involved in Cancer Metabolism and Tumor Immunity

To observe the effect of gene expression on tumors, we divided the human pan-cancer samples into two groups with high and low expression according to the expression levels of ATG5 and analyzed the enrichment of signaling pathways in KEGG and hallmark in high and low expression groups by GSEA, as shown in Tables 1 and 2. The top 20 most enriched signaling pathways or biological processes according to the NES score permutation have been previously characterized Listed. As shown in Figure 8, the top 3 signaling pathways most significantly enriched in both databases have been listed, and notably, ubiquitin-mediated proteolysis and protein secretion were described as the most enriched signaling pathways, respectively. In addition, the KEGG pathways in p53 signaling, pancreatic cancer, mismatch repair, nucleotide excision repair, pyrimidine metabolism, small cell lung cancer, renal cell carcinoma, chronic myeloid leukemia, and pathways in cancer were described as the most enriched KEGG pathways, glycolysis, PI3K-Akt-mTOR signaling, mTORC1 signaling, DNA repair, Myc targets, adipogenesis, TGF-beta signaling pathway, IL2-STAT5 signaling pathway And oxidative phosphorylation and other biological processes were described as hallmark signaling pathways with the greatest enrichment, these results indicate that ATG5 is widely involved in the regulation of signaling pathways involved in tumor metabolism and tumor immunity.


Table 1 | The information of KEGG terms from top 20 GSEA enrichment analysis.




Table 2 | The information of HALLMARK terms from top 20 GSEA enrichment analysis.






Figure 8 | Gene set enrichment analysis of ATG5 associated with signaling pathways in KEGG and hallmark datasets. (A) Results of GSEA of ATG5 ranked in the top 3 for its correlation with signaling pathways in KEGG database. (B) Results of GSEA of the top 3 rankings of ATG5 correlation with signaling pathways in hallmark dataset.






Discussion

As a fundamental biological process of energy metabolism and material recycling, the role, process, and function of autophagy in the heterogeneous metabolic pattern of tumors have long been widely concerned. Cellular autophagy itself can be hijacked by tumor cells for the synthesis of biomacromolecules required for tumor cell proliferation (16). The metabolic pattern that tumor cells distinguish from normal cells is termed aerobic glycolysis or is described as the Warburg effect. This metabolic pattern is characterized by enhanced uptake of glucose and amino acids by tumor cells, opportunistic nutrient utilization patterns, differential glycolysis/TCA cycle pathways, increased demand for nitrogen elements, a metabolite driven pattern of gene regulation, and interaction with metabolites in the tumor microenvironment, features that are widely used for tumor-specific targeted drug development (17). Autophagy extensively cross-talk these processes, serving as a ‘bridge’ for the activation and synthesis of most metabolic pathways and signaling molecules within the cell, playing diverse roles at different stages of tumor initiation and progression (18). Since tumorigenesis depends on the accumulation of damaged intracellular biomacromolecules, especially DNA, and autophagy facilitates the clearance of intracellular ROS and damaged organelles, in the early malignant biological events of tumorigenesis, autophagy is thought to be able to inhibit the tumorigenesis of cancer cells (19, 20). Whereas the maintenance role of autophagy for such a heterogeneous metabolic pattern is manifested when tumors progress. From one classic scenario, defects in basal autophagy in tumor cells limit nutrient supply for recycling of intracellular constituents. Although scholars have gained some understanding of the promoting role of autophagy on tumor survival, little is known about how nutrient deprivation caused by impaired autophagy affects metabolically driven tumor progression (21). The work of Lin et al. (22) showed that the survival cycle of KRAS-G12V driven tumor-bearing mice was extended by 38% when the autophagy-related gene ATG5 was conditionally knocked out (ATG5-ko), and ATG5 knockout tumor cells exhibited decreased mitochondrial function and increased mitochondrial fragmentation. Interestingly, ATG5 knockout tumor cells, in spite of the compensatory overexpression of asparagine synthetase (ASNs), displayed a lack of expression in the tumor cells of asparagine, a nonessential amino acid, in the metabolite profile. Moreover, inhibition and downregulation of autophagy and ASNs reduced KRAS-G12V driven tumor cell proliferation, migration, and invasion ability, and this ability could be rescued by asparagine supplementation or knockdown of the mitochondrial fission factor (MFF).

In addition, our single gene set enrichment analysis performed in the pan-cancer analysis of ATG5 using high and low ATG5 expression as a signature of sample subgroups showed that ATG5 can participate in a wide range of metabolic pathways and biosynthesis, including glycolysis, PI3K-Akt-mTOR signaling, mTORC1 signaling, p53 signaling, pyrimidine metabolism, TGF-β signaling, IL2-STAT5 signaling, and oxidative phosphorylation. And the highest enrichment scores of these signaling pathways all fell in the high expression area of ATG5. This suggests that high ATG5 expression is involved in the positive regulation of these signaling pathways, and ATG5 may play a pathological role in promoting aerobic glycolysis, maintaining tumor cell viability, and promoting tumor cell proliferation by driving the upregulation of these metabolic pathways and signal transduction pathways.

If the results presented above justify the idea that autophagy determines the metabolism of tumor heterogeneity, then the latest report by Yamamoto et al. (23), showed that autophagy can promote the immune escape of pancreatic cancer cells by degrading MHC-I, was sufficient to argue that the conjecture that autophagy is associated with tumor immune escape is well-founded. Notably, in addition to focusing on CD8+ T cells, this work observed changes in other immune cells such as MDSCs, CD4+ T cells, and CD103+ DCS upon autophagy inhibition, which also explains the results exhibited by our correlation analysis between ATG5 and tumor immune infiltration, suggesting that autophagy-mediated immune escape from tumors may be ubiquitously through signaling pathways in different tumor immune cells.

Naturally, blocking the autophagy pathway can be considered as a core strategy in tumor-targeted therapy. Indeed, a series of clinical studies based on the therapeutic application of the autophagy inhibitor chloroquine in tumors have been initiated and it was demonstrated that in some kinds of tumors, inhibition of autophagy contributes to the survival of tumor patients (24, 25). However, the complexity of autophagy itself determines, and its targets are characterized by diversity. How to select the optimal autophagy targeting gene will be a central question in tumor-targeted therapy that blocks autophagy.

ATG5, as an autophagy gene, played an important role in the process of autophagosome formation and autophagic flux and regulated multiple biological behaviors of tumors (3–8). The ATG5 protein was first discovered in the yeast system to be involved in the early stages of autophagosome formation, and the atg5-atg12 conjugation system plays an important role in the formation of the autophagosomal membrane and the recruitment of LC3. A series of studies have shown that ATG5 can determine autophagy progression and cell fate determination by affecting protein ubiquitination and autophagy-lysosome formation (26, 27). These regulatory roles of ATG5 were also validated again by our pan-cancer analysis, in addition to ATG5 mediated activation of oxidative phosphorylation, p53 signaling pathway, and others reported. But more biological processes such as IL-2/STAT5 and cross-talk with ATG5 are still open questions to be investigated. The significance of our work is that the crosstalk of these possible signaling pathways was prospectively revealed, providing bioinformatics and computational biology based insights for further understanding the role played by ATG5 in tumor metabolism and immune escape.
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Multiple myeloma (MM) affects ~500,000 people and results in ~100,000 deaths annually, being currently considered treatable but incurable. There are several MM chemotherapy treatment regimens, among which eleven include bortezomib, a proteasome-targeted drug. MM patients respond differently to bortezomib, and new prognostic biomarkers are needed to personalize treatments. However, there is a shortage of clinically annotated MM molecular data that could be used to establish novel molecular diagnostics. We report new RNA sequencing profiles for 53 MM patients annotated with responses on two similar chemotherapy regimens: bortezomib, doxorubicin, dexamethasone (PAD), and bortezomib, cyclophosphamide, dexamethasone (VCD), or with responses to their combinations. Fourteen patients received both PAD and VCD; six received only PAD, and 33 received only VCD. We compared profiles for the good and poor responders and found five genes commonly regulated here and in the previous datasets for other bortezomib regimens (all upregulated in the good responders): FGFR3, MAF, IGHA2, IGHV1-69, and GRB14. Four of these genes are linked with known immunoglobulin locus rearrangements. We then used five machine learning (ML) methods to build a classifier distinguishing good and poor responders for two cohorts: PAD + VCD (53 patients), and separately VCD (47 patients). We showed that the application of FloWPS dynamic data trimming was beneficial for all ML methods tested in both cohorts, and also in the previous MM bortezomib datasets. However, the ML models build for the different datasets did not allow cross-transferring, which can be due to different treatment regimens, experimental profiling methods, and MM heterogeneity.
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Introduction

Multiple myeloma (MM) is a hematological cancer which arises from abnormal antibody producing white blood plasma cells (1). MM affects approximately 500,000 people and results in ~100,000 deaths annually (2, 3) being currently considered treatable but rarely curable (4, 5). There are several MM chemotherapy treatment regimens currently in use, among which eleven include bortezomib (6) (Table 1). Bortezomib is a targeted drug that specifically binds and inhibits 26S proteasome, thus affecting proteolytic degradation pathways (20). Patients with MM respond differently on bortezomib-containing treatment schemes (21), and many patients develop adverse effects including neuromuscular and cardiovascular toxicity (22). Thus, new prognostic biomarkers are needed to personalize treatments with bortezomib (21).


Table 1 | Bortezomib containing chemotherapy regimens currently in use for the first-line treatment of multiple myeloma.



High-throughput gene expression data including RNA sequencing profiles can be used for finding effective cancer biomarkers (23, 24). There is a shortage now for clinically annotated molecular profiles of MM that could be used to establish novel molecular diagnostics for most of the current clinical treatment regimens. For several regimens with bortezomib, MM gene expression profiles had been previously established and published for patients who were classified as either responders or non-responders. For example, in a study (25) using Affymetrix Human Genome U133 expression microarrays, 169 MM profiles were published for 85 responder patients and for 84 non-responders on monotherapy with bortezomib (26). In another paper (27) an Affymetrix Human Exon 1.0 ST Array expression dataset was published with the 33 responder and 28 non-responder profiles for the bortezomib monotherapy followed by autologous stem cell transplantation (ASCT) (28). However, monotherapy with bortezomib is not currently a recommended option for the treatment of MM due to its lower efficacy compared to combinational therapies (6). For one of the options currently in clinical use for the MM namely bortezomib + thalidomide + dexamethasone scheme, there is a publicly available dataset (29) obtained using Affymetrix Human Genome U133 Plus arrays for the 69 responder and 49 non-responder patients (28). Other examples account for the studies of bortezomib, doxorubicin, and dexamethasone (PAD) chemotherapy regimen at Myeloma Institute for Research and Therapy (55 responders and 153 non-responders) (30–40), and during Dutch-Belgian HOVON project (30–32, 41–44), where 94 responders and 59 non-responders were investigated; for both studies Affymetrix microarrays were used.

In this study we report new RNA sequencing profiles for 58 (53 after mapped reads threshold filtering) MM patients annotated with the documented responses on two chemotherapy regimens that include bortezomib: PAD, or bortezomib, cyclophosphamide, and dexamethasone (VCD). These regimens are similar in their composition and differ in the presence of doxorubicin that interferes with the DNA replication by intercalating with the nucleobases (45) or cyclophosphamide that produces crosslinks between the DNA strands (46). Both treatment regimens showed clinical benefit and were accepted as first-line treatment of multiple myeloma internationally and in the Russian Federation (Table 1). To our knowledge, this is the first annotated RNA sequencing molecular dataset for the PAD and VCD regimens of MM chemotherapy. In addition, the current profiles were obtained using the same protocols, equipment and reagents as for the ANTE database of RNA sequencing profiles for healthy human tissues and are, therefore, fully compatible with the enclosed eleven profiles for the normal CD138+ cells (47).

The MM biosamples investigated here were taken prior to the first-line chemotherapy treatments and subjected to RNA sequencing. Following treatment, the patients were clinically characterized to assess clinical responses according to the International Myeloma Working Group. Totally, 11 high-quality profiles were obtained for the “complete responders” (CR), 17 for “very good partial responders” (VGPR), 12 for “partial responders” (PR), and 13 for “minimal responders” (MR), where CR + VGPR can be considered good responders and PR + MR—poor responders. Among them, 14 patients received both PAD and VCD treatments (3–12 courses, sequentially), 33 received only VCD (3–12 courses) and 6—only PAD (4–6 courses).

We then used enhanced algorithms for five machine learning (ML) methods to build a classifier distinguishing good and poor treatment responders: support vector machines (SVM), Tikhonov (ridge) regression (RR), binomial naïve Bayes (BNB), random forest (RF) and multi-layer perceptron (MLP). The best result for full PAD+VCD cohort (n = 53) was produced by BNB method (AUC 0.84, sensitivity >0.8, specificity >0.84), and for the VCD cohort (n = 47) by the MLP method (AUC 0.89, sensitivity >0.87, specificity >0.83). In both optimal solutions, FloWPS dynamic data trimming method (26, 48, 49) was used to reduce data dimensionality. We also showed that the same approach was effective for classifying other annotated MM datasets with different bortezomib treatment regimens. We also compared gene expression profiles for the good and poor responders and found five genes commonly regulated here and in the previous datasets (all upregulated in the good responders): FGFR3, MAF, IGHA2, IGHV1-69, and GRB14.



Materials and Methods


Clinically Annotated Biosamples

From March 2016 till June 2018, we collected 58 biosamples of bone marrow cells enriched for the presence of CD138-expressing mononuclear cells, isolated for the patients diagnosed with multiple myeloma (MM) and prescribed with further first-line chemotherapy treatments according to PAD and/or VCD regimens. The MM patients were 29–78 years old, mean age was 58 y.o., 31 male and 27 female patients (Supplementary Table 1). To isolate mononuclear cells, we used Ficoll Paque Plus medium (Sigma) according to the manufacturer’s recommendations. CD138+ cells fractions were obtained using magnetic granules coated with CD138-specific human antibodies MicroBeads (Miltenyi Biotec) and MS Columns (Miltenyi Biotec), according to the manufacturer’s recommendations. Cells were counted by Scepter™ 2.0 Handheld Automated Cell Counter (Merck Millipore) and immediately subjected to RNA extraction.

In parallel, a set of normal samples of CD138+ mononuclear cells was isolated from eleven 25–42 y.o. (mean age 32 y.o.; five males and six females) healthy volunteers as described in (47).

In all tumor related CD138+ experimental fractions the content of MM cells varied between 45 and 97%, as estimated by the pathologist using BD FACSCanto II flow cytometer (Becton Dickinson, USA) and phycoerythrin-conjugated anti-CD138 antibodies. This fraction was then subjected to RNA sequencing with approximately 30 million sequencing reads per library. In parallel, the patient treatment responses on bortezomib, doxorubicin, and dexamethasone (PAD) or bortezomib, cyclophosphamide, and dexamethasone (VCD) regimens, or their combinations, were registered and documented. Among them, 17 patients received both PAD and VCD treatments (3–12 courses, sequentially), 36 received only VCD (3–12 courses), and 5-only PAD (4–6 courses). Totally, 13 RNA sequencing profiles were obtained for the “complete responders” (CR), 17 for “very good partial responders” (VGPR), 14 for “partial responders” (PR), and 16 for “minimal responders” (MR), Supplementary Table 1. Moreover, for two poor responder cases (patients 111 and 115) we isolated MM mononuclear CD138+ cells following tumor relapse on PAD + VCD treatment and performed RNA sequencing (Supplementary Table 1).

For all the biosamples, informed written consents to participate in this study were collected from the patient’s legal representatives. The consent procedure and the design of the study were approved by the ethical committees of the Sechenov Moscow First Medical University, of the Clinical Center Vitamed (Moscow), and of the National Research Center for Hematology (Moscow, Russia).



Preparation of Libraries and RNA Sequencing

For RNA extraction, cells were resuspended in TRI Reagent (MRC) and then Direct-zol RNA MiniPrep (Zymo Research) was used for the RNA extraction. RNA was quantified using Nanodrop (Thermo Fisher Scientific), ethanol-precipitated, and stored in liquid nitrogen until sequencing. For library preparation, RNA Integrity Number (RIN) was measured using Agilent 2100 bioanalyzer. Agilent RNA 6000 Nano or Qubit RNA Assay Kits were used to measure RNA concentration. For depletion of ribosomal RNA, we used KAPA RNA Hyper with RiboErase Kit (KAPA Biosystems). Different adaptors were used for multiplexing samples in one sequencing run. Library concentrations and quality were measured using Qubit ds DNA HS Assay kit (Life Technologies) and Agilent Tapestation (Agilent). RNA sequencing was performed using Illumina HiSeq 3000 equipment for single end sequencing, 50 bp read length, for approximately 30 million raw reads per sample. Data quality check was conducted using Illumina SAV. De-multiplexing was performed using Illumina Bcl2fastq2 v 2.17 software. In parallel, we also isolated fractions of control CD138+ cells from eleven healthy volunteers and subjected them to RNA sequencing using the same protocol, equipment and reagents. The healthy donor profiles were published previously as part of the ANTE atlas of RNA sequencing data in healthy tissues (47).



Processing of RNA Sequencing Data

RNA sequencing FASTQ files were processed with STAR aligner (27) in ‘GeneCounts’ mode with the Ensembl human transcriptome annotation (Build version GRCh38 and transcript annotation GRCh38.89). Ensembl gene IDs were converted to HGNC gene symbols using Complete HGNC dataset (https://www.genenames.org, database version of July 13, 2017. In total, expression levels were established for 36,596 annotated genes with corresponding HGNC identifiers. Additional quality control (QC) metrics for obtained data were generated using NCBI MAGIC software (28, 49, 50). All metrics and detailed protocol for each sample can be found in Supplementary Table 2.



Data Clustering

‘1’ was added to all raw gene counts prior to cluster analyses, to avoid zero expression values, as described by Dillies et al. (51), the gene expression data were merged into single datasets and quantile normalized (52). Hierarchical clustering was performed using R ward.D2 method. The dendrogram was visualized using custom R script.



Dataset Preparation for Machine Learning (ML) Applications

According to (26, 48, 49), the preparation of datasets for the analysis included several steps: (i) normalization of expression levels using the DESeq2 method (51); (ii) finding top 30 marker genes having the highest AUC values for discriminating good and poor responder cases; (iii) performing the leave-one-out (LOO) cross-validation procedure to identify robust core marker gene set that will be used for building the ML models. The latter core marker gene set is an intersection of top 30 marker gene sets for all combinations of but one samples (26, 28, 48, 49).



ML Applications

Although modern ML applications in clinical cancer genomics may rely on deep learning methods (53–55), they require large preceding case cohorts (56), which was not the case for neither of the MM expression datasets under investigation. Thus, to further characterize them we used several non-deep ML methods implemented in the Python sklearn library (56).

The ML analysis of the experimental MM profiles was performed in two modes. First—when all 53 patients were included whose gene expression profiles passed the quality control (PAD+VCD cohort). Second, when 47 patients were included who had either only VCD or combination of PAD and VCD, but not only PAD (VCD cohort).

For each ML method we used a data trimming/preprocessing step using FloWPS method (R package flowpspkg.tar.gz) to increase robustness and efficiency due to individual sample-specific selection of training dataset (26, 48, 49). Among the ML methods, we used linear support vector machines (SVM) and ridge regression (RR) with default parameter settings for the sklearn package. Additionally, we applied random forest (RF), binomial naïve Bayes (BNB), and multi-layer perceptron (MLP) with the settings, which previously showed the best performance for building cancer responder classifiers (26). For RF these settings were n_estimators = 30, criterion = ‘entropy’. For BNB: alpha = 1.0, binarize = 0.0, and fit_prior = False. For MLP: hidden_layer_sizes = 30, alpha = 0.001. To compensate possible effect of unequal number of responder and non-responder samples, all SVM and RF calculations were done with setting class_weight = ‘balanced’ and class_weight = ’balanced_subsample’, respectively. All other parameters were used with the default settings.



Data Records

MM gene expression profiles were deposited to Gene Expression Omnibus database (GEO) under accession number GSE159426. The data is provided as a matrix of raw counts as produced by STAR. The mapping statistic for the corresponding dataset is shown in Supplementary Table 2. The RNA sequencing profiles for healthy CD138-positive controls were deposited in GEO database with accession number GSE120795.



Code Availability

R code for building dendrograms with bar plots is freely available on Gitlab at: https://gitlab.com/oncobox/watermelon_multisection/blob/master/utils/gallow_
plot.R. Flowpspkg.tar.gz is available on Gitlab at: https://gitlab.com/borisov_oncobox/flowpspkg.




Results and Discussion


Initial Analysis of RNA Sequencing Data

Primary RNA sequencing data were characterized in detail with the NCBI MAGIC software (57) (Supplementary Table 2) and analyzed to assess if the profiles obtained are congruent with the biological nature of the biosamples under study. To this end we mixed the MM data obtained here with the profiles obtained by us using the same protocols, equipment and reagents for eleven samples of CD138+ cells of healthy volunteers (47). We performed hierarchical clustering analysis and observed that in line with the biological significance with one exception the norms formed a compact cluster on the dendrogram separately from the cancers (Figure 1). Furthermore, the outstanding normal profile had relatively low number of sequencing reads (Figure 1) and didn’t meet the previously established quality control (QC) criterion for this RNA sequencing protocol of having at least 2.5 million uniquely gene-mapped reads per library (47). This established threshold effectively marked samples with low quality values of other QC metrics, e.g. proportion of genomic counts, high rate of mismatches, number of reads spanning splice junction, high percentage of ribosomal counts (47). Filtering of the profiles that didn’t meet mapped-reads QC resulted in a tight clustering both on the dendrogram and on the principal component analysis (PCA) plot and removed healthy outlier (Figures 2A, B). However, the good (CR + VGPR) and poor (PR + MR) MM responders showed mixed trend and didn’t form any response-specific clusters (Figures 2C, D).




Figure 1 | The hierarchical clustering dendrogram of all experimental RNA sequencing profiles of the control and multiple myeloma samples. Gene expression data were used to calculate Euclidian distances between the samples. Color indicates the sample type. The lower scale indicates the number of uniquely mapped reads. QC denotes the quality control threshold of 2.5 million uniquely mapped reads.






Figure 2 | (A) The hierarchical clustering dendrogram of QC-passed experimental RNA sequencing profiles of the control and multiple myeloma samples. Gene expression data were used to calculate Euclidian distances between the samples. The color markers indicate the sample types. The lower scale indicates the number of uniquely mapped reads. ‘QC’ denotes the quality control threshold of 2.5 million uniquely mapped reads. (B) PCA for QC-passed experimental RNA sequencing profiles of the control and multiple myeloma samples. The color markers indicate the sample types. (C) The hierarchical clustering dendrogram of QC-passed experimental RNA sequencing profiles of the multiple myeloma samples. Gene expression data were used to calculate Euclidian distances between the samples. The color markers indicate the response. The lower scale indicates the number of uniquely mapped reads. ‘QC’ denotes the quality control threshold of 2.5 million uniquely mapped reads. (D) PCA for QC-passed experimental RNA sequencing profiles of the multiple myeloma samples. The color markers indicate the response.





Building of ML-Assisted Classifiers for VCD MM Responders and Non-Responders

For our further analyses we used molecular profiles that passed mapped-reads QC and represented 53 MM patients (Supplementary Table 1), where 28 were classified as the good (CR + VGPR) and 25 as the poor (MR + PR) responders.

Reducing data dimensionality in disproportionately rich datasets is required for statistically justified tests (49). Prior to using machine learning (ML) approaches, we performed feature selection procedure to identify core marker gene expression set comparable in size to the number of the patient cases under analysis (26, 28). To this end we selected the most informative fraction of the initial data that can distinguish between the good and poor treatment responder classes using a leave-one-out-based method (48). Because of the size of our MM dataset (n = 53 for full cohort and 47 for VCD) the n-fold cross-validation scheme is too rough for such a limited dataset, and the leave-one-out (i.e., 53/47-fold cross-validation approach for full/VCD cohort, respectively) is the best way to obtain more accurate results.

For each clinical case i = 1, … 53/47, we determined the top 30 marker genes that distinguished responder and non-responder cases in a sub-dataset that contains all samples but i. For all 52/46 such sub-datasets each having 52/46 cases, we interrogated each gene taken one by one and obtained the set of top 30 genes showing the highest ROC AUC values for the difference between responder and non-responder profiles. Area under the ROC curve (AUC) is the universal metric of a biomarker robustness depending on its sensitivity and specificity (28). It varies from 0.5 till 1, and the standard discrimination threshold is typically set as 0.7, where the items with greater AUC are thought high-quality biomarkers (58). AUC is broadly used for scoring of molecular biomarkers in oncology (23, 59–62).

The final list of core marker genes was then obtained by intersecting top 30 gene sets for all 53/47 sub-datasets. By using this procedure, we obtained a set of 8 core marker genes whose expression was characteristic for the MM patient (non)responder cohort (Figures 3,  4; Table 2, Supplementary Tables 3, 4).




Figure 3 | Gene expression levels of genes ARPC2 (A), EIF4BP8 (B), KLHDC7B (C), OSR2 (D), RPL21P1 (E), SETP4 (F), TRIM9 (G), and TSSC4 (H) in the full cohorts of MM responders and poor responders to PAD/VCD therapy. For every gene, paired t-test p-values and AUC values are shown. Each dot on the graph represents single MM sample. Grey indicates good treatment responders, black—poor responders.






Figure 4 | Gene expression levels of genes ARPC2 (A), CDHR4 (B), EFCAB8 (C), EIF4BP8 (D), OSR2 (E), SETP4 (F), SLC25A6P3 (G), TOGARAM1 (H), TRIM9 (I), and TSSC4 (J) in the cohorts of MM responders and poor responders to VCD therapy. For every gene, paired t-test p-values and AUC values are shown. Each dot on the graph represents single MM sample. Grey indicates good treatment responders, black—poor responders.




Table 2 | Core marker genes for the current PAD/VCD MM dataset (full cohort/VCD cohort).



Interestingly, many of those genes were previously reported as cancer biomarkers. For example, gene ARPC2 is prognostic biomarker in ovarian carcinomas (65). Gene KLHDC7B is regulated by interferon signaling pathway (66) and was previously published as the methylation marker in breast cancer (67) and also poor prognosis biomarker in triple negative breast cancer (68) and laryngeal cancer (69). OSR2 gene is methylation marker in gastric cancer (70) and TRIM9 was reported as cell-free DNA methylation marker of metastatic breast cancer (71). Finally, TSSC4 gene is located in 11p15.5 locus, an important tumor-suppressor gene region which alterations are linked with the Beckwith–Wiedemann syndrome, Wilms tumor, rhabdomyosarcoma, adrenocortical carcinoma, and lung, ovarian, and breast cancer (https://www.genecards.org/cgi-bin/carddisp.pl?gene=TSSC4).

To improve performance of ML, we used a recent data preprocessing/trimming technique termed floating-window projective separator (FloWPS). This method increases AUC for most of ML methods in most of the clinically annotated gene expression datasets investigated (26, 48, 49). FloWPS improves the classifier robustness by performing dynamic data trimming and selecting sample-specific sets of relevant genes to prevent extrapolation in the feature space (described in detail in Supplementary Text 1). It prevents extrapolation in the feature space by excluding the features that cause such extrapolation. Second, it selects only k nearest neighbors for the training dataset to build a ML model similarly to the kNN method (72) to avoid confusing interference from too distant points from the training dataset in the feature space.

We then built binary classifiers of MM response on PAD and VCD regimens using five ML methods: linear support vectors machine (SVM) (50, 73, 74), random forests (RF) (75), ridge regression (RR) (76), binomial naïve Bayes (BNB) (77), and multi-layer perceptron (MLP) (52, 74, 78). We checked performance of these methods with and without FloWPS. Cross-validation of the results for every method was done using the leave-one-out approach to calculate quality metrics such as AUC, sensitivity and specificity. The results are shown in Figures 5, 6 depending on different values of B, a relative balance factor for false positive and false negative errors. For all ML methods, application of FloWPS increased quality of the classifiers built as reflected by AUC metric (Figures 5, 6). Taking together the three criteria of AUC, sensitivity (Sn) and specificity (Sp), the optimal solution was provided by the BNB method with FloWPS (AUC = 0.84) for the full cohort, and by MLP method with FloWPS (AUC = 0.89) for the VCD cohort.




Figure 5 | Area under receiver-operator curve (AUC), sensitivity (Sn) and Specificity (Sp) for five ML methods (A) linear SVM, (B) RF, (C) RR, (D) BNB, (E) MLP during classification of response to PAD/VCD treatment of 53 MM patients (full cohort). Parameter B is false positive vs. false negative balance factor.






Figure 6 | Area under receiver-operator curve (AUC), sensitivity (Sn) and Specificity (Sp) for five ML methods (A) linear SVM, (B) RF, (C) RR, (D) BNB, (E) MLP during classification of response to VCD treatment of 47 MM patients (VCD cohort). Parameter B is false positive vs. false negative balance factor.





Comparison With Other Publicly Available Gene Expression Datasets With Known MM Response to Bortezomib-Containing Chemotherapy Regimens

We found seven publicly available MM datasets containing gene expression profiles annotated by clinical responses to the different bortezomib containing treatment schemes (25, 27–29, 32) summarized here on Table 3. Among them, only two chemotherapy scheme (bortezomib + thalidomide + dexamethasone) and PAD are currently accepted by the NCCN guidelines (79). All those alternative datasets were obtained by using expression microarrays whereas RNA sequencing that can be considered gold standard of cancer transcriptomic analyses (80) was used here for the first time to characterize PAD and VCD treatment efficiencies.


Table 3 | General characteristics of bortezomib chemotherapy response-annotated MM datasets.



When processed in the same way as the current experimental dataset to apply different ML methods, 7–18 core marker genes distinguishing good and poor responders were obtained for these literature datasets (26). We found no intersections between the core marker genes corresponding to these and current experimental datasets (Table 4). Moreover, using the current experimental set of 8/10 core marker genes (for the full/VCD cohorts, respectively) couldn’t be used for building robust classifiers with the same repertoire of ML methods (data not shown). This can be due to differences in both gene expression interrogation methods, MM heterogeneity, and the composition of MM treatment schemes. Similarly, findings of Intergroupe Francophone du Myélome (IFM) suggest the absence of a robust gene signature associated with the treatment response (14, 81, 82).


Table 4 | Core marker genes identified for bortezomib chemotherapy response-annotated MM datasets; genes that are overexpressed in the treatment responders are marked by (+), downregulated in the responders by (−).



However, for all the literature datasets investigated utilization of best ML methods enhanced by FloWPS using their own core biomarker genes resulted in high-quality classifiers with ROC AUC varying in the range 0.79–0.96 (Table 5). Interestingly, one of those previous MM datasets (25) for bortezomib monotherapy (best AUC = 0.8) was previously characterized as “inconvenient” for ML because other attempts to build a response classifier without using core marker gene approach and FloWPS were unsuccessful resulting in AUC <0.66 (83–87).


Table 5 | Best ROC AUC and AUPR (precision-recall AUC) values obtained for good versus poor responder classifiers built using different ML methods without/with FloWPS for different MM annotated expression datasets.



For ROC AUC metric, FloWPS enhancement was beneficial for all global ML methods such as SVM, RF, BNB, and MLP. Likewise, it increased the precision-recall AUC (AUPR) metric for global ML methods in most datasets (Table 5). This was also in line with the previous findings where it could improve accuracy and Matthews correlation coefficient metrics (48).



Differentially Expressed Gene Analysis

We performed the analysis for differentially expressed genes that distinguish responders from non-responders using the DESeq2 (51) method with the criteria pAdjusted <0.05, |LFC2| >0.5 (Supplementary Figure 2). Interestingly, we found no marker role of bortezomib molecular target genes PSMB1 and PSMB5 for neither dataset, as reflected by AUC levels of less than 0.7 (Supplementary Figure 1).

Despite the lack of intersection between core marker genes that served for ML model creation, there were several differential genes that were regulated similarly among the good vs poor responders in the different datasets, and the intersection pattern was not random (Figure 7).




Figure 7 | Intersection analysis for differentially expressed genes (DEG) distinguishing good and poor treatment responders in eight bortezomib MM datasets (A). Observed vs expected (under the hypothesis of random DEG distribution) numbers of intersection events in all possible pairwise comparisons (B).



The intersections between differential genes for all datasets were analyzed using UpSetR method (88); Figure 7A. To assess randomness of differential genes in the MM datasets, we used the following test. Differential gene sets for all MM datasets can form 7·8/2 = 28 pair intersections. For each of these paired intersections the number of observed intersected genes was calculated and compared with the random expectation model (Figure 7B). For random expectations, in each dataset we picked 1,000 times randomly the observed number of differential genes, and modeled all 28 possible intersections (Figure 7B).

The maximum similarities were observed between the datasets GSE68871 and GSE19784_1 (Jaccard coefficient J = 0.042), GSE68871 and GSE19784_2 (J = 0.037), GSE68871 and GSE1978_4 (J = 0.030), and GSE68871 and GSE2658 (J = 0.028); Supplementary Table 5.

Interestingly, we found several common differential genes in the current experimental RNAseq and in the previous microarray datasets (Table 6). All these common differential genes were overexpressed in the good vs poor treatment responders. Among them, the fibroblast growth factor receptor 3 gene (FGFR3) was found three times, and the transcription factor MAF gene was detected twice. Other differential genes (IGHA2, IGHV1-69, GRB14) were detected once. Among them, GRB14 was found only for the full (PAD+VCD) dataset, but not in the reduced VCD dataset. Other abovementioned differential genes were shared for the PAD + VCD and VCD datasets.


Table 6 | Common differentially expressed genes (DEGs) in the current experimental dataset (full or VCD only cohorts) and in seven previously published MM datasets.



Four out of these five differential genes (FGFR3, MAF, IGHA2, IGHV1-69) are associated with translocation of immunoglobulin locus on 14q32 region that frequently occurs in MM (89), which clearly connects our results with the MM biology. Differential genes IGHA2 and IGHV1-69 are both located on the above 14q32 locus and encode for immunoglobulin heavy chain constant region alpha 2, and immunoglobulin heavy chain variable regions 1–69, respectively. To our knowledge, they were never associated before with bortezomib effectiveness in MM and in other tumors. We also found no known associations for GRB14 with MM.

Our results on FGFR3 are congruent with the previous findings. Fibroblast growth factor receptor 3 (FGFR3) is receptor tyrosine kinase which prevents apoptosis in MM cells and promotes adhesion to bone marrow stromal cells (90). It is overexpressed in ~20% of MM cases (91). High expression of FGFR3 was reported as the positive clinical response prognostic factor for bortezomib monotherapy (92), and for the bortezomib + thalidomide + dexamethasone (VTD) regimen (93). In parallel with FGFR3 activating mutations (94), it was also shown a factor mediating and positively correlating with bortezomib-related apoptosis in cultured MM (91) and lymphoma (95) cells. Interestingly, at the same time FGFR3 overexpression was reported as a negative factor for treatment with thalidomide, another targeted MM therapeutic (96).

However, for transcriptional factor MAF contradictory reports have been published that its expression is either positive (97), neutral (98–100) or negative (101) prognostic factor for response on bortezomib containing treatments. MAF is a transcriptional activator of many genes, including cyclinD2 and Integrin-β7 (102). Translocation of MAF into immunoglobulin locus is initiating oncogenic event in 5–10% of MM cases, and it was estimated to be up-regulated in 40–50% of all multiple myelomas (103, 104).

To further functionally characterize the differential gene sets, we performed Gene Ontology (GO) analysis (105), Supplementary Figure 3. We identified enrichment clusters only for four datasets investigated: for the current study, GSE9782, GSE19784_1, and GSE2658. Those clusters corresponded predominantly to the various immune cell-specific processes (Supplementary Figure 3).

We also considered 20 experimental MM cases treated with PAD regimen and found four differential genes between the good and poor responders (Supplementary Figure 2C), including gene SEZ6L2 which was common with the literature dataset GSE9782. We found no previous mentions of the association of this gene with MM.



Gene Expression Changes in MM After PAD/VCD Treatment

To our knowledge, MM gene expression profiles before and after relapse on PAD/VCD regimens had never been reported in the literature. For two MM patients included in this study, we were able to isolate CD138+ fraction of MM cells for the bone marrow biopsies taken after recurrence of the disease (Table 7). The patient 111 sequentially had four courses of first-line PAD and two courses of VCD chemotherapy regimens and showed partial response before relapse. In turn, the patient 115 also had four courses of first-line PAD and two courses of VCD chemotherapy regimens but demonstrated only minimal response before relapse (Supplementary Table 1).


Table 7 | Normalized expression levels of bortezomib targeting genes in MM patients before and after PAD/VCD treatment.



We compared expressions of bortezomib targeted genes in those patient biosamples before and after PAD/VCD treatment (Table 7). Interestingly, genes for both molecular targets of bortezomib (PSMB1, PSMB5) were downregulated after PAD/VCD treatment in both patients. This can represent tumor adaptation to the chemotherapy regimens used. However, it should be mentioned that those genes couldn’t serve as the bortezomib response prognostic biomarkers in all datasets investigated here (Supplementary Figure 1).
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Supplementary Figure 1 | Gene expression levels of target bortezomib genes PSMB1 and PSMB5. Gene expression levels in the cohorts of MM responders and poor responders to therapy. For every gene, paired t-test p-values and AUC values are shown. Each dot on the graph represents single MM sample. Grey indicates good treatment responders, black – poor responders.

Supplementary Figure 2 | Volcano pots for DEGs distinguishing good and poor responders in eight MM datasets: Current Study full (A) Current Study VCD (B) Current Study PAD (C) GSE9782 (D) GSE68871 (E) GSE55145 (F) GSE19784_1 (G) GSE19784_3 (H) GSE19784_3 (I) GSE2658 (J).

Supplementary Figure 3 | Gene Ontology enrichment analysis using the clusterProfile package (105) for the following datasets: Current Study full (A) Current Study VCD (B) GSE9782 (C) GSE19784_1 (D) and GSE2658 (E). Other datasets had no GO terms enriched with DEGs.
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Cutaneous melanoma (CMM) is a skin tumor with a high degree of malignancy. BRAF resistance imposes great difficulty to the treatment of CMM, and partially contributes to the poor prognosis of CMM. YAP is involved in the growth and drug resistance of a variety of tumors, and mechanical signals may affect the activation of YAP1. As a novel ultrasound treatment technology, ultrasound-mediated microbubble destruction (UMMD) has been reported to have a killing effect on isolated CMM cells. In this study, the tumor tissue samples were collected from 64 CMM patients. We found that YAP1 mRNA expression was irrelevant to the clinicopathological characteristics and prognostic survival of the CMM patients. The drug-resistant cell line was constructed and subcutaneously implanted into nude mice, which were further separately treated with UMMD, ultrasound (US), and microbubbles (MB). The result showed that UMMD significantly inhibited the growth of tumor tissues. Ribosome imprinting sequencing (Ribo-seq) is a genetic technology for studying protein translation at genetic level. Ribo-seq, RNA-seq, and RT-qPCR were applied to detect YAP1 expression in CMM mouse tumor tissues. Ribo-seq data revealed that UMMD greatly up-regulated the expression of YAP1, interestingly, the up-regulated YAP1 was found to be negatively correlated with the weight of tumor tissues, while no significant change in YAP1 expression was detected by RNA-seq or RT-qPCR assay. These results indicated that UMMD could inhibit the tumor growth of drug-resistant CMM by affecting the translation efficiency of YAP1, providing a strong basis for the clinical treatment of UMMD in CMM.
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Introduction

Cutaneous melanoma (CMM) is a skin tumor with a high degree of malignancy and rising incidence (1, 2), with a larger tumor volume positively correlating with an increased prognostic risk of patients (3). Thus, in the related field, exploring the mechanisms underlying the occurrence and development CMM have become a main research direction for improve CMM patients’ prognosis. The discovery of missense mutation of the BRAF gene is one of the most influential developments in the study of CMM, as inn more than half of CMM cases, the valine at position 600 of the BRAF protein is replaced by glutamic acid (BRAFV600E) (4, 5). Studies found that BRAFV600E mutation is related to a higher chance of developing tumor metastasis and lower survival rate of CMM patients (5, 6). As a potent kinase inhibitor selectively targeting BRAFV600E mutation in tumor cells, Verofini (PLX 4032) has a therapeutic effect on patients with metastatic melanoma with BRAFV600E mutations and could improve the overall survival of CMM patients (7). However, PLX 4032 is prone to develop drug resistance within 6-8 months of treatment, greatly imposing the difficulty of clinical treatment of CMM patients (8).

Recent studies have demonstrated that the activation and promotion of the core transcription factor YAP in the hippo signaling pathway (9) enhance drug resistance in anti-cancer treatments. Under PLX 4032 treatment, drug-resistant melanoma cells shows a higher level of YAP nuclear localization and transcription activity (10). Co-treatment of inhibition of YAP1 activity and PLX 4032 has been confirmed as a feasible treatment for BRAF-resistant melanoma derived from cancer stem cells (11). Previous study also points out that the increase of YAP1 in tumors with BRAFV600E mutation is a biomarker indicative of poor early response of patients (12), suggesting the potential of the expression of YAP1 in PLX 4032 drug-resistant melanoma as a novel research direction.

Ultrasound-mediated microbubble destruction (UMMD) is an effective technology with minimal invasiveness. By combining low-frequency ultrasound with microbubbles, cavitation, that is, pushing and pulling or shock waves, will be generated in the body. Cavitation is expected to provide a safe and effective new anti-cancer therapy for the clinical practice, because it can produce a biological barrier penetration, improve the efficiency of drug or gene delivery into tumor tissues, and activate the anti-tumor immune response (13, 14). It is well-known that YAP1 is the hub for integrating multiple mechanical signals, which can then affect cell fate by mediating YAP1 (15). We suspected that UMMD may affect CMM growth by changing YAP cell activity.

This experiment was the first to explore the clinical significance of YAP1 in CMM. The tumor tissue samples were collected from CMM patients, and we constructed a CMM animal model with PLX 4032 resistance to analyze the effect of UMMD treatment on YAP1 expression in vivo. Noticeably, in addition to conventional RNA-seq and QPCR, this study also performed ribosomal blot sequencing (Ribo-seq), which directly detects protein translation at the gene level (16) for better demonstrating the effect of UMMD on YAP1 activity.



Materials and Methods


Research Object

A total of 64 patients aged 16-68 years old who underwent CMM surgery at XIANGYA HOSPITAL CENTRAL SOUTH UNIVERSITY hospital between January 2014 and August 2015 were selected as research subjects. All the patients were clinically and pathologically diagnosed as having CMM. Patients’ complete case data and tissue samples were collected. Treatment and follow-up were all conducted according to the research guidelines, and patients’ survival was closely recorded. The general information of patients is shown in Table 1. This study has been approved by the Medical Ethics Committee of our hospital.


Table 1 | Clinicopathological characteristics of patients.





RT-qPCR

RNA extraction kit (GBCBIO, R3105) was used to separate and purify RNA in the CMM tissues collected. M-MLV 4 reverse transcription kit (Biomed, MT403) was applied to synthesize first strand cDNA from RNA templates. TransScript® Green Two-Step Kit (Trans, AQ201) was employed for QPCR amplification. GAPDH served as an internal reference. See Table 2 for the specific primer sequences used in the experiment.


Table 2 | Primer sequence.





Construction of Drug-Resistant Cell Lines

The human CMM cell A375 was commercially purchased from the Cell Bank of the Chinese Academy of Sciences. Fenghui was entrusted to establish PLX 4032 drug-resistant A375 cells, which successfully survived as a drug-resistant strain (PLX4032-DR) in 1μM PLX4032 (11).



CCK-8

CCK-8 kit (Beyotime, C0037) was employed for examining the survival of PLX4032-DR. Specifically, the cells were inoculated into 96-well plates at 5*104/well. After culturing for 24h, 48h, 72h, 96h, 10μL CCK-8 reagent was added to each well. After 1-h incubation, the absorbance was measured at 450nm with a microplate reader.



Animal Model Construction and In Vivo UMMD Treatment

PLX4032-DR and Matrigel glue were mixed at a ratio of 1:1 and then subcutaneously injected into the left and right sides of 20 nude mice. When the tumor grew to a size large enough for further experiment, the mice were divided into 4 groups, namely, UMMD group, ultrasound group (US), micro Bubble group (MB) and control group (CON), with 5 mice in each group. According to a previous study (17), MBS was prepared, except for those in the US group and the CON group, each mouse was injected with MB suspension directly into the tumor, while the mice in the US group and the CON group were injected with the same amount of normal saline. Ultrasound treatment (1 mhz, 100% DC, 2.3W/cm2, 10s) in US group and UMMD group was performed on day 7, 8, 9, 11 and 13 after the MB perfusion. Tumor volume was measured and recorded once every 4 days after ultrasound treatment (V=0.5*longest axis*shortest axis2, mm). The mice were sacrificed 25 days after the perfusion, and the tumor volume and weight were carefully measured and calculated. The animal experiment was conducted strictly in accordance with the guidelines for the Care and Use of Laboratory Animals of the National Institutes of Health and was approved by the Ethics Committee of our hospital.



RNA-Seq

Pooled sequencing of engrafted tumors from the CON and UMMD group were performed., and the library was constructed using the Illumina Truseq™ RNA sample prep Kit. The samples were sequenced on Illumina Hiseq 2000. Sequencing raw data have been uploaded to the Sequence Read Archive database (PRJNA706468).



Ribo-Seq

Liquid nitrogen was used to freeze the mouse tumor tissues. By referring to a previous study (18), ribosomes were recovered after nuclease treatment, and we obtained the ribosome profiles on Ilumina NextSeq CN500% with a sequencing depth of 40M.



Statistical Methods

Graphpad Prism 8.0 was applied for the analysis of experimental data. The count data were presented by percentage, and the chi-square test was used for the component comparison. Measurement data were expressed as mean ± standard deviation, t test was used for component comparison. Survival curve was drawn using Kaplan-Meier method, and survival difference was analyzed by log-rank test. Spearman test was employed to analyze the correlation between YAP1 expression and tumor weight. A p<0.05 was regarded as a statistically significant difference.




Results


Clinicopathological Characteristics of CMM Patients Was Irrelevant to YAP1 mRNA Expression

The YAP1 mRNA expression level in the tumor tissues of 64 CMM patients was determined to be 1.264 ± 0.105. According to the median expression level, the 64 patients were accordingly divided into high and low YAP1 mRNA expression groups. By comparing the relationship between mRNA expression of YAP1 and clinical pathological characteristics of the patients, we observed that YAP1 mRNA expression was irrelevant to the age, gender, lesion site, or cell subtype, etc. of CMM patients (p>0.05) (Table 3).


Table 3 | Relationship between YAP1 mRNA and clinicopathological characteristics of CMM patients.





Survival of CMM Patients Was Irrelevant to YAP1 mRNA Expression

Further analysis of the relationship between the survival of CMM patients and YAP1 mRNA expression showed that although the 5-year survival rate of patients with high mRNA expression of YAP1 was slightly lower than that of those with low YAP1 mRNA expression, there was no statistical difference (Hazard Ratio (HR)=1.422, 95%) CI of ratio: 0.6043 to 3.347, p=0.422), indicating that the survival of CMM patients is irrelevant to the level of YAP1 mRNA expression (Figure 1).




Figure 1 | Survival curve of CMM patients in YAP1 mRNA high and low expression groups.





UMMD Treatment In Vivo Inhibited the Growth of Drug-Resistant CMM Tumors

CCK-8 method was applied to detect the tumor cell growth, and the results showed that 1μM PLX4032 did not affect the cell viability of PLX4032-DR A375 (p>0.05), indicating a successful establishment of the drug-resistant CMM cell line, which was then adequately mixed with Matrigel and injected into the skin of the nude mice. Subsequently, the corresponding treatment was carried out. The data revealed that compared with the CON group, the MB group showed limited effect on the volume and weight of tumors (p>0.05). However, the tumor volume and weight of the US and UMMB groups were significantly lower than those of the MB and CON groups (p<0.05), noticeably, the tumor growth of the mice in the UMMB group was significantly inhibited (p<0.05) (Figure 2).




Figure 2 | In vivo UMMD treatment inhibited the growth of drug-resistant CMM tumors. (A) CCK-8 assay was used to test the construction of drug-resistant CMM cell lines; (B) Changes in tumor volume; (C) The mice were sacrificed after 25 days of perfusion and weighed. *p < 0.05.





UMMD Treatment In Vivo Promoted the Translation Efficiency of YAP1

RNA-seq was performed on the tumor tissue samples from all the CMM mice after corresponding treatment for determining the expression of YAP1, and it was found that the expression of YAP1 in the tumor tissues of each group of CMM mice did not change significantly (p>0.05), moreover, the results of RT-qPCR were consistent with those of RNA-seq (p>0.05). Ribo-seq was performed subsequently to further examine the effect of UMMD on YAP1 activity. Surprisingly, the results of Ribo-seq demonstrated that UMMD treatment can significantly up-regulate the expression of YAP1, especially UMMD, which has been found to have the most significant effect (p<0.05) (Figure 3). Spearman test results indicated that YAP1 expression in Ribo-seq was negatively correlated with the weight of CMM mice after treatment (r = -0.735, p<0.05), while YAP1 expression in RNA-seq and RT-qPCR was irrelevant to tumor tissue weight (r=-0.347, p>0.05; r = -0.299, p>0.05). However, as another important gene member on the Hippo signaling pathway, TAZ, we did not find obvious changes in its expression by UMMD treatment in the results of Ribo-seq(P > 0.05), as did RT qPCR with RNA SEQ (P > 0.05) (Figure 4).




Figure 3 | UMMD treatment in vivo promotes YAP1 translation efficiency. (A) RNA-seq detection of YAP1 expression in CMM mouse tumor tissues; (B) RT-qPCR detection of YAP1 mRNA expression in CMM mouse tumor tissues; (C) Ribo-seq detection of YAP1 expression in CMM mouse tumor tissues. *p < 0.05.






Figure 4 | UMMD treatment in vivo does not affect TAZ expression. (A) RNA-seq detection of TAZ expression in CMM mouse tumor tissues; (B) RT-qPCR detection of TAZ mRNA expression in CMM mouse tumor tissues; (C) Ribo-seq detection of TAZ expression in CMM mouse tumor tissues.






Discussion

Ultrasound and contrast agent technologies have made significant progress. Ultrasound technologies such as tumor ultrasound imaging and UMMD witnessed an increasing application in disease monitoring, diagnosis and treatment (19). US promotes pressure and temperature through cavitation, sonoporation, or thermal effects, which further enhances self-generated or exogenously introduced MB to rupture after expansion in the target area, resulting in changes in the permeability of tissues and cells (19, 20). In the past, UMMD was often used to mechanically dissolve thrombus substances in cardiovascular diseases such as ischemia/reperfusion injury, myocardial infarction, and hypertension, in addition, as a carrier of drugs and nucleic acids, it is expected to become an adjuvant therapy for the treatment of patients with heart disease (21, 22). Latest advances showed that UMMD, which focuses on the target area with high precision and non-invasiveness, can significantly reduce the dose and toxicity of drugs, improve the efficiency of drug and gene delivery, showing a high effectiveness in treating specific cancers such as hepatocellular carcinoma (23, 24). Study found that the implantation of MB into both the tumor tissues of melanoma cell line B16 and in vivo animal model followed by ultrasound treatment can hinder tumor growth and improve the survival rate of mice (17), and such findings are in line with the results of our current study. Consistently, we also found that UMMD treatment can inhibit CMM tumor growth.

The transcription of YAP1 and TAZ in the Hippo signaling pathway plays a critical role in mediating the resistance of major cancer treatment drugs, and is considered to play a major driving role in the development of resistance of BRAF- and KRAS- mutant cancer cells (12, 25, 26). Studies revealed that in highly invasive CMM cell lines, although TAZ expression is higher than YAP1 expression, both YAP1 and TAZ knockout can reduce the invasion and metastasis ability of CMM cells (27). However, in this study, the mRNA expression of YAP1 in tumor tissues was irrelevant to the clinicopathological characteristics or the survival of CMM patients. To explain such results, we speculated that on one hand, mRNA expression YAP1 cannot accurately reflect the transcriptional activity of YAP1, on the other hand, the specific role of YAP1 in CMM still remains unclear. Kim et al. (28) analyzed the clinical data of 88 local patients with uveal melanoma on The Cancer Genome Atlas (TCGA), and discovered that YAP1 activity is irrelevant to tumor size, tumor stage, gene mutation or other clinicopathological characteristics. The YAP1 nuclear-positive patients did not show a lower survival rate, which also supports our speculation that YAP1 activity was not a carcinogene as strong as described in other studies. A recent study also found (29) that targeted therapies of YAP1 and TAZ show anti-cancer effects on untreated human CMM cell lines, but such an effect was not observed in all patient-derived ectopic implant experiments.

Moreover, the activity of YAP1 in the epidermis may be independent of the Hippo signaling pathway, and is mainly controlled by adhesion junctions and downstream signal transduction of integrins as well as by the mechanical force transmitted and applied by the associated actin cytoskeleton. The mechanical signal, which affects the activity of YAP1 in the epidermis, plays a major role in the regulation of YAP/TAZ in fibroblasts (30). To further determine the expression of YAP1 in drug-resistant CMM and the effect of mechanical signals of UMMD on its expression, this research further applied RNA-seq, Ribo-seq and QPCR to explore the effects of UMMD treatment on CMM mouse tumor tissues in vivo. The results showed that only Ribo-seq UMMD and US showed the up-regulated YAP1 expression, with the expression of YAP1 in Ribo-seq inversely proportional to tumor growth, noticeably, the effect of UMMD treatment on YAP1 expression was the most obvious. Ribo-seq greatly facilitates the acquirement of ribosome distribution by sequencing “ribosome protected fragments”, and can analyze the translation efficiency and translation mode of genes on ribosomes (31). Ribo-seq serves as an indicator of instantaneous protein synthesis efficiency and stable transcription level. The core of this method is that translated ribosome protects a short fragment of mRNA from nuclease activation, thereby accurately recording the position in which translation takes place. Thus, Ribo-seq could sensitively and effectively detect protein changes in cells (32). The results of this experiment indicated that UMMD could affect the expression of YAP1 at a translation level.

Cavitation is a common mechanisms resulting in MB rupture in UMMD (19). At present, studies have found that the cavitation effect of UMMD can significantly reduce the survival of melanoma cells and improve the therapeutic effect of tumors (33). During the process of cavitation, when the oscillating MB gathers on the surface of cells or tissues, shear stress will be generated, leading to the deformation of MB or even rupture, and enhancing the temporary permeability of the cell membrane (34). When cells receive mechanical stress such as shear stress, they can regulate F-actin and AMOT in the cell to promote YAP1 dephosphorylation, successfully entering the nucleus and activating transcription (35, 36). On the other hand, it has been demonstrated that in EMT or metastatic cancer cells, the activation of YAP1 will up-regulate a variety of irons including acyl-CoA synthase long-chain family member 4 (ACSL 4) and transferrin receptor. Death regulators increase the sensitivity of cells to iron death (37). Affected by cell density, YAP1 could act as a new determinant of iron ptosis, while by promoting cell resistance to apoptosis, YAP1 will greatly increase the sensitivity of cancer cells to iron death and may be resistant to YAP1 activated drug-resistant metastatic tumors, thus showing a therapeutic potential in cancers (38, 39).

In summary, our research showed that the expression of YAP1 may not significantly promote the growth of CMM tumors. However, UMMD can greatly inhibit the growth of CMM tumors, and such an effect seems to be highly related to the expression of YAP1 in Ribo-seq. UMMD could promote YAP1 to enter the nucleus and increase the sensitivity of cells to iron death, thereby exerting a therapeutic effect, but the specific mechanism still requires further investigation in depth.
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Background: Growing evidence has revealed the crucial roles of stromal cells in the microenvironment of various malignant tumors. However, efficient prognostic signatures based on stromal characteristics in colon cancer have not been well-established yet. The present study aimed to construct a stromal score-based multigene prognostic prediction model for colon cancer.

Methods: Stromal scores were calculated based on the expression profiles of a colon cancer cohort from TCGA database applying the ESTIMATE algorithm. Linear models were used to identify differentially expressed genes between low-score and high-score groups by limma R package. Univariate, LASSO, and multivariate Cox regression models were used successively to select the prognostic gene signature. Two independent datasets from GEO were used as external validation cohorts.

Results: Low stromal score was demonstrated to be a favorable factor to the overall survival of colon cancer patients in TCGA cohort (p = 0.0046). Three hundred and seven stromal score-related differentially expressed genes were identified. Through univariate, LASSO, and multivariate Cox regression analyses, a gene signature consisting of LEP, NOG, and SYT3 was recognized to build a prognostic prediction model. Based on the predictive values estimated by the established integrated model, patients were divided into two groups with significantly different overall survival outcomes (p < 0.0001). Time-dependent Receiver operating characteristic curve analyses suggested the satisfactory predictive efficacy for the 5-year overall survival of the model (AUC value = 0.733). A nomogram with great predictive performance combining the multigene prediction model and clinicopathological factors was developed. The established model was validated in an external cohort (AUC value = 0.728). In another independent cohort, the model was verified to be of significant prognostic value for different subgroups, which was demonstrated to be especially accurate for young patients (AUC value = 0.763).

Conclusion: The well-established model based on stromal score-related gene signature might serve as a promising tool for the prognostic prediction of colon cancer.

Keywords: colon cancer, tumor microenvironment, stromal score, prediction model, prognosis, gene signature, tumor biomarkers


INTRODUCTION

Colon cancer is one of the leading causes of cancer-related morbidity and mortality worldwide (Siegel et al., 2020). To date, the AJCC stage, determined according to the tumor, node, and metastasis (TNM) system, has been generally acknowledged as the most important tool for making clinical decisions and routine prognostication for colon cancer (Hu et al., 2011). However, prognostic outcomes have been reported to be quite diverse among colon cancer patients with the same TNM stages and similar clinical characteristics. This is mainly because of the high levels of heterogeneity found in colon cancer, which indicates that the current TNM stage system failed to provide enough prognostic information for colon cancer. Therefore, it is necessary to seek out other efficient prognostic factors to improve prognosis stratification and survival outcome prediction in addition to the current staging system.

The tumor microenvironment (TME) of colon cancer is composed of immune cells and stromal cells besides tumor cells, which all play vital roles in cancer initiation and development, as well as drug resistance (Straussman et al., 2012; Hui and Chen, 2015; Kobayashi et al., 2019). In recent years, growing evidence has revealed the crucial roles of stromal cells in various malignant tumors (Zhang et al., 2003; Xu et al., 2016). For colon cancer, it has been reported that tumor-associated stromal cells can support T-cell suppression by PD-L1 induction, revealing the importance of stromal cells in suppressing CD8+ antitumor immune responses of colon cancer (O’Malley et al., 2018).

ESTIMATE (Estimation of STromal and Immune cells in MAlignant Tumor tissues using Expression data) is a newly developed method that infers stromal and immune cells based on gene expression profiles of cancer tissues (Yoshihara et al., 2013). Immune score, stromal score, estimate score and tumor purity were calculated through ESTIMATE algorithm to predict the level of infiltrating immune cells and stromal cells using the expression data of specific gene signature associated with immune and stromal components of TME. Up to date, numerous researchers have taken advantage of ESTIMATE algorithm in studies involving varieties of cancers, such as glioblastoma, gastric cancer, breast cancer and prostate cancer (Priedigkeit et al., 2017; Shah et al., 2017; Jia et al., 2018; Wang et al., 2019), suggesting the effectiveness of the big-data based algorithm. However, the role of ESTIMATE algorithm in colon cancer remains to be elucidated.

In this study, the ESTIMATE algorithm was applied to calculated the immune scores, stromal scores, estimate scores and tumor purity of a series of colon cancer tissues based on their expression profiles, and the survival analyses indicated that stromal score was prognostic for colon cancer. Then, a novel gene signature based on stromal score was developed subsequently for prognostic prediction in colon cancer.



MATERIALS AND METHODS


Data Source and Application of ESTIMATE Algorithm

The Cancer Genome Atlas (TCGA) level 3 gene expression RNA-seq data (standardized reads per kilobase per million mapped reads) of tissues from patients with colon cancer, along with corresponding clinicopathological information were downloaded from TCGA database1 on Oct 15, 2020. The expression profiles for tumors with “Colon” as the primary site and the disease type of “Adenocarcinomas” from a “TCGA-COAD (Colon adenocarcinoma)” project were included. Besides expression data, only patients with significant clinicopathological information such as survival information, age, gender and pathological TNM stage were included in this study. Four ESTIMATE scores: immune score, stromal score, estimate score and tumor purity were calculated from the expression matrix applying the ESTIMATE algorithm for each patient, respectively. Two independent datasets from the Gene Expression Omnibus (GEO) database, namely GSE38832 and GSE39582, were used for external validation in this study. The gene expression array profiles and clinicopathological data of GSE38832 (n = 122) and GSE39582 (n = 521) were downloaded by GEOquery R package, and the patients with survival follow-ups and essential clinicopathological information were included into the validation cohorts. Next, the Probe IDs were transferred to gene symbol by hug133plus2.db R package. The probe with the maximum mean was reversed when more than one probe had the same matched gene name. Access to the de-identified linked dataset was obtained from TCGA and GEO in accordance with the database policy. For analyses of de-identified data from the TCGA and GEO databases, institutional review board approval and informed consent were not required.



Correlation Between Prognosis and Four ESTIMATE Scores

Overall survival (OS) was used as the primary prognosis endpoint. Based on the four ESTIMATE scores calculated for each patient, best cut-off value for each score was determined by Survminer R package (V.0.4.6) and patients were divided into high-score and low-score groups according to their corresponding best cut-off values. The survival prognosis for each group was examined by Kaplan-Meier analysis. The survival outcomes of the two groups were compared by log-rank tests.



Identification of Differentially Expressed Genes (DEGs)

Patients in the training cohort were divided into two groups, namely the low stromal score group and the high stromal score group. Linear models were used to identify DEGs between the two groups (low-score group vs. high-score group) by limma R package (Ritchie et al., 2015). A p-value < 0.0001 combined with a simultaneously absolute value of log2 [fold-change (FC)] > 1 was set as the threshold for DEG identification. Genes downregulated in the low stromal score group compared with the high stromal score group were considered as “downregulated DEGs” and those upregulated in the low stromal score group were considered as “upregulated DEGs.” The DEGs reached the threshold we set were presented on a volcano plot. Expression patterns of significant DEGs were visualized on a heatmap with unsupervised hierarchical clustering analysis.



Gene Ontology and Kyoto Encyclopedia of Genes and Genomes Pathway Enrichment Analyses

Enrichment analyses of Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway for identified DEGs were performed using clusterProfiler R package. An FDR (false discovery rate) adjusted p < 0.05 was considered to be statistically significant for GO and KEGG pathway over-representation tests.



Definition of the Stromal Score-Based Gene Signature and Prognostic Model

Univariate, LASSO, and multivariate Cox regression analyses were used to study the correlation between gene expression levels and OS of patients in training cohort. Firstly, we applied univariate CoxPH (Cox proportional hazards) regression analyses to identify genes associated with OS. Secondly, the least absolute shrinkage and selection operator (LASSO) Cox regression was used to avoid over-fitting of the model. Then, multivariate CoxPH regression analyses were used to select independent prognostic factors for OS of colon cancer patients. A multigene marker-based predictive value was calculated for each patient based on the expression level of the selected gene signature by predict.glm R function. Finally, 279 patients in TCGA cohort were divided into high-risk and low-risk groups according to the best cut-off value of predictive value. Kaplan-Meier survival curves and time-dependent Receiver operating characteristic (ROC) curve analyses were operated to evaluate the predictive efficacy of the model.



Building and Evaluation of the Nomogram for OS Prediction of Colon Cancer

The nomogram is an effective method to predict the prognosis of patients with malignant tumors, which simplifies the complicated statistical prediction model into a readable chart to evaluate the probability of OS for individual patients (Park, 2018). Taking advantage of rms R package, in this study, we included the selected gene signature through multivariate CoxPH regression analyses together with age, gender and pathological TNM stage to build a nomogram which could predict the probability of 5-year OS for colon cancer patients. The predicted probability of the nomogram was compared with the actual probability by the calibration curve to verify the accuracy of the nomogram. A predictive line overlapping with the actual line suggests an ideal model.



Validation of the Gene Signature in External Cohorts

To find out whether the gene signature identified from the TCGA cohort were of prognostic significance for other colon cancer cases as well, we used the datasets GSE38832 and GSE39582 from the GEO database mentioned above as external validation cohorts. Likewise, Kaplan-Meier survival analyses were applied to every single prognostic gene and the integrated model on the validation cohorts. In GSE39582, patients were divided into subgroups depending on their clinicopathological characteristics, then Kaplan-Meier survival analyses and ROC analyses were operated on each subgroup to confirm the predictive capacity of the established model.



Statistical Analyses

Survival curves were compared using the Kaplan-Meier method and the log-rank test. DEGs were compared with Student’s t-tests and those with p < 0.05 and fold-changes larger than two were viewed as dramatically dysregulated. Clinicopathological characteristics were compared by χ2 tests or Wilcoxon tests. All tests were two-sided, and a p < 0.05 was considered to be significant unless noted otherwise. All data were analyzed using R (Version 4.0.3).




RESULTS


Study Design and Brief Summary of Patients’ Information

The study design is shown as a flowchart in Figure 1. In this chart, we showed the detailed construction process of the OS prediction model for colon cancer patients. Patients’ clinicopathological data were briefly summarized in Table 1.
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FIGURE 1. Overall flowchart of this study.



TABLE 1. Clinical and pathological characteristics of COAD patients in TCGA, GSE38832, and GSE39582 cohorts.

[image: Table 1]


Stromal Scores Are Significantly Associated With Overall Survival of Colon Cancer Patients in TCGA Cohort

We downloaded RNA-seq data of 279 primary colon cancer patients with survival information and significant clinicopathological data from TCGA database. Based on gene expression profiles, immune scores, stromal scores, estimate scores and tumor purity were calculated for each patient, respectively, using ESTIMATE algorithm. In order to find out the potential correlation between overall survival and the four ESTIMATE scores, we divided the 279 patients into high and low groups according to their four ESTIMATE scores, respectively. Kaplan-Meier survival curves indicated that colon cancer patients with higher stromal scores showed poorer overall survival than lower ones (Figure 2B, log-rank test p = 0.0046). However, Kaplan-Meier survival analyses didn’t show significant differences in OS between groups with different levels of immune scores, estimate scores or tumor purity (Figures 2A,C,D).
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FIGURE 2. Stromal scores are significantly associated with overall survival of colon cancer patients in TCGA cohort. Kaplan-Meier curves of overall survival for patients with high vs. low (A) immune scores, (B) stromal scores, (C) estimate scores, and (D) tumor purity.




Comparison of Gene Expression Profiles by Stromal Scores in Colon Cancer

In order to identify the key genes contributing to the opposing survival outcomes related to stromal scores, the TCGA expression profiles of colon cancer patients with lower stromal scores were compared to those of ones with higher stromal scores. A total of 307 DEGs were identified as stromal score-related DEGs. Interestingly, among them, 306 DEGs were downregulated in patients with lower stromal scores (log2FC <−1, p < 0.0001) while only 1 DEG was upregulated (log2FC > 1, p < 0.0001). The expression profiles of stromal score-related DEGs are visualized on the heatmap (Figure 3A) and volcano plot (Figure 3B). Apparently, unsupervised hierarchical clustering analysis showed that identified DEGs could clearly distinguish patients with high and low stromal scores, and DEGs in patients with low stromal scores were mostly downregulated, which suggested that further digging might find out crucial genes responsible for poor outcomes of colon cancer patients with high stromal scores. GO and KEGG enrichment analyses showed that the DEGs mainly took part in neuro synapse assembly, biosynthesis of synapse specific membrane and function of ion channel on synaptic membrane (Figures 3C,D).
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FIGURE 3. Comparison of gene expression profiles by stromal scores in colon cancer. (A) The heatmap showing the expression patterns of stromal score-related DEGs with unsupervised hierarchical clustering analysis. (B) The volcano plot visualizing the expression profiles of stromal score-related DEGs. (C,D) GO and KEGG enrichment analyses revealed the most significant biological process (BP), cellular component (CC), molecular function (MF), and pathways correlated to DEGs.




Identification of Prognostic Gene Signature in Colon Cancer

Still, we used the TCGA cohort as a training dataset, and the 307 DEGs above were subjected to univariate CoxPH regression analyses to identify markers that associated with OS. As a result, 64 genes with p < 0.05 were selected as candidates (Supplementary Material 1). Then, the LASSO regression model further identified six genes that were closely associated with OS (Figure 4A). Finally, the six genes were subjected to multivariate CoxPH regression analyses to adjust the risk scores of each selected gene for age, gender, and pathological TNM stage. A total of three genes were recognized as independent prognostic factors (p < 0.05), including LEP (HR = 1.321, 95% CI 1.019–1.714), NOG (HR = 1.261, 95% CI 0.984–1.616) and SYT3 (HR = 1.142, 95% CI 0.959–1.359) (Figure 4B). Moreover, age and TNM stage were also showed to be independent prognostic factors (Not shown).
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FIGURE 4. Identification of prognostic gene signature in colon cancer. (A) Partial likelihood deviance of different numbers of variables revealed by the LASSO regression model. (B) The forest plot of hazard ratios for prognostic gene signature selection applying the multivariate CoxPH regression. (C–E) Kaplan-Meier curves of overall survival for patients grouped by expression levels of the three signature genes: LEP, NOG and SYT3. (F) Kaplan-Meier curves of overall survival for the integrated prediction model encompassing the three genes. (G) ROC curves for 1-, 3-, and 5-year OS, with AUC values.


Furthermore, the TCGA cohort was subdivided into high-expression and low-expression subgroups according to the best expression cut-off levels of the three genes [best cut-off values were calculated by Survminer R package (V.0.4.6)]. Kaplan-Meier curves revealed that high expression levels of all of the three genes were associated with inferior overall survival (log-rank test p < 0.0001 for LEP, p < 0.0001 for NOG, and p = 0.0095 for SYT3) (Figures 4C–E). Based on such results, we next established a multiplex prediction model encompassing the transcript expression levels of the three genes. As shown in the Kaplan-Meier curves for prediction model, patients of high risk had much worse OS rates than those of low risk (log-rank test p < 0.0001) (Figure 4F). ROC curves showed that the three-gene expression integrated prediction model had an area under the curve (AUC) value of 0.733 in evaluating 5-year OS (Figure 4G).



Building of a Nomogram to Predict OS in Colon Cancer Patients

In order to establish a clinically applicable method to predict overall survival of patients with primary colon cancer, a nomogram for 5-year survival prediction was built by integrating the stromal score-associated three-gene signature, age, gender and TNM stage in TCGA cohort (Figure 5A). Further calibration plot illustrated that the nomogram performed well in comparison with the performance of an ideal model (Figure 5B), which confirmed the great predictive accuracy of the newly constructed nomogram.
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FIGURE 5. Building of a nomogram to predict OS in colon cancer patients. (A) The nomogram to predict 5-year overall survival probability by integrating the three-gene prediction model with age, gender and TNM stage. (B) The plot depicting the calibration of the nomogram in terms of the consistency between predicted and actual outcomes. Nomogram performance is shown as the plot relative to the dotted line, which represents an ideal model.




Validation of the Stromal Score-Based Gene Signature in External Cohorts

The stromal score-based gene signature and the three-gene integrated predictive model were validated in two independent cohorts from the GEO database (GSE38832 and GSE39582). Consistent with our results obtained from TCGA cohort, each of the three genes showed to be a significant unfavorable factor to the OS of the patients in both cohorts by Kaplan-Meier survival analyses (Supplementary Material 2). Similarly, the multiplex model encompassing the three signature genes was built and patients with high risk had significantly worse OS rates than those with low risk in both cohorts (log-rank test p < 0.0001) (Figures 6A,B). ROC analysis showed that the AUC value of the three-gene signature model was 0.728 in evaluating 5-year OS for patients in GSE38832 cohort (Figure 6I), which was close to the result obtained from TCGA cohort (Figure 4G). Considering the heterogeneity of the cohorts, we further explored the predictive ability of the three-gene signature in different subgroups divided by age, TNM stage and gender in GSE39582. As was shown in Kaplan-Meier curves for different subgroups, the three-gene signature model could well distinguish opposing prognostic outcomes in all the subgroups except TNM stage I–II (log-rank test p < 0.0001 for patients ≤ 65Y, p = 0.0037 for patients > 65Y, p = 0.16 for patients of stage I–II, p < 0.0001 for patients of stage III–IV, p = 0.0011 for male patients, and p = 0.0014 for female patients), which suggested huger differences of OS in patients ≤ 65Y and patients of stage III–IV (Figures 6C–H). Also, ROC analyses for GSE39582 cohort were operated on the six subgroups later. To our surprise, the AUC value of the three-gene signature model in evaluating 5-year OS for patients younger than 65 showed to be a remarkable 0.763, whereas the AUC value was 0.553 for elder patients (Figure 6J). Besides, the AUC values were 0.537, 0.639, 0.587, and 0.571 for patients of stage I–II, patients of stage III–IV, male patients and female patients, respectively (Figure 6J). In this part of the study, we validated the great value of our established three-gene signature model in predicting OS for colon cancer patients, which might have especially promising prognostic value for young patients.
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FIGURE 6. Validation of stromal score-based gene signature in two external cohorts. Kaplan-Meier curves of OS for the integrated prediction model encompassing the three genes in (A) GSE38832 and (B) GSE39582 cohorts. Subgroup analyses of OS based on (C,D) age, (E,F) TNM stage, and (G,H) gender of colon cancer patients in GSE39582 cohort. (I,J) ROC curves of the multigene prediction model for GSE38832 and GSE39582 cohorts, with AUC values.





DISCUSSION

Tumor microenvironment is a crucial concept in tumor immunology, which includes immune cells, stromal cells, epithelial cells, fibroblasts, vascular cells, and signaling molecules that closely interact with the development and metastasis of tumors (Bussard et al., 2016; Meurette and Mehlen, 2018; Ren et al., 2018; Vitale et al., 2019). As the most important components of TME, immune cells and stromal cell have been deeply concerned by scientists. Currently, several gene signatures based on the characteristics of immune and stromal components in TME have been reported (Chifman et al., 2016; Charoentong et al., 2017; Hao et al., 2018; Wang et al., 2019). For colon cancer, Pages et al. (2009) built an immunoscore system based on the amounts of infiltrated CD3+, CD8+, or CD45RO+ lymphocytes in the central- and peri-tumoral areas, finding the prognostic ability of the immunoscore system stronger than TNM stage. Nonetheless, the latest multi-central clinical research showed deficiency in predictive accuracy of the system (Pages et al., 2018), probably due to the neglection of stromal components in TME. Quite recently, Zou et al. (2020) reported SNAP25 as a prognostic gene based on stromal-immune score. However, no concrete model or algorithm was built to predict survival outcomes in that study, which might largely reduce the practicability and reliability of the results. In order to fill the gap in this aspect for colon cancer, we devised the current study.

Through a specific view of the tumor microenvironment, our study was based on immune and stromal scores by means of well-established ESTIMATE algorithm. Different from the results of some of the previous studies, we found the stromal score to be the only factor significantly related to survival outcomes of colon cancer patients among the four output values of the algorithm. For this reason, we next mined for prognostic genes based on the stromal score rather than the immune score. Through a series of successive, organized and targeted analyses for transcriptomic data and survival information, this study identified a set of stromal score-related prognostic DEGs and built a stromal score-based multigene prognostic prediction model for colon cancer, which was demonstrated to be highly efficient by ROC curves. Additionally, it was interesting to suggest in our validation section that, to some extent, the established prediction model might be much more accurate for young patients. Considering the increasing mortality among young patients with colon cancer (Schoen et al., 2012), and that prognosis of colon cancer among young patients is not well known so that it is difficult to advise about adjuvant chemotherapy (Kneuertz et al., 2015; Manjelievskaia et al., 2017), our results might be of additional value for prognostic prediction and treatment decision among young patients.

All of the three signature genes identified in this study have been reported to play vital roles in tumorigenesis, development and metastasis of varieties of malignant tumors, including colon cancer. LEP, which encodes leptin, is well-known because of its significant role in obesity. Besides energy homeostasis, recent studies have shown its extended properties involving numerous aspects including the high risk of colon cancer (Stattin et al., 2004; Tamakoshi et al., 2005). Slattery et al. (2008) suggested that different leptin and leptin receptor genotypes might influence the risk of colon cancer. Although the synaptotagmins (SYTs) have not been well studied in malignant tumors yet, their roles in vesicle trafficking and fusion of vesicles have been pointed out (Chapman, 2002), which might be associated with cell migration. Particularly, Masztalerz et al. (2007) reported that SYT3 was essential for migration of T cells, which might indirectly take part in the tumor microenvironment. As an antagonist of bone morphogenetic proteins (BMP), noggin encoded by gene NOG plays a role in both normal development and cancers. It was lately reported that noggin was responsible for poor prognosis of gastric cancer by promoting the proliferation of tumor cells via upregulating EGFR (epidermal growth factor receptor) (Sun et al., 2020). In colon, Hardwick et al. (2004) found noggin inhibited apoptosis and proliferation in mouse colonic epithelium in vivo. Mostly consistent with the results of the previous studies, high expression levels of the three signature genes we identified all represent poor survival outcomes of patients with colon cancer.

Amounts of investigations have been done to identify key targets that play crucial roles in tumorigenesis and cancer development, some of them even explored the detailed inner mechanisms. However, it is necessary to transfer the preclinical medical findings into clinical applications. A recent study utilizing the profiles of clinical samples and TCGA cases established a prognostic prediction model of high quality for head and neck squamous cell carcinoma by encompassing both immune-related gene signature and clinicopathological factor, providing a powerful tool for the prognostic prediction in clinical practice in addition to TNM staging (Yao et al., 2020). Meanwhile, with the rapid development in techniques of next-generation sequencing, it may become more and more convenient and popularized to help evaluate prognostic outcomes and make treatment decisions for cancer patients based on transcriptomic profiles of target genes in their tumor tissues. Therefore, if correctly applied in clinical practice, the multigene prediction model constructed in our present study might have potential value for clinical management of colon cancer.

The lack of clinical specimens limited our study to some degree. Further efforts should be done to validate the model in an independent cohort of clinical samples, on both gene and protein levels. In addition, for deeper explorations, the mechanisms of the signature genes regulating tumorigenesis remain to be further investigated both in vivo and in vitro.



CONCLUSION

In conclusion, we demonstrated the correlation between stromal characteristics of tumor microenvironment and survival outcomes of colon cancer patients. The novel prognostic prediction model we established based on stromal score-related gene signature might be of value to stratify patients and make clinical decisions for colon cancer.
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Objectives: This study aimed to develop and validate a hypoxia signature for predicting survival outcomes in patients with bladder cancer.

Methods: We downloaded the RNA sequence and the clinicopathologic data of the patients with bladder cancer from The Cancer Genome Atlas (TCGA) (https://portal.gdc.cancer.gov/repository?facetTab=files) and the Gene Expression Omnibus (GEO) (https://www.ncbi.nlm.nih.gov/geo/) databases. Hypoxia genes were retrieved from the Molecular Signatures Database (https://www.gsea-msigdb.org/gsea/msigdb/index.jsp). Differentially expressed hypoxia-related genes were screened by univariate Cox regression analysis and Lasso regression analysis. Then, the selected genes constituted the hypoxia signature and were included in multivariate Cox regression to generate the risk scores. After that, we evaluate the predictive performance of this signature by multiple receiver operating characteristic (ROC) curves. The CIBERSORT tool was applied to investigate the relationship between the hypoxia signature and the immune cell infiltration, and the maftool was used to summarize and analyze the mutational data. Gene-set enrichment analysis (GSEA) was used to investigate the related signaling pathways of differentially expressed genes in both risk groups. Furthermore, we developed a model and presented it with a nomogram to predict survival outcomes in patients with bladder cancer.

Results: Eight genes (AKAP12, ALDOB, CASP6, DTNA, HS3ST1, JUN, KDELR3, and STC1) were included in the hypoxia signature. The patients with higher risk scores showed worse overall survival time than the ones with lower risk scores in the training set (TCGA) and two external validation sets (GSE13507 and GSE32548). Immune infiltration analysis showed that two types of immune cells (M0 and M1 macrophages) had a significant infiltration in the high-risk group. Tumor mutation burden (TMB) analysis showed that the risk scores between the wild types and the mutation types of TP53, MUC16, RB1, and FGFR3 were significantly different. Gene-Set Enrichment Analysis (GSEA) showed that immune or cancer-associated pathways belonged to the high-risk groups and metabolism-related signal pathways were enriched into the low-risk group. Finally, we constructed a predictive model with risk score, age, and stage and validated its performance in GEO datasets.

Conclusion: We successfully constructed and validated a novel hypoxia signature in bladder cancer, which could accurately predict patients’ prognosis.

Keywords: bladder cancer, hypoxia, signature, prognosis, TCGA, GEO


INTRODUCTION

Bladder cancer is the most common cancer in the urinary system, which ranks 11th among all diagnosed cancers and has clear male predominance (Siegel et al., 2017; Witjes et al., 2021). More than 90% of bladder cancer cases were urothelial carcinoma, and approximately 75% of patients with bladder cancer were non-muscle infiltration of bladder cancer (Babjuk et al., 2019). Although the clinical outcomes have improved with the application of minimally invasive surgery, radiotherapy, neoadjuvant chemotherapy, and immunotherapy, about 25% of cases presented with muscle invasiveness or metastasis, which was still a tough problem to be solved (Wu et al., 2020; Witjes et al., 2021). Furthermore, compared with the traditional pathological prognostic indicators, an increasing number of researchers have paid more attention to prognostic and predictive molecular biomarkers with the widespread use of the next-generation sequence. For instance, molecular subtypes of bladder cancer have been accepted widely and might be incorporated into clinical management in the future, once some prospective studies validate molecular subtypes’ efficacy (McConkey and Choi, 2018).

Hypoxia was a hallmark of the tumor microenvironment, which was caused by rapid proliferation of tumor cells and the intercapillary distance longer than that of oxygen diffusion (Gilkes et al., 2014; Petrova et al., 2018). Hypoxia and hypoxia-inducible factors could regulate the expression of multiple genes in tumor cells and influence functions of tumor cells, such as proliferation, angiogenesis, invasion, metastasis, and immune invasion (Gilkes et al., 2014; Rankin and Giaccia, 2016; Lin et al., 2020; Liu et al., 2020; Mo et al., 2020). Moreover, hypoxia in the tumor microenvironment still played significant roles in treatment resistance, including radioresistance, chemoresistance, and immunosuppression (Zou et al., 2019; Lin et al., 2020; Zhang et al., 2020). Therefore, it is helpful to search for hypoxia-related genes and to change the hypoxia microenvironment for survival prediction and treatment. Lin et al. (2018) once reported that O(2)-generating MnO(2) nanoparticles succeeded in increasing the oxygen concentration of the bladder cancer microenvironment in vitro and in vivo, which enhanced the therapeutic effect of photodynamic therapy on bladder cancer. Hypoxia markers GLUT-1 and CAIX were identified as independent prognostic factors and associated with vascularity and proliferation in bladder cancer (Hoskin et al., 2003; Boström et al., 2016). Additionally, some hypoxia-related non-coding RNAs were mentioned in bladder cancer, like miR-210, circELP3, circRNA_403658, and lncRNA-UCA1, which could influence functions of tumor cells and act as therapeutic targets or predictive factors (Irlam-Jones et al., 2016; Xue et al., 2017; Su et al., 2019; Wei et al., 2019).

Although some hypoxia genes have been identified and have robust predictive performance, there are still no hypoxia signatures in bladder cancer to date. Herein, we constructed a hypoxia-related signature in TCGA datasets and investigated its performance and relationships with other clinicopathological variables in bladder cancer. Then, we validated our hypoxia signature in GSE13507 and GSE32548.



MATERIALS AND METHODS


Data Collection

We retrieved the TCGA dataset and downloaded the RNA-seq data and corresponding clinical information of 408 bladder cancer samples, which was used as the training set for hypoxia signature. GSM13507 and GSM32548, including 165 and 131 cases of bladder cancer samples, respectively, from the GEO dataset were used as the external validation datasets. Moreover, the hypoxia-related genes (total 200 genes) were obtained from the hallmark gene sets of the Molecular Signatures Database.



Identification of Differentially Expressed Hypoxia Genes in the TCGA Dataset

The “edgeR” package was used in the R software to screen differentially expressed genes with |log Fold-Change| ≥ 1 and False Discovery Rate (FDR) < 0.05 in the TCGA dataset. After that, the selected differentially expressed genes intersected with 200 hypoxia-related genes to obtain differentially expressed hypoxia genes in the training cohort.



Construction and Validation of the Prognostic Related Hypoxia Signature

All differentially expressed hypoxia genes were screened by univariate Cox regression analysis, to identify prognosis-associated genes with a P-value < 0.05. Then, the screened prognosis-related hypoxia genes were incorporated into the Lasso regression model, in which penalties were applied to all prognosis-associated hypoxia genes for preventing the overfitting effects of the model. The penalty parameter (λ) for the model was determined by 10-fold cross-validation following the minimum criteria. After that, the selected genes constituted the hypoxia signature and could generate risk scores in the multivariate Cox regression model as the following formula:
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In the light of the risk score mean, all patients in the training set can be divided into two groups and the Kaplan–Meier method was used to analyze the survival outcomes of patients in the high-risk group and the low-risk group. Similarly, the same signature can also generate risk scores in GSM13507 and GSM32548, which can be used to validate survival outcomes in different risk groups.



Correlation of the Hypoxia Signature With Clinical Parameters

Firstly, in the light of the clinical parameters, such as age, gender, T-stage, and AJCC stage, we stratified the patients to investigate whether survival outcomes were still significantly different between high- and low-risk groups in the training and validation datasets. Secondly, the patients were classified into different subgroups according to the clinical parameters and then compare risk scores of different subgroups in the training and validation datasets. Thirdly, the risk score and other clinical parameters in the training datasets were incorporated into univariate Cox regression and multivariate Cox regression to evaluate whether the risk score was an independent prognostic predictor, and then ROC curves were used to evaluate the predictive efficacy of the risk score and other clinicopathological parameters. Similarly, the predictive efficacy was also validated in the two validation datasets.



Immune Infiltration Analysis, Tumor Mutational Burden Analysis, and Gene-Set Enrichment Analysis

We normalized the transcriptome data and use the CIBERSORT tool to estimate the contents of 22 human immune cells in each patient. After that, we compared the difference of infiltrating immune cells in the high- and low-risk groups. A P-value < 0.05 was considered statistically significant.

Then, we downloaded the tumor mutational data from TCGA and use the maftools package to analyze the mutational data in both the high- and low-risk groups. TMB was calculated with the tumor-specific mutation genes. After that, we listed the top mutational genes and compared the risk scores in the mutational- and wild-type cohorts. A P-value < 0.05 was considered statistically significant.

Moreover, we uploaded RNA-seq profiles to GSEA to investigate that differentially expressed gene-related signaling pathways in the high-risk group and the low-risk group. The enriched set were screened based on a FDR < 0.25 and P < 0.05 after 1000 permutations.



Development and Validation of a Predictive Nomogram Based on Clinical Parameters and the Risk Score

Age, gender, AJCC stage, grade, and hypoxia-related risk score were incorporated into the univariate Cox regression analysis and multivariate Cox regression analysis. We selected the independent predictive factors with P < 0.05 to build the Cox regression model in the TCGA dataset, and the model was presented with a nomogram to facilitate clinical practice. AUC, Brier scores, and calibration plots were used to assess the performance of the model in 1, 3, and 5 years. The simple bootstrap strategy was used to validate the model internally, and GSE13507 was used to validate the model externally.



Prediction of Chemotherapy Response

Bladder cancer patients’ response to chemotherapy drugs was predicted based on the public pharmacogenomics database Genomics of Drug Sensitivity in Cancer (GDSC)1. The chemotherapy drug sensitivity was evaluated by the half-maximal inhibitory concentration (IC50) with the “pRRophetic” package in R software. The drug sensitivity was compared in both different risk groups, and a P-value < 0.05 was considered statistically significant.



Statistical Analysis

All statistical analyses were performed in the R software (Version 4.0.2)2 and GraphPad Prism 8. Quantitative data in two groups were compared using the Student t-test, and quantitative data in three or more groups were compared with one-way analysis of variance (ANOVA) or Welch’s test. P < 0.05 was regarded as statistically significant.



RESULTS


Selection of Hypoxia-Related Genes and Construction of a Signature

The flowchart showed the major procedures of our study (Figure 1), and the basic characteristics of these three cohorts are presented in Table 1 and Figure 2. Samples from patients without survival status or survival time were excluded in the TCGA database, and consequently 402 patients were included as our training set to construct the hypoxia signature and the subsequent predictive model. Differentially expressed genes were selected in all normalized genes, and 4,632 genes were selected with FDR < 0.05 and |log Fold-Change| ≥ 1 (Supplementary Figure 1). Then, the differentially expressed genes intersected with 200 hypoxia genes and a total of 67 differentially expressed hypoxia-related genes were selected (Figure 3A). All 67 genes were incorporated in univariate Cox regression analysis and Lasso regression analysis to identify the prognosis-associated hypoxia genes and to prevent overfitting (Figures 3B–D). Finally, eight genes (AKAP12, ALDOB, CASP6, DTNA, HS3ST1, JUN, KDELR3, and STC1) were identified and constructed the hypoxia signature. After that, we put the eight genes into the multivariable Cox regression analysis to generate risk scores according to the formula above (Figure 3E).


TABLE 1. Baseline clinical characteristics of three databases.
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FIGURE 1. Flowchart of the analysis.
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FIGURE 2. The outcome variables of three datasets presented with the Kaplan–Meier curve. The survival outcomes of patients in three cohorts were different.
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FIGURE 3. Construction of prognostic related hypoxia signature. (A) Differentially expressed genes intersected with hypoxia genes to obtain differentially expressed hypoxia genes in the TCGA cohort. (B) Univariate Cox regression analysis was used to screen prognostic related hypoxia genes. (C,D) The screened prognosis-related hypoxia genes were incorporated into the Lasso regression model and penalties were applied for preventing overfitting effects of the model. (E) The selected genes constructed the hypoxia signature and refitted the multivariate Cox regression model.




Prognostic Value of the Hypoxia Signature in the Training Set and Validation Sets

According to the mean risk score in the training set (TCGA), the patients in the three datasets were divided into the high-risk group and the low-risk group. The patients in the low-risk group had a better overall survival times than the ones in the high-risk group, which was validated in GSE13507 and GSE32548 (Figures 4A–C). As for the patients with lower risk scores, they usually had lower mortality rates and longer survival time compared with the ones with higher risk scores (Figure 4D). Similarly, the two validation sets proved this tendency as well (Figures 4E,F). Furthermore, with the increment of risk scores, the expressions of AKAP12, DTNA, JUN, KDELR3, and STC1 increased notably in the three datasets. While the expressions of ALDOB, CASP6, and HS3ST1 decreased obviously as risk scores increased (Figures 4G–I).
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FIGURE 4. The performance of hypoxia signature in three datasets. Kaplan–Meier analysis showed that patients with lower risk scores had better overall survival than the ones with higher risk scores in the training set (A), GSE13507 (B), and GSE325489 (C). The risk scores of patients were ranked sequentially, and patients with lower risk scores usually had longer survival time and lower mortality rates compared with those with higher risk scores in the training set (D), GSE13507 (E), and GSE325489 (F). Multigroup heat maps of the hypoxia signature in the training set (G), GSE13507 (H), and GSE325489 (I).




Relationship Between the Hypoxia Signature With Clinical Parameters

Firstly, in order to further verify the performance of this hypoxia signature, we stratified the patients in the light of age (≥60 and <60), gender (female and male), AJCC stage (I+II and III+IV), T stage (T1–T2 and T3–T4), N stage (N0 and N1–3), M stage (M0 and M1), and pathological grade (low and high) in the training set. The Kaplan–Meier analysis showed that the patients with low risk scores had higher survival probabilities compared with the ones with high-risk scores in the subgroups of age ≥60 (p = 1.906e-04), age <60 (p = 2.889e-02), high AJCC stage (p = 7.127e-03), low AJCC stage (p = 5.165e-03), low T stage (p = 1.365e-02), high T stage (p = 2.18e-02), nodal metastasis-free (p = 6.099e-04), male (p = 2.049e-06), metastasis-free subgroup (p = 7.615e-04), and high pathological grade subgroup (p = 1.235e-05) (Figures 5A–F,H,J–L). In the same way, we also validated the signature’s performance in the subgroups stratified by clinical parameters in GSE13507 and GSE32548. The overall survival times of the low-risk group were significantly higher than those of the high-risk group in the subgroup of age ≤60 (p = 1.139e-02) and metastasis-free (p = 4.549e-02) in GSE13507, while the difference of overall survival time was significantly in subgroups of age ≥60 (p = 7.091e-03) and male (p = 2.462e-02) in GSE32548 (Figures 6A,C,E,H).
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FIGURE 5. The survival outcomes of bladder cancer patients with different risk scores in subgroups of (A) age ≥60, (B) age <60, (C) high AJCC-stage, (D) low AJCC-stage, (E) low T stage, (F) high T stage, (G) nodal metastasis, (H) nodal metastasis-free, (I) female, (J) male, (K) metastasis-free, and (L) high pathological grade, in the training dataset. The patients with higher risk scores had a worse overall survival compared with those with lower risk scores in the subgroups of (A) age ≥60, (B) age <60, (C) high AJCC stage, (D) low AJCC stage, (E) low T stage, (F) high T stage, (H) nodal metastasis-free, (J) male, (K) metastasis-free, and (L) high pathological grade.
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FIGURE 6. The survival outcomes of bladder cancer patients with different risk scores in subgroups of (A) age <60, (B) age ≥60, (C) metastasis-free, and (D) metastasis, in GSE13507, and subgroups of (E) age ≥60, (F) age <60, (G) female, and (H) male, in GSE32548. The red and blue dashed boxes corresponded to the subgroups in GSE13507 and GSE32548, respectively. The survival times of the low risk group were significantly longer than those of the high-risk group in the subgroup of (A) age ≤60 and (C) metastasis-free in GSE13507, while the differences of overall survival time were significantly in subgroups of (E) age ≥60 and (H) male in GSE32548.


Secondly, we compared risk scores in different subgroups stratified by clinical parameters in the training set and found that the risk scores were significantly different in age, T stage, AJCC stage, and pathological grade (Figures 7A,C–E), which were also validated in the subgroups of age, T stage, N stage, and grade in GSE13507 and in the subgroups of age, T stage, and grade in GSE32548 (Figures 7F–O). Interestingly, we observed that the risk scores seemed not to correlate with gender, which were also validated by two GEO datasets.
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FIGURE 7. The risk scores of patients in different subgroups stratified by clinicopathologiocal parameters in the training set and two validation sets. The red, green, and blue dashed boxes corresponded to the TCGA database, GSE13507, and GSE32548, respectively. The risk scores were compared in the subgroups of (A) age, (B) gender, (C) T stage, (D) AJCC stage, and (E) pathological grade in the TCGA dataset, and were validated in the subgroups of (F) age, (G) gender, (H) T stage, (I) nodule, (J) metastasis, and (K) grade in GSE13507 and in the subgroups of (L) age, (M) gender (N) T stage, and (O) grade in GSE32548, respectively. *P < 0.05; **P < 0.01; ***P < 0.001; ****P < 0.0001; ns, not significance.


Thirdly, we put age, gender, AJCC stage, grade, and the risk score of hypoxia signature into the univariable Cox regression analysis and multivariable Cox regression analysis and identified that the risk score was a significant independent prognostic factor in the TCGA dataset (HR = 1.991 and P < 0.001) (Figures 8A,B). Furthermore, we used ROC curves to compare the predictive performance of different variables in 1, 3, and 5 years and found that the risk score of hypoxia signature had a robust predictive ability compared with traditional pathological parameters, which was also validated in GSE13507 and GSE32548 (Figures 8C–K).
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FIGURE 8. The predictive performance of the risk score and other clinicopathological parameters. (A,B) The univariate and multivariate Cox regression suggested that the risk score was an independent prognostic factor in the training dataset. The red, green, and blue dashed boxes corresponded to the TCGA database, GSE13507, and GSE32548, respectively. (C–E) Showed the 1-year multiple ROC curves of the risk score and other clinicopathological parameters in the training set, GSE13507, and GSE32548, respectively. (F–H) Showed the 3-year multiple ROC curves of the risk score and other clinicopathological parameters in the training set, GSE13507, and GSE32548, respectively. (I–K) Showed the 5-year multiple ROC curves of the risk score and other clinicopathological parameters in the training set, GSE13507, and GSE32548, respectively.




Relationship Between Hypoxia Signature and Immune Cell Infiltration

Twenty-two immune cell types were evaluated in the training set and two validation sets, and 12 immune cell types were significantly different between the high-risk group and the low-risk group in the training datasets, which were naive B cells, memory B cells, CD8+ T cells, naive CD4+ T cells, activated memory CD4+ T cells, follicular helper T cells, monocytes, M0 macrophages, M1 macrophages, M2 macrophages, resting dendritic cells, and activated dendritic cells (Figure 9A). Similarly, there were 10 immune cell types significantly different between both risk groups in GSE13507, which were plasma cells, resting memory CD4+ T cells, activated memory CD4+ T cells, follicular helper T cells, regulatory T cells, gamma delta T cells, activated NK cells, M0 macrophages, M1 macrophages, and resting master cells (Figure 9B). Activated memory CD4+ T cells, regulatory T cells, resting NK cells, M0 macrophages, M1 macrophages, and M2 macrophages were significantly different between both groups in GSE32548 (Figure 9C). Collectively, activated memory CD4+ T cells and M0 and M1 macrophages were all significantly different in these three datasets. M0 and M1 macrophages had a higher infiltration in the high-risk group. Unexpectedly, the difference of activated memory CD4+ T cell infiltration in both risk groups was inconsistent. In TCGA and GSE32548, the high-risk group had higher activated memory CD4+ T cell infiltration, while activated memory CD4+ T cell infiltration presented an opposite trend in GSE13507 (Figure 9).
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FIGURE 9. The vioplots of the content of 22 immune cells of the high-risk and low-risk groups in (A) the TCGA dataset, (B) GSE13507, and (C) GSE32548. Activated memory CD4+ T cells and M0 and M1 macrophages were all significantly different in these three datasets. M0 and M1 macrophages had higher infiltration in the high-risk group.




Tumor Mutational Burden Analysis

We used the maftool package to summarize and analyze the mutational data in the TCGA datasets. In order to compare mutational genes, we listed the top 20 mutational genes in both risk groups, respectively. According to Figure 10, we could find that TP53, TTN, MUC16, ARID1A, KMT2D, MACF1, SYNE1, HMCN1, RYR2, KDM6A, PIK3CA, EP3000, FLG, ATM, and KMT2C were the most frequent mutational genes. In addition, OBSCN, CREBBP, ZFHX4, and MKI167 belonged to the top 20 frequent mutational genes in the high-risk group, while FGFR3, FAT4, BIRC6, LRP1B, and SYNE2 were part of the top 20 frequent mutational genes in the low-risk group. Finally, we divided the patients in the TCGA cohort according to the top frequent mutational genes status and then compared the risk scores between the wild-type and the mutation type of the top frequent mutational genes. The asterisk on the top of the box plots meant that the risk scores were significantly different between wild and mutational types (Figure 10C). Interestingly, the risk scores between the wild types and the mutation types of TP53, MUC16, RB1, and FGFR3 were significantly different (Figure 10C). The risk scores in the mutational types of TP53 and RB1 were significantly higher than that in the wild types, while the risk scores were higher in the wild types of MUC16 and FGFR3 compared with the mutational types.
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FIGURE 10. Tumor mutational burden analysis. The top 20 mutational genes were listed in the high-risk group (A) and low-risk group (B). The risk scores between the wild type and the mutation type of the top frequent mutational genes were compared (C). The asterisk on the top of the box plots meant that the risk scores were significantly different between wild and mutational types. The risk scores in the mutational types of TP53 and RB1 were significantly higher than those in the wild types, while the risk scores were higher in the wild types of MUC16 and FGFR3 compared with the mutational types. *P < 0.05; **P < 0.01; ***P < 0.001; ns, not significance.




Gene-Set Enrichment Analysis

We collected the top 30 KEGG molecular pathways in which different genes were enriched in both the high-risk group and the low-risk group. Interestingly, some immune or cancer-associated pathways belonged to the high-risk groups, including autoimmune thyroid disease, chemokine signal pathway, complement and coagulation cascade, leukocyte and transendothelial migration, nod-like receptor signal pathway, ECM receptor interaction, JAK-STAT signal pathway, MAPK signal pathway, melanoma, and pathway in cancer (Figures 11A–J). Moreover, some metabolism-related signal pathways were enriched into the low-risk group, including alpha linolenic acid metabolism, ether lipid metabolism, glutathione metabolism, linolenic acid metabolism, and metabolism of xenobiotics by cytochrome P450 (Figures 11K–O). Finally, we summarized the top 10 pathways in each risk group and presented them in Figure 12.
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FIGURE 11. Gene-set enrichment analysis. The red and blue dashed boxes corresponded to high- and low-risk groups. GSEA results showed significant enrichment of immune- and cancer-related signaling pathways in the high-risk group (A–J), and significant enrichment of metabolism signaling pathways in the low-risk group (K–O).
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FIGURE 12. Multiple GSEA pathways in the high- and low-risk groups. The top 10 KEGG signaling pathways in the (A) high-risk and (B) low-risk groups.




Predictive Nomogram Construction

We constructed a predictive model with the independent predictive factors in multivariable Cox regression analysis (Figures 8A,B), and the model was presented with a nomogram (Figure 13A). The area under ROC (AUC) and Brier scores of the predictive model in 1, 3, and 5 years were 72.8 (66.7;78.9) and 14.3 (11.8;16.9), 71.1 (64.1;78.1) and 21.8 (19.4;24.1), and 73.3 (65.1;81.5) and 20.4 (17.5;23.2) in the training set, respectively (Figures 13B–D). Similarly, we used the simple bootstrap strategy to validate the model internally, and the AUC and Brier scores in 1, 3, and 5 years were 71.7 (62.6;79.9) and 14.7 (12.0;18.2), 69.5 (59.7;78.9) and 22.7 (18.5;28.2), and 71.3 (59.3;82.6) and 21.3 (15.6;27.6) in the internal validation set, respectively (Figures 13E–G). Due to lack of AJCC stage, N stage, or M stage in GSE32548, only GSE13507 can be utilized as an external validation set to validate the nomogram. The AUC and Brier scores in 1, 3, and 5 years were 71.5 (62.3;80.6) and 20.3 (16.6;23.9), 72.1 (63.0;81.2) and 20.6 (17.2;24.0), and 71.0 (60.6;81.4) and 21.6 (18.0;25.2) in the external validation set (Figures 13H–J).
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FIGURE 13. The nomogram of the gene signature and its performance in the training set and internal and external validation sets. The predictive model was presented with a nomogram (A). The red, green, and blue dashed boxes corresponded to the TCGA dataset, internal validation set, and GSE13507. The AUC and Brier scores of the nomogram in 1, 3, and 5 years in the training set (B–D), internal validation set (E–G), and GSE13507 (H–J).




Prediction of Chemotherapy Response

The “pRRophetic” package was used to explore the data in GDSC and predict the chemotherapy response in both different risk groups in the TCGA dataset, GSE13507, and GSE32548. We selected the widely used drugs in muscle-invasive bladder cancer, such as gemcitabine (G), cisplatin (C), methotrexate (M), vinblastine (V), and doxorubicin (A), which constituted basic GC or MVAC protocol. Moreover, vinorelbine was also selected for its application in treatment of small cell carcinoma of the bladder. Interestingly, the results showed that the IC50 of methotrexate and vinorelbine in the high-risk group was significantly higher than that in the low-risk group in the TCGA dataset (Figures 14A,B), which implied that patients in the high-risk groups were more likely to develop chemoresistance. Similarly, the IC50 of gemcitabine and vinorelbine was significantly higher in the high-risk group in GSE32548 (Figures 14C,D), and the IC50 of cisplatin, doxorubicin, vinblastine, and vinorelbine was significantly higher in the high-risk group in GSE13507 (Figures 14E–H).
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FIGURE 14. Prediction of chemotherapy response based on the genomics of drug sensitivity in cancer. The red, green, and blue dashed boxes corresponded to the TCGA database, GSE13507, and GSE32548, respectively. (A,B) showed that the IC50 of methotrexate and vinorelbine in the high-risk group was significantly higher than that in the low-risk group in the TCGA dataset. Similarly, the IC50 of gemcitabine and vinorelbine was significantly higher in the high-risk group compared with that in the low-risk group in GSE32548 (C,D), and the IC50 of cisplatin, doxorubicin, vinblastine, and vinorelbine was significantly higher in the high-risk group in GSE13507 (E–H).




DISCUSSION

As the most common malignancy in the urinary system, bladder cancer ranks 11th among all diagnosed cancers in the world, which caused more than 16,000 deaths in the United States (Siegel et al., 2017; Babjuk et al., 2019; Witjes et al., 2021). Although neoadjuvant chemotherapy, immunotherapy, intensity-modulated radiation therapy, and minimally invasive surgeries have been applied for the treatment of bladder cancer and have improved the patients’ survival outcomes, the invasion and metastasis are still tough problems and shorten the survival times of patients with bladder cancer (Wu et al., 2020). To date, an increasing number of researchers have focused on hypoxia, a hallmark of tumor microenvironment, for it is closely related to invasion and metastasis of tumor (Gilkes et al., 2014; Rankin and Giaccia, 2016; Petrova et al., 2018). Yang et al. (2008) once reported that hypoxia and HIF-1alpha could directly regulate TWIST, which could promote epithelial–mesenchymal transition (EMT) and metastatic phenotypes in patients with head and neck cancer. Cox (Cox et al., 2015) found that lysyl oxidase (LOX) in the hypoxic cancer secretome could disrupt normal bone homeostasis and lead to the formation of focal pre-metastatic lesions in patients with estrogen-receptor-negative breast cancer. Furthermore, hypoxia and HIF-1alpha also promote the growth of tumor at distant sites via VEGF-α, which could stimulate the angiogenesis (Joyce and Pollard, 2009).

It is due to the significant roles of hypoxia that some hypoxia-related gene signatures were constructed to predict patients’ survival outcomes in the era of genomics and precision medicine. To date, the hypoxia signatures of hepatocellular carcinoma, colorectal cancer, lung adenocarcinoma, glioma, gastric cancer, and prostate cancer have been developed (Yang et al., 2018; Zou et al., 2019; Lin et al., 2020; Liu et al., 2020; Mo et al., 2020; Zhang et al., 2020). Although some hypoxia genes have been identified as biomarkers in bladder cancer, there are still no hypoxia signatures about bladder cancer. Herein, we used AKAP12, ALDOB, CASP6, DTNA, HS3ST1, JUN, KDELR3, and STC1 to construct a hypoxia signature with a robust performance. The ROC of our signature in 1, 3, and 5 years were 0.663, 0.659, and 0.690, respectively, which were much higher than the ROC of the AJCC stage (Figure 8). Then, we validated our signature’s performance in GSE13507 and GSE32548, whose outcome variables and independent variables were different compared with TCGA datasets (Table 1 and Figure 2). The ROC of 1, 3, and 5 years of the hypoxia signature were still comparable with the ROC of the T stage and grade in GSE13507 and GSE32548, which illustrated the signature’s stability and wide applicability. After that, we constructed a predictive model with risk score, age, and stage in the training dataset and presented it with a nomogram. One thousand times bootstraps were used to validate the nomogram internally, and GSE13507 was utilized as an external validation set to validate the nomogram. Whatever the training dataset, the internal validation dataset, or the external validation dataset, the performance of this model is still steady and robust (Figure 13).

To deepen the understanding of the signature, we analyzed each gene in the signature. AKAP12 protein belonged to the family of kinase scaffolding protein and participated in signal transduction of cancer (Wu et al., 2018). Finger et al. (2015) observed that hypoxia-regulated AKAP12v2 could promote the invasion, migration, and metastasis of tumor via protein kinase A in melanoma. Tao et al. (2015) once reported that ALDOB inhibited metastasis and could serve as a prognostic biomarker in hepatocellular carcinoma, which concurred with Wang’s finding in clear cell renal carcinoma (Wang J. et al., 2019). Moreover, He et al. (2016) observed that downregulation of ALDOB is associated with poor prognosis of patients with gastric cancer. CASP6 encoded Caspase-6 protein which was the executor caspase inducing apoptosis by cleaving lamin A and other substrates. Lee et al. (2006) once analyzed the entire coding region and calculated the somatic mutations in gastric carcinoma. After that, he found that loss of caspase-6 might contribute to the pathogenesis of gastric cancers. DTNA encoded a scaffold protein, which maintained the structural integrity of muscle cells. Liu et al. (2017) once screened key genes for early-stage colon carcinoma and found that DTNA had the potential diagnosis value for Colon adenocarcinoma. HS3ST1 was involved in the biosynthesis of heparan sulfate, and Liu found that its transcriptional activity decreased significantly in glioma tissue compared with the para-tumorous tissue. In addition, the transcriptional activity in high-grade glioma tissue was lower than that in low-grade glioma (Ushakov et al., 2017). As a proto-oncogene, Jun was a subunit of AP-1 and participated in tumor proliferation, invasion, and metastasis. Wang et al. (2017) demonstrated that tobacco smoke elevated AP-1 activation in bladder cancer cells, and tobacco smoke-mediated cell differentiation and EMT could be reversed by AP-1 suppression. Zhao et al. (2018) reported that benzidine enhances the proliferation of bladder cells via activating the MAPK/AP-1 pathway. The researches about KDELR3 were few. Marie et al. (2020) once conducted melanoblast transcriptome analysis and identified that the loss of KDELR3 could impair experimental metastasis. STC1, a hypoxia-induced molecular target, could promote cell proliferations, invasion, migration, and metastasis in hepatocellular cancer, gastric cancer, colorectal cancer, breast cancer, and glioblastoma (Chang et al., 2015; Rezapour et al., 2016; Chan et al., 2017; Wang Y. et al., 2019; Xiong and Wang, 2019). With the exception of Jun, the remaining seven genes have not been studied in bladder cancer to date, but their ability to promote or weaken malignant phenotypes was well presented in our signature. For example, if a gene could promote the malignant phenotype, its expression was more frequent in patients with higher risk scores and vice versa (Figures 4G–I).

We explore the relationship between the hypoxia signature with clinical parameters. Firstly, we stratified the patients with some clinical parameters in the TCGA dataset and found that the patients with lower risk scores still had better survival outcomes compared with the ones with higher risk scores in the subgroups of age ≥60, age <60, male, high AJCC-stage subgroup, low AJCC-stage subgroup, low T-stage, high T-stage subgroup, nodal metastasis-free, metastasis-free subgroup, and high pathological grade (Figure 5). In addition, we also validated the signature’s prognostic performance in subgroups stratified by clinical parameters in GSE13507 and GSE32548 (Figure 6). As for the insignificant differences of survival time in the subgroups of nodal metastasis, female subgroup, low pathological grade, and metastasis, we preliminarily thought that the small sample size in the subgroups might influence the predictive ability of our signature (Figures 5G,I and Supplementary Figures 2, 3). As regards some insignificant differences of the subgroups in GSE13507 and GSE32548, we suspected that the significant different outcome variables of three datasets and small sample size in the subgroups might influence the predictive performance (Figures 2, 6). Secondly, we compared the risk scores in different subgroups stratified by clinical parameters in the training dataset and two validation datasets. It was worth noting that the subgroups with higher pathological stages or grades usually had higher risk scores, which illustrated that our molecular signature closely related to pathological parameters and had the potential to be an important prognostic indicator (Figure 7).

Immune cell infiltration in tumor tissue played a significant role in promoting or preventing the proliferation, invasion, and migration of cancer cells, so that immunotherapy had become an important treatment for tumor (Petrova et al., 2018; Liu et al., 2020). To explore the relationships between the hypoxia signature and immune cell infiltration, we compared the immune cell content of different risk score groups and found that activated memory CD4+ T cells and M0 and M1 macrophages were all significantly different in the TCGA datasets and two validation datasets. The high-risk group had higher contents of M0 and M1 macrophages compared with the low-risk group. Li (Li et al., 2020) once reported that high expression of activated CD4 (+) memory T cells and low expression of M0 macrophage were associated with better clinical prognosis in bladder cancer. Tumor-associated macrophage (TAM) played a significant role in cancer progression, metastasis, and immunotherapy resistance, which were widely infiltrated in the tumor microenvironment (Cheng et al., 2021). Macrophage plasticity allows these innate immune cells to adopt their well-known M1–M2 polarization axis (Larionova et al., 2020). TAMs with M1 profile usually expressed MHC-II, CD68, CD80, and CD86 and had important antitumor and pro-inflammation function, while the M2 microphage in the tumor microenvironment could play a role in pro-tumor and anti-inflammation (Malfitano et al., 2020; Mantovani et al., 2021). TAMs are a polarized M2 subtype of macrophage in the microenvironment of some cancers, but the concrete mechanism is not well defined. Chai reviewed 99 urothelial carcinoma cases, immunostained pathological sections, and found that higher tumor-associated macrophage (TAM) infiltration was identified in high-expression HIF-1alpha cases rather than HIF-1alpha low-expression cases. Moreover, HIF-1alpha overexpression and high TAM count were associated with worse DFS (Chai et al., 2008). Koga et al. (2004) also conducted immunochemical analysis of TAM and Endothelial Per-Arnt-Sim domain protein 1 (EPAS1) induced by hypoxia and proved that EPAS1-expressing TAM counts were significantly associated with higher T stage and progression in bladder cancer. Theoretically, M1 macrophages with the roles of antitumor and pro-inflammation should be enriched into the low-risk group with better survival, while higher contents of M1 macrophages, not M2 macrophages, were enriched into the high-risk group in our study. Delprat et al. (2020) once reported that cycling hypoxia could induce unpolarized M0 macrophages into the pro-inflammation phenotype (M1) and amplify the pro-inflammatory phenotype of M1 macrophages via increase of C-jun. Therefore, we put forward a hypothesis that M1 macrophages enriched in the high-risk group had a certain association with hypoxia and JUN, which was highly expressed in the high-risk groups. Although activated memory CD4+ T cells were significantly different in three datasets, the difference of activated memory CD4+ T cell infiltration in both risk groups was inconsistent. In TCGA and GSE32548, the high-risk group had higher activated memory CD4+ T cells, while activated memory CD4+ T cells presented an opposite trend in GSE13507 (Figure 9). As for the inconsistence, perhaps more real-world experiments were needed to uncover the relationship between hypoxia and activated memory CD4+ T cells.

Lots of researches have demonstrated that tumor mutational burden was closely related to the immunotherapy effect (Hugo et al., 2017; June et al., 2018). The more mutational genes existed in tumor cells, the more mutation-associated RNAs and proteins might be generated, which could be recognized and targeted by the immune system (Rizvi et al., 2015). Therefore, a high mutation burden in tumors was associated with improved immunotherapy response, durable clinical benefit, and progression-free survival (Rizvi et al., 2015). In our study, we listed the top 20 mutational genes in the low- and high-risk groups and then compared risk scores between the wild types and the mutation types of top mutational genes. Finally, we found that the risk scores in the wild type of MUC16 and FGFR3 were significantly higher than those in the mutation types of MUC16 and FGFR3, while the risk scores in the mutational TP53 and RB1 were higher than those in the wild type (Figure 10). TP53 was a cancer-suppressor gene, which encoded p53 protein involved in regulating many target genes. Mutations in TP53 were frequently observed in cancers and were closely related with prognosis of patients with bladder cancer (Ciccarese et al., 2017; Wu et al., 2019). To date, it has become an attractive therapy that restoring functional p53 protein in cancer cells by small peptide molecules (Ciccarese et al., 2017). Similarly, RB1 is also a cancer-suppressive gene and its mutation is common in bladder cancer samples (Felsenstein and Theodorescu, 2018). Choi once reported that bladder cancer with mutation of RB1 and NFE2L2 can be enriched into basal subtype of muscle-invasive bladder cancer (Choi et al., 2017), which could be divided into epithelial–basal and more clinically aggressive mesenchymal subtypes (Guo et al., 2019). Cotton et al. (2017) once screened prognostic biomarkers and identified MUC16 as a poor prognostic biomarker in advanced-stage bladder tumors. FGFR3 was a carcinogenic driver, and the mutation, activation, and overexpression of FGFR3 are common in bladder cancer (Guancial et al., 2014; Pouessel et al., 2016). Ahmad once explored the frequency of FGFR3 mutation in Indian bladder cancer patients and found that FGFR3 mutations were more common in the low pathological stage and low-grade tumors (Ahmad et al., 2018). Taken together, the effect caused by mutation of TP53, RB1, MUC16, and FGFR3 were in accord with risks predicted by hypoxia risk scores in our study.

Finally, we enriched different genes in different risk groups and found that cancer- and immune-associated pathways were enriched in the high-risk group, while the metabolism-related pathway belonged to the low-risk group. The cancer-associated pathways were enriched in the high-risk group, which might imply the poor prognosis of patients with high risk scores. Meanwhile, the immune-related pathways in the high-risk groups included autoimmune disease pathways and inflammatory pathways, which was not related to immune response or immune-suppressive pathways. Bladder cancer patients with higher hypoxia risk scores had higher IC50 of chemotherapy drugs in the three independent cohorts, which seemed to be in accordance with the current opinion that hypoxia in the tumor microenvironment played significant roles in treatment resistance.

This is the first hypoxia-related signature in bladder cancer, which could accurately predict the survival outcomes in patients with bladder cancer compared with the traditional pathological parameters. Moreover, the molecular signature has close relationships with clinical–pathological parameters, some infiltrating immune cells, and mutational genes in tumors. As for the stability and practicability of our signature, it still needs to be validated in future clinical practices.
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A patient’s response to immune checkpoint inhibitors (ICIs) is a complex quantitative trait, and determined by multiple intrinsic and extrinsic factors. Three currently FDA-approved predictive biomarkers (progra1mmed cell death ligand-1 (PD-L1); microsatellite instability (MSI); tumor mutational burden (TMB)) are routinely used for patient selection for ICI response in clinical practice. Although clinical utility of these biomarkers has been demonstrated in ample clinical trials, many variables involved in using these biomarkers have poised serious challenges in daily practice. Furthermore, the predicted responders by these three biomarkers only have a small percentage of overlap, suggesting that each biomarker captures different contributing factors to ICI response. Optimized use of currently FDA-approved biomarkers and development of a new generation of predictive biomarkers are urgently needed. In this review, we will first discuss three widely used FDA-approved predictive biomarkers and their optimal use. Secondly, we will review four novel gene signature biomarkers: T-cell inflamed gene expression profile (GEP), T-cell dysfunction and exclusion gene signature (TIDE), melanocytic plasticity signature (MPS) and B-cell focused gene signature. The GEP and TIDE have shown better predictive performance than PD-L1, and PD-L1 or TMB, respectively. The MPS is superior to PD-L1, TMB, and TIDE. The B-cell focused gene signature represents a previously unexplored predictive biomarker to ICI response. Thirdly, we will highlight two combined predictive biomarkers: TMB+GEP and MPS+TIDE. These integrated biomarkers showed improved predictive outcomes compared to a single predictor. Finally, we will present a potential nucleic acid biomarker signature, allowing DNA and RNA biomarkers to be analyzed in one assay. This comprehensive signature could represent a future direction of developing robust predictive biomarkers, particularly for the cold tumors, for ICI response.




Keywords: immune checkpoint inhibitors, predictive biomarkers, PD-1, TMB, FDA-approved biomarkers



Introduction

Immunotherapy has changed the treatment landscape of many different cancer types in recent years. As opposed to chemotherapy and targeted therapy, which directly target tumor cells, immunotherapy stimulates a patient’s immune response or enhances a patient’s ability to fight against tumor cells. There are several different forms of immunotherapy used clinically, including cytokines, antibodies, vaccines, and immune checkpoint inhibitors (ICIs). Among those, ICIs are the most widely investigated and clinically used in the treatment of tumors.

ICIs target immune checkpoint regulators such as cytotoxic T-lymphocyte associated protein 4 (CTLA4), programmed cell death-1 (PD-1), or programmed death ligand 1 (PD-L1). Since the FDA approval of CTLA-4 inhibitor (ipilimumab) in 2011, the FDA has approved six more ICIs (1). Of those, three are PD-1 inhibitors (nivolumab, pembrolizumab and cemiplimab), and three are PD-L1 inhibitors (atezolizumab, avelumab, and durvalumab). These ICIs are widely utilized in around 15 tumor types (2) by oncologists in their daily practice and have shown remarkable efficacy.

However, ICI treatments are only effective in approximately 20% to 30% of cancer patients whose tumors are generally hot tumors with a high degree of T cell infiltration and high immune checkpoint expression (3). The majority of patients have no response or are resistant to the treatment, which is largely associated with cold tumors with few or absence of T cells, low tumor mutational burden, and poor antigen presentation (3). Furthermore, the efficacy varies among different tumor types, which further complicates treatment strategy. Given the expensive nature of immunotherapy, how to efficiently identify and select potential responders has become a clinical challenge to the effective use of ICIs. There is an urgent need to develop and validate more accurate biomarkers to assist in patient selection for ICI treatment.

Several different forms of predictive biomarkers have been developed for optimized use of immunotherapy, including positive predictive biomarkers to predict response to ICI, negative predictive biomarkers to predict resistance to ICI (4, 5), and side effect biomarkers to predict immune-related toxicity (6). Of those, the most validated and clinically used biomarkers for ICI responses are three FDA-approved positive predictive biomarkers: programmed death-ligand 1 (PD-L1), microsatellite instability/defective mismatch repair (MSI/dMMR), and tumor mutational burden (TMB). These three biomarkers have been reviewed extensively in the literature. For the most recent review, the readers can refer to Alessandro Rizzo et al.’s article in biliary tract cancer (7). Here, we do not intend to further review those biomarkers in general. Instead, we will focus on the challenges and solutions for effective use of these FDA-approved biomarkers.

The use of these three FDA-approved biomarkers has played a significant role in assisting appropriate selection of patients for ICI treatment. However, PD-L1, MSI/dMMR, and TMB each have different assays suitable to distinct tumor types and unique limitations. There is a lack of well-defined best practices to implement these biomarkers. In this article, we will review these three widely used biomarkers in clinical practice and discuss their strengths and weaknesses with the aim to standardize and optimize methodology. We will also review four promising gene signature biomarkers and two combinational gene signature biomarkers with an aim to explore more effective and accurate biomarkers suitable for larger tumor patient population, including immunologically cold tumors. These new forms of biomarkers are emerging and have shown impressive predictive power for ICIs. Finally, we will explore a comprehensive nucleic acid biomarker for future direction.



Three FDA Approved Predictive Biomarkers


PD-L1


FDA Approval and Rationale

PD-L1 was the first FDA-approved predictive biomarker for non-small-cell lung cancer (NSCLC) in 2015. Since then, the FDA has proved PD-L1 as a companion or complementary diagnostic test for six additional tumor types (gastric or gastroesophageal junction adenocarcinoma, cervical cancer, urothelial carcinoma, head and neck squamous cell carcinoma (HNSCC), esophageal squamous cell carcinoma (ESCC), and triple-negative breast carcinoma (TNBC)). Today, PD-L1 is the most investigated and clinically used predictive biomarker for ICIs.

PD-1 and PD-L1 belong to the family of immune checkpoint proteins. Their interaction plays a key role in regulating the immune system to ensure that it is activated only at the appropriate time to minimize excessive inflammation and autoimmune reactions. PD-L1 is expressed on a variety of normal and immune cells such as dendritic cells, activated T and B lymphocytes, and macrophages. However, tumor cells have also adopted this PD-1/PD-L1 interaction mechanism through expressing PD-L1 on the tumor cell surface. Binding of tumor PD-L1 to PD-1 on T cells results in attenuation or inhibition of T cell activity, which helps tumor cells escape from immune surveillance (8).

Blocking the PD-L1 and PD-1 interaction enables the reactivation of T cells and enhancement of T cell activity to fight tumor cells. Since the number of tumor cells that express PD-L1 largely affects its ability to suppress immunogenicity and further determine the effectiveness of PD-L1 and PD-1 blockage by ICI, the expression of PD-L1 on tumor cells is a predictive biomarker for ICI therapy.



Different Test Methods and Challenges

Four FDA-approved IHC testing methods are available today for measuring PD-L1 expression (Table 1). These methods use different antibodies, different scoring systems, different PD-L1 expression thresholds, and different types of cells expressing PD-L1. These variables among four methods are reflected in FDA approvals across seven different tumor types (Table 2).


Table 1 | Variables for FDA Approved PD-L1 Test.




Table 2 | Key Parameters for Use of FDA Approved PD-L1 Testing for Immune Checkpoint Inhibitors.



These variabilities have posed practical challenges for clinicians and pathologists in daily practice. There is often confusion surrounding the different FDA-approved parameters in the tumor type and specific ICI administered. Consequently, although most widely used, PD-L1 has poor diagnostic accuracy overall, with a particularly low negative predictive value. For example, up to 20% of patients have PD-L1 negative tumors were reported to benefit from PD-1/PD-L1 antibodies (9). In addition to testing variables that contribute to low diagnostic accuracy, PD-L1 itself, as a predictive biomarker, has a relatively low predictability. Davis and Patel (2) analyzed 45 PD-L1 FDA approvals from 2011 to April 2019, and found that PD-L1 was only predictive in 28.9% of the approvals. Furthermore, PD-L1 expression is temporally and spatially regulated (10) and can be altered with prior therapeutic treatment (11). The combination of these factors limits PD-L1’s predictability in certain circumstances.



Future Directions

Although PD-L1 testing has low diagnostic accuracy overall, it has value for certain tumor types and remains the most widely used predictive biomarker in current clinical practice. A recent systematic review and meta-analysis showed that PD-L1 can effectively predict survival benefit in the patients with metastatic urothelial carcinoma (12), and soluble forms of PD-L1 and PD-1 in plasma samples can also predict sunitinib efficacy in patients with metastatic clear cell renal cell carcinoma (13). To improve clinical utility of PD-L1, future efforts should be directed to the following three areas:

	a) Making effort to standardize future assay in clinical trials. Current variability of four PD-L1 assays is largely attributed to the initial clinical trials that had evaluated different PD-1/PD-L1 antibodies, used different scoring criteria and cut-offs for PD-L1, and stained different cell types. The organizations that design future clinical trials should consider possible standardization for the areas that can be potentially standardized in the planning stage.

	b) Exploring standardization of currently-approved assays for clinical practice. For the currently-approved four commercial PD-L1 assays, we should explore possible standardization. A recent multi-center study compared the performance of 4 PD-L1 assays in lung cancer (14). They found that 22C3 for pembrolizumab, 28-8 for nivolumab, and SP263 for durvalumab are comparable to each other in the staining of tumor tissue. This result opens the possibility of using specific tests interchangeably. Among 11 FDA-approved PD-L1 linked companion diagnostic tests for seven tumor types (https://www.fda.gov/medical-devices/vitro-diagnostics/list-cleared-or-approved-companion-diagnostic-devices-vitro-and-imaging-tools), six tests for six tumor types used the PD-L1 IHC 22C3 pharmDx assay, six tests for five tumor types used tumor cells and immune cells for PD-L1 staining, and five tests for five tumor types used Combined Positive Score (CPS) as the scoring system. CPS is the number of PD-L1 staining cells (tumor cells, lymphocytes, and macrophages) divided by the total number of viable tumor cells, multiplied by 100. Therefore, the PD-L1 IHC 22C3 pharmDx assay, tumor cells, and immune cells for PD-L1 staining and the CPS scoring system could be considered as bases for future standardization.

	c) Standardizing routinely used PD-L1 test may face a practical challenge and will take time. Currently, the most reliable and effective approach is to follow FDA-approved parameters for PD-L1 assays in seven tumor types. Pathologists and oncologists should use specific ICIs, scoring systems, stained cells, thresholds, assay platforms, and tumor types according to the approved PD-L1 test, and must be cautious in using ICIs beyond the approved assays.






MSI/dMMR


FDA Approval and Rationale

MSI/dMMR was the second FDA-approved predictive biomarker for the pembrolizumab treatment of adult and pediatric patients with unresectable or metastatic solid tumors in 2017. The approval of pembrolizumab for MSI-H (MSI-high)/dMMR cancer treatment was based on the evidence of efficacy (ORR of 39.6%, complete response rate of 7%, and duration of response of six months or longer in 78% of responding patients) from five clinical trials (15). This approval represents the first drug that has been approved for solid tumors in general based on a common biomarker rather than for a specific tumor type (e.g. PD-L1).

Tumors with a defective DNA mismatch repair (dMMR) system accumulate thousands of mutations across the genome. Since short tandem repeats are particularly prone to mismatch errors, dMMR-induced hypermutations are most frequently located in microsatellite regions (1–6 nucleotides short stretches of DNA). This condition is defined as microsatellite instability (MSI). MSI results from and is a marker of dMMR.

Tumors with dMMR will also have more mutations in non-MSI regions throughout the genome and expectedly have more neoantigens compared to those with intact MMR. This assumption has been demonstrated by experimental data. Le et al. (16) reported that an average of 1782 mutations were present in colorectal cancers with dMMR compared with 73 mutations in the same tumors with intact MMR; consistently, 578 and 21 predicted neoantigens were found, respectively. The increased neoantigens in dMMR tumors are positively associated with overall lymphocytic infiltration, tumor-infiltrating lymphocytes, T helper 1 cells, and memory T cells (17, 18), which will render more effective antitumor immune response and a higher likelihood of response to immunotherapy. Thus, MSI/dMMR is a rational predictive biomarker for the treatment response to ICIs targeting PD-1, PD-L1, and CTLA-4 checkpoint receptor in such tumors.



Different Test Methods and Challenges

The FDA has approved pembrolizumab to be used in advanced MSI-H/dMMR solid tumors, but has not specified which assay should be used to measure MSI-H/dMMR. There are three different assays available for determining MSI-H/dMMR status in clinical practice: IHC for detecting dMMR, and PCR and NGS for detecting MSI-H (19–21).

IHC test for determining dMMR involves four proteins: MLH1, MSH2, MSH6, and PMS2. Loss of expression of one or more MMR proteins is considered as dMMR. MLH1 and MSH2 are obligatory proteins, and PMS2 and MSH6 are secondary proteins. PMS2 and MSH6 can form a heterodimer only with MLH1 and MSH2, respectively, while MLH1 and MHS2 can form heterodimers with other MMR proteins in addition to PMS2 and MSH6, respectively. The mutations in obligatory proteins result in functional loss of both obligatory and secondary binding partners, but the reverse is not true because secondary proteins can be substituted in the heterodimer by other MMR proteins. Consequently, antibodies against the secondary proteins detect mutations in both obligatory and secondary proteins, but antibodies for obligatory proteins alone do not detect mutations in PMS2 or MSH6 abnormalities. For this reason, some of the IHC assays only test PMS2 and MSH6.

IHC is a simple, cost-effective and widely available laboratory test that can be easily performed in all hospitals, clinics, and testing labs. The downside of IHC is a relatively low analytic sensitivity and accuracy due to technical or biological reasons. Technical reasons resulting in false negative staining can include pre-analytical issues, such as tissue fixation (22). Biologically, missense mutations in any MMR gene that can result in functional inactivation of a protein without affecting its antigenicity and expression levels (23).

PCR test is the second established method for determining MSI-H. Several PCR panels have been proposed, but two are most widely used in clinical practice: (i) a panel with two mononucleotide (BAT-25 and BAT-26) and three dinucleotide (D5S346, D2S123 and D17S250) repeats, which was proposed in 1997 by an international consensus group, also known as the Bethesda panel (24). Both tumor and paired normal tissue are required for using this panel; (ii) a panel with five poly-A mononucleotide repeats (BAT-25, BAT-26, NR-21, NR-24, NR-27). This five poly-A panel has a higher sensitivity and specificity compared to the Bethesda panel (25) and also does not need corresponding normal tissue for the test. If two of these five biomarkers in either panel lose stability, the tumor is diagnosed as having MSI-H. Recently, Thermo Fisher released a new TrueMark MSI Assay with a panel of 13 microsatellite biomarkers. In addition to expanded content from the five poly-A panel discussed above, this panel has a faster and simpler workflow, requires only 2ng FFPE tumor DNA and does not require the use of a tumor-normal match.

Since MSI testing by PCR is based on a specific and limited number of microsatellites analyses, the test cannot capture full MSI profiles and thus misses around 0.3% to 10% of cases (26). Furthermore, although MSI can be present in almost all solid tumor types, its prevalence and type of MSI are widely variable across the different tumor types. Several major cancer types, like NSCLC, breast cancer and prostate cancer have only 1-2% prevalence while other cancer types, such as melanoma and kidney cancer, have no data available (27, 28). The majority of clinical data for predictive ability for ICIs were largely from CRC. These factors limit its use as an effective and reliable predictive biomarker for ICIs in a broad scale, despite being approved for all solid tumors.

NGS-based MSI-H/dMMR testing is a relatively new assay and can overcome the limitations of MSI testing by PCR to a certain degree. NGS test uses either cancer gene panels or whole exome sequencing. For cancer gene panels, the number of genes varies from focused cancer gene panes with around 500 genes to comprehensive cancer exomes with >5000 genes (29). A bioinformatics method, MSIsensor, has also been developed to predict MSI status using whole exome data (30). The MSIsensor prediction showed 100% agreement with gold standard methods of IHC and PCR for MSI testing in 130 CRC patients.

The main advantage of NGS is its ability to evaluate a large number and different types of microsatellites including two- to six-base repeats, and to discover additional microsatellites with better predictive power. As opposed to PD-L1 and MSI testing, which are primarily suitable for metastatic colorectal cancer and other cancers belonging to the spectrum of Lynch syndrome, NGS method can be used for all tumor types, including non-Lynch syndrome rare cancers for multiple ICIs. Because NGS is the primary method to evaluate TMB, which will be discussed later, another advantage of NGS-based MSI-H/dMMR testing is the ability to integrate MSI with TMB data for the prediction of ICIs. The main challenges of NGS testing are its high cost, technical demands and lack of wide availability. Once these hurdles are overcome, NGS-based MSI testing will be a more accurate and sensitive assay than PCR or IHC for determining MSI status (21).



Future Directions

IHC-dMMR, PCR-MSI-H, and NGS-MSI-H each have strengths and weaknesses (Table 3). Although agreement has been found among the three methods, especially in CRC, differences exist across cancer types. The FDA has granted approval for the use of Pembrolizumab, nivolumab, and nivolumab–ipilimumab combination in metastatic solid cancers with MSI-H or dMMR, but did not specify which assay should be used to measure MSI status. A clear guideline is needed to help pathologists make informed decisions about which method to use in a given clinical situation. The CAP and three collaborating societies are developing a clinical guideline for testing MSI in patients with a range of cancer types. The groups opened the public comment period for the guideline in February, which ended on March 13, 2020. Formal guidelines are expected to be released soon. The European Society for Medical Oncology (ESMO) has already published its recommendations as of 2020 (28). Taken together, three general considerations can improve effective utilization of these assays:

	a) The first and most important consideration is the prevalence of MSI in different tumor types. Although MSI-H can be present in almost all solid tumor types, its prevalence is widely variable across the different tumor types. MSI testing should be performed using IHC, PCR, or NGS method for the tumor types with high frequency of MSI, generally belonging to the spectrum of Lynch syndrome, including colorectal cancer (31), endometrial cancer (32), gastric cancer (33), ovarian cancer (34), and small Intestinal cancer (35). For other tumor types that do not belong to the spectrum of Lynch syndrome with low prevalence of MSI or no MSI data available on the reliability of IHC and the PCR method, such as NSCLC, breast cancer, melanoma, and kidney cancer, NGS-MSI should be considered because the NGS method can scan all types of MSI and also couple analyses of MSI with TMB.

	b) The second consideration is the order of testing methods. In consideration of availability, cost and ease of testing, ESMO recommends IHC-dMMR as the first choice, and then PCR-MSI when IHC results are indeterminate. However, previous studies showed that the expression of MMR proteins, commonly MSH6, can change after neoadjuvant therapy (36, 37) and that dMMR tumors are more common in early-stage disease of different cancer types (defined as stage <IV) compared to advanced and metastatic settings (38). Given these two variables, the PCR-MSI should be a preferred testing method over IHC after neoadjuvant therapy or in advanced tumors. The last choice is NGS-MSI. The primary reason for recommending NGS-MSI last is due to the assay complexity, high cost and lower accessibility. Another complication of the NGS method is the determination of the appropriate threshold for calling MSI-H. Different NGS panels with different numbers of genes and different tumor types with different MSI frequency each impact threshold determination. It is practically difficult to reach a consensus threshold, which needs to be determined empirically and validated clinically for a specific NGS panel.

	c) The third consideration is panel selection. For IHC-dMMR, antibodies for four MMR proteins (MLH1, MSH2, PMS2 and MSH6) should be used instead of MSH6 and PMS2 only. The mutations in MLH1 and MSH2 lead to loss of MLH1 and PMS2, and MSH2 and MSH6, respectively. However, there are isolated losses of PMS2, MSH2, or MSH6, which supports the notion of using all four antibodies to improve testing certainty and accuracy. For PCR-MSI, a panel with five poly-A mononucleotide repeats (BAT-25, BAT-26, NR-21, NR-24, NR-27) is recommended over a panel with two mononucleotides (BAT-25 and BAT-26) and three dinucleotides (D5S346, D2S123 and D17S250) for higher sensitivity and specificity. For NGS-MSI, the number of genes in the panel should be at least >300. A panel of 2000-5000 genes may be a good compromise between cost and coverage.




Table 3 | Strengths, weaknesses and recommendations for three predictive MSI-H/dMMR biomarkers for ICI response.






TMB


FDA Approval and Rationale

TMB is a measure of the number of gene mutations in cancer cells and can be reported as the total number of nonsynonymous somatic mutations in the tumor exome (39) or per megabase DNA (40). TMB was recently approved for pembrolizumab for the treatment of adult and pediatric patients with unresectable or metastatic solid tumors in June 2020. Foundation One CDx assay (Foundation Medicine, Inc.) was also approved as a companion diagnostic test.

Several key factors can contribute to elevated TMB, including cigarette smoke, ultraviolet radiation, and defective damage response (DDR) genes (40). Among those factors, mutations in the DNA damage response (DDR) genes are particularly important, and emerging as independent predictors for ICI response. Teo et al. (41) observed that mutations in DDR genes are significantly associated with clinical benefit in patients receiving immunotherapy. Similar results were also reported in colorectal cancer (42), urothelial cancer (43), and serval other cancers (44). For a most recent review in this topic, please reference Minlin Jiang et al. (45). A high number of mutations in somatic exonic regions will lead to an increase in neoantigen production, some of which are immunogenic, and could then be recognized by T cells, resulting in improved antitumor immune responses. Consequently, patients with high TMB likely produce more intensified immune responses and are more sensitive to ICI treatments.



Different Test Methods and Challenges

There are 2 primary methods for evaluating TMB: WES and NGS panels. WES-TMB was first demonstrated to have an association with ICI response and proposed as a predictive marker for ICI by Snyder et al. (46) and Rizvi et al. (47), followed by many others (48, 49). These early WES-TMB studies count only nonsynonymous somatic mutations. TMB-H (TMB high) was called using different cutoffs varying from ≥7.4 in Esophagogastric cancer and ≥23.1 in NSCLC when the number of nonsynonymous somatic mutations was reported as per megabase DNA, and from ≥158 mutations in Advanced NSCLC to ≥248 mutations in advanced SCLC when whole tumor exome bases were counted. These different reporting formats and cutoff values complicate clinical practice. In addition, the clinical utility of WES-TMB was limited by high cost, long turn-around time, technical complication, and availability (40).

