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Detection of Differentially Expressed Cleavage Site Intervals Within 3′ Untranslated Regions Using CSI-UTR Reveals Regulated Interaction Motifs
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The length of untranslated regions at the 3′ end of transcripts (3′UTRs) is regulated by alternate polyadenylation (APA). 3′UTRs contain regions that harbor binding motifs for regulatory molecules. However, the mechanisms that coordinate the 3′UTR length of specific groups of transcripts are not well-understood. We therefore developed a method, CSI-UTR, that models 3′UTR structure as tandem segments between functional alternative-polyadenylation sites (termed cleavage site intervals—CSIs). This approach facilitated (1) profiling of 3′UTR isoform expression changes and (2) statistical enrichment of putative regulatory motifs. CSI-UTR analysis is UTR-annotation independent and can interrogate legacy data generated from standard RNA-Seq libraries. CSI-UTR identified a set of CSIs in human and rodent transcriptomes. Analysis of RNA-Seq datasets from neural tissue identified differential expression events within 3′UTRs not detected by standard gene-based differential expression analyses. Further, in many instances 3′UTR and CDS from the same gene were regulated differently. This modulation of motifs for RNA-interacting molecules with potential condition-dependent and tissue-specific RNA binding partners near the polyA signal and CSI junction may play a mechanistic role in the specificity of alternative polyadenylation.

Source code, CSI BED files and example datasets are available at: https://github.com/UofLBioinformatics/CSI-UTR
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INTRODUCTION

Detecting differential expression of regions of the 5′ and 3′ untranslated regions (UTRs) is of great importance for understanding the processes of transcription, translation, and transcript localization. Specifically, shortening and lengthening of 3′ UTRs through alternative polyadenylation (APA) on a global and gene-specific scale has been associated with cell proliferation, cancer, development, and cell differentiation (Di Giammartino et al., 2011). Approaches for detecting and characterizing alternative splicing events in the UTRs provide the opportunity to increase the utility, impact, and efficiency of NGS transcriptomic experiments. Importantly, the expansion of the known repertoire of UTRs improves the accuracy of alignment which is critically important for quantification of gene products using RNA-Seq. Beyond this, the study of these UTR splicing events represents an understudied but rich landscape for potential transcriptional regulation with broad implications for dynamic biological processes in many fields of research.

More recently, approaches to measure alternative splicing in coding sequence (CDS) regions have appeared, including methods that analyze differential expression at the exon level (Katz et al., 2010; Wu et al., 2011; Shen et al., 2012, 2014; Hu et al., 2013; Hartley and Mullikin, 2016). The decreasing costs in sequencing, along with development of APA sequencing methods (polyA-Seq) (Fox-Walsh et al., 2011; Shepard et al., 2011; Derti et al., 2012) now allow for a more thorough understanding of the complete transcript in (potentially) all its forms, including the 5′ and 3′ UTRs which play significant roles in both transcriptional and translational regulation.

One of the limits of differential expression approaches is the reliance on gene and transcript annotations (Consortium, 2014). When considering a well-studied species, the CDS regions are likely to be fairly well-annotated. However, the UTRs are generally poorly constructed, even when the CDS regions are well-described. As a case in point, sequencing technologies were used to understand 3′ UTRs in C. elegans (Mangone et al., 2010). Prior to their work, less than half of the genes in WormBase (Howe et al., 2016) had annotated 3′ UTRs, while with a relatively low coverage they were able to construct 3′ UTRs for 73% of all genes, including over 7,000 previously unannotated APA sites. Other studies have proceeded to capture APA within tumor types (Xia et al., 2014) and within mammalian cell lineages (Wang et al., 2013).

Figure 1 illustrates the poor annotation and inconsistency in 3′UTR structure available in databases, showing that the number of annotated 3′ UTRs for rat is about 25% that for human, and the number for mouse is a little more than 50% the number for human. It also illustrates the length of such 3′UTRs, which can be as long as ~10,000–40,000 bp. A summary of the annotated UTRs is given in Table 1.
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FIGURE 1. Length and distribution of UTRs for human, mouse, and rat. Shown in the x-axis is the cumulative number of total UTRs. The y-axis for each point represents the longest annotated length from the stop codon for each Ensembl gene, with genes sorted from shortest to longest along the x-axis.




Table 1. Summary statistics of annotated 3′ UTRs in the human, mouse, and rat.
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Derti et al. (2012) developed the polyA-Seq approach that was applied to five mammalian genomes in order to help address this issue. The number of detected rat APAs using polyA-Seq is much larger than mouse (Table 1), which is counter to the number of annotated 3′ UTRs, further highlighting the limitation of canonical annotations.

The choice of the site for adding a polyA tail onto an mRNA transcript is largely driven by a complex of proteins, including the cleavage/polyadenylation specificity factor (CPSF) which binds to a motif typically 10–30 nucleotides upstream of the cleavage site (Bienroth et al., 1993). The canonical binding sequence for CPSF is the hexamer AAUAAA, but alternative hexamer binding sequences are functional as well. The top 10 hexamers have recently been shown to account for 98% of all polyA sites, and their usage is highly tissue dependent, an observation found across multiple mammalian species (Derti et al., 2012).

Recent advances in understanding translational control mechanisms such as miRNA (Carrington and Ambros, 2003), AU rich elements (AREs) (Shaw and Kamen, 1986; Chen and Shyu, 1995), cytoplasmic polyadenylation elements (CPEs) (Mcgrew et al., 1989), and localization binding elements (Jansen, 2001) illustrate the important role that the 3′ UTR plays, particularly in processes such as development, embryonic axis formation, neurogenesis, and erythropoiesis where post-transcriptional control is critical in controlling mRNA stability, localization, and translation (Kuersten and Goodwin, 2003). A disproportionate number of UTRs showing condition and/or location specific differential expression have been found within the nervous system (Mercer et al., 2011, 2012). Studies have shown that well over 50% of all mammalian genes have multiple polyadenylation sites, indicating alternative splicing in the 3′UTR that may or may not be associated with changes in the coding regions (Tian et al., 2005). Therefore, it is highly likely that changes in the structure of the 3′ UTR of an mRNA will greatly affect the expression or sub-cellular localization of a particular transcript, even in cases where the coding region remains the same.

