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Cancer is characterized by dysregulation at multiple levels, such as gene transcription. Enhancers are well-studied transcription regulators that can enhance target transcripts through DNA loop formation mediated by chromosome folding. The gain or loss of the interaction between an enhancer and its target gene has a critical effect on gene expression. In this study, we analyzed GRO-seq data to identify active enhancers from seven common cancer cell lines and studied the function of these enhancers across multiple cancer types. By constructing an “enhancer effect score” (EES), we found a significant correlation between EES and tumor-infiltrating lymphocytes (TILs) in prostate cancer. Further analysis revealed that androgen receptor (AR) plays an important role in regulating the immune checkpoint gene PVR via its enhancer. These results suggest that AR contributes to prostate cancer aggressiveness by promoting cancer cell immune evasion.
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INTRODUCTION

Cancer is one of the leading causes of death. Compared with normal cells, cancer cells possess some common features, such as genome instability and unlimited replicative potential, which are known as cancer hallmarks (Hanahan and Weinberg, 2000, 2011). The emergence of these cancer hallmarks is driven by mutations accumulated during the process, in which normal cells transform tissue to states from hyperplasia to dysplasia until neoplasia is established. In addition, large-scale genome-wide studies (GWASs) of cancer patients have indicated that dysregulation of gene expression significantly contributes to cancer development (Sarkar et al., 2013).

In human cells, the protein-coding genes account for only 2% of the genome, and a rough estimation predicts that no more than 40,000 genes, at maximum, are encoded. In addition, recent studies revealed that a significant proportion of the remaining 98% of genomic DNA, which is non-coding, participates in the regulation of gene expression. Some of the relatively conserved DNA sequences serve as either cis or trans regulatory elements but do not encode proteins. Enhancers are well-characterized regulatory elements and contribute mainly to positive gene expression by interacting with gene promoters and increasing the efficiency of RNA polymerase II recruitment and engagement (Koch et al., 2011). Thus, the importance of enhancers has been demonstrated in many important biological processes, such as cancer development, cell identity formation (Whyte et al., 2013), and cell fate determination (Adam et al., 2015). During cancer development, enhancers play important roles in driving oncogene transcription and may determine some cell-specific traits (Gonen et al., 2018). Enhancers are hotspots enriched with binding motifs for transcriptional factors (TFs) that confer enhancer–gene (EG) specificity. A prevalent model depicts both gene-specific TFs and some common TFs, such as mediator complexes, as participants in the establishment of cross talk between enhancers and their target genes (Soutourina, 2019). Any variation in the enhancer locus that breaks the binding affinity for TFs results in abnormal gene expression, which can be correlated with cancer development (Sur and Taipale, 2016).

Several high-throughput next-generation sequencing (NGS)-based technologies have been developed to characterize enhancers based on common characteristics, such as ChIP-seq analysis of H3K4me1 (Rada-Iglesias et al., 2011), H3K27ac (Creyghton et al., 2010), and P300 (Visel et al., 2009; May et al., 2011); DNase-seq (Bernstein et al., 2010); FAIRE-seq (Giresi et al., 2007); and ATAC-seq (Corces et al., 2018). More recently, enhancer locus-specific transcription activity was captured and revealed the positions of active enhancers. These transcripts are termed “eRNAs.” Most eRNAs are not stable and lack a poly-A tail, which make them difficult to capture by traditional RNA-sequencing methods. Thus, a series of novel technologies, such as GRO-seq (Melgar et al., 2011), PRO-seq (Kwak et al., 2013), and NET-seq (Mayer et al., 2015), were designed to capture and characterize eRNAs and enhancers. GRO-seq is the most widely applied technology to capture eRNAs because it is based on the capture of newly synthesized RNA after transcriptional activity is restarted in an isolated nucleus, which is also known as “nuclear run-on.” Transcripts mapping the intergenic region were recognized as potential eRNAs identified in enhancer regions (Liu et al., 2017; Nagari et al., 2017; Franco et al., 2018).