To address the WES-TMB limitations, researchers developed NGS panels with a sufficiently large number of cancer-targeted genes to predict TMB (50, 51). Early pioneer studies demonstrated that properly designed and sufficiently large NGS panels can accurately recapitulate WES-TMB and be effectively used as an independent predictor of ICI treatment. Further analyses provided additional evidence on reproducibility, repeatability, and the limit of detection compared with WES, and demonstrated good agreement between NGS panels-derived and WES-derived TMB data (52, 53). Importantly, these targeted NGS panels with fewer DNA bases and relatively simpler assays have improved utility in clinical settings.

The calculation of TMB has different methods, depending on the assay adopted. The WES-TMB assays typically consider nonsynonymous somatic mutations in the analysis, while NGS panels have generally taken a more comprehensive approach, such as FundationOne CDx, which includes synonymous and non-synonymous single-nucleotide variants (SNVs) for improved assay sensitivity (54), and insertions and deletions (indels) per area of coding genome sampled, but excludes known and likely oncogenic driver events and germline SNPs. There is currently no standard of TMB calculation. The TMB Harmonization Project is aimed to standardize TMB calculation and reporting (55–57).

There are two NGS panels commercially available that have been approved by regulatory bodies: (i) MSK-IMPACT with 468 cancer genes was cleared by the 510K pathway for mutation profiling in November 2017, and (ii) the FoundationOne CDx assay with 324 cancer genes was approved by the FDA as a companion diagnosis for the evaluation of TMB in 2020. These targeted gene panels can analyze and identify single nucleotide substitutions, indels, CNAs, and selected gene rearrangements, as well as genomic signatures including microsatellite instability (MSI) and loss of heterozygosity in a single assay.

Overall, TMB as a predictive marker for ICI treatment is more technically challenging than PD-1 and MSI. Many variable factors can impact TMB estimation and output, including tumor type (different tumor types biologically have different TMB (39)), tissue type (FFPE tissue will artificially have more mutations than fresh frozen tissue), sequencing parameters (NGS panel content, size and sequencing depth, bioinformatics pipeline), and the reporting cutoff (55). The wide variation in TMB estimation and reporting methods across studies have limited effective adoption of TMB and stressed the need to standardize assays for determining TMB.



Future Directions

TMB-H is generally predictive of response to multiple forms of ICIs, but the predictive ability can vary across tumor types and mutation types. Since the affinity of neoantigen binding to MHC1 and T cell receptor recognition of neoantigen as foreign are two determinants of immune response, distinct qualities of neoantigens contribute to ICI response differently. Generally, the lack of similarity of neoantigen to self-antigens results in an increased ability to activate T-cells, and thus, predicts response to ICIs. For example, Merkel cell carcinoma (MCC), renal cell cancers (RCC), and mesothelioma all have higher response rates to ICIs than would be anticipated from their TMBs (58) due to the higher quality of antigens in these tumor types. Elevated antigen quality results from viral antigens (in MCC), a high number of indel mutations (in RCC), and complex chromosomal rearrangements (in mesothelioma) (59). Keeping these in mind, the below 3 points should be considered in TMB estimation and reporting:

	a) A clinically validated, sufficiently large NGS panel is preferred over WES. In consideration of clinical utility (low cost, shorter turn-around time, use of smaller biopsy samples, higher assay sensitivity, lower technical complexity and bioinformatics demand), a standardized, commercially available NGS panel, such as FDA-approved FoundationOne CDx, is recommended for TMB determination. When FoundationOne CDx panel is used, ones should follow approved method for TMB calculation (Douglas B et al., 2016). The panel should be sufficiently large, including ≥300 targeted genes. These genes should be carefully selected by including the following: (i) other TMB-related marker genes, such as POLE whose mutations are associated with TMB-H in multiple solid tumor types like endometrial, CRC, gastric, melanoma, lung, and pediatric cancers (60–62), or BRAF and MET whose alterations are associated with longer duration of ICI treatment; (ii) other immunotherapy response-related genes, such as genes for MSI estimate, immune resistant gene, IDO1, and JAK (4, 5); (iii) multiple types of alterations, such as mutations, indels, amplifications, CNAs, and structure variations. Such a panel will be small enough for broader clinical application, but informative enough to allow performing multiomic analyses to provide a more comprehensive, complete, and robust patient biomarker profile for independent or joint ICI treatment decisions.

	b) Weighted calculation for TMB score. Since different types of alterations have variable immunogenicity, one should not only focus on the number of mutations, but also consider the types of mutations when evaluating TMB. Generally, patients with frameshift indels, transversions, and clonal mutations are more immunogenic than those with nonsynonymous mutations (63), transitions (47), and branching or subclonal mutations (64), respectively. In calculating TMB status, the index may be expressed as a TMB score. The more immunogenic types of mutations should be preferably weighted. By using a TMB score, other factors that also affect TMB predictive value can also be considered, such as age (65).

	c) Tumor-type specific reporting cutoffs. TMB estimation and reporting methods are widely variable in scientific publications. Like PD-L1, there is an urgent need to standardize current TMB assessment methods, which is essential for reliable use of TMB as a clinical biomarker for ICI response. However, among these variables, some technically related variations can be addressed by standardization, such as sequencing depth and gene panel, while others related to biological variations can be addressed according to biology. The variation in reporting cutoff is a typical example of biological variation. Some tumor types have naturally higher TMB than others (66), and thus require a different cutoff for reliable and reproducible ICI response prediction. For example, >16 mutations/Mb is appropriate for atezolizumab in urothelial carcinoma (67), while >23.1 mutations/Mb is needed for pembrolizumab in NSCLC (68). In fact, the TMB cutoff varied markedly across the top 20% of each cancer type (66), suggesting that it is unlikely to be able to use a universal cutoff. The optimal cutoff should be developed and validated in different tumor types.







Non-FDA Approved Emerging Biomarkers


Promising Mutation Predictive Biomarkers


Inactivation of PTEN

PTEN is ubiquitously expressed protein phosphatase that is one of the major human tumor suppressors (69). For example, it dephosphorylates PIP3 to PIP2 and thus inhibits PI3K/mTOR/Akt signaling axis (70) and serves as the potent regulator of DNA repair (71). Even a single-allele mutation of PTEN can irreversibly repress molecular functions of this gene, thus making a cell susceptible to carcinogenesis (72). Decreased expression of PTEN is also connected with the sensitivity to ICIs which can be mediated by lower infiltration of such cells by T-lymphocytes (73). In lung cancer, mutations of PTEN were shown to be associated with poor response to ICI therapy (74).



Mutations of POLE

POLE is a subunit of DNA polymerase epsilon that has polymerase and proofreading activities, and participates in both DNA replication and repair (75). Mutations in proofreading domain of POLE are present in 1-12% of all tumors (76, 77) and result in approximately two orders greater mutation rate, thus directly influencing TMB (78). Tumors with POLE mutation have more neoantigens and more infiltrating lymphocytes (79).



Linked Mutations of KRAS and STK11

Somatic activating mutations in 12 and 13 codons of KRAS can be detected in 5-35% of the patients in different cancer types (80) and most frequently are associated with poor survival prognosis (81). These mutations are statistically significantly linked with the mutations in the STK11 gene (82) that encodes LKB1 kinase which phosphorylates and activates AMPK, a potent metabolic regulator (83) that controls mTOR signaling (84). In lung cancer, up to 30% of tumors may have mutated STK11 (85), and presence of both STK11 and KRAS mutations is a factor of poor survival prognosis (86). Inactivation of STK11 is also a factor of more inert tumor microenvironment and lower expression of PD-L1 (87).

In lung cancer patients with mutant KRAS, ICI therapy showed lack of benefit, in contrast to the wild-type group of tumors (88). In KRAS mutant tumors, less patients responded on ICI therapy in a STK11-mutated subgroup compared to a TP53-mutated subgroup (7.4% versus 35.7%, respectively). The same was observed in clinical trials CheckMate057 (0% vs. 57,1%), CheckMate-012 (0% vs. 78%) (89), and GEMINI (0% vs. 53%) (87). This also reflected statistically lower time to progression (TTP) in patients having both mutations in KRAS and STK11 genes compared to the tumor with only KRAS mutations (90).

In agreement with that, KRAS/STK11 double mutant lung cancers showed worse survival compared to only STK11 mutants: TTP of ~two months vs. five months, and overall survival of ~seven months vs 16 months (91). Bad prognosis of double mutant tumors was relatively independent on PD-L1 expression and was also true for the PD-L1-positive group of double mutants (90). Interestingly, these mutations can likely synergistically promote tumor infiltration by T cell suppressing neutrophils (92).




Gene Signature Predictive Biomarkers

Three FDA-approved predictive biomarkers, PD-L1, MSI/dMMR, and TMB have played a critical role in guiding ICI treatment selection. However, each has its limitations. PD-L1 has limited positive and negative predictive values, MSI-H/dMMR has a low prevalence in many common metastatic cancers (<5%), and TMB is hindered by high cost and technical complications. Additionally, a wide range of response rates have been reported, such as patients with low TMB, absence of MSI or without PD-1/PD-L1 expression showing good response, or vice versa. This unpredictability clearly indicates that immunotherapy response is also driven by other biomarkers. The identification and validation of additional predictive biomarkers are needed. Recently, gene expression-based signatures have emerged as a new generation of predictive biomarkers for ICI response. Here, we will discuss four different gene signature biomarkers: T cell-inflamed gene expression profile (GEP), T cell dysfunction and exclusion gene signature (TIDE), melanocytic plasticity signature (MPS), and B cell-focused gene signature.

	a) T cell-inflamed gene expression profile (GEP) is one of the early reported and clinically validated gene signatures for predicting response to pembrolizumab across multiple solid tumors (93). Through stepwise validation of several populations, an 18-gene pan-tumor signature was identified in 220 patients of nine different tumor types. This signature is represented by the genes related to IFN-γ signaling, cytotoxic effector molecules, antigen presentation, and T cell active cytokines, which is a common characteristic of a T cell-inflamed tumor microenvironment responsive to ICIs. Across multiple tumor types, data showed that responders have high level of signature gene expression (a T cell inflamed phenotype) while non-responders have low expression level across the signature genes (a non-T cell-inflamed phenotype). Its predictive value was demonstrated independently in a 96-patient population with head and neck squamous cell carcinoma. ROC analysis showed that the 10-gene signature has a larger area under the ROC curve than that of PD-L1, demonstrating that the T cell-inflamed multigene signature has a better predictive value compared to the commonly used single gene biomarker, PD-L1.

	b) The second promising gene expression panel is the T cell dysfunction and exclusion gene signature, termed TIDE for Tumor Immune Dysfunction and Exclusion. Different from T cell-inflamed gene signature, which captures a favorable tumor environment for ICI response (a high level of gene expression in the panel is indicative of response), TIDE focuses on the loss of T cell functionality, which reflects an unfavorable tumor environment for ICI response (a high level of gene expression in the panel is indicative of non-response). TIDE was developed based on two key mechanisms of tumor immune evasion (94, 95): dysfunctional infiltrated T cells in the tumor, and prevention of T cell infiltration into the tumor. Using large data sets and computational modeling method, Peng Jiang et al. (96) identified gene signatures that underlie these two mechanisms of tumor immune escape separately and integratively.

Using publicly available transcriptome profiles of non-treated tumors with patient survival outcomes, the authors first used Cox proportional hazard (Cox-PH) model to test the interaction of the expression of each gene in tumors with the level of T cell infiltration (defined as average gene expression of known regulators of T cell dysfunction) to influence patient survival. This systematic, statistical interaction test identified signature genes that affect T cell function and patient survival. The profiles of these genes are enriched by inflammatory and interferon response-related pathways and lack of pathways that promote T cell activation, reflective of T cell dysfunctional phenotype. Similarly, the authors used the expression profiles of three cell lines, MDSCs, TAMs, and CAFs that restrict T cell infiltration in tumors, to model T cell exclusion, and developed a gene signature of T cell exclusion. Finally, TIDE, an integrated signature, was developed to predict ICI response. ROC analysis showed that TIDE has better predictive performance than TMB and PD-L1 for both anti-PD1 and anti-CTLA4 therapies. In addition, a lower TIDE score is predictive of longer patient overall survival.

	c) Melanocytic plasticity signature (MPS) was developed by studying four mouse immunocompetent melanoma models (M1-M4), which represent major subtypes of human cutaneous melanoma, and the diversity of clinical responses to ICIs. M1 and M2 mice had no response to anti-PD-L1 and sustained tumor growth, M3 mice had modest response and delayed tumor growth, and M4 had the best response and significantly longer survival time. By comparing RNA-seq data of ICI-resistant M1 and M2 and the sensitive M3 and M4, and subsequent evaluation of response prediction in the Van Allen dataset, Eva Pérez-Guijarro et al. (97) identified a 45-gene signature predictive to ICI response. Low MPS scores were significantly associated with responders. In the Van Allen dataset, 81% of responsive patients can be correctly predicted by using MPS score. Furthermore, the patients with low MPS had longer progression-free survival and overall survival.

Further analyses showed that the 45-gene signature reflects the multipotency and differentiation of the melanocytic lineage. A high MPS score represents undifferentiation and multipotency, and a low MPS score indicates later stages of melanocytic differentiation. These data suggest multipotency and differentiation status of melanoma can predict ICI response, which represents a novel discovery. In a comparison of predictive performance among MPS, TIDE, TMB, and PD-L1, ROC analysis showed that MPS had the best ROC area under the curve (AUC) value followed by TIDE in the Van Allen and Hugo–Riaz data sets (97).

	d) The B cell gene signature is a recently reported new biomarker for ICI response. Since current ICI treatments reinvigorate T cells against tumors, research of predictive biomarkers to ICI response in the past was largely focused on T cells. Several recent studies showed that the B cell rich immune cell population in tertiary lymphoid structures (TLS) of tumors is a critical discriminative feature of ICI responsiveness and patient overall survival (97–99). TLS are aggregates of immune cells and have been associated with increased patient survival in several cancer types. These recent studies further demonstrated that significantly enriched B cells localized in TLS, specifically switched memory B cells (99), are key predictors of ICI response. Helmink et al. also showed the presence of high diversity of B cell receptors in responders compared with non-responders. All these data demonstrated an active role of B cells and tertiary lymphoid structures in ICI response, and highlighted a possibility to develop predictive gene signatures for ICI response focused on B cells within TLS.



Cabrita et al. (98) constructed a TLS gene signature in metastatic melanoma. This signature is dominated by B cell-specific genes and is predictive of ICI response as well as patient overall survival. Cox regression analysis using several immune signatures across the four cohorts demonstrated that the TLS signature has the best predictive performance in the cohorts treated with anti-PD1. The predictive performance of TLS signature is independent of TMB. A similar B cell dominated gene signature was also developed in soft tissue sarcoma (100). Using the microenvironment cell populations (MCP-counter) method (101), the authors classified 608 tumors from different subtypes of soft-tissue sarcoma into five groups (A, B, C, D, and E) based on the composition of the tumor microenvironment. An immune-high group E was characterized by the high density of B cells and TLS. The key determinant of group E was the high expression of the B cell signature. Once again, the B cell signature was significantly associated with better ICI response and improved overall survival.

Of the above 4 gene signatures, the T cell-inflamed, GEP, and TIDE have superior predictive performance for ICI response compared to PD-L1, and PD-L1 or TMB, respectively. MPS has better predictive performance than PD-L1, TMB, and TIDE. The B cell focused gene signature is a new predictive biomarker, and its predictive value has yet to be thoroughly evaluated in relation to other established biomarkers. Based on currently available data, the gene expression-based signatures are generally more robust with enhanced predictive value compared to single gene or protein markers.

In addition, a proof of concept has been recently reported that next-generation expression signatures based on molecular pathway activation profiles (102, 103) using RNA sequencing data (104) can guide personalized ICI prescription in treatment refractory tumors (105).



Combinational Predictive Biomarkers

Currently FDA-approved and recently developed gene signature biomarkers for ICI response fall into two broad categories: one category is related to tumor intrinsic factors, such as TMB, MSI and MPS, and the other category is related to tumor extrinsic factors, including PD-L1, T cell, and B cell gene signatures (Figure 1). These biomarkers have independent predictive values for ICI response, but predicted responders across those biomarkers have a generally low percentage of overlapping, particularly between these two categories. This lack of correlation, together with the demonstrated individual predictive values, indicates that these biomarkers measure different aspects of complex tumor immunobiology and capture unique features of ICI response phenotypes. This suggests that the combination of different biomarkers may provide complementary or additive effects and lead to an improved predictive performance. Here, we will review two combined predictive biomarkers, GEP+TMB and MPS+TIDE, to demonstrate their improved predictive performance.

	1) GEP+TMB. T cell-inflamed GEP and TMB measure T cell activation (tumor microenvironment) and tumor antigenicity, respectively, representing unique aspects of tumor immunobiology. To understand the interplay between these two distinct categories of biomarkers, Cristescu et al. (106) explored the joint predictive response to pembrolizumab across 22 tumor types from four KEYNOTE clinical trials. The individual biomarker prediction was first performed, followed by classification of patients into four individual biomarker-defined response groups (GEPloTMBlo, GEPloTMBhi, GEPhiTMBlo, and GEPhiTMBhi) using predefined cutoffs for TMB and GEP. The highest response rate was observed among patients in the group of GEPhiTMBhi in all four cohorts. No response was seen in the group of GEPloTMBlo in the pan-tumor and HNSCC cohorts, and intermediate response rate was observed in the group of either TMBloGEPhi or TMBhiGEPlo. These data demonstrated that the combination of two biomarkers offers higher sensitivity and greater predictive value compared to a single biomarker. Additionally, the patients in the GEPhiTMBhi group had longer progression-free survival time.

The joint utility of the GEP+TMB in predicting ICI response was further tested in TCGA database using 6384 patients of matched transcriptome and WES data across a wide range of tumor types. Consistent with the data derived from KEYNOTE clinical trials, the patients with GEPhiTMBhi had the strongest response, and GEPloTMBlo group had no or poorest response to pembrolizumab, demonstrating that the improved response rate by joint prediction of GEP+TMB can be generalized across cancer types.

	2) MSP+TIDE. As discussed above, MSP reflects cancer cell intrinsic factor (multipotency and differentiation), which is not associated with immune response, while TIDE represents extrinsic factor (immune phenotype) reflective of the tumor microenvironment. Given these different features, Guijarro et al. (97) hypothesized that the combination of MPS and TIDE scores will increase predictive value. Indeed, ROC analysis showed a noticeable improvement of the AUC values by MPS+TIDE compared to any of the single methods in the Van Allen cohort.






Figure 1 | Intrinsic and extrinsic biomarkers predictive of ICI response. Intrinsic biomarkers are tumor cell-related, extrinsic biomarkers are tumor microenvironment-related.



The improved ICI response by combining MPS and TIDE signatures translated into patient survival. Similar to the GEP+TMB analysis described above, melanoma patients were classified into three groups based on their MPS and TIDE scores. The low-MPS and low-TIDE group showed significantly longer PFS and OS, whereas the high-MPS and high-TIDE group exhibited the poorest survival in Kaplan–Meier analysis.

Altogether, the results demonstrated that combining cancer cell intrinsic and extrinsic factor-related gene signatures can improve the predictability of not only ICI response, but also patient survival. This integrated predictive biomarker may represent a future direction for additional biomarker discovery.




Future Direction of Predictive Biomarker Discovery

The above analyses cover different predictive biomarkers from single to complex, DNA to RNA, and neoantigenic to TME-related. All data suggest that patient response to ICIs is a complex quantitative trait determined by multiple factors (Figure 2). Current biomarkers tend to capture a unique contributing factor of ICI response. Thus, a combination of biomarkers should offer improved predictive performance to ICI response. Because of ICI-related toxicities and the high cost of these agents, current predictive biomarkers with a highly variable response to ICIs cannot fully meet clinical need. There is an urgent need to develop a new generation of biomarkers that can reliably predict ICI response. Based on current knowledge and available data, an optimal ICI predictive biomarker is an integrated nucleic acid biomarker signature. This signature can combine information from different DNA and RNA biomarkers in one single assay to retrieve as many ICI response-related contributors as possible, from the upstream to downstream of immune response, from intrinsic to extrinsic factors, and from TME to neoantigenic aspects. A final combined index score will be used to predict ICI response, which will overcome potential conflicting results from different biomarkers in the same assay. Broadly, this integrated nucleic acid biomarker signature may include at least the following four categories:

	1) TME-related RNA biomarker genes, including key T cell-inflamed signature genes, T cell dysfunction & exclusion signature genes, and B cell signature genes.

	2) Tumor multipotency and differentiation related RNA biomarker genes, such as MSP signature genes.

	3) Tumor neoantigenicity-related DNA biomarker genes including frequently mutated core cancer genes for TMB, DNA mismatch repair genes, and MSI panel.

	4) Other high impact genes, such as TGFB1 with a known role in promoting tumor immune escape and ICI resistance (107–109), SOX10 with known function in promoting T cell-mediated tumor cell attacking (110, 111), SERPINB9 with a demonstrated role in regulating ICI resistance, and POLE/POLD1 with an established role in contributing to high TMB in some cancers (54). These high impact genes can come from both tumor cells and tumor infiltrating immune cells.






Figure 2 | Patient response to ICIs is a quantitative trait. Each biomarker only captures a unique feature of the contributing factor (s).



To ensure its clinical utility and economic feasibility, this integrated nucleic acid signature panel should be large enough to capture all key ICI responsive features and allow calculation of a reliable TMB, and small enough to be economically and technically feasible for broad application in daily clinical practice using next generation sequencing platforms. Because this integrated nucleic acid biomarker panel can comprehensively analyze DNA and RNA markers in one assay instead of two, it will have enhanced cost efficiency, reduced assay time, and require less biological material (total nucleic acids as input). This integrated assay includes multiple contributing factors to ICI response, and will likely be more predictive for immunologically cold tumors or advanced tumors.
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DDX60, an interferon (IFN)-inducible gene, plays a promotional role in many tumors. However, its function in glioma remains unknown. In this study, bioinformatic analysis (TCGA, CGGA, Rembrandt) illustrated the upregulation and prognostic value of DDX60 in gliomas. Immunohistochemical staining of clinical samples (n = 49) validated the DDX60 expression is higher in gliomas than in normal tissue (n = 20, P < 0.0001). It also could be included in nomogram as a parameter to predict the 3- and 5-year survival risk (C-index = 0.86). The biological process of DDX60 in glioma was mainly enriched in the inflammatory and immune response by GSEA and GO analysis. DDX60 expression had a positive association with most inflammatory-related functions, such as hematopoietic cell kinase (HCK) (R = 0.31), interferon (R = 0.72), STAT1 (R = 54), and a negative correlation with IgG (R = −0.24). Furthermore, DDX60 expression tends to be positively related to multiple infiltrating immune cells, while negatively related to CD56 dim nature killer cell in glioma. Some important immune checkpoints, like CTLA-4, PD-L1, EGF, CD96, and CD226, were all positively related with DDX60 (all Pearson correlation R > 0.26). The expression and correlation between DDX60, EGF, and PD-L1 were confirmed by western blot in clinical samples (n = 14, P < 0.0001) and GBM cells. These results indicated that DDX60 might have important clinical significance in glioma and could serve as a potential immune therapeutic target.
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Introduction

Glioma is the most common malignancy in the brain, representing more than 70% of all central nervous system (CNS) malignancies (1). Glioblastoma multiforme (GBM), the most aggressive and malignant form of glioma, has a median survival of fewer than 21 months (2) despite the progress of neurosurgical resection, chemotherapy, radiation therapy, and novel approaches such as immunotherapy. Intratumoral heterogeneity widely exists in GBM (3) and has become an obstacle for molecular targeted therapy (4). To counteract the heterogeneity, therapies targeting the cytosolic innate immune receptors retinoic-acid inducible gene I (RIG-I) have been employed to gain a good response (5).

Acting as the upstream of RIG-I in the innate immune response, DDX60 is a novel DEAD-box RNA helicase and first identified through microarray research of genes induced by measles’ virus infection in dendritic cells (DCs) (6). Through the helicase domain and ATP-binding site, DDX60 can detect abnormal intracellular nucleic acids and then induce RIG-I-dependent type I interferons (type I IFNs) and other inflammatory cytokines (6–8). Besides, DDX60 induced RIG-I-independent antiviral responses have also been demonstrated (8). Involved in RIG-I-dependent and independent innate immune responses, DDX60 has been proven to be associated with the development of tumors (9–11). It was upregulated in oral squamous cell carcinoma and correlated with poor disease-free survival (10), while downregulated in colorectal cancer and related with the initiation and progression of the disease (11). Therefore, DDX60 represents a potential target for tumor therapy. Immunotherapy and particularly immune checkpoint inhibitors, such as programmed death-ligand 1 (PD-L1) inhibitors, have revolutionized the treatment landscape of glioma (12). However, because of the heterogeneity and immunosuppression of glioma, some of the checkpoint inhibitor therapies fail to get a positive effect (1, 13), and new biomarkers for immune therapies are urgently needed. Herein, we assume that DDX60 is a novel immune therapeutic target for glioma and explore its prognostic value and biological function in glioma.

This study demonstrated that DDX60 is highly expressed in GBM and predicts poor prognosis of glioma by the Cancer Genome Atlas (TCGA), Chinese Glioma Genome Atlas (CGGA), Repository for Molecular Brain Neoplasia Data (REMBRANDT), and Gravendeel databases. Then, the correlation between DDX60 expression and inflammatory responses, immune-related molecules, infiltrating immune cells as well as checkpoint protein in glioma was also established.



Materials and Methods


Data Collection

Glioma patient’s clinical information and gene expression data in the TCGA, CGGA, Rembrandt, and Gravendeel databases were downloaded from GlioVis (http://gliovis.bioinfo.cnio.es/) (14). The results shown here are in whole or part based upon data generated by the TCGA Research Network: https://www.cancer.gov/tcga. The expression information for DDX60 in tumor and normal tissues in multiple cancers was acquired from UALCAN (https://ualcan.path.uab.edu/).



Bioinformatics Analysis

The nomogram and calibration plots were constructed using the RMS package of R software. Pearson correlation and correlograms were generated using the circlize package and the corrgram package, respectively (15). Gene ontology (GO) analyses were employed to verify the biological processes by the R package of enrichplot and clusterProfiler (16). Gene set enrichment analysis (GSEA, http://software.broadinstitute.org/gsea/index) was performed between the DDX60 high expression group and low expression group (17). The significant difference for GSEA was verified by the normalized enrichment score (NES) and false discovery rate (FDR). The related gene pathways with P <0.05 and FDR <0.1 were visualized by Cytoscape 3.7.2 version. The R package GSVA was used to search the enrichment status of inflammatory response-associated metagenes (18). Gene set associated with the immune function was extracted from the AmiGO 2 website (http://amigo.geneontology.org/amigo) to demonstrate the role of DDX60 in the immune system in glioma. Genes with high correlation coefficients (R > 0.3 and P < 0.05) with DDX60 were selected for heatmap displays. Metagenes of immune infiltration cells were downloaded from a previous study (19) and ssGSEA analysis was conducted via GSVA R package. Venn diagrams, boxplots, and heatmaps were generated using the Venn diagrams, ggplot2, and pheatmap packages in R software.



Clinical Samples

Glioma tissues were gathered during 2019 to 2020 from patients (n = 60) who experienced craniotomy in the Department of Neurosurgery, Huashan Hospital of Fudan University. Normal brain tissues (n = 23) were obtained from traumatic brain injury patients who underwent partial resection as decompression treatment. These experimental protocols were approved by the Human Ethics Committee of Huashan Hospital and informed consent was collected from all patients.



Knockdown

SiRNA targeted human DDX60 (siRNA#1, CCAUCUGCCUCUUUCUCAATT; and siRNA#2, GGAUUUGAUGAGUUGGCAATT) and control siRNA were obtained from Hanbio (Shanghai, China). SiRNA knockdown of DDX60 was performed with Invitrogen Lipofectamine 2000 and standard procedures (20).



Immunohistochemical Staining

IHC staining was performed as described previously (10). The sections were incubated with rabbit anti-human DDX60 Ab (1:200, Abcam) as the primary antibody. Immune reactive score (IRS) was conducted as described (21).



Western Blot

The glioma and normal brain tissues were minced by scissors and homogenized in RIPA lysis buffer with proteinase inhibitors, and the homogenate was centrifuged at 13,000 g, 4°C for 10 min, and the supernatant was collected. Cell protein was extracted using RIPA lysis buffer for 20 min at 4°C. Then the 5× loading buffer was added, and the sample was boiled for 5 min. Western blot was performed as previously described (11). The primary antibodies include rabbit anti-human PD-L1 Ab (1:1,000, Abcam), anti-DDX60 Ab (1:1,000, Abcam), and anti-GAPDH (1:50,000, Proteintech). The data analysis as well as statistics was performed through ImageJ as described previously (22).



Statistical Analysis

R language 3.6.2 version was employed to perform statistical analysis. A Student’s t-test was conducted to evaluate DDX60 expression differences. ‘Survival’ and ‘survminer’ packages in R were used for survival analysis. Continuous variables of the DDX60 expression were dichotomized by conducting the best cutoff values detected by the “surv_cutpoint” function of the “survminer” R package (23). the statistical significance was calculated by the log-rank test (24). Univariate and multivariate Cox proportional hazards models were performed to search hazard ratios (HRs) by R.




Results


The Overexpression of DDX60 Is Correlated With Malignancy in Gliomas

The expression of DDX60 was upregulated in multiple cancers comparing with normal tissues, including GBM (Figure 1A). TCGA and Rembrandt dataset analysis showed that DDX60 is overexpressed in glioma (P < 0.001, Supplementary Figures 1A, B). As expected, TCGA analysis demonstrated that DDX60 in GBM is higher than in lower-grade glioma (LGG, grades II and III, P < 0.0001 and P = 0.032, respectively, Figure 1B). The CGGA and Rembrandt dataset also confirmed the lower levels of DDX60 in LGG (Supplementary Figures 1C, D). Additionally, DDX60 favored its expression in mesenchymal and classical subtype (Figure 1C and Supplementary Figure 1E), MGMT unmethylated (P < 0.001, Figure 1D), ATRX wild-type (P < 0.001, Figure 1E), TERT promoter mutated (P < 0.001, Figure 1F), and IDH wild-type gliomas (P < 0.001, Figure 1G, Supplementary Figure 1F). All the in silico analyses demonstrated the correlation between DDX60 and the malignancy of gliomas.




Figure 1 | DDX60 expression upregulated in glioma and was correlated with glioma biomarkers. (A) The expression information for DDX60 in tumor and normal tissues in multiple cancers in UALCAN. Blue represents the normal tissue and red represents the tumor tissue. (B) DDX60 expression level increase along with WHO grade in the TCGA database. (C) Comparison between different subtypes of GBM in TCGA. (D–F) DDX60 was upregulated in ATRX wild-type group, MGMT unmethylated group and TERT expressed group based on TCGA dataset. (G) DDX60 was significantly overexpressed in IDH wild-type glioma based on TCGA dataset. (H) Representative IHC staining of DDX60 in normal brain tissue and WHO grade II–IV gliomas. (I) Immune reactive score (IRS) of DDX60 in normal brain tissue and different WHO grade gliomas, Normal (n = 20), Grade II (n = 22), Grade III (n = 16), Grade IV (n = 11). *P < 0.05, ***P < 0.001 and ****P < 0.0001. NS, not significant.



IHC analysis (Figures 1H, I) verified that DDX60 expression in normal tissue (mean IRS = 2.15, n = 20) was lower than in glioma tissue (mean IRS = 5.33, n = 49) (P < 0.0001). DDX60 was predominantly expressed in the cytoplasm of glioma cells and expressed distinctively in different WHO grades. The expression of DDX60 in grade II (mean IRS = 3.09, n = 22) was significantly lower than that in grade III (mean IRS = 6.38, n = 16, P < 0.0001) and in grade IV (mean IRS = 8.27, n = 11, P < 0.0001), while no statistical difference was found between grade III and grade IV (P = 0.077). In summary, DDX60 expression was higher in glioma than in normal tissue and increased with malignant escalation of glioma.



DDX60 Could Predict a Poor Prognosis of Gliomas

We further assessed the prognostic value of DDX60 in both LGG and GBM based on TCGA, CGGA, and Rembrandt datasets. Higher DDX60 expression seemed to portend a poor prognosis for GBM in TCGA (P = 0.001, Figure 2A). Likewise, a strong correlation between higher expression of DDX60 and worse OS for GBM patients was detected in CGGA and Rembrandt datasets, respectively (P = 0.0042 and P = 0.075, Figures 2B, C). Survival data in LGG were consistent with those in GBM in TCGA, CGGA, and Rembrandt, respectively (all P < 0.0001, Figures 2D–F). These outcomes demonstrated DDX60 as a negative prognostic indicator in gliomas.




Figure 2 | DDX60 predicts poor prognosis of glioma patients. (A–C) Higher DDX60 expression portended poor prognosis for GBM in TCGA database, CGGA dataset and Rembrandt dataset. (D–F) LGG patients with increased expression of DDX60 also get poor prognosis in TCGA database, CGGA dataset and Rembrandt dataset.



Univariate (HR = 1.623, P < 0.0001) and multivariate (HR = 1.1937, P = 0.024) Cox regression analyses were then performed, and factors related to the prognosis of gliomas were selected (Table 1). The prognostic nomogram with a risk classification system for 3- and 5-year survival rates of glioma based on TCGA was established (n = 596, Figure 3A). This nomogram integrated all significant independent variables including DDX60, and the C-index for OS prediction was 0.86. The calibration plot for the probability of survival at 3 or 5 years based on the two independent cohorts of CGGA (n = 960) and Gravendeel (n = 216) showed optimal conformity between the prediction by nomogram and actual observation (Figures 3B–E). The  demographics and clinical characteristics of patients with glioma in primary and validation cohort were in Supplementary Table 1.


Table 1 | Univariate and multivariate analysis of overall survival in the TCGA database.






Figure 3 | DDX60-related prediction nomogram. (A) Nomogram for predicting 3- or 5-year survival in glioma patients. The top row represents the point value for each variable. Rows 2–5 display the variables included in the nomogram. Each variable fits to a point value based on glioma characteristics. The Total Points axis equals to the sum of the point values, and the lines downward to the total points is used to establish the liability of 3- or 5-year survival. (B, C) Calibration curves for predicting patient survival in CGGA dataset at 3 and 5 years. (D, E) The Gravendeel Dataset was also used as the validation cohort to show calibration curves for predicting patient survival at 3 and 5 years.





DDX60 Seems to Contribute to Multiple Biological Processes in Gliomas

DDX60 is known as an IFN-inducible gene (6). To verify the function of DDX60 in gliomas, 775 genes were identified in the intersection of the three datasets through Pearson’s correlation (|R| > 0.3, Figure 4A, Supplementary Table 2). Gene ontology (GO) analysis illustrated that DDX60 was involved in multiple biological processes, including immune response, defense response to other organisms, cytokine-mediated signaling pathway (Figure 4B). Meanwhile, GSEA verified the gene signatures were mainly enriched in the inflammatory response and immune response (Figures 4C–E). The Cytoscape of enrichment map displayed that enriched terms are centrally attached to the immune response as well as inflammatory response (Figure 4F).




Figure 4 | DDX60-related biological processes in glioma. (A) 775 related genes of DDX60 were chosen in glioma from the TCGA, CGGA, and Rembrandt databases based on Pearson’s correlation analysis (|R| > 0.3). (B) The term of immune response enriched most through gene ontology (GO) analysis on biological processes (BP). (C–E) GSEA employed to verify the gene signatures, mainly included inflammatory response, adoptive immune response, and innate immune response. (F) The cytoscape of enrichment map results. Nodes represent gene-sets, which were automatically arranged so that highly similar gene-sets are placed close together, and node size represents the number of genes in the gene-set.





DDX60 Is Highly Related to Inflammatory Responses and Immune Functions

To better understand DDX60-related inflammatory responses in glioma, seven metagenes including 105 genes (Supplementary Table 3) associated with multiple types of inflammation and immune functions were chosen (25). Clustering based on TCGA and CGGA showed that all clusters have a positive correlation with DDX60 expression level apart from IgG (Figures 5A, B). Correlograms show that DDX60 expression level had a positive association with hematopoietic cell kinase (HCK), interferon, lymphocyte-specific protein tyrosine kinase (LCK), major histocompatibility complex class-I (MHC-I), major histocompatibility complex class-II (MHC-II), and STAT1, while it had a negative correlation with IgG (Figures 5C, D). Among the gene set associated with the immune function, 103 out of 105 genes in TCGA and 145 out of 149 genes in CGGA were significantly positively associated with DDX60 (Supplementary Figure 2, Supplementary Tables 4 and 5). Collectively, a strong association between DDX60 expression patterns and immune functions has been found in glioma.




Figure 5 | DDX60-related inflammatory responses in glioma. (A, B) Heatmap of the correlation between DDX60 and metagenes based on TCGA and CGGA. (C, D) Correlogram showed the association between DDX60 and seven inflammatory-related metagenes in TCGA and CGGA datasets.



Metagenes (Supplementary Table 6) (19) were delineated in heatmaps to show the correlation between DDX60 expression and 28 infiltrating immune cell populations (Figures 6A, B and Supplementary Figure 3A). The top five DDX60-related immune cells in TCGA were effector memory CD8 T cell (CD8+ TEM), natural killer cell (NK), natural killer T cell (NKT), plasmacytoid dendritic cell (pDC), and activated dendritic cell (aDC) (Figure 6C). Correlation matrixes of the top five most related immune cells in the CGGA and Rembrandt dataset were also displayed (Figure 6D and Supplementary Figure 3B), and all the Pearson’s correlation coefficient (R) and P-values were listed (Supplementary Table 7). In summary, DDX60 expression tends to be positively related to most infiltrating immune cells, while negatively related with CD56 dim nature killer cell in glioma.




Figure 6 | DDX60 is closely correlated with immune cells in the glioma microenvironment. (A, B) Heatmap based on TCGA and CGGA dataset visualizing the relationship between DDX60 and 28 infiltrating immune cell populations. (C, D) Correlation matrixes of the top five most related immune cells with DDX60 in TCGA and CGGA datasets. ***P < 0.001.





DDX60 Is Strongly Correlated With Immune Checkpoint Proteins

The correlation between DDX60 and some important checkpoint proteins like CTLA-4, PD-L1, EGF, CD226, and CD96 was assessed in the TCGA and CGGA datasets. Circos plots showed the strong positive association between DDX60 and these five immune check point-related genes in all grade gliomas (Figures 7A–D). The correlation coefficients (R) between DDX60 and immune checkpoint genes were shown in Table 2. Among these genes, PD-L1 showed the strongest positive correlation with DDX60 in the TCGA dataset (glioma R = 0.54, GBM R = 0.45). Western blot analysis with clinical samples and DDX60 knockdown glioma cells demonstrated that DDX60 protein expression was correlated with PD-L1 (P < 0.0001, R = 0.86) and EGF (P = 0.002, R = 0.56) (Figures 7E–H). The relatively density of PD-L1 and EGF of western blot for glioma tissue were shown in supplementary Figure 4. Results predicted the possible synergistic effects of DDX60 with these checkpoint genes.




Figure 7 | Relationship between DDX60 and checkpoint markers in glioma. (A–D) The associations between DDX60 and immune check point-related genes including CTLA-4, PD-L1, EGF, CD96, and CD226 based on TCGA and CGGA datasets were presented. (E) The level of DDX60, PD-L1 and EGF protein expression in normal brain tissue, WHO grade II–IV glioma tissue and DDX60 knockdown glioma cells were shown by western blot. (F) The relative density of DDX60 of western blot. (G) A strong association between DDX60 and PD-L1 (R = 0.86, P < 0.0001) according to the gray-scale analysis of the western blot. (H) The expression correlation between EGF and DDX60 (R = 0.56, P = 0.002).




Table 2 | The R values between DDX60 and immune checkpoint genes.






Discussion

Although novel therapies such as immunotherapy have been used, less progress has been made in overall survival (OS) in GBM patients (26). Within-tumor heterogeneity is a major driver of progression, recurrence, and therapeutic resistance of GBM (27). Therefore, more biomarkers are needed to be identified to accurately access the prognosis of GBM patients and individualize treatment strategies.

DDX60 is a DEAD-box RNA helicase and has been proved upregulated in melanoma (28) and oral squamous cell carcinoma (OSCC) (10) while deregulating in colorectal cancer (11). Herein, we demonstrated that higher expression of DDX60 was correlated with high-grade glioma. Moreover, we observed that DDX60 was significantly overexpressed in glioma with IDH wild-type, ATRX wild-type, MGMT unmethylated as well as TERT promoter mutated. These findings suggest that gliomas with high DDX60 expression have increased malignancy and insensitive to chemotherapy (29).

A previous study has shown that high expression of DDX60 was significantly associated with poor survival in lip squamous cell carcinoma (10). As expected, this study demonstrated that high DDX60 expression was associated with poor prognosis both in LGG and GBM. As the nomogram could show better performance than conventional staging systems and more precise prognostic forecast in some tumors (30, 31), we identified DDX60 as a prognostic marker of glioma and built a nomogram with a risk classification system. The four parameters included in the nomogram complied with clinical relevance and Cox analysis (32). Studies have shown that gender, age, WHO grade, and IDH status are related to the prognosis of glioma (33–35). However, our univariate and multivariate Cox analyses did not find a correlation between sex and prognosis of glioma. Thus, gender was excluded from the visualization of the nomogram. The calibration plots of the two external validation cohorts were highly fitted, illustrating that the nomogram performed well in predicting 3- or 5-year survival for glioma patients.

GO and GSEA of DDX60 in this research showed that immune and inflammatory responses were the most enriched terms. It has been indicated that inflammation regulates various stages of the tumor process, such as promotion and invasion (36). Different proinflammatory mediators induced by inflammation promote tumor progression by regulating chemokines, cascades of cytokines, adhesion, and pro-angiogenic activities (37). DDX60 is an IFN-inducible gene, and its ectopic expression can promote RIG-I RNA-binding activity, causing RIG-I-mediated type I IFN expression (6). Type I IFNs (IFN-alpha and IFN-beta) are a family of cytokines with a diverse cellular processes such as regulation of inflammatory and immune responses (38). Through mediating type I IFNs, DDX60 can also activate STAT1and upregulate MHC-I (39); these results are compatible with our findings. Furthermore, we also found that DDX60 was positively associated with LCK and HCK while negatively associated with IgG response; these results refined the mechanism of DDX60 in the inflammatory response of glioma.

Multiple non-neoplastic cells exist in the GBM microenvironment, such as infiltrating immune cells (40). The immune surveillance of these immune cells would be converted to detrimental function when the immune system is overwhelmed by cancer burden during tumor development (40). The high correlation between infiltrating immune cells and DDX60 expression has been demonstrated in this study, such as type 17 T helper cell (Th17) and macrophages. Previous research had verified that Th17 cells in the GBM microenvironment may participate in immune suppression via TGF-β1-induced IL-10 secretion (41). Tumor-associated macrophages (TAMs) in GBM have been proven to be the dominant infiltrating immune cell population and engaged in interactions with tumor cells to aid tumor infiltration and proliferation (42). These results suggest that DDX60 might involve in immunosuppression by mediating immune cells in glioma.

CNS used to be considered as “immunologically privileged” in the past decades. However, as more and more researchers have verified that the leukocyte lymphatics not only be present in CNS but also have the ability to transport antigens to cervical lymph nodes (43–46), researchers agree that CNS is more likely “immunologically unique” rather than “immunologically privileged”. These provide a basis for glioma immunotherapy. Undoubtedly, immunotherapy holds a bright future for the treatment of glioma. However, it seems difficult to achieve stable and better outcomes for immunotherapy in clinical. This can be mostly attributed to the tumor heterogeneity of glioma (47, 48). New biomarkers which can predict and monitor immunotherapy response have become urgently needed. In this study, DDX60 was not only a prognosis prediction for glioma patients but also an indicator of the immune microenvironment of glioma and might become a novel biomarker and potential therapeutic target.

Checkpoint inhibitors, advancing rapidly in recent years, have been the immunotherapy most advanced in clinical use. Among them, death protein 1 (PD-1) and PD-L1 are the most broadly studied (49). PD-L1 is widely expressed on the GBM infiltrating T cells and is a negative prognosticator for GBM outcome (50). PD-1 combining with PD-L1, negatively modulates T cell receptor-induced signaling transduction, blocks the activation of cytotoxic T cell, and inhibits the producing of inflammatory factors, causing T cell inability (49). Many clinical trials in GBM are evaluating anti-PD-L1 agents such as Durvalumab, Atezolizumab, Avelumab, alone or combined with other therapies (51). However, not all the research studies on anti-PD-L1 agents come out with a meaningful benefit (51). Thus, new biomarkers that can accurately predict the efficacy of PD-L1 inhibitor therapy are urgently needed. In this study, we demonstrated that the correlation coefficients (R) between PD-L1 and DDX60 were 0.54 in the TCGA glioma dataset and 0.61 in the CGGA glioma dataset. We further performed western blot both in patient tissues and glioma cell lines to verify the strong correlation between PD-L1 and DDX60 (P < 0.0001, R = 0.86). The mechanism of the positive correlation between DDX60 and PD-L1 might lie in the IFN/PD-L1 axis. As an IFN-inducible gene, the ectopic expression of DDX60 can improve RIG-I RNA-binding activity, causing RIG-I-mediated IFN expression (6). A previous study has shown that IFN was a crucial factor of PD-L1 expression in the glioma model (52). Thus, the upregulation of DDX60 might lead to a higher expression level of PD-L1. These results implied that glioma patients with higher DDX60 expression might benefit more from PD-L1 blocker therapy.

Besides, the correlation between DDX60 and some other immune checkpoint genes such as cytotoxic T-lymphocyte-associated antigen-4 (CTLA-4), epidermal growth factor (EGF), CD226, and CD96 was shown (Figure 7, Table 2). As the correlation coefficients (R) between EGF and DDX60 were >0.5 in both CGGA glioma and CGGA GBM database, western blot was then employed to demonstrate the strong association between EGF and DDX60 (P = 0.002, R = 0.56). Thus, these results illustrate the predictive significance and potential synergistic responses of DDX60 to immune checkpoint treatments.

There have been reports that DDX60 was overexpressed in other types of cancers (10, 11), but most of them did not further explore the intrinsic mechanisms. Thus, the novelties of this paper lie not merely in the findings of prognostically significant of DDX60 in glioma, but also in the mechanism of DDX60 on glioma. Our research verified the strong association between DDX60 and glioma immune microenvironment, clarified the mechanism of DDX60, and proposed that DDX60 might become a novel biomarker for immunotherapy.

In conclusion, these results would widen our knowledge of the expression and prognostic value of DDX60 in gliomas. Furthermore, as a potential therapeutic target, DDX60 is positively correlated with PD-L1 and other checkpoints. Thus, these findings will help to optimize the immunotherapy in glioma.
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Purpose

Liquid biopsy is attracting attention as a method of real-time monitoring of patients with tumors. It can be used to understand the temporal and spatial heterogeneity of tumors and has good clinical application prospects. We explored a new type of circulating tumor cell (CTC) enrichment technology combined with next-generation sequencing (NGS) to analyze the correlation between genomic alterations in circulating tumor cells of hepatocellular carcinoma and the counts of mesenchymal CTCs and CTC-associated white blood cell (CTC-WBC) clusters.



Methods

We collected peripheral blood samples from 29 patients with hepatocellular carcinoma from January 2016 to December 2019. We then used the CanPatrol™ system to capture and analyze mesenchymal CTCs and CTC-WBC clusters for all the patients. A customized Illumina panel was used for DNA sequencing and the Mann–Whitney U test was used to test the correlation between mesenchymal CTCs, CTC-WBC cluster counts, and specific genomic changes.



Results

At least one somatic hotspot mutation was detected in each of the 29 sequenced patients. A total of 42 somatic hot spot mutations were detected in tumor tissue DNA, and 39 mutations were detected in CTC-DNA, all of which included common changes in PTEN, MET, EGFR, RET, and FGFR3. The number of mesenchymal CTCs was positively correlated with the somatic genomic alterations in the PTEN and MET genes (PTEN, P = 0.021; MET, P  = 0.008, Mann–Whitney U test) and negatively correlated with the somatic genomic alterations in the EGFR gene (P = 0.006, Mann–Whitney U test). The number of CTC-WBC clusters was positively correlated with the somatic genomic alterations in RET genes (P  = 0.01, Mann–Whitney U test) and negatively correlated with the somatic genomic alterations in FGFR3 (P = 0.039, Mann–Whitney U test).



Conclusions

We report a novel method of a CTC enrichment platform combined with NGS technology to analyze genetic variation, which further demonstrates the potential clinical application of this method for spatiotemporal heterogeneity monitoring of hepatocellular carcinoma. We found that the number of peripheral blood mesenchymal CTCs and CTC-WBC clusters in patients with hepatocellular carcinoma was related to a specific genome profile.





Keywords:  CTC-associated WBC (CTC-WBC) cluster, hepatocellular carcinoma, mesenchymal CTC, liquid biopsy, next-generation sequencing (NGS)



Introduction

Most tumor-related deaths are caused by metastasis, which is a process by which tumor cells escape from the original tumor site and enter the blood circulation to spread to other organs. Tumor cells found in circulation are called circulating tumor cells (CTCs). CTCs can be divided into different subtypes, including epithelial CTCs, mesenchymal CTCs, and mixed CTCs (epithelial/mesenchymal) (1, 2). However, many CTC detection technologies, including Cell-Search system, the only clinical application approved by the U.S. Food and Drug Administration (FDA), are based only on the detection and separation of CTCs based on epithelial markers, and they may ignore other subtypes of CTCs. We used the second-generation CanPatrol™ CTC detection technology to isolate, identify, and classify CTCs. This technology can classify CTCs in peripheral blood into three categories based on the CTC phenotypes and can also detect white blood cells (WBCs). This expands the scope of CTC-related research. Using this platform, we have compared the clinical value of various CTC subtypes in the early prediction of the recurrence of hepatocellular carcinoma and found that the mesenchymal CTC count is a promising marker for predicting the prognosis of hepatocellular carcinoma (3, 4). Later, we found that CTCs in the peripheral blood of patients with hepatocellular carcinoma were occasionally associated with non-malignant cells such as white blood cells (WBCs) and reported that the formation of such CTC-associated WBC (CTC-WBC) clusters indicated a poor prognosis (5). Many studies have shown that epithelial–mesenchymal transition (EMT) plays a key role in tumor recurrence and metastasis, and immune cells may directly or indirectly participate in multiple steps of tumor progression and promote the metastasis of CTCs (6–9). These conclusions stimulated our interest in this research. At present, the specific genetic mechanism of EMT and immune cell-associated CTC cluster formation is still unclear.

The development of CTC enrichment technology and next-generation sequencing (NGS) technology provides a window for exploring this mechanism. Tumor cells transform themselves and interact with the microenvironment to produce heterogeneity so that tumors have a variety of viability (10, 11). Changes in the gene profile of tumor cells determine the heterogeneity of tumors, and it is important to understand the temporal and spatial changes of the genome of these patients longitudinally (12).

Here, we explored the interaction between mesenchymal CTCs, CTC-WBC clusters, and CTC-DNA genomic alterations in patients with hepatocellular carcinoma. We used the CanPatrol™ platform CTC enrichment and analysis technology in combination with NGS. These studies explored the potential uses of the platform. We demonstrated the association between mesenchymal CTCs and CTC-WBC clusters and specific mutation profiles.



Materials and Methods


Patients and Peripheral Blood Samples

From January 2016 to December 2019, a total of 29 tissue specimens and peripheral blood specimens from patients with hepatocellular carcinoma who were treated at the Zhujiang Hospital, Southern Medical University were collected. All participants signed informed consent forms. Peripheral blood was collected in a 10 ml EDTA vacuum container, and tumor tissue samples were collected in a specimen bag. All samples were processed within 24 h. This research protocol was approved by the Zhujiang Hospital, Southern Medical University (2021-KY-022-01) and was carried out in accordance with the Declaration of Helsinki.



Circulating Tumor Cell Enrichment and Detection

We collected 7.5 ml of peripheral venous blood from the patient, and the CanPatrol™ CTC analysis system (SurExam, China) was used to capture and enrich CTC. RNA-ISH was used to label various CTC subtypes (13, 14). Epithelial cells are positive for EpCAM and CK8/18/19 (red fluorescence); mesenchymal cells are positive for vimentin/twist (green fluorescence), and mixed cells show red fluorescence and green fluorescence. Nuclei were labeled with 40,6-diamidino-2-phenylindole (DAPI) (blue fluorescence). White blood cells were labeled with CD45 (white fluorescence) (Figure 1). Fluorescence microscopy was used to analyze the labeled cells




Figure 1 | Representative images of various subtypes of CTCs and CTC-WBC clusters. Epithelial cells are positive for EpCAM and CK8/18/19 (red fluorescence), mesenchymal cells are positive for vimentin/twist (green fluorescence), and mixed cells show red fluorescence and green fluorescence. Nuclei were labeled with 40,6-diamidino- 2-phenylindole (DAPI) (blue fluorescence). White blood cells were labeled with CD45 (white fluorescence).





DNA Extraction and Quantification

DNA from CTCs was prepared immediately after isolation, and whole-genome amplification (WGA) was carried out using the GenomePlex Single Cell Whole Genome Amplification Kit (SIGMA). The concentration of purified DNA from CTCs was detected using the QubitTM dsDNA HA assay Kit (Thermo Fisher Scientific). The DNA extraction steps are as follows:

	1) Preparation of cell lysis solution

	WGA lysate and Proteinase K (20 mg/ml) are configured in a ratio of 4:1 (each sample needs 28 μl, the minimum configuration is 50 μl) and mix well.

	2) Collecting cells

	Stick a layer of double-sided tape on a PCR plate and set it aside. Mark the barcode on the prepared 1.5 ml centrifuge tube and paste it upside down on the double-sided tape. Add 14 μl cell lysate to the cap of the 1.5 ml centrifuge tube; the lysate flattens the bottom of the cover. Place the membrane corresponding to the sample on the slide and cut the membrane with a disposable blade. Put the cut membrane on the lid of the 1.5 ml centrifuge tube and add 14 μl cell lysate on the membrane; make sure the membrane is in the cell lysate. After the collection, close the tube cap. Repeat the above steps to complete multi-tube cell collection.

	3) Cell disintegration

	Invert the 1.5 ml centrifuge tube from which the cells have been collected, place it in the incubator, and incubate overnight with gentle shaking at 56°C. Take out the 1.5 ml centrifuge tube, centrifuge at 10,000×g, and centrifuge for 5 min.

	4) Whole genome amplification

	Take a new PCR tube, add 2 μl digestion enzyme II to 32 μl genome lysate; mix well for use. Transfer the supernatant in the 1.5 ml tube to a new PCR tube (mark number first); add to the cell lysate 1 μl of the solution prepared in the previous step; mix well. Place it in a PCR machine (cycle 1: 50°C, 30 min; cycle 2: 99°C, 4 min). After 4 min at 99°C, insert into the cooler immediately to cool for 2 min. Table S3 provides a list of primers to amplify these genes.





Targeted NGS

Library preparation was performed using the Ion AmpliSeq™ Library Kit (Thermo Fisher Scientific). The 207 amplicons were from 50 oncogenes and tumor suppressor genes (Additional file 1: Table S1). Sequencing was performed on an Ion Proton System using Ion PI™ Hi-Q™ Chef Kit (Thermo Fisher Scientific).



Quality Assessment and Mutation Calling

A total of 29 tumor tissue samples and 29 peripheral venous blood samples were collected. However, for one of the blood samples, not enough DNA fragments were detected based on a targeted sequencing coverage greater than 10,000×, and it failed to pass quality control. Finally, DNA was extracted from 29 tumor tissue specimens and 28 CTC specimens for next-generation sequencing analysis. DNA sequenced raw reads QC was then performed using fastp (version 0.20.0) (15). The sequencing coverage was 500× for tissue samples and 1,000× for CTC samples. The clean reads were then aligned to the human hg38 genome using BWA (16), and the resulting BAM files were generated. To identify the variants in the samples, we used Mutect2 (17) for single nucleotide variants (SNVs) and indel calling. Samtools (18) and GATK FilterMutectCalls were then used to extract high-confidence somatic variants from the raw results and to remove clusters of false positives; germline variants were fused in GATK with the gnomAD database. Finally, mutation calls were annotated using ANNOVAR (19).



Statistical Analysis

Patient characteristics were reported using descriptive analyses. Associations between mesenchymal CTC count or CTC-WBC cluster count and specific genomic alterations were tested using the Mann–Whitney U test. All analyses were performed using IBM SPSS Statistics 25.0. All statistical analyses were two-tailed, and a p-value <0.05 was considered statistically significant.




Result


Patient Characteristics

The patient characteristics of the 29 HCC patients are shown in Table 1. There were three women and 26 men, with a median age of 54 (range: 25–66) years. Regarding BCLC staging, there were two (6.9%) cases of stage 0, six (20.7%) cases of stage A, 17 (58.6%) cases of stage B, and four (13.8%) cases of stage C. The cutoff values for mesenchymal CTCs and CTC-WBC clusters were determined in our previous studies (3, 5). Mesenchymal CTC and CTC-WBC cluster counts showed 21 (75%) mesenchymal CTCs ≥1 and nine (32.1%) CTC-WBC clusters ≥2.


Table 1 | Patient characteristics.





CTC-DNA Genomic Alterations

Among the 29 patients examined, tumor tissue DNA was obtained from all the 29 patients, and CTC-DNA was obtained from 28 patients to confirm the occurrence of somatic mutations. The analysis results of tumor tissue DNA and CTC-DNA mutations are shown in Figure 2, and the mutation details are shown in Table S2. Targeted sequencing of 207 amplicons and 50 genes was performed. The results of genomic mutation profiling of CTC-DNA and tissue-DNA (Figure 2A) suggested that the genetic mutational concordance between profiles of CTC-DNA and tumor tissue DNA was not high. Missense mutations were detected in 34 genes in tumor tissue samples, and missense mutations were detected in 29 genes in CTC samples. Both tumor tissue samples and CTC samples detected 37 identical mutant genes, including PTEN, MET, EGFR, RET, FGFR3, etc. ERCC2 was only detected in CTC samples, while ERCC1, KRAS, PDGFRA, TPMT, IDH2 were only detected in tumor tissue samples (Figure 2B). Due to the temporal and spatial heterogeneity of tumors, tumor tissue DNA and CTC-DNA have different characteristics. Therefore, combined analysis improves the sensitivity of detection without reducing specificity.




Figure 2 | The landscape of genome alteration using tissue and circulating tumor cells (CTCs) for targeted next-generation sequencing. (A) The heat map on the left shows the genomic change landscape of the tissue sample, and the right is the genomic change landscape of the CTC sample. The four colors indicate different mutation types, indels (blue), missense mutations (red), synonymous mutations (green), and meaningless mutations (black). (B) Venn diagram of genomic alterations using tissue and CTCs for targeted next-generation sequencing.





Correlation Between Mesenchymal CTC Count and CTC-DNA Alterations

A lower number of mesenchymal CTCs were detected in the peripheral blood of patients with somatic genomic alterations in the EGFR gene (P < 0.05, Mann–Whitney U test). In contrast, a higher number of mesenchymal CTCs were detected in the peripheral blood of patients with somatic genomic alterations in the PTEN and MET genes (P < 0.05, Mann–Whitney U test) (Figure 3).




Figure 3 | Genomic alterations associated with mesenchymal CTCs. The number of mesenchymal CTCs was positively correlated with the somatic genomic alterations in PTEN and MET genes (PTEN, P = 0.021; MET, P  = 0.008, Mann–Whitney U test), and negatively correlated with the somatic genomic alterations in EGFR (P = 0.006, Mann–Whitney U test).





Correlation Between CTC-WBC Cluster Count and CTC-DNA Alterations

The CTC-WBC clusters in the peripheral blood of patients were significantly positively correlated with the somatic genomic alterations in the RET gene and were significantly negatively correlated with the somatic genomic alterations in the FGFR3 gene (all P < 0.05, Mann–Whitney U test) (Figure 4).




Figure 4 | Genomic alterations associated with mesenchymal CTC-WBC clusters. The number of CTC-WBC clusters was positively correlated with the somatic genomic alterations in RET genes (P = 0.01, Mann–Whitney U test) and negatively correlated with the somatic genomic alterations in FGFR3 (P = 0.039, Mann–Whitney U test).





Case Vignette

We monitored the genomic alterations in circulating tumor cells and mesenchymal CTC and CTC-WBC cluster counts in four patients during treatment. All the four patients underwent radical surgery, recurrence occurred after surgery, and their disease progressed after treatment. They received individualized radiofrequency ablation (RFA), transcatheter arterial chemoembolization (TACE), chemotherapy, targeted therapy, or immunotherapy depending on their condition. We monitored the genomic alterations in circulating tumor cells and mesenchymal CTC and CTC-WBC cluster counts before and after surgery, before and after chemotherapy, before and after targeted therapy, and before and after immunotherapy (Figure S1A). Representative baseline and disease progression CT images are shown in Figure S1B. By monitoring the genomic alterations in circulating tumor cells, we found that the tumor showed obvious heterogeneity in the treatment process. Such minimally invasive methods could enhance the understanding of the mechanisms underlying cancer diversity and drug resistance. The number of DNA mutation genes in four patients decreased after surgical treatment, and this trend continues after the disease progresses. However, the mesenchymal CTC and CTC-WBC cluster counts showed a significant increase after the progression. There was no correlation between the number of gene mutations and the mesenchymal CTC or CTC-WBC cluster counts. Genomic alterations in circulating tumor cells can be used to monitor the heterogeneity that occurs before and after tumor treatment, and the mesenchymal CTC and CTC-WBC cluster counts can be used to monitor disease progression. This liquid biopsy technique has potential clinical applications.




Discussion

The superiority of liquid biopsy technology in understanding the temporal and spatial heterogeneity of tumors is gradually being accepted. In this study, we used the CTC analysis technology of the CanPatrol™ platform to effectively capture mesenchymal CTC and CTC-WBC clusters from the peripheral blood of hepatocellular carcinoma patients and used NGS technology to perform targeted sequencing of CTC-DNA. We evaluated the relationship between genomic alterations in circulating tumor cells and mesenchymal CTC and CTC-WBC clusters. In addition, we designed a strategy that combines CTC counts and analysis of genomic alterations in circulating tumor cells to monitor changes in patients throughout the course of treatment, hoping to guide clinical practice.

In this study, when comparing the mutations detected in the tumor tissues of patients with hepatocellular carcinoma, we found that in some blood samples, mutations not found in the tumor tissue DNA can be detected in CTC-DNA. The gene mutational spectra of the two specimens are not completely consistent. The different characteristics of tumor tissue DNA and CTC-DNA may be due to the temporal and spatial heterogeneity of tumors. Although many studies have confirmed the feasibility of capturing CTC based on the Canpatrol™ platform (13, 14), we still cannot rule out that technical reasons cause this difference to be affected by the analyzed tumor percentage. The method of capturing CTCs to extract DNA and sequencing can compensate for the deficiency of tumor tissue DNA. Compared to tissue DNA taken from the local tumor, CTC-DNA comes from different parts of the primary tumor or different metastases. CTC-DNA is the molecular representative of the tumor as a whole (20). CTC-DNA can better reflect the temporal and spatial heterogeneity of tumors. In addition, liquid biopsy is more convenient for obtaining clinical specimens and has better clinical application potential.

We observed that the number of mesenchymal CTCs in peripheral blood is positively correlated with mutations in the PTEN and MET genes, and negatively correlated with mutations in the FGFR3 gene. PTEN is a tumor suppressor gene for a variety of tumors. Studies on prostate cancer have found that the loss of the prostate epithelial PTEN gene leads to the transformation of pluripotent progenitor cells and epithelial-to-mesenchymal transition, which is related to the invasion ability of prostate cancer (21). Another study on glioblastoma found that stable inactivation of EGFR induced a mesenchymal to epithelioid transition in EGFR-amplified xenografts, thereby affecting the aggressiveness of tumor cells (22). Our findings further support these conclusions. This provides a direction for further analysis of the mechanism of mesenchymal cell formation at the genetic level. However, the role of PTEN and FGFR3 gene mutations in the EMT process in hepatocellular carcinoma still needs further analysis.

In addition, mutation of the RET gene is associated with a large number of CTC-WBC clusters, while mutation of the FGFR3 gene is associated with a small number of CTC-WBC clusters. The RET gene is a member of the cadherin superfamily and plays a role in cell adhesion, chemical signaling, and cell movement, all of which may contribute to the metastasis process. A study on bladder cancer found that the FGFR3 gene is related to cell adhesion. Mutation of the FGFR3 gene is beneficial in the development and progression of bladder cancer since it changes a key gene that regulates the cell–cell and cell–matrix adhesion properties of urothelial cells (23). The mechanism of CTC-WBC cluster formation is very complicated, and there are various reasons. Among them, the influence of cell adhesion is one of the important reasons (24, 25). A study on the formation mechanism of peripheral blood CTC-WBC clusters in breast cancer patients suggested that plasma plakoglobin is directly related to E-cadherin, which interacts and plays a vital role between desmosomal cadherin and the intermediate filament cytoskeletons (26). Our previous study found that the formation of CTC-WBC clusters in the peripheral blood of patients with hepatocellular carcinoma is a biomarker of poor prognosis (5). However, are certain gene mutations in the peripheral circulation the original driving force for the combination of soil (immune cells) and seeds (tumor cells)? The specific mechanism of this “oil and seed” formation still needs to be explored.

This study had some limitations. First, our study consisted of a small number of samples. Second, the selection based on 50 genes to be tested is controversial. In summary, we optimized the efficiency of capturing CTC platforms and revealed the importance of CTC and CTC-DNA as diagnostic tools or monitoring methods. Reflecting the temporal and spatial heterogeneity of tumors, disease monitoring has obvious clinical potential. Further analysis allows us to understand the different biological characteristics of the mesenchymal CTC and CTC-WBC clusters based on specific genomic changes. It lays the foundation for the next steps in CTC-related research.
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Background

Gastric cancer is a common gastrointestinal malignancy. Since it is often diagnosed in the advanced stage, its mortality rate is high. Traditional therapies (such as continuous chemotherapy) are not satisfactory for advanced gastric cancer, but immunotherapy has shown great therapeutic potential. Gastric cancer has high molecular and phenotypic heterogeneity. New strategies for accurate prognostic evaluation and patient selection for immunotherapy are urgently needed.



Methods

Weighted gene coexpression network analysis (WGCNA) was used to identify hub genes related to gastric cancer progression. Based on the hub genes, the samples were divided into two subtypes by consensus clustering analysis. After obtaining the differentially expressed genes between the subtypes, a gastric cancer risk model was constructed through univariate Cox regression, least absolute shrinkage and selection operator (LASSO) regression and multivariate Cox regression analysis. The differences in prognosis, clinical features, tumor microenvironment (TME) components and immune characteristics were compared between subtypes and risk groups, and the connectivity map (CMap) database was applied to identify potential treatments for high-risk patients.



Results

WGCNA and screening revealed nine hub genes closely related to gastric cancer progression. Unsupervised clustering according to hub gene expression grouped gastric cancer patients into two subtypes related to disease progression, and these patients showed significant differences in prognoses, TME immune and stromal scores, and suppressive immune checkpoint expression. Based on the different expression patterns between the subtypes, we constructed a gastric cancer risk model and divided patients into a high-risk group and a low-risk group based on the risk score. High-risk patients had a poorer prognosis, higher TME immune/stromal scores, higher inhibitory immune checkpoint expression, and more immune characteristics suitable for immunotherapy. Multivariate Cox regression analysis including the age, stage and risk score indicated that the risk score can be used as an independent prognostic factor for gastric cancer. On the basis of the risk score, we constructed a nomogram that relatively accurately predicts gastric cancer patient prognoses and screened potential drugs for high-risk patients.



Conclusions

Our results suggest that the 7-gene signature related to tumor progression could predict the clinical prognosis and tumor immune characteristics of gastric cancer.





Keywords: gastric cancer, tumor microenvironment, immunotherapy, WGCNA, prognosis



Introduction

Gastric cancer is the fifth most frequently diagnosed cancer and the third leading cause of cancer-related death worldwide (1). Many patients are diagnosed with advanced gastric cancer, and another 25–50% of patients will develop metastasis during the course of the disease (2). Despite continuous improvements in treatment, the 5-year survival rate of metastatic gastric cancer is only 5–20% (3–5). Immunotherapy has broad application prospects in gastric cancer, and immune checkpoint blockade is now established as a treatment for chemorefractory gastric cancer (6). The use of immunotherapy alone or in combination with other therapies can have a positive impact on the treatment of gastric cancer, but due to the high heterogeneity of gastric cancer, the response rate of patients during immunotherapy is not satisfactory (7, 8). Therefore, it is necessary to identify biomarkers and genetic characteristics to define the subgroup of gastric cancer patients most likely to respond to a specific immunotherapy (9, 10).

The tumor microenvironment (TME) is composed of cellular and noncellular components, including peripheral blood vessels, immune cells, fibroblasts, tumor stem cells, and extracellular matrix (ECM) (11). Studies have fully shown that tumor growth depends not only on the accumulation of abnormal genetic material in the original cancer cells but also on the TME, which provides conditions for the survival, growth and migration of cancer cells (12, 13). Immune cells in the TME, especially tumor infiltrating lymphocytes (TILs), have become prognostic and predictive factors for many solid tumors (14). In addition, immune cells in the TME are also important factors affecting the immunotherapy response (15), and TILs have been used as markers for the immunotherapy response. Immune cells in the TME play an important role in tumorigenesis, and tumor-related immune cells can antagonize or promote tumor progression, with the specific role depending on the composition and proportion of immune cells. Compared with traditional chemotherapy, immunotherapy mainly uses immune cells to specifically identify and attack cancer cells. Therefore, by analyzing the composition and proportion of immune cells in the tissues of gastric cancer patients, it is possible to evaluate whether the patient can benefit from immunotherapy.

At present, the American Joint Committee on Cancer (AJCC) stage is still the most basic prognostic prediction tool for gastric cancer, and a high stage indicates a poor prognosis. However, due to the high heterogeneity of gastric cancer, patients with the same tumor-node-metastasis (TNM) stage may have different prognoses (16). Similarly, differences in responses to immunotherapy among patients may also be related to their genetic and molecular backgrounds. Therefore, it is necessary to fully understand the specific characteristics of each patient, incorporate other important factors, and then conduct individualized treatment and prognosis prediction. Through the bioinformatics analysis of large-scale genomic or transcriptomic data, molecular markers related to the occurrence, development and prognosis of gastric cancer can be screened to provide reliable treatment targets for precision medicine, which has advantages in personalized treatment and prognosis prediction and broad prospects (17–22).

In this study, we found a module related to tumor progression in the gastric cancer dataset by the weighted gene coexpression network analysis (WGCNA) method and identified nine hub genes. According to the hub genes, unsupervised clustering grouped the gastric cancer samples into two subtypes with different clinical and immune characteristics. We also explored the differences in gene expression patterns between the two subtypes. Finally, a 7-gene signature based on the differentially expressed genes was constructed. A nomogram based on the age, stage and risk score was established to provide theoretical guidance for clinical prognosis prediction. By analyzing the relationship between the risk score, TME and immune characteristics, it was found that high-risk patients were more suitable for immunotherapy, which provides theoretical support for the application of clinical immunotherapy. The flow chart of this research is shown in Figure 1.




Figure 1 | Detailed flow chart of this research.





Materials and Methods


Patients and Data Processing

Clinical samples for inclusion in this study were required to meet the following criteria: histologically confirmed as gastric adenocarcinoma, surgical resection of primary gastric cancer, age ≥18 years, with complete pathological, surgical, treatment, and follow-up data. Clinical samples collected in this study required a clinical diagnosis of gastric adenocarcinoma and no radiotherapy and chemotherapy prior to surgery. Detailed patient information in publicly available databases was available with reference to relevant research literature. According to our patient selection criteria, sixteen pairs of gastric cancer and adjacent normal tissues were collected from Shandong Cancer Hospital and frozen in liquid nitrogen until further analysis. Gastric cancer transcriptome data and clinical data GSE26901 (n = 109) (23), GSE15460 (n = 248) (3), GSE62254 (n = 300) (5), GSE15459 (n = 192), and GSE84437 (n = 433) were downloaded from the Gene Expression Omnibus (GEO) database (http://www.ncbi.nlm.nih.gov/geo/). The transcriptome data included the original data files (CEL files) and platform files. Gastric adenocarcinoma mutation data, survival data, and fragments per kilobase of transcript per million mapped reads (FPKM) transcriptome data were downloaded from The Cancer Genome Atlas (TCGA) (https://cancergenome.nih.gov/) and the cBioPortal database (http://www.cbioportal.org/), and there were 323 samples with transcriptome and survival data and 286 samples with transcriptome, survival and mutation data. The transcriptional-level differential expression analysis results of nine hub genes and seven genes used for modeling between normal tissues and tumor tissues were from GEPIA (http://gepia.cancer-pku.cn/index.html) (24). The survival curves of nine hub genes and seven genes used for modeling were from the Kaplan–Meier plotter (http://kmplot.com/analysis/index.php?p=background) (25).

The “affy” and the “impute” R packages in R/Bioconductor software were used for GEO data processing, and the “limma” package was used for differential gene expression analysis. We referred to Yang et al. (26) for the specific processing procedures. The ESTIMATE (Estimation of STromal and Immune cells in MAlignant Tumor tissues using Expression data) algorithm was applied to evaluate stromal and immune microenvironment infiltration (27), and the proportions of infiltrating stromal and immune cells in gastric cancer samples were quantified by stromal and immune scores using gene expression signatures. In this study, the immune score, stromal score, ESTIMATE score, and tumor purity were all obtained through the “estimate” R package in R software. The CIBERSORT algorithm was used to normalize the expression data to infer the absolute proportions of 22 kinds of infiltrating immune cells. CIBERSORT is a deconvolution algorithm that uses a set of reference gene expression values (547 genes) to predict the proportions of 22 immune cell types from a large number of tumor sample expression data by support vector regression (28). The infiltration levels of 22 immune cells were obtained through the CIBERSORT website (https://cibersort.stanford.edu/). The “maftools” R package was used to analyze the quantity and quality of gene mutations in the high-risk and low-risk groups, and the “GenVisR” package was used to draw a mutation waterfall chart. The Connectivity Map (CMap) database was used to find drugs that were negatively correlated with the input differential gene profile after acting on the cells (29) (https://portals.broadinstitute.org/cmap/).



Construction of a Weighted Gene Coexpression Network

The GSE26901 dataset includes 109 gastric cancer patients and provides the patient sex, age, and tumor stage, which is suitable for the construction of a weighted gene coexpression network. The data matrix of gene expression in GSE26901 was constructed by using the “WGCNA” R package, and the top 25% of genes in tumor samples with the largest variance were selected as the input dataset for the subsequent WGCNA. To select the standard scale-free network, the sample hierarchical clustering method was used to detect and remove abnormal samples before selecting the appropriate soft threshold function. In the next stage, the adjacency matrix and topological overlap matrix (TOM) were constructed, the corresponding dissimilarity (1-TOM) was calculated, and dynamic tree cutting was used to complete the gene tree and module identification. The minimum module size was 30. Then, the module characteristic genes were fused by clustering, and the highly similar modules were merged. The degree of difference was less than 0.25, and the correlation between the module characteristic genes and the clinical phenotype of gastric cancer was calculated.



Clustering and Enrichment Analysis

Consensus clustering is an algorithm that can be used to identify cluster members and their numbers in data sets (such as microarray gene expression). In this study, based on the expression values of the nine hub genes, we used the “ConsensusClusterPlus” software package to cluster samples into two clusters. Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses were performed using the “ClusterProfiler” R package. The “GSVA” R software package was used for gene set variation analysis (GSVA) in different sample clusters (30). Gene set enrichment analysis (GSEA) was performed to investigate the functions correlated with different risk groups by GSEA 4.1.0, and the software was downloaded from the website for GSEA (http://www.gsea-msigdb.org/gsea/downloads). ssGSEA (single sample GSEA) analysis of gastric cancer samples based on 29 immune-related gene sets was performed using the “gsva” package, and scores of immune cell types, functions, and pathways were obtained for each sample. Hierarchical clustering of samples based on scores using the “sparcl” R package allowed the samples to be divided into high and low immune groups (30, 31).



Core Network Identification

The genes in the midnight blue module were input into the Search Tool for the Retrieval of Interacting Genes/Proteins (STRING) website for protein-protein interaction (PPI) analysis, and PPI scores were obtained. Then, the results were imported into Cytoscape and analyzed using the MCODE plug-in. Finally, two core subnetworks (subnets) were obtained.



Construction and Validation of the Risk Model

First, the GSE62254 and GSE15460 datasets were combined to eliminate batch effects using the “sva” R package. A total of 548 samples was obtained. In total, 276 samples were randomly selected as the training set, and the remaining 272 samples were used as the validation set. The “survival” R package was used to perform univariate Cox regression analysis of the differentially expressed genes between clusters 1 and 2, the “glmnet” R package was used for least absolute shrinkage and selection operator (LASSO) analysis, and the “survival” R package was used for multivariate Cox regression analysis to establish a risk model. The risk score was obtained using the “predict” function in R software, and the mathematical model of the risk score is as follows:



where n is the representative number of modeling genes; β and X are the correlation coefficient and expression level of model gene prediction, respectively; and h0(t) is derived from the “predict” function.



Construction and Assessment of the Nomogram

We used the “rms” R package to build the nomogram and the calibration chart. The calibration chart was used to evaluate the performance of the nomogram, and the “pROC” R package was used to draw the receiver operating characteristic (ROC) curve to evaluate the accuracy of the nomogram. Decision curve analysis (DCA) was employed to determine the clinical usefulness of the nomogram by quantifying the net benefits at different threshold probabilities using the “rmda” package in R software.



RNA Extraction, QRT-PCR

Total RNA in clinical samples was extracted using the TRIzol method following the manufacturer’s protocol (Invitrogen, Carlsbad, CA, USA). Complementary DNA (cDNA) was synthesized using the PrimeScript™ RT Reagent Kit with gDNA Eraser (TaKaRa, Japan). The expression of the seven genes was verified by PCR using TB Green™ Premix Ex Taq™ (TaKaRa, Japan). The primers used in QRT-PCR assays are listed in Supplementary Table 1.



Statistical Analysis

We used the “survival” R package to draw the survival curve in R software and perform statistical analysis. Time-dependent receiver operating characteristic (ROC) analysis and the calculation of the area under the curve (AUC) were performed by the “survcomp” and “survival” packages of R software. The comparison of integrated area under the curves (IAUC) used “iauc.comp” package. GraphPad Prism 8.0 was used to draw various bar graphs. The data were reported as the mean ± SEM. In this study, analyses between the two groups were performed using Student’s t-tests or Mann–Whitney tests. One-way analysis of variance was used to analyze the difference between multiple groups. Categorical variables in different groups were analyzed used the chi-square test by SPSS22.0. Spearman’s test was used to analyze the correlation between the two groups. Statistical significance was described as follows: n.s., not significant; *P < 0.05; **P < 0.01; and ***P < 0.001.




Results


WGCNA Identified the Modules Related to Tumor Progression and Further Screened the Hub Genes

To identify genes related to the progression of gastric cancer, a coexpression network was constructed by WGCNA in GSE26901. After removing five outlier samples, 104 samples were used to construct an adjacency matrix (Supplementary Figure 1A). In this study, we selected β = 9 as the soft thresholding power to achieve a scale-free network (Supplementary Figures 1B, C). As a result, 10 gene coexpression modules were identified after using a merged dynamic tree cut (Supplementary Figure 1D). A network heatmap among 1,000 selected random genes was constructed to analyze the interaction relationships of the 10 modules (26), and it was clearly found that the genes within the module were highly correlated. In addition, the modules are also interrelated rather than independent of each other (Supplementary Figure 1E). By calculating the correlations between module eigengenes and clinical features, we found that the midnight blue module had the strongest correlation with the AJCC stage (Figure 2A). The heatmap shows the expression profiles of all genes in the midnight blue module (Supplementary Figure 1F).




Figure 2 | The identification of hub genes related to gastric cancer progression. (A) Heatmap of the correlations between module eigengenes and the clinical traits of gastric cancer. (B) Gene Ontology (GO) analysis of the genes in the midnight blue module (p < 0.05). (C) Kyoto Encyclopedia of Genes and Genomes (KEGG) analysis of the genes in the midnight blue module (P < 0.05). (D, E) Protein-protein interaction (PPI) core network of subnet 1 (MCODE score = 15.1) and subnet 2 (MCODE score = 3.0) in the midnight blue module. (F) Scatter plot genes in the midnight blue module. The vertical line represents the cutoff of module membership = 0.8, and the horizontal line represents the cutoff of gene significance for AJCC stage = 0.2. (G) The Venn diagram shows the intersection of the MCODE core network and the module membership (>0.8) and the significance of correlations with AJCC stage (>0.2) genes in the module.



To gain further insight into the function of genes in the midnight blue module, GO and KEGG analyses were performed. We detected enrichment in several biological process (BP) GO terms, such as positive regulation of defense response, leukocyte migration and regulation of the inflammatory response (Figure 2B). In terms of cellular components (CC), the secretory granule membrane, external side of the plasma membrane and collagen-containing extracellular matrix were enriched (Figure 2B). Moreover, some molecular function (MF) GO terms, such as G protein-coupled receptor binding, chemokine receptor binding and receptor ligand activity, were enriched (Figure 2B). Regarding KEGG pathway analysis, the Toll-like receptor signaling pathway, chemokine signaling pathway and cytokine–cytokine receptor interaction were mostly associated with these genes (Figure 2C).

To obtain the hub genes, we analyzed the PPI network of the genes in the midnight blue module, imported the results into Cytoscape software, processed them with the MCODE plug-in, and obtained two subnets, subnet1 and subnet2, under the condition of degree cutoff = 2 (Figures 2D, E). We chose subnet 1 as the next research object (Figure 2D) because it had more genes (n = 33), complex networks and a high MCODE score. We considered the importance of genes in the midnight blue module and the relevance of clinical staging, and under the conditions of module membership >0.8 and significance of correlations with AJCC stage >0.2, 16 genes in the midnight blue module were selected (32) (Figure 2F). When the 16 genes of the midnight blue module and the above 33 genes of subnet 1 overlapped, a total of nine hub genes was obtained (Figure 2G).

To understand the role of the nine hub genes in the progression of gastric cancer, we analyzed the differential expression of these genes in cancer tissues and normal tissues in GEPIA. The results showed that C1QA, CIQB, C1QC, CD14, FCER1G, and TYROBP were highly expressed in gastric cancer tissues compared with normal tissues (Supplementary Figure 2), and there were no significant differences in CD163, CSF1R, and MS4A6A. Kaplan–Meier survival analysis in the Kaplan–Meier plotter showed that all hub genes except for CD14 and FCER1G had obvious prognostic value (Supplementary Figure 3).



Two Subtypes With Significant Differences in Terms of Clinical and Immune Characteristics and Biological Function Were Identified Based on the Consensus Clustering of Nine Hub Genes

To further investigate whether the nine progression-related hub genes play a synergistic role in gastric cancer, we used the “ConsensusClusterPlus” software package to cluster patients according to the expression profiles of the nine genes in GSE15460. The patients were divided into two separate clusters (Supplementary Figure 4A). Next, we considered whether two was the best cluster number. The consensus cumulative distribution function (CDF) diagram shows that when the cluster number was 2, the CDF curve had the smallest slope (Supplementary Figure 4B). We used the “NbClust” software package to evaluate the optimal number of clusters and found that the optimal number of clusters was 2 (Supplementary Figure 4C). To further verify the classification, we evaluated the two clusters through principal component analysis (PCA), and the results showed that the two clusters could still be separated (Supplementary Figure 4D). To assess the clinical significance of the classification, we compared the differences in prognosis and clinical characteristics between the two subtypes of gastric cancer patients. We found that compared with cluster 1 patients, cluster 2 patients had significantly worse prognoses (Figure 3A). The distribution of classifications reported before of the two clusters of patients was significantly different. Metabolic and proliferative types were mainly observed in cluster 1, while the invasive subtype was observed more frequently in cluster 2 (Figure 3B) (33). Regarding the stage, there were higher proportions of stages I and II patients in cluster 1 and higher proportions of stages III and IV patients in cluster 2 (Figure 3B). We then analyzed the expression of several classic invasion and migration markers in the two clusters of patients and found that VIM, SNAI1, SNAI2, TWIST1, MMP2, MMP7, and MMP9 were highly expressed in cluster 2 patients (Supplementary Figure 4E). The heatmap results showed that compared with that in cluster 1, the expression of the nine hub genes in cluster 2 was significantly higher (Figure 3B). Since the TME plays an important role in cancer progression, we first used the “estimate” R package in the GSE15460 dataset to obtain the TME scores of the two sample clusters and then compared them. The immune score, stromal score, and estimated score values showed that there were more infiltrating immune cells and stromal cells in cluster 2 than in cluster 1 (Figure 3C). Conversely, cluster 1 had a higher tumor purity than cluster 2 (Supplementary Figure 4F). In view of the difference in the level of immune cell infiltration between the two types of patients, we also compared the levels of 22 kinds of immune cells between the two groups. We found that there were many kinds of immune cells with significantly different infiltration levels in the two groups. For example, cluster 2 exhibited greater infiltration of CD8+ T cells, CD4+ memory-activated cells, M1 macrophages and M2 macrophages, and cluster 1 exhibited greater infiltration of B cells and follicular helper T cells (Figure 3D). In addition, we found that there were differences in the expression of multiple immunosuppressive checkpoint molecules between the two groups, and their expression levels in cluster 2 were significantly higher than those in cluster 1 (Figure 3E). To compare the biological function differences between the two clusters, we conducted GSVA analysis. The results of hallmark and KEGG enrichment analysis showed that a variety of signaling pathways related to the immune response, signal transduction, epithelial-mesenchymal transition (EMT), hypoxia and tumor progression pathways were enriched in cluster 2 samples (Figures 3F, G).




Figure 3 | Assessment of the differences in clinical characteristics and immune components between the two subtypes. (A) Kaplan–Meier survival analysis of the two clusters (cluster 1 n = 132, cluster 2 n = 116; log-rank test). (B) Analysis of the differences in clinical characteristics between the two clusters (cluster 1 n = 132, cluster 2 n = 116; categorical variables, chi-square tests; continuous variable, Student’s t-tests). (C) Identification of the differences in the tumor microenvironment (TME) between the two clusters (cluster 1 n = 132, cluster 2 n = 116; Student’s t-tests). (D) Comparison of the difference in the number of immune cells between the two clusters (cluster 1 n = 132, cluster 2 n = 116; Wilcoxon tests). (E) Comparison of the expression levels of immune checkpoint molecules between the two clusters (cluster 1 n = 132, cluster 2 n = 116; Student’s t-tests). (F) Difference heatmap of GSVA-based HALLMARK enrichment analysis between the two clusters (false discovery rate (FDR) <0.05) (cluster 1 n = 132, cluster 2 n = 116; Student’s t-tests). (G) Difference heatmap of GSVA-based KEGG enrichment analysis between the two clusters (FDR <0.05) (cluster 1 n = 132, cluster 2 n = 116; Student’s t-tests). All data are from the GSE15460 dataset. Significant difference between the two groups: *P < 0.05;  ***P < 0.001.



In short, based on nine hub genes, the samples can be divided into two subtypes by consensus clustering, and the subtypes have obvious differences in clinical and immune characteristics and biological functions.



A Risk Model With Prognostic Value Was Constructed Based on Seven Differentially Expressed Genes Between the Two Clusters

To explore the hidden mechanism that drives the clinical and immune characteristics and biological function differences between the two clusters, we analyzed the differences between the mRNA expression profiles of the two clusters of samples in GSE15460, and in total, 200 differentially expressed genes were obtained (false discovery rate (FDR) <0.05, |log2FoldChange| >1), of which 174 were upregulated and 26 were downregulated in cluster 2 versus cluster 1 (Supplementary Figure 5A and Supplementary Table 2). The heatmap shows the top 20 differentially expressed genes that were upregulated and downregulated in cluster 2 (Supplementary Figure 5B). Subsequently, GO and KEGG enrichment analyses were performed on the differentially expressed genes. In the GO and KEGG enrichment analysis, the response to chemokines, extracellular matrix, CXCR chemokine, chemokine signaling pathway and other signaling pathways related to immune cell response and migration were enriched (Supplementary Figures 5C–F). Based on this finding, we speculated that these differentially expressed genes may play a role in immune cell migration and the immune response.

To further explore the clinical value of the differentially expressed genes, we first performed univariate Cox regression analysis on the above 200 differentially expressed genes in the training set and obtained 88 genes with prognostic value (P <0.01) (Supplementary Table 3). The LASSO regression analysis method was used to remove the strong collinearity genes (Supplementary Figures 6A, B), and finally, 10 genes were obtained in the training set (Supplementary Table 4). After multivariate Cox regression, seven genes were obtained by further optimization analysis: APOD, APOE, CCDC80, CTHRC1, FERMT2, GXYLT2, and SMPX (all seven genes mentioned below refer to these seven genes). Furthermore, we used the “predict” function of R to construct a 7-gene signature to estimate the risk score of each patient based on the mRNA expression level of each gene weighted by the multivariate Cox regression coefficient (Supplementary Table 5). Based on the median risk score, patients in the training set were divided into high- and low-risk groups. Kaplan–Meier survival analysis showed that patients in the high-risk group had worse prognoses than those in the low-risk group (Figure 4A). The heatmap of the survival time, survival status, and risk score showed the distribution of patients into different risk groups (Figure 4B). The expression heatmap showed that the seven modeled genes were highly expressed in the high-risk group (Figure 4C). The time-dependent ROC curve analysis based on the risk score showed that the 1-year, 3-year and 5-year area under the curve (AUC) values were 0.719, 0.758, and 0.738 (Figure 4D), respectively, indicating that the risk score can predict survival with relatively high accuracy. We next verified the risk model in the verification set. Kaplan–Meier survival analysis showed that there were also significant differences in the survival of patients in the high- and low-risk groups in the validation set, and the high-risk group had a worse prognosis (Supplementary Figure 6C). The distribution heatmap of the risk score, survival time, and survival status shows the distribution of patients into different risk groups in the validation set (Supplementary Figure 6D). The expression heatmap of the validation set also showed that the expression trends of the seven genes used for modeling were consistent with those of the training set (Supplementary Figure 6E). The time-dependent ROC curve of the risk validation set is shown (Supplementary Figure 6F). In addition, to further verify the universality of the risk model, we verified it using several gastric cancer datasets. For the GSE15459, GSE15460, GSE62254, GSE84437 and TCGA datasets, the Kaplan–Meier overall survival curve showed poor prognoses in the high-risk group (Figures 4E–G and Supplementary Figures 6G, H), and the time-dependent ROC curve showed the accuracy of the survival curve for predicting survival at different times (Figures 4H–J and Supplementary Figures 6I, J). The disease-free survival (DFS) curve yielded the same results as the overall survival curve (Figure 4K), and the ROC curve showed the accuracy of the model in predicting the DFS rate at different times in the GSE62254 dataset (Figure 4L).




Figure 4 | Construction of a 7-gene signature for gastric cancer based on differentially expressed genes between the two clusters. (A) Kaplan–Meier survival analysis of the different patient risk groups (high-risk n = 138, low-risk n = 138; log-rank test). (B) The survival time, survival status and risk score of patients in different risk groups (high-risk n = 138, low-risk n = 138). (C) Heatmaps of the expression of the seven model genes in different risk groups of patients (high-risk n = 138, low-risk n = 138). (D) Time-dependent receiver operating characteristic (ROC) analysis of the risk score in gastric cancer patients. (E) An overall survival curve was drawn for the GSE15459 datasets based on the same cutoff value used to obtain the training set risk score (high-risk n = 100, low-risk n = 92). (F) An overall survival curve was drawn in GSE15460 datasets based on the same cutoff value used to obtain the training set risk score (high-risk n = 127, low-risk n = 121). (G) An overall survival curve was drawn for the GSE62254 datasets based on the same cutoff value used to obtain the training set risk score (high-risk n = 138, low-risk n = 162). (H–J) Plot of time-dependent survival ROC curves in different datasets. (K) A disease-free survival (DFS) curve was drawn for the GSE62254 dataset according to the same cutoff value used to obtain the training set risk score (high-risk n = 138, low-risk n = 162). (L) Plot of the time-dependent ROC curve for DFS. The data for (A–D) are from the training set. Data for (E, H) are from the GSE15459 dataset; (F, I) are from GSE1540; and (G, J–L) are from the GSE62254 dataset.



To explore the clinical value of the risk score, we combined clinical indicators, including the sex, age, stage, and Lauren classification, to perform univariate Cox regression analysis in the training set and found that the age, stage, and risk score had significant prognostic significance (Figure 5A). We also conducted univariate Cox analysis on different validation sets and found that the risk score had prognostic significance in these datasets (Supplementary Figures 7A–G). The results of multivariate Cox regression analysis showed that the risk score can be used as an independent prognostic factor (Figure 5A).




Figure 5 | Construction of a nomogram based on the age, stage and risk score. (A) Univariate Cox analysis was used to analyze the clinical factors and risk score, and multivariate analysis was used to analyze the significant factors from the univariate Cox analysis. (B) A nomogram for clinical diagnosis was constructed based on clinical characteristics and the risk score. (C–E) The calibration plots for predicting recurrence at 1, 3, and 5 years. The X-axis represents the predicted recurrence probability from the nomogram, and the y-axis represents the actual recurrence probability. (F–H) Time-dependent ROC analysis of gastric cancer patient survival was used to evaluate the predictive accuracy of our nomogram and compare it with other previously developed and validated models. The area under the curve (AUC) was calculated and compared (Mann–Whitney tests). (I–K) Decision curve analysis of the nomogram for 1-, 3- and 5-year risk. The x‐axis represents the threshold probability, and the y‐axis represents the net benefit. The black line represents the assumption that no patients died at 1, 3, or 5 years. The gray line represents the assumption that all patients die at 1, 3, or 5 years. The blue dotted line represents the prediction model of the nomogram. All data are from the training set. (L) The heatmap shows the results of real-time fluorescent quantitative PCR for detecting the mRNA levels of the seven genes in 16 pairs of gastric cancer and adjacent normal tissues (n = 16, paired Student’s t-tests). Significant difference between the two groups: *P < 0.05; **P < 0.01; ***P < 0.001.



To facilitate clinical application, we constructed a nomogram in the training set, according to the results of univariate Cox regression analysis in training and validation sets, which integrates the age, stage, and risk score (Figure 5B). The line segments in the three calibration graphs are all close to the 45° line, indicating that the nomogram shows good a prediction performance at 1, 3, and 5 years (Figures 5C–E). In addition, calculations revealed that the nomogram concordance index was 0.766, and the 95% confidence interval (CI) was 0.730–0.801. ROC analysis was used to evaluate the predictive accuracy of the nomogram, and the area under the curve (AUC) values of the 1-, 3-, and 5-year line graphs were 0.846, 0.849, and 0.845, respectively (Figures 5F–H). The decision curve showed that at 1, 3, and 5 years, the threshold probability was 3–79%, 4–83%, and 5–85%, respectively, and within this range, and the nomogram was used to predict survival more accurately (Figures 5I–K). We also compared our nomogram with three previously developed and validated prognostic models of gastric cancer, namely, GPSGC nomogram (34), GRGs nomogram (35), and mPS_colon (36). The time-dependent ROC curve analysis of our nomogram, GPSGC nomogram, GRGs nomogram, mPS_colon showed that the 1-, 3-, and 5-year areas under the curve (AUC) values were 0.846, 0.813, 0.535, and 0.525; 0.849, 0.831, 0.559, and 0.608; 0.845, 0.834, 0.592, and 0.623 (Figures 5F–H). Compared with GPSGC nomogram (Mann–Whitney tests; P <0.001), GRGs nomogram (Mann–Whitney tests; P <0.001) and mPS_colon (Mann–Whitney tests; P <0.001), our nomogram has a larger area under the curve (Figures 5F–H). In short, these results show that our nomogram has a good predictive performance and clinical application value.

To understand the roles of the seven genes in the progression of gastric cancer, we detected the mRNA expression levels of seven genes in 16 pairs of gastric cancer and adjacent normal tissues. The results showed that APOE, CTHRC1, and GXYLT2 were highly expressed in gastric cancer tissues compared with adjacent normal tissues (Figure 5L and Supplementary Figures 8B, D, F), while APOD was expressed at low levels in gastric cancer tissues (Figure 5L and Supplementary Figure 8A), and there were no significant differences in CCDC80, FERMT2, and SMPX (Supplementary Figures 8C, E, G). We also analyzed the expression differences of these seven genes in cancer tissues and normal tissues in GEPIA, which were consistent with our detection results (Supplementary Figures 8H–N). Kaplan–Meier survival analysis in the Kaplan–Meier plotter showed that all genes had obvious prognostic value and that high expression indicated a poor prognosis (Supplementary Figure 9). The circle graph shows the chromosomal location of the seven genes involved in the model (Supplementary Figure 10A). The bar chart shows the genetic alteration rate of the seven signature genes and their distribution in TCGA patients (Supplementary Figure 10B), and the results show that the genetic alteration rates of APOD, CCDC80, and CTHRC1 were greater than 5% (Supplementary Figure 10B).

Overall, a gene signature was constructed based on seven differentially expressed genes that clustered patients into high- and low-risk groups with different prognoses, and a nomogram was constructed based on the age, stage, and risk score and had a good ability to predict prognoses.



There Were Significant Differences in Clinical Characteristics and Biological Functions Between Different Risk Groups

We analyzed and compared the clinical characteristics of patients in different risk groups in the GSE62254 dataset. The heatmap shows that the distributions of the T stage, M stage, tumor stage, Lauren classification, lymphovascular invasion and subgroup in the high- and low-risk groups were significantly different (Figure 6A). We found that the risk score was significantly altered among samples of different stages (Figure 6B), with a higher stage indicating a higher risk score. Compared with other subtypes, diffuse-type disease was related to a higher risk score (Figure 6C). Patients with lymphatic invasion had a higher risk score than patients without lymphatic invasion (Figure 6D). Mesenchymal phenotype (MP) patients had a higher risk score than epithelial phenotype (EP) patients (Figure 6E). Metastasis (M1) patients had a higher risk score than no metastasis (M1) patients (Figure 6F). We also compared several common molecular phenotypic signatures, and the results showed that proliferation, cadherin-1 (CDH1) expression, and methylation signatures were strong indicators of a low risk, while EMT and cytokine signatures were strong indicators of a high risk (Figure 6G). Based on this finding, we speculate that most patients in the low-risk group have early-stage cancer, in which cell proliferation is a dominant feature, while most patients in the high-risk group have advanced-stage disease, which has invasion and migration characteristics. To verify our hypothesis and explore the differences in biological function between different risk groups in driving the progression of gastric cancer, we conducted GSEA in GSE62254. The results showed that the gene set enriched in low-risk samples was related to DNA replication and repair pathways (Figure 6H), while the gene set enriched in high-risk samples was related to cancer and tumor metastasis-related pathways (Figure 6I).




Figure 6 | Analysis of differences in clinical characteristics and functional enrichment of patients in different risk groups. (A) The distributions of clinicopathological features were compared between the low-risk and high-risk groups (high-risk n = 138, low-risk n = 162 chi-square test). (B, C) Comparison of the risk scores of patients with different clinical stages and Lauren types (one-way analysis of variance). (D) Comparison of risk scores between patients with negative and positive lymphatic invasion status (Student’s t-test). (E) Comparison of the risk score of patients with epithelial phenotype (EP) and mesenchymal phenotype (MP) subtypes (Student’s t-test). (F) Comparison of the risk score of patients with no metastasis (M0) and metastasis (M1) (Student’s t-test). (G) Comparison of the different molecular signatures in the high- and low-risk groups (high-risk n = 138, low-risk n = 162 Student’s t-tests). (H) Gene set enrichment analysis (GSEA) in the low-risk group (n = 162, permutation tests P < 0.05, FDR < 0.25). (I) Gene set enrichment analysis (GSEA) in the high-risk group (n = 138, permutation tests P < 0.05, FDR < 0.25). (J) Analysis of the correlation between the risk score and EMT marker expression in gastric cancer patients (Pearson correlation coefficient). Data for (A–J) are from the GSE62254 dataset. Significant difference between the two groups: *P < 0.05; **P < 0.01; ***P < 0.001.



To further confirm the relationship between the risk score and EMT, we assessed the correlations between EMT markers and the risk score in GSE62254. The circle graph results show that the risk score is positively correlated with the expression of EMT-promoting molecules CDH2, SNAIL1, SNAIL2, and VIM and negatively correlated with the expression of the EMT-inhibiting molecule CDH1 (Figure 6J). We also compared gene mutations in different risk groups in the TCGA dataset but found no difference in the total mutation load (Supplementary Figures 11A–C).



The Immune Characteristics of Patients in the High- and Low-Risk Groups Were Significantly Different

Because the TME is closely related to EMT, we next compared the differences in the TME between the high-risk and low-risk groups in GSE62254. The results showed that the immune score, stromal score and ESTIMATE score of the high-risk group were significantly higher than those of the low-risk group (Figure 7A). Tumor purity was significantly negatively correlated with the risk score (Figure 7B). Next, we used ssGSEA to divide the samples into high-immune score and low-immune score groups based on 29 immune signatures in GSE62254 (Figure 7C). The results of the chi-square test showed that most patients in the high-risk group had high immune scores, and there were significant differences between the high-immune score group and the low-immune score group (Figure 7D). We further compared the differences in 29 immune signatures in the high- and low-risk groups and found that most of the signatures, such as immune response-related signatures, CD8+ T cells, NK cells, checkpoints, TILs, and the IFN response, were expressed at higher levels in the high-risk group (Figure 7E). We further compared the expression levels of immune checkpoint molecules in the high- and low-risk groups. The expression level of immune checkpoint molecules in the high-risk group was significantly higher than that in the low-risk group (Figure 7F). The above results suggest that patients in the high-risk group are more likely to benefit from immunotherapy than those in the low-risk group.




Figure 7 | Identification of the immune characteristics of the high- and low-risk groups. (A) Differences in the TME between the high- and low-risk groups were identified (high-risk n = 138, low-risk n = 162; Student’s t-tests). (B) Correlation analysis of tumor purity and risk scores (Pearson correlation coefficient). (C) Chi-square analysis of high- and low-risk groups and different immune clusters (Immunity_L n = 128, Immunity_H n = 172 Chi-square test). (D) The gastric cancer samples were divided into two immune clusters by ssGSEA based on 29 immune signatures (Immunity_L n = 128, Immunity_H n = 172; chi-square test). (E) Analysis of differences in the expression of 29 immune signatures in the high- and low-risk groups (Student’s t-tests). (F) Expression analysis of immune checkpoints in different risk groups (high-risk n = 138, low-risk n = 162; Student’s t-tests). (G) The Connectivity Map (CMap) database was used to screen potential drugs for the treatment of high-risk patients. Drugs marked in red represent enrichment ≤0.8. Data for (A–G) are from the GSE62254 dataset. Significant difference between the two groups: *P < 0.05; **P < 0.01; ***P < 0.001.



In addition to immunotherapy, we further explored other potential drugs that could be used for the treatment of patients in the high-risk group. We compared the transcriptome data of samples from the high- and low-risk groups. Under the conditions of |log2FoldChange| >0.585 (FoldChange >1.5) and FDR <0.05, in total, 440 genes were upregulated and 49 genes were downregulated in the high-risk group in GSE62254 (Supplementary Table 6). We imported the differentially expressed genes into the CMap database and screened 43 potential drugs that could be used to treat high-risk patients (Supplementary Table 7 and Figure 7G). Among the drugs with enrichment ≤0.8 were chloropyrazine, harmalol, arachidonyltrifluoromethane, vinblastine, khellin, sulfamonomethoxine, 3-acetamidocoumarin, cloxacillin, and lisuride (Figure 7G). Vinblastine is a clinically used antitumor drug, harmalol has an antitumor effect in vitro (37), and khellin analogs can serve as new potential pharmacophores for epidermal growth factor receptor (EGFR) inhibitors (38), indicating that these drugs may be beneficial for the treatment of high-risk patients. The antitumor activity of the other drugs needs to be further studied.




Discussion

Many patients have advanced gastric cancer at the time of diagnosis and miss the optimal treatment period; thus, their prognosis is relatively poor. At present, the AJCC stage is still the most common method of determining the prognosis of patients with gastric cancer. However, patients may still have different survivals with the same TNM stage, which may be due to different molecular characteristics of the tumors. Therefore, it is very important to develop a more sensitive prognostic diagnostic method according to the molecular characteristics of gastric cancer patients to identify new prognostic markers. The purpose of this study was to identify molecular signatures that can help predict prognoses and evaluate potential immunotherapy benefits. In this study, we used the mRNA expression and clinical data of gastric cancer samples in a public dataset for WGCNA and obtained a midnight blue module that was positively correlated with tumor progression. After further optimization and screening, we found the following nine hub genes, which are listed in order of impact: C1QA, C1QB, C1QC, CSF1R (colony-stimulating factor 1 receptor), FCER1G (Fc fragment of IgE receptor Ig), CD14, MS4A6A (membrane-spanning 4-domain subfamily A member 6A), scavenger receptor cysteine-rich type 1 protein M130 (CD163), and TYROBP (TYRO protein tyrosine kinase-binding protein). Among them, C1QA, CIQB and C1QC together form C1q to perform biological functions (39). C1q is an activator of the classical complement pathway, but there are studies showing that C1q can promote tumor proliferation and migration by interacting with the TME (40, 41), and this effect does not depend on the complement pathway. As a receptor on the cell membrane surface, CSF1R activates different signaling pathways by binding to different ligands to play a role in a variety of physiological and pathological processes, including tumorigenesis (42, 43). Studies have shown that FCER1G participates in a variety of immune functions and can be used as a prognostic marker for a variety of cancers (44–46). As a key component of the Toll-like receptor (TLR) signaling pathway, CD14 can promote tumor occurrence and development by regulating the activation of different signaling pathways in tumor cells or tumor infiltrating immune cells (47–50). Research on MS4A6A is mainly focused on Alzheimer’s disease, and there are also current studies showing that it can be used as a prognostic marker for tumors (51, 52). CD163 is a type I membrane protein and a member of the scavenger receptor superfamily. It is the most specific monocyte and macrophage marker currently in use, and it mainly plays a role in inflammation. Recent studies have shown that high expression of CD163 is related to a poor prognosis in breast cancer (53) and glioma (54) patients. TYROBP is mainly involved in immune signaling pathways, but an increasing number of studies have shown that TYROBP can be used as a prognostic marker for cancer (55, 56). We found that the hub nine genes were mainly located in the extracellular matrix and cell membrane, which may indicate that they promote tumor progression by regulating the tumor microenvironment.

We divided the samples into two clusters based on the nine hub genes and found that compared with cluster 1 patients, cluster 2 patients had a worse prognosis. We compared their clinical characteristics and found that the proportions of patients with invasive subtypes and high tumor grades were higher in cluster 2, which explains why cluster 2 patients have a poor prognosis. We also found that the expression of invasion and migration markers in cluster 2 was increased significantly compared with that in cluster 1. Studies have shown that the TME can cause tumor cells to undergo EMT, thereby promoting tumor cell invasion and migration. However, the TME results showed that cluster 2 patients had higher TME component levels and lower tumor purity. This suggests that cluster 2 has a better prognosis, but we speculate that this may be because in cluster 2 patients, most immune cells are shielded from the outside of the solid tumor and cannot exert an immune killing effect due to the EMT of tumor cells. Similar results were found in previous studies on gastric cancer and other cancers (57–60). Studies have shown that the activation of the matrix in the TME can inhibit T cell activity (61). Studies have also shown that tumor-associated macrophages (TAMs) are negatively related to tumor prognoses. TAMs activate the tumor EMT process through the TGF-β signaling pathway and can also maintain the mesenchymal characteristics of tumor cells (62). TAMs have been shown to be similar to M2 macrophages (63). The analysis of the infiltration levels of 22 immune cells in this study showed that the infiltration of M2 macrophages was significantly higher in cluster 2 patients than in cluster 1 patients, which suggests that M2 macrophages could facilitate EMT and indicate a poor prognosis in cluster 2 patients. On the other hand, although cluster 2 exhibited high infiltration levels of immune cells that are beneficial to the immune response, such as CD8+ T cells, CD4+ T cells, and NK cells, the expression level of the immune suppression checkpoint in cluster 2 was higher, which led to immunosuppression. The GSVA results showed that cluster 2 samples exhibited activation of TGF-β signaling, EMT, hypoxia, and various cancer pathways. These results indicate that under the influence of the internal and external environment, the signaling pathway of tumor progression is activated, which leads to invasion and metastasis in cluster 2 patients, resulting in a poor prognosis.

In this study, we constructed a 7-gene signature. The seven genes were apolipoprotein D (APOD), apolipoprotein E (APOE), coiled-coil domain-containing protein 80 (CCDC80), collagen triple helix repeat-containing protein 1 (CTHRC1), fermitin family homolog 2 (FERMT2), glucoside xylosyltransferase 2 (GXYLT2), and small muscular protein (SMPX). APOD is an apolipoprotein, and recent studies have shown that it can be used as a prognostic marker for breast cancer (64, 65). Studies have shown that APOE can not only promote the migration of gastric cancer cells by activating the PI3K-Akt signaling pathway but can also serve as a diagnostic marker for gastric cancer (66, 67). CCDC80 can mediate the regulation by focal adhesion kinase (FAK) of the migration of melanoma cells and can also exert a tumor suppressor effect in thyroid cancer (68, 69). Previous studies have shown that CTHRC1 can promote the metastasis of colorectal cancer, ovarian cancer, gastric cancer, and cervical cancer (70–73). FERMT2 is a scaffolding protein that has been reported to promote the proliferation and migration of esophageal squamous cell carcinoma (74). GXYLT2 promotes the proliferation and migration of human cancer cells by regulating the NOTCH signaling pathway (75). SMPX is a small muscle protein located in the nucleus. It has been reported to be involved in the formation of hearing (76), but it has not been reported in tumor studies. In this study, we also found that the high expression of these seven genes is related to a poor prognosis in gastric cancer patients, and based on this and previous reports, we speculate that these seven genes can promote the progression of gastric cancer.

According to the risk score obtained from the above risk model, gastric cancer patients were divided into high- and low-risk groups. The prognosis of patients in the high-risk group was worse. A comparison of clinical features revealed that patients in the high-risk group had a higher stage, more lymphatic invasion, and a higher frequency of diffuse-type disease. This shows that patients in the high-risk group have the characteristics of invasion and metastasis, which leads to a poor prognosis. Further research revealed that patients in the high-risk group had EMT characteristics, while patients in the low-risk group had proliferative characteristics. GSEA also showed that EMT, angiogenesis, and multiple tumor progression pathways were activated in the high-risk group. In the low-risk group, signaling pathways related to proliferation, such as base excision repair, DNA replication, homologous recombination and pyrimidine metabolism, were activated. This suggests that conventional chemotherapy drugs that induce DNA damage and cell cycle arrest may be more suitable for patients in the low-risk group. TME analysis showed that the high-risk group had a higher level of immune cell infiltration. Further analysis revealed that the high-risk group had higher levels of CD8+ T cells, TILs, NK cells, B cells and other immune activation-related cells and had higher immune suppression checkpoint expression levels, which means that the high-risk group may benefit from immunotherapy. However, studies have shown that activation of the EMT, TGF-β and angiogenesis pathways can inhibit T cell activity (57). This can also explain why patients in the high-risk group have a poor prognosis despite abundant immune cell infiltration. Therefore, the combination of EMT, TGF-β and angiogenesis pathway inhibitors during immunotherapy may yield greater benefits in patients. Based on CMap data, we also found several drugs with the potential to treat high-risk patients, but the exact efficacy of the drugs needs to be further confirmed by in vivo and in vitro trials.

In this study, we obtained a 7-gene signature by analyzing transcriptome data and clinical data, and we validated the accuracy of the risk model in multiple datasets. A large number of clinical samples and prospective studies are still needed to evaluate the value of the risk model in predicting the prognosis and immune response of gastric cancer patients and to determine the optimal cutoff value.

Above all, we developed a 7-gene signature related to tumor progression in our research. The nomogram constructed from the prognostic model risk score combined with the age and stage can predict prognoses well. In addition, according to the risk model, patients with gastric cancer can be divided into two groups with different clinical and immune characteristics, and the high-risk group is more likely to benefit from immunotherapy.
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Supplementary Figure 1 | Identification of clinical feature-related modules through WGCNA and the expression heatmap of the 9 hub genes. (A) Dendrogram and clinical feature heatmap. The bottom panel shows the clinical characteristics of sex, age and stage. (B, C) Analysis of the average connectivity of the scale-free fitting index and various soft threshold functions. Assessment of the scale free topology when β = 9. (D) Hierarchical clustering dendrogram of similar genes based on topological overlapping. Genes with similar expression profiles are grouped into modules of the same color. (E) The heatmap shows the top 1000 genes of the topological overlap matrix (TOM) in the WGCNA, and the color degree is positively correlated with the degree of overlap. (F) The expression profiles of all genes in the midnight blue module.

Supplementary Figure 2 | Analysis of the differential expression of 9 hub genes in gastric cancer tissues and normal tissues. (A–I) Differential expression box plots for C1QA, C1QB, C1QC, CD14, CD163, CSF1R, FCER1G, MS4A6A and TYROBP. All data were obtained from Gene Expression Profiling Interactive Analysis (GEPIA), *P < 0.05.

Supplementary Figure 3 | The Kaplan-Meier survival curve showed the prognostic value of the 9 hub genes in gastric cancer. (A–I) Survival curves according to C1QA, C1QB, C1QC, CD14, CD163, CSF1R, FCER1G, MS4A6A and TYROBP expression. All data were from Kaplan-Meier Plotter.

Supplementary Figure 4 | The identification of consensus clusters according to 9 hub genes and the consensus clustering results were evaluated, and the EMT markers and tumor purity were compared between the two clusters. (A) Consensus clustering matrix for k = 2. (B) The cumulative distribution function (CDF) of consensus clustering with k = 2 to 9. (C) Evaluation of the optimal number of clusters based on the NbClust package. (D) The classification results were further evaluated by the principal component analysis (PCA) method. (E) Analysis of the differential expression of several classic invasion and migration markers in two clusters of patients (cluster 1 n=132, cluster 2 n=116; Student’s t-tests). (F) Analysis of the difference in tumor purity scores between the two clusters (cluster 1 n=132, cluster 2 n=116; Student’s t-test). All data were from the GSE15460 dataset.

Supplementary Figure 5 | Differential gene expression analysis and differential gene enrichment analysis of the two clusters. (A) Volcano map of differentially expressed genes between the two clusters (Student’s t-tests FDR < 0.05, log2fold change (FC) > 1). (B) Heatmap of differentially expressed genes between the two clusters (cluster 1 n=132, cluster 2 n=116). (C) Biological process (BP) enrichment analysis of differentially expressed genes. (D) Cellular component (CC) enrichment analysis of differentially expressed genes. (E) Molecular function (MF) enrichment analysis of differentially expressed genes. (F) KEGG enrichment analysis of differentially expressed genes between the two clusters. All data are from the GSE15460 dataset.

Supplementary Figure 6 | Different datasets were applied to validate the multivariate Cox risk model. (A, B) Least absolute shrinkage and selection operator (LASSO) regression analysis. (C) Survival curves for different risk groups in the validation set (high-risk n=127, low-risk n=145; log-rank test). (D) Relationship between the patient survival time, survival status and risk score validation set (high-risk n=127, low-risk n=145). (E) Expression heatmap of 7 genes with different risk groups for the modeling validation set (high-risk n=127, low-risk n=145). (F) Time-dependent ROC analysis of the risk score in validation-set patients. (G) Overall survival curves in GSE84437 datasets based on the same cutoff value used to obtain the training set risk score (high-risk n=222, low-risk n=211; log-rank test). (H) Overall survival curves in TCGA datasets based on the same cutoff value used to obtain the training set risk score (high-risk n=136, low-risk n=187; log-rank test). (I–J) Time-dependent survival ROC curves for different datasets. Data for G are from the GSE84437 dataset, and those for H are from the TCGA dataset.

Supplementary Figure 7 | Univariable Cox regression analyses of the risk scores and clinical factors in different validation datasets. (A) Internal validation dataset. (B) GSE15459. (C) GSE15460. (D) GSE84437. (E) Univariable Cox regression analyses based on overall survival (OS) in GSE62254. (F) Univariable Cox regression analyses based on disease-free survival (DFS) in GSE62254. (G) TCGA.

Supplementary Figure 8 | Differential expression analysis of the 7 genes in gastric cancer tissues and normal tissues. (A) APOD. (B) APOE. (C) CCDC80. (D) CTHRC1. (E) FERMT2. (F) GXYLT2. (G) SMPX. (H) APOD. (I) APOE. (J) CCDC80. (K) CTHRC1. (L) FERMT2. (M) GXYLT2. (N) SMPX. A-G results from 16 pairs of cancer and adjacent tissues, and H-N data are from the GEPIA.

Supplementary Figure 9 | The Kaplan-Meier survival curve shows the prognostic value of the 7 genes in gastric cancer. (A) APOD. (B) APOE. (C) CCDC80. (D) CTHRC1. (E) FERMT2. (F) GXYLT2. (G) SMPX. All data are from Kaplan-Meier Plotter.

Supplementary Figure 10 | Copy number and mutation analysis of the 7 genes in The Cancer Genome Atlas (TCGA). (A) The circle graph shows the chromosomal locations of the 7 genes. (B) Genetic alteration of the 7 signature genes. The upper bar graph shows the survival status of each patient, and the lower bar graph shows the survival time of each patient.

Supplementary Figure 11 | Gene mutation analysis was performed for high-risk and low-risk patients in TCGA. (A) The mutation map of the top 30 altered genes in the low-risk group. (B) The mutation map of the top 30 altered genes in the high-risk group. (C) Histogram of the difference in the tumor mutation burden (TMB) between the high- and low-risk groups (chi-square test).
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Rectal cancer (RC) is the leading cause of tumor-related death among both men and women. The efficacy of immunotherapy for rectal cancer is closely related to the immune infiltration level. The N6-methyladenosine (m6A) modification may play a pivotal role in tumor-immune interactions. However, the roles of m6A-related genes in tumor-immune interactions of rectal cancer remain largely unknown. After an evaluation on the expression levels of m6A-related genes and their correlations with the prognosis of rectal cancer patients, we found that METTL14 was the only gene to be significantly correlated with prognosis in rectal cancer patients. Therefore, we further observed the impact of METTL14 expression and m6A modification on the immune infiltration in rectal cancer. Our study indicates that low expression of the m6A “writer” gene METTL14 in rectal cancer may lead to the downregulation of m6A RNA modification, thus reducing the level of immune cell infiltration and resulting in poor prognosis. METTL14 expression level is an independent prognostic factor in rectal cancer and is positively correlated with the immune infiltration level. Our study identified METTL14 as a potential target for enhancing immunotherapy efficacy in rectal cancer.
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Introduction

Rectal cancer (RC) is the leading cause of tumor-related death among both men and women (1). Thus, clinicians are calling for more effective treatments for rectal cancer. Immune checkpoint inhibitors have achieved successful responses in few rectal cancer patients (2, 3). Mismatch repair (MMR) status functions as a major predictor of the efficacy of immune checkpoint inhibitor therapy, which has many limitations: MMR deficiency is found in 10% to 15% of colorectal cancer (CRC) patients, among which only 30% to 50% of them can benefit from the immunotherapy (4–7). Therefore, there is an urgent need to identify new biomarkers that can accurately predict the immunotherapy response of rectal cancer patients, to reveal resistance mechanisms, and to seek potential targets for enhancing immunotherapy efficacy.

The efficacy of immunotherapy for rectal cancer is closely related to the immune infiltration level in RC (2, 8). N6-methyladenosine (m6A) modification, the most common internal modification of messenger RNAs (mRNAs) in eukaryotes (9), is a reversible event modulated by “writers” (WTAP, KIAA1429, RBM15, RBM15B, METTL3, METTL16, and METTL14), “erasers” (FTO and ALKBH5), and “readers” (HNRNPA2B1, HNRNPC, YTHDF1, YTHDF2, YTHDF3, and YTHDC1) (10). Li et al. (11) reported that m6A modification controls T cell homeostasis by targeting the IL-7/STAT5/SOCS pathways. Han et al. (12) reported that YTHDF1-dependent m6A mRNA methylation controls antitumor immunity mediated by dendritic cells (DCs). These findings suggest that m6A modification plays a crucial role in tumor-immune interactions. Meanwhile, several studies indicated altered expression of m6A-related genes in gastrointestinal cancers (13). However, the roles of m6A-related genes in tumor-immune interactions of rectal cancer remain largely unknown.

In this study, we assessed the expression levels of m6A-related genes and their correlations with the prognosis of rectal cancer patients. We observed that METTL14 expression is positively correlated with overall survival (OS) and tumor immune cell infiltration. Our work suggests an important role of METTL14 in regulating tumor and immune microenvironment interactions, and identifies METTL14 as a prognostic biomarker as well as a potential target for enhancing the immunotherapy effect in rectal cancer.



Materials and Methods


The Expression Analysis of m6A-Related Genes

The expression levels of m6A-related genes in rectal cancer were obtained from four GEO data sets (GSE123390, GSE87211, GSE60331, GSE68204) and other 3 TCGA data sets from TIMER (14), GEPIA (15) and UCSC Xena (16) for further study (data set A, data set B, and data set C).



Survival Analysis

The relationship between m6A-related gene expression levels and the prognosis of rectal cancer patients was first explored in the TIMER (14) database (https://cistrome.shinyapps.io/timer/) and GEPIA (15) database (http://gepia.cancer-pku.cn/). TIMER is a web resource that includes 10,897 samples from 32 cancer types from TCGA, and users can explore the clinical effect of genes in the “Survival” module. GEPIA is a web resource that contains 9,736 tumors and 8,587 normal samples from TCGA and the GTEx database, and users can conduct overall survival analysis of an input gene in specific cancers. The threshold for splitting the high-expression and low-expression cohorts can be adjusted. In our study, 50% of patients had a higher expression level than the threshold in both TIMER and GEPIA.



Immune Infiltration Levels and Immune Marker Set Analysis

The “GENE” module of TIMER allows users to easily explore the association between the expression of a certain gene and the level of infiltration of multiple immune cell types, including macrophages, neutrophils, dendritic cells, B cells, CD4+ T cells, and CD8+ T cells, in a given cancer type. Because tumor purity is an important confounding factor, the first panel of this analysis displayed METTL14 expression levels against tumor purity. GEPIA provides an interface to conduct gene correlation analysis by using Pearson, Spearman, or Kendall methods; thus, we further explored the correlation between METTL14 expression and markers of diverse immune cells in the GEPIA database. We chose the Spearman method and used TCGA tumor and TCGA normal data sets. TISIDB (17) (http://cis.hku.hk/TISIDB) is a user-friendly platform to investigate the role of a certain gene in tumor-immune interactions. Tumor-infiltrating lymphocyte (TIL), immunoinhibitor, immunostimulator, chemokine, chemokine receptor, major histocompatibility complex (MHC), immune subtype, and molecular subtype analyses were performed.



Cell Culture

The rectal cancer cell line cannot be acquired in China amid the pandemic of COVID-19, and human colorectal cancer cell line (HCT116) is generally considered to be a representative colorectal cancer cell line, and we found several studies focusing on rectal cancer, which employed HCT116 to conduct research in vitro (Published in Annals Of Surgery (18), British Journal Of Cancer (19). We have tried to find normal rectal cell lines when conducting the research as well, and the only normal rectal cell line in ATCC named Hs 680.Rec was not available for international distribution. We found several studies focusing on rectal cancer which employed human normal colorectal epithelial cell line (FHC) to conduct research in vitro [Published in Biomedicine & Pharmacotherapy (20), Journal of cellular biochemistry (21)]. As far as we know, rectal cancer and colon cancer cells have similar biological behaviors (22), so we used HCT116 and FHC in our study. HCT116 and FHC were obtained from the Cell Bank of the Chinese Academy of Sciences and were cultured in RPMI 1640 (GIBCO, Grand Island, NY) supplemented with 10% fetal bovine serum, 100 U/mL penicillin, and 100 µg/mL streptomycin (GIBCO). Cells were maintained in a humidified incubator with a 5% CO2 atmosphere at 37°C.



Arraystar Human m6A-mRNA Epitranscriptomic Microarray Analysis

Total RNA was extracted from HCT116 cells and FHC cells using TRIzol Reagent (Invitrogen, Carlsbad, CA, USA) according to the manufacturer’s instructions and was immunoprecipitated with anti-N6-methyladenosine antibody (Synaptic Systems, 202003). The modified RNAs were eluted from the immunoprecipitated magnetic beads as the “IP.” The unmodified RNAs were recovered from the supernatant as “Sup.” The IP and Sup RNAs were labeled with Cy5 and Cy3, respectively, as cRNAs in separate reactions using the Arraystar Super RNA Labeling Kit (Arraystar, AL-SE-005). The cRNAs were combined and hybridized onto an Arraystar Human mRNA Epitranscriptomic Microarray (8x60K, Arraystar). After washing the slides, the arrays were scanned in two-color channels by an Agilent Scanner G2505C. Agilent Feature Extraction software (version 11.0.1.1) was used to analyze acquired array images. Differential m6A-methylated mRNAs between two samples were identified through fold change filtering and were analyzed for Gene Ontology (GO) and pathway enrichment by using GO (http://www.geneontology.org) and KOBAS (http://kobas.cbi.pku.edu.cn/index.php).



Retrospective Cohort Patients and Follow-Up

Tissue samples of 150 patients diagnosed with rectal cancer from July 2015 to January 2018 in Xiangya Hospital of Central South University were collected to establish a tissue bank. The demographic characteristics, cancer stages, and pathological reports were obtained from the electronic medical records (EMR) system. A retrospective cohort was performed, as of July 31, 2019, a total of 89 patients were included. Survival analysis, multivariate Cox regression, and the clinical features analysis were conducted after follow-up. This study was reviewed and approved by the Xiangya Hospital Medical Ethics Committee of Central South University.



Immunohistochemistry Staining

Formalin-fixed, paraffin-embedded tissue array slides were used to detect METTL14 protein expression. Briefly, after deparaffinization and rehydration, citrate buffer (ZLI-9064; ZSGB-BIO, Beijing, China) was used for heat-induced epitope retrieval. Endogenous peroxidase activity was inhibited for 10 min with 3% hydrogen peroxide (reagent 1; PV-9000; ZSGB-BIO). Nonspecific binding was blocked with normal goat serum (ZSGB-BIO) for 15 to 20 min at room temperature. The slides were then incubated overnight at 4°C with METTL14 rabbit polyclonal antibody at a dilution of 1:100 (catalog no. 26158-1-AP; Proteintech, Chicago, USA). Next, the slides were incubated in polymer helper (reagent 2; PV-9000; ZSGB-BIO) for 20 min at 37°C and then incubated with polyperoxidase-anti-mouse/rabbit IgG (reagent 3, PV-9000, ZSGB-BIO) for 20 min at 37°C. 3-3’-diaminobenzidine was used for coloration, and hematoxylin was used for counterstaining.

METTL14 staining was defined as positive when rectal cells showed nuclear staining. A METTL14 staining score was defined by adding the staining intensity score and the positive staining percentage score. The staining intensity was categorized into three grades: score 1, yellow; score 2, light brown; score 3, brown. Positive staining percentage patterns were categorized into four groups: score 1, 0% to 25% staining of rectal cells; score 2, 25% to 50% staining of rectal cells; score 3, 50% to 75% staining of rectal cells; score 4, 75% to 100% staining of rectal cells. The percentage and intensity scores were added, and the results were classified into a high expression group (total scores >4) and a low expression group (total scores ≤4) by using a mean score of 4 as cutoff.



Agnostic Analysis of METTL14

Analysis of differentially expressed genes (DEGs) of METTL14 expression level (high vs. low) was based on an empirical Bayesian approach using the limma R package (23). An adjusted P value less than 0.05 and log2 fold change (log2FC) greater than 1 indicated statistical significance for further gene ontology (GO) enrichment.

The pathway activation levels (PAL) calculated from gene expression data between METTL14-High vs METTL14-Low groups were performed. Both the single sample gene set enrichment analysis (ssGSEA) algorithm (24) and Oncobox library (oncoboxlib) (25) were used for PAL calculation. ssGSEA was performed based on “c2.cp.hallmark.v7.1.symbols” gene sets downloaded from MSigDB database using the “ssGSEA” R package. Oncoboxlib calculates PAL according to Sorokin et al. (25), and it takes a file that contains gene symbols in HGNC format, their expression levels for one or more samples (cases and/or controls) and calculates PAL values for each pathway in each sample (Table S1).



Statistical Analysis

Statistical data were analyzed by using SPSS 20.0 and presented by using GraphPad Prism 7.0. Kaplan-Meier curves and log-rank tests were performed to evaluate the prognostic value of METTL14 in rectal cancer. Overall survival (OS) was measured from the date of diagnosis to either the date of death or the date of the final follow-up, with final evaluation on July 31, 2019. Multivariate Cox regression analysis was performed to identify whether METTL14 was an independent prognostic factor of survival in rectal cancer. Multivariate logistics regression analysis was performed to identify the impact factors of METTL14 expression level (high vs. low) in rectal cancer. The results with a P value less than 0.05 were considered statistically significant if not specified.




Results


The Expression Landscape of m6A-Related Genes in Rectal Cancer

We used four GEO data sets (GSE123390, GSE87211, GSE60331, GSE68204) and other two TCGA data sets (data sets A and B) to determine the expression level of m6A-related genes in rectal cancer and normal tissues. Besides the data sets without the statistically significant difference, the results showed that compared to normal tissues, the expression levels of KIAA1429, METTL3, METTL16, and HNRNPA2B1 increased in rectal cancer, and the expression of METTL14 and ALKBH5 in rectal cancer was significantly decreased. The expression levels of other nine genes showed different alterations in the tumors using different data sets (Figures 1 and S1).




Figure 1 | The relative expression of m6A-related genes in rectal cancer. Heatmap showing the alterations in the mRNA expression of m6A-related genes in the TCGA and GEO data sets. The red color indicates upregulated expression; the blue color indicates downregulated expression; the blank indicates no significant changes, and the black color indicates that the related gene is absent in the data sets. The data were statistically analyzed by Student’s t test (unpaired, two-tailed).





The Correlation of the OS Time and the Expression of m6A-Related Genes in Rectal Cancer

The mRNA expression levels of m6A-related genes suggested that they might play an important role in rectal cancer. To determine whether the expression level of m6A-related genes is correlated with the prognosis in rectal cancer patients, we selected the latest TCGA data set (data set C), to conduct retrospective studies. In the univariate cox analysis, RBM15, YTHDF2, and METTL14 were significantly correlated with prognosis in rectal cancer patients (Figure 2A). Nonetheless, in the log-rank test of RBM15, YTHDF2 and METTL14, only METTL14 were correlated with OS in these patients (Figures 2B–D). The hazard ratio (HR) for patients with high METTL14 expression levels was 0.464 (p = 0.0266, Figure 2A), which showed that patients with high METTL14 expression had longer OS time and better prognosis than those with low METTL14 expression. These results indicated that only METTL14 expression was significantly correlated with prognosis in rectal cancer patients, therefore we further observed the impact of METTL14 expression and m6A modification on the immune cell infiltration in rectal cancer.




Figure 2 | The correlation of the OS time and the expression of M6A-related genes in rectal cancer. (data set C, n=157). (A) The univariate COX survival analysis of METTL14. (B) Log-rank survival analysis of YTHDF2. (C) Log-rank survival analysis of RBM15. (D) Log-rank survival analysis of METTL14. (cutoff: median expression level).





The Correlation of METTL14 and Immune Infiltrates in Rectal Cancers

The tumor immune infiltration level plays a crucial part in affecting the prognosis of rectal cancer patients (26). Therefore, we evaluated whether METTL14 expression was related to immune infiltration levels in rectal cancer using the TIMER and GEPIA databases. The results from the TIMER database showed that METTL14 expression level had a significant positive correlation with the levels of B cell (cor. = 0.244, p=0.00377), CD8+ T cell (cor. = 0.56, p<0.0001), macrophage (cor. = 0.244, p=0.00379), neutrophil (cor. = 0.301, p=0.000331), and dendritic cell infiltration (cor. = 0.213, p=0.0119) in rectum adenocarcinoma (READ), while METTL14 expression was not significantly correlated with CD4+ T cell infiltration (cor. = 0.042, p = 0.619) (Figure 3A). To verify the results of the TIMER database analysis, we then investigated the correlation between METTL14 expression level and immune marker sets of diverse immune cells in the GEPIA database. As expected, the results were basically consistent with those of the TIMER database analysis. Immune markers of CD8+ T cells, B cells, M1 macrophages, M2 macrophages, neutrophils and dendritic cells were positively correlated with METTL14 expression in READ. In addition, in the GEPIA database, the immune markers of CD4+ T cell, T cell (general), monocyte, tumor-associated macrophage (TAM), T helper 1 (Th1) cell, Th2 cell, Th17 cell, T follicular helper cell (Tfh), regulatory T cell (Treg), natural killer cell, and T cell exhaustion also showed positive correlations with METTL14 expression levels (Table 1).




Figure 3 | The correlation of METTL14 and immune infiltrates in rectal cancers. (A) The immune infiltrate analysis in the TIMER data set. (B) The immune infiltrate analysis in the TISIDB data set. (C) The correlation of METTL14 and immunoinhibitors in the TISIDB data set. (D) The correlation of METTL14 and immunostimulators in the TISIDB data set. (E) The correlation of METTL14 and chemokines in the TISIDB data set. (F) The correlation of METTL14 and chemokine receptors in the TISIDB data set. (G) The correlation of METTL14 and MHCs in the TISIDB data set. (H) The relative expression level of METTL14 in different immune subtypes. (I) The relative expression level of METTL14 in different molecular subtypes. CIN, chromosomal instability; GS, genome stable; HM-SNV, hypermutated single nucleotide variants; HM-indel, hypermutated insertion-deletion.




Table 1 | The correlation of METTL14 and the immune infiltrates in rectal cancers.



After confirming that METTL14 expression was positively correlated with immune activation signature, we further used the TISIDB database to analyze the correlations between METTL14 expression and TILs, immunoinhibitors, immunostimulators, chemokines, chemokines-receptors, and major histocompatibility complexes (MHCs). P-values less than 0.05 are considered to be significant. The results of TIL analysis were basically consistent with those of the TIMER and GEPIA database analyses. The levels of CD4+ T cell, Th2 cell, and immature dendritic cell (iDC) infiltration were positively correlated with METTL14 expression, and the CD4+ T cell infiltration level had the strongest correlation (cor. = 0.4, p < 0.0001). In contrast to the GEPIA results, the level of CD56 dim nature killer cell infiltration (cor.=-0.377, p<0.0001) and monocyte infiltration (cor.= -0.185, p=0.017) was negatively related with METTL14 expression (Figure 3B). The results of immunoinhibitor analysis revealed that METTL14 expression negatively correlated with four of nine immunoinhibitors’ expression. Among them, transforming growth factor-β1 (TGF-β1) had the strongest correlation coefficient (cor. = −0.314, p < 0.0001). Additionally, five out of nine immunoinhibitors were positively correlated, and transforming growth factor-β receptor 1 (TGF-βR1) had the strongest correlation (cor. = 0.304, p < 0.0001) (Figure 3C). Immunostimulator analysis showed that METTL14 expression was negatively correlated with most immunostimulators’ expression (9/15), and tumor necrosis factor receptor superfamily 25 (TNFRSF25) had the most significant negative correlation (cor. = −0.468, p < 0.0001). However, a few immunostimulators (6/15) had positive correlations, and tumor necrosis factor superfamily-15 (TNFSF15) had the strongest correlation (cor. = 0.349, p<0.0001) (Figure 3D).

Chemokine analysis showed that all C-C motif chemokine ligand (CCL) family members and METTL14 expression were negatively correlated. CCL23 had the strongest correlation (cor. = −0.378, p < 0.0001). Three of four C-X-C motif chemokine ligand (CXCL) family members and METTL14 expression were positively correlated, and CXCL13 had the strongest correlation (cor. = 0.271, p=0.000424) (Figure 3E). As for the C-C chemokine receptor (CCR) family, chemokine receptor analysis revealed that CCR10 had a negative correlation with METTL14 expression (cor. = −0.474, p < 0.0001), and CCR5 had a positive correlation with METTL14 expression (cor. = 0.202, p = 0.00892). In the C-X-C motif chemokine receptor (CXCR) family, there is a negative correlation between CXCR3 and METTL14 (cor. = −0.343, p < 0.0001) (Figure 3F). MHC analysis showed that all human leucocyte antigen (HLA) family members and METTL14 expression were negatively correlated, and HLA-G had the strongest correlation (cor. = −0.386, p < 0.0001). Antigen peptide transporter (TAP) family members were also negatively correlated with METTL14 expression, and tapasin binding protein (TAPBP) had the strongest correlation (cor. = −0.364, p < 0.0001). However, β-2 microglobulin (B2M) was positively correlated with METTL14 expression (cor. = 0.211, p = 0.00618) (Figure 3G).

We also assessed whether METTL14 expression was related to immune subtypes (27) and molecular subtypes (28) in READ. The results showed that there was no significant difference in METTL14 expression among the six immune subtypes (p = 0.393), while there were differences among molecular subtypes (p = 0.00145). The expression level of METTL14 in the chromosomal instability (CIN) subtype was the lowest, while METTL14 expression in genome stable (GS), hypermutated single nucleotide variants (HM-SNV) and hypermutated insertion-deletion (HM-indel) subtypes was higher than that in CIN (Figures 3H, I).



METTL14 Expression Is a Prognostic Biomarker Correlated With Immune Infiltration in Rectal Cancer

To verify the impact of METTL14 on immune infiltration, we cultured HCT116 cells, a human colorectal cancer cell line, and FHC cells, a human normal intestinal epithelial cell line, and conducted Arraystar Human m6A-mRNA Epitranscriptomic microarray analysis. Since METTL14 functions as an m6A writer gene, its low expression in rectal cancer suggests that the m6A level in rectal cancer cells may be lower than that in normal cells. Our results showed that the expression level of METTL14 in HCT116 is significantly lower than that in FHC. In HCT116, there are 1103 genes with reduced m6A methylation levels and 509 genes with increased m6A methylation levels. About two thirds of the genes take on reduced m6A methylation levels (Figure 4).




Figure 4 | The expression level of METTL14 and the m6A methylation level in HCT116 and FHC. (A) The expression level of METTL14. (B) The m6A methylation level (Hyper and Hypo: M6A methylation level, Up and Down: Gene expression level).