For instance, brain-derived neurotrophic factor (BDNF) has two alternatively polyadenylated transcripts in the brain, differentiated by short and long 3′ UTRs. The role of the 3′ UTR appears to be localization, with the short 3′ UTR mRNAs restricted to somata, and long 3′ UTR mRNAs localized in dendrites (An et al., 2008). Additional genes including ARC (Kobayashi et al., 2005), MAP2 (Blichenberg et al., 1999), αCAMKII (Mori et al., 2000), SHANK1 (Böckers et al., 2004), and vasopressin (AVP) (Prakash et al., 1997) contain dendrite targeting elements (DTEs) in their 3′ UTRs as well, which has been experimentally demonstrated as a prerequisite for dendrite localization via an association with the protein CBF-A (Raju et al., 2011). Sensorin contains a 66 nucleotide (nt) 3′ UTR localization element (LE) that is sufficient for localization to distal neurites (Meer et al., 2012). Cytochrome C oxidase IV (COXIV) contains a signal in its 3′ UTR that serves as a necessary and sufficient condition for transport to distal axons (Aschrafi et al., 2010). A 60 nt segment of amphoterin (HMGB1) mRNA is sufficient for its localization in axons of cultured sensory neurons (Merianda et al., 2015). The 3′ UTR of β-actin is sufficient to target mRNA for axonal transport (Willis et al., 2011) based on a conserved zip code element (Kislauskis et al., 1994). An additional study has shown the association of a number of genes with RNA binding proteins, including the zip code binding protein, ZBP1 (Patel et al., 2012). Other studies have suggested the potential role of G-quadraplexes located in the 3′ UTR of mRNAs localized to neurites (Subramanian et al., 2011). All of these examples underscore the functional importance of regions within the 3′ UTR.

Both lengthening and shortening of the 3′ UTRs are important processes during development, regulating the number of sites available for interactions with RNA binding proteins. In Drosophila, a subset of neural specific genes exhibit elongation of their 3′ UTRs during embryogenesis, producing 3′ UTRs that are 20-fold longer than typical mRNAs (Hilgers et al., 2011). A similar study in mouse (Ji et al., 2009) showed that mRNAs expressed in the mouse brain during embryonic and postnatal development tend to have longer 3′ UTRs than other tissues. In addition, this study showed an 8- to 20-fold increase in the number of genes with lengthened 3′ UTRs during differentiation of C2C12 myoblast cells to myotubes. Shortened 3′ UTRs also play a role in translational control. Proliferating cells express mRNAs with shortened 3′ UTRs (Sandberg et al., 2008), allowing them to have fewer miRNA target sites which protects them against degradation by dicer. It has been shown that shortened mRNAs activate oncogenes, have an increased stability, and are transcribed 2.6 times more efficiently (Mayr and Bartel, 2009). Tumors expressing shorter 3′ UTRs have been shown to be more aggressive in nature, and gene expression signatures based solely on 3′ UTRs are strong predictors of survival (Lembo et al., 2012). The insertion of a transposon within the 3′ UTR of the COMT gene in certain strains of mice has been demonstrated to induce a shortened 3′ UTR isoform associated with increased protein expression in the prefrontal cortex and hippocampus (Li et al., 2010). In addition to the 3′ UTR serving as a cis mechanism for regulating translation of an mRNA sequence, a recent study has suggested that post-translational processing of the 3′ UTR can also produce non-coding RNAs termed uaRNAs (3′ UTR-associated RNAs) that can act in trans to regulate gene expression (Flynn et al., 2011; Mercer et al., 2011).

Recent studies have considered the roles that APA has within breast cancer. These studies indicate that 3′ UTR signatures can be used to define a highly metastatic subgroup of triple-negative breast cancer (Wang et al., 2016). This is hypothesized to occur due to an upregulation of CSTF2 in response to EGF, resulting in shortening of 3′UTRs (Akman et al., 2015). Examination of two breast cancer cell lines shows a complex regulation of APA, with MCF7 transcripts showing broad 3′ UTR truncation, and MB231 exhibiting elongated 3′UTRs (Fu et al., 2011).

MATERIALS AND METHODS

Sequencing Ends of Transcripts

Recently developed methods for sequencing the ends of mRNA use a poly-dT primer to detect the polyA tail, with sequencing extending into the CDS for gene identification. The resulting sequences thus produce 3′-biased cDNA libraries which can be further explored for alternative polyadenylation site detection. In the case of PAS-seq (Shepard et al., 2011) and MAPS (Fox-Walsh et al., 2011), the universal primer used is of the form T20VN, representing 20 consecutive T's (complementary to the polyA tail), followed by a non-T nucleotide, and ending with any nucleotide. This pattern allows for the precise determination of the location of the beginning of the polyA tail, thus indicating the APA site. For PolyA-Seq, the primer is modified to T10VN, allowing for shorter polyA tails and more favorable hybridization kinetics (Derti et al., 2012). More recent approaches have considered the use of these data for modeling polyadenylation sites (Ji et al., 2015; Szkop and Nobeli, 2017).