In this paper, we systematically characterize the active enhancers in several cancer cells based on eRNA transcription as characterized by GRO-seq. The significant EG pairs were further characterized based on the analysis of the activity of these enhancers and the transcription activity of genes in pan-cancer samples. This large-scale analysis of coordinated enhancer and gene expression allowed us to identify an enhancer-dominated cancer hallmark, “evading immune detection,” in prostate cancer. Our data indicate that the characterization of enhancers based on eRNA is a robust way to investigate the important functions of enhancers in cancer.



MATERIALS AND METHODS


Data Collection

GRO-seq data for cell lines of A549, MCF7, HCT116, HeLa, HepG2, LNCap, and SKOV3 were collected from Gene Expression Omnibus (GEO) database. H3K4me1, H3K27ac ChIP-seq, and DNase-seq broad peak files for these cell lines were collected from both GEO and ENCODE. As the H3K4me1 ChIP-seq data are not available, SKOV3 is skipped for enhancer marker enrichment analysis. And DNase-seq for SKOV3 ovarian cancer was from ENCODE ENCSR712PYJ, a dataset from a 30-year-old female adult ovary. The detail of data accession can be found in Supplementary Table 1. ATAC-seq data for relative cancer types of these cell lines were collected from the work of M. Ryan (Corces et al., 2018), which detected 23 cancers from The Cancer Genome Atlas (TCGA). The peak files were used as opening chromatin regions and compared with GRO-seq defined active transcript regions. And the bigwig files were used to calculate the ATAC signal on GRO-seq defined enhancers. CrossMap was used to transfer the hg38 to hg19, and bigWigAverageOverBed from UCSC (University of California, Santa Cruz) tools was used to count the reads on enhancers. The established enhancers were from four different data resources: (1) FANTOM5, (2) dbSUPER, (3) VISTA, and (4) Ensembl. All the data were collected in or transformed to hg19 reference with UCSC Lift Over tools. Tumor immune cell infiltration data were download from The Cancer Immunome Atlas (TCIA)1 and Tumor IMmune Estimation Resource (TIMER)2 database. TCIA used normalized enrichment score (NES) to represent 28 immune cell infiltration, while TIMER was based on gene expression, which related with tumor purity to estimate B cell, CD4+ T cell, CD8+ T cell, neutrophil, macrophage, and dendritic cell infiltration. Androgen receptor (AR) ChIP-seq in prostate cancer and normal samples was downloaded from GSE56288. The processed .bw files were used to generate Supplementary Figure 17 with Integrative Genomics Viewer (IGV). ChIA-PET data of MCF7 were download from ENCODE ENCSR000CAA dataset. Genes that belong to each cancer hallmark were download from Gene Ontology, which were reported to be related with cancer hallmarks (Plaisier et al., 2012). Data for validating AR effect on enhancer PVR regulation are from GSE117193 and GSE120720.



Data Procession

For GRO-seq, data were mapped to hg19 reference with SOAP-2.21 using the parameter −r 0 −v 3 −n 10 −l 32. The mapped data were used to call active transcribed regions with R package groHMM. The parameter turning step was executed to give the optimal parameters. The details of the cancer type, relative cell line, parameter for groHMM, and data performance are listed in Supplementary Table 1 and Figure 1. For ChIP-seq, data were mapped to hg19 with bowtie2 with a default parameter, and the mapped reads with quality no less than 30 were filtered.
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FIGURE 1. GRO-seq defined common and cancer-seecific enhancer sets (A) pipeline for enhancer prediction with GRO-seq data. (B) The genome annotation for groHMM produced “transcribed” regions (output for the second step in figure A). Different color shows the transcripts belong to each class as labeled. The y-axis points out the proportion for each class, (C) the left heatmap shows the expression level of each enhancer in each cancer call line. The color ber on the top represent common enhencer (red), intermediate enhancer (green), and cancer-specific enhancer (blue). The barploat on the right shows the percentage of each enhancer class in total enhancer sets of every cancer type. (D) The gene ontology analysis performed with transciption factors binding on common enhancers which is predicted by MEME suite. The figure was generated by “clusterprofilter” R package. The colored nodes are function GO term and gray dots show genes belong to each GO term. The color represents enrichment sighnificant p-value. (E) Disease Ontology (DO) analysis results for cancer-specific enhancer target genes. The nodes color represents enrichment significant and size shows number of target enriched in each disease related gene set.