We analyzed the microarray results and selected all 1103 genes with reduced m6A methylation levels in HCT116 cells for KEGG and GO analysis. The results of GO analysis showed that these genes were significantly enriched in multiple immune functions, and the five functions with the highest enrichment were immune system process, immune response, immune effector process, activation of immune response, and regulation of immune response (Figure 5A). KEGG analysis showed that these genes were enriched in multiple immune-related signaling pathways, and the pathways with the highest enrichment were inflammatory mediator regulation of TRP channels, human T-cell leukemia virus-1 infection, Toll-like receptor signaling pathway, and natural killer cell mediated cytotoxicity. Enriched genes are highlighted in red in the figure (Figures 5B–F).




Figure 5 | METTL14 is a prognostic biomarker correlated with immune infiltration in rectal cancer. (A) GO analysis of the Arraystar Human m6A-mRNA Epitranscriptomic microarray data on the immunology. (B–F) KEGG analysis of the Arraystar Human m6A-mRNA Epitranscriptomic microarray data on the immunology (the enriched genes are highlighted in red in the signaling pathway map). (G–I) The expression level of METTL14 in the tissue array. (J) Log-rank survival analysis of METTL14 in the retrospective cohort.



To validate above findings in silico analysis, we conducted a retrospective study. There were 150 rectal cancer tissues and 150 adjacent nontumor tissues in our tissue bank, upon which immunohistochemistry staining for METTL14 was performed using tissue microarrays. We found that 69 patients had high METTL14 expression and 81 patients had low METTL14 expression. Compared with adjacent nontumor tissues, the expression levels of METTL14 protein in rectal cancer tissues significantly decreased (p < 0.0001), which was consistent with the results from the public database (Figures 5G–I). A retrospective cohort was performed, and the clinical information of 89 patients was collected. After follow-up, we conducted survival analysis of the cohort. The results showed that patients with high METTL14 expression had longer OS (p = 0.004), and Cox survival analysis identified the expression level of METTL14 as an independent prognostic factor of patients with rectal cancer. The HR value of the patients with high expression levels was 0.077, and the P value was 0.0164. Advanced clinical stages were associated with decreased survival time (HR: 8.392, p=0.0439), and age, gender, and differentiation level were not found to be statistically significant related to survival (Figure 5J and Table 2). At this time point, the median follow-up time was 30 months, and the median survival time was not yet reached. These results validate METTL14 as a positive prognostic marker in rectal cancer.


Table 2 | Multivariate Cox regression analysis of OS in Rectal Cancer.





Agnostic Analysis of METTL14

To investigate the correlation between clinical features and METTL14 expression level, in TCGA data set C, we analyzed the correlation between MSI status, TMB, neoantigen, k-Ras mutations and METTL14 expression level, and there was no statistically significant difference (Figures 6A–D). According to the results of IHC, the expression level of METTL14 were classified into a high expression group and a low expression group. We further conducted a multivariate logistics regression analysis in our validation cohort to quest for the relationship between age, gender, clinical stage, differentiation level, and METTL14 expression level (high expression group vs. low expression group), and no statistically significant differences were found (Table 3).




Figure 6 | The analysis of clinical feathers and DEGs in different METTL14 expression group. (A) The correlation between MSI status and METTL14. (B) The correlation between TMB and METTL14. (C) The correlation between K-RAS mutation status and METTL14. (D) The correlation between neoantigen and METTL14. (E) The DEGs of different groups of METTL14. (F) The GO analysis of DEGs. NS, not significant difference.




Table 3 | Multivariate logistics regression analysis of METTL14 expression in rectal cancer.



To further explore the mechanisms of METTL14, in TCGA (data set C), we performed DEG analysis for METTL14-High vs METTL14-Low groups and identified a total of 11214 DEGs. There were 1080 DEGs with Log FC >1 and P<0.05. GO analysis showed that the top 20 functions of these DEGs were mostly tied up with tumor-related functions and cell development-related functions (Figures 6E–F).

To further analyze the impact of the expression level of METTL14 on signal pathways, we used ssGSEA algorithm (24) and Oncobox library (oncoboxlib) (25) to compare PAL calculated from gene expression data between METTL14-High and METTL14-Low groups. The ssGSEA results showed that the top 20 activated pathways were basically tumor-related pathways, including immunity pathways (TGF-β), cell junctions pathway (adherens junction), and metabolism pathway (mTOR signaling pathway) (Figure 7A). The results in oncoboxlib included more than 3,000 signal pathways, which was different from ssGSEA. In METTL14-High group, the top 20 pathways with high PAL were primarily immune-related, migration-related and apoptosis-related pathways (Figure 7B). In METTL14-Low group, the top 20 pathways with high PAL were mainly related to the negative regulation of apoptosis, cell migration, and immunity (Figure 7C). Compared with ssGSEA algorithm, the results from oncoboxlib reflect the biological function of METTL14 more properly, which is consistent with the results of our clinical survival cohort. In sum, METTL14 is a good prognostic factor in rectal cancer.




Figure 7 | Pathway activation levels analysis in different groups of METTL14. (A) The top 20 pathways by ssGSEA analysis. (B) The top 20 pathways by oncoboxlib analysis in METTL14-High group. (C) The top 20 pathways by oncoboxlib analysis in METTL14-Low group.






Discussion

Notably, decreased METTL14 expression was found to be significantly correlated with poor prognosis in rectal cancer patients. Furthermore, our study indicates that the low expression of the m6A writer gene METTL14 in rectal cancer may lead to a decrease in m6A RNA modification, thus reducing the level of immune cell infiltration and resulting in poor prognosis. This mechanism for our findings needs further validation.

The analysis of the expression of m6A-related genes in rectal cancer showed that the expression levels of KIAA1429, METTL3, METTL16, and HNRNPA2B1 were higher and the expression levels of METTL14 and ALKBH5 in rectal cancer were significantly lower than those in normal tissues, showing that aberrant expression of m6A regulatory genes commonly occurs in rectal cancer.

Although many m6A-related genes were dysregulated in rectal cancer, only METTL14 was related to the prognosis of rectal cancer patients. The TCGA data sets and our retrospective cohort confirmed that METTL14 had a lower expression level in rectal cancer tissues than in normal adjacent tissues, and that patients with low METTL14 expression had shorter OS times than those with high METTL14 expression, which is consistent with previous study (29). Multivariate survival analysis (COX) of our cohort revealed METTL14 as an independent prognostic factor in rectal cancer patients. These findings strongly suggest that METTL14 is a prognostic biomarker in rectal cancer.

Immunogenomic analysis of over 10,000 tumors in TCGA data sets revealed that tumor immune landscapes differ greatly between and within cancer types (30, 31). CRC development is driven by Wnt/Myc hyperactivation, KRAS/BRAF mutation, genetic instability and accompanied by progressive immunosuppressive tumor microenvironment (TME) (32). CRCs have poor response to immune checkpoint inhibitors, expect for those with MMR deficiency or high levels of T-cell infiltration (32). Han D. et al. (12) reported that m6A-related genes can affect tumor progression through the tumor immune microenvironment, but their roles in rectal cancer remain unknown. Our data support a potential role of METTL14 in rectal cancer with increased antitumor immunity. Using the TIMER, GEPIA, and TISIDB databases, our results revealed the positive correlation of the expression level of METTL14 with the immune infiltration level in rectal cancer, including gene signature of CD8+ T cell, CD4+ T cell, B cell, DCs, macrophages, neutrophils and Th2, which were consistent in at least two databases mentioned above. It is well established that increased immune infiltration is conducive to more favorable prognosis in many types of cancers such as melanoma, head and neck, breast, bladder, urothelial, ovarian, renal, prostatic, lung, chordoma, and colorectal cancer (26, 33–35), and infiltrating immune cells mainly consist of the T lymphocyte family, such as CD8+ T cell and CD4+ T cell (36–39). In addition to T cells, B cells also play an important role in antitumor immunity. Some studies have shown that B cells, the key cells in the humoral immune response, can act on cells and molecules in the tumor microenvironment by producing antibodies, thus suppressing tumor progression. However, B cells can also inhibit antitumor immune responses by secreting some cytokines, resulting in poor prognosis (40). Therefore, B cells have a complex part in tumor immunity. DCs can process tumor antigens and present them to T cells, thus exerting antitumor effects. Some cancer vaccines are based on DCs (41, 42). Vyrynen JP et al. (43) found macrophage polarization rather than absolute overall density was associated with colorectal cancer mortality, with M1-like and M2-like macrophages showing opposite effects. Lu Y et. al (44) found CD16 expression on neutrophils in peripheral blood was a good prognostic marker for predicting efficacy of capecitabine in CRC patients. Increased Th2 populations correlated with longer survival in female patients with CRC (45). In conclusion, METTL14 may affect the clinical outcome of rectal cancer patients by regulating the immune infiltration level in the microenvironment.

We expanded our in silico analysis to examine the correlation of METLL14 expression with several classes of immune modulators. METTL14 expression showed a negative association with TGFβ1, which is known to promote tumor immune tolerance by upregulating PD1 expression on T cells (46). The expression level of TGF-βR1, the receptor of TGF-β1, was positively correlated with METTL14 expression, which might be explained by a compensatory increase caused by the decrease in TGF-β1 expression levels. Immunostimulators analysis revealed that METTL14 expression was positively correlated with the expression level of some immunostimulators, and TNFSF15 had the strongest correlation coefficient. Zhao et al. (47) found that TNFSF15 had great importance in the DC-involved Th9 differentiation process, and Th9 cells contributed to antitumor immunity. However, as an immunostimulator, TNFRSF25 had a negative correlation with METTL14 expression. TNFRSF25, also known as death receptor 3, is mainly expressed on the surface of T cells. Interestingly, TNFRSF25 plays a complex dual role in tumors: on the one hand, it binds to its ligand TL1A to activate T cells and inhibit tumor progression (48); on the other hand, through the PI3K/NF-kB pathway, it can reduce the apoptosis of colon cancer cells and promote tumor proliferation and metastasis (49).

Chemokine analysis showed that CCL family members, especially CCL23, showed strong negative correlation with METTL14 expression, whereas most CXCL family members, especially CXCL13, showed strong positive correlation. Hannah H. Yan et al. (50) found that CCL23 was mainly secreted by CD33+ myeloid cells and could act on the TGF-β signaling pathway together with CCL9 to promote the progression and metastasis of breast cancer. The role of CXCL13 in tumors is controversial. It can not only promote the invasion and metastasis of tumor cells, but also activate immune cells, increase the immune infiltration level in cancer, and inhibit tumor proliferation (51, 52). Chemokine receptor analysis showed that CCR5 had a weak positive correlation with METTL14 expression, and CCR10 had a negative correlation with METTL14 expression. CCR5 is widely involved in tumor proliferation and metastasis, and anti-CCR5 therapy has made some progress in various tumors (53), suggesting that CCR5 and METTL14 play the opposite role in cancer. However, due to the weak correlation (cor. = 0.202), their relationship needs further verification. Hao-yu Lin et al. (54) found that CCR10 promoted the metastasis and invasion of breast cancer through the ERK1/2/MMP-7 signaling pathway. In the CXCR family, CXCR3 had a negative correlation with METTL14. The role of CXCR3 in tumors is also under dispute. Some studies pointed out that CXCR3 promoted tumor proliferation and invasion through autocrine mechanisms, while other studies showed that CXCR3 inhibited tumor growth by promoting the differentiation of immune cells and activating immune cells (55).

The results of MHC analysis showed that all HLA family members and METTL14 were negatively correlated in terms of expression, and HLA-G had the highest correlation coefficient. HLA-G has been reported to be a key molecule in tumor immune tolerance and is associated with poor prognosis in cancer patients (56). TAPBP, a member of the TAP family, has the strongest negative correlation with METTL14. Inconsistent with our results, previous studies have shown that TAPBP participates in the antigen presentation pathway, mediates the immune process, and inhibits tumor proliferation (57), suggesting complex interaction mechanism between METTL14 and TAPBP. B2M was the only MHC gene that was significantly positively correlated with METTL14. Several studies have reported that the loss or mutation of the B2M gene was one reason for tumor immune escape. Considering that B2M loss is a mechanism for resistance to anti-PD-1 therapy, METTL14 may be associated with anti-PD-1 efficacy (58).

The expression level of METTL14 in rectal cancer varies according to molecular subtype. The chromosomal instability (CIN) subtype had a low expression level of METTL14, which was consistent with previous studies. CIN can cause tumor immune escape, drug resistance, and metastasis, leading to poor clinical outcomes (59).

In conclusion, the impact of METTL14 on the immune infiltration level of rectal cancer may be related to TGFβ1, TNFSF15, CCL23, CCR10, HLA-G, B2M, and CIN. These findings suggest an interesting possibility that METTL14 expression is associated with anti-PD-1 efficacy. Further studies are needed to determine the cause of reduced METTL14 expression, and how it contributes to suppressive immune TME through abovementioned mediators.

As an m6A writer gene (60), METTL14 may affect the survival of rectal cancer patients by downregulating m6A methylation levels. Human cell m6A-mRNA epitranscriptomic microarray analysis showed that m6A methylation levels of over 1,000 genes were reduced in rectal cancer cells. Further analysis showed that GO terms and pathways were significantly enriched in immune-related functions and pathways. In the human T-cell leukemia virus-1 infection signaling network, the TGF-β pathway, NF-kB pathway, TNF pathway, P53 pathway, and PI3K/AKT pathway were enriched, which was consistent with the results we mentioned earlier. Macrophages and mast cells are the main cells involved in the inflammatory mediator regulation of TRP channels, and T cells are the major activated cells in the Toll-like receptor signaling pathway, which is consistent with the infiltrating immune cells mentioned before. However, in the natural killer cell-mediated cytotoxicity signal network, we found that METTL14 was negatively correlated with the CD56 dim nature killer cell infiltration level; therefore, a negative regulatory relationship may exist between METTL14 and NK cells. Since the m6A microarray results are based on the single experiment, so the further validation is needed. Our research preliminarily explores the mechanism by which METTL14 regulates the immune infiltration of rectal cancer and provides inspiration for further research.

The mechanisms of METTL14’s role in rectal cancer are not only associated with immune system. The agnostic analysis between METTL14-High and METTL14-Low groups showed that besides immunity, the expression of METTL14 was also widely associated with cell apoptosis, adhesion, migration, and cell development process, suggesting that METTL14 plays a multifaceted role in rectal cancer, which needs further validation. Some studies have reported that METTL14 inhibited tumorigenicity, CRC cells growth, invasion, migration, and metastasis, which is consistent with our findings (61–63).



Conclusion

METTL14 expression level is an independent prognostic factor in rectal cancer and is positively correlated with the immune infiltration level. Furthermore, we identified METTL14 as a potential target for enhancing immunotherapy efficacy in rectal cancer.
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Skin cutaneous melanoma (SKCM) is a chronically malignant tumor with a high mortality rate. Pyroptosis, a kind of pro-inflammatory programmed cell death, has been linked to cancer in recent studies. However, the value of pyroptosis in the diagnosis and prognosis of SKCM is not clear. In this study, it was discovered that 20 pyroptosis-related genes (PRGs) differed in expression between SKCM and normal tissues, which were related to diagnosis and prognosis. Firstly, based on these genes, nine machine-learning algorithms were shown to perform well in constructing diagnostic classifiers, including K-Nearest Neighbor (KNN), logistic regression, Support Vector Machine (SVM), Artificial Neural Network (ANN), decision tree, random forest, XGBoost, LightGBM, and CatBoost. Secondly, the least absolute shrinkage and selection operator (LASSO) Cox regression analysis was applied and the prognostic model was constructed based on 9 PRGs. Subgroups in low and high risks determined by the prognostic model were shown to have different survival. Thirdly, functional enrichment analyses were performed by applying the gene set enrichment analysis (GSEA), and results suggested that the risk was related to immune response. In conclusion, the expression signatures of pyroptosis-related genes are effective and robust in the diagnosis and prognosis of SKCM, which is related to immunity.
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Introduction

Malignant skin cutaneous melanoma (SKCM) is a serious life-threatening disease, and the incidence rate of SKCM is rapidly increasing throughout the world (1, 2). SKCM lacks specific treatment other than early surgical resection, which leads to a poor prognosis and extremely high mortality (3). Although non-Caucasian populations are less likely to develop melanoma, the severity of SKCM in Africa, Asia, Central America, and South America has increased (4). Lack of prevention and early diagnosis programs may contribute to the increased prevalence of SKCM in these regions (5). Therefore, developing efficient diagnosis and prognosis methods is important for the treatment of SKCM.

Pyroptosis, or caspase 1-dependent cell death, also known as cellular inflammatory necrosis, is triggered by various pathological stimuli, such as microbial infections, stroke, heart attack, and cancer (6). The term pyroptosis was first proposed in 2001 from the Greek roots pyro, relating to fire or fever, and ptosis (to-sis) to denote a falling, to describe pro-inflammatory programmed cell death (7). In addition to apoptosis, ferroptosis, and autophagy, this newly discovered type of cell death has become a hot spot recently.

Pyroptosis is characterized by the rapid rupture of the plasma membrane and the release of pro-inflammatory intracellular contents. A canonical pathway of pyroptosis is triggered by the activation of inflammasomes which are cytoplasmic multi-protein platforms containing the nucleotide-binding oligomerization domain (NOD)-like receptor (NLR) family (8). Caspase-1 can be activated by inflammasomes, which leads to the cleavage of gasdermin D (GSDMD) and both the maturation and secretion of pro-inflammatory cytokines, such as IL-18 and IL-1B (9). Caspase-1-dependent plasma membrane pores dissipate cellular ion gradients, resulting in osmotic pressure increase, which leads to water influx and cell swelling (10). Ultimately, osmotic lysis occurs and inflammatory intracellular contents are released (10). Caspase-1 dependence is a defining feature of pyroptosis in which mediates cell lysis during pyroptosis and is not involved in apoptosis (11–13). Besides GSDMD, the plasma membrane pores formation can be executed by the cleavage of other gasdermin proteins, especially gasdermin E (GSDME) which can be cleaved by caspase-3 to trigger pyroptosis (14, 15).

The mechanism and functions of pyroptosis in tumor cells have been extensively studied, but its relationship to cancer prognosis has been ambiguous. This is because pyroptosis plays a dual role in cancer progression. On one hand, inducing pyroptosis may be a feasible method to kill tumor cells; on the other hand, as a type of pro-inflammatory death, pyroptosis can form a suitable microenvironment for tumor cell growth and thus promote tumor growth (16–20). In SKCM, aberrant expression of PRGs was associated with metastasis, invasion, and drug resistance, in addition to mediating melanoma cell death (20). Given the existing findings, it is likely that the impact of pyroptosis on the development of melanoma is bidirectional. As a result, the role of PRG expression in the diagnosis and prognosis of SKCM remains unclear. Studying the relationship between pyroptosis and clinical features of SKCM is helpful for its treatment, but the value of pyroptosis in the diagnosis and prognosis of SKCM has not been reported. Therefore, in this systematic study, classifiers were built through machine-learning algorithms to mine out the diagnosis value of pyroptosis-related genes (PRGs) in distinguishing between SKCM and normal tissue. Then a novel PRGs prognostic risk signature in SKCM was constructed for survival predicting. Besides, prognostic risk-related phenotypes were analyzed. Thus, this study provides a novel understanding of the role of pyroptosis in SKCM and suggests that PRG signatures have the potential to diagnose and predict the prognosis.



Materials and Methods


Data Collection

The study design and grouping are shown in Figure 1. Transcriptome profiles and clinical data in SKCM patients were collected in the database of The Cancer Genome Atlas (TCGA) -SKCM (18th December 2019. https://portal.gdc.cancer.gov/) and Gene Expression Omnibus (GEO. https://www.ncbi.nlm.nih.gov/geo/) including GSE54467, GSE65904, GSE98394, and GSE112509 (21–25). Transcriptome profiles in normal skin tissues were collected in the database of Genotype-Tissue Expression Project (GTEx-SKIN. https://gtexportal.org/home/). The RNA-seq data in TCGA-SKCM, GSE98394, GSE112509, and GTEx-SKIN were converted to Transcripts per Kilobase Million (TPM) format. The microarray data in GSE54467 and GSE65904 were normalized by using the R package “limma”. Repeat values were averaged and missing values were removed. The RNA-seq data in TCGA-SKCM and GTEx-SKIN were merged and normalized by using the R package “limma”.




Figure 1 | The flowchart of the overall procedures. This flowchart illustrates the process of data collection and analyses for diagnostic and prognostic studies.





Identification of Differentially Expressed Genes

Twenty PRGs (listed in Table S1) were retrieved in the GeneCards database (8th January 2020. https://www.genecards.org/) by the keyword “pyroptosis” and verified in several reviews (26–29). The “limma” package was used to identify differentially expressed genes (DEGs) between SKCM and normal tissues with the FDR-adjusted p-value, i.e. the q-value < 0.1. The correlation of DEGs was analyzed and demonstrated by using the R package “corrplot”. The significance of relationships between OS and the DEGs in TCGA-SKCM was determined using univariate Cox regression analysis and the q-value < 0.1 was chosen as the criteria, which was carried out by using the “survival” R package. A protein-protein interaction (PPI) network for the DEGs was obtained from Search Tool for the Retrieval of Interacting Genes (STRING v11.0, https://string-db.org/).



Construction and Evaluation of PRGs-Based Classifiers for SKCM Diagnosis

Data from GSE98394 were randomly divided into a training set and a testing set according to 7:3. Data from the training set were used to train the classifiers respectively based on the K-Nearest Neighbor (KNN), logistic regression, Support Vector Machine (SVM), Artificial Neural Network (ANN), decision tree, random forest, XGBoost, LightGBM, and CatBoost via following Python packages: Scikit-learn (sklearn) v0.23.2, XGBoost v1.3.3, LightGBM v3.1.1, and CatBoost v0.24.4 (30–33).

The “sklearn.metrics” Python package was used to evaluate the PRGs-based classifiers, and the “matplotlib” Python package was used to plot the receiver operating characteristic (ROC) curves. Besides the area under ROC curves (AUC), accuracy, precision (also known as positive predictive value), recall (also known as sensitivity), and F1 score were calculated to evaluate the prediction performance of the models by using the “sklearn.metrics” Python package. To assess the quality of the models, the Gini index and Kolmogorov–Smirnov (KS) value were calculated according to the methods described previously (34).

Data from the testing set were used to perform internal evaluations and parameter tuning. Major parameters used in the above algorithms are listed in Table S2. For external evaluations, data from TCGA-SKCM & GTEx-SKIN (validation 1 set) and GSE112509 (validation 2 set) were used. Data from each group were normalized by employing the “StandardScaler” function from the “sklearn.preprocessing” Python package before training and evaluations.



Consensus Clustering Analysis of PRGs

To classify the SKCM by consensus clustering, R packages “limma” and “ConsensusClusterPlus” were used. The “prcomp” function in the “stats” R package was used to conduct principal component analysis (PCA) based on the clusters. The correlations between clusters and clinical characteristics, including overall survival (OS), were analyzed by employing the chi-square test and R package “survival”. The results were presented by heat maps and Kaplan-Meier (KM) curves via R packages “pheatmap”,”survival”, and “survminer”.



Construction of PRGs-Based SKCM Prognostic Model

The least absolute shrinkage and selection operator (LASSO) Cox regression analysis was performed by using the R package “glmnet” to narrow down the candidate genes and to develop the prognostic model. The penalty parameter (λ) was determined by the minimum parameters. The risk scores were calculated using the following equations:

	

where Coef is the coefficient and Exp is the expression level of every retained gene. Data from TCGA-SKCM were randomly divided into a training set and a testing set according to 7:3. The risk score was calculated by using the data from the training set. Data from the testing set was used for the internal evaluation. Data from GSE54467 and GSE65904 were merged and normalized as a validation set by using the R package “limma” for the external evaluation. The R packages “survival” and “survminer” was employed to perform KM analyses. The R package “survivalROC” was employed to perform 3- and 5- year ROC analysis.

The correlation between subgroups and clinical characteristics in TCGA-SKCM was analyzed by employing the chi-square test and presented by heat map. The relationship and independence of the clinical factors and the risk score calculated from the prognostic model were determined using univariate and multivariate Cox regression analyses, which were carried out by using the “survival” R package.



Gene Sets Enrichment Analysis

The DEGs (|log2FC| ≥ 1 and FDR < 0.05) between the low- and high-risk subgroups in TCGA-SKCM were filtered, which was carried out with the Gene Ontology (GO) analysis by using the “clusterProfiler” R package. Besides, gene set enrichment analysis (GSEA) was used in TCGA-SKCM to identify the biological processes that were significantly alerted between the high-risk and low-risk subgroups (35, 36). The Java GSEA software (version 4.0.1) was employed and the gene set “c2.cp.kegg.v7.4.symbols.gmt” from the database of Kyoto Encyclopedia of Genes and Genomes (KEGG) was chosen as the reference (37–39). Biological processes with the normalized p < 0.05 and the false discovery rate (FDR) q value < 0.05 were considered as statistically significant. The top biological processes that had been altered were chosen based on a ranking of normalized enrichment ratings (NES).



Immune Infiltration Analysis

Transcriptome data from TCGA-SKCM was transformed into the total abundance of immune cells by utilizing the Cell-type Identification by Estimating Relative Subsets of RNA Transcripts (CIBERSORT) analysis with the “CIBERSORT” R package (40, 41). Patients were divided into low- and high-infiltration subgroups according to the median level. Tumor IMmune Estimation Resource 2.0 (TIMER2.0, http://timer.cistrome.org/) was employed to analyze the correlation between the immune infiltration and OS in SKCM (42–44).



Statistical Analyses

Wilcoxon test was applied to compare the gene expression levels between the normal skin and SKCM tissues and the immune infiltration levels between subgroups. The two-sided log-rank test was used to compare the OS between subgroups. Other statistical methods are specifically described above. All statistical analyses were accomplished with R (v3.6.2) and Anaconda 3 (Python v3.8.5).




Results


Identification of Differentially Expressed PRGs Between Normal Skin and SKCM Tissues

Expression levels of 20 PRGs were compared between 557 normal and 471 tumor tissues from GTEx-SKIN and TCGA-SKCM data. It was observed that all the 20 PRGs were significantly differentially expressed (all q-value < 0.1. Figure 2A and Figure S1A). Among them, 11 genes (CASP1, PYCARD, APIP, FOXO3, IL18, GSDMA, GSDMC, CASP4, GSDMB, NLRP1, and NAIP) were downregulated while 9 genes (NLRP9, DHX9, CASP3, NLRC4, AIM2, NLRP3, IL1B, GSDME, and GSDMD) were upregulated in tumor tissues. In addition, 13 genes showed significant associations with OS (Figure 2B). Among them, 11 genes were protecting factors (hazard ratio < 1) and 2 genes were risk factors (hazard ratio > 1).




Figure 2 | Expressions and the associations with OS of the 20 PRGs. (A) Violin plot of PRGs between the normal (blue) and the tumor tissues (red). q, FDR-adjusted p-value. (B) Significance and hazard ratio (95% CI) values of OS-related PRGs in univariate Cox regression. CI, confidence interval. q, FDR-adjusted p-value. (C) PPI network showing the interactions of the PRGs (interaction score = 0.9). The bottom boxes show the types of interactions.



To further explore the interactions of these PRGs, PPI and expression correlation analysis were performed (Figure 2C and Figure S1B). The minimum required interaction score for the PPI analysis was set at 0.9 (the highest confidence). The results suggested that CASP1, CASP3, GSDMD, NLRP3, PYCARD, AIM2, and NLRC4 play central roles in the pyroptosis process of SKCM. The Human Protein Atlas (www.proteinatlas.org) was used to retrieve immunohistochemistry staining images of proteins encoded by PRGs in SKCM, showing cellular sublocalization of these molecules (Figure S2). It can be seen that several widely reported pyroptosis-related proteins were in high levels, including AIM2, CASP1, CASP3, GSDMD, and GSDME, which indicate that pyroptosis occurred in a large part of SKCM tissues.



Diagnosis Value of PRGs-Based Classifiers in SKCM

Given the significant difference in PRG expression between normal and tumor tissues, it was hypothesized that PRGs can be used to diagnose SKCM. To verify this hypothesis, nine commonly used machine-learning algorithms were used to construct diagnostic classifiers, including KNN, logistic regression, SVM, ANN, decision tree, random forest, XGBoost, LightGBM, and CatBoost. Data from GSE98394 that contains primary melanoma and common acquired nevi were randomly divided into a training set and a testing set according to 7:3. Respectively, classifiers based on the above algorithms were trained by using the RNA-seq data in the training set. The testing set was designed to perform internal evaluations. As expected, RNA-seq data of PRGs were suitable for building the SKCM diagnostic classifiers, because of the high accuracy in the training and testing set (Table 1, Table S4, and Figure 3J).


Table 1 | Evaluation parameters of classifiers in different datasets.






Figure 3 | Performance evaluations of diagnostic classifiers based on 9 algorithms. (A–I) ROC curves for evaluating the predictive performance of the diagnostic models respectively based on K-Nearest Neighbor (A), logistic regression (B), Support Vector Machine (C), Artificial Neural Network (D), decision tree (E), random forest (F), XGBoost (G), LightGBM (H), and CatBoost (I). Data from GSE98394 were randomly divided into a training set (not shown due to the AUCs were extremely close to 1.0 in all classifiers) and a testing set (blue line) according to 7:3. Validation 1: the combination of TCGA-SKCM & GTEx-SKIN (red line). Validation 2: GSE112509 (green line). (J) Columns showing the accuracy (%) of each classifier in different datasets. (K) Columns showing the F1 score of each classifier in different datasets. (L) Columns showing the Gini index of each classifier in different datasets. (M) Columns showing the KS value of each classifier in different datasets.



In addition to the accuracy, ROC curves were used to evaluate the sensitivity and specificity of the classifiers. In the testing set, except for the poor performance of the decision tree, the AUC values of the other eight algorithms were all higher than 0.900 (Table 1). This suggests that PRGs had a very high capacity to distinguish between normal and tumor samples in a single study (GSE98394). To verify the performance of these classifiers in out-of-sample data with different sample sizes and levels of balance, two external validation sets were used to perform ROC analysis. In the validation set 1 (TCGA-SKCM & GTEx-SKIN) with a relatively larger and more balanced sample size (the numbers of melanoma and normal skin samples are 471 and 557), all classifiers performed well (Figures 3A–I, red line). Furthermore, except for KNN and decision tree, classifiers based on the other seven algorithms worked well in the validation set 2 (GSE112509) with a relatively smaller and unbalanced sample size (the numbers of melanoma and normal nevi samples are 57 and 23) (Figures 3A–I, green line).

In order to further evaluate the classifiers, precision, recall and F1 score were calculated and the results were consistent with the ROC analysis (Table 1 and Figure 3K). Moreover, the Gini index and KS value were estimated to confirm the results (Table 1, and Figures 3L, M). Commonly, when these parameters are close to 1.000, it indicates that the classifier has a strong ability to distinguish. Besides, the classifier is robust when the difference of these parameters among datasets is minimal. Considering all the evaluation parameters, it was found that ANN is the most suitable algorithm to construct the diagnostic model based on PRGs in this study, while logistic regression, random forest, and SVM also performed well, which suggests that the expression signature of PRGs has a high diagnostic benefit in SKCM.



Identification of SKCM Clusters Using Consensus Clustering

In order to investigate the therapeutic utility of PRGs, we attempted to divide the SKCM samples into clusters depending on gene expression patterns (Figure S3). The number of clusters was represented by the letter “k”. The empirical CDF was plotted to determine the optimum k value for the sample distribution to reach maximal stability (Figure S3A, B). Consensus matrices showed that, with k = 2, patients in TCGA-SKCM could be divided into two distinct and non-overlapping clusters, which was verified by the PCA (Figure S3C and Figure 4A). It was observed that there are significant differences in OS and the stage of SKCM (Figures 4B, C). As shown in Figure 4B, cluster 2 had a significantly poorer OS than cluster 1 (HR = 1.74).




Figure 4 | Consensus clustering analysis of PRGs. (A) PCA plot for clusters. (B) KM curves showing the OS of cluster 1 (blue) and cluster 2 (red). HR, hazard ratio. CI, confidence interval. (C) Heatmap and the clinical characters of the two clusters (T, N, and M are the tumor node metastasis classification) (*p < 0.05).





Prognostic Value of PRGs Expression Signature in SKCM

Cox regression analysis was used to evaluate the correlations between each PRG and survival status to assess the prognostic value of PRGs expression signature. Data from TCGA-SKCM were randomly divided into a training set and a testing set according to 7:3. To narrow down the candidate genes and construct the prognostic model, the LASSO Cox regression model was used in the training set. Nine genes and their coefficients (Table 2) were eventually preserved, and the penalty parameter (λ) was determined by the minimum parameters (Figures 5A, B). Data from GSE54467 and GSE65904 were merged and normalized as a validation set for the external evaluation. The risk scores in the test and validation sets were calculated by the same equation obtained from the training set (Figure S4).


Table 2 | Coefficients in the LASSO Cox regression model.






Figure 5 | Construction of the PRGs-based prognostic model. (A) LASSO regression of the 7 OS-related genes. (B) Cross-validation for tuning the parameter in the LASSO regression. (C–H) KM curves showing the OS of the low- (blue) and high- (red) risk subgroups. ROC curves demonstrated the predictive efficiency of the risk score for 3- and 5-year survival. Data from TCGA-SKCM were randomly divided into a training set (C, D) and a testing set (E, F) according to 7:3. GSE54467 and GSE65904 were merged as the validation set (G, H). HR, hazard ratio. CI, confidence interval.



According to the median risk score, patients in the training set were divided into low- and high-risk subgroups, and a significant difference in OS was observed via the KM survival analysis (Figure 5C). The lifespan of patients in the high-risk subgroup was shorter than those in the low-risk subgroup. The sensitivity and specificity of the prognostic model were determined using the time-dependent ROC analysis, and the AUC was 0.640 for 3-year survival and 0.711 for 5-year survival, respectively (Figure 5D). Furthermore, patients in the test and validation sets were also divided according to the median risk score. The OS and ROC analyses of these two subgroups showed similar results to the training set (Figures 5E–H).

In addition, significant differences in the tumor stage were observed between low-and high-risk subgroups, such as more stage-IV and fewer T1 samples in the high-risk subgroup (Figure 6A). This observation led us to wonder whether the risk score could function as an independent prognostic factor in SKCM. To prove this hypothesis, univariate and multivariable Cox regression analyses were performed. Firstly, univariate Cox regression analysis revealed that the risk score was certainly related to prognosis, with the greater the risk score, the poorer the prognosis (HR = 2.470, p < 0.001. Figure 6B). Secondly, multivariable Cox regression analysis showed that the risk score is an independent prognostic risk factor (HR=2.078, p < 0.001. Figure 6C). These results suggest that the PRGs-based prognostic model is robust and independent in predicting the prognosis of SKCM.




Figure 6 | Univariate and multivariate Cox regression analyses for the risk score. (A) Heatmap and the clinical characters of low- and high-risk subgroups (T, N, and M are the tumor node metastasis classification) (*p < 0.05, ***p < 0.001). (B, C) Univariate (B) and multivariate (C) Cox regression analyses showing the significance and hazard ratio values of risk score and clinical characters. CI, confidence interval.





Identification of the Prognostic Model-Related Biological Processes

It is meaningful to figure out what biological processes were influenced by the prognostic risk model to make them predictive. To answer this question, functional enrichment analyses were performed. Firstly, GO enrichment was employed to analyze the DEGs between the low- and high-risk subgroups. It was observed that genes related to immune cell activation and proliferation had different expression levels (Figure 7A). Secondly, to further verify this observation, GSEA was utilized to find enriched pathways in the KEGG database. Results showed that 53 gene sets were significantly upregulated in the low-risk subgroup (normalized p < 0.05 and FDR q < 0.05) but no gene set was significantly upregulated in the high-risk subgroup (Table S7). Interestingly, it was observed that the most enriched biological processes in the low-risk subgroup were closely associated with immune responses (Table S7 and Figures 7B–G), including the chemokine signaling pathway (NES = 2.566), Toll-like receptor signaling pathway (NES = 2.507), leukocyte transendothelial migration (NES = 2.488), T cell receptor signaling pathway (NES = 2.423), cytokine-cytokine receptor interaction (NES = 2.402), NK cell-mediated cytotoxicity (NES = 2.238), etc. These results proved that the PRGs-based prognostic risk model is related to immune responses. Based on these findings, we proposed that the effects of PRGs on predicting the prognosis of SKCM could be related to the immune microenvironment. CIBERSORT was employed to estimate the immune cell component in SKCM tissues. The proportion of 22 human immune cell subpopulations, including naive and memory B cells, plasma cells, seven T cell types, NK cells, and myeloid subsets, was assessed. Results suggested that fractions of activated CD4+ memory T cells, γδ T cells, and M1 macrophages were significantly higher in the low-risk subgroup, whereas the high-risk subgroup had a higher fraction of M2 macrophages (Figures S5, S6). In addition, we retrieved the relationship between immune cell infiltration and cumulative survival with Timer2.0 (Figures S6B–E). Interestingly, only the contents of macrophages showed significant associations with survival, where the high level of M1 macrophages or the low level of M2 macrophages indicated better survival (Figures S6D, E). Inflammation can be regulated by various types of tumor-associated macrophages (45). These findings suggest that, in the PRGs-based prognostic model, high-risk patients have less pro-inflammatory M1 macrophages and more anti-inflammatory M2 macrophages than low-risk patients, eventually resulting in a worse prognosis.




Figure 7 | Functional enrichment analyses. (A) Bubble graph for GO enrichment (the bigger bubble means the more genes enriched, and the increasing depth of red means the differences were more significant). (B–G) Representative enrichment plots generated by GSEA reveal that the low risk was significantly associated with chemokine signaling pathway (B), Toll-like receptor signaling pathway (C), leukocyte transendothelial migration (D), T cell receptor signaling pathway (E), cytokine-cytokine receptor interaction (F), NK cell-mediated cytotoxicity (G).





Identification of Risk-Related Genes

Since PRGs have been shown to have prognostic significance, identifying risk-related genes would aid in further research into the function of pyroptosis in SCKM. The correlation of the prognostic risk score and the expression level of each gene was analyzed by Pearson’s correlation analysis to screen the most relevant genes. Genes with the p < 0.05 and the absolute value of Pearson Correlation Coefficient (|Cor|) ≥ 0.6 were considered as the strong-correlated genes (Table S8). Among them, the most relevant gene is NLRC4 which is also a component of the prognostic model. Respectively, KM survival analyses were performed for each gene with the p < 0.05 and |Cor| ≥ 0.7 (Figures 8A–F). It was observed that all the six most relevant genes were significantly associated with survival, and higher expression means longer lifespan (Figures 8G–L). These results imply that these genes may be involved in the pyroptosis of SKCM and function as protectors to patients.




Figure 8 | Identification of risk-related genes. (A–F) Representative results of correlation analysis between the risk score and each gene in SKCM. Cor: correlation coefficient. (G–L) KM curves showing the relationship between the six most relevant genes and OS. HR, hazard ratio. CI, confidence interval.






Discussion

Since pyroptosis may be a double-edged sword for cancer patients, the most straightforward and concrete way to explain its importance is to develop pyroptosis-related prognostic and diagnostic models. The mRNA levels of 20 PRGs were investigated in SKCM and normal tissues in this study, and it was discovered that they were all differentially expressed. The significance of these genes related to the survival of patients was studied. Several genes that were highly expressed in SKCM and lowly expressed in normal skin tissues, but those genes were shown to be associated with a better prognosis, such as GSDMD and NLRC4, which is consistent with previous findings (46). Furthermore, diagnosis by a single gene is difficult and inaccurate. So it seems that a single PRG is unreliable for SKCM diagnosis and predicting the prognosis. This has inspired us to explore the diagnostic and prognostic value of pyroptosis by using a multi-PRG signature.

First of all, we established the SKCM-normal classifiers based on nine commonly used algorithms. Although there was little overfitting, the classifiers still had reasonable generalization ability and classification performance, especially classifiers based on the ANN, logistic regression, random forest, and SVM. Except for the decision tree, classifiers constructed from other tree-based algorithms (random forest, XGBoost, LightGBM, and Catboost) also had excellent performance. It’s worth noting that differences in immune infiltration and phenotypic patterns may lead to differences in diagnostic model performance between validation set 1 and 2, although these models performed well in these datasets. Since the PRG signature had the potential to diagnose SKCM but performed differently across the datasets, it is critical to collect more training samples and further tune parameters for the advancement of this SKCM diagnostic method. Clinically, because the PRGs-based classifiers were constructed using a dataset containing benign nevi and melanoma (GSE98394), and it was validated in datasets containing normal skin tissue (GTEx-SKIN) and benign nevi (GSE112509), they have the potential to provide a novel approach for distinguishing between malignant melanoma and benign nevus.

Secondly, we proved that PRGs expression signature has prognostic value in SKCM. To verify the hypothesis, it was found that PRGs could cluster SKCM patients, and patients in different clusters have different clinical outcomes. This suggested that the occurrence of pyroptosis in tumor tissues may be different in SKCM patients, which led to a different OS. Then we constructed a 9-gene prognostic risk model via LASSO Cox regression analysis, and patients in different risk subgroups had different OS, which was then validated to perform well in the external datasets.

Through the enrichment analysis of biological processes for different risk subgroups, it was found that there were significant differences in immune-related signaling pathways, which is in line with our expectations. Because the process of pyroptosis can lead to the secretion of many inflammatory cytokines, and it is also the result of inflammasome activation (6, 29). Interestingly, in addition to the representative results shown in Figure 7, we also found several signaling pathways associated with immunological rejection and autoimmune-related diseases including Type 1 diabetes. This may be due to the fact that certain patients have been treated with immune checkpoint therapy, such as ipilimumab (47, 48). While our study centered on melanoma, the importance of pyroptosis in immune checkpoint and autoimmune diseases deserves more investigation. In addition to immune checkpoint therapy, some commonly used melanoma-targeting drugs, including BRAF and MEK inhibitors, also affect the immune microenvironment through pyroptosis (49). Therefore, we hypothesize that patients will benefit from these drugs, and their curative efficacy can be monitored by PRGs-based risk score to guide the treatment.

Furthermore, pyroptosis was firstly discovered in the infectious pathogenic bacteria Shigella and Salmonella, which induced lytic cell death in macrophages by activating caspase-1 through secreted effector proteins SipB and IpaB, respectively (50, 51). As for SKCM, circulating macrophages are selectively recruited into tumors during tumor development, where they modify the tumor microenvironment. In response to numerous microenvironmental signals produced by tumor and stromal cells, macrophages change their functional phenotypes including M1 and M2. On one hand, M1 macrophages participate in the inflammatory response, pathogen clearance, and antitumor immunity. M1 macrophages have high levels of the main histocompatibility complex class I (MHC1) and class II (MHC2) molecules, which are needed for tumor-specific antigen presentation. As a result, M1 macrophages play an important role in the inflammatory response as well as antitumor immunity. On the other hand, the M2 macrophages influence the anti-inflammatory response, wound healing, and pro-tumorigenic properties. Tumor-associated macrophages (TAMs) are M2-polarized macrophages that are important modulators of the tumor microenvironment to accelerate tumor progression (52). Coincidentally, by analyzing the fraction and types of immune cells in the microenvironment, we found that M1 and M2 macrophages were different between low- and high-risk subgroups (Figure S6). Nevertheless, it is crucial to emphasize that using bulk sequencing in tissues to estimate the immune infiltration is imprecise, so that further research on the relationship between pyroptosis and TAM in melanoma tissues, as well as their relevance to patient outcomes, is worth discussing in future works.

There could be many complicating factors that drive the variations in gene expression among different tissues, especially the expression of PRGs and inflammation-related genes, including the percentage of immune cell infiltration and the differentiation status of melanoma (49, 53). Although these factors did not affect the use of PRG expression signature to diagnose and predict the prognosis of SKCM, the links between pyroptosis and immune cell infiltration, the differentiation status of SKCM, and other factors are interesting to investigate, which may provide novel inspirations to predict the diagnosis and prognosis of SKCM. To determine whether samples with either high or low PRGs is related to immune cell contamination, we investigated if critical PRGs were linked to the expression of inflammatory components. Firstly, it was reported that GSDME who can be activated by Caspase 3 to mediate pyroptosis is expressed in the majority of melanomas (Figure 2A and Figure S2) (16). Thus, CIBERSORT was utilized to analyze the TCGA-SKCM dataset and it was observed that the expression level of GSDME was not significantly related to immune invasion (data not shown), which indicated that the presence of GSDME may not be caused by immune cell contamination. Secondly, it was found that, compared with the canonical Caspase 1-mediated pyroptosis pathway, the expression level of Casp3 was highly correlated with the expression levels of some inflammasomes and inflammatory cytokine-related genes (Figure S1B). Taken together, it was indicated that a number of melanoma cells underwent Casp3/GSDME pathway-mediated pyroptosis and hence generated inflammatory cytokines to recruit immune cells. In addition, much more research will be required in the future to fully understand how the PRG-related prognostic and diagnostic models work.

Finally, we analyzed genes associated with risk scores. In particular, NLRC4 was the most associated gene with the risk score, even though it was one component of the prognostic model. This suggests that NLRC4 inflammasomes may be more involved in SKCM. The risk score can be estimated using the expression level of a single NLRC4 gene since it is associated with OS in SKCM (Figure 8G). Furthermore, it was reported that Nlrc4-/- mice were shown to have increased tumor development when injected subcutaneously with mouse B16F10 melanoma (54). Therefore, the impairment of NLRC4 inflammasome in melanoma cells and the function in pyroptosis are worth further study.

In decades, there have been many studies on data mining and modeling based on gene expression profiles and clinical outcomes of melanoma patients, which can provide reliable models for the diagnosis and prognosis of melanoma (55–58). Compared with these studies, we used candidate genes to establish diagnostic and prognostic models in one study, which proved that PRGs were significantly valuable for the diagnosis and prognosis of SKCM. In terms of diagnostic models, we employed a variety of traditional algorithms and compared their effectiveness. In future works, we will refer to previous reports to discuss the potential of these models in predicting the metastasis of melanoma (55). As for the prognosis of SKCM, we solely selected the mRNA levels of the protein-coding PRGs to establish the prognostic model. Although there were still some gaps with some models based on other genes, the results suggested that PRGs had an effective prognostic performance in SKCM (56). In addition to transcriptome data that can be used for these analyses, we hypothesize that other omics data, such as proteome and metabolome, can be used similarly for tumor diagnosis and prognosis.

In conclusion, our study showed 20 PRGs differentially expressed between SKCM and normal tissues, and their association with diagnosis and prognosis. Then we showed that these genes can be used to distinguish between normal and SKCM tissues. Furthermore, the risk score derived from the prognostic model based on 9 PRGs was an independent risk factor for predicting SKCM prognosis, which was found to be related to the immune microenvironment.
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Exosomal miRNAs (EmiRs) can be used for prediction of gastric cancer (GC) development. Supposedly, both plasma and urinary microRNAs can also be potential biomarkers for screening, but the diagnostic values of EmiRs in blood and urine are not fully studied. We here collected both types of samples from GC patients and healthy individuals and conducted miRNA sequencing to identify key members of EmiRs in GC. The exosomes samples derived from blood and urine were collected from 3 healthy individuals and 7 GC patients. Differentially expressed miRNAs (DEmiRNAs) were acquired, ontology enrichment analysis and Protein-protein Interaction (PPI) enrichment analysis were performed. There were 8 DEmiRNAs in the serum and 3 DEmiRNAs in the urine. For GC patients, there were three up-regulated DEmiRNAs (hsa-miR-130b-3p, hsa-miR-151a-3p and hsa-miR-15b-3p) in the serum exosomes, and one up-regulated DEmiRNA (hsa-miR-1246) in the urinary exosomes. Using miRNA target prediction databases, we found 418 common targets of hsa-miR-15b-3p, 35 common targets of hsa-miR-151a-3p, 117 common targets of hsa-miR-130b-3p, and 357 common targets of hsa-miR-1246. Some commonly enriched ontology terms were found, including GO BP terms like cell surface receptor signaling pathway involved in cell-cell signaling, positive regulation of catabolic process, morphogenesis of an epithelium, and GO CC terms perinuclear region of cytoplasm. The PPI network show some key nodes, including TAOK1, CMTM6, SCN3A, WASF3, IGF1, CNOT7, GABRG1, PRKD1. Together, this study provided an integrative analysis of expression profile of key circulating exosomal microRNAs. Four key exosomal miRNAs (hsa-miR-130b-3p, hsa-miR-151a-3p and hsa-miR-15b-3p) and the interaction network or enrichments based on their targets (TAOK1, CMTM6, SCN3A, WASF3, IGF1, CNOT7, GABRG1, PRKD1) may provide a reference of the molecular mechanisms in the GC development.
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Introduction

Gastric cancer (GC) is the fourth most common malignance worldwide (1). An exact detection based on GC biomarkers has a high clinical significance. For GC patients, the exosomal microRNA (miRNA or miR) may have potential clinical application value in diagnosis and status evaluation (2, 3). MicroRNA is a short-chain noncoding RNA molecule (around 22 nucleotides in length). It regulates protein expression of a particular mRNA (by incomplete base pairing), causing inhibition of protein translation of its target genes. Exosomes are a subset of extracellular vesicles containing a variety of bioactive molecules including proteins, lipids, and RNAs. It can play a role in intercellular crosstalk. During tumor development, exosomes can facilitate construction of the specific microenvironment; besides, it strongly affects the occurrence, metastasis, and even drug resistance. Tumor secreted exosomes are sharply different among cancers, and between healthy individuals vs. cancer patients. Theoretically, the contents of exosomes include different tumor-related biomarkers. Commonly, previous studies observed the samples of plasma exosomal miRNAs (EmiRs) for prediction of GC development, progression, and treatment outcomes. Although the development of new biomarkers in blood tests has shown great potential, limited reports have applied multi-biomarkers based on the strategy of exosomal miRNA detection. Supposedly, urinary microRNA can also be a potential biomarker for tumor screening. For example, a lower urine level of miR-30a-5p was found in gastric cancer and colon carcinoma patients when compared to ovarian serous adenocarcinoma, and urinary miR-30a-5p from ovarian cancer patients was notably reduced following the surgical removal of ovarian serous adenocarcinoma (4). However, the diagnostic value of EmiRs in urine for GC is unknown, and that of plasma EmiRs is also not fully studied. We here collected both plasma samples and urine samples from GC patients and healthy control individuals for miRNA sequencing, and some key members were identified.



Methods


Exosomal miRNA Sequencing

The exosomes samples derived from blood and urine were collected from 3 healthy individuals and 7 GC patients (Stage I-II), including 6 blood samples (3 GC vs 3 controls) and 10 urine samples (7 GC vs 3 controls). The median age of the 7 patients was 52 years, and that of the healthy controls was 45 years. All GC patients were confirmed by histopathology. The frozen samples were thawed and centrifuged at 2000 g for 30 min to remove cells/debris. Next, 0.2 volumes of the Total Exosome Isolation reagent (Thermo Fisher, Inc.) were added, the solution was thoroughly mixed and incubated for 30 min at 4°C. Next, the samples were centrifuged at 10000 g for 10 min and the exosome pellet was resuspended in PBS. Next, the exosome-derived RNA was extracted from exosomes using the Total Exosome RNA and Protein Isolation Kit, the total amount of RNA was detected. Subsequently, the Illumina NextSeq 500 SE50 (20M) sequencing was performed. After sequencing, the FastQ-format data were stored and cleaned for further analysis.



Differential miRNAs Analysis

First, miRNA expression was analyzed by miRExpress (http://mirexpress.mbc.nctu.edu.tw), which works based on the miRNA database (http://www.mirbase.org) for quantitative analysis of miRNA. After the second-generation sequencing raw data in FastQ format are imported, the software compares the data with the known miRNA sequence in miRBase and then acquires the read count of the same sequence fragments as Counts, which is used to measure the miRNA levels in a sample. According to the grouping information, the sample expression data was imported into the edgeR R package to compare the expression differences between samples. The Fold Change and p-value were obtained. Then, according to the threshold of p-value<0.05 and Log(Foldchange) >2 or <-2, the DEmiRNAs was acquired. The volcanic plots were produced to present DEmiRNAs using the ggplot2 R package. And a principal component analysis (PCA) was performed using the ggfortify R package based on all detected miRNA levels.



Expression Analysis of DEmiRNAs in TCGA and EVmiRNA

Exosomal miRNAs that are up-regulated in the urine or blood exosomes of tumor patients have potential clinical applications, so the differential miRNAs obtained from screening were subjected to expression analysis. From the Cancer Genome Atlas (https://portal.gdc.cancer.gov/) and EVmiRNA (http://bioinfo.life.hust.edu.cn/EVmiRNA#!/) databases, the raw count of tumor and exosomal miRNA expression data were obtained. And box plots were drawn by ggplot2 R software.



Prognostic Analysis of DEmiRNAs in TCGA

Corresponding clinical information were obtained from The TCGA dataset. High and low expression of miRNAs was defined with the median. For the Kaplan-Meier curve, the p value and the hazard ratio (HR) with 95% confidence interval (CI) are obtained by logrank test and univariate Cox proportional hazard regression. p<0.05 was considered statistically significant. And p < 0.05 was considered as statistically significant.



Target Prediction of the DEmiRNAs

First, we focused on the up-regulated DEmiRNAs which may be encapsulated in circulating exosomes. The mRNAs potentially targeted by these miRNAs were predicted using both miRDB and Targetscan databases. When the intersection of two databases regarding the targets of each up-regulated DE-miR was acquired, the overlap set of mRNAs were further used for enrichment analysis.



Predicted Target Gene Enrichment Analysis

The Metascape gene list analysis online tool was used for enrichment analysis of the predicted target genes. All targets were imported into the tool, gene annotation was performed, and pathway and process enrichment analysis were carried out with the following ontology sources: KEGG Pathway, GO Biological Process, GO Molecular Function and GO Cell Component. The Homo Sapiens background was used for enrichment analysis of all predicted target genes. Terms with a p-value < 0.01, a minimum count of 3, and an enrichment factor > 1.5 (the ratio between the observed counts and the counts expected by chance) were collected and grouped into clusters based on their according DEmiRNAs. The statistically enriched terms were presented by accumulative hypergeometric p-values and enrichment factors, and then hierarchically clustered into a tree based on Kappa-statistical similarities.



Protein-Protein Interaction Analysis

Protein-protein interaction analysis was carried out with STRING and BioGrid. And the Molecular Complex Detection (MCODE) was applied to identify densely connected network components. The MCODE networks identified for individual gene lists were gathered and drawn by the Metascape (https://metascape.org/).



Network Hub Gene Expression Analysis

For the analysis of hub genes in the resulting MCODE subnetwork, GEPIA (http://gepia.cancer-pku.cn/) tools were used to analyze their expression profiles in the STAD from TCGA. And p < 0.05 was considered as statistically significant.




Results


Identification of GC Associated DEmiRNAs

Principal component analysis were presented in Figure 1, which suggested that there is some heterogeneity in the expression profiles of blood and urine exosomal miRNAs in patients. As Table 1 and Figure 2 shown, there were 8 DEmiRNAs in the serum and 3 DEmiRNAs in the urine. The expression profiles of all differentially expressed miRNAs are shown in the Heatmap. For GC patients, there were 3 up-regulated DEmiRNAs (hsa-miR-130b-3p, hsa-miR-151a-3p and hsa-miR-15b-3p) in the serum exosomes, and one DEmiRNA (hsa-miR-1246) enriched in the urinary exosomes. Theoretically, these up-regulated miRNAs may be transferred to tissues or cells and target specific RNAs, which finally promotes the GC development.




Figure 1 | The principal component analysis (PCA) based on all detected miRNA levels. (A) Serum. (B) Urine.




Table 1 | Differentially expressed exosomal microRNAs identified by next generation sequencing.






Figure 2 | Differentially expressed miRNA (DEmiRNAs) in plasma and urine samples of the gastric cancer (GC) patients. (A) The volcano plots of DEmiRNAs in serum. (B) Significant ups and downs in serum. (C) Expression heatmap of significantly expressed miRNAs in serum. (D–F) Urine.





Expression of DEmiRNAs in TCGA and EVmiRNA

As shown in Figure 3A, hsa-mir-130b-3p, hsa-mir-151a-3p and hsa-mir-15b-3p, which were significantly upregulated in serum exosomes from GC patients, were expressed at lower levels in gastric cancer tissues compared with adjacent noncancerous tissues, and hsa-mir-1246, which was significantly upregulated in urine exosomes, was barely expressed in gastric cancer tissues or adjacent noncancerous tissues. While in the EVmiRNA database, which exclusively exhibits exosomal or microvesicular miRNA expression data, the expression profiles of these four miRNAs in different tissues of origin are shown in Figure 3B, it is worth noting that hsa-mir-1246 has never been previously reported in urine exosomes.




Figure 3 | Expression analysis of DEmiRNAs in TCGA and EVmiRNA. (A) The expression level of DEmiRNAs in TCGA dataset. (B) EVmiRNA dataset.





Prognostic of DEmiRNAs in TCGA

As shown in Figure 4A, the results of univariate Cox analysis regarding these four miRNAs revealed that only one serum exosomal hsa-mir-15b-3p was identified to be associated with GC patient prognosis (HR = 0.814, P < 0.05). None of the other three were related, hsa-mir-130b-3p (HR = 0.977, P > 0.05), hsa-mir-151a-3p (HR = 0.835, P > 0.05), hsa-mir-1246 (HR = 0.804, P > 0.05). While the results of prognostic analysis in Figure 4B were different, high hsa-mir-151a-3p expression was considered to be associated with poor survival outcomes in GC patients (P < 0.05), while the other three miRNAs were not.




Figure 4 | Prognostic analysis of DEmiRNAs in TCGA. (A) The p value, risk coefficient HR and confidence interval of the DEmiRNAs. (B) Kaplan-Meier survival analysis of the DEmiRNAs signature.





Predicted Target Gene of the DEmiRNAs

Next, the targets of above three miRNAs were acquired. In the miRDB database, there were 470 targets of hsa-miR-15b-3p, 220 targets of hsa-miR-151a-3p, 917 targets of hsa-miR-130b-3p, and 407 targets of hsa-miR-1246; in the Targetscan database, there were 3573 targets of hsa-miR-15b-3p, 112 targets of hsa-miR-151a-3p, 183 targets of hsa-miR-130b-3p, and 3031 targets of hsa-miR-1246. The intersect of two databases were calculated and presented in Figure 5. Between two databases, there were 418 common targets of hsa-miR-15b-3p, 35 common targets of hsa-miR-151a-3p, 117 common targets of hsa-miR-130b-3p, and 357 common targets of hsa-miR-1246.




Figure 5 | The intersection analysis of predicted target genes of DEmiRNAs. (A) hsa-miR-15b-3p. (B) hsa-miR-151a-3p. (C) hsa-miR-130b-3p. (D) hsa-miR-1246.





Predicted Target Gene Enrichment Analysis

As Figure 6 and Table 2 shown, the enrichment analysis was conducted based on above targets. Some commonly enriched ontology terms were found, including GO BP terms like cell surface receptor signaling pathway involved in cell-cell signaling, positive regulation of catabolic process, morphogenesis of an epithelium, and GO CC terms perinuclear region of cytoplasm.




Figure 6 | The heatmap of the enriched GO terms and KEGG pathways based all the common targets of the four key DEmiRNAs. (A) Biology Process. (B) Molecule Function. (C) Cellular Components. (D) KEGG pathway.




Table 2 | List of enriched terms.






PPI Network

Applying the STRING and BioGrid data, the PPI network was generated. Meanwhile, each MCODE network was drawn assigned by a unique color (Figures 7B, D) or by the matched DEmiRNAs (Figures 7A, C). Some genes were located at key nodes, such as TAOK1, CMTM6, SCN3A, WASF3, IGF1, CNOT7, GABRG1 and PRKD1. And the information of these key genes from mcode screening was exhibited in Table S1.




Figure 7 | The protein-protein interaction (PPI) network of all common targets. (A) Network colored by DEmiRNAs group. (B) MCODE subnetworks colored by DEmiRNAs group. (C) Network colored by MCODE clusters. (D) MCODE subnetworks colored by MCODE clusters.





Network Hub Gene Expression Analysis

As shown in Figure 8, the expression levels of eight key genes screened by MCODE in STAD tissues of TCGA were analyzed. The results showed that the expression of TAOK1, CMTM6 and CNOT7 were significantly lower in the adjacent cancers, while the expression of WASF3 was significantly higher in the adjacent cancers. SCN3A, IGF1, GABRG1 and PRKD1 were not significantly expressed.




Figure 8 | Network hub gene expression analysis. (A) TAOK1. (B) CMTM6. (C) SCN3A. (D) WASF3. (E) IGF1. (F) CNOT7. (G) GABRG1. (H) PRKD1.






Discussion

Previous bioinformatic studies have identified amounts of GC related miRNAs (3, 5–8). Some circulating serum exosomal miRNAs were proposed as novel biomarkers for GC diagnosis, such as miR-92a-3p, miR-500a-3p, miR-1246, and miR-423-5p (3, 5, 9–12). Especially, some exosomal miRNA can be even used for GC prognosis, e.g., miR-590-5p and miR-196a-1 (3, 13). In this study, we used collected blood and urine samples to analyze the EmiRs associated with GC development. The sequencing results showed four essential circulating exosomal microRNAs: hsa-miR-130b-3p, hsa-miR-151a-3p, hsa-miR-15b-3p and hsa-miR-1246. The targets of these EmiRs and enriched ontology terms should be paid more attention in GC research.

There is a study has reported that miR-130b-3p was upregulated in GC tissues, and miR-130b-3p promoted survival, metastasis and angiogenesis of GC cells as well as enhanced tumor formation and angiogenesis in GC in vivo (14). Another one has identified exo-miR-15b-3p/DYNLT1/Caspase-3/Caspase-9 axis do promotes GC development and malignant transformation. It means that serum exo-miR-15b-3p may be a potential GC diagnosis and prognosis biomarker, which can be used in precise targeted GC therapy. Studies in vitro revealed that elevated serum miR-1246 was tumor-derived by being packaged into exosomes with the help of ELAVL1 (15). And in a other area, exosomal miR-1246 expressions in serum could differentiate GC patients with TNM stage I from healthy controls and patients with benign diseases (11). Furthermore, there are no correlation between hsa-miR-130b-3p, hsa-miR-151a-3p, hsa-miR-15b-3p and hsa-miR-1246 expression and phenotypic features in the TCGA Stomach database. More clinical studies are to be performed for clarifying the definite roles of above three DEmiRNAs in GC.

A literature search of important hub genes revealed that CKLF like Marvel transmembrane domain 6 (CMTM6) was involved in gene epigenetic regulation and tumorigenesis, and the combined cmtm6 and PD-L1 testing could be used as an indicator to determine the prognosis of patients with gastric cancer (16, 17). Whereas Wiskott Aldrich syndrome protein family member 3 (WASF3) is required for tumor invasion and metastasis. Reports have indicated that WASF3 expression is associated with poor prognosis and is a potential prognostic factor for gastric cancer patients, therefore, targeting WASF3 is a novel potential therapeutic strategy for gastric cancer (18, 19). In addition to this, it has also been documented that mir-218 can inhibit the proliferation, migration and EMT of gastric cancer cells SGC7901 by targeting WASF3 (20). Protein kinase D3 (PRKD3) promotes cancer cell proliferation, growth, migration, and invasion in various tumor types. A growing body of data supports that PRKD3 is a promising therapeutic target for the treatment of cancer (21).

In the PPI network, most of the key nodes were promising candidates that have been fully surveyed, such as TAOK1, CMTM6, SCN3A, WASF3, IGF1, CNOT7, GABRG1 and PRKD1.

Still, this work has some limitations. First, the published studies about hsa-miR-130b-3p, hsa-miR-151a-3p, hsa-miR-15b-3p and hsa-miR-1246 are very few, and known conclusions implied that they are tumor suppressors in all possibility. Again, many targets of our up-regulated DEmiRNAs have been reported to be oncogenic factors or increased in GC (as mentioned above). Their conclusions sharply contradict ours, and the deep reasons need to be further explored. Second, we failed to acquire any common DE-miR in blood and urine, which may be due to that only 3 or 7 samples were included in each group. Theoretically, there may be some enriched circulating exosomal miRNAs in both blood and urine, and more samples should be accumulated in future.



Conclusions

In conclusion, this study provides an integrative analysis of expression profile of key circulating exosomal microRNAs. Four key miRNAs were found: hsa-miR-130b-3p, hsa-miR-151a-3p, hsa-miR-15b-3p and hsa-miR-1246. These risk exosomal microRNAs, as well as the corresponding interaction network or enrichments based on their targets (such as TAOK1, CMTM6, SCN3A, WASF3, IGF1, CNOT7, GABRG1, PRKD1) may provide a better understanding of the molecular mechanisms in the GC development.
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Objective

To investigate the differential expression of lncRNA in glioma cells, as well as the effect of lncRNA NKX3-1 on glioma cells.



Methods

Glioma-related data were first downloaded from the TCGA database and analyzed using bioinformatics, after which the lncRNA NKX3-1 was chosen for further experiments. The expression of the lncRNA NKX3-1 in glioma tumor samples was detected using qRT-PCR. The subcellular localization of lncRNA NKX3-1 was determined using fluorescence in situ hybridization (FISH). CCK-8, flow cytometry, cell scratch, and transwell assays were used to detect cell proliferation, apoptosis, and invasion. The downstream pathway of lncRNA NKX3-1 was investigated using luciferase assays and detected using western blot, transwell, and cell scratch assays.



Results

The differential expression profile of lncRNA in glioma was obtained. NKX3-1 lncRNA was found to be significantly increased in glioma tumor tissues. LncRNA NKX3-1 was found in the nucleus. Proliferation, invasion, and migration of glioma cells were significantly increased (P <0.05) in the lncRNA NKX3-1 overexpression group, while apoptosis ability was significantly decreased (P <0.05). Tumor volume and weight were significantly increased in the lncRNA NKX3-1 overexpression group in nude mice (P <0.05). LncRNA NKX3-1 significantly increased the luciferase activity of Fem1b 3’-UTR-WT reporter genes (P <0.05) as well as the levels of SPDEF protein (P <0.05). The protein level of FEM1B was significantly reduced. Cell invasion and migration were significantly increased (P <0.05) in the lncRNA NKX3-1 overexpression group plus SPDEF group.



Conclusion

We investigated the differential expression profile of lncRNAs in glioma and discovered that the lncRNA NKX3-1 plays an important role in cancer promotion via the Fem1b/SPDEF pathway.
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Introduction

Glial cells, as the true companion of neurons, participate in complex processes such as signal transduction and neurotransmission (1). Glioma is the most common primary central nervous system brain tumor, with a relatively high incidence and fatality rate (2). Glioma pathogenesis is caused by both internal and external factors, which refer to genetic susceptibility factors and environmental factors, respectively (3, 4). A number of factors will influence the development and prognosis of gliomas, including several genes, proteins, biomolecules, and interacting environmental factors that will cause gliomas to form (5, 6). If the genetic material has cancer-causing mutations at the cellular level, these reasons can cause the cell to enter the cell cycle mitosis, escape normal apoptosis, and contact inhibition of cell growth, causing the cell to grow. Changes in tumor neovascularization, hypoxia, and necrosis may occur (7, 8). Surgical resection is an option for low-grade non-invasive gliomas. It cannot be completely removed from high-grade gliomas. In most cases, the first choice of treatment method is surgery and adjuvant radiotherapy and chemotherapy. For some recurring gliomas, targeted therapy can also be performed (9).

LncRNA is a long-chain non-coding RNA that regulates the progression and metastasis of certain cancers. NKX3-1 is widely regarded as a highly specific and sensitive marker of prostate adenocarcinoma (10). According to NKX3-1 transcriptome data, its mRNA expression is up-regulated in EWSR1-NFATC2 sarcoma (11). SPDEF is a member of the ETS family and is also known as prostate-derived ETS factor (PDEF) (12). SPDEF was discovered to interact with NKX3-1 and androgen receptor in prostate epithelial cells, regulating the expression of prostate-specific antigen (PSA) (13), but little is known about NKX3-1 through SPDEF-related pathways in glioma. So this study investigates the effect of NKX3-1 on the proliferation, invasion, and migration of glioma cells, as well as the relationship between SPDEF-related pathways.



Materials and Methods


Bioinformatic Prediction

Data on glioma-related lncRNA expression were downloaded from the TCGA database and compiled, with 50 normal samples and 371 tumor samples included. The differential lncRNA and mRNA matrices were extracted using segmentation tools, and the format was converted to text character segmentation for heat map drawing and clinical data file merge, as well as survival difference analysis. The databases Gene Ontology (GO) and the Kyoto Encyclopedia of Genes and Genomes (KEGG) were used to examine the functional mechanism pathways.



Ethics Statement

All patients who took part in the study signed informed consent forms. The Clinical Trial Ethics Committee of The Second Xiangya Hospital approved all experimental procedures.



Study Subjects

Glioma tissues (n = 20) and paracancerous tissues (n = 20) were collected and stored in liquid nitrogen from glioma patients admitted to our hospital between May 2019 and January 2020. All samples were collected with the consent of the patients and their family members and were approved by our hospital’s ethics committee. Patient information can be seen in Table 1. Human normal glial cell (HEB) and glioma cell lines A172, U251, U373, and U87 were obtained from the Chinese Academy of Sciences’ Institute of Biology in Shanghai, China. The Beijing Vitong Lihua Experimental Animal Technology Co., Ltd. provided a 4-week-old female BALB/C-nude mouse weighing 16–18 g. SCXK (Beijing) 2019-0012 is the license number.


Table 1 | Distribution of characteristics in glioma patients.





The Expression of lncRNA NKX3-1 Was Detected by qRT-PCR

Trypsin (Hyclone, America) was used to digest glioma tissue, paracancerous tissue, human normal glial cells (HEB), and glioma cell lines A172, U251, U373, and U87. The RNA was extracted using an RNA kit (Promega Corporation, USA), the RNA concentration was determined, and the RNA was reverse transcribed into cDNA. For the qRT-PCR reaction, SYBR Premixture Ex TaqII (Thermo Fisher Scientific, USA) was used. The lncRNA NKX3-1 upstream sequence was 5’-CCCACACTCAGGTGATCGA-3’, and the downstream sequence was 5’-GAGCTGCTTTCGCTTAGTCTT-3’. The internal reference was -actin, and the primers were upstream 5’-GCTAATATCTATAATC-3’ and downstream 5’-GAGGCTATCTTCATAGAT-3’. The sequence of lncRNA NKX3-1 is available in the supplementary material. The reaction temperatures were 92°C for 20 min, 90°C for 10 min, and 82°C for 10 min and amplified by 40 cycles.



Fluorescence In Situ Hybridization Was Used to Determine the Subcellular Localization of lncRNA NKX3-1

The cell slide (cover glass) was fixed with 4% paraformaldehyde, and the fixed solution was washed away with PBS. The following operations were carried out in order: Glycine treatment for 5 min, followed by PBS washing; 0.4% TritonX-100 treatment for 15 min, followed by PBS rinse; and protease treatment for 15 min, followed by PBS rinse. Fixed with 4% paraformaldehyde and washed with PBS; 0.25% acetic acid was treated with alcohol for 10 min, washed with PBS, and dried. After placing the cover glass on the slide, the hybridization solution was added for 1 h of pretreatment. After incubating for 16 h with a biotin-labeled p lncRNA NKX3-1 probe hybrid, an alkaline phosphatase-labeled anti-biotin antibody (1:1,000 dilution) was added for further hybridization. Secondary antibody with fluorescence labeling (diluted 1:2,000) was added, and the nuclei were stained with DAPI for examination under a fluorescence microscope.



Cell Culture, Transfection, and Grouping

The U87 cell line was cultured in DMEM medium (Hyclone, America) in a 5% CO2 incubator at 37°C. When the cell fusion reached 90%, the cells were washed with PBS, digested with 0.25% trypsin, and formed into a single-cell suspension. The cells were passed every two days, and the logarithmic growth phase cells were chosen for the following experiments. Cells from the logarithmic growth phase were collected and inoculated into a 12-well plate. The plate was laid 24 h after transfection. When the cells had grown to 80% the next day, Lipofectamine 3000 transfection reagent (Thermo Fisher Scientific, America) was used and transfected at a concentration of 40 nmol/L per cell, as directed. They were then divided into three groups: the control group (which received no transfection), the NKX3-1 overexpression group (which was transfected with pcDNA-lncRNA-NKX3-1) and the NKX3-1 knockdown group (transfected with si-lncRNA-NKX3-1). Follow-up experiments were performed after shaking the culture plates and incubating them for 24 h in an incubator at 37°C and 5% CO2.



Cell Proliferation Was Detected by CCK-8

Cell proliferation was detected using the CCK-8 kit (Thermo Fisher Scientific, America). Each group’s transfected cells were inoculated in 96-well plates and incubated at 37°C for 24, 48, 72, and 96 h. CCK-8 reagent was added and incubated for another 2 h before the absorbance value was measured with a 490 nm spectrophotometer.



Cell Apoptosis Was Detected by Flow Cytometry

After intervention, three groups of U87 cell lines were chosen and inoculated into 24-well plates with 2,104 cells per well. After an overnight incubation, the Annexin V-FITC-PI Apoptosis Kit (Thermo Fisher Scientific, America) was stained according to the manufacturer’s instructions and flow cytometry was used to analyze the results. All of the experiments were carried out three times.



Cell Invasion Was Detected by the Transwell Assay

After three intervention groups, 5 × 104 U87 cell lines were suspended in serum-free DMEM medium and placed in a transwell chamber with basement membrane matrix coating. The cells were then cultured in 500 μl of culture medium containing 10% FBS for 48 h in an incubator at 37°C and 5% CO2. Non-invasive cells were removed with a cotton swab after cells that had penetrated the membrane were fixed with 100% methanol and stained with 0.1% crystal violet. Under a microscope, the stained cells are imaged, and the cells that invade the bottom surface are counted.



Cell Scratch Test

Following intervention, three groups of U87 cell lines were chosen and inoculated in a 6-well plate. When the cells had reached 90% fusion, scratches were made in the cell monolayer with the tip of a sterile straw (100 l), the cells were washed with PBS, and cultured in serum-free medium. The relative distance of cell migration was measured after 24 h using a low-power phase contrast microscope, and the migration rate of the scratches was calculated.



Tumor Growth in Nude Mice

Twenty 4-week-old female BALB/C-nude mice were randomly assigned to one of two groups: no-load and NKX3-1 overexpression. Subcutaneous injections of 0.15 ml of pcDNA3.1 NC cell suspension transfected with pcDNA-lincRNA-NKX3-1 cell suspension transfected with NKX3-1 overexpression were given to the right no-load group. Every three days after solid tumors were discovered, the length and short diameters of the tumors were measured with calipers. The tumor volume was determined using the formula V = (Length × Width2)/2. The nude mice were killed 35 days after inoculation, and the tumor bodies were separated and weighed.



Double Luciferase Reporter System Experiment

The TargetScan website predicted the potential binding sites of lncRNA NKX3-1 at the 3’-UTR of Fem1b mRNA. The 3’-UTR sequence of the lncRNA NKX3-1 binding wild-type (WT) or mutated (MUT) was amplified from the genome and cloned into the PGL-3 luciferase reporter vector. The luciferase reporter vector was co-transfected into cells from both the NKX3-1 overexpression and control groups. The luciferase activity was detected by a double luciferase reporter test box after 48 hours, and the relative luciferase activity of the firefly was calculated.



Protein Expression Was Detected by Western Blot

Total proteins were isolated from the tissues of nude mice in the no-load and NKX3-1 overexpression groups, and protein concentrations were determined using a BCA protein detection kit. The proteins were electrophoresed, migrated to PVDF membrane, sealed with skimmed milk, and incubated overnight at 4°C with FEM1B (1:1,000 dilution), SPDEF (1:1,000 dilution), ROCK1 (1:1,000 dilution), c-Myc (1:500 dilution), Akt (1:500 dilution), primary antibody (1:1,000 dilution), and -actin. SPDEF protein levels were measured with an enhanced chemiluminescence detection system. Antibodies were obtained from Thermo Inc. in the United States.



Rescue Experiment

U87 cell lines were divided into five groups: control, NKX3-1 overexpression, NKX3-1 overexpression +SPDEF blank, NKX3-1 overexpression +SPDEF, and NKX3-1 knockdown. The control group’s cells were not transfected. The NKX3-1 overexpression group received pcDNA-lincRNA-NKX3-1, while the NKX3-1 overexpression group +SPDEF blank received pcDNA-lincRNA-NKX3-1 and SPDEF NC. The NKX3-1 overexpression group was transfected with CAT.ORB13642 and pcDNA-lincRNA-NKX3-1, while the NKX3-1 knockdown group was transfected with si-lincRNA-NKX3-1. Cell scratch and invasion experiments were carried out 48 h after transfection.



Statistical Analysis

Processing was carried out using the SPSS23.0 software. The chi-square test was used to analyze the count data, which was expressed as a percentage. The t test was used for pair comparisons. The difference of P <0.05 was statistically significant.




Results


Screening of Differentially Expressed lncRNAs

The Limma package analysis results were derived, and the volcano map preliminarily showed the expression of differential genes, as shown in Figure 1A, and the heat map showed the expression of differential genes, as shown in Figure 1B. The information for the 20 genes with the greatest expression differences can be found in Table 2.




Figure 1 | Volcano and heat maps of differential gene expression. (A) Volcano Plot of lncRNAs expression in glioma. (B) Heat map of lncRNAs expression in glioma.




Table 2 | Differential expression of lncRNA in glioma tissues.





Batch Survival Analysis

The differential genes listed above were used for survival differential analysis, sorted by P value, and survival curves of the top six differentially expressed lncRNAs with the lowest P value were chosen, as shown in Figure 2. Significant differences in NKX3-1 survival curves were discovered, so one of the lncRNA NKX3-1 that was differentially expressed and had a significant effect on survival was chosen for further research.




Figure 2 | Survival curve analysis of differential genes (top six genes by P value). (A) The survival curve for NKX3-1. (B) The survival curve for UBXN10. (C) The survival curve for ATG9B. (D) The survival curve for NELL1. (E) The survival curve for KRT13. (F) The survival curve for NACAD.





Results of GO and KEGG Enrichment Analysis

The differentially expressed genes in the gene ontology analysis were related to muscle contraction, positive regulation of cellular component movement, extracellular matrix, and so on, according to GO analysis, as illustrated in Figure 3A. As shown in Figure 3B, the KEGG analysis focused on cytokine–cytokine receptor interactions, transcriptional error regulation in cancer, and other related pathways.




Figure 3 | Annotated statistical chart of Go and KEGG analysis. (A) GO analysis results of lncRNAs in glioma. (B) KEGG analysis results of lncRNAs in glioma.





Expression of NKX3-1 in Glioma Carcinoma, Adjacent Tissues and Glioma Cells

QRT-PCR results showed that the relative expression of lncRNA NKX3-1 was significantly increased in glioma tissues compared with paracancerous tissues (P <0.05). The relative expression of lncRNA NKX3-1 in glioma cell lines A172, U251, U373 and U87 was significantly higher than that in HEB cell lines (P <0.05), and the relative expression of lncRNA NKX3-1 in U87 cell line was the highest compared with that in HEB cell line (P <0.001), as shown in Figure 4. Therefore, U87 cell line was selected for subsequent experiments in the later stage.




Figure 4 | Relative expression of lncRNA NKX3-1 in tissues and cells. (A) Expression of NKX3-1 mRNA in glioma and paracancerous tissues. *P < 0.05. (B) Expression of NKX3-1 mRNA in different cells. *P < 0.05, **P < 0.01 (compared with HEB cell).





Localization of lncRNA NKX3-1 in Glioma Cells

The FISH assay results revealed that NKX3-1 was mostly found in the nucleus of glioma cells, but a small amount was also found in the cytoplasm. The expression of NKX3-1 in the nucleus was (13.69 ± 1.73%) after nucleoplasmic separation and qRT-PCR. As shown in Figure 5, it was significantly higher than that in cytoplasm (1.84 ± 0.53%) (P <0.05).




Figure 5 | Expression of lncRNA NKX3-1 in the cytoplasm and nucleus of glioma cell. (A, B) Results of fluorescence in situ hybridization. *P < 0.05.





Effect of lncRNA NKX3-1 on Proliferation and Apoptosis of Glioma Cells

CCK assay results showed that, when compared to the control group, the lncRNA NKX3-1 overexpression group significantly increased the proliferation ability of glioma cells at 48, 72, and 96 h (P <0.05), whereas the proliferation ability of glioma cells in the lncRNA NKX3-1 knockdown group significantly decreased at 48, 72, and 96 h (P <0.05), as shown in Figure 6A. As shown in Figure 6B, lncRNA NKX3-1 overexpression significantly reduced the apoptotic ability of glioma cells compared to the control group (P <0.05), whereas lncRNA NKX3-1 knockdown significantly increased the apoptotic ability of glioma cells (P <0.05).




Figure 6 | Effect of lncRNA NKX3-1 on proliferation and apoptosis of glioma cells. (A) CCK8 results of control, PcDNA-NKX3-1 and siNKX3-1 group. (B) Apoptosis assay results of control, PcDNA-NKX3-1 and siNKX3-1 group. *P < 0.05 (compared control with pcDNA-NKX3-1), #P < 0.05 (compared pcDNA-NKX3-1 with siNKX3-1).





Effect of lncRNA NKX3-1 on Invasion and Migration of Glioma Cells

As shown in Figure 7A, the invasion ability of glioma cells in the lncRNA NKX3-1 overexpression group was significantly higher than that in the control group (P <0.05), whereas the invasion ability of glioma cells in the lncRNA NKX3-1 knockdown group was significantly lower than that in the control group and lncRNA NKX3-1 overexpression group (P <0.05). As shown in Figure 7B, the wound healing rate of glioma cells in the lncRNA NKX3-1 overexpression group was significantly higher than that of the control group (P <0.05). The wound healing rate of glioma cells in the lncRNA NKX3-1 knockdown group was significantly lower than that of the control group and the lncRNA NKX3-1 overexpression group (P <0.05).




Figure 7 | Effect of lncRNA NKX3-1 on invasion and migration of glioma cells. (A) Cell scratch test results of control, PcDNA-NKX3-1 and siNKX3-1 group. (B) Transwell assay results of control, PcDNA-NKX3-1 and siNKX3-1 group. *P < 0.05 (compared control with pcDNA-NKX3-1), #P < 0.05 (compared pcDNA-NKX3-1 with siNKX3-1).





Effect of lncRNA NKX3-1 on Tumor Growth in Nude Mice

Figure 8 shows that tumor volume and weight were significantly higher in the lncRNA NKX3-1 overexpression group compared to the control group (P <0.05).




Figure 8 | Effect of lncRNA NKX3-1 on tumor growth in nude mice. (A) Result of tumors taken from tumor-bearing mice. (B) Tumor volume growth curves in NC and pcDNA-NKX3-1 groups. (C) Weight tumor in NC and pcDNA-NKX3-1 groups. *P < 0.05, **P < 0.01.





LncRNA NKX3-1 Targets Expression of Fem1b

The TargetScan website predicted the potential target genes of NKX3-1, and the 3’-UTR region of Fem1b was discovered to have the targeted binding site of NKX3-1. As shown in Figure 9, the dual luciferase reporter assay revealed that NKX3-1 significantly increased luciferase activity of the Fem1b 3’-UTR-WT reporter gene compared to the control group (P <0.05), but had no effect on the activity of the Fem1b 3’-UTR-MUT reporter gene (P <0.05).




Figure 9 | Results of double luciferase report assay. (A) The binding site of lncRNA NKX3-1 and Fem1b. (B) Relative fluorescence activity in NC and pcDNA-NKX3-1 group. *P < 0.05.





Effect of Overexpression of lncRNA NKX3-1 on Tumor-Related Proteins in Nude Mice

SPDEF protein levels were significantly higher in the lncRNA NKX3-1 overexpression group compared to the control group (P <0.05), while Fem1b protein expression was significantly lower in the lncRNA NKX3-1 knockdown group, while the opposite was true in the lncRNA NKX3-1 knockdown group. Figure 10 shows that there were no significant differences in the protein levels of ROCK1, c-Myc, and Akt in the other three groups (P >0.05).




Figure 10 | Effects of overexpression and knockdown of lncRNA NKX3-1 on expression of related proteins. **P < 0.01 (compared with control group).





The Effect of lncRNA NKX3-1 on Invasion and Migration of Glioma Cells by Up-Regulating SPDEF

Compared with the control group, cell invasion and migration were significantly enhanced in the NKX3-1 overexpression group and the NKX3-1 overexpression group +SPDEF blank group (P <0.05), compared with NKX3-1 overexpression group, cell invasion and migration ability in NKX3-1 overexpression group +SPDEF group was significantly increased (P <0.05), the invasion and migration of NKX3-1 knockdown group was significantly lower than that of the control group (P <0.05), as shown in Figure 11.




Figure 11 | The effect of NKX3-1 on invasion and migration of glioma cells by up-regulating SPDEF. (A) Transwell assay results of control, NKX3-1 overexpression, NKX3-1 overexpression +SPDEF blank, NKX3-1 overexpression +SPDEF and NKX3-1 knockdown groups. (B) Cell scratch test results of control, NKX3-1 overexpression, NKX3-1 overexpression +SPDEF blank, NKX3-1 overexpression +SPDEF and NKX3-1 knockdown groups. * P<0.05, **P<0.01 (compared with control group), #P<0.05 (compared pcDNA-NKX3-1 with siNKX3-1).






Discussion

Glioma is the most common intracranial malignant primary brain tumor, accounting for approximately 80% of all brain malignant tumors. It is highly malignant, has invasive growth, is difficult to remove, and recurs frequently after resection (11). Only 2% of proteins in the human genome are transcribed from coding genes, while the remaining 90% of eukaryotic genome DNA transcription products are made of non-coding RNA, including lncRNA, which can participate in the genome at various levels. The regulation process of lncRNA, such as epigenetics, transcription level, and post-transcription level, has been studied, but the mechanism of action of lncRNA has not been studied (14).

According to relevant research findings, 1ncRNA is closely related to the occurrence and progression of cancer (15). These lncRNAs can interact with DNA, RNA, protein molecules, or their combinations to regulate chromatin organization, transcription, and post-transcriptional regulation (16). The ability of tumor initiation, growth, and metastasis is affected by abnormal lncRNA expression (17). Among them, lncRNA can function in tumor tissues as both a proto-oncogene and a tumor suppressor gene, and it can be used as an important reference index for tumor diagnosis and prognosis (18).

This study looked at the differential expression of lncRNA in glioma cells as well as the effect of LncRNA NKX3-1 on glioma cells via SPDEF-related pathways. As a result, we were able to obtain a profile of lncRNA differential expression in glioma cells. After analyzing the differences in survival, the results revealed that lncRNA NKX3-1 was differentially expressed in the glia and had a significant impact on survival, so lncRNA NKX3-1 was chosen for further investigation.

The results of qRT-PCR detection revealed that the relative expression of lncRNA NKX3-1 in glioma tissues was significantly higher when compared to adjacent tissues. LncRNA NKX3 was found in the glioma cell lines A172, U251, U373, and U87. The relative expression of −1 in U87 cells was significantly higher than in HEB cells, and the relative expression of lncRNA NKX3-1 in U87 cells was the highest when compared to HEB cells. As a result, the U87 cell line was chosen for further testing at a later stage. The FISH method revealed that the lncRNA NKX3-1 was mostly found in the nucleus of glioma cells, with only a small amount found in the cytoplasm. The proliferation, apoptosis, invasion, and migration abilities of glioma cells were tested to confirm the function of lncRNA NKX3-1. The findings demonstrated that glioma cell proliferation, invasion, and migration can be aided by the overexpression of the lncRNA NKX3-1. Glioma cells’ apoptotic characteristics should be reduced. Following that, we continued to conduct in vivo experiments for verification, and the results showed that tumor volume and tumor weight increased significantly in the lncRNA NKX3-1 overexpression group. Using the TargetScan website to predict potential NKX3-1 target genes, it was discovered that NKX3-1 significantly increased the luciferase activity of the Fem1b 3’-UTR-WT reporter gene. Furthermore, NKX3-1 and Fem1b protein levels have a negative correlation, whereas SPDEF protein levels have a positive correlation. To validate the correlation between NKX3-1 and SPDEF, cell invasion and migration ability in the NKX3-1 overexpression group + SPDEF group was significantly higher than in the NKX3-1 overexpression group. LncRNA plays a role in glioma cell proliferation, either promoting or inhibiting it. Current research indicates that a number of lncRNAs, including lncRNA PLAC2 (19), lncRNA KTN1AS1 (20), lncRNA DANCR (21), lncRNA MIR31HG (22), and others, regulate the proliferation of glioma cells via various signaling mechanisms. Overexpression of lncRNA ZEB1-AS1 has been shown in vitro to promote the proliferation, migration, and invasion of glioma cells, as well as the cell cycle, so lncRNA ZEB1-AS1 is used as a proto-oncogene in glioma tissues (23). Similar to this study, previous research has shown that SPDEF has a positive regulatory effect on the proliferation of gastric cancer cells (24).

Finally, the lncRNA NKX3-1 is expressed differently in glioma and has a significant effect on survival. Overexpression of the lncRNA NKX3-1 can promote glioma cell proliferation, invasion, migration, and growth while inhibiting apoptosis. The mechanism may be to promote SPDEF expression by inhibiting FEM1B expression. In order to fulfill its role in cancer promotion. In the future, we hope to further study the mechanism related to lncRNA NKX3-1, and introduce new technologies such as nanoparticles to study it from different perspectives.
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Osteosarcoma (OS), which occurs most commonly in adolescents, is associated with a high degree of malignancy and poor prognosis. In order to develop an accurate treatment for OS, a deeper understanding of its complex tumor microenvironment (TME) is required. In the present study, tissues were isolated from six patients with OS, and then subjected to single-cell RNA sequencing (scRNA-seq) using a 10× Genomics platform. Multiplex immunofluorescence staining was subsequently used to validate the subsets identified by scRNA-seq. ScRNA-seq of six patients with OS was performed prior to neoadjuvant chemotherapy, and data were obtained on 29,278 cells. A total of nine major cell types were identified, and the single-cell transcriptional map of OS was subsequently revealed. Identified osteoblastic OS cells were divided into five subsets, and the subsets of those osteoblastic OS cells with significant prognostic correlation were determined using a deconvolution algorithm. Thereby, different transcription patterns in the cellular subtypes of osteoblastic OS cells were reported, and key transcription factors associated with survival prognosis were identified. Furthermore, the regulation of osteolysis by osteoblastic OS cells via receptor activator of nuclear factor kappa-B ligand was revealed. Furthermore, the role of osteoblastic OS cells in regulating angiogenesis through vascular endothelial growth factor-A was revealed. C3_TXNIP+ macrophages and C5_IFIT1+ macrophages were found to regulate regulatory T cells and participate in CD8+ T cell exhaustion, illustrating the possibility of immunotherapy that could target CD8+ T cells and macrophages. Our findings here show that the role of C1_osteoblastic OS cells in OS is to promote osteolysis and angiogenesis, and this is associated with survival prognosis. In addition, T cell depletion is an important feature of OS. More importantly, the present study provided a valuable resource for the in-depth study of the heterogeneity of the OS TME.
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Introduction

Osteosarcoma (OS) is a highly aggressive malignant bone tumor that is associated with a high relapse rate in spite of the availability of treatment methods, comprising of combined treatment with surgery and multiagent chemotherapy (1). Survival rates have failed to show any marked improvement over the course of the last few decades. In addition, the etiology of OS remains unclear, although its pathology is characterized by the heavy infiltration of complex cells, including malignant mesenchymal tumor cells, immune cells, fibroblasts and vascular networks, suggesting the presence of a highly complicated tumor microenvironment (TME) (2, 3).

Substantial evidence has indicated that the biological behavior of tumor cells is heavily influenced by the TME (4). Bidirectional interactions between different types of tumor cells and the TME have been shown to enhance tumor progression on multiple levels (5, 6). Recent evidence has suggested that osteoclasts (OCs) are involved in OS-mediated osteolysis (7), macrophages are involved in a number of different mechanisms underpinning tumor biology (8), endothelial cells are involved in OS-mediated angiogenesis (9), and so on. Cancer-associated fibroblasts (CAFs) (4, 10), which are the main source of the collagen-producing cells, are involved in the growth and metastasis of solid tumors. However, the underlying mechanism remains unclear in OS. Therefore, an improved understanding of the interactions between the cell clusters and the TME should give rise to novel therapeutic opportunities; however, at the present time, conventional bulk next-generation sequencing techniques are limited in terms of their ability to resolve tumor subpopulations and the TME (11, 12).

Recent advances in single-cell genomics have provided powerful new tools for the exploration of genetic and functional heterogeneity (13), for the reconstruction of evolutionary lineages (14) and for the detection of rare subpopulations (15). Additionally, single-cell RNA sequencing (scRNA-seq) studies on human tumors have provided novel insights into tumor heterogeneity and distinct subpopulations, findings that have proven to be pivotal in elucidating tumor-associated mechanisms (16–18). In comparison with the existing research on solid tumors, however, relatively few studies have been published on the single-cell transcriptome of OS.

In order to help resolve this problem, the present study was designed to investigate intratumoral heterogeneity in OS. An unbiased approach was adopted that used scRNA-seq to characterize transcriptional changes and cellular heterogeneity in OS. An scRNA-seq atlas of OS was constructed, and important biological processes, including osteolysis, angiogenesis and T cell exhaustion, were identified in the TME of OS. The resultant findings of this investigation should help both in terms of elucidating the underlying biological mechanisms of OS, and in improving clinical treatment strategies for patients with OS.



Materials and Methods


Sample Collection and Tissue Dissociation

The present study was approved by the Ethics Committee of The First Affiliated Hospital of Guangxi Medical University (approval no. 2019KY-E-097). Samples of six patients diagnosed with OS (Table S1) were collected at The First Affiliated Hospital of Guangxi Medical University. The patients provided written informed consent, and agreed to donate specimens for the present study.

Fresh OS specimens were collected during surgery. None of the patients were treated with chemotherapy or radiation therapy prior to tumor resection. Tumor tissues were dissected at ~2 cm from the tumor edge, and placed in a solution containing Hank’s balanced salt solution (cat. no. 311-512-CL; Wisent Bio Products) and 1% antibiotic-antimycotic (cat. no. 15240062; Thermo Fisher Scientific, Inc.) on ice. The fresh samples were transported to the laboratory within 20 min.



Single Cell Suspension Preparation

Following the removal of the fat, visible vessels and surrounding necrotic area, a small section of the tumor tissues was cut and rinsed with cold Dulbecco’s phosphate-buffered saline (DPBS; cat. no. C14190500BT; Thermo Fisher Scientific, Inc.). Subsequently, the tissues were cut into ~1 mm3 pieces, placed on ice, transferred to DPBS and washed twice with DBPS. Collagenase 2 (1mg/mL) was used to digest the tissues into a single-cell suspension for 45 min at 37°C. Following filtering of the cells using a 100-μm cell strainer in DPBS with 1% fetal bovine serum (FBS; cat. no. 10091148; Thermo Fisher Scientific, Inc.), the suspended cells were centrifuged at 300 × g for 5 min. After discarding the supernatant, red blood cells were removed using 1× red blood cell lysis buffer (10× diluted to 1×; cat. no. B250015; BioLegend, Inc.) for 5 min, and the cells were passed through a 40-μm cell strainer. Finally, the single-cell suspension was resuspended in DPBS with 1% FBS following two washes with DPBS. Cell viability was confirmed to be >80% in all samples using the Trypan Blue exclusion assay (0.4%; cat. no. 420301; Thermo Fisher Scientific, Inc.), and the cell suspensions were kept on ice prior to performing the next procedures.



10× Genomics Single-Cell 3’-mRNA Sequencing

The single cells ultimately obtained from each sample were loaded onto a 10× Genomics Chromium Single-Cell Chip, along with the single-cell master mix and single-cell 3’-gel beads (10×; Switchgear Genomics) to generate single-cell gel bead-in-emulsions (or GEMs). The OS samples were processed using 10× Genomics V3 barcoding chemistry kits, according to the manufacturer’s instructions. mRNA in droplets underwent reverse transcription reactions, and cDNA amplification was subsequently performed, according to the manufacturer’s instructions. The single-cell libraries were then sequenced on an Illumina HiSeq X Ten instrument (Illumina, Inc.).



Quality Control and Cell-Type Recognition

The data quality control process was analyzed using the Seurat package (version 3.1.1; https://satijalab.org/seurat/install.html) (19, 20). Three cases of OS were merged using the Merge function. The single-cell data had a gene number <300 and >4,500; those with a mitochondrial gene number of >10% were considered to be low-quality cells, and these were directly filtered out. The Harmony package (version 1.0; https://github.com/immunogenomics/Harmony) was then used to eliminate the batch effect of the cellular data (21). Subsequently, primary cell cluster analysis was performed using the FindClusters function of the Seurat package (resolution = 0.15), and the visual clustering results were presented through performing uniform manifold approximation and projection (UMAP) dimension reduction analysis. The different cell types were subsequently analyzed as follows: i) myeloid cell data were extracted using the SubsetData function in the Seurat package, followed by the FindClusters function (resolution = 0.30); ii) osteoblastic OS cell data were extracted using the SubsetData function of the Seurat package, and the FindClusters function (resolution = 0.06) was subsequently used to perform cluster analysis again; iii) OC data were extracted using the SubsetData function in the Seurat package, and the FindClusters function (resolution = 0.10) was then used to perform cluster analysis again; iv) natural killer T (NK/T) cell data were extracted using the SubsetData function of the Seurat package, and the FindClusters function (resolution = 0.2) was subsequently used to achieve cluster analysis again; v) B-cell and plasma cell data were extracted using the SubsetData function in the Seurat package, and then the FindClusters function (resolution = 0.10) was subsequently used to achieve cluster analysis again; and vi) CAF data were extracted using the SubsetData function in the Seurat package, and then the FindClusters function (resolution = 0.04) was subsequently used to achieve cluster analysis again. Markers from all clusters were identified using the FindAllMarkers function of the Seurat package. Major cell types were annotated based on their respective gene expression levels in a known set of genes, as follows: osteoblastic OS cells (ALPL, RUNX2, IBSP) (22–24); myeloid cells (LYZ, CD68) (25); OCs (ACP5, CTSK) (26); CAFs (COL1A1, FAP, VIM) (27); NK/T cells (CD2, CD3D, CD3E, CD3G, GNLY, NKG7, KLRD1, KLRB1) (28, 29); endothelial cells (EGFL7, PLVAP) (30, 31); B cells (MS4A1, CD79A) (32, 33); and plasma cells (IGHG1, MZB1) (33, 34).



RNA Velocity Analysis

RNA velocity is an indicator of dynamic changes in transcripts, and is able to predict changes in future cell states (35). To obtain the.loom files, velocyto.py (version 0.17.17) was provided with the barcode.tsv and.bam files, as well as the human genome annotation file, GRCH38-3.0.0. The.loom files were then uploaded to the R package (version 3.6.3) using the ReadVelocity function in the velocyto.R package (version 0.6.0). The following parameters were set: DeltaT = 1; kCells = 25; and fit.quantile = 0.02. Finally, the velocity vector arrows were projected onto the UMAP plot, which was obtained in the Seurat package.



Pseudo-Time Trajectory Analysis

The evolutionary processes of myeloid cells, osteoblastic OS cells, OCs, NK/T cells and CAFs were analyzed using the Monocle3 package (version 2.14.0; https://coletrapnelllab.github.io/monocle3/). According to previous reports (36–38), Monocle3 was mainly used for the operation of the myeloid cells, osteoblasts (OBs), OCs, NK/T cells and CAFs in two steps. In the first step, cells were organized into potentially discontinuous trajectories. In the second step, genes were identified that varied in their expression over those trajectories. As for the order_cells parameter, the cell starting point that coincided with the result of RNA velocity analysis was selected. It should also be noted that, during the process of OC analysis, quasi-temporal analysis on six genes (ACP5, CTSK, ATP6V0D2, CD14, CD74 and HLA-DRA) was also performed.



Functional Enrichment Analysis

Osteoblastic OS cells, CAFs, NK/T cells and myeloid cells underwent gene set variation analysis (GSVA; package version, 1.34.0) in order to identify which gene set was significantly enriched in each subset. All gene sets were downloaded from the Molecular Signatures Database, MSigDB (https://www.gseamsigdb.org/gsea/downloads.jsp), and GSVA was performed as previously described (39). Gene Ontology (GO) analysis (clusterProfiler package, version 3.14.3) was performed to detect which of the biological processes were significantly enriched in each subtype of B cells and plasma cells.



Cell-Cell Communication Analysis

To detect possible interactions across diverse cell types, CellPhoneDB (a publicly available repository of curated receptors, ligands and their interactions) was used to analyze cell-cell communication based on ligands and receptors. CellPhoneDB is widely used in ligand and receptor studies for single-cell sequencing (40, 41). In order to study the molecular-interaction networks among cell types, CellphoneDB.py (version 0.22; https://github.com/Teichlab/cellphonedb) was used to analyze osteoblastic OS cells, OCs, CAFs, endothelial cells, macrophages, regulatory T cells (Tregs) and CD8+ T cells. The ligand-receptor pair data were filtered using P < 0.05 as a cutoff. Data of biological significance were then selected for presentation.



Copy Number Variation Analysis and Identification of Malignant OBs

To identify the CNV values of osteoblastic OS cells as compared with other cells (myeloid cells 1/2, NK/T cells, plasmocytes and B cells), CNVs were calculated using the infercnv package (version 1.2.1), as described previously (42, 43). The comparative reference cells were myeloid cells, NK/T cells, plasma cells and B cells. Using single-cell sequencing data, CNVs of each cell type were calculated according to their expression levels. The following parameters were set: Cutoff, 0.1; cluster_by_groups = TRUE; denoise = TRUE; and HMM = TRUE. Parameters that are not otherwise mentioned were set as default parameters.



Single-Cell Regulatory Network Inference and Clustering Analysis

SCENIC is a method for reconstructing gene regulatory networks and identifying stable cell states from scRNA-seq data (44). Transcription factor (TF) activity was calculated using SCENIC (version 1.1.3), as described previously (45). A read count matrix was inputted, with the cell types represented as columns and gene symbols shown in rows. The filtered matrix was used to establish gene regulatory networks and to determine cell states and regulatory factors. Subsequently, the Wilcoxon rank sum test was used to analyze the differentially activated TFs among the different cell types. TFs with an adjusted P-value <0.05 and logFC >0.1 were considered to be significantly upregulated.



Data Acquisition and Correlation to Public Datasets

Transcriptome RNA-seq data and the clinical information pertaining to the corresponding OS cases were obtained from the TARGET database (https://ocg.cancer.gov/programs/target). A total of 88 samples were included in this dataset; of those samples, following the exclusion of incomplete survival data, 85 samples were included in the present study. To validate the significance of the osteoblastic OS cells’ subtypes, the TARGET OS cohort was divided into three subgroups using the class discovery tool, ConsensusClusterPlus (version 1.50.0). DESeq2 (version 1.26.0) was used to perform normalization and differential gene expression analysis (Cluster2/3 vs Cluster1), and the obtained differential gene expression (| log2FC | >1 and adjust P-value <0.05) was used for visualization and subsequent analysis (46). CIBERSORT (version 1.03) was used for estimating the abundance profiles of the osteoblastic OS cells in the 85 samples. After the calculations had been made, samples with P < 0.05 were used for subsequent analysis and figure display (Figure S1D). Mann-whitney test was used to evaluate whether the relative abundances and malignant gene scores of the osteoblastic OS cells’ subtypes in the different TARGET OS subgroups were revealed to be significantly different.



Multiplex Immunofluorescence Staining

Multiplex immunofluorescence staining was processed using the TSA fluorescence kits, according to the manufacturer’s instructions (Panovue Co., Ltd.). Briefly, after having been subjected to high-temperature antigen retrieval, 3-μm thick sections were incubated with blocking solution for 10 min at 25°C, and subsequently, the primary antibodies were applied overnight at 4°C. The antibodies used in these experiments were as follows: anti-alkaline phosphatase (ALPL; rabbit; cat. no. MA5-24845; dilution, 1:200; Thermo Fisher Scientific, Inc.), anti-tumor necrosis factor superfamily member 11 (TNFSF11; also known as RANKL; rabbit; cat. no. PA5-110268; dilution, 1:200; Thermo Fisher Scientific, Inc.), anti-interferon (IFN)-induced protein with tetratricopeptide repeats 1 (IFIT1; rabbit; cat. no. 14769S; dilution, 1:500; Cell Signaling Technology, Inc.) and anti-CD68 (rabbit; cat. no. 76437T; dilution, 1:500; Cell Signaling Technology, Inc.). The tissues were then incubated with Polymer horseradish peroxidase (HRP)-anti-mouse/Rabbit IgG secondary antibody for 10 min at 25˚C. Subsequently, tissues were soaked with fluorophore working solution for 10 min. The sections were heat-treated after the application of each fluorophore and primary antibody, and then incubated with the secondary antibody and another fluorophore working solution. Tissue sections were counterstained with 4’-6’-diamidino-2-phenylindole (DAPI; Beijing Solarbio Science & Technology Co., Ltd.) for 5 min after all the antigens had been labeled. Finally, multi-layer TIFF images were obtained using the Axio Imager M2P Imaging System (Carl Zeiss AG) for further analysis.



In Vitro Experiments

FBS, Eagle’s minimal essential medium with alpha modification (α-MEM), and Gibco™ Dulbecco’s modified Eagle’s medium (DMEM) were purchased from Thermo Fisher Scientific, Inc. Recombinant human macrophage colony-stimulating factor (M-CSF) and RANKL were purchased from R&D Systems, Inc, whereas the tartrate-resistant acid phosphatase (TRAP) staining kit was purchased from Sigma-Aldrich Corp. (St. Louis, MO, USA). The enzyme-linked immunosorbent assay (ELISA) kits were purchased from Elabscience Biotechnology Co., Ltd.

Conditioned medium of cancer cell lines was prepared as described previously (47). OS cell lines (MG63, U-2 OS, Saos-2, 143B, K2M2 and DLM8) were incubated in DMEM containing 10% FBS until the cells reached 80% confluence at 37°C. Subsequently, the DMEM was replaced with serum-free DMEM, and the cells were re-incubated at 37°C for 16 h. The supernatant of the culture medium was collected for subsequent OC culture. Bone marrow macrophages (BMMs) were cultured as described previously (48). In addition, BMMs were divided into conditioned medium of an OS cell line group (OSCM; 20%, v/v) and non-conditioned medium of an OS cell line group (NOSCM; 0%, v/v; note that the cell line group here comprised K2M2 and DLM8 cells). The cells of both the groups were fixed with 2.5% glutaraldehyde for 15 min, and the cells were subsequently subjected to TRAP straining. TRAP+-multinucleated cells (i.e., those with >3 nuclei) were counted as OCs.

Human umbilical vascular endothelial cells (HUVECs) were cultured as described previously (49). HUVECs were seeded into Matrigel™-coated 96-well plates (3×104 cells/well) and the cells (MG63, U-2 OS, Saos-2 or 143B cells) were treated either with OSCM or NOSCM for 8 h. Subsequently, the total length and number of junctions were quantified using ImageJ software.

ELISA was performed to detect the expression of RANKL and VEGFA. The OSCM and NOSCM were collected for ELISA detection. The experiments were performed precisely following the instructions of the ELISA kit. Diluent (40 μl) and 10 μL of OSCM or NOSCM were added to the 96-well ELISA plate. After incubating at 37°C for 60 min, the ELISA plate was washed five times. Subsequently, biotinylated antibody (100 μl) was added to each pore, and the ELISA plate was incubated at 37°C for 60 min. Then, antibiotic-protein HRP solution (100 μl) was added to each pore. After a further incubation at 37°C for 30 min, the ELISA plate was washed five times. Subsequently, substrate solution (100 μl) was added into each pore, and the ELISA plate was incubated at 37°C for 15 min. Finally, the terminal solution (100 μl) was added to each pore, and the absorbance of the ELISA plates was measured at 450 nm.



Statistical Analysis

All statistical analysis was performed using R package, version 3.6.3 (http://www.rproject.org). Not all violin plots are shown displaying each data point due to the overall distribution being obscured by a multitude of data points. P<0.05 was considered to indicate a statistically significant difference.




Results


Single Cell Expression Atlas of OS

In order to explore the TME and cellular heterogeneity of OS, scRNA-seq analysis was conducted on primary tumors from six patients who had not received neoadjuvant chemotherapy (Figure 1A). After initial quality control checks had been accomplished, 29,278 cells were available. To investigate the cellular composition of OS, UMAP analysis was performed on differentially expressed genes across all cells, and this analysis led to the identification of nine main clusters (Figures 1B, C). The cell clusters were annotated based on the expression levels of specific marker genes, and immune (i.e., myeloid cells, NK/T cells, B cells and plasmocytes) and non-immune (i.e., osteoblastic OS cells, endothelial cells, OCs and CAFs) cells were identified (Figure 1D). In addition, with the identification of osteoblastic OS cells, large-scale chromosomal CNV analysis was performed for the six patients using reference cell myeloid cells, NK/T cells, B cells and plasmocytes (Figures 1E and S1A). This analysis revealed that, whereas the genomic regions of chromosomes 1, 4p, 4q, 8q and 11q were frequently increased in the OS cells, the 10 and 18 regions were frequently decreased, which was consistent with previous study (50). Among these cell types, the top three highest cell populations were found to be myeloid cells, NK/T cells and osteoblastic OS cells (Figure 1C). Almost all of the different cell types were identified in all six patients (Figure 1F).




Figure 1 | Overview of single cells derived from OS tissues. (A) Workflow depicting collection and processing of specimens of OS tumors for scRNA-seq. (B) UMAP plot of all the single cells, with each color-coded for the 9 major cell types. (C) Pie chart, indicating the cell composition of OS. (D) UMAP plots of the normalized marker expression of the 9 major cell types. (E) The large-scale chromosomal landscape in patient 3 was calculated using reference cells (myeloid cells 1/2, NK/T cells, plasmocytes and B cells); the red color represents an increased copy number, whereas the blue color represents a decreased copy number. (F) UMAP plot of all the single cells, with each cell color-coded for different patients. OS, osteosarcoma; UMAP, uniform manifold approximation and projection; scRNA-seq, single-cell RNA sequencing; NK, natural killer.





The Important Role of Inflammation and Ossification Associated Osteoblastic OS Cells in Humans

Osteoblastic OS cells were then subjected to UMAP dimension reduction analysis, and five distinct subgroups were identified: C1_osteoblastic OS cells, C2_osteoblastic OS cells, C3_osteoblastic OS cells, C4_osteoblastic OS cells and C5_osteoblastic OS cells (Figures 2A, B). In order to distinguish between the different cell types, an investigation of marker genes and GSVA were conducted. Based on the gene markers and GSVA, C1_osteoblastic OS cells were found to express inflammatory cell markers [including interleukin 17 receptor C (51), interleukin 4 (52), TNFSF11 (53), etc.] and were associated with inflammation. C2_osteoblastic OS cells, corresponding to a primordial proliferative osteoblastic population, were relatively more highly expressed compared with other specific gene markers [topoisomerase 2-alpha (TOP2A) (47), CENPF (54) and cyclin-dependent kinase 1 (CDK1) (55) that are associated with the cell cycle and cell proliferation. C3_osteoblastic OS cells were shown to express markers associated with cell metabolism [including arginase 2 (56), the glucose transporter solute carrier family 2 member 1 (57), argininosuccinate synthetase-1 (58), etc.], and they were also enriched in genes connected with carbohydrate transmembrane transporter activity and glucose catabolic processes. C4_osteoblastic OS cells, expressing cellular matrix markers [including extracellular matrix protein 2 (59), collagen type XVIII, alpha-1 (60), EGF-like domain multiple 6 (61), etc.], were enriched with genes responsive to the processes of extracellular matrix and protein import into the peroxisome matrix. C5_osteoblastic OS cells, corresponding to the original cluster of ossification osteoblastic cells, exhibited high expression levels of ossification markers [including sphingomyelin phosphodiesterase 3 (62), sclerostin domain-containing protein 1 (63), phosphoethanolamine/phosphocholine phosphatase 1 (64), etc.], and had a high level of genes involved in replacement ossification, bone trabecula morphogenesis and bone trabecula formation. In addition, C1_osteoblastic OS cells and C5_osteoblastic OS cells were associated with angiogenesis (Figures 2C, D).




Figure 2 | Heterogeneity of osteoblastic OS cell populations in OS. (A) UMAP plot showing osteoblastic OS cells. Different cell types are represented by the different colors. (B) Pie chart, indicating the cell composition of osteoblastic OS cells. (C) Heat map showing the marker genes of each cluster, with the selected osteoblastic OS cell marker genes in each cluster highlighted. (D) GSVA, showing the function of different types of osteoblastic OS cells. (E, F) Differentiation and developmental trajectories of osteoblastic OS cells in OS. (G) RNA velocity field projected onto the UMAP plot of the osteoblastic OS cells; the arrows indicate the direction of differentiation and the average velocity. (H) OS patients in the TARGET OS cohort were clustered into 3 clusters by ConsensusClusterPlus, based on cell clusters identified in this profile. (I) Kaplan-Meier survival curve of 3 patient clusters. (J) Relative abundance of C5_osteoblastic OS cell Clusters 1 (left), 2 (middle) and 3 (right). (K) Heatmap of the AUC scores of expression regulation by transcription factors estimated by SCENIC. (L) UMAP plot of osteoblastic OS cells, color-coded for the expression level (up) and for the AUC of the estimated regulon activity of these transcription factors (down). *P < 0.05,***P < 0.001; OS, osteosarcoma; UMAP, uniform manifold approximation and projection; GSVA, gene set variation analysis; SCENIC, single-cell regulatory network inference and clustering; AUC, area under the curve.



To investigate the origin, differentiation and development of osteoblastic OS cells in the data of the present study, trajectory and RNA velocity analyses of osteoblastic OS cells were performed (Figures 2E–G). The results revealed the presence of partial C1_osteoblastic OS cells in the starting position of the developmental trajectory. This finding indicated that partial C1_osteoblastic OS cells have the ability to differentiate into other cell subtypes. The results from the multiplex immunofluorescence experiments also revealed the presence of C1_osteoblastic OS cells (Figure S2A).

In order to further explore the clinical significance of all osteoblastic OS cells, the OS dataset in the TARGET database was analyzed. The patients with OS were divided into three different clusters using ConsensusClusterPlus (Figures 2H and S1E). Compared with the OS patients from Cluster 1, the OS patients in Clusters 2 and 3 showed a worse prognosis (Figure 2I). Moreover, difference analysis was conducted on the samples of Cluster3/Cluster2 with worse survival and those of Cluster1 with an improved survival performance (Figures S3A, B), and 518 differential genes were obtained, which were mostly highly expressed in C5_osteoblastic OS cells (Figure S3C). Moreover, survival analysis of all 518 differential genes was conducted (Supplementary Document 1), and 85 genes with high expression were associated with poorer survival prognosis (Supplementary Document 2). Almost half of these 85 genes were highly expressed in C1_osteoblastic OS cells and C5_osteoblastic OS cells (Figure S3D). Next, it was found that C5_osteoblastic OS cells had the highest score after scoring the 85 malignant genes, and that of C1_osteoblastic OS cells was the second highest (Figure S3E). Interestingly, it was observed that C5_osteoblastic OS cells exhibited the most significant differences when comparing patients in Cluster 1 with the patients in Cluster 2/3. The number of C5_osteoblastic OS cells was increased in patients in Cluster 2/3 (Figure 2J). Furthermore, C1_osteoblastic OS cells exhibited the most significant differences when comparing patients in Cluster 1 with the patients in Cluster 2. It was found that the number of C1_osteoblastic OS cells was increased in patients in Cluster 2 (Figure S3F). These findings show that in our data, C5_osteoblastic OS cells and C1_osteoblastic OS cells have a malignant state, among which C5_osteoblastic OS cells have a more malignant state.

SCENIC analysis was performed to determine the TFs of osteoblastic OS cells. The genes of four TFs (DDIT3, SP7 and CREB3L1) were significantly activated in C5_osteoblastic OS cells, and these TFs have been shown to be expressed in osteosarcoma in previous studies (65–67) (Figures 2K, L and S1B). Further survival analysis revealed that a high expression level of SP7 was associated with a worse prognosis (Figure S1C). In previous studies, SP7 was shown to induce the differentiation of mesenchymal stem cells into osteoblasts and determine the fate of osteoblasts (68). In addition, SP7 was associated with lymphatic metastasis and poorer survival in breast cancer (69). However, to the best of our knowledge, no relevant prognostic information has been reported in the study of osteosarcoma, and further studies are required.



Different States of OCs in Human OS

OCs have been shown to serve a crucial role in the pathogenesis of OS (70). To obtain a more comprehensive understanding of the types of OC in OS, four different types of OCs were obtained and renamed according to their specific gene expression profiles (Figures 3A, B). These four major cell types included progenitor, mature, hypofunctional and non-functional OCs. OCs were noted to be multinucleated giant cells derived from precursor cells of hematopoietic macrophage/monocyte lines (71, 72). Therefore, progenitor OCs were found to express high levels of major histocompatibility complex II (MHC-II; CD74), HLA-DRA, CD14, TOP2A and marker of proliferation Ki-67 (MKI67) (Figure 3C). Mature OCs expressed a higher D2 isoform of vacuolar (H+) ATPase, V0 domain (ATP6V0D2), cathepsin K (CTSK) and tartrate acid phosphatase (ACP5), which serve as OC differentiation marker genes (Figure 3C). Among them, ATP6V0D2 has previously been shown to be necessary for OC maturation, and it is highly expressed in OCs (73). The transcription profile of these cells was visualized, and through Monocle trajectory and RNA velocity analyses the cells were mapped along a pseudo-time trajectory to examine the profile’s directionality. OCs followed a differentiation trajectory that mainly started from the initial cluster of partial progenitor OCs, from which point they differentiated into the state of mature OCs, subsequently progressing from mature to hypofunctional or non-functional OCs (Figures 3D, E, G). Cell-trajectory analysis of marker genes also confirmed this result: CD74, CD14 and HLA-DRA were found to be located at the initial position of pseudo-time, and the expression levels of CTSK, ACP5 and ATP6V0D2 were shown to be gradually increased (Figure 3F).




Figure 3 | Heterogeneity of OC populations in human OS. (A) UMAP plot showing OCs, with different cell types represented by different colors. (B) Pie chart, indicating the cell composition of OC. (C) Dot-plot of marker genes in each cell subtype; shades of red represent the expression level, and dot sizes represent relative abundance. (D, E) Differentiation and developmental trajectories of OCs in OS, with different colors representing different cell subtypes. (F) Differentiation and developmental trajectories using marker gene expression (CD74, ACP5, ATP6V0D2, CTSK, CD14 and HLA-DRA). (G) RNA velocity field projected onto the UMAP plot of the OC; arrows indicate the direction of differentiation and the average velocity. OC, osteoclast; OS, osteosarcoma; UMAP, uniform manifold approximation and projection.





Functional Diversity of CAFs in Human OS

CAFs are one of the most abundant cell types in several different types of tumor, and accumulating evidence has suggested that they fulfill a fundamental role in influencing the malignant phenotype (74). To understand the heterogeneity of OS CAFs in more detail, transcriptomic data specific for CAFs were extracted from the total cell population, and a recombination analysis of the data was performed. UMAP analysis revealed that these cells formed three distinct subclusters with unique gene signatures (Figures 4A, B). Common CAF markers, including COL1A1, FAP, PDGFRB, POSTN, ACTA2, DCN, LUM, THY1 and the mesenchymal cell marker VIM, were expressed in all subgroups, which confirmed the identity of the cells as CAFs (Figure 4C). Based on the gene markers and GSVA, C1_CAFs were found to express tumor angiogenetic and invasion markers [including matrix metalloproteinase 9 and melanoma cell adhesion molecule] (75, 76) that are associated with vascular remodeling, vascular development and vascular diameter size. C2_CAFs exhibited high expression levels of ossification markers [including osteomodulin and osteoglycin], and were found to have high levels of genes involved in osteoblast proliferation, development and ossification. C3_CAFs expressed relatively higher levels of specific gene markers (TOP2A and MKI67), which are associated with the cell cycle and cell proliferation (Figures 4C, D). To investigate the origin, differentiation and development of CAFs in the present study, trajectory and RNA velocity analyses of CAFs were performed (Figures 4E–G). The results revealed the presence of partial C3_CAFs in the starting position of the developmental trajectory. This indicated that C3_CAFs have the ability to differentiate into other cell subtypes.




Figure 4 | Heterogeneity of CAF populations in human OS. (A) UMAP plot showing CAFs, with different cell types represented by the different colors. (B) Pie chart, showing the cell composition of CAFs; different cell types are represented by different colors. (C) Violin plots showing relevant marker genes of CAF subtypes. (D) GSVA, showing the function of C1_CAFs, C2_CAFs and C3_CAFs. (E, F) Differentiation and developmental trajectories of CAFs in OS; different colors represent the different cell subtypes. (G) RNA velocity field projected onto the UMAP plot of the CAFs; arrows indicate the direction of differentiation and the average velocity. CAFs, cancer-associated fibroblasts; OS, osteosarcoma; UMAP, uniform manifold approximation and projection; GSVA, gene set variation analysis.





Distinct Functional Composition of Myeloid Cells in the TME in OS

Subsequently, integrative unsupervised re-clustering of the myeloid cell populations from all six OS tissue samples was performed. From the total of 13,025 myeloid cells, 12 unaligned clusters were identified, including 2 monocyte (C4, C10), 6 macrophage (C1-C3, C5, C8, C11) and 2 dendritic cell (DC) (C6, C12) clusters (Figures 5A, B). A low-quality cluster (C7) and a myeloid/T-cell doublet cluster (C9_CD3D) are not discussed further in this article. Monocytes are differentiated from macrophages on the basis of low expression of specific macrophage markers [for example, CD68, macrophage scavenger receptor 1 and macrophage mannose receptor 1 (MRC1)] (Figure 5C). C4_CD14+ monocytes correspond to classical monocytes based on the high expression levels of the proteins CD14, VCAN and S100A8/9/12, and cells of this subtype are usually recruited during inflammation. The number of C10_CD16+ monocytes was most similar to that characteristically found for CD16+ patrolling monocytes, with a low expression of CD14 and high expression levels of Fc fragment of IgG receptor IIIa (also known as CD16) and other marker genes (CDKN1C, LILRB2, TGAL and CX3CR1) (77) (Figures 5C, D). Macrophages (C1–C3, C5, C8, C11) representing tumor-associated macrophages (TAMs) were identified in OS (Figure 5A). The C1_FABP5+ macrophages were characterized via their expression patterns of genes associated with lipid metabolism, including APOC1, APOE, LGMN and FABP5 (Figures 5C, F). The C2_NR4A3+ macrophage populations expressed both M1- and M2-type markers (CCL3, CCL4, TNF, AXL, CD163 and MRC1) (Figures 5C, F). C3_TXNIP+ macrophages were found to be similar to anti-inflammatory M2-polarized macrophages. These macrophages expressed highly both thioredoxin-interacting protein (TXNIP) and the M2 marker genes, MERTK, MRC1, STAB1 and CD163 (Figures 5C, F). C5_IFIT1+ macrophages expressed numerous type I interferon (IFN)-signaling/IFN-stimulated genes (ISGs) and pro-inflammatory genes, including CCL2, CCL3, CCL4, CXCL9, CXCL10 and TNF, whose proteins attract NK cells, T cells and immature DCs in the TME (Figure 5F). Importantly, these macrophages also highly expressed genes encoding MHC class I and II molecules, which specifically present antigens to cytotoxic CD8 T lymphocytes (Figure 5E). GSVA revealed that C5_IFIT1+ macrophages experienced an upregulation of the requisite signaling pathways in response to IFN-α and -β, and type II IFN (IFNG) (Figure 5G). These results indicated that C5_IFIT1+ macrophages may be derived from a proinflammatory microenvironment in the OS lesions under IFN stimulation. The multiplex immunofluorescence results also revealed the presence of C5_IFIT1+ macrophages (Figure S2B). C8_MCM5+ and C11_MKI67+ macrophages are two subtypes of macrophages that specifically express lymphatic vessel endothelial hyaluronan receptor 1 (LYVE1), but which show low expression levels of HLA-related genes, similar to the recently reported LYVE1highMHCIIlow tissue-resident macrophages (78). Interestingly, C8_MCM5+ macrophages specifically express genes of the minichromosome maintenance (MCM) protein family, including MCM4, MCM5 and MCM7 (Figure 5D). It has been reported in the literature that MCMs are expressed in all cycling cells throughout the cell cycle, although they are lost in quiescent and differentiating cells (79). C11_MKI67+ macrophages were also observed to highly express cell-cycle-associated genes, including STMN1 and MKI67, suggesting that these macrophages may be tissue-resident cells that have the ability to proliferate. Subsequently, a trajectory analysis of the monocyte/macrophages based on the Monocle3 algorithm was performed. For monocyte/macrophages, the differentiation trajectory also exhibited a branched structure, starting with partial C4_CD14+ monocytes; next on the time scale were C1_FABP5+ macrophages, which further separated into C5 and C11, or C2 and C3 macrophages, suggesting that C1 macrophages are endowed with high plasticity prior to M2 differentiation (Figures 5H–J). Subsequently, the regulatory network that underlies the macrophages’ subset was examined using SCENIC, and specific TF regulons for the macrophages’ subset were identified (Figure 5K). The genes regulated by IRF7, STAT1 and STAT2 were upregulated in C5_IFIT1+ macrophages. STAT1 is the major transcriptional factor that controls the polarization of M1 macrophages (80). Collectively, in OS, all the macrophages were found to work together to create both an inflammatory and anti-inflammatory environment.




Figure 5 | Heterogeneity of myeloid cells populations in human OS. (A) UMAP plot showing the myeloid cells, with different cell types represented by the different colors. (B) Pie chart showing the cell composition of myeloid cells, with different cell types represented by the different colors. (C) Violin plots showing relevant marker genes of the myeloid cell subtypes. (D) Dot-plot of marker genes in each cell subtype; shades of red represent the expression level, and dot sizes represent the relative abundance. (E) Heat map showing the encoding major histocompatibility complex class I and II molecules of the genes of each macrophage subtype. (F) Heat map showing the anti-inflammatory and pro-inflammatory genes of each macrophage subtypes. (G) GSVA showing the interferon-related functions of each macrophage subtype. (H, I) Differentiation and developmental trajectories of different cell subtypes in macrophages. (J) RNA velocity field projected onto the UMAP plot of the macrophages; arrows indicate the direction of differentiation and the average velocity. (K) Heat map of the AUC scores of expression regulation by transcription factors estimated by SCENIC. OS, osteosarcoma; UMAP, uniform manifold approximation and projection; GSVA, gene set variation analysis; SCENIC, single-cell regulatory network inference and clustering; AUC, area under the curve.



Finally, 765 DCs were also identified. C12_CLEC9As corresponded to conventional type 1 DCs (cDC1; CLEC9A and XCR1), and C6_CD1Cs corresponded to type 2 DCs [cDC2; CD1C, CLEC10A and Fc fragment of IgE receptor Ia (FCER1A)] (Figure 5C) (81, 82).



Terminally Differentiated CD8+ T Cells Are Found in Human OS

Based on T and NK cell signature gene markers (CD2, CD3E, CD3D, CD3G, NKG7, GNLY, KLRD1 and KLRB1), the T/NK cluster was thereby identified (Figure 1E). Subsequently, dimensionality reduction and clustering of the NK/T cells was performed. Overall, 5,239 NK/T cells were re-clustered into four subtypes (Figures 6A, B). CD8+ T, CD8-CD4- T, NK, Treg and mast cells were identified based on the expression of the signature genes in each cluster (Figure 6C). Mast cells were identified based on the expression of characteristic genes [FCER1A, KIT (encoding a receptor tyrosine kinase) and hematopoietic prostaglandin D synthase]; the identification of the mast cells might have been obscured by the low-resolution setting previously, as mast cells were mixed in with NK/T cells.




Figure 6 | Heterogeneity of NK/T cells populations in OS. (A) UMAP plot showing NK/T cells, with different cell types represented by the different colors. (B) Pie chart, showing the cell composition of NK/T cells, with different cell types represented by the different colors. (C) Dot-plot showing the marker genes in each cell subtype of NK/T cells; shades of red represent the expression level, and dot sizes represent the relative abundance. (D) UMAP plot representing CD8+ T cells, with different cell types represented by the different colors. (E) Pie chart showing the cell composition of CD8+ T cells, with different cell types represented by the different colors. (F) Dot-plot showing the marker genes in each cell subtype of CD8+ T cells; shades of red represent the expression level, and dot sizes represent the relative abundance. (G) GSVA, showing the function of the different subtypes of CD8+ T cells. (H, I) Differentiation and developmental trajectories of CD8+ T cells, with different colors representing different cell subtypes. (J) RNA velocity field projected onto the UMAP plot of the CD8+ T cells; arrows indicate the direction of differentiation and average velocity. OS, osteosarcoma; UMAP, uniform manifold approximation and projection; GSVA, gene set variation analysis; NK, natural killer.



To further clarify the characteristics of CD8+ T cells, CD8+ T cells were extracted for re-clustering, and 2,322 cells were subdivided into three groups (Figures 6D, E). Subsequently, the expression of selected T-cell function-associated genes was compared across the diverse T cell subtypes (Figure 6F). C1_CD8+ T cells were shown to be early-stage CD8+ T cells due to the increased expression of the early genes (JUND and FOSB) and low expression of cytotoxicity genes (GZMK, GZMA, GZMB and PRF1) (Figure 6F), whereas C2_CD8+ and C3_CD8+ T cells were identified as having high expression levels of cytotoxicity-associated genes, thereby revealing them to be cytotoxic T lymphocytes. C3_CD8+ T cells expressed the activated gene CD69 and the co-stimulatory gene, inducible T cell co-stimulator (Figure 6F), which indicated that C3_CD8+ T cells were cytotoxic T lymphocytes.

C2_CD8+ T cells express relatively high levels of genes associated with the immune checkpoint (PDCD1, CTLA4, LAG3, TIGIT and HAVCR2), and also CXCL13 and the tissue-resident genes, integrin subunit alpha-E (ITGAE) and integrin subunit alpha-1 (ITGA1) (Figure 6F), suggesting that C2_CD8+ T cells were in a state of exhaustion, consistent with the characteristics of exhausted T cells. GSVA revealed that C1_CD8+ T cells were enriched in a gene set associated with naive T cells, C2_CD8+ T cells were enriched in a gene set associated with exhausted T cells, and C3_CD8+ T cells were enriched in a gene set associated with TNF secretion (Figure 6G). The trajectory analysis and RNA velocity analysis of CD8+ T cells suggested that the differentiation trajectory began with the partial C1_CD8+ T cells, which bifurcated into C2_CD8+ T cells and C3_CD8+ T cells (Figures 6H–J). Essentially, these findings revealed that exhausted T cells were present in OS.



Exploring the Unique Heterogeneity of B Cells in OS

A total of 1,443 B cells were obtained, and these were grouped into 5 clusters by re-clustering. The C2 cluster of cells were follicular B cells (MS4A1/CD20 and CD79A/B), which were found in lymphoid follicles of tertiary lymphatic structure within the tumor, and C0 and C4 clusters were antibody-secretory cells (MZB1 and SDC1/CD138) (Figures 7A, B). CD27 is often used to identify the memory B cell population (83), and its role in signal transduction may facilitate the differentiation of memory B cells into plasma cells. CD27+ (C0 and C4) memory B cells and CD27- naive B cells (C2_CD27-IGHD+ B cells; Figures 7B, C) were also observed. The CD27- naive B cells have unique CD27- IGHD (IgD)/IGHM (IgM) characteristics (Figures 7B, D), and are able to migrate through germinal centers (GCs) to produce CD27+ memory B cells. This migration of B cells in lymphatic follicles is controlled by the chemokine receptor CCR7 and the G-protein-coupled receptor EBI2 (GPR183) (Figure 7C) (84). C4_CD27+IGHM- memory B cells express very low levels of IGHD and IGHM, although the expression of IGHG3 was found to be elevated (Figures 7B, D). IGHM undergoes a ‘switch-like’ recombination to form other immunoglobulin homotypes in GCs, suggesting that cells of the C4 cluster had completed the switch-like recombination. Several uniquely expressed genes were observed in these cells, which were enriched in proliferating cells (Figure 7E). C3_pDC preferentially expressed classic marker genes of plasmacytoid DCs (pDCs), including leukocyte immunoglobulin-like receptor subfamily A member 4 (LILRA4), interleukin-3 receptor subunit alpha (IL3RA), transcription factor 4 (TCF4) and C-type lectin domain family 4, member C (CLEC4C) (Figure 7D). C3_pDCs also expressed high levels of both GC migration factor GPR183 and anti-GC migration factor RGS13, which inhibited GC B lymphocytes’ response to the CXC-chemokine ligands CXCL12 and CXCL13 (85). A cluster of plasma B cells (C0_CD27+IGHM+ plasma cells) expressing high levels of the immunoglobulin heavy chains, IGHG1, IGHG2 (IgG), IGHA1 and IGHA2 (IgA) were also identified (Figure 7D). These cells were found to be mature plasma cells, according to the antibody-secretion capacity of PRDM1 (Blimp-1) (86). GO analysis revealed that both C2_CD27-IGHD+ B cells and C0_CD27+IGHM+ plasma cells were enriched in the processes of B cell activation and proliferation (Figure 7F).




Figure 7 | Heterogeneity of B cell populations in OS. (A) UMAP plot showing B cells, with different cell types represented by the different colors. (B) Cell types are defined by known genes the red color represents genes expressed, with gray representing no genes expressed. (C) Violin plots, showing relevant marker genes of B cells. (D) Heat map showing the marker genes of each cluster, with the selected B cell marker genes in each cluster highlighted. (E) Fractions of cells for the B cell subclusters are shown, with predicted cell cycle phases. (F) GO analysis, showing the function of subpopulations of B cells. OS, osteosarcoma; UMAP, uniform manifold approximation and projection; GO, gene onotology.





Complex Intercellular and Molecular Interaction Networks in the OS TME

To describe the molecular links underlying the intercellular relationships, CellPhoneDB analysis was used to identify the molecular interactions between ligand-receptor pairs and major cell types in order to construct cellular communication networks. First, CellPhoneDB was used to analyze cellular communication among the osteoblastic OS cells, OCs and CAFs. The results of the CellPhoneDB analysis revealed the numbers of ligand receptors among all cell types (Figures 8A–C). Subsequently, the cells of interest were selected, and the ligand-receptor relationships among them were identified (Figure 8D). Osteoblastic OS cells and CAFs are able to produce VEGFA, which binds to VEGF receptors (FLT1 and KDR) on endothelial cells, thereby promoting angiogenesis. In addition, TNFSF1A, EGFR, NOTCH1, NOTCH2 and NOTCH3 are expressed in CAFs. These receptors are able to bind to granulin (GRN), Jagged-2 (JAG2) and Delta-like ligand 4 (DLL4), thereby promoting angiogenesis. Malignant tumors usually cause osteolysis, a process featuring classic ligand-receptor interactions between OC and osteoblastic OS cells involved in OC formation, such as TNFSF11-TNFRSF11A. According to the ELISA experimental data, tumor cells were able to secrete VEGFA and TNFSF11 (RANKL) (Figures S2C, D). In addition, tumor cells were found to be able to stimulate the tubular formation of HUVECs, and to stimulate the formation of OCs (Figures S2E, F). These data are consistent with the CellPhoneDB analysis. With respect to the communication between immune cells and tumor cells, CellPhoneDB analysis was used to explore the cellular communication among osteoblastic OS cells, macrophages and T cells. The results of the CellPhoneDB analysis revealed the numbers of ligand receptors among the three cell types (Figures 9A, B). Subsequently, the cells of interest were selected, and the ligand-receptor relationships among them were identified (Figure 9C). The majority of the ligand-receptor interactions occurring between IFIT1+ and TXNIP+ macrophages and endothelial cells involved angiogenic factors, such as VEGFA_KDR, VEGFA_FLT1, NOTCH2_DDL4 and NOTCH2_JAG2. Potential ligand-receptor interactions were also identified between C5_IFIT1+ macrophages and CD8+ T cells or Treg cells, including those involving chemokines (CXCL10_CCR3 and CXCL12_CCR3), adhesion junctions (ICAM1_ITGAL and ICAM1_AREG) and immune regulation (LGALS9_HAVCR2, PDCD1_PDCD1LG2 and PDCD1_CD274/PD-L1) (Figure 9C), which have been shown to promote the immune-suppressive activity of Tregs and CD8+ T cell exhaustion in TME (87, 88). Therefore, these results demonstrated the complexity of macrophage function in OS, greatly influencing T cell function with respect to balancing immune activation and inhibition. However, the interactions between tumor cells and T cells that are commonly observed were found to be mutually inhibited. Apart from TIGIT-NECTIN2/NECTIN3 and PDCD1-FAM3C, receptor-ligand pairings of IFNG-type II IFN production regulator (IFNR) were also identified between C2_CD8 T cells and osteoblastic OS cells (Figure 9C).




Figure 8 | CellPhoneDB analysis of nonimmune cells in the OS. (A) Interaction network constructed by CellPhoneDB. Each line color indicates the ligands expressed by the cell population represented by the same color (labeled). The lines connect to the cell types that express the cognate receptors. The line thickness is proportional to the number of ligands when cognate receptors are present in the recipient cell type. (B) Detailed view of the ligands expressed by each major cell type, and the cells expressing the cognate receptors primed to receive the signal, are shown. Numbers indicate the quantity of ligand-receptor pairs for each intercellular link. (C) Heat map showing the number of potential ligand-receptor pairs among the predicted cell types. (D) Overview of selected ligand-receptor interactions of cells in OS. OS, osteosarcoma; TME, tumor microenvironment.






Figure 9 | CellPhoneDB analysis of immune cells in the OS. (A) Interaction network constructed by TXNIP+ macrophages, IFIT1+ macrophages, osteoblastic OS cells, endothelial cells, Tregs and CD8+ T cells 2. (B) Heat map showing the potential ligand-receptor pairs among the predicted cell types. (C) Ligand-receptor pairs with a biological significance are shown in bubble diagrams. OS, osteosarcoma.



TIGIT/PVR exerts a key role in inhibiting the anti-tumor effects of CD8 T cells and NK cells (89, 90). Antibody double-blocking of TIGIT/PVR and programmed cell death protein 1 (PD-1)/programmed death-ligand 1 (PD-L1) has been demonstrated to produce synergistic effects in both tumor models and clinical trials (91). Tumor cells were also found to interact with Tregs through PVR-TIGIT ligand-receptor interactions, a process that enhances the immunosuppressive function and stability of Tregs (92).




Discussion

The collected existing literature on OS mostly comprises studies on normal osteobiology, osteoimmunology, OS-associated models, genetic and genomic studies of OS, and finally, clinical studies (2). These studies have provided a useful basis for understanding the current treatment strategies for OS; however, they have not solved the problem of OS heterogeneity, and accurately analyzing the cellular components of OS has proven to be challenging. To address the heterogeneity of OS, six patients who had not received neoadjuvant chemotherapy for OS (which enables the natural state of OS to be revealed) were included in the present study. To the best of our knowledge, this is the first single-cell transcriptome study to have been performed on patients with OS prior to neoadjuvant chemotherapy. An unbiased approach was adopted using scRNA-seq to characterize the transcriptional changes and cellular heterogeneity in OS. The transcriptomic profiles of a total of 29,278 cells from six primary OS tissues were analyzed. First, the OS was divided into 9 subclusters. Malignant osteoblasts that served important roles were identified, and furthermore, OS cells were identified that had an important role in angiogenesis and osteolysis. In terms of immune cells, C3_TXNIP+ macrophages with similar M2 polarization, and C5_IFIT1+ macrophages with M1 polarization, were found. The presence of exhausted T cells in OS was also discovered, with the identification of key immune checkpoints. Taken together, the findings of the present study have provided an in-depth insight into the multicellular ecosystem of OS.