Computational Approaches to Detecting Differential UTR Expression

The current state of analysis of differential 3′ UTR expression is nascent. Methods for analysis of 3′ UTRs have been focused mainly on detecting the extent of the 3′ UTR landscape in order to improve annotation for transcript assembly, including IsoSCM (Shenker et al., 2015) which employs change-point models for detecting differences in RNA-Seq coverage (Zhang and Wei, 2016); KLEAT (Birol et al., 2015) which uses poly(A) tails represented in RNA-Seq data to define the ends of transcripts, and GETUTR, which defines 3′ UTR boundaries using heuristic and regression approaches (Kim M. et al., 2015). Other methods look at APA site switching from long to short forms using statistical methods such as an independent test and linear trend test (Li et al., 2015), hidden Markov models (Lu and Bushel, 2013), change-points (Wang et al., 2014), or consider the presence or absence of alternative tandem APAs, as with 3USS (Le Pera et al., 2015). Very recent approaches have been taken to catalog polyadenylation sites using RNA-Seq data (Yeh et al., 2017; Arefeen et al., 2018; Ha et al., 2018; Ye et al., 2018). To the best of our knowledge, none of the approaches provide statistical methodologies for considering differential expression of regions of 3′UTRs associated with alternative polyadenylation outside of determining gross shortening or lengthening events. In order to elucidate mechanisms, much greater resolution is needed. We therefore have developed an approach, CSI-UTR, which builds cleavage-site intervals (CSIs) based on polyA-Seq datasets for defining observable APA sites. This information is then used to determine significant changes in CSIs within 3′ UTRs for RNA-Seq datasets.

CSI-UTR

Our approach, CSI-UTR, requires two sets of inputs, (1) the CSIs to be examined in BED format, and (2) the sequence reads. An overview of the approach of CSI-UTR is given in Figure 2. We first define sets of CSIs as detailed in the section “Defining Cleavage Site Intervals (CSIs)”. Once these CSIs are set for a given species, analysis can proceed on any given dataset as detailed in the section “Computational approaches to detecting differential UTR expression”.
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FIGURE 2. CSI-UTR process diagram. (Yellow = external data sources; orange = external programs; green = CSI-UTR algorithms; purple = differential expression results; blue = output files). The input into CSI-UTR requires two sets of inputs: uniquely aligned input reads in BAM format which can be determined from raw RNA-Seq reads mapped to the corresponding reference genome; and a set of CSIs defined in BED file format. The CSIs are pre-computed for the hg38, mm10, and rn6 reference genomes using publicly available polyA-Seq data. The aligned reads are then mapped to CSIs and are normalized, resulting in a normalized expression matrix that is used to calculate differential expression using the CSI-UTR WITHIN, PAIRWISE, and DEXSeq methods. Once differentially expressed CSIs are identified, their associated genes can be used for further downstream enrichment analysis.



Defining Cleavage Site Intervals (CSIs)

Publicly available RNA-Seq datasets, along with 3′ polyA-Seq data, allows for a more accurate detection of the true 3′ ends of transcripts. We define a cleavage site interval (CSI) for a particular 3′ UTR as a region in-between two functional alternative polyadenylation sites. Using polyA-Seq reads from the study by Derti et al. (2012) (GEO series GSE30198; SRA accession SRP007359) which performed sequencing on a variety of tissues from human, mouse, and rat, we developed a pipeline for defining CSIs in these species. An overview of the CSI structure within the 3′ UTR of the rat GAD1 gene is provided in Figure 3.
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FIGURE 3. Example of CSI structure for the GAD1 gene based on the rat Rn6 assembly. (A) Key chromosomal locations on Rn6 chromosome 3, including cleavage site locations (indicating CSIs) (not to scale). (B) Rn6 reference genome sequence at boundary locations. (C) Structure of the seven CSIs identified in the 3′ UTR region of GAD1 by CSI-UTR, based on polyA-Seq data. (D) Example polyA-Seq reads showing polyA sequences at cleavage sites. Based on the evidence of cleavage sites provided by the polyA-Seq data in (D), CSI-UTR identifies seven cleavage site intervals (CSIs), beginning immediately after the distal most stop codon at position CHR3:56,90,898. CSI-UTR extends potential GAD1 transcripts to CHR3:56,932,766, well past the annotation provided by RefSeq entry NM_017007.1 which extends to CHR3:56,902,139.



Preparing Regions of Interest Using Gene Transfer Files (GTFs)

The first step in determining cleavage site intervals for a particular species is to prepare potential intervals where alternative polyadenylation can occur for each known protein coding gene. This process begins with obtaining an appropriate GTF for the organism build of interest. In our case, we downloaded GTF files for human (hg38), mouse (mm10), and rat (rn6) from Ensembl's ftp site (usaeast.ensembl.org/info/data/ftp/index.html).

For human, Ensembl release 82 was used, while Ensembl release 84 was used for mouse and rat. Due to the incomplete annotations for the rat transcriptome, we created a second set of GTFs for the rat which additionally incorporated RefSeq annotations. Stop codons and exons were parsed from the GTF files into separate stop codon and exon files for each organism, separated by the exon's strandedness (coding or template strand). All exons annotated as non-coding (such as microRNAs, lncRNAs, pseudogenes, 5′ and 3′ UTRs) were parsed into a non-coding exon GTF for both the coding and template strands, and stored separately. A BED file (Quinlan, 2014) was created for each resulting GTF. The BED files were searched, and overlapping exons were concatenated and stored into a new BED file. All exons were searched against the stop codons previously parsed to determine terminal exons (exons containing a stop codon) in both the coding and template strands. The stop codons were parsed to determine overlapping stop exons in a pairwise fashion for both the coding and template strands. Overlapping stop exons were merged based on name and positional overlap and the most distal stop codon location was determined. The region between the distal stop codon and the beginning (or end, if occurring on opposite strands) of the next gene was determined based on current annotations. The resulting regions, which included current annotated 3′ UTRs as well as intergenic locations, were stored as intervals and marked for potential overlap with polyA-Seq data. Such an approach allowed for the extension of known 3′ UTRs given the resulting polyA-Seq data.