Enhancer Definition

The pipeline groHMM was performed to call active transcripts for each cell type, average RPKM ≥ 1 was used as cutoff for cell types with replicates, and RPKM ≥ 2 was used for those without replicates to filter out active transcripts with low confidence. In order to avoid the interference from coding genes, the transcripts were filtered with bedtools suite intersect −v function to include the ones 5 kb away from any refseq genes 5′/3′-UTR regions. The refseq genes were downloaded from UCSC table with reference hg19. And then, the filtered transcripts were combined to obtain new transcript boundary across all cell types by merging the transcripts within 500 bp (Danko et al., 2015), and the merged transcripts were taken as putative enhancers for the following analysis. Functional enhancers were defined as enhancers that show significant Pearson correlation with target genes in any cancer types (adjusted p-value < 0.05).



Enhancer Target Assignment

The genes within 500 kb were considered as enhancer targets at first. In case of missing long-distance pairs, enhancer-target pairs defined by GeneHancer database were also included. Then Pearson correlation was calculated with TCGA data to confirm the regulation relationship between each pair. Three types of data were used to estimate enhancer activity in each TCGA sample: (1) for TCGA ATAC-seq data, the enhancer activity was measured by average ATAC-seq signal on enhancer regions. (2) For TCGA RNA-seq data, as Han Liang et al. have published the enhancer expression profile for TCGA samples (Chen et al., 2018), we simply take their established expression value as our enhancer activity if their defined enhancer is situated within 500 bp of our enhancers. (3) For TCGA methylation data, the average methylation beta value from methylation 450 K array was used to represent our enhancer activity. The Pearson correlation based on these three datasets were calculated, and false discovery rate (FDR) <0.05 accompanied with no less than 0.3 absolute correlation value was used as cutoff to filter confident results.



Enhancer Effect Score

The correlation of EG pairs reflects the regulation ability of enhancer to target genes. To quantify the enhancer regulation of a set of genes, such as a set of genes that belong to the same pathway, the average of correlations weighted by target gene expression was used. As limited by dataset, not all the genes were included in our EG pairs. Therefore, hypergeometric distribution test was performed to calculate the enrichment of target genes in specific gene set, and the p-value was used to adjust the average correlation. Finally, this score presents the enhancer regulation to specific pathways and we named it as enhancer effect score (EES), with the formula as follows:
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P-valueenrichment is calculated by hypergeometric distribution; n is the total number of genes that belong to a specific gene set; RPKMi is the gene i expression in sample s; and Cormax is the Pearson correlation coefficient between gene i and its enhancer, when gene i is correlated with more than one enhancer, and the max value was used.



Motif Enrichment Analysis

MEME-ChIP was used to detect the binding TF enriched on 174 common active enhancers. We extend 50 bp on both sides of each enhancers and sliced enhancers into 100-bp-long pieces to make sure that every part of the enhancer is under motif searching area. TOMTOM was selected to match the motif to known TFs. Gene Ontology analysis was performed on these enriched TFs with R package “clusterProfiler.”



Modulator Searching

The samples were sorted according to certain gene expression. The first and last quarters were selected as low and high expressed groups, respectively. The correlation was recalculated within these two groups; the difference between two correlation value (Diffcor) was used to filter modulators. The genes with Diffcor of no less than 0.5 were considered related with enhancer regulation to PVR expression.



Statistical Analysis

Differentially expressed genes were defined as fold change larger than 1.5 and t-test FDR < 0.05. For those cancer types that have no normal data or less than five normal samples, the average expression from all TCGA normal samples was used to compare with that of tumors. The H3K27ac and H3K4me1 enrichment on enhancer regions was performed with deepTools software. The overlap of opening chromatin regions defined by GRO-seq, ATAC-seq, and DNase-seq was done by “findOverlapsOfPeaks” functions in “ChIPpeakAnno” package. The conservation score was measured with phastCons score obtained by “phastCons100way.UCSC.hg19” package. And the average phastCons score was used to calculate enhancers and their 2.5-kb flanking region with 50 bp as slicing window. And for the genome background, we randomly select the same number of regions with functional enhancers, also with the same length as average of these enhancers, and we use the same method to calculate the phastCons distribution around these random regions.



