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The recent advance in high-throughput sequencing (HTS) technologies creates enor-

mous opportunity for discovery, concomitant with new challenges for data analysis

and interpretion. A major application of HTS includes studies of how the transcrip-

tome is modulated at the levels of gene expression and RNA processing, and how these

events are related to cellular identity, environment, and/or disease status. To under-

stand the impact of alternative polyadenylation (APA) events on post-transcriptional

gene regulation, I have analyzed deep mammalian RNA-seq data using conservative

criteria, and identified thousands of genes that utilize substantially extended novel

3’UTRs in mouse and human. Global tissue comparisons revealed that APA events

generating these extensions were most prevalent in the brain. Collectively, these

extensions contain thousands of conserved miRNA binding sites, and are strongly

enriched for many well-studied neural miRNAs. Altogether, these revised 3’UTR

annotations greatly expand the scope of post-transcriptional regulatory networks in

mammals. This work further highlights opportunities to improve methods to leverage

RNA-seq for 3’UTR annotation and identification of differential APA events. Exist-

ing assembly strategies often fragment long 3’UTRs, and importantly, none of the

algorithms can be used to infer tandem 3’UTR isoforms directly from RNA-seq data.

Consequently, it is often not possible to identify patterns of APA using existing as-

sembly and differential expression testing workflows. To remedy these limitations, I

developed a new method for transcript assembly, Isoform Structural Change Model



(IsoSCM) that incorporates change-point analysis to improve the 3’UTR annotation

process. Through evaluation on simulated and experimental data sets, I demonstrate

that IsoSCM annotates 3’ termini with higher sensitivity and specificity than can be

achieved with existing methods. I highlight the utility of IsoSCM by demonstrating its

ability to recover known patterns of tissue-regulated APA. The methodology encapsu-

lated by IsoSCM will facilitate future efforts for 3’UTR annotation and genome-wide

studies of the breadth, regulation, and roles of APA leveraging RNA-seq data. Finally,

I describe CrossBrowse, a multi-species genome browser, and use several examples to

illustrate how the visualizations generated by CrossBrowse inform comparative data

analysis.
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1 Introduction

1.1 Highthroughput sequencing reveals transcriptome diver-

sity

Ongoing advances in high-throughput sequencing (HTS) technologies are transform-

ing the face of modern biology. Indeed, coupled with creative methods for library

generation, HTS enables the interrogation of genome sequencing, epgigenomic mod-

ification, genomic structure, transcriptome, epitranscriptome, on a scale that was

technically impossible less than a decade ago [116].

First generation catalogs describing transcript structures were generated from

Sanger sequencing of EST and cDNA sequences [1]. While the read length available

with these methods is considerably longer than high-throughput short read sequencing

technologies used frequently today, similar approaches are used to incorporate these

data to extend and refine gene annotations. Initial strategies for transcript iden-

tification followed an “assemble-first” strategy[113], wherein cloned DNA sequences

are assembled in the absence of a reference genome. The availability of high qual-

ity genomes enabled the development of “align-then-assemble” strategies, that lever-

age the availability of a reference sequence to simplify the assembly process [50].

While recent technological advances in HTS technologies have greatly increased the

throughput of DNA-sequencing, these same strategies form the basis of transcript

assembly methods developed for HTS platforms [140][43]. Among the numerous ap-

plications, HTS datasets can be mined to identify new genes and long non-coding
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RNAs (lncRNA) [18], novel classes of transcription [146], and identify alternative

RNA processing events [19][67][104][133][145]. However, due to the ambiguities aris-

ing from multi-mapping, biased sampling, and overlapping transcription units, these

data also require careful interpretation [90].

Production of a mature RNA transcript requires proper execution of a sequence of

processing reactions. The last step in the transcription of a mRNA is polyadenylation,

the process that forms the mature 3’end of Pol-II transcripts. The polyadenylation

reaction occurs co-transcriptionally [83], and is carried out by a complex of proteins.

The core components of this complex are CPSF, CFI, CFII and CSTF, PAP are the

minimal set required to reconstite the cleavage and polyadenylation reaction[135], al-

though investigation of interaction partners suggest that up to∼80 additional proteins

can interact with the core polyadenylation machinery [125]. The core polyadenylation

machinery recognizes cis-sequence elements in the nascent transcript that comprise

the poly-A signal (PAS). The most prominant PAS features are a core hexamer, usu-

ally A(A/U)UAAA, and a downstream G/U rich sequence (See Figure 1). However,

the requirement for these exact motifs is not strict, and sequence mining has identified

additional associated cis-elements [42][12][138].

While polyadenylation is an obligate step in generating a stable mRNA transcript,

an individual gene can utilize multiple polyadenylation sites, diverifying transcript

structure through a process known as alternative polyadenylation (APA) [12][154].

According to some estimates, 95% of human multiexon genes express two or more

alternative isoform [104]. Similarly, a large proportion of genes show variation in

3’UTR isoform expression, with estimates of genes subject to APA rangeing between

2



Pol-II

CSTFCPSFCFI CFII

A(A/U)UAAA G/U-richUGUA

cleavage site

Figure 1: The polyadenyation machinery is composed of four core components, CPSF,
CFI, CFII, and CSTF that interact with Pol-II and cis-elements to recognize a poly-A
site. The PAS hexamer, A(A/U)UAAA is bound by CPSF, a G/U-rich downstream
element is bound by CSTF, and a UGUA motif is bound by CFI.

50-70% [149][138][28]. Recent advances in microfluidics and low-input RNA-seq has

revealed that relatively homogenous populations of cells exhibit multimodal expres-

sion patterns of alternative splice and polyadenylation isoforms, apparent at the level

of single cells [122][143].

Interestingly, 3’UTR expression patterns demonstrate coherent trends when com-

pared between cellular states. For example, differential expression of 3’UTR iso-

forms is observed to correlate development, tissue, proliferation, neuronal activity,

environmental stress, immune cell activation [61][78][152][35][154][121]. While initial

observation of global APA phenomena were made using micro-arrays [154], the prolif-

eration of HTS data provides additional oportunities to gain insight into alternative

polyadenylation [128, 90]. While conventional RNA-seq is widely used to assay gene

expression and alternative splice isoforms, it does not directly capture the location

of transcript boundaries. For this reason, specialized protocols to clone the tran-

script sequences immediately upstream of polyadenylation sites are favorable when

precise information about cleavage site position is desired [78]. Notably, even conven-
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tial RNA-seq can contain reads spanning the polyadenylation site, allowing a small

amount of high resolution information to be extracted from these datasets [107].

1.2 Role of APA in post-transcriptional regulation

The 3’UTR is an important site of post-transcriptional regulation, and is capable of

modulating gene activing by influencing transcript stability, translational efficiency,

and subcellular localization. These effects are mediated by interactions between pri-

mary sequence elements or secondary structures in the 3’UTR and trans-factors such

as miRNAs and RNA binding proteins[45]. The importance of post-transcriptional

regulation is exemplified by the C. elegans germline, where tests of 3’UTR reporters

recapitulate cell type specific expression patterns of 24 genes, independent of the

endogenous promoter[87].

Although there are examples of factors that are capable of stabilizing bound mR-

NAs [3][41][66], the regulatory effects of many factors, such as miRNAs and AU-rich

elements are thought to have a negative regulatory effect on transcript expression. For

this reason, alternative polyadenylation events that result in expression of shortener

3’UTR isoforms are generally thought to increase transcript stability and protein

expression[82][121][150], although in specific contexts it has been shown that this

dogma does not always hold [47][129]. Moreover, isoforms differing by only a few

nucleotides can have different stability [47]. It has been suggested that regulated

expression APA isoforms provides a mechanism for ubiquitously transcribed genes to

achieve tissue-specific expression via altered post-transcriptional regulation [73].
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Of the various roles ascribed to 3’UTRs, their effect on transcript stability has been

most thoroughly explored. Using pulse-chase experiments nascent transcripts can be

labeled with nucleotide analogs. By measuring transcript abundance as a function of

time, the stability of transcript isoforms can be estimated. Expressed transcripts dis-

play a wide variation in transcript stability, with measured half-lifes ranging between

minutes and hours [114]. By halting transcription, References[150] observed that tran-

scripts with longer 3’UTRs are less stable. More recently, References[129] extended

3’UTRs show a slight but signifant lower stability in 3T3 cells, and References[47]

observed no correlation between 3’UTR length and stability in yeast. Beyond 3’UTR

length, References[143] examined the importance of additional factors to transcript

stability, and showed that the presence of miRNA target sites is most predictive of

half-life. In specific cases, the regulatory role of alternative isoforms has been linked

with specific cis-elements and trans-factors. For example, deletion of miRNA target

sites in the long 3’UTR isoform could explain a portion of the difference in protein

expression of constructs using short or long 3’UTR isoforms [121][82]. In a second

case, PUF3 RIP is observed to be enriched for isoforms with shorter half-life, and the

stability of these isoforms is modified by PUF3 KO [47].

Poor correlation between mRNA and protein levels suggests that additional fea-

tures beyond transcript abundance influence protein output [65]. An investigation

of 200 candidate features of transcripts identified 3’UTR length being among the

most strongly correlated with protein abundance in yeast, wherein transcripts with

longer 3’UTRs have a lower protein output [144]. Similarly, short 3’UTR isoforms

are enriched in the polyribosome fraction in HEK293 cells [132]. However, a clear
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relationship between 3’UTR length and protein output does not always exist. In

3T3 cells, longer 3’UTR isoforms display a small but significant association with

higher translational efficiency, and comparison between tandem 3’UTR isoforms did

not reveal a significant difference in translational efficiency [129]. As the authors ac-

knowledge, it is possible that the regulatory impact of tandem 3’UTR isoforms could

be stronger outside of 3T3 cells [129].

Beyond quantitative modulation of transcript stability or translation, alternative

processing events can have an effect on expression through quality control pathways

[69][40]. Recognition of early polyadenylation signals within the coding sequence can

create truncated and non-functional transcripts that are targeted for degradation by

non-sense mediated decay (NMD) pathway. Aberrant transcripts are detected by

the presence of a premature termination codon (PTC), recognized when the coding

sequence is terminated by a stop codon more than ∼50nt upstream of the terminal

splice junction [69]. It is estimated that up to 1/3 of alternative splice isoforms

generate transcripts that are targeted for NMD [69]. In addition to recognition of

PTCs, evidence from cell lines suggests that transcripts with longer 3’UTR are also

competent to trigger NMD [126][56].

1.3 Molecular mechanisms regulating APA

APA patterns are identified by comparing isoform abundance between conditions,

however there are competing models for how these steady state patterns are estab-

lished [92]. While differential APA patterns could arise via mechanisms that regulate
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A

B

Figure 2: Models for APA regulation (A) Condition specific efficiency of polyadenyla-
tion site usage, during transcription (B) Condition specific transcript stability results
in differential accumulation of isoforms

polyadenylation site selection, it is also plausible that cell specific regulation of tran-

script stability plays a role (See Figure 2).

So far, mechanistic studies of the concerted shifts in APA patterns have mostly

focused on models for polyadenylation site selection. Some of the first evidence for

the role of polyadenylation site selection comes from identification of specific motifs

enriched at polyadenylation sites that have biased usage between tissues [154]. Con-

sistent with the polyadenylation machinery being involved, knockdown of CFIm68

induces shift to proximal isoforms [79]. A concurrent study identified showed that

both CFIm68 and CFIm25 induce usage of proximal isoforms in HEK293 cells [46].
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More recently, profiling of gene expression across cancers has revealed that tumors

with abrogated CFIm25 expression display dramatic 3’UTR shortening[81]. An RNAi

screen of 489 RNA binding proteins identified loss of PABPN1 to induce global shift

to proximal polyadenylation sites[59]. Conversely, RBBP6, a novel polyadenylation

factor identified to interact with known polyadenylation factors, was shown to cause

usage of distal polyadenylation sites upon knockdown [29]. In flies, mutants of the

RNA binding protein elav fail to express extended neural 3’UTR isoforms, while ec-

topic overexpression of elav is sufficient to express extended 3’UTR in an ectopic

setting [54]. Tethering experiments suggest elav exerts its effect by binding and su-

pressing recognition of proximal polyadenylation signals [54]. In addition to models

of RBP competition with the polyadenylation machinery, kinetic mechanisms have

also been proposed to affect PAS selection [38].

To evaluate support for the alternative model, where transcript stability deter-

mines differential 3’UTR isoform at steady state (See Figure 2), References[129] pro-

filed stability of transcripts using specific 3’ends. By comparing steady state and

stability measuresments [129] concluded that differential accumulation of 3’UTR iso-

forms occurs primarily through differential selection cleavage site in 3T3 cells, and

not through transcript stability. However, as the authors note, 3T3 cells are a derived

in-vitro system, and they may not be an appropriate model for regulatory impact of

APA isoforms observed in-vivo. Along this line, References[10] re-examined this ques-

tion in an in-vivo context by profiling transcript stability over the course of sperm

development. In contrast with the observations from 3T3 cells, References[10] ob-

served UPF to cause selective degradation of extended 3’UTR isoforms in the male

8



germline.

1.4 APA and disease

The relationship between polyadenylation and disease has long been appreaciated;

over 30 years ago, a mutation disrupting a polyadenyation site in beta-globin locus

was linked to alpha-thalassaemia [52]. Since then, altered polyadenylation has been

associated with a number of diseases, ranging from hematological, immunogical, neu-

rological, endocrine and oncological disorders [26]. Disruption of functional poly-A

sites, as in the case typified by alpha-thalasemia, is recurrent across several disease

studies [26]. However, other mechanisms such as aberrant poly-A tail length [25],

altered isoform expression patterns [82], gain-of-function gene truncation [98], and

mis-expression of polyadenylation machinery factors [136] also link polyadenylation

with disease etiology.

Over the last few years there has been mounting interest in the role of APA plays

in cancer. CCND1 is an example of a oncogene that is dramatically stabilized by

3’UTR truncation[147]. A point mutation in the CCND1 locus generates a novel

PAS that removes 1.5kb of 3’UTR sequence, generating a transcript with higher

stability and protein output [147][82]. References[105] show that mutation of U2AF1

causes increased recognition of distal PA site of ATG7, resulting in autophagy defect

and leading to transformation. These examples suggest that APA could play a more

general role in cancer, and promote disease progression through the de-regulation of

cancer drivers. Consistent with this idea, GO enrichment of genes with shortened
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3’UTRs between cancer versus normal cell lines identified enrichment of mitotic cell-

cycle related terms [37].

Beyond a potentially causal role in disease progression, differential APA patterns

can be used to predict survival characteristics of histologically indistinguishable lym-

phoma subtypes with 74% accuracy, underscoring their diagnostic potential [127].

More recently, it has been shown that 3’UTR isoform usage can be used to classify

triple negative breast cancer from healthy tissue, and shows prognostic power over

10-year relapse survival study[2].

1.5 Overview of dissertation

1.5.1 Expanding mamallian 3’UTR annotations using RNA-seq

As mentioned above, the proliferation of HTS datasets provides ample opportunity to

perform retrospective analysis of published datasets and revisit new questions. Moti-

vated by our prior observations of 3’UTR lengthening in the fly nervous system [128], I

investigated tissue APA patterns mouse and human using a compendium of published

RNA-seq datasets in Chapter 2. Thousands of gene models in mouse and human could

be revised to include 3’UTR extensions supported by RNA-seq data. Examination of

sequence conservation patterns and measurements of RNA:protein interactions sug-

gest that these 3’UTR extensions contain elements important for post-transcriptional

regulation. Surprisingly, the extended 3’UTR isoforms overlap significantly with re-

cently reported lincRNAs from multiple studies, illustrating the challenges associated

with interpreting short-read sequencing data, and highlighting opportunities to ex-
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tend existing methods for transcript assembly.

1.5.2 Change-point analysis identifies APA using RNA-seq

In Chapter 3 I formalize these extensions in the method IsoSCM, a transcript assembly

tool designed to address the challenges of inferring 3’UTR models from RNA-seq data.

In addition to handling the often discontinuous coverage patterns that can cause

long 3’UTRs to be fragmented by naive assembly approaches, IsoSCM incorporates

statistical change-point detection to enable annotation of tandem 3’UTR isoforms, a

functionality that was not provided by existing assembly algorithms. In addition to

improving the quality of 3’UTR annotations, change-point analysis also provides a

natural framework for detecting differential polyadenylation events between multiple

samples. Importantly, these attributes enable IsoSCM to analyze APA in a de novo

setting, where accurate annotations are not available.

1.5.3 Visualizing genomics data across species

As a next step, I sought to gain insight into the evolutionary dynamics of APA by

examining differential polyadenylation patterns between species. While cross-species

experiments are becoming more and more common, there is no generic solution for vi-

sualizing genomics data across multiple reference sequences. In Chapter 4 I introduce

CrossBrowse, a standalone application for visualizing high-throughput datasets at

syntenic loci in two or more genomes. I demonstrate the broad utility of CrossBrowse

with examples that span transcriptional and post-transcriptional gene regulation. Of

note, I illustrate how visual inspection of data in CrossBrowse can reveal artifacts that
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are otherwise not apparent. By leveraging standard genomics data formats, Cross-

Browse aims to provide a generic solution for visualization of multi-species genomics

experiments.
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2 Widespread and extensive lengthening of 3’ UTRs

in the mammalian brain∗

2.1 Attributions

Sol Shenker designed and implemented the pipeline for identifying 3’UTR extensions,

performed cross-reference with ncRNAs, analyzed PA-site features, differential ex-

pression analysis, analyzed miRNA target site enrichment, and AGO-CLIP analysis.