Determining PolyA Ends of Protein-Coding mRNAs

The 3′ ends of protein-coding mRNAs was determined using polyA-Seq data generated from a previous study (Derti et al., 2012) for human, mouse, and rat. This approach can be more generally applied to any organism of interest where an appropriate depth of 3′ sequencing data is available. While this approach is limited to those 3′ UTRs that have already been discovered, performing 3′ sequencing on the same tissue of interest in the experimental manipulation could be performed to ensure complete annotation of novel UTR splicing. Sequence data was downloaded from the Sequence Read Archive ftp site, and converted to fastq format using the fastq-dump tool from the SRA toolkit (Leinonen et al., 2011). These datasets (listed in Table 2) were analyzed separately in order to allow for tissue specificity and were later concatenated to generate a broader database of known UTRs. The resulting fastq files were trimmed for sequence quality using Trimmomatic v0.33 (Bolger et al., 2014) with the parameters “ILLUMINACLIP:TruSeq2-SE.fa:2:30:10 LEADING:20 TRAILING:20 SLIDING WINDOW:3:30 MINLEN:25.”


Table 2. SRA polyA-Seq data utilized from Derti et al. (2012).
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Genomes for mouse, human, and rat were downloaded from the UCSC genome resource (Kent et al., 2002). Genome versions used include hg38 (human), mm10 (mouse), and rn6 (rat). Each of the SRA fastq files were mapped to the corresponding genome using tophat v2 (Kim et al., 2013) with the Ensembl genome GTF as a guide for known exon junctions. Up to two hits per read (parameter “-g = 2”) were used in order to decrease the likelihood of false alternative polyadenylation sites. In addition, the parameter settings “-p4 —library-type fr-firststrand —no-coverage-search” were used. After the sequences were mapped, the bam alignment files were converted to SAM files using samtools view (Li et al., 2009). These SAM files were then parsed and split into template and coding strand alignments, filtering out reads that did map to unique positions on the genome. The SAM files were subsequently converted to BED alignment files containing information concerning the chromosome, chromosome start, chromosome end, read name, score, and strand. Peak polyA locations were constructed based on read beginning positions from the BED file. The number of reads starting at each chromosomal location were tallied. A region surrounding the polyA peaks was constructed consisting of 40nt upstream and 30nt downstream of each peak location, based on suggested settings for the R cleanUpdTSeq package (Sheppard et al., 2013). Sequences for these regions were obtained using bedtools getfasta (Quinlan, 2014). The resulting peak results were used as input into cleanUpdTSeq to determine which peaks were likely due to true polyA events from mRNA sequences, and not from internal priming events as a result of homopolymer runs within the CDS. The scores from cleanUpdTSeq were added to the BED files for each region identified. The polyA sites having a positive score (likely true mRNA polyA events) were clustered together if they were within 30 bp of each other. As shown in Supplemental Figure 1, over 90% of clustered polyA sites occur within 20 kb of the distal-most stop codon for hg38, mm10, and rn6. For the human and mouse genomes, <5% of all clustered polyA sites extend past 40 kb.

Assigning PolyA Sites to Gene Regions

Clustered polyA sites were searched against the terminal exon intervals to assign each polyA cluster to its closest gene based on the region between the distal stop codon/terminal exon and the next known coding exon. Cleavage site intervals for each gene were then constructed with the first location corresponding to the distal stop codon, and the last location marked by the distal polyA cluster occurring within the interval. Each CSI corresponds to a region between polyA clusters (or the distal stop codon) for a particular gene. The CSI annotations for each organism were then constructed and stored as BED files (Zhang, 2016) which are tab-delimited files. Table 3 shows an example for the CSIs for the GAD1 gene in modified BED format in the rat rn6 assembly. In the series of CSIs detected, the longest UTR in the GAD1 gene was 1719 nt. In addition to the traditional BED fields, the name field is modified to contain the CSI identifier in the format GeneName:StopCodonPosition_CSIBeginLocation-CSIEndLocation; and an additional field denotes the gene identifier, typically from Ensembl (Yates et al., 2016) or RefSeq (O'leary et al., 2016).


Table 3. Example CSI BED file for GAD1.
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Detecting Differential Expression

CSI-UTR takes as its inputs two sets of data: (1) a file containing a list of cleavage site intervals defined in BED format (Table 3) and (2) a set of files, one for each sample, containing reads aligning uniquely to the genome of interest in BAM format. The BED file is constructed once per genome, as outlined in section “Sequencing ends of transcripts”. Pre-computed BED files are also available for download for human, rat, and mouse at https://github.com/UofLBioinformatics/CSI-UTR. BAM files can be constructed for a particular RNA-Seq experimental setup using a splicing-aware mapping tool of interest, such as STAR (Dobin et al., 2013), HISAT (Kim D. et al., 2015) MapSplice (Wang et al., 2010) or tophat2 (Kim et al., 2013). In order to ensure high confidence that the reads belong to a particular CSI we filtered for only uniquely-mapping reads. Using tophat2, the command was:

tophat2 –no-coverage-search –g=2 \

<bowtie_index> <fastq_reads>

Using the BED and BAM files as input, the alignment file is converted into a CSIcoverage file using the CSI BED intervals and the coverageBed utility from BEDTools (Quinlan and Hall, 2010; Quinlan, 2014). The resulting raw CSI counts are normalized to a counts per million (CPM) value for each sample, resulting in a comparable score for each CSI. These normalized values are written as a normalized CSI expression matrix, and are marked for further differential expression analysis.