RESULTS


GRO-Seq Revealed Common and Specific Enhancers Across Cell Lines

To study data on active enhancer behavior in cancer, GRO-seq data for seven common cancers (LUAD, BRCA, CESC, COAD, LIHC, PRAD, and OV) were collected from the GEO database. The GroHMM method was performed on these GRO-seq data (Figure 1A), and the active transcribed regions were identified. These regions were considered open chromatin regions, and potential enhancers were further extracted from them. On average, 86% (ranging at 79% for the HepG2 samples and 91.7% for the HCT116 samples) of these active transcribed regions were located in the non-coding region (Figure 1B). All of these transcribed regions were compared with results from analyses of DNase-seq and ATAC-seq, which are two widely used methods for detecting opening chromatin regions (Roadmap Epigenomics Consortium, Kundaje et al., 2015; Corces et al., 2018). GRO-seq can cover more than 87% peaks obtained from ATAC-seq, and approximately 92% peaks were obtained from DNase-seq. In addition, GRO-seq defined 435,838 active transcribed regions that were covered by either of the two other methods (Supplementary Figure 2). These results show that GRO-seq is more sensitive in predicting regions with an open chromatin status.

Following the pipeline presented in Figure 1A, GRO-seq-defined active transcribed regions situated outside 5 kb of the coding gene were obtained by filtering. The number of GRO-seq-defined “transcribed” regions is related to sequencing depth (Pearson correlation: 0.83) (Figure 1 and Supplementary Figure 3); for example, HeLa cells contain three-fold more active transcripts than HepG2 cells. Thus, to obtain more reliable enhancer sets, a cutoff of RPKM ≥ 1 was used (see section “Materials and Methods”) to filter the enhancer sets. Finally, 7,459 putative enhancers were identified. More than one-half of these enhancers (4,417/7,459) show activity in only one cancer type, and we named them “cancer-specific enhancers.” However, 174 enhancers showed consistent eRNA expression across all the cancer types assessed, and we defined these enhancers as “common enhancers” (Figure 1C). These 174 common enhancers were bound by TFs related to common cancer features, such as “Notch signaling pathway” and “stem cell differentiation” (Figure 1D). “Notch signaling” is pivotal for cell fate determination, and its dysregulation was reported to be involved in oncogenesis (Allenspach et al., 2002). Additionally, cancer stem cells are known to contribute to cancer initiation and progression (Yu et al., 2012; Venkatesh et al., 2018). The correlation analysis of the common enhancers and the expression of their downstream target genes support the hypotheses that the common enhancers contribute to the activation of these pathways and tumor progression. The cell type-specific enhancers were also enriched with corresponding cancer genes according to a disease ontology analysis (Figure 1E).

GRO-seq-defined enhancers showed considerable enrichment with H3K27ac and H3K4me1 (Supplementary Figure 4). Another four enhancer resources (Ensembl, dbSUPER, FANTOM5, and VISTA) were also accessed to further characterize the GRO-seq-defined enhancer sets, and approximately 41% of the GRO-seq-defined enhancers were identified in at least one of these databases (Supplementary Figure 5). A comparison of enhancer markers among these enhancer sets was also performed, and GRO-seq-defined enhancers were similarly enriched with these markers, suggesting that GRO-seq is a reliable approach to explore the function of enhancers in cancer (Supplementary Figure 6).