The differentiation origin of OS is considered to be either mesenchymal stem cells or OBs (93). In the present study, OS cells were identified in OBs and validated by CNV analysis. The classification of osteoblastic OS cells is closely correlated with the prognosis, indicating its important clinical significance. Currently, due to the high complexity of the TME of OS, it is not possible to fully characterize the heterogeneity of malignant cells. However, regarding the single-cell transcriptome data obtained from the six patients, five osteoblastic OS cell subtypes were identified, having different gene expression patterns. Each of these subtypes of malignant cells served a different role, and several important results were also highlighted. The ability of C1_osteoblastic OS cells to differentiate into other malignant subsets. Notably, the relative abundance of C1/5_osteoblastic OS cells was associated with poor prognosis in the TARGET OS cohort. Therefore, C1/5_osteoblastic OS cells may have greater clinical significance in terms of potential therapies and therapeutic applications. The TF expression pattern of C1/5_osteoblastic OS cells was also found to be different from that of other malignant osteoblast subtypes (DDIT3, SP7 and CREB3L1). On further analysis of the TFs, SP7 was found to be strongly associated with prognosis. It has been revealed that SP7 can promote lymph node metastasis of breast cancer, promote angiogenesis, reduce the sensitivity of chemotherapy and have a worse prognosis (69, 94, 95). However, the related phenotypes in human osteosarcoma need to be further investigated.

Angiogenesis has an important role in the development of OS (Figure 10) (96, 97). It is now widely considered that mutations in both oncogenes and tumor suppressor genes cause angiogenesis in tumors (98). The VEGF family is a key gene family that fulfills functions involved in stimulating angiogenesis, the inflammatory response and vascular permeability, and it also has an important role in the regulation of tumor angiogenesis (99, 100). In the present study, through CellPhoneDB analysis, osteoblastic OS cells were found to regulate endothelial cells via VEGFA-VEGFRA interactions. Osteolysis is an important biological feature that enables OS cells to break their boundaries, mobilizing them. This unique biological feature is beneficial for the invasive ability of tumor cells (Figure 10) (7). OCs are the only cells that are known to undergo bone resorption in the human body. The cellular interactions occurring between OS cells and OCs are worthy of further investigation. The data from the present study have suggested that osteoblastic OS cells regulate OC differentiation and function through the TNFSF11-TNFRSF11A interaction. In conclusion the communication status of three different cell types involved in the occurrence, development and invasion of OS has been presented in this study. In the future, newly developed detection methods will be able to further clarify the underlying regulatory mechanisms.




Figure 10 | Predicted regulatory network, centered on OS.



Immune cells make up an important part of the complexity of the TME in OS (Figure 10) (100). It was observed in the present study that C5_IFIT1+ macrophages express high levels of IFN-induced proteins (ISG15, IFIT1 and IFITM3, among others) and the CXC chemokine ligand CXCL10, showing a phenotypic bias of M1 macrophages co-induced by type I and type II IFN, similar to that observed for ISG15+ TAMs in the majority of tumors (101). This finding suggested that these macrophages potentially have an anti-tumor capability in OS (102, 103). However, C5_IFIT1+ macrophages interact with depleted T cells and Tregs through ligand receptors, such as chemokines (CXCL9/CXCL10 _CXCR3 and CXCL12_CXCR4) and T-cell immune checkpoints, including LGALS9 (binds to HAVCR2), PDCD1LG2 (binds to PD-L2), CD274 (binds to PD-L1), and SPP1 (binds to CD44), indicating that they are also associated with T cell inhibitory signals (104, 105), which may explain why they also exhibit inflammatory suppression. These results have provided useful information, although further studies are required to attain a more detailed understanding of the function of these types of macrophages. Immunotherapy has slowly grown to prominence as a promising approach for cancer treatment. Several studies have suggested that OS can be treated by blocking PD-1 (106–108). PD-1 is the main inhibitory receptor expressed on T cells, which interacts with PD-L1 to cause the exhaustion of T cells and suppression of the immune response (109). Furthermore, the investigation of the cell-cell interactions suggested that C2_CD8+ T cells are able to communicate with osteoblastic OS cells; in particular, associations were identified between IFNG_ type II IFNR and PDCD1-FAM3C, which are representative of C2_CD8+ T cells mediating the immune response to tumor cells via IFN-γ. IFN-γ plus PD-1 blockers have been reported to enhance immune function in pancreatic cancer, and this has been strategically used in the treatment of secondary metastases (110). This may also be applicable in the case of tumor immunotherapy for OS, although further research in this regard is required.

In conclusion, the present study has identified and analyzed the heterogeneity of the TME in OS, providing a valuable single-cell transcriptome atlas, with the identification of novel cell types with important functions in the TME of OS tumors. The study has also provided targets associated with OS survival, which will lay the foundation for future research studies on precision therapy of OS.
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Supplementary Figure 1 | (A) Large-scale chromosomal landscape in 6 patients were calculated using reference cell myeloid cells 1/2, NK/T cells, plasmocytes and B cells; red represents an increased copy number, whereas blue indicates a decreased copy number. (B) The networks consist of SP7 and their target genes; red nodes represent TFs, whereas the blue nodes represent target genes. (C) Kaplan-Meier curve of the independent genes associated with survival (SP7, SOX9, ADARB1, CREB3L1, DDIT3, RUNX2, FOXC1, GTF2B, JUN and KLF2). (D) Bar plot showing the proportions of the 5 types of osteoblastic OS cells in OS samples. The column names of the plots indicate the sample IDs. (E) CDF plots, revealing the consensus distributions for each k. CDF, cumulative distribution function; TF, transcription factor.

Supplementary Figure 2 | (A) Multiplex IHC staining of OS tissue. TNFSF11A was co-stained with ALPL (scale bar=100 μm). (B) Multiplex IHC staining of OS tissue. IFIT1 was co-stained with CD68 (scale bar=200 μm). (C, D) The results of ELISA analysis of VEGFA and TNFSF11A in DMEM of OS cell lines. (E) Tube-formation assay of HUVECs treated by conditioned medium of OS cell lines or non-conditioned medium of OS cell lines; representative images are shown, highlighting the promotion effect (scale bar=1,000 μm). (F) TRAP staining of BMMs treated by conditioned medium of OS cell lines or non-conditioned medium of OS cell lines; representative images have been selected to show the promotion effect (scale bar=200 μm). ***P < 0.001, **P < 0.01, *P < 0.05. IHC, immunohistochemistry; ALPL, alkaline phosphatase, tissue-nonspecific isozyme; OS, osteosarcoma; TRAP, tartrate-resistant acid phosphatase; DMEM, Dulbecco’s modified Eagle’s medium; HUVECs, human umbilical vascular endothelial cells; BMMs, bone marrow macrophages; VEGFA, vascular endothelial growth factor A; TNFSF11A, TNF superfamily member 11A.

Supplementary Figure 3 | (A) Volcano plot showing all genes that were differentially expressed between Cluster2 and Cluster1. (B) Volcano plot showing all genes that were differentially expressed between Cluster3 and Cluster1. (C) Heatmap of the 518 genes that were differentially expressed. (D) Heatmap of the 85 malignant genes. (E) Box plot of the malignant gene score in osteoblastic OS cells. (F) Relative abundance of osteoblastic OS cells (C1, C2, C3 and C4) in Clusters 1 (left), 2 (middle) and 3 (right). OS, osteosarcoma.

Supplementary Document 1 | Kaplan-Meier curve of the 518 genes associated with survival.

Supplementary Document 2 | Kaplan-Meier curve of the 85 malignant genes associated with survival.
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Background

Histone deacetylase 6 (HDAC6) regulates cytoplasmic signaling networks through the deacetylation of various cytoplasmic substrates. Recent studies have identified the role of HDAC6 in tumor development and immune metabolism, but its specific function remains unclear.



Methods

The current study determined the role of HDAC6 in tumor metabolism and tumor immunity through a multi-database pan-cancer analysis. The Cancer Genome Atlas (TCGA), Genotype-Tissue Expression (GTEx), and Cancer Cell Line Encyclopedia (CCLE) datasets were used to determine the expression levels, prognosis, tumor progression, immune checkpoints, and immune metabolism of HDAC6 in 33 tumors. Pathways, immune checkpoints, immune neoantigens, immune microenvironment, tumor mutational burden (TMB), microsatellite instability (MSI), DNA mismatch repair (MMR), and the value of methyltransferases. The R package was used for quantitative analysis and panoramic description.



Results

In the present study, we determined that HDAC6 is differentially expressed in pan carcinomas, and by survival, we found that HDAC6 was generally associated with the prognosis of pancreatic adenocarcinoma, Thymoma, and uveal melanoma, where low expression of HDAC6 had a significantly worse prognosis. Secondly, through this experiment, we confirmed that HDAC6 expression level was associated with tumor immune infiltration and tumor microenvironment, especially in PAAD. Finally, HDAC6 was associated with immune neoantigen and immune checkpoint gene expression profiles in all cancers in addition to TMB and MSI in pan-cancers.



Conclusion

HDAC6 is differentially expressed in pan-cancers and plays an essential role in tumor metabolism and immunity. HDAC6 holds promise as a tumor potential prognostic marker, especially in colon cancer.





Keywords: pan-cancer, histone deacetylase 6, immune microenvironment, DNA methylation, immunotherapy



Introduction

Living standards, dietary habits, and living environments of people is changing (1), and the incidence of various diseases is exploding (2). Globally, cancer has become a severe public health hazard; cancer incidence and mortality rates are increasing rapidly every year (3). Malignancy is one of the leading causes of death worldwide, and treatment success is low in developed and developing countries (4). Although breakthroughs in tumor diagnosis and tumor treatment have been made in recent years, conventional therapies, including surgery, chemotherapy, and radiation therapy, remain the first-line treatment for most cancer patients (5). However, patients with many cancers still do not achieve the desired level of 5-year survival with treatment (6). Currently, the application of tumor biomarkers has attracted much attention from scholars, among which pan-cancer analysis has emerged as a potential option to explore new tumor biomarkers (7).

Overexpression of histone deacetylases (HDACs) in cancer cells is an important cause of acetylation imbalance. A total of 18 HDACs have been identified in Ijsselsteijn mans, which can be classified into four categories according to their class namely, I (HDAC1, 2, 3, and 8), II (HDAC4, 5, 6, 7, 9, and 10), III (SIRT1, 2, 3, 4, 5, and 6) and IV (HDAC11), of which classes II and III play an essential role in the life course. (HDAC6) is the most widely studied class II histone deacetylase isoform (8), and studies have confirmed that HDAC6 plays an essential role in the liver (9), kidney (10), brain (11), and other areas of the brain (11); in pancreatic (12) tumors the expression of HDAC6 is upregulated. SIRTs, as class III histone deacetylases, play essential roles and broad cellular functions in aging. Recently, it has been shown that HDAC6 and SIRT2 act as deacetylases that regulate the acetylation status of KRAS in cancer cells. SIRT2 also promotes the differentiation and proliferation of intestinal epithelial cells by regulating Wnt-β-catenin signaling. Although HDAC6 plays a role in deacetylating histones, recent reports have found that HDAC6 can be involved in tumorigenesis and development through multiple pathways.

Cellular autophagy has emerged as a hot topic in recent years. It has been confirmed that autophagy is associated with tumor metabolic patterns and the formation of tumor heterogeneity. According to its properties, it can be divided into two aspects. On the one hand, autophagy antagonizes the inflammatory response and can inhibit the degree of infiltration of chronic inflammation, thus improving inflammatory cancer transformation. On the other hand, autophagy can act as an essential pathway of cellular energy metabolism and material recycling by degrading damaged mitochondria and assisting tumors in escaping from Reactive Oxygen Species (ROS) during aerobic glycolysis, thus ensuring the sustainability of the Warburg effect. The aggresome–autophagy pathway is a specific type of induced autophagy. In other words, misfolded and aggregated proteins are selectively recognized for reverse transportation to the center of the microtubule tissue, where they form aggresomes in the pericentriolar region and are subsequently cleared by autophagy. An increasing number of studies have identified the aggresome–autophagy pathway as a critical cellular defense system to prevent the accumulation of misfolded and aggregated proteins. Recent studies have found that HDAC6 is closely associated with aggresome–autophagy and that cells lacking HDAC6 cannot form an aggresome and are highly sensitive to the accumulation of misfolded proteins. It may be a potential mechanism for the involvement of HDAC6 in autophagy.

In addition, HDAC6 activity can also affect the gene expression of several critical immune molecules. These include programmed death receptor-1 (PD-1) and programmed death receptor ligand-1 (PD-L1), tumor-associated antigens, and these factors are central targets for cancer immunotherapy (13).

Unfortunately, the mechanism of HDAC6 in tumor metabolism and tumor immunity is not yet precise. In the present study, we used multiple datasets, such as Cancer Cell Lineage Encyclopedia (CCLE) and The Cancer Genome Atlas (TCGA) for pan-cancer analysis to reveal the precise mechanism of HDAC6. With the rise of high-throughput sequencing, histology technologies are gradually coming into the limelight. New perspectives for cancer research have been provided through histological technologies.

In this study, we analyzed HDAC6 expression, prognosis, TMB, and MSI in 33 tumors by pan-cancer analysis. In addition, we also examined the correlation of HDAC6 in an immune microenvironment, immune-related antigens, and checkpoint genes. We further confirmed that HDAC6 expression affected the expression of DNA repair genes and methyltransferases in pan-cancer. By gene set enrichment analysis, we found that HDAC6 regulated signaling pathways related to cancer apoptosis and tumor immunity.



Methods and Materials


Sample Source

Studies were based on The Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.gov/) dataset (14), Genotype-Tissue Expression (GTEx, https://gtexportal.org/) dataset (15), Cancer Cell Line Encyclopedia (CCLE, https://portals.broadinstitute.org/) dataset (16) and the timer (https://cistrome.shinyapps.io/timer/) dataset (17). The TCGA (Table 1) and GTEx datasets were used to obtain gene expression information of tumor and normal samples and clinical information data and to analyze HDAC6 expression in 27 tumors. HDAC6 expression in 31 cancers in the GTEx dataset was also analyzed. To examine differential gene expression in cancers on a larger scale, RNA sequencing datasets for each cell line in the CCLE dataset were downloaded, while cancer immune infiltrating cell score data were downloaded through the timer dataset for tumor immune infiltration analysis. In this study, only open access data were used, which precluded the requirement for ethics committee approval.


Table 1 | TCGA Study Abbreviations in manuscript.





Analysis of HDAC6 Expression Levels and Prognosis in Pan-Cancer

In this study, the R package (edgeR) was used to analyze the differential levels of HDAC6 expression in the dataset. For the expression of HDAC6 in different tumor cells and other normal tissues, we used Kruskal–Wallis test line analysis, and the R package ggplot presented the figures. For the predictive analysis of HDAC6 in pan-cancer, a one-way Cox regression test was used to analyze the correlation between HDAC6 and patient survival. The Kaplan–Meier (K–M) test was also used to compare the survival of patients. The images were plotted using forest plot visualization software.



Gene Set Enrichment Analysis

Gene set enrichment analysis (GSEA) is a powerful analysis method for interpreting gene expression data and analyzing statistically significant and consistent differences between different groups with different biological states (18). The signaling pathway of HDAC6 was analyzed by gene set enrichment analysis. The Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway enrichment analysis was performed with the R package clusterProfiler. Another dataset used for GSEA analysis is the Molecular Signature Database (MsigDB) (19), in which the Hallmark gene set was used. Implementation criteria were | NES | >1, p-value <0.05, FDR <0.25.



Immune Checkpoint Genes and Immune Neoantigen Analysis

Immune checkpoints are a set of molecules expressed on immune cells that regulate the degree of immune activation by maintaining their normal immune function in vivo (20). We analyzed the relationship between HDAC6 expression levels and the expression of 47 common immune checkpoint genes. Correlations between HDAC6 expression levels and expression of various immune checkpoint genes in multiple cancers were assessed by the R package (limma, reshape2, RColorBrewer). The number of neoantigens in each tumor sample was counted and detected using a scanner.



Correlation Analysis of HDAC6 in Immune Infiltration and Tumor Microenvironment

To evaluate the performance of HDAC6 gene in immune infiltration, we performed correlation analysis between HDAC6 and six immune cell infiltrations with the help of purity-adjusted Spearman. In addition, we performed an ESTIMATE algorithm by standardized expression matrix to assess the tumor microenvironment-related scores of patients, including estimation score, stromal score, and immune score. p-value <0.05 was considered statistically significant.



Tumor Mutational Burden and Microsatellite Instability Analysis

The Perl language and R package (fmsb) were used to calculate the total TMB and analyze its correlation with HDAC6 expression levels in patients with pan-cancer. MSI has novel microsatellite alleles in tumors compared to normal tissue and can be used for screening, diagnosis, and prognosis of pancreatic cancer (21). The correlation between MSI and HDAC6 expression levels in pan-cancer was analyzed using the R language with the fmsb package.



DNA Mismatch Repair Gene Mutation and DNA Methylation Analysis

The correlation between MMR gene expression levels and HDAC6 expression levels was analyzed using the Spearman correlation method. In addition, DNA methylation is an essential factor affecting gene expression. In this study, we evaluated the expression levels of DNMT1, DNMT2, DNMT3A, and DNMT3B and assessed the correlation between these four methyltransferases and HDAC6 expression using the Spearman correlation method.




Results


HDAC6 Expression Was Significantly Upregulated in Pan-Cancer

In this study, to observe the expression level of HDAC6 in pan-cancer, the expression of HDAC6 in various cancer databases was first analyzed. The expression levels of HDAC6 in the GTEx (Figure 1A), CCLE (Figure 1B), and TCGA (Figure 1C) datasets were shown by a histogram. Considering the small number of normal sample data in TCGA, the expression of HDAC6 in each cancer in the TCGA and GTEx datasets was further integrated. By integration, 27 tumor modules were retained, and the final analysis showed that HDAC6 expression was downregulated in the combined 27 tumor modules (Figure 1D).




Figure 1 | Expression levels of HDAC6 in pan-cancer. (A) Analysis of HDAC6 expression levels in pan-cancer based on the GTEx dataset. (B) Analysis of HDAC67nbsp;expression levels in various cancer cells based on the CCLE dataset. (C) Analysis of HDAC6 expression levels in pan-cancer based on TCGA database. (D) Integration of GTEx and TCGA databases to obtain 27 tumor modules and to analyze HDAC6 expression levels in tumor modules. * indicates P < 0.05 compared with control, ** indicates P < 0.01 compared with control, *** indicates P < 0.001 compared with control.





Prognostic Analysis of HDAC6 in Pan-Cancer

In the above study, the expression levels of HDAC6 in various tumor tissues were determined. To understand the relationship between HDAC6 and tumor prognosis, one-way Cox regression analysis was used to analyze HDAC6 expression levels and patient prognosis. Based on the TCGA database data, HDAC6 expressions were grouped into high and low expression groups according to the median value of HDAC6 expression in each tumor. It was further observed that HDAC6 was only expressed in 33 tumors in PAAD (HR = 0.960, 95CI%: 0.990–1.000, P = 0.032), THYM (HR = 0.870, 95CI%: 0.800–0.960, P = 0.005), and UVM (HR = 0.930, 95CI%: 0.870–0.990, P = 0.018) with of prognostic significance (Figure 2). In addition, the relationship between HDAC6 and PAAD, THYM, and UVM was further observed by plotting K–M survival curves (Figure 3). It suggested that there was an association between HDAC6 and tumor prognosis, especially with THYM. Considering the possible existence of non-tumor-related deaths during follow-up, we analyzed the relationship between HDAC6 expression levels and prognostic DSS (disease-specific survival) in 33 tumors of TCGA. The results of the analysis showed that HDAC6 was associated with KIRP (HR = 0.940, 95CI%: 0.900–0.990, P = 0.014), THCA (HR = 1.16, 95CI%: 1.010–1.330, P = 0.038), THYM (HR = 0.820, 95CI%: 0.700–0.960, P = 0.015), and UVM (HR = 0.870, 95CI%: 0.800–0.960, P = 0.005), indicating that HDAC6 and DSS had prognostic significance (Figure 4). Also, the K–M survival curve indicated that HDAC6 was a prognostic indicator of tumor DSS (Figure 5).




Figure 2 | Analysis of the relationship between HDAC6 and OS in 33 tumors using one-way Cox regression, presented using forest plots.






Figure 3 | Relationship between HDAC6 and PAAD, THYM, and UVM OS. (A) The relationship between HDAC6 high and low expression levels and PAAD OS was analyzed using K–M survival. (B) Relationship between HDAC6 high and low expression levels and THYM OS using K–M survival analysis. (C) The relationship between HDAC6 high and low expression levels and UVM OS using K–M survival analysis.






Figure 4 | Analysis of the relationship between HDAC6 and DSS in 33 tumors using one-way Cox regression, presented using forest plots.






Figure 5 | Relationship between HDAC6 and KIRP, THCA, THYM, UVM DSS. (A) The relationship between HDAC6 high and low expression levels and KIRP DSS was analyzed by K–M survival. (B) The relationship between HDAC6 high and low expression levels and THCA DSS was analyzed using K–M survival. (C) Relationship between HDAC6 high and low expression levels and THYM DSS using K–M survival analysis. (D) Relationship between HDAC6 high and low expression levels and UVM DSS using K–M survival analysis.





Tumor Metabolic and Immune Signaling Pathways Involved in HDAC6

To further understand the relationship between HDAC6 involvement in cancer metabolism and tumor immunity, a GSEA analysis was performed to analyze the signaling enrichment of KEGG and markers in both groups according to HDAC6 gene expression, which was divided into high and low groups. The results were ranked according to NES scores for the top ten most enriched signaling pathways or biological processes (Tables S1, S2). In addition, we mapped the top three most abundant signaling pathways in both databases. Among them, we found that the Notch signaling pathway, Wnt/β-catenin signaling pathway, and Hedgehog signaling pathway were the most enriched (Figures 6A, B).




Figure 6 | Signaling enrichment of HDAC6 in KEGG and markers. (A) GSEA analysis of the top three correlations of HDAC6 with signaling pathways in the KEGG database. (B) GSEA analysis of HDAC6 with the top three results of signaling pathway correlations in the marker dataset. (C) String constructs HDAC6 protein co-expression network.



In addition, we constructed an HDAC6 PPI (protein–protein interaction) network and found that HDAC6 was related to eight proteins (Figure 6C).



Correlation Between HDAC6 Expression Levels and Immune Checkpoints and Immune Neoantigens in Pan-Cancer

Immune checkpoints are a series of molecules expressed in immune cells that regulate the degree of immune activation and play an essential role in regulating autoimmunity (22). In contrast, tumor neoantigens are nascent antigens encoded by mutated genes in tumor cells. The synthesis of neoantigen vaccines is facilitated by exploiting the immune activity of tumor neoantigens (23). This time, to explore the relationship between HDAC6 and immune regulation, it was preferred to analyze the correlation between HDAC6 and immune checkpoints and immune neoantigens. Our results found that HDAC6 expression levels in various tumors correlated with more than 40 checkpoints, with a positive correlation mainly with HNSC, THCA (Figure 7A). It suggested that HDAC6 had a role in modulating these immune checkpoints in some tumors and may have the ability to strengthen immunity. In addition, in the present study, we calculated the number of neoantigens for each tumor type. The results showed that HDAC6 was only correlated in KIPR (R = 0.173, P = 0.027), and CESE (R = −0.163, P = 0.025) (Figure 7B).




Figure 7 | Correlation analysis of HDAC6 expression levels with immune checkpoints and immune neoantigens. (A) Correlation analysis of HDAC6 expression levels with immune checkpoint gene expression levels in various tumors. (B) Correlation analysis of HDAC6 expression levels in various tumors with the number of neoantigens in tumors. * indicates correlation difference of P < 0.05, ** indicates correlation difference of P < 0.01, *** indicates correlation difference of P < 0.001.





Correlation Between HDAC6 and Tumor Immune Infiltration and the Tumor Microenvironment in Pan-Cancer

Differences in the degree of infiltration of different immune cells are highly correlated with tumor progression and prognosis (24). In contrast, the tumor microenvironment consists of various cells, external matrix, and associated factors that significantly influence tumor diagnosis, survival outcome, and clinical treatment sensitivity (25). In the present study, we analyzed immune infiltration and tumor immune microenvironment of HDAC6 in different cancers. A total of 3 most relevant tumors (HNSC, KIRC, PAAD) were identified after analyzing 33 tumors in the TCGA database. Among these tumors, HDAC6 was positively correlated with B cells (R = 0.286, P < 0.001), CD4+ T cells (R = 0.424, P < 0.001), neutrophils (R = 0.293, P < 0.001), macrophages (R = 0.232, P < 0.001), and dendritic cells (R = 0.201, P < 0.001) in HNSC. In contrast, HDAC6 was positively correlated only with CD4+ T cells in KIRC (R = 0.231, P < 0.001). In addition, HDAC6 was positively correlated with CD4+ T cells (R = 0.211, P = 0.005), CD8+ T cells (R = 0.317, P < 0.001), neutrophils (R = 0.283, P < 0.001), macrophages (R = 0.414, P < 0.001) and dendritic cells (R = 0.351, P < 0.001) in PAAD (Figure 8A). In addition to analyzing the relationship between HDAC6 and tumor immune infiltration, the present study also analyzed the correlation between HDAC6 and tumor microenvironment in pan-cancer. Individual tumor samples were analyzed by R package (ESTIMATE), and the relationship between HDAC6 expression levels and immune score, stromal score, and the immune score of ESTIMATE was analyzed separately. We showed the top three tumors in which LGG (R = −277, p < 0.001), SARC (R = −0.359, p < 0.001), BGM (R = −0.412, p < 0.001) immune scores were negatively correlated with HDAC6 expression levels in 33 tumors. UCEC (R = −0.176, P < 0.001), THCA (R = −0.13, P = 0.003), BGM (R = −0.412, P < 0.001) stromal scores were negatively correlated with HDAC6 expression levels. In addition, the immune scores of SARC (R = −0.359, P < 0.001), UCEC (R = −0.176, P < 0.001), BGM (R = −0.412, P < 0.001) ESTIMATE were found to be negatively correlated with HDAC6 expression levels (Figure 8B). The above results suggested that HDAC6 was negatively correlated with both tumor immune scores.




Figure 8 | correlation between HDAC6 and tumor immune infiltration and tumor microenvironment. (A) Correlation analysis between HDAC6 and immune cell infiltration in HNSC, KIRC, PAAD. (B) Relationship between HDAC6 expression levels and immune scores, stromal scores, and immune scores of ESTIMATE.





TMB and MSI Analyses of HDAC6 Expression Levels in Pan-Cancer

TMB has a high value in predicting the efficacy and prognosis of immune checkpoint therapy to assess the total number of substitutions and insertion/deletion mutations per megabase in the exon coding regions of genes in tumor samples (26). MSI is caused by defects in mismatch repair (MMR) genes and is strongly associated with tumorigenesis (21). In the present study, we analyzed the relationship between HDAC6 in TMB and MSI. Analysis by Spearman test revealed that HDAC6 expression levels were positively correlated with BLCA, COAD, and OV, and negatively correlated with BRCA, HNSC, PRAD, and THCA, respectively (Figure 9A). In addition, Spearman test analysis found HDAC6 expression levels in tumors given in the MSI. HDAC6 expression levels were positively correlated with BLCA, CESC, COAD, LGG, LUAD, LUSC, and SARC, respectively, and negatively correlated with DLBC by Spearman test analysis (Figure 9B).




Figure 9 | TMB and MSI analysis of HDAC6 expression level vs. (A) Spearman test to analyze the relationship between HDAC6 and TMB in pan-cancer. (B) Spearman test to analyze the relationship between HDAC6 and MSI in pan-cancer.





Relationship Between HDAC6 Expression Level and MMR Gene and Methyltransferase in Pan Carcinoma

DNA methylation has a role in altering the structure and stability of DNA, and the appearance of MMR leads to mutations in somatic cells that are more deleterious (27). DNA methyltransferases are involved in the occurrence of methylation and play an essential regulatory role in the methylation process (28). In the present study, the relationship between HDAC6 and MMR genes (MLH1, MSH2, MSH6, PMS2, EPCAM) in various tumors was evaluated according to the TCGA database,. The analysis showed that HDAC6 expression levels were positively correlated with MMR genes in all 33 tumors except READ and UCS (Figure 10A). In addition, further investigation revealed that HDAC6 expression levels were significantly and positively correlated with both methyltransferase expression levels (Figure 10B). These results suggest that HDAC6 is involved in tumorigenesis development and has epigenetic properties that regulate various tumors.




Figure 10 | Correlation of HDAC6 expression level with MMR gene and methyltransferase. (A) Spearman test to analyze the correlation between HDAC6 expression level and MMR gene in various tumors. (B) Spearman test to analyze the correlation between HDAC6 expression level and methyltransferase in various tumors. * Indicates that EPCAM, PMS2, MSH6, MSH2, MLH1 and HDAC6 are correlated in tumors, P<0.05. **Indicating that EPCAM, PMS2, MSH6, MSH2, MLH1 and HDAC6 are correlated in tumors, P< 0.01. *** means EPCAM, PMS2, MSH6, MSH2, MLH1 and HDAC6 are correlated in tumors, P<0.001.






Discussion

The number of cancer cases worldwide has exceeded 90 million, and cancer is currently a more prominent public health problem (3). A pan-cancer analysis mines genomic similarities and differences in tumors through major databases to provide better insights about cancer diagnosis and treatment to guide cancer-related research (29).

HDAC6 is a unique member of the HDAC family located on chromosome Xp11.23 and is the giant protein molecule in the HDAC family (30). The primary role of HDAC6 is to acetylate and deacetylate histones, which are modified by histone acetyltransferase (HAT) and histone deacetylase (HDAC). HAT has a role in promoting chromosome depolymerization and activating transcription, while HDAC has a role in blocking DNA and inhibiting transcription. Loss-of-nest apoptosis is a specific type of programmed cell death that results from the detachment of cells from the extracellular matrix and surrounding basement membrane. Recent studies have found that HDAC6 promotes oncogenic transformation and tumor formation by promoting anchorage-independent proliferation in transduced cells. In addition to histone regulation, HDAC6 also affects tumor cell motility by regulating non-histone substrates. α-microtubulin was the first non-histone substrate identified for HDAC6, and the reversible deacetylation of α-microtubulin by HDAC6 affects microtubulin. The reversible deacetylation of α-microtubulin by HDAC6 affects microtubule stability and function. It has been found that HDAC6 is highly expressed in melanoma, and by knocking down HDAC6 acetylated α-microtubulin increases, acetylated microtubules accumulate, causing CYLD to get around the nucleus, ultimately leading to a reduction in the interaction between CYLD and BCL3, preventing the transcriptional activity of the nuclear factor NF-κB, which in turn affects cell growth and metastasis.

Immunomodulation is of interest as a new idea in cancer therapy, especially in tumors lacking specific molecular targets. TME comprises pro and anti-cancer immune cells containing CD8-effective T cells, natural killer (NK) cells, macrophages, regulatory T cells, and myeloid-derived suppressor cells. Studies have shown a strong link between HDAC6 and the immune microenvironment. For example, inhibition of HDAC6 enhances antitumor immune signaling and reduces tumor load in ovarian cancer (31). HDAC6 has a regulatory antitumor immune response in breast cancer and plays an atypical role in disseminated and invasive breast cancer (32). Although anti-programmed death-1 (PD-1)/programmed death ligand-1 (PD-L1) drugs have achieved considerable clinical efficacy and low toxicity, they are not effective in all cancer types or do not achieve the desired effect in all patients (33). In a study, a novel HDAC6 inhibitor (MPT0G612), which induces apoptosis and inhibits IFN-γ-induced programmed death-ligand 1 in human colorectal cancer cells, was found to be a potential strategy for the combination of immune checkpoint inhibitors in the treatment of CRC (34). It suggests that HDAC6 holds promise as a new drug target for anti-cancer immunotherapy or in combination with known immune checkpoint inhibitors to enhance immune infiltration and response to cancer. Therefore, we analyzed HDAC6 expression in pan-cancer, prognosis, immune microenvironment, immune-associated antigens, and checkpoint genes for correlation analysis.

In this study, we first analyzed the expression and prognosis of HDAC6 in pan-cancer. After analyzing GTEx, CCLE, and TCGA databases, we found that HDAC6 was differentially expressed in the TCGA database for pan-cancers. However, considering the small number of control samples in the TCGA database, we integrated samples from the TCGA and GTEx databases. Here the results were reversed, and the expression of HDAC6 in the integrated database for pan-cancers was low, contrary to recent findings (31, 35). We speculate that this may be related to the recent addition of sample data to the TCGA database. Also in our prognostic analysis, we found that patients with low HDAC6 expression in PAAD, THYM, and UVM had significantly lower OS according to HDAC6 expression level which was further divided into high and low expression groups, and patients with low HDAC6 expression in KIRP, THYM, and UVM had significantly lower DSS. These results indicate that HDAC6 is expected to be a prognostic indicator in tumors as mentioned earlier, but further clinical validation is needed.

Cancer metabolism and tumor immune signaling pathways are important areas in basic tumor research (34, 36). To better observe the mechanism of HDAC6 in tumors, the analysis by GSEA revealed that HDAC6 is associated with the Notch signaling pathway (37), Wnt/β-catenin signaling pathway (38), and Hedgehog signaling pathway (39) were the most enriched. As the three most relevant pathways to tumor development, single-gene enrichment allowed identifying HDAC6 as involved in the feedback of these pathways and involved in tumorigenesis based on these pathways. In addition, by constructing a PPI protein co-expression network, eight genes were co-expressed with HDAC6, among which HDAC11 was of interest. HDAC11 belongs to class IV histone deacetylation, and earlier studies found that HDAC6 and HDAC11 act as a common transcriptional activator to regulate IL-10 expression, suggesting a possible regulatory role of HDAC6 in cellular immunity.

We found HDAC6 expression correlated with more than 40 checkpoints in the follow-up study, which were not lacking essential immune genes such as PD-1, TIGIT, TNFRSF9, and CTLA4. These results strongly suggest that HDAC6 may be a potential biomarker and play a crucial role in tumor immunity. The immune microenvironment is an essential component in tumor development, and tumor growth and metastasis can be altered by regulating the infiltration of immune cells and immune modifications and immune escape in the tumor microenvironment (40). In addition, the present study also found that HDAC6 was involved in the immune infiltration of tumors, and there was a positive correlation between the expression level of HDAC6 and immune score. They suggested that HDAC6 may be a potential immunosuppressant.

TMB and MSI scores have a high value in predicting the efficacy and prognosis of immune checkpoint therapy (41). With the continuous improvement of immune checkpoints in recent years, immunosuppressants are increasingly used in tumor immunotherapy and have played an influential role in clinical practice (42). In addition to this, PD-1/PD-L1 immunosuppressants have become a first- or second-line treatment option for some tumors (43). In our study, HDAC6 expression levels were shown to correlate with TMB and MSI in four cancer types, respectively. Among them, BLCA and COAD were positively correlated in TMB and MSI with overlapping relationships, and COAD was more significantly associated with TMB and MSI. In recent years, studies on COAD and HDAC6 have been increasing, and Yang et al. (12) found that HDAC6 in colon cancer cells regulates the deacetylation of K-RAS genes in the acetylated state and through the RAS/MAPK signaling pathway. KRAS-activating mutations are present in more than 40% of patients with colon cancer. The recent finding that KRAS mutations in LUAD may serve as a potential predictor for guiding anti-PD-1/PD-L1 immunotherapy needs to be further validated in colon cancer.

We concluded the study by analyzing the relationship between HDAC6 expression levels and the MMR gene and methyltransferase. Under normal circumstances, mismatches may occur during DNA replication, leading to genetic mutations, but regulation by the MMR genome in cells can identify and correct mutations (44). Moreover, mutations in the MMR genome can exacerbate the increased accumulation of genetic errors causing genomic instability or MSI (45). DNA methylation is an essential factor leading to altered tumor development, and an increasing number of studies show that hypermethylation of gene promoters is a common epigenetic feature of cancer (46). In the present study, we found that HDAC6 expression was strongly associated with mutation levels in five MMR genes in human pan-cancers, but there were some exceptions in tumors (READ and UCS). These results are consistent with our conclusion that high HDAC6 expression plays an essential regulatory role in tumor development by regulating MMR gene mutations through DNA methylation.

In the present study, we identified the potential value of HDAC6 in pan-cancer by primary analysis. However, limitations of the study still exist. First, as a primary analysis, we did not perform validation analysis on clinical samples or animal models, such as HDAC6 expression in multiple cancers. The results in the current study differed from recent studies. Second, although we determined that HDAC6 expression levels were associated with tumor immune cell infiltration and patient survival, we could not directly demonstrate that HDAC6 affects patient survival through immune infiltration. Finally, the current study used sequencing data from multiple databases and microarray data for analysis, which are subject to systematic bias. Therefore, we hope to collect clinical samples in future studies and conduct primary research to refine our findings.

Despite the flaws of the current study, we have to acknowledge the close association of HDAC6 in tumor immunity and cancer development. In the present study, we determined that HDAC6 was differentially expressed in pan-cancers and that abnormal expression was associated with tumor progression, especially in COAD. Abnormal expression of HDAC6 was associated with immune checkpoints, immune cell infiltration, tumor microenvironment, TMB, MSI, and DNA methylation. HDAC6 holds promise as a tumor potential prognostic marker, especially in colon cancer.
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Background

The incidence of thyroid cancer, whose local recurrence and metastasis lead to death, has always been high and the pathogenesis of papillary thyroid carcinoma (PTC) has not been clearly elucidated. Therefore, the research for more accurate prognosis-related predictive biomarkers is imminent, and a key gene can often be a prognostic marker for multiple tumors.



Methods

Gene expression profiles of various cancers in the TCGA and GTEx databases were downloaded, and genes significantly associated with the prognosis of THCA were identified by combining differential analysis with survival analysis. Then, a series of bioinformatics tools and methods were used to analyze the expression of the gene in each cancer and the correlation of each expression with prognosis, tumor immune microenvironment, immune neoantigens, immune checkpoints, DNA repair genes, and methyltransferases respectively. The possible biological mechanisms were also investigated by GSEA enrichment analysis.



Results

656 differentially expressed genes were identified from two datasets and 960 DEGs that were associated with disease-free survival in THCA patients were screened via survival analysis. The former and the latter were crossed to obtain 7 key genes, and the gene with the highest risk factor, ASF1B, was selected for this study. Differential analysis of multiple databases showed that ASF1B was commonly and highly expressed in pan-cancer. Survival analysis showed that high ASF1B expression was significantly associated with poor patient prognosis in multiple cancers. In addition, ASF1B expression levels were found to be associated with tumor immune infiltration in THCA, KIRC, LGG, and LIHC, and with tumor microenvironment in BRCA, LUSC, STAD, UCEC, and KIRC. Further analysis of the relationship between ASF1B expression and immune checker gene expression suggested that ASF1B may regulate tumor immune patterns in most tumors by regulating the expression levels of specific immune checker genes. Finally, GSEA enrichment analysis showed that ASF1B high expression was mainly enriched in cell cycle, MTORC1 signaling system, E2F targets, and G2M checkpoints pathways.



Conclusions

ASF1B may be an independent prognostic marker for predicting the prognosis of THCA patients. The pan-cancer analysis suggested that ASF1B may play an important role in the tumor micro-environment and tumor immunity and it has the potential of serving as a predictive biomarker for multiple cancers.





Keywords: anti-silencing function protein 1 homolog B (ASF1B), thyroid cancer, prognosis, pan-cancer, tumor immune micro-environment



Introduction

According to the American Cancer Society, 52,890 new cases of thyroid cancer were diagnosed in the United States in 2020, including 40,170 cases in women, which makes the thyroid cancer the fifth most common cancer among women in the United States (1). Papillary thyroid cancer (PTC) is a subtype of thyroid cancer and accounts for approximately 90% of all thyroid cancers (2). Although the incidence of PTC has been on the rise in recent years (2), PTC tends to be more differentiated and less malignant compared with other malignant tumors. Therefore, the majority of patients with highly differentiated PTC have a better overall prognosis with a 10-year survival rate greater than 90% (3, 4). However, a high rate of local recurrence is also a clinical feature of PTC, and studies have shown that high rates of lymph node metastasis and recurrence are important factors affecting the quality and duration of survival of PTC patients (5, 6). Therefore, further clarifying the molecular mechanisms of thyroid cancer and finding its key target molecules help the prediction of tumor prognosis.

Earlier studies have showed that despite its clinical heterogeneity, PTC has undergone consistent and specific molecular changes, and this finding may provide biomarkers for clinical applications (7). For example, Wreesmann et al. (8) found that abnormal MUC1 regulation was associated with aggressive behavior of PTC and may serve as a prognostic marker and potential therapeutic target for this disease. Min et al. (9) found that RARA, MAFF, miRNA-93, and their associated target gene SOX4, miRNA-342, and its target gene BCL2 were associated with the progression of TPC, and they may become prognostic markers and potential therapeutic targets for the disease. Xie et al (10) found that AHNAK2 could be used as a diagnostic and prognostic biomarker for PTC. With the advent of the Human Genome Project, high-throughput transcriptome data from cancer patients have become accessible because technologies have been developed to analyze large amounts of transcriptome data (11). Employing bioinformatics analysis with multiple databases to analyze gene expression, prognosis, mutation patterns, and function in different tumors is referred to as pan-cancer analysis. Thus, we can further use pan-cancer analysis to study the role of genes in different tumors and their association with different tumors.

In this study, we integrated THCA tumor samples from TCGA with normal samples from the GTEx database. Differential expression of mRNA was investigated using the Limma package of R software. One-way COX analysis was then used to screen genes associated with both THCA disease-free survival and DEGs: they were screened for overlapping genes in order to identify key genes. The expressions of these key genes were then analyzed in 33 cancers using pan-cancer analysis, and the correlation of the gene expressions with prognosis, immune microenvironment, immune checkpoint genes, and immune neo antigens were investigated.



Material and Method


Data Collection

All gene expression datasets and clinical information were obtained from the TCGA database (https://portal.gdc.cancer.gov/) and the GTEx database (https://gtexportal.org/) combined. mRNA expression profiles of 33 tumor cancer and normal tissue samples were downloaded from TCGA and GTEx, respectively. Removing batch effects from normalized data and corresponding to the corresponding clinical samples, removing duplicates and deleted samples from the downloaded data, and cases with missing clinical outcomes. There were 10201 tumor cases and 16571 controls in TCGA and GTEx datasets, details presented in Supplementary Table 1.Statistical analysis was performed using R software v4.0.3.



Analysis of Differentially Expressed Genes (DEGs)

Differential expression of mRNA was studied using the Limma package of R software (version: 3.40.2). Adjusted P values were analyzed in TCGA or GTEx to correct for false-positive results. DEGs were obtained by screening with |log2(FC)| > 2, P< 0.05. The heat and volcano plots were plotted using the R package ggplot2.



GO and KEGG Enrichment

To further explore the potential functions of potential targets, the data were analyzed by functional enrichment. Gene ontology (GO) is a widely used tool for annotating genes with functions, especially molecular functions (MF), biological pathways (BP), and cellular components (CC). To better understand the oncogenic role of target genes, the ClusterProfiler package in R was used to analyze the GO function of potential mRNAs and to enrich the KEGG pathway.



Key Gene Screening

In addition to DEGs, the patient population was also screened for potential prognostic genes that affect DFS (disease-free survival) in THCA by dividing the patient population into two groups based on a median expression (high expression vs. low expression). After DEGs analysis and KM analysis, several significantly expressed genes in THCA were obtained and potential key genes were searched for through the “VennDiagram” in the R package.



Survival Analysis

One-way COX was used to analyze the correlation between ASF1B expression and patient survival. The Kaplan-Meier(KM) method was used to compare the relationship between different ASF1B expression levels and the survival of patients. The expression levels of ASF1B in cancer tissues, paracancerous tissues, and non-cancerous tissues were divided into ASF1B high expression group and ASF1B low expression group. The One-way Cox survival analysis was performed using survival software, and the results were visualized by the “Forest plot” R package using forest plots.



Immunological Correlation Analysis

Data on the scores of six immune infiltrating cells from 33 cancers were downloaded from the TIMER database, and the correlation between gene expression and these immune cell scores were analyzed separately. The immune scores and stromal scores of each individual tumor sample were analyzed using the R package ESTIMATE in order to observe gene expressions versus immune scores in 33 tumors.



DNA Repair Genes and Methyltransferase Correlation Analysis

The correlation of five mis-match repair(MMRs) genes (MLH1, MSH2, MSH6, PMS2, EPCAM) with ASF1B expression was evaluated using expression profile data from TCGA. The correlation of the four methyltransferases’ expressions with ASF1B expression was analyzed. Visual analysis was performed using ggplot. The correlation was significant and positive when p < 0.05 and R> 0.20.



Gene Set Enrichment Analysis (GSEA)

To observe the effect of gene expression on tumors, the samples were divided into two groups of high and low expression based on gene expression levels, and the enrichment of KEGG and HALLMARK pathways in the high and low expression group was analyzed using GSEA respectively.




Results


Results of Differentially Expressed Gene Screening in THCA

A total of 3331 up-regulated genes and 5695 down-regulated genes were obtained via the Limma package analysis of R software(|log2(FC)| > 0.3785, P< 0.05). Volcano plots were drawn using Fold change and corrected p-value values (Supplementary Figure 1). After screening with |log2(FC)| > 2, P< 0.05,160 up-regulated genes and 496 down-regulated genes were obtained (Figure 1A). The grey dots in the graph indicated significantly differentially up-regulated genes and the orange dots indicated significantly differentially down-regulated genes. Due to a large number of differential genes, only the top 50 up-regulated and down-regulated genes with the largest differential changes were shown here as heat maps, respectively (Figure 1B).




Figure 1 | Differentially expressed genes and functional enrichment analysis; (A) volcano plot: grey dots indicate significantly differentially up-regulated genes and orange dots indicate significantly differentially down-regulated genes; (B) Heatmap plot of the DEGs; (C) KEGG enrichment analysis; (D) GO enrichment analysis



Next, KEGG pathway analysis was performed on differentially upregulated genes, which were involved in a total of 20 pathways that were mainly enriched for Ferroptosis(Figure 1C). GO enrichment analysis of differentially upregulated genes showed that they were mainly enriched in Neutrophil degranulation and Neutrophil activation that was involved in an immune response (Figure 1D).



Screening of Prognosis-Related Genes in THCA

One-way COX analysis of genes in THCA yielded 960 genes associated with disease-free survival prognosis, The top 20 genes of statistically significance level were shown in Figure 2A. Seven key genes were obtained by crossing the 656 differentially expressed genes with the top 205 prognosis-associated genes (Figure 2B). Displaying the disease-free survival curves of these 7 genes yielded the gene with the highest risk factor: ASF1B, which was selected for subsequent correlation studies (Figures 2C–F). The gene lists of DEGs and Genes about DFS, their “Fold change” and P-values were included in Supplementary Table 2.




Figure 2 | Overlap of differentially expressed genes and prognostic genes; (A) top 20 genes associated with DFS (disease-free survival) are shown; (B) overlap of DEGs and prognostic genes; (C) DFS survival curve of ASF1B; (D) DFS survival curve of SEZ6L2; (E) DFS survival curve of GALNT15; (F) DFS survival curve of ITGA2.





Expression of ASF1B in THCA and Other Cancers

First, the expression of ASF1B in THCA was observed, and the results showed that ASF1B expression levels were high in cancerous tissues (Figure 3A), the expression of ASF1B in different stage of THCA were shown in Figure 3B. Second, data from normal tissues in the GTEx database and data from TCGA tumor tissues were integrated to analyze the differences in ASF1B expression in 27 tumors. The results showed that ASF1B was highly expressed in all 26 tumors except TGCT, where the differences in ASF1B expression levels were not statistically significant compared with those in normal tissues (Figure 3C).




Figure 3 | Expression of ASF1B in tumors; (A) Expression level of ASF1B in THCA; (B) Expression level of ASF1B in different TNM stages of THCA; (C) Expression level of ASF1B in 27 cancer type. In (A) *** is P < 0.0001.





Prognostic Analysis of ASF1B Expression in THCA and Other Cancers

First, the association of ASF1B expression with overall survival and with disease-free survival in 33 TCGA tumors were calculated respectively by using univariate survival analysis. As shown in Figure 4A, ASF1B expression significantly affected the overall survival of ACC, CESC, HNSC, KICH, KIRC, KIRP, LAML, LGG, LIHC, LUAD, MESO, PAAD, PRAD, STAD, THYM, and UVM. The Kaplan-Meier curves were demonstrated in Figure 4C, and the results suggested that except for CESC, STAD, and THYM, high ASF1B expression was associated with poor patient prognosis. The association of ASF1B expression with disease-free survival was shown in Figures 4B, D and the results suggested that high ASF1B expression patient’ disease-free survival time was significantly lower than low ASF1B expression patient in KIRP, LIHC, LUSC, PAAD, SARC and THCA. Overall, the results suggested that ASF1B may be a potential prognostic predictor in THCA and other cancers.




Figure 4 | Univariate survival analysis was used to analyze the relationship between ASF1B expression and survival time in 33 tumors; (A) forest plot showing the relationship between ASF1B expression and OS; (B) forest plot showing the relationship between ASF1B expression and DFS; (C) KM curves of high and low ASF1B expression in 16 tumors significantly associated with OS survival; (D) KM curves of high and low ASF1B expression in 7 tumors significantly associated with DFS.





Correlation of ASF1B in THCA and Other Cancers With Tumor Immune Infiltration and Tumor Microenvironment

Whether ASF1B expression was correlated with the level of immune infiltration in THCA, or other different types of cancers has been investigated. Immune infiltration analysis showed that ASF1B expression was correlated with the level of immune infiltration in different types of tumors. In particular, in THCA, KIRC, LGG, and LIHC, ASF1B expression was significantly and positively correlated with the level of infiltration of B cells, CD4+ T cells, CD8+ T cells, Neutrophils, Macrophage, and Dendritic cells (Figures 5A–D). Via the R package for immune scoring and stromal scoring of individual tumor sample, as shown in Figure 5E, the top three tumors where ASF1B expression was significantly correlated with immune scoring were BRCA (R=-0.314, P<0.001), LUSC (R=-0.325, P<0.001), and STAD (R=-0.332, P<0.001); the top three tumors with stromal scoring (R=0.127, P<0.005), UCEC (R=-0.257, P<0.001), and LUSC (R=-0.325, P<0.001); the top three tumors significantly associated with stromal score were KIRC (R=0.127, P<0.005), UCEC (R=- 0.257, P<0.001) and LUSC (R=-0.325, P<0.001); the top three tumors significantly correlated with the composite score were LUSC, KIRC, and UCEC. Based on above results, it’s suggested that in terms of the tumor immune microenvironment, ASF1B expression levels were significantly negatively correlated with the immune score in BRCA, LUSC, STAD, UCEC while significantly positively correlated with the immune score in KIRC.




Figure 5 | Correlation of ASF1B with tumor immune infiltration and the tumor microenvironment in THCA and other cancers; (A) Correlation of ASF1B expression with immune cell infiltration in THCA; (B) Correlation of ASF1B expression with immune cell infiltration in KIRC; (C) Correlation of ASF1B expression with immune cell infiltration in LGG; (D) Correlation of ASF1B expression with immune cell infiltration in LIHC; (E) Correlation of ASF1B with the immune score, stromal score, and ESTIMATE score in pan-cancer.





Relationship Between ASF1B Expression and Immune Checkpoints and Immune Neoantigens

More than 40 common immune checkpoint genes were collected and the relationship between ASF1B expression and immune checkpoint gene expression was analyzed. The results were shown in Figure 6A. In a variety of tumors such as HNSC, KIRC, and LIHC, ASF1B expression was positively correlated with the expression levels of several immune checkpoint genes. It’s suggested that in these tumors, ASF1B may regulate the tumor immune pattern by regulating the expression levels of specific immune checkpoint genes. Figure 6B demonstrated the relationship between ASF1B expression and the number of neoantigens. The results found that ASF1B expression was significantly positively correlated with the number of neoantigens in LUAD, BRCA, UCEC, STAD, PRAD, and LGG.




Figure 6 | Correlation analysis of ASF1B expression in pan-cancer with immune neoantigens and immune checkpoint genes; (A) Correlation analysis of ASF1B expression in pan-cancer with immune checkpoint gene expression; (B) Correlation analysis of ASF1B expression in 19 tumors with the number of tumor neoantigens. In (A) * is P < 0.05, ** is P < 0.01 and *** is P < 0.001.





Relationship Between ASF1B Expression and DNA Repair Genes and Methyltransferase Expression

As shown in Figure 7A, ASF1B expression was significantly positively correlated with DNA repair genes in all cancers except CHOL, LAML, UCS, and UVM. DNA methylation can cause changes in stain structure, DNA conformation, DNA stability, and DNA-protein interactions and thus control gene expression. As shown in Figure 7B, it’s found that ASF1B expression was significantly and positively correlated with methyltransferase in all cancer species except CHOL and UCS. It is suggested that ASF1B may indirectly influence cancer development and progression by regulating epigenetic status.




Figure 7 | ASF1B expression in relation to DNA repair genes and methyltransferases; (A) correlation between ASF1B expression and gene expression levels of five MMRs; (B) correlation between ASF1B expression and expression of four methyltransferases; red: DNMT1, blue: DNMT2, green: DNMT3A, purple: DNMT3B. In (A) * is P < 0.05,** is P < 0.01, *** is P < 0.001.





GSEA Analysis of High and Low Expression of ASF1B in Pan-Cancer

The GSEA enrichment analysis revealed that ASF1B was involved in the regulation of many cancer metabolics and cancer immune signaling pathways. The three KEGG signaling pathways most significantly associated with ASF1B high expression were shown in Figure 8A, where ASF1B high expression was significantly enriched in cell cycle, pyrimidine metabolism, and oocyte meiosis-related pathways. The three HALLMARK pathways most significantly associated with ASF1B high expression were shown in Figure 8B, where ASF1B high expression was positive in MTORC1 signaling system, E2F target, and G2M checkpoint-related pathways.




Figure 8 | GSEA analysis of ASF1B; (A) enrichment analysis of ASF1B in KEGG signaling pathway; (B) enrichment analysis of ASF1B in HALLMARK signaling pathway.






Discussion

The identification of cancer prognostic biomarkers can aid the prediction of the prognostic status of each patient, which may help to achieve personalized cancer treatment (12). It has been partially demonstrated that some key genes can influence development of PTC. For example, mutations in BRAF and RAS loci are closely associated with development of PTC; rearrangements involving RET and NTRK1 can activate the MARK signaling pathway, accelerating the progression of PTC. With the development of bioinformatics, extensive studies of microarrays and RNA-seq have made it possible to discover new biomarkers for PTC (13). He et al. (14) reported that the discovery of CDH3, CTGF, CYR61, FGF13, CHRDL1, and OGN was not possible without comprehensive bioinformatics analysis and multiple datasets in immune related pathways that were closely involved in PTC tumorigenesis and prognosis. In a whole, there is a need to find more biomarkers that can more accurately predict cancer and its prognosis. To focus on the role and value of the biomarker in other cancers is to provide ideas for cancer therapeutic targets, in addition to fully understand the mechanism of PTC progression.

In this study, a total of 12 key genes were obtained by a crossover of differentially upregulated genes in THCA and the genes associated with disease-free survival in THCA. ASF1B gene with the highest risk coefficient was selected to observe its expression and predictive value in THCA prognosis as well as in a variety of other cancers. ASF1B, preferentially involved in cell proliferation, is an isoform of the histone chaperone protein ASF1, which mainly affects DNA replication, DNA damage repair, and transcriptional processes via chromatin function regulation. This study showed that ASF1B was highly expressed in the majority of cancers. It supported previous studies that ASF1B expression was elevated in cervical and breast cancers (15, 16). Moreover, elevated ASF1B expression was associated with not only poor prognosis in human lung adenocarcinoma but also the diagnosis and prognosis of breast, renal cell, and cervical cancers (16, 17); In this study, Kaplan-Meier curve demonstrated that high ASF1B expression was associated with poor cancer prognosis in 13 types of cancer, which suggested that ASF1B may serve as a prognostic predictive marker for THCA and a potential predictor of other cancers.

In addition, this study found that ASF1B expressions in THCA, KIRC, LGG, and LIHC were significantly positively correlated with the infiltration levels of B cells, CD4+ T cells, CD8+ T cells, Neutrophils, Macrophage, and Dendritic cells. It’s suggested that ASF1B may alter the tumor microenvironment or the degree of tumor immune cell infiltration. In general, the process of immunity is mainly regulated through T cells, which can recognize tumor antigens in the tumor microenvironment and deliver tumor antigens to T cell receptors via antigen-presenting cells. Impaired T-cell function in most cancer patients is the main reason why cancer cells can evade protective anti-tumor immunity. Based on our findings, the mechanism of ASF1B regulation of immunity, although not yet confirmed experimentally, is theoretically feasible with ASF1B inhibitors. Some studies have reported that ASF1B may induce differentiation of sarcomatoid phenotype as a prognostic indicator by regulating the microenvironment and epithelial-mesenchymal transition in malignant mesothelioma (18). In further analysis it’s also found that ASF1B may regulate tumor immune patterns in various tumors by regulating the expression of specific immune checkpoint genes. Thanks to immune checkpoints, immunization is increasingly being used in the field of tumor immunotherapy with some significant breakthroughs. In many cancers such as non-small cell lung cancer (19), melanoma (20), renal cell carcinoma (21), and hepatocellular carcinoma (22), immune checkpoint inhibitors such as CTLA4 inhibitors and PD-1 inhibitors have been shown to have significantly positive effects on patient survival.

Previously study found that ASF1B may change the tumor microenvironment and changes the percentage of the macrophage and some other immune cells such as dendritic cell, monocyte and T cells regulatory (Tregs) (19). ASF1B was found to be associated with immune cell infiltration in HCC (23). ASF1B plays a key role in modifying the chromatin nucleosome structure by maintaining continuous supply of the histones at nucleosome assembly sites as well. Packaging of nucleosomal DNA into distinct structures relies on complex interplays between modifications of histones and DNA, histone variants, chromatin-binding proteins, and noncoding RNAs (24).

The DNA mismatch repair system is a type of safety and security systems that can repair DNA base mismatches in human cells. It has an important role in maintaining the integrity and stability of genetic material and avoiding the generation of genetic mutations (25). In this study, five DNA repair genes MLH1, MSH2, MSH6, PMS2, and EPCAM were evaluated in detail. It’s found that ASF1B expression was significantly positively correlated with DNA repair genes in most cancers. In addition, ASF1B expression was significantly and positively correlated with methyltransferases in many cancer species. However, up till now rare studies have been reported on mechanisms between ASF1B expression and DNA methylation, and this study sheds lights on ASF1B expression and DNA methylation for future investigations.

Finally, GSEA enrichment was used to analyze the biological functions of ASF1B in tumors and it was found that the highly expressed ASF1B was mainly enriched in cell cycle, oocyte meiosis, pyrimidine metabolism, and other related pathways, and was positive in MTORC1 signaling system, E2F targets, and G2M checkpoint related pathways. E2F transcription factor family is one of the most important cytokines involved in cell cycle G1-S phase. E2F transcription factors not only regulate the expression level of target genes but also ensure target genes are largely transcribed in a cell cycle-dependent manner. Therefore, abnormalities in E2F transcription factors play a role in tumorigenesis. Also, E2F transcription factors have been found to regulate ASF1B (26). The ASF1B protein is a substrate for the regulation of cell cycle kinase class (27, 28). The cell cycle kinase plays a key role in regulating chromatin nucleosome structure by ensuring a constant supply of histones at the nucleosome assembly site while interacting directly with transcriptional regulators (29, 30). In addition, it has also been reported that H3K56ac is a key regulator of chromatin assembly/disassembly responses mediated by the histone chaperone Asf1, which is regulated by mTORC1 signaling (31, 32). Our pan-cancer analysis similarly supported the function of ASF1B in the regulatory mechanism.



Conclusion

In summary, we analyzed the transcriptomic data of cancers in public databases, and found some new information from differentially expressed genes, especially the upregulated expression of ASF1B gene correlated to the prognosis of thyroid cancer (THCA), and ASF1B is associated with disease prognosis in THCA and can be used as a biomarker for THCA prognosis. In the pan-cancer analysis, ASF1B expression is related with immune cell infiltration level and the tumor microenvironment and affects cancer development by interrupting cell cycle, interfering with DNA mismatch repair, promoting DNA methylation, etc. Future study should work on providing a bioinformatics basis for the mechanism of ASF1B in tumor immunity and tumor microenvironment. However, some limitations should be acknowledged in this study. The above conclusions are obtained via bioinformatics analysis merely, further biological experiments are required to confirm the function and molecular mechanisms of ASF1B and its signal pathways in THCA.
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Uterine leiomyosarcoma (UL) is a rare malignant tumor that develops from the uterine smooth muscle tissue. Due to the low frequency and lack of sufficient data from clinical trials there is currently no effective treatment that is routinely accepted for UL. Here we report a case of a 65-years-old female patient with metastatic UL, who progressed on ifosfamide and doxorubicin therapy and developed severe hypertensive crisis after administration of second line pazopanib, which lead to treatment termination. Rapid progression of the tumor stressed the need for the alternative treatment options. We performed RNA sequencing and whole exome sequencing profiling of the patient’s biopsy and applied Oncobox bioinformatic algorithm to prioritize targeted therapeutics. No clinically relevant mutations associated with drug efficiencies were found, but the Oncobox transcriptome analysis predicted regorafenib as the most effective targeted treatment option. Regorafenib administration resulted in a complete metabolic response which lasted for 10 months. In addition, RNA sequencing analysis revealed a novel cancer fusion transcript of YWHAE gene with fusion partner JAZF1. Several chimeric transcripts for YWHAE and JAZF1 genes were previously found in uterine neoplasms and some of them were associated with tumor prognosis. However, their combination was detected in this study for the first time. Taken together, these findings evidence that RNA sequencing may complement analysis of clinically relevant mutations and enhance management of oncological patients by suggesting putative treatment options.




Keywords: uterine leiomyosarcoma, regorafenib, RNA sequencing, cancer gene fusion, personalized therapy, oncobox, whole-exome sequencing, targeted therapeutics



Background

Uterine leiomyosarcoma (UL) is the most common type of uterine sarcomas which accounts for about 1-2% of uterine malignancies (1, 2). This tumor has a higher rate of metastasis without prior lymph node involvement compared to adenocarcinomas (2). Most patients experience vaginal bleeding, as well as in cases of patients with adenocarcinomas. Other patients may experience local discomfort from uterine enlargement. The average age of UL diagnosis is about 50 years (3). But in the early stages, the disease course is usually asymptomatic and is often mistakenly diagnosed as uterine leiomyoma (3).

Approximately 0.5% of patients undergoing a hysterectomy for a suspected benign leiomyoma then demonstrate UL, and it is problematic to distinguish between the two tumors before surgery (2). Moreover, since laparoscopic extraction, including morcellation, there is a risk of spreading latent UL to the entire abdominal cavity (2).

Leiomyosarcomas are thought to occur independently of leiomyoma (4). These tumors are characterized by abundant mitoses, prominent cellular atypia, and necrosis. The coincidence of two of the three signs indicates a risk of metastasis of more than 10% (4). When leiomyoma and UL cannot be differentiated, the term STUMP (smooth tumors of undefined malignant potential) is used for diagnosis (5). The lungs are the most frequent site of metastasis. Thus, the initial assessment should include a chest CT scan (6).

Due to the lack of data from randomized trials, management tactics vary. The initial treatment is surgical intervention by hysterectomy. Lymph node involvement is rare, and usually lymph node dissection is not required (7). The use of radiation therapy showed no difference in either overall survival or progression-free survival, and did not lead to an improvement in local control (the rate of local relapses in the radiation therapy group was 20% compared to 24% in the case of surgical treatment in a randomized phase III EORTC study) (8).

For UL, there is no effective chemotherapy scheme today. The best results were shown for the following regimens: (i) gemcitabine and docetaxel combination in advanced setting. Frequency of the objective response to this regimen was 36% (9); (ii) paclitaxel, with partial or complete response rate of ~8% of the cases (10); (iii) doxorubicin monotherapy with 15% response rate (11); (iv) doxorubicin and ifosfamide treatment results in moderate response rates of 10%-30% (12). Trabectedin and pazopanib may be further used as the second line treatment of UL. Trabectedin treatment results in 1-year survival rate of 61% (13). In turn, administration of pazopanib allows to achieve long-term stabilization or partial regression of the tumor and allows to increase the median survival rate to 17.5 months (14).

Thus, to date there is no effective standard treatment for UL, and personalized approach may be needed for better patient management. Such an approach may be based on high-throughput gene expression profiling, because no clinically actionable mutations were described for UL in the literature. Gene expression profiling using RNA sequencing and further bioinformatic analysis may, in turn, provide insights on the pathological processes altered in a specific tumor (15). The only genetic test utilizing both DNA analysis for mutation profiling and RNA analysis for gene expression profiling is Oncobox (16). Oncobox uses advanced pathway analysis of gene expression data to build personalized rating of targeted drugs (17). Here we describe a case of successful application of the Oncobox testing to select treatment for metastatic UL.



Case Presentation

In February 2019, a 65-year-old woman underwent uterine extirpation from the upper third of the vagina for uterine fibroids, which had been diagnosed for 18 years. Histological examination of the material indicated UL (Figure 1A), G1, pT1b, size 12 cm, with invasion of the entire thickness of the uterine myometrium wall and endometrial invasion. IHC examination revealed spindle-shaped cells with mild nuclear polymorphism and an abundance of mitoses (Figure1A). Lymphovascular invasion was detected (Figure 1A), resection margin and appendages were without a tumor. A histological examination of the omentum was also performed, and no signs of tumor growth were found.




Figure 1 | (A) Hematoxylin and eosin (H&E) staining shows uterine leiomyosarcoma (left) with lymphovascular invasion (right). (B) CT (left) and PET-CT (right) scans of the pelvis. Lesion in the area of the removed right ovary in March 2019, December 2019 and March 2020. (C) PET-CT scans of the abdomen. Nodes along the anterior abdominal wall in March 2019, December 2019 and March 2020, sagittal plane.



In March 2019, PET-CT revealed lesions in the lungs (size 7 mm and 11 mm, Figure S1), in the area of the removed right ovary (3 cm, Figure 1B) and along the anterior abdominal wall (up to 1 cm2, Figure 1C). First-line polychemotherapy (PCT) with ifosfamide (2500 mg/m2/day on days 1 to 4) and doxorubicin (25 mg/m2 intravenously, on days 1 to 3) started, and the patient received two out of four prescribed therapy courses. The patient developed fibril neutropenia and grade 2 thrombocytopenia; therefore, the dose was reduced for the next course to 1875 mg/m2/day intravenously, on days 1 to 4 for ifosfamide and to 18.7 mg/m2 intravenously, on days 1 to 3 for doxorubicin. According to MRI data from June 2019 (Figure S2), the disease progressed: a pathological lesion with dimensions - transverse 2.4 cm, vertical 3.0 cm, craniocaudal 7.5 cm, unevenly accumulating a contrast agent was observed on the right, with the spread to the area of the iliac vessels.

Since the disease progressed after the PCT, the patient received monotherapy with targeted tyrosine kinase inhibitor pazopanib (800 mg daily) as the second line in June. However, the treatment was terminated after the second dose (second day of the treatment) due to the development of a severe hypertensive crisis. MRI in September 2019 revealed lesions in the right iliac region - secondary altered lymph nodes, with signs of invasion in the right ureter (Figure S3).

As the patient rapidly progressed on standard treatment, an attempt was made to find an alternative treatment option. To identify third-line therapy, Oncobox molecular diagnostic test was performed for the patient tumor biopsy specimen obtained during the operation in February 2019 containing 95% tumor cells. Oncobox test used included whole-exome sequencing (WES) and RNA sequencing (RNAseq) of tumor biosample. WES data are used to identify diagnostic mutations and to calculate tumor mutation burden, whereas RNAseq information helps identifying molecular drug targets that are differentially expressed in the tumor, and also differentially regulated molecular pathways compared to the healthy tissues (16, 18). Annotated Oncobox pathway database was recently published (19). The healthy control tissues were sequenced previously by Oncobox (20) using the same equipment and protocols. Based on the drug target and molecular pathway information, Oncobox algorithm returns personalized rating of targeted therapeutics (17). To this end, balanced efficiency score (BES) of each targeted cancer drug is calculated that is based on the extent of up/downregulation of drug target genes and drug target pathways (15). The latter complements mutation data and helps identifying possible treatment options even when no clinically actionable mutations can be found. This approach was found effective for advanced solid tumors in several clinical screens (21–24) and trials (25, 26), and used for off-label drug prescriptions in the progressive tumors (27–31).

In the present case, whole exome sequencing (WES) and RNA sequencing (RNAseq) profiling of tumor sample was performed followed by bioinformatic analysis (17). The tumor sample showed no signs of microsatellite instability according to (32). WES identified 583 non-synonymous mutations in protein-coding genes, and an overall tumor mutation burden value (calculated also including synonymous mutations according to (33) was 9.8 per megabase which couldn’t support using immune checkpoint inhibitors according to (34). No clinically actionable mutations were identified in genes ATRX, BRCA1, BRCA2, ATM, BARD1, BRIP1, CHEK1, CHEK2, FAM175A, MRE11A, NBN, PALB2, RAD51B, RAD51C, RAD51D, RAD54L, thus platinum compounds and PARP inhibitors would potentially be ineffective (35, 36). There were no activating mutations in the BRAF, EGFR, and PIK3CA genes and no amplification was found for ERBB2 (HER2), thus corresponding inhibitors could not be prescribed.

However, RNAseq analysis detected a previously unknown in-frame cancer fusion transcript of genes YWHAE and JAZF1, directly supported by nine sequencing reads (Figure 2). The fifth exon of YWHAE was fused with the fourth exon of JAZF1. JAZF1 is frequently amplified and overexpressed in many cancers (37). The relative exon coverage of JAZF1 by RNAseq reads downstream to the fusion site was higher than upstream, thus confirming abnormal activation of this gene (Figure 2B). Other fusions separately involving either YWHAE or JAZF1 were previously reported for uterine sarcomas (38), some of them (YWHAE with fusion partners NUTM2A and NUTM2B) were associated with poor prognosis (39). However, YWHAE-JAZF1 combination, to our knowledge, was identified here for the first time, and it could not drive a decision on the patient management.




Figure 2 | Schematic representation of YWHAE-JAZF1 fusion transcript identified. (A) gene structures upstream and downstream of fusion site. (B) JAZF1 gene exon coverage by normalized RNA sequencing reads.



Gene Ontology (GO) analysis of the top-100 up-regulated genes in the patient’s biosample according to RNAseq data revealed terms associated with extracellular matrix organization, mesenchyme development and organ development (Figure S4). GO-analysis of the 100 most down-regulated genes revealed terms associated with muscle system process, actin−mediated cell contraction, and sarcomere organization. Fold changes for all 36596 genes analyzed can be found in Table S1.

We then used RNAseq data to analyze molecular pathways with altered cancer-to-healthy tissue activation profiles using Oncobox algorithm (21, 40, 41). We found that the most strongly upregulated pathways dealt with (i) FOXA1 transcription factor network, (ii) downregulation of MTA3 in breast cancer, (iii) basal cell carcinoma network, (iv) elastic fiber formation, (v) cell migration branch of VEGFR signaling in lymphatic endothelium pathway, (vi) keratan sulfate degradation, (vii) endothelial cell regulation branch of cAMP pathway, (viii) L1CAM interactions, (ix) CXCR4 signaling, and (x) tumor cell invasion branch of Syndecan 1 signaling pathway (Figure 3A, top). The main downregulated pathways dealt with (i) type 2 diabetes network, (ii) muscle contraction, (iii-iv) cardiomyopathy network, (v and viii) PPAR signaling, (vi) noradrenaline and adrenaline degradation, (vii and x) acyl chain remodeling, and (ix) antibody-mediated complement activation (Figure 3A, bottom).




Figure 3 | (A) Top-10 up-regulated (green color, top) and top-10 down-regulated (red color, bottom) molecular pathways in the patient’s tumor. Line width for each pathway is proportional to the pathway activation level (PAL), scale for PAL values is presented on the right; (B) Gene expression level of Regorafenib targets. Targets included in the “KEGG Pathways in cancer” pathway are highlighted in red.



Applying Oncobox algorithm to RNAseq data, we also built personalized rating of 159 cancer drugs with 164 molecular targets (17). According to the Oncobox report, the patient’s tumor was predicted to be sensitive to the following top-10 targeted drugs (in a decreasing efficiency order): (i) regorafenib, (ii) lenvatinib, (iii) nintedanib, (iv) dovitinib, (v) tivozanib, (vi) dasatinib, (vii) sunitinib, (viii) sorafenib, (ix) pazopanib, and (x) midostaurin (Table S1).

Based on the results of this molecular profiling, the institutional tumor board approved administration of regorafenib, a targeted tyrosine kinase inhibitor with multiple specificities (Figure 3B). The patient received regorafenib as monotherapy (80 mg daily) from September till December 2019, and PET-CT investigation from 21.12.2019 revealed a complete metabolic regression of the tumor (Figures 1 and S1). Regorafenib administration was then continued till February 2020 in the same regimen. Thus, the patient received 5 courses of regorafenib in total. Complete metabolic response of the patient’s tumor was confirmed in March 2020 (Figures 1B, C), but then the treatment was terminated due to poor tolerability of the drug: the patient developed gastrointestinal toxicity, stomatitis, cheilitis, and arterial hypertension. The tumor progressed in July 2020: pathological lesions accumulating contrast agents were found in the lungs, omentum and peritoneum (Figures S5 and S6). Regorafenib treatment was resumed, and the tumor partially regressed in September 2020. However, same regorafenib side effects occurred, and it was decided to make a second attempt of pazopanib treatment. The patient received pazopanib from September till December 2020, but the disease progressed, and the patient had moderate anemia of chronic diseases. It was decided to administer regorafenib and partial response was documented in April 2021. As for August 2021 the patient is alive, receives regorafenib therapy and has mild anemia of chronic diseases.



Discussion

Regorafenib inhibits multiple tyrosine kinases involved in tumor angiogenesis (VEGFR1-3, TIE2), oncogenic transformation (KIT, RET, RAF1, BRAF), and shaping tumor microenvironment (PDGFR, FGFR) (42). KIT is a proto-oncogene encoding receptor tyrosine kinase. When bound to its ligands, it phosphorylates and activates the PI3K/AKT signaling axis. Previously strong diffused expression of KIT was observed in ~75% of leiomyosarcomas (43), and in 53% of uterine leiomyosarcomas (44). Genes PDGFRA and PDGFRB encode the platelet-derived growth factor receptors that play a significant role in cell growth and differentiation. Previously expression changes of PDGFRA and PDGFRB in UL have not been sufficiently investigated with the exception of a single study showing that their expression was increased in ~60% of UL (45). FGFR1 encodes one of the fibroblast growth factor receptors. Binding FGFR1 to its ligand also leads to the activation of PI3K/AKT axis. This gene upregulation was previously observed in several UL cell lines, and its targeted inhibition resulted in strong suppression of cell proliferation and survival (46). In turn, the PI3K/AKT axis makes a significant contribution to the development of leiomyosarcomas, and this pathway inhibition leads to suppression of growth and activation of apoptosis on both in vitro and in vivo UL models (47).

RNAseq analysis revealed twelve upregulated versus only six downregulated regorafenib target genes in the patient’s tumor (Figure 3B). Moreover, multiple signaling pathways containing regorafenib targets were upregulated in the tumor according to Oncobox analysis (Table S1), For example, all regorafenib targets included in “KEGG Pathways in cancer” network show increased expression levels (Figure 4). The PDGFRA-B, FGFR1-2, and KIT gene products activate the PI3K-AKT axis (Figure 4, circled), which, in turn, was also activated. Thus, increased expression levels of multiple targeted gene products along with the upregulated targeted signaling pathways may indicate on the tumor sensitivity to regorafenib.




Figure 4 | “KEGG Pathways in cancer” signaling pathway shown as an interacting network. This pathway was hyperactivated in the patient’s tumor tissue. Green arrows indicate activation, red arrows–inhibition. Transcript nodes are shown in ovals. The color depth of transcript nodes reflects the extent of node activation (logarithms of the case-to-normal (CNR) expression rate for each node, in which “normal” is a geometric average between expression levels in normal tissue samples). Molecular targets of regorafenib are indicated by black arrows. Visualization was implemented using Oncobox software. The PI3Ks-AKT signaling axis is marked in blue ellipse.



Currently regorafenib is approved for treatment of metastatic colorectal cancer (48), advanced gastrointestinal stromal tumors (49), and advanced hepatocellular carcinoma (50), but not approved for sarcomas including UL (51). We found only one published report where regorafenib was used in UL (52). A group of 56 patients with leiomyosarcomas, where 22 patients had UL, showed significantly longer progression-free survival if treated with regorafenib compared to the placebo cohort (52). In addition to leiomyosarcoma, regorafenib improved PFS in synovial sarcoma, but not in liposarcoma (52). When patients from multiple cohorts with non-adipocytic sarcomas were pooled together, median PFS was 4.0 months in the regorafenib arm and 1.0 month in the placebo arm (HR 0.36, P-value <.0001). Median PFS in leiomyosarcoma group was 3.7 months, while our patient did not progress for 10 months.

In this study we also found a new YWHAE-JAZF1 cancer fusion transcript that most probably results in enhanced activity of JAZF1 moiety. The latter gene controls lipid metabolism by suppressing lipogenesis and increasing lipolysis, and regulates expression of PPARA and PPARD (53, 54). Interestingly, two out of ten the most strongly suppressed molecular pathways in the patient’s tumor were different versions of PPAR signaling pathway which can be a functional consequence of a fusion oncogene activity (Figure 3A, bottom). Currently, no meaningful conclusion can be made on possible association of the detected fusion on regorafenib response. Future clinical studies are required to elaborate on that.

Nowadays there are several medical first-generation second opinion platforms that use genetic profiling data like CARIS Molecular Intelligence and Foundation ONE (55–58). Their clinical utility is limited to the analysis of a modest number of clinically actionable mutations and immunohistochemical profiling of a small panel of approved cancer biomarkers. The enclosed targeted panels contain only up to 2% of the total number of protein-coding genes, thus making most part of the cancer exome invisible. Those platforms also don’t use high throughput gene expression data to prioritize therapeutic options in cases when several drugs could be potentially effective. In the present case, the mutation analysis was not informative, whereas it was the Oncobox transcriptomic/molecular pathway profiling that allowed to identify an effective treatment.

Effectiveness of this method was previously published in several case reports (27–30), retrospective (23, 24) and prospective (26, 59) clinical investigations. In this communication, we describe the use of regorafenib, which was selected based on Oncobox analysis of RNAseq data for the treatment of UL with lung metastases after unsuccessful chemotherapy. Regorafenib treatment resulted in a prolonged complete metabolic response and poor yet acceptable toxicity. This case suggests that personalized approach utilizing both mutation and gene expression profiling may be helpful for guiding treatment selection in advanced UL. However, this suggestion is based on an individual case, which is the main limitation of the current study. Larger prospective clinical studies are needed to investigate clinical utility and validity of such an approach. The strength of the current study is the first to our knowledge integrative (WES and RNAseq) prospective analysis of the UL biopsy, which enabled to choose the effective personalized treatment.



Materials and Methods

The patient provided written informed consent for the analysis of her cancer tissue biosample and for presentation of relevant clinical and molecular data in this paper - for disclosure of sex, histological tumor type, diagnosis, relevant instrumental images, and molecular data including RNA sequencing data and whole-exome sequencing data. The study was conducted in accordance with the Declaration of Helsinki ethical principles. The consent procedure and the design of the study were approved by the local ethical committee of the Medical Holding SM-clinic.

The tumor tissue sample used for gene expression analysis was stored in the form of formalin-fixed paraffin-embedded (FFPE) tissue block at the room temperature. For nucleic acid extraction, we used sections of FFPE block with tumor cell content 95%.

RNA was isolated from FFPE slices and sequenced according to our previous protocols (20, 60). DNA was extracted and used for whole-exome sequencing as described (30). For normalization of gene expression to calculate CNR and pathway activation levels, we used RNA sequencing profiles from ANTE collection for normal tissues (20) of healthy donors killed in road accidents, that was built using the same equipment and protocols.

Gene expression, molecular pathway activation and mutation analyses were performed as described previously (16, 17, 29, 30). For molecular pathway analysis we used previously published database of 3044 molecular pathways involving 9022 human genes (61), but included only pathways with 10 or more genes (n = 1682).

We did Gene Ontology search using GeneOntology tool (http://geneontology.org/) and q-value setting < 0.1 for 20595 genes included in GO terms and verified results using GOrilla software (http://cbl-gorilla.cs.technion.ac.il/) for 19098 HGNC protein coding genes, and using enrichGO clusterProfiler software (org.Hs.eg.db) with ENTREZID as the gene names.

Fusion transcripts were initially screened using STAR-Fusion software. Preliminary files containing fusion candidates were generated and the corresponding RNA sequencing reads were extracted. The output data were manually inspected using UCSC BLAT and UCSC Browser (https://genome.ucsc.edu/) to interrogate fusion candidates according to the following criteria: (i) does the read cover exon junction of two different transcripts, (ii) if the junction point exactly matches exon termini of known genes with canonic splice sites, (iii) if both transcripts are in the same orientation.
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Supplementary Figure 1 | CT (left) and PET-CT (right) chest scans of the chest. (A) A node in S6 of the left lung in March 2019, December 2019 and March 2020; (B) A node in S8 of the right lung in March 2019, December 2019 and March 2020.

Supplementary Figure 2 | A pathological lesion on the right, with the spread to the area of the iliac vessels (indicated with green arrow), June 2019.

Supplementary Figure 3 | Lesions in the right iliac region - secondary altered lymph nodes, with signs of invasion in the right ureter, September 2019.

Supplementary Figure 4 | GO visualization of top-30 significant “biological process” terms by R package enrichplot (http://bioconductor.org/packages/release/bioc/html/enrichplot.html). All terms passed Benjamini-Hochberg adjusted p-value threshold of 0.05.

Supplementary Figure 5 | CT (left) and PET-CT (right) chest scans of the chest in July 2020. (A) A node in S6 of the left lung; (B) A node in S8 of the right lung.

Supplementary Figure 6 | CT (left) and PET-CT (right) scans of the pelvis in July 2020. (A) Lesion in the area of the removed right ovary. (B) CT and PET-CT scans of the abdomen, axial plane.

Supplementary Table 1 | Gene fold changes, Pathway Activation Levels and Balanced Efficiency Scores calculated by the Oncobox method.
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Lower-grade glioma (LGG) is characterized by genetic and transcriptional heterogeneity, and a dismal prognosis. Iron metabolism is considered central for glioma tumorigenesis, tumor progression and tumor microenvironment, although key iron metabolism-related genes are unclear. Here we developed and validated an iron metabolism-related gene signature LGG prognosis. RNA-sequence and clinicopathological data from The Cancer Genome Atlas (TCGA) and the Chinese Glioma Genome Atlas (CGGA) were downloaded. Prognostic iron metabolism-related genes were screened and used to construct a risk-score model via differential gene expression analysis, univariate Cox analysis, and the Least Absolute Shrinkage and Selection Operator (LASSO)-regression algorithm. All LGG patients were stratified into high- and low-risk groups, based on the risk score. The prognostic significance of the risk-score model in the TCGA and CGGA cohorts was evaluated with Kaplan-Meier (KM) survival and receiver operating characteristic (ROC) curve analysis. Risk- score distributions in subgroups were stratified by age, gender, the World Health Organization (WHO) grade, isocitrate dehydrogenase 1 (IDH1) mutation status, the O6‐methylguanine‐DNA methyl‐transferase (MGMT) promoter-methylation status, and the 1p/19q co-deletion status. Furthermore, a nomogram model with a risk score was developed, and its predictive performance was validated with the TCGA and CGGA cohorts. Additionally, the gene set enrichment analysis (GSEA) identified signaling pathways and pathological processes enriched in the high-risk group. Finally, immune infiltration and immune checkpoint analysis were utilized to investigate the tumor microenvironment characteristics related to the risk score. We identified a prognostic 15-gene iron metabolism-related signature and constructed a risk-score model. High risk scores were associated with an age of > 40, wild-type IDH1, a WHO grade of III, an unmethylated MGMT promoter, and 1p/19q non-codeletion. ROC analysis indicated that the risk-score model accurately predicted 1-, 3-, and 5-year overall survival rates of LGG patients in the both TCGA and CGGA cohorts. KM analysis showed that the high-risk group had a much lower overall survival than the low-risk group (P < 0.0001). The nomogram model showed a strong ability to predict the overall survival of LGG patients in the TCGA and CGGA cohorts. GSEA analysis indicated that inflammatory responses, tumor-associated pathways, and pathological processes were enriched in high-risk group. Moreover, a high risk score correlated with the infiltration immune cells (dendritic cells, macrophages, CD4+ T cells, and B cells) and expression of immune checkpoint (PD1, PDL1, TIM3, and CD48). Our prognostic model was based on iron metabolism-related genes in LGG, can potentially aid in LGG prognosis, and provides potential targets against gliomas.
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Introduction

Diffuse gliomas represent the most common type of primary tumor originating in the central nervous system. Oligodendrocytomas and astrocytomas, corresponding to World Health Organization (WHO) grade II and grade III tumors, are defined as lower-grade gliomas (LGGs) (1). The median overall survival (OS) time of patients with WHO II and III gliomas is 78.1 months and 37.6 months, respectively (2). Despite advances in diagnostic and treatment methods, LGG may progress into high-grade glioma in some patients, leading to reduced therapeutic responses and a poorer disease prognosis. Therefore, exploring the underlying molecular mechanisms and prognostic indicators is still urgently required for patients with LGG.

Iron, an essential dietary element, participates in both biological and pathological processes. In contrast to normal cells, many tumor cells become dependent on iron in order to grow faster and, thus, are more susceptible to iron depletion. This phenomenon is known as iron addiction (3). Data from previous studies showed that tumor cells can increase intracellular iron levels by modulating expression of the transferrin receptor, ferroportin, and ferritin (4–8). Dysregulation of iron metabolism-related genes promotes tumor cell proliferation, invasion, and metastasis (9). Iron accumulation, as well as iron-catalytic reactive oxygen/nitrogen species and aldehydes, can cause DNA-strand breaks and tumorigenesis (9, 10). Iron also participates in several types of cell death (11), especially ferroptosis (3).

The association between high-grade glioma and iron metabolism has been reported previously. Jaksch-Bogensperger et al. showed that patients with high-grade glioma have higher serum ferritin levels (12). Glioblastoma cancer stem-like cells can absorb iron from the microenvironment more effectively, by upregulating their expression levels of ferritin and transferrin receptor 1 (8). In addition, iron accumulation promotes the proliferation of glioma cells (13). Hypoxia-induced ferritin light chain expression is also involved in the epithelial-mesenchymal transition (EMT) and chemoresistance of high-grade glioma (14). Recently, some therapeutic methods targeting cellular iron and iron-signaling pathways have been tested, including iron chelation, treatment with curcumin or artemisinin, and RNA interference (10). However, the toxicities and side effects of iron chelators limit their applications in treating gliomas (15). Therefore, there is still a need to attain a deeper understanding of iron metabolism in LGGs.

In this study, iron metabolism-related genes were investigated. We performed a comprehensive bioinformatics analyses based on gene-expression levels, DNA methylation, copy-number alteration patterns, and clinical data from The Cancer Genome Atlas (TCGA). By identifying dysregulated iron metabolism-related genes, we constructed a risk-score system of LGG and validated it in the TCGA and Chinese Glioma Genome Atlas (CGGA) datasets. In addition, function analysis and gene set enrichment analysis (GSEA) were performed between the high-risk and low-risk groups to investigate the potential pathways and mechanisms related to iron metabolism. Our results showed that a 15-gene signature could be used as an independent predictor of OS in patients with LGG.



Materials and Methods


Assembling a Set of Iron Metabolism-Related Genes

Iron metabolism-related genes were retrieved from gene sets downloaded from the Molecular Signatures Database (MSigDB) version 7.1 (16, 17), including the GO_IRON_ION_BINDING, GO_2_IRON_2_SULFUR_CLUSTER_BINDING, GO_4_IRON_4_SULFUR_CLUSTER_BINDING, GO_IRON_ION_IMPORT, GO_IRON_ION_TRANSPORT, GO_IRON_COORDINATION_ENTITY_TRANSPORT, GO_RESPONSE_TO_IRON_ION, MODULE_540, GO_IRON_ION_HOMEOSTASIS, GO_CELLULAR_IRON_ION_HOMEOSTASIS, GO_HEME_BIOSYNTHETIC_PROCESS, HEME_BIOSYNTHETIC_PROCESS, GO_HEME_METABOLIC_PROCESS, HEME_METABOLIC_PROCESS, HALLMARK_HEME_METABOLISM, and REACTOME_IRON_UPTAKE_AND_TRANSPORT gene sets. We also reviewed the literature and added the previously reported genes (18, 19). After removing overlapping genes, we obtained an iron metabolism-related gene set containing 527 genes.



Datasets and Data Processing

Gene expression data for 523 LGG samples (TCGA) and 105 normal cerebral cortex samples (GTEx project) were downloaded from a combined set of TCGA, TARGET, and GTEx samples in UCSC Xena (https://tcga.xenahubs.net). Clinical information for patients with LGG was obtained from using the “TCGAbiolinks” package written for R (20–22). Gene expression data and clinicopathological information for 443 patients with LGG were retrieved from CGGA database (http://www.cgga.org.cn/) and were selected as a test set. Data from patients without prognostic information were excluded from our analysis. Ultimately, we obtained a TCGA training set containing 506 patients and a CGGA test set with 420 patients. Ethics committee approval was not required since all the data were available in open-access format.



Differential Analysis

First, we screened out 402 duplicate iron metabolism-related genes that were identified in both TCGA and CGGA gene expression matrixes. Then, differentially expressed genes (DEGs) between the TCGA-LGG samples and normal cerebral cortex samples were analyzed using the “DESeq2”, “edgeR” and “limma” packages of R software (version 3.6.3) (23–26). The DEGs were filtered using a threshold of adjusted P-values of < 0.05 and an absolute log2-fold change >1. Venn analysis was used to select overlapping DEGs among the three algorithms mentioned above. Eighty-seven iron metabolism-related genes were chosen for downstream analyses. Additionally, functional enrichment analysis of selected DEGs was performed using Metascape (https://metascape.org/gp/index.html#/main/step1) (27).



Constructing and Validating the Risk-Score System

Univariate Cox proportional hazards regression was performed for the genes selected for the training set using “ezcox” package (28). P < 0.05 was considered to reflect a statistically significant difference. To reduce the overfitting high-dimensional prognostic genes, the Least Absolute Shrinkage and Selection Operator (LASSO)-regression model was performed using the “glmnet” package (29). The expression of identified genes at protein level was studied using the Human Protein Atlas (http://proteinatlas.org). Subsequently, the identified genes were integrated into a risk signature, and a risk-score system was established according to the following formula, based on the normalized gene expression values and their coefficients. The normalized gene expression levels were calculated by TMM algorithm by “edgeR” package.

	

The risk score was calculated for each patients with LGG in this study, and the distribution and receiver operating characteristic (ROC) curve were plotted using “timeROC” package (30). According to the median risk score in the training set, patients were divided into high- or low- risk groups. Patients were also divided into subgroups according to clinicopathological features, including age, gender, WHO grade, histological type, isocitrate dehydrogenase 1 (IDH1) mutation status, 1p19q codeletion status, and O6‐methylguanine‐DNA methyl‐transferase (MGMT) promoter methylation status. Boxplot were plotted using the “ggpubr” package to identify associations between risk scores and clinical features. In addition, the relationships between risk scores and OS rates in different groups and subgroups were evaluated by Kaplan-Meier survival analysis and log-rank testing.



Development and Evaluation of the Nomogram

To evaluate whether the risk score system can serve as an independent predictive index, univariate and multivariate Cox regression analyses were performed with clinicopathological parameters, including the age, gender, WHO grade, IDH1 mutation status, 1p19q codeletion status, and MGMT promoter methylation status. All independent prognostic parameters were used to construct a nomogram to predict the 1-, 3- and 5-year OS probabilities by the ‘rms’ package. Concordance index (C-index), calibration and ROC analyses were used to evaluate the discriminative ability of the nomogram (31).



GSEA

DEGs between high- and low-risk groups in the training set were calculated using the R packages mentioned above. Then, GSEA (http://software.broadinstitute.org/gsea/index.jsp) was performed to identify hallmarks of the high-risk group compared with the low-risk group.



TIMER Database Analysis

The TIMER database (http://timer.cistrome.org/) is a comprehensive web tool that provide automatic analysis and visualization of immune cell infiltration of all TCGA tumors (32, 33). The infiltration estimation results generated by the TIMER algorithm consist of 6 specific immune cell subsets, including B cells, CD4+ T cells, CD8+ T cells, macrophages, neutrophils and dendritic cells. We extracted the infiltration estimation results and assessed the different immune cell subsets between high-risk and low-risk groups (34).



Statistical Analysis

All statistical analyses in this study were conducted using R software (version 3.6.3) and GraphPad Prism (version 8.0.2). The log-rank test was used for the Kaplan-Meier survival analysis. Hazard ratios (HRs) and 95% confidence intervals (CIs) were reported where applicable. Student’s t-test and the Kruskal–Wallis test were employed in the two-group comparisons. A two-tailed P value of <0.05 was considered statistically significant without specific annotation.



Availability of Data and Materials

The data we used were retrieved from open-access databases. The majority of statistical codes are available in File S1.




Results


Identification of Iron Metabolism-Related Gene in Patients With LGG

Based on the MSigDB and a literature review, we selected 527 iron metabolism-related genes for analysis. Four hundred and two genes remained after excluding genes not present in the TCGA-LGG or CGGA-LGG set. According to the criteria for DEG, we identified 7,223 DEGs between 523 TCGA-LGG samples and 105 normal brain cortex samples based on overlapping edgeR, limma, DESeq2 analysis results (Figure 1A). Then, a total of 87 iron metabolism-related genes (50 up-regulated and 37 down-regulated) among the DEGs were selected for further analysis (Figure 1B). Enrichment analyses were performed to explore the functions of the selected genes. These genes were significantly enriched in terms of iron ion binding, iron ion metastasis, and iron ion transport (Figure 1C). Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis showed that ferroptosis, mineral absorption, the p53 signaling pathway and the AMPK signaling pathway were enriched (Figure 1D).




Figure 1 | Identification and functional enrichment analysis of dysregulated iron metabolism-related genes between the TCGA-LGG cohort and normal brain cortex samples. (A), Venn diagram representing intersections of DEGs identified using edgeR, limma, and DESeq2 algorithms. (B), Heatmap of the expression levels of 87 DEGs related to iron metabolism. Enriched Gene Ontology terms (C) and KEGG pathways (D) associated with the 87 DEGs.





Construction and Assessment of the Risk-Score System

First, univariate Cox regression was used to investigate the relationship between the expression levels of the selected genes and OS time in the training set. Using cut-off threshold of Cox P < 0.05, 47 genes were identified as potential risk factors related to OS (Table S1). Subsequently, the LASSO regression algorithm was used to refine the gene sets by calculating regression coefficients (Figures 2A, B). In this manner, 15 genes were identified as the most valuable predictive genes, and the risk-score system was established using the formula mentioned above (Table 1).




Figure 2 | DEGs with univariate Cox regression P-value of < 0.05 are shown. Identification of prognostic signatures in the training set. (A), Cross-validation for tuning parameter screening in the LASSO regression model. (B), Coefficient profiles in the LASSO regression model.




Table 1 | Iron metabolism-related genes and their relationship with OS, and their coefficients in LASSO regression model.



We also confirmed the expression level of these identified genes by Immunohistochemical analysis in Human Protein Atlas (HPA). And the results were shown in Figure 3. 6 of these genes were dysregulated in LGG and higher-grade glioma samples. The expressions level of GCLC, NCOA4, UROS were higher in LGG samples, whereas the expression levels of LAMP2, RRM2, STEAP3 were lower in LGG than HGG samples. CH25H and RTEL1 were missing in HPA database. ACP5, CYP2D6, HBQ1, KHNYN, and SCD5 were not detected in glioma samples. However, the expression levels of CYP2E1 and FLVCR2 showed low consistency with RNA expression data.




Figure 3 | Human Protein Atlas immunohistochemical analysis of LGG and Higher-grade glioma. (A) GCLC; (B) LAMP2; (C) NCOA4; (D) RRM2; (E) STEAP3; (F) UROS.



The risk score for each patient in the training and test sets was calculated based on the expression levels of the selected genes and the regression coefficients. The distribution of risk score in training set was shown in Figure 4A. The median of risk score in training set was defined as threshold, which divided the patients into high-risk and low-risk groups. In addition, the distribution of survival times indicated that a higher risk score may have positively correlated with poorer outcomes (Figure 4A). The corresponding expression levels of the selected genes were determined (Figure 4A). The performance of the ROC in terms of 1-, 3-, and 5-year prognoses was analyzed (Figure 4B). The areas under the time‐dependent ROC curve (AUCs) were 0.892, 0.888, and 0.838, respectively, for the 1-, 3-, and 5-year OS times in the training set. Kaplan–Meier analysis and log-rank testing showed that the high-risk group had a significantly shorter OS time than the low-risk group (P < 0.0001; Figure 4C).




Figure 4 | Risk score analysis, survival analysis and prognostic performance of a risk-score model based on differential expression of iron metabolism-related genes in patients with LGG. Risk score and survival time distributions, and heatmaps of gene-expression levels of the iron-metabolism signature in the TCGA (A) and CGGA (D) cohorts. ROC curves and AUC values of the risk score model for predicting the 1-, 3-, and 5-year OS times in the TCGA (B) and CGGA (E) cohorts. Kaplan–Meier survival analysis was performed to estimate the OS times between the high- and low-risk groups in the TCGA (C) and CGGA (F) cohorts.



Furthermore, the robustness of our risk-score model was assessed with the CGGA dataset. The test set was also divided into high-risk and low-risk groups according to the threshold calculated with the training set. The distributions of risk scores, survival times, and gene-expression level are shown in Figure 4D. The AUCs for the 1-, 3-, and 5-year prognoses were 0.765, 0.779, and 0.749, respectively (Figure 4E). Significant differences between two groups were determined via Kaplan–Meier analysis (P < 0.0001), indicating that patients in the high-risk group had a worse OS (Figure 4F). These results showed that our risk score system for determining the prognosis of patients with LGG was robust.



Stratified Analysis

Associations between risk-score and clinical features in the training set were examined. We found that the risk score was significantly lower in groups of patients with age > 40 (P < 0.0001), WHO II LGG (P < 0.0001), oligodendrocytoma (P < 0.0001), IDH1 mutations (P < 0.0001), MGMT promoter hypermethylation (P < 0.0001), and 1p/19q co-deletion (P < 0.0001) (Figures 5A–F). However, no difference was found in the risk scores between males and females (data not shown). In both astrocytoma and oligodendrocytoma group, risk score was significantly lower in WHO II group (Figures 5G, H). We also validate the prediction efficiency with different subgroups. Kaplan–Meier analysis showed that high-risk patients in all subgroups had a worse OS (Figure S1). Besides, the risk score was significantly higher in GBM group compared with LGG group (Figure S2).




Figure 5 | Association between clinicopathologic features and the iron metabolism based risk score in the TCGA dataset. (A–F), Risk-score distributions showed statistically significant differences in LGG patients stratified by age, WHO grade, pathological types, IDH1 mutation status, MGMT promoter methylation status, and 1p/19q co-deletion status. (G), Distribution of risk scores between WHO II and WHO III grade in astrocytoma patients. (H), Distribution of risk scores between WHO II and WHO III grade in oligodendrocytoma patients. **P < 0.005, ****P < 0.0001, ns, not significant.





Nomogram Construction and Validation

To determine whether the risk score was an independent risk factor for OS in patients with LGG, the potential predictors (age group, gender, WHO grade, IDH1 mutation status, MGMT promoter status, 1p/19q status and risk level) were analyzed by univariate Cox regression with the training set (Table 2). The individual risk factors associated with a Cox P value of < 0.05 were further analyzed by multivariate Cox regression (Table 2). The analysis indicated that the high-risk group had significantly lower OS (HR = 2.656, 95% CI = 1.51-4.491, P = 0.000268). The age group, WHO grade, IDH mutant status, MGMT promoter status and risk level were considered as independent risk factors for OS, and were integrated into the nomogram model (Figure 6A). The C-index of the nomogram model was 0.833 (95% CI = 0.800-0.867). Subsequently, we calculated the score of each patient according to the nomogram, and the prediction ability and agreement of the nomogram was evaluated by ROC analysis and a calibration curve. In the TCGA cohort, the AUCs of the nomograms in terms of 1-, 3-, and 5-year OS rates were 0.875, 0.892, and 0.835, respectively (Figure 6B). The calibration plots showed excellent agreement between the 1-, 3-, and 5-year OS rates, when comparing the nomogram model and the ideal model (Figures 6D–F). Moreover, we validated the efficiency of our nomogram model with the CGGA test set. The AUCs for the 1-, 3-, and 5-year OS rates with the model were 0.722, 0.746, 0.701, respectively (Figure 6C). The results of the calibration curves showed good agreement between the predicted OS rates and the probabilities of the 1-, 3-, and 5-year OS rates with the test set (Figures 6G–I).


Table 2 | Univariate and multivariate Cox analysis of OS in TCGA-LGG dataset.






Figure 6 | Prognostic nomogram for the 1-, 3-, and 5-year OS times of LGG patients. (A), Independent risk factors screened by multivariate Cox regression in the TCGA cohort were integrated into the nomogram model. ROC curves and AUC values of the nomogram for predicting 1-, 3-, and 5-year OS in the TCGA (B) and CGGA (C) cohorts. Calibration curves of the nomogram for predicting 1-, 3-, and 5-year OS in the TCGA (D–F) and CGGA (G–I) cohorts.





GSEA

To clarify the potential impact of the expression levels of the selected genes on the LGG transcriptomic profile, GSEA analysis was performed with the high-risk and low-risk groups of the training set. GSEA revealed that several pathways, such as those related to inflammatory response, IL6/JAK/STAT3 signaling, IL2/STAT5 signaling, glycolysis, apoptosis, and the EMT, were enriched in the high-risk group (Figures 7A–F). These findings suggest potential roles for iron metabolism-related genes in the progression, metabolism, tumor microenvironment and immune responses of LGG.




Figure 7 | GSEA of the iron metabolism-related gene signature in the TCGA cohort. (A–F), inflammatory response, IL6/JAK/STAT3 signaling pathway, IL2/STAT5 signaling pathway, glycolysis, apoptosis and the EMT were enriched in the high-risk group.





Immune Cell Infiltration and Immune Checkpoint Analysis

Next, the correlation between this prognostic model and the infiltration of immune cells for patients in the TCGA-LGG cohort were calculated. The proportion of different infiltrating immune cells were retrieved from the TIMER database. The results indicated that the risk score positively correlated with infiltrating immune cells, including B cells, CD4+ T cells, CD8+T cells, neutrophils, macrophages and dendritic cells (Figure 8A). The high-risk group showed more infiltrating immune cells, especially dendritic cells and macrophages (P < 0.0001; Figure 8B). Additionally, we assessed the relationship between risk-score model and immune checkpoint proteins (PD1, PDL1, CTLA4, LAG-3, TIM3, TIGIT and CD48). The expression levels of PD1, PDL1, CTLA4, TIM3, and CD48 positively correlated with the risk score(P < 0.001; Figure 8C). In addition, the expression levels of PD1, PDL1, and TIM3 were higher in high-risk group of TCGA-LGG cohort than in the low-risk group (P < 0.0001; Figure 8D).




Figure 8 | Immune cell infiltration and immune checkpoint analysis in the TCGA cohort. (A), Correlation between immune cell infiltration and risk scores. (B), Boxplot indicating the levels of immune cell infiltration in high-risk and low-risk LGG patients. (C), Correlation matrix of seven immune checkpoint proteins and associated risk scores. (D), Expression levels of immune checkpoint proteins in high-risk and low-risk LGG patients. *P < 0.05, ***P < 0.001, ****P < 0.0001, ns, not significant.






Discussion

LGG is a heterogeneous disease, especially in terms of tumorigenesis, its molecular characteristics, therapeutic responses and clinical outcomes (2, 35). Currently, recurrence or malignant progression is still inevitable, even after treatment with surgical resection, radiotherapy, chemotherapy and immunotherapy. Recently, iron metabolism was found to participate in glioma tumorigenesis, progression, and the tumor microenvironment (14, 36). GBM cancer stem-like cells uptake much more iron than non stem-like cells (37). However, the non stem-like cells have higher free iron ion level, which reduces cell viability and growth (37). Iron metabolism also recently became a therapeutic target and a potential prognostic marker of glioma (36, 38).

In this study, we used gene expression data and clinicopathological information from open-access database. Initially, we selected 87 iron metabolism-related DEGs. Among these, 15 genes were identified as potential prognostic markers by univariate Cox analysis and LASSO regression analysis, and these genes were used to construct a prognostic model. Among them, the expression levels of six genes (RTEL1, KHNYN, STEAP3, LAMP2, RRM2, and ACP5) negatively correlated with OS, whereas the expression levels of nine genes (CYP2E1, GCLC, CH25H, HBQ1, CYP2D6, SCD5, FLVCR2, NCOA4, and UROS) positively correlated with OS. This model was validated effective and stable with different patient cohorts, and verified as an independent predictive marker by multivariate Cox regression analysis. In addition, patients with wild type IDH1, MGMT hypomethylation, 1p/19q non-codeletion status, or a higher WHO grade had significantly higher risk scores. The higher grade gliomas contained higher proportion of stem like cells, which affected iron uptake and free iron ion level (37). Liu et al. proposed that ferritin light chain may be a upstream regulator of MGMT promoter methylation process (14). However, Kingsbury et al. reported that IDH1 mutation lead to higher level of D-2-hydroxyglutarate (2HG) production, which affects the iron sensing mechanisms and promotes tumor progression (39). Variants of RTEL1 is associated with molecular subtype in IDH wild-type gliomas (32386320, 31842352). These may also result in iron metabolism dysregulation, but the underlying mechanisms still need to be further investigated.

Some data have shown that iron metabolism-related genes are involved in glioma pathological processes. RTEL1, an ATP-dependent DNA helicase, was reported as a risk gene for glioma (40). Some RTEL1 variants may lead to a higher risk for glioma development (41). STEAP3, which encodes metalloreductase, is considered highly expressed in glioblastoma, and knocking down STEAP3 suppresses glioma cell proliferation and metastasis (42). It was also reported that STEAP3 drives EMT progression through STAT3/FoxM1 signaling pathway (42). LAMP2 was found to be overexpressed in the perinecrotic areas of gliomas (43). Valdor et al. reported that LAMP2 participated in activating chaperone-mediated autophagy in a glioma model (44). Sorafenib combined with lapatinib increased the level of LC3-GFP vesicles and reduced the level of LAMP2 (45). RRM2 encodes the M2 subunit of ribonucleotide reductase. RRM2 was reported to promote glioma proliferation and progression through ERK1/2- and AKT- signaling pathways (46, 47). RRM2 expression induced by BRCA1, traditionally regarded as tumor suppressor, promotes tumorigenicity in GBM cells (48).

Additionally, ACP5, which encodes a metalloprotein enzyme, has been reported to promote tumor metastasis and recurrence in many cancers, like hepatocellular carcinoma and breast cancer (49, 50). CYP2E1 encodes a membrane protein and is a member of the cytochrome P450 complex. CYP2E1 RsaI variant has been associated with glioma (51). Bae et al. reported that inhibiting CYP2E1 activity reduced apoptosis in glioma cells and prevented the degradation of p53 (52, 53). CYP2D6 encodes an important member of the cytochrome P450 family. Elexpuru-Camiruaga et al. reported that the CYP2D6 genotype correlated with the susceptibility to astrocytoma and meningioma (54). In addition, a non-functional CYP2D6 variant was previously associated with higher recurrence rates in a breast cancer cohort (55). GCLC encodes catalytic subunits of glutamate-cysteine ligase, which mainly participates in glutathione synthesis and ferroptosis. Previous data showed that intratumoral thymidine from necrotic cells inhibited GCLC activity (56) and that GCLC expression was upregulated in IDH1-mutated compared to IDH1 wild-type glioma (57). Furthermore, Yu et al. confirmed that triptolide induced GCLC degradation drove cytotoxicity due to reactive oxygen species (ROS) in IDH1-mutated glioma (58). The CH25H enzyme belongs to the oxidoreductase family. Previous findings showed that elevated CH25H expression promoted chemotactic monocyte recruitment of glioma cells (59). NCOA4 encodes a receptor that plays important roles in ferritinophagy and iron storage. Liu et al. also identified NCOA4 as a prognostic factor in glioma (60). COPZ1 knockdown increased the expression level of NCOA4, which elevated iron levels and reactive oxygen species, resulting ferroptosis and reduced growth of GBM cells (61). Moreover, Pinton et al. reported that NCOA4 is overexpressed in bone marrow-derived macrophages from glioma lesions (62). UROS, an enzyme associated with congenital erythropoietic porphyria, participates in the heme biosynthesis pathway. Nawaz et al. demonstrated that the expression level of miR-4484, a tumor suppressor, positively correlated with UROS expression, which is considered the host gene of miR-4484 (63).

Some genes, like KHNYN, HBQ1, SCD5 and FLVCR2, may play roles in tumorigenesis, metabolism or tumor therapy (64–68). However, the specific relationships between these genes and glioma still require further exploration.

Furthermore, we constructed a prognostic nomogram model based on iron metabolism-related genes for predicting the OS of patients with LGG. The risk score, WHO grade, and 1p/19q co-deletion status were integrated into the nomogram model. Calibration plots and ROC analysis illustrated the reliable predictive ability of the nomogram for OS with the TCGA and CGGA cohorts. This nomogram model could be used for determining patients’ prognoses and scheduling follow-up plans.

Moreover, GSEA showed that pathways associated with immune responses and tumor progression were enriched in the high-risk group. Yao et al. confirmed that activation of the IL-6/JAK/STAT3 signaling pathway led to poor outcomes in patients with glioma (69, 70). STAT5 was also found to promote glioma cell invasion (71). Both pathways are related to tumor-associated immune cells and regulate immunotherapeutic responses (72). Taga et al. reported that co-expression of genes related to the extracellular matrix, iron metabolism, and macrophages was associated with treatment outcomes in patients with glioma (36). mTOR complex 2 can control iron metabolism by regulating acetylation of iron-related genes promoter, promoting tumor cell survival (73). Previous reports showed that iron chelator therapy inhibited EMT in many cancers (74, 75). Both Dp44mT and bovine lactoferrin, as iron chelators, suppress growth, migration, and EMT process of glioma by inhibiting IL-6/STAT3 signaling pathway (38, 76). Iron complexes could suppress glioma cells proliferation associated with P53 and 4E binding protein 1 (77). Additionally, iron and copper complexes with antioxidant effects also inhibit EMT in glioma cells (78).

Immune cell infiltration analysis showed that the risk score positively correlated with the infiltration levels of immune cells, in accordance with previous data showing that higher numbers of glioblastoma-associated myeloid cells were associated with poor outcomes in GBM (79). Similarly, previous evidence suggested that M2 tumor-associated macrophages exhibited an iron-release phenotype and drove immune tolerance (9). Glioma cells could exploit monocytes as iron-string macrophages (80), and iron-related genes were overexpressed in macrophages (62). However, heme and iron can drive TAM into an proinflammatory phenotype, and iron nanoparticles are considered as promising anti-tumor agents (81). Additionally, neutrophils infiltration were induced during tumor progression(chronic ischemia, hypoxia…), resulting tumor ferroptosis and poor survival (82). Moreover, iron can modulate T cell phenotypes (83). Based on immune checkpoint analysis, our risk score also positively correlated with the expression levels of immune checkpoints proteins, like PD1, PDL1, CTLA4, and TIM3. These findings indicate that iron metabolism-related genes may predict or influence immunotherapeutic effects in patients with LGG.



Conclusion

In conclusion, we developed and validated a risk score system based on iron metabolism-related genes from TCGA and CGGA datasets for prognosis and risk stratification. A nomogram model for 1-, 3-, and 5-year OS rate predictions was constructed and showed good predictive accuracy. The selected genes can potentially be targeted to understand the pathological mechanisms of LGG. Additionally, GSEA, tumor immune infiltration, and immune checkpoint analyses showed that iron metabolism may be involved in tumorigenesis, progression, the tumor microenvironment and immune tolerance. These results suggest promising therapeutic targets for LGG. However, large scale, prospective studies are still required to validate our model in the future.
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Enchondroma (EC) is a common benign bone tumor. It has the risk of malignant transformation to Chondrosarcoma (CS). However, the underlying mechanism is unclear. The gene expression profile of EC and CS was obtained from Gene Expression Omnibus (GEO) database. The differentially expressed genes (DEGs) were identified using GEO2R. We conducted the enrichment analysis and constructed the gene interaction network using the DEGs. We found that the epithelial-mesenchymal transition (EMT) and the VEGFA-VEGF2R signaling pathway were more active in CS. The CD8+ T cell immunity was enhanced in CS I. We believed that four genes (MFAP2, GOLM1, STMN1, and HN1) were poor predictors of prognosis, while two genes (CAB39L and GAB2) indicated a good prognosis. We have revealed the mechanism in the tumor progression and identified the key genes that predicted the prognosis. This study provided new ideas for the diagnosis and treatment of EC and CS.
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Introduction

EC is one of the most common benign bone tumors occurring in the medullary space of bone (1). Ollier disease and Maffucci syndrome are subtypes of EC (2). CS is the second most common malignant bone tumor after osteosarcoma, accounting for 20% of the bone sarcomas (3). CS is divided into three grades based on histopathology. The risk of malignant transformation from EC to CS, especially in the Ollier disease and Maffucci syndrome, is as high as 50% (4). Therefore, it is important to understand the underlying mechanism of the malignant transformation.

Though disrupted signaling pathways play roles in both EC and CS, CS has its own unique characteristics (4). However, the key biomarkers involved in the metastasis are still unknown.

High-throughput gene detection technologies are promising tools with a wide range of clinical applications (5). Integrating and analyzing the data in the public database provides an opportunity to reveal the key regulators.

In this study, we used the data GSE30835 from GEO. We identified the DEGs among normal, EC, and CS samples. We performed the gene enrichment analysis to explore the key regulatory pathways. Finally, we proposed some markers that predicted the metastasis. These results may help diagnosis and treatment.



Materials and Methods


Microarray Data

The gene expression profile GSE80835 was obtained from the GEO database. The microarray data was established on the GPL6884 platform (Illumina HumanWG-6 v3.0 expression bead chip). There were 6 normal controls (growth plate and cartilage), 7 EC samples, and 14 CS samples. In addition, two other gene expression profiles, GSE17679 and GSE21122, were obtained. GSE17679 contained 64 Ewing sarcoma samples and 18 normal controls. GSE21122 contained 26 leiomyosarcoma samples and 9 normal controls.



DEGs Identification

GEO2R was used to identify DEGs. When comparing normal control and patient samples, genes with p < 0.01 and ∣logFC∣>1 were considered DEGs. In the comparison between EC and CS samples, genes with p < 0.05 were considered DEGs Graphpad Prism was used to display the volcano plot, and R package “pheatmap” was used to display the heatmap.



Metascape Enrichment Analysis

Enrichment analysis was performed by using the online tool called Metascape (http://metascape.org). The enrichment terms included GO biological processes, Biocarta gene sets, Hallmark gene sets, Reactome gene sets, KEGG pathway, Wikipathways, and Canonical pathways.



Protein-Protein Interaction Network

The Protein-Protein Interaction (PPI) network was constructed using the online tool called STRING (http://string-db.org). We selected the top 50 DEGs in patient samples. Among the 50 upregulated genes, 46 were protein-coding genes, and 36 interacted with each other.



Gene Set Enrichment Analysis

The Gene Set Enrichment Analysis (GSEA) tool was downloaded from the Broad Institute (http://software.broadinstitute.org/gsea). The analysis showed the differences between EC and CS, with statistical significance determined by 1,000 gene set permutations. The enrichment maps with the enrichment scores were generated for visualization of the results.



Weighted Correlation Network Analysis

The Weighted Gene Co-expression Network Analysis (WGCNA) was used to verify the gene modules in EC and CS. The most relevant modules were selected for further analysis. Cytoscape was applied to establish the network using the top-weighted genes. Metascape enrichment analysis was performed using the genes involved in the modules with the threshold of 0.02 in WGCNA.



Survival Analysis

We chose the sarcoma datasets in GEPIA (http://gepia.cancer-pku.cn/index.html), which used TCGA data to explore the prognostic potential of certain genes. The project ID of sarcoma datasets in GEPIA including TCGA-SARC, GENIE-MSK, GENIE-DFCI and CMI-ASC. PrognoScan (http://dna00.bio.kyutech.ac.jp/PrognoScan) was used to verify the relation between the gene expression levels and the distant recurrence-free survival using sarcoma dataset GSE30929. The p <0.05 was considered statistically significant.




Results


DEGs Reveal the Characteristics of EC and CS

To explore the DEGs between patients and healthy controls, GEO2R was performed with the criterion of p < 0.01 and ∣logFC∣>1. We found 89 upregulated genes and 52 downregulated genes (Figure 1A and Supplementary Table 1). We applied Metascape enrichment analysis to identify the altered biological functions. Figure 1B and Supplementary Table 2 show the enriched terms of the upregulated genes. We found that these genes were most related to EMT, collagen formation, and the VEGFA-VEGFR2 signaling pathway. EMT plays a central role in tumor progression, and the VEGFA-VEGFR2 pathway indicates tumor angiogenesis (6, 7). Collagen formation is the basic feature of solid tumors (8). The activation of EMT and angiogenesis were also found in other sarcomas (Supplementary Figure 1 and Supplementary Table 3).




Figure 1 | DEGs reveal the characteristics of EC and CS. (A) Volcano plot of DEGs between patients (EC and CS) and normal controls. Red and blue dots represent the highly and lowly expressed genes in patients, respectively. (B, C) Metascape enrichment analysis for viewing the enrichment terms of upregulated (B) and downregulated (C) genes in patients. The color shows the p value. (D, E) PPI network of the upregulated (D) and downregulated (E) protein-coding genes in patients.



We used STRING to construct the PPI network to confirm the relationship between genes. Among the top 50 upregulated genes, there are 46 protein-coding genes, of which 36 are closely related (Figure 1D). In the network, collagen genes, such as COL16A1, COL6A3, and COL8A2 have interacted. They contribute to both EMT and collagen formation. In addition, FNDC1 and FSTL1 are also EMT-related genes. CAV1 is one of the core genes in the VEGFA-VEGFR2 pathway and collagen formation (Supplementary Table 2).

The downregulated genes are enriched in the terms of SMAD protein signal transduction, IL-4 and IL-13 signaling, and connective tissue development (Figure 1C and Supplementary Table 2). Among the top 50 downregulated genes, there are 49 protein-coding genes. However, the connections are not closed in the PPI network. Only 18 genes have certain correlations (Figure 1E).

Together, EMT, tumor angiogenesis, and collagen formation are the key characteristics of EC and CS.



Immune Response Is More Active in CS Compared With EC

Due to the risk of malignant transformation from EC to CS, we next explored the gene expression patterns in CS compared with EC. We used GEO2R to analyze the top 100 upregulated and downregulated genes in CS (Supplementary Table 4). Among the top 15 upregulated genes, TGFBI, IGFBP4, and DDIT4 are the top three upregulated genes in CS (Figure 2A). They promote tumor growth and metastasis (9–11). The upregulated genes are enriched in EMT and the VEGFA-VEGFR2 signaling pathway, which are important terms in Figure 1B (Figure 2B). However, the key genes are different. For example, the EMT-related genes TGFBI and BASP1 are more active in CS (Supplementary Table 5).




Figure 2 | Immune response is more active in CS compared with EC. (A) Heatmap of the top 15 upregulated genes in CS compared with EC. Red and blue represent high and low expression levels, respectively. (B) Metascape enrichment analysis of the top 100 upregulated genes in CS. The color shows the p value. (C) GSEA map of immunologic signature gene sets in EC and CS. (D) Metascape enrichment analysis of the top 100 downregulated genes in CS. The color shows the p value. (E) Heatmap of the top 15 downregulated genes in CS compared with EC. Red and blue represent high and low expression levels, respectively.



We noticed that the activation of the immune response was enriched, and the complement genes, C1QB and C1QC were two of the top 15 upregulated genes in CS (Figures 2A, B). We used GSEA for further investigation. In CS, a decrease in naïve CD8+ T cell and natural Treg cell was observed. In EC, the increase of resting T cell and naïve CD4+ T cell was obvious (Figure 2C and Supplementary Figure 2).

The downregulated genes are enriched in the skeletal development and negative regulation of cell proliferation (Figure 2D). Among the top 15 downregulated genes, CHRDL, CHAD, BGLAP, and PTH1R are related to the skeletal development. CYTL1, FRZB, and FGFR3 are related to both of the terms (Figure 2E and Supplementary Table 5).

Together, we revealed the functional differences between EC and CS. The immune response is more active in CS.



The Unique Gene Expression Modules in CS I, and CS II

CS is divided into three grades based on histopathology (1). The metastasis in Grade II and III is more frequent. In our study, we had Grade I and II patients. We used WGCNA to identify the gene modules in EC, CS I, CS II, and normal samples. We found that there were 25 modules (Figures 3A, B). Some modules are unique. We selected the most relevant modules and constructed the co-expression network using the genes with the top-weighted connectivity.




Figure 3 | The unique gene expression modules in EC, CS I, and CS II. (A) Gene dendrogram obtained by average linkage hierarchical clustering. The color row underneath the dendrogram shows the module assignment. (B) Correlation heatmap of the modules to disease types. Each row corresponds to a module and the columns are disease types. Red and blue represent high and low correlation, respectively. The values in the cells are presented as Pearson r (p value). (C) Visualization of network with the genes of top-weighted connectivity in the midnight blue module. (D) Metascape enrichment analysis of genes in the midnight blue module. The color shows the p value. (E) Visualization of network with the genes of top-weighted connectivity in the yellow module. (F) Metascape enrichment analysis of genes in the yellow module. The color shows the p value.



We were interested in the differences between CS Iand CS II. The midnight blue module is unique in CS I. The hub gene of this module is CD8A. The top-weighted genes, such as CXCL9 and CD3D, form two networks, both of which are highly correlated with T cell immunity (Figure 3C). The enrichment analysis of genes in this module also reveals the activation of T cells (Figure 3D). We believed that T cell immunity in low-grade malignancy might help avoid metastasis (12).

The yellow module is unique in CS II. The top-weighted genes form a network, and the core gene is SDFR1 (Figure 3E). The genes in this module are related to the translation, MYC, and MTORC1 signaling pathway (Figure 3F). We believed that translation disorder is more serious in high-grade malignancies, and tumor-related signaling pathways are more active (13).

Together, CS I is more likely to trigger the immunity response, and CS II succumbs to tumor regulation.



Survival Analysis Suggesting the Prognostic Factors

We noticed that the expression levels of some genes, such as MFAP2, GOLM1(GOLPH2), STMN1, and HN1, increased continuously from control, EC, to CS, while the expression levels of some genes, such as CAB39L and GAB2 decreased (Figures 4A, B). We next used GEPIA and Prognoscan to explored whether these genes had potential prognostic value. There are significant differences in overall survival and distant recurrence-free survival between the high and low expression groups (Figures 4C–H and Supplementary Figure 3).




Figure 4 | Survival analysis suggesting the prognostic factors. (A, B) The expression levels of MFA2, GOLM1, STMN1, HN1, CAB39L, and GAB2 in control, EC, and CS groups. Each dot represents a sample. *p < 0.05, **p < 0.01. (C–H) The overall survival plots using GEPIA. Red and blue represent high and low expression level groups of MFAP2 (C), GOLM1 (D), STMN1 (E), and HN1 (F), CAB39L (G) and GAB2 (H).



Thus, the high expression levels of MFAP2, GOLM1, STMN1, and HN1 predict a poor prognosis, while CAB39L and GAB2 predict a good prognosis.




Discussion

EC is a benign cartilage-forming tumor with the medullary cavity of the bone (14). EC has the risk of transforming to CS. CS is a type of hyaline cartilage that forms a malignant tumor (15). In our study, we identified the DEGs in normal, EC, and CS samples. We found that EMT and the VEGFA signaling pathway were important in the initial stage. The immune response was crucial for CS, especially CS I. CS II was more active in translation, MYC, and MTOR1 signaling pathway during metastasis. Moreover, we explored some prognostic markers.

EMT may occur during different states of tumor progression (13). It plays a key role in the pathogenesis of sarcoma dedifferentiation and early dissemination (6). The EMT programs are activated by extracellular matrix components (such as collagen genes) and inflammatory stimuli (such as growth factor genes) (16). It has been reported that EMT also promotes drug resistance and may help guide precision medicine (17, 18). In our study, EC and CS had high levels of several collagen genes, and CS was associated with a higher EMT signature.

Angiogenesis is involved in tumor biology, including metastasis, metabolic deregulation, and cancer stem cell maintenance (19). The blood vessel is important for transporting nutrients and oxygen. The VEGF family is a key mediator of angiogenesis (7). Blocking VEGFA is used to treat tumors (20). In one study, patients benefited from Ramncirumab, a monoclonal antibody that binds to VEGFR-2. It blocks the downstream effects of the VEGF pathway in angiogenesis (21). In another research, Bevacizumab, a monoclonal antibody targeting VEGF receptor, has been tested in a phase II clinical trial (22). In our study, the VEGFA-VEGFR2 signaling pathway was active in EC and CS. It gives us a hint that the anti-angiogenesis may be a powerful treatment to prevent recurrence.

Immunomodulatory drugs and immunotherapeutic agents have been used to treat various tumors (23). These approaches target the specific antigens expressed on tumor cells and induce cell death through tumor-infiltrating T cells (24). However, the heterogeneity in CD8+ T cell infiltration governs differential immunity (25). It usually acts as a cytotoxic cell that kills tumor cells but loses its effector function. Other cytokines and chemokines are important in regulating the antitumor response of CD8+ T cells (26). Treg cell reduces the expansion of CD8+ T cell (27). CXCL9 contributes to the recruitment and infiltration of CD8+ T cell (28). In our study, the upregulation of effect CD8+ T cells and the downregulation of Treg cells were observed in CS. Interestingly, CS I, not CS II, had the CD8 module, which was associated with CXCL9 in the network. In addition, it indicated the depletion of T cells in the late state.

In our study, some genes increased or decreased continuously from control, EC to CS. MFAP2, an extracellular matrix glycoprotein, is specifically expressed in osteoblastic-like cells (29). GOLM1 participates in immune regulation and the promotes EMT. It is a promising marker for early diagnosis and prognosis of hepatocellular carcinoma (30). In a study of 4625 patients with solid tumors, overexpression of STMN1 was associated with poor overall survival (31). HN1, interacting with STMN1, reduces α-tubulin acetylation and promotes tumor progression through EMT (32). CAB39L is a tumor metabolism regulator with the functions of tumor suppressor (33). It has been reported that GAB2 promotes tumor cell metastasis, migration, and recurrence (34). However, in our study, the expression level of GAB2 was reduced in CS. With the exception of STMN1, all of the above genes were first discussed as prognostic factors in sarcoma. Although the underlying mechanisms in EC and CS are not yet fully understood, we believe that MFAP2, GOLM1, STMN1, and HN1 are markers for poor prognosis, while CAB39L and GAB2 indicate a good prognosis.

In conclusion, we identified the DEGs in EC, CS and normal controls. We found that EMT and angiogenesis were active in CS. The CD8+ T cell immunity was enhanced in CS I. We suggested some prognostic factors. Our study provided new ideas for the diagnosis and treatment of EC and CS.
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Pancreatic cancer (PC) is one of the deadliest gastrointestinal cancers, accounting for the fourth highest number of cancer-related fatalities. Increasing data suggests that mesenchymal stem cells (MSCs) might influence the drug resistance of GC cells in the tumor microenvironment and play essential roles in drug resistance development. However, the precise underlying process remains a mystery. The purpose of this study was to look at the control of MSC-induced SNHG7 in pancreatic cancer. In vitro and in vivo sphere formation, colony formation, and flow cytometry investigations revealed the stemness and Folfirinox resistance in pancreatic cancer cells. To confirm the direct connections between SNHG7 and other related targets, RNA pulldown and immunoprecipitation tests were performed. MSC co-culture enhanced the stemness and Folfirinox resistance in pancreatic cancer cells according to the findings. MSC co-culture increased SNHG7 expression in pancreatic cancer cells, contributing to the stemness and Folfirinox resistance. We demonstrated that Notch1 interacted with SNHG7 and could reverse the facilitative effect of SNHG7 on the stemness and Folfirinox resistance in pancreatic cancer cells. Finally, our findings showed that MSCs increased SNHG7 expression in pancreatic cancer cells, promoting the stemness and Folfirinox resistance via the Notch1/Jagged1/Hes-1 signaling pathway. These findings could provide a novel approach and therapeutic target for pancreatic cancer patients.
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Introduction

Pancreatic cancer is one of the deadliest gastrointestinal malignancies, accounting for the fourth highest number of cancer-related deaths (1). Pancreatic cancer develops at a rapid, unique, and accelerated rate (2). There is no clinically sensitive early diagnosis indication or effective treatment point as a result of a biological process encompassing numerous phases (3). As a result, the quest for diagnostic indicators and tailored medicines to slow the growth of pancreatic cancer has become a major emphasis in pancreatic cancer treatment.

It has been shown that just 2% of the genome sequence is capable of coding proteins, whereas non-coding RNA accounts for more than 95% of the transcripts (4). Long non-coding RNAs (lncRNAs) are a kind of non-coding RNA that is longer than 200 nucleotides and lacks the ability to code for proteins (nt). Emerging data suggests that lncRNA has a role in a variety of malignant tumors, including pancreatic cancer (5–7). For example, the lncRNA HOTTIP promotes pancreatic cancer by enhancing the Wnt/-catenin pathway by binding to WDR5 (8). Recently, there has been a progressive discovery in the investigation of small nucleolar RNA host gene 7 (SNGH7) in ovarian cancer (9). However, the precise functions of SNGH7 in pancreatic cancer are yet unknown. Most patients with pancreatic cancer can now be fully resected as far as feasible because of the advances in surgery and medication therapy in the recent years. However, many patients still experience recurrence or metastasis after surgical resection, with a poor prognosis. It is not difficult to find out the reasons for this. In addition to the highly malignant characteristics of pancreatic cancer itself, chemotherapy resistance is also an important reason. Folfirinox regimen is a common combination chemotherapy regimen for pancreatic cancer based on fluurazepine, and drug resistance often directly affects the prognosis of patients. Therefore, finding a solution to the drug resistance of Folfirinox regimen is an urgent need to explore (10).

In the present study, we investigated the functional role and regulatory mechanism of SNGH7 in the stemness and Folfirinox resistance of pancreatic cancer cells. We found that SNGH7 was induced under MSC-culture in pancreatic cancer and elevated SNGH7 promoted the stemness and Folfirinox resistance. Mechanistic investigations revealed that SNGH7 interacted with Notch1 to regulate the stemness and Folfirinox resistance through the Notch1/Jagged1/Hes-1 signaling pathway in pancreatic cancer.



Materials and Methods


Patients

Pancreatic cancer tissues (n = 50) were obtained by surgery and normal tissues adjacent to cancer were obtained at the same time from Ruijin Hospital Affiliated to Medical College of Shanghai Jiaotong University. All patients have signed informed consents. The study was approved by the ethics committee of Ruijin Hospital Affiliated to Medical College of Shanghai Jiaotong University and conducted under its supervision.



Cell Culture

Human pancreatic cancer cells (PANC-1 and AsPC-1) and adult bone marrow MSCs were obtained from the Cell Resource Center of Shanghai Academy of Sciences. Cells were cultured in RPMI-1640 (Procell Life Science&Technology, Wuhan, China) with 10% fetal bovine (Thermo-Scientific, MA, USA) and 1% penicillin-streptomycin (MP Biomedicals, CA, USA). The cells were cultured in 5% CO2 and 37°C incubators. A Transwell cell culture room (Thermo, USA) was used for co-cultivation. In the co-culture system, MSCs were placed in the upper chamber and pancreatic cancer cells were placed in the lower chamber, allowing direct contact between MSCs and PC cells. Folfirinox is a common plan for pancreatic cancer chemotherapy to treat cells. It consists of four drugs, FOL-Folinicacid (CSNpharm, Shanghai, China), F-Fluorouracil (CSNpharm, Shanghai, China), IRIN-Irinotecan (CSNpharm, Shanghai), China) and OX-oxaliplatin (CSNpharm, Shanghai, China).



Sphere-Forming Assay

Used 1× stem cell culture medium to adjust the cell density to 2 × 104/mL, inoculated 500 microliters of cells per well in a 24-well ultra-low adsorption plate (Corning company, cat No. 3473), cultured at 37°C, 5% CO2, respectively. Added 10× stem cell culture medium (50µL/well) to culture for 3, 5, and 7 days. Collected cells after culture for 8 days. Centrifuged at 100×g for 2 min. Discarded the supernatant. Resuspended the spheroid cells in 200&microlL trypsin digestion solution and incubated at 37°C. In 3 minutes, added 800µL of serum-containing medium, and counted live cells using Countstar automatic cell counter (Alite, China). The formula of 1× stem cell culture medium was serum-free DMEM/F12 medium (Thermo, USA), containing 20 ng/mL EGF (Thermo, USA), 20 ng/mL bFGF (Thermo, USA), 4 µg/mL heparin (XiYa reagent company, China) and 1×B27 (Thermo, USA).



Cell Transfection

When cells reached 60%–80% confluence, the transfection was performed. The SNHG7 vector and the control vector (GenePharma, Shanghai, China) were transfected using the Lipofectamine 2000 Reagent (Thermo-Scientific, MA, USA). After culturing for 48 h, cells were utilized for the follow-up study.



Real-Time Quantitative Polymerase Chain Reaction (RT-qPCR)

Total RNAs were obtained from tissues and cells using TRIzol (Invitrogen, MA, USA). Reverse Transcription Kit (D1802, Haigene, Harbin, China) was used for the reverse transcription of RNA and obtain the cDNA. SYBR green PCR Kit (Vazyme, Nanjing, China) was used for RT-qPCR. U6 and GAPDH were used as the endogenous genes to normalize the relative expression of miRNAs and genes. Several studies have shown that the expression of SOX2, OCT-4, LIN28, and CD133 can be used as a marker for pancreatic cancer MSC, so we chose to detect the related expression of these four genes to reflect the change of stem cell characteristics (11).



Western Blot

RIPA lysis buffer with 1 mM PMSF was used to extract the total protein (Solarbio, Beijing, China). BCA protein assay kit (Thermo Fisher, MA, USA) was used to measure the protein concentration after protein extraction. A total of 30 g of total proteins was separated using 10% SDS-PAGE gels and transferred to a PVDF membrane (Millipore, USA). After 2 h of blocking with 5% skim milk, the membrane was incubated overnight at 4°C with a particular primary antibody. The particular primary antibodies were bought from Abcam, and the concentration used in this investigation was 1:1,000. The membrane was then treated for 2 h at room temperature with the matching secondary antibodies. The protein signals are seen using the ECL Western blotting substrate (Tanon, Shanghai, China). The internal gene to indicate the relative expression was GAPDH.



Colony Formation Assay

Cells were inoculated into a 6-well plate and the density was 500 cells/well. Then, the cells were cultured for 14 days in the appropriate medium. Following, the cells were fixed with methanol, washed twice with PBS, and stained with 0.1% crystal violet solution (Beyotime, Shanghai, China). The colonies were observed using a microscope (Nikon, Tokyo, Japan) and counted in six different fields.



Flow Cytometry

Cells were collected and passed through 100-mesh sieves. Then, the cells were incubated for 15 min with the Annexin V and PI solution at room temperature. The staining process needed to avoid light. The labeled cells were analyzed through the FACS flow cytometry (Leica, Wetzlar, Germany).



RNA Pulldown Assay

The pulldown assay was performed according to the previously described protocol (8). In brief, biotinylated miR-526b-3p wild type and biotinylated miR-526b-3p mutant or control probe were respectively transfected in PANC-1 and AsPC-1 cells. These probes were purchased from RiboBio (Guangzhou, China). A total of 107 PANC-1 and AsPC-1 cells were harvested and lysed by a lysis buffer. The total RNA solution was added DNaseI and incubated for 5 min at 65°C, followed by an instant ice bath. The solution was then incubated for 4 h with streptavidin-coated magnetic beads (New England BioLabs, USA) at 4°C. Then, the beads were washed with PBS, and RNA was extracted through the Trizol reagent.



Animal Assay

BALB/C nude mice (4 weeks old) were purchased from the Experimental Animal Center of Nanfang Hospital in Guangzhou, China for the following two experiments. Continuous dilutions of PANC-1 and AsPC-1 cell suspensions (5 105, 5 104, and 5 103 cells) with or without 5 106 MSCs were subcutaneously injected into nude mice in the first experiment. Six weeks later, the mice were killed, and tumor development was assessed. Furthermore, cells were transfected with pcDNA3.1/SNGH7 or pcDNA3.1, then, weekly intraperitoneally injected into mice treated with or without Folfirinox. Every 4 days, the volume of the tumors was determined. The mice were killed after 4 weeks, and the weight of the tumors was assessed.



Transwell Assay

Normal pancreatic cancer cells were taken, digested, and centrifuged, and the supernatant was discarded and added to the RPMI-1640 basic medium. The cells were mixed and counted, placed in an empty 6-well plate, and placed in an incubator. The second to fifth generation of MSCs with normal growth were taken, digested, and centrifuged, and the cells were mixed with the complete medium of MSCs and counted. The final number of cells per well was about 5 x 105. Four hours later, the culture medium in the 6-well plate was sucked out and cleaned with PBS, replaced with the same amount of RPMI-1640 basic medium, and the cells were placed in the empty 6-well plate and placed in the incubator. After cleaning with PBS, each chamber was placed in a 6-well plate with 1.5 mL of methanol solution and fixed for 20 minutes. The chambers were dried, the cells on the surface of the compartment were wiped, and the cells were placed in a 6-well plate with 1.5 mL of crystal violet dye solution and stained in the dark for 60 minutes. The chambers were observed under a 200-magnification microscope.



Statistical Analysis

Three different experiments yielded the following results. All of the results were provided as means standard deviations. GraphPad Prism 7.0 was used to analyze the data, which included one-way ANOVA and t-tests (GraphPad Inc., San Diego, CA, USA). P < 0.05 was regarded as statistically significant.