Significant usage of each CSI between two different experimental conditions is calculated using three separate methods: pairwise CSI usage (PAIRWISE), within CSI usage (WITHIN), and DEXSeq determined differential CSI expression (DEXSeq). The following variables for CSI counts are calculated, where CPM is the normalized Counts Per Million value. In this case, 0.5 is added as a pseudocount to adjust for zero values:
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Pairwise CSI Differential Expression (PAIRWISE)

In the pairwise significance test, significance is computed between the two conditions, A and B, for a specific CSI, CSIi, using a student's t-test with input values set as two vectors, V1i and V2i representing the indivudal replicate CPM values as follows:
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Where m is the number of replicates in conditon 1, and n is the number of replicates in condition 2. This approach will determine if CSIi is differentially expressed between conditions. However, this is done independently of the expression of the other CSIs and of the CDS itself. Therefore, if CSIi, is differentially expressed using this methodology, it may be indicative of a global change in the expression of the gene itself and does not necessarily indicate APA usage. However, the difference in gene level expression should be recognizable from the transcript quantification itself. Given this limitation, we further developed two within condition (and within gene) approaches that consider the overall usage rates of a particular CSI within a condition relative to the rate of utilization of other CSIs within the same gene and compare these rates across conditions. These additional approaches thus separate out the overall gene expression which is not considered as a factor.

Within CSI Usage Differential Expression (WITHIN)

Since the overall goal is to determine which CSIs are differentially expressed, indicating APA usage, a more robust measure of significance was adopted from the MATS and rMATS approaches for determining exon skipping events (Shen et al., 2012, 2014). In short, this approach compares the overall percentage of reads within a UTR that are incorproated within a specific CSI. The percentage of reads belonging to that CSI in condition 1 is compared to the percentage of reads belonging to that CSI in condition 2 using a Fisher exact test. The statistics for the within CSI usage model are calculated as follows: for each CSIi, a usage, ψ is calculated for condition A and B using the following equations:
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A difference in usage, Δψ, is then calculated as:
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In order to determine the significance for differential usage of each CSI region, a p-value is calculated for each CSI using a Fisher exact test with a contingency table as follows:
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In both models of differential expression, each p-value is corrected for false discovery rate (FDR) using the Benjamini–Hochberg correction (Hochberg and Benjamini, 1990). An example calculation is shown in Figure 4 for the DPYSL2 gene which has six CSIs. In this case, the significance value shown is the FDR-corrected value.
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FIGURE 4. Example of CSI significance calculation. Shown is the calculation of the FDR-corrected significance for dihydropyrimidinase like 2 (DPYSL2) in the rat injury day 90 vs. naïve. A total of six possible CSIs have been identified for DPYSL2 (A). Normalized CSI counts for the injury and naïve conditions are shown in (B,C), respectively. FDR-corrected significance values for each CSI are shown in (D). Statistically significant regions, as determined by Fisher's exact test, are highlighted by a red*.



DEXSeq Formatted Results (DEXSeq)

While the WITHIN method of differential expression utilizing a Fisher exact test as described in the previous section is a similar approach taken by previous methods for detecting alternative splicing events (Shen et al., 2012) and 3′ UTR lengthening and shortening events (Xia et al., 2014), it has the limitation of removing replicate data, and therefore reducing the effect of variance and dispersion on significance detection. In order to incorporate replicate information, the approach taken by DaPars (Xia et al., 2014) involves pairwise comparisons between each replicate in condition 1 to each replicate in condition 2. However, this still ignores the overall variance for each region, thus giving too much weight to outliers. If the samples can be paired (such as paired tumor-healthy datasets), then a modified Cochran-Mantel-Haenszel test could be used. However, this requires a specific set of conditions where the number of samples in both conditions is the same. A more comprehensive alternative approach involves an estimate of dispersion across all samples. DESeq2 (Love et al., 2014) uses a generalized linear model for detecting differential expression in this fashion. Building off of this notion, DEXSeq (Anders et al., 2012) was constructed to determine differential exon usage for cassette exons which assumes differential splicing using only inclusion/exclusion events without considering alternative 5′ and 3′ splice sites. Since CSIs can be thought of as cassette exons in the 3′ UTR, once the CSIs have been constructed and their counts determined for each sample, their differential expression can be computed using the DEXSeq algorithm. Thus, we provide a third approach which uses a modified DEXSeq pipeline for the final step in the differential expression process. When the number of replicates and the per sample read number is small, the WITHIN methodology tends to produce more significantly-different CSIs than the DEXSeq approach. However, as these numbers (and thus the overall power) increase, the number of significant CSIs found by the DEXSeq pipeline increases, with a larger overlap between the WITHIN and DEXSeq methods (results not shown).

RNA-Binding Motif Enrichment

RNA motif enrichment was performed for significantly differentially expressed CSIs using consensus binding motifs in the ATtRACT database of RNA-binding proteins (Giudice et al., 2016) and motifs with MEME v4.10.0 (Bailey et al., 2015). A 100 bp window surrounding the CSI site was used with significance cutoffs of p ≤ 0.05 and FDR ≤ 0.01. Significant CSIs were then shuffled via MEME's fasta-shuffle-letters and used as the background for enrichment analysis. Localized motif enrichment was performed using MEME's centrimo.

RESULTS

Genomic CSI Intervals

Based on the methods outlined in the previous section, CSIs were constructed for the following genomes: human hg38, mouse mm10, and rat rn6. The number of CSIs for each genome ranged from 51,489 (Mm) to 106,418 (Hs) (Table 4). Discrepancies in the number of CSIs detected for each organism may reflect true differences, although read depth and tissues studied may play a role as well. The majority of genes had four or fewer CSIs, with the largest fraction having only one or two CSIs (Figure 5).


Table 4. Summary of CSIs detected for human, mouse, and rat genome assemblies.
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FIGURE 5. Distribution of cleavage sites per gene in the human (Hs), mouse (Mm), and rat (Rn) transcriptomes.



However, a number of genes were detected as having a large number of CSIs, with 77 detected for the human potassium channel tetramerization domain containing 12 (KCTD12) gene. Not all of these CSIs are expressed in every condition, and are thus filtered internally in our program based on sequence-level evidence of contiguous expression from the terminal end of the CDS (i.e., no zero count CSI gaps are present) when individual experimental conditions are compared. A list of the genes with the highest number of CSIs is provided in Supplemental Table 1.