Enhancer-Based Analysis Revealed Cancer Risk Regulatory Events

To identify the regulatory targets of the identified enhancers, enhancers and genes within 500 kb were used to comprise EG pairs (Javierre et al., 2016; Corces et al., 2018), and together with the EG pairs from the GeneHancer database, more than 84,000 pairs were collected. Although the enhancers were mainly retrieved from the GRO-seq data based on seven types of cancer cells representative of seven major types of cancer, a significant fraction of these enhancers are active enhancers in more than two types of cancer (from 52.5% in the HCT116 cells to 83% in the SKOV3 cells), suggesting that different types of cancer share enhancers to a certain extent. Hence, in addition to the seven common cancers, more cancer types were considered in the following study of the regulatory relationships between enhancers and genes. To confirm the regulatory relationship, the Pearson correlation between enhancer activity and gene expression was calculated for each established EG pair, within which the enhancer activity was determined by ATAC-seq, DNA methylation, or RNA-seq according to TCGA data (see section Materials and Methods). In total, 20,930 EG pairs comprising 4,815 enhancers and 10,132 genes showed a significant correlation between enhancer activity and gene expression (Figure 2A). The correlation results from the ATAC-seq, DNA methylation, and RNA-seq data were combined, and 75% of the EG pairs were supported by the ATAC-seq (39 and 7% of the findings were supported by the methylation and RNA-seq data, respectively), and 386 EG pairs were supported by all three types of data (Supplementary Figure 7A).
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FIGURE 2. Functional enhancers and cancer common EG pairs were found by correlation analysis. (A) Shows all the significant EG pairs identified with ATAC-seq, RNA-seq and DNA methylation data. Each dot denotes one EG pair and different shape was used to indicate different data types. Different color was assigned to different cancer types. (B) Y-axis is the average phastCons value for each bin. The lines indicate the phastCons value on functional enhancers (red, whose activity show significant correlation with target gene expression), other enhancers (blue, which defined by GRO-seq but show no significant correlation with target gene expression) and genome random selected regions (gray, with have similar length with functional enhancers) and their flanking 2.5 kb regions. (C) The height of each bar shows the number of EG pairs within which the target genes skip a certain number of genes (x-axis) and correlated with enhancer on the distal region. (D) The left barplot shows the number of EG pairs that display significant correlation in a certain number of cancer types (x-axis). The right panel show the detail of two EG pairs which show correlation in 23 cancers. The color of dot indicates correlation and the size represents p-value from Pearson Correlation analysis.


The enhancers that showed a significant correlation with target gene expression were considered “functional enhancers.” Consistent with established knowledge, functional enhancers are more conserved than flanking regions and random genomic backgrounds (Figure 2B). Consistent with a previous report (Javierre et al., 2016), when only EG pairs from GeneHancer were taken into account, 96% of the targets were within 500 kb of enhancers (Supplementary Figure 7B). More than one-half of target gene expression is regulated by at least two enhancers, whereas on average, one enhancer regulates four different targets (Supplementary Figures 7C,D). Intermediate DNA loop generation is a known mechanism that enables the direct interaction between an enhancer and a promoter (Su et al., 1991). ChIA-PET has been applied to study the long-distance interaction between an enhancer and a promoter mediated by TF or Pol II. We analyzed the Pol II ChIA-PET data for MCF-7 cells and observed that the EG pairs with DNA loops showed a higher correlation than those without loops (Supplementary Figure 7E). Unexpectedly, among all the target genes we analyzed, only 8% of the enhancer target genes were located in neighboring regions (Figure 2C). Previous reports showing that the nearest genes are more likely to be enhancer targets (Heintzman et al., 2009; Visel et al., 2009; Xu et al., 2012); however, our findings suggest that enhancers tend to skip the nearest genes, which is consistent with the result by Sanyal et al. (2012).

In our study, among all 20,930 EG pairs, 70% showed a significant correlation in at least two cancer types. Two EG pairs containing the target genes SIPA1L2 (signal-induced proliferation-associated 1 like 2) and LOC642852 showed a significant correlation in 23 cancers (Figure 2D). SIPA1L2 is related to GTPase activator activity and the Ras signaling pathway. The dysregulation of SIPA1L2 is also known as a risk factor for cancer. Although a non-coding gene, LOC642852 is widely expressed in different cancers, and some studies have reported that LOC642852 is related to colorectal cancer and pancreatic cancer (Giulietti et al., 2018; Zhang et al., 2019).