Pedro Miura performed PCR, northern blot analysis, and provided input for the de-

sign of the 3’UTR analysis pipeline. Jakub Orzechowski Westholm assisted with the

miRNA analysis. Celia Andreu-Agullo performed in situ hybridization experiments.

2.2 Abstract

Remarkable advances in techniques for gene expression profiling have radically changed

our knowledge of the transcriptome. Recently, the mammalian brain was reported

to express many long intergenic noncoding (lincRNAs) from loci downstream from

protein-coding genes. Our experimental tests failed to validate specific accumulation

of lincRNA transcripts, and instead revealed strongly distal 3’ UTRs generated by

alternative cleavage and polyadenylation (APA). With this perspective in mind, we

analyzed deep mammalian RNA-seq data using conservative criteria, and identified

2035 mouse and 1847 human genes that utilize substantially distal novel 3’ UTRs.

Each of these extends at least 500 bases past the most distal 3’ termini available in

∗P. Miura, S. Shenker, C. Andreu-Agullo, J. O. Westholm, and E. C. Lai. Widespread and
extensive lengthening of 3’ UTRs in the mammalian brain. Genome Research, 23(5):812–825, May
2013.
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Ensembl v65, and collectively they add 6.6 Mb and 5.1 Mb to the mRNA space of

mouse and human, respectively. Extensive Northern analyses validated stable accu-

mulation of distal APA isoforms, including transcripts bearing exceptionally long 3’

UTRs (many >10 kb and some >18 kb in length). The Northern data further illus-

trate that the extensions we annotated were not due to unprocessed transcriptional

run-off events. Global tissue comparisons revealed that APA events yielding these

extensions were most prevalent in the mouse and human brain. Finally, these ex-

tensions collectively contain thousands of conserved miRNA binding sites, and these

are strongly enriched for many well-studied neural miRNAs. Altogether, these new

3’ UTR annotations greatly expand the scope of post-transcriptional regulatory net-

works in mammals, and have particular impact on the central nervous system.

2.3 Introduction

The 3’ untranslated regions (3’ UTRs) of mRNAs contain cis elements that con-

fer post-transcriptional regulation by RNA-binding proteins (RBPs) and microRNAs

(miRNAs) [74]. It is now appreciated that alternative cleavage and polyadenylation

(APA) generates tremendous transcript diversity, and the majority of genes have

multiple functional polyadenylation (polyA) sites. The dominant class of APA events

occurs within terminal exons, causing 3’ UTR shortening or lengthening. Global

3’ UTR shortening is characteristic of proliferating cells and cancer cells [121, 82],

whereas 3’ UTR lengthening was reported to occur during embryonic development

and differentiation [60].
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Microarray analysis of assorted tissues indicated that the mammalian brain broadly

utilizes distal 3’ UTR species [121, 145]. Deep sequencing of 3’ ends of polyadenylated

transcripts uncovered hundreds of distal APA events in cultured neurons compared

with embryonic stem (ES) cells [124], and the picture was broadened by the recogni-

tion of more than 1000 3’ UTR extensions in mouse cerebellum [103]. Most recently,

data from Drosophila tiling microarrays [53] and tissue-specific RNA-seq [128] re-

vealed central nervous system (CNS)-specific 3’ UTR extensions across hundreds of

transcripts, indicating a conserved phenomenon for 3’ UTR lengthening in the nervous

system.

Diverse regulatory consequences of APA in the nervous system have been de-

scribed. Variation of 3’ UTR lengths can alter transcript regulation and stability by

inclusion or exclusion of miRNA binding sites [21] or other RBP sites. Global analy-

sis of protein-RNA interactions by high-throughput sequencing of RNAs isolated by

crosslinking immunoprecipitation (HITS-CLIP) revealed that NOVA1, a neural RBP

best-characterized as a splicing regulator, also has extensive influence on APA [75].

As well, some neural 3’ UTR extensions direct localization to dendrites and axons,

which can provide spatial specificity and/or facilitate their translation [5, 153, 9].

Advances in expression profiling, from tiling microarrays to RNA-seq, promise to

reveal a comprehensive view of the transcriptome. This includes a fuller accounting

of protein-coding transcript isoforms as well as noncoding transcripts, such as small

RNAs and long intergenic noncoding RNAs (lincRNAs). De novo construction of gene

models from high-throughput data has identified a plethora of unannotated exons,

which have been inferred to include thousands of lincRNAs. However, accurate recon-
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struction of parent transcripts, especially when alternative products emanate from a

given locus, remains challenging. For example, initial tiling microarray studies of the

Drosophila transcriptome [77] showed that a substantial fraction of novel intergenic

transcribed regions actually represented alternative 5’ noncoding exons of downstream

protein-coding gene models, sometimes located tens of kilobases away. On the other

end, we recognized that APA frequently generates unanticipated Drosophila 3’ UTRs

of exceptional length, also ranging up to tens of kilobases [128].

Here, we reassessed previously studied lincRNAs expressed in mammalian brain

[109, 22], and found that many represent stable 3’ UTR extensions of upstream

protein-coding genes. We then used RNA-seq data to uncover thousands of pre-

viously unannotated 3’ UTR extensions in mouse and human. The predominant

tissue-specific trend was for utilization of 3’ UTR extensions in brain, and this has

substantial impact on post-transcriptional regulatory networks, including by thou-

sands of conserved miRNA binding sites. These findings strongly revise the scope

of mammalian transcriptomes, and highlight that a full appreciation of even their

protein-coding gene models remains to be realized.

2.4 Results

2.4.1 Reevaluation of proposed neural mRNA/lincRNA pairs instead re-

veals distal APA isoforms

Previous searches for evolutionarily constrained long intergenic noncoding RNAs (lin-

cRNAs) noted more than 200 brain-expressed lincRNAs originating downstream from
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RefSeq protein-coding genes, and some were spatially coexpressed with their upstream

neighbors [109]. Experimental and bioinformatic tests argued against connectivity of

these coding/noncoding pairs. Nevertheless, we observed many lincRNAs resided in

regions of RNA-seq coverage continuous with upstream genes (e.g., Ago3 [also known

as eIF2C3]) (Figure 3A). Consequently, we reevaluated mRNA-lincRNA pairs previ-

ously reported as experimentally negative for connectivity [109].

Interestingly, we observed reverse transcriptase-dependent PCR products from

post-natal brain that join the annotated mRNAs of Mitf, Gabrb1, Ago3/eIF2C3, Ar,

and Rbms1 with their reported downstream lincRNAs (Figure 3B; Figure 4). The

only pair not validated was Ube2k-AK045737. However, stranded RNA-seq data

revealed transcription of AK045737 exclusively on the opposite strand (Figure 4).

This places AK045737 downstream from Pds5a, with intervening spliced reads, and

rt-PCR products joined these loci (Figure 3B).

More definitive information on transcript connectivity and alternative isoforms is

provided by Northern analysis. We designed paired probes targeting the terminal

coding region/proximal 3’ UTR of the annotated mRNAs and their proposed down-

stream noncoding RNAs [109]. We did not detect Mitf1 (data not shown), we but

observed robust signals for the rest in cortex or cerebellum (Figure 3C). Notably, the

dominant bands detected by mRNA probes were always substantially larger than the

RefSeq-annotated transcripts, and these always cohybridized with their downstream

lincRNA probes (Figure 3C). Moreover, no distal probes identified shorter bands of

lengths predicted for the reported lincRNAs. While these data do not rule out the

possibility of distinct lowly expressed lincRNAs, they demonstrate the bulk of stable
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Figure 3: A) Experimental strategy to test connectivity between a protein-coding
gene and a downstream lincRNA. RNA-seq and polyA-seq evidence in the vicinity of
eIF2C3 (also known as Ago3) and the proposed lincRNA AK047638. We designed
primers to amplify bridge rt-PCR products and Northern probes, as shown. B) Bridge
rt-PCR using adult cerebral cortex RNA connects many protein-coding genes with
their proposed downstream neighboring lincRNAs (Ponjavic et al. 2009); note Ar
was previously referred to as Adr, and Ube2k was termed Hip2. Note that AK045737
was proposed to be a pair with Ube2k (Ponjavic et al. 2009); however, stranded
RNA-seq data revealed that AK045737 is continuous with a spliced exon of Pds5a
transcribed from the other strand (see Supplemental Figure S1A-C). C) Northern
analysis demonstrates that the predominant transcripts detected by probes for the
protein-coding loci assayed in B are codetected by probes against their neighboring
downstream lincRNAs. Conversely, we did not detect stable transcripts corresponding
to the sizes of the annotated lincRNAs. Northern blots are also shown for ncRNAs
described by Mattick and colleagues (Clark et al. 2012) and their protein-coding pairs
Etv1 and Paqr9. D) RNA-seq and PolyA-Seq tracks for cases of annotated lincRNAs
that appear to be contained with exceptionally long, continuous 3’ UTRs of stable
mRNAs. E) Northern blots for proposed lincRNAs show a band of exceptional length
that is of the same molecular weight as the bands identified by probes corresponding
to the upstream protein-coding transcripts. Arrowheads identify dominant bands
that correspond to size estimates based on RNA-seq data. Note that the sizes of
the bands on the Northern blot are consistent with the RNA-seq evidence-based size
estimates. Asterisks denote 28S and 18S ribosomal bands corresponding to 4.7 kb
and 1.9 kb, respectively. Ladder information can be found in Supplemental Figure
S4. For RNA-seq tracks, probe locations, and gene annotations, see Supplemental
Figure S1D.
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Figure 4: RNA seq and PolyA-seq evidence for 3’ UTR extensions of proposed to
coding-non-coding pairs. Location of northern probe coordinates and Bridge RT-
PCR coordinates are shown. RNAseq evidence is from hippocampus pooled libraries,
PolyA-Seq evidence is from pooled tissue libraries [28]. A) AK0457347 was previously
designated as a non-coding pair of Hip2/Ube2k. However, stranded RNA-seq data
[106] provides evidence that AK0457347 is an unannotated 3’ exon spliced from the
within the coding region of the Pds5a terminal exon. (Blue: plus strand; Red: minus
strand). B) Northern analysis demonstrates that the AK0457347 locus is actually part
of a spliced terminal exon of Pds5a. C) The unannotated terminal exon of Pds5a also
maps to a genomic loci on Chromosome 17. The northern probe N.397 may cross-
hybridize to transcripts expressed at this loci, resulting in a<2kb predicted transcript.
D) RNA-seq evidence demonstrating that other annotated lincRNAs downstream of
RefSeq protein-coding gene models actually represent 3’ UTR extensions. Note that
previously unannotated 3’ UTR extension regions for Mitf, Eif2c3, Ar and Rbms1 are
currently annotated in Ensembl v65.
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transcripts bearing these noncoding sequences to be 3’ UTR extensions of mRNAs.

Some lincRNAs are substantially separated from known mRNA termini. The lin-

cRNA AK043754 was recently studied in detail [22], and its locus resides 14.9 kb

downstream from Grin2b. Examination of hippocampal RNA-seq data [62] revealed

continuous coverage from the annotated Grin2b 3’ UTR to AK043754 (Figure 3D).

Our Northern analysis for AK043754 revealed a single, strong ∼23.5-kb band in cere-

bral cortex. A probe against Grin2b coding sequence identified the same band; thus,

Grin2b expresses an ∼19-kb 3’ UTR in brain (Figure 3E). We obtained similar results

by Northern analysis of the proposed lincRNA AK039591 [109], which is contained

within the 16.6-kb 3’ UTR of Ntrk3 (Figure 3D,E). That the same large bands were

specifically detected by probes against very proximal and very distal portions of these

long 3’ UTRs rules out potential alternative events 5’ of the stop codon (i.e., retained

internal introns, alternative splicing, or alternative promoters). Grin2b and Ntrk3

contain some of the longest stable 3’ UTRs ever demonstrated in mammals, high-

lighting that some “very downstream” lincRNAs can be reinterpreted as 3’ UTR

extensions.

2.4.2 A bioinformatic pipeline to call 3’ UTR extensions using RNA-seq

data

None of the 3’ UTR extensions analyzed in Figure 3 are present in RefSeq, although

many are well-studied genes. We therefore sought to annotate 3’ UTR extensions

more comprehensively. Searching other databases, we observed that Ensembl cur-

rently annotates Ago3/eIF2C3, Ar, and Rbms1 3’ UTR extensions; however, neither
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database includes the distal 3’ UTRs for Gabrb1, Pds5a, Ntrk3, or Grin2b. We con-

sequently used the latest Ensembl version 65 (v65) [36] as a conservative reference

for annotating novel 3’ UTRs.

We took advantage of deep RNA-seq data from six mouse tissues [62] and re-

processed the raw data to map ∼1.7 billion reads. We initially generated transcript

models using Cufflinks [140], but we noticed from browsing its outputs that 3’ UTR

extents were frequently truncated due to variable read depth, discontinuous coverage,

and/or multimapper reads. We therefore developed an alternate approach to identify

3’ UTR extensions.

The key features included a sliding window that identified continuously tran-

scribed genomic segments≥1.0 fragments per kilobase of transcript per million mapped

fragments (FPKM) (empirically determined from recall of known, internal, nonalter-

native exons), followed by judicious merging of adjacent contigs split by lower coverage

regions or repeats. To ensure that merging was conservative, we demanded that gaps

were bridged by paired-end reads, limited nonrepetitive gaps to <150 nucleotides

(nt), and restricted novel extensions from containing >20% of repetitive sequence.

We then made extensive efforts to cull potentially ambiguous 3’ UTR extensions us-

ing many additional filtering steps. We grouped together novel 3’ ends from different

tissues that were within 30 nt of each other, and extensively confirmed the final calls

by visual inspection. Our stringent filtering steps removed some genuine 3’ UTR

extensions, but we preferred this conservative approach to focus on 3’ UTRs of high

confidence. The pipeline is described in detail in the Methods.
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2.4.3 Analysis of mouse and human RNA-seq data using stringent criteria

reveals more than 3850 novel 3’ UTR extensions

We compared our 3’ UTR calls from six mouse tissues to Ensembl v65 annotations

to identify 3’ UTR extensions. To focus on substantially novel isoforms, we required

Ensembl gene models be extended >500 nt. Although some stable 3’ UTR extensions

that we validated by Northern failed our conservative annotation pipeline, this anal-

ysis strikingly identified 2035 confident 3’ UTR extensions over Ensembl v65 mouse

gene models. These 3’ UTRs comprise ∼6.6 Mb of unannotated sequence and average

4347 nt in length, far above the Ensembl v65 average of 989 nt (Figure 5A). A recent

analysis of mouse cerebellum identified many 3’ UTR extensions [103], of which 600

remain exclusive of Ensembl v65. Still, our annotations comprised 6.2 Mb sequence

beyond these models.

We performed similar analysis of the human transcriptome using the Illumina

Body Map 2.0 of 16 tissues, including a pooled stranded data set that confirmed

expression directionality. We reprocessed these from the raw data and mapped more

than 4 billion reads. We used the same pipeline to annotate 3’ UTR extensions,

except that we increased expression cutoffs to 1.5 FPKM (based on recall of known

nonalternative exons). This analysis identified 1847 confident 3’ UTR extensions over

Ensembl v65 (Figure 5B), comprising 5.1 Mb of unannotated sequence (Figure 5B).

Altogether, these thousands of confident 3’ UTR extensions add ∼11.1 Mb to

mouse and human protein-coding gene models. Moreover, we further designated

thousands of candidate loci in mouse and human with compelling evidence for exten-
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Figure 5: A) Box plot comparing aggregate Ensembl v65 3’ UTR lengths (longest
annotation per terminal exon) and those Ensembl v65 3’ UTRs that were specifically
extended in this study. (Right) Histogram of the same data to highlight the abun-
dance of newly annotated long 3’ UTRs. B) Analyses similar to A, except plotting
known and novel Ensembl v65 human 3’ UTRs. C) Northern analysis validates the
stable accumulation of many transcripts utilizing very distal polyadenylation signals
in cerebellum or cortex, in several cases yielding 3’ UTRs >10 kb in length. Green
arrowheads indicate predicted mRNA length of Ensembl v65 gene model. Red arrow-
heads indicate inferred mRNA lengths of novel 3’ UTR extension isoforms. Asterisks
denote background hybridization to ribosomal RNAs.
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sion but failed to meet our full criteria. These included loci bearing 300- to 499-nt

extensions relative to Ensembl v65, that were expressed at 0.5-0.99 FPKM, or that

had small gaps not bridged by paired-end reads. Thus, the scope of mammalian 3’

UTR extensions is likely even larger than we currently annotate.

2.4.4 Experimental support for extended 3’ UTR isoforms

We vetted the veracity of 3’ UTR extensions by systematic visual inspection, coupled

with extensive “gold-standard” Northern evidence. Because commercial RNA ladders

only size to 9 kb, we generated a “virtual ladder” composed of endogenous transcripts

from 0.8-16 kb (Figure 6). We implemented this by hybridizing mixed probe to

stripped blots, a strategy that furthermore reported the integrity of long transcripts.