Results


MSCs Promote the Stemness and Folfirinox Resistance of Pancreatic Cancer Cells

In order to determine whether MSCs can promote the stemness and Folfirinox resistance of pancreatic cancer cells, pancreatic cancer cell lines, PANC-1 and AsPC-1, were co-cultured with MSCs via a transwell co-culture system. Consequently, the ability of PANC-1 and AsPC-1 cells to generate tumor spheres was enhanced under the co-culture with MSC (Figure 1A). Furthermore, co-culture of MSCs greatly increased the expression of stemness genes such as SOX2, Oct-4, LIN28, and CD133 at both the mRNA and protein levels (Figures 1B, C). According to the flow cytometry experiment, the number of CD44 positive (CD44+) pancreatic cancer cells, which are considered as cancer stem cell (CSC) characteristic indicators, was also enhanced (Figure 1D).




Figure 1 | MSCs promote the stemness and Folfirinox resistance of pancreatic cancer cells. (A) Representative images and quantification of the tumor spheres generated by PANC-1, AsPC-1 cells with or without the co-culture with MSCs. (B, C) The expression of stemness markers were analyzed by using qRT-PCR and Western blot assays. (D) Flow cytometry analysis showed the rate of CD44+ cells upon MSC co-culture. (E, F) Colony-formation and flow cytometry analyses to detected the PANC-1, AsPC-1 cells with or without MSCs. *P < 0.05, **P < 0.01.



The findings of a colony formation experiment revealed that the growth inhibitory effects of Folfirinox resistance on pancreatic cancer cells were significantly reduced in the presence of MSCs (Figure 1E). Furthermore, MSC co-culture lowered GC cell apoptosis, and MSC co-culture inhibited the inductive impact of Folfirinox on pancreatic cancer cell apoptosis (Figure 1F). These findings indicated that MSCs can promote the stemness and Folfirinox resistance in pancreatic cancer cells.



Effect of MSC in Xenograft Models

To further investigate the effect of MSCs on tumor initiation, we subcutaneously injected a limiting dilution of PANC-1 cells at three dosages, 5 × 103, 5 × 104, and 5 × 105, with or without 5 × 106 admixed MSCs into nude mice. For 4 weeks, each group got Folfirinox intraperitoneal therapy once every 2 days. As a consequence, we discovered that PANC-1 cells alone at 5 103 and 5 104 cells failed to form xenografts. However, as compared to the injection of pancreatic cancer cells alone, cell combination with MSCs efficiently produced a xenograft and enhanced the weight of tumors transplanted, indicating that MSCs trigger pancreatic cancer cell de novo tumor development (Figure 2A). In addition, we used IHC labeling to identify the expression of MSC surface antigens, CD29 and CD90, in pancreatic cancer tissues. The results showed that the proportion of CD29+/CD90+ patients in pancreatic cancer tissues was substantially greater than in the responder group, and the rate of CD29+CD90+ in GC specimens was favorably connected with the clinical stage (Figures 2B, C). MSCs boosted the stem characteristics and chemo-resistance in pancreatic cancer cells according to the findings.




Figure 2 | Effect of MSC in xenograft models. (A) Nude mice were injected with PANC-1 cells, and tumor weight in mice of each group were assessed. (B, C) Quantification of IHC staining rate of CD29+CD90+ in non-tumorous specimens or pancreatic cancer specimens from patients at stages I/II and III/IV. **P < 0.01.





SNHG7 Is Induced by MSCs and Contributes to the Stemness and Folfirinox Resistance

Previous research has found that SNHG7 is overexpressed in pancreatic cancer tissues and promotes metabolic plasticity via antioxidant synthesis. As a result, we postulated that SNHG7 could have a role in the stemness and chemoresistance. SNHG7 was shown to be increased in pancreatic cancer tissues as compared to normal tissues (n = 50; Figure 3A). To identify whether SNHG7 was induced by MSCs, we detected its expression in PANC-1 and AsPC-1 cells co-cultured with or without MSCs. We found that the expression of SNHG7 was obviously increased both in pancreatic cancer after the co-culture with MSCs when compared to non-cultured cells (Figure 3B). In addition, we also performed in situ hybridization (ISH) to evaluate the correlation between SNHG7 expression and co-expression of CD29 and CD90 in pancreatic cancer tissues, which are well-known MSC surface antigen markers. We found that SNHG7 expression was higher in pancreatic cancer tissues that were both CD29 and CD90 positive (CD29+CD90+) than in pancreatic cancer tissues that were both CD29 and CD90 negative (CD29CD90) (Figure 3C). These findings suggest that SNHG7 may play a role in the effects of MSCs on pancreatic cancer cell stemness.




Figure 3 | SNHG7 is induced by MSCs and contributes to the stemness and Folfirinox resistance. (A, B) SNHG7 expression was determined via qRT-PCR in pancreatic cancer tissues or cells with or without co-culture of MSCs. (C) The correlation between SNHG7 expression and co-expression of CD29 and CD90 in pancreatic cancer tissues. **P < 0.01.



We investigated the effect of SNHG7 on the stemness and Folfirinox resistance. SNHG7 was overexpressed in stable lentivirus transfected way, and the overexpression efficiency that was examined was verified by RT-qPCR analyses (Figure 4A). The findings of the RT-qPCR and Western blot studies revealed that the expression of SNHG7 and stemness genes was significantly elevated in PANC-1 and AsPC-1 cells after transfection with pcDNA3.1 SNHG7 compared to the NC group (Figures 4B, C). Flow cytometric analysis revealed that SNHG7 overexpression enhanced the fraction of CD44+ pancreatic cancer cells (Figure 4D). Besides, sphere-formation assay indicated that the sphere formation capability of PANC-1 and AsPC-1 cells was obviously increased after SNHG7 overexpression (Figure 4E). To evaluate whether SNHG7 is functionally involved in pancreatic cancer progression, transwell assay and flow cytometric analysis were performed. When treated with Folfirinox, the induced expression of SNHG7 promoted invasion and abolished growth inhibition, as demonstrated in Figure 4F. SNHG7 overexpression decreased cell apoptosis, and Folfirinox-induced apoptosis was reversed by SNHG7 ectopic expression in pancreatic cancer cells (Figure 4G). These results clearly indicated that MSC caused the stemness and Folfirinox resistance via inducing SNHG7.




Figure 4 | The effect of SNHG7 on the stemness and Folfirinox resistance. (A, B) overexpression efficiency was examined was verified by RT-qPCR and Western blot analyses. (C) Western blotting for stemness-associating genes in PANC-1 and AsPC-1 cell culture either alone or with MSCs and with or without Folfirinox. (D) The proportion of CD44+ pancreatic cancer cells. (E) Sphere-formation assay in PANC-1 and AsPC-1 cell culture either alone or with MSCs and with or without Folfirinox. (F, G) Colony-formation assay and flow cytometric analysis of PANC-1 and AsPC-1 cell culture either alone or with MSCs and with or without Folfirinox. *P < 0.05, **P < 0.01.





SNHG7 Is Interacted With Notch1 to Regulate the Stemness and Folfirinox Resistance in Pancreatic Cancer

To further explore the regulatory mechanism of SNHG7, we searched for the target mRNAs for SNHG7. Prediction results from starBase3.0 (http://starbase.sysu.edu.cn/) showed that SNHG7 potentially interacted with miRNA. Using RT-qPCR, the three most substantially elevated mRNAs in pancreatic cancer cells in response to co-culture with MSCs were Notch1, FMR1, and U2AF2 (Figure 5A). In a pulldown test, SNHG7 could only pull down Notch1 rather than antisense SNHG7 in pancreatic cancer cells (Figure 5B), showing that SNHG7 interacted with Notch1. RIP assay further confirmed the direct interaction between SNHG7 and Notch1 (Figure 5C). Therefore, we deduced that Notch1 was a target for SNHG7 in pancreatic cancer.




Figure 5 | SNHG7 interacted with Notch1 to regulate the stemness and Folfirinox resistance in pancreatic cancer. (A) RT-qPCR western blot analyses revealed that three of the most upregulated miRNAs in pancreatic cancer cells respond to co-culture with MSC. (B) Pull down assay depicted that only Notch1 could be pulled down by SNHG7. (C) RIP analysis demonstrated the co-immunoprecipitation of SNHG7 and Notch1. *P < 0.05, **P < 0.01.



Moreover, we tried to examine whether SNHG7 modulated stemness and resistance in pancreatic cancer cells through Notch1. RT-qPCR findings revealed that SNHG7 overexpression promoted Notch1 expression, but si-Notch1 co-transfection restored Notch1 expression levels in PANC-1 and AsPC-1 cells (Figure 6A). The co-transfection of si-Notch1 suppressed the protein levels of the stemness markers caused by SNHG7 overexpression (Figure 6B). Ability of PANC-1 and AsPC-1 cells to form tumor spheres was enhanced by SNHG7 overexpression and repressed by Notch1 downexpression (Figure 6C). CCK8 assay demonstrated that the inhibitive effect of Folfirinox on cell viability was reduced by SNHG7 overexpression and regained by the silenced expression of Notch1 (Figure 6D). Also, under the treatment of Folfirinox, apoptosis in PANC-1 and AsPC-1 cells was reduced by SNHG7 overexpression, and rescued by co-transfection of si-Notch1 (Figure 6E). Hence, our findings indicated that SNHG7 interacted with Notch1 to regulate the stemness and Folfirinox resistance in pancreatic cancer.




Figure 6 | Notch1 to regulate the stemness and Folfirinox resistance in pancreatic cancer. (A) Notch1 expression was assessed via RT-qPCR assay. (B) The expression of stemness markers were analyzed by using Western blot assay. (C–E) Sphere-formation assay, Colony-formation, and flow cytometry analyses. **P < 0.01 (compared with pcDNA3.1), ##P < 0.01 (compared SNHG7+NC with SNHG7+si-Notch1).





MSC-Induced SNHG7 Facilitate Stemness and Folfirinox Resistance Through the Notch1/Jagged1/Hes-1 Signaling Pathway in Pancreatic Cancer

The expressions of the Notch1/Jagged1/Hes-1 signaling pathway components (Notch1, Jagged1, and Hes1) in PANC-1 and AsPC-1 cells were examined by qRT-PCR and Western blot tests to assess the biological relevance of SNHG7 in pancreatic cancer stemness and Folfirinox resistance. The results showed that the expressions of Notch1, Jagged1, and Hes1at mRNA and protein levels were significantly upregulated in PANC-1 and AsPC-1 cells with the transfection of pcDNA3.1 SNHG7 compared with the NC group (Figures 7A, B).




Figure 7 | MSC-induced SNHG7 facilitate the stemness and Folfirinox resistance through the Notch1/Jagged1/Hes-1 signaling pathway in pancreatic cancer. (A, B) The expressions of the Notch1/Jagged1/Hes-1 signaling pathway related mRNA and proteins were determined by qRT-PCR and Western blot assays. **P < 0.01 (compared control with pcDNA3.1), ##P < 0.01 (compared SNHG7+NC with SNHG7+si-Notch1).






Discussion

Pancreatic cancer is a lethal solid tumor that usually causes local invasion and early spread, killing more than 300,000 individuals each year. PC patients have a poor prognosis, with less than 5% of patients living longer than 5 years (12). As a result, developing possible diagnostic markers or targeted medications to halt the progression of pancreatic cancer is important.

As an important component of the tumor environment, MSCs are a heterogeneous stroma/stem-like phenotype with the ability to differentiate along the mesodermal lineage (13). They may promote chemotherapy resistance by secreting protective cytokines or even generating genetic mutations and altering transcriptional expression to assist cancer cells in overcoming the anticancer effect of chemotherapeutic agents (14, 15). Recently, it has been demonstrated that MSCs play an important role in tumor chemoresistance (16). MSCs have been shown to release polyunsaturated fatty acids KHT and 16:4(n3), which can lead to resistance to platinum-based chemotherapy (17). Thus, it is unclear whether MSCs play a substantial role in metabolic reprogramming in the control of chemotherapy resistance.

As sequencing technology has advanced, more non-coding RNA has been identified. Among these, lncRNAs have gotten a lot of interest because of their diverse roles in all stages of carcinogenesis and tumor development, and lncRNAs might be exploited as novel prognostic indicators (18, 19). By influencing oncogenes or tumor suppressor genes, they contribute to tumor development, proliferation, and metastasis (20, 21). A growing body of data suggests that lncRNAs have a role in cancer stemness and treatment resistance (22, 23).

Small nucleolar RNA host gene 7 (SNHG7) has been shown to be carcinogenic in ovarian cancer (9). In this study, we looked at the unique biological effects of SNHG7 in pancreatic cancer. The key finding of this study is that SNHG7 plays a significant role in pancreatic cancer. We explored the critical function and post-transcriptional regulation of SNHG7 in MSC-induced stemness and Folfirinox resistance in this work. We found that the overexpression of SNHG7 confers Folfirinox resistance and enhances the stemness of pancreatic cancer cells.

Mechanistically, the interaction of lncRNAs with mRNAs in cancer progression and cellular response to chemotherapy has been widely documented. The Notch signaling system is an evolutionarily conserved system in the tumor microenvironment that is known to modulate the expression of its target genes and consequently plays an important role in various cellular processes such as cell proliferation, migration, and death (24). Notch receptors have been reported to be commonly dysregulated in several neoplastic lesions, demonstrating that Notch has an oncogenic function in a variety of malignancies (25). More crucially, mounting data suggests that the Notch signaling pathway is implicated in the chemoresistance of many tumor cells and also promotes radiation resistance in certain malignancies (26–28). We demonstrated that Notch1 interacted with SNHG7 and could reverse the facilitative effect of SNHG7 on the stemness and Folfirinox resistance in pancreatic cancer cells.

In conclusion, our findings show that MSCs increased SNHG7 expression in pancreatic cancer cells, promoting the stemness and Folfirinox resistance via the Notch1/Jagged1/Hes-1 signaling pathway. Our result not only helps us to better understand the regulatory potential of SNHG7 in pancreatic cancer stemness and Folfirinox resistance, but it is also important for identifying new pharmacological targets and devising innovative treatment techniques to overcome resistance.
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Objective

Tumor metabolism has always been the focus of cancer research. SLC16A1, as a key factor in catalysis of monocarboxylate transport across the plasma membrane, has been found to be associated with the occurrence and metastasis of a variety of cancers, but its prognostic significance and mechanism in different tumors are still unclear.



Methods

Based on the gene expression matrix and clinical information of human cancer tissues acquired from TCGA and GTEX databases, the differential expression of SLC16A1 in different tumors and normal tissues was analyzed. To confirm the association between its expression, the mutation of MMRS gene, and the expression level of DNMTs. Univariate Cox regression was applied to analyze the association between SLC16A1 expression and patient prognosis. The effect of SLC16A1 expression on patient survival was examined by Kaplan Meier analysis. GSEA was used to identify related signaling pathways.



Results

The expression of SLC16A1 was differentially expressed in most tumors, especially in the urinary tract where it is commonly highly expressed, and differential expression of SLC16A1 in different clinical stages. SLC16A1 expression was significantly positively correlated with MMRS gene mutation and DNMTS expression. Moreover, high SLC16A1 expression was associated with poorer overall survival (OS) and progression-free survival (PFS) in urological cancers. In particular, the results of the enrichment analysis showed that SLC16A1 was associated with processes such as cell adhesion and many signaling pathways affecting cell cycle were significantly enriched in the group with high-expressed SLC16A1.



Conclusion

SLC16A1 expression was upregulated in urological cancer. SLC16A1 may promote tumor development by regulating the epigenetic process of urological cancer and demonstrated a great potential as a prognostic biomarker of urological cancer patients.





Keywords: SLC16A1, cancer in urology, generic cancer, biological marker, prognosis



Introduction

Urological cancer is a highly prevalent neoplastic disease with poor prognosis. Kidney cancer, bladder cancer and prostate cancer, which are the most common urological cancers, account for more than 33% of all male malignant tumors (1, 2) Different urological cancers show different morphological or genetic characteristics, which pose difficulties to the diagnosis and treatment in clinical practice (3, 4). Clinical symptoms of most urological cancers are non-specific, and a late diagnosis will increase the possibility of metastasis and adverse effects on the clinical outcome of patients (5). Although great progress had been made in the molecular study of urological tumors, the understanding of its pathological mechanism is still not satisfied (6). Identifying of certain genes and potential biological markers could improve the evaluation of the efficacy of late treatment (1) and the management of urological cancers.

Study demonstrated an important correlation among urinary system diseases, metabolic syndrome, and metabolic syndrome in endocrine system. Vascular mechanisms affect male urinary system, high insulin hematic disease, in which obesity is often involved. Therefore, discovering metabolism-related genes might provide the corresponding potential targets and improve the treatment of urinary system diseases (7). SLC16 family consists of 14 different monocarboxylate transporters, which play crucial roles in cell metabolism, nutrient transport, and pH regulation. Changes in the expression and function of some members are often reflected in serious diseases, such as cancer and nervous system diseases (8). SLC16A1 is a widely studied member of the SLC16A family. It has been found that SLC16A1 is distributed in almost all tissues in the human body, and is overexpressed in many cancers, moreover, upregulated expression of SLC16A1 is associated with the deterioration of prognosis of many cancers (9, 10).

Pan-cancer analysis is a novel bioinformatics method used to search commonalities across tumor types and organs, and could provide new adaptations for biomarkers across tumors (11). The Cancer Genome Atlas Project (TCGA) and Genotype Tissue Expression (GTEX) is currently the largest available databases for tumor genome analysis (12, 13). Based on TCGA and GTEX databases, this study applied pan-cancer analysis to detect the expression of SLC16A1 in different tumors and explored its prognostic significance. This study provided a potential molecular mechanism of the key role of SLC16A1 in urological cancer.



Materials and Method


Data Source

The TCGA database (https://www.cancer.gov/) contained gene expression profiles of tumors and adjacent normal tissues from different human cancers. In addition to GTEx (https://gtexportal.org/home/) and normal tissue expression, the TIMER 2.0 (http://timer.cistrome.org/) analysis on more than ten thousand samples of the RNA - seq TCGA database data was used and integrated into the TCGA expression. Gene expression matrices were obtained from the CCLE database (https://portals.broadinstitute.org/ccle) for cell lines of different origins, using the Human Protein Atlas (HPA) (https://www.proteinatlas.org/) database as well as the UALCAN (http://ualcan.path.uab.edu/) online website to validate the protein expression of SLC16A1 and its gene expression levels in different clinical features.



Difference Analysis

Statistical differences in SLC16A1 expression levels between groups were calculated using the Wilcoxon test as well as the Kruskal-Wallis H-test. The chi-square test, as well as the t-test, were used to compare previous associations between gene expression and cultural characteristics and were presented visually using the R package ggplot.



Correlation Analysis Between Gene Expression and Epigenetic Regulation

Epigenetic processes are considered to be an important factor affecting gene expression, and DNA replication and DNA methylation are markers in epigenetics (14). DNA mismatch repair (MMRs) plays crucial role in maintaining DNA replication and its structural integrity and stability (15). Changes in DNA methyltransferase (DNMTs) activity could affect gene expression and DNA repair mechanism, and dysfunction of MMRs and DNMTs is the initial conditions for human cancer development (16). Based on the expression profile of TCGA, Pearson test was performed to analyze the correlation between SLC16A1 expression and MMRS gene (MLH1, MSH2, MSH6, PMS2, EpCAM) mutation and DNMTs (DNMT1, DNMT2, DNMT3A, DNMT3B) expression. When R > 0.2 and P< 0.5, SLC16A1 expression was considered to be positively correlated with MMRS and methyltransferase expression.



Survival Analysis

Univariate Cox regression analysis was performed on SLC16A1 expression level in different tumors using the survival package R, and 95% confidence intervals and corresponding hazard ratio (HR) were calculated. Forest plots were drew using the survival package Forestplot. Kaplan-Meier and timeROC was used to examine the relationship between SLC16A1 expression and the survival of urological cancer patients.



Enrichment Analysis

According to the expression of SLC16A1, the samples from TCGA database were divided into high-expression and low-expression groups. Functional enrichment analysis was performed using the R package ClusterProfile based on Gene Ontology (GO) and the Kyoto Encyclopedia of Genes and Genomes (KEGG). A list of abs(log2FC) was generated based on two groups of high and low expression and this gene list was mapped GO, KEGG gene set for biological pathway analysis.




Results


Expression of SLC16A1 in Urological Cancers and Other Tumors

We found that the expression level of SLC16A1 was different in most urological cancers (Figure 1A). The expression level of SLC16A1 in tumor tissues of BRCA, CHOL, COAD, UCEC and other cancer patients was lower than that in their corresponding paracancerous normal tissues (P<0.001). SLC16A1 expression was upregulated in metastatic SKCM when compared with carcinoma in situ (P<0.01). However, SLC16A1 was significantly overexpressed in tumor tissues of most other cancers (ESCA, GBM, HNSC, etc.) (P<0.05), and this feature was more strongly present in urinary tract tumors (Kich, Kirc, Prad) (P<0.05). However, normal samples in the TCGA database were generally few and even absent in some cancers. We also analyzed the normal samples in GTEX and tumor samples in TCGA and found that the high expression pattern of SLC16A1 was more obvious in urological cancers (ACC,KICH,Kirc,PRAD,TGCT) (Figure 1B). As shown in Figure 1C, SLC16A1 expression was present in cell lines of renal and prostate as well as bladder urogenital origin in the CCLE database. HPA for immunohistochemical staining on SLC16A1 protein in testicular cancer (Figure 1D), and prostate (Figure 1E) were found to have a high signal intensity, and this was also the same in Renal cancer (Figure 1F), uroepithelial cancer (Figure 1G). It is also shown that in comparison with the corresponding normal tissues, SLC16A1 was upregulated in the urinary diseases.




Figure 1 | SLC16A1 expression levels in different types of human cancers. (A) Based on the TCGA database, the expression level of SLC16A1 between different cancers was analyzed using Timer 2.0; (B) The expression data of normal tissues in GTEX database were supplemented to analyze the expression levels of SLC16A1 in tumor tissues and normal tissues of different cancers. (C) SLC16A1 expression in each cell line obtained through the CCLE database. Immunohistochemical staining of SLC16A1 protein in (D) testicular cancer; (E) prostate cancer; (F) kidney cancer; (G) bladder uroepithelial cancer tissues and corresponding normal tissues was obtained from the HPA database. TCGA, Cancer Genome Atlas Project; GTEX, genotype tissue expression; HPA, Human Protein Atlas. *P < 0.05, **P < 0.01, ***P < 0.001.





Association Between SLC16A1 Expression and Clinical Features of Urological Tumors

To further compare the expression of SLC16A1 in urological cancers, patients were grouped according to clinical characteristics such as age, gender, race, TNM stage and clinical stage. As shown in Table 1, SLC16A1 overexpression was more prevalent in female patients in ACC, KICH, and KIRP, and that Caucasians had a higher proportion of SLC16A1 overexpression than other races in BLCA. High SLC16A1 expression was associated with higher T-staging in BLCA and KIRP, and with lymphatic metastases in ACC, KICH, KIRP, TGCT, and distant metastases in ACC and TGCT. Remarkably, SLC16A1 is closely associated with the clinical staging of most urological cancers. Differential expression of SLC16A1 in urological cancers of different clinical stages was also verified by the UALCAN database, as PRAD was missing clinical stage data, but significant differences in SLC16A1 expression were also found in patients with different Gleason scores, as detailed in Figure 2.


Table 1 | Comparison of clinical characteristics of urological cancers patients with high and low expression of SLC16A1.






Figure 2 | SLC16A1 expression correlates with different periods of urological cancer. SLC16A1 expression in (A) ACC, (B) BLCA, (C) KICH, (D) KIRC, (E) KIRP, (F) TGCT in different clinical stages and (G) PRAD in different Gleason.





The Expression of SLC16A1 in Urological Cancers Promoted MMRS Mutations and DNMTs Activity

SLC16A1 expression was significantly positively correlated with gene mutations of MMRs in majority of tumors (Figure 3A). In particular, the three MMR genes (MLH1, MSH2, and MSH6) were significantly associated with almost all urinary tumors (ACC, BLCA, KICH, Kirc, Kirp, PRAD, TGCT). As shown in Figure 3B, SLC16A1 expression was positively correlated with DNMTs expression in all human tumors. KICH, Kirc, and Prad were significantly correlated with the expression of four DTMTs (Figure 3B). The results showed that SLC16A1 could promote the occurrence and development of tumor by inducing MMRS mutation and up-regulating the activity of DNMTs.




Figure 3 | SLC16A1 expression in urological cancers promotes MMRS mutations and DNMTs activity. SLC16A1 expression and (A) ML H1, MSH2, MSH6, PMS2, EpCAM mutations; (B) Correlation between DNMT1, DNMT2, DNMT3A and DNMT3b expression. Note: MMRS: DNA mismatch repair; DNMTs: DNA methyltransferase. *P < 0.05, **P < 0.01, ***P < 0.001.





High Expression of SLC16A1 Suggested a Poor Prognosis of Urological Cancers

The association between SLC16A1 expression and overall survival (OS) in urological cancers was explored as shown in Figure 4A. SLC16A1 expression is a prognostic risk factor for ACC, KICH, and KIRP. To further analyze the impact of disease progression on prognostic outcomes, we also analyzed the effect of SLC16A1 expression on progression-free survival (PFS) of patients. SLC16A1 expression was significantly associated with ACC and PFS in the three renal cancers (Figure 4B). The prognostic value was also tested using Kaplan Meier as well as timeROC analysis. The results showed that overall survival was lower in urological patients with high SLC16A1 expression than in those with its low expression, except for two cancers, PRAD and TGCT (Figures 4C–I). Notably, SLC16A1 expression had a higher degree of impact on PFS in these urological patients (Figures 4J–P), and high SLC16A1 expression may suggest a poor prognosis for urological cancer patients.




Figure 4 | High SLC16A1 expression suggests a poor prognosis for urological cancer. Univariate Cox analysis of patients with different tumors (A) OS and (B) PFS; Kaplan Meier and timeROC analysis to detect the effect of SLC16A1 expression on OS in (C) ACC, (D) BLCA), (E) KICH, (F) KIRC, (G) KIRP, (H) PRAD, (I)TGCT patients and PFS in (J) ACC, (K) BLCA, (L) KICH, (M) KIRC, (N) KIRP, (O) PRAD, (P) TGCT patients. OS, total survival; PFS, progression-free survival; HR, Hazard ratio.





SLC16A1 Expression Was Associated With Carcinogenic Signaling Pathways

GOChord diagram visualizing the interconnection between GO terms and genes. As shown in Figure 5A, SLC16A1 was associated with cell activation, biological processes such as cell adhesion (BP), and was significantly enriched in intercellular-related cellular components such as focal adhesion (CC) (Figure 5B) and binding-related molecular functions such as glycosaminoglycan binding (MF) (Figure 5C). The results of KEGG analysis showed that slc16a1 expression was correlated with signals including cytokine cytokine receptor interaction, proteoglycans in cancer, and cell adhesion molecules. Using GSEA to look for signals that are activated in cancer, the most significantly enriched GO and KEGG signaling pathways have been listed in the top right corner of Figures 5E, F. High SLC16A1 expression was associated with cell cycle, PI3K-Akt and other signaling pathways, which may suggest that high SLC16A1 expression may be involved in tumor progression through regulation of the cell cycle.




Figure 5 | SLC16A1 expression is associated with carcinogenic signaling pathways. In GOChord plots showing the top 10 GO terms enriched in (A) BP, (B) CC, (C) MF and genes positively associated with SLC16A1; (D) bubble plots to show the top 10 pathways in KEGG analysis; GSEA analysis showing the set of (E) GO and (F) KEGG genes associated with SLC16A1 expression. GSEA, single gene set enrichment analysis; GO, Gene Ontology; BP, Bioengineering; CC, Cellular Component; MF, Molecular Function; KEGG, Kyoto Encyclopedia of Genes and Genomes.






Discussion

Tumor cells show a much higher growth activity than normal cells. In recent years, it has been suggested that tumor cells metastasize to escape metabolic stress, which is a process that often involves metabolic reprogramming. Rewriting of energy metabolism pattern will confer tumor cells the ability to escape normal apoptotic process and to grow, proliferate and migrate (17). Since Warburg found that cancer cells tend to produce energy through glycolysis, many studies have been carried out on the energy metabolism of tumors. Studies have found that cancer cells still obtain energy through glycolysis despite the presence of oxygen (18). Lactic acid as the main product of anaerobic metabolism is considered to be one of the most important energies. The continuous production and accumulation of lactic acid can lead to metabolic gene expression changes, result in abnormal cell signal, weaken the function of mitochondria, upregulate SLC16 protein expression, thereby leading to cell migration and immune escape, and the promotion of cancerous cell process (19). SLC16A1 plays an important role in cancer metabolism. Lactic acid itself can rapidly upregulate SLC16A1 expression, which maintains glycolysis efficiency by regulating pH value in cells and interstitium. SLC16A1 plays a major role in lactate inflow, and cancer cells transport lactic acid inward through overexpression of SLC16A1, increasing carcinogenicity and invasion. Thus, targeting SLC16A1 may be a promising therapeutic strategy for some cancers (20, 21).

Based on TCGA and GTEX databases, we compared SLC16A1 expression in 27 different human cancers using TIMER and differential analysis. The results showed that SLC16A1 was differentially expressed in most solid cancers, particularly concentrated in urological cancers. This is also supported by the results of the CCLE database: SLC16A1 is significantly expressed in cell lines of urological origin. Further analysis of SLC16A1 expression in urological cancers showed that SLC16A1 protein expression was significantly stronger in pathological tissues of the kidney, prostate, and bladder than in the corresponding normal tissues, and that there was an association between high and low SLC16A1 expression and the different clinical features of urological cancers. SLC16A1 was differentially expressed between the different clinical stages of seven different urological cancers, and it is therefore conjectured that SLC16A1 may be involved in the disease progression of urological cancers.

Aberrations in epigenetic mechanisms have now been recognized as an important cause of human cancer progression (22). The continuous accumulation of MMRS gene mutations throughout the genome will allow the malignant transformation of cell signals, and promote the carriers of MMRS mutation to develop cancer (23). DNA methylation is critical for maintaining cellular phenotypes during DNA replication and is involved in defining when and where genes are expressed in normal and disease environments (24, 25). Currently, DNMTs inhibitors are the most widely studied compounds that inhibit epigenetic processes and have also been used in the treatment of cancer (26). Our results showed that SLC16A1 expression was significantly positively correlated with MMRs mutation and expression of DNMTs in urological tumors, indicating that SLC16A1 was related to the occurrence and development of urological tumors.

Besides, high expression in urological cancers appears to be with an increased prognostic risk. Our study found that SLC16A1 could serve as a biomarker for the prediction of OS and PFS of urological cancers and identifying cancer subtypes with higher prognostic risk, especially in several cancers of ACC, KIRC and KICH. SLC16A1 plays a key role in promoting cancer progression and metastasis. It has been found that SLC16A1 and SLC16A1-AS1 may together form a “head-to-head” complex unit with E2F1 promoter in muscle-infiltrating bladder cancer cells. E2F1 activates SLC16A1 and SLC16A1-AS1 to cooperatively regulate the corresponding targets related to cell migration and promote metabolic reprogramming and cell migration (27). High-expressed SLC16A1 has also been found to be associated with lymph node metastasis and distant metastasis of bladder cancer, thereby showing a negative impact on the overall survival of patients. Inhibiting SLC16A1 can significantly suppress the proliferation, migration and invasion of bladder cancer cells, and SLC16A1 promotes the progression of bladder cancer by affecting epithelial mesenchymal transformation and glycolysis (28). Fuhrman grade is a histological grade of renal cancer based on tumor nuclear morphology, and has been widely applied as the most effective prognostic parameter for predicting DSS (29). Ambrosetti et al. (30) conducted a semi-quantitative and qualitative analysis on 45 Kirc cases, and found that SLC16A1 is positively correlated with higher Fuhrman grade. All the above studies suggested that SLC16A1 is a risk factor for evaluating the prognosis of urological cancers.

On the other hand, to further study the role of SLC16A1 in tumors, We found by enrichment analysis that SLC16A1 expression is associated with cell activation, cell adhesion and other functions, and may be involved in signaling pathways such as the cell cycle. During tumor progression, metabolic reprogramming is often accompanied by cytoskeletal remodeling and the activation of transduction of mechanical signaling in cancer cells. Cancer cells induce metabolism-related signaling by continuously altering intercellular adhesions and finally by glycolysis to meet the increased motility as well as aggressiveness of cancer cells (31, 32). We speculate that the high expression of SLC16A1 in urological cancers may also suggest a metabolic reprogramming mediated by altered intercellular adhesion.

In Pereira’s study, to maintain a high glycolytic phenotype, prostate cancer is effectively transported to the breast via SLC16A1 and SLC16A4.The expression level of SLC16A1 in metastatic prostate cancer cells is significantly higher than that in more restricted prostate cancer cell lines. Silencing SLC16A1 can significantly inhibit the growth and motor characteristics of cancer cells (33), high expression of SLC16A1 may stimulate prostate cancer cell activation. Feng et al. (34) also speculated that SLC16A1-AS1 might be involved in the occurrence and metastasis of cancer through regulation of cell cycle through three different algorithms of WGCNA, GSEA and GSVA, and verified at the cellular level that SLC16A1-AS1 silencing could inhibit the expression of cyclin D1, promote cell stagnation in G0/G1 phase, and suppress the proliferation of oral squamous cell carcinoma cells. In Addition, we also found that SLC16A1 is associated with signaling pathways such as P13K-Akt, which is also a key factor in the cell cycle, and targeting PI3K-Akt signaling may induce cell cycle arrest (35, 36). This also suggests that SLC16A1 is involved in tumor development from another perspective.

To sum up, this research showed that SLC16A1 expression was present in urological tumors and found that the high expression of SLC16A1 was related to poor prognosis of patients with urological cancer and abnormal epigenetic processes, providing clinically useful biological markers.
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Tumor mutation burden (TMB) is a well-known efficacy predictor for checkpoint inhibitor immunotherapies. Currently, TMB assessment relies on DNA sequencing data. Gene expression profiling by RNA sequencing (RNAseq) is another type of analysis that can inform clinical decision-making and including TMB estimation may strongly benefit this approach, especially for the formalin-fixed, paraffin-embedded (FFPE) tissue samples. Here, we for the first time compared TMB levels deduced from whole exome sequencing (WES) and RNAseq profiles of the same FFPE biosamples in single-sample mode. We took TCGA project data with mean sequencing depth 23 million gene-mapped reads (MGMRs) and found 0.46 (Pearson)–0.59 (Spearman) correlation with standard mutation calling pipelines. This was converted into low (<10) and high (>10) TMB per megabase classifier with area under the curve (AUC) 0.757, and application of machine learning increased AUC till 0.854. We then compared 73 experimental pairs of WES and RNAseq profiles with lower (mean 11 MGMRs) and higher (mean 68 MGMRs) RNA sequencing depths. For higher depth, we observed ~1 AUC for the high/low TMB classifier and 0.85 (Pearson)–0.95 (Spearman) correlation with standard mutation calling pipelines. For the lower depth, the AUC was below the high-quality threshold of 0.7. Thus, we conclude that using RNA sequencing of tumor materials from FFPE blocks with enough coverage can afford for high-quality discrimination of tumors with high and low TMB levels in a single-sample mode.




Keywords: TMB (tumor mutation burden), RNAseq, FFPE (formalin-fixed paraffin-embedded), machine learning, oncology



Introduction

Tumor mutation burden (TMB) per million base pairs is a well-known efficacy predictor for checkpoint inhibitor immunotherapy (1). TMB can be calculated in several ways (2). For example, in commercial FDA-approved FoundationOne CDx test for unpaired single tumor samples, TMB is defined as the number of somatic mutations per million base pairs (megabase) of the protein-coding sequence analyzed—including both substitutions and indels, but irrespective of the functional consequences of the variants (3). Highly mutated tumors are more likely to produce tumor neoantigens and become more “visible” to the immune system; thus, TMB is a good proxy for the tumor neoantigen load (4).

To date, TMB assessment is commercially available in the form of clinical and research use-only diagnostic tests (5). In June 2020, TMB was approved for the use of immune checkpoint inhibitor pembrolizumab in the treatment of patients with advanced or metastatic solid cancers, and FoundationOne CDx assay was approved as a companion diagnostic test.

The two major approaches for evaluating TMB are based on using whole exome sequencing (WES) and next-generation sequencing (NGS) panels. WES-TMB was demonstrated first to be associated with tumor responses on immune checkpoint inhibitors and thus proposed as a predictive biomarker (6–9). These early WES-TMB estimates were considering only non-synonymous somatic mutations. Overall, TMB levels were classified as “high” or “low.” However, the cutoff values varied from ≥7.4 in esophageal and gastric cancer till ≥23.1 in non-small cell lung cancer (NSCLC) for the number of mutations per megabase DNA and from ≥158 mutations in advanced NSCLC till ≥248 mutations in advanced small cell lung cancer for the whole tumor exome non-synonymous mutation estimates (10).

To address many of the WES-TMB limitations, targeted sequencing panels with exonic sequences of especially frequently mutated genes were developed to estimate TMB (11, 12). Unlike in WES-TMB, NGS panels count both non-synonymous and synonymous mutations as well as indels, which can increase assay sensitivity (3). This approach showed that sufficiently large NGS panels can accurately recapitulate WES-TMB, and demonstrated good agreement between panels-derived and WES-derived TMB values (13, 14).

There are two NGS panels commercially available to date that have been approved by regulatory bodies: FoundationOne CDx assay approved by the FDA as a companion diagnosis for the assessment of TMB and the MSK-IMPACT panel.

Overall, many variable factors can influence TMB estimation and output, including tumor type (15), biosample type (FFPE materials artificially have more mutations than fresh frozen tissue), and sequencing parameters (NGS panel content, size, and sequencing depth; bioinformatic pipeline; and reporting cutoff) (16).

At the moment, DNA analysis is the only standard for TMB assessment and it is largely unclear whether TMB derived from RNA sequencing (RNAseq) corresponds to DNAseq data. In 2020, Jang and coauthors attempted to calculate TMB from single-cell RNA sequencing data (17). However, the authors did not provide any technical rationale for their approach and did not validate it by DNA mutation analysis, thus leaving the adequacy of the results communicated uncertain. In February 2021, DiGuardo and colleagues demonstrated a correlation between RNAseq- and DNAseq-derived TMB using formalin-fixed, paraffin-embedded (FFPE) tumor tissue blocks (18). However, this was more a proof-of-concept study done for only eight individual samples and the methodological limitations of this approach were not explored. Furthermore, this was done for the matched pairs of tumors and adjacent normal tissues, while matching healthy samples are not frequently available in the routine clinical practice. For example, the FoundationOne CDx test utilizes single tumor-only biosamples to return TMB (2).

FFPE cancer tissue biosamples are known to yield highly fragmented nucleic acid preparations that could be hardly applicable to the tasks requiring high RNA integrity like analysis of differential splicing (19). Nucleic acids extracted from FFPE also often contain artifact alterations caused by formalin fixation, thus having an increased rate of C>T substitutions, when compared with nucleic acids from fresh tissues. Thus, sequencing profiles derived from FFPE should be processed differently and the results obtained from fresh tissues may be poorly compatible. However, FFPE materials can be used to properly estimate TMB by the DNA screens (20) and for the clinical-grade estimation of the gene expression levels by analyzing RNA reads (21, 22). From certain points of view, this is the preferred type of biomaterial because of its high availability and stability, as FFPE blocks can be stored at room temperature for years prior to nucleic acid extraction for sequencing purposes (23).

Thus, in this study, we investigated whether FFPE-isolated RNA can be used for TMB estimates without the analysis of adjacent or blood-derived norms. To this end, we used the paired RNAseq–WES profiles for FFPE materials available from The Cancer Genome Atlas (TCGA) project database, in both paired and single-sample modes, and then validated the results using 73 experimental RNAseq–WES profiles obtained for FFPE cancer specimens.

For TMB deduced using TCGA RNAseq data, where mean sequencing depth was ~23 million gene-mapped reads (MGMRs), we obtained 0.46 (Pearson)–0.59 (Spearman) correlation with the standard mutation calling pipelines. This was converted in the classifier of low (<10) and high (>10) TMB per megabase with area under the curve (AUC) 0.757, and the application of machine learning (ML) increased AUC till 0.854. We then compared 73 experimental pairs of WES and RNAseq profiles with lower (mean 11 MGMRs) and higher (mean 68 MGMRs) sequencing depths. We observed 0.85 (Pearson)–0.95 (Spearman) correlation of TMB with standard mutation calling pipelines for higher RNA sequencing depth samples, and ~1 AUC for the high/low TMB classifier. However, for the lower depth, the AUC was below the high-quality threshold of 0.7 even in case of applying ML. Thus, we conclude that using RNA sequencing of tumor materials from FFPE blocks with enough coverage can afford for high-quality discrimination of high and low TMB tumors in a single-sample mode.



Materials and Methods


Reference Public Dataset

The available set of matching tumor WES/FFPE RNAseq and normal (blood or adjacent non-cancerous tissue) WES FASTQ files corresponding to the same tumors, a total of 53 samples, was downloaded from The Cancer Genome Atlas (TCGA) international project repository (https://portal.gdc.cancer.gov/), and only FFPE samples of primary tumors were selected (Table S1).



Experimental Tissue Samples

All experimental data were obtained for pathologist-verified FFPE tumor tissue blocks with tumor cell content greater than 50%. The sample annotation contained information about the sex, age, and cancer type of the patient (Table S2). In all cases, written informed consents to participate in this study were acquired from the patients or from their legal representatives. The consent procedure and the design of the study were approved by the ethical committees of the Karelia Republic Oncological Hospital, Petrozavodsk, Russia, and Vitamed Oncological Clinical Center, Moscow, Russia.



RNAseq: Library Preparation and Sequencing

RNA sequencing was performed according to the previous protocol used to generate ANTE collection of healthy tissue RNAseq profiles (23) and several cancer expression collections (22, 24–28). To isolate RNA preps, 10-μM-thick paraffin slices were trimmed from each FFPE tissue block with a microtome. RNA was extracted from FFPE slices using Qiagen RNeasy FFPE kit following the protocol of the manufacturer. RNA 6000 Nano or Qubit RNA Assay kits were used to measure RNA concentration. RNA integrity number (RIN) was measured using Agilent 2100 Bioanalyzer. For depletion of ribosomal RNA and library construction, KAPA RNA Hyper with rRNA erase kit (HMR only) was used. Different adaptors were used for multiplexing samples in a single sequencing run. Library concentrations were measured using the Qubit dsDNA HS Assay kit (Life Technologies) and Agilent TapeStation (Agilent). RNA sequencing was performed at the Department of Pathology and Laboratory Medicine, University of California Los Angeles, using Illumina HiSeq 3000 equipment for single-end sequencing, 50 bp read length, achieving a median of ~217 million raw reads or ~68 million mapped reads per sample. Illumina SAV was used for data quality checks. De-multiplexing was performed with Illumina Bcl2fastq2 Conversion Software v2.17.

Sequencing data were deposited in NCBI Sequencing Read Archive (SRA) under accession ID PRJNA733593.



Whole Exome Sequencing: Library Preparation and Sequencing

DNA WES was performed according to (29). DNA was extracted from the FFPE tissue using the AnaPrep FFPE DNA extraction kit and whole exome DNA was captured from total genomic DNA using the SeqCap EZ System from NimbleGen according to the instructions of the manufacturer. Briefly, genomic DNA was sheared, size selected to roughly 200–250 base pairs, and the ends were repaired and ligated to specific adapters and multiplexing indexes. Fragments were then incubated with SeqCap biotinylated DNA baits followed by the LM-PCR, and the RNA–DNA hybrids were purified using streptavidin-coated magnetic beads. The RNA baits were then digested to release the targeted DNA fragments, followed by a brief amplification of 15 or less PCR cycles. Sequencing was performed on Illumina HiSeq 3000 for a pair read 150 run. Data quality check was done on Illumina SAV. Demultiplexing was performed with Illumina Bcl2fastq2 v 2.17 program.



Processing of RNA Sequencing Data

For RNAseq data, a GATK mutation calling pipeline was used (Figure 1) (30). Reads were aligned to the human genome assembly GRCh38 with STAR v2.6.1d software in two-pass mode (31). The following parameters were set to non-default values: sjdbOverhang 100, twopass1readsN 10000000, and twopassMode Basic.




Figure 1 | Mutation calling pipeline for The Cancer Genome Atlas (TCGA) data analysis. File instances are shown in ovals, pipeline steps in rectangles. RNAseq files are highlighted in red, tumor whole exome sequencing (WES) files in orange, and normal WES files in green. Data derived from both tumor and normal WES data are shown in light blue.



Exon coordinates were taken from Ensembl annotation version 89. Samtools v1.3.1 package was used for BAM file indexing (32). All reads were assigned to a single read group, and read group information editing and duplicate marking were performed with AddOrReplaceReadGroups and MarkDuplicates software, respectively (http://broadinstitute.github.io/picard). GATK v3.8.0 SplitNCigarReads module was used to split reads that aligned to exon junctions. Base quality score recalibration was performed with GATK v4.beta.1 BaseRecalibrator and ApplyBQSR modules. For mutation calling, GATK4 Mutect2 software (33) was used in tumor-only mode with dbSNP version 146 variant database (34) and 1000G gold standard indel database (35). No panel of norms was used for the experimental settings.

Variants were called only in exonic regions of human chromosomes 1–22, X, and Y (mapped according to GENCODE (36), and the PCR indel model parameter was set to “HOSTILE”. Variants were filtered with GATK4 FilterMutectCalls (all variants are kept in VCF, only the “FILTER” field is edited). Predicted functional effects of variants identified were annotated using ANNOVAR software (37). For variant annotation, we used the version of ExAC database, which does not contain TCGA samples (38). All tri- or more allelic sites were excluded from further analyses: such mutations were not annotated using ANNOVAR and were not included in TMB calculation.



Processing of WES Data

For WES data analysis, a GATK somatic mutation calling pipeline was used (Figure 1). Reads were aligned to the human genome version 38 with BWA mem v0.7.17 software (39). The following parameters were set to non-default values: −k 15, −r 2. The rest of the pre-processing steps were identical to the RNAseq pipeline described above, except for reads splitting and mapping quality editing steps which were skipped.

For mutation calling, GATK4 Mutect2 (33) software was used simultaneously for tumor and matched normal samples, supplied with the same dbSNP and indel databases, regions, and PCR model. Subsequent post-processing steps included filtering GATK4 FilterMutectCalls and annotation with ANNOVAR. All tri- or more allelic sites were excluded from further analyses: such mutations were not annotated using ANNOVAR and were not included in TMB calculation. For parallel computational task management, GNU parallel software was used (40).



Supervised Machine Learning

For filtering with supervised learning, we selected 31 variant features such as reference allele depth, median base quality, or the number of events in the haplotype. From them, 23 features were taken directly from Mutect2 output VCF files and one was obtained from ANNOVAR annotation of VCF with non-TCGA ExAC database. The other seven features were engineered using data from Mutect2 output VCF: four Boolean features of variant being i) an insertion, ii) a deletion, iii) a C>T (G>A) transition, and iv) C>A (G>T) transversion were constructed based on values in REF and ALT fields and three integer features: v) total depth and vi–vii) REF and ALT lengths were constructed based on values in REF, ALT fields, and FORMAT AD field.

Model hyperparameters were selected during a series of randomized grid searches. Parameters adjusted were as follows: learning_rate, n_estimators, min_child_weight, gamma, subsample, colsample_bytree, max_depth, reg_alpha, and reg_lambda; among them, the first two were the most impactful. Cross-validation was five-fold, and receiver operating characteristic (ROC) AUC was used as the metric for hyperparameter selection. The Python code used for ML and visualization is available at https://gitlab.com/oncobox/tmb_rnaseq.




Results

To initially explore the possibility of estimating TMB from FFPE RNAseq data, we used a set with matched WES/RNAseq tumor profiles and, at the same time, with the normal control WES data available from the TCGA project database. Totally, data could be obtained for only 53 tumor cases (paired RNAseq and WES data for tumor samples, and WES data for the matched controls) because the absolute majority of the paired TCGA data were generated for fresh-frozen tissue samples.

We then assessed how different RNAseq data filtering options, including ML, can alter the correlation between TMB-RNAseq and TMB-WES. To this end, we randomly assigned 53 available TCGA samples to the training (n = 27) and validation (n = 26) subsets.


Modeling of WES-RNAseq-TMB Correlation on TCGA Dataset With Matched Normal WES Controls

In this application, WES tumor mutation calling was performed while taking into account the available WES profiles for the healthy control biosamples from the same patients. Our first step was to determine the biggest possible correlation between RNAseq and WES-TMB estimates for the above FFPE TCGA dataset. To that end, we collected variants common to the WES and RNAseq callsets, as identified by genomic coordinate, reference, and alternative allele. We used variants common to both WES and RNAseq only to estimate maximal possible correlation between TMB derived from WES vs. TMB derived from RNAseq (“isec”). For further rule- and ML-based filtering of RNAseq variants presented below, all RNAseq variants were used regardless of their presence in WES data. The WES variants were filtered by the condition “FILTER==PASS,” while RNAseq variants were left unfiltered. The Pearson correlation coefficient between TMB-RNAseq and TMB-WES estimates calculated for the n = 206 subset was 0.91, p = 2.1 × 10−10 (Figure 2, “isec”). No discernable sequencing batch bias was detected during both correlation analysis and primary component analysis: samples from different TCGA sequencing centers were randomly clustered on the PCA (Figure S1).




Figure 2 | Correlations between RNAseq- and WES-derived tumor mutation burden (TMB) estimates (TCGA FFPE dataset, n = 26), with matched normal WES references. Samples are colored according to cancer type. Cancer type abbreviations used: LUAD, lung adenocarcinoma; COAD, colon adenocarcinoma; BRCA, breast invasive carcinoma; UCEC, uterine corpus endometrial carcinoma; BLCA, urothelial bladder carcinoma; PRAD, prostate adenocarcinoma.



We then built the ROC curve and calculated the AUC metric for it. ROC AUC is widely used to assess the performance of biomarkers in oncology (41–43), and it depends on their sensitivity and specificity (44). It varies between 0.5 and 1, and the robustness criterion of biomarkers is typically AUC greater than 0.7 (45).

We selected three clinically relevant thresholds of TMB per megabase: of TMB ≥6, ≥10, and ≥20 (11, 46). Among these, the cutoff value of 10 is currently especially frequently used in clinical studies, although no formal consensus has been reached yet (10). Seven out of 26 samples (27%) had TMB ≥10 Mut/Mb. This is higher than in previous studies investigating pan-cancer patient cohorts with different solid tumors (47–49). Considering WES-derived TMB as the gold standard among the available TMB data, we obtained the AUC scores for TMB-RNAseq of 0.925, 0.903, and 1 for the abovementioned thresholds, respectively (Table 1). Note that these estimates considered only the fraction of genome that was sufficiently covered by both WES and RNAseq reads and left apart other sequences that were covered by the RNAseq or WES reads separately.


Table 1 | ROC AUC scores for predicting TMB (≥6, ≥10, and ≥20 thresholds) from FFPE RNAseq data, according to TMB-WES standards calculated with matched normal WES profiles.



We then simulated a situation when there are no available WES data for matched healthy controls. To this end, we assessed the performance of algorithmic RNAseq data filtering, treating it as a baseline. The selected variants used for TMB calculations were i) marked as “germline_risk” or “panel_of_normals, germline_risk” by Mutect2, ii) had ExAC frequency <0.000033 (3), and iii) had no associated dbSNP150 identifier. Mutect2 software filters were chosen here to accommodate for the lack of paired normal samples for RNAseq data. Using this approach, we observed a weak yet statistically significant correlation between the TMB-RNAseq and TMB-WES estimates with Pearson correlation 0.46, p = 0.019 (Figure 2B), suggesting the need for a more advanced filtering method.

To improve the correlation and decrease the signal-to-noise ratio, we developed a supervised ML binary classifier, based on the XGBoost algorithm (50) (Figure 3). The n = 27 subset (458,957 variants called) was used here as a training dataset, and the n = 26 subset (375,148 variants called) as a test subset. Prior to the analysis, unfiltered RNAseq VCF files were merged within each subset. Each variant in the training subset was labeled as either “signal” or “noise” based on whether a variant with the same genomic coordinate was discovered in the accompanying WES “gold standard” data. Confusion matrices for the ML model predictions on the training and testing subsets are shown in Table 2, and feature importance scores (gain), assigned by the ML model, are shown in Figure S2. These scores reflect the value of each feature in the construction of the boosted decision trees within the model. The more an attribute is used to make key decisions for the trees, the higher is its relative importance.




Figure 3 | XGBoost binary classifier development workflow. TCGA FFPE samples with matched WES and RNAseq data were reanalyzed to produce callsets in the VCF format. Thirty-two features were introduced to the model in total. RNAseq files along with matching WES files were randomly assigned to two subgroups with variants merged respectively to obtain two sets of variants for each data source. RNAseq variants from the training subgroup were labeled by cross-referencing with the WES callset. Variants matched in WES callset by genomic coordinate were labeled as “signal” and the rest as “noise.” After the model was trained to distinguish between the two classes and validated, variants in the testing subset were reaggregated per sample. Filtering out variants predicted as “noise,” testing per-sample callsets were used to calculate TMB estimates and compared against the respective WES-derived estimates to obtain correlation coefficients and ROC AUC scores.




Table 2 | Confusion matrices for the XGBoost binary classifier predictions (TCGA FFPE dataset, according to WES-TMB standards calculated with matched normal WES profiles).



The top 5 features that obtained the highest scores by the ML model were as follows: i) ExAC_nontcga_ALL (allele frequency as observed in the complete ExAC database, excluding only participants from the TCGA project), ii) SA_MAP_AF_2 (the maximum likelihood estimate of the allele fraction given no artifacts on either strand), iii) INS (whether or not the variant is an insertion), iv) TLOD (log-odds that the variant is present in the tumor sample relative to the expected noise), and v) SA_MAP_AF_1 (the maximum likelihood estimate of the allele fraction given an artifact on the reverse strand). SA_MAP_AF_1/2 parameters are used for TLOD calculation, which, in turn, together with ExAC allele frequency, were used for rule-based filtering. Thus, ML outperforms rule-based filtering possibly due to more optimal thresholds (or their combinations) for these parameters. Whether the variant is an insertion or not was not included into the rule-based filtering; however, according to the model used, this might be an important parameter for selecting true variants. The latter may be due to possible bias of insertions between true and false variants. Other features considered by the ML model built are shown in Table S3.

When applying data filtering with the ML model obtained, we observed on the test subset a significantly better Pearson correlation between TMB-RNAseq and TMB-WES of 0.67, p = 1.7 × 10−4 (Figure 2C). Importantly, these results were obtained despite significant sample-to-sample variability in precision and universally low recall (Figure S3). The ROC AUC values obtained were also relatively high: 0.825, 0.854, and 0.905 for TMB thresholds of ≥6, ≥10, and ≥20 mutations per megabase, respectively (Figure 4 and Table 1).




Figure 4 | ROC AUC scores for predicting WES-TMB per megabase with RNAseq-TMB per megabase (TCGA FFPE dataset, n = 26).





Modeling of WES-RNAseq-TMB Correlation on TCGA Dataset Without Matched Normal WES Controls

We then tested whether RNAseq-TMB data are congruent with the WES-TMB data when no matched healthy tissue TBM profile is available. To this end, we took the same n = 26 and n = 27 subsets of 53 TCGA profiles. The difference was that the matched healthy WES profiles were not used when calculating the “gold standard” WES-TMB values for tumor samples. The data processing workflow was modified accordingly. First, the following specific criteria were added to WES variant filtering: i) annotated ExAC ALL frequency <0.000033 and ii) no associated dbSNP150 identifier. These filtering rules were chosen to help discern between germline and somatic variants in the absence of paired WES norms.

We observed that algorithmic filtering of RNAseq data resulted in a modest, yet significant correlation between RNAseq-TMB and WES-TMB data: Pearson correlation 0.48, p = 0.016 (Figure 5). The ROC AUC values obtained were 0.693, 0.763, and 0.857 for TMB thresholds of ≥6, ≥10, and ≥20, respectively (Figure 6 and Table 1).




Figure 5 | Correlations between RNAseq- and WES-derived TMB estimates (TCGA FFPE dataset, n = 26), without matched normal WES references. Samples are colored according to cancer type. Cancer type abbreviations used: LUAD, lung adenocarcinoma; COAD, colon adenocarcinoma; BRCA, breast invasive carcinoma; UCEC, uterine corpus endometrial carcinoma; BLCA, urothelial bladder carcinoma; PRAD, prostate adenocarcinoma.






Figure 6 | ROC AUC scores for predicting WES-TMB per megabase with RNAseq-TMB per megabase (TCGA FFPE dataset, n = 26, no matched norm was used for mutation calling in WES).



In turn, using XGBoost ML filtering allowed to increase this correlation up to 0.72 (p = 5.9 × 10−5), while the theoretically deduced maximum possible correlation was 0.94 (p = 2.6 × 10−12, Figure 5). In the case of ML filtering, the ROC AUC values increased up to 0.7 and 0.868 for TMB thresholds of ≥6 and ≥10, respectively, while ROC AUC for the threshold of ≥20 did not change (0.857). ML-based prediction for ≥10 TMB threshold was very close to the possible maximum (AUC 0.87 vs. 0.92).

Thus, we conclude that using RNAseq-based TMB assessment in one-sample mode can be robust for all three TMB thresholds of ≥6, ≥10, and ≥20, as evidenced by the TCGA quality-paired WES/RNAseq dataset.



Experimental Evaluation of RNAseq-TMB in Comparison With WES-TMB

The easiest diagnostic solution would ideally comprise analysis of just one tumor sample. We found on the previous step with the TCGA model dataset that RNAseq-TMB estimates can afford for robust discrimination between the high and low TMB groups even without matched healthy controls. We hypothesized that RNAseq-TMB estimates may depend on the RNA sequencing coverage. To test this hypothesis, we did experimental paired RNAseq and WES sequencing for 73 FFPE solid tumor tissue biosamples from different cancer patients (Table S3). Among them, for 65 samples, we aimed to obtain RNAseq profiles with ~2.5 times lower coverage than in the model TCGA dataset, and for 8 samples, with ~2.5 times higher coverage (Figure 7).




Figure 7 | Distribution of mapped reads in RNAseq BAM files. All reads were approximately 50 bases long. Green horizontal lines indicate the median, red triangles indicate the mean.





TMB Evaluation for Experimental RNAseq Data With “Low” Coverage

We then explored the situation when RNAseq read coverage was ~2.5 times lower than that in the model TCGA dataset. In the XGBoost model, we used 34 samples as the training subset and 31 samples as the validation subset. Among the variants common to the WES and RNAseq callsets, we observed a statistically significant Pearson correlation of 0.4, p = 0.023. However, when applying the same rule-based filtering as with the TCGA dataset, Pearson correlation dropped to being non-significant: −0.048, p = 0.79 (Figure 8). The application of the above ML model could not significantly improve RNAseq-TMB performance and resulted in a Pearson correlation as low as 0.16 (p = 0.38, Figure 8). In all the cases, the ROC AUC scores calculated for this dataset for the thresholds of TMB >6; 10 (no significant fraction of experimental samples with TMB >20 was available, and this threshold was not characterized) were below the AUC quality threshold of 0.7 (Figure 9 and Table 1).




Figure 8 | Correlations between RNAseq- and WES-derived tumor mutation burden estimates in experimental low coverage FFPE dataset, n = 31.






Figure 9 | ROC AUC scores for predicting WES-TMB per megabase with RNAseq-TMB per megabase (experimental low coverage transcriptomes, n = 31).





TMB Evaluation for Experimental RNAseq Data With “High” Coverage

In the opposite case (when RNAseq reads coverage significantly exceeded the TCGA dataset), among the variants common to the WES and RNAseq callsets, we observed a statistically significant Pearson correlation of 0.93, p = 7.1 * 10−4 (Figure 6). We also detected a strong correlation between the experimental RNAseq-TMB and WES-TMB estimates: Pearson correlation 0.86, p = 0.0056 (Figure 10) with AUC ~1 for TMB per megabase thresholds of >6; 10 (Figure 11 and Table 1); no significant fraction of experimental samples with TMB >20 was available, and this threshold was not characterized.




Figure 10 | Correlations between RNAseq- and WES-derived TMB estimates in experimental high coverage RNAseq dataset, n = 8.






Figure 11 | ROC AUC scores for predicting WES-TMB per megabase with RNAseq-TMB per megabase (experimental high coverage transcriptomes, n = 8).



Taken together, these results suggest that for the RNAseq datasets with relatively high coverage (~2.5 times higher than in TCGA), the RNAseq-TMB classifier is so strong, that no further ML-assisted improvement is needed to increase its performance.




Discussion

Our findings suggest that RNA sequencing data for FFPE tumor tissue samples can be used to robustly assess TMB levels even in the single-sample mode. As quantified by AUC metric for the high/low TMB classification models, the performance of RNAseq-TMB estimates clearly depends on the sequencing depth. When average RNAseq depth was ~68 MGMRs, the obtained RNAseq-TMB was very well correlated with the “gold standard” WES-TMB, and the performance of the high–low binary TMB classifier was very high (AUC close to 1; Figure 11). In the case of mean sequencing depth of ~23 MGMRs as for the model TCGA dataset, using ML algorithms may be needed to improve the classifier robustness, thus giving the classifier AUC of ~0.8–0.9 (Figure 4). Finally, when the RNAseq depth is low (as ~11 MGMRs as in the low-coverage experimental dataset), the WES-TMB and RNAseq-TMB correlations are poor, and no good-quality classifier can be built even using the ML approach that used to be successful for the 23-MGMR dataset (Figure 9).

Our data also suggest that no healthy tissue control is needed for the FFPE-derived RNAseq data assessment to robustly estimate TMB level when the sequencing depth is sufficient (Figure 6).

Furthermore, WES-TMB data obtained for tumor biosamples with healthy controls correlated well with the data for the same biosamples without healthy controls (Figure S4). This is in line with the broad clinical practice of using targeted NGS TMB panels like FoundationOne CDx assay that does not require a healthy norm to estimate TMB (2).

Gene expression profiling by RNAseq is the alternative type of high-throughput genetic analysis that can inform clinical decision-making (51, 52). It was recently published that RNAseq data can serve as the alternative to immunohistochemical tests for several major cancer markers like HER2, ESR1, PGR, and PD-L1 (22). It can reliably estimate concentrations of cancer drug targets (53), which is also true for the emerging non-protein molecular target ganglioside GD2 (27). In addition, RNAseq data obtained for FFPE biosamples may be used to identify clinically actionable or new fusion oncogenes (26) and to generate gene signatures that can establish statuses of important tumor biomarkers like microsatellite instability (25, 54, 55) and oncogenic mutations (56) or that can predict individual sensitivity of a tumor to targeted (28, 57, 58) and non-targeted (59) therapies. Thus, adding a new option of TMB level assessment may strongly benefit this approach.

As RNAseq focuses exclusively on transcribed allele sequences, TMB calculated from such data, or another possible alternative—frequency of neoantigens, might theoretically even surpass the predictive power of WES, WGS, or target panel DNAseq with respect to the efficiency of checkpoint inhibitor immunotherapy.

Here, we provide the first experimental assessment of TMB quality for FFPE-derived RNAseq data obtained with different coverage in tumor sample-only mode. Although the results obtained are quite encouraging, the practical implementation of this technology and more detailed clinical guidelines should be a matter of further investigations with greater patient cohorts and (possibly) more specifically selected cancer types. In addition, sufficient sequencing depth threshold should be established in future studies comparing the correlation between DNA- and RNAseq-derived TMB in groups of samples with different mean coverage.
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Supplementary Figure 1 | Principal component analysis (TCGA FFPE dataset). Color shows IDs of TCGA sequencing center that generated the corresponding RNAseq profile.

Supplementary Figure 2 | XGBoost binary classifier feature importance scores (gain). 31 variant features were selected to train the model. 23 features are variant attributes, assigned by Mutect2. Exac_nontcga_ALL was obtained from ANNOVAR output. 7 features were engineered: Boolean features of the variant being an insertion (INS), a deletion (DEL), a transition (CT_GA) or a transversion (CA_GT)—and integer features: total depth (TOTAL_DP), as well as REF and ALT lengths (len_REF and len_ALT, respectively). See text and Table S1 for a more detailed explanation.

Supplementary Figure 3 | Precision and recall metrics for the XGBoost binary classifier predictions on the TCGA FFPE test subset, based on WES-TMB data calculated with matched normal WES profiles.

Supplementary Figure 4 | TMB calculated for TCGA WXS samples called with matched normal data (x-axis) vs TMB calculated for TCGA WXS samples called without matched normal data (y-axis).

Supplementary Table 1 | TCGA FFPE biosamples used for training and validation of XGBoost model for filtering RNAseq variants.

Supplementary Table 2 | Clinical characteristics and coverage information for experimental samples.

Supplementary Table 3 | Features used in training the XGBoost classifier for filtering RNAseq variant calls.
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Background

Lung cancer is a major health concern worldwide because of its increasing incidence and mortality. This study aimed to clarify the association between mesenchymal-epithelial transition (MET) genomic alterations and clinical characteristics of lung cancer.



Method

We collected data from 5,008 patients with lung cancer diagnosed and treated between January 2017 and July 2021 at the Affiliated Hospital of Qingdao University. Genomic alterations in the MET gene, including the exon 14 skipping mutation and amplification, were detected using amplification refractory mutation system-polymerase chain reaction (2,057 cases) and next-generation sequencing (2,951 cases). Clinical characteristics such as age, sex, tumor location, tumor stage, smoking, pleural invasion, and histology were statistically analyzed for MET exon 14 skipping mutation and amplification. The DNA splicing sites causing the MET exon 14 skipping mutation at the mRNA level were also investigated.



Results

The incidence of the MET exon 14 skipping mutation was 0.90% (41/4,564) in adenocarcinoma, 1.02% (3/294) in squamous cell carcinoma, and 8.33% (1/12) in sarcomatoid carcinoma specimens. It was more frequently observed in patients over 60 years of age than the MET exon 14 skipping mutation wildtype. The MET exon 14 skipping mutation co-occurred with epidermal growth factor receptor (EGFR) L858R, EGFR 19-Del, and BRAF V600E mutations. At the DNA level, single nucleotide mutation and small fragment deletion (1–38 base pairs) upstream and downstream of MET exon 14 led to MET exon 14 skipping mutation at the mRNA level. MET amplification occurred in 0.78% (21/2,676) adenocarcinoma and 1.07% (2/187) squamous cell carcinoma specimens and was significantly associated with advanced tumor stages (III + IV) compared to the MET amplification wildtype. MET amplification primarily co-occurred with the EGFR mutation.



Conclusions

Our study found that MET genomic alterations were statistically related to age and tumor stage and co-existed with mutations of other oncogenic driver genes, such as EGFR and BRAF. Moreover, various splicing site changes at the DNA level led to the exon 14 skipping mutation at the mRNA level. Further studies are required to clarify the association between MET genomic alterations and prognosis.
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Introduction

Lung cancer is the leading cause of tumor-related deaths worldwide. In China, the incidence and mortality of lung cancer have increased rapidly in recent years (1, 2). Several risk factors, including smoking, genetic alterations, air pollution, and chronic obstructive pulmonary disease, contribute to the development of lung cancer (1). Oncogenic driver gene mutations, such as those in epidermal growth factor receptor (EGFR), KRAS, ALK, human epidermal growth factor receptor 2 (HER2), and mesenchymal-epithelial transition (MET), play essential roles in the initiation, progression, and clinical treatment of lung cancer.

MET is a tyrosine kinase receptor for the hepatocyte growth factor ligand. Aberrant activation of the MET signaling pathway is closely associated with the development of several solid tumors and can be caused by MET exon 14 skipping mutation, MET amplification, and overexpression of hepatocyte growth factor or MET (3, 4). Somatic mutations in the MET gene can result in MET exon 14 skipping mutation, generating an incomplete MET receptor that lacks the tyrosine 1003 binding site for Cbl, and leading to sustained MET signaling pathway activation and increased oncogenic potential (5). MET exon 14 skipping mutation occurs in approximately 3% of lung adenocarcinoma and 2.3% of other lung cancer subtypes and is mutually exclusive with other known driver gene mutations such as EGFR, KRAS, and HER2, suggesting its potential as a true oncogenic driver site (6, 7). In non-small cell lung cancer (NSCLC), MET exon 14 skipping mutation is more closely related to females, former or current smokers, and poor prognosis than the MET wildtype (8). MET exon 14 is more frequently found in older patients than in patients with EGFR- or KRAS-mutant lung cancer (9). DNA-based sequencing, such as next-generation sequencing (NGS), and RNA-based sequencing, such as amplification refractory mutation system-polymerase chain reaction (ARMS-PCR), can both detect MET exon 14 skipping alterations (10, 11).

MET amplification occurs in approximately 1–6% of patients with NSCLC (12). High-level MET amplification is mutually exclusive of other driver mutations, except MET mutation, whereas low-level MET amplification can co-occur with EGFR or KRAS mutations (7). MET amplification is an important acquired resistance mechanism to first- or second-generation EGFR-tyrosine kinase inhibitors (TKIs) based on T790M mutation (13), accounting for approximately 10–20% of the acquired resistance to TKIs in EGFR-mutant NSCLC (14). MET amplification is more frequent in patients who smoke (7) and in advanced tumor stage and solid predominant subtype of adenocarcinoma in patients with EGFR wildtype lung cancer (15). It can be detected by fluorescence in situ hybridization and NGS (16). Furthermore, both MET exon 14 skipping mutation and MET amplification are independent factors of poor prognosis in lung cancer (17, 18).

Although MET has shown strong oncogenic potential and is prevalent in lung cancer, therapeutics targeting MET overexpression have been unsatisfactory to date. Recently, MET exon 14 skipping and high-level MET gene amplification have been considered as predictive biomarkers for MET inhibition in patients with NSCLC (19–22). Combining MET inhibitors with other target drugs, such as EGFR-TKIs, might represent promising therapeutic effects in specific subgroups of patients (23). Based on preliminary data and FDA approval, the National Comprehensive Cancer Network has recommended several TKIs such as crizotinib, capmatinib, and tepotinib as first-line therapy or subsequent therapy options for patients with NSCLC (24).

In our study, we collected data on 5,008 cases of diverse lung tumor types at our medical center, detected the MET gene alterations by NGS and ARMS-PCR, and analyzed the clinical, molecular, and pathological characteristics of these patients. We used NGS and ARMS-PCR to verify the DNA splicing sites that could cause the MET exon 14 skipping mutation at the mRNA level.



Materials and Methods


Patients and Study Design

We collected data from 5,564 cases of various lung cancer types that were diagnosed and medically treated at the Affiliated Hospital of Qingdao University between January 2017 and July 2021. Patients who refused to participate in the present study (217 cases) and used blood samples for gene testing (339 cases) were excluded from the study. In total, 5,008 lung cancer cases were analyzed. For patients who developed more than one lung tumor, the more advanced tumor was selected for this study. All patients provided written informed consent, and the Ethics Committee of Qingdao University approved the study (approval NO. QYFY WZLL 26577).



Next-Generation Sequencing

Tissues were fixed with 4% paraformaldehyde, and genomic DNA was extracted using a Tiangen paraffin-embedded tissue DNA extraction kit (Tiangen Biotech, Beijing, China) following the manufacturer’s instructions. The DNA quality was assessed using a Qubit dsDNA assay kit (Invitrogen, Carlsbad, CA, USA) according to the manufacturer’s instructions. Libraries were prepared using the human 10 gene mutation detection kit (Genesis, Beijing, China) and captured using a gene probe pool. NGS was conducted on an Illumina MiniSeq System (Illumina, San Diego, USA) using a MiniSeq High Output Reagent Kit (Illumina) following the manufacturer’s instructions. Gene mutations were analyzed using Crest, ionCOPY, FreeBay, and Annoval.

For MET mutation, the probe covers all exons and intron 13 of the MET gene and could detect the single nucleotide variations (SNVs) and indel mutations in this interval. MET mutation was determined when the sequencing depth was ≥500X and the mutation frequency was ≥1%. For MET amplification, the probe was separated into 22 segments, which cover all 21 exons and a part of intron 2. Sequencing data was calculated using the copy number (CN) value for each segment; CN ≥ 3.48 was defined as positive for each segment. When more than 90% of the segments are positive, it is interpreted as MET amplification.

The quality of the NGS method was controlled in the following four ways: (1) FFPE samples prepared within 2 years and the proportion of tumor cells over 20% were used. (2) The total amount of DNA extracted should be over 200 ng, and the main band of the extracted DNA detected by gel electrophoresis should be above 500 bp. (3) After the hybridization library is purified, library concentration should be between 1 and 10 ng/μl and the average fragment size should be within 300–500 bp; and (4) the average sequencing depth of each sample should be ≥500X and the coverage over 95%.



Amplification Refractory Mutation System-Polymerase Chain Reaction

RNA was extracted from paraffin-embedded lung cancer tissues using an FFPE DNA/RNA extraction kit (AmoyDx, Xiamen, China). The MET exon 14 skipping mutation was detected using the human lung cancer multi-gene mutation detection kit (fluorescence PCR method) (AmoyDx, Xiamen, China), which includes a probe covering a sequence connecting exons 13 and 15 splicing genes and exons. ARMS-PCR was conducted on an ABI 7500 platform (Applied Biosystems, MA, USA), and the running protocol was set up as follows: 5 min at 42°C and 5 min at 95°C; 25 s at 95°C, 20 s at 72°C for 10 cycles; 25 s at 93°C, 20 s at 72°C for 36 cycles; and maintained at 4°C. The FAM signal represents whether the MET gene in the sample RNA is amplified, and the HEX signal represents the MET gene expression. MET mutation was determined when the FAM signal Ct value ≤27 and △Ct value (FAM Ct - HEX Ct) ≤6. The quality control of ARMS-PCR method includes two parts: (1) FFPE samples within 2 years and the presence of tumor cells; and (2) the OD260/OD280 of the extracted RNA should be within 1.8–2.1, and the concentration of RNA should be 20–500 ng/μl.



Statistical Analysis

All data were analyzed using SPSS 26.0.0 statistical analysis software (IBM Corp., Armonk, NY, USA). The association between different groups (MET amplification versus MET amplification wildtype; MET exon 14 skipping versus MET exon 14 skipping mutation wildtype) was evaluated using the standard Chi-square test. Data that were not qualified for the Chi-square test were merged into the groups to reach the standard. Statistical significance was set at P < 0.05.




Results


Patient Characteristics

The basic clinical characteristics of the 5,008 patients are summarized in Table 1. A total of 2,057 and 2,951 patients were tested using ARMS-PCR and NGS, respectively. Tissue types included 3,774 surgical resection specimens, 1,161 needle biopsy specimens, and 73 pleural or pericardial effusion specimens. Among the 5,008 patients, 2,248 (44.89%) were males and 2,760 (55.11%) were females, with an average age of 60.5 years (range = 16–94 years). Among the 5,008 lung cancer cases, 7 had an unknown smoking history, 1,572 (31.43%) were former/current smokers, and 3,429 (68.57%) were non-smokers. Tumor staging was performed according to the 8th edition of the American Joint Committee on Cancer Staging Manual (25); 14 cases (0.29%), 3,202 cases (65.55%), 624 cases (12.77%), 259 cases (5.30%), and 786 cases (16.09%) were in stages 0, I, II, III, and IV, respectively. The pathological types of these patients were mostly adenocarcinoma (4,564 cases, 92.11%), squamous cell carcinoma (294 cases, 5.93%), adenosquamous carcinoma (33 cases, 0.67%), neuroendocrine carcinoma (32 cases, 0.65%), salivary gland-type tumors (12 cases, 0.24%), sarcomatoid carcinoma (12 cases, 0.24%), large cell carcinoma (6 cases, 0.12%), sarcoma (1 case, 0.02%), and undifferentiated carcinoma (1 case, 0.02%).


Table 1 | Basic clinical information of 5,008 cases of patients with lung cancer.





Characterization of the MET Exon 14 Skipping Mutation

NGS and ARMS-PCR detected the MET exon 14 skipping mutation. We found 45 patients with the MET exon 14 skipping mutation among the 5,008 cases, and the mutation rate was 0.91% (45/4,955). Of these 45 cases, 27 were detected using ARMS-PCR, and 18 were tested with NGS. For different histological types, the incidence was 0.90% (41/4,564) in adenocarcinoma, 1.02% (3/294) in squamous cell carcinoma, and 8.33% (1/12) in sarcomatoid carcinomas. The association between the MET exon 14 skipping mutation and clinical characteristics is summarized in Table 2. We found that MET exon 14 skipping mutation was significantly associated with older age (P = 0.001), and there was no measurable significance between MET exon 14 skipping and MET exon 14 skipping wildtype for sex, tumor stage, tumor location, smoking, histology type, and pleural invasion.


Table 2 | Clinicopathological characteristics and MET exon 14 skipping mutation.





MET Amplification Analysis

We used NGS to detect MET amplification and found that among the 2,951 cases, 23 patients developed MET amplification, with an occurrence rate of 0.79% (23/2,927). For different histological types, the mutation rate was 0.78% (21/2,676) adenocarcinoma and 1.07% (2/187) squamous cell carcinoma. The relationship between MET amplification and clinical characteristics is shown in Table 3. MET amplification was significantly associated with advanced tumor stage (phase 0 + I + II versus phase III + IV, P = 0.000). There was no measurable difference between MET amplification and MET amplification wildtype for age, sex, smoking history, histology type, and pleural invasion. Moreover, MET amplification exhibited a trend of higher incidence in the right lobe of the lung (left versus right, P = 0.058).


Table 3 | Clinicopathological characteristics and MET amplification.





Co-Mutation of MET With Other Oncogenic Driver Genes

MET amplification is an important resistance mechanism of TKIs in EGFR-mutant NSCLC. However, in our study, we found 11 patients with primary MET amplification and EGFR mutation. Unfortunately, all patients underwent surgical resection and remained stable, making it impossible to track the therapeutic effect of TKIs on these patients in the short term. Usually, MET exon 14 skipping is mutually exclusive with other oncogenic driver genes, such as EGFR (19). However, in our study, we found three cases of patients harboring concurrent mutations with MET exon 14 skipping, including EGFR exon 21 L858R, EGFR exon19 19-Del, and BRAF exon 15 V600E. We also reported one case that harbored both MET amplification and MET exon 14 c.3027_3028+9del mutation. All histological types of these patients were adenocarcinoma. The clinical information and co-existing gene alterations in these patients are summarized in Table 4.


Table 4 | Co-mutations and clinical information of patients with MET genomic alterations.





MET DNA Splicing Sites That Lead to Exon 14 Skipping Mutation

We cross-checked the MET exon 14 skipping patients using ARMS-PCR and NGS to analyze the DNA splicing sites that could cause the MET exon 14 skipping mutation at the mRNA level. Among the 45 cases of MET exon 14 skipping mutation, 7 patients refused to test again, DNA extracted from 3 samples were not qualified for NGS detection requirement, and 35 cases were cross-checked. The DNA splicing sites that could cause mRNA level MET exon 14 skipping and the clinical information of each case are summarized in Table 5. Briefly, SNV and small fragment deletion (1–38 base pairs [bp]) led to MET exon 14 skipping. SNV mostly occurred in the region of the upstream and downstream splicing site of exon 14 ± 2 bp, and deletion occurred both upstream and downstream of exon 14, and the deleted fragment usually contained the splicing sites.


Table 5 | DNA splicing sites and clinical information of patients with the MET exon 14 skipping mutation.






Discussion

MET activation is a primary oncogenic driver gene in lung cancer. MET dysregulation, including gene mutation, amplification, and rearrangement, might cause sustained MET activation and oncogenesis. Therapeutics targeting MET have been developed by several agents, including MET TKI, anti-MET, anti-hepatocyte growth factor antibodies, and anti-MET antibody-drug conjugates (6). Among these therapies, preclinical and clinical evidence suggests that MET gene amplification and MET exon 14 alterations are promising prospects for MET inhibitors (12, 26, 27).

Previous studies have shown that the MET exon 14 skipping mutation occurred in approximately 3–5% of lung adenocarcinoma cases, slightly more than 2% of squamous cell carcinomas, and 2.3% of other lung cancer histology types (6, 28, 29). Moreover, the MET exon 14 skipping mutation showed a specifically high incidence in lung sarcomatoid carcinomas (approximately 11–30%) (7, 30). In the present study, the MET exon 14 skipping mutation occurred in 0.90% (41/4,564) of adenocarcinoma, 1.02% (3/294) of squamous cell carcinoma, and 8.33% (1/12) of sarcomatoid carcinoma specimens. The incidence of the MET exon 14 skipping mutation in our medical center was slightly lower than that in other studies, which might be caused by the composition of the tested population at different medical centers. The MET exon 14 skipping mutation was significantly associated with older age (>60 years, P = 0.001), and there were no significant differences in sex, tumor stage, tumor location, smoke, pleural invasion, and histology type. These findings are consistent with those of a previous study (31).

MET amplification occurs in 1–6% of patients with NSCLC (12) and is associated with smoking and advanced tumor stage (7, 15). In our data, the incidence of MET amplification was 0.79% (23/2,927) in all types of lung cancers, 0.78% (21/2,676) in adenocarcinoma and 1.07% (2/187) in squamous cell carcinoma, with no MET amplification in other histology types. MET amplification was closely related to an advanced tumor stage (III + IV, P=0.000) and showed a trend of higher mutation rate in the right lobe of the lung (P = 0.058), which might be due to the anatomical difference of this lobe of the lung that is trilobar and the left lobe is bilobar (32).

Recently, several preclinical and clinical studies have suggested that MET TKIs such as tepotinib, crizotinib, and capmatinib have shown promising therapeutic effects in patients with lung cancer (12, 27, 33). Based on the preliminary data and FDA approval, the National Comprehensive Cancer Network recommended capmatinib, tepotinib, and crizotinib (useful in certain circumstances) as first-line therapy or subsequent therapy alternative for patients with the MET exon 14 skipping mutation. Based on the significant therapeutic effect of crizonib and capmatinib in patients with MET amplification, the National Comprehensive Cancer Network also recommends high-level MET amplification as an emerging biomarker to identify novel target therapies for metastatic NSCLC (12, 34).

The MET exon 14 skipping mutation and MET amplification are independent poor prognosis factors (7). In our research, we attempted to analyze the survival of these patients; however, the number of patients in each group was too small and some patients were recently diagnosed, making it impossible for us to effectively analyze the survival of patients based on this relatively small sample size. We will continue to collect MET genomic alteration cases and analyze the relationship between survival and MET genomic alterations.

Oncogenic gene mutations are usually mutually exclusive in patients with lung cancer. MET genomic alterations do not typically overlap with other genes, such as EGFR, ALK, and BRAF (9, 18, 19). Nonetheless, the MET exon 14 skipping mutation can co-occur with MET amplification (7). In our study, three patients had both the MET exon 14 skipping mutation and EGFR exon 19 19-Del, EGFR exon21 L858R, and BRAF V600E. We also found one case with the MET exon 14 skipping mutation and MET amplification, which was consistent with a previous study (7). One patient with both the MET exon 14 skipping mutation and gene amplification showed a major partial response to the MET inhibitor crizotinib (9). Unfortunately, the patient in our study underwent surgical resection, making it impossible to analyze the response of this patient to MET inhibitors. MET amplification is an important mechanism for first- and second-generation EGFR-TKI resistance, mostly based on the presence of EGFR p. Thr790MET (T790M) (35). In our study, 11 patients were primarily positive for MET amplification and EGFR mutation; however, these patients all underwent surgical resection of the primary tumors and remained without recurrence or metastasis, making it impossible to analyze their responses to EGFR-TKIs in the short term. Our group will continue to track these patients and analyze changes in their future conditions.

In the present study, we also analyzed 35 cases to identify the DNA splicing sites causing mRNA level changes due to the MET exon 14 skipping mutation. We found that SNVs and small fragment deletions led to the mRNA exon 14 skipping mutation. SNV mutations occurred upstream of exon 14, including c.2888-1 G>A (1/35, 2.86%) and downstream of exon 14, such as c.3028G>A (2/35, 5.71%), c.3028G>C (4/35, 11.43%), and c.3028G>T (3/35, 8.57%). Deletion also occurred upstream and downstream of MET exon 14, such as c.2888-13_2908del and c.3027_3028+9del. Our findings provide an interpretation basis for the MET exon 14 skipping mutation using NGS.

In this study, we used DNA-based NGS and RNA-based ARMS-PCR methods to analyze MET exon 14 skipping mutation. A previous study has demonstrated that compared to qRT-PCR and Sanger sequencing, NGS method could be the first choice for multiplex detection due to its high sensitivity and large panel of detection (10). The concordance of MET exon 14 skipping mutation detected by DNA- and RNA-based NGS in pulmonary sarcomatoid carcinomas was 96.1% (36). ARMS-PCR was also considered a reliable gene mutation testing method in lung cancer (37, 38). In our study, we found 27 cases of MET exon 14 skipping mutation by ARMS-PCR and 18 cases by NGS. After cross-validating the genomic alterations in 35 patients, we found that all the patients harbored MET exon 14 skipping mutation; the concordance observed in our center for DNA-based NGS and ARMS-PCR in detecting MET exon 14 skipping mutation was 100%. Although we showed high consistency between these two methods, considering that some genomic alterations uncovering MET exon 14 splice sites might cause skipping mutation, RNA-based sequencing seems to be a more accurate method (10, 36). In our study, most of the specimens were tested within 6 months after paraffin embedding to meet the quality standard. For those less optimal archived tissue samples such as those embedded over 2 years earlier or the proportion of tumor cells was less than 20%, we would first enrich the tumor area and extract the genomic DNA and RNA, check the quality to see if it meets the standard; for samples meeting the standard, we would then continue to conduct the NGS or ARMS-PCR detection.

The role of MET in carcinogenesis and cancer development has been extensively studied. The current challenges are identifying molecular subtypes and subgroups of patients that would benefit most from MET inhibitors or the combination of other genomic target agents. Further extensive studies and clinical trials must be conducted, and clinicians should closely follow up and observe the conditions of specific subsets of patients. We believe that in the next 5 years, as the widespread implementation of high-throughput sequencing and in-depth investigation of the role of MET in cancer occurs, more rare mutation sites will be discovered and more target drugs will be developed to treat patients with more detailed classifications.

There were several limitations to the present study: (1) a single-center study; (2) lack of survival data of the patients; (3) no track of clinical treatment data such as chemotherapy and radiotherapy applications; and (4) no cross-comparison with other mutation genes such as EGFR, KRAS, and HER2.

In summary, we collected and analyzed the genomic alteration of MET in 5,008 lung cancer cases and reported the accurate incidence of MET exon 14 skipping mutation and MET amplification and their correlations with clinicopathological features in patients from east China. We found that the MET exon 14 skipping mutation was significantly associated with older ages, whereas MET amplification showed a higher incidence in advanced tumor stage, providing a valuable reference for clinicians from east China to study this uncommon molecular marker. Moreover, we reported several DNA mutation sites that could lead to the exon 14 skipping mutation at the mRNA level to assist other genetic testing agencies in interpreting their MET genetic testing results.
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Background

Lung cancer is the third most frequently diagnosed cancer in the world, with lung adenocarcinoma (LUAD) as the most common pathological type. But studies on the predictive effect of a single gene on LUAD are limited. We aimed to discover new predictive markers for LUAD.



Methods

Differentially high-expressed genes at each stage were obtained from the TCGA and GTEx databases. The functions of these genes were investigated through GO enrichment and KEGG pathway analyses. Then, the key genes were selected by applying whole gene overall survival time. The expression of the key gene was studied in LUAD, and survival analysis was performed using Kaplan-Meier mapper, followed by univariate and multifactorial COX analysis. Finally, the gene expression and its prognostic significance in the pan-cancer were examined.



Results

A total of 10,106 DEGs were obtained from the two datasets. The top 266 differentially upregulated genes intersected with the top 1,497 overall survival-related genes, and 87 key genes were identified. High-expressed HMMR was associated with a poor prognosis of LUAD. Univariate and multifactorial Cox analysis showed that HMMR was an independent prognostic factor for LUAD patients. A high HMMR expression was strongly associated with the overall survival (OS) and disease-specific survival (DSS) in 11 cancer types and with poorer OS, DSS, and PFI in 10 cancer types.



Conclusion

HMMR may be an independent prognostic indicator and an important biomarker in diagnosing and predicting the survival of LUAD patients. Also, HMMR may be a key predictor of a variety of cancers.





Keywords: LUAD, DEGs, HMMR, overall survival, pan-cancer, cell cycle



Introduction

Lung cancer is a leading cause of cancer death worldwide without effective treatment (1). Lung adenocarcinoma (LUAD) is a subtype of lung cancer with high incidence and mortality rate, accounting for approximately more than half of all lung cancer cases (2). Compared with other subtypes, LUAD progresses more slowly and also has a greater chance of being detected after metastasis (3). If detected early, the survival of patients will be greatly improved. It has been pointed out that many biomarkers are closely related to tumor development and can be used as prognostic and predictive biomarkers of tumors (4, 5), indicating the significance of screening more molecular biomarkers.

In the recent years, an increasing number of prognostic biomarkers for LUAD have been identified through analyzing the clinical information and gene expression profiles of patients stored in public databases. For example, Wei et al. (6) analyzed the TCGA dataset expression profiles and screened 151 key genes associated with a relapse-free survival (RFS). After analyzing nine key genes with PPI, four out of nine genes were considered as prognostic biomarkers for patients with stage I LUAD. Some differentially expressed genes, such as CCR2, PTPRC, KIF4A, CCNB1, BUB1B, CDC20, TTK, MAD2L1, UBB, RAC1, and ITGB1, have also been regarded as possible biomarkers for LUAD prognosis and treatment (7–10). However, the validity of these diagnostic models in the clinical practice has not been tested, and the pathogenesis of LUAD is still unclear. Investigators have identified several potential biomarkers which could provide a clinical basis for the diagnosis, treatment, and prognosis of patients with LUAD. But still, effective prognostic markers and accurate therapeutic targets is still an urgent demand for patients with LUAD. Therefore, in this study, a bioinformatics approach was applied to screen the target genes that are closely related to the prognosis of LUAD patients, and to find prognostic biomarkers for LUAD.

In this study, we studied DEGs in LUAD using the Limma package of R software. Then, by applying one-way COX analysis to screen genes associated with the overall survival of LUAD, DEGs and their overlapping genes were screened to identify key genes. The expression of the key gene in LUAD and its relationship with survival prognosis were investigated. Finally, the role of the gene in multiple tumors was observed. We aimed to identify the biomarkers that are closely associated with the prognosis of LUAD and to analyze their prognostic predictive significance in LUAD and pan-cancer.



Materials and Methods


Data Collection

The gene expression data and clinical information from normal and tumor tissues involving 33 cancer types were downloaded from The Cancer Genome Atlas (TCGA)database (https://portal.gdc.cancer.gov/) and Genotype-Tissue Expression Project(GTEx)database (https://gtexportal.org/). Tissue cell line analysis of HMMR was performed using the CCLE database (https://portals.broadinstitute.org/). The gene expression matrix and clinical information of 513 LUAD tumor samples were downloaded from the TCGA database (https://portal.gdc.cancer.gov/). Abbreviations of the tumor name and their corresponding meanings are given in Table 1. Different HMMR expression levels in tumor tissues and normal tissues were analyzed by the edgeR software. The Kruskal-Wallis test was used to determine the expression of HMMR in different normal tissues and different tumor cell lines. Violin plots were drawn by the R package ggplot.


Table 1 | Tumor name abbreviations and their corresponding meanings.





Differentially Expressed Gene Identification

All data were carefully studied for differential expression of mRNA using the Limma package of R software (version: 3.40.2).”P-value < 0.05 and |log2(FC)| > 1” were defined as the threshold of mRNA differentially expressed genes (DEGs).



Gene Ontology and Kyoto Encyclopedia of Genes and Genomes Enrichment Analysis

GO analysis and KEGG analysis were performed on the common DEGs for each data using the DAVID 6.8 database (https://david.ncifcrf.gov/). Enrichment results with p < 0.05 or FDR < 0.05 were defined as statistically significant.



Key Gene Screening

After DEGs analysis and Kaplan-Meier analysis, several significantly expressed genes were obtained and selected for potential key genes by “VennDiagram” in the R package.



Kaplan-Meier Analysis

The survival information of all samples was obtained from the TGCA database to further analyze the relationship between the gene expression and survival rate. For Kaplan-Meier curves, p-values and hazard ratios (HR) with 95% confidence intervals (CI) were derived by performing log-rank test and univariate Cox proportional hazards regression. All of the above analytical methods and R packages were conducted using the v4.0.3 version of the R software (R Foundation for Statistical Computing, 2020). A p < 0.05 was considered as statistically significant.



COX Regression Model

Univariate and multivariate cox regression analyses and forest plots were performed using the “forest plot” R package to show the P-values, HRs, and 95% CIs for each variable. Based on the results of multivariate Cox proportional risk analysis, column line plots were created using the R package “RMS” to predict the overall recurrence rate at 1, 3, and 5 year(s). The line graphs provide a graphical representation of these factors and allow the prognostic risk of an individual patient to be calculated from the points associated with each risk factor.



Immunological Correlation Analysis

Data of the scores of six immune infiltrating cells for 33 cancers were downloaded from the TIMER database, and the correlation of gene expression with these immune cell scores was separately analyzed. The immune scores and stromal scores of individual tumor samples were studied using the R package ESTIMATE to analyze gene expression against immune scores in 33 tumors.



Gene Set Enrichment Analysis

To explore the effect of gene expression on tumors, the samples were divided into two groups of high and low expression according to the gene expression. Enrichment of the KEGG and HALLMARK pathways in the high- and low-expression groups was analyzed using the GSEA tool downloaded from the Broad Institute (http://software.broadinstitute.org/gsea/downloads.jsp). KEGG is a comprehensive database incorporating genomic, chemical, and systematic functional information. Moreover, for GSEA analysis, the molecular signatures database (MsigDB, http://software.broadinstitute.org/gsea/msigdb) with the Hallmark gene set was also employed. Pathways were considered significantly enriched when they met the sub-conditions of |NES| > 1, p-value < 0.05, FDR < 0.25 (the threshold of GSEA).




Results


Results of Differentially Expressed Gene Screening in Lung Adenocarcinoma

A total of 10,106 differentially expressed genes, including 4,800 upregulated genes and 5,306 downregulated genes, were obtained according to the Limma package analysis of the R software. The volcano plot (Figure 1A) and heat map (Figure 1B) were plotted using the Fold change and corrected p-value values. KEGG pathway analysis was then performed on the differentially upregulated genes, and a total of 20 pathways were found to be involved in the differentially upregulated genes, and were mainly enriched to the endoplasmic reticulum protein processing signaling pathway, and cell cycle signaling pathway that showed the highest enrichment (Figure 1C). GO enrichment analysis demonstrated that the differentially upregulated genes were mainly enriched to organelle division, nuclear division, non-coding RNA processing, and non-coding RNA metabolism (Figure 1D).




Figure 1 | Differentially expressed gene screening; (A) Volcano map of differentially expressed genes in the TCGA and GTEx datasets; (B) Heat map of differentially expressed genes in the TCGA and GTEx datasets; (C) KEGG enrichment analysis of differentially expressed genes; (D) GO enrichment analysis of differentially expressed genes.





Whole-Gene Survival Analysis and Overlap Screening of Differentially Upregulated Genes in Lung Adenocarcinoma

To better determine the key genes, the relationship between the expression of whole genes in LUAD and the overall survival was analyzed with one-way COX risk analysis. The top 1,497 genes that were significantly associated with survival were selected, and 87 key genes were identified after overlapping gene analysis on the top 267 differentially upregulated genes (Figure 2A). The expression of the 87 key genes was further analyzed for their effect on the survival prognosis of LUAD. Figure 2B shows the KM curves of the top 10 genes in LUAD. The expression of ANLN gene expression in LUAD has been studied by scholars (11), while the relationship between HMMR overexpression and LUAD and pan-cancer prognosis has been less investigated, which was therefore studied in the present research.




Figure 2 | Overlapping gene screening; (A) Wayne diagram showing genes in tumors with one-way cox analysis of significant genes versus overlapping genes in DEGs; (B) KM curves for the top 10 most significantly different genes in overlapping genes.





Analysis of Hyaluronan-Mediated Motility Factor Receptor Expression and Lung Adenocarcinoma Survival

The results indicated that LUAD prognosis was significantly related to HMMR, and that a higher expression was predictive of a worse prognosis. The samples were sorted by gene expression from low to high, and divided into high-expression group (red) and low-expression group (blue). The survival time of patients with a high HMMR expression had a significantly higher mortality than those with a low HMMR. The HMMR expression heat map showed that HMMR was a risk factor (Figure 3A). From the KM survival curve (Figure 3B), patients with a high HMMR expression were associated with a poor prognosis. The ROC curve demonstrated that the 1-year, 2-year, and 3-year survival AUC were 0.680, 0.718, and 0.772, respectively, indicating that the model has a high accuracy.




Figure 3 | HMMR expression and LUAD survival analysis; (A) Gene expression versus survival time and survival status; (B) KM survival curve distribution of HMMR expression in the TCGA dataset; (C) ROC curve of HMMR at different times.





Hyaluronan-Mediated Motility Factor Receptor Expression and Prognostic Prediction Model of Lung Adenocarcinoma

The results of univariate and multivariate COX analyses showed that HMMR and TNM staging could be used as independent predictors for LUAD patients (Figures 4A, B). Subsequently, for validation, we constructed a prognostic analysis column line table for HMMR and TNM (Figure 4C), with higher scores on the column line table representing a worse prognosis. In the calibration curve (Figure 4D), the close 1, 3, and 5-year survival Nomogram model to the calibration curve indicated that the model could predict better results.




Figure 4 | LUAD prognostic analysis; (A) value, risk factor HR, and confidence interval for single-factor cox analysis of gene expression and clinical characteristics; (B) value, risk factor HR, and confidence interval for multi-factor cox analysis of gene expression and clinical characteristics; (C) column line plot of HMMR versus other prognostic factors; (D) calibration curve of the column line plot.





The Relationship Between Hyaluronan-Mediated Motility Factor Receptor Expression and Immune Infiltration

Tumor-infiltrating lymphocytes are independent predictors of cancer precursor lymph node status and survival, therefore, the correlation between HMMR expression and immune infiltration levels in different cancer types was analyzed by the TIMER database. Figure 5A shows the top 3 tumor types from 33 cancer types screened according to the correlation between HMMR expression and the level of each immune cell infiltration. It was observed that in these three tumors, HMMR could influence the progression of cancer by regulating the immune cell infiltration. Figure 5B presents the top 3 tumor types in an immune score and stromal score of HMMR in 33 tumor types. The results showed that HMMR expression may affect tumorigenic progression by altering the tumor microenvironment in BRCA, THCA, STAD, HIRC, and UGEC. To verify the relationship between HMMR expression and immune function, we collected more than 40 common immune checkpoint genes, and analyzed the relationship between HMMR expression and immune checkpoint gene expression. As shown in Figure 5C, HMMR expression was positively correlated with the immune checkpoint genes in some tumors, particularly in KICH, KIRC, and THCA.




Figure 5 | Relationship between HMMR expression and immune infiltration and immune cell subpopulations; (A) top three tumor types with a significant correlation between HMMR expression and immune infiltration; (B) top three tumor types with a significant correlation between HMMR expression and immune score and stromal score; (C) correlation between HMMR expression and immune-stimulating factors. *P < 0.05; **P < 0.01; ***P < 0.001.





Expression and Prognostic Analysis of Hyaluronan-Mediated Motility Factor Receptor in Various Tumors

From the results of the GTEx database analysis, it could be found that the expression of HMMR in different normal tissues was inconsistent (Figure 6A). The results of the CCLC database analysis showed that the expression of HMMR in different tumor cell lines was also inconsistent (Figure 6B). Because the number of normal samples in the TCGA database was small (Figure 6C), further analysis of HMMR expression in 27 tumors was performed by integrating data from normal tissues in the GTEx database and TCGA tumor tissues (Figure 6D). Here, the results did not present statistically significant differences in HMMR expression in testicular cancer (TGCT). Low expression of HMMR in acute myeloid leukemia (LAML) and its high expression in the remaining tumors was shown in the figure.




Figure 6 | HMMR expression in pan-cancer; (A) HMMR expression level in each normal sample from the GTEx database source; (B) HMMR expression level in each tumor cell line from the CCLE database source; (C) HMMR expression level in each tumor sample from the TCGA database source; (D) HMMR expression level in samples from the TCGA and GTEx database sources. **P < 0.01; ***P < 0.001.





Prognostic Analysis of Hyaluronan-Mediated Motility Factor Receptor in Pan-Cancer

After analyzing the expression profile data of 33 oncogenes in TCGA, the relationship between the gene expression and survival prognosis was studied using univariate Cox proportional risk regression model. The relationship between HMMR expression and the overall survival (OS) is shown in Figure 7A, and the results indicated that HMMR was associated with a poor prognosis of ACC, KICH, KIRC, KIRP, LGG, LIHC, LUAD, MESO, PAAD, PRAD, and UVM. The KM curves of high-risk genes are shown in Figure 7B. The correlation between HMMR expression and DFI, PFI, and DSS correlation is shown in Figures 7C–E.




Figure 7 | Analysis of HMMR expression and pan-cancer prognosis; (A) HMMR expression in different tumors correlated with the OS; (B) KM survival curve of high-risk genes; (C) HMMR expression in different tumors correlated with DFI; (D) HMMR expression in different tumors correlated with PFI; (E) HMMR expression in different tumors correlated with DSS.





Gene Set Enrichment Analysis

The biological characteristics of HMMR in LUAD were analyzed by GSEA enrichment. The GSEA results showed that a high expression of HMMR in the KEGG-related pathway was mainly enriched to the cell cycle, oocyte meiosis, and pyrimidine metabolism (Figure 8A). HALLMARK-related pathway was mainly enriched to the MTORC1 signaling system, MYC target, and G2M checkpoint (Figure 8B).




Figure 8 | GSEA enrichment analysis; (A) HMMR high expression in KEGG significantly enriched pathway; (B) HMMR high expression in HALLMARK significantly enriched pathway.






Discussion

Hyaluronan-mediated motility factor receptor (HMMR), also known as RHAMM/CD168, is a protein with multiple cellular functions. It was initially identified as a soluble substance used to bind hyaluronic acid, a component of the extracellular matrix, which is a product secreted by fibroblasts. HMMR mainly plays a role in response to tissue injury and wound repair (12, 13). A study also showed that HMMR could promote cell cycle progression by participating in microtubule spindle formation and activate signaling pathways that enhances cell migration (14). In this study, a total of 10,106 differentially expressed genes were obtained after the expression profiling of LUAD samples, and HMMR was among the differentially upregulated genes. This indicated that HMMR expression was upregulated in LUAD. Hyaluronic acid (HA) can be preferentially detected in high-grade lung cancer mesenchyme (15), and hyaluronic acid-mediated motor factor receptor (HMMR) expression was correlated with the prognostic survival of LUAD patients (16). The present study also confirmed that HMMR could be an independent prognostic factor for LUAD patients with univariate and multifactorial COX analysis. The work of Xiao et al. (17) identified key differentially expressed genes associated with non-small cell lung cancer by bioinformatics analyses. He et al. (18) established a robust 8-gene prognostic signature for early-stage non-small cell lung cancer, and the signature also includes HMMR. These previous reports, together with our current, results indicated that HMMR may play important roles in LUAD.

By integrating normal tissue data from the GTEx database and TCGA tumor tissue data, further analysis of HMMR expression in 27 tumors showed that HMMR was high-expressed in the majority of tumors. This result was the same as previously reported studies (19). In addition, we explored the relationship between HMMR expression and the prognosis of multiple tumors, and found that a high HMMR expression was a protective factor in thymic carcinoma and colon adenocarcinoma, with a higher expression indicating a better prognosis. An increasing number of reports suggested that the tumor immune microenvironment plays an important role in tumor development. Combining both the immune score and stromal score, our analysis revealed that HMMR influenced tumor development through the tumor microenvironment in KIRC. Previous studies have shown that the short peptide HMMR can be effectively presented by DC cells, activate T cells, and induce immune responses (7, 20, 21). HMMR-T cell therapy engineered with T cell receptor (TCR-T) could be able to effectively inhibit the tumor growth in animal models (22). In the recent years, with the breakthrough of immune checkpoints, ICIs have been increasingly used in the field of tumor immunotherapy and obtained some encouraging results. MacKay et al. (23) suggested that HMMR could be a potential target for chimeric antigen receptor T-cell immunotherapy (CAR-T). Therefore, HMMR immune agents have great potentials in research.

Finally, we used GSEA enrichment to analyze the biological functions of HMMR in tumors, and the results showed that HMMR may be involved in biological functions such as cell cycle, oocyte meiosis, and pyrimidine metabolism. It has also been previously shown that HMMR expression is regulated by the cell cycle, with peak expression between late G2 and early mitosis (24). The latest research also demonstrated that HMMR is a glycolysis-related gene as a potential prognostic marker in non-small cell lung cancer (25). HMMR is also an aberrantly expressed gene associated with the cell cycle in proliferating cells of patients with acute myeloid leukemia in vitro (26). HMMR regulates the spindle assembly during mitosis and meiosis (27). In mouse models, mutations or deletions in HMMR/HMMR expression can also disrupt the proper development or homeostasis of gonadal tissues (26, 28). Although the mechanism is unclear, this may indicate the ability of a high HMMR expression in the gonads to affect gamete formation through regulating meiosis (29).

Although the functional role of HMMR in LUAD was computationally explored and analyzed, and the results are of clinical significance, some limitations should be acknowledged. Bioinformatics methods used for gene identification lacks novelty to identify the prognostic signature, more grouped variable selection methods should be used. Experiments were not conducted, which is another limitation in this study. In the future, more experiments and large-scale clinical trials are needed to further validate these findings.



Conclusion

In this study, we identified the gene HMMR as an independent prognostic biomarker for lung adenocarcinoma (LUAD) based on an integrative bioinformatics analysis. The result indicated that a high expression of HMMR was associated with a poor prognosis of LUAD. Univariate and multifactorial Cox analysis further confirmed the prognostic significance of HMMR. In addition, HMMR was found to be functional in a variety of cancers. These findings may contribute to the clinical decision-making of an individualized treatment for LUAD patients.
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Background

Renal cell carcinoma (RCC) is the most common type of kidney cancer. Studying the pathogenesis of RCC is particularly important, because it could provide a direct guide for clinical treatment. Given that tumor heterogeneity is probably reflected at the mRNA level, the study of mRNA in RCC may reveal some potential tumor-specific markers, especially single-cell RNA sequencing (scRNA-seq).



Methods

We performed an exploratory study on three pathological types of RCC with a small sample size. This study presented clear-cell RCC (ccRCC), type 2 pRCC, and chRCC in a total of 30,263 high-quality single-cell transcriptome information from three pathological types of RCC. In addition, scRNA-seq was performed on normal kidneys. Tumor characteristics were well identified by the comparison between different pathological types of RCC and normal kidneys at the scRNA level.



Results

Some new tumor-specific markers for different pathologic types of RCC, such as SPOCK1, PTGIS, REG1A, CP and SPAG4 were identified and validated. We also discovered that NDUFA4L2 both highly expressed in tumor cells of ccRCC and type 2 pRCC. The presence of two different types of endothelial cells in ccRCC and type 2 pRCC was also identified and verified. An endothelial cell in ccRCC may be associated with fibroblasts and significantly expressed fibroblast markers, such as POSTN and COL3A1. At last, by applying scRNA-seq results, the activation of drug target pathways and sensitivity to drug responses was predicted in different pathological types of RCC.



Conclusions

Taken together, these findings considerably enriched the single-cell transcriptomic information for RCC, thereby providing new insights into the diagnosis and treatment of RCC.
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Introduction

Kidney cancer is a common cancer worldwide; in 2019, it represented 73,820 new cancer cases in the United States (1). Renal cell carcinoma (RCC) is a malignant tumor derived from renal tubular epithelial cells (2). As the most common kidney cancer, RCC is responsible for up to 85% of all cases (3). In addition, the global RCC incidence rates have been increasing in the past decades (4–6). RCC has one of the highest mortality rates in genitourinary cancers, and metastatic RCC (mRCC) occurs in 20% of patients following nephrectomy during follow up (7, 8). RCC is subdivided into several histopathologic and molecular subtypes. Amongst them, clear-cell RCC (ccRCC) has the highest incidence; it accounts for approximately 80% of RCC cases (9). It was followed by papillary RCC (pRCC) and chromophobe RCC (chRCC), which accounted for 10%–15% and 4%–5% of RCC, respectively (9). However, different pathologic types of RCC have different prognosis. In recent years, the application of immune checkpoint inhibitors has been significantly beneficial in metastatic RCC (10, 11). And the magnitude of benefit of the immune checkpoint inhibitors-tyrosine kinase inhibitors combination over sunitinib monotherapy in treatment-naïve metastatic RCC patients is consistent across the clinicopathological subgroups (12). Therefore, studying the pathogenesis of RCC is particularly important and could provide a direct guide for clinical treatment.

VHL is the most frequently mutated gene in ccRCC (13, 14). It is mainly mutated through genetic (point mutations or deletions) and/or epigenetic mechanisms leading to the development of cancer (15, 16). Type 1 pRCC is associated with MET alterations, whilst type 2 pRCC were characterised by CDKN2A silencing, SETD2 mutations and TFE3 fusions (17). Although previous studies have provided important clues to the pathogenesis of RCC, they were limited to the DNA level. Given that tumor heterogeneity is probably reflected at the mRNA level, studying mRNA in RCC may reveal tumor heterogeneity, especially single-cell RNA sequencing (scRNA-seq). In a previous study, Kim K et al. (18) first performed scRNA-seq on ccRCC with only more than 100 cells. Although the number of cells was small, a successful demonstration was made for RCC scRNA-seq. Young, M. D et al. (19) used more abundant cells for ccRCC and type 1 pRCC and provided rich transcriptome information. In addition, previous studies have provided in-depth coverage of the tumor immune microenvironment of RCC by using scRNA-seq (20–22). And using scRNA-seq technology, the origin and differentiation of RCC cells are well explained (23, 24). However, there are few reports on the comparison between different pathological types of RCC at single-cell level.

scRNA-seq is a powerful technique for identifying transcriptome characteristic between cells at single-cell resolution. Tumor heterogeneity includes the heterogeneity between different patients and different tumor cells of the same pathological type, which could have prognostic, predictive and therapeutic relevance (2). In this study, we hope to perform an exploratory study on three pathological types of RCC with a small sample size. ScRNA-seq could be used to study the complex cellular features within tumors. The study would also benefit from validating principal findings by deconvoluting bulk RNA-seq data from TCGA and our data, which could help to relate the finding to tumor progression one each subtype. In the present study, the tumor characteristics of RCC can be revealed from the transcriptome level via scRNA-seq of the three pathological types of RCC and normal kidney.



Materials And Methods


Information of RCC and Normal Kidney Samples

RCC and normal kidney samples (Table S1) were obtained from patients undergoing radical nephrectomy at The First Affiliated Hospital and Affiliated Tumor Hospital of Guangxi Medical University (Figure S1). The normal tissues were obtained at least 2 cm away from the tumor tissue (Figure S1). This study was approved by the Institutional Review Board (IRB) of The First Affiliated Hospital Guangxi Medical University, and all the patients signed the informed consent.



RCC Sample Procurement and Single-Cell Isolation

Fresh tumor samples were obtained from the operating room to the laboratory in cold Hank’s balanced salt solution (HBSS; Gibco, C11875500BT) with 5% fatal bovine serum (FBS, Gibco, 10099141) and 1% penicillin/streptomycin (P/S; Gibco,15240062). The entire transportation process was within 30 min.

After the samples were washed with 4°C Dulbecco’s phosphate-buffered saline (DPBS; WISENT, 311-425-CL), they were cut into 2–4 mm pieces with sterile scissors. The tissue pieces were washed by resuspending in pre-cold DPBS two times. After the supernatant was removed, the tissue species were digested for 30 min at 37°C with gentle agitation in a digestion solution containing 1 mg/mL of collagenase I (Gibco, 5401020001) and 1 mg/mL of DNaseI (Roche, 10104159001) in HBSS. Then, the digestion was terminated using 10 mL of DMEM (WISENT, 319-006-CL) with 10% FBS (Gibco, 10099141). Subsequently, the suspended cells and tissue fragments went through a 70 μm cell strainer (Falcon), which could filter out large tissue fragments. The cells were washed with pre-cold DPBS containing 300 g of 1% FBS for 5 min two times. Next, red blood cells (RBCs) were removed using 5 mL of RBC lysis buffer (10X diluted to 1X; BioLegend, 420301) for 5 min on ice and then the cells were filtered using a 40 μm cell strainer. Subsequently, they were centrifuged at 300 g for 5 min and washed twice with DPBS. Finally, the cells were resuspended in DPBS with 1% FBS. The single-cell suspension was obtained and viability was calculated using trypan blue (Gibco, 15250-061) staining (Table S2). If the cell viability was above 80%, 10x Genomics sample processing was performed.



Normal Kidney Sample Procurement and Single-Cell Isolation

The preparation for single-cell suspension of three normal kidneys (kidney1, kidney2 and kidney3, Table S1) was described in the previous study (25). In this study, the remaining normal kidney tissue (kidney4) was transported in a cold RPMI 1640 (Gibco, C11875500BT) containing 5% FBS and 1% P/S and the entire transport process was completed within 30 min.

This sample was sliced into approximately 2–4 mm pieces and digested for 40 min at 37°C with gentle agitation in a digestion solution containing 0.1 mg/mL of Liberase TL (Roche, 5401020001) and 0.5 mg/mL of DNaseI (Roche, 10104159001) in 5 mL of RPMI 1640. The digestion was then terminated using RPMI 1640 containing 10% FBS. After the suspension was washed with DPBS two times and centrifuged at 300 g for 5 min at 4°C, it was passed through a 70 µm cell strainer. Next, RBCs were removed using 5 mL of 1X RBC lysis buffer for 5 min on ice. Then, the cell suspension passed through a 40 μm cell strainer. After the cells were centrifuged at 300 g for 5 min, they were resuspended in DPBS with 1% FBS. Finally, the single-cell suspension was obtained and live cells were detected via trypan blue staining (Table S2). If the cell viability was above 80%, 10x Genomics sample processing was performed.



Sample Processing With 10x Genomics and cDNA Library Preparation

ScRNA-Seq was performed on the above single-cell suspensions in accordance with the standard protocol in the user guide of 10X Genomics Chromium Single Cell 3′ Reagent Kit V3 (https://support.10xgenomics.com/single-cell-gene-expression/index/doc/user-guide-chromium-single-cell-3-reagent-kits-user-guide-v3-chemistry). In brief, the concentration of the single-cell suspensions was manually counted using a haemocytometer and adjusted to 2,000 cells/μL. Appropriate volume was calculated in each sample to catch 10,000 cells. The samples were then loaded into a 10X Genomics single-cell chip. After droplet generation, the samples were transferred onto a PCR tube and reverse transcription reaction was performed using T100 Thermal Cycler (Bio-Rad). Then, cDNA was recovered using a recovery agent provided by 10x Genomics, followed by silane DynaBead clean up as outlined in the Kit V3 user guide. Before the clean-up was performed using SPRIselect beads, the cDNA was amplified for 11–12 cycles.



ScRNA-Seq Processing and Preliminary Results

All samples were sequenced using Hiseq Xten (Illumina, San Diego, CA) with the following run parameters: read 1 for 150 cycles, read 2 for 150 cycles and index for 14 cycles. Preliminary sequencing files (.bcl) were converted to FASTQ files on CellRanger (version 3.0.2, https://support.10xgenomics.com/single-cell-gene-expression/software/pipelines/latest/what-is-cell-ranger). The 10x Genomics standard protocol was applied to shorten the read 1 end (the barcode and unique molecular identifier) to 26 bp and the read 2 end (mRNA sequence) to 98 bp. The FASTQ files were compared with the human genome reference sequence GRCh38. After CellRanger was used, a barcode table, a feature table and a gene expression matrix were generated.



Using Seurat for Quality Control (QC) and scRNA-Seq Data Secondary Analysis

R (version 3.5.2, https://www.r-project.org/) and Seurat (26, 27) R package (version 3.1.1, https://satijalab.org/seurat/) were used for QC and secondary analysis. The MergeSeurat function was used to merge the ccRCC samples and the normal kidney samples. Three normal kidney samples (kidney1, kidney2 and kidney3) originated from the previous study (25), whilst the remaining normal tissue (kidney4) was from the same patient of chRCC. Considering the proportion of mitochondrial genes to all genetic material may indicate whether a cell is in homeostasis. For example, type 2 pRCC and ccRCC cells with abundant unique molecular identifiers (UMIs) were mainly found in cells with less than 10% proportion of mitochondrial genes, whilst chRCC cells with abundant UMIs were mainly in less than 30% proportion of mitochondrial genes (Figures S2A–D). Thus, in accordance with the median number of genes, the percentage of mitochondrial genes and the relationship between the percentage of mitochondrial genes and the mRNA reads (Figures S2A–D), type 2 pRCC and ccRCC (ccRCC1 and ccRCC2) cells with < 200 and > 5,000 genes (potential cell duplets) and a mitochondrial gene percentage of > 10% were filtered. The chRCC cells with < 200 and > 5,000 genes and a mitochondrial gene percentage of > 30% and the normal kidney cells with < 200 and > 2,500 genes and a mitochondrial gene percentage of > 30% were also filtered (Figures S2A–D). After filtering was conducted, high-quality RCC cells were obtained and the number of type 2 pRCC, ccRCC, chRCC and normal kidney were 10,132, 12,915, 7,216 and 23,951, respectively. At the same time, given that our data were derived from a small number of samples, we needed to compare the data from scRNA-seq with bulk RNA-seq from TCGA. We selected the differentially expressed genes of pRCC, ccRCC and chRCC from TCGA and integrated into our scRNA-seq data. We found that the results from TCGA were similar to our scRNA-seq data (Figures S3A–C). In addition, these differentially expressed genes could be precisely mapped to cell types in scRNA-seq data (Figures S3A–C).

After the data were normalized, all highly variable genes in single cells were identified after controlling for the relationship between average expression and dispersion. All variable genes were used in the downstream analysis, which was the principal-component analysis. R package Harmony (28) (version 0.99.9) was applied to eliminate the batch effect in ccRCC (ccRCC1 and ccRCC2) and the kidney samples (kidney1, kidney2, kidney3 and kidney4). Subsequently, significant principal components (PCs) were identified on the basis of the jackstraw function. Type 2 pRCC, chRCC and the normal kidney used 20 PCs, whilst ccRCC used 25 PCs as the input for uniform manifold approximation and projection (UMAP) when statistically significant. The batch effect between the kidney samples and the ccRCC samples was detected (Figures S4B, C). With a resolution of 0.25, the cells were clustered using the FindClusters function and classified into nine different cell types in the kidney samples. With a resolution of 0.6, type 2 pRCC and ccRCC were classified into 18 and 21 different cell types, respectively, whilst a resolution of 0.4 was used for chRCC. The FindAllMarkers function was used to find differentially expressed genes (DEGs) between each type of cells (Tables S3-S6).



Cell Cycle Analysis

The Seurat program was used for cell cycle analysis. A core set of 43 G1/S and 54 G2/M cell cycle genes were defined on the basis of a previous study (29). Then, the cells were classified by the maximal average expression (‘cycle score’) in these two gene sets. In the case when the cycle scores of G1/S and G2/M were both less than 2, these cells were under non-cycling. Otherwise, they were considered to be proliferative. After cell cycle analysis was performed, no bias induced by cell cycle genes was observed in all samples (Figures S4D–G).



Reconstructing Cell Differentiation Trajectories Using Monocle2

The Monocle2 (30) R package (version 2.10.1) was used to reconstruct the cell fate decisions and pseudo-time trajectories of ccRCC cells, chRCC cells, fibroblast and T cells in pRCC. The data of these cells were imported from Seurat object. The genes expressed in at least 10 cells and in greater than 5% of cells were used. Subsequently, the thresholds on the cell local density (rho) and the nearest distance (delta) were used to determine the number of clusters. Then, differential gene expression analysis was conducted across all cell clusters. The top 1000 most significant DEGs were used for the set of ordering genes and dimension reduction and trajectory analysis were performed. Once a trajectory was established, these key genes that varied with pseudo-time could be discovered using the differential GeneTest function.



Comparing Present scRNA-Seq Data With Those of Previous Studies

The scRNA-seq data of three normal kidneys (kidney1, kidney2 and kidney3) came from a previous study, GSE131685 (25). Other normal kidney data were obtained from a previous study (31) and available through the Human Cell Atlas data portal (https://data.humancellatlas.org/explore/projects/abe1a013-af7a-45ed-8c26-f3793c24a1f4). UMAP plot representation of 23,951 normal kidney cells from four different samples (Figures S4A).



Integration of scRNA-Seq Results With Genome-Wide Association Study (GWAS) and The Cancer Genome Atlas (TCGA) Databases

Here, the methods used were based from a previous study (32). All the GWAS genes associated with RCC were downloaded from the GWAS catalogue (33) (downloaded 10 February 2020). Using renal cell carcinoma as keywords, the GWAS catalogue was searched and the data were downloaded. The genes with p value greater than 5 × 10−8 were filtered out and obtained for subsequent correspondence with cell types by using scRNA-seq (Table S7).

Some special genes were discovered using scRNA-seq; they may be associated with the prognosis of RCC. Then, these genes were integrated into the TCGA dataset (17) and the GEPIA (34) tool was used to plot the Kaplan–Meier survival curves. The patients were divided into high-risk and low-risk groups, with a cut-off value of 50%, and the hazards ratio (HR) used 95% CI. The top 60 DEGs in chRCC1 and chRCC3 were selected. A total of 25 DEGs were found in chRCC2. The p value less than 0.05 was used to predict prognostic genes.



Gene Ontology (GO) Enrichment Analysis on Different Types of Tumor Cells

In accordance with the DEGs calculated using Seurat, the top 50 DEGs in each tumor cell type (type 2 pRCC, ccRCC and chRCC) were selected for GO enrichment analysis (35) (http://geneontology.org/). Only 25 DEGs were found in chRCC 2 and then all the DEGs were selected for GO enrichment analysis. Each tumor cell type underwent enrichment analysis of biological process and the 15 most significant biological processes were shown (Table S8).



Ligand–Receptor Interactions

The ligand–receptor interaction score was calculated with reference to a previous study (36). In brief, the ligand–receptor interaction scores between three different types of RCC cells and cancer-associated fibroblasts (CAFs), together with immune cells, were calculated. The higher ligand–receptor interaction score reflected the stronger potential interaction between the cells. The ligand–receptor pairs with scores greater than 1 were listed.



Prediction of Activation of Drug Target Pathways and Sensitivity to Drug Responses

The GSVA algorithm (37) was used to evaluate the relative activation status of pathways in different pathological types of RCC in scRNA-seq data. In the previous studies (2, 38–40), the progression of RCC may be associated with the activation of many signaling pathways. Twelve targeted pathways were selected: EGFR pathway, FGFR pathway, MAPK pathway, MET pathway, mTOR pathway, PDGFRA pathway, PDGFRB pathway, PI3K/AKT pathway, RAF pathway, SCF-KIT pathway, SRC pathway and VEGFR pathway. The GSVA scores were transformed to binary scores to evaluate whether these gene signatures were significantly activated. The gene sets with same size and each original panel of genes were randomly generated with permutation (×1000) and then calculated for the GSVA scores. The original GSVA scores were defined as ‘activated’ by the cut-off values of the averaged scores in the randomly selected gene sets.

The related targeting drug sensitivities were also predicted in different pathological types of RCC. In accordance with a previous study (16), the Cancer Genome Project (41), which includes measured drug response data from cancer cell line expression data, was used as a training set. Leave-one-out cross validation (18) was applied to analyze the total dataset and evaluate the prediction sensitivity. A total of 13 common targeted drugs (afatinib, axitinib, cabozantinib, crizotinib, dasatinib, erlotinib, foretinib, gefitinib, pazopanib, selumetinib, sorafenib, sunitinib and temsirolimus) were used to predict drug sensitivity. The results were transformed into Z-scores. The nanomolar-scaled IC50 values were also transformed into Z-scores to ensure accurate prediction of drug sensitivity.



Immunohistochemistry

Each immunohistochemistry paraffin (IHC-P) result was verified in five patient samples (Table S10). Each antibody was performed in at least three slides. RCC and normal kidney tissues were obtained from the Department of Pathology at The First Affiliated Hospital of Guangxi Medical University. The tissue slices were rehydrated using solutions of ethanol ranging from 100% to 70% and washed with PBS (Solarbio; P1010-2). After the slides underwent high-pressure repair using sodium citrate (Solarbio; C1032), the tissues in goat serum (ZSGB-BIO; SP-9000) were blocked with PBS for 15 min at room temperature. Subsequently, the slides were incubated with anti-SPOCK1 (rabbit anti-human/mouse, 1:100, Abcam; ab229935), anti-PTGIS (rabbit anti-human/mouse/rat, 1:100, Abcam; ab23668), anti-NDUFA4L2 (rabbit anti-human, 1:100, Abcam; ab190007), anti-REG1A (rabbit anti-human, 1:100, Abcam; ab47099), anti-RHCG (rabbit anti-human, 1:500, Novus; NBP2-30905) and anti-SPAG4 (rabbit anti-human, 1:50, Novus; NBP2-38937) antibodies and PBS control group prepared in blocking solution at 4°C overnight. The tissues then were incubated with secondary antibody (ZSGB-BIO; SP-9001) for 15 min and with tertiary antibody (ZSGB-BIO; SP-9001) for 15 min at room temperature after washing by PBS. Finally, the slides were stained with DAB and nucleated with haematoxylin.

The same method was used to perform IHC-P in human normal kidney tissues for the control groups. Anti-SPOCK1, anti-PTGIS, anti-NDUFA4L2, anti-REG1A, anti-RHCG and anti-SPAG4 antibodies were also used (Figures S5A–F).



Immunofluorescence (IF)

Before IF was performed, the antibody specificity was confirmed by labelling the control groups. Two negative controls were set: PBS and anti-mouse secondary antibody (Alexa Fluor 488, goat anti-mouse IgG pre-adsorbed, 1:500, Abcam; ab150117) and PBS and anti-rabbit secondary antibody (Alexa Fluor 594, goat anti-rabbit IgG pre-adsorbed, 1:500, Abcam; ab150084). These results indicated no unspecific reaction occurred in secondary antibodies (Figure S5G). The same protocol as IHC-P was used until high-pressure repair and incubation with primary antibodies were finished. Then, the following groups were set to verify the results: ACTA2 (mouse anti-rabbit/rat/human, 1:200, Abcam; ab7817) and KRT8 (rabbit anti-mouse/human, 1:200, Abcam; ab53280), KI67 (rabbit anti-mouse/rat/human, 1:1,000, Abcam; ab15580) and PDGFRB (mouse anti-rat/human, 1:200, Abcam; ab69506), KI67 and CD68 (mouse anti-human/rat/rabbit, 1:100, Abcam; ab955), KI67 and CD3 (mouse anti-human, 1:50, Abcam; ab699), CD31 (mouse anti-human, 1:1, 000, Abcam; ab9498) and POSTN (rabbit anti-mouse/rat/human, 1:100, Abcam; ab14041) and CD31 (rabbit anti-mouse/human, 1:300, Abcam; ab28364) and COL3A1 (mouse anti-rat/human, 1:100, Abcam; ab6310). After the slides were incubated with the primary antibodies at 4°C overnight, they were incubated with secondary antibodies Alexa Fluor 488 and Alexa Fluor 594 at 37°C for an hour. Finally, the slides were stained with DAPI (Abcam, ab104139) for 10 min.



Western Blot

The Western blot results were verified in five patient samples (Table S10) and repeated at least twice. The human normal kidney (100mg) and ccRCC (106mg) tissues were lysed with RIPA lysis buffer containing both protease Inhibitor and phosphatase inhibitor on ice. We collected the supernatant and used a BSA Quantification Kit to determine the protein concentrations after centrifugation at 12,000 rpm for 10 minutes. Protein samples (40mg) from supernatants were separated on SDS-PAGE and transferred onto polyvinylidene difluoride membrane. The membrane was blocked for 1 hour with blocking buffer containing 5% nonfat milk. After three times washings with TBST, membranes were incubated at 4°C overnight with primary antibodies, anti-Ceruloplasmin (rabbit anti-human, 1:1000, abcam, ab48614) and anti-GAPDH (mouse anti-human/mouse/rat, 1:5000, abcam, ab8245). The membranes were washed three times with TBST and incubated with secondary antibodies at room temperature for 1 hour, and then washed three times again. Immunoreactivity was visualized by an imager (ImageQuant LAS 500; GE Healthcare). GAPDH was used for a loading control. The presented results are from at least three repetitions of Western blot. Except the primary antibody and GAPDH were Abcam, the other reagents were used the western blotting kit from BOSTER Biological Technology co. Itd (AR0040).



Cell-Type Markers

The RCC cell types were defined in accordance with the marker genes reported in previous studies (13, 17, 42–63) (Table 1). The cell type of normal kidney was assigned on the basis of the previous study (25).


Table 1 | Cell-type assignment based on the marker genes reported in previous studies.






Results


Single-Cell Transcriptomic Atlas of Multiple Pathologic Types of RCC and Normal Kidney

ScRNA-seq was performed in seven different patients, including four tumor samples and four normal kidney samples (kidney1, kidney2 and kidney3 came from our previous study (25), and kidney4 from this study) to explore the cellular diversity and gene expression characteristics in RCC (Figure 1A and Table S1). After QC was conducted using Seurat (26, 27), ccRCC, type 2 pRCC and chRCC were presented in 30,263 high-quality single-cell transcriptome information. We performed merge UMAP of four tumor samples (Figure 1B). Meanwhile, scRNA-seq was performed on one normal kidney, providing a total of 585 single-cell transcriptome information.




Figure 1 | Single-cell transcriptomic atlas of multiple pathologic types of RCC and human kidney. (A) Schematic of the overall study design. ScRNA-seq was applied to type 2 pRCC, ccRCC, chRCC and the normal kidney on 10x Genomics Chromium platform. (B) UMAP plot representation of 30,263 tumor cells from three pathological types of RCC. (C) Uniform manifold approximation and projection (UMAP) plot representation of 10,132 type 2 pRCC cells with 18 distinct cell types. (D) UMAP plot representation of 12,915 ccRCC cells from two different samples with 21 distinct cell types. (E) UMAP plot representation of 7,216 chRCC cells with seven distinct cell types.



Single-cell transcriptomes were acquired in a total of 10,132 cells from type 2 pRCC. They could be classified into 18 different cell types (Figure 1C). On the basis of the marker genes (Figure S6A and Table 1), these cell types were defined from cluster 1 to 18 as CD8+ T cells 1, tumor-associated macrophage (TAM) 1, fibroblast, CAF 1, CAF 2, TAM 2, endothelial cells 1, CAF 3, proliferative TAM, monocytes, CAF 4, dendritic cells, pRCC, plasma cells, proliferative T cells, CD8+ T cells 2, endothelial cells 2 and B cells (Figure 1C). In ccRCC, a total of 12,915 single-cell transcriptome information were acquired from two samples, including 21 different cell types corresponding to ccRCC 1, macrophages 1, ccRCC 2, CD8+ T cells 1, NK cells, endothelial cells 1, TAM, CAF 1, CD4+ T cells, CD8+ T cells 2, FCGR3A+ monocyte, dendritic cells, proliferative fibroblast, endothelial cells 2, ccRCC 3, ccRCC 4, macrophages 2, B cells, mast cells, CAF 2 and CD14+ monocytes (Figure 1D) by the marker genes (Figure S6B and Table 1). In chRCC, 7,216 high-quality cells were further analysed and clustering analysis identified seven distinct cell clusters. In accordance with the marker genes (Figure S6C and Table 1), these cells could be classified as chRCC 1, chRCC 2, chRCC 3, NK-T cells, TAM, monocytes and NK cells (Figure 1E).

In addition, 23,951 normal kidney cells were further analysed and nine distinct cell clusters were identified. In accordance with the marker genes (Figure S6D), the cells were classified into clusters 1–9 corresponding to proximal convoluted tubule cells, proximal tubule cells, glomerular parietal endothelial cells, proximal straight tubule cells, NK-T cells, monocytes, distal tubule cells, collecting duct (CD) cells and B cells.



Diversity and Gene Expression Characteristics in RCC Cells as Revealed by scRNA-Seq

Unlike bulk RNA sequencing, scRNA-seq could study the transcriptome of tumor cells at single-cell resolution. In this study, unbiased clustering analysis not only precisely defined type 2 pRCC but also classified ccRCC and chRCC into several different tumor cell types (Figure 2A). Except for the marker gene CDKN2A (17), epithelial-derived KRT18 and KRT7, type 2 pRCC also differentially expressed SPOCK1, PTGIS and other genes (Figure 2B). In ccRCC, obvious differences in gene expression were found amongst four ccRCC cell types (Figure 2C). For instance, ccRCC1 and ccRCC2 highly expressed the ccRCC markers CA9 (13) and NDUFA4L2 (49), whilst ccRCC3 and ccRCC4 only expressed NDUFA4L2 (Figure 2C). The DEGs amongst three chRCC cell types were also found (Figure 2D). The DEGs amongst the tumor cells of three pathological RCCs were compared (Figure 2E).




Figure 2 | ScRNA-seq revealed tumor heterogeneity of RCC. (A) UMAP plot of the tumor cells in different pathologic types (type 2 pRCC, ccRCC and chRCC). (B–D) DEGs of different pathologic types of RCC, as shown by scRNA-seq, avg logFC and average log2 fold change. (E) Comparison of DEGs in different pathological RCCs. (F) Comparison of normal kidney cell types with RCC cell types by calculating the Pearson correlation coefficient. CD, collecting duct cells; DT, distal tubule cells; PST, proximal straight tubule cells; GPE, glomerular parietal epithelial; PT, proximal tubule cells; PCT, proximal convoluted tubule cells. (G) IHC-P verification of SPAG4 positive cells in chRCC tissue. Scale bars, 20 μm.



On the basis of the DEGs, GO enrichment analysis was performed on each tumor cell type and the results showed that the biological process (BP) of type 2 pRCC was mainly concentrated in ‘cell adhesion’ and ‘biological adhesion’ (Figure S7A). CcRCC1 was concentrated in ‘response to decreased oxygen levels’, ‘response to oxygen levels’ and ‘response to hypoxia’ (Figure S7B). Considering that the pathogenesis of ccRCC was related to hypoxia caused by VHL mutation (65), ccRCC1 may be associated with this process. GO enrichment analysis was also conducted on the other tumor cell types (Figures S7C–H).

The correlation of average gene expression between tumor cells and normal cells was compared to explore the origin of tumor cells. We found that chRCC3 was highly correlated with CD cells (Figure 2F). Considering the specificity of chRCC3 with high expression of SPAG4 (Figure 2D), this marker was verified in the chRCC tissue via IHC-P. The positive cells were clustered around the CD cells (Figure 2G), which further supported the hypothesis.



Identification and Verification of Some Novel Tumor-Specific Gene Markers

An important advantage of scRNA-seq is its ability to classify cells precisely and discover the characteristics of gene expression. For tumor cells, the specific genes that were expressed significantly were identified. In type 2 pRCC, five significant candidate genes were identified (SPOCK1, PTGIS, NDUFA4L2, C5orf46 and WISP1); they were generally highly expressed in type 2 pRCC (Figure 3A). Subsequently, to confirm that these genes were tumor-specific, their expression was enriched in the scRNA-seq data from normal kidneys. The present study and the data in a Science paper (31) demonstrated very low or no expression of these five genes (Figures S8A, B). In addition, three tumor-specific genes, namely, SPOCK1, PTGIS and NDUFA4L2, were verified using IHC-P in type 2 pRCC tissues (Figures 3B–D) and compared with the negative controls in normal kidney tissues (Figures S5A–C). Interestingly, in a previous study NDUFA4L2 was a marker for ccRCC (49). However, we discovered that this gene was also highly expressed in type 2 pRCC (Figures 3D, E).




Figure 3 | Tumor-specific markers in different types of pRCC. (A) Violin plots showing tumor-specific markers expressed in type 2 pRCC. (B–D) IHC-P verification of tumor-specific markers (SPOCK1, PTGIS and NDUFA4L2) in type 2 pRCC (Table S10). Scale bars, 20 μm (left) and 50 μm (right). (E) IHC-P verification of tumor-specific marker (NDUFA4L2) in ccRCC. Scale bars, 20 μm (left) and 50 μm (right).



Three specific candidate genes (REG1A, CP and FABP7) were also identified in ccRCC (Figure 4A) and compared with those in the normal kidney (Figures S8C, D). Then, the expression of REG1A in ccRCC tissues was verified using IHC-P but not in normal kidney tissues (Figures 4B, S4D). And the expression of CP in ccRCC tissues was higher than that in normal kidney tissues (Figure 4C). In a previous study, RHCG and LINC01187 are identified as marker genes for chRCC (42). In the present study, we also verified the previous results (Figures 4D, E, S5E, S8E, F), which further enhanced the reliability of our chRCC data and tumor cells’ definition. In addition, a novel tumor-specific gene marker called SPAG4 was discovered in chRCC and it was more specifically expressed in chRCC3 (Figure 4D). A positive result in chRCC tissues was obtained via IHC-P (Figure 4F), whilst a negative result was obtained in normal kidney tissue (Figure S5F). Thus, the results identified some new tumor-specific markers and verified SPOCK1, PTGIS, REG1A, CP and SPAG4 in different types of RCC. And NDUFA4L2 both highly expressed in tumor cells of ccRCC and type 2 pRCC.




Figure 4 | Tumor-specific markers in different types of ccRCC and chRCC. (A) Violin plots showing tumor-specific markers expressed in ccRCC. (B) IHC-P verification of tumor-specific marker REG1A in ccRCC. Scale bars, 20 μm (left) and 50 μm (right). (C) Western blot was performed showing the expression of CP protein in different ccRCC tissues (Table S10) and normal kidney (NK). (D) Violin plots showing tumor-specific markers expressed in chRCC. (E, F) IHC-P verification of tumor-specific markers RHCG and SPAG4 in chRCC (Table S10). Scale bars, 20 μm (left) and 50 μm (right).





Phylogenetics and Evolution of RCC as Revealed by scRNA-Seq

The evolution of tumor cells has always been a hot topic in oncology. Although previous study has predicted the putative cell of origin for more than 10 RCC subtypes by using a random forestmodel trained (24), we hope to apply Monocle2 (30) to reconstruction the different tumor cell subtypes differentiation trajectory of ccRCC and chRCC. In this study, Monocle2 was used to construct the evolutionary trajectory of these cancer cells on the basis of the single-cell transcriptome information. The developmental trajectory of ccRCC was reconstructed. CcRCC4 was almost at the beginning stage of development, whilst ccRCC3 was almost at the end stage of the development trajectory. CcRCC1 and ccRCC2 were present throughout the trajectory (Figure 5A). The top six genes that were most critical to the development of ccRCC were identified as DUSP23, ERRFI1, GADD45A, GLUL, MYOCOS and S100A1 (Figure 5C). In chRCC, 6,437 tumor cells were included for analysis using the same method. ChRCC3, which specifically expressed SPAG4, was at the beginning of the trajectory, whilst chRCC1 and chRCC2 were present throughout the development trajectory (Figure 5B). The top 6 key genes that influenced the development trajectory was also highlighted. They were IFITM3, IGFBP3, SOX4, SPP1, SST and TIMP1 (Figure 5D). These genes were divided into three clusters via a pseudo-temporal expression pattern to further explore the genes that changed in pseudo-time. In ccRCC and chRCC, the top 50 genes, which varied as a function of pseudo-time, were clustered, as shown by the heat map (Figures 5E, F).