Enhancers Contribute to Cancer Signaling Pathways

To further characterize enhancer functions in cancer, data on 174 genes in 10 common oncogenic signaling pathways were collected (Sanchez-Vega et al., 2018). More than one-half of the genes in each pathway were significantly correlated with enhancer activity, which indicates the important function of enhancers in regulating the activity of these pathways (Figure 3 and Supplementary Figure 8). For example, MYC is a key oncogene in the MYC signaling pathway, and the dysregulation of MYC is related to the development of many cancers (Boxer and Dang, 2001; Eilers and Eisenman, 2008; Gabay et al., 2014). Three different enhancers of MYC were identified (Figure 4). MYC is highly expressed in many cancer types, but the abnormal activation of MYC is related to different enhancers (Lancho and Herranz, 2018). In COAD and STAD, MYC expression is related to the enhancer located approximately 160 kb upstream of the MYC promoter (E1), while for HNSC and BLCA, the expression of MYC is correlated with the enhancer located near the promoter downstream (E2). Interestingly, MYC expression is significantly correlated with both of these enhancers in STAD. To study how these two enhancers contribute to MYC expression in STAD, both one-way and multivariate analyses of variance were performed, and the results showed that E1 contributes to MYC more significantly (Supplementary Figure 9). Surprisingly, low expression of both E1 and E2 results in the recovery of MYC expression in STAD, suggesting that other unknown regulatory mechanisms might be involved. The third enhancer (E3) of MYC is located far downstream from the gene, and some other genes are in the intermediate region. However, the activity of this enhancer only shows a strong correlation with MYC expression in LUAD, BRCA, CESC, and ESCA. Interestingly, the single-nucleotide polymorphism (SNP) “rs11780156,” which has been reported as a risk SNP in GWAS in breast cancer was found in the MYC enhancer E3 (Shi et al., 2016). Moreover, several other SNPs (rs6999335, rs6999897, rs11783807, rs56152647, rs6992491, and rs67397162), in linkage disequilibrium with SNP “rs11780156,” are all located in this enhancer according to HaploReg (Ward and Kellis, 2012), suggesting that E3 plays an important role in increasing the risk of BRCA.
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FIGURE 3. Enhancer effects in establishing cancer signaling environments. The genes within each cancer signaling pathway were colored according to the max correlation across all cancer types.
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FIGURE 4. MYC and its enhancers in different cancers. The cartoon shows the relative position of MYC and its enhancers. The detail of correlation results was showed in the down panel. Each dot represents one cancer samples.




Enhancers Regulate Cancer Hallmarks

We also examined the enrichment of enhancer target genes in cancer hallmarks (Hanahan and Weinberg, 2011). As expected, the target genes were significantly enriched in these 10 hallmarks (Figure 5A). For example, the hallmark of tissue invasion and metastasis is enriched in nearly all tumor types, suggesting that the genes that promote tumor invasion and metastasis are most likely the regulatory targets of active enhancers. Some other hallmarks are enriched only in a few types of cancer, suggesting that while some common traits are shared by most types of cancer, the heterogeneity of cancer hallmarks can be used to distinguish different types of cancer. Although the enrichment patterns are different among cancer types, approximately 50% of genes belonging to each cancer hallmark were found to be regulated by enhancers (Figure 5B), suggesting that enhancers play important roles in characterizing cancer traits.
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FIGURE 5. Enhancer regulates cancer hallmark. (A) Enhancer target genes in each cancer types were used to calculate enrichment in every cancer hallmark by Hypergeometric distribution test. The significant enriched hallmark was labeled with red border. (B) The EG pairs within each cancer hallmark were shown as network. The red dots in outer circle were enhancers in each cancer and the colored dots in inner circle were the genes belong to every hallmark. The lines between enhancers and hallmark genes were decided by correlation analysis results. The inner barplot indicates the percentage of enhancer targets take in total hallmark genes. The 50% were marked with dash line.