We focused on genes expressed in the cortex and/or cerebellum. We did not

detect specific Kcna4 or Nxph1 transcripts (data not shown), reflecting technical fail-

ures or low abundance. However, all proximal 3’ UTR probes that detected specific

transcripts (e.g., Timm17a, Grik2, Enah, Pdk3, Gan, and Ppargc1b) revealed long

species corresponding in length to distal APA isoforms inferred from RNA-seq (Fig-

ure 5C). We re-probed for their distal extensions using amplicons separated from the

proximal probes by the length of the 3’ UTR extension. We consistently detected

the same large transcripts with paired proximal and distal probes (Figure 3C,E, Fig-

ure 5C), constituting unambiguous evidence for stable mRNAs bearing long 3’ UTRs.

Moreover, these data comprise strong evidence against possibilities that the underly-

ing RNA-seq data reflect heterogeneous runaway transcription products, pre-mRNA

intermediates, or unstable transcripts in the process of being degraded.
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Figure 6: Internal size standards used for northern blots compared to single-stranded
RNA ladder. A) Cortex RNA northern blot. B) Multiple tissues northern blot. Note
the predicted size for the size standard appears 200 nts longer than the ssRNA ladder
due to the presence of endogenous polyA tails.
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Several of these genes exhibit >10-kb 3’ UTRs, adding to other long extensions

validated earlier (Figure 3D). Overall, our high validation rate, using the modestly

sensitive Northern technique, reflects the stringency of the annotation pipeline. We

also note validation of some loci that did not meet our full bioinformatic criteria.

For example, we clearly observed the strongly extended 12-kb 3’ UTR of Hmbox1 by

Northern, even though it overlaps an annotated alternative last exon and was therefore

culled from our pipeline (Figure 5C). This highlights the conservative nature of our

annotations, and that our candidate lists undoubtedly contain additional genuine 3’

UTR extensions.

2.4.5 Analysis of polyA signals and conservation among novel distal 3’

termini

We investigated the characteristics of novel distal 3’ termini. Although our pipeline

assesses confident 3’ UTR extensions, it does not necessarily pinpoint precise 3’ ends,

especially as RNA-seq protocols undersample near transcript termini. We further

noted many instances of likely extensions whose most distal regions did not satisfy our

expression cutoff and are thus truncated by our pipeline. We therefore implemented a

“dropoff” filter to identify extension calls that coincide with a sharp drop in RNA-seq

coverage. We required that two consecutive 100-nt windows downstream from the 3’

end call exhibit greater than eightfold reduction in reads, relative to the final 100-nt

window of the 3’ extension. Since some extensions terminated in repetitive regions,

and thus lacked precise 3’ end calls, we also culled these from motif analysis. This

yielded 691 extended mouse loci comprising 741 distinct 3’ ends and 697 extended
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human loci totaling 816 distinct 3’ ends.

We compared the properties of our novel 3’ ends with their annotated Ensembl

v65 counterparts. Known 3’ termini usually bear canonical polyadenylation signals

(PASs) AAUAAA or AUUAAA ∼35 nt upstream of transcript ends, with lower and

less specific enrichment for various noncanonical PAS [138]. In addition, U/GU mo-

tifs are enriched downstream from known PAS (for motif definitions, see Methods).

We observed all of these features in the vicinity of annotated mouse (Figure 7A) and

human (Figure 7B) 3’ termini, in proportions consistent with previous global analy-

ses of mammalian 3’ ends. Curiously, we also observed ∼15% genomically encoded

AAAAAA among both mouse and human Ensembl v65 termini, suggesting that some

of these annotations may potentially derive from internally primed cDNAs.

Our novel distal 3’ UTR extensions exhibited strong positional enrichments of

upstream PAS and downstream U/GU motifs, in both mouse (Figure 7C) and hu-

man (Figure 7D). In fact, the enrichment of canonical AAUAAA PAS was greater

among our novel 3’ termini, compared with their Ensembl termini. Moreover, we did

not observe enrichment of AAAAAA polymers at our newly defined termini. These

observations provided strong support for the quality of our extension annotations.

Therefore, while we do not presume that every novel terminus was defined precisely,

this set of more than 1500 novel distal termini exhibits motif properties of genuine

transcript ends that meet or exceed those of well-annotated Ensembl transcript ends.

We next analyzed the conservation of proximal and distal termini using phastCons

values. For both mouse (Figure 7E) and human (Figure 7F), we observed a local spike

in conservation 5’ to the proximal polyadenylation sites, followed by a drop in conser-
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Figure 7: All analyses in this figure concern those mouse (top graphs) and human
(bottom graphs) genes whose 3’ UTRs were confidently extended in this study. These
comprise 691 Ensembl65 mouse gene models for which we precisely annotate 741
novel 3’ termini in one or more tissues, and 697 Ensembl65 human genes for which we
precisely annotate 816 novel 3’ termini in one or more tissues. (A,B) Motif frequency
in 50-nt bins in the vicinity of annotated 3’ termini. Motifs are listed at bottom, and
include the downstream U/GU-rich region that promotes 3’ cleavage, the canonical
PAS AAUAAA and its most common variant AUUAAA, a panel of low-frequency PAS
variants, and genomically encoded hexa-A tracts. As expected for annotated mouse
(A) and human (B) 3’ termini, there is strong positional enrichment of functional PAS
upstream of the polyadenylation site and U/GU downstream. The collection of low-
frequency PAS variants exhibits a broad background frequency, with mild enrichment
at the normal location of canonical PAS. Unexpectedly, we observed enrichment of A6
at annotated 3’ termini, potentially reflecting internal priming events in this collection
of curated 3’ termini. (C,D) The frequency and positional specificity of PAS and
U/GU motifs in our novel mouse (C) and human (D) 3’ termini are relatively similar to
known termini but lack substantial A6 enrichment at transcript ends. (E,F) Analysis
of average phastCons scores in the vicinity of known and newly annotated 3’ termini
in mouse (E) and human (F) shows that both populations of termini exhibit selective
constraint that rises to a peak in the local sequence upstream of 3’ termini, and drops
sharply in the downstream sequence. Note also that the aggregate conservation of
the last ∼500 nt of proximal 3’ UTR sequences is higher than that of the distal novel
3’ UTR sequences, but the overall level of conservation 3’ of our mouse and human
extensions drops to background. (G,H) Analysis of location of polyA-seq tags relative
to known and newly annotated 3’ termini shows a similar positional enrichment at
transcript 3’ termini. Comparison with a randomly selected set of 3’ ends from these
transcripts shows no positional enrichment of polyA-seq tags, indicating that our
novel annotations include genuine 3’ ends.
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vation. The local conservation surrounding aggregate distal PAS was comparable to

corresponding proximal PAS, indicating their similarly strong evolutionary selection.

We also note that the overall conservation 100-500 nt downstream from proximal

PAS was higher than downstream from our novel distal PAS. These trends applied

to both mouse (Figure 7E) and human (Figure 7F) and are compatible with the sce-

nario that our thousands of novel 3’ UTR extensions contain functional cis-regulatory

information that distinguishes them from background intergenic sequence.

Finally, we assessed our novel 3’ termini for overlap with recent 3’-sequencing

of mouse and human transcripts [28]. These data are a valuable resource for the

discovery of novel mRNA ends, although the initial study did not systematically

annotate these. We reprocessed the polyA-seq data to precisely annotate 3’ ends

that correspond with the end of RNA-seq coverage. For comparison, we analyzed the

extent of polyA-seq support for Ensembl v65 ends of all loci whose models we extended

in this study. Nearly 80% of mouse (Figure 7G) and 85% of human (Figure 7H)

annotated termini were supported by polyA-seq tags. We did not necessarily expect

such a high validation rate a priori, since RNA-seq data do not demarcate transcript

ends precisely, and distal 3’ UTR extension transcripts often accumulate to lower

levels and thus contribute fewer polyA-seq tags than shorter isoforms.

Altogether, these bioinformatic analyses demonstrate that we annotated a large

population of functional mammalian transcript termini, adding large expanses of

currently unannotated mouse and human genomic sequence to expressed 3’ UTR

space. Strikingly, these thousands of novel 3’ termini exhibit motif and conservation

properties that are comparable to known mRNA termini in these well-annotated
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genomes.

2.4.6 Tissue-specific 3’ UTR lengthening is strongly biased toward neural

tissue

We reannotated 3’ UTRs from RNA-seq data across a variety of tissues, but until

this point, our experimental validation focused on brain. We utilized DEXSeq [7], a

statistical approach to detect differential exon usage, to identify tissue-biased APA

events. Analysis of 15 pairwise combinations of mouse tissues yielded at least some

genes with significant differential expression of 3’ UTR extensions between each tissue

pair. In addition, many of the novel 3’ UTR extensions we annotated were not

differentially expressed across tissues. However, we consistently observed that the

hippocampus exhibited the highest number and expression of 3’ UTR extensions,

relative to all other tissues (Figure 9A). We repeated this analysis for 16 human tissues

in the Illumina BodyMap 2.0. We show representative comparisons in Figure 9C and

provide all 120 pairwise comparisons in Figure 8. These tests recapitulate the pattern

observed in mouse, in that the absolute number and relative abundance of the novel

3’ UTR extensions are highest in the human brain.

To strengthen the conjecture that preferential usage of unannotated distal polyadeny-

lation sites is a property of neuronal cells, we examined RNA-seq data from mouse ES

cells and differentiated neurons derived from these cells [76]. By using the coordinates

from DEXSeq analysis of mouse tissues (Figure 9A, top row), we performed DEXSeq

expression analysis for ES cells and derived neurons, as well as for mouse embry-

onic fibroblasts (MEFs). These tests robustly reproduced the pattern of preferential
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Figure 8: Pairwise DEXSeq analysis of novel 3’ UTR extensions annotated in human.
In these scatterplots, each point represents the relative expression of a 3’ UTR exten-
sions between two tissues. For genes exhibiting a significant (>2 fold, FDR <0.01)
difference between the two tissues, the point was colored red if the relative usage is
higher in the tissue indicated on the tissue named on the Y-axis, and blue if it was
higher in the tissue on the X-axis.
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Figure 9: A) Pairwise analysis of tissue-specific preferences of novel mouse 3’ UTR
extensions using DEXSeq. Each gene is represented as a single point, such that the
relative expression of the 3’ UTR extension between the pair of tissues (indicated at
the left of each row and the bottom of each column) is plotted as the Y-coordinate,
and the average expression of the 3’ UTR in that pair of tissues is plotted as the
X-coordinate. For genes exhibiting a significant (greater than twofold, FDR <0.01)
difference between the two tissues the point is colored red if the relative usage is
higher in the tissue indicated at the left of the row and blue if it was higher in the
tissue indicated at the bottom of the column; all other 3’ UTRs are shown in gray.
We observed a broad tissue-wide trend toward increased expression of lengthened
3’ UTRs in hippocampus, seen as a substantial excess of red points across the top
row of tissue comparisons against hippocampus. No particular trend is observed
among the other pairwise tissue comparisons. B) Summary of the pairwise analysis
of novel 3’ UTR extensions annotated in mouse. For each tissue, the set of genes
that are detected by DEXSeq to have a higher fold expression of an extended 3’
UTR extension compared to at least one other tissue were counted. C) Summary of
DEXSeq tissue comparisons of novel 3’ UTR extensions in human (for all pairwise
scatterplots, see also Supplemental Fig. 8). D) DEXSeq analysis of our novel mouse
3’ UTR extensions, assessed in RNA-seq data from mES/neuron/MEF cells. In the
scatterplot, mES data are in blue and differentiated neuron data are in red.

34



Figure 9

35



neural expression of novel extensions (Figure 9D).

We confirmed these bioinformatic trends using Northern analysis of mouse kidney,

liver, cerebellum, and cortex. As many transcripts whose 3’ UTR extensions we

validated earlier (Figure 3 and 5) were not necessarily subject to APA, we focused

on genes with tissue-specific 3’ UTR extensions. Figure 10A illustrates stringent

APA analysis using proximal probes and two different extension probes for Ppp1r7,

Sod2, and Dnajc15. Their universal probes detected shorter transcripts across the

tissue panel and longer transcripts that were brain-specific. In all cases, both sets

of extension probes detected exclusively the longer isoforms and only in brain. This

was particularly notable for Sod2 and Dnajc15, whose intermediate extension probes

detected APA isoforms of intermediate length, which were not detected by the most

distal extension probes.

We extended this analysis using paired universal and extension probes for nine

other genes exhibiting brain-specific 3’ UTR lengthening (Figure 10B; Figure 11).

These data broadly support the bioinformatic inference of brain-specific distal APA

usage (Figure 9) and further validate the existence of exceptionally long 3’ UTRs on

stable neural transcript isoforms (e.g., 10.2-kb Sod2 3’ UTR and 14-kb Dcun1d5 3’

UTR). Altogether, a process of tissue-biased transcript lengthening that generates

hundreds of novel, distal 3’ UTRs in the nervous system occurs on a global scale in

Drosophila, mouse, and human.
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Figure 10: A) Northern analyses that compare universal (proximal) probes with two
probes directed against an intermediate and a very distal portion of a 3’ UTR ex-
tension. The gene models above show the known and newly recognized 3’ UTR
extensions and locations of Northern probes. In all cases, the universal probes detect
broadly expressed transcripts bearing short 3’ UTRs as well as longer 3’ UTR iso-
forms that are specific to cerebellum (CB) and/or cortex, while the extension probes
detect exclusively the longer 3’ UTR isoforms in brain. Note that the intermediate
probes (extension 1) for Sod2 and Dnajc15 detect intermediate 3’ UTR isoforms that
are codetected by their respective universal probes but not by their most distal 3’
UTR probes. Asterisks denote cross-hybridization to abundant rRNA bands. B)
Additional examples of brain-specific distal APA events validated by Northern blots.
Northern analysis using universal Northern probes (black bars) designed to detect all
3’ UTR isoforms reveal dominant isoforms used by all tissues examined along with
brain-specific long 3’ UTR isoforms. Extension probes (red bars) designed to detect
the 3’ UTR extensions reveal expression only in the brain and not in other tissues.
Asterisks denote background hybridization to ribosomal RNAs; (CB) cerebellum.
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Figure 11: Gene models, RNA-seq and PolyA-seq tracks for several neural APA
isoforms that have Northern support shown in Figure 10.
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2.4.7 In situ hybridization validates expression of neural-specific 3’ UTR

extensions

We used in situ hybridization of E13.5 mice to assess the spatial expression patterns

of several genes undergoing neural 3’ UTR extension. We were particularly interested

if paired proximal and distal probes ever detected differential patterns, as observed

in Drosophila [53, 128].

Nedd4l encodes an ubiquitin ligase whose substrates include receptors and kinases

in several signaling pathways. By using paired universal and extension probes, we

observed expression of both short and long 3’ UTR isoforms in brain Northerns (Fig-

ure 12A,B). In situ analysis using a Nedd4l universal probe detected expression in

brain and dorsal root ganglion (DRG) (Figure 12C). The extended 3’ UTR isoform

probe similarly detected expression in brain; however, no signals were obtained in

PNS (Figure 12D).
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Figure 12: A) RNA-seq data for Nedd4l indicate an alternative 4.9-kb-long 3’ UTR
isoform that includes a proposed lincRNA AK038898. B) Northern blotting demon-
strates that an AK038898 probe detects the long 3’ UTR isoform of Nedd4l. C)
A Nedd4l universal probe detects expression in both brain and dorsal root ganglia
(DRG). D) A probe directed against the very distal portion of the Nedd4l 3’ UTR
extension detects only brain expression. E) RNA-seq data for Tcf4 indicate the exis-
tence of a 3’ UTR extension of the annotated gene model, with preferential expression
in hippocampal data. F) Tissue Northern blot using a distal probe confirms the ex-
istence of a discrete band expressed in brain that corresponds to a 3’ UTR extension
isoform. G) In situ hybridization to a probe in the common 3’ coding exon detects
Tcf4 predominantly in the CNS and the intervertebral discs; (LV) lateral ventricle.
A whole-embryo cross-section is shown at left, and the regions boxed are enlarged at
right. H) The Tcf4 3’ UTR extension probe only detects expression in the brain. I)
RNA-seq data for Rspo3 indicate a candidate 3’ UTR extension, although this level
of expression (0.22 FPKM) was below our cutoff for genome-wide calls of 3’ UTR
extensions. J) A universal Rspo3 probe predominantly detects CNS expression in the
cortex and hem, as well as PNS expression in the spinal cord, mainly in dorsal root
ganglia (DRG). K) The intermediate Rspo3 extension probe hybridizes specifically
to the cortical hem. L) A probe directed against the very low abundance Rspo3
extension region similarly detects expression in cortical hem.
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We next analyzed Tcf4, a transcription factor in the Wnt pathway. Recent studies

proposed differential stability of TCF4 and its downstream lincRNAs [24]. However,

RNA-seq data indicate continuous transcription downstream from Tcf4 (Figure 12E).