Detection of Differentially Expressed CSIs in RNASeq Datasets

In order to test our methodology, we selected three datasets for further analysis (Table 5). The data sets were selected from the nervous system, where 3′ UTR dynamics is known to be robust. All three species for which CSIs were constructed using CSI-UTR are represented. In addition, the human dataset was chosen to be representative of neurological disorders where APA has been shown to be key (de Sauvage et al., 1992; Dickson et al., 2013), while the mouse and rat datasets were chosen because they are commonly-used models for studying repair and response to nerve injury (Yasuda et al., 2014; Guan et al., 2016).


Table 5. Datasets analyzed.
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For the human late onset Alzheimer's disease (LOAD) samples, 975 genes were shown to have differentially expressed CSIs using our WITHIN approach (FDR < 0.05) (Table 6). Among these are amyloid beta precursor protein (APP), which has been previously shown to be alternatively polyadenylated in Alzheimer's patients (de Sauvage et al., 1992). Using the more sensitive DEXSeq approach, 30 genes were determined to have differentially expressed CSIs (FDR < 0.05), including ATP binding cassette subfamily A member 1 (ABCA1), which is a candidate biomarker gene for Alzheimer's disease (Alonso Vilatela et al., 2012; Love et al., 2015).


Table 6. Differentially expressed events detected.
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Among other genes of interest appearing in the set of 30 are aspartoacylase (ASPA) which maintains white matter and dysfunction of which is a cause of Canavan disease (Bitto et al., 2007); doublecortin like kinase 1 (DCLK1), which is involved in neuron migration and neurogenesis (Deuel et al., 2006); potassium calcium-activated channel subfamily M alpha 1 (KCNMA1) which has been associated with LOAD (Grupe et al., 2006) and schizophrenia (Zhang et al., 2006); and synaptophysin like 1 (SYPL1) which is involved in neuronal differentiation (Leube, 1994). Gene Ontology Biological Process (GO:BP) enrichment analysis using categoryCompare (Flight et al., 2014) indicates those genes with differentially expressed CSIs are highly enriched for two biological processes (FDR < 0.001), including: substantia nigra development, and cell morphogenesis involved in neuron differentiation (Supplemental Figures 2–4; Supplemental Tables 2,3).

For the mouse CSIs, a dataset from a model of optic nerve crush-induced axonal injury (Yasuda et al., 2014) was considered for analysis. Using the DEXSeq methodology, 68 genes were determined to have differentially expressed CSIs (Table 6) (FDR < 0.05). Among these are alanyl-tRNA synthetase (AARS), which is implicated in Charcot-Marie-Tooth disease (Latour et al., 2010); cadherin 2 (CDH2), which is involved in neuronal differentiation (Cherry et al., 2014); cysteine rich motor neuron 1 (CRIM1); neurexin (NRXN1); synuclein alpha (SNCA), which is a major component of amyloid plaques in patients with Alzheimers disease (Uéda et al., 1993; Matsubara et al., 2001; Lutz et al., 2015); and SRY-box 11 (SOX11), which plays a role in neural differentiation and the response to injury (Jankowski et al., 2006, 2009). SNCA and SOX11 are differentially expressed both at the gene and CSI level along with stathmin 4 (STMN4), serotonin receptor 1B (HTR1B), and histone cluster 1 H2B family member G (HIST1H2BG). GO:BP enrichment of the DEGs resulted in a handful of categories generally related to neuronal dendrite development and synaptic transmission (Supplemental Figures 5–7; Supplemental Tables 4–6).

Our own rat dataset consists of a time series analysis of the transcriptional profile of the dorsal root ganglion (DRG) after sciatic nerve transection. For both differential gene expression and significantly changed CSIs, we focused on changes at an early (3 day) and late (90 day) time point after axotomy vs. untreated controls for the purpose of this study. At the early time point (day 3 vs. naïve), a large number of DEGs (1972) and genes with DE-CSIs using both the WITHIN (3,485) and DEXSeq (6,347) pipelines were detected (Table 6). By the late time point (day 90 vs. naïve), the number of DEGs (672) and genes with DE-CSIs (544 using WITHIN; 2,866 using DEXSeq) was greatly reduced.

In terms of the enriched biological processes for DE-CSIs, at day 3 vs. naïve, the top 25 GO terms for the DEXSeq CSI pipeline includes processes involved in axonogenesis (such as regulation of neuron projection development, axon development, axonogenesis, synapse organization, etc.) and transport (vacuolar transport, Golgi vesicle transport, endosomal transport, cytosolic transport, etc.). The WITHIN pipeline yields similar enriched processes.

At day 90 vs. naïve, the top enriched GO biological processes for the DEXSeq CSI pipeline can be grouped into processes involved in synapse formation (synapse assembly, dendrite development, regulation of neuron projection development, dendrite morphogenesis, regulation of synapse assembly, synapse organization, axonogenesis, gliogenesis, etc.) and muscle development (although in this context, more likely related to axon regeneration, since both contain actin filament organization, and actin filament polymerization). The results from the WITHIN CSI pipeline show a similar enrichment for synapse formation along with enrichments for cell morphogenesis (regulation of cell morphogenesis, regulation of cell morphogenesis involved in differentiation, etc.) and ion transport. These results indicate that the 3′UTR dynamics at day 3 appear involved with organizing transcripts for remodeling the damaged nerves, while at day 90, the function is shifted to reforming synapses.

A large number of significant events are found in common among all five time points (Supplemental Figure 8), including 260 CSI-related genes using the WITHIN pipeline, 677 using the DEXSeq pipeline, and 103 differentially expressed genes. Enrichment analysis for these overlapping events as determined by categoryCompare (Flight et al., 2014) (Supplemental Figure 9) yields 37 significant biological processes from the WITHIN pipeline, including those related to axon development, ion transport/synaptic transmission, organelle localization, and muscle contraction. Only six significant biological processes are enriched from the WITHIN pipeline, all related to dendrite development.