Figure 5 | CcRCC and chRCC development trajectories reconstructed using Monocle2. (A, B) Pseudo-time trajectories performed on ccRCC and chRCC tumor cells. Each dot stands for one cell and is colored in accordance to its cell type. The arrows represent the direction of cell evolution. (C) Scatter plots showing the expression levels and changes in relative expression of key genes that affected the evolution of ccRCC with pseudo-time. (D) Scatter plots showing the expression levels and changes in relative expression of key genes that affected the evolution of chRCC with pseudo-time. (E, F) Heatmap showing the top 50 genes that affected the evolution of ccRCC and chRCC cells along the trajectory.





Diversity of Fibroblasts (Including Multiple CAFs) in Type 2 pRCC as Revealed by scRNA-Seq

Fibroblasts, especially CAF, are major components of the tumor microenvironment and play an important role in tumor progression (66). Previous studies have described the diversity of CAFs in breast cancer via fluorescence-activated cell sorting (67). In the present study, multiple CAFs were discovered in type 2 pRCC and ccRCC through scRNA-seq (Figures 6A, D). In type 2 pRCC, these cells could be classified into four CAF cell types and one quiescent fibroblast. The quiescent fibroblast highly expressed the markers of fibroblast, namely, SFRP2 (51) and MMP2 (52, 53), but did not express the markers of CAF, namely, ACTA2 (52) and TAGLN (53) (Figure 6B). All the CAFs in type 2 pRCC expressed TGFB1I1 (Figure 6B), which reflected the exocrine phenotype of CAFs (68). CAF 2, CAF 3 and CAF 4 expressed these markers associated with epithelium, especially CAF 3, which expressed KRT8 and KRT18 (Figure 6B). These CAFs may be epithelial-to-mesenchymal transition (EMT) and retain epithelial characteristics. Thus, the spatial location of CAF 3 in type 2 pRCC tissues was validated using IF (Figure 6C). CAF 3 was very close to the tumor cells.




Figure 6 | Diversity of CAFs as identified using scRNA-seq. (A) UMAP plot showing the subpopulation of fibroblast in type 2 pRCC. (B) Gene expression characteristics of the fibroblasts in type 2 pRCC, including four types of CAF. (C) IF analysis of the expression of ACTA2 (green), which is a CAF marker, in combination with the epithelial cell marker KRT8 (red) and DNA staining using DAPI (blue) within the paraffin sections from human type 2 pRCC samples. CAF 3 (arrows) was verified using IF. Scale bars, 50 μm. (D) UMAP plot showing the subpopulation of fibroblast in ccRCC. (E) Gene expression characteristics of the fibroblasts in ccRCC, including two types of CAF and proliferative fibroblast (pro-fibroblast). (F) IF analysis of the expression of PDGFRB (green), which is a fibroblast marker, in combination with the marker MKI67 (red) and DNA staining using DAPI (blue) within the paraffin sections to verify the pro-fibroblast (arrows). Scale bars, 50 μm.



Two subpopulations of CAFs, which expressed ACTA2 (52) and TAGLN (53), the markers of CAF, were discovered in ccRCC (Figure 6E). CAF 1 highly expressed ACTA2 and TAGLN, whilst CAF 2 specifically expressed SFRP2, MMP2, TGFBI and TNC. TGFBI encodes transforming growth factor-β, which is an important secretion of CAF (66, 68). Thus, CAF 2 was a secretory phenotype of CAF in ccRCC. The fibroblast that specifically expressed the proliferation factor MKI67 in ccRCC was discovered. In view of a previous report of proliferative T cells in hepatocellular carcinoma by scRNA-seq (58), these cells were named proliferative fibroblast. In addition, this result was verified in ccRCC (Figure 6F).

We found that the fibroblast subpopulations of pRCC were more abundant than that of ccRCC. In pRCC, the CAFs would be associated with the EMT process, while this characteristic was not found in ccRCC. Based on the spatial localization of CAFs and tumor cells, it was inferred that this could be caused by the interaction between tumor cells and fibroblasts (Figure 6C). In addition, the expression of CAFs’ marker genes in ccRCC and pRCC were very similar, except proliferative fibroblast (Figures 6B, E).



Two Types of Endothelial Cells in Type 2 pRCC and ccRCC and a Type of Endothelial Cells Associated With Fibroblast in ccRCC

Two types of endothelial cells (ECs) were found in type 2 pRCC and ccRCC through scRNA-seq (Figures 7A, C). In type 2 pRCC, EC could be classified into two cell subtypes, namely, pEC1 and pEC2 (Figure 7A). Although both types of EC expressed classical endothelial cell markers, such as PECAM1 (50), CDH5 (50) and KDR (50) (Figure 7B), a significant heterogeneity was observed between them. The heterogeneity between two types of EC was mainly reflected in the expression of endothelial growth factor (VEGF). The endothelial cell 1 of type 2 pRCC (pEC1) specifically expressed VEGFC, whilst pEC2 significantly expressed VEGFA (Figure 7B). Considering that VEGF is closely related to tumor progression and prognosis, accurate classification of EC and in-depth understanding of their potential biological functions may be very helpful for the treatment of RCC.




Figure 7 | scRNA-seq revealed two subpopulations of ECs in pRCC and ccRCC. (A–D) Two types of endothelial cells discovered in type 2 pRCC and ccRCC, respectively. (A) UMAP plot representation of two types of ECs in type 2 pRCC. (B) DEGs of two types of ECs in type 2 pRCC. (C) UMAP plot representation of two types of ECs in ccRCC. (D) DEGs of two types of ECs in ccRCC. A novel EC type (POSTN+ and COL3A1+) was identified. (E) IF analysis of the expression of CD31 (green), which is an EC marker, in combination with POSTN (red) and DNA staining using DAPI (blue) within the tissue paraffin sections from ccRCC to verify these novel ECs. (F) Another marker, COL3A1 (green), used to verify the same result. Scale bars, 20 mm. (G) Heat map indicating Pearson correlation coefficient on the average gene expression amongst EC population in type 2 pRCC, ccRCC and normal kidney.



A type of EC with fibroblast characteristics was identified in ccRCC. It expressed COL3A1 (55) and POSTN (Figure 7D). Although the endothelial-to-mesenchymal transition to CAF has been reported in previous studies (68), these cells did not express the markers of CAF (Figure 7D). Given that fibroblast-like EC has not been previously reported, it may only exist in specific tumor tissues, such as ccRCC. Therefore, these cells expressing PECAM1 and POSTN or COL3A1 in ccRCC tissues were labelled. The results indicated that this type of EC expressing fibroblast markers was indeed present in ccRCC (Figures 7E, F). Then, the gene expression similarities between tumor EC and normal renal EC were compared [data from a previous study (31)]. The result of Pearson correlation coefficient demonstrated that the average gene expression in these endothelial cells was very similar (Figure 7G). The heterogeneity amongst these cells may be due to the differences in the expression of a few genes.



Discovery of Some Characteristics in Tumor-Immune Microenvironment via Comparison With Normal Kidney

Monocytes/macrophages were involved in three pathologic RCCs (Figures 1C–E). Especially in pRCC and ccRCC, monocytes/macrophages were classified into many subpopulations by gene markers (Figure 8A). TAM was present in three pathologic RCC, which was defined by GPNMB (58), SLC40A1 (58) and MSR1 (64). Three types of TAM in pRCC were found, namely, proliferative TAM (Pro-TAM), TAM 1 and TAM 2. Pro-TAM not only expressed TAM markers but also specifically expressed the proliferation factor MKI67 (Figure 8A). Although Pro-TAM was previously reported in pRCC (69), the transcriptomic characteristics of such cell in type 2 pRCC have not been reported. In addition, the Pro-TAM was not found in ccRCC or chRCC (Figure 8A), which may be characteristic of the tumor immune microenvironment in pRCC.




Figure 8 | Identification of the macrophage and T cell in TME of RCC. (A) Gene markers distinguishing the various types of macrophage in different TMEs of RCC. (B, D) Heat map showing gene expression of T cell in pRCC and ccRCC. (C) Monocle2-generated pseudo-temporal trajectory of three types of T cell. The arrows represent the direction of cell evolution. (E, F) Comparison of the correlation of TAM and T cells between tumor and normal kidney. (SN: Science paper’s normal kidney, Mo, monocytes; Mac, macrophage; FMo, FCGR3A+ monocyte; N, normal kidney in this study; ch, chRCC; cc, ccRCC; p, pRCC; TAM, tumor-associated macrophage; NKT, natural killer T cell; pPT, pro-T cells in pRCC).



T cells are immune cells with tumor-killing characteristic, especially CD8+ T cells, which were involved in pRCC and ccRCC (Figures 1C, D). In ccRCC, T cells included CD8+ T cells 1, CD8+ T cells 2 and CD4+ T cells (Figure 8D). In pRCC, T cells could be classified into three cell types, namely, CD8+ T cells 1, CD8+ T cells 2 and proliferative T cells (Figure 1C). In accordance with the characteristics of gene expression, a type of T cells specifically expressing MKI67 was found and regarded as proliferative T cells (Figure 8B). Here we found that proliferation T cells infiltrating was a feature of the ccRCC immune microenvironment which was consistent with previously studies (20–22, 70). Pseudo-time trajectory analysis on all T cells was performed in pRCC to further understand the proliferation characteristics of this cell type. The result also verified the feature of proliferative T cells that were almost at the beginning stage of development trajectory (Figure 8C).

Considering the important role of monocytes/macrophages in tumor microenvironment, the correlation of monocyte/macrophage gene expression between three pathologic types of RCC and normal kidney tissue was compared. The monocytes/macrophages in RCC had a very high correlation with their gene expression (Figure 8E). However, the correlation between the gene expression of monocytes/macrophages in RCC and normal kidney was slightly lower than T cells (Figures 8E, F). T cells or NK-T cells did not significantly show this characteristic, and the correlation between them was almost greater than 0.9 (Figure 8F). This finding may indicate that T cells have slight difference in gene expression in RCC and normal kidney.



Integration of scRNA-Seq and GWAS Results and TCGA Data Identified Specific chRCC Cell Type That May Affect Prognosis

All the RCC-related susceptibility gene loci were obtained from the GWAS catalogue (33). After filtering was performed, the susceptible gene loci with p value less than 1 × 10−8 were selected and matched to corresponding genes (Table S7). These susceptible genes were enriched into each cell type of RCC. Twelve of 17 genes associated with RCC were expressed in ccRCC 3 (Figure S9B, cluster 15). In type 2 pRCC and chRCC, no aggregation of susceptible genes in one cell type was observed (Figures S9A, C).

Then, the chRCC data were applied in TCGA to predict the prognosis of three chRCC subpopulations. Six DEGs in chRCC 1 were associated with prognosis (Figure S9D), whilst only two were associated with prognosis in chRCC 2 (Figure S9E). In addition, 14 of 17 DEGs in chRCC 3 were associated with poor prognosis (Table S9). Thus, the composition of different tumor cell types may influence prognosis. chRCC 3 may be a cell type that leads to poor prognosis in chRCC.



Tumor-Cell Interaction With Ligand–Receptor in CAFs and Immune Cells Discovered the Characteristics of Close Relationships Between Type 2 pRCC and CAFs

Here, the ligand–receptor interaction scores between tumor cells and CAFs/immune cells were calculated on the basis of a previous study (36). The cell–cell interaction between tumor cells and CAFs was very close in type 2 pRCC. A total of 118 ligand–receptor interaction scores were greater than 1 (Figure 9A). In particular, these ligands–receptors (ITGB1-COL1A2, ITGB1-COL1A1, ITGB1-COL3A1, CD63-TIMP1 and ITGB1-FN1) interacted more closely between type 2 pRCC and CAFs (Figure 9A). CAFs were visualized using immunostaining to understand the spatial location of CAFs within type 2 pRCC. They were located around the tumor cells (Figure 9D). The spatial location of CAFs may contribute to their interaction with tumor cells. Interestingly, ITGB1 upregulation can promote the progression and invasion of gastrointestinal tumors, such as hepatocellular carcinoma and gastric cancer (71, 72). And ITGB1 Upregulation promotes the development and metastasis of renal cell carcinoma (73). Therefore, the interaction between CAFs and pRCC may promote the progression and invasion of pRCC.




Figure 9 | Ligand–receptor interactions in RCC, prediction of drug target pathways and sensitivity to drug responses. (A) Ligand–receptor interactions in type 2 pRCC and CAFs. (B) Ligand–receptor interactions in ccRCC and CAFs. (C) Ligand–receptor interactions in type 2 pRCC and immune cells. (D) Spatial CAF location verified in type 2 pRCC using the CAF marker ACTA2 (green), epithelial cell marker KRT8 (red) and DNA staining via DAPI (blue) within the tissue paraffin sections from human type 2 pRCC samples. Scale bars, 50 μm. (E) Prediction of activation of drug target pathways. (F) Prediction of activation of drug sensitivity to drug responses. *p < 0.05, ***p < 0.01 and ****p < 0.001.



Then, the ligand–receptor interactions between four different ccRCC cell types and CAFs were analysed (Figures 9B, S10A). CcRCC 3 and CAFs were strongly correlated, especially CAF 2 (Figure 9B).Meanwhile, the cell–cell interaction between RCC and immune cells was calculated. In type 2 pRCC, the cell–cell interaction between type 2 pRCC and TAM 1 was strongly correlated (Figure 9C). However, the interaction between tumor cells and immune cells was significantly reduced in ccRCC and chRCC (Figures S10B, C).



Prediction of Drug Target Pathways and Sensitivity to Drug Responses by scRNA-Seq Results

Given the heterogeneity of tumor cells, the drug target pathways differed amongst various pathologic types of RCC. Using single-cell gene sets involved in drug target pathways and by calculating the GSVA score (37), the relative activation status of the drug target signatures across type 2 pRCC, ccRCC and chRCC was assessed. A total of 12 common drug target pathways were included in this analysis. Most pathways were distinctly regulated in the three pathological types, leading to drug sensitivity difference (Figure 9E). Type 2 pRCC and ccRCC were more active than chRCC in RCC classical pathways, such as EGFR and VEGFR pathways, whilst chRCC was more active in MTOR pathway (Figure 7E). Subsequently, the sensitivity of 13 targeted drugs in type 2 pRCC, ccRCC and chRCC was predicted. The efficiency of signaling pathway activation for drug sensitivity was predicted on the basis of a ridge regression model (74) and public gene expression profiles and drug sensitivity data were used as a training set (41). After the prediction of drug sensitivity, the targeted drugs (afatinib, axitinib, crizotinib, erlotinib and gefitinib) were more favorably sensitive in ccRCC than in other types of RCC (Figure 9F). type 2 pRCC was more sensitive in targeted drugs such as cabozantinib, dasatinib, foretinib, pazopanib, selumetinib, sorafenib, sunitinib and temsirolimus but chRCC was resistant to almost all these 13 targeted drugs (Figure 9F).




Discussion

Bulk RNA sequencing almost reflects the average expression of mRNA in tumor tissues. This expression is difficult to precisely assess only in tumor cells. In the present study, scRNA-seq of multiple pathological types of RCC revealed the transcriptome of tumor tissues at the single-cell level. The tumor cells could be accurately classified into some subpopulations and separated from non-tumor cells (Figure 2A). The gene expression characteristics of tumor cells could also be identified (Figures 2B–D). Tumor-specific markers could be identified by the characteristics of gene expression in tumor cells (Figures 3A, 4A, D). NDUFA4L2, considered as a specific marker of ccRCC in a previous study (49), was also highly expressed in type 2 pRCC which was verified by our scRNA-seq and IHC-P results. A previous study reported tumor-specific markers (RHCG and LINC01187) of chRCC through bulk RNA sequencing data from TCGA (42), similar results and new tumor-specific markers (SPAG4) were achieved in the present study using scRNA-seq (Figures 4E, F). Although RCC a disease with a potentially high level of tumor heterogeneity (13, 75), we have verified that our results are widely feasible through a certain number of samples (Table S10). The discovery of these tumor markers may provide a new horizon for the clinical diagnosis of RCC. Therefore, scRNA-seq of tumor is a robust method to discover tumor-specific markers.

In addition, the tumor cell type that may be associated with poor prognosis, such as chRCC 3, could be found. DEG analysis in chRCC 3 showed that most of these DEGs led to poor prognosis (Table S9). SPAG4 was a specific marker of chRCC 3, which showed a tendency to have a poor prognosis but no statistical significance (Figure S9F). This result may be reason for the small number of chRCC samples (n=64) in TCGA database. A larger sample database is needed to verify this result.

In this study, some subpopulations of CAFs were found in type 2 pRCC and ccRCC (Figures 6A, D). In type 2 pRCC, most CAFs expressed epithelium markers (KRT8 and KRT18), such as CAF 2, CAF 3 and CAF 4. In previous studies, scholars suggested that EMT is a common source of CAFs (66, 68). In the present study, EMT was hypothesized to be a common biological pattern in type 2 pRCC.

ECs play an important role in tumor growth. Although remarkable progress has been made in the clinical efficacy of anti-vessel drugs, the effect of these agents remains transient (76). Many reasons could be attributed to this result. Therefore, the scRNA-seq of ECs in tumor tissues may provide more valuable biological characteristics. A previous study identified CLEC14A as a marker of tumor ECs (77). Indeed, this result was also verified in the present study. In addition, CLEC14A was highly expressed in all the captured tumor EC types (Figures 5B, D). ECs also expressed VEGFA or VEGFC in type 2 pRCC (Figure 7B). Although previous studies have reported how VEGF regulates the growth of ECs (78–80), few studies have reported that tumor ECs self-regulates through autocrine VEGF. Not all tumor ECs possess this characteristic, which may be associated with tumor heterogeneity, and scRNA-seq is a good method to reveal this. Given the samples for scRNA-seq were small, there were some limitation in this study. It is difficult to compare the tumor heterogeneity between more patients who suffered from type 2 pRCC and chRCC. Fortunately, the number of cells captured in each sample was abundant and the transcriptome information of these cells was of high quality. And some of the important results that we discovered with scRNA-seq have been validated by at least 5 different human samples. Thus, we deem that our results are reliable. We hope to apply single-cell multi-omics techniques in future RCC studies, such as chromatin accessibility, cellular transcriptome and spatial transcriptome techniques. The heterogeneity of RCC may be better revealed by integrating multiple dimensions of DNA, mRNA and spatial location at single-cell level.

In conclusion, a comprehensive, single-cell resolution, multiple pathologic transcriptome map of RCC was provided in this study. A number of novel tumor markers of RCC were discovered, which could have a potential value in diagnosing RCC by scRNA-seq. In addition, some new cell types, such as proliferative fibroblast and fibroblast-associated EC, were identified using scRNA-seq. Comparative analysis between normal kidney and RCC enhanced the understanding of tumor-immune microenvironment. Taken together, this study considerably enriched the single-cell transcriptomic information for RCC, which could provide new insights into the diagnosis and treatment of RCC.
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Objective

Suppression of bromodomain and extra terminal (BET) proteins has a bright prospect to treat MYC-driven tumors. Bromodomain containing 4 (BRD4) is one of the BET proteins. ARV-825, consisting of a BRD4 inhibitor conjugated with a cereblon ligand using proteolysis-targeting chimera (PROTAC) technology, was proven to decrease the tumor growth effectively and continuously. Nevertheless, the efficacy and mechanisms of ARV-825 in gastric cancer are still poorly understood.



Methods

Cell counting kit 8 assay, lentivirus infection, Western blotting analysis, Annexin V/propidium iodide (PI) staining, RNA sequencing, a xenograft model, and immunohistochemistry were used to assess the efficacy of ARV-825 in cell level and animal model.



Results

The messenger RNA (mRNA) expression of BRD4 in gastric cancer raised significantly than those in normal tissues, which suggested poor outcome of patients with gastric cancer. ARV-825 displayed higher anticancer efficiency in gastric cancer cells than OTX015 and JQ1. ARV-825 could inhibit cell growth, inducing cell cycle block and apoptosis in vitro. ARV-825 induced degradation of BRD4, BRD2, BRD3, c-MYC, and polo-like kinase 1 (PLK1) proteins in four gastric cancer cell lines. In addition, cleavage of caspase 3 and poly-ADP-ribose polymerase (PARP) was elevated. Knockdown or overexpression CRBN could increase or decrease, respectively, the ARV-825 IC50 of gastric cancer cells. ARV-825 reduced MYC and PLK1 expression in gastric cancer cells. ARV-825 treatment significantly reduced tumor growth without toxic side effects and downregulated the expression of BRD4 in vivo.



Conclusions

High mRNA expression of BRD4 in gastric cancer indicated poor prognosis. ARV-825, a BRD4 inhibitor, could effectively suppress the growth and elevate the apoptosis of gastric cancer cells via transcription downregulation of c-MYC and PLK1. These results implied that ARV-825 could be a good therapeutic strategy to treat gastric cancer.
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Introduction

According to the latest World Cancer Report released by the World Health Organization Research Agency for 2020, gastric cancer ranked fifth in the incidence of most common cancers worldwide (1). In 2015, the crude incidence of gastric cancer in China ranked second among common malignant tumors. The mortality rate of gastric cancer was 21.16 per 100,000, in China in 2015, ranking third among malignant tumors (2).

Previous studies have displayed that the onset and development of gastric cancer are intricate processes. At present, the mechanism of gastric cancer remains poorly determined (3, 4). Therefore, a deep insight on the related mechanism of gastric cancer and the search for markers or therapeutic targets with high sensitivity and specificity are useful to improve the quality of life and increase the survival rate of patients with gastric cancer. In order to solve various problems in cancer treatment, many studies also provided direction for our treatment of gastric cancer, such as polarized macrophages, for enhancing tumor targeting and drug sensitivity (5, 6), induced pluripotent stem cells (iPS) enhancing immunotherapy against cancer (7), and review in tumor microenvironment (8).

Bromodomains (BRDs) are protein interaction domains that can identify selectively and bind acetylated histones. The BET proteins (BRD4, BRD3, BRD2, and BRDT) are four important family members of 47 bromodomain-containing proteins (9–11). Aberrant transcription is an index of many diseases. BET proteins have a major part to play in the interaction of transcription complexes with transcription activation. BRD4 is one of the widely studied and important BET proteins in cancer and is generally considered as an epigenetic reader that activated RNA polymerase II to combine active chromatin markers with transcriptional elongation. BRD4 is enriched at MYC super enhancer region and activates MYC transcription (12, 13).

Therefore, inhibition of BRD4 activity could suppress MYC transcription pathway activity and then block the process of cancer development. A series of highly specific inhibitors of BRD4 have been researched and developed. For instance, JQ1 could target tumor-related genes specific for super enhancers and inhibit tumor proliferation and migration in various cancers (14, 15), including gastric cancer (16, 17), breast cancer (18), medulloblastoma (19), pancreatic ductal adenocarcinoma (20), and renal cell carcinoma (21). The BRD4 inhibitor OTX015 is in ongoing phase I clinical trials to treat patients with not only solid tumors but also hematological malignancies and shows a wide range of antitumor activities (22–25).

Although previous results indicated that JQ1 and OTX015 have the effect of inhibiting tumors, they also have disadvantages. JQ1 and OTX015 can reaccumulate BRD4 protein and suppress MYC incompletely because of reversibility (26), which results in a higher concentration of the inhibitors being used. To develop better BRD4 inhibitors, proteolysis-targeting chimeras (PROTACs) have emerged (27). PROTACs are blended through a flexible chemical linker combining small molecule drugs with a ligand binding to target proteins; target proteins can be recruited to the ligase and degraded by the ubiquitin–proteasome system (28, 29). ARV-825 consists of OTX015 and the E3 ubiquitin ligase cereblon (CRBN) using PROTAC technology, which degraded BRD4 more efficiently (27). ARV-825 has been studied to treat pancreatic cancer (30, 31), vemurafenib-resistant melanoma (32), cholangiocarcinoma (33), thyroid carcinoma (34), and acute myeloid leukemia (35, 36). ARV-825 could play a critical role in neuroblastoma therapy (37) and T-cell acute lymphoblastic leukemia (38). However, to date, the efficacy of ARV-825 in gastric cancer remains poorly determined. Therefore, the aim of this research is to confirm the antitumor activity and potential mechanisms of ARV-825 against BET proteins in gastric cancer. The effect and mechanisms of ARV-825 treating gastric cancer are shown in Scheme 1.




Scheme 1 | Schematic illustration of ARV-825 treating gastric cancer. (A) Technical roadmap of ARV-825 treating gastric cancer. (B) Schematic diagram of ARV-825 degrading BRD4. (C) Molecular mechanism of ARV-825 treating gastric cancer. Ub, ubiquitin; E2, ubiquitin-conjugating enzyme; cereblon, E3 ubiquitin ligase; Ac, acetylation modification site.





Methods and Materials


Cell Culture

The human gastric cancer cell lines, MGC803, HGC27, AGS, SGC7901, BGC823, and SNU-216, were purchase from the cell bank of the Chinese Academy of Science and identified by short tandem repeat analysis within 3 years. Cells were maintained at 37°C with 5% CO2. MGC803, HGC27, SGC7901, and BGC823 were cultured in Dulbecco’s modified Eagle’s medium (DMEM) medium; AGS and SNU-216 were cultured in Roswell Park Memorial Institute (RPMI)-1640 medium; medium (Thermo Fisher Scientific) containing 100 U/ml penicillin–streptomycin (Millipore Sigma); and 10% fetal bovine serum (FBS) (Biological Industries).



Lentivirus Preparation and Infection

CRBN was overexpressed in pLX304-CRBN-V5 vector (39). The short hairpin RNA (shRNA) of CRBN (the sequences: CCGGGCCCACGAATAGTTGTCATTTCTCGAGAAATGA CAACTATTCG) was constructed in the pLKO.1 vector (40). Envelop plasmid pMD2.G (Cat: 12259, Addgene), packaging plasmid psPAX2 (Cat: 12260, Addgene), and CRBN plasmid were cotransfected into 293FT cells. 293FT cells were transfected for 6 h and cultured with fresh medium for 48 h. The viral supernatant was collected and filtered. Lentiviruses were incubated with gastric cancer cells for 24 h. Puromycin or blasticidin (Sigma-Aldrich) was used to screen for stable cell lines.



Cell Viability Assay

Gastric cancer cells (1 × 104) were cultured in 96-well plates per well overnight; ARV-825, OTX015, and JQ1 (Cat: HY-16954, HY-15743, HY-13030, MedChemExpress) with different concentrations were added into each well. At 72 h after ARV-825 treatment, CCK8 (Dojindo) was added into 96-well plates per well with previous methods (41). A reader (Thermo Fisher Scientific) read absorbance at 450 nm. Data analysis was conducted by Graph Prism software 8.4.0.



Clone Formation Assay

MGC803, HGC27, AGS, and SGC7901 cells (1,000–2,000) were cultured in six-well plates per well, respectively. ARV-825 of different concentrations were added to treat cells after 24 h. Incubated with 5% CO2 at 37°C for 2 weeks, the gastric cancer cells were fixed with 100% methanol for 15 min and stained with Giemsa for 1 h (Solarbio). The six-well plates were scanned, and the number of clones was counted.



Cell Cycle Analysis

Gastric cancer cells were collected and centrifugated at 180g for 4 min, suspended in cold 70% ethanol overnight, washed with phosphate-buffered saline (PBS), and incubated for 1 h with light-free at room temperature after adding propidium iodide (Cat. P4170, Sigma). The cell cycles were tested by a Beckman Gallios™ Flow Cytometer (Beckman).



Cell Apoptosis Assay

Cell apoptosis was assessed as previous protocols (42). Gastric cancer cells were treated with ARV-825 of different concentrations. At 72 h after treatment, the cells were trypsinized, centrifugated at 180g for 4 min and washed with PBS. The cells were suspended in binding buffer and stained using the fluorescein isothiocyanate-Annexin V apoptosis kit (Cat. 556420, BD Biosciences). The cell apoptosis was tested and analyzed by a Beckman Gallios™ flow cytometer.



Western Blotting Analysis

Western blotting analysis was carried out as previous protocols (42). Gastric cancer cells were seeded into six-well plates per well; ARV-825 of different concentrations were added to treat cells. After treated with ARV-825 for 72 h, the cells were harvested and extracted by in radioimmunoprecipitation assay (RIPA) buffer. The supernatant was added with loading buffer (Cat. B1012-100, Applygen Technologies) and boiled for 10 min at 98–100°C. Sodium dodecyl sulfate polyacrylamide gel electrophoresis (SDS-PAGE) was performed on proteins and electrotransferred to polyvinylidene fluoride (PVDF) membranes. The membranes were incubated with 5% skimmed milk powder solution and then incubated with primary antibodies at 4°C overnight: anti-BRD4 (Cat. 13440s), anti-BRD2 (Cat. 5848s), anti-poly-ADP-ribose polymerase (PARP) (Cat. 9542), anticleaved-caspase 3 (Cat. 9664), and c-Myc (Cat. 9402) were purchased from Cell Signaling Technology. Other primary antibodies are listed below: anti-BRD3 (Cat. 11859-1-AP, Proteintech), anti-CRBN (Cat. HPA045910, Sigma-Aldrich), anti-polo like kinase 1 (PLK1) (Cat. ab17056, Abcam), and antiglyceraldehyde-3-phosphate dehydrogenase (GAPDH) (MA3374, Millipore). The membranes were incubated with horseradish peroxidase-conjugated (HRP) secondary antibodies: goat antimouse IgG and goat antirabbit IgG (Jackson ImmunoResearch). The immunoreactive proteins were revealed and analyzed using an ECL detection kit (Pierce) and a LAS 4010 imaging system (GE).



RNA-Sequencing and Analysis

RNA-sequencing (RNA-seq) was implemented using the protocols provided by Novogene (Novogene Co., Ltd.). Total RNA of gastric cancer cells was extracted by the TRIzol® reagent (Invitrogen). First, RNA was reverse transcribed to cDNA for library construction and sequencing. RNA-seq procedure was performed on HGC27 cells treated with ARV-825 (n = 3) or dimethyl sulfoxide (DMSO) (n = 3). Genes of differential expression (|log2fold change| > 1 and p < 0.05) were identified using Bioconductor limma analysis according to DAVID Bioinformatics Resources v6.8 (https://david.ncifcrf.gov). Gene set enrichment analysis (GSEA) identified a series of genes that were performed to detect cellular pathways that influenced the cell apoptosis induced by ARV-825 according to the GSEA Application (http://www.broadinstitute.org/gsea/).



In Vivo Xenografts Tumor Model

The animal experiments complied with the requirements of the Institutional Animal Care and Use Committee of Shanghai Jiao Tong University (No. 201801054). Four-week-old male nude mice (Lingchang BioTech, n = 6 per group) were injected subcutaneously 5 × 106 HGC27 cells in their front flank. Tumor size was measured every 3 days. The calculation formula of tumor volume is (length × width × height)/2. After 2 weeks, when the size of the engrafted tumor came to about 100 mm3, the mice were injected intraperitoneally either ARV-825 at 10 mg/kg or menstruum control (10% Kolliphor®HS15, BASF) every day. The mice were sacrificed when the tumors in the control group exceeded 1,000 mm3. The tumors were excised and then embedded in paraffin for immunohistochemistry.



Immunohistochemistry

Immunohistochemistry was carried out as previous protocols (43). The Ki-67 antibody (Cat. ab15580, Abcam) and HRP/DAB detection kit (Cat. ab64261, Abcam) were used. Tissue sections of immunohistochemical staining were examined using the Olympus BX41 imaging system. The calculation formula of the total scoring (TS) was as follows: TS = the intensity (I) × the percentage of positive cells (P).



Statistical Analysis of Data

SPSS software version 20.0 (IBM) was used to analyze the data. Significant difference of data was analyzed by Student’s t-tests. GraphPad Prism version 8.4.0 was used to draw the figures. In the figures, means ± the standard deviation (SD) is shown; p-values < 0.05, the results were statistically significant, for which *p < 0.05, **p < 0.01, and ***p < 0.001.




Results


High mRNA Expression of BRD4 Is Associated With Poor Prognosis in Patients With Gastric Cancer

Expression of BRD4 was measured in different kinds of tumors, which was displayed using gene expression profiling interactive analysis (GEPIA, http://gepia.cancer-pku.cn/index.html), which illustrated that mRNA expression of BRD4 in tumor tissue was raised remarkably than that in normal tissue only in stomach adenocarcinoma (STAD) and esophageal adenocarcinoma (ESCA, Figure 1A). High mRNA expression of BRD4 was associated with poor overall survival of patients with gastric cancer (Figures 1B, C). The criterion of categorizing high or low expression was median survival time.




Figure 1 | BRD4 mRNA expression in tumor tissues and normal tissues. (A) BRD4 mRNA expression in tumor tissues and normal tissues (generated from the web site: http://gepia.cancer-pku.cn/index.html). The mRNA expression of BRD4 in gastric cancer raised significantly than that in normal tissues, there is a similar performance in esophageal adenocarcinoma tissues and normal tissues. STAD, stomach adenocarcinoma; ESCA, esophageal carcinoma; HNSC, head and neck squamous cell carcinoma; KICH, kidney chromophobe; BLCA, bladder urothelial carcinoma; KIRC, kidney renal clear cell carcinoma; UCEC, uterine corpus endometrial carcinoma; THCA, thyroid carcinoma; COAD, colon adenocarcinoma; LUSC, lung squamous cell carcinoma; KIRP, kidney renal papillary cell carcinoma; READ: rectum adenocarcinoma; BRCA: breast invasive carcinoma; PRAD, prostate adenocarcinoma; LUAD, lung adenocarcinoma; LIHC, liver hepatocellular carcinoma. (B) Overall survival curve including 56 patients with gastric cancer. Kaplan–Meier curves were generated from gastric tumor (Tan-56-fRMA-u133p2; source: GEO ID, gse34942). (C) Overall survival curve including 192 patients with gastric cancer (Tan-192-fRMA-u133p2; source: GEO ID, gse15459). Survival curve data originated from R2 Platform (http://r2.amc.nl). The cutoff point of high or low BRD4 expression was median survival time. ***p < 0.001.





ARV-825 Suppresses Cell Viability of Gastric Cancer Cells

BRD4, BRD2, and BRD3 were abundantly expressed in MGC803, HGC27, AGS, SGC7901, BGC823, and SNU-216 cells (Figure 2A), implying that the BET proteins were diffusely expressed in gastric cancer cells. ARV-825 consists of CRBN and OTX015. The effect of increasing doses of ARV-825 on gastric cancer cell lines incubated for 72 h was evaluated. CCK8 assays showed that a dose-dependent decrease in gastric cancer cell viability was observed after ARV-825 treatment (Figure 2B). The chemical structures of ARV-825, OTX015, and JQ1 are shown in Figure 2C. HGC27 and MGC803 had lower IC50 than other gastric cancer cells. The IC50 values of other BRD4 inhibitors, such as OTX015 and JQ1, were compared with that of ARV-825 in gastric cancer cells (Figure 2D). The results showed that ARV-825 had lower IC50 values and showed a better suppression effect on gastric cancer cell viability than OTX015 and JQ1. Decreased quantity and shrinkage of the volume of gastric cancer cell were examined in the group treated with ARV-825 (Figure 2E), compared with that in the untreated control group. Clonal formation assay was applied to observe the influence of ARV-825 on the long-term growth of gastric cancer cells (Figure 3A); ARV-825 suppressed dose dependently the clonal formation of MGC803, HGC27, AGS, and SGC7901 cells. In conclusion, these findings showed that ARV-825 had antiproliferative effect in gastric cancer cells; the number of clones of ARV-825-treatment groups was remarkably lower compared with that of control groups (Figure 3B).




Figure 2 | ARV-825 suppresses the viability of gastric cancer cells. (A) BET protein levels in gastric cancer cells. (B) Viability of gastric cancer cells treated with ARV-825 at different concentrations. Values of IC50 have been calculated and shown on the graph. (C) Chemical structures of ARV-825, OTX015, and JQ1. (D) The cell viability of MGC803, HGC27, AGS, and SGC7901 cells treated with ARV-825, OTX015, and JQ1. (E) Morphology of MGC803, HGC27, AGS, and SGC7901 cells treated with ARV-825.






Figure 3 | ARV-825 suppresses clonal formation of gastric cancer cells. (A) ARV-825 suppressed dose dependently the clonal formation of gastric cancer cells. (B) Clone numbers of gastric cancer cells had remarkable difference between the ARV-825 treatment group and the control group. ***p < 0.001.





ARV-825 Induces the Degradation of BRD4 Related to CRBN

MGC803, HGC27, and BGC823 express substantial amounts of CRBN, while AGS, SGC7901, and SNU-216 cells have relatively low expression of CRBN (Figure 4A). The effect of ARV-825 in gastric cancer cells is associated with CRBN expression. Knockdown of CRBN expression in MGC803 and HGC27 cells could decrease partly the growth inhibition influence of ARV-825 (Figures 4B, D). By contrast, overexpression of CRBN in gastric cancer cells significantly increased the sensitivity of AGS and SGC7901 cells to ARV-825 (Figures 4C, E). These results suggested that CRBN is associated with the growth inhibition activity of ARV-825.




Figure 4 | CRBN performs an important role in response to ARV-825 in gastric cancer cells. (A) CRBN protein levels in gastric cancer cells by Western blotting analysis. (B) Western blotting analysis showing CRBN protein level after knockdown CRBN by sh-CRBN lentivirus in MGC803 cells and HGC27 cells. KD, knockdown, Scr, Scramble. (C) Western blotting analysis showing CRBN protein level after overexpressing CRBN in AGS cells and SGC7901 cells. OE, overexpression. (D) Cells of knockdown CRBN increased cell viability after treated with ARV-825 in MGC803 cells and HGC27 cells. (E) Cells of overexpressing CRBN decreased cell viability after treated with ARV-825 in AGS cells and SGC7901 cells. **p < 0.01, ***p < 0.001.





ARV-825 Induces Cell Cycle Block and Apoptosis in Gastric Cancer Cells

We investigated whether ARV-825 could regulate the cell cycle in gastric cancer cells. MGC803, HGC27, AGS, and SGC7901 cells were treated with ARV-825 for 24 h to perform cell cycle analysis. Compared with the control group, the ARV-825 treatment group showed an increase in the ratio of G1 phase cells and a reduction in the ratio of G2 and S phases cells simultaneously (Figure 5A). Apoptosis of gastric cancer cells was also examined after ARV-825 treatment. The Annexin V/PI staining analysis demonstrated that ARV-825 increased cell apoptosis, presenting dose dependence. The ratio of apoptotic cells in the groups with ARV-825 treatment increased dose dependently in contrast to control groups (Figures 5B, C). Western blotting analysis revealed that ARV-825 could increase activation of PARP and caspase-3 in the four gastric cancer cell lines (Figures 6A, B). These results demonstrated that ARV-825 could induce cell cycle block and apoptosis of gastric cancer cells.




Figure 5 | ARV-825 induces cell cycle block and apoptosis of gastric cancer cells. (A) ARV-825 increased ratio of G1 phase cells and simultaneously decreased the ratio of S phase and G2 phase cells in MGC803, HGC27, AGS, and SGC7901 cells via cell cycle analysis. (B) The ratio of apoptotic cells among gastric cancer cells increased dose dependently after treated with ARV-825 via cell apoptosis analysis. (C) The ratio of apoptotic cells markedly elevated dose dependently in gastric cancer cells with ARV-825 treatment. **p < 0.01, ***p < 0.001.






Figure 6 | ARV-825 degrades BET proteins in gastric cancer cells. (A) ARV-825 robustly degraded BET protein and induced caspase 3 and PARP cleavage in MGC803 and HGC27 cells. (B) ARV-825 robustly degraded BET protein and induced caspase 3 and PARP cleavage in AGS and SGC7901 cells.





ARV-825 Degrades BET Proteins in Gastric Cancer Cells

ARV-825 robustly degrades BRD4 protein via the ubiquitin–proteasome system, which consists of a CRBN-recruiting moiety and OTX015. Therefore, we observed the BET protein levels in gastric cancer cells with ARV-825 treatment. Western blotting analysis illustrated that ARV-825 displayed efficient degradation of BRD4 in four gastric cancer cells (Figures 6A, B). In addition, ARV-825 could decrease simultaneously BRD2 and BRD3 (Figures 6A, B). Gastric cancer cells treated with ARV-825 also resulted in PARP and caspase 3 cleavage. The experimental progress indicated that ARV-825 could downregulate expression level of BET protein in gastric cancer cells.



ARV-825 Downregulates MYC and PLK1 Expression in Gastric Cancer Cells

To determine the potential mechanism of ARV-825, RNA-seq was used to screen and analyze genes (GEO ID: GSE179581). As shown in Figure 7A, under the condition of |log2fold change | > 1 and an adjusted p < 0.05, compared with those in the control group, 3,584 genes were identified as upregulated and 3,515 genes were downregulated in HGC27 cells of ARV-825 treatment. We continued to analyze the signaling pathways and identify associated genes. ARV-825 markedly downregulated the expression levels of E2F2, CDC45, RBL1, CDC25A, CDK1, PLK1, MYC, SLC19A1, MCM5, MCM4, HK2, SRM, UNG, CDK4, and CDK2 (Figure 7B). All the significant GSEA hallmarks have been shown in Supplementary Table S1; HALLMARK_G2M_CHECKPOINT and HALLMARK_MYC_TARGETS, which are related with cell-cycle functions, are the top 5 negative hallmarks. GSEA plots showed gene enrichment in HALLMARK_G2M_CHECKPOINT and HALLMARK_MYC_TARGETS signaling pathways after ARV-825 treatment in HGC27 cells. Many genes in the G2M_CHECKPOINT and MYC_TARGETS signaling pathways were downregulated (Figure 7C), MYC and PLK1 genes were both downregulated in these two signaling pathways. As expected, Western blotting analysis confirmed that c-Myc and PLK1 protein levels decreased dose dependently with ARV-825 treatment in MGC803, HGC27, AGS, and SGC7901 cells (Figure 7D). These results revealed that ARV-825 disturbed BRD4-mediated MYC and PLK1 transcription, resulting in decreasing c-Myc and PLK1 protein levels.




Figure 7 | ARV-825 decreases MYC and PLK1 expression in gastric cancer cells. (A) Volcano plot analysis of the RNA-seq illustrated expression changes of genes in HGC27 cells between ARV-825 treatment group and the control group. Genes highlighted in red were upregulated, and those in blue were downregulated; black indicates unchanged expression. (B) Heat-map view displayed the genes of differential expression in HGC27 cells treated with 125 nM ARV-825 (|log2fold change> 1, p < 0.05); these genes included c-Myc and PLK1 targets. Each column indicates a sample; each row indicates a gene, The color changes with different expression of each gene. Blue represents downregulation; red represents upregulation. (C) GSEA plots displayed gene enrichment in HALLMARK_MYC_TARGETS and HALLMARK_G2M_CHECKPOINT signaling pathways in HGC27 cells treated with ARV-825. (D) PLK1 and c-Myc protein levels were decreased by ARV-825 treatment in MGC803, HGC27, AGS, and SGC7901 cells.





ARV-825 Suppresses Tumor Growth in The Xenograft Tumor Model

To study the antitumor effect of ARV-825 in vivo, a xenograft model of gastric cancer using HGC27 cells was established. ARV-825 at 10 mg/kg was intraperitoneally injected into mice daily when the volume of subcutaneous tumor achieved about 100 mm3. The tumor burden of the ARV-825 treatment group was significantly reduced (Figures 8A, C, D) in contrast to that in the control group.




Figure 8 | ARV-825 suppresses tumor growth in the xenograft tumor model. Nude mice (n = 6) of HGC27 xenograft tumor were injected intraperitoneally by 10 mg/kg ARV-825 or menstruum control (10% Kolliphor®HS15) daily for 20 days. (A) Changes in the tumor volume in mice treated with ARV-825 and menstruum control. (B) The weight of mice was monitored during the experiment. (C) Pictures of xenograft tumors from mice treated with ARV-825 and menstruum control. (D) Tumor weight from mice treated with ARV-825 and menstruum control. (E) Immunohistochemical staining of Ki67 from xenograft tumors. (F) Immunohistochemical scoring of Ki67 staining from xenograft tumors. The total scoring (TS) = the intensity (I) × percentage of positive cells (P). (G) BRD4 protein levels in xenograft tumors. (H) ARV-825 inhibited BRD4 protein levels from xenografted tumors. n.s, not significant, **p < 0.01; ***p < 0.001.



Meanwhile, the treatment group and control group had no remarkable difference in mouse body weight (Figure 8B). Immunohistochemical analysis showed that the ratio of Ki67-positive cells was markedly lower in tumors with ARV-825 treatment than that in the control group (Figures 8E, F), illustrating the tumor-inhibiting effect of ARV-825. Furthermore, the levels of BRD4 protein were downregulated significantly by ARV-825 treatment in vivo (Figures 8G, H). These results indicated that ARV-825 could remarkably suppress the tumor growth of gastric cancer without obvious side effects.




Discussion

Gastric cancer has a high incidence rate and high mortality rate in China (44). The mechanism of gastric cancer remains poorly understood (3, 4). Treatment of advanced gastric cancer remains a challenge, especially for patients with drug insensitivity or metastasis. For this reason, it is urgent and essential to understand the mechanism of the occurrence and development of gastric cancer and find drug targets to treat gastric cancer.

In 2013, Young’s laboratory defined the super enhancer (SE), based on research into enhancers in embryonic stem cells (45, 46). Super enhancers are 8–20 kb long cis-acting elements with transcriptional enhancement activity, which can enrich the density of master transcription factors, cofactors, and histone modification marks. They also activate the expression of identity determining genes in stem cells and have a major part to play in regulating cell fate. The expression of super enhancer-related genes is more easily affected by transcriptional interference; therefore, the application of transcriptional interference agents in tumor cells might be an effective strategy to treat tumors and develop new drugs. As protein interaction domains, bromodomains (BRDs) can selectively identify and bind acetylated histones in the super enhancer region. The BET proteins (BRD4, BRD3, BRD2, and BRDT) can read acetyl-lysine residues of histones and have a major part to play in transcriptional elongation (9–11). Inhibitors (such as JQ1) targeting BRD4 can target tumor-specific super enhancer-related genes in various kinds of tumors and suppress tumor proliferation and migration (14, 15).

The effectiveness of JQ1 has been reported in many previous studies (16–21), including those of gastric cancer (16, 17). OTX015, another BRD4 inhibitor, shows a wide range of antitumor activities (22–25). The actions of OTX015 and JQ1 are reversible, resulting in partial suppression of MYC and the reaccumulation of BRD4 protein (26). To address the limitations of OTX015 and JQ1, proteolysis targeting chimeras (PROTAC) have emerged. ARV-825 consists of OTX015 and the E3 ubiquitin ligase cereblon (CRBN) used in PROTAC technology via a flexible chemical linker, which could efficiently degrade BRD4 (27).

ARV-825 has been studied to treat pancreatic cancer (30, 31), vemurafenib-resistant melanoma (32), cholangiocarcinoma (33), thyroid carcinoma (34), acute myeloid leukemia (35, 36, 38), and neuroblastoma therapy (37). These studies demonstrated that ARV-825 had a more effective inhibition on BRD4 protein. In this study, ARV-825 in gastric cancer had lower IC50 than that of JQ1 and OTX015, more thorough degradation of BRD4 and less toxicity and side effects in vivo. ARV-825 could effectively degrade BRD2 and BRD3 beside BRD4 in vitro and in vivo. Similar findings were revealed in other studies using BETi and OTX015 treatment (40, 47). Presumably, the reason is that BET family members have highly homologous domains (48). Further study is needed to determine mechanism of BET inhibitors. As an E3 ubiquitin ligase, CRBN (cereblon) can recruit target proteins and efficiently boost the degradation of target proteins via the ubiquitin–proteasome system. Our results revealed that CRBN expression had a major part to play in the inhibition of ARV-825 in gastric cancer cells; knockdown CRBN could decrease the inhibition of ARV-825 in MGC803 and HGC27 cells. Correspondingly, CRBN overexpression raised the inhibition of ARV-825 in AGS and SGC7901 cells. Particularly, the sensitivity of SGC7901 cells to ARV-825 increased dramatically. These findings were aligned with a previous research that the CRBN expression level was regarded as an indicator of ARV-825 efficacy (49).

RNA-seq and Western blotting analysis showed how ARV-825 influenced gene expression in gastric cancer cells. The findings demonstrated that inhibiting BRD4 by ARV-825 led to an expression reduction in MYC and PLK1 at mRNA and protein levels in gastric cancer cells. Ba Mingchen et al. also described that BRD4 could boost the growth of gastric cancer cells by activating c-Myc signaling pathway (50). GSEA plots showed the enrichment of genes in signaling pathways after ARV-825 treatment of HGC27 cells. C-Myc and PLK1 were both downregulated in the MYC_TARGETS and G2M_CHECKPOINT signaling pathways. Wu et al. (38) reported that ARV-825 inhibited T-cell acute lymphoblastic leukemia by Myc-pathway genes; RNA-Seq data in this paper also revealed negative hallmark_myc_targets, which was verified by our research results in gastric cancer.

Thousands of up- and downregulated genes were identified by RNA-seq analysis, among which MYC and PLK1 were confirmed as downregulated makers after treatment with ARV-825 in gastric cancer cells. This research found that PLK1 is an important target gene in gastric cancer in addition to MYC. PLK1 is a good target for many tumors. Cai et al. revealed that high expression of PLK1 in gastric cancer cells augmented the metastatic ability of tumor cells (51). Otsu et al. reported that patients had poor recurrence-free survival in the case of high PLK1 expression and DNA aneuploidy (52). Dang et al. analyzed tumorigenesis and investigated whether BI6727 (an inhibitor of PLK1) could effectively inhibit growth of the tumors (53). ARV-825 may have a good antitumor effect on PLK1 high expression tumor; how ARV-825 downregulate PLK1 is our subject in the following study. Further investigation of the RNA-seq data in gastric cancer will likely identify new drug targets and important signaling pathways. Many other genes are still waiting to be discovered.

In the xenograft model, ARV-825 suppressed the xenograft tumor growth of HGC27 cells. ARV-825 could downregulate BRD4 protein level in vivo in consistence with results in vitro. This further verified that ARV-825 could block BRD4-MYCN pathway effectively. It also showed that body weight gain had no statistically significance between mice treated with ARV-825 and the control group. Other obvious side effect was not detected in organs from mice with ARV-825 treatment. A recent report has indicated that mice with JQ1 treatment had a decrease in body weight because of impaired adipogenesis capability (54). All of these results states clearly that ARV-825 has good efficacy and is safety.



Conclusions

High expression of BRD4 indicated poor prognosis in patients with gastric cancer. ARV-825, a BRD4 inhibitor, could effectively suppress the growth and elevate the apoptosis of gastric cancer cells via transcription downregulation of c-MYC and PLK1. ARV-825 in gastric cancer had lower IC50, more thorough degradation of BRD4, and less toxicity and side effects in vivo. These results implied that ARV-825 could be a good therapeutic strategy to treat gastric cancer.
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Epithelial-mesenchymal transition (EMT) process, which is regulated by genes of inducible factors and transcription factor family of signaling pathways, transforms epithelial cells into mesenchymal cells and is involved in tumor invasion and progression and increases tumor tolerance to clinical interventions. This study constructed a multigene marker for lung predicting the prognosis of lung adenocarcinoma (LUAD) patients by bioinformatic analysis based on EMT-related genes. Gene sets associated with EMT were downloaded from the EMT-gene database, and RNA-seq of LUAD and clinical information of patients were downloaded from the TCGA database. Differentially expressed genes were screened by difference analysis. Survival analysis was performed to identify genes associated with LUAD prognosis, and overlapping genes were taken for all the three. Prognosis-related genes were further determined by combining LASSO regression analysis for establishing a prediction signature, and the risk score equation for the prognostic model was established using multifactorial COX regression analysis to construct a survival prognostic model. The model accuracy was evaluated using subject working characteristic curves. According to the median value of risk score, samples were divided into a high-risk group and low-risk group to observe the correlation with the clinicopathological characteristics of patients. Combined with the results of one-way COX regression analysis, HGF, PTX3, and S100P were considered as independent predictors of LUAD prognosis. In lung cancer tissues, HGF and PTX3 expression was downregulated and S100P expression was upregulated. Kaplan-Meier, COX regression analysis showed that HGF, PTX3, and S100P were prognostic independent predictors of LUAD, and high expressions of all the three were all significantly associated with immune cell infiltration. The present study provided potential prognostic predictive biological markers for LUAD patients, and confirmed EMT as a key mechanism in LUAD progression.




Keywords: epithelial-mesenchymal transition, lung adenocarcinoma, prognosis, LASSO, risk score



Introduction

Lung adenocarcinoma (LUAD) is the most common subtype of non-small-cell lung cancer (NSCLC), with an increasing incidence and poor patient prognosis (1–3). LUAD is highly heterogeneous and aggressive, which is often associated with genetic mutations (4, 5). In recent years, advances in chemotherapy, radiotherapy, and targeted therapies have reduced LUAD mortality (6–8), but its long-term survival is still dismal when compared with other cancers (9). To the best of our knowledge, the molecular pathogenesis of LUAD remains largely unknown. Therefore, there is an urgent need to investigate the mechanisms of LUAD development in-depth and to search potential key prognostic markers.

In terms of primary tumor, spread of cancer cells resulted from metastasis is a main cause of lung cancer-related death (10). During tumor metastasis, local invasion of primary tumor affects only surrounding tissues, especially stromal cells, and shed tumor cells enter the circulatory system through endocytosis and survive in a fluid circulatory system environment. Tumor cells in circulatory system will in turn penetrate the circulatory system and migrate into distant tissues, forming tiny metastatic clones, which will then form visible metastatic foci through proliferation (11, 12). In such a tumor metastasis process, epithelial-mesenchymal transition (EMT) is a highly critical mechanism, through which epithelial cells lose cell-cell junctions and polarity, resulting in loss of epithelial properties and acquisition of mesenchymal properties with invasive and migratory abilities (13). EMT process is often activated during the development of tumorigenesis and growth, invasion, migration, colonization, and therapeutic resistance (14–16). In recent years, many studies have reported EMT as a marker of poor prognosis in LUAD patients (17, 18). Some studies showed the prognostic significance and biological functions of some EMT-related genes in LUAD (19), but such studies are more at an early stage and lack in-depth analysis.

In this study, we first collected EMT-related genes. Candidate genes were obtained through co-analysis with differentially expressed genes and total survival-related genes in LUAD. Then a gene signature prognostic risk prediction model was constructed by LASSO and COX regression analysis and validated. LUAD patients were divided into two groups of high and low risk according to risk scores, and prognostic significance of these gene signatures in LUAD was assessed through analyzing the correlation between different risk groupings and clinicopathological characteristics of patients.



Methodology


Data Collection

The Tumor Genetic Atlas (TCGA) database and Genotype-Tissue Expression (GTEx) database were downloaded to obtain human cancer gene expression data and clinical data. The information of LUAD samples and other 32 cancer types in TCGA, including clinically relevant pathological parameters and RNA-seq of tumor tissue samples, was assessed according to data completeness of clinical sample and degree of matching with sequenced samples remove duplicate and censored samples as well as cases without clinical outcomes. EMT-related genes were obtained from the Epithelial-Mesenchymal Transition (EMT) gene database (http://www.dbemt.bioinfo-minzhao.org/) download. The independent validation cohorts GSE68465 and GSE68571 were downloaded from the Gene Expression Omnibus (https://www.ncbi.nlm.nih.gov/geo) using the GEO query R package. Tumor name abbreviations and corresponding meanings are given in Supplementary Table 1.



Differentially Expressed Genes

Differentially expressed genes in LUAD were screened using the edgeR package in R software with |logFC|≧1.5 and ADJUST P value<0.05. Volcano plots of the differentially expressed genes were drawn using ggplot2.



Prognostic Risk Modeling and Analysis

LASSO regression was applied to identify genes and develop a gene signature. The effect of gene signature on prognosis was validated by one-way COX regression. Multifactor COX regression was employed to detect prognostically independent predictors and construct a prognostic risk model. The risk score was calculated according to the model, and the median risk score was the threshold to divide patients into high-risk and low-risk groups. Kaplan-Meier survival curves were drawn to compare the survival of high-risk and low-risk patients. Also, the working curves of subjects were drawn, and the area under the curve was calculated to assess the predictive efficacy of the model.



Survival Analysis

Univariate cox regression analysis was done, and forest plots through the “forestplot” R package were used to display the P value, HR, and 95% CI of each variable. Use R software v4.0.3 for statistical analysis. If not otherwise stated, the rank sum test detects two sets of data, and a P value of <0.05 is considered statistically significant.



TIMER Analysis

The TIMER database (http://timer.comp-genomics.org/) was used to analyze the expression of genes in LUAD correlated with immune cell infiltration.



Protein Expression Validation

Immunohistochemical staining maps of protein expression in both liver cancer tissues and normal tissues were downloaded from the HPA database (The Human Protein Atlas) for validating the gene signature.



Gene-Set Enrichment Analysis

RNA-seq profiles were uploaded to GSEA to investigate key gene-related signaling pathways in the high-risk group and the low-risk group. The enriched sets were screened based on a FDR < 0.25 and P < 0.05 after 1,000 permutations.



Cell Culture

The human bronchial epithelial cell line BEAS-2B and human LUAD cell lines NCI-H2009 were all purchased from Beyotime Biotechnology. All the cell lines were cultured in RPMI Medium 1640 (Gibco, USA) containing 10% fetal bovine serum (FBS) (Gibco, USA) and were incubated in a constant temperature incubator at 37°C and 5% CO2 for future use.



Western Blot

The ice‐cold lysate buffer was added to extract cell lines proteins. After centrifugation, the supernatant was extracted (12,000 rpm, 4°C, 10 min), and the protein concentration was measured using a BCA Protein Assay Kit (Beyotime, China). A total of 20 µg protein was separated using 10% SDS/PAGE, and then transferred to the membrane by wet transfer. The membrane was blocked with 5% skimmed milk powder. The primary antibodies of HGF (Abcam, 1:200), PTX3 (Abcam, 1:1,000), S100P (Abcam, 1:1,000), GAPDH (Abcam, 1:1,000) were added into membrane and then incubated overnight in shaking bed at 4℃. Tris‐buffered saline with Tween 20 was used to wash the membrane for three times, 10 min each time. The secondary antibody (Goat Anti-Rabbit IgG, Abcam, 1:2,000) was subsequently added and incubated for 2 h at room temperature. Finally, protein bands were detected using the ECL Western Blot Detection Kit (Beyotime, China), and β‐actin was used as the internal reference protein.




Results


Differentially Expressed Gene Screening

Under the conditions of |logFC|>1 and P<0.05 as the screening conditions, a total of 1,811 differentially expressed genes, including 1,200 downregulated genes and 611 upregulated genes, were obtained from TCGA-LUAD data. The visualization results are shown in the volcano plot (Figure 1A). The prognostic characteristics of the top 20 genes with the most significant single-factor COX analysis in LUAD are shown in Figure 1B. The Epithelial-Mesenchymal transition (EMT) gene database (http://www.dbemt.bioinfo-minzhao.org/) was used to obtain 1,263 EMT-related genes, and the three categories of genes with overlaps were screened to obtain a total of 47 key genes (Figure 1C).




Figure 1 | Screening of differentially expressed genes. (A) Volcano plot showing differentially expressed genes in LUAD; (B) The top 20 total survival-related genes in LUAD; (C) Venn diagram of differentially expressed, survival-related, and EMT-related overlapping genes.





Prognostic Prediction Modeling

LASSO regression analysis was conducted to further narrow the range of prognosis-related genes to ensure the result stability (Figures 2A, B). The risk score for each sample was calculated using the risk score formula:

	




Figure 2 | LASSO regression analysis. (A) Coefficients of selected characteristics are shown by lambda parameters; (B) Partial likelihood deviation plotted against log(l) using LASSO-Cox regression model; (C) Kaplan-Meier survival plots of high and low risk patients; (D) Time-dependent ROC analysis the gene signature.



The median risk score served as the threshold value to divide the patients into high-risk and low-risk groups. The survival curves were plotted (Figure 2C), and the results showed that the survival prognosis of high-risk patients was significantly worse than that of low-risk patients. The ROC curves of this risk score model in predicting the 1-, 3-, 5-year survival of LUAD patients were plotted (Figure 2D), and the AUC areas were 0.712, 0.718, and 0.712, respectively, indicating that this risk model had a high prediction accuracy.



Clinicopathological Characteristics of Different Risk Score Subgroups

Details of the distribution of clinicopathological characteristics of different risk score subgroups (high-risk and low-risk) are shown in a heatmap (Figure 3A), and the details are shown in Table 1. The results of univariate and multifactorial COX regression analyses displayed that risk score, TNM stage, T stage, S100P, HGF, and PTX3 could be used as independent predictors of prognosis of patients with LUAD (Figures 3B–D).




Figure 3 | Clinicopathological characteristics of different risk score groupings. (A) Heatmap showing clinicopathological characteristics of different risk score subgroups; (B) forest plot showing single-factor COX regression analysis gene signature; (C) forest plot showing multifactor COX regression analysis gene signature; (D) forest plot showing multifactor COX regression analysis risk score.




Table 1 | Clinical characteristics of patients in high- and low-risk subgroups (TCGA, n=283).





Validating the Prediction of the Risk Model in Independent Cohort

We constructed a prognosis predicting risk model based on HGF, PTX3, and S100P base on TCGA datasets (Figure 4A). The risk score for each sample was calculated with the risk score formula:

	




Figure 4 | Evaluation of three-gene risk model performance in independent datasets. (A) LASSO-Cox regression model based on three genes; (B) Kaplan-Meier curves, univariate Cox regression of overall survival, and ROC curve analyses in TCGA; (C) Kaplan-Meier curves, univariate Cox regression of overall survival, and ROC curve analyses in GSE68465; (D) Kaplan-Meier curves, univariate Cox regression of overall survival, and ROC curve analyses in GSE68571.



The optimal cutoff risk score served as the threshold to divide the patients into high-risk and low-risk groups. The survival curves were plotted, and the results showed that the survival prognosis of high-risk patients was significantly worse than low-risk patients (Figure 4B). To further assess the prediction of the risk model, GSE68465 and GSE68571 derived from GEO database were employed as validation cohorts. Cox regression analysis and Kaplan-Meier curve demonstrated that the prognosis of high-risk patients was worse than low-risk patients, which was consistent with the results found in the TCGA-LUAD cohort (Figures 4C, D).



Expression of HGF, PTX3, and S100P in Pan-Cancer and LUAD

We analyzed the expression of HGF, PTX3, and S100P in tumors by integrating data from TCGA and GTEx database samples, and it was found that HGF and PTX3 expression was downregulated and S100P expression was upregulated in most tumors as compared with normal tissues (Figures 5A, C, E). TCGA database samples and integration of GTEx database normal samples displayed that in LUAD, HGF and PTX3 expressions were both downregulated and S100P expression was upregulated (Figures 5B, D, F).




Figure 5 | Expression of HGF, PTX3, and S100P. (A) Expression of HGF in pan-cancer; (B) Expression of HGF in LUAD; (C) Expression of PTX3 in pan-cancer; (D) Expression of PTX3 in LUAD; (E) Expression of S100P in pan-cancer; (F) Expression of S100P in LUAD; *P < 0.05, **P < 0.01, ***P < 0.001.





Survival Analysis of HGF, PTX3, and S100P

The results of Kaplan-Meier analysis showed (Figures 6A, C, E) that high and low expressions of HGF, PTX3, and S100P were significantly correlated with patient prognosis. Specifically, high expression of HGF, PTX3, and S100P were all considered as poor prognostic factors in LUAD patients; however, ROC curves showed that all the three were less accurate when predicting the prognosis (Figures 6B, D, F).




Figure 6 | Survival analysis of HGF, PTX3, and S100P. (A) KM curve of HGF; (B) ROC curve of HGF; (C) KM curve of PTX3; (D) ROC curve of PTX3; (E) KM curve of S100P; (F) ROC curve of S100P.



We further investigated the association of HGF, PTX3, and S100P expression with overall survival in 33 tumors via univariate survival analysis. As shown in Figure 7, HGF could significantly affect the overall survival of BLCA, ESCA, KIRC, LGG, LIHC, STAD, THCA (Figure 7A); PTX3 could noticeably affect the overall survival of ACC, BLCA, CESC, GBM, HNSC, KIRC, LGG, LIHC (Figure 7B); S100P could significantly affect the overall survival of CESC, LUAD, THCA, THYM (Figure 7C).




Figure 7 | HGF, PTX3, S100P on the prognosis of other cancers. (A) Forest plot of HGF on the prognosis in 33 cancer types; (B) Forest plot of PTX3 on the prognosis in 33 cancer types; (C) Forest plot of S100P on the prognosis in 33 cancer types.





Correlation of HGF, PTX3, and S100P With Immune Cell Infiltration

The expression levels of HGF in LUAD were significantly positively correlated with tumor purity, B cells, CD8+ T cells, CD4+ T cells, neutrophils, and dendritic cells (Figure 8A). However, the expression levels of PTX3 in LUAD were significantly negatively correlated with tumor purity and positively correlated with B cells, CD8+ T cells, CD4+ T cells, neutrophils, and dendritic cells (Figure 8B). The expression level of S100P was negatively correlated with B cells, CD8+ T cells, CD4+ T cells, neutrophils, and dendritic cells but positively correlated with tumor purity in LUAD (Figure 8C).




Figure 8 | Correlation of HGF, PTX3, and S100P with immune cell infiltration. (A) Correlation between HGF and immune cell infiltration; (B) Correlation between PTX3 and immune cell infiltration; (C) Correlation between S100P and immune cell infiltration.





Validation of HGF, PTX3, and S100P Protein Expression

The protein expression of HGF, PTX3, and S100P in lung cancer tissues and normal lung tissues was validated using the HPA online database. The results demonstrated that HGF was expressed in normal lung tissues but it was not detected in lung cancer tissues (Figure 9A). PTX3 was mildly expressed in lung cancer tissues but was not detected in normal alveolar cells (Figure 9B). S100P was moderately expressed in lung cancer tissues but was not detected in normal lung tissues (Figure 9C).




Figure 9 | Protein expression of HGF, PTX3, and S100P in lung cancer tissues and normal lung tissues. (A) HGF protein expression; (B) PTX3 protein expression; (C) S100P protein expression.





Gene Set Enrichment Analysis

To examine the effect of gene expression on tumors, we divided the human pan-cancer samples into two groups with high and low expression, according to the expression of HGF, PTX3, S100P, and the enrichment of signaling pathways in KEGG and HALLMARK in high- and low-expression groups was analyzed by GSEA. The top three signaling pathways most significantly enriched in both databases have been listed. GSEA verified that HGF was mainly enriched in hematopoietic cell lineage and inflammatory response (Figure 10A), and that PTX3 was mainly enriched in hematopoietic cell lineage and epithelial mesenchymal transition (Figure 10B), and that S100P was mainly enriched in ribosome and MYC target (Figure 10C).




Figure 10 | Gene set enrichment analysis of three genes associated with signaling pathways in KEGG and hallmark datasets. (A) Results of GSEA of HGF ranked in the top three for its correlation with signaling pathways in KEGG and HALLMARK database. (B) Results of GSEA of PTX3 ranked in the top three for its correlation with signaling pathways in KEGG and HALLMARK database. (C) Results of GSEA of S100P ranked in the top three for its correlation with signaling pathways in KEGG and HALLMARK database.





In Vitro Experiments

We further verified the protein expression level of HGF, PTX3, S100P in vitro. Western blotting results showed that the protein expression level of HGF and PTX3 were downregulated in NCI-H2009 versus BEAS-2B, while S100P was upregulated (Figure 11).




Figure 11 | Protein expression levels of HGF, PTX3, S100P in BEAS-2B and NCI-H2009. (A) Western blot bands representing HGF, PTX3, S100P protein expression level in BEAS-2B and NCI-H2009; (B) Protein expression level of HGF, PTX3, S100P. ***P < 0.001.






Discussion

Epithelial-mesenchymal transition (EMT) is a fundamental and critical cell biological process during embryonic development (20). EMT is a reversible process, with the reversal being referred to as mesenchymal-epithelial transition (MET). EMT and MET are essential for embryonic development, tissue regeneration, and wound healing, and its role in contributing to organ fibrosis, cancer progression, and metastasis requires a full understanding (21, 22). EMT confers tumor cells the ability to detach from the primary tumor mass and invade lymphatic vessels and blood vessels through extracellular matrix, allowing them to reach secondary tissues or distal organs and reactivate epithelial cell properties to form metastatic foci at secondary sites via the MET pathway (23). Assessing EMT state in tumors is challenging as the process is transient and reversible (24). Previous studies have focused on exploring the biological functions and molecular mechanisms of EMT-related genes, such as the expression of E-cadherin, claudins, ocludins, and cytokeratins, and considered these genes as common markers of epithelial state, and Vimentin (VIM), fibronectin, and α-SMA as the markers of mesenchymal state (25–27). However, for some circulating tumor cells (CTCs) underwent EMT, the expression of these (25–27) epithelial cell adhesion-based molecular markers is difficult to be detected (28). Immunicon, an FDA-approved company, has demonstrated that the number of CTCs is indicative of patient prognosis, and Tang et al. (19) first developed a new EMT-related gene signature and constructed a nomogram to predict prognosis of LUAD patients. In addition, the construction of predictive models based on EMT-related genes in LUAD has not been reported. Therefore, searching prognostic predictive biomarkers for LUAD patients based on EMT-related genes may be a promising approach.

In this study, we identified three prognosis-related gene signatures, namely, HGF, PTX3, and S100P. We first constructed a prognostic prediction risk model based on 20 EMT-related gene signatures and verified that the model had strong prediction accuracy through KM curve and ROC curve. Patients were grouped according to their risk score differences. HGF, PTX3, S100P, and risk score were all identified as independent predictors of prognosis of LUAD patients through performing univariate and multifactorial COX regression analyses on these 20 genes and risk scores. The results showed that hGF and PTX3 expression was downregulated and S100P expression was upregulated in LUAD, and that the expression of all the three was correlated with immune cell infiltration, suggesting that all the three gene could promote tumor progression. HGF, which is a cytokine produced by mesenchymal fibroblasts (29), could stimulate the migration, proliferation, migration, cell survival, morphogenesis, and angiogenesis of epithelial cells (30). It has been found that the HGF/c-Met signaling pathway may influence multiple aspects of tumor development by activating specific pathways that induce interactions between cancer cells and the tumor microenvironment in which they reside (29). For example, in EGFR-mutant lung cancer, HGF may be involved in endogenous and acquired resistance to acid kinase inhibitors (31). GSEA results also demonstrated that HGF was mainly enriched in inflammatory response. PTX3 in the pentraxin family is an immunomodulatory factor involved in angiogenesis, proliferation, and immune escape in cancer (32). It has been reported that PTX3 tends to be expressed in the stroma rather than in tumor cell components, suggesting that the PTX3 gene is epigenetically modified and silenced in cancer cells (33). This is similar to our findings, as we found that PTX3 was low-expressed in tumor cells by protein expression. S100P is a member of the S100 calcium-binding protein. S100P in the S100 calcium-binding protein family is originally isolated from human placenta (34), and S100P expression is elevated in a variety of tumor cell lines and tumor tissues, including in lung cancer (35), pancreatic cancer (36), and breast cancer (37). Moreover, it is also a tumor microenvironment-associated gene (38). Our western blotting results also demonstrated that the protein expression level of HGF and PTX3 were upregulated in NCI-H2009 cell line compared to BEAS-2B cell line, while the protein expression level of S100P was downregulated.

There are some limitations to this study. Firstly, LUAD is a highly heterogeneous tumor, but certain key clinical variables were not available in public databases, which limited the comprehensiveness when developing the prognostic model. Furthermore, the predictive ability of the EMT-related gene signature using these three genes was only based on bioinformatics analysis, and more basic experiments and clinical evidence are needed to validate the signature.

In summary, this study constructed a prognostic model based on 20 EMT-related gene signatures and validated the performance the model. The final three prognostic predictors of LUAD patients were analyzed by COX regression analysis to obtain three independent factors. These findings may provide a new direction for prognosis prediction and individualized treatment for patients with LUAD.
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Seven guanylate-binding proteins (GBPs, GBP1–7), identified as a subfamily of interferon-γ-induced guanosine triphosphate hydrolases (GTPases), has been reported to be closely associated with tumor progression, metastasis, and prognosis of cancer patients in recent years. However, the expression patterns, prognostic value, immune infiltration relevance, and biological functions of GBPs in lower-grade glioma (LGG) remain elusive. In this study, by analysis and verification through multiple public data platforms, we found that GBP1, 2, 3, 4 were significantly upregulated in LGG tissues vs normal brain tissue. Analysis based on the Cox proportional hazard ratio and Kaplan–Meier plots demonstrated that the high expressions of GBP 1, 2, 3, 4 were significantly correlated with the poor prognosis of LGG patients. Correlation analysis of clinical parameters of LGG patients indicated that the expressions of GBP 1, 2, 3, 4 were significantly associated with the histological subtype and tumor histological grade of LGG. Furthermore, the correlation analysis of immune infiltration showed that the expressions of GBP1, 2, 3, 4 were significantly and positively correlated with the level of tumor immune-infiltrating cells. In particular, GBP1, 2, 3, 4 expressions were strongly correlated with the infiltration levels of monocyte, TAM, and M1/M2 macrophage, revealing their potential to regulate the polarity of macrophages. Finally, we used the GSEA method to explore the signaling pathways potentially regulated by GBP1, 2, 3, 4 and found that they were all closely associated with immune-related signaling pathways. Collectively, these findings suggested that GBP1, 2, 3, 4 were potent biomarkers to determine the prognosis and immune cell infiltration of LGG patients.
Keywords: guanylate-binding proteins, lower-grade glioma, prognosis, immune infiltration, pathway analysis
INTRODUCTION
Glioma is derived from astrocytes and/or oligodendrocytes and is one of the most common primary central nervous system tumors (Jang and Kim, 2018). Lower-grade glioma (LGG), the crucial pathological type of glioma, comprises grade II and grade III gliomas defined by the World Health Organization (WHO), mainly including anaplastic astrocytomas, oligodendrogliomas, and oligoastrocytomas (Brat et al., 2015). LGG has the characteristics of diffuse infiltration, metastasis, and easy progression to higher-grade gliomas, which seriously affects human survival, especially young adults who enjoy an active life (Mazurowski et al., 2017; Liu et al., 2019). In recent years, comprehensive treatments such as postoperative chemotherapy, radiotherapy, and immunotherapy have made great progress, but the survival rate of LGG patients is still unsatisfactory and unpredictable. Thus, the identification of novel prognostic biomarkers or molecular targets is imperative for a highly accurate prediction of survival or guidance for individualized treatment of LGG patients.
Guanylate-binding protein (GBP) is classified as a unique subfamily of interferon-γ-induced guanosine triphosphate hydrolases (GTPases), which can hydrolyze guanosine triphosphate (GTP) to both guanosine diphosphate (GDP) and guanosine monophosphate (GMP) (Ghosh et al., 2006). In humans, seven GBP proteins (GBP1–7) with molecular weights in the range of 67–73 kDa have been well identified (Tripal et al., 2007). Studies have shown that GBPs, such as GBP1 and GBP2, are closely related to host defense against pathogens, and have antiviral and antibacterial activities in the process of host anti-infection and anti-inflammatory defense (Vestal and Jeyaratnam, 2011; Honkala et al., 2019). However, the roles of GBPs in cancer are diverse and complicated. GBP1 upregulation is reported to be associated with decreased disease progression and better overall survival in patients with breast and colorectal cancer (Naschberger et al., 2008; Lipnik et al., 2010), while it is connected with increased disease progression, metastasis, and treatment resistance in ovarian cancer and glioblastoma (Duan et al., 2006; De Donato et al., 2012; Ji et al., 2019). GBP2 can enhance the invasion of glioblastoma (Yu et al., 2020), but inhibit the invasion ability of breast cancer cells (Zhang et al., 2017). Thus, the functions of different GBPs in multiple cancers need to be further clarified.
The immune microenvironment has been determined to play a vital role in tumor biology (Zhang et al., 2020). Tumor-infiltrating immune cells, including T and B lymphocytes, macrophages, neutrophils, dendritic cells, etc., are very important elements of the tumor microenvironment, which directly or indirectly regulate the growth and development of tumor cells and further affect the prognosis of many cancer patients including LGG (Domingues et al., 2016; Zhang and Zhang, 2020). Recently, many promising preclinical and clinical immunotherapies have been implemented in malignant glioma, including immune checkpoint inhibitors, active or passive immunotherapy, etc. (Simonelli et al., 2018; Vismara et al., 2019), indicating that the immune components in the tumor microenvironment are of great value as prognostic biomarkers or therapeutic targets in glioma. Therefore, further exploration of immune infiltration regulation in the tumor microenvironment may support the treatment of cancers.
However, there are relatively a few studies on GBPs in LGG, and the prognostic value, the regulation of immune infiltration, and biological functions of GBPs in LGG need to be further clarified. In this study, we used public databases and online platforms and conducted a comprehensive and detailed analysis of the expression patterns, prognostic value, immune infiltration regulation, and biological functions of GBPs in LGG.
METHODS
Data Collection
RNAseq data and corresponding clinical data of 509 LGG tissue samples were downloaded from TCGA (The Cancer Genome Atlas, https://portal.gdc.cancer.gov/). RNA array dataset (GSE4290) (Sun et al., 2006) was downloaded from the NCBI/GEO database (https://www.ncbi.nlm.nih.gov/gds/). In this study, those data were used to perform gene expression analysis, clinical correlation analysis, and gene set enrichment analysis (GSEA) in LGG.
Oncomine Database Analysis
As the largest oncogene database and integrated data-mining platform in the world, Oncomine (http://www.oncomine.org) is used to compare transcriptome data between tumors and corresponding normal tissues in different types of cancer (Rhodes et al., 2004). In this study, relevant data were obtained to evaluate the expression of GBP family genes in LGG. The p-value cutoff was 0.05. Statistical differences were determined by Student’s t-test.
GEPIA Database Analysis
GEPIA (http://gepia.cancer-pku.cn/) is an interactive web application that analyzes RNA sequencing expression data for more than 9,000 tumors and 8,000 normal samples from The Cancer Genome Atlas (TCGA) and GTEx projects (Tang et al., 2017). In this study, we performed gene expression analysis and prognostic analysis of GBP genes both in pan-cancer and in LGG with GEPIA. Besides, gene correlation analysis was also evaluated with the Spearman correlation coefficient by GEPIA. The p-value cutoff was 0.05. Student’s t test was used to generate a p-value for expression, and a Kaplan–Meier curve was used for prognostic analysis.
Tumor Immune Estimation Resource Database Analysis
TIMER (Tumor Immune Estimation Resource, https://cistrome.shinyapps.io/timer/) is a database designed for systematic analysis of immune cell infiltrates across diverse cancer types (Li et al., 2017). In our study, we evaluated the correlation between GBP gene levels and the infiltration of immune cells as well as the correlation among GBP gene expressions and marker gene expressions of the infiltration of immune cells and clinical outcome. Specifically, we analyzed the correlation between differentially expressed GBPs and macrophage polarity through the “correlation” module in the TIMER database. The results of Univariate Cox survival analysis in “Survival” module is shown in Figure 5E, and the results of Multivariate Cox survival analysis is shown in Table 3. The correlation map of differentially expressed GBPs and macrophage-related marker genes is shown in Figure 6. Spearman correlation coefficient was chosen for the correlation analysis.
cBioPortal Database Analysis
CBioportal (http://www.cbioportal.org/) is an open platform for visualization, analysis, and download of multidimensional cancer genomics data (Gao et al., 2013). Based on the TCGA/LGG dataset (TCGA, provisional), we analyzed the genetic alterations and prognostic analysis of GBP genes in LGG.
GSCALite
GSCALite is a user-friendly web server for dynamic analysis and visualization of gene sets in 32 cancer types from TCGA (Liu et al., 2018). In this study, GSCALite was used to analyze the miRNA regulatory network of GBP genes in LGG using the “TCGA KIRC” dataset.
Search Tool for the Retrieval of Interacting Genes Database Analysis
The STRING (Search Tool for the Retrieval of Interacting Genes, https://string-db.org/) database aims to collect, score, and integrate both experimental as well as predicted protein–protein interaction (PPI) information and further achieve a comprehensive and objective global network, including direct (physical) as well as indirect (functional) interactions (Szklarczyk et al., 2019). In this study, we conducted a PPI network analysis of each GBP gene to explore the interactions of GBP genes.
GeneMANIA Database Analysis
GeneMANIA (http://www.genemania.org) provides information for protein and genetic interactions, pathways, co-expression, co-localization, and protein domain similarity of submitted genes and helps researchers predict the functions behind gene sets by constructing a protein–protein interaction (PPI) network (Warde-Farley et al., 2010).
Gene Set Enrichment Analysis
The gene set enrichment analysis (GSEA) was performed to identify significantly enriched groups of genes (Subramanian et al., 2005). In this study, the GSEA v4.0.3 software was applied to analyze biological pathway divergences between high and low GBP1/2/3/4 mRNA in the LGG expression profiles of TCGA data. The V7.0. Gene set in the gene set database and 1,000 for the number of permutations were selected for each analysis.
Statistical Methods
In this study, SPSS 20.0 and GraphPad Prism 6.0 software were used for statistical analysis. The differential expression levels of GBPs were compared and analyzed by the Students’t-test. Survival curves were generated from Kaplan–Meier Plotter, and their differences are analyzed using log-rank test in GEPIA. Chi-square test was used to determine the correlation between expressions of GBPs and clinical parameters. The correlation between expressions of GBPs and immune infiltration level or other marker genes in LGG were evaluated by Spearman’s correlation and statistical significance. For GSEA, p < 0.05 and FDR (false discovery rate) q < 0.05 were considered as threshold values to estimate statistical significance.
RESULTS
Guanylate-Binding Proteins 1/2/3/4 Were Upregulated in Lower-Grade Glioma Patients
To explore the expression patterns of GBP family genes in brain and nervous system tumors, especially LGG, we first conducted a comprehensive analysis of the expression patterns of different GBP members using the Oncomine database. As shown in Figure 1, GBP1, 2, 3, 4, 5 were upregulated in the brain and nervous system tumors vs normal brain tissue, which was confirmed by data from 13, 7, 5, 1, and 1 datasets, respectively. Among them, the analysis results from the four datasets (Table 1) simultaneously confirmed that the expression of GBP1 and GBP2 was significantly increased in LGG vs normal brain tissue, and the results from two datasets and one dataset, respectively, demonstrated that the expression of GBP3 and GBP4 significantly increased in LGG. To further determine the expression differences of these four GBP genes, we selected the GEPIA database and one GEO dataset for verification. As shown in Figures 2A–H, the data from both GEPIA database and GSE4290 dataset demonstrated that GBP1, 2, 3, 4 were significantly upregulated in LGG.
[image: Figure 1]FIGURE 1 | The expression levels of guanylate-binding proteins (GBPs) in different types of cancers (Oncomine). The expression levels of GBP1, 2, 3, 4, 5, 6, 7 in different types of cancers. Red, over-expression; blue, downregulated expression.
TABLE 1 | Significant changes of GBPs expression in different types of LGG tissues vs normal brain tissues (ONCOMINE).
[image: Table 1][image: Figure 2]FIGURE 2 | The expression levels of GBP1, 2, 3, 4 in lower-grade glioma (LGG) patients. The expression levels of (A) GBP1 (B) GBP2, (C) GBP3, and (D) GBP4 in LGG tissues vs normal tissues (GEPIA). The expression levels of (E) GBP1 (F) GBP2, (G) GBP3, and (H) GBP4 in LGG tissues vs normal tissues (GSE4290). *p < 0.05.
Prognostic Value of Guanylate-Binding Proteins 1/2/3/4 in Lower-Grade Glioma Patients
We continued to explore the prognostic value of GBP1, 2, 3, 4 in LGG patients using GEPIA database by evaluating the effect of gene expression on overall survival and disease-free survival of tumor patients. The survival significance maps (Figures 3A,B) of pan-cancer based on the Cox proportional hazard ratio (HR) showed that GBP1, 2, 3, 4 had better prognostic value in LGG vs other tumor types, and highly expressed GBP1, 2, 3, 4 were all significantly unfavorable for both overall survival and disease-free survival of LGG patients. The Kaplan–Meier plots further demonstrated that LGG patients with highly expressed GBP1, 2, 3, 4 had shorter overall survival and disease-free survival time (Figures 3C–J).
[image: Figure 3]FIGURE 3 | Prognostic value of GBP1/2/3/4 in LGG patients (GEPIA). Survival significance maps of GBP1, 2, 3, 4 in pan-cancer perspective showed the (A) over survival and (B) disease-free survival analysis results based on the Cox proportional hazard ratio (HR) (the red and blue blocks denote higher and lower risks, respectively; the rectangles with frames indicate significant unfavorable and favorable results). The overall survival curve of (C) GBP1 (D) GBP2, (E) GBP3, and (F) GBP4 in LGG patients. The disease-free survival curve of (G) GBP1 (H) GBP2, (I) GBP3, and (J) GBP4 in LGG patients.
Correlations of Guanylate-Binding Proteins 1/2/3/4 With Clinicopathological characteristics in Lower-Grade Glioma
Next, we analyzed the correlations between GBP1, 2, 3, 4 expressions and clinicopathological characteristics. The expression data and clinical data of 509 LGG patients were extracted from the TCGA database, and clinical parameters mainly include age, sex, histological subtype, and tumor histological grade. Chi-square test was used to determine the correlation between GBP1, 2, 3, 4 expressions and clinical parameters. As shown in Table 2, the expressions of GBP1, 2, 3, 4 were significantly correlated with the histological subtype and histological grade of LGG patients, and only the expression of GBP4 had a correlation with the age and gender of the patient. Furthermore, we explored the expression differences of GBP1, 2, 3, 4 in different histological subtypes and histological grades of LGG patients. We found that the expressions of GBP1, 2, 3, 4 were significantly increased in astrocytoma vs oligodendroglioma, and GBP2, 3 were highly expressed in oligoastrocytoma vs oligodendroglioma (Figures 4A–D). Besides, we found that the expressions of GBP 1, 2, 3, 4 were all significantly increased in poor histological grade of LGG patients (Figures 4E–H), which was consistent with GBP 1, 2, 3, 4, which might be unfavorable factors for LGG patients.
TABLE 2 | The correlation between GBP1/2/3/4 and clinicopathological parameters in LGG.
[image: Table 2][image: Figure 4]FIGURE 4 | The expression levels of GBP1/2/3/4 in different histological subtypes and histological grades of LGG [The Cancer Genome Atlas (TCGA)]. The expression levels of (A) GBP1, (B) GBP2, (C) GBP3, and (D) GBP4 in the different histological subtypes of LGG. The expression levels of (A) GBP1, (B) GBP2, (C) GBP3, and (D) GBP4 in the different histological grades of LGG.
Guanylate-Binding Protein P1/2/3/4 Expressions Were correlated With Immune cell Infiltration Levels in Lower-Grade Glioma Patients
Immune cell infiltration in the tumor microenvironment is an important factor affecting tumor progression and prognosis of cancer patients (Domingues et al., 2016). In order to explore whether GBP1, 2, 3, 4 regulates the level of infiltrating immune cells in the LGG microenvironment, we analyzed the correlation of the expressions of GBP 1, 2, 3, 4 with immune infiltrating cells based on the TIME database (Figures 5A–D). Interestingly, we found that the expressions of GBP1, 2, 3, 4 were strongly and positively correlated with these immune-infiltrating cells, including B cells, CD8+ T cells, CD4+ T cells, macrophages, neutrophils, and dendritic cells. Furthermore, we explored the effects of six immune cells and GBP 1, 2, 3, 4 expressions on the prognosis of LGG patients. Univariate Cox survival analysis showed that the high infiltration levels of six types of immune cells and the high expressions of GBP 1, 2, 3, 4 indicated poor prognosis of LGG patients (Figures 5E). Multivariate Cox survival analysis showed that macrophages, GBP1, and GBP2 were independent prognostic indicators for LGG patients (Table 3). These findings indicated that GBP1, 2, 3, 4 may potentially regulate the level of immune cell infiltration in LGG, and a high level of immune cell infiltration is not conducive to patient survival.
[image: Figure 5]FIGURE 5 | GBP1/2/3/4 expressions were correlated with immune cell infiltration levels in LGG patients [Tumor Immune Estimation Resource (TIMER)]. The correlation between the abundance of immune cells and the expression of (A) GBP1, (B) GBP2, (C) GBP3, and (D) GBP4 in LGG. (E) Kaplan–Meier plots of different immune-infiltrating cells and GBP1, 2, 3, 4 in LGG.
TABLE 3 | The cox proportional hazard model of GBP1/2/3/4 and six tumor-infiltrating immune cells in KIRC (TIMER).
[image: Table 3]Correlation Analysis Between Guanylate-Binding Protein 1/2/3/4 and Immune Markers in Lower-Grade Glioma Patients
To further clarify the relationship of GBP 1, 2, 3, 4 with immune infiltration, we analyzed the correlation between the expressions of GBP 1, 2, 3, 4 and gene markers of a variety of immune cells (Table 4). We found that GBP1 had a significant correlation with most of the gene markers of infiltrating immune cells, excluding one gene marker (STAT4) of T-helper 1 (Th1) cell, two gene markers (FOXP3 and STAT5B) of regulatory T cell (Treg), and two gene markers (KIR2DL1 and KIR3DL3) of natural killer cell. GBP2 had a strong correlation with almost all markers of infiltrating immune cells, except for the two gene markers (KIR2DL1 and KIR3DL3) of natural killer cell. GBP3 also showed a significant correlation with most markers of infiltrating immune cells, excluding two markers (FOXP3 and STAT5B) of Treg and four markers (KIR2DL1, KIR3DL1, KIR3DL3, and KIR2DS4) of natural killer cell. GBP4 was significantly connected with most markers of infiltrating immune cells, excluding one marker (STAT5B) of Treg, one marker (KIR3DL3) of natural killer cell, and one marker (LAG3) of exhausted T cell. Especially, GBP1, 2, 3, 4 expressions had a strong correlation with the gene markers of infiltrating monocytes, TAM, M1, and M2 macrophages in LGG (Table 4 and Figure 6), which also had been verified in the GEPIA database (Table 5). This indicated that GBP1, 2, 3, 4 may be involved in regulating macrophage polarity in LGG.
TABLE 4 | Correlation analysis between GBP1/2/3/4 and related markers of immune cells in LGG.
[image: Table 4][image: Figure 6]FIGURE 6 | Correlation analysis between GBP1/2/3/4 and immune markers in LGG patients. The correlation between the expression of GBP1/2/3/4 and monocytes (gene markers: CD86 and CD115), TAM (gene markers: IL10, CCL2, CD68, and FCGR2A), M1 macrophage (gene markers: PTGS2, IRF5, and CCL10), and M2 macrophage (gene markers: CD163, VSIG4, and MS4A4A) infiltration levels was assessed. Scatterplots of correlations between monocytes, TAM, M1 macrophage, M2 macrophage, and the expressions of (A) GBP1 (B) GBP2, (C) GBP3, and (D) GBP4 in LGG
TABLE 5 | Correlation analysis between GBP1/2/3/4 and related markers of immune cells in LGG (GEPIA).
[image: Table 5]Gene Alterations, co-expression, Interaction Network Analysis of Guanylate-Binding Protein 1/2/3/4 in Lower-Grade Glioma
Then we focused on the gene alterations of GBP1, 2, 3, 4 in LGG using the cBioPortal platform. A total of 518 LGG patients were selected for this analysis. The genetic alteration frequency of GBP1, 2, 3, 4 in LGG, including amplification, high mRNA, deep deletion, and mutation, was 3.02, 1.89, 4.15, 3.58%, respectively (Figure 7A). The total genetic alteration frequency of GBP1, 2, 3, 4 was 5.66%, and high mRNA was the most common type of gene alteration in these samples (Figure 7B). We further evaluated the impact of genetic alteration of GBP 1, 2, 3, 4 on patient survival and found that LGG patients with the genetic alteration of GBP1, 2, 3, 4 have shorter overall survival and disease-free survival time (Figures 7C,D). We also found there was an inframe mutation in GBP2, and a missense mutation in GBP3 (Figure 7E). We continue to explore the co-expression and interaction network of GBP 1, 2, 3, 4. We found that there was a strong expression correlation among GBP1, 2, 3 and 4 (Figure 7F), and the functions of GBP1, 2, 3 and 4 were potentially regulated by different miRNAs (Figure 7G). Also, there was a close interaction relationship between GBP1, 2, and 3 (Figure 7H), and the functions of GBP1, 2, 3, 4 are mainly related to cellular response to type I interferon, interferon-gamma-mediated signaling pathway, chemokine activity, positive regulation of cAMP-mediated signaling, etc (Figure 7I).
[image: Figure 7]FIGURE 7 | Gene alterations, co-expression, interaction network analysis of GBP1, 2, 3, 4 in LGG. (A, B) Summary of gene alterations of GBP1, 2, 3, 4 in LGG (cBioPortal). (C, D) Overall survival and disease-free survival analysis results of GBP1, 2, 3, 4 gene alterations (cBioPortal). (E) The mutations of GBP2 and 3 were plotted (cBioPortal). (G) miRNA network of GBP1, 2, 3, 4 in LGG (GSCALite). (H) Protein–protein interaction network of GBP1, 2, 3, 4 (STRING). (I) The interaction network and function prediction of GBP1, 2, 3, 4 (GeneMANIA).
Pathway Enrichment Analysis of Guanylate-Binding Protein 1/2/3/4 in Lower-Grade Glioma
GSEA is used to explore the signaling pathways that are potentially regulated by GBP1, 2, 3, 4 in LGG. We divided the samples into the high-expression group and the low-expression group based on the mean value. Pathways with higher frequency enriched in phenotype high of GBP1, 2, 3, 4 are presented in Figures 8A–D. We found that functions of GBP1, 2, 3, 4 were closely linked: 1) They were all involved in regulating immune-related signaling pathways, such as intestinal immune network for IgA production, primary immunodeficiency, B/T cell receptor signaling pathway, natural killer cell-mediated cytotoxicity, etc. 2) They were all closely related to cancer and participated in the regulation of cancer-related signaling pathways, such as JAK-STAT signaling pathway, apoptosis, etc. 3) They also regulated Toll-like receptor pathway signaling, NOD-like receptor signaling pathway, and chemokine signaling pathway. Together, these results indicated that GBP1, 2, 3, 4 had the potential to become therapeutic targets in LGG.
[image: Figure 8]FIGURE 8 | Pathway enrichment analysis of GBP1, 2, 3, 4 in LGG. The bubble diagram displayed the gene set enrichment analysis (GSEA) results in the phenotype high group of (A) GBP1 (B) GBP2, (C) GBP3, and (D) GBP4 in LGG. The nominal p-value (NOM p < 0.05) and false discovery rate (FDR q < 0.05) were used to select significantly enriched gene sets.
DISCUSSION
Previous studies have identified a family of IFN-inducible GTPases, namely, guanylate-binding proteins (GBPs), as a major nexus of IFN-driven complex homeostatic defense networks, which function in host defense to viral, bacterial, and protozoan pathogens (Tretina et al., 2019). In recent years, an increasing number of studies have also confirmed that GBPs are not only involved in regulating host immune defense but also closely related to tumor development and metastasis (Mustafa et al., 2018; Zhao et al., 2019; Yu et al., 2020), and some GBPs, such as GBP1 and GBP2, have shown good prognostic value in certain tumors, for example, breast, oral and colorectal cancer (Yu et al., 2011; Godoy et al., 2014; Wang et al., 2016). Elevated GBP1 expression has also been shown to be associated with chemotherapy resistance in lung, breast, and ovarian cancer (Duan et al., 2006; Fekete and Győrffy, 2019; Cheng et al., 2020). However, the biological function and prognostic value of individual GBP in LGG remain elusive.
By analysis and verification through multiple public data platforms, we found that GBP1, 2, 3, 4 were significantly upregulated in LGG tissues vs normal brain tissue. Consistently, we further found that highly expressed GBP1, 2, 3, 4 were all significantly unfavorable for both overall survival and disease-free survival of LGG patients, suggesting the potential of GBP1, 2, 3, 4 as prognostic markers in LGG. To further explore the clinical significance of GBPs, we analyzed the correlation between their expressions and the clinical parameters of LGG patients, and we found that the expressions of GBP 1, 2, 3, and 4 were significantly associated with tumor histological grade of LGG. As the tumor histological grade increased, the expressions of GBP 1, 2, 3, and 4 significantly increased. This was consistent with GBP 1, 2, 3, 4, which might be unfavorable factors for LGG patients. Besides, the expressions of GBP1, 2, 3, 4 were significantly correlated with the histological subtype of LGG, and the expression of GBP4 also had a correlation with the age and gender of the patient.
Infiltrating immune cells in the tumor microenvironment, mainly including tumor-infiltrating lymphocytes (B cells, CD8+ T cells, and CD4+ T cells) and other immune cells (macrophages, neutrophils, and dendritic cells), have become the focus of current tumor research. Studies have shown that immune-infiltrating cells play an indispensable function in the tumor microenvironment as a double-edged sword to promote or inhibit tumor cell progression (Fridman et al., 2012). On the one hand, immune infiltrating cells play an anti-tumor effect by monitoring and destroying cancer cells (Morvan and Lanier, 2016). On the other hand, studies have shown that cancer cells can evade the surveillance of immune-infiltrating cells through a variety of mechanisms or further manipulate these immune infiltrating cells to create a microenvironment that promotes tumor progression (Mantovani et al., 2008). The dual effect of immune-infiltrating cells on tumor cells may depend on the type of immune cells, the state of immune cells, and the microenvironment of different tumors (Domingues et al., 2016). In our study, we found that the expressions of GBP1, 2, 3, 4 were significantly and positively correlated with the levels of all the six immune-infiltrating cells evaluated. Univariate analysis further showed that high expressions of GBP1, 2, 3, 4 and high levels of six immune-infiltrating cells were poor prognostic factors for LGG patients. Multivariate analysis showed that GBP1, GBP2, and macrophage infiltration are independent prognostic factors for LGG patients. The correlation between the expression of GBP 1, 2, 3, 4 and the expressions of other immune cell marker genes were assessed, further confirming the close connection between GBP 1, 2, 3, 4 and tumor immune-infiltrating cells. In particular, the expression of GBP 1, 2, 3, 4 are significantly and positively correlated with the marker genes of monocytes, TAM, M1, and M2 macrophages, indicating that GBP 1, 2, 3, 4 may be involved in regulating the polarity of macrophages. However, how GBP 1, 2, 3, 4 participate in the regulation of tumor immune-infiltrating cells requires further research to clarify.
Then, we focused on the genetic alterations of GBP1, 2, 3 and 4 in LGG, and we found that mRNA high is the most common type of genetic alterations in all LGG patient samples with genetic alterations. The genetic alterations of GBP1, 2, 3 and 4 indicated a poor prognosis of LGG patients. We also found that there was an inframe mutation in GBP2, and a missense mutation in GBP3. Co-expression and interaction network analysis further revealed the close functional connection among them.
Finally, we used the GSEA method to explore the signaling pathways that may be potentially regulated by GBP1, 2, 3, and 4 in LGG. We found that GBP1, 2, 3, 4 are closely related to immune-related signaling pathways, such as intestinal immune network for IgA production, primary immunodeficiency, B/T cell receptor signaling pathway, natural killer cell-mediated cytotoxicity, etc., which was consistent with the association between GBP1, 2, 3, 4 and immune cell infiltration that we explored above. Besides, we found that they also potentially regulated Toll-like receptor pathway signaling, NOD-like receptor signaling pathway, and chemokine signaling pathway. Together, these results indicated that GBP1, 2, 3, 4 had the potential to become therapeutic targets in LGG.
Our study still has some limitations. The analysis of gene transcription levels based on public data platforms cannot fully reflect the changes in protein levels. Therefore, experiments in vivo and in vitro are needed to verify our findings and further promote the understanding of GBPs in LGG. Despite these limitations, our study may help guide further investigation of GBPs in LGG.
In conclusion, we systematically and comprehensively analyzed the expression pattern, prognostic value, correlation with clinical parameters, immune infiltration relevance of GBPs in LGG, and further explored their potential regulatory signaling pathways. Our results indicated that GBP1, 2, 3, 4 were potential biomarkers that can be used to predict prognosis and tumor immune infiltration of LGG patients. We hope that our results can help clinicians better predict the survival of LGG patients or choose appropriate treatment methods or therapeutic drugs, thereby improving the survival prognosis of cancer patients.
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Background

Gene expression (RNA-seq) and overall survival (OS) in TCGA were combined using chromosome accessibility (ATAC-seq) to search for key molecules affecting liver cancer prognosis.



Methods

We used the assay for transposase-accessible chromatin with high-throughput sequencing (ATAC-seq) to analyse chromatin accessibility in the promoter regions of whole genes in liver hepatocellular carcinoma (LIHC) and then screened differentially expressed genes (DEGs) at the mRNA level by transcriptome sequencing technology (RNA-seq). We obtained genes significantly associated with overall survival (OS) by a one-way Cox analysis. The three were screened by taking intersection and further using a Kaplan–Meier (KM) for validation. A prognostic model was constructed using the obtained genes by LASSO regression analysis.The expression of these genes in hepatocellular carcinomas was then analysed. The protein expression of these genes was verified using the Human Protein Atlas(HPA) online datasets and immunohistochemistry.



Results

ATAC-seq, RNA-seq and survival analysis, combined with a LASSO prediction model, identified signatures of 15 genes (PRDX6, GCLM, HTATIP2, SEMA3F, UCK2, NOL10, KIF18A, RAP2A, BOD1, GDI2, ZIC2, GTF3C6 SLC1A5, ERI3 and SAC3D1), all of which were highly expressed in hepatocellular carcinoma. The LASSO prognostic model showed that this risk score had high predictive accuracy for the survival prognosis at 1, 3 and 5 years. A KM curve analysis showed that high expression of all 15 gene signatures was significantly associated with a poor prognosis in LIHC patients. HPA analysis of protein expression showed that PRDX6, GCLM, HTATIP2, NOL10, KIF18A, RAP2A and GDI2 were highly expressed in the hepatocellular carcinoma tissues compared with normal control tissues.



Conclusions

PRDX6, GCLM, HTATIP2, SEMA3F, UCK2, NOL10, KIF18A, RAP2A, BOD1, GDI2, ZIC2, GTF3C6, SLC1A5, ERI3 and SAC3D1 may affect the prognosis of LIHC.
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Introduction

According to Global Cancer Statistics 2020, hepatocellular liver cancer has the seventh-highest incidence rate but the second-highest mortality rate after lung cancer. As a common malignancy, with potentially fatal consequences, hepatocellular carcinomas have been widely studied (1). Although much research has focused on understanding hepatocellular cancer at the molecular level and therapeutic strategies have been developed, the biological mechanisms of hepatocarcinogenesis remain unclear. Due to slow progress in liver cancer research (2, 3), the patient survival rate remains low (i.e. < 8 months) (4, 5). Liver cancer is a more complex disease than other cancers, as its progression includes genetic modification processes, including gene mutations, gene deletions, translocations and DNA methylation (6). Therefore, early diagnosis and treatment are essential for improving the prognosis of liver cancer. To date, the only effective diagnostic method is detection of the serum tumour marker alpha-fetoprotein, which has an upper limit of normal value of 20 ng/mL (7). However, alpha-fetoprotein is nonspecific and has little statistical significance when detected in patients with different types of liver cancer (8). It is also ineffective for the diagnosis of early-stage liver cancer (9).

In eukaryotic cells, nuclear DNA and proteins combine to form chromatin, which then undergoes complex and orderly folding to form chromosomes (10). For genes to be expressed, chromatin must be in an open conformation. Open chromatin allows regulatory proteins to bind to DNA and regulate DNA function (11). The assay for transposase-accessible chromatin with high-throughput sequencing (ATAC-seq) enables high-throughput sequencing of open chromatin regions with the help of transposases. This simple method, which is very similar to ChIP-seq, requires only a small number of samples to obtain clear and reproducible sequencing results (12). ATAC-seq detects chromatin accessibility of related genes and indicates their regulatory mechanisms. Thus, genes with chromatin accessibility in promoters are more likely to be differentially expressed at the mRNA level and regulated by transcription factors (13).

Due to the complexity of gene expression regulatory mechanisms, it is crucial to be able to probe biological questions at different levels. Therefore, the integration and analysis of multi-omics is increasingly important. Differentially expressed genes (DEGs) can be analysed using RNA-seq and Chip-seq (14). Using Chip-seq, the regulatory role of specific transcription factors can be studied (15). ATAC-seq can shed light on the dynamics of chromatin accessibility. As chromatin accessibility is closely related to the binding of regulatory elements or transcription factors, it plays an important role in transcriptional regulation (12). Therefore, integration analysis can further explore the key factors of a biological process, as well as the target genes of a transcription factor. Currently, integration analysis studies combining ATAC-seq and RNA-seq are uncommon, with no such studies conducted on hepatocellular carcinomas. Therefore, in this study, we constructed a 15 gene signatures for predicting the prognosis in hepatocellular carcinoma patients by analysing and integrating ATAC-seq and RNA-seq.



Methods


Data Sources

ATAC-seq data on LIHC were obtained from the database of the University of California Santa Cruz (UCSC) (https://xenabrowser.net/datapages/). In total, ATAC-seq data of 404 LIHC samples were obtained, 17 of which were from TCGA database. The data were downloaded in promoter peak data format, with normalized correction. The calibration process included count conversion to CPM, after a base 2 logarithmic transformation.

RNA-seq data on LIHC were downloaded from the TCGA database, with 371 tumour samples and 50 para cancer samples.



Chromatin Accessibility Analysis Using ATAC-seq

To explore the accessibility of chromatin, we first used the R package chromosome locator to show the peak regions on chromosomes. Peaks that could be mapped to TSS regions were aligned using the R-packaged ChIPseeker to construct a marker matrix. The nearest TSS region was selected for peak annotation. The annotation information was obtained from the R software. The relationship between open chromatin and promoter regions was revealed by UpSet plots.



Analysis of DEGs Using RNA-seq

To assets differential expression of mRNA, the Limma package of R software (version: 3.40.2) was used. Adjusted P values in the TCGA dataset were analysed to correct for false-positive results. DEGs were obtained by screening with |log2(FC)| > 1 (P < 0.05). Heat and volcano plots were plotted using the R package ggplot2.



Gene Oncology and Kyoto Encyclopedia of Genes and Genomes Enrichment Analysis

Peaks-associated genes were analysed by functional enrichment analysis. The ClusterProfiler package in R was used to analyse the GO/KEGG enrichment pathway of potential peaks-associated genes.



Survival Analysis

The R package Survival was used for the survival analysis. The correlation between the expression levels of all known genes in LIHC and the overall survival (OS) of patients with hepatocellular liver cancer was analysed by a one-way Cox regression analysis, reporting hazard ratios (HRs) and their 95% confidence intervals (CIs). A Kaplan–Meier (KM) test was performed to analyse the difference between the survival of patients with high and low gene expression.



LASSO Model

To compare survival differences between multiple groups, the log-rank test was used to test the KM survival analysis, and ROC analysis was used to compare gene prediction accuracy and risk scores. A LASSO regression was used for feature selection, with 10-fold cross-validation. The R package glmnet was used for the above analyses.



Immune Cell Infiltration

The TIMER database (http://timer.comp-genomics.org/) was used to analyse the correlation of gene expression in LIHC with the level of immune cell infiltration.



Protein Expression Validation

Immunohistochemical staining maps of gene signatures for protein expression in both liver cancer tissue and normal tissue were downloaded from The Human Protein Atlas (HPA) database.




Results


Identification of Chromatin Open Regions by ATAC-seq

We mapped the genomic coordinates from the Peak data to the 23 chromosomes of the human genome (Figure 1A). As can be seen, most regions of each chromosome are covered, with some chromosomes, such as chr13, chr14, chr21 and chr22, having less coverage of the short arms. Figure 1B shows that most of the peaks are concentrated at a distance of 10–100 kb from the TSS. Among these, the binding site tend to be distributed more at the 3’ end of the TSS. Figure 1C shows a large proportion of ATAC-peaks are located close to TSS, which means that the TSS tends to bind to transcription factors.




Figure 1 | Identification of chromatin open regions by ATAC-seq method. [(A) genome coverage; (B) distribution map of transcription factors and TSS; (C) enrichment of Peaks in the TSS region].





Genomic Characterization and Enrichment Analysis

Using the annotation file, we annotated the genomic coordinates corresponding to Peaks. Figure 2A shows the proportion of different components. As can be seen, 44% of the binding sites are in the distal intergenic region, with only 10% bound within the 3 kb region upstream and downstream of the TSS, mainly because the TSS region constitutes a small proportion of the whole genome compared to other regions. Figure 2B summarizes the relative enriched proportions of coding regions, intergenic regions, introns, exons and upstream and downstream regions. As shown in the figure, the downstream and distal regions have the highest proportions. Figures 2C, D show the GO function enrichment analysis and KEGG pathway enrichment analysis of the genes corresponding to the TSS binding sites, respectively. These show that most of the TSS binding sites are located in genes associated with regulation of cell morphology, intracellular transportation and kinase activity involved in the regulation of infection, cancer, stem cell pluripotency, the cell cycle and other related functional pathways. These functional pathways have been shown to be involved in cancer development.




Figure 2 | Genome characterization and enrichment analysis. [(A) location distribution of Peaks on the genome; (B) relative proportions of gene coding regions, intergenic regions, introns, exons, and upstream and downstream regions; (C) KEGG pathway enrichment analysis; (D) GO functional annotation].





DEG Screening

Differential expressed analysis of RNA-seq was performed on 371 LIHC tumour samples and 50 para tumour samples from TCGA database. Heat maps of the expression of each gene in each sample were drawn (Figure 3A). Volcano maps show the upregulated genes (N = 2,371) and downregulated genes (N = 544) obtained from the screening (Figure 3B). A one-way Cox analysis was used to derive 4,785 genes significantly associated with the prognosis of LIHC. The P values, risk factor HRs and CI column line table for the top 20 genes expressed, in addition to prognosis-related characteristics, are shown in Figure 3C. Finally, 190 overlapping genes were obtained by screening reproducible genes in ATAC-seq, DEGs in RNA-seq and prognosis-related genes (Figure 3D).




Figure 3 | Differentially expressed gene screening. [(A) volcano map of differentially expressed genes; (B) heat map of differentially expressed genes; (C) DEGs associated with OS; (D) Venn diagram showing overlapping genes for ATAC-seq, RNA-seq, and survival-associated DEGs].





KM Analysis of Overlapping Genes

Validation of 190 overlapping genes using the KM method yielded 126 genes that were significantly associated with OS in LIHC. Hazard coefficient HRs, with their 95% CIs and P values for 126 genes were derived by a log-rank test and univariate Cox proportional hazards regression (Table 1).


Table 1 | 126 differential expressed genes about overall survival using Kaplan-Meier.





LASSO Model Building

LASSO regression was applied to 125 genes for feature selection. A prognostic model consisting of 15 gene signatures was obtained after 10-fold cross-validation (Figures 4A, B). The complete gene names of 15 genes are shown in Supplementary Table 1. Figure 4C shows the association between the risk score and survival time with survival status in the TCGA dataset. Figure 4D shows the distribution of KM curves of the risk model in the TCGA dataset. The gene signature model was divided into high-risk and low-risk groups according to the risk score, with a HR of 2.483 representing a risk factor. Figure 4E shows the ROC curves and AUC of the risk model at different times. The AUC values at 1, 3 and 5 years were 0.809, 0.723 and 0.706, respectively, indicating that the model has a strong predictive ability.




Figure 4 | Prognostic model based on LASSO regression algorithm. [(A) partial likelihood deviation plotted against log(λ) using the LASSO-Cox regression model; (B) coefficients of selected features are shown by the lambda parameter, the horizontal axis represents the value of the independent variable lambda and the vertical axis represents the coefficients of the independent variable; [(C) Risk score and survival time and survival status cases; (D) this risk model in the TCGA KM survival curve distribution; (E) ROC curves with AUC at different times for this risk model].





Expression of 15 Gene Signatures in LIHC

Figures 5A–O show the expression of the 15 gene signatures [PRDX6 (Figure 5A), GCLM (Figure 5B), HTATIP2 (Figure 5C), SEMA3F (Figure 5D), UCK2 (Figure 5E), NOL10 (Figure 5F), KIF18A (Figure 5G), RAP2A (Figure 5H), BOD1 (Figure 5I), GDI2 (Figure 5J), ZIC2 (Figure 5K), GTF3C6 (Figure 5L), SLC1A5 (Figure 5M), ERI3 (Figure 5N) and SAC3D1 (Figure 5O)] in LIHC cancer tissues relative to that in paraneoplastic tissues and different cancer stages. Table 2 shows the statistical significance (P value) of gene expression in different tissues and different stages. Fifteen genes were upregulated in the LIHC tissues. Most of these genes were not significantly expressed in different LIHC stages.




Figure 5 | Expression of 15 Signature genes in LIHC in cancer/normal and different stages. [(A) PRDX6; (B) GCLM; (C) HTATIP2; (D) SEMA3F; (E) UCK2; (F) NOL10; (G) KIF18A; (H) RAP2A; (I) BOD1; (J) GDI2; (K) ZIC2; (L) GTF3C6; (M) SLC1A5; (N) ERI3; (O) SAC3D1].




Table 2 | Statistical significance of 15 genes.





Prognostic Analysis of 15 Gene Signatures in LIHC Patients

The KM analysis of the survival prognosis of the 15 gene signatures in LIHC patients showed that high expression of all 15 gene signatures was significantly associated with a poor prognosis in LIHC patients (Figure 6).




Figure 6 | Kaplan Meier curve of 15 gene signatures in LIHC patients. (A: UCK2; B: ERI3; C: SAC3D1; D: SLC1A5; E: BOD1; F: GDI2; G: HTATIP2; H: PRDX6; I: GCLM; J: KIF18A; K: RAP2A; L: GTF3C6; M: ZIC2; N: NOL10; O: SEMA3F).





Correlation of 15 Gene Signatures With Immune Cell Infiltration

Figures 7A–O shows the correlation of the 15 gene signatures with immune cell infiltration levels in LIHC. All the gene signatures other than those of PRDX6 and HTATIP2 were correlated with tumour purity and B cell, CD4+ T cell, CD8+ T cell, macrophage, neutrophil and dendritic cell levels. Infiltration levels were all significantly and positively correlated.




Figure 7 | Correlation of 15 gene signatures with immune cell infiltration [(A) UCK2 correlates with immune cell infiltration; (B) ERI3 correlates with immune cell infiltration; (C) SAC3D1 correlates with immune cell infiltration; (D) SLC1A5 correlates with immune cell infiltration; (E) BOD1 correlates with immune cell infiltration; (F) GDI2 correlates with immune cell infiltration; (G) HTATIP2 correlates with immune cell infiltration; (H) PRDX6 correlated with immune cell infiltration; (I) GCLM correlated with immune cell infiltration; (J) KIF18A correlated with immune cell infiltration; (K) RAP2A correlated with immune cell infiltration; (L) GTF3C6 correlated with immune cell infiltration; (M) ZIC2 correlated with immune cell infiltration; (N) NOL10 correlated with immune cell infiltration; (O). SEMA3F correlated with immune cell infiltration).





Validation of the Protein Expression of 15 Gene Signatures

The protein expression of the 15 gene signatures in hepatocellular carcinoma tissues and normal liver tissues was verified using the HPA online database (Figure 8). The results showed that PRDX6, GCLM, HTATIP2, NOL10, KIF18A, RAP2A and GDI2 were highly expressed in the hepatocellular liver cancer tissues compared to the normal liver tissues. SEMA3F, BOD1, SLC1A5 and ERI3 were not detected in cholangiocytes and hepatocytes. SAC3D1 was not detected in hepatocellular liver cancer tissues. In addition, UCK2 and ZIC2 were not detected in the hepatocellular carcinoma samples in the protein expression data.




Figure 8 | Protein expression of gene signature in hepatocellular carcinoma tissue and normal liver tissue.





GO and KEGG Pathway Enrichment Analysis of 15 Gene Signatures

In the GO and KEGG enrichment analyses of the 15 gene signatures, cellular processes, binding, metabolism and cancer were enriched (Figure 9).




Figure 9 | GO and KEGG enrichment of 15 gene signatures. [(A) GO enrichment of 15 gene signatures; (B) KEGG enrichment of 15 gene signatures].






Discussion

Tumours usually have altered epigenetic patterns, and epigenetic regulators are frequently mutated in cancer (16). ATAC-seq is an innovative technique for epigenetic studies that cleaves nuclear chromatin regions that are open at a particular condition location by transposes and thus obtains the regulatory sequences of all active transcripts in the genome at that particular condition (12). In the present study, we performed genomic interval distribution statistics using ATAC-seq for peaks identified in different LIHC samples, while comparing chromatin open site differences between different samples. Furthermore, we conducted GO and KEGG enrichment analysis for genes adjacent to these differential sites. A portion of genes associated with the GO functional enrichment pathway was identified. Subsequently, RNA-seq was used to analyse DEGs in the LIHC samples, and a one-way Cox analysis was performed to analyse genes significantly associated with the prognosis in LIHC. In total, 190 key genes were obtained by overlapping the genes screened using the three methods. Further validation by KM analysis yielded 125 key genes. However, due to the large number of 125 key genes, featured genes needed to be further extracted.

To take account of the dimensional catastrophe problem, we used LASSO regression analysis for further analysis of the gene set. By using a penalty function to compress the regression coefficients of the independent variables, LASSO provides good shrinkage control and can compress the regression coefficients of some independent variables to 0 (17). Finally, we obtained a sparse model and then obtained genes with a higher significant correlation with the survival prognosis of liver cancer patients. According to 10-fold cross-validation, a penalty parameter, λ = 0.0425, was finally selected, and then λ was substituted into the regression equation of LASSO to ensure that the sum of the absolute values of the regression coefficients of all independent variables was less than or equal to the selected penalty parameter λ. Finally, the regression coefficients of a large number of genetic variables were compressed to 0, and genes with regression coefficients except that were selected and subjected to LASSO regression.

Fifteen gene signatures were identified: PRDX6, GCLM, HTATIP2, SEMA3F, UCK2, NOL10, KIF18A, RAP2A, BOD1, GDI2, ZIC2, GTF3C6, SLC1A5, ERI3 and SAC3D1. We generated a prognostic index for each sample for the risk scores of each gene in each sample and then divided the samples into high risk and low risk according to the prognostic index to analyse the overall survival time of the samples. The results revealed that the survival of patients classified as high risk was significantly worse than that of patients classified as low risk. The prognostic model had good predictive power.

Subsequently, we investigated the expression of each gene in LIHC patients and patients with various LIHC disease stages and found that each gene was significantly upregulated in cancerous tissues in LIHC patients compared with paracancerous tissues and that highly expressed genes were significantly associated with a poor patient prognosis. This finding suggested that these genes can be used as prognostic predictive biomarkers for LIHC and that the prediction model combining these genes performs well.

We also analysed the correlation between gene expression and immune cell infiltration levels using TIMER data and found that other than PRDX6 and HTATIP2, all other 13 gene signatures were significantly and positively correlated with tumour purity and B cell, CD4+ T cell, CD8+ T cell, macrophage, neutrophil and dendritic cell infiltration levels. This finding suggested that these gene signatures may influence tumour progression by regulating the tumour microenvironment. PRDX6 is a unique bifunctional enzyme, which reduces both water-soluble and lipid-soluble peroxides and has unique phospholipase A2 activity (18). A previous study reported that inhibition of PRDX6 expression promoted apoptosis in Hepa1-6 cells (19). Another study reported that interventional treatment of primary liver cancer can reduce serum HTATIP2/TIP30 and B7-H4 levels, improve liver function and quality of life and prolong the survival times of patients (20). A number of studies reported that SEMA3F, UCK2, NOL10, RAP2A, ZIC2 and SAC3D1 are associated with prognosis and tumour immune infiltration in hepatocellular carcinomas (21–25). In addition, KIF18A was reported to be associated with tumour immune cell infiltration in adrenocortical carcinomas (26). SLC1A5 may serve as a potential target for enhancing anti-tumour immunity in the tumour microenvironment (27). According to the literature, GCLM gene polymorphisms are associated with hepatitis B virus-induced liver disease (28). There is limited research on BOD1, GDI2, GTF3C6 and ERI3’ impact on hepatocellular carcinomas. BOD1 is a novel mitogenic protein required for chromosomal localization (29). It may act as a unique cytoplasmic interacting protein to regulate signal pathway,thereby having potential in the treatment of various diseases, including cancer (30). GDI2 belongs to a small family of chaperone proteins expressed mainly in hematopoietic, endothelial and epithelial cells (31). GDI2 expression is abnormal in many cancer types, including pancreatic, ovarian, gastric and oesophageal squamous cell carcinomas (32–34). There are few studies on GTF3C6 and ERI3. One previous study found that an integrated model based on a six-gene signature (35) or a novel ferroptosis-related gene signature (36) could predict OS in patients with hepatocellular carcinomas. Most previous studies mainly used only RNA-seq to perform bioinformatic analyses. In contrast, we used ATAC-seq and RNA-seq, which are mutually authenticating, further strengthens the findings of the present study.

In summary, we obtained 15 gene signatures associated with the survival prognosis of hepatocellular carcinoma patients based on ATAC-seq and RNA-seq integration analysis and LASSO regression analysis. Due to the limitations of the experimental conditions, it was not possible to obtain a detailed understanding of the specific mechanism of the action of each of the 15 hepatocellular carcinoma signature genes. Thus far, there have been few studies on BOD1, GDI2, GTF3C6 and ERI3’ impact on hepatocellular carcinomas. The findings of our study provide theoretical basis and directions for future studies. The 15 gene signatures of a survival prognosis in hepatocellular carcinoma patients identified herein may contribute to the development of targeted treatment for hepatocellular carcinoma patients.
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Tumor-infiltrating immune cells, associated with tumor progression, are promising prognostic biomarkers. However, the relationship between levels of gene expression and that of immune cell infiltration in cervical cancer prognosis is unknown. In this study, three cervical cancer gene expression microarrays (GSE6791, GSE63678 and GSE55940) were obtained from the GEO database. The IDO1 gene was identified by differentially expressed gene screening. The gene expression profiles of TCGA and GTEx databases along with comprehensive bioinformatics analysis identified that the IDO1 gene was upregulated in cervical cancer with significant difference in expression at different N stages. In addition, it was also upregulated in HPV16 positive sample. The pan-cancer analysis identified that IDO1 was highly expressed in most cancers. TIMER analysis revealed that the expression of IDO1 in CESC shows positive correlation with CD8+ T cells, CD4+ T cells, neutrophils, dendritic cells. IDO1 expression showed remarkable positive correlation with all immune cell markers except M1 macrophages. CD8+ T cell infiltration GSEA results showed that IDO1 was mainly associated with tumor immune-related signaling pathways.
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Introduction

Cervical cancer is one of the most prevalent malignant diseases, affecting women worldwide (1). Persistent infection with high-risk human papillomaviruses (mainly HPV16 and HPV18) is the main cause of cervical cancer and its precursor lesions (2, 3). The incidence of cervical cancer has decreased due to the production of HPV vaccines, improved living conditions, and early screening (4). However, there is still a high mortality of cancer in Asia (5). Therefore, necessary measures are needed to reduce the incidence of cervical cancer. It is well known that the HPV-E6 and E7 genes encode two mucoproteins involved in the pathogenesis of cervical cancer. Cervical cancer is therefore a relatively immunogenic cancer that can use various mechanisms to evade immune attack by the host (6).

The interaction of tumor cells with the microenvironment plays a crucial role in the development of malignant tumors (7). The main component of the tumor microenvironment is the tumor-infiltrating lymphocytes, a specific population of T cells with a high specific immune response to tumor cells (8, 9). The immune microenvironment of cervical cancer not only has common features of solid tumors but also unique characteristics associated with HPV infection (10). The importance of infiltrating lymphocytes in predicting progression of different types of solid tumors has been demonstrated and T cells are the immune cells of choice for treating cancer. Tumor cell growth is attributed to develop immune resistance by evading immune surveillance mechanisms, leading to T cell dysfunction and depletion (11). Overcoming T-cell dysfunction in cancer patients is the focus of oncology treatment. Blocking antibodies against cytotoxic T-lymphocyte-associated protein 4 (CTLA-4) and PD-1/PD-L1 immune checkpoints have shown durable clinical responses in a variety of cancers, including cervical cancer (12–14). However, many cancer patients show primary or secondary treatment tolerance to immune checkpoint therapy (15). Therefore, the search for more immune checkpoint-related genes to reverse T-cell dysfunction is essential. Indoleamine 2, 3-dioxygenase 1 (IDO1) is characterized by a rate-limiting metabolic enzyme that converts tryptophan (Trp) to downstream Kyn (Kyn) (16, 17). IDO1 is interferon-induced and has been shown to mediate powerful immunosuppression in cancer. Growing evidence indicates that IDO1 is overexpressed in the vast majority of solid tumors and associated with clinical prognosis, such as anal (18), esophageal (19), as well as cervical cancer (20). More importantly, several molecular drugs targeting IDO1 have been evaluated in multiple clinical trials with encouraging results (21, 22).

In this study, three cervical cancer gene expression microarrays were screened for differentially expressed genes and their expression was analyzed in Cervical squamous cell carcinoma and endocervical adenocarcinoma (CESC). The significance of the genes in the prognosis of CESC was determined by correlating the level of gene expression with that of immune cell infiltration and immune checkpoint-related gene expression. The Gene Set Enrichment Analysis (GSEA) identified the immune-related signaling pathways in the tumor.



Methods


Data Sources

Gene expression data microarrays for cervical cancer were obtained from the Gene Expression Omnibus (GEO) database: GSE6791 (23) (containing 84 samples), GSE55940 (24) (containing 10 samples) and GSE63678 (25) (containing 35 samples).

The human cancer gene expression data and related clinical information were obtained from the The Cancer Genome Atlas (TCGA) and Genotype-Tissue Expression (GTEx) database. There were 10201 tumor samples in 33 tumors from TCGA database and 16871 normal samples from TCGA+GTEx database.



Differentially Expressed Gene

The”affy” and the “impute” R packages in R/Bioconductor software were used for GEO data processing, and then limma package of R software (version 3.40.2) was used for the analysis of differential gene expression. To correct false-positive results, adjusted P values were analyzed in TCGA or GTEx. Differential gene screening was performed based on adjusted P < 0.05, |logFC| > 1 and volcano plotting was performed using the ggplot2 R package. Overlapping genes were searched by VennDiagram package.



Immunocorrelation Analysis

The TIMER database (http://timer.comp-genomics.org/) was used to analyze the relation of IDO1 expression in CESC with the level of immune cell infiltration and immune cell markers. P<0.05 was considered statistically significant. Immune scores were assessed using the CIBERSORT algorithm. CIBERSORT is a versatile computational method for quantifying cell fractions from bulk tissue gene expression profiles (26). Spearman correlation test was used for the analysis of the correlation between gene and immune checkpoint associated gene. Visualization was achieved by the R (v4.0.3) package ggplot2.



Survival Analysis

Gene expression and immune cell infiltration levels were analyzed by the TIMER database in relation to overall survival (OS). Kaplan-Meier test was performed to analyze the difference between the survival of patients with high and low gene expression or high and low infiltration levels.



Protein Expression Validation

Immunohistochemical staining maps of CD8+ T cells markers for protein expression in both cervical cancer tissue and normal tissue were downloaded from The Human Protein Atlas (HPA) database.



Gene Set Enrichment Analysis

The samples were divided into two groups of high and low expression according to the median value of gene expression level, the group cutoff was set to median (Cutoff‐High and Cutoff‐Low are both 50%). GSEA was performed to investigate the functions correlated with different risk groups by GSEA 4.1.0, and the software was downloaded from the website for GSEA (http://www.gseamsigdb.org/gsea/downloads). The screening conditions were |NES|≥ 1, FDR < 0.25 and P < 0.05.




Results


Screening of Differentially Expressed Genes

Analytical screening of the GSE6791, GSE55940, and GSE63678 datasets yielded 1698, 14, and 540 differentially up-regulated genes and 236, 9, and 583 differentially down-regulated genes respectively (Figures 1A–C). Overlapping gene analysis of the differentially expressed gene identified a key gene IDO1 (Figure 1D).




Figure 1 | Screening of differentially expressed genes. [(A) Volcano plot of DEGs in GSE6791; (B) Volcano plot of DEGs in GSE55940; (C) Volcano plot of DEGs in GSE63678; (D) Venn diagram showing overlapping genes of DEGs in the three datasets].





Expression of IDO1 in CESC and Multiple Cancer

IDO1 expression in CESC and paraneoplastic tissues was analyzed through TCGA database (306 tumor samples and 3 adjacent tumor samples) using Wilcox-tests in R software. No significant difference was observed in IDO1 expression (Figure 2A), probably because of the small number of adjacent tissue samples. IDO1 expression data was compared by integrating GTEx normal tissues which counts for 22 normal tissue. It was found that IDO1 expression was significantly upregulated in CESC compared to normal tissues (Figure 2B). The samples with unknown staging information were eliminated, there were 66 Nx samples, 134 N0 samples and 61 N1 samples from TCGA database. Analysis of IDO1 expression at different N stages revealed that IDO1 expression was highest in the N0 stage (Figure 2C). There were12 HPV-16 positive samples and 294 HPV-16 negative samples from TCGA database. IDO1 expression was remarkably higher in HPV16 positive than HPV16 negative samples (Figure 2D). Subsequently, tumor samples in TCGA were integrated with normal samples in GTEx (10201 tumor samples and 16871 normal samples from TCGA+GTEx database). The pan-cancer expression profile of IDO1 was analyzed using rank sum test. It was observed that IOD1 was remarkably down-regulated in Thyroid carcinoma (THCA) and up-regulated in the remaining cancers except for Acute Myeloid Leukemia (LAML), Lung squamous cell carcinoma (LUSC), Mesothelioma (MESO), Sarcoma (SARC), Thymoma (THYM), and Uveal Melanoma (UVM) (Figure 2E).




Figure 2 | Expression level of IDO1. [(A) IDO1 expression level in cancerous and paraneoplastic tissues of CESC from TCGA datasets; (B) IDO1 expression level in cancerous and normal tissues of CESC from TCGA+GTEx datasets; (C) IDO1 expression level in different N stages of CESC; (D) IDO1 expression level in CESC with or without HPV type 16 infection; ns: P > 0.05, *P < 0.05, ***P < 0.001].





Immune Cell Infiltration Correlation

IDO1 expression levels in CESC were negatively correlated with tumor purity and macrophages but positively correlated with CD8+ and CD4+ T cells, neutrophils, and dendritic cells (Figure 3). The relationship between IDO1 expression and different immune cell type markers was further analyzed. By purity-adjusted correlation, it was identified that IDO1 expression levels show significant positive correlation with all immune cell markers except M1 macrophages (Table 1). The results showed that although IDO1 expression level had no correlation with B cell infiltration it had significant correlation with the type of B cell markers. This suggests that the correlation between IDO1 expression level and B cell infiltration could be verified by the expression of IDO1 and its type markers.




Figure 3 | Correlation between IDO1 expression level and the level of immune cell infiltration.




Table 1 | Correlation analysis between IDO1 and markers of immune cells in TIMER.





Immunoscore

The relative proportion of immune cell subsets in CESC samples with different IDO1 expression and different N stages in the TCGA dataset were counted using CIBERSORT. According to the median value of IDO1 expression, samples were divided into high and low expression groups. In Figure 4A, it can be seen that CD8+ T cells and M0 macrophages account for the majority of the 22 tumor-infiltrating immune cell subsets. Figure 4B shows that CD8+ T cells account for the highest proportion, revealing that the level of CD8+ T cell infiltration was significantly correlated with IDO1 expression and different N stages of CESC.




Figure 4 | CIBERSORT statistics of relative proportions of immune cell subpopulations. [(A) Distribution of immune scores for different IDO1 expression level; (B) Distribution of immune scores for different N stages; “-”P > 0.05, *P < 0.05, **P < 0.01, ***P < 0.001].





Relationship Between CD8+ T-Cell Infiltration and Prognosis of CESC

Based on the median ratio of CD8+ T-cell infiltration and IDO1 expression, we divided the patient population into two groups (low and high ratios). By analyzing different CD8+ T-cell infiltration levels and CESC prognosis, it was found that patients with high CD8+ T-cell infiltration levels had a better prognosis as verified by CIBERSORT (Figures 5A, B), XCELL and QUNATISEQ (Supplementary Figure 1); low CD8+ effector memory T-cell infiltration levels were significantly associated with poor prognosis of patients. Further, the effects of both, the IDO1 expression and CD8+ T cell infiltration together were compared to patient prognosis (Figure 5C). It revealed that patients with high CD8+ T cell infiltration levels had a better prognosis in the case of high IDO1 expression. The prognosis of patients with high CD8+ T-cell infiltration levels was better with low IDO1 expression. CD8+ T-cell infiltration level can not only be regulated by IDO1 expression levels but also by other biological mechanisms in tumor microenvironment. Thus, co-influence of IDO1 expression level and CD8+ T-cell infiltration level on the prognosis of patients might be different from their individual impact.




Figure 5 | Relationship between CD8+ T-cell infiltration and prognosis of CESC. [(A) CD8+ T-cell infiltration level and CESC prognosis based on CIBERSORT algorithm; (B) CD8+ T-cell infiltration level and CESC prognosis based on CIBERSORT-ABS algorithm; (C) CD8+ T-cell infiltration level and IDO1 expression level and CESC prognosis based on CIBERSORT algorithm].





Expression of Immune Checkpoint-Related Genes

IDO1 expression was classified as high or low according to the median expression value. The expression of immune checkpoint-related genes in high and low expression IDO1 were observed. The results indicate that the IDO1 expression shows significant positive correlation with the expression of immune checkpoint-related genes (Figures 6A, B). The correlation of expression level between IDO1 and other immune checkpoint-related genes in cancers are displayed in Figure 6C. Analysis of immune checkpoint-related gene expression, in multiple cancers, revealed that IDO1 itself is an immune checkpoint gene.




Figure 6 | Correlation between IDO1 expression level and immune checkpoint-associated gene expression. [(A) Immune checkpoint-associated gene expression level in high and low expression level of IDO1 samples; (B) Heat map of immune checkpoint-associated gene expression; (C) Immune checkpoint-associated gene expression level in multiple cancers; *P < 0.05, **P < 0.01, ***P < 0.001].





Validation of the Protein Expression of CD8+ T Cells Markers

The protein expression of IDO1 and CD8+ T cells markers in cervical cancer tissues and normal cervical tissues was verified using the HPA online database (Figure 7). The results showed that CD8A and CD8B were not detected in both cancer tissues and normal liver tissues. IDO1 was highly detected in cervical cancer tissue and low expression in normal tissue.




Figure 7 | Protein expression of IDO1 and gene markers in cervical cancer tissue and normal tissue.





Gene Set Enrichment Analysis

IDO1 expression was classified as high or low according to the median expression value. Red bar in Figures indicated low expression level while blue bar was high expression level.

KEGG pathway analysis showed that: cytokine and cytokine receptor interaction channels, antigen presentation and natural killer cell-mediated cytotoxicity channels were three significantly different pathways (Figure 8A). HALLMARK pathway analysis showed that the interferon-gamma response, allograft rejection and complementation were the three most significant pathways (Figure 8B).




Figure 8 | Gene enrichment analysis of IDO1 in cancers. [(A) Highly expressed IDO1 in KEGG enriched top ten pathway; (B) Highly expressed IDO1 in HALLMARK enriched top ten pathway].



(KEGG: chemokine signaling pathway, cell adhesion molecules, hematopoietic cell lineage, Leishmania protozoa infection, autoimmune thyroid disease and TOLL-like receptor signaling pathway

HALLMARK: inflammatory response, IL6/JAK/STAT3 signaling pathway, interferon-alpha response, IL2-STAT5, KRAS signaling, TNF-alpha/NF-kb and apoptosis)




Discussion

Tumor cells are malignantly transformed normal cells. There are many mutated or aberrantly expressed proteins that may serve as tumor antigens (27). By recognizing these tumor antigens, T cells can clear tumor cells. Thus, the T cell immune response against tumor antigens is a central mechanism of the body’s anti-tumor immunity. Studies indicate that the level of tumor-infiltrating lymphocytes is positively correlated with the clinical prognosis of patients in a variety of solid tumors, thus demonstrating the existence of tumor immune surveillance (28–30).

In this study, we identified the IDO1 gene, by screening three cervical cancer gene expression microarrays for DEGs. These DEGs were upregulated in cervical cancer with significant difference in expression at different N stages and HPV-16 infection. Studies have shown that IDO1 is overexpressed in many solid tumor tissues. A study reported that IDO1 is with higher mRNA transcription and protein expression level than in normal cervix, and also in comparison to other cancers. We confirmed this conclusion by pan-cancer analysis (31). IDO1 is a rate-limiting enzyme that converts tryptophan to kynurenine. It plays a role in immunosuppression by increasing tryptophan metabolism in the tumor microenvironment (32). IDO1 expression may be induced by the secretion of IFN-γ by CD8+ T cells in the tumor microenvironment. Elevated IDO1 expression produces a series of effects such, as inhibition of: T cell function, CD4+ T cell differentiation pathway to Treg, and antigen presentation (33, 34). Tumors can utilize multiple escape mechanisms to avoid immune recognition. For antigen presentation, firstly, the antigen must be taken up by the dendritic cells and presented to CD8+ T cells. Secondly, the antigen must have direct tumor presentation in order to be recognized and killed by activated CD8+ T cells (35). These two processes are where immune escape occurs. The immune escape mechanisms include, regulation of antigen expression and alteration of antigen processing and presentation mechanisms in tumor cells (36, 37).