Northern analysis using a probe to the downstream unannotated region supported

the presence of a 3’ UTR extension of Tcf4 and did not detect shorter ncRNAs (Fig-

ure 12F). The extended APA isoform was spatially restricted, since a Tcf4 universal

probe detected expression in forebrain and intervertebral discs (Figure 12G), whereas

the extended isoform was only found in forebrain (Figure 12H).

Finally, we analyzed Rspo3, which encodes a thrombospondin type 1 repeat family

protein, members of which are also involved in Wnt signaling. Our pipeline predicted

a ∼700-nt extension of its annotated 3’ UTR. However, visual inspection of RNA-seq

data revealed a potential 3’ UTR extension of ∼7.2 kb that was below our expres-

sion cutoff (0.22 FPKM) (Figure 12I) and was therefore excluded from our confident

bioinformatic list. Northern analysis validated the short 3’ UTR extension, but not

its substantially longer counterpart. Nevertheless, in situ hybridization revealed dis-

crete and distinct expression of the extended isoform. The universal probe detected

expression broadly in the pallium, cortical hem, spinal cord, and DRG (Figure 12J).

In contrast, the Rspo3 3’ UTR extension probe hybridized exclusively to the cortical

hem and did not reveal PNS expression (Figure 12K). A probe against the distal

unique sequence of the 3’ UTR extension revealed the same patterns (Figure 12L),

suggesting the existence of a stable isoform not detected by Northern. The restricted

spatial pattern of Rspo3 extensions explains its seemingly low expression in total hip-

pocampal RNA and emphasizes that our computational identification of thousands
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of 3’ UTR extensions still underestimate the magnitude of this phenomenon.

2.4.8 Novel 3’ UTR extensions harbor thousands of conserved miRNA

target sites

We sought regulatory implications of this large network of 3’ UTR extensions. We

assessed all 7-mers for evidence of conservation above background among our 2035

mouse 3’ UTR extensions. Notably, the motifs with highest signals and highest

numbers of conserved instances corresponded to seeds for miRNAs with well-described

neural functions [134], including let-7, miR-124, miR-9, miR-96, miR-125, and miR-

137 (Figure 14A). We asked whether the enrichment for neural miRNA seeds was a

property of coherent targeting or mutual exclusion. We segregated the 2035 extensions

for those detected in hippocampus, and compared their site properties to the rest.

This analysis showed that extensions expressed in hippocampus bore the majority of

neural miRNA target sites, indicating that neural 3’ UTR extensions are utilized to

confer regulation by neural-specific miRNAs.

We subsequently performed a directed search of the unannotated mouse exten-

sions for seed matches conserved between rodents and primates, restricting this to

mammalian-conserved miRNAs. We identified nearly 4000 conserved miRNA target

sites, which substantially extend the scope of post-transcriptional regulatory networks

in mammals (Figure 14A, inset). Even though the list of human genes with novel

extensions overlapped only partially with mouse, de novo analysis revealed mostly

the same neural miRNA seeds among their best-conserved 7-mers (Figure 13).

The presence of conserved miRNA binding sites on sense strands downstream
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Figure 14: A) Signal-to-background ratio (S:B) of 7-mers found in the proximal 3’
UTR annotations compared with the novel extended 3’ UTR region annotated in
mouse from all tissues analyzed. Note that target sites for several well-characterized
neural miRNAs are found among the most well-conserved 7mers in both proximal
and novel extended 3’ UTR regions, including miR-124, miR-137, miR-9, let-7, miR-
96, and miR-125. Supplemental Figure S10 demonstrates that the signal for neural
miRNA seed matches is driven by genes with neural-expressed 3’ UTR extensions. B)
Analysis of seed matches to mammalian-conserved miRNAs, that are present among
mouse 3’ UTR extensions that lack companion expression evidence for an orthologous
3’ UTR extension in human (top graph) or that do have such experimental evidence
for a human extension (bottom graph). The proportion of conserved miRNA binding
sites is much higher among genes with evidence for a conserved 3’ UTR extension.
C) Regions surrounding miRNA target sites located in proximal (in blue) and novel
distal 3’ UTR mouse extensions (in red) show enrichment of Ago HITS-CLIP tags
over background. The signal:background (S:B) of clip tags at let-7 and miR-124 seed
matches is actually higher in the novel 3’ UTR extension regions.
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from annotated gene models serves as corroborating evidence for 3’ UTR extensions.

For the 2035 novel mouse extensions, 559 have an orthologous extension in human

(469 of which are annotated in Ensembl v65, and 96 of which are newly identified

here). The remaining 1470 loci are tentatively supported only in mouse, although

at least some are associated with “downstream” human RNA-seq evidence that did

not meet the 1.5 FPKM threshold. We asked whether the conserved miRNA sites

preferentially partitioned into mouse 3’ UTR extensions that did, or did not, have

an orthologous human extension. We observed highly significant (P < 1 E-15, bino-

mial test) enrichment of conserved miRNA binding sites among genes that currently

share experimental evidence for neural 3’ UTR extensions in both mouse and human

(Figure 14B). Nevertheless, a population of “mouse-only” extensions harbor miRNA

binding sites conserved in human (in some cases more than 25 sites), indicating that

the catalog of neural 3’ UTR APA events is still not complete.

To further address the functionality of miRNA binding sites in neural 3’ UTR

extensions, we queried Ago binding sites in mouse brain using published HITS-CLIP

data [21]. In this study, some Ago-bound tags were noted downstream from certain

gene models, and inferred to represent potentially unannotated 3’ UTR sequences.

We surveyed our 3’ UTR extensions and observed robust signals for Ago binding at

miRNA seeds in both proximal and extended 3’ UTRs. Exemplar seeds enriched

in Ago-CLIP tags in extended 3’ UTRs included miR-124-3p, let-7-5p, and miR-9-

5p (Figure 14C). While a lower fraction of 7-mers overlapped Ago-CLIP tags in the

extended portion of UTR, the ratio of Ago-IP frequency at these sites to background

UTR Ago-IP was actually higher in extended regions. The lower CLIP frequency may
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be due to differential isoform abundance, since CLIP tags are sampled more frequently

from abundant mRNAs, and shorter isoforms tend to accumulate to higher levels

than the distal extension isoforms. Nevertheless, the Ago HITS-CLIP data strongly

support that these novel neural 3’ UTR extensions confer substantial regulation by

many mammalian neural miRNAs.

2.5 Discussion

2.5.1 Extensive usage of highly distal APA is a well-conserved feature of

the nervous system

Genes expressed in the nervous system contain longer 3’ UTRs, on average, compared

with other tissues [130, 145, 115]. Moreover, a number of transcripts have been noted

to undergo alternative polyadenylation (APA) in the nervous system, yielding longer

3’ UTRs in their neural isoforms. Very recently, the Drosophila central nervous system

was recognized to utilize novel distal APA sites across hundreds of transcripts, often

generating 3’ UTRs of exceptional length [53, 128]. Analysis of mammalian brain and

cultured neurons similarly provides evidence of distal APA events [103, 124].

In this study, we substantially increase the number and magnitude of neural distal

APA events in the mammalian brain, including the accumulation of a multitude of

stable mRNAs bearing exceptionally long 3’ UTRs (nearly 20 kb in length). In a day

and age where the amount of “extragenic” transcription that contributes to discrete,

stable transcripts remains hotly contested [110, 142, 23], it is striking that we can add

6.6 Mb and 5.1 Mb of currently unannotated sequence to the confident mRNA space
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of the mouse and human transcriptomes, respectively. These transcript extensions

have substantial impact on post-transcriptional networks, especially those mediated

by the particularly extensive collection of neural 3’ UTR extensions.

We find that short and long tissue-specific 3’ UTRs exhibit marked usage of canon-

ical PAS hexamers (AAUAAA or AUUAAA) and downstream U/GU-rich elements,

although it is striking that our plethora of novel, distal 3’ ends exhibit motif properties

that are slightly stronger than their Ensembl-annotated counterparts (Figure 7A-D).

Still, Northern analysis of mouse brain tissue revealed that although a longer 3’ UTR

is used, the shorter 3’ UTR continues to be expressed, often at relatively high levels.

This contrasts with the “switch-like” behavior of many Drosophila genes to domi-

nantly express the distal 3’ UTR in heads and dissected CNS [128]. At present, it

is unclear if this reflects that the mammalian brain does not bypass proximal PAS

as efficiently, or whether this reflects differences in cellular composition in samples

analyzed. The mammalian brain may contain a higher proportion of glial cells and

lower proportion of neurons, compared with Drosophila heads, which may potentially

comprise a higher proportion of neurons. Our analysis of RNA-seq data from ES cells

differentiated into neurons showed more robust switching to distal 3’ UTR isoforms

(Figure 9D) than observed in the tissue comparisons (Figure 9B,C).

2.5.2 Challenges for accurate transcript assembly from RNA-seq data

The exponential rise in the throughput of next-generation sequencing has outpaced

many aspects of its analysis and interpretation. With respect to the task of assem-

bling transcripts from shards of RNA sequence, solutions such as ERANGE, Cuf-
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flinks, and Trinity have proven effective and are widely used. Nevertheless, even

current ENCODE project efforts to annotate the human transcriptome, undertaken

by the HAVANA and GENCODE subgroups (http://www.sanger.ac.uk/research/-

projects/vertebrategenome/havana/), acknowledge that substantial manual curation

is required to provide confident gene models from RNA-seq data.

Our study highlights the substantial extent to which bioinformatics must advance

to fully exploit the power of RNA-seq. Although Cufflinks was invaluable for initial

processing of RNA-seq data, we found numerous truncations of clear 3’ UTR exten-

sions evident from visual inspection. A major issue is that current conceptions of

the transcriptome do not generally include the broad possibility for large processed

exons, yet we show that hundreds of continuous 3’ UTRs ranging from 5-25 kb are

encoded by the Drosophila, mouse and human genomes. In general, understand-

ing the connectivity of transcripts from RNA-seq data remains challenging. Major

impediments include the highly nonlinear representation of reads across individual

transcripts, the difficulty of deconvolving overlapping and/or alternative transcripts

of unequal abundance, and the existence of intervening multi-mapping sequences,

which can be common in 3’ UTRs that include fragments of repetitive elements. It is

hoped that some of these issues may be ameliorated as technologies for direct and/or

long read sequencing improve.

We supported the veracity of our computational 3’ UTR inferences with exten-

sive experimental analysis. While >10-kb 3’ UTRs are rare in current annotations

and only a handful have been experimentally validated, we provide Northern sup-

port for many 3’ UTRs in this size range in this study alone. Notably, in all cases
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where purported lincRNAs reside in our 3’ UTR extensions, our extensive Northern

studies failed to reveal evidence for lincRNA transcripts of annotated lengths. We

do not formally exclude that some of these 3’ UTR extensions might be processed

into shorter RNAs [85]; for example, multiple pathways digest 3’ UTR segments into

endo-siRNAs or even piRNAs [101]. Nevertheless, the parsimonious interpretation of

our studies is that alternative 3’ UTR extensions of stable mRNAs remain a strongly

under-appreciated aspect of the mammalian protein-coding transcriptome. This has

consequences for interpreting lincRNAs, which are well-documented to exhibit tissue-

specific expression, to be conserved, and to be associated with phenotypes when

depleted. In fact, all of these are also characteristics of 3’ UTRs, and our studies pro-

vide extensive evidence that simply being distant from an annotated gene model is

not a reliable predictor of being transcribed independently (Figure 3, 5 and 10). Our

studies suggest that additional loci currently annotated as lincRNAs may actually

correspond to unannotated 3’ UTR extensions. For example, we provide Northern

evidence that lincRNAs described by Mattick and colleagues [24] can be detected as

stable 3’ UTR extensions of Etv1, Paqr9, and Tcf4 mRNAs (Figure 3C, Figure 12F).

We are confident that the myriad and unexpected roles for long noncoding RNAs

are just beginning to be unraveled [119, 64, 39, 49]. At the same time, our findings

serve as a reminder that establishing transcript connectivity and full-length structures

from tiling array and RNA-seq data are not trivial operations, but present and ongoing

challenges for transcriptome studies.
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2.6 Methods

2.6.1 RNA preparation

Adult male ICR (CD-1) mice (Taconic) were euthanized by CO2 overdose. Total RNA

from dissected brain samples was extracted using RNeasy lipid tissue kit (Qiagen).

Other tissues were extracted using TRIzol (Invitrogen). Poly(A)+ RNA was prepared

from total RNA using Oligotex mRNA kit.

2.6.2 Northern analysis and RT-qPCR

For Northern analysis, 1.5-2 µg of poly(A)+ RNA was denatured using glyoxal, and

electrophoresis was performed using 1% agarose BPTE gels and blotted and probed as

described. Internal size standards were prepared using a mix of probes against several

highly expressed genes with known sizes (Figure 6). Note that the migration of the

lower bands at 0.8, 1, and 3 kb differ by ∼200 nt from commercially single-stranded

RNA ladders (New England Biolabs) due to the presence of endogenous polyA tails.

For cDNA preparation, reverse transcription was performed using superscript III

reverse transcriptase (Invitrogen) on DNase I (Ambion) treated total RNA. End-

point PCR was performed using Taq DNA polymerase (New England Biolabs) with

55◦C-62◦C annealing temperatures and 28-35 cycles. To rule out amplification of

genomic DNA, first-strand synthesis was performed using control reactions lacking

reverse transcriptase (-RT). qPCR was performed using SYBR green PCR mastermix

(Qiagen).
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2.6.3 Next-generation sequencing data sets analyzed

Mouse RNA-seq data (GSE30617) generated by the Wellcome Trust Sanger Insti-

tute included six pooled libraries from the hippocampus, spleen, heart, lung, thy-

mus, and liver [62]. We also analyzed data from mouse ES cells differentiated into

neurons (GSE27866) [76]. Wiggle tracks from the mouse ENCODE project were

downloaded from the ENCODE DCC (http://hgdownload.cse.ucsc.edu/goldenPath/-

mm9/encodeDCC/) and merged into a single track [120]. Human RNA-seq data were

from the Illumina Human Body Map 2.0 Project (GSE30611), which includes non-

stranded RNA-seq libraries from 16 tissues, as well as stranded RNA-seq data for a

mixture of these tissues. We used 3’-seq data (SRP007359/GSE3019) from the brain,

kidney, liver, muscle, and testis for both mouse and human [28]. All RNA-Seq data

were mapped to the human (hg19) and mouse (mm9) genomes using TopHat with

the default parameters [140].

2.6.4 Identification of 3’ UTR extensions

As a first step to identifying candidate 3’ UTR extensions, we ran a sliding window

across the genome to identify all continuously transcribed regions. We defined a 100-nt

window to be continuously transcribed if more than 80/100 positions were covered by

more than 10 reads. This criterion was applied at single-nucleotide increments across

the genome, and the overlapping segments were merged. We provisionally made fur-

ther refinement by merging neighboring regions separated by <150 nt of nonrepetitive

sequence. We also merged expressed windows separated by repetitive elements (as
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identified by RepeatMasker). The resulting segmentation was subjected to extensive

filtering that aggressively culled potentially ambiguous extension cases, which might

not be distinguished from intragenic transcription, overlapping transcripts, retained

introns, etc.

In brief, we identified continuously transcribed regions that overlap annotated

stop codons, and subjected them to the following criteria: (1) The identified segment

overlaps only a single gene. (2) The extended region does not overlap any exons, only

either intronic or intergenic space. (3) The called 3’ UTR overlaps only a single stop

codon. (4) There is at least 500 nt of nontranscribed space before the next gene or

exon. (5) The gaps bridged between neighboring segments in an extension accounts

for <20% of the extension, and these gaps are spanned by at least one paired-end

read. (6) The extension is expressed above 1.0 FPKM in mouse and 1.5 FPKM

in human. The requirement of 1 FPKM (1.5 FPKM Illumina bodymap data) was

selected by comparing the accuracy of the sliding window for annotating known exon

boundaries at different FPKM cutoffs and selecting a cutoff with >90% sensitivity

within 100 nt. (7) The extension increases current Ensembl v65 gene models by >500

nt. (8) Less than 20% of reads from available stranded libraries derive from the

opposite strand. (9) For any extension containing spliced reads, the percentage of

reads supporting splicing across either junction account for <20% of reads mapped

across that genomic location.

To identify continuous genomic regions that are transcribed above a minimum

level, we used a 100 nt sliding window, advanced across the genome in single nu-

cleotide increments. Using this strategy, we required that at least 80/100 positions
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in that window are covered at a depth of at least 10 reads. Depending on the depth

to which each tissue was sequenced, a minimum depth of 10 reads at 80/100 posi-

tions corresponded to a read density of 0.5-1.0 FPKM. All overlapping windows were

merged into larger contiguously transcribed segments. Visual inspection of the re-

sulting segmentation revealed that regions of high coverage were occasionally broken

by regions of low-coverage due to non-unique regions of the genome. For this reason,

we consolidated neighboring segments separated by less than 150nt of non-repetitive

sequence, provided that the gap was bridged by at least one paired-end read.

The resulting transcribed segments were cross-referenced with Ensembl 65 gene

models to identify 3’UTRs with extensions that were not annotated. Since intra-

genic transcription and overlapping transcripts are well-documented, and RNA-seq

is unable to resolve overlapping transcripts (distinguishing intronic 3’UTR extension

from retained introns), we implemented a series of criteria to cull ambiguous cases.