Potential Mechanism for Alternative Polyadenylation

In order to examine potential mechanisms for condition-dependent and tissue-specific alternative polyadenylation, RNA-binding protein (RBP) motif enrichment was performed using the MEME suite (Bailey et al., 2015). The results indicate an enrichment of RBP motifs near the polyA signal, −30 to −10 bp relative to the CSI site, as well as overlapping the junction between two adjacent CSIs. Figure 6 shows representative RBP enrichment results for differentially expressed CSIs at 90 days post sciatic crush. Included are a set of RBPs (KHRRBS3, ZFP36, SRS5, and MEX-5) (Figure 6A) with motifs enriched near the polyA signal, and a set of RBP motifs overlapping the CSI junction, including HNRNP-A1 and KHSRP (Figure 6B). Consensus motifs for each of the sets are provided in Figures 6C,D. The motifs found near the polyA signal have consensus patterns overlapping the most common functional polyA signals (Figure 6E) (Beaudoing et al., 2000). The RBP HNRNP-A1 overlapping CSI junctions is of particular interest, due to its multiplicity of roles in mRNA processing (Jean-Philippe et al., 2013), suggesting it could potentially play a role in alternative polyadenylation. A specific enrichment example is shown in Figure 6F for CRIM1 (cysteine-rich motor neuron 1) within the rat sciatic transection models at both day 3 and day 90. This illustrates an enrichment of motifs within the ends of the CSIs, consistent with the overall patterns in panels A-D. CRIM1 is determined to have significant alternative polyadenylation at both day 3 and day 90, suggesting lengthened UTRs compared to naïve. However, the gene is significantly down-regulated at day 3, as represented by the green values in the final two exons represented in Figure 6F. We often observe the combination of these two events appear to cancel each other out, resulting in insignificant differences at the gene level, suggesting the importance of separating the coding region from the UTR in differential expression analysis. In addition, the case of the rat CRIM1 gene shows the issue with reliance of annotations in the UTRs, since the annotated rat 3′ UTR ends after the second CSI (top of Figure 6F) while RNAseq and non-rat models extend the 3′ UTR by approximately 2000 bases.
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FIGURE 6. Enriched RNA binding motifs for differentially expressed CSIs in rat sciatic nerve transection. (A) shows enriched RNA binding protein (RBP) motifs upstream of significantly changed CSI sites. The location (−30 to −10) is consistent with previously reported results (Beaudoing et al., 2000). (B) shows enriched RBP motifs overlapping the boundaries of significantly changed CSI sites. The corresponding upstream and overlapping motif patterns are shown in (C,D), respectively. The enriched upstream motifs (A) are consistent with the most prevalent polyadenylation sites (E). (F) shows an example of the CSI-UTR analysis within the rat Crim1 gene. In this case, the rat Crim1 UTR annotation (subpanel II) is significantly shortened when compared to Crim1 homologs (subpanel I). Subpanels III and VII indicate the differential expression status at the gene level (using cuffdiff) for day 3 and day 90 vs. naïve, where red represents significant up-regulation, green represents significant down-regulation (as seen in day 3 vs. naïve, subpanel III) and gray represents a non-significant change (as seen in day 90 vs. naïve, subpanel VII). The location of RBP motifs from (C,D) are shown in subpanel IV, and tend to cluster around the CSI interval boundaries, which are indicated by the arrows in subpanels V and VIII. The CSI usage status for each of the seven Crim1 CSIs is shown in subpanels V and VIII, where red represents a significant increase in utilization, green represents a significant decrease in utilization, and gray represents a non-significant difference. Using the information from subpanels V and VIII along with the mapped RNASeq reads in panels VI and IX, we can infer there are likely three separate 3′UTR isoforms present at both day 3 and day 90, with the short form terminating after CSI 2, the intermediate form terminating after CSI 4, and the long form terminating after CSI 6. In this case, there is not any sequence based evidence for extension of the 3′UTRs into CSI 7. These results for panel (F) indicate that in addition to the differential down regulation of Crim1 at day 3, that Crim1 isoforms are typically elongated in the UTR at both experimental day 3 and day 90 when compared to naïve.



A similar pattern of RBP is found in the mouse optic nerve crush (ONC) model where HNRNP-A1 is enriched across the CSI junctions (Supplemental Figure 10). An ONC-specific set of motifs overlapping the CSI junctions was found, including PFF0320C, CG2931, NOVA1, SXL, and HEN1. CRIM1 also shows differential expression of the UTRs in the ONC model, but is not shown to be differentially expressed at the gene level. However, as can be seen in the RNA-Seq reads mapped in Supplemental Figure 10C, this gene is likely up-regulated in optic nerve crush (red) with a shortened 3′UTR (green). The two events work in concert to cancel each other out, resulting in insignificant p-values.

DISCUSSION

Existing Computational Methods for Alternative Polyadenylation Detection

In addition to our CSI-UTR approach, a number of methodologies have recently appeared to measure alternative polyadenylation events. Many of these have been previously reviewed (Yeh et al., 2017). A comparison of these approaches is provided in Table 7. Most of these attempt to detect a difference between a short and long form UTR (Wang et al., 2014; Shenker et al., 2015; Grassi et al., 2016). However, such an approach is insensitive to the presence of three or more APA events. To address this, KLEAT (Birol et al., 2015) attempts to characterize cleavage sites using polyA sequencing data, but their system does not analyze differential expression within the resulting intervals. The two approaches most closely related to CSI-UTR are GETUTR (Kim M. et al., 2015) and DaPars (Xia et al., 2014). GETUTR performs the step of estimating the 3′ UTR landscape from RNASeq data using heuristic and regression methods. However, while GETUTR detects likely events, it does not appear to determine the significance of these events, and thus is comparable to our initial detection of CSIs. In addition, GETUTR is limited since it only allows for analysis of the human genome, specifically the hg19 assembly. DaPars is the closest computational approach to CSI-UTR. It functions by computing a usage difference between distal and proximal APAs in two conditions, using individual replicates in a pairwise fashion with a Fisher's exact test, and is able to detect multiple APA events. The main differences between DaPars and CSI-UTR is the approach to detecting changes. CSI-UTR considers individual CSIs and their differential expression while DaPars considers the relationship between a proximal and distal APA site in a pairwise fashion. As a result, CSI-UTR offers a greater ability to localize interval regions where changes occur in the UTR, thereby allowing for greater examination of functional motifs within these regions.