Tumor-Infiltrating Lymphocytes Are Regulated by Enhancers

A significant number of genes identified in our EG list were involved in one of the important cancer hallmarks, the “evading immune detection” (EID) pathway in PRAD, COAD, and GBMLGG cancers, among which PRAD shows the most significant enrichment (Figure 5A). These three cancer types generally have higher tumor purity than the other types (Supplementary Figure 10). To evaluate the effect of an enhancer on the tumor immune response, an EES was developed. EES is a weighted average Pearson correlation calculated for all EG pairs within an EID pathway. We found that, in PRAD, the EES was significantly correlated with tissue infiltration of many immune cells, such as natural killer cells, activated CD8+ T cells, dendritic cells, T helper cells, and immature B cells (Figure 6A and Supplementary Figure 11). However, the activity of the EID pathway, which was measured by the average gene expression, was not related to tumor-infiltrating lymphocytes (TILs) (Supplementary Figures 12A,B). Since each enhancer may regulate more than one gene, depending on the local chromatin organization, this result suggests that enhancers can be better representatives of local genomic activity than any single gene.
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FIGURE 6. AR promote tumor immune evading by binding on enhancer region and stimulate PVR expression. (A) The correlation between EES score and TILs score measured by TCIA database in prostate cancer. Each dot indicates one prostate samples. The significant correlation (p-value < 0.05) were labeled in red. (B) The ATAC-seq signal on PVR and its enhancer locus. The PVR enhancer locus were labeled with yellow shading. The detail of PVR expression and enhancer activity correlation was shown in the right down panel. Each dot represents one prostate cancer sample. The right up panel was ATAC-seq signal on PVR locus in random selected seven prostate samples. (C) The cartoon for artificial protein complex predicted by combination results from DNA motif analysis, modulator searching analysis and protein-protein interaction network (from STRING database). MED1 and AR were labeled in red. (D) The PVR expression was shown in barplot between group of prostate cancer cell line (CWR22RV1) with (red) and without (blue) AR knockdown in the first exon. (E) The PVR expression were shown in barplot between groups of prostate cancer cell line (LNCap) with higher AR level (blue) and lower AR level (red). (F) The PVR expression was shown in boxplot between prostate samples before and after Androgen Ablation therapy.


By examining every EG pair within the EID pathway, we found that PVR and its enhancer showed the most significant correlation (Supplementary Figure 13A). PVR, also known as CD155, is an immune checkpoint that can suppress the immune response through its interaction with the T-cell receptor TIGIT (Inozume et al., 2015). PVR is highly expressed in many cancers, including prostate cancer (Supplementary Figure 13B), and its high expression is associated with poor clinical outcomes for prostate cancer patients (Supplementary Figure 13C). The enhancer of PVR identified in this study was situated approximately 40 kb upstream of the promoter, and the correlation between the enhancer activity and gene expression was 0.78; PVR is actively transcribed in many cancers (Figure 6B), and the putative enhancer of PVR was found to be positively correlated with PVR gene expression across all examined cancer types (Supplementary Figure 14). The activation of this enhancer is accompanied by PVR expressed in many cancers, such as ESCA, HNSC, and LUSC (Figure 6B). In other cancer types, such as KIRP, MESO, and CHOL, PVR expression also seems to be related to a putative intergenic enhancer in an intron of IGSF23.

The regulation of the target genes by enhancers is influenced not only by enhancer activity but also by factors mediating the interactions between the enhancer and the promoter. Since MED1 is an essential factor for enhancer regulation of the target gene (Sabari et al., 2018; Zamudio et al., 2019), the influence of MED1 on the correlation between the enhancer and PVR expression has been validated (Supplementary Figure 15). To globally explore the factors that potentially mediate the interaction between the PVR enhancer and promoter, a search for modulators was performed. Highly expressed genes contributing to the high correlation of the PVR enhancer and promoter were considered potential modulators, and 1,215 PVR modulators were identified by this method (Supplementary Figure 16). The top 20 modulators were selected for further characterization, and among these candidate, proteins directly binding to the PVR enhancer and promoter were identified by motif screening. The 20 modulators found in this manner were further filtered according to the STRING database. The proteins showing no connection to other modulators were removed, and the remaining modulators were used to form a protein–protein interaction network to predict the protein complex(es) mediating the interaction between the PVR enhancer and its promoter (Figure 6C). Within this predicted protein complex, in addition to MED1, AR was found to be an important hub node.

In support of our proposition, a reanalysis of AR binding with an AR ChIP-seq dataset containing both normal and tumor samples of prostate cancer revealed that AR binds only to the PVR enhancer region in the prostate tumor samples but not in the normal prostate tissue (Pomerantz et al., 2015). This result suggests that highly expressed PVR in tumors may correlate with the binding of AR to enhancers (Supplementary Figure 17). Moreover, the knockdown of AR in CWR22Rv1 prostate cancer cell lines led to decreased PVR expression (Hepburn et al., 2019; Figure 6D). PVR expression is also significantly higher in prostate cancer cells with high AR levels (Lee et al., 2019; Figure 6E). These results suggest that AR mediates PVR expression in prostate cancer. AR binds to androgen and then enters the nucleus to regulate gene transcription. The function of AR is affected when androgen levels are modulated. We generated a clinical dataset (Rajan et al., 2014) based on prostate cancer patients who had accepted androgen ablation therapy, and we found a significant decrease in PVR expression in patients after treatment (Figure 6F). Together, these results indicate that AR plays potential roles in regulating PVR expression by mediating its promoter interaction with a distal enhancer.