Each identified extension could not overlap with any annotated exons, including ex-

ons of adjacent genes, and alternative exons of the gene model being extended. To

be conservative, we not only excluded strict overlaps, but also required a minimum

of 500 nt of genomic space that is not expressed (defined as the complement of the

expressed segments identified by the sliding window), before the next annotated gene

or exon. Therefore, our 3’UTR annotations are extensions from exons exclusively into

unannotated intronic or intergenic space.

We further ensured that extensions were attributed to transcripts on the correct

strand by requiring at least 80% of reads from available stranded RNA-seq data

to derive from the corresponding strand. To prevent ambiguous extension calls, we
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required that less than 20% of an extension could be comprised of regions that cannot

be uniquely mapped to. Finally, to focus on substantially novel APA isoforms, we

required Ensembl gene models to be extended by at least 500 nt. We grouped together

novel 3’ end calls from different tissues that were within 30 nt of each other to report

a set of non-redundant 3’UTR extensions.

While the above pipeline enabled the confident 3’ UTR extensions, visual inspec-

tion revealed that it does not necessarily pinpoint the precise 3’ ends. Many instances

of likely extensions that did not precisely identify the 3’ end appeared truncated be-

cause the most distal portion of the 3’UTR did not satisfy our expression cutoff. To

select a subset of confident 3’UTR extensions for which the annotation likely rep-

resents the precise 3’ ends we further filtered the identified extensions. To remove

cases in which the RNA-seq coverage gradually falls below the established minimum

level level of expression, we required that the level of coverage at the 3’ end exhib-

ited a sharp “drop-off” when comparing the regions upstream and downstream of

the extension 3’ end. To implement this we required that the two consecutive 100 nt

windows downstream of the 3’ end call exhibit >8-fold reduction in reads, relative to

the final 100 nt window of the 3’ extension. If a repetitive element overlapped the 3’

end annotation, the call was removed. Ends within 30 nt passing “drop-off” criteria

in more than 1 tissue were merged and the median coordinate was used for analysis.

2.6.5 Comparison with recent annotations of 3’ UTR extensions

Recently, 1460 3’ UTR extensions were annotated from mouse cerebellum [103]. The

majority of these extensions (860 genes) are now contained within 3’ UTR annota-
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tions in Ensembl v65, which was the starting point for our analysis. However, as Pal

et al annotations are not systematically included in Ensembl gene models, we ana-

lyzed the degree to which our annotations overlap. Of our set of 2035 non-overlapping

extensions from mouse, 487 extensions that overlap those from Pal and colleagues.

Of this 487, 277 terminate within 500 nt of their annotation (which we broadly con-

sidered to be the same extension call), 55 are fully contained within a Pal annotation

(meaning that the expression of their distal, downstream region did not meet our

annotation criteria), and 154 were longer than a Pal annotation. Of the 154 over-

lapping loci for which our annotation was longer, we annotate 851 kb as confident

extensions to mRNA. The 1548 extensions that do not overlap with their annotated

extensions comprise 5.35 Mb over Ensembl v65. Therefore, our study extends the

mouse transcriptome far beyond this recent study [103].

2.6.6 Analysis of polyadenylation site features

Although gene models might bear confidently extended 3’ UTRs, the genomic re-

gions that satisfied expression FPKM cutoffs did not always correspond to a clean 3’

terminus. In cases where lower-level transcription continued for some distance past

the called end, our sliding window truncated the 3’ terminus. Alternatively, a called

end might terminate in a repetitive element, and thus no specific 3’ end was identi-

fied. Such loci, although confidently extended, are not germane for the analysis of 3’

terminal motifs.

Visual inspection of RNA-seq data on the IGV Browser indicated that bioinfor-

matically called 3’ ends were likely to be precise when there was a substantial dropoff
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in expression emanating from the downstream genomic sequence. We selected those

3’ termini that did not overlap an annotated repetitive element, and exhibited greater

than eightfold coverage dropoff between the 100 nt upstream of the annotated 3’ end

and both of two subsequent 100-nt windows downstream from the 3’ end.

We centered on each of these novel 3’ termini and analyzed their genomic vicin-

ity for canonical polyadenylation signals (PAS) AAUAAA or its closest variant AU-

UAAA, as well as noncanonical polyadenylation motifs defined previously [138]. The

U/GU-rich motif was defined as six consecutive U and/or G, with at least three Us

(corresponding to 22 distinct 6-mers).

We assessed the positional enrichment of published polyA-seq tags [28] around our

novel extended 3’ UTRs. We counted the fraction of ends that have at least one 3’

sequencing read in 50-nt bins 200 nt upstream of and downstream from the annotated

polyadenylation site. We estimated the background frequency of 3’ sequencing tag

enrichment by sampling random points distributed uniformly between the longest

Ensembl v65 annotation and the location of our confident 3’ end annotation.

2.6.7 Post-transcriptional regulatory motif analysis

MULTIZ multiple species alignments projected onto the human (hg19) and mouse

(mm9) genomes were downloaded from the UCSC Genome Browser. Signal-to-noise

ratios of all 7-mers were calculated according to the method previously described

[145]. We considered a 7-mer to be conserved if it was aligned without mismatches

or gaps between human, mouse, rat, dog. The conservation frequency was calculated

by dividing the number of conserved instances of a 7-mer by the total number of

58



occurrences of that sequence. The signal to background ratio was calculated for each

7-mer by dividing the conservation frequency by the average conservation frequency

of a set of at least 10 control sequences. Control sequences exhibited matched GC

content and occurred within twofold frequency of the query 7-mer in the selected

regions. The 7-mers were cross-referenced with mature miRNA seed sequences from

miRBase.

We also downloaded FASTQ files of 130-kD AGO-CLIP data [21] from http://ago.-

rockefeller.edu/rawdata.php, and mapped them to mm9 using Bowtie with default

parameters. For each 7-mer matching a miRNA 7m8 target site, the 300 nt upstream

of and downstream from that sequence were queried for overlapping Ago-CLIP reads.

The fraction of sequences that overlapped a CLIP tag at each nucleotide position

relative to the seed match were counted and compared with the background rate of

clip frequency around 7-mers with similar GC content. The signal:background ratio

was calculated at each nucleotide relative to the target site by dividing the fraction of

sequences overlapped by an Ago-CLIP read at each position by the average fraction of

Ago-CLIP reads overlapping GC-matched control 7-mers in the same genomic regions.

2.6.8 Third party software used

We used picard liftOver (http://picard.sourceforge.net/) to identify orthologous mouse

and human positions, SAM-JDK to query BAM files, apache-commons and R to per-

form statistical calculations, BigWig (http://code.google.com/p/bigwig/) to parse

phastCons conservation scores, and JFreeChart and R for plotting.
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2.6.9 Mouse in situ hybridization

E13.5 embryos were fixed in 4% paraformaldehyde overnight. The following day,

embryos were washed with PBS, dehydrated, and paraffin embedded. Sagittal 7-

µm embryo sections were processed using a Leica microtome. We prepared DIG-

labeled antisense RNA probes according to the method previously described [128]

and performed in situ hybridization according to the method previously described

[15].
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3 Change-point analysis improves 3’UTR annota-

tion using RNA-seq and provides an effective

framework for detecting differential APA∗

3.1 Attributions

Sol Shenker designed and implemented the IsoSCM assembly method, evaluated per-

formance of methods on simulated and experimental datasets, and analysis of tissue

expression patterns. Pedro Miura performed northern blot analysis. Sol Shenker,

Pedro Miura, and Piero Sanfilippo visually inspected IsoSCM output.

3.2 Abstract

Major applications of RNA-seq data include studies of how the transcriptome is mod-

ulated at the levels of gene expression and RNA processing, and how these events are

related to cellular identity, environmental condition, and/or disease status. While

many excellent tools have been developed to analyze RNA-seq data, these gener-

ally have limited efficacy for annotating 3’ UTRs. Existing assembly strategies often

fragment long 3’ UTRs, and importantly, none of the algorithms in popular use can

apportion data into tandem 3’ UTR isoforms, which are frequently generated by al-

ternative cleavage and polyadenylation (APA). Consequently, it is often not possible

to identify patterns of differential APA using existing assembly tools. To address

these limitations, we present a new method for transcript assembly, Isoform Struc-

tural Change Model (IsoSCM) that incorporates change-point analysis to improve

∗S. Shenker, P. Miura, P. Sanfilippo, and E. C. Lai. IsoSCM: improved and alternative 3’ UTR
annotation using multiple change-point inference. RNA, 21(1):14–27, Jan 2015.
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the 3’ UTR annotation process. Through evaluation on simulated and genuine data

sets, we demonstrate that IsoSCM annotates 3’ termini with higher sensitivity and

specificity than can be achieved with existing methods. We highlight the utility of

IsoSCM by demonstrating its ability to recover known patterns of tissue-regulated

APA. IsoSCM will facilitate future efforts for 3’ UTR annotation and genome-wide

studies of the breadth, regulation, and roles of APA leveraging RNA-seq data. The

IsoSCM software and source code are available from our website https://github.com/-

shenkers/isoscm.

3.3 Introduction

The recent astonishing advances in RNA-sequencing (RNA-seq) technologies have

spurred the development of numerous methods to exploit these data for diverse ap-

plications, such as inferring transcript structures, differential gene expression, and

alternative RNA processing. These analyses require models of transcript structure

that serve as a foundation for transcriptome analysis, and to quantify differences

in read mapping between conditions [80]. While transcript structures were histori-

cally inferred from full-length cDNA sequences [1], the wealth of data from RNA-seq

experiments has greatly expanded transcriptome annotation pipelines more recently

[30, 18].

Strategies for transcript assembly can be categorized based on their dependence on

a reference genome sequence. Genome-independent (de novo) approaches typically

construct a De Brujin graph representing reads sharing compatible subsequences,

62



then use heuristics to decompose this graph to recover full-length transcript sequences

[80]. Genome-dependent approaches decompose the transcript assembly problem into

smaller subproblems by first mapping the reads to the reference sequence, and then

constructing gene models that are consistent with the aligned reads ([27]; [94]; [151];

[48]; [139]). Since these strategies operate in the absence of any reference gene models,

they are termed ab initio transcript assembly methods.

In addition to transcript assembly, a separate class of methods attempts to quan-

tify the relative abundance of transcripts and isoforms using RNA-seq data ([34];

[71],[72]; [13]; [55]). Since alternatively processed gene products are frequently en-

coded in overlapping genomic locales, and RNA-seq reads typically cannot be unam-

biguously assigned to overlapping transcripts, these methods attempt to construct

parsimonious models for transcript abundance that are consistent with observed read

counts. Importantly, these approaches cannot be applied if a set of reference models

is not available, and may provide inaccurate quantification if these models are not

complete.

While the problem of full-length transcript assembly from short reads is in gen-

eral difficult and underdetermined [13], current methods have particular difficulties

in annotating 3’ terminal exons correctly. In contrast to the boundaries of internal

exons, which can be identified precisely by virtue of reads that span splice junctions,

terminal exon boundaries only evince themselves in RNA-seq data as the position

at which read coverage decreases. To identify terminal boundaries the popular tran-

scriptome assembly tool Cufflinks constructs a minimum path cover from compatible

RNA-seq reads, resulting in a single terminal exon annotation that extends from the
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last splice acceptor site to the position where there is zero read coverage [139]. Since

low-frequency polyadenylation site read-through events are captured in RNA-seq ex-

periments, this strategy will often result in the terminal 3’ exon boundary being

extended beyond the dominantly used polyadenylation site. Cufflinks implements a

post hoc trimming process to mitigate this problem. Another well-utilized transcrip-

tome assembly tool, Scripture, identifies transcribed segments of the genome using

scan statistics. Here, the terminal exon boundary is determined as the location where

the statistic calculated within a window overlapping the terminal exon drops below

the genome-wide significance threshold [48].

Neither of these strategies is specifically designed to identify the set of positions

at which the level of RNA-seq coverage transitions from high-to-low coverage, and

neither is capable of generating more than one terminal exon annotation. Conse-

quently, the terminal exon annotations built from RNA-seq data can be inaccurate

and incomplete. This point was emphasized during a recent comparative assessment

of 14 different algorithms for transcript assembly and exon identification, conducted

as part of the RNA-seq Genome Annotation Assessment Project (RGASP) [131]. In

particular, the outputs for transcript termini from all of the algorithms tested were

sufficiently inaccurate that a relaxed criteria exon correctness was used that evaluated

only on the 5’ boundary of the 3’ terminal exon [131]. This highlighted the need for

improved methods to identify transcript termini from RNA-seq data.

The 3’ untranslated region (3’ UTR) is an important location of post-transcriptional

regulation, and deregulation of 3’ end formation has medical relevance [31]. In re-

cent years, there has been increasing appreciation that most genes are subject to
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alternative cleavage and polyadenylation (APA) to yield multiple 3’ UTR isoforms,

and that APA is frequently modulated in tissue-specific, state-specific, or environ-

mentally responsive manner [92]. Although various specialized techniques have been

developed to sequence the 3’ ends of transcripts [31], conventional RNA-seq methods

remain the methodology of choice for most laboratories, and the amount of existing

RNA-seq data is far greater than for 3’-seq data. Thus, it would be highly desirable

to improve the accuracy with which we can infer 3’ UTR boundaries and alternative

isoform expression from RNA-seq data.

Recently, we used tissue-specific RNA-seq data to refine terminal exon models in

the human and mouse genomes [91]. We encountered unique challenges when refin-

ing terminal exons, which motivated the implementation of a specialized annotation

process for 3’ terminal exons. For example, while transposable element insertions are

strongly selected against in the coding exons of a gene, UTRs are less constrained and

harbor thousands of repetitive elements genome wide [20]. Nonuniform read coverage

arising from sequence specific [51, 68] as well as positional biases [16], and uncertain

allocation of multimapping reads [94] can cause artificial local gaps in RNA-seq cover-

age, making it difficult to annotate full-length 3’ UTR models using next-generation

sequencing data alone (Figure 15A). We previously developed an ad hoc procedure

to bridge short gaps in RNA-seq coverage when known sources of sequencing bias

could be identified. This enabled us to extend thousands of 3’ UTR models in the

extensively annotated mouse and human genomes. A substantial proportion of these

extensions show tissue-specific expression patterns, and identify a previously unap-

preciated potential for post-transcriptional regulation in the extended genes [91].
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Figure 15: A) Genome browser view of Kif3a illustrates how regions of low-coverage
RNA-seq can result in fragmented 3’ UTR assemblies reported by Cufflinks and Scrip-
ture. There is an annotated repetitive element coinciding with the position of the gap,
which could explain the observed decrease in coverage at this location, due to ambigu-
ous read mappability. B) Hdlbp illustrates a gene with tandem polyadenylation sites
that is not completely annotated using either Cufflinks or Scripture. The Ensembl 73
annotation contains transcript models with alternative short/long 3’ UTR isoforms,
and the relative abundance of these isoforms is reflected by the pattern of RNA-seq
depth. However, neither Cufflinks nor Scripture is able to assemble the short iso-
form; both exclusively report the long isoform. C) The maximum marginal likelihood
segmentation is computed using a dynamic programming algorithm that recursively
computes Q(t), the likelihood of the optimal segmentation of the subsequence of ob-
servations yt:n, given that there is a change point at position t - 1. This graphic
illustrates how the value of Q(t) at each position in the sequence is decomposed into
a component representing the likelihood of sequences of the data starting at position
t (red) and the maximum likelihood segmentation of the remainder of the data (blue),
and a component representing the likelihood that there are no change points in the se-
quence yt:n (green). RNA-seq data are shown for the Ict1 gene, which utilizes tandem
alternative 3’ ends, both of which are supported by 3’-seq data. D) Toy data are used
to illustrate the effect of constraints on the segmentation process. Above, the scatter
plot displays simulated coverage data, with a local region of low coverage indicated
by the bracket at top. Below, vertical lines indicate location of change points iden-
tified using the standard and constrained formulations of the change-point inference
algorithm, where red lines indicate locations of decreased coverage and green lines in-
dicate the locations of increased coverage. The unconstrained solution identifies both
the local dip and the most distal change point, while the constrained solution reports
the most likely configuration of change points that conforms to the requirement for
monotonically decreasing coverage in sequential segments.
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We formalize this procedure here, extending our previous work for terminal exon

annotation, using a segmentation approach that integrates long-range patterns of

RNA-seq coverage to identify polyadenylation sites with greater sensitivity and speci-

ficity than existing methods. More importantly, we demonstrate its utility for iden-

tifying complex patterns of tandem polyadenylation site usage that are inaccessible

with conventional annotation strategies. We implement our approach as the stand-

alone program Isoform Structural Change Model (IsoSCM), which is available from

our website (https://github.com/shenkers/isoscm).

3.4 Results

3.4.1 Transitions in coverage depth identify 3’ UTR boundaries

RNA-seq protocols sample reads from across transcript bodies, approximately uni-

formly, although with certain biases [94]. Existing approaches use minimum path

coverage [139], or a scan statistic [48], to identify transcribed segments, and anno-

tate at most one 3’ boundary for each terminal exon, typically the longest isoform

compatible with the reads. Since the longest isoform will not in general reflect the

dominant 3’ UTR isoform used by a gene, Cufflinks uses a heuristic post-assembly

processing step to trim terminal exon annotations to a prespecified fraction of the

average level of coverage. While such a strategy will identify high abundance short

isoforms at a subset of loci, a single trimming parameter will not result in optimal

annotations genome wide. Moreover, these strategies tend to generate incomplete 3’

UTR assemblies because they cannot capture tandem terminal exon isoforms that are
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coexpressed in a given sample, as illustrated in Figure 15B.