Table 7. Comparison of alternative polyadenylation approaches.
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Performance Comparison of CSI-UTR to DaPars

We compared CSI-UTR using both the WITHIN and DEXSeq methods to the most closely related method, DaPars (Supplemental Figure 11). For the human LOAD experiment, the WITHIN method yields 912 Ensembl genes with significantly differentially expressed CSIs that are not found by either DEXSeq or DaPars; 17 Ensembl genes are found to have differentially expressed CSIs only by DEXSeq; and 265 genes found with alternative polyadenylation sites only within DaPars. Since both the WITHIN and DaPars methods collapse replicate information, both will be less susceptible to individual sample variation, unlike the DEXSeq method. Thus, both are likely to increase both true positive and false positive sample rates. Further examination of the 912 genes with differentially expressed CSIs indicates that 900 have 3 or more CSIs, and are thus unlikely to be identified with DaPars which only accounts for short and long UTR forms. Of the remaining twelve, eight appear to be true positives based on RNA-Seq evidence, while four appear to be false positives due to previously unannotated transcripts appearing within the region identified as a CSI. Examination of the 265 genes with APA events found only by DaPars indicates that 202 of these have alternative stop codons. These are likely to be missed by CSI-UTR because only the distal-most stop codon is used, since any internal reads between stop codons may result from either coding exons or untranslated exons, depending upon the specific transcript. Thus, reads in these regions can potentially indicate either alternative coding exon usage, or alternative polyadenylation, neither of which can be easily inferred from RNA-Seq data alone. For the remaining sequences, 56 only have a single CSI identified within their 3′ UTR, indicating that there is not any evidence of polyadenylation from the poly-A seq data of Derti et al. (2012). Seven of the remaining sequences appear to be false positives due to variability in the sample sequences, while one of the sequences has multiple UTR isoforms present, and is likely a true positive that is missed by the other methods due to the absence of polyA-Seq data for this transcript. Further analysis of the seventeen genes found to have differential CSIs only with the DEXSeq method shows that 16 of these have 3 or more CSIs, and in each case, the overall expression levels are low, as is the variability between the samples.

CSI-UTR Benefits

Analysis of the coding regions of transcripts, both in terms of differential expression and to a lesser degree alternative splicing, has achieved a level of standardization such that it is largely accurate, useful, and broadly-approachable. However, this is not true of UTR-related events, and our results demonstrate that additional biological control mechanisms can be uncovered by considering the dynamics of the 3′ UTR. This is important because many of these UTR events act independently of the coding region, as demonstrated in our earlier work on CAMK4 (Harrison et al., 2014). One of the benefits of high-throughput sequencing over array technologies is the ability to measure everything that is transcribed, including the untranslated regions. Therefore, we are able to utilize publicly available datasets by extending our analysis outside of the CDS and into the UTR. This allows for the detection of additional events occurring within the UTR region of transcripts, which are enriched within the central and peripheral nervous systems, in cancer, and during development. Studies examining timing mechanisms and involving localization of transcripts are likely to benefit most from our approaches due to changes associated with transcript stability and subcellular localization that can be controlled by interactions within the 3′ UTR. Even in cases where differential gene expression is minimal, it is possible a biological process will be regulated by these alterations in 3′ UTRs. Given the set of differentially expressed (upregulated or downregulated) CSIs, the next step in analysis was to determine functional domains included or excluded, as we have previously done for alternative splicing events (Park et al., 2016). Patterns likely to be elicited include miRNA binding sites, RNA binding protein sites, and additional motifs that could impact on patterns of CSI usage. The results of the RBP motif enrichment near the polyA signal and the CSI junction site indicate potential mechanisms involving specific proteins, including: KHRRBS3, ZFP36, SRS5, MEX-5, HNRNP-A1, KHSRP, PFF0320C, CG2931, NOVA1, SXL, and HEN1 for condition- and tissue-specific alternative polyadenylation. Further analyses of these 3′UTR RNA binding partners will hopefully prove beneficial in understanding alternative polyadenylation mechanisms.

Limitations of CSI-UTR

The main limitation of CSI-UTR is the reliance on polyA-Seq data for the construction of cleavage site intervals. It is possible therefore that some of the APA events will be missed. However, as more comprehensive polyA sequencing data becomes available, covering a multitude of tissue types, developmental stages, and phenotypic conditions, the more complete the detection of APA events CSI-UTR will be able to detect. In addition, CSI-UTR currently focuses on coding mRNAs due to the necessity of finding the distal-most stop codon. However, this approach may miss some CSIs occurring due to alternative stop codons and will also limit the detection of APAs in non-coding genes, such as lncRNAs, which may be polyadenylated as well.

CONCLUSION

The method presented here, CSI-UTR, allows for: (1) the detection of cleavage site intervals between the stop codon and the 3′ terminal end, while (2) detecting differential usage of alternative polyadenylation sites. Such an approach enables the analysis of 3′ UTR dynamics in a specific experimental condition. Our initial results based on publicly available datasets highlight the potential benefit of further utilizing these datasets, offering additional insight into processes involving the 3′ UTR, including cellular localization, regulation of translational control mechanisms, and transcript stability.
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