DISCUSSION

Enhancers are critical regulatory elements of gene expression, and the characterization of the dysregulation of enhancers is important in cancer research (Kron et al., 2014; Yuan et al., 2017). In this study, we analyzed GRO-seq data of cancer cell lines to globally identify enhancers based on eRNA expression. The importance of these enhancers was further investigated in cancer databases, and the results revealed that these enhancers are important for regulating cancer signaling pathways and cancer hallmarks. Among the enhancers, a critical enhancer of the PVR gene was investigated in prostate cancer owing to its potential regulatory role in mediating immune repression. Interestingly, AR was found to be the trans-regulator of this enhancer and to be positively correlated with highly expressed PVR. As a risk factor for prostate cancer, AR has been targeted in clinical treatment for many years (Huggins and Hodges, 1972). Previous studies have mainly focused on AR as a type of nuclear receptor TF that has the ability to promote tumor growth and development by binding to downstream target genes and mediating the activation of genes related to proliferation, anti-apoptosis, or other cancer genes (Huang et al., 2018). Our results, on the other hand, suggest that AR binds to the enhancer region and amplifies the transcription of PVR genes, which results in the suppression of immune cells. This novel finding not only provides new clues to a new target gene regulated by AR but also indicates a previously unknown working mechanism of AR; that is, it binds to gene enhancers. In fact, AR binding to enhancers has been previously reported, suggesting that regulating gene expression via its enhancer is one of the important working mechanisms of AR.

The initial efforts in characterizing enhancers were based on DNase I hypersensitivity. With the accumulation of increased knowledge of enhancers, more features can be used to characterize them. The characterization of enhancers by quantitating eRNA is the newest approach and has shown remarkable robustness and sensitivity (Hah et al., 2011; Li et al., 2013). However, most eRNAs are not stable and require that the signal be captured through other approaches, such as GRO-seq. Since GRO-seq is more appropriately used to analyze cell lines than tumor tissues, we chose to reconcile the GRO-seq data obtained from cell lines with tumor gene expression data. While this approach enabled us to globally analyze how enhancers may influence gene expression and contribute to tumor traits, the nature of enhancers as dynamic regulatory elements limits the accuracy of this type of analysis. Some enhancers might be tumor specific, and some enhancers may be cell line specific. The reconciliation of the data obtained from different resources will greatly impede the identification of important EG pairs. In fact, when the depth of RNA-seq goes deeper, the potential to identify robust enhancers through characterized eRNA is increased. Thus, our pilot study suggests that eRNA is a reliable way to predict enhancers and has great power to identify important cancer driving enhancers. In the future, with eRNA data obtained directly from the sequencing data of tumor samples, more critical cancer-driving enhancers might be discovered.

Targeting the immune checkpoint is thus far the most successful tumor therapeutic approach. In addition to the well-recognized immune checkpoint blockers, such as CTLA-4 and PD-1, this type of immune blocker awaits for investigation of its involvement in cancer. PVR has been reported to be an entry receptor of poliovirus (Bowers et al., 2017). Binding of PVR to TIGIT, an inhibitory receptor, results in immune repression through the intracellular phosphorylation of substrates. Thus, high expression of PVR is associated with a worse outcome for several types of cancer (Nakai et al., 2010; Bevelacqua et al., 2012; Nishiwada et al., 2015). Our finding of a PVR enhancer is the first report indicating the potential role of PVR in prostate cancer. To our surprise, we were only able to observe that the EES of the EID pathway correlated with the outcome of patients. The correlation of the average expression of an EID pathway gene and the outcome for patients was not significant. However, we found that the PVR enhancer is in a very gene-rich region, suggesting that the PVR enhancer might also play roles in regulating the expression of other genes in addition to its dominant role as a PVR gene enhancer. In fact, regulating the expression of several genes by a single enhancer is not unusual. Thus, the EES of EID genes might be a better predictor of patient outcome than average gene expression.
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