Given the unique challenges associated with transcript assembly within 3’ UTRs,

and to address the limitations of existing tools, we developed a more expressive frame-

work for transcript assembly that incorporates information from the patterns of read

coverage into the process of UTR boundary definition. If we assume that sequenced

reads are distributed approximately uniformly across the transcript, the boundaries of

transcription will be marked by a change in the level of coverage. In instances where

a shorter exon is nested within a longer exon, there can still be a significant number

of reads aligning downstream from the shorter isoform, creating a “step-like” pattern

of coverage at the boundary of the nested exon model. For example, RNA-seq data

for the Hdlbp and Ict1 genes show such drop-offs within their 3’ UTRs, indicative of

tandem APA events (Figure 15B,C).

To identify terminal exon boundaries, we thus seek critical points (“change points”)

that mark transitions in RNA-seq coverage. Previously, segmentation approaches

were used to identify transcript boundaries from tiling microarray probe intensities

[57], and while these change points have been described in RNA-seq data [95], no

existing RNA-seq ab initio transcript assembly tool fully leverages this information

to annotate 3’ UTR boundaries. To fill this gap, we adapt multiple change-point

inference to the problem of 3’ UTR isoform identification.

3.4.2 Inference for multiple change-point problems

To implement change-point inference, we made use of a Bayesian framework for

change-point inference established previously [33]. For a sequence of n observations
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y1:n=y1, . . . , yn representing the level of coverage at sequential genomic positions, we

consider all possible combinations of m change points τ1, . . . , τm where 0 < τi < n,

τi < τi+1, and 0 ≤ m < n, such that the jth segment pertains to the observed level of

coverage between two successive change points. We assume that the level of coverage

observed at each position within a segment are independent samples from a common

probability distribution f(x|θ), parameterized by θ, with prior distribution π(θ). To

model the expected length of a segment, we define a probability mass function g(t)

for the length t of the genomic segment between two successive change points, with a

cumulative mass function G(t) =
∑t

s=1 g(s). Given this probability model, the goal

of change-point inference is to identify the set of change points that maximizes the

marginal likelihood of the data, i.e., the set of change points that “best explain” the

observed pattern of read coverage.

To achieve this, we implemented a dynamic programming algorithm that recur-

sively calculates the maximum marginal likelihood solution for nested subsequences

of the observations. To begin, for all indices in a subsequences yt:s, such that

0 ≤ t ≤ s ≤ n we calculate a marginal likelihood P (t, s) that the observations yt:s

were sampled from a common distribution as the integral of the joint data likelihood

over the possible parameter values within that segment:

P (t, s) =

∫ s∏
i=t

f(yi|θ)π(θ)dθ (1)

The most likely segmentation using this model is defined recursively in terms of

the likelihood of the current segment (Figure 15C, red bracket), and the likelihood of
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the remainder of the data (Figure 15C, blue bracket), and alternately, the likelihood of

the remainder of the data coming from a single segment (Figure 15C, green bracket).

This requires the construction of two tables Q(t) and R(t) of length n, indexed by t,

the location of the start of the current segment. Q(t) stores the maximum marginal

likelihood of a segmentation of the subsequence of observations from yt:n, given a

change point at t − 1, while R(t) stores the index of the next change point in the

maximum marginal likelihood segmentation, given a change point at t − 1. These

tables can be recursively computed in O(n2) operations using the formulas:

Q(t) = max
s∈(t,n)


P (t, s)Q(s+ 1)g(s− t+ 1) if s < n

P (t, s)(1−G(n− t)) if s = n

(2)

R(t) = argmaxs∈(t,n)


P (t, s)Q(s+ 1)g(s− t+ 1) if s < n

P (t, s)(1−G(n− t)) if s = n

(3)

The sequence of change points can be recovered by performing a trace-back

through table R(t); the location of the first change point τ1 is given by R(1), and

subsequent change points are given by τj+1 = R(τj), while τj < n. A more detailed

derivation of these equations along with proofs is given previously [33].

3.4.3 Constraining the location of change points

Although the change point model is able to tolerate a degree of variation within each

segment, real RNA-seq data contain sequencing biases that can cause the sampling

of reads across the transcript body to deviate from a uniform distribution. These
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biases typically cause short segments of the transcript to be sequenced at a lower

frequency, resulting in a local drop in the level of coverage. The conventional (un-

constrained) implementation of the change-point detection procedure identifies these

local in-homogeneities in coverage as a segment with a distinct coverage distribution.

However, in the context of annotating terminal exon boundaries we wish to disregard

these local aberrations as they do not correspond to terminal exon boundaries. In

order to minimize the effect of local biases on transcript model inference we introduce

additional constraints to the change-point identification procedure.

To distinguish local changes from change points that mark a sustained decrease

in the level of coverage, we restrict the set of identified change points to conform to

a pattern of monotonically decreasing coverage over sequential segments. Solutions

satisfying this requirement are achieved by discarding any configurations of change

points in which the fold change in the level of coverage between two neighboring

segments is less than a specified fold-φ.

This constraint is implemented by modifying the recursions in Equations 2 and

3. To do so, we introduce the functions M(t, s) to represent a point estimator of

the level of coverage for observations yt:s, and C(s) to represent the maximum es-

timated coverage of the most likely segmentation of observations ys:n, respectively.

We enforce this constraint by assigning zero probability to all configurations in which

the estimated coverage of a downstream segment exceeds the estimated coverage of

an upstream segment. Formally, this requires replacing the unconstrained recursions

(Equations 2 and 3), with constrained versions (Equations 4 and 5).
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Qc(t) =


0 if M(t, s) < C(s+ 1)

Q(t) if M(t, s) ≥ C(s+ 1)

(4)

Rc(t) =


0 if M(t, s) < C(s+ 1)

R(t) if M(t, s) ≥ C(s+ 1)

(5)

Here, a parameterization φ = 1 corresponds to a requirement that the level of cov-

erage of sequential segments are strictly decreasing, while φ = 2 the level of coverage

of sequential segments drops at least twofold at each change point. The consequences

of including these constraints are illustrated for a toy example in Figure 15D. In

this scenario, a hypothetical 3’ UTR has relatively uniform coverage, except for a

local region (Figure 15D, bracket), where read coverage is underrepresented. When

the unconstrained implementation of change-point detection procedure is applied to

identify polyadenylation sites within the last exon, it detects two locations where

the coverage drops, one upstream of the underrepresented segment, and the other at

the polyadenylation site of the hypothetical exon. While this accurately reflects the

observed pattern of coverage, for the purpose of polyadenylation site annotation, we

are only interested in the location of the second change point.

Application of the constrained segmentation procedure has the desired effect; a

change point is reported at the position of the polyadenylation site, while the change

point caused by the local drop in coverage is omitted. While this limits the ability to

identify arbitrary combinations of change points, reads sampled from tandem termi-
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nal exon isoforms are expected to produce a “step-like” coverage pattern. Thus, this

constraint is intended to promote sensible inference of change-point location in situ-

ations where read distributions deviate from a theoretically uniform sampling across

the transcript body.

3.4.4 Implementing change-point detection for 3’ UTR annotation

In order to implement the described change-point inference algorithm, one needs to

specify the distributions f(yi|θ), π(θ), and g(t). While the depth of sequencing cov-

erage is a discrete counting process and would typically be modeled using a Poisson

distribution, it has been suggested that read counts from sequencing data are overdis-

persed, and are more appropriately modeled by a Negative Binomial distribution [6].

Therefore, we model f(yi|θ) ∼ NB(p, r), and use an uninformative conjugate prior

π(p) ∼ β(1, 1), which allows for analytical integration of Equation 1.

While the procedure described above efficiently identifies optimal sets of change

points, these do not by themselves provide meaningful transcript models. For this

reason the change points need to be interpreted in the context of the exon that they

occur. For example, a transition from high-to-low coverage (over increasing genomic

coordinates) would suggest the presence of a polyadenylation site on the plus strand,

and vice versa for a gene on the minus strand. To enable application of change-point

detection in an ab initio setting, prior to segmentation, covered genomic segments

and spliced reads are used to identify regions that will be searched for change points.

The output, including inferred overlapping terminal exons models, is reported in a

compact splice graph. This graph identifies exon boundaries and connections between
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Figure 16: A) The sequence of steps IsoSCM uses to build a splice graph are illustrated
as a flow chart, starting from a set of reads that have been mapped to a genome using
splice-aware alignment software. B) The assembly operations from the flow chart at
left are illustrated for a prototypical gene with tandem 3’ ends. These steps are (1)
identification of segments of the genome where continuous read coverage is observed; if
paired end reads information is available mate-pairs will be used to scaffold segments
together. Locations with expected low coverage (i.e., repetitive elements or low-
complexity sequence) can also be used to scaffold segments separated by gaps. (2) The
location of splice junctions is recovered from the mapped reads; (3) the boundaries of
spliced exons are inferred by intersecting continuously transcribed regions with the
positions of splice junctions; (4) change points in the level of coverage are identified,
using the constrained segmentation procedure; (5) terminal exon structure is inferred
from change-point location; (6) the assembled splice-graph is reported, where exons
are labeled as elements of a common transcription unit if they are connected either
by spliced reads, or occupy overlapping genomic segments.

exons supported by spliced reads. The stages of the IsoSCM annotation algorithm

are illustrated in Figure 16.

3.4.5 Method evaluation: simulated data

To assess the benefit of incorporating coverage-based segmentation for terminal exon

annotation, we compared the performance of IsoSCM with two widely used ab initio

reference based annotation tools: Cufflinks [139] and Scripture [48]. We prepared a

test set using simulated data, where the transcript structures underlying the sequenc-
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ing data are known a priori (illustrated in Supplemental Figure 17A). This test set

was comprised of 14,263 nonoverlapping genes, based on transcript models obtained

from the mouse Ensembl 73 release. For each gene, we selected a single-transcript

isoform, and generated a new isoform by randomly truncating the terminal exon at

a random position that was at least 150 nt from both the 5’ and 3’ boundaries of the

original exon.

As we expect the accuracy of assembled models to relate to sequencing depth, we

measured the performance of each method over a range of coverage levels. For each

pair of isoforms we simulated reads sampled uniformly across the body of the tran-

script, such that the aggregate density of reads over exonic segments was 2000 reads

per kilo base (kb). This library was recursively subsampled such that evaluations

spanned a range of read densities from 5 to 2000 reads/kb. For each simulated data

set, we used IsoSCM, Cufflinks, and Scripture to assemble a set of predicted tran-

script models. For each assembly we assessed the correctness of 3’ UTR predictions

by classifying assembled terminal exons as true positives (TP), true negatives (TN),

false positives (FP), and false negatives (FN) with respect to the reference ground

truth transcript set.

Since it is difficult to predict nested terminal exon boundaries with nucleotide-

level accuracy from RNA-seq data, and there is value in an annotation that is “close”

to the true transcript model, we use a classification scheme that allows a degree

of flexibility. In contrast to the relatively generous assessment scheme used by the

RGASP project [131], which required only the spliced 5’ boundary of the terminal

exon to match the reference and disregards the predicted 3’ end, we require both 5’
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Figure 17: A) A graphic overview illustrates the framework for evaluating assembly
methods using simulated data. B) The level of coverage for a simulated gene is
plotted for a range of read densities. At low read density the location of the tandem
polyadenylation sites is not apparent. The position of the nested boundary becomes
evident as sequencing depth is increased. C) Classification labels are derived from
reference transcript models (black). The region encompassing the terminal exon is
broken into target segments with a radius w base pairs from a reference 3’boundary.
Segments that overlap a 3’boundary are considered positives (green), while segments
that do not overlap a 3’boundary are considered negatives (red). Assembled models
(gray) are evaluated by determining consistency with these segments. A positive
segment that overlaps a predicted 3’boundary is considered a TP, and otherwise is
considered a FN. Similarly, a negative segment that does not overlap a predicted
3’boundary is considered a TN and otherwise a FP.
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and 3’ boundaries to be similar to reference models. We classified predictions that

are within a small (100 nt) distance of a reference model to be correct by dividing

the interval spanning the terminal exon into segments that are positive or negative

for polyadenylation, such that assemblies can be judged for their consistency with

these segments (Figure 17C). The genomic segments within 100 nt of a reference 3’

ends were counted as TPs if an assembled 3’ end fell within that segment, and were

otherwise counted as FN. Likewise, segments > 100 nt from a reference end were

counted as FP if an assembled 3’ end fell within that segment, and TN otherwise.

Using these counts we calculated the PPV = TP/TP + FP, TPR = TP/TP + FN,

FPR = FP/FP + TN, NPV = TN/TN+ FN, for each assembly.

These metrics are plotted as a function of sequencing depth in Figure 18A,B and

Figure 19. In these simulations, IsoSCM identifies the terminal exon boundaries with

a PPV comparable to Cufflinks and Scripture at all sequencing depths, indicating that

the change-point inference procedure does not inappropriately increase the number of

false positives compared with methods that attempt to assemble only a single 3’ UTR

isoform. In contrast, comparisons of the TPR achieved by each method highlight the

fact that the models built by Cufflinks and Scripture were unable to annotate tandem

terminal exons. Even as the number of available reads is increased toward infinity,

the maximum TPR achieved by these methods was 0.5. A priori, we expect that

Cufflinks and Scripture cannot exceed this level of sensitivity since the gene models

they build are not expressive enough to represent tandem overlapping terminal exons,

and one out of every two 3’ terminal exons in the test set is nested within a longer

exon. In contrast, given sufficient data to statistically identify changes in the level of
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ECA

FDB

Figure 18: (A-B) Simulated RNA-seq data were used to assess predictive positive
value (A) and true positive rate (B) of IsoSCM, Cufflinks, and Scripture outputs for
3’ end prediction. We generated a set of 14,263 nonoverlapping gene models that
contain transcripts with nested 3’ terminal exons, and used these as a reference set
of “true” transcripts. These metrics were calculated for simulated sequencing depths
ranging from 5 to 2000 reads/kb. (C-D) We assessed the positional accuracy of
IsoSCM outputs across a range of change-point magnitudes. We partitioned these
events into quintiles (with n = 3005 termini in each group), corresponding to bins of
<4x, 4-10x, 10-40x, 40-175x, and ≥175x drop-offs in read coverage. For each group
the fraction of predicted termini with either canonical polyadenylation signals (PAS,
AATAAA, or ATTAAA) or 3’-seq tags within 20 nt are shown at each position relative
to the predicted boundary. Based on signals for appropriate positional enrichment,
we utilized the top four cutoffs for running IsoSCM. E) Proximity of IsoSCM, Cuf-
flinks, and Scripture terminal outputs relative to Ensembl 3’ end annotations. The
cumulative number of annotations at each distance to the closest Ensembl 3’ end is
plotted. Based on apparent inflection points (dashed lines), we categorize annota-
tions within 20 nt of Ensembl as precise annotations, and ones between 20 and 100
nt as imprecise matches to reference models. F) Validation of IsoSCM, Cufflinks,
and Scripture terminal outputs within ±20-nt windows of various types of support-
ing evidence. Ends were initially assigned, if possible, to Ensembl models, and then
checked for proximity to PAS and/or 3’-seq tags. Of the remaining termini with “no
evidence,” many would be validated using a relaxed 100-nt window. As the largest
numbers of these correspond to “imprecise” calls of Ensembl ends (see E), we marked
their numbers as sub-bars in the “no evidence” category. Regardless of the type or
types of evidence considered, IsoSCM yields the largest numbers of validated termini
without inflating numbers of unvalidated predictions.
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coverage, IsoSCM is able to achieve perfect TPR for the test set (Figure 18A).

We explored TPR, PPV, NPV, FPR measurements further, by subdividing the

aggregate performance on the entire test set into component corresponding to proxi-

mal and distal isoforms exclusively (Figure 19). The methods performed comparably

for the task of distal isoform identification, and the performance gain achieved by

IsoSCM corresponds to an increased number of correct annotations of nested isoforms.

To explore the relationship between sequencing depth and annotation accuracy we

repeated the evaluation, requiring that predictions be within 10 nt of the reference

transcript to be classified as TP. Under these conditions, we observed qualitatively

the same pattern; only IsoSCM is able to reconstruct the nested isoforms correctly

(Figure 20). However, while a sequencing depth of 200 reads/kb was sufficient to

achieve a TPR = 0.9 and FPR = 0.1 with 100-nt resolution, this level of performance

required over 1000 reads/kb at the 10-nt resolution. We note that all methods fail to

reliably assemble low expressed transcripts, and that the advantages of IsoSCM are

more fully realized when there are sufficient data to distinguish overlapping isoforms.

Nevertheless, IsoSCM performs equally or better to Cufflinks and Scripture over a

range of sequencing depths.