Tumor-infiltrating immune cells are major contributors to the tumor immune response. Their levels predict treatment outcome and survival (38). We found that in CESC, IDO1 expression levels were significantly correlated with the levels of infiltrating B cells, macrophages, CD8+ T cells, CD4+ T cells, neutrophils, and dendritic cells. Further analysis revealed that IDO1 expression level shows remarkable positive correlation with all immune cell markers except M1 macrophages. CD8+ T cells are a major component of tumor-infiltrating lymphocytes. Therefore, regulation of CD8+ T cell responses has been a focus of immunotherapy for cancer (39). It has been shown that a large infiltration of CD8+ T cells is associated with good prognosis in some tumors (40–42). In the present study, we found the highest and most significant proportion of CD8+ T cells in samples with different IDO1 expression and at different N stages by the CIBERSORT algorithm. We further observed the correlation between the CD8+ T cell infiltration and patient prognosis in CESC by different algorithms. The results showed that high CD8+ T-cell infiltration was remarkably associated with good prognosis in CESC patients. Combined with the expression level of IDO1, the prognosis of patients with low IDO1 expression was better at a high CD8+ T cell infiltration level. From this perspective, we analyzed the relationship between IDO1 expression and immune checkpoint-related genes. The results indicated that the IDO1 expression was significantly correlated with immune checkpoint-related gene expression. This suggests that IDO1 is itself an immune checkpoint gene. The expression of IDO1 creates two effects on its own microenvironments. It decreases tryptophan(Trp) and produces a series of toxic kynurenine(Kyn) metabolites (43). The toxic Kyn metabolites directly suppress the effector T cell response by favoring differentiation of Tregs (44, 45). The immune checkpoint is a key molecule in T-cell dysfunction. Hence, we can reverse T-cell dysfunction by regulating the expression of immune checkpoint molecules. This means that IDO1, which is an immune checkpoint gene is an important target for cancer immunotherapy intervention (46) (47). first reported the results of the phase I clinical trial of Epacadostat, a selective IDO1 inhibitor, for the treatment of advanced malignant solid tumors. The results show that Epacadostat was well tolerated and effectively inhibited IDO1 activity and Kyn levels. In recent years, IDO1 inhibitors have been used as a promising immunomodulatory agent for patients with advanced cancer (48–50). In practice, the infiltrated CD8+/Treg ratio may be a more precise parameter for the prognosis. Jallad et al. found that the triple immune therapy was capable of significantly enhancing the natural killer cell counts as well as the CD3+CD4+/Treg and CD3+CD8+/Treg ratios possibly enhancing the anti-tumorigenic environment (44). The present study also provides support for the application of IDO1 inhibitors in cervical cancer. Finally, to verify the possible mechanism of action of IDO1, the results of KEGG and HALLMARK enrichment analysis showed that IDO1 was mainly enriched in cytokine and cytokine receptor interaction, antigen presentation and natural killer cell-mediated cytotoxicity, and interferon γ response channels. This suggests that IDO1 is a tumor immunity and tumor escape related gene in CESC and can be used as a new target for cervical cancer therapy.



Conclusion

In summary, Indolamine-2,3-dioxygenase-1 (IDO1) is a cytosolic enzyme that catalyzes the conversion of+ essential amino acid Trp to kynurenine (Kyn). IDO1 is overexpressed in more than 50% of tumors and its overexpression increases the relative concentration of Kyn compared to Trp. Hence Kyn/Trp ratio can be used as a prognostic marker to monitor cancer invasiveness and progression. Our study mainly found that IDO1 can be a biomarker for prognosis prediction in CESC and was closely associated with infiltrating CD8+ T cells and immune checkpoint genes. This study provides ideas for the application of IDO1 inhibitors in the treatment of CESC and explores the potential value to enhance anti-tumor immunity and immunotherapy.
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Supplementary Table 1 | Genes in Venn diagram
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In recent years, the incidence and the mortality rate of cervical cancer have been gradually increasing, becoming one of the major causes of cancer-related death in women. In particular, patients with advanced and recurrent cervical cancers present a very poor prognosis. In addition, the vast majority of cervical cancer cases are caused by human papillomavirus (HPV) infection, of which HPV16 infection is the main cause and squamous cell carcinoma is the main presenting type. In this study, we performed screening of differentially expressed genes (DEGs) based on The Cancer Genome Atlas (TCGA) database and GSE6791, constructed a protein–protein interaction (PPI) network to screen 34 hub genes, filtered to the remaining 10 genes using the CytoHubba plug-in, and used survival analysis to determine that RPS27A was most associated with the prognosis of cervical cancer patients and has prognostic and predictive value for cervical cancer. The most significant biological functions and pathways of RPS27A enrichment were subsequently investigated with gene set enrichment analysis (GSEA), and integration of TCGA and GTEx database analyses revealed that RPS27A was significantly expressed in most cancer types. In this study, our analysis revealed that RPS27A can be used as a prognostic biomarker for HPV16 cervical cancer and has biological significance for the growth of cervical cancer cells.
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Introduction

Cervical cancer (cervical squamous cell carcinoma and endocervical adenocarcinoma, CESC) is the fourth most common cancer in women, after breast, colorectal, and lung cancers (1). In the last 2 years, the incidence and the mortality of cervical cancer have been increasing globally, with more than 600,000 new cases and nearly 350,000 deaths in 2020 (2, 3). The age of onset of cervical cancer is “bimodal” and is concentrated in women in their 30s and 40s (4), and about 85% of cervical cancer deaths occur in less developed and developing countries due to medical conditions (5). Patients with early-stage (IB–IIA) cervical cancer overwhelmingly show a trend of good prognosis after receiving appropriate treatment (6), but the prognosis of patients with advanced and recurrent cervical cancer remains poor (7). In addition, cervical cancer is metastatic, with the most frequent site being the bone, and the median survival time after diagnosis is only 7–12 months (8).

Of the 22 million new cancer cases caused by an infection in 2018, up to 690,000 were affected by human papillomavirus (HPV) (9). HPV is a double-stranded DNA virus, and most types of HPV infections are cleared by autoimmunity. However, a few types of HPV viruses can transform infected cells into malignant tumor cells (10). HPV infection is transmitted through sexual contact (early-age sexual intercourse and multiple sexual partners are both high-risk factors for HPV infection), and persistent HPV infection is the most important factor in the development of cervical cancer (11). HPV testing is the primary modality for cervical cancer screening and can significantly reduce the risk of death from cervical cancer (12). In addition, broad-spectrum HPV vaccination is an effective way to prevent the development of cervical cancer (13, 14). To date, three HPV vaccines have been licensed for use: the bivalent HPV virus-like particle vaccine (2vHPV), the quadrivalent HPV virus-like particle vaccine (4vHPV), and the nonavalent HPV virus-like particle vaccine (9vHPV), which can prevent 70% of cervical cancers worldwide (15).

More than 40 HPV virus types colonize the genital tract, 15 of which are associated with cervical cancer, and HPV16 is one of the most virulent genotypes (16). High-risk HPV16 is associated with genital and oropharyngeal cancers (17) and approximately 50% of cases of squamous cell carcinoma (SCC), the most frequent type of cervical cancer (18). Women who have been persistently infected with HPV16 for 2 years have a high probability of developing precancerous lesions within the next 5 years (19), and persistent HPV16 infection is the most important factor leading to the recurrence of high-grade cervical intraepithelial neoplasia (CIN) after treatment in patients with HPV infection (20).

In this study, based on the analysis of The Cancer Genome Atlas (TCGA) database and Gene Expression Omnibus (GEO) database, we aimed to screen the pivotal genes through the screening of differentially expressed genes (DEGs) and the construction of a protein–protein interaction (PPI) network, identify the key gene by analyzing the relationship between the high and low expressions of the pivotal genes and the survival of cervical cancer patients, use this key gene to predict the survival of cervical cancer patients, and analyze the main functional pathways of the key gene using gene set enrichment analysis (GSEA) to determine the prognostic biomarkers for cervical cancer caused by HPV16 infection.



Information and Methods


Data Sources

All clinical information and gene expression-related matrix data related to cervical cancer were obtained from TCGA database, GEO database (GSE6791) (https://www.ncbi.nlm.nih.gov/geo/), and the Genotype–Tissue Expression (GTEx) database. TCGA included 12 HPV16-positive samples and 294 HPV16-negative samples, GSE6791 included eight HPV16-positive samples and three HPV16-negative samples, and para cancer tissue data were obtained from GTEx.



DEG Screening and Functional Pathway Enrichment Analysis

DEGs were screened for HPV16-related genes using the R limma package, and volcano plots were plotted by the R package ggplot2 with log2FC = 0.3785 and p < 0.05 as the screening conditions. Gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) functional pathway enrichment analyses were performed on the screened DEGs using the R package clusterProfiler to explore the biological characteristics of DEGs. Venn diagrams were drawn to identify overlaps between the DEGs in TCGA and GSE6791.



Selection and Identification of Hub Genes

DEGs were imported into the STRING database (https://string-db.org/) to construct a PPI network, visualized by Cytoscape (version 3.8.2), and pivotal genes were screened by degree sorting using the CytoHubba plugin. The performance of each pivotal gene was observed in TCGA and GSE6791 databases, and the expression levels of the pivotal genes in cervical cancer, cervical SCC, and cervical adenocarcinoma tissues were compared with those in normal tissues. Kaplan–Meier curves were plotted to observe the overall survival (OS) of high and low expressions of pivotal genes, and the genes most associated with the prognosis of cervical cancer patients were selected as key genes.



Validation of Pivotal Genes

The expression levels of key genes in the different clinical stages were analyzed using the R package ggplot2, and the relationship between the key genes and the different clinical stages, including prognosis, of cervical cancer patients was analyzed by the R package survival. Subsequently, the subject operating curve (receiver operating characteristic, ROC) was plotted to assess the diagnostic value of the expression levels of the key genes for HPV16 positivity. P < 0.05 was considered statistically significant.



Single Gene Set Enrichment Analysis

GSEA is a method for analyzing gene expression data to assess pathway enrichment in transcriptional data (21). The median gene expression was used as a grouping condition, and the biological functions associated with the hub genes in HPV16 were analyzed using the R package clusterProfiler by matching mutual species with the functions in the R package msigdbr. The screening conditions were p < 0.05 and false discovery rate (FDR) < 0.2. The presentation was visualized using gseaplot2, a function in the R package clusterProfiler.



Pan-Cancer Analysis

The data of 33 cancers and normal tissues were obtained from TCGA database and GTEx database to analyze the expression difference between the key genes in cancer and para cancer and observe the association of the gene with other cancers.




Results


Screening of DEGs

In this study, 1,069 DEGs were screened from TCGA, among which 362 genes were upregulated and 707 genes were downregulated (Figure 1A). Four hundred and forty-six DEGs were screened from GSE6791, of which 302 genes were upregulated and 144 genes were downregulated (Figure 1B).




Figure 1 | Screening results of the differentially expressed genes (DEGs). (A) intersecting genes in TCGA and GSE6791. (B) Screened from the differential genes in The Cancer Genome Atlas (TCGA).





GO/KEGG Enrichment Analysis of DEGs

The top 20 GO terms and KEGG pathways with the most enriched upregulated genes in DEGs were listed by p-value, as shown in Figure 2. In the GSE6791 database, DEGs were mainly enriched in GO functions such as regulation of chromosome organization, histone, and methylation regulation and in KEGG pathways such as the ribosome, tumor necrosis factor signaling pathway, and iron death. In TCGA database, the DEGs were mainly enriched in GO functions such as T-cell activation and regulation, response to interferon−gamma, and regulation of leukocyte cell–cell adhesion and in KEGG pathways such as transplant rejection, antigen outgrowth, and presentation.




Figure 2 | Gene ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) analyses of the differentially expressed genes (DEGs). (A, B) Screening of GO terms and KEGG pathway for DEGs from GSE6791. (C, D) Screening of GO terms and KEGG pathway for the differential genes from The Cancer Genome Atlas (TCGA).





Screening of Pivotal Genes

The intersection of the DEGs screened from TCGA and GSE6791 was taken, and a total of 34 overlapping genes were screened, as shown in the Wayne diagram (Figure 3A). To analyze the interactions between DEGs, we constructed a PPI using the STRING database and obtained the genes with an integrated score of >0.4 (Figure 3B), among which the top 10 pivotal genes in degree ranking were RPS27A, RPS3, EEF1B2, RPL10L, RPL27A, RPL34, RPS6, RPS26 RPL8, and RPL37 (Figure 3C).




Figure 3 | Protein–protein interaction (PPI) network of the differentially expressed genes (DEGs). (A) intersecting genes in TCGA and GSE6791. (B) PPI constructed using the STRING database. (C) Degree ranking of the top 10 potential key genes.





RPS27A Is a Key Gene

Cervical cancer was divided into cervical SCC and cervical adenocarcinoma. By observing the difference in the expression levels of key genes in the different types of cervical cancer and normal tissues, we found that most genes, such as RPS27A, RPS3, and EEF1B2, were significantly expressed in cervical cancer (Figure 4). Subsequently, Kaplan–Meier analysis was performed on 10 pivotal genes, and only RPS27A was significantly associated with the prognosis of cervical cancer (Table 1). Therefore, RPS27A was designated as a pivotal gene.




Figure 4 | Expressions of the 10 key genes in different cervical cancer types. (A–C) Differences in the expressions of the key genes in cervical cancer, cervical phospho-cellular carcinoma, cervical adenocarcinoma, and normal tissues, respectively. *P < 0.05; **P < 0.01; ***P < 0.001.




Table 1 | Summary of the Kaplan–Meier curve data for the 10 key genes.





Diagnostic and Prognostic Value of RPS27A Expression Level for HPV16

Validation of RPS27A revealed significant differences in its expression during the different clinical stages of cervical cancer (Figure 5A), and a high RPS27A expression was associated with poorer prognosis in patients with advanced cervical cancer (p = 0.0023) (Figure 5B). In addition, survival analysis showed that cervical cancer patients with a high RPS27A expression had worse prognosis (Figure 5C), and RPS27A expression was associated with poorer prognosis in patients with HPV16-positive cervical cancer at 1 year (AUC = 0.7, 95%CI = 0.451–0.949), 3 years (AUC = 0.708, 95%CI = 0.445–0.972), and 5 years (AUC = 0.6, 95%CI = 0.26–0.94), which were predictive of prognostic survival (Figure 5D).




Figure 5 | Clinical expression comparison and prognostic analysis of RPS27A. (A) Comparison of the expressions in different clinical stages, ****P < 0.0001. (B) Prognostic impact of a high RPS27A expression in clinical analysis. (C) Kaplan–Meier curve distribution of high and low RPS27A expressions. (D) Receiver operating characteristic (ROC) curve of the different survival times of RPS27A.





Biological Characteristics of RPS27A

The results of GSEA showed that RPS27A was mainly enriched in GO functions such as cytoplasmic translation, nuclear–transcriptional mRNA catabolic processes, and ribosomal RNA (rRNA) processing (Figure 6). It was also associated with cytochrome P450 (CYP450) arrangement by substrate type, keratinized envelope formation, post-translational modifications: GPI-anchored protein synthesis, and other biological pathways.




Figure 6 | Functional mining of RPS27A. (A) Gene Ontology (GO) terms of RPS27A. (B) Biological pathway of RPS27A in the Reactome gene set.





RPS27A Is Significantly Expressed in Most Tumours

As shown in Figure 7, RPS27A expression was significantly associated with the majority of tumors, such as adrenocortical carcinoma (ACC; p < 0.001), bladder urothelial carcinoma (BLCA; p < 0.001), breast invasive carcinoma (BRCA; p < 0.001), and CESC (p < 0.001).




Figure 7 | Expression levels of RPS27A in different tumor tissues. (A–D) Differences in RPS27A expressions in 33 different tumor tissues and normal tissues in The Cancer Genome Atlas (TCGA). *p < 0.05, **p < 0.01, ***p < 0.001.






Discussion

HPV infection is a major cause of cervical carcinogenesis, and repeated infections with the same species of HPV genotypes have a synergistic effect in inducing cervical carcinogenesis (22). HPV encodes two oncoproteins, E6 and E7, and their sustained expression promotes cervical carcinogenesis (23). In particular, HPV16 infection shows a high prevalence in cervical cancer cases, with most infections manifesting without symptoms (24). This study aimed to discover the genes associated with HPV16 cervical cancer and to provide biomarkers for the diagnosis, treatment, and prognosis of cervical cancer.

Ribosomal protein S27A (RPS27A), the only key gene screened in this study associated with prognostic survival in cervical cancer patients, belongs to the ribosomal protein S27AE family. It is a component of the ribosomal 40S subunit and is involved in the encoding of the ubiquitin carboxyl terminus (25). RPS27A is an RNA-binding protein that performs extra-ribosomal functions, including ribosome biosynthesis and post-translational modification processes (26). It has been documented that RPS27A is a direct transcriptional target of p53. It is overexpressed in DNA damage and in kidney, breast, and colon cancers (27) and has roles in promoting proliferation, regulating cell cycle progression, and inhibiting apoptosis (28). In addition, RPS27A is involved in the progression of several diseases or cancers: it may be a potential target for Epstein–Barr virus (EBV)-induced LMP1-positive cancer cells (29), its upregulated expression promotes colorectal cancer cell growth and inhibits apoptosis (30), it is involved in the pathogenesis of diabetic pancreatic ductal adenocarcinoma (PDAC) (25), and it is also one of the pathway links that promote the proliferation of HPV immortalized cervical epithelial cells (H8), which can promote cervical carcinogenesis (26). In the present study, a high expression of RPS27A could lead to poor prognosis in patients with advanced cervical cancer, serve as a prognostic survival predictor in patients with HPV16-positive cervical cancer, and act as an oncogene in the development of HPV16 cervical cancer.

GSEA showed that RPS27A is also associated with GO functions such as cytoplasmic translation, nuclear–transcriptional mRNA catabolic processes, and rRNA processing, all of which are associated with ribosomes. Ribosome biogenesis is a tightly regulated cellular process that begins in the nucleolus and is subsequently processed into rRNA (31). When disrupted during ribosome biogenesis, it can differentially promote cell cycle arrest, senescence, or apoptosis (32). In recent years, the role of ribosomes in carcinogenesis has been extensively validated, linking their involvement in cell cycle regulation and p53 activation to cancer progression (33). For example, RPS19, RPS21, and RPS24 can be used as biomarkers for prostate cancer (34), and ribosome dysfunction is associated with the pathogenesis of nasopharyngeal carcinoma (35) and can promote breast cancer metastasis (36).

In addition, CYP450 is also enriched for significant biological pathways. It is a large, intact membrane-conserved superfamily that includes 57 coding genes, mainly found in hepatocytes and enterocytes, involved in the metabolism of cholesterol, oestrogen, vitamin D, and arachidonic acid (37). Li et al. showed that HPV integrated genes strongly prefer the CP450 pathway (38), which is consistent with the results of the present study. Moreover, CP450 is one of the factors that predispose patients to cervical cancer. Studies by several scholars have shown that polymorphic variants in the CP450 family gene CYP1A1 can increase the risk of cervical cancer, especially in Asians (39, 40). In addition, CP450-related genes also play important roles in other cancers: CYP4Z1 is involved in regulating breast cancer progression (41), the CYP17 inhibitor prevents the growth of prostate cancer cells (42), CYP24A1, a proto-oncogene in human lung cancer, has anti-differentiation and anti-proliferative effects in human lung cancer cell lines (43), and CYP1B1 causes apoptosis in neural cancer cells by inducing melatonin (44). This shows that CP450 is important in cancer cell differentiation, proliferation, and apoptosis. The above analysis indicates that the functions between RPS27A and CP450 have overlapping parts, suggesting that RPS27A might have a synergistic effect with CP450.

Previously, comprehensive bioinformatics analysis methods, such as functional enrichment analysis, PPI network construction, and survival analysis, were used to screen DEGs using the GEO database or TCGA database to identify key genes for cancer progression. For example, Sun et al. (45) and Liu et al. (46) identified biomarkers associated with gastric cancer (GC) progression using this method. In this study, we identified the key gene for HPV16 cervical cancer as RPS27A, developed a survival prediction model to confirm its predictive ability, and performed a GSEA to investigate its functional pathway. In conclusion, this study identified RPS27A as a key gene for HPV type 16 cervical cancer using a comprehensive bioinformatics analysis approach and that it has an accurate predictive ability for patients’ prognostic survival. Although systematic bias may have arisen due to the large variation in sample size, our findings still provide therapeutic targets with clinical significance for HPV16-associated cervical cancer.
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Aberrant expression of microRNAs may affect tumorigenesis and progression by regulating their target genes. This study aimed to construct a risk model for predicting the prognosis of patients with lung adenocarcinoma (LUAD) based on differentially expressed microRNA-regulated target genes. The miRNA sequencing data, RNA sequencing data, and patients’ LUAD clinical data were downloaded from the The Cancer Genome Atlas (TCGA) database. Differentially expressed miRNAs and genes were screened out by combining differential analysis with LASSO regression analysis to further screen out miRNAs associated with patients’ prognosis, and target gene prediction was performed for these miRNAs using a target gene database. Overlapping gene screening was performed for target genes and differentially expressed genes. LASSO regression analysis and survival analysis were then used to identify key genes. Risk score equations for prognostic models were established using multifactorial COX regression analysis to construct survival prognostic models, and the accuracy of the models was evaluated using subject working characteristic curves. The groups were divided into high- and low-risk groups according to the median risk score, and the correlation with the clinicopathological characteristics of the patients was observed. A total of 123 up-regulated miRNAs and 22 down-regulated miRNAs were obtained in this study. Five prognosis-related miRNAs were screened using LASSO regression analysis and Kaplan-Meier method validation, and their target genes were screened with the overlap of differentially expressed genes before multifactorial COX analysis finally resulted in an 11-gene risk model for predicting patient prognosis. The area under the ROC curve proved that the model has high accuracy. The 11-gene risk-prediction model constructed in this study may be an effective predictor of prognosis.
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Introduction

Despite advances in lung cancer treatment, in 2020, lung cancer remained the deadliest type of cancer worldwide according to the World Health Organization (WHO) (1). The 5-year survival rate for lung cancer patients is only 19 percent (2). Part of the reason for the short survival rate in lung cancer mainly contributes to the lung cancer-associated pulmonary hypertension caused by blockage of pulmonary blood vessels due to cancer cell proliferation, which eventually leads to death (3, 4). Lung adenocarcinoma (LUAD) belongs to a subtype of non-small cell lung cancer (NSCLC), and NSCLC accounts for another 85 percent of all lung cancers (5). Most patients with LUAD have an advanced or metastatic disease at the time of diagnosis (6); therefore, early diagnosis is crucial, prolonging patient survival and significantly improving survival rates. LUAD is highly heterogeneous at multiple clinical, behavioural, cellular, and molecular levels (7, 8). The cellular and molecular mechanisms regarding the biological behaviour of tumours remain largely unknown.

Aberrant expression of miRNAs in several cancers, including lung cancer, is associated with tumorigenesis and progression (9, 10). With the application of gene sequencing in tumours, miRNAs can be considered as new biomarkers in patient prognosis prediction and drug resistance (11–13). In addition, integration of multiple miRNAs may be more efficient than a single miRNA for prognosis prediction (14, 15). A large number of studies have identified a series of miRNA signatures that can serve as potential biomarkers for LUAD patient prognosis prediction (15, 16). It is well known that miRNAs have important roles in the regulation of gene expression, either through a single miRNA that regulates the expression of multiple genes or through the combination of several miRNAs that finely regulate the expression of a gene, which in turn regulates various physiological processes, cellular functions, and signalling pathways (17, 18). Studies have been conducted to identify key miRNAs and hub genes in LUAD by bioinformatics and functional analysis (19), Li X et al. identified prognostic biomarkers in lung adenocarcinoma based on aberrant lncRNA–miRNA–mRNA networks and Cox regression models. Gu et al. (20),constructed a DElncRNA-DEmiRNA-DEmRNA ceRNA network for deeper understanding the underlying molecular mechanism of lung adenocarcinoma and for evaluating prognosis. But not much research has been reported on the construction of patient prognostic predictive risk models based on differentially expressed miRNA-target gene-differentially expressed gene networks in LUAD.

In this study, we first analysed the expression profiles of miRNAs in the TCGA database for LUAD to obtain differentially expressed miRNAs. Those miRNAs associated with patient prognosis were then screened by LASSO regression analysis and KM validation, and their target genes were combined with differentially expressed genes in LUAD to construct a prognostic risk-prediction model and verify the validity of the risk model. The patients were then divided into two groups according to risk scores – high risk and low risk – and the correlation between different risk groups and clinicopathological characteristics of LUAD patients was observed to assess the prognostic significance of this risk-prediction model in LUAD.



Methods


Data Collection

The miRNA-seq, RNA-seq, and clinical information of lung cancer (LUAD) were obtained by downloading from the TCGA database. If there were multiple probes to detect the same miRNA expression during the analysis, the average of the miRNA expression was taken as an expression value of the miRNA. For the analysis of patient clinical information, clinical information of patients with unknown survival time and survival time of 0 was deleted. The independent validation cohort GSE50081 (21) were obtained from the Gene Expression Omnibus (https://www.ncbi.nlm.nih.gov/geo) by the GEO query R package.



Differential Analysis

Differentially expressed miRNAs in LUAD were screened using the edgeR package in R software with |logFC|≧1, adjust P value < 0.05.Due to the large amount of differentially expressed genes, we changed the cut-off values with |logFC|≧2, adjust P value < 0.05 for the screen of differentially expressed genes. Volcano plots of differentially expressed miRNAs and genes were plotted using ggplot2.



Target Gene Prediction

The miRTarBase (http://miRTarBase.cuhk.edu.cn/), TargetScan (http://www.targetscan.org/vert_72/) and RNA22 (https://cm.jefferson.edu/rna22/) target gene prediction databases were used for target gene prediction of miRNAs.



Kaplan-Meier Survival Analysis

Survival analysis was performed using Survival in the R package. p-values and hazard ratios (HR) with 95% confidence intervals (CI) in Kaplan-Meier curves were derived by log rank test and univariate Cox proportional hazards regression.



LASSO/Cox Regression Analysis

The LASSO regression algorithm was used for feature selection, and a 10-fold cross-validation was used to determine the parameters and obtain a suitable model. The genes obtained from LASSO regression were then subjected to multifactorial Cox regression analysis, and the multifactorial regression coefficients were calculated for each gene to construct the risk score equation.



Gene Ontology Enrichment Analyses

GO (is a recognized bioinformatics tool for annotating genes and the analysis of the biological process of target genes.7 To explore the function of 11 genes, biological analysis was performed using DAVID online database. P<0.05 was considered statistically significant.



Establishment and Analysis of Risk Prognostic Model

Based on the results of the above multi-factor Cox regression analysis, the risk score equation based on gene expression was constructed. Based on the median value of the risk score values, LUAD patients were divided into high-risk score groups and low-risk score groups. Column plots of the model predicting prognosis were drawn using R software, and ROC curves and calibration curves of the model were plotted to evaluate the sensitivity and specificity of the model.



Statistical Analysis

R3.6.3 was used for all statistical analyses. Values of p<0.05 were defined as statistically significant. In the survival analysis, the survival outcome was defined as overall survival based on clinical record. Univariate and multivariate cox regression analyses were used to assess the influences of the genes on patients ‘survival.




Results


Differential Expression miRNA Screening

The edgeR package was applied to analyse differential miRNA expression in LUAD, and the results were demonstrated by the volcano plot (Figure 1A). A total of 123 up-regulated miRNAs and 22 down-regulated miRNAs were obtained. Further screening of these miRNAs using LASSO regression (Figure 1B) and modelling using cross-validation (Figure 1C) was conducted. A total of 23 miRNAs associated with prognosis (hsa-miR-450a-5p, hsa-miR-548v, hsa-miR-490-3p, hsa-miR-142-3p, hsa-miR-20a-5p, hsa-miR-323a-3p, hsa-miR-301b-5p, hsa-miR-940, hsa-miR-550a-5p, hsa-miR-106a-5p, hsa-miR-3653-5p, hsa-let-7c-5p, hsa-miR-31-5p, hsa-miR-137, hsa-miR-192-5p, hsa-miR-642a-5p, hsa-miR-148a-3p, hsa-miR-5698, hsa-miR-196b-5p, hsa-miR-3607-3p, hsa-miR-9-3, hsa-let-7g-3p, hsa-miR-31-3p) were obtained by constituting a multivariate linear model, which was divided into high and low risk according to the prognostic index of each sample, and KM curves showed that high- and low-risk patients survived with significant differences (Figure 1D). To verify the accuracy of this prognostic model, it was further corroborated by the ROC curves, and the results showed that the prognostic model performed well (Figure 1E).




Figure 1 | Differential expression miRNA screening. (A: volcano plot showing differentially expressed miRNAs; B: coefficients of selected features shown by lambda parameters; C: partial likelihood deviation versus log(λ); D: survival curves of high-and low-risk samples under LASSO regression; E; ROC curves under LASSO regression).





Kaplan-Meier Method to Validate 23 miRNAs

The relationship between the expression of 23 miRNAs and the survival prognosis of LUAD patients was analysed using the UALCAN database (Figures 2A–V). The results showed that the expression of hsa-miR-490-3p, hsa-miR-940, hsa-miR-31-3p, hsa-miR-31-5p and hsa-let-7c-5p were significantly associated with the survival prognosis of LUAD patients, and high expression of these miRNAs was associated with poor prognosis of LUAD patients.




Figure 2 | KM curves of 23 miRNAs. (A: hsa-miR-450a-5p; B: hsa-miR-20a; C: hsa-miR-550a-5p; D: hsa-miR-31; E: hsa-miR-323a; F: hsa-miR-106a; G: hsa-miR-137; H: hsa-miR-192; I: hsa- miR-3607; J: hsa-miR-196b; K: hsa-miR-9-3p; L: hsa-miR-5698; M: hsa-let-7g; N: hsa-miR-148a; O: hsa-miR-642a; P: hsa-let-7c; Q: hsa-miR-3653; R: hsa -miR-301b; S: hsa-miR-940; T: hsa-miR-548v; U: hsa-miR-490; V: hsa-miR-142).





Screening of miRNAs Target Genes and Differentially Expressed Genes

The miRTarBase, TargetScan, and RNA22 databases were used to predict the target genes of hsa-miR-490-3p, hsa-miR-940, hsa-miR-31-3p, hsa-miR-31-5p, and hsa-let-7c-5p, and then the target genes of the five miRNAs were screened, and a total of 2002 intersecting target genes was obtained (Figure 3A). Differential analysis of RNA-seq was performed on 513 LUAD tumour samples and 59 normal samples in the TCGA database, and the 256 up-regulated genes and 608 down-regulated genes obtained from the screening were presented using volcano maps (Figure 3B). A total of 84 key genes were obtained by overlapping screening of intersecting target genes and differentially expressed genes (Figure 3C).




Figure 3 | Screening of miRNAs target genes and differentially expressed genes. (A: overlapping Venn diagram of predicted target genes for 5 miRNAs; B: volcano diagram of differentially expressed genes in LUAD; C: overlapping Venn diagram of predicted target genes and differentially expressed genes for miRNAs).





LASSO Regression Analysis

A 24-gene prediction model was obtained by screening 84 genes using LASSO regression analysis (Figures 4A, B), and LUAD patients were divided into a high-risk score group and a low-risk score group based on the median value of the risk score (Figure 4C). The LASSO regression survival curves (Figure 4D) showed that high-risk patients were worse than low-risk patients. The subjects’ working curves (Figure 4E) showed that the AUC areas of the 1-, 3-, and 5-year survival time curves were 0.752, 0.736, and 0.743, respectively, indicating that the model has a strong predictive accuracy.




Figure 4 | LASSO regression model screening 84 genes. (A: different characteristics of genes and their corresponding coefficients; B: cross-validation to build the model; C: risk score with survival time and survival status cases; D: KM curve of this prediction model; E: ROC curve plotted under the prediction model).





Kaplan-Meier Method to Validate 24 Genes

The Kaplan-Meier method was used to validate the overall survival time of 24 key genes, and the hazard coefficients HR of the 95% CI of the 24 genes were obtained by log rank test and univariate Cox proportional hazards regression. Results are presented in Table 1, which shows that a total of 11 genes were significantly associated with overall survival in LUAD. Their KM curves are shown in Figures 5A–K. The expression of these 11 genes in LUAD is shown in Figure 5L. Compared with normal tissues, the expression of ADM2, CLIC6, KIF20A, LAD1, MUC5B, and TNS4 was up-regulated, and the expression of ATG16L2, KCNK3, MAFF, NKD1, and SPATA13 was down-regulated in lung cancer tissues.


Table 1 | Kaplan-Meier analysis of 24 key genes.






Figure 5 | Kaplan-Meier method to validate 23 genes. (A: KM curve of TNS4; B: KM curve of KIF20A; C: KM curve of KCNK3; D: KM curve of CLIC6; E: KM curve of MUC5B; F: KM curve of ATG16L2; G: KM curve of LAD1; H: KM curve of MAFF; I: KM curve of SPATA13; J: KM curve of ADM2 curve; K: KM curve of NKD1; L: expression of 11 genes in LUAD; ***P < 0.0001).





Construction of a Risk-Prediction Model Based on 11 Genes

A prediction model based on LASSO regression analysis was constructed for the 11-gene signature (Figures 6A, B), and its predicted risk score consisted mainly of the following:

	




Figure 6 | LASSO construction prediction model and COX analysis. (A: coefficients of selected characteristics shown by lambda parameters; B: partial likelihood deviation versus log(λ); C: KM curves for risk grouping; D: ROC curves for this risk prediction model; E: forest plot for univariate COX regression; F: forest plot for multifactor COX regression).



The sample was divided into high-risk and low-risk groups according to the risk score ranking, using the best cut-off risk score as the threshold, and the Kaplan-Meier analysis showed that the prognosis of patients in the high-risk group was significantly worse than that of low-risk patients (Figure 6C). The subject working characteristic curves indicated that the prediction model had high predictive accuracy for patients’ 1- and 3-year survival prognosis (1-Year AUC: 0.749, 3 Years AUC: 0.708) (Figure 6D).

Further GO analysis of the 11 genes showed that the gene signatures were mainly associated with voltage-gated channel activity、S100 protein binding、potassium ion leak channel activity (Table 2).


Table 2 | Significant biological processes in which the 11 gene signatures were mainly involved.



In univariate Cox regression analysis, pathological TNM stage and risk score was associated with poorer prognosis of patients (Figure 6E). In multivariate Cox regression, pathological TNM stage and risk score were identified as independent prognostic predictors (Figure 6F).



Validating the Predictive Value of Risk Model in Independent Cohort

To further verify the predictive value of risk model, GSE50081 from GEO were employed as a validation cohort. Cox regression analysis and the Kaplan-Meier curve showed that high-risk patients were worse than low-risk patients, which agreed with the results found in the TCGA-LUAD cohort (Figure 7A). The AUCs of FRRS at 1, 3 and 5 years were 0.61, 0.55, and 0.54, respectively (Figure 7B).




Figure 7 | Evaluation of risk model performance in independent datasets. (A: Kaplan-Meier curves and univariate Cox regression of overall survival in GSE50081; B: ROC curve analyses in GSE50081).





Clinicopathological Characteristics of Different Risk Score Subgroups

The distribution of clinicopathological characteristics of different risk score subgroups (high risk and low risk) was presented as a heat map (Figure 8A); the relationship between different age, gender, smoking history, race, pathological TNM stage, pathological T stage, pathological N stage, pathological M stage, and risk score was observed, and the results showed (Figures 8B–I) that Stage I patients’ risk score was significantly different from that of Stage II and Stage III patients; the difference between risk score of Stage T1 and T2 and T3 patients was statistically significant. The risk score of Stage N0 patients was significantly different from that of Stage N1 and N2 patients.




Figure 8 | Clinicopathological characteristics of different risk score subgroups. (A: heat map of clinicopathological characteristics of different risk score subgroups; B: the relationship between age and risk score; C: the relationship between sex and risk score; D: the relationship between smoking history and Riskscore; E: the relationship between race and Riskscore; F: the relationship between pathological TNM stage and Riskscore; G: the relationship between pathological T stage and Riskscore; H;. Relationship between pathological N-stage and Riskscore; I: Relationship between pathological M-stage and Riskscore).






Discussion

miRNAs are not independent regulators, and their action is achieved through binding to target genes. Although the vast majority of genes in the human genome are regulated by the expression of miRNAs, not all of them play a decisive role in tumour development. Therefore, although certain miRNAs are differentially expressed in tumours, it does not mean that this has an impact on tumorigenesis and progression. In this study, we first obtained a total of 123 up-regulated miRNAs and 22 down-regulated miRNAs, 256 up-regulated genes and 608 down-regulated genes by screening differentially expressed miRNAs and genes in LUAD. We then further subjected these miRNAs to LASSO regression analysis and validated them with KM to obtain a total of five prognosis-related LUAD patients. These five miRNAs have been shown to be differentially expressed in LUAD by bioinformatics analysis in previous studies (22). Subsequently, we predicted the target genes of these five miRNAs and found that there were 2002 target genes in which the five miRNAs acted together, and a total of 84 genes were obtained by screening them with overlapping differentially expressed genes in LUAD. The vast majority of studies using training groups to develop and construct molecular markers rely on the selection of overlapping genes in multiple databases, which may lead to the recurrence of certain genes in new signatures, a phenomenon that may lead to similarity or convergence of results and may hinder the efficiency and predictive power of prediction models (23). To improve our accuracy, we performed downscaling and validation of 84 genes to finally construct a risk-prediction model with 11 gene signatures consisting of 11 genes significantly associated with LUAD prognosis. This 11-gene signature risk-prediction model classified patients into high-risk and low-risk groups, and there was a significant difference in the overall survival prognosis between the high- and low-risk groups. This model could be a valid and promising prognostic biomarker for lung adenocarcinoma patients as an independent prognostic predictor. Previously studies also constructed a series of models to predicting prognosis in LUAD via different bioinformatic analysis. Zhou C et al. (24) constructed prognosis predicting risk model based on platelet-related gene expression. Besides this, Ye GC et al. (25) identified key microRNAs and hub genes associated with poor prognosis in lung adenocarcinoma via miRNA-mRNA network, they indicated that PECAM1, in particular, may be a novel biomarker of survival that provided a novel diagnostic biomarkers and therapeutic targets for the treatment of LUAD. Except for miRNA or mRNA, lncRNA also plays an important role in the pathogenesis of cancer and has significant clinical value in prognosis and diagnosis (26). Li R et al. (27) applied an integrated ceRNA network analysis to identify a lncRNA-based signature for predicting the prognosis of LUAD patients. The established molecular signature with seven lncRNAs, derived from the ceRNA network, was demonstrated to be a robust and independent factor for the survival prediction of LUAD patients.

The 11 gene signatures are composed of ADM2, CLIC6, KIF20A, LAD1, MUC5B, TNS4, ATG16L2, KCNK3, MAFF, NKD1, and SPATA13. adrenomedullin-2 (ADM2) is a hypoxia-inducible endothelial peptide that stabilizes pulmonary microvascular.CLIC6 is a member of the intracellular chloride channel, one of the dopamine receptor-mediated signalling pathways, and is differentially expressed in breast cancer. Recent studies have reported evidence that CLIC6 expression is significantly associated with lung adenocarcinoma prognosis (28, 29). KIF20A (30), LAD1 (31), MUC5B (32), TNS4 (33), ATG16L2 (34), and NKD1 (35) have been shown to serve as biological markers for prognosis prediction in lung cancer. KCNK3 (36) has been reported to be involved in pulmonary hypertension, which may contribute to poor prognosis in lung cancer patients. SPATA13 is a discrete region in the adult brain enriched in a guanylate exchange factor (37), and deletion of SPATA13 has been shown to reduce and shrink the number and size of intestinal tumours in Apc (Min/+) mice (38, 39), but its study in lung cancer is rare. In addition to this, we investigated the risk scores in different LUAD clinicopathological features. The results suggest that the risk score of Stage I in patients with different TNM stages is significantly different from that of Stage II, III, and IV, and the same situation applies to different T and N stages. This result also demonstrates that this prediction model may serve as a biological marker for the early diagnosis of LUAD.

In conclusion, a valid and accurate prognostic model for LUAD based on 11 gene signatures was constructed in this study. The prediction model based on these 11 gene signatures has good predictive properties, and it can effectively distinguish between high-risk and low-risk patients based on risk scores. There are significant differences in its risk scores among patients with different TNM stages, making it an early diagnostic marker and prognostic predictor for LUAD patients and reducing the excessive cost of molecular diagnosis. However, there are some limitations to this study. First, since our study relied mainly on bioinformatics analysis, these results subsequently require a series of biological experiments to assist validation. The potential biological mechanisms and pathways associated with these 11 genes still need further investigation.
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Goblet cell adenocarcinoma (GCA) is a rare amphicrine tumor and difficult to diagnose. GCA is traditionally found in the appendix, but extra-appendiceal GCA may be underestimated. Intestinal adenocarcinoma with signet ring cell component is also very rare, and some signet ring cell carcinomas are well cohesive, having some similar morphological features to GCAs. It is necessary to differentiate GCA from intestinal adenocarcinomas with cohesive signet ring cell component (IACSRCC). The goal of this study is to find occurrence of extra-appendiceal GCA and characterize the histological, immunohistochemical, transcriptional, and immune landscape of GCA. We collected 12 cases of GCAs and 10 IACSRCCs and reviewed the clinicopathologic characters of these cases. Immunohistochemical stains were performed with synaptophysin, chromogranin A, CD56, somatostatin receptor (SSTR) 2, and Ki-67. Whole transcriptome RNA-sequencing was performed, and data were used to analyze differential gene expression and predict immune cell infiltration levels in GCA and IACSRCC. RNA-sequencing data for colorectal adenocarcinoma were gathered from TCGA data portal. Of the 12 patients with GCA, there were 4 women and 8 men. There were three appendiceal cases and nine extra-appendiceal cases. GCAs were immunohistochemically different from IACSRCC. GCA also had different levels of B-cell and CD8+ T-cell infiltration compared to both colorectal adenocarcinoma and cohesive IACSRCCs. Differential gene expression analysis showed distinct gene expression patterns in GCA compared to colorectal adenocarcinoma, with a number of cancer-related differentially expressed genes, including upregulation of TMEM14A, GOLT1A, DSCC1, and HSD17B8, and downregulation of KCNQ1OT1 and MXRA5. GCA also had several differentially expressed genes compared to IACSRCCs, including upregulation of PRSS21, EPPIN, RPRM, TNFRSF12A, and BZRAP1, and downregulation of HIST1H2BE, TCN1, AC069363.1, RP11-538I12.2, and REG4. In summary, the number of extra-appendiceal GCA was underestimated in Chinese patients. GCA can be seen as a distinct morphological, immunohistochemical, transcriptomic, and immunological entity. The classic low-grade component of GCA and the immunoreactivity for neuroendocrine markers are the key points to diagnosing GCA.




Keywords: goblet cell adenocarcinoma, colorectal cancer, pathology, differential gene expression, immune cell infiltration, immunohistochemistry



Introduction

Goblet cell adenocarcinoma (GCA) is a very rare tumor, formerly known as goblet cell carcinoid (1). GCA is composed of cells with secretory phenotypes, including goblet cells, endocrine cells, and Paneth cells. Whether these tumors are more closely related to neuroendocrine tumors or adenocarcinomas is controversial (2). Because GCAs are predominantly tumors of mucin secreting cells, they were reclassified as goblet cell adenocarcinomas in the current World Health Organization (WHO) classification of the digestive system (1). GCA was almost exclusively found in the appendix (1); however, more and more extra-appendiceal GCAs are being reported in the literature (3–6). We suspect that the number of extra-appendiceal GCA is underestimated, because GCA was considered as a special tumor that exclusively existed in the appendix. One of the objectives of our study is to look for extra-appendiceal GCAs.

Intestinal adenocarcinoma with signet ring cell component is also very rare in the intestinal tract, consisting of 0.1%–2.6% of colorectal cancer patients (7, 8). As we know, signet ring cell carcinoma usually is poorly cohesive (1). However, some signet ring cell carcinomas are well cohesive, having some similar morphological features to GCAs. We attempt to reveal the difference between GCAs and intestinal adenocarcinoma with cohesive signet ring cell component (IACSRCC). Early GCA mutational profiling showed it to be distinct from intestinal neuroendocrine tumors (NETs) and conventional intestinal adenocarcinoma (3, 9), where common genetic mutations in KRAS, GNAS, and APC were uncommon in GCAs (3, 9). However, no studies have to date investigated distinctions between GCA and colorectal adenocarcinoma and the morphologically similar IACSRCCs, in terms of both gene expression and the tumor immune microenvironment. Another aim of this study is to investigate whether GCA is a distinct entity in terms of transcriptional and immune landscape, which may facilitate an accurate diagnosis of GCA.



Materials and Methods


Case Selection

All GCAs, IACSRCC, and gastric carcinomas with signet ring cell components were reviewed to search for GCA and IACSRCC. To be classified as a GCA, the tumor must demonstrate at least a component of classic low-grade GCA (the classic low-grade tumor grows as tubules composed of goblet-like mucinous, variable numbers of endocrine cells, and Paneth-like cells with granular eosinophilic cytoplasm). The IACSRCC was defined as adenocarcinoma with a well-cohesive signet ring cell component rather than a poor-cohesive signet ring cell component. The diagnosis was confirmed by two pathologists (D-LL and L-LW). According to the morphology criteria, a total of 12 GCAs and 10 IACSRCCs were included in this study dating from 2016 to 2019. Out of the nine extra-appendiceal cases, six were initially misdiagnosed as signet ring cell carcinomas. All patients were from the Affiliated Hospital of Qingdao University. All clinicopathologic records and formalin-fixed paraffin-embedded (FFPE) sections were reviewed, and the results are summarized in Table 1. This study was performed according to the Declaration of Helsinki and was approved by the Ethics Committee of the Affiliated Hospital of Qingdao University on October 3, 2019 (No. QYFY WZLL 26478). All patients provided written informed consent.


Table 1 | Clinicopathologic characteristics of GCAs.





TCGA-COAD Data

TCGA RNAseq gene expression data were obtained from NIH GDC data portal (https://portal.gdc.cancer.gov/). A total of 513 colorectal adenocarcinoma cases were selected for analysis.



Immunohistochemistry

Immunohistochemical analysis was performed on paraffin-embedded sections using the following primary antibodies: synaptophysin (Clone: UMAB 112, Zhongshan, China), chromogranin A (Clone: LK2H10, Zhongshan, China), CD56 (Clone: 123C3, Roche, Switzerland), somatostatin receptor (SSTR)2 (Clone: EP149, Zhongshan, China), and Ki-67 (MIB1, Dako Cytomation, Denmark). All markers were performed using a VENTANA Benchmark ® XT automated system (Ventana Medical Systems, Inc., Tucson, AZ, USA).



RNA Extraction, Library Construction, and Whole Transcriptome Sequencing

Total RNA from FFPE samples were extracted using a RNeasy FFPE Kit (Qiagen). RNA purity was checked using Nanodrop 2000 for A260/280 and A260/A230 ratios (Thermo Fisher Scientific). All RNA samples were quantified by Qubit 3.0 using the RNA BR Assay Kit (Life Technologies). RNA integrity was assessed using Bioanalyzer 2100 (Agilent). RIN value (RNA integrity number) higher than 6.5 was required. RNA sequencing libraries were prepared using KAPA Stranded RNA-Seq Kit with RiboErase (KAPA Biosystems). Briefly, rRNA was first depleted with RiboErase, followed by DNase digestion for DNA removal. Purified RNA was subjected to first-strand cDNA synthesis, followed by second-strand synthesis with dUTP marking for strand specificity. This is followed by A-tailing, adapter ligation, and library amplification. Final library was quantified using KAPA Library Quantification Kit (KAPA Biosystems), and its fragment size distribution was analyzed using a Bioanalyzer 2100 (Agilent). Sequencing was performed on Illumina HiSeq4000 platform using PE150 sequencing chemistry (Illumina, USA) to an average of 60M reads per sample.



RNA Sequencing Data Processing, Transcript Quantification, and Differential Gene Expression Analysis

FASTQ file quality control was performed using Trimmomatic (10), where N bases and low-quality (score <15) bases were removed. Reads aligning to rRNA and tRNA sequences were removed. Cleaned reads were aligned to the human reference genome (hg19) using STAR v 2.5.2b (11), a splice aware aligner. Transcripts were quantified using RSEM (12), which uses expectation maximization algorithm to optimally assign reads that maps to multiple transcripts. Differential gene expression analysis was performed using DESeq2 (13) R package.



Pathway Enrichment Analysis

Gene ontology enrichment analysis (GOEA) was performed with GOATOOLS (14). Briefly, given a set of genes up- or downregulated in a certain group compared to another group, enrichment analysis will find gene ontology terms where these genes are overrepresented. Pathway and disease enrichment was performed using KOBAS 2.0 (15). Briefly, given a set of genes, KOBAS performs a statistical test to find pathways or disease in which the set of genes are overrepresented. KOBAS 2.0 uses five pathway databases (KEGG PATHWAY, PID, BioCyc, Reactome, and Panther) and five human disease databases (OMIM, KEGG DISEASE, FunDO, GAD, and NHGRI GWAS Catalog). Gene ontology terms represent biological function categories while pathway analysis involves enrichment for metabolic and signaling pathways.



Immune Cell Infiltration Estimate

Relative infiltration level of six types of immune cells was estimated for each sample with TIMER (16) and RNAseq gene expression data. Six types of immune cells include CD4+ T cells, CD8+ T cells, B cells, neutrophils, macrophages, and myeloid dendritic cells.



Immunomodulator Gene Expression Analysis

Level of immunomodulation was assessed as per previous study by Thorssen et al. (17). Gene expression levels in transcript per million (TPM) of 74 immunomodulator genes were assessed. These genes were divided into seven super categories, including receptor, ligand, co-stimulator, co-inhibitor, cell adhesion, antigen presentation, and other. They can also be immune checkpoint inhibitors, stimulators, or neither. Results were presented in a heatmap, where the median TPM of each gene was calculated for D: GCA and L: IACSRCC group, and z-score normalized across the two groups for each gene.



Cytolytic Activity

Cytolytic activity was calculated as the geometric mean of gene expression levels of GZMA and PRF1 as previously described (18).



Statistical Analysis

Non-parametric Wilcoxon’s rank-sum test was used to assess the differences between groups. p < 0.05 was considered to indicate a statistically significant difference. FDR was used for multiple testing correction. All statistical analyses were performed in R (v.3.5.3).




Results


Clinicopathological Characteristics

The clinicopathological characteristics of the patient of GCA are summarized in Table 1. The median age of the patients was 65.5 years (range 31–78 years). Of the 12 patients with GCA, there were 4 women and 8 men. The detailed locations were the appendix (three cases), the stomach (three cases), the transverse colon (two cases), the sigmoid colon (two cases), the ascending colon (one case), and the rectum (one case). The median tumor size was 4.0 cm (range 3.5–6.5 cm). The mean follow-up time was 28 months, ranging from 5 months to 46 months. Five patients died of cancer. Neither local recurrence nor distant metastasis had been found in the other seven patients. The clinicopathological characteristics of the patients with IACSRCC are summarized in Table S1.



Histologic and Immunohistochemical Findings of GCAs and IACSRCC

According to the latest WHO grading system (1), the 12 cases of GCAs were subdivided into Grade 1 (two cases), Grade 2 (four cases), and Grade 3 (six cases), respectively. The proportion of classic low-grade GCA components ranged from 5% to 90%. The classic low-grade GCA components grew as small tubular or clustered tumor clusters composed of goblet cells, in combination with cuboidal glandular cells and a variable number of Paneth-like cells (Figure 1A). The tumor cells in these clusters had a low N:C ratio, mild to at most moderate cytologic atypia, and infrequent mitoses (Figure 1A). The high-grade histologic components showed growth patterns of single file (Figure 1B), large aggregates (Figure 1C), and fused goblet cell clusters (Figure 1D). Non-GCA components existed in five cases, including conventional adenocarcinoma (Figure 1E), large cell neuroendocrine carcinoma (Figure 1F), and mucinous carcinoma (Figure 1G). Vascular invasion was positive in nine cases, and perineural invasion was detected in nine cases. The GCA component in all 12 cases stained positively for at least one of three neuroendocrine markers (synaptophysin, chromogranin A, and CD56). Chromogranin A was positive in 10 cases (83.3%) (Figure 1H), synaptophysin was positive in four cases (33.3%), and CD56 was positive in four cases (33.3%). SSTR2 was negative in all 12 cases. The Ki67 proliferative index ranged from 10% to 70% (see Supplemental Table S2 for Ki67 index for each case).




Figure 1 | Histology and immunohistochemical staining of GCA. (A) The low-grade component of GCA showed round to oval discrete tumor clusters with or without lumens and simple trabecular growth consistent with tubules sectioned. (B) Single file growth lacking the clustered tubular architecture was a common representation of the high-grade component. (C) Very large aggregates of goblet cells in the high-grade component. (D) Fusion of goblet cell clusters to form anastomosing complex growth of goblet cell clusters in the high-grade components. (E) Conventional adenocarcinoma component in GCA. (F) Large cell neuroendocrine carcinoma component in GCA. (G) Mucinous carcinoma component in GCA. (H) The tumor cells were positive for Chromogranin (A) The tumor cells showed heterogeneous immunopositivity for Chromogranin A (Chromogranin A showed strong positivity in endocrine cells, but was negative or weakly positive in goblet cells and Paneth cells).



The IACSRCCs were composed of large cohesive signet ring cell aggregates, resembling the large aggregates or fused goblet cell clusters in the high-grade component of GCAs (Figure 2A). The neuroendocrine markers were negative in 10 IACSRCCs (Figure 2B); only one case was focally positive for CD56, which was different from GCAs (p < 0.005). The immunohistochemical findings of GCAs and IACSRCCs are summarized in Table 2 (for immunohistochemical findings at individual case level, see Supplemental Table S2).




Figure 2 | Histology and immunohistochemical staining of IACSRCCs. (A) The cohesive signet ring cell component in the IACSRCCs showed large well-cohesive signet ring cell aggregates rather than poor-cohesive signet ring cells, which was very similar to the large aggregates in the GCA. (B) The cohesive signet ring cell component in the IACSRCCs was negative for Chromogranin A.




Table 2 | Summary of immunohistochemical findings of GCA and IACSRCC.





GCA Has Distinct Immune Landscape Compared to Both Colorectal Adenocarcinoma and IACSRCC

First, we observed differences in the immune landscape between GCA (D group) and colorectal adenocarcinoma as well as IACSRCC (L group). Using gene expression data and TIMER immune cell infiltration estimation package, we predicted infiltration level of six types of immune cells critical to the tumor immune microenvironment. We found that GCA had a higher level of B-cell infiltration compared to colorectal adenocarcinoma (Figure 3A), but lower B-cell infiltration compared to IACSRCC with trend toward significance (Figure 4B), and significantly higher CD8+ T-cell infiltration levels compared to colorectal adenocarcinoma (Figure 3E), but lower CD8+ T-cell infiltration levels compared to IACSRCC (Figure 4C). We did not observe differences in levels of CD4+ T cells, neutrophils, macrophages, or myeloid dendritic cells between GCA and colorectal adenocarcinoma (Figures 3B–D, F) as well as between GCA and IACSRCC (Figures 5A–D). For all immune cell infiltration levels of all D: GCA and L: IACSRCC samples, see Figure 4A. We also compared levels of immunomodulation between GCA and IACSRCC using gene expression levels of 74 genes involved in immunomodulation. We found for inhibitory and stimulatory types of immunomodulators, GCA had a higher level of immunomodulation for some factors, while lower for other factors compared to IACSRCC. However, for various HLAs, we found GCA had lower expression levels for all HLA subtypes except HLA-B (Figure 4E). For immunomodulation status of individual D: GCA and L: IACSRCC samples, see Figure 4D. We also assessed the level of cytolytic T cell activity by geometric mean expression levels of GZMA and RPF1 and found no difference in cytolytic T-cell activity between GCA and IACSRCC (Figure 5F). For cytolytic T-cell activity levels of all D: GCA and L: IACSRCC samples, see Figure 5E.




Figure 3 | Immune cell infiltration of GCA vs. colorectal adenocarcinoma. (A–F) Immune cell infiltration estimate comparison. Infiltration % of six types of immune cells was estimated for each sample with TIMER using gene expression data from RNA-seq. Two-sided Wilcoxon test was used. p-value < 0.05 was seen as statistically significant. GCA, goblet cell adenocarcinoma; COAD, colorectal adenocarcinoma.






Figure 4 | Immune landscape of GCA vs. IACSRCCs. (A) Immune cell infiltration estimate heatmap for samples in D: GCA and L: IACSRCC groups. Infiltration % of six types of immune cells was estimated for each sample with TIMER using gene expression data from RNA-seq. Infiltration level was z-scored across samples for each immune cell type. (B, C) Immune cell infiltration estimate comparison for D: GCA vs. L: IACSRCC group. Two-sided Wilcoxon test was used. p-value < 0.05 was seen as statistically significant. (Only significant or trend toward significance results are shown.) (D) Immunomodulators gene expression for samples in D: GCA and L: IACSRCC groups. Immunomodulation is characterized using gene expression level of 70 genes involved in immunomodulation (Thorsson, 2018). Gene expression levels were TPM (transcript per million) values z-scored across samples for each gene. (E) Immunomodulators median gene expression levels for D: GCA and L: IACSRCC group. Heatmap TPM (transcript per million) value is the median of all samples from respective groups, z-score normalized across the two groups.






Figure 5 | Immune cell infiltration and cytolytic activity of GCA vs. IACSRCCs. (A–D) Immune cell infiltration estimate comparison. Infiltration % of 6 types of immune cells was estimated for each sample with TIMER using gene expression data from RNA-seq. 2-sided Wilcoxon test was used. P-value < 0.05 was seen as statistically significant. (E) Cytolytic activity score for samples in D: GCA and L: IACSRCC groups. Cytolytic activity represents cytotoxic T cell activity and is calculated as the geometric mean of GZMA and PRF1 gene expression levels. (F) Cytolytic activity score comparison for D: GCA vs. L: IACSRCC group. 2-sided Wilcoxon test was used. P-value < 0.05 was seen as statistically significant.





Specific Gene Expression, Biological Pathways, and Mutations Were Enriched in GCA Compared to Colorectal Adenocarcinoma and IACSRCC

Next, we conducted differential gene expression analysis and GO and pathway enrichment analysis to see if specific genes are up- or downregulated in GCA compared to colorectal adenocarcinoma and IACSRCC, and if those genes were enriched in specific GO terms and metabolic, signaling, and disease pathways. We found that compared to colorectal adenocarcinomas, the top 10 upregulated genes in order of statistical significance were MZT1, TMEM14A, GOLT1A, CDA, CCDC167, DSCC1, TMEM187, HSD17B8, PMAIP1, and CENPQ (Figure 6A). Many downregulated genes had identically high statistical significance; therefore, the top 10 downregulated genes in order of effect size were RN7SK, PIGR, IGFBP5, KCNQ1OT1, TIMP3, EGR1, MXRA5, RP11-244F12.3, CEACAM6, and CTGF (Figure 6A). Pathway enrichment revealed enrichments in the following cancer-related pathways in the order of significance: FoxO signaling, proteoglycans, glucagon, thyroid hormone, AMPK, viral, and general cancer pathways (Figure 6B). In terms of enriched GO terms, the top five upregulated and downregulated GO terms all involve cell, cell part, binding, organelle, and cellular process (Figure 6C). Between GCA and IACSRCC, we found that these two groups can be well-separated using the top 50 differentially expressed genes, as evidenced by separately clustered GCA samples (salmon color) and IACSRCC samples (cyan color) (Figure 7A). Compared to the IACSRCC group, the top five upregulated genes in the GCA group were PRSS21, EPPIN, RPRM, TNFRSF12A, and BZRAP1. The top five downregulated genes were HIST1H2BE, TCN1, AC069363.1, RP11-538I12.2, and REG4 (Figure 7B). Pathway enrichment revealed enrichments in the following cancer-related pathways in the order of significance: hematopoietic cell lineage, Gap junction, cytokine–cytokine receptor interaction, steroid hormone biosynthesis, retinol metabolism, p53 signaling pathway, transcriptional mis-regulation in cancer, and PI3K-Akt signaling pathway (Figure 7C). For GO term enrichment, the top five upregulated and downregulated GO terms all involve cell, cell part, binding, organelle, and cellular process (Figure 7D). We also assessed gene mutation differences between GCA and IACSRCC. We observed that the two groups shared mutations in a number of genes (FAM47C, LOC101928841, FLG2, RP1L1, ZNF208, ZNF729, FLG, RPTN, CCDC168, and CDH23), albeit at different frequencies. However, the vast majority of the 30 most frequently mutated genes were different between the two groups (Supplementary  Figure S1), further suggesting GCA is an unique genomic entity.




Figure 6 | Transcriptomics landscape of GCA vs. colorectal adenocarcinoma. (A) Differential gene expression between GCA and colorectal adenocarcinoma. p-adjusted < 0.05 was considered significant. Genes upregulated in GCA with log2 fold change > 1 were colored in red. Genes downregulated in GCA with log2 fold change < −1 were colored in blue. (B) Pathway enrichment in GCA compared to colorectal adenocarcinoma. Five pathway databases (KEGG PATHWAY, PID, BioCyc, Reactome, and Panther) and five human disease databases (OMIM, KEGG DISEASE, FunDO, GAD, and NHGRI GWAS Catalog) were used to find pathways or disease in which differentially expressed gene set was overrepresented. (C) GO (gene ontology) term enrichment in GCA compared to colorectal adenocarcinoma. Gene ontology terms represent biological function categories while pathway analysis involves enrichment for metabolic and signaling pathways.






Figure 7 | Transcriptomics landscape of GCA vs. IACSRCC. (A) Heatmap of top 50 differentially expressed genes between GCA and IACSRCC. Values represent TPM (transcript per million) z-scored across samples for each gene. Genes and samples were hierarchically clustered with dendrograms drawn on left and top of heatmap. (B) Differential gene expression between GCA and IACSRCC. p-adjusted < 0.05 was considered significant. Genes upregulated in GCA with log2 fold change > 1 were colored in red. Genes downregulated in GCA with log2 fold change < −1 were colored in blue. Top five up- and downregulated genes are labeled. (C) Pathway enrichment in GCA compared to IACSRCC. Five pathway databases (KEGG PATHWAY, PID, BioCyc, Reactome, and Panther) and five human disease databases (OMIM, KEGG DISEASE, FunDO, GAD, and NHGRI GWAS Catalog) were used to find pathways or disease in which differentially expressed gene set was overrepresented. (D) GO (gene ontology) term enrichment in GCA compared to IACSRCC. Gene ontology terms represent biological function categories while pathway analysis involves enrichment for metabolic and signaling pathways.






Discussion

GCA is a very rare amphicrine tumor, previously considered to exist exclusively in the appendix. However, the extra-appendiceal cases suggested that GCA could occur outside the appendix. Most textbooks and literature listed GCA as an exclusive tumor in the appendix; therefore, most pathologists were unwilling to diagnose an extra-appendiceal GCA. Of the 12 GCAs in our study, there are only three appendiceal cases, which support our speculation. Some investigators used the term “amphicrine carcinoma” for the extra-appendiceal GCAs (5). Amphicrine carcinomas are characterized by both neuroendocrine and glandular differentiation occurring in the same cell (19). These tumors are also rare, with only scattered reports in the stomach (20), pancreas (21), lung (22), and liver (19). However, almost all amphicrine carcinomas reported lacked the classic low-grade GCA component (small round to oval tumor clusters or simple trabecular architecture composed of goblet cells) (19, 21, 23, 24). Therefore, GCA should be considered as one kind of amphicrine carcinoma with specific morphological characteristics. The classic low-grade component of GCA is the key point to make a correct diagnosis. In addition, before we diagnose a primary extra-appendiceal GCA, it is necessary to carefully differentiate these tumors from metastasis from primary appendiceal GCA.

GCA, especially in high-grade patients, had a poorer outcome than gastrointestinal low-grade NET (carcinoid). Vascular invasion and perineural invasion are very common, and five patients (41.7%) died of disease in 5 years in our data. The aggressive behavior supports reclassifying appendiceal goblet cell carcinoids as GCAs. Histologic grade correlated with overall survival independent of stage, so pathologists should provide an accurate grade for GCAs.

GCA usually shows immunoreactivity for neuroendocrine markers, such as chromogranin A, synaptophysin, and CD56 in variable numbers of tumor cells, but these stains are not required for diagnosis (1). Theoretically, GCAs lacking neuroendocrine immunoreactivity can exist. All 12 GCAs were positive for at least one of three neuroendocrine markers (including chromogranin A, synaptophysin, and CD56) in our patients. Chromogranin A was the most sensitive marker for GCA, positive in 10 (83.3%) GCAs in the present study. Unlike GCA, synaptophysin is more sensitive in the gastrointestinal NET (1). Colorectal NETs are usually positive for SSTR2 (1), but all GCAs were negative for SSTR2 in our study, which suggests that GCA should be classified into adenocarcinoma rather than carcinoid. Somatostatin analogs may be used in NETs when the SSTR status is positive (25). The negativity for SSTR2 indicates that somatostatin analogs may be ineffective for GCAs.

Morphologically, the large cohesive signet ring cell aggregates in IACSRCCs are very similar to the large aggregates or fused goblet cell clusters in the high-grade GCAs. The classic low-grade component of GCA is an essential character to differentiate GCA from IACSRCC. Most IACSRCCs were negative for neuroendocrine markers, and only one case showed focal stain for CD56 in the present 10 IACSRCCs. Although the neuroendocrine stains are not a requisite for the diagnosis of GCA, neuroendocrine immunoreactivity is still useful to differentiate GCA from IACSRCC.

GCA showed distinct tumor immune microenvironment compared to both colorectal adenocarcinoma as well as IACSRCC. GCA had differing infiltration levels of two crucial anti-tumor immune cells—B cells and CD8+ T cells, compared to colorectal adenocarcinoma as well as IACSRCC. B cell’s function in the tumor microenvironment is mainly anti-tumor. It produces tumor-reactive antibodies and primes CD4+ and CD8+ T cells (26). CD8+ T cells, especially the cytotoxic variety, are bona fide tumor-killing immune cells (27). It appears that GCA’s B- and CD8+ T-cell levels are between that of high immune cell-infiltrated IACSRCC and low immune cell-infiltrated colorectal adenocarcinoma. Tumor-infiltrating CD8+ T cells have been shown to be a beneficial prognostic factor in a number of cancers (28–30). CD8+ T-cell levels has even been shown to provide additional prognostic value beyond traditional TNM staging in colorectal cancer (31). Recent studies have also found that tumor-infiltrating B cells have a positive impact on survival across cancer types, and appears to also enhance the positive prognostic impact of CD8+ T cells (32). Assessing the prognostic impact of B-cell and CD8+ T-cell infiltration in GCA would be of great interest in future studies.

GCA showed distinct gene expression patterns compared to colorectal adenocarcinoma as well as the morphologically similar IACSRCC. Within the top 10 upregulated genes in GCA compared to colorectal adenocarcinoma, evidence suggests that a number of them are putative oncogenes. For example, TMEM14A, coding for a transmembrane protein, was shown to be abnormally expressed in various cancers (33). GOLT1A, a Golgi transport homolog, is overexpressed in breast cancer, and low expression is associated with good prognosis (34). DSCC1, involved in DNA replication and sister chromatid cohesion, is actually frequently upregulated in colorectal cancer cells (35), where it is shown here to be even more upregulated in GCA compared to colorectal adenocarcinoma. HSD17B8, a steroid dehydrogenase, plays a crucial role in the development of endocrine and endocrine-related cancers (36) and was also found to be upregulated in GCA compared to colorectal adenocarcinoma, which may reflect the endocrine nature of GCA. Most interestingly, numerous genes whose expressions are unique to colorectal adenocarcinoma were downregulated in GCA. For example, KCNQ1OT1, a long non-coding RNA, acts as an oncogene in colorectal cancer through the PI3K/AKT pathway (37), but was found here to be downregulated in GCA. MXRA5, a matrix-remodeling protein, was identified as a colorectal cancer biomarker (38) and was also found to be downregulated in GCA. Compared to IACSRCC, GCA was upregulated in PRSS21, EPPIN, RPRM, TNFRSF12A, and BZRAP1, and downregulated in HIST1H2BE, TCN1, AC069363.1, RP11-538I12.2, and REG4. Many of these genes are also cancer-related. For example, RPRM is a gastric cancer biomarker (39), and TCN1 high expression was linked to negative colon cancer prognosis (40). Distinct gene expression signature of GCA involving cancer-related genes may not only aid in the differential diagnosis of GCA, but also pave the way for a deeper understanding of the molecular oncogenic pathways involved in GCA.

In summary, this study demonstrated that GCA can be seen as a distinct entity, with unique immune and molecular features compared to both colorectal adenocarcinoma as well as IACSRCC. The number of extra-appendiceal GCA was underestimated in Chinese patients. The classic low-grade component of GCA and the immunoreactivity for neuroendocrine markers are key points to diagnosing GCA.



Data Availability Statement

The datasets presented in this article are not readily available because dataset is used in other ongoing studies. Requests to access the datasets should be directed to the corresponding author X-MX at xiaoming.xing@qdu.edu.cn.



Ethics Statement

The studies involving human participants were reviewed and approved by the Ethics Committee of the Affiliated Hospital of Qingdao University. The patients/participants provided their written informed consent to participate in this study.



Author Contributions

D-LL, L-LW, PZ, W-WR, WW, and L-XZ contributed to conception, design of the study, formal analysis, and manuscript writing. MH and HB contributed to statistical analysis, visualization, and manuscript writing. HB, KL, XW, YS, and X-MX designed, supervised, and provided resources for this study. All authors contributed to manuscript revision, read, and approved the submitted version.



Funding

This work was supported by the National Natural Science Foundation of China Grants (No. 81972329).



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2021.758643/full#supplementary-material



References

1. Nagtegaal, ID, Odze, RD, Klimstra, D, Paradis, V, Rugge, M, Schirmacher, P, et al. The 2019 WHO Classification of Tumours of the Digestive System. Histopathology (2020) 76:182–8. doi: 10.1111/his.13975

2. Yozu, M, Johncilla, ME, Srivastava, A, Ryan, DP, Cusack, JC, Doyle, L, et al. Histologic and Outcome Study Supports Reclassifying Appendiceal Goblet Cell Carcinoids as Goblet Cell Adenocarcinomas, and Grading and Staging Similarly to Colonic Adenocarcinomas. Am J Surg Pathol (2018) 42:898–910. doi: 10.1097/PAS.0000000000001056

3. Arai, H, Baca, Y, Battaglin, F, Kawanishi, N, Wang, J, Soni, S, et al. Molecular Characterization of Appendiceal Goblet Cell Carcinoid. Mol Cancer Ther (2020) 19:2634–40. doi: 10.1158/1535-7163.MCT-20-0318

4. Shibuya, H, Hijioka, S, Mizuno, N, Kuwahara, T, Okuno, N, Tanaka, T, et al. A Rare Case of Ampullary Goblet Cell Carcinoid. Intern Med (2018) 57:2489–96. doi: 10.2169/internalmedicine.0516-17

5. Huang, D, Ren, F, Ni, S, Tan, C, Weng, W, Zhang, M, et al. Amphicrine Carcinoma of the Stomach and Intestine: A Clinicopathologic and Pan-Cancer Transcriptome Analysis of a Distinct Entity. Cancer Cell Int (2019) 19:1–13. doi: 10.1186/s12935-019-1031-7

6. Lenti, MV, Peri, A, D’Ambrosio, G, Gallo, V, Di Sabatino, A, and Vanoli, A. Primary Appendiceal-Type Goblet Cell Adenocarcinoma of the Ileum Mimicking an Inflammatory Stricture in a Woman With Crohn’s Disease. Dig Liver Dis (2021) 53:506–8. doi: 10.1016/j.dld.2021.01.005

7. Tung, SY, Wu, CS, and Chen, PC. Primary Signet Ring Cell Carcinoma of Colorectum: An Age- and Sex-Matched Controlled Study. Am J Gastroenterol (1996) 91:2195–9.

8. Arifi, ES, El Mesbahi, O, and Riffi, AA. Primary Signet Ring Cell Carcinoma of the Colon and Rectum. Bull Cancer (2015) 102:880–8. doi: 10.1016/j.bulcan.2015.07.005

9. Wen, KW, Grenert, JP, Joseph, NM, Shafizadeh, N, Huang, A, Hosseini, M, et al. Genomic Profile of Appendiceal Goblet Cell Carcinoid is Distinct Compared to Appendiceal Neuroendocrine Tumor and Conventional Adenocarcinoma. Hum Pathol (2018) 77:166–74. doi: 10.1016/j.humpath.2018.03.026

10. Bolger, AM, Lohse, M, and Usadel, B. Trimmomatic: A Flexible Trimmer for Illumina Sequence Data. Bioinformatics (2014) 30:2114–20. doi: 10.1093/bioinformatics/btu170

11. Dobin, A, Davis, CA, Schlesinger, F, Drenkow, J, Zaleski, C, Jha, S, et al. STAR: Ultrafast Universal RNA-Seq Aligner. Bioinformatics (2013) 29:15–21. doi: 10.1093/bioinformatics/bts635

12. Li, B, and Colin N, D. RSEM: Accurate Transcript Quantification From RNA-Seq Data With or Without a Reference Genome. BMC Bioinf (2011) 12:21–40. doi: 10.1186/1471-2105-12-323

13. Love, MI, Huber, W, and Anders, S. Moderated Estimation of Fold Change and Dispersion for RNA-Seq Data With Deseq2. Genome Biol (2014) 15:1–21. doi: 10.1186/s13059-014-0550-8

14. Klopfenstein, DV, Zhang, L, Pedersen, BS, Ramírez, F, Vesztrocy, AW, Naldi, A, et al. GOATOOLS: A Python Library for Gene Ontology Analyses. Sci Rep (2018) 8:1–17. doi: 10.1038/s41598-018-28948-z

15. Xie, C, Mao, X, Huang, J, Ding, Y, Wu, J, Dong, S, et al. KOBAS 2.0: A Web Server for Annotation and Identification of Enriched Pathways and Diseases. Nucleic Acids Res (2011) 39:316–22. doi: 10.1093/nar/gkr483

16. 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:W509–14.

17. Thorsson, V, Gibbs, DL, Brown, SD, Wolf, D, Bortone, DS, Ou Yang, TH, et al. The Immune Landscape of Cancer. Immunity (2018) 48:812–830.e14. doi: 10.1016/j.immuni.2018.03.023

18. Rooney, MS, Shukla, SA, Wu, CJ, Getz, G, and Hacohen, N. Molecular and Genetic Properties of Tumors Associated With Local Immune Cytolytic Activity. Cell (2015) 160:48–61. doi: 10.1016/j.cell.2014.12.033

19. Ganesan, K, Achmad, E, Sirlin, CB, Bouvet, M, Datnow, B, Weidner, N, et al. Amphicrine Carcinoma of the Liver. Ann Diagn Pathol (2011) 15:355–7. doi: 10.1016/j.anndiagpath.2010.05.001

20. Reis-Filho, JS, and Schmitt, FC. Amphicrine Gastric Carcinoma. Arch Pathol Lab Med (2001) 125:1513–4. doi: 10.5858/2001-125-1513-AGC

21. Minakawa, K, Oka, K, Nihei, T, Sando, N, Oikawa, H, Toda, J, et al. Pancreatic Endocrine Tumor With Partial Acinar Cell Differentiation. Apmis (2006) 114:720–5. doi: 10.1111/j.1600-0463.2006.apm_407.x

22. Weissferdt, A. Pulmonary Carcinomas With Mucinous and Neuroendocrine Differentiation: Expanding the Spectrum of Amphicrine Carcinomas. Am J Surg Pathol (2018) 42:1246–52. doi: 10.1097/PAS.0000000000001127

23. Jain, D, Eslami-Varzaneh, F, Takano, AM, Ayer, U, Umashankar, R, Muller, R, et al. Composite Glandular and Endocrine Tumors of the Stomach With Pancreatic Acinar Differentiation. Am J Surg Pathol (2005) 29:1524–9. doi: 10.1097/01.pas.0000169498.89035.f9

24. Ginori, A, Lo Bello, G, Vassallo, L, and Tripodi, SA. Amphicrine Carcinoma of the Ampullary Region. Tumori (2015) 101:e70–2. doi: 10.5301/tj.5000254

25. Pavel, M, O’Toole, D, Costa, F, Capdevila, J, Gross, D, Kianmanesh, R, et al. ENETS Consensus Guidelines Update for the Management of Distant Metastatic Disease of Intestinal, Pancreatic, Bronchial Neuroendocrine Neoplasms (NEN) and NEN of Unknown Primary Site. Neuroendocrinology (2016) 103:172–85. doi: 10.1159/000443167

26. Yuen, GJ, Demissie, E, and Pillai, S. B Lymphocytes and Cancer: A Love-Hate Relationship. Trends Cancer (2017) 2:747–57. doi: 10.1016/j.trecan.2016.10.010

27. Farhood, B, Najafi, M, and Mortezaee, K. CD8+ Cytotoxic T Lymphocytes in Cancer Immunotherapy: A Review. J Cell Physiol (2019) 234:8509–21. doi: 10.1002/jcp.27782

28. Vihervuori, H, Autere, TA, Repo, H, Kurki, S, Kallio, L, Lintunen, MM, et al. Tumor-Infiltrating Lymphocytes and CD8+ T Cells Predict Survival of Triple-Negative Breast Cancer. J Cancer Res Clin Oncol (2019) 145:3105–14. doi: 10.1007/s00432-019-03036-5

29. Lu, J, Xu, Y, Wu, Y, Huang, XY, Xie, JW, Bin, WJ, et al. Tumor-Infiltrating CD8+ T Cells Combined With Tumor-Associated CD68+ Macrophages Predict Postoperative Prognosis and Adjuvant Chemotherapy Benefit in Resected Gastric Cancer. BMC Cancer (2019) 19:1–10. doi: 10.1186/s12885-019-6089-z

30. Shimizu, S, Hiratsuka, H, Koike, K, Tsuchihashi, K, Sonoda, T, Ogi, K, et al. Tumor-Infiltrating CD8+ T-Cell Density is an Independent Prognostic Marker for Oral Squamous Cell Carcinoma. Cancer Med (2019) 8:80–93. doi: 10.1002/cam4.1889

31. Mlecnik, B, Tosolini, M, Kirilovsky, A, Berger, A, Bindea, G, Meatchi, T, et al. Histopathologic-Based Prognostic Factors of Colorectal Cancers are Associated With the State of the Local Immune Reaction. J Clin Oncol (2011) 29:610–8. doi: 10.1200/JCO.2010.30.5425

32. Wouters, MCA, and Nelson, BH. Prognostic Significance of Tumor-Infiltrating B Cells and Plasma Cells in Human Cancer. Clin Cancer Res (2018) 24:6125–35. doi: 10.1158/1078-0432.CCR-18-1481

33. Zhang, Q, Chen, X, Zhang, X, Zhan, J, and Chen, J. Knockdown of TMEM14A Expression by RNAi Inhibits the Proliferation and Invasion of Human Ovarian Cancer Cells. Biosci Rep (2016) 36:1–9. doi: 10.1042/BSR20150258

34. Ikeda, K, Horie-Inoue, K, Ueno, T, Suzuki, T, Sato, W, Shigekawa, T, et al. MIR-378a-3p Modulates Tamoxifen Sensitivity in Breast Cancer MCF-7 Cells Through Targeting GOLT1A. Sci Rep (2015) 5:1–12. doi: 10.1038/srep13170

35. Yamaguchi, K, Yamaguchi, R, Takahashi, N, Ikenoue, T, Fujii, T, Shinozaki, M, et al. Overexpression of Cohesion Establishment Factor DSCC1 Through E2F in Colorectal Cancer. PloS One (2014) 9:e85750. doi: 10.1371/journal.pone.0085750

36. Rotinen, M, Villar, J, and Encío, I. Regulation of 17-Hydroxysteroid Dehydrogenases in Cancer: Regulating Steroid Receptor at Pre-Receptor Stage. J Physiol Biochem (2012) 68:461–73. doi: 10.1007/s13105-012-0155-1

37. Duan, Q, Cai, L, Zheng, K, Cui, C, Huang, R, Zheng, Z, et al. LncRNA KCNQ1OT1 Knockdown Inhibits Colorectal Cancer Cell Proliferation, Migration and Invasiveness via the PI3K/AKT Pathway. Oncol Lett (2020) 20:601–10. doi: 10.3892/ol.2020.11619

38. Zou, TT, Selaru, FM, Xu, Y, Shustova, V, Yin, J, Mori, Y, et al. Application of cDNA Microarrays to Generate a Molecular Taxonomy Capable of Distinguishing Between Colon Cancer and Normal Colon. Oncogene (2002) 21:4855–62. doi: 10.1038/sj.onc.1205613

39. Bernal, C, Aguayo, F, Villarroel, C, Vargas, M, Díaz, I, Ossandon, FJ, et al. Reprimo as a Potential Biomarker for Early Detection in Gastric Cancer. Clin Cancer Res (2008) 14:6264–9. doi: 10.1158/1078-0432.CCR-07-4522

40. Liu, Gj, Wang, YJ, Yue, M, Zhao, LM, Guo, YD, Liu, YP, et al. High Expression of TCN1 is a Negative Prognostic Biomarker and can Predict Neoadjuvant Chemosensitivity of Colon Cancer. Sci Rep (2020) 10:1–11. doi: 10.1038/s41598-020-68150-8




Conflict of Interest: Authors MH, HB, KL, XW, and YS are employed by Nanjing Geneseeq Technology Inc.

The remaining 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.


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 © 2021 Lin, Wang, Zhao, Ran, Wang, Zhang, Han, Bao, Liu, Wu, Shao and Xing. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.




ORIGINAL RESEARCH

published: 12 November 2021

doi: 10.3389/fonc.2021.726794

[image: image2]


A Hypoxia-Associated Prognostic Gene Signature Risk Model and Prognosis Predictors in Gliomas


Feng Gao, Zhengzheng Wang, Jiajie Gu, Xiaojia Zhang and Huixiao Wang *


Department of Neurosurgery, The Affiliated People’s Hospital of Ningbo University, Ningbo City, China




Edited by: 

Ye Wang, Qingdao University Medical College, China

Reviewed by: 

Quan Du, Zhejiang University School of Medicine, China

Pranjal Sarma, University of Cincinnati, United States

*Correspondence: 

Huixiao Wang
 samgf@163.com

Specialty section: 
 This article was submitted to Cancer Genetics, a section of the journal Frontiers in Oncology


Received: 17 June 2021

Accepted: 27 September 2021

Published: 12 November 2021

Citation:
Gao F, Wang Z, Gu J, Zhang X and Wang H (2021) A Hypoxia-Associated Prognostic Gene Signature Risk Model and Prognosis Predictors in Gliomas. Front. Oncol. 11:726794. doi: 10.3389/fonc.2021.726794



Most solid tumours are hypoxic. Tumour cell proliferation and metabolism accelerate oxygen consumption. The low oxygen supply due to vascular abnormalisation and the high oxygen demand of tumour cells give rise to an imbalance, resulting in tumour hypoxia. Hypoxia alters cellular behaviour and is associated with extracellular matrix remodelling, enhanced tumour migration, and metastatic behaviour. In light of the foregoing, more research on the progressive and prognostic impacts of hypoxia on gliomas are crucial. In this study, we analysed the expression levels of 75 hypoxia-related genes in gliomas and found that a total of 26 genes were differentially expressed in The Cancer Genome Atlas (TCGA) database samples. We also constructed protein–protein interaction networks using the STRING database and Cytoscape. We obtained a total of 10 Hub genes using the MCC algorithm screening in the cytoHubba plugin. A prognostic risk model with seven gene signatures (PSMB6, PSMD9, UBB, PSMD12, PSMB10, PSMA5, and PSMD14) was constructed based on the 10 Hub genes using LASSO–Cox regression analysis. The model was verified to be highly accurate using subject work characteristic curves. The seven-gene signatures were then analysed by univariate and multivariate Cox. Notably, PSMB10, PSMD12, UBB, PSMA5, and PSMB6 were found to be independent prognostic predictive markers for glioma. In addition, PSMB6, PSMA5, UBB, and PSMD12 were lowly expressed, while PSMB10 was highly expressed, in the TCGA and GTEx integrated glioma samples and normal samples, which were verified through protein expression levels in the Human Protein Atlas database. This study found the prognostic predictive values of the hypoxia-related genes PSMB10, PSMD12, UBB, PSMA5, and PSMB6 for glioma and provided ideas and entry points for the progress of hypoxia-related glioma.
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Introduction

There are more than 100 histological subtypes of primary brain and central nervous system (CNS) tumours (1). Gliomas account for 24% of all primary brain and CNS tumour types, including low-grade gliomas (LGG) and glioblastoma multiforme (GBM), and are the most common and lethal type of primary malignancies of the CNS (2). Currently, although surgical resection, chemotherapy, and radiotherapy are considered clinically standard treatments for gliomas (3), treatment efficacy is very limited, with no cure for gliomas and very poor prognosis for patients (4, 5). In addition, most glioma patients are prone to drug resistance and relapse during treatment (6, 7). Therefore, the search for new molecular therapeutic targets and prognostic predictive markers is important to predict treatment response and clinical outcome in glioma.

Tumour hypoxia is a condition in which tumour cells are deprived of oxygen (8). During the growth of malignant tumours, the tumour cells grow faster than the blood vessels; therefore, the blood supply cannot keep up with the demand that matches the tumour size, leaving parts of the tumour with significantly lower oxygen concentrations than healthy tissues, resulting in a hypoxic microenvironment (9, 10). The hypoxic tumour microenvironment is widely recognised as an independent prognostic indicator that is commonly associated with low survival rates in various cancer types, including breast and lung cancers. In gliomas, hypoxia is a driver of the malignant phenotype of the glioma class (11). Tumour hypoxia is associated with antiapoptosis, recurrence, chemo- and radiotherapy resistance, invasive potential, and reduced patient survival (12).

Cancer cells have multiple mechanisms for evading radiotherapy-induced cell death. Among them, the development of tumour hypoxia and its associated metabolic pathways is one of the most important contributors to clinical radioresistance (13). This is attributed to the fact that hypoxic tumours require approximately three times the normal radiation dose to achieve the desired cell death (14). This likewise suggests that a tumour hypoxia greatly reduces the efficacy of conventional anticancer approaches. Previous studies have shown that T cells and natural killer cells present an incompetent or depleted state in a hypoxic microenvironment, which results in dysfunction (15, 16). Currently, the predictive biomarkers for immunotherapy mainly include programmed death-ligand 1 (PD-L1), microsatellite instability/defective mismatch repair (MSI/dMMR), and tumour mutational load (TMB) but often ignore the hypoxic tumour microenvironment as a prerequisite (17). Recent studies (18) have constructed and validated a hypoxia risk model that serves as an independent prognostic indicator for glioma, reflecting the overall strength of the immune response in a glioma microenvironment. However, it is still difficult to determine the hypoxic status of tumours due to the diversity of oxygen levels in different tissues. Under hypoxic conditions, tumour cells can adapt to the microenvironment where they grow by altering the expression of endogenous enriched genes; these gene expression profiles can reflect the hypoxic status (19, 20). Therefore, exploring the exact or relevant mechanisms of hypoxia in tumour development is expected to provide new targets and indicators for the treatment and prognosis detection of gliomas.

In this study, we analysed the expression and correlation of 75 hypoxia-related genes in gliomas and thereafter constructed a highly accurate prognostic risk prediction model consisting of seven gene signatures. PSMB10, PSMD12, UBB, PSMA5, and PSMB6 were found to be independent predictors of glioma prognosis.



Method


Data Sources

The data of 663 glioma (GBM + LGG) samples, and mRNA expression data, were downloaded from The Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.gov/) website, while the mRNA expression data of 2,642 cases of normal tissues were downloaded from the Genotype-Tissue Expression (GTEx, https://gtexportal.org/) website. The 75 hypoxia-associated genes were cited in Wei et al. (21).



Selection and Processing of Hypoxia-Associated Genes

The collected data were normalised, and 2,642 normal lung tissues from GTEx were added to the glioma TCGA dataset. The R package (v4.0.3) was used to analyse the differences in the 75 hypoxia-associated gene expressions. Correlations between quantitative variables without a normal distribution were described using Spearman’s correlation analysis. p < 0.05 was considered statistically significant.



Seventy-Five Hypoxia-Associated Gene Subgroup Types

Consistency analysis was performed using the R package ConsensusClusterPlus (v1.54.0) with a maximum number of clusters of six and 100 replicates to extract 80% of the total sample, clustering = “hc”, innerLinkage = ‘ward.D2’. The clustering heatmaps were all analysed using the R software package pheatmap (v1.0.12). The gene expression heatmaps were retained for genes with variances above 0.1.



Protein–Protein Interaction Network Construction and Hub Gene Screening

The STRING database (https://string-db.org/) was used to identify known and predicted PPIs. Seventy-five hypoxia-associated genes were analysed, and PPI networks were constructed using STRING. The top 10 Hub genes in the PPI networks were further screened using cytoHubba in Cytoscape (v3.8.2) software.



Kaplan–Meier Survival Analysis

Survival analysis was performed using Survival in the R package. The p-values and hazard ratios (HR) with 95% confidence intervals (CI) in the Kaplan–Meier curves were derived through log-rank test and univariate Cox proportional hazards regression.



LASSO Model Construction

The LASSO regression algorithm was used for feature selection, and 10-fold cross-validation was used to determine the parameters needed to obtain a suitable model. The genes obtained from LASSO regression were then subjected to multifactor Cox regression analysis, and the multifactor regression coefficient of each gene was calculated to construct the risk score equation. The patients were divided into high- and low-risk groups according to the median risk score values. The Kaplan–Meier survival curve analysis was used to compare the overall survival times of the two groups, and the predictive value of the genetic markers was evaluated through time-related receiver operating characteristic (ROC).



Univariate and Multivariate Cox Regression Analysis

Cox regression analysis was performed using the Survival package, and forest plots were plotted using the forestplot package to obtain the p-value, HR, and 95% CI for each variable. Based on the results of the multivariate Cox proportional risk analysis, column line plots were constructed using the RMS package to predict the 1-, 3-, and 5-year survival rates.



Protein Expression Validation

Immunohistochemical staining maps of the gene expression in both glioma tissues and normal tissues were downloaded from the Human Protein Atlas (HPA) database.



Gene Set Enrichment Analysis

Samples were divided into two groups of high and low expression according to the median value of gene expression, and the enrichment of Kyoto Encyclopedia of Genes and Genomes (KEGG) and HALLMARK pathways in the high and low expression groups were analysed using gene set enrichment analysis (GSEA).




Results


Expression and Correlation of Hypoxia-Associated Genes in Gliomas

The analysis results of the expression levels of 75 hypoxia-related genes in 663 glioma samples and five paraneoplastic tissue samples from the TCGA database showed that EGLN2, PSMD1, HIF1AN, PSMD10, PSMB10, ELOB, PSME2, PSMF1, AJUBA, PSMB4, LIMD1, PSMC6, PSMB1, PSMB8, ARNT, GUL2, PSMA3, SEM1, EPAS1, PSMA2, EPO, PSME3, PSMB9, HIF1A, UBA52, and RPS27A were significantly differentially expressed in cancer and paraneoplastic tissues (Figure 1A). The analysis further revealed that most of the 75 hypoxia-related genes were positively correlated. Among them, PSMB3 was the most significantly correlated with PSMB6 (Figure 1B). This suggests that when PSMB3 is upregulated, the PSMB6 gene is most likely to be upregulated.




Figure 1 | Expression levels and correlations of hypoxia-related genes in the TCGA database. (A) Expression levels of 75 hypoxia-related genes in the TCGA database and (B) correlation of expression levels of 75 hypoxia-related genes in the TCGA database glioma samples. *p < 0.05, **p < 0.01, ***p < 0.001.





Consensus Clustering of Hypoxia-Associated Genes

The ConsensusClusterPlus package was used to classify the subgroups of the 663 glioma samples, which were identified as having the best cluster stability from K = 2 to 6 when K = 2 (Figure 2). The 663 glioma patients were subsequently classified into two subgroups, namely, cluster 1 (C1, n = 421) and cluster 2 (C2, n = 242), based on the expression levels of the hypoxia-related genes.




Figure 2 | Subtype grouping of 75 hypoxia-associated genes in the TCGA database glioma samples. (A) Consensus clustering matrix at K = 2, (B) ConsensusClusterPlus consistency clustering result heatmap at K = 2, (C) CDF curve at K = 2–6, and (D) CDF Delta area curve at K = 2–6.





Expression of Hypoxia-Associated Genes in Different Subgroups and Clinical Characteristics of Glioma Patients

The expression levels of 75 hypoxia-associated genes were observed in the two subgroups (Figure 3). The results showed that except for UBE2D1 and EGLN3, the differences in the expression levels of the remaining 72 hypoxia-related genes in the two subgroups were statistically significant (p < 0.05). The distribution of clinical data and the survival of the samples in the two subgroups are shown in Table 1, thereby underscoring the significant differences (p < 0.05) between the two groups in terms of tumour histological grade, and the need (or not) for radiotherapy and chemotherapy (Supplementary Figure S1).




Figure 3 | Differences in the expression levels of 75 hypoxia-related genes in the two subgroups (*p < 0.05, ***p < 0.001).




Table 1 | Distribution of clinical data of the samples in the two subgroups.





PPI Network Construction and Hub Gene Identification

A PPI network of 75 hypoxia-related genes, including 75 nodes and 2,110 edges, was constructed using the STRING database (Figure 4A). The top 10 Hub genes with the highest linkage degrees were then obtained using the MCC algorithm of the cytoHubba plugin in the Cytoscape software, namely, PSMB6, PSMD9, UBB, PSMD12, PSMB10, PSMB11, PSMD13, PSMA5, PSMD14, and TCEB1 (Figure 4B).




Figure 4 | Visualisation of the protein–protein interaction network and Hub genes. (A) PPI network map of 78 hypoxia-associated genes and (B) screening of Hub genes using the MCC algorithm.





LASSO Prognostic Model Construction

The prognostic features were constructed using the LASSO-Cox regression model to analyse the expression levels of the Hub genes. A prediction model with seven gene signatures (Figures 5A, B) was constructed according to the minimum criterion (Lambda.min = 0.0121), selecting PSMB6, PSMD9, UBB, PSMD12, PSMB10, PSMA5, and PSMD14, whose predicted risk scores consisted mainly of the following:

	




Figure 5 | Construction of the LASSO prognostic model. (A) Coefficients of selected features shown by lambda parameters; (B) partial likelihood deviation plotted against log(λ) using LASSO-Cox regression model; (C) risk score and survival time with survival status profile and expression levels of the seven gene signatures; (D) Kaplan–Meier curves for patients in the high- and low-risk groups; and (E) ROC curve validation (LASSO model for 1-, 3-, and 5-year prediction accuracies).



The sample was divided into high- and low-risk groups (Figure 5C) according to the risk score ranking, with the median risk score as the threshold. The results of the Kaplan–Meier analysis showed that patients in the high-risk group had significantly worse prognoses than those in the low-risk group (Figure 5D). In addition, the sensitivity and specificity of the model for predicting the patients’ OS periods were verified by applying the ROC curves. We found that the present risk model predicted AUC values of 0.818, 0.861, and 0.830 for the 1-, 3-, and 5-year prognosis, respectively. This indicates that the model has high accuracy in predicting the prognostic survival of glioma patients (Figure 5E).



Univariate and Multivariate Cox Regression Analysis

In this study, our objective was to analyse whether SMB6, PSMD9, UBB, PSMD12, PSMB10, PSMA5, and PSMD14 are independent prognostic factors for glioma. Univariate and multifactorial COX regression analyses were used to determine that PSMB10, PSMD12, UBB, PSMA5, and PSMB6 may be independent prognostic factors for gliomas (Figures 6A, B). Next, we generated a nomogram using COX regression to construct a model for predicting the overall survival at 1, 3, and 5 years (Figure 6C). The calibration results showed that the 1-, 3-, and 5-year overall survival models had good predictive properties compared with the ideal model (Figure 6D).




Figure 6 | Prognosis prediction by Cox analysis of seven gene signatures. (A) p-value, risk factor HR, and confidence interval for single-factor Cox analysis of seven gene signature expressions and clinical characteristics. (B) p-value, risk factor HR, and confidence interval for multifactor Cox analysis of seven gene signature expressions and clinical characteristics. (C) Column line graphs predicting overall survival at 1, 3, and 5 years for glioma patients. (D) Calibration curves of the overall survival column line graph model.





Expressions and Protein Assays of PSMB10, PSMD12, UBB, PSMA5, and PSMB6 in Gliomas

The expression levels of PSMB10, PSMD12, UBB, PSMA5, and PSMB6 were analysed by integrating 663 glioma cancer tissue samples and 5 paraneoplastic tissue samples from the TCGA database and 2,642 normal tissue samples from the GTEx database. The results showed that PSMB6, PSMA5, UBB, and PSMD12 were significantly downregulated, and PSMB10 was significantly upregulated in gliomas (Figure 7A). The protein expressions of the five genes in the glioma cancer tissues and normal tissues were verified using the HPA online database (Figure 7B). The results showed that PSMB6, PSMA5, UBB, and PSMD12 were highly expressed in the glioma tissues, while PSMB10 was lowly expressed in the glioma tissues compared with the normal tissues.




Figure 7 | Expressions and protein validations of PSMB10, PSMD12, UBB, PSMA5, and PSMB6 in gliomas. (A) Expression levels of five genes in glioma samples from the TCGA and GTEx databases and (B) protein expression levels of five genes in glioma tissues and normal brain tissues from the HPA database. ***p < 0.001.





Gene Set Enrichment Analysis

Figure 8 shows the top 3 most abundant signalling pathways or biological processes, respectively, ranked according to normalized enrichment score (NES) values of PSMB10, PSMD12, UBB, PSMA5, and PSMB6 in gliomas. As the results showed, high PSMB6, PSMA5, UBB, and PSMB10 expressions were all enriched in ubiquitin-mediated proteolysis and UV response pathway. PSMD12 was enriched in cysteine and methionine metabolism and reactive oxygen species pathway.




Figure 8 | Gene set enrichment analysis of the genes in gliomas.






Discussion

Hypoxia is one of the main features of a glioma (22). The presence of hypoxia in human gliomas has been experimentally demonstrated in previous studies (23). Furthermore, the close correlation between hypoxia and radioresistance in gliomas has been reported in numerous studies (24, 25). Radiation therapy targets rapidly proliferating tumour cells mainly by increasing reactive oxygen species (ROS)-induced oxidative stress. Reactive oxygen molecules include superoxide radicals and hydroxyl radicals. ROS break chemical bonds, activate cascade reactions generated by DNA damage, and ultimately lead to cell death. In this process, oxygen is the key to mitigating ROS-induced DNA damage, which is the fundamental mechanism of radiation for cancer therapy (26). Tumour hypoxic zones recruit some immunosuppressive cells, such as bone marrow-derived suppressor cells (MDSCs), tumour-associated macrophages (TAMs) and Tregs, and thereafter inhibit the activation of CD8+ T and CD4+ T cells (27, 28). Under hypoxic conditions, cancer cells upregulate the key metabolic enzymes that help them adapt to the demand for nutrients and the changes in redox status (29). Therefore, understanding the molecular mechanisms underpinning the effects of hypoxia on tumour treatment is crucial to improve the effectiveness of tumour therapy.

In the current study, we applied consistent clustering, a method that provides quantitative evidence for determining the number and membership of possible clusters in a dataset, to hypoxia-related genes. We divided 663 glioma samples into two subgroups by consistency clustering, and our analysis showed significant correlations between the subgroup level and the tumour histological grade, radiotherapy or lack thereof, and chemotherapy modality. We also constructed a glioma prognostic prediction model consisting of seven hypoxia-related gene signatures, and the model manifested high accuracy in predicting patients’ prognoses at 1, 3, and 5 years. Subsequent univariate and multivariate COX regression analyses eventually identified PSMB10, PSMD12, UBB, PSMA5, and PSMB6 as independent prognostic markers.

PSMA5, PSMB6, and PSMB10 are all subunits (α and β subunits) of the 20S proteasome core complex. This proteasome is a large multisubunit complex that is involved in protein degradation via the ubiquitin–proteasome pathway. Moreover, it is mainly associated with various biological processes, such as cell cycle, apoptosis, angiogenesis, cell adhesion, and transcription. The assembly of the eukaryotic 20S proteasome is thought to begin with the formation of the α-loop and requires the involvement of PSMA5 (30, 31). Previous studies have reported that PSMA5 mRNA expression levels are highly expressed in the serum of patients with sepsis presenting with hypoxemia but are lowly expressed in an in vitro hypoxia model (32). PSMB6 is associated with the progression of chronic hypoxic pulmonary hypertension and is involved in pulmonary vascular remodelling in hypoxia-induced rats (33). In addition, PSMB6 is upregulated in hypoxia models, lung cancer, and mesenchymal thyroid cancer (33–35). PSMB10 has also been shown to be a prognosis-related Hub gene in endometrial cancer (36). In the present study, PSMA5 and PSMB6 were found to be highly expressed in gliomas, while PSMB10 was found to be lowly expressed by integrating the TCGA and GTEx databases’ glioma sample analyses. PSMD12 was found in foetuses with neurodevelopmental disorders characteristic of autism and craniofacial anomalies, clubfoot, and syndactyly (37, 38). Disruption assays also support the biological importance of PSMD12 in proteasome function, especially during development and neurogenesis (39). In addition, PSMD12 expression is reportedly upregulated in glioma tissues compared with normal brain tissues and positively correlated with glioma grade. Zhang et al. (40) constructed a PSMD12-containing prognostic model for hypoxia in colorectal cancer and verified its high accuracy. UBB is a ubiquitin gene, a protein found in eukaryotic cells. The ubiquitin system helps regulate protein turnover. Ubiquitin attaches to the proteins that are to be degraded, effectively labelling them, and then the proteins are taken to a structure called the proteasome to form the ubiquitin–proteasome system (UPS). The UPS system can affect the survival of tumour cells by either promoting the interpretation of oncogenic proteins such as P53 or by blocking the degradation of oncogenic proteins (41). The components of the UPS system have become feasible targets for the development of potentially effective drugs against certain diseases, including some of these drugs that are already in clinical use or in the experimental phase. However, the UPS system is the primary pathway for intracellular protein degradation, thus hindering the development of protein degradation-based drugs, with only about 5% of Food and Drug Administration (FDA)-approved drugs currently targeting UPS system components (42, 43). Similarly, the five gene signatures in the prognostic prediction model constructed in this study are UPS system components.

Combining the above findings, we can identify the important roles of PSMB10, PSMD12, UBB, PSMA5, and PSMB6 in gliomas, thus providing new targets and ideas for tumour-targeted therapy. The present study has some limitations. Given that there is a dearth of research analysing the genes in tumours, the discovery of their mechanisms of action still needs improvement. Therefore, more biological experiments are needed to prove whether the conclusions reached can be verified in vivo or in vitro.

In summary, we constructed a prognostic model for glioma based on seven hypoxia-related genes and further identified five independent predictors of prognosis in glioma patients, thereby providing potential new targets for glioma gene-targeting therapy.



Data Availability Statement

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



Author Contributions

All authors listed have made substantial, direct, and intellectual contribution to the work and approved it for publication.



Funding

This study was supported by Ningbo public welfare science and technology program (No. 20181JCGY020333).



Supplementary Material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2021.726794/full#supplementary-material

Supplementary Figure 1 | Association of hypoxia-associated genes with characteristics and survival in different subgroups of patients.



References

1. Davis, ME. “Epidemiology and Overview of Gliomas”. In: Seminars in Oncology Nursing. Elsevier (2018). doi: 10.1016/j.soncn.2018.10.001

2. Vachher, M, Arora, K, Burman, A, and Kumar, B. NAMPT, GRN, and SERPINE1 Signature as Predictor of Disease Progression and Survival in Gliomas. J Cell Biochem (2020) 121(4):3010–23. doi: 10.1002/jcb.29560

3. Ajithkumar, T, Taylor, R, and Kortmann, R. Radiotherapy in the Management of Paediatric Low-Grade Gliomas. Clin Oncol (2019) 31(3):151–61. doi: 10.1016/j.clon.2018.11.032

4. Ostrom, QT, Cioffi, G, Gittleman, H, Patil, N, Waite, K, Kruchko, C, et al. CBTRUS Statistical Report: Primary Brain and Other Central Nervous System Tumors Diagnosed in the United States in 2012–2016. Neuro-oncology (2019) 21(Supplement_5):v1–v100. doi: 10.1093/neuonc/noz150

5. Behin, A, Hoang-Xuan, K, Carpentier, AF, and Delattre, J-Y. Primary Brain Tumours in Adults. Lancet (2003) 361(9354):323–31. doi: 10.1016/S0140-6736(03)12328-8

6. Osuka, S, and Van Meir, EG. Overcoming Therapeutic Resistance in Glioblastoma: The Way Forward. J Clin Invest (2017) 127(2):415–26. doi: 10.1172/JCI89587

7. Wick, A, Pascher, C, Wick, W, Jauch, T, Weller, M, Bogdahn, U, et al. Rechallenge With Temozolomide in Patients With Recurrent Gliomas. J Neurol (2009) 256(5):734–41. doi: 10.1007/s00415-009-5006-9

8. Jing, X, Yang, F, Shao, C, Wei, K, Xie, M, Shen, H, et al. Role of Hypoxia in Cancer Therapy by Regulating the Tumor Microenvironment. Mol Cancer (2019) 18(1):1–15. doi: 10.1186/s12943-019-1089-9

9. Chen, P-S, Chiu, W-T, Hsu, P-L, Lin, S-C, Peng, I-C, Wang, C-Y, et al. Pathophysiological Implications of Hypoxia in Human Diseases. J Biomed Sci (2020) 27:1–19. doi: 10.1186/s12929-020-00658-7

10. Abou Khouzam, R, Goutham, HV, Zaarour, RF, Chamseddine, AN, Francis, A, Buart, S, et al. “Integrating Tumor Hypoxic Stress in Novel and More Adaptable Strategies for Cancer Immunotherapy”. In: Seminars in Cancer Biology. Elsevier (2020). doi: 10.1016/j.semcancer.2020.01.003

11. Petrova, V, Annicchiarico-Petruzzelli, M, Melino, G, and Amelio, I. The Hypoxic Tumour Microenvironment. Oncogenesis (2018) 7(1):1–13. doi: 10.1038/s41389-017-0011-9

12. Oliver, L, Olivier, C, Marhuenda, F, Campone, M, and Vallette, F. Hypoxia and the Malignant Glioma Microenvironment: Regulation and Implications for Therapy. Curr Mol Pharmacol (2009) 2(3):263–84. doi: 10.2174/1874467210902030263

13. Wang, H, Jiang, H, Van De Gucht, M, and De Ridder, M. Hypoxic Radioresistance: Can ROS be the Key to Overcome it? Cancers (2019) 11(1):112. doi: 10.3390/cancers11010112

14. Wilson, WR, and Hay, MP. Targeting Hypoxia in Cancer Therapy. Nat Rev Cancer (2011) 11(6):393–410. doi: 10.1038/nrc3064

15. Chambers, AM, and Matosevic, S. Immunometabolic Dysfunction of Natural Killer Cells Mediated by the Hypoxia-CD73 Axis in Solid Tumors. Front Mol Biosci (2019) 6:60. doi: 10.3389/fmolb.2019.00060

16. Maimela, NR, Liu, S, and Zhang, Y. Fates of CD8+ T Cells in Tumor Microenvironment. Comput Struct Biotechnol J (2019) 17:1–13. doi: 10.1016/j.csbj.2018.11.004

17. Duffy, MJ, and Crown, J. Biomarkers for Predicting Response to Immunotherapy With Immune Checkpoint Inhibitors in Cancer Patients. Clin Chem (2019) 65(10):1228–38. doi: 10.1373/clinchem.2019.303644

18. Lin, W, Wu, S, Chen, X, Ye, Y, Weng, Y, Pan, Y, et al. Characterization of Hypoxia Signature to Evaluate the Tumor Immune Microenvironment and Predict Prognosis in Glioma Groups. Front Oncol (2020) 10:796. doi: 10.3389/fonc.2020.00796

19. Fox, NS, Starmans, MH, Haider, S, Lambin, P, and Boutros, PC. Ensemble Analyses Improve Signatures of Tumour Hypoxia and Reveal Inter-Platform Differences. BMC Bioinf (2014) 15(1):1–14. doi: 10.1186/1471-2105-15-170

20. Thienpont, B, Steinbacher, J, Zhao, H, D’Anna, F, Kuchnio, A, Ploumakis, A, et al. Tumour Hypoxia Causes DNA Hypermethylation by Reducing TET Activity. Nature (2016) 537(7618):63–8. doi: 10.1038/nature19081

21. Wei, J, Huang, K, Chen, Z, Hu, M, Bai, Y, Lin, S, et al. Characterization of Glycolysis-Associated Molecules in the Tumor Microenvironment Revealed by Pan-Cancer Tissues and Lung Cancer Single Cell Data. Cancers (2020) 12(7):1788. doi: 10.3390/cancers12071788

22. Wang, Y, Liu, Y, Malek, SN, Zheng, P, and Liu, Y. Targeting Hif1α Eliminates Cancer Stem Cells in Hematological Malignancies. Cell Stem Cell (2011) 8(4):399–411. doi: 10.1016/j.stem.2011.02.006

23. Collingridge, DR, Piepmeier, JM, Rockwell, S, and Knisely, JP. Polarographic Measurements of Oxygen Tension in Human Glioma and Surrounding Peritumoural Brain Tissue. Radiother Oncol (1999) 53(2):127–31. doi: 10.1016/S0167-8140(99)00121-8

24. Marampon, F, Gravina, GL, Zani, BM, Popov, VM, Fratticci, A, Cerasani, M, et al. Hypoxia Sustains Glioblastoma Radioresistance Through ERKs/DNA-PKcs/HIF-1α Functional Interplay. Int J Oncol (2014) 44(6):2121–31. doi: 10.3892/ijo.2014.2358

25. Kessler, J, Hahnel, A, Wichmann, H, Rot, S, Kappler, M, Bache, M, et al. HIF-1α Inhibition by siRNA or Chetomin in Human Malignant Glioma Cells: Effects on Hypoxic Radioresistance and Monitoring via CA9 Expression. BMC Cancer (2010) 10(1):1–11. doi: 10.1186/1471-2407-10-605

26. Nilsson, R, and Liu, N-A. Nuclear DNA Damages Generated by Reactive Oxygen Molecules (ROS) Under Oxidative Stress and Their Relevance to Human Cancers, Including Ionizing Radiation-Induced Neoplasia Part I: Physical, Chemical and Molecular Biology Aspects. Radiat Med Prot (2020) 1. doi: 10.1016/j.radmp.2020.09.002

27. Damgaci, S, Ibrahim-Hashim, A, Enriquez-Navas, PM, Pilon-Thomas, S, Guvenis, A, and Gillies, RJ. Hypoxia and Acidosis: Immune Suppressors and Therapeutic Targets. Immunology (2018) 154(3):354–62. doi: 10.1111/imm.12917

28. Multhoff, G, and Vaupel, P. Hypoxia Compromises Anti-Cancer Immune Responses. Oxygen Transport to Tissue XLI (2020) 1232:131–43. doi: 10.1007/978-3-030-34461-0_18

29. Maremonti, E, Eide, DM, Rossbach, LM, Lind, OC, Salbu, B, and Brede, DA. In Vivo Assessment of Reactive Oxygen Species Production and Oxidative Stress Effects Induced by Chronic Exposure to Gamma Radiation in Caenorhabditis Elegans. Free Radical Biol Med (2020) 152:583–96. doi: 10.1016/j.freeradbiomed.2019.11.037

30. Le Tallec, B, Barrault, M-B, Courbeyrette, R, Guérois, R, Marsolier-Kergoat, M-C, and Peyroche, A. 20S Proteasome Assembly is Orchestrated by Two Distinct Pairs of Chaperones in Yeast and in Mammals. Mol Cell (2007) 27(4):660–74. doi: 10.1016/j.molcel.2007.06.025

31. Murata, S, Yashiroda, H, and Tanaka, K. Molecular Mechanisms of Proteasome Assembly. Nat Rev Mol Cell Biol (2009) 10(2):104–15. doi: 10.1038/nrm2630

32. Xue, M, Zhang, S, Xie, J, Zhang, X, Liu, F, Huang, Y, et al. Differential Expression of Genes Associated With T Lymphocytes Function in Septic Patients With Hypoxemia Challenge. Ann Trans Med (2019) 7(24):810. doi: 10.21037/atm.2019.12.63

33. Wang, J, Xu, L, Yun, X, Yang, K, Liao, D, Tian, L, et al. Proteomic Analysis Reveals That Proteasome Subunit Beta 6 is Involved in Hypoxia-Induced Pulmonary Vascular Remodeling in Rats. PLoS One (2013) 8(7):e67942. doi: 10.1371/journal.pone.0067942

34. Lu, Z, Song, Q, Yang, J, Zhao, X, Zhang, X, Yang, P, et al. Comparative Proteomic Analysis of Anti-Cancer Mechanism by Periplocin Treatment in Lung Cancer Cells. Cell Physiol Biochem (2014) 33(3):859–68. doi: 10.1159/000358658

35. Onda, M, Emi, M, Yoshida, A, Miyamoto, S, Akaishi, J, Asaka, S, et al. Comprehensive Gene Expression Profiling of Anaplastic Thyroid Cancers With cDNA Microarray of 25 344 Genes. Endocrine-related Cancer (2004) 11(4):843–54. doi: 10.1677/erc.1.00818

36. Huo, X, Sun, H, Liu, Q, Ma, X, Peng, P, Yu, M, et al. Clinical and Expression Significance of AKT1 by Co-Expression Network Analysis in Endometrial Cancer. Front Oncol (2019) 9:1147. doi: 10.3389/fonc.2019.01147

37. Naud, M-E, Tosca, L, Martinovic, J, Saada, J, Métay, C, Drévillon, L, et al. Prenatal Diagnosis of a 2.5 Mb De Novo 17q24. 1q24. 2 Deletion Encompassing KPNA2 and PSMD12 Genes in a Fetus With Craniofacial Dysmorphism, Equinovarus Feet, and Syndactyly. Case Rep Genet (2017) 2017:7803136. doi: 10.1155/2017/7803136

38. Khalil, R, Kenny, C, Hill, RS, Mochida, GH, Nasir, R, Partlow, JN, et al. PSMD12 Haploinsufficiency in a Neurodevelopmental Disorder With Autistic Features. Am J Med Genet Part B: Neuropsychiatr Genet (2018) 177(8):736–45. doi: 10.1002/ajmg.b.32688

39. Küry, S, Besnard, T, Ebstein, F, Khan, TN, Gambin, T, Douglas, J, et al. De Novo Disruption of the Proteasome Regulatory Subunit PSMD12 Causes a Syndromic Neurodevelopmental Disorder. Am J Hum Genet (2017) 100(2):352–63. doi: 10.1016/j.ajhg.2017.01.003

40. Zhang, Y, Yang, F, Peng, X, Li, X, Luo, N, Zhu, W, et al. Hypoxia Constructing the Prognostic Model of Colorectal Adenocarcinoma and Related to the Immune Microenvironment. Front Cell Dev Biol (2021) 9. doi: 10.3389/fcell.2021.665364

41. Tokheim, C, Wang, X, Timms, RT, Zhang, B, Mena, EL, Wang, B, et al. Systematic Characterization of Mutations Altering Protein Degradation in Human Cancers. Mol Cell (2021) 81(6):1292–308.e11. doi: 10.1016/j.molcel.2021.01.020

42. Kumar, SK, Jacobus, SJ, Cohen, AD, Weiss, M, Callander, N, Singh, AK, et al. Carfilzomib or Bortezomib in Combination With Lenalidomide and Dexamethasone for Patients With Newly Diagnosed Multiple Myeloma Without Intention for Immediate Autologous Stem-Cell Transplantation (ENDURANCE): A Multicentre, Open-Label, Phase 3, Randomised, Controlled Trial. Lancet Oncol (2020) 21(10):1317–30. doi: 10.1016/S1470-2045(20)30452-6

43. Chakravarty, D, Gao, J, Phillips, S, Kundra, R, Zhang, H, Wang, J, et al. OncoKB: A Precision Oncology Knowledge Base. JCO Precis Oncol (2017) 1:1–16. doi: 10.1200/PO.17.00011




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.


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 © 2021 Gao, Wang, Gu, Zhang 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.




ORIGINAL RESEARCH

published: 26 November 2021

doi: 10.3389/fonc.2021.726701

[image: image2]


The Bioinformatics-Based Analysis Identifies 7 Immune-Related Genes as Prognostic Biomarkers for Colon Cancer


Jie Pan 1†, Zongqi Weng 1†, Chaorong Xue 1†, Bingqiang Lin 1† and Mengxin Lin 2*†


1 Department of Emergency Surgery, Fujian Medical University Union Hospital, Fuzhou, China, 2 Department of Medical Oncology, Fujian Medical University Union Hospital, Fuzhou, China




Edited by: 

Ye Wang, The Second Affiliated Hospital of Medical College of Qingdao University, China

Reviewed by: 

Paolo Cremaschi, Human Technopole, Italy

Xiao Feng Liao, Hefei University of Technology, China

*Correspondence: 

Mengxin Lin
 exlibralmx@163.com


†These authors have contributed equally to this work


Specialty section: 
 This article was submitted to Cancer Genetics, a section of the journal Frontiers in Oncology


Received: 17 June 2021

Accepted: 25 October 2021

Published: 26 November 2021

Citation:
Pan J, Weng Z, Xue C, Lin B and Lin M (2021) The Bioinformatics-Based Analysis Identifies 7 Immune-Related Genes as Prognostic Biomarkers for Colon Cancer. Front. Oncol. 11:726701. doi: 10.3389/fonc.2021.726701



Colon cancer poses a great threat to human health. Currently, there is no effective treatment for colon cancer due to its complex causative factors. Immunotherapy has now become a new method for tumor treatment. In this study, 487 DEGs were screened from The Cancer Genome Atlas (TCGA) database and ImmPort database, and GeneOntology (GO) functional enrichment and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis was performed. Hierarchical clustering of all samples revealed a significant correlation between colon cancer and immunity. The weighted gene co-expression network analysis (WGCNA) algorithm was used to identify key gene modules associated with immunity in colon cancer, here, module grey60 showed the highest correlation. A protein-protein interaction (PPI) network was constructed using the STRING database to screen hub genes, and subsequently, 7 immune-related genes the most closely associated with colon cancer were identified by differential expression in cancer and paracancer. Finally, a risk prediction model was developed using least absolute shrinkage and selection operator (LASSO) COX analysis, and the accuracy of the model was validated by GSE14333. This study determined that IRF4 and TNFRSF17 were immune-related genes in colon cancer, providing immune-related prognostic biomarkers for colon cancer.
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Introduction

Colon cancer (COAD) is a malignant tumor of the gastrointestinal tract. Colon cancer is often classified together with rectal cancer such as colorectal cancer (CRC), which is one of the 5 most frequently diagnosed cancers worldwide, and COAD ranked the 2rd highest cause leading to cancer-related deaths worldwide in 2020 (1). The main risk factors cause COAD are poor dietary behavior, obesity, age, and hereditary mutations (2, 3). Colorectal cancer incidence and mortality are showing an increasing tread, and new causes of colorectal cancer worldwide is expected to reach 2.2 million with 1.1 million deaths by 2030 (4, 5). Colon cancer is a metastatic cancer with common distant metastatic sites in the liver, lung, bone, and brain (6). Patients with early-stage colorectal cancer have a prognostic survival rate close to 90% in contrast to a 5-year survival rate of only 14% for advance-stage patients. In clinical practice, most patient show metastasis by the time diagnosis (7), which is normally associated with a significantly poor prognosis (8). Therefore, developing an effective treatment method for colorectal cancer is currently an urgent task.

In recent years, cancer immunotherapy (CIT) has emerged as a new research hotspot, showing an important link between human immune system and cancer interactions (9). CIT has been implemented to improve the prognosis of patients with malignant solid tumors by mediating tumor destruction through activating anti-tumor immune responses (10, 11). The tumor microenvironment (TME), which plays a crucial role in CIT, consists of immune cells, stromal cells, extracellular matrix, cytokines, and chemokines that could promote immune escape, tumor growth, and metastasis (12, 13). Immune checkpoint inhibitors have been reported to enhance tumor-specific immune responses and reduce immune escape of cancer cells, thereby inhibiting tumor growth (14, 15). Immune-related genes (IRG) have been validated as prognostic biomarkers in non-small cell lung cancer (16), liver cancer (17), clear cell renal cell carcinoma (18), and other cancers.

In this study, immune-related DEGs were screened from the TCGA database and ImmPort database, and the potential functions of DEGs were analyzed using the GO function and KEGG pathway. The WGCNA method was applied to construct a gene co-expression network to find key gene modules significantly associated with colon cancer. A PPI network was constructed to screen hub genes, and a prognostic prediction model was established using LASSO COX analysis. Moreover, the accuracy of the model was verified based on the association between immune-related genes and immune infiltrating cells to provide prognostic biomarkers and potential targets for immunotherapy of COAD.



Materials and Methods


Clinical Samples and Data Collection

RNA sequencing (RNA-seq) data and clinicopathological information of 455 colon cancer samples and mRNA data of 41 normal tissues were obtained from the TCGA database(see Supplementary Table 1 for details). A list of immune-related genes was downloaded from the Immunology Database and Analysis Portal (ImmPort) database (https://www.immport.org) (see Supplementary Table 2 for details). The score data of the 6 immune-infiltrating cells downloaded from the TIMER database. The expression matrix and clinical information of GSE14333 were acquired from GEO (https://www.ncbi.nlm.nih.gov/geo/) for model verification.



Differentially Expressed Genes (DEGs) and Functional Enrichment Analysis

Differential analysis of immune-related genes was performed using the R package limma package, with adjust P<0.05, |log2FC| > 1 as the screening conditions, and the genes were shown in volcano plots. Venn diagrams were used to take the intersection of the screened DEGs and immune-related genes. GO functional enrichment and KEGG pathway analysis of the intersected genes were conducted using the R package clusterprofiler package, and adjust P < 0.05 was considered as statistically significant. GSEA was performed between high and low expression of IRF4 and TNFRSF17. NOM p-value <0.05, FDR q-value <0.25, and | NES |> 1 were the threshold.



Hierarchical Clustering

Consistency analysis was conducted using the R package ConsensusClusterPlus to classify COAD into different subgroups using immune gene set and to observe the relationship between different subgroups and immunity. The maximum number of clusters was 6. The optimal number of clusters was determined by choosing an appropriate K value, and the clustering heat map was analyzed by the R package pheatmap. Heat maps showing the distribution of immune checkpoints in subgroups were plotted by R software ggplot2 and pheatmap.



Weighted Gene Co-Expression Network Analysis (WGCNA)

WGCNA can predict genes associated with carcinogenesis (Yang et al., 2018). The co-expression network of genes in COAD was constructed using the R package WGCNA to analyze immune-related hub genes and identify gene modules significantly associated with immunity. Soft threshold power (β) was set according to the scale-free topology criterion. The topological overlap matrix dissimilarity was calculated to construct a hierarchical clustering dendrogram to cut a dynamic tree to classify genes with similar expression features and to identify modules. The relationship between co-expression modules and phenotype data was shown by the module-feature relationship heat map, and key gene modules were selected.



Protein-Protein Interactions (PPI)

The STRING database (http://string-db.org/) is one of the online resources dedicated to the whole-object protein network, which can be used to analyze the functional interaction relationship between proteins (19). The screened modular genes were imported into the STRING database, PPI networks were constructed after isolating nodes and visualized using the MCC (Maximal Clique Centrality) algorithm in cytoHubba, a plugin for cytoscape. The top 10 ranked genes were filtered as hub genes. The expression levels of the 10 hub genes were compared in COAD and paracancer, and the DEGs with significant differences were selected.



Construction of a Prognostic Feature Model

The relationship between prognostic immune-related gene expression and OS (overall survival) was assessed using LASSO COX analysis. LASSO analysis was performed using the package glmnet. Prognostic risk prediction model for COAD was developed based on LASSO risk score calculation formula. Patients with COAD were divided into high-risk and low-risk groups according to the median risk score. KM curves were plotted to compare the OS between the two risk groups. ROC survival analysis was performed using the R package SURVIVAL, and the “rmda” package was employed for decision curve analysis. The association between the risk score model and tumor immune infiltrating cells was also investigated using spearman correlation analysis. Statistically significant was defined when P<0.05.




Results


DEGs in COAD and Immune-Related Genes

DEGs were screened from 455 colon cancer tissues and 41 normal tissues in TCGA, and we obtained a total of 1404 up-regulated genes and 1246 down-regulated genes(see Supplementary Table 3 for details). Volcano and heat maps are shown in Figures 1A, B, respectively. 487 overlapping DEGs were identified using venn plots to take the intersection of the screened DEGs and immune gene sets (Figure 1C). GO function enrichment and KEGG difference analysis on overlapping DEGs revealed that in immune system processes, the immune response was the most significant biological process (BP), cytokine activity was the most significant molecular function (MF), the extracellular region was the most significant cellular composition (CC), cytokine-cytokine receptor interaction was the most significant KEGG pathway (Figures 2A–D). Tables 1 and 2 display the top 20 GO functions and KEGG pathways, respectively.




Figure 1 | Screening of DEGs. (A) Volcano plot and (B) Heat map comes from TCGA database; (C) Veen plot, taking the intersection of DEGs and immune-related genes.






Figure 2 | GO function enrichment and KEGG pathway analysis. (A–C) The top 20 biological processes, molecular functions, and cellular components of GO terms, respectively; (D) The top 20 KEGG pathways.




Table 1 | Top 20 GO terms.




Table 2 | Top 20 KEGG pathways.





COAD Subgroups Were Significantly Associated With Immunity

Hierarchical clustering was performed on all samples (Figures 3A, B). As shown in Figure 3C, the consensus matrix heat map was more neatly stratified when the optimal number of clusters k=3, which indicated a better reliability and stability when the samples were divided into 3 subgroups. The relationship between the 6 immune infiltrating cells and each subgroup was presented in the heat map (Figure 3D), and the percentage abundance of each cluster is shown in Figure 3E, from which myeloid dendritic cells showed the highest content. Figure 3F shows the distribution of the scores of the 6 immune infiltrating cells in the 3 subgroups. Kruskal-Wallis was used to analyze the expression distribution of immune checkpoint genes in the three subgroups. Each gene was significantly expressed, and its expression was up-regulated in group2 and down-regulated in the other two groups (Figure 3G).




Figure 3 | Immunoclustering analysis of colon cancer subgroups. (A) CDF graph; (B) CDF Delta area graph; (C) Consensus matrix heat map of the three sample clusters defined with a consensus range of 0-1, with 0 representing white, meaning that the samples do not cluster, and 1 representing blue, meaning that the samples always cluster; (D) Heat map of the distribution of immune cells in different subgroups; (E) Percentage abundance of tumor-infiltrating immune cells in each sample, with different colors representing different immune cell types, horizontal coordinates represent samples, vertical coordinates represent the percentage of immune cell content in individual samples; (F) TIMER score distribution of 6 infiltrating species immune cells in different subgroups; (G) Heat map of the distribution of immune checkpoint genes in different subgroups. *p < 0.05, **p < 0.01, ***p < 0.001.





WGCNA Identified Key Modules for COAD

A soft threshold of β=5 was chosen to create a scale-free topological network (Figures 4A, B). A total of 36 gene modules were generated and expression was shown using different colors (Figure 4C). The number of genes contained in each module is presented in Table 3. Among them, the grey60 module (R=0.35, P=2e-16) was the most closely associated with tumor immunity, therefore it was considered as the key gene module (Figure 3D).




Figure 4 | Co-expression modules based on WGCNA screening. (A, B) Soft threshold screening (β=5); (C) Clustering dendrogram and module colors; (D) Heat map of correlation between module feature genes and clinical features, columns represent colors and rows represent clinical features.




Table 3 | Gene module colors and corresponding numbers.





PPI Network Construction

A total of 218 genes in the key gene module grey60 were imported into the STRING database to obtain their interactions (Figure 5A). The 10 top hub genes were screened (Figure 5B), and the score of each gene was displayed in Table 4, from which IGJ (JCHAIN) showed the highest score. Subsequent identification of the hub genes revealed that 7 genes were significantly different in COAD versus paracancer and all their expression was down-regulated (Figure 6).




Figure 5 | Important gene module and hub gene screening. (A) Hub genes identified in the grey60 module; (B) Top 10 hub genes screened in the grey60 module.




Table 4 | Gene scores of top 10.






Figure 6 | Differently expression of 7 hub genes between cancer tissues and normal tissues in colon cancer. (A–G) were CD79A, IGLL1, IRF4, JCHAIN (IGJ), MZB1, POU2AF1, TNFRSF17, respectively, ****P < 0.001.





Immune-Related Genes Were Associated With Prognosis

Based on LASSO Cox analysis, a DFS prognostic feature model was established using the 7 IRGs (Figures 7A, B). When λ min=0.0236, a prognostic model containing two genes was obtained. Riskscore=(-0.3063)*IRF4+(-0.0477)*TNFRSF17 was employed to calculate the risk score value of each sample, and divide all the samples into high-risk groups and low-risk groups with the best cut-off value (cut=-0.3). The KM curve showed the difference in survival between the two risk groups (P=0.00095), and the ROC curve showed the predictive ability of the model (Figures 7C, D). GSE14333 served as a validation set to classify the samples according to the best cutoff value (cut=-1.2), and draw the KM curve and ROC curve validation model (Figures 7E, F). Univariate COX analysis showed that the risk score was statistically significant (P=0.022).




Figure 7 | Construction of prognostic features of immune-related genes in colon cancer. (A, B) distribution of LASSO coefficients for 7 hub genes to obtain the adjustment parameter λ.min=0.0075, and the vertical black dashed line in B defines the optimal λ value; (C) Distribution of risk scores of colon cancer patients; (D) KM curve of high and low risk group; (E) ROC curve; (F) Univariate risk proportional regression model; (G) KM curve of high and low risk group, from GSE14333; (H) 1-year, 3-year, and 5-year ROC curves, from GSE14333.



To verify whether the risk score model could reflect the status of the tumor immune microenvironment in patients, the relationship between the risk score model and immune infiltrating cells was investigated, as shown in Figures 8A–F. All the 6 types of immune infiltrating cells were found to be negatively correlated with the risk score.




Figure 8 | Relationship between the risk score model and the abundance of the six immune infiltrating cells. (A) B cells; (B) CD4+ T cells; (C) CD8+ T cells; (D) neutrophils; (E) Macrophages, (F) Myeloid dendritic cells.





IRF4 and TNFRSF17 Participated in the Immune Response of COAD

To understand the specific biological pathways of IRF4 and TNFRSF17, we conducted GSEA to explore their enriched gene sets in different subgroups. The top 10 KEGG pathways and hallmarks of each gene are shown in Tables 5 and 6. When IRF4 and TNFRSF17 were low-expressed and were significantly enriched in immune-related pathways (Figure 9), such as receptor interaction, inflammatory response, and hedgehog signaling pathway. The results indicated that IRF4 and TNFRSF17 were involved in the immune response and may be potential indicators for COAD immunotherapy.


Table 5 | The top 10 Hallmark and KEGG pathway of IRF4.




Table 6 | The top 10 Hallmark and KEGG pathway of TNFRSF17.






Figure 9 | GSEA. Top 3 Hallmark and KEGG pathways of IRF4 and TNFRSF17, respectively. (A, C) are Hallmark pathways, and (B, D) are KEGG pathways.






Discussion

Tumor microenvironment has been increasingly important in cancer treatment. Tumor microenvironment consists of tumor cells and surrounding non-tumor cells, such as immune cells and fibroblasts (20). The composition of tumor immune cells is fundamental in determining the fate of tumors and their ability to invade and metastasize (21). Previous studies found that immune cells with different compositions behaves differently in colorectal cancer and normal intestinal tissues and differs at different stages of the tumor (22). Despite the advances in the treatment modalities of COAD, there is still an urgent need to address the issues related to immunotherapy of the cancer. The aim of this study was to identify immune-related genes in COAD and to develop a prognostic risk score model and validate its accuracy.

Immune-related genes play an important role in tumor immunotherapy. As immune-related genes can be quantified in multiple cell types, their expression could serve as a better tumor biomarker (23). In this study, an initial screening of immune-related genes in COAD was performed using the TCGA database and the ImmPort database. Subsequently, the function and pathway enrichment analysis of DEGs found that the molecular function was significantly enriched in cytokine activity, and it was significantly related to the cytokine-cytokine receptor interaction pathway. Cytokines are products of immune cells that regulate the proliferation, differentiation, effector functions, and survival of leukocytes, and have the ability to enhance immune responses and destroy cancer cells (24, 25). It has been shown that cytokines may be associated with tumor aggressiveness (26) and could directly or indirectly inhibit tumor cell growth (27). Cytokines also play important role in COAD, for example, interleukin-34 (IL-34) expression is upregulated in colorectal cancer and promotes cancer cell growth (28); interleukin-23 (IL-23)-induced immune cell activation exacerbates intestinal inflammation and promotes COAD growth (29).

Tumor microenvironment can lead to increased systemic inflammatory responses and oxidative stress fibrosis, and will affect cancer treatment and prognosis through its participation in metastasis, immune infiltration, some other pathways and functions of cancer cells (30, 31). In recent years, the association between tumor immune infiltrating cells and cancer has received much attention from scholars. In this study, we performed stratified clustering on COAD and analyzed the relationship between the cancer and immunity. The results showed that COAD was significantly associated with immune infiltrating cells, which was consistent with the existing findings (32). Subsequently, 7 immune-related genes of COAD (CD79A, IGLL1, IRF4, JCHAIN, MZB1, POU2AF1, TNFRSF17) were screened by WGCNA algorithm and PPI network construction. Immune-related genes can promote tumor cell proliferation, invasion, and migration (33) and are associated with prognosis (34, 35). In non-squamous non-small cell lung cancer and papillary thyroid cancer, immune-related genes demonstrated its prognostic significance (16, 36). Prognostic prediction models have been developed based on immune infiltration for COAD (37). Also, prognostic correlation between COAD with different TNM stages and immune-related genes has been investigated using COX regression analysis (22). In this study, LASSO COX analysis was applied to establish a prognostic risk score model for COAD based on immune-related genes, and two prognostic signatures (IRF4, TNFRSF17) were obtained. The GSE14333 verification showed that the prognosis prediction model was relatively accurate, and the two prognostic signatures were significantly related to poor prognosis of the cancer. GSEA results demonstrated that a low expression of IRF4 and TNFRSF17 is related to the immune response signaling pathway.

In conclusion, this study revealed the pathways of immune-related genes in the tumor microenvironment of COAD through bioinformatics analysis, and finally identified 7 immune-related genes the most closely associated with COAD development and progression. These findings provide immune-related prognostic biomarkers for COAD and provide effective targets for the clinical treatment of the cancer.
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RPP25, a 25 kDa protein subunit of ribonuclease P (RNase P), is a protein-coding gene. Disorders associated with RPP25 include chromosome 15Q24 deletion syndrome and diffuse scleroderma, while systemic sclerosis can be complicated by malignancy. However, the functional role of RPP25 expression in glioblastoma multiforme (GBM) is unclear. In this study, comprehensive bioinformatics analysis was used to evaluate the impact of RPP25 on GBM occurrence and prognosis. Differential analysis of multiple databases showed that RPP25 was commonly highly expressed in multiple cancers but lowly expressed in GBM. Survival prognostic results showed that RPP25 was prognostically relevant in six tumors (CESC, GBM, LAML, LUAD, SKCM, and UVM), but high RPP25 expression was significantly associated with poor patient prognosis except for CESC. Analysis of RPP25 expression in GBM alone revealed that RPP25 was significantly downregulated in GBM compared with normal tissue. Receiver operating characteristic (ROC) combined with Kaplan-Meier (KM) analysis and Cox regression analysis showed that high RPP25 expression was a prognostic risk factor for GBM and had a predictive value for the 1-year, 2-year, and 3-year survival of GBM patients. In addition, the expression of RPP25 was correlated with the level of immune cell infiltration. The gene set enrichment analysis (GSEA) results showed that RPP25 was mainly associated with signalling pathways related to tumor progression and tumor metabolism.
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Introduction

RPP25 is an important auto-antigenic component of the Th/To complex. The Th/To antigen complex is a multi-protein RNA (RNase-MRP) complex composed of catalytic RNA and at least 10 protein components (1, 2). RNase-MRP is a widely expressed eukaryotic endo ribonuclease that specifically cleaves a variety of RNAs, including rRNA, mRNA, and mitochondrial RNA. In patients with a systemic autoimmune rheumatic disease (SARD), almost all protein components of RNase-MRP and evolutionarily related ribonuclease P (RNase P) complexes have been reported as autoantibody targets (3–5). However, studies targeting RPP25 are rarely reported.

Glioblastoma multiforme (GBM) is one of the most common, most lethal, and least prognostic subtypes of glioma (6, 7). In approximately 55% of gliomas, the median survival is only 14–16 months (8), and the 5-year survival rate is less than 5% (9). GBM is known for its highly suppressive tumor immunity, which is a critical hurdle for immunotherapy (10). A significant accumulation of suppressive regulatory T cells, M2-like tumor-associated macrophages (TAMs), and bone marrow–derived suppressor cells (MDSCs) in the tumor microenvironment has been reported to be associated with poorer overall survival in GBM patients (11). Significant reprogramming of metabolic signalling pathways is one of the most important and common features of cancer cells. Due to the rapid proliferation rate of cancer cells, there is an increased demand for energy and macromolecules. To meet these increased demands, cancer cells undergo important alterations in metabolic signalling (12). There is growing evidence that metabolic dysregulation plays an important role in the growth, proliferation, angiogenesis, and invasion of cancer cells (13–15). A series of metabolism-related risk genes could come to assess the prognosis of GBM patients in the future and could be closely related independent predictors of prognosis in GBM patients (16).

Whether RPP25 has some predictive value in tumor progression and prognosis, what is the mechanism of this, and whether RPP25 can be a prognostic predictor or therapeutic target for GBM are a series of studies that have not been reported. In recent years, the rise of cancer driver genes and signalling pathway identification based on high-throughput omics data has provided a new perspective for cancer research.

In this study, we first analysed the expression and survival prognosis of RPP25 in multiple cancers by pan-cancer analysis, and then in GBM alone, and found that RPP25 was a prognostic predictor of GBM. Gene pooling enrichment analysis revealed that RPP25 is involved in regulating tumor metabolism and tumor immune-related signalling pathways.



Methods


Data Collection

All gene expression datasets were obtained from the combined databases of The Cancer Genome Atlas (TCGA) (https://portal.gdc.cancer.gov/) and Genotype-Tissue Expression (GTEx) (https://gtexportal.org/). The mRNA expression profiles of tumor tissue samples and normal tissue samples of 33 types of cancer were downloaded from TCGA and GTEx, respectively. The expression data of each tumor cell line were downloaded from the Cancer Cell Line Encyclopedia (CCLE) database (https://portals.broadinstitute.org/). All analytical methods were performed using R software v4.0.3 (R Foundation for Statistical Computing, 2020), rank sum test was used to evaluate the difference of mRNA level between the two groups and p < 0.05 was considered to be statistically significant. The study flowchart is illustrated in Figure 1.




Figure 1 | Flow diagram of this study.





Kaplan-Meier Analysis

Raw counts of RNA sequencing data (level 3) and corresponding clinical information for 153 tumor samples in GBM were obtained from the TCGA dataset (https://portal.gdc.com). The log-rank test was used to examine Kaplan-Meier (KM) survival analysis comparing survival differences between two or more of the groups under investigation, and analysis with the timeROC R package was performed to compare the predictive accuracy and risk scores of the RPP25 gene. The clinical and pathological characteristics of GBM patients were displayed in Supplementary Table 1.

For KM curves, p values and hazard ratios (HRs) with 95% confidence intervals (CIs) were derived by log-rank test and univariate Cox proportional hazards regression.



Cox Model

Univariate and multivariate Cox regression analyses and forest plots were performed using the forestplot R package to show the p value, HR, and 95% CI for each variable. Based on the results of the multivariate Cox proportional risk analysis, column line plots were created using the rms R package to predict the 1-year, 2-year, and 3-year total recurrence rates. The column line graphs provide a graphical representation of these factors, and the prognostic risk of individual patients can be calculated by the points associated with each risk factor.



Tumor IMmune Evaluation Resource (TIMER) Analysis

The Tumor IMmune Estimation Resource (TIMER) database (http://timer.comp-genomics.org/) is an integrated database for the analysis of immune infiltration in different tumor types. The correlation between RPP25 expression in GBM and the level of immune cell infiltration was analysed according to the expression of biomarker genes in the tumor.