3.4.6 Method evaluation: real RNA-seq data

Of course, we do not expect experimentally generated RNA-seq data to be as well-

behaved as simulated data. To verify that the benefits observed in our simulation

experiment are achieved when IsoSCM is applied to real RNA-seq data, we utilized

published RNA-seq data comprised of nine mouse tissues analyzed in triplicates [86].

81



0 500 1,000 1,500 2,000
reads/kb

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

IsoSCM Cufflinks Scripture

0 500 1,000 1,500 2,000
reads/kb

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

0 500 1,000 1,500 2,000
reads/kb

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

0 500 1,000 1,500 2,000
0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

0 500 1,000 1,500 2,000
0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

0 500 1,000 1,500 2,000
0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

0 500 1,000 1,500 2,000
0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

0 500 1,000 1,500 2,000
0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

0 500 1,000 1,500 2,000
0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

0 500 1,000 1,500 2,000
0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

0 500 1,000 1,500 2,000
0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

0 500 1,000 1,500 2,000
0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0

Proximalonly Distalonly Aggregate
fa

ls
e-

po
si

tiv
e

ra
te

po
si

tiv
e-

pr
ed

ic
tiv

e
va

lu
e

ne
ga

tiv
e-

pr
ed

ic
tiv

e
va

lu
e

tru
e-

po
si

tiv
e

ra
te

Figure 19: TPR, FPR, PPV, and NPV are plotted for simulated transcripts over a
range of 5-2000 reads/kb, evaluated using a 100nt resolution. In addition to con-
sidering aggregate performance for all simulated 3’ends, we separately consider the
separate contribution for predictions of proximal and distal 3’ UTR isoforms exclu-
sively. While performance for prediction of distal ends improves for all methods with
increasing sequencing depth, the ability of Cufflinks and Scripture to predict proximal
3’ UTR isoforms deteriorates with increasing sequencing depth.
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Figure 20: As in Figure 19, TPR, FPR, PPV, and NPV are plotted for simulated
transcripts over a range of 5-2000 reads/kb, except using a 10nt window resolution.
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In contrast to the simulation experiment, the ground truth set of transcripts expressed

in each sample is not known a priori. As a first measure of model correctness, we

compared the terminal boundaries of constructed transcript models with those in the

Ensembl 73 reference annotation. However, as existing 3’ UTR reference annotations

are incomplete [91], we expect that sole comparisons to the Ensembl reference to

inflate FPR estimates. Therefore, we sought additional orthogonal sources of evidence

to support predicted polyadenylation sites. Directed 3’-sequencing (3’-seq) protocols

permit experimental mapping of polyadenylation sites, and we used an atlas of 3’-seq

data from multiple mouse tissues [28]. As well, cleavage and polyadenylation sites

have long been known to be associated with a polyadenylation signal (PAS) hexamer

[112], most frequently either AATAAA or ATTAAA, located ∼21 upstream of the

cleavage site. While such motifs are not sufficient to specify 3’ end formation, we

could assay PAS enrichment in the vicinity of novel 3’ end annotations as another

measure of their quality.

We first sought to evaluate change-point cutoffs that delivered appropriate ac-

curacy for genuine 3’ termini. We tested this using mouse brain (SRR594393), and

partitioned predicted ends into quintiles by the magnitude of the change point. We

then evaluated the positional enrichment of PAS and 3’-seq data supporting these

groups, to examine the genomic precision with which IsoSCM called 3’ termini. We

observed robust positional enrichments of PAS and 3’-seq tags in the appropriate

locations relative to IsoSCM annotations (Figure 18C,D), demonstrating that these

sources of evidence could be used to evaluate de novo predictions. As expected, an-

notated 3’ termini associated with the sharpest drops in coverage identified genuine
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polyadenylation sites with greatest accuracy, while positional support for PAS and

3’-seq tags was distributed more broadly for weaker change points. We focused on

models for which the coverage drops at least fourfold in order to balance sensitivity

and specificity of the predictions.

We then compared the performance of the different transcript assembly methods

on the mouse brain RNA-seq reads, from which 11000 3’ terminal exon models were

constructed by IsoSCM, 9722 by Cufflinks, and 6282 by Scripture. Upon examining

the distribution of the distance to the closest Ensembl 3’ end for each method (Fig-

ure 18E) we observed that all three methods generate two populations of predictions

distinguished by the precision with which they identify Ensembl 3’ ends. The inflec-

tion point at ∼20 nt identifies a population of predictions that capture annotated

termini quite precisely, while a second inflection point at ∼100 nt identifies a set

of predictions that are localized in a wider window around annotated 3’ ends (Fig-

ure 18E, “imprecise”). For many types of genome-wide analysis, i.e., when assessing

general trends of transcript isoform expression, nucleotide-precise annotations of 3’

termini are not necessary. Nevertheless, as the narrow 20-nt window enables the mer-

its of predicted models to be evaluated stringently, we assessed how frequently each

method produced 3’ termini that were validated by polyadenylation site features at

a distance of ±20 nt (Figure 18F).

Of the total set of predictions, IsoSCM made 4785 annotations that were ±20

nt of Ensembl 3’ ends, compared with 2450 by Cufflinks and 1827 by Scripture. In

addition, each method annotated thousands of termini not supported by reference

models. Among these, IsoSCM identified 2718 novel termini supported by 3’-seq
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Figure 21: A) Validation of IsoSCM, Cufflinks, and Scripture terminal outputs within
+100 nt windows of various types of supporting evidence. Ends were initially assigned,
if possible, to Ensembl models, and then checked for proximity to PAS and/or 3’-seq
tags. At this resolution IsoSCM also has the largest aggregate number of validated
3’ ends, and the lowest proportion of unvalidated 3’ ends. B) Positional enrichment
of features examined for all non-Ensembl ends predicted by each method, defined as
being located >100 nt from an Ensembl terminus. These ends appear compromised
by inclusion of these ”Ensembl-imprecise” termini, which create an offset peak of evi-
dence at 100nt downstream, the boundary of the window utilized to define novel ends.
To clarify this pattern, we partitioned these 3’ends into those that are “Ensembl-
imprecise” (250 >distance to Ensembl ≥ 100) in (C), or “substantially novel” (dis-
tance to Ensembl >250) in (D). While 20% of the 1,258 “Ensembl-imprecise” ends
reported by IsoSCM are supported by 3’-seq evidence at position-0, over 30% have
3’-seq evidence 100nt downstream. Similar patterns of out-of-position enrichment
are seen for “Ensembl-imprecise” predictions made by Cufflinks and Scripture. On
the other hand, predictions that are “substantially novel” are predominantly enriched
for these features at the expected position.
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tags, PAS, or both features, within 20 nt, compared with 1914 identified by Cuf-

flinks and 941 identified by Scripture (Figure 18F). These evaluations demonstrate

the strong performance of IsoSCM on real RNA-seq data using a stringent cutoff. Fi-

nally, a substantial portion of the remaining termini annotated by each method (“no

evidence”) could be considered validated if one utilized a broader window, e.g., 100

nt. Since the majority of these events can be defined as being “imprecise” captures

of Ensembl ends, we have noted their numbers within the “no evidence” category of

Figure 18F, and using the relaxed 100-nt criteria in Figure 21A. A full accounting of

the termini annotated by the three algorithms using both 20- and 100-nt windows is

given in Table 1. Overall, we find that IsoSCM correctly annotates more 3’ UTRs

while simultaneously reporting the fewest unvalidated annotations, regardless of the

window size used for model evaluation.
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Table 1: Aggregate and method specific counts of the number of 3’end predictions made by each method that are supported by
Ensembl, PAS, or 3’seq in 20 and 100nt windows are reported.

Validation of all predicted ends
20nt < distance to feature 20nt < distance to feature < 100 > 100nt any feature

Ensembl 3’Seq&PAS 3’Seq PAS Ensembl 3’Seq&PAS 3’Seq PAS unvalidated

m
et

h
o
d

IsoSCM 4785 990 1009 719 1304 623 320 369 881
Cufflink 2450 580 710 624 1454 573 397 487 2447

Scripture 1827 190 522 229 962 265 323 296 1668
Validation of method-specific ends

IsoSCM 1284 395 453 265 506 325 196 185 506
Cufflink 171 96 179 183 229 215 253 329 2062

Scripture 165 50 208 98 299 153 258 240 1491
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3.4.7 Enrichment of PAS features at predicted 3’ ends

To gain further insight into the resolution of the predictions made by each method,

we investigated positional enrichments of PAS signals, 3’-seq reads, and conservation

profiles around predicted 3’ termini. Considering all predictions of each method in

aggregate, we see PAS signals enriched ∼21-nt upstream, 3’-seq tags at position 0,

and a conservation profile characteristic of polyadenylation sites for all three methods

(Figure 22A-C). However, when we compare the relative frequency of evidence at

these positions, we see that ends predicted by IsoSCM are supported 22.6%–23.1%

more frequently by 3’-seq (Figure 22A) and 19.9%–20.4% more frequently by a PAS

(Figure 22B) than either Cufflinks or Scripture. The 3’ ends annotated by IsoSCM

also exhibited greater overall conservation, as assessed by PhastCons (Figure 22C).

Close inspection of these analyses reveal differential biases of the methods. In

particular, consideration of the tail of “imprecise” PAS and 3’-seq predictions showed

that they are biased to be upstream of annotations provided by Scripture, while

they are more likely to be downstream from Cufflinks and IsoSCM predictions (Fig-

ure 22A,B). This suggests that Scripture has some tendency to overextend transcript

models, whereas IsoSCM and Cufflinks are slightly more likely to truncate 3’ UTRs.

The overextension bias observed for Scripture is a known consequence of the scan

statistic used by this method to define the boundaries of transcribed regions [57].

We might expect a bias toward slight truncation using IsoSCM and Cufflinks if the

regions directly upstream of the polyadenylation site are underrepresented in input

reads, perhaps due to a cloning, sequencing, or mapping bias. Nevertheless, the robust
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Figure 22: (A-C) Analysis of all 3’ ends reported by each method shows the frequency
of 3’-seq evidence (A), canonical PAS (B), and genomic conservation (C) relative to
predicted termini. The fraction of predicted 3’ end sites with the indicated type of
support within 20 nt is shown at each position relative to the predicted boundary. The
peak position of the PAS and 3’-seq tags are at their characteristic locations, about -21
and 0, respectively, while average PhastCons show characteristic peaked conservation
at -21. All of these features are most robust for IsoSCM termini. (D-F) Positional
enrichment of features examined for all method-specific ends, defined as termini that
are >100 nt away from those generated by the other methods. Here, IsoSCM is
the only method with substantial enrichment of 3’-seq evidence (D) and PAS (E)
in the appropriate locations. The IsoSCM-specific annotations also exhibit the most
robust conservation signature at these termini (F). (G-I) Positional enrichment of
features examined for all method-specific ends that are “substantially novel”, defined
as being located >250 nt from Ensembl termini and >100 nt away from other method
predictions. Again, IsoSCM is the only method that displays the expected enrichment
of polyadenylation site features for this subset of predicted 3’ ends.
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peaks at positions -21 and 0, for PAS and 3’-seq evidence, respectively, indicate that

IsoSCM accurately localizes polyadenylation sites in the majority of its predictions,

and that its performance is substantially higher than Cufflinks or Scripture.

We next judged the qualities of the substantial populations of 3’ end annotations

that were specific to each method. Of the 11000 annotations of 3’ ends, IsoSCM

identified 4115 termini that were ¿100 nt away from annotations made by either Cuf-

flinks or Scripture, and these annotations exhibit enrichment for polyadenylation site

features that is comparable to the aggregate set of predictions for the three methods

(Figure 22D-F). In contrast, analysis of 3’ end annotations specific to Cufflinks (n

= 3717) or Scripture (n = 2962) outputs show little or no positional enrichment of

3’-seq tags (Figure 22D) or PAS (Figure 22E) at the appropriate locations. Therefore,

IsoSCM identifies thousands of sites that in aggregate exhibit the expected features

of 3’ ends, and are not reported by either Cufflinks or Scripture. Reciprocally, the

ends that are uniquely provided by the other methods are not supported by similar

evidence.

Finally, we were interested to assess the quality of substantially novel, method-

specific termini. As mentioned, all methods report a population of ends that localize

near Ensembl termini, but do not identify cleavage sites precisely (Figure 18C). We

found that positional assessments of bulk novel ends was compromised by inclusion

of these “Ensembl-imprecise” termini, which create offset peaks of evidence at the

boundary of the window utilized (Figure 21B-D). To provide clarity to these compar-

isons, we differentiated the population of “substantially novel” ends from imprecise

annotations, by investigating predictions located ¿250 nt from Ensembl annotations.
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At this distance, IsoSCM identified 2472 termini, compared with 3513 by Cufflinks

and 2367 by Scripture (Figure 21D). To highlight the differences between methods,

we focused on “substantially novel” annotations that were specific to each method.

This yielded sets of IsoSCM-specific (n = 1340), Cufflinks-specific (n = 2485), and

Scripture-specific (n = 1969) ends that were ¿100 nt from each other. Analysis of

these novel 3’ termini showed that only the IsoSCM-specific ends were enriched for

3’-seq tags (Figure 22G) and PAS (Figure 22H), whereas the other sets of method-

specific ends were not distinguishable from background. As well, the IsoSCM-specific

novel ends exhibited the highest level of genomic conservation (Figure 22I).

3.4.8 Robust performance of IsoSCM across data sets

To assess if the performance differences we observed are representative, we used the

framework for evaluating transcript assemblies from the simulation experiment to

compare the performance of each method for 26 other mouse tissue RNA-seq data

sets [86]. To provide a compact visualization of the evaluation, we used evidence of

Ensembl terminal exons, 3’-seq, and PAS within ±20 nt to define sets of true and

false predicted 3’ ends and plotted the differences in TPR and PPV obtained using

IsoSCM and Cufflinks or Scripture in Figure 23A.

While there is sample-to-sample variability in these estimated performance met-

rics, IsoSCM consistently achieved a TPR that is at least 12.2% higher than the

other methods, without compromising the PPV. Additional metrics of predictive

performance for each method, including evaluations at both the 20-nt and 100-nt res-

olution, are provided in Tables 2 and 3. Concrete examples illustrating how IsoSCM
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Figure 23: A) We used 26 RNA-seq data sets from nine mouse tissues to assess the
ability of each method to correctly annotate 3’ terminal exons. For this analysis,
we estimated the true positive rate and positive predictive value of each method by
its ability to recapitulate Ensembl reference termini, or otherwise be supported by
3’-seq and/or PAS (as described in Fig. 3). The sensitivity and specificity of Cuf-
flinks and Scripture was compared with IsoSCM by subtracting the value of each
metric from the value obtained using IsoSCM, such that each point represents the
relative performance of a pair of methods on a single sample. Each comparison in-
volved evaluation of 9237-22,955 3’ exon annotations (median 18,737), depending on
the number expressed in each sample. For every data set comparison, the TPR and
PPV of IsoSCM annotations exceed those of Cufflinks or Scripture. B) The genes
Map3k2, Aen, and Eif1ad illustrate scenarios where Cufflinks and Scripture assem-
ble gene models that are less optimal than those reported by IsoSCM. Map3k2 is a
gene where a gap in RNA-seq coverage fragments the 3’ UTR of models reported by
Cufflinks and Scripture, due to a repetitive element (green bar). IsoSCM is able to
scaffold the complete 3’ UTR together. Aen and Eif1ad are examples of genes whose
tandem polyadenylation sites are missed by Cufflinks and Scripture, but are captured
by IsoSCM. IsoSCM correctly annotates the short and long 3’ UTR isoforms of both
genes by identifying a change point in the level of RNA-seq coverage. In these exam-
ples, Cufflinks and Scripture annotate at most one isoform correctly, and sometimes
neither. AWTAAA track indicates genomic matches to the two most common PAS,
AATAAA and ATTAAA; note that many such instances are not actually functional
PAS.
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reduces the number of incorrectly truncated 3’ UTRs and identifies additional 3’ UTR

isoforms that are missed by Cufflinks and Scripture are given in Figure 23B.
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Table 2: Estimated TPR, FPR, PPV and NPV are reported for each method for each of the 26 RNA-seq samples by assessing
assembled models with Ensembl 73 reference transcript models, PAS, and 3’seq evidence using 20nt criteria.