Gene Set Enrichment Analysis (GSEA)

To observe the effect of gene expression on tumors, samples were divided into two groups of high and low expression according to gene expression, and the enrichment of Kyoto Encyclopedia of Genes and Genomes (KEGG) and hallmark pathways in the high and low expression groups were analysed using gene set enrichment analysis (GSEA).




Results


Expression of RPP25 in Tumors

As shown in Figure 2A, we retrieved the expression data of RPP25 in 21 tumor tissue cell lines from the CCLE database and analysed the expression levels of RPP25 in the 21 tissue cell lines according to their tissue sources. Due to the small number of normal samples in TCGA, we integrated normal tissue data from the GTEx database with TCGA tumor tissue data to analyze the expression differences of RPP25 in 33 types of tumors (Sample size of each type of cancer were displayed in the x-coordinate of Figure 2B), and from the results (Figure 2B) we found that RPP25 expression was upregulated in the vast majority of tumor tissues compared to normal tissues, except for GBM, LGG, OV, and PRAD.




Figure 2 | Expression of RPP25 in tumors; (A) Expression level of RPP25 in 21 tumors of CCLE origin; (B) Expression level of RPP25 in 33 tumors of TCGA+GTEx origin; *P < 0.05, **P < 0.01, ***P < 0.001, -P > 0.05.





Analysis of Overall Survival for RPP25 Expression in Tumors

The relationship between RPP25 expression in 33 tumors and overall survival was first analysed using univariate survival analysis. The results of the forest plot in Figure 3A showed that RPP25 expression significantly affected CESC (HR = 0.99, p = 0.040), GBM (HR = 1.05, p = 0.007), LAML (HR = 1.13, p = 0.0001), LUAD (HR = 1.01, p = 0.0010), SKCM (HR = 1, p = 0.0013), and UVM (HR = 1.02, p = 0.0250) patients for overall survival. Tumor KM curves of significant correlation between RPP25 expression and patient prognosis are shown in Figures 3B–F. The results showed that high RPP25 expression in GBM, LAML, LUAD, SKCM, and UVM was significantly associated with poor patient prognosis, suggesting that RPP25 may be a potential pan-cancer prognostic indicator molecule.




Figure 3 | Analysis of overall survival of RPP25 in tumors; (A) Correlation between RPP25 expression and OS by univariate COX analysis in multiple tumors; (B) Kaplan-Meier curves and univariate cox regression of OS of RPP25 in CESC patients stratified by RRP25 expression; (C) Kaplan-Meier curves and univariate cox regression of OS of RPP25 in GBM patients stratified by RRP25 expression; (D) Kaplan-Meier curves and univariate cox regression of OS of RPP25 in LAML patients stratified by RRP25 expression; (E) Kaplan-Meier curves and univariate cox regression of OS of RPP25 in LUAD patients stratified by RRP25 expression; (F) Kaplan-Meier curves and univariate cox regression of OS of RPP25 in UVM patients stratified by RRP25 expression.





Expression of RPP25 in Glioblastoma Multiforme (GBM)

GBM-related data from the TCGA and GTEx databases were downloaded, and a total of 153 tumor samples and 2647 normal samples were obtained. A rank sum test statistical analysis was performed using R software v4.0.3, and the results showed that RPP25 was lowly expressed in GBM cancer tissues compared to normal tissues (Figure 4).




Figure 4 | Expression level of RPP25 in GBM; ****P < 0.001.





Effect of RPP25 Expression on GBM Survival Prognosis

Figure 5A visualizes the RPP25 gene with survival time and survival status using the ggrisk R package. When RPP25 expression is sorted from low to high, the corresponding middle scatter plot from left to right presents a trend of patients dying more with shorter time. The results in Figure 5B suggest that the higher the RPP25 expression, the worse the prognosis, and hence the gene can be identified as a risk factor. The receiver operating characteristic (ROC) curves suggest that the area under curve (AUC) values for 1-year, 2-year, and 3-year survival are 0.680, 0.718, and 0.772 Figure 5C, respectively, indicating that the model has good accuracy.




Figure 5 | RPP25 expression and GBM survival analysis; (A) RPP25 expression versus survival time and survival status in GBM patients from TCGA datasets; (B) KM survival curve distribution of RPP25 expression in TCGA dataset visualized by R packages survival and survminer; (C) ROC curve and AUC of RPP25 at different times.





A Prognostic Risk Model for GBM

The Cox proportional risk model was used to conduct single-factor and multi-factor survival analyses, respectively, and RPP25 and age were identified as GBM prognostic risk factors (Table 1), and RPP25 was identified as a high-risk factor. Then, a prediction model and calibration curve for 1-year, 2-year, and 3-year survival probability were established (Figure 6) with diagonal dotted lines representing ideal programs and blue, red and orange lines representing observed 1y, 2y and 3y nomogram. The results showed that the nomogram based on the age and RPP25 expression had a favorable ability to predict prognosis for GBM patients of 1y, 2y and 3y survival.


Table 1 | Correlation of RPP25 expression and prognosis in GBM with diverse clinicopathological factors by Kaplan-Meier plotter.






Figure 6 | RPP25 risk prediction column line chart and prediction model; (A) column line chart showing risk factors affecting the prognosis of GBM patients; (B) column line chart model calibration curve.





Relationship Between RPP25 Expression and the Level of Immune Cell Infiltration

TIMER was used to study the correlation between RPP25 expression and the level of immune cell infiltration in GBM. Overall, RPP25 expression was significantly correlated with the level of immune cell infiltration (Figure 7). Specifically, RPP25 expression was weakly positively correlated with dendritic cell infiltration (R=0.161, p= 9.30×10-4) and weakly negatively correlated with B cell (R=-0.300, p= 4.08×10-10), while negatively correlated with CD4+ T cell (R=-0.191, p= 8.88×10-5), macrophage (R=-0.18, p= 2.19×10-4), CD8+ T cell (R=-0.112, p= 2.19×10-2) and neutrophil (R=-0.107, p= 2.88×10-2). These results suggested that RPP25 was correlated with immune cell infiltration in GBM.




Figure 7 | Relationship between RPP25 expression and the level of immune cell infiltration.





Gene Set Enrichment Analysis (GSEA)

Tables 2 and 3 show the top 10 most abundant signalling pathways or biological processes, respectively, ranked according to normalized enrichment score (NES) values. As shown in Figure 8A, the three KEGG signalling pathways most significantly associated with high RPP25 expression are given. Among them, high RPP25 expression was enriched in pyrimidine metabolism, cell cycle, and Alzheimer’s disease–related pathways. The three hallmark pathways most significantly associated with high RPP25 expression are shown in Figure 8B. Among them, high RPP25 expression was also positive for the mechanistic target of rapamycin (mTOR) complex 1 (mTORC1) signalling system, glycolytic pathway, and E2F targets.


Table 2 | The information of KEGG terms from top 10 GSEA enrichment analysis.




Table 3 | The information of HALLMARK terms from top 10 GSEA enrichment analysis.






Figure 8 | Gene set enrichment analysis. (A) KEGG; (B) Hallmark.






Discussion

Cellular metabolism is capable of meeting the demands of tissue homeostasis and growth. One of the hallmarks of cancers is their ability to reprogram cellular metabolism to acquire metabolic adaptations in response to extrinsic and intrinsic cellular information, thus providing selective growth advantage and sustained proliferative capacity (17, 18). Aerobic glycolysis is one of the most well-studied examples of a metabolic pathway reprogrammed in cancer cells, and Otto Warburg described how the cellular metabolism of cancer cells shifts from oxidation to glycolysis even in the presence of physiological levels of oxygen, termed the Warburg effect (19). This is a metabolic property of oncogenes under autonomous control in many proliferating cancer cells and tumors (20–22). If cancer cells develop a fixed dependence on the Warburg effect while non-malignant cells adapt to its inhibition, there could be a possible therapeutic direction that takes advantage of this. Moreover, according to Warburg’s basic study, cancer cells obtain energy mainly through the glycolytic pathway rather than the oxidative phosphorylation pathway, so abnormal glycolytic metabolism is one of the basic features of malignant cells (23). In addition, growth factor signalling and nutrition are effectively concentrated in mTORC1, which can regulate key processes such as cellular and organismal glycolytic metabolism, protein metabolism, lipid metabolism, and cellular autophagy (24–26). In other words, mutations in key proteins of the mTORC1 signalling pathway will lead to dysregulation of mTORC1 activity, which in turn will lead to the disruption of cellular metabolism or cell proliferation processes and further lead to the development of many metabolism-related diseases. Therefore, the mechanism of the mTORC1 signalling pathway in cell metabolism is worthy of further investigation.

In this study, we found that RPP25 can be involved in a variety of metabolic pathways and biosyntheses, including glycolysis, mTORC1 signalling, pyrimidine metabolism, proteases, and oxidative phosphorylation, by GSEA enrichment analysis of RPP25. This suggests that high RPP25 expression is involved in the positive regulation of these signalling pathways and may play a role in promoting aerobic glycolysis and affecting tumor cell metabolism by driving the upregulation of these metabolic and signalling pathways. Civita et al. (27) revealed a heterogeneous landscape of GBM by laser capture microdissection and RNA sequencing analysis, showing metabolic pathway dysregulation, which provides direct evidence that RPP25 expression in GBM may be influenced by metabolic alterations regulated through the glycolytic pathway. In addition, it was found that mTOR signal regulation plays a key role in regulating immune response, such as T cell and myeloid cell differentiation and multiple metabolic functions (28). Selective inhibition of mTOR has profound effects on immune cell populations, including CD8 + T cells, CD4 + T cells, CD3 + T cells and B cells, as well as antitumor immunity (29). It can be seen that immune recognition helps to inhibit tumor and enhance cell infiltration which acts as a molecular signal for the activation of tumor immune microenvironment (30). Combined with the results of which RPP25 expression was significantly correlated with the level of immune cell infiltration. Despite the weakly correlations, but it is still possible that RPP25 might mediate mTOR signal pathway to regulate immune response.

The above results demonstrate that RPP25 may influence tumor progression by regulating cellular metabolism, so are there more possible mechanisms for the presence of RPP25 expression in GBM? To be mentioned here is the mTORC1 signalling pathway. Abnormal developmental features of the brain, including macrocephaly (31), focal cortical dysplasia (32), and GBM (33), have been shown to be associated with mTOR signalling pathways. These defects are mainly associated with mTOR-associated cells malfunctioning upstream or downstream of the signalling cascade (33). Specifically, in the brain, mTOR is involved in the regulation of neuronal synaptogenesis, corticogenesis, and related functions (34). Many neuropsychiatric diseases and neurodevelopmental disorders, such as Alzheimer’s disease and autism (34, 35), are also associated with mTOR. In particular, alterations in mTORC1 activity caused by tuberous sclerosis mutations are associated with Alzheimer’s disease, and since RPP25 was previously mentioned as a systemic sclerosis-related gene and we also found through KEGG functional enrichment analysis that RPP25 is mainly enriched in Alzheimer’s disease–related pathways, we can also speculate that RPP25 is in GBM perhaps by affecting mTOR signalling pathways in GBM.

We also found that based on differential expression analysis, RPP25 was lowly expressed in GBM compared to normal tissues, but the results of survival analysis by KM showed that high expression of RPP25 was significantly correlated with poor prognosis of patients. The appearance of this differential may indicate that RPP25 may act at different times of tumor progression and may be a cancer suppressor in the early stage and a cancer promoter in the late stage. Some genes may be beneficial to the body, but once a tumor forms, the tumor cells may hijack the gene to protect the tumor cells. It has been suggested that cancer cells can organize telomere shortening by hijacking DNA repair pathways, thus allowing tumor cells to spread (36). Similarly, we found that RPP25 is also enriched in the DNA repair pathway, which, by association, provides evidence for this difference between the low expression of RPP25 in GBM and its poor prognosis with high expression. Due to such differences, it provides many potential drug targets for the treatment of GBM.

In some references found that overexpression of RPP25 could block cells in the G0/G1 phase to suppress cancer cell proliferation. RPP25 interacted with the P3 domain of the RNase MRP RNA and are also associated with human RNase P (37). A role for RNase MRP in yeast cell cycle regulation was reported by Schmitt and collaborators, who showed that RNase MRP plays a role in the degradation of the mRNA encoding the mitosis specific cyclin Clb2 (38).

In summary, our study mainly found that RPP25 can be a biomarker for prognosis prediction of GBM and has the potential to provide ideas for therapeutic targets in GBM. The significance of our work is to prospectively reveal which relevant signalling pathways may be associated with the mechanism of action of RPP25 in GBM, providing a bioinformatic basis for further understanding the role of RPP25 in tumor metabolism. The work is also significant in that it prospectively reveals which signalling pathways may be associated with RPP25 expression in GBM and provides a bioinformatics basis for further understanding of the role of RPP25 in tumor metabolism.
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Objective

Since there are few studies exploring genes associated with lymphatic metastasis of thyroid carcinoma (THCA), this study was conducted to explore genes associated with lymphatic metastasis of THCA and to investigate the relationship with immune infiltration.



Methods

Differentially expressed genes associated with THCA lymphatic metastasis were analyzed based on The Cancer Genome Atlas Program (TCGA) database; a protein-protein interaction(PPI)network was constructed to screen for pivotal genes. Based on the identified hub genes, their expression in THCA with and without lymphatic metastasis were determined. Functional enrichment analysis was performed. The correlation between the identified genes and immune cell infiltration was explored. LASSO logistic regression analysis was performed to determine the risk score of the most relevant gene constructs and multifactor COX regression analysis based on genes in the risk score formula.



Results

A total of 115 genes were differentially expressed in THCA with and without lymphatic metastasis, including 28 upregulated genes and 87 downregulated genes. The PPI network identified seven hub genes (EVA1A, TIMP1, SERPINA1, FAM20A, FN1, TNC, MXRA8); the expression of all seven genes was upregulated in the group with lymphatic metastasis; Immuno-infiltration analysis showed that all seven genes were significantly positively correlated with macrophage M1 and NK cells and negatively correlated with T-cell CD4+ and myeloid dendritic cells. LASSO logistic regression analysis identified the five most relevant genes (EVA1A, SERPINA1, FN1, TNC, MXRA8), and multi-factor COX regression analysis showed EVA1A, SERPINA1 and FN1 as independent prognostic factors.



Conclusion

Seven genes were associated with lymphatic metastasis of THCA and with tumor immune cell infiltration.





Keywords: thyroid cancer, lymphatic metastasis, immune infiltration, prognosis, THCA



Introduction

Thyroid carcinoma (THCA) is the most prevalent endocrine cancer worldwide. It usually presents as a neck mass and causes dysphagia, dysphonia or hoarseness, stridor, and dyspnea due to its occupying effect on the esophagus and trachea (1, 2). Although THCA mortality has remained relatively low and has even steadily declined in some countries, the incidence of THCA has increased significantly in recent decades (3). The rising incidence of THCA has had a significant impact on the elderly population, as adults aged 65 years and above have experienced the greatest increase in THCA incidence and the greatest change in cancer prognosis. This further leads to a greater risk of THCA treatment as well, due to lower renal clearance, increased likelihood of radioiodine overtreatment, and increased risk of arrhythmias and bone loss due to suppressive doses of thyroid hormone replacement (4).

Lymphatic metastases are usually strongly associated with reduced cancer survival (5). For most cancers, the dissemination of tumor cells through the lymphatic system is the most common route of metastasis. Lymphatic vessels surround solid tumors and promote metastasis by increasing the hyperpermeability of capillaries and the expansion of collecting vessels (6). Therefore, the presence of lymphatic metastases is an important indicator of tumor progression and a sign of worsening tumor staging. Suitable biomarkers should not only monitor disease progression and response to therapy but also identify patients at high risk of recurrence (7). With the emergence of new effective therapies, drugs have been developed to play an important role in inhibiting tumor lymphatic metastasis by targeting biomarkers and thus. For example, it has been suggested that anlotinib may prevent lymphangiogenesis and distant lymphatic metastasis in lung adenocarcinoma by inactivating VEGFR-3 phosphorylation (8). In THCA, it has been indicated that miRNA-148a, a member of endogenously expressed small non-coding RNA molecules, can inhibit cell growth and metastasis of papillary thyroid carcinoma through STAT3 and PI3K/AKT signaling pathways (9). However, the underlying mechanism of THCA development is still unknown, so a predictive biomarker is needed to determine disease progression and prognosis. The present study, however, explores genes that may affect lymphatic metastasis of THCA based on comprehensive bioinformatics analysis and investigates their relationship with immune infiltration to provide new ideas for the clinical treatment of lymphatic metastasis of THCA.



Methods


Data Access

The present study used the RNAseq dataset of THCA from The Cancer Genome Atlas Program (TCGA) database. We identified patients with thyroid cancer, including papillary and follicular subtypes. A total of 460 samples were included in this study, including 229 samples with no lymphatic metastases (N0) and 231 samples with lymphatic metastases (N1, N1a, N1b).



Differences in Gene Expression With Lymphatic Metastases

The data of THCA samples from the TCGA database were divided into two groups: with lymphatic metastasis and without lymphatic metastasis. Then, the differential expression of mRNA was investigated using the Limma package of R software. When “adjusted p value < 0.05 and log2 (fold change) > 1 or log2(fold change) < −1” was defined as the threshold mRNA differential expression screening.



Protein-Protein Interaction(PPI) Network Construction

PPI networks of lymphatic metastasis–associated genes were analyzed based on the Metascape online database (https://metascape.org/gp/#/main/step1). The hub genes were determined using the MCODE algorithm.



Immune Infiltration Assessment

Spearman correlation was used to analyze the relationship between gene and immune cell infiltration. The horizontal coordinates represent genes, the vertical coordinates represent immune cells, and the correlation coefficients range from [-1, 1], with negative values representing a negative correlation and positive values representing a positive correlation. A statistically significant difference was indicated when p < 0.05.



Enrichment Analysis

Gene Ontology (GO) enrichment analysis (BP: biological process; CC: cellular component; MF: molecular function) and Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis were performed on the screened lymphatic metastasis–associated genes using R package cluster profiles. A cut-off value of p < 0.05 was used to enrich functional categories and pathways.



Prognostic Modeling

Seven genes significantly associated with lymphatic metastasis were subjected to LASSO regression methods to obtain the best-associated genes. Five genes associated with prognosis were identified, and a five-gene signature was constructed. The risk score was then calculated for each patient based on the regression coefficients of the genes in the signature and the corresponding expression values. Risk scores were calculated using the following formula:

	

Patients were divided into high-risk and low-risk groups based on the median risk score. The Kaplan-Meier overall survival (OS) analysis was presented, followed by log-rank tests. The sensitivity and accuracy of the signature were verified by receiver operating characteristic (ROC) curves using the SurvivalROC package in R. All the above analyses were performed using the R package. Differences were indicated as statistically significant when p < 0.05.




Results


Analysis of Genes Differentially Expressed in Lymphatic Metastases and Non-Lymphoid Metastases

Based on the TCGA database, we first analyzed the genes that showed differential expression in THCA with and without lymphatic metastasis. The analysis showed that there were 115 differentially expressed genes in THCA with and without lymphatic metastasis, including 28 upregulated genes and 87 downregulated genes, as shown in the generated volcano plot (Figure 1A). The differential gene expression heat map demonstrates the top 100 genes with the largest differential alterations (Figure 1B).




Figure 1 | Gene expression analysis of whether THCA is lymphatic metastasis or not. (A) Volcano plot of differentially expressed RNA between THCA lymphatic metastasis and non-lymphoid metastasis in the TCGA dataset. (B) Heat map of differentially expressed RNA in the TCGA dataset. (Blue: downregulated expression; red: upregulated expression).





PPI Network Construction

After the analysis of the differentially expressed genes in THCA with and without lymphatic metastasis, we constructed a PPI network out of the 28 upregulated and 87 downregulated genes (Figure 2A)and identified seven hub genes (Figure 2A, marked in red): EVA1A, TIMP1, SERPINA1, FAM20A, FN1, TNC, and MXRA8 (Figure 2B, C).




Figure 2 | PPI network construction. (A) PPI networks of differentially expressed genes between the presence and absence of lymphatic metastasis. (B) The first seven hub genes, with nodes of higher degree shown in bright red. (C) The seven marked red genes.





Expression of the Seven Hub Genes in THCA With and Without Lymphatic Metastasis

After the PPI network construction, we identified seven important genes (EVA1A, TIMP1, SERPINA1, FAM20A, FN1, TNC, MXRA8). Then, the THCA samples based on the TCGA dataset were divided into two groups: no lymphatic metastasis and with lymphatic metastasis. We observed the expression of these seven genes in both groups. The results of the analysis showed that the expression of the seven genes was significantly different in both THCA lymphatic metastasis and non-lymphoid metastasis, with upregulated expression in the group with lymphatic metastasis (Figure 3).




Figure 3 | Expression of the seven hub genes in THCA with and without lymphatic metastasis. *** indicates p < 0.001 compared with N0 stage.





GO Analysis and KEGG Analysis

To understand the molecular mechanisms of lymphatic metastasis–related genes, we performed an enrichment analysis on these seven genes. The results of the GO analysis (Figure 4A–C) showed that the seven genes have important roles in dentinogenesis, formation of dentin-containing teeth, acute phase response, extracellular structural organization, and extracellular matrix organization. The results of the KEGG analysis showed that the seven genes have important roles in the PI3K-Akt signaling pathway, human papillomavirus infection, local adhesions, and ECM-receptor interactions (Figure 4D).




Figure 4 | GO analysis and KEGG analysis of the seven hub genes. (A) Circle plot of BP analysis. (B) Circle plot of CC analysis. (C) Circle plot of MF analysis. (D) KEGG analysis.





Relationship Between the Seven Hub Genes in THCA and Immune Infiltration

After the enrichment analysis, we found that genes have an important role in the acute phase response. It is known that acute phase responses are the body’s response to tissue damage, and acute phase responses may stimulate the initiation of the immune response (10, 11). Thus, we analyzed the relationship between the seven genes in THCA and immune infiltration. The analysis showed that all seven genes were significantly positively correlated with macrophage M1 and NK cells, and negatively correlated with T-cell CD4+ and myeloid dendritic cells, suggesting that these genes have an important role in the immune infiltration of THCA (Figure 5).




Figure 5 | 7 genes respectively in relation to the level of immune cell infiltration. *p < 0.05, **p < 0.01.





Prognostic Modeling

We performed a LASSO logistic regression analysis on the gene expression matrices of seven patients from the THCA cohort, using the presence or absence of lymph node metastasis to finalize the risk scores for the five most relevant gene constructs (Figure 6A, B).




Figure 6 | Construction of the prognostic risk model. (A) LASSO analysis of related genes. (B) Risk scores, survival time, and survival status in the TCGA dataset. Top: scatterplot of risk scores from low to high; middle: scatterplot distribution of survival time and survival status corresponding to risk scores of different samples; bottom: heat map of gene expression in the prognostic model. (C) Top: K-M curves for high-risk patients and low-risk patients; bottom: ROC curves for one, three, and five years for this risk model.



The risk score was calculated by the following formula:

	

We then looked at the distribution of KM survival curves for this risk model in the TCGA dataset, which showed a significantly lower survival status for high-risk patients than for patients in the low-risk group (HR=0.186, p=0.002), as well as AUC values of 0.76, 0.688, and 0.747 for the ROC curves of this model at one, three, and five years, respectively (Figure 6C).

In addition, we performed a multifactorial COX regression analysis for the five genes in the risk-based scoring formula, showing that EVA1A、SERPINA1and FN1 as independent prognostic factors (Figure 7).




Figure 7 | Multi-factor COX regression analysis showing EVA1A, SERPINA1 and FN1 as independent prognostic factors.






Discussion

Tumor metastasis refers to the spread of cancer cells from the primary tumor to the circulatory system and their colonization of distant organs. It generally includes both hematogenous and lymphatic metastases and is one of the most critical aspects of tumor progression, which can lead to approximately 90% of cancer-related deaths (12). During metastasis, the lymph nodes near the primary tumor are usually the most common site of cancer cell dissemination (13). In most tumors, lymphatic metastasis is directly associated with distant recurrence and overall survival (14). Therefore, it is necessary to find biomarkers that can predict the phenomenon of early metastasis. In the present study, we detected 115 gene expression differences, 28 upregulated genes, and 87 downregulated genes in two groups of samples with and without lymphatic metastasis in THCA. We then constructed a PPI network of these genes and screened a total of seven hub genes: EVA1A, TIMP1, SERPINA1, FAM20A, FN1, TNC, and MXRA8.

EVA1A is a protein-encoding gene involved in autophagy and apoptosis-induced cell death (15). EVA1A is expressed in a cell- and tissue-specific manner and is significantly downregulated in many types of human tumors (16). TIMP1 is a secreted protein and an endogenous inhibitor of MMP9 (17). TIMP1 inhibits the protein hydrolytic activity of MMP and plays a role in the balance of matrix remodeling during extracellular matrix degradation, which has an important role in tumor invasion and metastasis (18). In colorectal cancer, increased IMP1 activity may be associated with the metastasis of colorectal cancer (19). SERPINA1, also known as α-1-antitrypsin (AAT), is a protease inhibitor constitutively released from hepatocytes. It is primarily active at sites of inflammation and usually protects healthy cells near inflamed tissue (20). Fam20A is a secretory pathway pseudokinase that forms a functional complex with Fam20C and metastasizes to increase the activity of Fam20C on secreted substrates, including enamel matrix proteins (21). FN1 is a member of the FN family, and its expression in human malignancies and has a key role in tumorigenesis and tumor progression (22). TNC is a key tendonogenic protein in the extracellular matrix glycoprotein family that often exhibits reduced expression in normal adult tissues but exhibits increased expression during embryonic development, tumor, injury repair, and inflammation. TNC has also been identified as a potentially important indicator of disease severity (23). MXRA8 is a protein that is expressed in adhesion molecules found in epithelial cells, bone marrow cells, and mesenchymal cells (24). It is also a receptor for several arthritogenic metaviruses and has been suggested as a possible drug target for infections and diseases caused by these metaviruses (25). In the present study, several genes, EVA1A, TIMP1, SERPINA1, FAM20A, FN1, TNC, and MXRA8, were found to be significantly upregulated in THCA with lymphatic metastasis. Subsequent prognostic analysis showed that only EVA1A had prognostic significance in THCA with or without lymphatic metastasis.

The lymphatic system can act as an interface between innate and adaptive immunity and can actively communicate and sense inflammatory stimuli from the periphery (26). Lymph nodes are also common sites of tumor metastasis, and cancer cells in lymph nodes can shape their interactions with the host immune system by controlling the infiltration and reactivity of immune cells (27). This could suggest that lymphatic metastasis may be closely linked to the infiltration of immune cells. There are previous findings that suggest that cancer-associated fibroblasts (CAFs) are associated with macrophage infiltration in triple-negative breast cancer patients. CAFs may play an important role in shaping the tumor immunosuppressive microenvironment by regulating the pro-tumor phenotype of macrophages (28). Previous literature has also stated that increased lymphatic vessel density in melanoma is associated with increased CD8+ T cell infiltration, and it has been proposed that lymphatic activation may promote the accumulation of CD8+ T cells around and within tumors (29). The results of our enrichment analysis also showed a possible association between the seven hub genes and immunity. Therefore, the present study also analyzed the correlation between these genes and the level of THCA immune cell infiltration. The analysis showed that all seven genes were significantly positively correlated with macrophage M1 and NK cells and negatively correlated with T-cell CD4+ and myeloid dendritic cells. It has been shown that TIMP-1 levels are elevated in chronic obstructive pulmonary disease and that its elevated levels can lead to increased neutrophil numbers and decreased lung function (30). It has also been shown that SERPINA1 has immunosuppressive effects and that with an increase in SERPINA1, the body loses immune surveillance against mutant cells and induced tumors (31). Although there are no definitive studies indicating their role in thyroid cancer on immune cell infiltration, changes in their levels have been shown to have an impact on the level of immune cells and thus on the progression of the disease. Similar studies have shown that dendritic cells and neutrophils, in papillary thyroid cancer, are strongly associated with histological subtype, mutational status, T-staging and lymph node metastasis (32).This further proves that immune cell infiltration can promote lymphatic metastasis of thyroid cancer. Combined with this study, it can be seen that this process is closely related to these seven key genes, but the specific mechanism remains to be studied.

Finally, we performed a LASSO logistic regression analysis of the gene expression matrix of seven of the THCA cohort from the TCGA database by the presence or absence of lymph node metastasis to finalize the risk scores constructed for the five most relevant genes (EVA1A, SERPINA1, FN1, TNC, MXRA8). In addition, multivariate Cox regression analysis based on the five genes in the risk score formula showed that eva1a, serpina1 and FN1 were independent prognostic factors. It can be explained that eva1a, serpina1 and FN1 are closely related to the prognosis of THCA lymphatic metastasis.

It should be acknowledged that our study has some unavoidable limitations. TCGA is a regularly updated public database, but the sample size and data volume are limited, and the clinicopathological information is not comprehensive. This may lead to some potential errors or biases. More data should be included in the future to improve the model. Given that the study is based on bioinformatics analysis, validation from in vivo and in vitro experiments is lacking. We will also continue the study.

In summary, Our results showed that seven genes were associated with lymphatic metastasis in THCA, and all seven genes were significantly positively correlated with macrophage M1 and NK cells, and negatively correlated with T-cell CD4+ and myeloid dendritic cells. This suggests that these seven genes may promote lymphatic metastasis of THCA through immune cell infiltration. In addition, EVA1A, SERPINA1 and FN1 were strongly associated with the prognosis of THCA lymphatic metastasis. This provides a potential direction for immunotherapy to stop the progression of THCA.
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N6-methyladenosine (m6A) RNA methylation is dynamically and reversibly regulated by methyltransferases, binding proteins, and demethylases. The restoration of m6A to adenosine could result in demethylation modifications. Abnormalities in m6A epigenetic modifications in cancer are of increasing interest in recent years. According to the progression and prognostic performance of m6A epigenetic modifications in gastric adenocarcinoma (STAD), this study comprehensively analyzed the m6A modification patterns of gastric adenocarcinoma specimens in The Cancer Genome Atlas (TCGA) database based on 20 m6A regulators. Here, we found that 20 m6A RNA methylation regulators were high-expressed in gastric adenocarcinoma. m6A RNA methylation regulators were closely associated with pT staging of gastric cancer. Based on such findings, we developed a prognostic model using four m6A RNA methylation regulators (IGF2BP1, RBM15, FTO, ALKBH5), and the FTO was confirmed as an independent prognostic marker.
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Introduction

The incidence of digestive diseases is increasing with the changes of modern diet (1). Stomach adenocarcinoma (STAD) is a common malignant digestive system tumor (2). Despite some progresses in STAD treatment in recent years, STAD remains the second leading cause of cancer death-related (3). Statistics have shown that more than 700,000 deaths from STAD have occurred annually all over the world (4). Such a high mortality rate is attributed to the specific biological features of the disease, such as a lack of efficient clinical diagnostic indicators, unclear clinical presentation, and high invasion and metastasis degrees (5), which also point to the necessity of identifying effective biomarkers and their potential molecular mechanisms in STAD (6). The completion of the Human Genome Project (HGP) and parallel development of next-generation sequencing (NGS) have been accompanied with increasing technological advances (7). Many major oncology research programs have been launched, the most famous of which are The Cancer Genome Atlas (TCGA) (8) and Genotype-Tissue Expression (GTEx) (9). The aim of these two programs is to map the genome of human tumors through large-scale high-throughput genome sequencing and microarray technology to find new solutions for cancer treatment through exploring tumor development and potential molecular mechanisms.

Epigenetics, which becomes a popular research area in recent years, is defined as DNA sequence invariance but genetic alteration of gene expression (10). Earlier studies found that epigenetic studies focused on DNA and histone modifications (11). Some scholars believed that mRNAs only play a role in information transfer (12). However, with the rapid development of high-throughput sequencing technology, studies have increasingly found that mRNAs, for example, N6-methyladenosine (m6A), N1-methyladenosine (m1A) and pseudo uridine methylation (13), undergo various modifications during 5'-capping and 3'-tailing 4-6 under exon splicing (14). These above modifications can exert certain effects on the splicing, nucleation, stabilization, and translation of mRNA, which further affects the mRNA metabolic process and regulates gene expression (15). Up to now, 171 RNA modifications have been identified (16), and m6A as an important modifier is the most abundant in a variety of eukaryotic mRNAs and long-stranded noncoding RNAs (LncRNAs) (13). RNA m6A can be imprinted by methyltransferases, preferentially recognized and delivered by reader proteins, and cleared by RNA methylases, suggesting that m6A methylation epigenetically mediates the expression of a large number of genes, thereby playing multiple roles in regulating biological processes (17).

Previous studies have shown that multiple proteins are involved in the regulation of m6A. For example, METTL3, METTL14 can act as compilers (18); YTHDF1, YTHDF2, YTHDF3 can act as readers (13); FTO, ALKBH5 can act as erasers (19). Recent studies have reported the association of m6A regulators with cancer. The diagnostic, progressive, and prognostic performance of m6A-methylated RNA regulators in lung adenocarcinoma has been confirmed (20). Moreover, m6A modification-mediated CBX8 induction could regulate the stemness and chemosensitivity of colon cancer through upregulation of LGR5 (21).

Only 13 m6A RNAs had been analyzed in earlier studies, currently new research has identified 7 m6A RNAs. In the present study, we analyzed the differential expression of 20 m6A RNA regulators in STAD through TCGA and GTEx databases, and found that the expression of m6A RNA methylation regulator FTO played an important role in the progression of STAD and was considered as an effective prognostic factor.



Materials and Methods


Data Collection

Data from 375 gastric adenocarcinomas (STAD) tumor samples were downloaded from The Cancer Genome Atlas (TCGA, https://portal.gdc.cancer.gov/) website and Genotype-Tissue Expression (GTEx, https://gtexportal.org/) website to acquire 361 cases of normal tissues.



Selection and Processing of Study Genes

The collected data were normalized and 361 normal lung tissues from GTEx were imported into the STAD TCGA data set to increase the number of normal groups. Differential analysis on 20 m6A RNA methylation genes from normal and tumor tissues was performed using the Wilcox test. 20 m6A RNA methylation genes, namely, HNRNPA2B1, VIRMA, METTL3, WTAPR, HNRNPA2B1, METTL14, BM15, RBM15B, ZC3H13, YTHDC1, YTHDF3, YTHDF1, YTHDF2, HNRNPC, IGF2BP1, IGF2BP2, IGF2BP3, RBMX, FTO, ALKBH5, were introduced in the current study. Correlations between genes were analyzed with the corrlot package.



Gene Enrichment Analysis

Samples were divided into high- and low- expression groups based on median FTO expression value. FTO biological functions were analyzed using gene enrichment analysis (GSEA) (http://software.broadinstitute.org/gsea/index.jsp). The Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway, Gene Ontology (GO), and Hallmarkgene signature gene collections were used for analysis, and annotation was performed using the "clusterProfiler" package.



Hierarchical Clustering of m6A RNA Methylation Genes and Correlation Analysis

The Consensusclusterplus package was used for consistency analysis. The maximum number of clusters was 6. 80% of the total samples, which were extracted by 100 repetitions. The clustering heat map was plotted by pheatmap package. Kaplan-Meier analysis and corresponding analysis were then applied to analyze the differences between clusters.



LASSO Prognostic Modeling

Overlapping DEGs and DMGs were filter by LASSO regression pipeline to narrow down the target genes. Genes associated with survival were screened by univariate Cox analysis, and risk characteristics for the Cox regression model were analyzed using the glmnet package and the survivor package with the following risk equation:

	

Based on the median score, STAD patients in the TCGA database were divided into two subgroups low-risk and high-risk groups. Kaplan-Meier survival curve analysis was used to compare the OS times of the two groups, and the prediction of the genetic markers was evaluated by time-related ROC.



Univariate and Multivariate Cox Regression Analyses

Cox regression analysis was performed using the Survival package, and forestplots were generated with the forestplot package to show P values, HRs, and 95% CIs for each variable. Based on the results of multivariate Cox proportional risk analysis, column line plots were developed using the rms package to predict 1-, 3-, and 5-year survival rates. Column line plots provided a graphical representation of these factors, allowing the prognostic risk of individual patients to be calculated by the points associated with each risk factor.




Results


Differential Expression of m6A RNA Methylation Regulators in STAD

To further understand the important biological functions of m6A RNA methylation regulators in tumorigenesis and development. We compared the expression levels of 20 m6A RNA methylation regulators in 375 STAD tissues and 32 normal tissues from the TCGA database. The results showed that compared to normal tissues, in STAD patients the expression of HNRNPA2B1, VIRMA, METTL3, WTAPR, HNRNPA2B1, METTL14, BM15, RBM15B, ZC3H13, YTHDC1, YTHDF3, YTHDF1, YTHDF2, HNRNPC, IGF2BP1 IGF2BP2, IGF2BP3, RBMX, FTO, and ALKBH5 was significantly up-regulated (Figure 1A). In addition, we analyzed the correlation between 20 m6A RNA methylation regulators through conducting Pearson's test, and the analysis revealed a positive correlation between the 20 m6A RNA methylation regulators, with VIRMA and YTHDF3 showing the most significant correlation (Figure 1B). This suggested when VIRMA was up-regulated, the YTHDF3F gene was most likely to be upregulated.




Figure 1 | Expression levels of m6A RNA methylation regulators in TCGA database. (A) Expression levels of 20 m6A RNA methylation regulators in 375 STAD tissues and 32 normal tissues of the TCGA database. (B) Pearson's test for the correlation between the expression levels of 20 m6A RNA methylation regulators.





Consensus Clustering of m6A RNA Methylation Regulators to Analyze the Characteristics and Survival of STAD Patients

To better understand the relationship between m6A RNA methylation regulators and clinical characteristics of STAD patients, we extracted 32 normal samples from the TCGA database and employed the ConsensusClusterPlus package to subclassify 343 STAD samples. Based on the similarity shown by the expression levels of m6A regulators and the ratio of fuzzy clustering metrics, the optimal clustering stability was defined from k = 2 to 6 when k = 3 (Figure 2). Subsequently, 375 STAD patients were divided into 3 subgroups, namely, cluster1 (n = 97), cluster2 (n = 143) and cluster3 (n = 135), according to the expression levels of m6A regulators. Next, we analyzed the clinical characteristics and survival of the 3 subgroups. First, we examined the differences between gender, race, pT stage, pN stage, pM stage, pTNM stage, and Grade in the 3 subgroups of patients with sub STAD. After comparing cluster1, cluster2, and cluster3, we found that there was a difference in pT staging between them as well as a difference in pN staging between cluster2 and cluster3, while other clinical data were not significant (Figure 3).




Figure 2 | TCGA database using 20 m6A RNA methylation-associated genes to divide the samples into 3 subgroups. (A) The STAD cohort was separated into three clusters when k = 3. (B) CDF curves for k=2~6. (C) Relative amount of change in area under the CDF curve for consensus clustering when k=2~6. (D) The distribution of each sample when k is in the range of 2 ~ 6. CDF, cumulative distribution function. *p < 0.05; **P < 0.01; ***P < 0.001.






Figure 3 | Consensus clustering of m6A RNA methylation regulators to analyze the characteristics and survival of STAD patients. (A) The STAD cohort was separated into three clusters when k = 3. (B) CDF curves for k=2~6. (C) Relative amount of change in area under the CDF curve for consensus clustering when k=2~6. (D) The distribution of each sample when k is in the range of 2 ~ 6. (E) Comparison of gender differences among the 3 subgroups. (F) Comparison of race differences among the 3 subgroups. (G) Comparison of T-stage differences among the 3 subgroups. (H) Comparison of N-stage differences among the 3 subgroups. (I) Comparison of M-stage differences among the 3 subgroups. (J) Comparison of clinical staging differences among the 3 subgroups. (K) Comparison of differences in differentiation in 3 subgroups. (L) Comparison of differences in lymphatic metastasis among the 3 subgroups. Note: CDF, cumulative distribution function. *P < 0.05, **P < 0.01, ***P < 0.001.





LASSO Prognostic Model Construction

The LASSO Cox regression model was applied to construct prognostic features to analyze the expression levels of m6A RNA methylation regulators (Figures 4A, B). According to the minimal criterion, four regulators, IGF2BP1, RBM15, FTO, and ALKBH5, were selected to construct the prognostic model. The risk score for each STAD patient was calculated with the following formula: risk score = (0.0355)*IGF2BP1 + (-0.2487)*RBM15 + (0.4701)*FTO + (-0.2246)*ALKBH5. Based on the median risk score, the STAD cohort was divided into low-risk group and high-risk group (Figure 4C). Kaplan-Meier survival analysis demonstrated that patients in the high-risk group had significantly higher OS than those in the low-risk group (P=0.007, Figure 4D). In addition, the sensitivity and specificity of this model for predicting patients' OS period were verified by ROC curves. Here, the risk model showed a better accuracy in predicting survival at 1 year (AUC=0.743), 3 years (AUC=0.743), and 5 years (AUC=0.874) after surgery (Figure 4E). This suggested that the model was accurate in predicting the prognostic survival of STAD patients.




Figure 4 | Relationship between m6A RNA methylation regulators and prognosis of STAD patients by constructing LASSO models in TCGA database. (A, B) Relationship between the solution path of LASSO model and cross-validation mean square error (CV MSE) and model size. (C) Risk assessment subgroups of STAD patients and the expression levels of IGF2BP1, RBM15, FTO, and ALKBH5 within the subgroups. (D) Kaplan-Meier curves of STAD patients in the high-risk and low-risk groups according to risk scores. (E) ROC curves to validate the LASSO model for 1-, 3-, and 5-year prediction efficiency.





Univariate and Multivariate Cox Regression Analyses on m6A RNA Methylation Regulators

We analyzed whether IGF2BP1, RBM15, FTO, and ALKBH5 genes were independent prognostic factors for STAD. Cox regression analysis, and univariate and multivariate Cox regression analysis revealed that FTO (HR: 2.337, 95% CI (1.595-3.423), P<0.001) may be an independent prognostic factor for STAD (Figures 5A, B). To develop a clinically applicable method predictive of patients’ survival, we used Nomogram plots to construct a prediction model, and Nomogram plots were developed to predict 1-, 3-, and 5-year OS rates using the Cox regression algorithm (Figure 5C). It was found that the calibration plots of 1, 3, and 5-year OS rates were all highly predictive when compared to the ideal model in the whole cohort (Figure 5D).




Figure 5 | Nomogram plot construction in TCGA database. (A, B) Univariate and multifactorial cox analysis of p-value, risk factor HR, and confidence interval for 4-m6A RNA methylation regulator expression and clinical characteristics. (C) Columnar plots to predict 1-year, 3-year, and 5-year overall survival of STAD patients (D) Calibration curves of the overall survival line plot model in the discovery group. The diagonal dashed line indicates the ideal column line plot, the blue, red, and orange lines indicate the observed 1-year, 3-year, and 5-year column line plots.





The Biological Significance of FTO in Gastric Cancer

In the above study, FTO was identified as an independent prognostic factor for STAD. To further understand the significance of FTO in STAD, we performed GSEA analysis and divided the patients into high- and low-expression groups based on the expression of FTO in STAD to observe the signaling enrichment of GO, KEGG, and markers in both groups. The 10 most enriched signaling pathways were ranked according to NES scores, and we selected the 10 most enriched signaling pathways for presentation (Tables 1–3).


Table 1 | GO enrichment analysis (Top 10).




Table 2 | KEGG enrichment analysis (Top 10).




Table 3 | HALLMARK enrichment analysis (Top 10).





FTO Pan-Cancer Analysis

We combined TCGA and GTEx databases to further compare the expression of FTO in different cancers, and found that FTO was expressed in 25 tumors, including in ACC, BRCA, CHOL, COAD, READ, DLBC, ESCA, GBM, HNSC, KICH, KIRC, KIRP, LAML, LGG, LIHC, LUAD, LUSC, MESO, OV, PAAD, PCPG, PRAD, READ, SKCM, STAD, STES, TGCT, THCA, UCEC, and showed a low expression in CESC (Figure 6A). In addition, the relationship between FTO expression and pan-cancer survival was analyzed based on TCGA database data. After plotting forest plots, we found that FTO expression was correlated with BLCA, KIRC, and STAD (Figure 6B), suggesting that FTO may have certain potential diagnostic or prognostic significance also in other tumors.




Figure 6 | Expression of FTO in the pan-cancer and prognosis. (A) Expression level of FTO in pan-cancer in TCGA+GTEx database. (B) Prognosis of FTO expression level in pan-cancer in TCGA database. The tumor abbreviations are annotated in Table S1. *p < 0.05; **P < 0.01; ***P < 0.001.






Discussion

Gastrointestinal tract tumors are currently one of the most common malignancies in clinical practice. STAD is the fifth most common malignancy in the world and a serious threat to human health (22). At present, the pathogenetic factors of STAD were not clear. However, scholars have found that environmental factors, daily diet, H. pylori infection, and genetic inheritance can all lead to development of STAD (23, 24). Currently, the preferred treatment option for STAD is surgery combined with adjuvant chemotherapy, radiotherapy, targeted therapy, and immunosuppressive agents (25). Although the mortality rate of STAD is showing a decreasing trend, the 5-year survival of patients with advanced STAD is still below 30% (5). Targeted drug therapy has a positive effect on prolonging patient's survival time, long-term use of drug will result in drug resistance (26), which has now become one of urgent problems to be resolved in clinical practice. For this reason, further investigation of the molecular mechanisms of STAD pathogenesis and search of new therapeutic targets should be addressed.

DNA methylation is currently one of the most important mechanisms in tumor studies (27). m6A methylation is by far the most common form of mRNA modification and plays an important role in tumor development through post-transcriptional regulation (28). Recent studies indicated that dysregulation of m6A methylation regulatory proteins can induce downstream RNA metabolism disorders (29). Guo et al. (30) found that RNA demethylase ALKBH5 inhibits pancreatic cancer progression through post-transcriptional activation of PER1 in m6A-YTHDF2-dependent manner, and Zhang et al. (31) showed that YTHDF2 supresses pancreatic cancer progression through m6A RNA methylation regulating OCT4 expression to promote hepatocellular carcinoma stem cell phenotype and tumor metastasis. However, not all m6A modifiers of m6A modification are in a suppressed statues in tumors. Shen et al. (32) found that ALKBH5 expression deficiency is a poor prognostic indicator to acute myeloid leukemia. Zhang et al. demonstrated that ALKBH5 expression is up-regulated in gliomas, and this can promote glioma development and progression through up-regulating ALKBH5-mediated FOXM1 (33). These findings indicated that the regulation of m6A methylation modification levels is highly complex. Moreover, current studies on m6A methylation modifiers were mainly focused on oncogenic pathways and have not explored m6A regulators in depth.

In the current study, through comprehensive analyses, we found that m6A RNA methylation regulators were involved in the development of STAD, and that m6A RNA methylation regulators were associated with STAD pathological features. In addition, for a better analysis of m6A RNA methylation regulators, we applied consensus clustering, a more efficient clustering method allowing a better assessment of cluster stability through performing multiple iterations of the clustering method. In this study, we divided the STAD samples into 3 subgroups (cluster1, cluster2, and cluster3) by consensus clustering. The analytical results showed that subgroup levels were correlated with pT, and pN staging. Finally, through building a prognostic model, we developed a prognostic genetic marker (FTO), which could classify the OS of STAD patients into low- and high-risk subgroups. Cox regression analysis showed that FTO notation can be used as a potential independent prognostic marker and a predictor of clinicopathological parameters.

FTO, a nuclear protein of the AlkB-related superfamily of non-heme iron and 2-oxoglutarate-dependent oxygenases, is an important demethylase (34). Existing studies showed a strong correlation between FTO in humans and body mass index (35), obesity risk (36), and type 2 diabetes (37). FTO consumption could increase total m6A levels in polyadenylated RNAs (38). m6A is oxidized by FTO and N6-hydroxymethyladenosine (Hm6A), and N6-formyladenosine (F6A) are produced during the oxidation process (39). The potential functions of the intermediates produced during this oxidation process remains unclear. To further clarify the mechanisms of FTO in STAD, we found that FTO was involved in cellular oxidation, epithelial-mesenchymal transition, and other functions by conducting single gene enrichment analysis. Earlier studies showed that FTO is not only expressed in STAD, but also in acute myeloid leukemia (40), cervical squamous carcinoma (41), and glioblastoma (42), indicating that FTO may be involved in the development of other tumors. To further determine the expression of FTO in other tumors, the expression of FTO in 32 tumors was analyzed based on the TCGA database and the GTEx database. Here, we found that FTO was high-expressed in a majority of tumors and was considered as a risk factor for STAD patients in prognostic analysis. This indicated that FTO could be expected to be an independent prognostic and potential therapeutic target for STAD. The above study showed the significance of FTO in STAD, which provided new evidence for the pathogenesis and potential targets of tumors and new ideas for tumor gene-targeting therapy. However, this study still had some limitations, as this study did not carry out experimental validation, and the conclusions obtained through bioinformatics analysis should be further confirmed in vivo and in vitro. Therefore, in later studies, we plan to conduct clinical trials and basic experiments to verify the the findings of this study.

In conclusion, our results systematically demonstrated the expression, potential function, and prognostic value of the m6A RNA methylation regulator FTO in STAD, contributing to tumor gene-targeting therapy and clinical prognosis study.
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Ferroptosis is a cell death process discovered in recent years, highly related to cancer, acute kidney injury, and other diseases. In this study, a pan-renal cancer analysis of ferroptosis-associated genes in renal cancer was performed to construct a multigene joint signature for predicting prognosis in renal cancer patients. First, gene expression profiles were downloaded from the TCGA and GTEx databases to search for genes significantly associated with renal cancer prognosis through differential gene expression analysis, weighted gene co-expression network analysis (WGCNA), and survival analysis. Thereafter, the gene-set enrichment analysis (GSEA) was used to identify the biological processes in which ferroptosis-associated genes might be involved. Weighted gene co-expression network analysis resulted in 4,434 differentially expressed genes (DEGs) and 42 co-expression modules, among which ferroptosis-related genes were distributed in 11 gene modules. The survival analysis screening resulted in three DEGs associated with renal cancer prognosis, namely SLC7A11, HMOX1, and MT1G. Specifically, SLC7A11 and HMOX1 were upregulated in renal cancer tissues, while MT1G was downregulated. Receiver operating characteristic (ROC) curves, combined with Kaplan–Meier and Cox regression analysis, revealed that high expression of SLC7A11 was a prognostic risk factor for four different renal cancers, that low expression of HMOX1 was a poor prognostic marker for patients, and that increased expression of MT1G increased the prognostic risk for three additional classes of renal cancer patients, except for renal papillary cell carcinoma. The GSEA results showed that the ferroptosis-related genes from these screens were mainly associated with signaling pathways related to tumor progression and tumor immunity. This study provides potential biological markers for prognosis prediction in renal cancer patients with different subtypes, and these results imply that ferroptosis is highly associated with renal carcinogenesis progression.
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Introduction

Renal cancer is a large heterogeneous group of cancers derived from renal tubular cells, and, as the seventh most common malignancy worldwide, the incidence is still increasing (1). Kidney cancer comprises dozens of distinct molecular and histopathological subtypes, among which renal clear cell carcinoma (KIRC) accounts for approximately 75% of all kidney cancers; renal papillary cell carcinoma (KIRP) and renal chromophobe carcinoma (KICH) account for 15% and 5%, respectively (2). There are large differences between the clinical outcomes of different renal cancer patients’ subtypes, which reflect the complexity of cancer biology and the heterogeneity of the effects of oncology drugs (3, 4). However, the typical clinical symptoms of renal cancer are not specific, and the onset of renal cancer is insidious, leading to the diagnosis and treatment of renal cancer patients often not being timely; as a result, most patients are diagnosed combined with distant metastasis or advanced tumor stage, and eventually die of the disease (3). Further, even with radical surgery targeting the lesion, there will be a relapse in around 40% of patients (5). Therefore, seeking the possible pathogenesis of kidney cancer and dissecting its key functional molecules could provide new perspectives for prognostic models in patients with kidney cancer. Notably, because of the unique anatomical localization of the adrenal gland, adrenocortical carcinoma (ACC), as an aggressive growing malignant tumor, often metastasizes into the kidney. Clinical treatment often combines it with the adjacent affected kidney and resection (6, 7), so this study combined ACC with other renal cancer subtypes for analysis.

Ferroptosis is an iron-dependent novel programmed cell death mechanism. The distinction between ferroptosis and autophagy is that cells undergoing ferroptosis have increased mitochondrial membrane density and decreased mitochondrial cristae (8). Currently, it has been found that ferroptosis plays a crucial regulatory role in several diseases, such as cancer, acute kidney injury, and neurological disorders, and blocking or activating the cellular ferroptosis pathway could provide therapeutic strategies with great potential for these diseases (9, 10). Studies have pointed out that KIRC and ACC cells rely heavily on glutathione (GSH) and glutathione peroxidase (GPx) to decrease the lipid peroxidation level of tumor cells, which illustrates that tumor growth can be inhibited by inducing cell ferroptosis (11, 12). Gene signatures associated with ferroptosis have been highly correlated with the clinical and pathological features of gliomas. They can serve as reliable indicators for the prognostic evaluation of glioma patients (13). Ferroptosis-related genes such as GPX4 (14), NFE2L2 (15), and NOX1 (16) have been found to play a crucial role in tumorigenesis and progression, and these molecules are potentially essential players for cancer treatment and prognosis evaluation.

Given that the current expression pattern of pro-ferroptosis genes and their links in renal cancer is not clear, to revealed ferroptosis-related genes in renal cancer and assess their possible predictive value, we analyzed the distribution of ferroptosis-related genes in each gene module by screening differentially expressed genes (DEGs) from TCGA renal cancer expression profiles, and then constructed co-expressed gene modules. The DEGs of ferroptosis associated with prognosis were screened by univariate Cox regression analysis and the Kaplan–Meier test. Finally, a pan-renal cancer analysis was combined to evaluate the prognostic significance of each gene signature in different renal cancer subtypes.



Method


Data Collection

Gene expression data and related clinical information were obtained from The Cancer Genome Atlas (TCGA) database and the Genotype-Tissue Expression (GTEx) database. ACC, KICH, KIRC, and KIRP expression data from TCGA were merged and subsequently processed to remove batch effects, and the data were matched to the corresponding clinical samples. Cases with duplications, deletions, and missing clinical outcomes were excluded.



Differential Gene Expression Analysis

The gene count values of the samples were differentially analyzed using the R software DEseq2, and the DEGs were obtained by filtering with |log2 (FC) | > 2, P < 0.05. The expression pattern clustering heat map and volcano plots were drawn using the R software, ggplot.



Weighted Gene Co-Expression Network Analysis

Gene modules co-expressed with genes associated with sample characteristics in renal cancer samples were identified using the R software, WGCNA. The expression matrix of the samples was first log-transformed, sample clustering was used to identify outlier outliers in the samples, a soft threshold was calculated, and a matrix was built. Hierarchical clustering and dynamic clipping were used to detect modules with a minimum module gene count of 30 and a cut height of 0.3. Finally, correlation higher than 0.75 were merged and the others cropped.



Survival Analysis

Survival analysis was performed using the R software called survival. Hazard ratios (HR) and 95% confidence intervals (CI) were first calculated by verifying the association between expression levels of 60 ferroptosis-related genes and overall survival (OS) of renal cancer patients using the univariate Cox regression analysis. The Kaplan–Meier test was then performed to analyze the difference between the survival of patients with high and low expression of genes.



The Gene-Set Enrichment Analysis

Samples were divided into two groups with high and low expression according to the median gene expression, and the GSEA was used to seek the effect of gene expression on tumors. Filtering criteria were FDR < 0.25, P < 0.05.




Result


Screening of DEGs in Renal Cancer

After preprocessing the data in TCGA, 964 samples were obtained, including 907 tumor samples and 57 normal samples. The heat map was plotted with the expression quantity of genes in individual samples (Figure 1A). The resulting 3,384 upregulated DEGs and 1,050 downregulated DEGs were visualized using a volcano plot (Figure 1B).




Figure 1 | Screening of DEGs in Renal Cancer. (A) Expression pattern clustering heat map; (B) Volcano plot of DEGs. Note: DEGs: Differentially expressed genes; Teal for downregulated DEGs and purple-red for upregulated DEGs.





Identification of Gene Co-Expression Modules

Samples were first clustered according to their Euclidean distance (Figure 2A), and the soft threshold was set to 4 (scale-free R2 = 0.83) to guarantee the construction of scale-free networks. A total of 42 modules were confirmed (Figure 2B), and the modules were correlated with clinical features (Figure 2C). As shown in Table 1, 60 ferroptosis-related genes were confirmed to be distributed in which gene module, respectively. The module membership in these modules was searched for highly correlated clinical features. The association with gene significance was confirmed to guarantee that genes highly significantly associated with this clinical feature were also significant elements in this module (Figure 3).




Figure 2 | Identification of gene co-expression modules. (A) Expression Heat map of sample clustering and clinical features; (B) Area versus difference metric (1-TOM) dendrograms of gene expression quantities were clustered, and (C) Heat map of the correlation between module eigengenes and clinical features. Note: Color depth is positively correlated with clinical stage, TNM stage, age, and gray represents censored values. Red represents male, deceased samples, while white represents female, alive samples.




Table 1 | 60-ferroptosis associated genes in gene modules.






Figure 3 | Correlation between module membership of the module in which the ferroptosis-associated genes are located and gene significance. (A) Blue module versus N stage; (B) Brown module versus M stage; (C) Green module versus T stage; (D) Green yellow module versus cancer; (E) Midbright blue versus cancer; (F) Purple module versus normal; (G) Tan module versus normal; (H) Magenta module versus status; (I) Turquoise module versus normal.





Prognostic Analysis of Ferroptosis-Related Genes in Renal Cancer Patients

By univariate Cox analysis, 15 ferroptosis-related genes (AKRIC1, FANCD2, GCLM, GLS2, GPX4, HSPB1, MT1G, SLC7A11, TFRC, STEAP3, SQLE, FADS2, NQO1, NOX1, and HMOX1) were found to be associated with renal cancer patient outcomes, as detailed in Figure 4. The results of the Kaplan–Meier test showed that the levels of TFRC and SQLE expression were not related to the survival of patients with renal cancer (Figure 5). The remaining 13 genes intersected with the DEGs to obtain three genes: SLC7A11, HMOX1, and MT1G (Figure 6).




Figure 4 | Search for genes associated with iron death in the prognosis of renal cancer patients by univariate COX analysis.






Figure 5 | Survival curves of ferroptosis-associated genes in patients with renal cancer. (A) AKR1C1; (B) FANCD2; (C) GCLM; (D) GLS2; (E) GPX4; (F) HSPB1; (G) MT1G; (H) SLC7A11; (I) TFRC; (J) STEAP3; (K) SQLE; (L) FADS2; (M) NQO1; (N) NOX1; (O) HMOX1.






Figure 6 | Genes overlapping between iron death genes and DEGs associated with prognosis in renal cancer patients.





SLC7A11, HMOX1, and MT1G Expression in Renal Cancer

To provide a more comprehensive picture of SLC7A11, HMOX1, and MT1G expression, we used the Kruskal–Wallis test for the expression of these three genes in the GTEx database. SLC7A11 was found to be expressed at a low level in the kidney (Figure 7A), HMOX1 at a significantly lower level in the bone marrow (Figure 7D) and a medium level in the kidney, and MT1G at the highest levels in the kidney, liver, and thyroid (Figure 7G). The pan-cancer expression profiles of SLC7A11, HMOX1, and MT1G were subsequently analyzed by integrating tumor samples in TCGA with normal samples in GTEx using the rank-sum test. SLC7A11 was found to be expressed at high levels in tumor samples from KICH, KIRC, and KIRP, with upregulation of HMOX1 occurring in KIRC and KIRP. At the same time, MT1G was significantly downregulated in the four tumors (Figures 7B, E, H). SLC7A11, HMOX1, and MT1G expression in ACC, KICH, KIRC, and KIRP was mapped by the online tool called cBioPortal (Figures 7C, F, I).




Figure 7 | SLC7A11, HMOX1, and MT1G expression in pan cancer, as well as renal cancer subtypes. SLC7A11 expression in (A) different tissues; (B) different tumor tissues and normal tissues; (C) different renal cancer subtypes; HMOX1 expression in (D) different tissues; (E) different tumor tissues and normal tissues; (F) different renal cancer subtypes; MT1G expression in (G) different tissues; (H) different tumor tissues and normal tissues; (I) different renal cancer subtypes. * indicates P < 0.05; ** indicates P < 0.01; *** indicates P < 0.001. ACC: adrenocortical carcinoma; KICH: kidney chromophobe carcinoma; KIRC: kidney clear cell carcinoma; KIRP: kidney papillary cell carcinoma.





Prognostic Analysis of SLC7A11, HMOX1, MT1G in Patients With Different Renal Cancer

Due to the high heterogeneity among the different renal cancer subtypes, as shown in Figure 8, the prognostic value of these three genes in the four renal cancer subtypes was evaluated by univariate Cox regression analysis and corrected using the Kaplan–Meier method and ROC curves. We found that SLC7A11 increased its risk of poor prognosis in four renal cancers (Figures 8A–E). High HMOX1 expression, although increasing the prognostic risk of KICH, Kaplan-Meier, and ROC results, indicated that it could not predict prognosis. In contrast, KIRC patients with low HMOX1 expression had a significantly increased proportion of poor prognosis outcomes, as detailed in Figures 8F–J. Interestingly, we found that high MT1G expression was a poor prognostic factor in ACC, KICH, KIRC and was not associated with prognostic survival in KIRP patients.




Figure 8 | Prognostic analysis of SLC7A11, HMOX1, MT1G in patients with different renal cancer subtypes. (A) The association between SLC7A11 and prognosis in four renal cancer subtypes was assessed using univariate COX regression analysis; (B–E) the prognostic value of SLC7A11 in ACC, KICH, KIRC and KIRP; (F) The association between HMOX1 and prognosis in four renal cancer subtypes was assessed using univariate COX regression analysis; (G–J) the prognostic value of HMOX1 in ACC, KICH, KIRC and KIRP; (K) The association between MT1G and prognosis in four renal cancer subtypes was assessed using univariate COX regression analysis; (L–O) the prognostic value of SLC7A11 in ACC, KICH, KIRC and KIRP. ACC, adrenocortical carcinoma; KICH, kidney chromophobe carcinoma; KIRC, kidney clear cell carcinoma; KIRP, kidney papillary cell carcinoma.





Functional Annotation of SLC7A11, HMOX1, and MT1G

The three hallmark pathways most significantly associated with high expression of SLC7A11, HMOX1, and MT1G are presented in Figure 9. Among them, SLC7A11 overexpression was positive in terms of reactive oxygen species pathway, mTORC1 signaling, and unfolded protein response; HMOX1 overexpression was associated with complement, inflammatory response, and IL-6-JAK-STAT3 signaling pathway; while MT1G overexpression was also significantly enriched in E2F1 targets, epithelial-mesenchymal transition, and G2M checkpoint.




Figure 9 | Gene set enrichment analysis of the three genes. The GSEA of (A–C) SLC7A11; (D–F) HMOX1; (G–I) MT1G. GSEA, Gene set enrichment analysis.






Discussion

Ferroptosis is a cell death modality mainly driven by lipid peroxidation (17). When cellular ROS accumulate over the amount of redox required for GSH and phospholipid hydroperoxides, redox homeostasis is disrupted, triggering ferroptosis cell death. Alternatively, GPX4 can protect cells from ferroptosis by scavenging lipid peroxides in the cell, utilizing GSH. Therefore, deletion or inhibition of glutathione peroxidase 4 (GPX4) triggers ferroptosis even when GSH and cysteine contents in the cell are normal (17, 18). It is currently found that most cancers have higher levels of ferroptosis in their tumor tissues compared with adjacent normal tissues, are associated with drug sensitivity, cancer metastasis, clinical features, and clinical outcomes; it is also found that ferroptosis-related genes are differentially expressed in cancers and that different genes exhibit different modes of regulation in various cancers, with a high degree of tumor specificity (19). Inducing or preventing tumor cell ferroptosis by targeting ferroptosis-related genes is currently a promising therapeutic approach in cancer treatment.

Recent studies have demonstrated that iron-mediated ferroptosis is a crucial factor in the pathogenesis of acute kidney injury and acute renal failure, and iron homeostasis can serve as a therapeutic target for acute kidney injury, effectively preventing or attenuating tissue damage in the kidney by upregulating GPX4 (20–22). Targeting ferroptosis-related genes such as GPX4, AIFM2, and HDAC can modulate oxidative stress and thus confer susceptibility to ferroptosis in tumor cells (23, 24). Recently, Wu and Li et al. performed the construction of a prognostic prediction model for ferroptosis-related genes for KIRC (25, 26). Upregulation of ferroptosis-related gene expression is positively correlated with KIRC disease progression, and survival models based on ferroptosis-related genes may provide a promising predictor of prognosis for KIRC patients. Based on the tissue specificity of iron homeostasis for the kidney and the study of pro-ferroptosis proteins in cancer prognosis, it is reasonable to speculate that there is great value yet to be tapped in the prognostic evaluation of the pan-renal cancer.

We identified three gene signatures associated with renal cancer prognosis in this study. Still, we seem to observe some interesting phenomena. After splitting the different renal cancer subtypes, the prognostic value of these gene signatures was altered compared to that of the overall renal cancer samples before. According to the WGCNA results, the blue module—where SLC7A11 is located—is significantly and positively associated with patient survival status; the green and yellow modules—where SLC7A11 is located—are associated with cancer; and the tan module, where MT1G is located, is weaklier related to normal. Survival analysis was performed on the whole renal cancer samples in TCGA, and high expression of SLC7A11, HMOX1 and MT1G all presented some prognostic risk. Patients with increased expression of these genes showed significantly decreased survival. After the different types of kidney cancer were disassembled for analysis, high levels of SLC7A11 remained significantly associated with poor prognosis in patients with ACC, KICH, KIRC, and KIRP, suggesting that SLC7A11 could be used as a potential biological marker for the prognostic evaluation of patients with various types of kidney cancer.

SLC7A11 is a multipass transmembrane protein that mediates cystine–glutamate antiporter activity in system X (27). In many cancer cells, SLC7A11 is adaptively upregulated to alleviate the stress imposed by intracellular ROS and promote GSH synthesis and resistance to ferroptosis, promote tumor growth by inhibiting ferroptosis, and resist resistance to anticancer therapy (27–29). Currently, there are small molecule inhibitors targeting SLC7A11, such as sorafenib, sulfasalazine, etc., which can play a therapeutic role in many cancers by inhibiting SLC7A11 activity (28, 30). SLC16A1 overexpression was also found in Wu’s study to be an independent risk factor associated with KIRC prognosis (25). Our study extends on this basis that SLC7A11 has favorable prognostic ability in other types of renal cancer as well.

Nevertheless, we found that the high level of expression of HMOX1 was no longer a poor prognostic factor in various subtypes of renal cancer, and its assessment for the poor prognosis of KICH did not seem to be more accurate. Conversely, low HMOX1 expression paradoxically caused decreased survival in KIRC patients. We, therefore, speculate that high HMOX1 expression does not serve as a poor prognostic factor for overall renal cancer patients due to the high heterogeneity among different subtypes of renal cancer. HMOX1 is a cytoprotective enzyme in response to cellular stress. It exhibits anti-apoptotic, anti-inflammatory, and anti-ferroptosis properties, and HOMX1 attenuates renal proximal tubule cell ferroptosis triggered by adrenocortical hormones (31). However, when iron ions and ROS content in cells become overloaded, HMOX1 is excessively activated, and HOMX1 is converted from a protector to a detriment to induce cell ferroptosis (32). Lin (33) and others also showed in their study that EF24, a synthetic analogue of curcumin, was found to upregulate HMOX1 by increasing MDA, ROS, and ferric ion levels in cells, which in turn inhibited GPX4 activity and induced ferroptosis in osteosarcoma cells, which also flanked the results of our study and suggested that low HMOX1 expression may be a monitoring marker of poor prognosis in KIRC patients.

In addition to this, patients with high MT1G expression also exhibited poor prognostic outcomes in ACC, KICH, and KIRP, which may be related to the unique pathogenesis of KIRP, which is independent of disease progression and clinical outcomes in addition to KIRC, despite its exact origin (34). MT1G belongs to the metallothionein superfamily and can be highly inducible in response to stress factors, including metal ions (35), and MT1G has been reported to inhibit lipid peroxidation mediated ferroptosis, protect cells from sorafenib injury and promote tumor growth in hepatocellular carcinoma. Therefore, MT1G has also emerged as a critical target to overcome acquired resistance to sorafenib (36). Besides, Lin et al. also successfully constructed a prognostic model including MT1G and confirmed that high MT1G expression was associated with low OS in KIRC patients (37). The GSEA also revealed that high MT1G expression was related to pro-oncogenic signaling pathways such as E2F1 targets, epithelial-mesenchymal transition, and G2M checkpoint, further suggesting that MT1G may act as a relevant gene to suppress ferroptosis and adversely affect the prognosis of renal cancer patients.

In summary, we systematically addressed the prognostic ability of SLC7A11, HMOX1, and MT1G in overall renal cancer and different renal cancer subtypes in this study. However, considering the limitations of the experimental conditions, we did not have more opportunities to deeply explore the specific mechanisms of these genes in renal cancer-associated ferroptosis; as a result, how SLC7A11, HMOX1, and MT1G induce ferroptosis in different subtypes of renal cancer cells remains unknown; nevertheless, it will be the main direction of our subsequent studies. In summary, the present study provides a biological marker associated with ferroptosis for the prognosis of renal cancer patients that may help clinical decision-making for individualized treatment of renal cancer.
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Variables

Age
Gender
Stage

T

M

N
riskScore

HR

2.367721
1.094256
1.761849
1.616913
1.84477
1.114703
3.472938

HR.95L

1.157118
0.595933
0.613679
0.790257
0.452177
0.611102
1.497053

HR.95H

4.844884
2.009281
5.058204
3.308302
7.526206
2.033314
8.056694

P value

0.018303
0.771426
0.292554
0.188337
0.393327
0.723281
0.003734

Variables

Age
Gender
Stage
T
M
N
riskScore

HR (95% ClI)

2.368 (1.157-4.845)
1.094 (0.596-2.009)
1.762 (0.614-5.058)
1.617 (0.790-3.308)
1.845 (0.452-7.526)
1.115 (0.611-2.083)
3.473 (1.497-8.057)

P-value

0.018
0.771
0.293
0.188
0.393
0.723
0.004
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Gene symbol

CD1B
SLC10A2
CXCL3
NOX4
FABP4
ADIPOQ
F2RL1
PLCG2
IGKV1-33
IGLV6-57
INHBA
NGF
RETNLB
UCN

VIP
NGFR
OXTR
TRDC
riskScore

The numbers in the table represent the t value of t test between each gene and clinical features; the numbers in parentheses represent P value.

Age

—0.983 (0.326)
0.57 (0.569)
—0.593 (0.554)
1.983 (0.048)
1.665 (0.098)
1.49 (0.138)
—1.259 (0.209)
—0.344 (0.731)
—0.892 (0.373)
—0.47 (0.639)
1.674 (0.095)
1.982 (0.049)
0.556 (0.579)
~2.129 (0.034)
0.486 (0.627)
1.548 (0.124)
0.297 (0.767)
0.144 (0.885)
—1.146 (0.253)

Gender

1.524 (A200.129)
1.211 (0.228)
—0.845 (0.399)
—0.889 (0.375)
0.985 (0.326)
0.232 (0.817)
0.132 (0.895)
0.971 (0.333)
~1.171 (0.243)
—0.851 (0.396)
—0.644 (0.520)
0.97 (0.333)
0.35 (0.727)
1.217 (0.225)
—0.139 (0.889)
1.651 (0.100)
—1.763 (0.080)
—0.141 (0.888)
—0.901 (0.369)

Stage

2.047 (0.042)

0.673 (0.501)

3.828 (1.582¢ — 04)
—0.739 (0.460)

—0.97 (0.333)
—0.467 (0.641)

2.675 (0.008)
—1.347 (0.179)

1.102 (0.272)
—0.451 (0.653)
—0.861 (0.390)
—2.586 (0.010)

1.355 (0.176)
—1.575 (0.117)
—1.763 (0.080)
—1.511 (0.133)
—1.243 (0.215)

2.772 (0.006)
—1.268 (0.207)

T

1.837 (0.069)
—0.577 (0.565)
0.582 (0.562)
—0.221 (0.826)
—2.659 (0.008)
—2.356 (0.019)
0.839 (0.404)
—0.604 (0.547)
—0.602 (0.548)
0.023 (0.982)
—0.854 (0.396)
—2.025 (0.045)
1.381 (0.172)
—0.26 (0.795)
—2.259 (0.025)
—1.652 (0.101)
—1.985 (0.048)
1.011 (0.316)
—1.394 (0.165)

M

17.361 (5.956e — 04)
2.255 (0.521)
8.458 (0.037)
1.356 (0.716)
3.322 (0.345)
1.274 (0.735)
1.936 (0.586)
2.094 (0.553)
5.168 (0.160)
3.862 (0.277)
1.453 (0.693)
3.632 (0.304)
1.72 (0.633)
0.735 (0.865)
0.968 (0.809)
4.464 (0.216)
1.805 (0.614)
14.881 (0.002)

17.773 (4.899% — 04)

N

1.883 (0.061)
0.63 (0.529)
3.696 (2.634¢ — 04)
—1.146 (0.253)
—1.062 (0.290)
—0.578 (0.564)
2.752 (0.006)
—1.693 (0.092)
1.094 (0.275)
—0.532 (0.596)
—1.192 (0.234)
—2.864 (0.005)
1.273 (0.204)
—1.428 (0.155)
—2.041 (0.043)
—1.626 (0.106)
—1.272 (0.205)
2.671 (0.008)
—1.274 (0.205)





OPS/images/fmolb-08-587436/crossmark.jpg
©

2

i

|





OPS/images/fmolb-08-587436/fmolb-08-587436-g001.gif





OPS/images/fgene-12-619611/fgene-12-619611-t002b.jpg
LMO2
LMO2
MAF
MAF
MAF
MAF
MAF
MAF
MAF
MAF
MAF
MAF
MAF
MAF
MAF
MAF
MAF
MAF
MAF
MAF
MYH11
MYH11
MYH11
MYH11
MYH11
MYH11
MYH11
MYH11
MYH11
MYH11
NCAPG
NR3C1
NR3C1
NR3C1
NR3C1
NR3C1
NR3C1
NR3C1
NR3C1
NR3C1
NR3C1
NR3C1
NR3C1
NR3C1
NR3C1
NR3C1
NR3C1
NR3C1
PBX1
RUNX1
RUNX1
RUNX1
RUNX1

NPR1
S1PR1
CXcL12
PTGDS
COLEC12
A2M
NOX4
TLR7
PLCG2
IGHG1
SEMA3G
SLIT2
CMKLR1
INHBA
NGF
STCH
TNFSF12
NGFR
NPR1
S1PR1
CXCL12
PTGDS
A2M
SEMA3G
SLIT2
TNFSF12
VIP
NGFR
NPR1
S1PR1
BIRC5
CXCL12
PTGDS
COLEC12
A2M
NOX4
TLR7
FGF2
PLCG2
SEMA3G
SLIT2
CMKLR1
INHBA
TNFSF12
VIP
ILTRAP
NPR1
S1PR1
A2M
CXcL12
COLEC12
A2M
SEMA3G

0.546869058
0.635395146
0.660448884
0.5624781296
0.700804251
0.72079867
0.609211362
0.658440876
0.507215446
0.437003034
0.681610292
0.621276631
0.683628325
0.69794424
0.430176879
0.438639668
0.632265446
0.417731411
0.590835707
0.714778352
0.40925357
0.422386792
0.613726369
0.427612739
0.555833348
0.461576107
0.470463748
0.456187973
0.520453508
0.590045306
0.554839718
0.589098923
0.449503703
0.62546825
0.675323103
0.502386799
0.549000706
0.456714287
0.465257317
0.512080143
0.684275041
0.5647817016
0.559600609
0.482380673
0.420746246
0.409789576
0.46851997
0.646179039
0.405034889
0.438209268
0.407539671
0.433301718
0.416583417

1.92E-27
3.63E-39
3.22E-43
4.95E-25
1.23E-50
8.62E-55
2.60E-35
7.02E-43
3.09E-23
5.21E-17
1.28E-31
4.82E-37
2.48E-47
9.22E-34
1.78E-16
3.87E-17
1.10E-38
1.55E-15
8.17E-33
1.68E-53
6.42E-15
6.95E-16
5.96E-36
2.79E-16
1.79E-28
5.00E-19
8.48E-20
1.43E-18
1.40E-24
1.04E-32
2.33E-28
1.38E-32
5.14E-18
1.16E-37
8.15E-46
9.25E-23
1.10E-27
1.29E-18
2.41E-19
1.01E-23
5.83E-32
1.60E-27
6.44E-29
7.22E-21
9.23E-16
5.88E-15
1.26E-19
7.28E-41
1.28E-14
4.19E-17
8.52E-15
1.02E-16
1.88E-15

Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive
Positive





OPS/images/fgene-12-619611/fgene-12-619611-t002c.jpg
RUNX1
RUNX1
SNAPC4
SOX4
SPDEF
SPDEF
SPIB
TFAP2C
TFAP2C

INHBA 0.435841724
S1PR1 0.40202312
JAG2 0.402211118
S100P —0.4156710928
S100P 0.425063976
RETNLB 0.495866186
SCG2 0.419892177
IGHV3-64 0.507706392
PTH1R 0.459218282

6.44E-17
2.10E-14
2.03E-14
2.18E-15
4.37E-16
3.95E-22
1.07E-15
2.76E-23
7.94E-19

Positive
Positive
Positive
Negative
Positive
Positive
Positive
Positive
Positive





OPS/images/fgene-12-619611/fgene-12-619611-t003.jpg
Gene symbol

CD1B
SLC10A2
CXCL3
NOX4
FABP4
ADIPOQ
F2RL1
PLCG2
IGKV1-33
IGLV6-57
INHBA
NGF
RETNLB
UCN

VIP
NGFR
OXTR
TRDC

Coef

—4.72557
0.844378
—0.01882
—1.25348
0.056939
—0.24929
—0.02671
0.499377
0.051157
0.002935
0.139399
0.943896
0.004124
0.468088
0.066515
—0.43637
—0.30443
0.267054

HR

0.008866
2.326529
0.981352
0.28551
1.058591
0.779353
0.97364
1.647695
1.062488
1.002939
1.149582
2.569974
1.004132
1.596938
1.068777
0.646376
0.737541
1.306111

HR.95L

0.000607
1.393175
0.962769
0.077017
1.017112
0.615716
0.947442
1.049015
1.013034
1.001397
1.032699
0.919885
1.001374
1.251116
1.004482
0.412695
0.524661
1.14942

HR.95H

0.12956
3.885182
1.000294
1.058413
1.101762
0.986479
1.000561
2.588045
1.093479
1.004484
1.279695
7.179992
1.006897
2.038348
1.137187
1.012376
1.036796
1.484163

P value

0.000554
0.00125
0.053627
0.060787
0.00524
0.038156
0.054904
0.030183
0.008684
0.000186
0.010831
0.071757
0.003296
0.00017
0.035621
0.05662
0.079773
4.21E-05

Gene symbol

CD1B
SLC10A2
CXCL3
NOX4
FABP4
ADIPOQ
F2RL1
PLCG2
IGKV1-33
IGLV6-57
INHBA
NGF
RETNLB
UCN
VIP
NGFR
OXTR
TRDC

Coef

—4.726
0.844
—0.019
—1.253
0.057
—0.249
—0.027
0.499
0.051
0.003
0.139
0.944
0.004
0.468
0.067
—0.436
—0.304
0.267

HR (95% CI)

0.009 (0.001-0.130)
2.327 (1.393-3.885)
0.981 (0.963-1.000)
0.286 (0.077-1.058)
1.059 (1.017-1.102)
0.779 (0.616-0.986)
0.974 (0.947-1.001)
1.648 (1.049-2.589)
1.052 (1.013-1.093)
1.003 (1.001-1.004)
1.150 (1.033-1.280)
2.570 (0.920-7.180)
1.004 (1.001-1.007)
1.597 (1.251-2.039)
1.069 (1.004-1.137)
0.646 (0.413-1.012)
0.738 (0.525-1.037)
1.306 (1.149-1.484)

P-value

0.001
0.001
0.054
0.061
0.005
0.038
0.055
0.030
0.009
<0.001
0.011
0.072
0.003
<0.001
0.036
0.057
0.080
<0.001
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Variable

Age
Gender
Stage

T

M

N
riskScore

HR

1.736
1.178
2.908
4.279
6.608
2.344
5.168

HR.95L

0.896
0.65
2.039
2.334
3.613
1.662
2.305

HR.95H

3.365
2.137
4.148
7.844
12.087
3.305
11.586

P value

0.102

0.589
<0.001
<0.001
<0.001
<0.001
<0.001

Variable

Age
Gender
Stage
T
M
N
riskScore

HR

1.736 (0.896-3.365)
1.178 (0.650-2.137)
2.908 (2.039-4.148)
4.279 (2.334~7.844)
6.608 (3.613-12.087)
2.344 (1.662-3.305)
5.168 (2.305-11.586)

P-value

0.102

0.589
<0.001
<0.001
<0.001
<0.001
<0.001
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TF Immune Gene Cor P value Regulation

BHLHE40 CLCF1 0.416839314 1.80E-15 Positive
BHLHE40 INHBA 0.401507385 2.28E-14 Positive
CBX7 CXcL12 0.486561766 2.97E-21 Positive
CBX7 PTGDS 0.503200159 7.70E-23 Positive
CBX7 COLEC12 0.424078295 5.19E-16 Positive
CBX7 A2M 0.616242787 2.60E-36 Positive
CBX7 CCL19 0.436562294 5.65E-17 Positive
CBX7 SEMA3G 0.5642759756 5.66E-27 Positive
CBX7 SLIT2 0.555854437 1.78E-28 Positive
CBX7 TNFSF12 0.5663264084 2.36E-29 Positive
CBX7 NGFR 0.488603311 1.92E-21 Positive
CBX7 NPR1 0.531260451 1.01E-25 Positive
CBX7 S1PR1 0.5692504631 4.92E-33 Positive
CDK2 BIRCS 0.4314056235 1.43E-16 Positive
CENPA BIRC5 0.642177664 3.16E-40 Positive
E2F3 S100P —0.44339107 1.61E-17 Negative
EPAST CXCL12 0.453700715 2.31E-18 Positive
EPAS1 PTGDS 0.448012905 6.81E-18 Positive
EPAS1 A2M 0.55619075 1.62E-28 Positive
EPAS1 CCL19 0.413149974 3.35E-15 Positive
EPAS1 PLCG2 0.446388336 9.24E-18 Positive
EPAS1 SEMA3G 0.484129321 4.99E-21 Positive
EPAS1 NPR1 0.424577277 4.75E-16 Positive
EPAS1 S1PR1 0.562256083 3.12E-29 Positive
EZH2 BIRC5 0.404514518 1.40E-14 Positive
FOSL1 CLCF1 0.56399656172 1.14E-26 Positive
FOXP3 CD1B 0.512515443 9.11E-24 Positive
FOXP3 PTGDS 0.427576845 2.81E-16 Positive
FOXP3 A2M 0.5645665937 2.62E-27 Positive
FOXP3 TLR7 0.505943161 4.13E-23 Positive
FOXP3 PLCG2 0.444809183 1.24E-17 Positive
FOXP3 IGHG1 0.445339174 1.12E-17 Positive
FOXP3 CMKLR1 0.65044552 1.48E-41 Positive
FOXP3 TNFSF12 0.462021403 4.58E-19 Positive
FOXP3 S1PR1 0.491569563 1.01E-21 Positive
H2AFX BIRC5S 0.459290301 7.83E-19 Positive
KAT2B NR3C2 0.453792752 2.27E-18 Positive
KLF4 CCL28 0.428000208 2.61E-16 Positive
KLF4 GUCA2A 0.437937735 4.40E-17 Positive
KLF4 NR3C2 0.565658867 1.22E-29 Positive
LMO2 CXCL12 0.5674574237 9.84E-31 Positive
LMO2 PTGDS 0.5639133308 1.40E-26 Positive
LMO2 COLEC12 0.410459525 5.26E-15 Positive
LMO2 A2M 0.589918106 1.08E-32 Positive
LMO2 CCL19 0.452942043 2.67E-18 Positive
LMO2 CD79B 0.43546919 6.88E-17 Positive
LMO2 PLCG2 0.496304811 3.59E-22 Positive
LMO2 SEMA3G 0.575029816 8.63E-31 Positive
LMO2 SLIT2 0.461147564 5.44E-19 Positive
LMO2 CMKLR1 0.465054783 2.51E-19 Positive
LMO2 NGF 0.408695876 7.04E-15 Positive
LMO2 TNFSF12 0.497580181 2.70E-22 Positive

LMO2 NGFR 0.456316187 1.40E-18 Positive
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Characteristic C1 (n=421) C2 (n = 242)
Status Alive 338 78
Dead 83 164
Age Mean (SD) 42 (13.5) 55.1 (14.4)
Median[MIN,MAX] 39 [14,87) 57 [21,89]
Gender Female 182 100
Male 239 142
Race American Indian i 0
Asian 6 7
Black 16 156
White 389 218
Grade* Discrepancy 1 0
G2 236 12
G3 179 82
New tumour event type Progression 2 62
Recurrence . 16
Radiation therapy* Non-radiation 109 11
Radiation 104 39
History of neoadjuvant therapy Yes 3
No 418 242
Therapy type* Ancillary : Chemotherapy:Targeted Molecular Therapy 1
Chemotherapy 175 107
Chemotherapy: 5 2
Chemotherapy : Targeted Molecular Therapy il -
Chemotherapy : Hormone Therapy 1 15
Chemotherapy : Hormone Therapy : Immunotherapy: 1 =
Chemotherapy : Hormone Therapy : Other (specify in notes) 3 -
Chemotherapy : Immunotherapy 8 5
Chemotherapy : Other (specify in notes) 3 1
Chemotherapy : Targeted Molecular Therapy 17 36
Immunotherapy 2 -
Chemotherapy : Hormone Therapy : Other (specify in notes):Targeted Molecular Therapy - 1
Chemotherapy : Hormone Therapy : Targeted Molecular therapy - 1
Chemotherapy : Immunotherapy:Targeted Molecular Therapy - 2
Hormone Therapy - 6
Hormone Therapy : Targeted Molecular Therapy - 1

*n <0.05.
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Term

KEGG_PYRIMIDINE_METABOLISM
KEGG_CELL_CYCLE
KEGG_ALZHEIMERS_DISEASE
KEGG_PROTEASOME
KEGG_HUNTINGTONS_DISEASE
KEGG_DNA_REPLICATION
KEGG_P53_SIGNALING_PATHWAY
KEGG_AMYOTROPHIC_LATERAL_SCLEROSIS_ALS
KEGG_OXIDATIVE_PHOSPHORYLATION
KEGG_PARKINSONS_DISEASE

ES

-0.5968
-0.6547
-0.5882
-0.8075
-0.5879
-0.8255
-0.5436
-0.5453
-0.6771
-0.6664

NES

-2.1275
-2.1189
-2.1085
-2.0930
-2.0793
-2.0395
-2.0312
-2.0110
-1.9971
-1.9954

NP

co33ococooo

0.0059
0.0059

FDR

0.0165
0.0091
0.0060
0.0050
0.0048
0.0092
0.0092
0.0114
0.0124
0.0113

FWER

0.0120
0.0130
0.0130
0.0150
0.0160
0.0330
0.0360
0.0460
0.0540
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Parameter Univariate analysis Multivariate analysis

HR 95% Cl P HR 95% Cl P
RPP25 1.4775 1.1481-1.9016 0.0024 1.6673 1.1969-2.3225 0.0025
Age 1.0249 1.0103-1.0397 0.0007 1.0338 1.0109-1.0573 0.0036
Gender 0.9286 0.6372-1.3534 0.7000 1.1162 0.6398-1.9437 0.7005
Race 1.0066 0.6442-1.5728 0.9769 1.0422 0.5348-2.0309 0.9034
New Tumor 0.7708 0.4197-1.4156 0.4013 0.7638 0.4141-1.40904 0.3885
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Term ES NES NP FDR FWER
HALLMARK_MTORC1_SIGNALING 06774 2.2613 0 00014 0.0010
HALLMARK_GLYCOLYSIS -0.5906 -2.1675 0 00019 0.0030
HALLMARK_E2F_TARGETS -0.7409 -2.0366 0 0.0092 00170
HALLMARK_MYC_TARGETS_V2 -0.7800 -2.0322 0 00073 0.0180
HALLMARK_MYC_TARGETS_V1 -0.7264 2.0175 0 0.0070 0.0210
HALLMARK_OXIDATIVE_PHOSPHORYLATION 06711 -2.0012 0.0040 0.0088 0.0280
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Name Size ES NES NOM p-val FDR g-val

KEGG HEDGEHOG_SIGNALING_PATHWAY 53 -0.342 -1.249 0.116 1
OLFACTORY_TRANSDUCTION 1 -0.291 -1.211 0.082 1

RNA_POLYMERASE 28 -0.383 -1.204 0.183 1

Hallmark MYC_TARGETS_V1 194 -0.250 -1.1387 0.133 1
MYC_TARGETS_V2 57 -0.286 -1.053 0.350 1

9

HEDGEHOG_SIGNALING 36 -0.307 -1.030 0.414 0.
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KEGG ECM_RECEPTOR_INTERACTION 83 -0.482 -1.828 0 0.075
LEISHMANIA_INFECTION 69 -0.463 -1.740 0 0.127
GLYCOSAMINOGLYCAN_BIOSYNTHESIS_CHONDROITIN_SULFATE 22 -0.588 -1.72 0.008 0.100
Hallmark EPITHELIAL_MESENCHYMAL_TRANSITION 197 -0.558 -2.421 0 0
INFLAMMATORY_RESPONSE 198 -0.437 -1.898 0 0.001
TNFA_SIGNALING_VIA_NFKB 196 -0.4056 -1.745 0 0.005
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3 CD79A 112
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6 MzZB1 30
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8 IGHV3-11 24
8 IGHV3-15 24
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black 735 lightcyan 315
blue 3327 lightgreen 189
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darkgreen 114 pink 721
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darkmagenta 38 red 777
darkolivegreen 39 royalblue 174
darkorange 78 saddlebrown 55
darkred 157 salmon 386
darkturquoise 111 sienna3 35
green 868 skyblue 56
greenyellow 546 steelblue 52
grey 2129 tan 534
grey60 218 turquoise 3819
lightyellow 176 violet 40
magenta 631 white 70
midnightblue 337 yellow 873
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Cytokine-cytokine receptor interaction
Chemokine signaling pathway
Hematopoietic cell lineage

IL-17 signaling pathway

Protein digestion and absorption
Amoebiasis

Rheumatoid arthritis

Prion diseases

PIBK-Akt signaling pathway

Malaria

Complement and coagulation cascades
TNF signaling pathway

Pertussis

AGE-RAGE signaling pathway in diabetic complications
B cell receptor signaling pathway
Jak-STAT signaling pathway
ECM-receptor interaction

Primary immunodeficiency

Relaxin signaling pathway

NF-kappa B signaling pathway

Pvalue

5.63E-36
3.77E-14
5.29E-09
1.64E-07
2.82E-06
5.05E-06
6.33E-06
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immune system process

leukocyte migration

immune response

collagen-containing extracellular matrix
cell surface receptor signaling pathway
biological adhesion

cytokine activity

leukocyte chemotaxis

myeloid leukocyte migration
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cytokine receptor binding

cell adhesion

cell chemotaxis

cytokine-mediated signaling pathway
defense response

regulation of response to stimulus

Class

Cellular Component
Cellular Component
Cellular Component
Cellular Component
Biological Process
Biological Process
Biological Process
Cellular Component
Biological Process
Biological Process
Molecular Function
Biological Process
Biological Process
Biological Process
Molecular Function
Biological Process
Biological Process
Biological Process
Biological Process
Biological Process

Pvalue
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8.43E-40
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3.70E-33
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NOM p-val

0.164
0.199
0.260
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0.816

FDR g-val

1.000
1.000
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1.000
1.000
1.000
1.000
1.000
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FWER p-val

0.698
0.754
0.787
0.829
0.937
0.959
0.984
0.985
0.989
0.990





OPS/images/fonc.2021.718589/fonc-11-718589-g007.jpg
R EEE






OPS/images/fgene-12-651348/fgene-12-651348-g004.gif





OPS/images/fonc.2021.726018/table2.jpg
NAME ES NES NOM p-val FDR g-val FWER p-val
KEGG CARDIAC MUSCLE CONTRACTION -0.426 -1.769 0.023 0.578 0.415
KEGG STEROID BIOSYNTHESIS -0.665 -1.621 0.078 1.000 0.811
KEGG SYSTEMIC LUPUS ERYTHEMATOSUS -0.469 -1.489 0.092 1.000 0.846
KEGG OXIDATIVE PHOSPHORYLATION -0.412 -1.465 0.202 0.841 0.873
KEGG PARKINSONS DISEASE -0.403 -1.447 0.188 0.729 0.893
KEGG RIBOSOME -0.559 -1.409 0.170 0.713 0.922
KEGG PHENYLALANINE METABOLISM -0.425 -1.325 0.136 0.843 0.960
KEGG ARACHIDONIC ACID METABOLISM -0.367 -1.287 0.194 0.997 0978
KEGG STEROID HORMONE BIOSYNTHESIS -0.383 -1.208 0.246 0.972 0.983
KEGG COMPLEMENT AND COAGULATION CASCADES -0.399 -1.207 0.267 0.878 0.983
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Characteristics  Number (High/Low-risk group)  Proportion of patient

Age (years)

265 74/76 53.0%
<65 76/57 47.0%
Sex

Female 76/74 53.0%
Male 74/59 47.0%
Race

White 136/114 88.3%
Black 11/16 9.5%
Asian 2/3 1.8%
American Indian 1/0 0.4%
Smoking

Yes 126/111 83.7%
No 24/22 16.3%
Stage

i 67/82 52.6%
] 42/27 24.4%
] 31/16 16.6%
v 10/8 6.4%
T stage

T 42/50 32.5%
T2 89/68 55.5%
T3 15/8 8.1%
T4 477 3.9%
N stage

NO 84/101 65.4%
N1 37/19 19.8%
N2 29/13 14.8%
M stage

MO 140/125 93.6%

M1 10/8 6.4%
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Riskscore = (0.0822) ® KR18 + (0.0563) * ADM + (0.0099)'
+(0.0869) * CCNA + (0.0418) * TYMS + (0.0951) * FSTL3.
+(0.0374)* GOLM1 + (0.0083) * EGLN3 + (0.1054) * LGR

+(=0.1263)* HGF + (~0.00) * KL + (0.0367) * 100P
+(—0.013) * AGER + (0.0513)-NTSE + (~ 0.013) * NDRG2
+(—0.0022)* GPC3 + (0.0034) * CA9 + (0.0975) * TWIST2
+(—0.0198)* FHLI + (0.0829) * PTX3
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TCGA GSE13507 GSE32548
Total 408 165 131
Age
<60 87 42 26
>60 321 123 105
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Male 301 135 100
Grade 10 cases missing G1+G2
deemed as low
grade
Low grade 20 105 56
High grade 378 60 75
AJCC stage 2 cases missing Calculated by 7th AJCC
Oa 0 23 NA
| 2 80 NA
Il 130 26 NA
Il 140 29 NA
\% 134 7 NA
T 34 cases missing
Tis 0 23 40
T1 3 81 53
T2 119 31 T2+T3+T4 = 38
T3 194 19
T4 58 11
N 42 cases missing
NO 237 149 NA
N1 46 9 NA
N2 s 6 NA
N3 8 1 NA
M 201 cases missing
MO 196 158 NA
M1 11 7 NA

NA, not applicable.
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Parameters N(N= GBP1 GBP2 GBP3 GBP4

509) Low High p Low High p Low High p Low High p
Gender
Female 28 120 108 0267 116 112 0692 114 114 0968 125 103 0.045
(56.2%)  (47.4%) (50.9%)  (49.1%) (50.0%)  (50.0%) (54.8%)  (45.2%)
Male 281 134 147 138 143 140 141 129 152
@7.7%  (52.3%) (49.1%)  (50.9%) 49.8%)  (50.2%) @5.9%)  (54.1%)
Age
<60 440 226 214 0096 220 220 0911 222 218 0529 232 208 0.001
(51.4%)  (48.6%) (50.0%)  (50.01% (50.5%)  (49.5%) (62.7%)  (47.3%)
260 6 28 41 34 35 32 37 22 47
(40.6%)  (59.4%) (49.3%)  (50.7%) 46.4%)  (53.6%) 81.9%)  (68.1%)
Histological subtype
Astrocytoma 192 59 133 0000 53 139 0000 59 133 0000 82 110 0012
@0.7%)  (69.3%) @7.6%)  (72.4%) (654.7%)  (45.3%) @2.7%)  (57.3%)
Oligoastrocytoma 127 60 67 60 67 60 67 62 65
@7.2%  (52.8%) @7.2%)  (52.8%) (65.9%)  (44.1%) @8.8%)  (51.2%)
Oligodendrogioma 190 135 55 141 49 135 55 110 80
(71.1%)  (28.9%) (74.2%)  (25.8%) @1.1%)  (58.9%) (67.9%)  (42.1%)
Grade
G2 248 151 o7 0000 148 100 0000 141 107 0002 125 103 0,045
(60.9%)  (39.1%) (59.7%)  (40.3%) (56.9%)  (43.1%) (54.8%)  (452%)
@3 21 108 158 106 155 13 148 129 152

(39.5%)  (60.5%) (40.6%)  (59.4%) (43.3%)  (66.7%) (45.9%)  (64.1%)
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Tumor Name

Adrenocortical carcinoma
Bladder urothelial carcinoma
Breast invasive carcinoma

Cervical squamous cell carcinoma and endocervical

adenocarcinoma
Cholangiocarcinoma
Colon adenocarcinoma
Rectum adenocarcinoma

Lymphoid neoplasm diffuse large B-cell ymphoma

Esophageal carcinoma

Glioblastoma multiforme

Head and neck squamous cell carcinoma
Kidney chromophobe

Kidney renal clear cell carcinoma
Kidney renal papillary cell carcinoma
Acute myeloid leukemia

Low grade glioma

Liver hepatocellular carcinoma

Lung adenocarcinoma

Lung squamous cell carcinoma
Mesothelioma

Ovarian serous cystadenocarcinoma
Pancreatic adenocarcinoma
Pheochromocytoma and paraganglioma
Prostate adenocarcinoma

Rectum adenocarcinoma

Sarcoma

Skin cutaneous melanoma

Stomach adenocarcinoma

Stomach and esophageal carcinoma
Testicular germ cell tumors

Thyroid carcinoma

Thymoma

Uterine corpus endometrial carcinoma
Uveal melanoma

Abbreviations

ACC

BLCA
BRCA
CESC

CHOL
COAD
READ
DLBC
ESCA
GBM
HNSC
KICH
KIRC
KIRP
LAML
LGG
LIHC
LUAD
LUSC
MESO
ov
PAAD
PCPG
PRAD
READ
SARC
SKCM
STAD
STES
TGCT
THCA
THYM
UCEC
uvm
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p-value

0.015882274
0.158973292
0.26483894
0.416411021
0.6639216
0.377287049
0.720160167
0.508204272
0.099889699
0.2883298

HR

1.791330669
1.397120997
1.301492142
0.824521873

1.10829083
1232092918
1.088208158
1.169684167
1.477767994
1.285697073

Low 95%Cl

1.115359057
0.877287386
0.818991291
0.517726551
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0.77521818
0.685267336
0.735239992
0.928054852
0.808499074

High 95%Cl
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2.068253733
1.313118512
1.76229092
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Immune checkpoint gene TCGA-Glioma TCGA-GBM CGGA-Glioma CGGA-GBM

PD-L1 0.54 0.45 0.61 0.58
CTLA-4 0.33 0.26 0.30 0.35
EGF 0.38 0.47 0.52 0.55
CD226 0.45 0.33 0.62 0.60

CD96 0.46 0.42 0.44 0.43
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Variables Multivariate Univariate

HR Lower Upper P HR Lower Upper P

0.95 0.95 0.95 0.95

DDX60 1.1937 1.0236 1.392 0.024 1.623 1.417 1.859 <0.0001
Gender
Female Reference Reference
Male 1.0008 0.7543 1.328 0.99549 1.169 0.8911 1.533 0.26
Age 1.0324 1.0199 1.0451 <0.0001 1.069 1.058 1.08 <0.0001
WHO Grade
Grade Il Reference Reference
Grade IIl 1.9525 1.2418 3.07 0.00376 2.898 1.9 4.419 <0.0001
Grade IV 3.6728 2.1263 6.3442 <0.0001 18.232 11.99 27.721 <0.0001
IDH Status
Wild-type Reference Reference
Mutation 0.2704 0.1758 0.4158 <0.0001 0.09983 0.07469 0.1334 <0.0001
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Description

CD8+ T cell

T cell(general)

B cell
Monocyte

TAM

M1 Macrophage

M2 Macrophage

Neutrophils

Natural killer cell

Dendritic cell

Tht

Th2

Th17

Treg

T cell exhaustion

Gene markers

CD8A
cD8B
CD3D
CD3E
Cb2
CD19
CD79A
CD86
CD115
CCL2
CD68
IL10
INOS
IRF5
COX2
CD163
VSIG4
MS4A4A
CDe6b
CD11b
CCR7
KIR2DL1
KIR2DL3
KIR2DL4
KIR3DL1
KIR3DL2
KIR3DL3
KIR2DS4
HLA-DPB1
HLA-DQB1
HLA-DPA1
BDCA-1
BDCA-4
CD11c
T-bet
STAT4
STAT1
IFN-y
TNF-a
GATA3
STAT6
STAT5A
IL13
BCL6
IL21
STAT3
IL17A
FOXP3
CCR8
STAT5B
TGFB
PD-1
CTLA4
LAG3
TIM-3
GZMB

IDO1

None

Tumor purity

Cor

0.678
0.508
0.687
0.659
0.648
0.343
0.332
0.569
0477
0.266
0.303
0.346
0.082
0.116
0.011
0.425
0.349
0.460
0.002
0.376
0.386
0.348
0.469
0.548
0.408
0.461
0.339
0.376
0.602
0.501
0.643
0.259
0.048
0.460
0.658
0.490
0.681
0.654
0.182
0.247
0.174
0.394
0.211
0.026
0.360
0.182
0.133
0.521
0.428
0.022
0.120
0.628
0615
0.636
0.612
0613

P

0.00E+00
0.00E+00
0.00E+00
0.00E+00
0.00E+00
7.49E-10
3.31E-09
0.00E+00
0.00E+00
2.47E-06
7.65E-08
5.17E-10
1.53E-01

4.24E-02
8.51E-01

0.00E+00
4.61E-10
0.00E+00
9.73E-01

1.41E-11

2.47E-12
3.93E-10
3.63E-18
1.97E-25
1.02E-13
1.57E-17
1.18E-09
1.00E-11

0.00E+00
0.00E+00
0.00E+00
4.52E-06
4.07E-01

0.00E+00
2.12E-39
7.08E-20
0.00E+00
9.57E-39
1.42E-03
1.27E-05
2.21E-03
8.50E-13
2.06E-04
6.56E-01

8.76E-11

1.41E-03
1.95E-02
0.00E+00
4.63E-15
6.99E-01

3.66E-02
0.00E+00
0.00E+00
0.00E+00
0.00E+00
0.00E+00

Cor

0.651

0.466
0.599
0.623
0.606
0.235
0.202
0.514
0.392
0.169
0.240
0.267
0.066
0.1056
-0.038
0.356
0.287
0.394
0.012
0.321

0.316
0.301

0.426
0.523
0.331

0.407
0.275
0.355
0.574
0.476
0.623
0.196
-0.024
0.376
0.616
0.413
0.656
0.620
0.137
0.217
0.160
0.402
0.126
0.042
0.302
0.165
0.126
0.453
0.360
0.034
0.031

0.590
0.564
0.594
0.574
0574

P

7.80E-35
2.41E-16
2.18E-28
3.83E-31
3.83E-29
7.59E-05
7.16E-05
4.10E-20
1.26E-11
4.91E-08
5.62E-05
6.78E-06
2.76E-01
8.08E-02
5.25E-01
1.08E-09
1.19E-06
1.04E-11
8.37E-01
4.85E-08
7.92E-08
3.28E-07
1.27E-13
7.02E-21
1.58E-08
1.68E-12
3.41E-06
1.23E-09
1.08E-25
4.65E-17
3.94E-31
1.02E-03
6.89E-01
1.01E-10
2.27E-30
7.54E-13
1.68E-35
8.43E-31
2.23E-02
2.72E-04
7.56E-083
3.34E-12
3.66E-02
4.87E-01
2.90E-07
5.84E-08
3.64E-02
2.00E-15
7.06E-10
5.73E-01
6.13E-01
2.19E-27
1.07E-24
8.06E-28
1.22E-25
1 25F-25
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Parameters

Age level
Gender

WHO grade
IDH1

1p/19q

MGMT promoter

Risk score level

Young (<40)
Old (>40)
Female

Male

I

1}

Wild type
Mutant
Non-codel
Codel
Unmethylated
Methylated
Low (<-1.8905)
High (>-1.8905)

HR, hazard ratio: 95% Cl. 95% Confidence Interval.

Univariate Cox analysis

HR(95% CI)

2.840 (1.940-4.150)

1.100 (0.772-1.580)

3.460 (2.330-5.140)

0.287 (0.201-0.411)

0.378 (0.234-0.611)

0.396 (0.26-0.605)

5.020 (3.260-7.750)

P-value

<0.0001

0.589

<0.0001

<0.0001

<0.0001

<0.0001

<0.0001

Multivariate Cox analysis

HR(95% CI)

2.781 (1.837-4.210)

2.123 (1.394-3.232)

0.525 (0.355-0.777)

0.666 (0.388-1.142)

0.619 (0.398-0.961)

2.656 (1.51-4.491)

P-value

<0.0001

0.00045

0.00127

0.1397

0.033

0.000268





OPS/images/fonc.2021.720447/fonc-11-720447-g008.jpg
an  Redbar: “Low_exp” (positively correlated) Blue bar: “High_ exp (negatively correlated)

nnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnnn

(TSRS CEPTOR_INTERACTION ke ) !u (OCESSING_AND_PRESENTATION el [EDIATED_CYTOTOXICT nsae_cnmoxm:_ G_PATNWAV KEGG_CELL_ADHESION_MOLECULES_CAMS
g o by
§ o H g

i ‘ |

MHMMMHHWIMIIIIIH\!!IMH U_MMI I WUU_UMUUIHHHHI\ il

E E [ E

2%2
VT T AR T |

g : g
ST iy 1T L T






OPS/images/fonc.2021.683419/table3.jpg
Assays

IHC for
dMMR

PCR for
MSI-H

NGS for
MSI-H

Simple

Fast
Cost-effective
Widely available
Widely available
Ease of use
Accurate  for

Strengths

colorectal

cancer

spectrum of Lynch syndrome
Capture full MSI profile
Suitable for all tumor type
More accurate and sensitive

Simultaneous
predictors

detection

of

other

and other

potential

Weaknesses

Too many variables

Hard to determine cut-off
Relatively low analytic sensitivity
and accuracy

Capture partial MSI profiles
Low prevalence in some tumor
types

High cost

Technical demands

Lack of wide availability

Need tumor-type specific cut-
off

Recommendations

First choice in general

Use of all four antibodies

Use for colorectal cancer and other spectrum of Lynch
syndrome when suitable

Use of five poly-A panel

Use after neoadjuvant therapy or in advanced tumors

The last choice
>300 genes in the panel
Standardize technical parameters wherever possible
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Gene

ACP5
CH25H
CYP2D6
CYP2E1
FLVCR2
GCLC
HBQ1
KHNYN
LAMP2
NCOA4
RRM2
RTEL1
SCD5
STEAP3
UROS

Description

Acid Phosphatase 5

Cholesterol 25-Hydroxylase

Cytochrome P450 Family 2 Subfamily D Member 6
Cytochrome P450 Family 2 Subfamily E Member 1
FLVCR Heme Transporter 2

Glutamate-Cysteine Ligase Catalytic Subunit
Hemoglobin subunit theta-1

KH And NYN Domain Containing

Lysosomal Associated Membrane Protein 2
Nuclear receptor coactivator 4

Ribonucleotide Reductase Regulatory Subunit M2
Regulator of telomere elongation helicase 1
Stearoyl-CoA Desaturase 5

Six-transmembrane epithelial antigen of the prostate 3
Uroporphyrinogen lll Synthase

HR, Hazard Ratio: 95%Cl, 95% confidence interval.

HR(95%Cl)

1.19 (1.07-1.33)
0.893 (0.813-0.98)
0.744 (0.639-0.867)
0.685 (0.602-0.779)
0.784 (0.669-0.92)
0.498 (0.392-0.634)
0.697 (0.605-0.804)
2.08 (1.7-2.56)
1,55 (1.14-2.11)
0.351 (0.253-0.488)
1.38 (1.25-1 52)
274 (1.88-3.99)
0.435 (0.349-0.544)
1.67 (1.49-1.87)
0.204 (0.213-0.405)

P value

0.00111
0.0172
0.000153
9.08E-09
0.00286
1.46E-08
7.52E-07
1.76E-12
0.00573
4.69E-10
4.08E-10
1.30E-07
2.25E-13
1.78E-18
7.67E-14

Coefficients

0.0287
-0.039
-0.111
-0.004
-0.178
-0.012
-0.064
0.1640
0.1224
-0.194
0.099
0.260
-0.145
0.153
-0.253
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CDSA IDO1

CD8B

Normal tissue

Cervix, uterine
HPA027772
Female, age 27
Cervix (T-83000)
Normal tissue, NOS (M-
00100)

Patient id: 2004

Glandular cells
Staining: Medium

Intensity: Moderate
Quantity: 75%-25%
Cytoplasmic/
membranous
Squamous epithelial
cells
Staining: Low

Location:

Intensity: Moderate
Quantity: <25%

. Cytoplasmic/
Location: membranous

CAB075722
Female, age 34
Cervix (T-83000i
Normal tissue, NOS (M-
00100)
Patient id: 4030

Glandular cells
Staining: Not detected

Intensity: Negative
Quantity: None
Location: None

Squamous epithelial
cells

Staining: Not detected

Intensity: Negative
Quantity: None
Location: None

Cervix, uterine
CABO004353
Female, age 37
Cervix (T-83000)
Normal tissue, NOS (M-
00100)

Patient id: 4504

Glandular cells
Staining: Not detected

Intensity: Negative
Quantity: None
Location: None
Squamous epithelial
cells
Staining: Not detected

Intensity: Negative
Quantity: None
Location: None

Cervical cancer tissue

Cervical cancer

HPA023072

Female, age 74
Cervix (T-83000)
Squamous cell
carcinoma, NOS (M-
80703)
Patient id: 265

Tumor cells
Staining: High

Intensity: Strong

Quantity: 75%-25%
Cytoplasmic/

Location: membranous
nuclear

Cervical cancer
CAB000012
Female, age 54
Cervix (T-83000)
Squamous cell
carcinoma, NOS (M-
80703)
Patient id: 947

Tumor cells
Staining: Not detectec

Intensity: Negative
Quantity: None
Location: None

Cervical cancer
CAB004353
Female, age 39
Cervix (T-83000)
Squamous cell
carcinoma, NOS (M-
80703)
Patient id: 3500

Tumor cells
Staining: Not detected

Intensity: Weak
Quantity: €25%

.. Cytoplasmic/
Location: membranous
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Test Name

PD-L1 IHC 22C3
pharmDx
PD-L1 IHC 22C3
pharmDx

PD-L1 IHC 22C3
pharmDx

PD-L1 IHC 22C3
pharmDx

PD-L1 IHC 22C3
pharmDx

PD-L1 IHC 22C3
pharmDx

VENTANA PD-L1
(SP142) Assay
VENTANA PD-L1
(SP142) Assay
VENTANA PD-L1
(SP142) Assay
PD-L1 IHC 28-8
pharmDx

PD-L1 IHC
SP263

PMA#

P150013

P150013/
S006

P150013/
S009

P150013/
S011

P150013/
S014

P150013/
8016

P160002/
S006
P160002/
S009
P160002/
S012
P150025/
S013

P160046

Tumor Type

NSCLC

gastric or GEJ
adenocarcinoma

Cervical Cancer

urothelial carcinoma

head and neck
squamous cell
carcinoma
esophageal squamous
cell carcinoma

urothelial carcinoma/
NSCLC
Triple-Negative Breast
Carcinoma

NSCLC

NSCLC/SCCHNAUC

urothelial carcinoma

ICI

Pembrolizumab

Pembrolizumab

Pembrolizumab

Pembrolizumab

Pembrolizumab

Pembrolizumab

atezolizumab
atezolizumab
atezolizumab
Nivolumab in
combination with

ipilimumab
Durvalumab

Approval
Year

2015

2017

2018

2018

2019

2019

2018

2019

2020

2020

2017

Scoring
System

TPS

CPs

CPS

CPs

CPs

CPs

1C%/IC%
or TPS
IC%
IC%/TPS
TPS

TPS/ICP/
IC+

PD-L1-Threshold

>=10

>=10

>=5%/>=10% or >=50%

>=1%

>=10%/>=50%

>=1%

>=25%/ICP > 1% and IC+

>=25%/ICP = 1% and IC+ =
100%.

PD-L1 Staining

tumor cells

tumor cells,
lymphocytes,
macrophages
tumor cells,
lymphocytes,
macrophages
tumor cells,
lymphocytes,
macrophages
tumor cells,
lymphocytes,
macrophages
tumor cells,
lymphocytes,
macrophages
tumor area/tumor
area, tumor ells
tumor area

tumor area
Tumor cells
tumor cells

tumor cells
Immune cells
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Testing Method

Antibody

Scoring System

PD-L1 Expression
Threshold

Type of Cells
Expressing PD-L1

PD-L1 IHC 22C3 pharmaDx

PD-L1 IHC 28-8 pharmaDx assay

PD-L1 IHC SP 142

PD-L1 IHC SP263

Monoclonal mouse anti PD-L1 Clone 22C3

Monoclonal rabbit anti PD-L1 Clone 28-8

Monoclonal rabbit anti PD-L1 Clone SP26

Monoclonal rabbit anti PD-L1 Clone SP142

TPS - Tumor Proportion Score, which is the percentage of viable tumor cells showing partial or complete membrane staining at any
intensity

CPS- Combined Positive Score, which is the number of PD-L1 staining cells (tumor cells, lymphocytes, macrophages) divided by the
total number of viable tumor cells, multiplied by 100

%IC - The proportion of tumor area occupied by PD-L1 expressing tumor-infiltrating immune cells of any intensity

>=1%

>=5%

>=10%

>=50%

Tumor cells for NSCLC

Tumor-infiltrating immune cells for the triple-negative breast cancer

Tumor and immune celis for the cervical cancer
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Clinical feature
Age
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Differentiation level

Group
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Male
Female
Low
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HR (95% CI)
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Clinical Feature Group HR (95% CI) P

Age <60 1 0.674
>60 0.773 (0.234-2.563)

Stage i 1 0.0439
-V 8.392 (1.060-66.439)

Gender Male 1 0.0642
Female 3.098 (0.935-10.260)

Differentiation level Low 1 0.765
High 0.822 (0.228-2.967)

METTL14 Low 1 0.0164
High 0.077 (0.010-0.626)
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Filtering method TMB>6 TMB=>10 TMB =20

TCGA (matched norm was used for WES mutation calling)

WES n RNAseq variants 0.925 0.903 1
Default Mutect? filtering 0.694 0.701 0.781
Default Mutect? filtering + EXAC <0.000033  0.825 0.757 0.81
ML filtering using XGBoost method 0.825 0.854 0.905
TCGA (matched norm was not used for WES mutation calling)

WES n RNAseq variants 0.953 0.921 1
Default Mutect? filtering 0.573 0.64 0.726
Default Mutect?2 filtering + EXAC <0.000033  0.693 0.763 0.857
ML filtering using XGBoost method 0.7 0.868 0.857
Experimental dataset (high coverage)

WES n RNAseq variants 0.75 1 NA
Default Mutect?2 filtering 0.812 0.857 NA
Default Mutect2 filtering + EXAC <0.000033 1 1 NA
Experimental dataset (low coverage)

WES n RNAseq variants 0.719 0.748 NA
Default Mutect?2 filtering 0.407 0.226 NA
Default Mutect? filtering + EXAC <0.000033  0.622 0.674 NA
ML filtering using XGBoost method 0.53 0.613 NA

NA, Not applicable.
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Description Gene markers READ
Tumor Normal
Cor. P Cor. P
CD4+ T cell CD4 0.39 9.90E-05 0.52 0.13
CD8+ T cell CD8A 0.38 0.00021 0.38 0.28
CDsB 0.27 0.0099 0.33 0.35
T cell (general) CD3D 0.3 0.0034 -0.042 0.92
CD3E 0.34 0.001 0.21 0.56
CcD2 0.35 0.00063 0.13 0.73
B cell CD19 0.3 0.0042 0.21 0.56
CD79A 0.25 0.016 0.35 0.33
Monocyte CD86 0.4 8.3e-05 0.27 0.45
CD115 (CSF1R) 0.43 2.1e-05 0.79 0.0098
TAM ccL2 0.26 0.012 0.81 0.0082
CD68 0.37 3e-04 0.36 0.31
1o 0.31 0.0024 0.39 0.26
M1 macrophage INOS (NOS2) 0.21 0.044 -0.2 0.58
IRF5 0.1 0.33 -0.079 0.84
COX2 (PTGS2) 0.33 0.0013 0.75 0.018
M2 macrophage CD163 0.31 0.0027 0.75 0.018
VSIG4 0.3 0.0043 0.3 0.41
MS4A4A 0.33 0.0015 0.44 0.2
Neutrophils CD66b (CEACAMS) -0.042 0.69 -0.25 0.49
CD11b (ITGAM) 0.35 0.00055 0.83 0.0056
CCR7 0.31 0.0023 0.25 0.49
Natural killer cell KIR2DL1 0.094 0.37 -0.18 0.63
KIR2DL3 0.1 0.34 0.29 0.42
KIR2DL4 0.25 0.018 -0.34 0.34
KIR3DL1 0.2 0.053 0.19 0.6
KIR3DL2 0.1 0.3 -0.28 0.53
KIR3DL3 0.072 0.49 0.13 0.73
KIR2DS4 0.039 0.71 0.35 0.32
Dendritic cell HLA-DPB1 0.36 0.00048 -0.091 0.81
HLA-DQB1 0.14 0.17 0.41 0.25
HLA-DRA 0.32 0.0019 -0.091 0.81
HLA-DPA1 0.42 3.1e-05 0.3 0.41
BDCA-1 (CD1C) 0.19 0.073 0.35 0.33
BDCA-4 (NRP1) 0.43 2.1e-05 0.92 0.00047
CD11c (ITGAX) 0.31 0.0024 0.41 0.25
Tht T-bet (TBX21) 0.37 0.00029 0.27 0.45
STAT4 0.37 0.00033 0.63 0.05
STAT1 0.43 1.8e-05 0.78 0.012
IFN-y (IFNG) 0.28 0.0061 0.17 0.65
TNF-o (TNF) 0.36 0.00036 0.41 0.24
Th2 GATA3 0.28 0.0071 0.27 0.44
STAT6 0.3 0.0034 0.65 0.049
STAT5A 0.48 1.1e-06 0.72 0.024
13 0.2 0.054 -0.058 0.87
Tfh BCL6 0.33 0.0014 07 0.028
21 0.31 0.0024 0.0065 0.99
Th17 STAT3 0.63 2e-11 0.28 0.43
IL17A 0.12 0.24 -0.12 0.75
Treg FOXP3 0.4 9.4e-05 -0.0061 1
CCR8 0.49 5.9e-07 0.055 0.89
STAT5B 0.6 2.4e-10 0.84 0.0045
TGFB (TGFB1) 0.26 0.013 0.52 0.13
T cell exhaustion PD-1 (PDCD1) 0.41 5.6e-05 0.26 0.47
CTLA4 0.36 0.00041 0.22 0.54
LAG3 0.28 0.0073 0.39 0.26
TIM-3 (HAVCR2) 0.34 0.001 0.21 0.56
GZMB 0.1 0.32 -0.079 0.84
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p-value

Antibody GCA (+/total) IACSRCC (+/total)
Neuroendocrine markers 12/12 110 0.000
Synaptophysin 4/12 0/10
Chromogranin A 10/12 0/10
CD56 4/12 110
SSTR2 012 012 NA
Ki67 index 10%-70% 50%-90% NA

The detailed immunohistochemical findings of GCAs are listed in Supplementary Table S2.
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Case Age Location Size Histologic Findings TNM Follow-up
No. (vears)/ (cm) stage (months)
Sex Grading Non-GCA component Vascular Perineural
invasion invasion

1 70/M Transverse 4.2 G3 Conventional adenocarcinoma - + T3NOMO DOD (45)
colon

2 72/M Appendix 4.3 G2 None + # T3N2aM0 DOD (20)

3 57/M Ascending 45 G2 None + - T3N1bMO DOD (5)
colon

4 31/F Sigmoid 35 G2 Conventional adenocarcinoma + + T3N2aMO DOD (18)
colon

5 60/M Rectum 6.5 G3 None + + T4N2bMO DOD (28)

6 36/F Transverse 5.1 G3 Conventional adenocarcinoma - - T3N1aMO NET (38)
colon

7 78/M Stomach 4.9 Gt None + + T4aN2MOo NET (28)

8 50/F Stomach 5.0 G3 Large cell neuroendocrine carcinoma and + + T3N2MO NET (28)

conventional adenocarcinoma

9 66/F Sigmoid 4.0 G3 Mucinous carcinoma - + T3N2bMO NET (34)
colon

10 65/M Appendix 21 G2 None + + T3N1MO NET (25)

1 7™M Stomach 3.5 G3 None + + T3N1MO NET (10)

12 67/M Appendix 4.0 G1 None + T3N1MO NET (18)

F female: M. male: NET, no evidence of tumor: DOD, died of disease.
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female 3(10.3)
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A 6(20.7)
B 17(58.6)
c 4(13.8)
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>1 21(75.0)
<1 7(25.0)
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>2 9(32.1)
<@ 19(67.9)

BCLC, Barcelona Clinical Liver Cancer; CTCs, circulating tumor cells; CTC-WBC,
circulating tumor cell associated white blood cells.
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Classifiers Datasets Precision Recall F1_score Accuracy ROC AUC Gini Ks
KNN Training 1.000 0.974 0.987 98.30% 0.997 0.995 0.974
Testing 1.000 1.000 1.000 95.00% 1.000 1.000 1.000
Validation 1 0.803 0.987 0.886 88.30% 0.962 0.928 0.861
Validation 2 0.843 0.754 0.796 72.50% 0.772 0.545 0.426
L2 Logistic Regression Training 1.000 1.000 1.000 100.00% 1.000 1.000 1.000
Testing 1.000 1.000 1.000 100.00% 1.000 1.000 1.000
Validation 1 0.857 0.994 0.920 92.10% 0.994 0.988 0.953
Validation 2 0.852 0.912 0.881 82.50% 0.844 0.689 0.642
SVM Training 1.000 1.000 1.000 100.00% 1.000 1.000 1.000
Testing 1.000 1.000 1.000 100.00% 1.000 1.000 1.000
Validation 1 0.849 1.000 0.918 91.80% 0.997 0.993 0.957
Validation 2 0.841 0.930 0.883 82.50% 0.831 0.661 0.590
ANN Training 1.000 1.000 1.000 100.00% 1.000 1.000 1.000
Testing 1.000 1.000 1.000 100.00% 1.000 1.000 1.000
Validation 1 0.870 0.994 0.928 92.90% 0.995 0.990 0.955
Validation 2 0.897 0.912 0.904 86.30% 0.858 0716 0.677
Decision Tree Training 0.974 0.974 0.974 96.60% 0.962 0.924 0.924
Testing 0.833 0.769 0.800 75.00% 0.742 0.484 0.484
Validation 1 0.929 0.949 0.939 94.40% 0.944 0.888 0.888
Validation 2 0.804 0.649 0.718 63.70% 0.629 0.258 0.258
Random Forest Training 1.000 1.000 1.000 100.00% 1.000 1.000 1.000
Testing 1.000 0.928 0.960 95.00% 1.000 1.000 1.000
Validation 1 0.816 0.998 0.898 89.60% 0.995 0.991 0.952
Validation 2 0.873 0.842 0.857 80.00% 0.854 0.709 0.615
XGBoost Training 1.000 1.000 1.000 100.00% 1.000 1.000 1.000
Testing 0.923 0.923 0.923 90.00% 0.984 0.967 0.923
Validation 1 0.703 0.970 0.815 79.90% 0971 0.941 0.906
Validation 2 0.857 0.842 0.850 78.70% 0.840 0.680 0.607
LightGBM Training 1.000 1.000 1.000 100.00% 1.000 1.000 1.000
Testing 0.917 0.846 0.880 85.00% 0978 0.956 0.857
Validation 1 0.768 0.994 0.867 86.00% 0.988 0.975 0.929
Validation 2 0.883 0.930 0.906 86.30% 0.839 0.679 0.643
Catboost Training 1.000 1.000 1.000 100.00% 1.000 1.000 1.000
Testing 1.000 0.923 0.960 95.00% 0.989 0978 0.923
Validation 1 0.836 0.996 0.909 90.90% 0.994 0.989 0.940
Validation 2 0.879 0.895 0.887 83.80% 0.855 0.710 0.624
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Case no. Sex  Age (year) DNA splicing sites Histology type = Tumor stage  Tumor location = Smoke  Pleural invasion

1 M 61 €.2888-1 G>A AD 1A2 R N ¥
2 M 66 ©.2888-13_2908del AD v R N/A i
3 F 64 ©.2888-42_2892del AD 0 R N N
4 M 75 ©.2942-44_2942-11delinsAAGTCTC AD B L Y ¥
5 M 81 ©.3004_3028+5del SCC IA3 L N/A Y
6 F 56 ©.3025_3028+2del AD B R N N
7 M 73 ©.3027_3028+9del AD IIA R N ¥
8 F 59 €.3028+2_3028+16del AD 1B R N N
9 F 67 ©.3028+2delinsAA AD B L Y N
10 M 79 2888-17_2888-2del AD v L N N/A
il F 73 €.2888-20_2888-4del AD B R N N
12 E 60 €.2888-20_2888-9del AD IA1 R N N
13 F 59 €.2888-30_2888-15del AD IA1 L. N N
14 F 48 ©.2888-38_2888-1del AD IA1 R N N
15 F 61 €.2888-6_2907del AD IA3 R N N
16 F 79 €.3014-3027del AD IA3 R N N
17 [5 54 €.3022-3028+7del SCC ns L N N/A
18 M 62 €.3025_3028+5del SCC v L N N/A
19 M 61 €.3028+1G>A AD IA1 R N N
20 F 76 €.3028+1G>A AD IA1 R N ¥,
21 M 7 €.3028+1G>A AD IA3 L N ¥
22 M 63 €.3028+1G>T AD B R N N
28 M 65 €.3028+1G>T AD 1A2 R N ¥
24 [5 73 ©.3028+2T>A AD IA1 R N N
25 M 57 ©.3028+3A>T AD IIA L N ¥
26 M 70 €.3028+3A>T AD IA3 R N N
27 F 72 ©.3028G>A AD 1B R N Y.
28 M 54 ©.3028G>A AD 1A2 L N Y
29 F 52 €.3028G>C AD IA1 R N N
30 F 7 €.3028G>C AD 1A2 L N N
31 F 67 €.3028G>C AD 1A2 R N N
32 M 66 €.3028G>C AD IA3 R N N
33 M 63 €.3028G>T AD 1A1 L Y N
34 F 74 €.3028G>T AD 1IA R N N
35 M 64 ©.3028G>T SC B L N ¥

M, male; F, female; AD, adenocarcinoma; SCC, squamous cell carcinoma; SC, sarcomatoid carcinoma; N/A, not available; N, no; Y, ves; R, right; L, left.
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Case Sex
No.

1 M
2 M
3 M
4* M
5 F
6 F
7 M
8 F
9 M
10" F
11 F
12 F
13 M
14 M
15 F
16 M
17 M

Age
(vear)

56
60
67
49

58
63
75
48
64
38

58

70
57
73
79

79
62

MET alteration

Amplification

Exon 14
skipping

Co-mutations

EGFR exon20 ¢.2361G>A

EGFR exon20 p.Val769_Asp770insAlaSerVal
EGFR exon21 p.L858R

EGFR exon19 p.Glu746_Ala750del;
p.Asn1044Ser

EGFR exon21 p.L858R

EGFR exon19 p.Glu746_Ala750del
EGFR exon19 p.Glu746_Ala750del
EGFR exon19 p.Glu746_Ala750del
EGFR exon19 p.Glu746_Ala750del
EGFR exon19 p.Glu746_Ala750del;
KRAS exon2 p.G12C;

HER2 Ampilification

EGFR exon19 p.Leu747_Thr751del;
EGFR exon20 p.T790M;

EGFR exon20 p.C797S

EGFR exon21 p.L858R

EGFR exon21 p.L858R

MET exon14 ¢.3027_3028+9del
EGFR exon19 19-Del

BRAF exon15 VBOOE
EGFR exon21 L858R

M, male; F, female; N/A, not available; N, no; Y, yes; R, right; L, left.
*Acquired mutation after using gefitinib; *Acquired mutation after using icotinib.
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Univariate analysis Hazard Ratio(95%CI) p-value Multivariate analysis Hazard Ratio(95%CI) p-value
PSMB10 " 2.231(1.819,2.736) <0.0001 PSMB10 1.325(1.029,1.706) 0.029
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Pathological characteristics

Total number (%)

MET amplification (%)

MET amplification WT (%)

P value (Amp vs Amp WT)

Age

>60 years old
<60 years old
Sex

Male

Female

AJCC tumor stage
O+l+l

+1V

Tumor location
Left

Right

Pleural invasion
Yes

No

Smoke

Ever

Never

Histology type
Adenocarcinoma
Squamous cell carcinoma
Other types

2,951
1,490 (50.49)
1,461 (49.51)
2,951
1,302 (44.12)
1,649 (55.88)
2,860
2,321 (81.15)
539 (18.85)
2,880
1,185 (41.15)
1,695 (58.85)
2,356
434 (18.42)
1,922 (81.58)
2,945
918 (31.17)
2,027 (68.83)
2,927
2,676 (91.42)
187 (6.39)
64 (2.19)

23
14(9.40)
9(0.62)
23
14 (1.08)
9(0.55)
23
10(0.43)
13 (2.41)
23
5(0.42)
18 (1.06)
10
1(0.29)
9(0.47)
21
8(0.87)
13(0.64)
23
21(0.78)
2(1.07)
0(0.00)

2,928
1,476 (90.60)
1,452 (99.38)
2,928
1,288 (98.92)
1,640 (99.45)
2,837
2,311 (99.57)
526 (97.59)
2,857
1,180 (99.58)
1,677 (98.94)
2,346
433 (99.77)
1,913 (99.53)
2,924
910 (99.13)
2,014 (99.36)
2,904
2,655 (99.22)
185 (98.99)
64 (100.00)

0.318°%

0.104%

0.000%*

0.058%

0.780%

0.492°

1.000*#

Pearson’s chi-squared test; *Significance between adenocarcinoma and squamous cell carcinoma.

*Statistically significant.

MT, Mutant; WT, Wildtype; Amp, Amplification.
bold values indicate the number of total patients in each clinical characters that were analyzed.
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Pathological characteristics

Age

>60 years old
<60 years old
Sex

Male

Female

AJCC tumor stage
O+l+l

N+

Tumor location
Left

Right

Pleural invasion
Yes

No

Smoke

Ever

Never

Histology type
Adenocarcinoma
Squamous cell carcinoma
Other types

Total number (%)

5,008
2,569 (51.30)
2,439 (48.70)
5,008
2,248 (44.89)
2,760 (65.11)
4,885
3,840 (78.61)
1,045 (21.39)
4,652
1,936 (41.62)
2,716 (58.38)
3,508
660 (18.34)
2,938 (81.66)
5,001
1,572 (31.43)
3,429 (68.57)
4,955
4,564 (92.11)
294 (5.93)
97 (1.96)

MET ex14 skipping MT (%)

45
34.(1.32)
11 (0.45)
45
22 (0.98)
23 (0.83)
45
37 (0.96)
8(0.77)
45
15 (0.77)
30 (1.10)
35
6(091)
29 (0.99)
45
13 (0.89)
32 (0.93)
45
41 (0.90)
3(1.02)
1(1.08)

Pearson’s chi-squared test; *Significance between adenocarcinoma and squamous cell carcinoma.

*Statistically significant.

MT, Mutant; WT, Wildtype; ex14, exon 14.

bold values indicate the number of total patients in each clinical characters that were analyzed.

MET ex14 skipping WT (%)

4,963
2,535 (98.68)
2,428 (99.55)
4,963
2,226 (99.02)
2,737 (99.17)
4,840
3,803 (99.04)
1,037 (99.23)
4,607
1,921 (99.23)
2,686 (98.90)
3,563
654 (99.09)
2,909 (99.01)
4,956
1,559 (99.17)
3,397 (99.07)
4,910
4,523 (99.10)
291 (98.98)
96 (98.97)

P value (Mut vs WT)

0.001%*

0.588"

0.553%

0.257%

0.854%

0.712°

1.000%*
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Clinical characteristics Number of patients (%)

Age N = 5,008
>60 years 2,569 (51.30)
<60 years 2,439 (48.70)
Sex N = 5,008
Male 2248 (44.89)
Female 2,760 (55.11)
Tumor location N = 4,652
Left 1,936 (41.62)
Right 2,716 (58.38)
Smoke N = 5,001
Ever 1,572 (31.43)
Never 3,429 (68.57)
AJCC tumor stage N = 4885
0 14 (0.29)

| 3,202 (65.55)
1 624 (12.77)
1l 259 (5.30)
v 786 (16.09)
Histology type N = 4,955
Adenocarcinoma 4,564 (92.11)
Squamous cell carcinoma 294 (5.93)
Adenosquamous carcinoma 33(0.67)
Neuroendocrine carcinoma 32 (0.65)
Salivary gland-type tumors 12(0.24)
Sarcomatoid carcinoma 12 (0.24)
Large cell carcinoma 6(0.12)
Sarcoma 1(0.02)
Undifferentiated carcinoma 1(0.02)

bold values indicate the number of total patients in each clinical characters that were
analyzed.
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No WES variant

WES variant

A. Training dataset

B. Testing dataset

457,276 (TN)
60 (FP)
373,731 (TN)
101 (FP)

1,050 (FN)
571 (TP)
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Predicted noise
Predicted signal
Predicted noise
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LncRNA (up-regulated) logFC P Value FDR LncRNA (down-regulated) logFC P Value FDR

PCA3 4.679379 9.54E-13 6.05E-12 ADAMTS9-AS1 -2.56539 1.99E-39 4.70E-37
AP006748.1 4.062486 7.03E-27 2.58E-25 PGM5-AS1 -2.48591 9.64E-27 3.47E-25
LINC02170 3.307527 6.26E-07 1.89E-06 AL049555.1 -2.35735 1.63E-27 6.18E-26
PCAT14 3.105758 9.81E-15 8.07E-14 AC005180.1 -2.23164 1.47E-33 1.33E-31
AC009119.1 3.028928 3.61E-20 5.69E-19 MIR205HG -2.20447 5.59E-13 3.65E-12
AP004608.1 3.001164 1.77E-14 1.41E-13 AC005180.2 -2.15984 2.88E-36 4.03E-34
AP000696.1 2.826104 2.29E-26 7.82E-25 LINCO1018 -1.98815 7.96E-26 2.44E-24
AC092535.4 2.811437 4.95E-11 2.55E-10 GAS1RR -1.98644 1.20E-34 1.86E-32
PCAT7 2793721 5.59E-33 4.75E-31 /AP000808.1 -1.92869 8.49E-16 8.00E-15
AC144450.1 2.784229 1.13E-15 1.05E-14 AF165147.1 -1.91284 5.88E-26 1.86E-24
AC141930.1 2.705916 4.21E-16 4.08E-15 AP001107.5 -1.88507 717E-25 2.02E-23
ERVH48-1 2.660447 3.33E-09 1.36E-08 LINC00844 -1.85879 1.08E-15 9.64E-15
PCAT29 2615271 3.07E-32 2.38E-30 ADAMTS9-AS2 -1.82886 6.90E-35 8.13E-33
AC104667.2 2.503502 3.68E-27 1.39E-25 SNHG18 -1.81496 224E-28 1.00E-26
PCAT1 2.487096 1.28E-16 1.31E-15 C200rf166-AS1 -1.72467 1.52E-19 2.26E-18
DRAIC 2.386532 4.59E-19 6.50E-18 LINC02562 -1.67517 6.85E-09 2.70E-08
AL031123.2 2.3554 1.30E-34 1.47E-32 LINCO1679 -1.65862 6.38E-28 2.72E-26
AL589182.1 2.291948 211E-10 1.00E-09 FGF14-AS2 -1.569352 1.86E-23 4.36E-22
FOXP4-AS1 2.254677 1.74E-36 2.52E-34 AC036108.3 -1.67101 3.59E-26 1.18E-24
AC100826.1 2.245624 3.67E-07 1.11E-06 MAGI2-AS3 -1.565998 3.15E-40 8.58E-38
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Variables

Age (mean+SD)
Gender
Male
Female
Tumor site
Frontal lobe
Temporal lobe
Occipital lobe
Parietal lobe

n=20

®

ENARENNCY

36.7+10.1

%

60.0
40.0

30.0
35.0
15.0
20.0
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Cell type Markers Cell type Markers

pRCC CDKN2A (17) ccRCC CA9 (13), NDUFA4L2 (49)

chRCC RHCG (42) CD8+T  CD3D (43, 44, 58), CD3E (43, 44, 58),
cells CD8A (43, 44, 58)

Macrophage CD68 (58), CD163 (58), CD4+T  CD3E (43, 44, 58), CD3D (43, 44, 58), IL7R
cells (44, 63)

Monocyte CD14 (46, 48, 57), LYZ (57, 58), STO0A12 (58), STO0A9 (58), ST00A8 (58) B cells CD79A (43, 57), CD79B (43, 57), MS4A1

67)

Dendriic =~ FCERTA (46-48), CD1E (46-48), CD1C (46-48), HLA-DMA (46-48), HLA-DMB (46-48) Plasma  IGKC (45)

cells cells

NK cells KLRD1 (61), KLRCT (61) Mast cells  TPSABT (62), TPSB2 (62), KIT (59)

Fibroblast  SFRP2 (51), SPARC (60), MMP2 (52, 53), COL3AT (55), COL1AT (55, 56), COLTA2 (55, 56),  CAF ACTA2 (52), TAGLN (53)

EMILINT (54), PDGFRB (52)
Endothelial  PECAM1 (50), PLVAP (50), CDH5 (50), KDR (50) TAM GPNMB (58), SLC40A1 (58), MSR1 (64)

cells
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hsa:mR-13003p
neamiR-143.3p
hsamiR-151adp
heamiR-156-3p
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