sample id
TPR FPR PPV NPV

Iso. Cuff. Scrip. Iso. Cuff. Scrip. Iso. Cuff. Scrip. Iso. Cuff. Scrip.
SRR594393 0.3896 0.2284 0.1437 0.1402 0.1751 0.1118 0.7365 0.5675 0.5637 0.5835 0.5153 0.5077
SRR594394 0.4396 0.2445 0.1629 0.1204 0.1796 0.1087 0.7859 0.5779 0.6012 0.6095 0.5192 0.5143
SRR594395 0.4265 0.2314 0.1389 0.1388 0.1498 0.062 0.7557 0.6085 0.6925 0.5988 0.5237 0.5198
SRR594396 0.4041 0.2228 0.1593 0.1492 0.1957 0.1057 0.7315 0.534 0.6028 0.5866 0.507 0.5139
SRR594397 0.429 0.2624 0.175 0.1251 0.1759 0.1144 0.7753 0.6002 0.6062 0.6036 0.5262 0.5162
SRR594398 0.406 0.208 0.0773 0.1508 0.1386 0.0414 0.7305 0.6017 0.6527 0.5869 0.5194 0.5079
SRR594399 0.4115 0.2636 0.1709 0.1338 0.1826 0.1164 0.7558 0.5923 0.5964 0.5939 0.5245 0.5143
SRR594400 0.4626 0.2223 0.1444 0.0945 0.1701 0.0962 0.8312 0.5679 0.6016 0.6263 0.5149 0.5124
SRR594401 0.3864 0.1944 0.1608 0.1831 0.2078 0.1191 0.6796 0.4846 0.5757 0.5698 0.4945 0.5108
SRR594402 0.3773 0.2014 0.0985 0.1426 0.2105 0.0591 0.7267 0.4903 0.6262 0.578 0.4958 0.5094
SRR594403 0.4584 0.3089 0.164 0.1064 0.1605 0.0844 0.8125 0.6593 0.6615 0.6214 0.5471 0.5214
SRR594404 0.4182 0.2482 0.115 0.1404 0.2038 0.0749 0.7498 0.5505 0.6071 0.595 0.5129 0.5097
SRR594405 0.3976 0.2443 0.1279 0.1394 0.2132 0.0762 0.7415 0.5354 0.6281 0.5868 0.5086 0.5129
SRR594406 0.4196 0.283 0.1295 0.1298 0.1871 0.0779 0.7647 0.6033 0.6257 0.5986 0.53 0.5131
SRR594407 0.3909 0.2622 0.1293 0.134 0.1882 0.0717 0.7459 0.5835 0.6445 0.5857 0.5224 0.5145
SRR594408 0.376 0.2011 0.1102 0.161 0.2289 0.0674 0.7013 0.4691 0.6219 0.572 0.4897 0.5103
SRR594409 0.374 0.2187 0.1341 0.1999 0.2248 0.0957 0.6528 0.4943 0.5847 0.5598 0.4968 0.5096
SRR594410 0.3623 0.2244 0.1056 0.1537 0.1551 0.0493 0.7035 0.593 0.683 0.5686 0.5197 0.5136
SRR594411 0.4824 0.294 0.1351 0.1008 0.1465 0.0493 0.828 0.6687 0.7338 0.6333 0.5458 0.5221
SRR594412 0.4487 0.3266 0.152 0.1024 0.1477 0.0577 0.815 0.6897 0.7258 0.6182 0.5573 0.525
SRR594413 0.4089 0.2553 0.1701 0.1435 0.1527 0.1255 0.7415 0.6273 0.5771 0.59 0.5305 0.5114
SRR594414 0.398 0.2489 0.0724 0.151 0.1652 0.0304 0.7262 0.6027 0.7059 0.5836 0.5248 0.5095
SRR594415 0.4032 0.212 0.1507 0.1592 0.2068 0.1121 0.718 0.5077 0.575 0.5834 0.5002 0.5097
SRR594416 0.4354 0.2551 0.1057 0.1214 0.1265 0.087 0.7828 0.6697 0.5498 0.6075 0.5384 0.5038
SRR594417 0.4023 0.1909 0.1515 0.1457 0.2131 0.1057 0.7352 0.474 0.5905 0.587 0.4916 0.5117
SRR594418 0.4057 0.2481 0.1335 0.1543 0.1823 0.0699 0.7255 0.5777 0.6577 0.586 0.5196 0.5163
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Table 3: Estimated TPR, FPR, PPV and NPV are reported for each method for each of the 26 RNA-seq samples by assessing
assembled models with Ensembl 73 reference transcript models, PAS, and 3’seq evidence using 100nt criteria.

sample id
TPR FPR PPV NPV

Iso. Cuff. Scrip. Iso. Cuff. Scrip. Iso. Cuff. Scrip. Iso. Cuff. Scrip.
SRR594393 0.5276 0.388 0.2438 0.0318 0.0686 0.0631 0.946 0.8568 0.8033 0.6597 0.5901 0.5396
SRR594394 0.5666 0.404 0.2623 0.0268 0.0748 0.0593 0.9572 0.8512 0.824 0.6795 0.5945 0.5463
SRR594395 0.5854 0.3972 0.2101 0.0295 0.0517 0.0244 0.9547 0.8909 0.9014 0.6878 0.5969 0.5376
SRR594396 0.556 0.399 0.2601 0.0337 0.0732 0.0555 0.9462 0.8529 0.833 0.6717 0.5917 0.5454
SRR594397 0.5665 0.4308 0.2869 0.0273 0.0633 0.0565 0.9567 0.8785 0.8436 0.6786 0.6075 0.5545
SRR594398 0.564 0.3521 0.12 0.033 0.0543 0.0205 0.9477 0.8729 0.861 0.677 0.5797 0.5126
SRR594399 0.5575 0.4394 0.2813 0.0264 0.0632 0.0585 0.9573 0.8809 0.8365 0.6741 0.611 0.5519
SRR594400 0.5724 0.3686 0.2407 0.0181 0.0773 0.0522 0.971 0.8349 0.8303 0.6839 0.5793 0.5405
SRR594401 0.5443 0.3517 0.2678 0.0598 0.0928 0.0627 0.9065 0.8016 0.8198 0.6594 0.5677 0.5457
SRR594402 0.5216 0.3746 0.1588 0.0355 0.0865 0.0347 0.9396 0.8209 0.8289 0.6558 0.5798 0.5202
SRR594403 0.581 0.4658 0.2445 0.0254 0.0581 0.0438 0.9604 0.8945 0.8552 0.6873 0.6249 0.5446
SRR594404 0.5692 0.4294 0.1905 0.0316 0.0738 0.0457 0.9502 0.8606 0.8156 0.6795 0.6049 0.5265
SRR594405 0.5414 0.426 0.1975 0.038 0.0781 0.0399 0.9379 0.8527 0.84 0.664 0.6021 0.5299
SRR594406 0.5695 0.4599 0.1993 0.0273 0.066 0.0433 0.9567 0.8807 0.8297 0.681 0.6204 0.5303
SRR594407 0.5353 0.4409 0.2049 0.0268 0.0619 0.0353 0.955 0.8831 0.8604 0.6636 0.6124 0.5333
SRR594408 0.5413 0.374 0.1728 0.0396 0.1013 0.0382 0.9355 0.7968 0.8279 0.6635 0.5748 0.5227
SRR594409 0.5522 0.3892 0.2093 0.072 0.0923 0.0522 0.8908 0.8176 0.81 0.6609 0.5829 0.5299
SRR594410 0.52 0.3809 0.156 0.033 0.0619 0.0269 0.9435 0.867 0.8601 0.6555 0.5886 0.5212
SRR594411 0.6152 0.4386 0.1913 0.0205 0.0646 0.024 0.9695 0.8782 0.8944 0.7058 0.611 0.5322
SRR594412 0.5852 0.4852 0.2198 0.0171 0.0534 0.023 0.9733 0.9065 0.9106 0.6897 0.633 0.5401
SRR594413 0.5326 0.3965 0.2701 0.0583 0.0643 0.0621 0.9064 0.8673 0.8219 0.6551 0.5938 0.5478
SRR594414 0.5529 0.4169 0.1103 0.0354 0.0579 0.0171 0.9433 0.8848 0.873 0.6692 0.6023 0.5088
SRR594415 0.5544 0.3813 0.2557 0.0384 0.0894 0.0584 0.9387 0.819 0.8227 0.6706 0.5813 0.544
SRR594416 0.5632 0.3802 0.1755 0.0399 0.0517 0.0442 0.9375 0.8865 0.8084 0.6742 0.5902 0.5218
SRR594417 0.5435 0.3535 0.249 0.0341 0.1013 0.0568 0.9442 0.7874 0.8231 0.6659 0.567 0.5419
SRR594418 0.5554 0.4149 0.2063 0.0459 0.0681 0.0332 0.9279 0.8664 0.8685 0.6685 0.5996 0.5338
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3.4.9 Application of IsoSCM to identify tissue-differential tandem APA

events

To illustrate a practical application, we next applied change-point inference to exam-

ine differential usage of 3’ UTR isoforms between different tissues. In the previous

section, we demonstrate that the IsoSCM segmentation strategy is effective for an-

notating terminal transcript boundaries within an individual sample; however, the

quantification of differential isoform usage requires an accounting of all transcripts

expressed among the samples being compared. When generating a single annotation

that is representative of two samples, one could attempt to merge annotations assem-

bled independently from each sample. However, it is not obvious what the optimal

strategy is for combining annotations from separate samples, while preserving alter-

native events. For example, the cuffmerge program, available as part of the Cufflinks

suite, merges transcript models that share overlapping and compatible chains of in-

trons, and during this process discards shorter terminal exon annotations, reporting

only the longest 3’ exon. While such an approach could be used to identify the longest

3’ UTR isoform, it discards potential alternative events, and is thus inappropriate for

assessing tissue-differential tandem APA events.

Conveniently, the change-point detection framework described above can be ex-

tended naturally to the assembly of tandem 3’ UTR boundaries from multiple samples

simultaneously. To do this, we define Pjoint, the joint likelihood of k independent

samples,
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Pjoint =
k∏

i=1

Pi(t, s) (6)

where Pi is the marginal likelihood of the ith sample. Thus, by replacing P in

Equations 2 and 3 with Pjoint, the segmentation procedure will identify the configu-

ration of change points that maximize the joint marginal likelihood of all the samples

simultaneously. Importantly, this modification enables identification of polyadeny-

lation sites that are specific to one condition, in addition to sites that are common

among the samples being compared.

Previously, we and others observed that the nervous system accumulates many

transcripts with longer 3’ UTR isoforms than in other tissues, whereas the testis ex-

presses many transcripts with relatively shorter 3’ UTR isoforms ([154]; [58]; [28];

[128]; [141]; [91]). Using the IsoSCM framework, we reexamined these observations

by analyzing differential polyadenylation site usage in nine mouse tissues. By per-

forming the joint segmentation for each pair of tissues, we identified a set of change

points representing tandem polyadenylation events. For each of these events, we esti-

mated a polyadenylation-site-usage index in each condition, representing the relative

frequency with which a particular polyadenylation site is used. By calculating the dif-

ference in this index between a pair of conditions, we identified polyadenylation events

with differential usage patterns among tissues. St8sia3 and Sap30l typify transcripts

IsoSCM identifies as being differentially polyadenylated between a pair of tissues,

and are illustrated in Figure 24A. By identifying global differences in the distribution

of the polyadenylation-site-usage statistic at proximal sites between tissue pairs, we
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assessed whether there were systematic patterns of altered 3’ UTR length. Indeed,

we observed clear signatures in which the termini annotated by IsoSCM were broadly

extended in brain relative to all other tissues, whereas they were generally shorter in

testis relative to all other tissues (Figure 24B).

To emphasize the importance of using accurate terminal exon annotations when

quantifying tandem terminal exon expression patterns, we repeated the analysis using

the transcript assemblies of Cufflinks and Scripture in place of the models generated

by IsoSCM. As these methods do not provide a means to assemble transcript models

considering two samples simultaneously, we used the union of terminal exon mod-

els from tissues being compared to define the set of tandem polyadenylation events

identified by these methods. As shown in Figure 24B, there is only modest agree-

ment between patterns identified using models built by Cufflinks and Scripture and

IsoSCM. Enhanced usage of proximal polyadenylation sites in the testis was reliably

recovered using Cufflinks. This is likely because the abrupt truncation events ob-

served in testis can be captured by the Cufflinks assembly procedure, as is the case

for St8sia3 (Figure 24A). However, neither Cufflinks nor Scripture were able to assem-

ble models that consistently captured the pattern of increased abundance of extended

3’ UTRs when comparing brain with other tissues (Figure 24B).

Cufflinks and Scripture seek only to annotate the longest terminal isoform that is

consistent with the reads, and in brain we observe many cases where both isoforms

are expressed and only their relative usage changes between tissues. In such cases,

it is expected that the short 3’ UTR isoform will not be captured by these methods.

This is illustrated by the gene Sap30l in Figure 24A, for which both a short and
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Figure 24: A) Instances of tissue-differential APA identified by IsoSCM are illustrated
St8sia3 and Sap30l. IsoSCM models generated by the joint segmentation procedure
are compared with models assembled by Cufflinks and Scripture analyzing each tis-
sue independently. In these examples, Cufflinks is able to recover switches in tandem
polyadenylation site usage for St8sia3 when comparing independent assemblies of
the data sets, but does not detect the more nuanced difference with Sap30l as the
short was not assembled. Scripture does not generate alternative models in either
case. Since IsoSCM uses change-point detection for 3’ UTR boundary annotation,
IsoSCM assembles both isoforms correctly, and is able to consistently capture these
patterns. The AWTAAA track indicates genomic matches to the two most common
PAS, AATAAA and ATTAAA; note that many such instances are not actually func-
tional PAS. B) Exon models built using IsoSCM were used to identify global patterns
in differential 3’ UTR usage between nine mouse tissues. Events arising from overlap-
ping tandem 3’ exons were used to estimate the relative usage of 3’ ends in each tissue.
For all genes that are expressed in a pair of tissues, the difference in relative usage of a
polyadenylation site is computed. To assess whether there are global trends toward 3’
UTR lengthening (or shortening) between tissues, the observed distribution of differ-
ences in 3’ end usage is compared with a null model that lengthening (or shortening)
events are equally likely to occur in either sample. The 36 pairwise comparisons are
represented in a matrix, with the tissues being compared labeled at the left of each
row, and the bottom of each column. A cell shaded blue indicates that the tissue
labeled at the left of the row tends to have lower usage of proximal 3’ ends than the
tissue labeled at the bottom of the column, while red shading indicates the opposite
pattern. Here, we see that the brain tends to use polyadenylation sites that are more
distal, while the testis tends to use more proximal polyadenylation sites. C) Neural
APA event detected for Shank2; the alternative 3’ UTRs annotated by IsoSCM are
supported by 3’-seq data. Probes were designed against a universal region present
in both isoforms (green), and a region exclusive to the extended isoform (red). D)
Sequential Northern blotting shows that the universal probe hybridizes to two bands
with estimated lengths of 8.2 and 9.7 kb, while the extension probe hybridizes only
with the 9.7-kb band. These bands are consistent with the 3’ exon annotations as-
sembled by IsoSCM, and likely correspond to the transcript ENSMUST00000105900
(8169-nt long) as well as an isoform bearing a 1.5-kb 3’ UTR extension.

100



RNA-seq

3'seq

1.5kb[0-441]

[0-37]

Ensembl 73

IsoSCM

C

PASPP

RNA-seq
Liver

Ensembl 73

[0-307]

[0-838]

Cufflinksff

IsoSCM

Scripture
Brain
Liver

RNA-seq
Brain

RNA-seq
TestisTT

Ensembl 73

[0-571]

[0-877]

Cufflinksff

IsoSCM

Scripture

Brain
Liver

Brain
TestisTT

Brain

RNA-seq
Brain

TestisTT

St8sia3 Sap30l

A

AWAA TAAATT

Shank2

IsoSCM Cufflinksff Scripture

br
ai

n

te
st

is

co
lo

n
he

ar
t

ki
dn

ey

li v
er

lu
ng

m
us

cl
e

sp
le

en

brain

testis

colon
heart

kidney
liver
lung

muscle
spleen

br
ai

n

te
st

is

co
lo

n
he

ar
t

ki
dn

ey

li v
er

lu
ng

m
us

cl
e

sp
le

en

br
ai

n

te
st

is

co
lo

n
he

ar
t

ki
dn

ey

li v
er

lu
ng

m
us

cl
e

sp
le

en

B

D

Uni Ext

0

5

10

bypasses
proximal

uses
proximal

-lo
g1

0(
p)

5

10

Shank2

1.0-

3.0-

4.7-

1.9-

0.8-

5.5-
7.0-

9.0-
13-111633-

U
ni

E
xt

9.7
8.2

1 kb

AWAA TAAATT

1 kb

probes:

101



long isoform are expressed in brain and liver, but there is a higher proportion of

isoforms bearing the extended 3’ UTR in the brain. In this case, using Cufflinks or

Scripture this alternative event is not identified, since neither method annotates the

short isoform correctly.

We previously provided extensive molecular validation of neural 3’ UTR length-

ening events of a similar quality to those identified by the IsoSCM pipeline, although

those APA events were previously cataloged by a combination of visual annotation

and partially automated procedures [128, 91]. Along these lines, we tested a 3’ UTR

extension for Shank2 identified by IsoSCM (Figure 24C) by Northern blot. We de-

signed double stranded DNA probes that either hybridize to the region common to

both transcripts (“uni”), or that exclusively recognizes the extended 3’ UTR isoform

(“ext”). Based on the predicted size of the full-length transcript differing only in the

3’ boundary of the terminal exon, we expect full-length transcripts of length 8.2 and

9.7 kb. Northern blotting showed that the common probe hybridize to two domi-

nant bands that are consistent with these lengths, while extension-specific probe hy-

bridizes exclusively to the longer RNA species (Figure 24D), confirming our inference

of tandem terminal exon boundaries from stepped patterns of RNA-seq coverage.

Overall, these analyses are consistent with previously described patterns of tissue-

specific APA, and suggest that the methodology encapsulated by IsoSCM can be

readily applied in other settings to gain new insights into alternative 3’ UTR isoform

regulation.
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3.5 Conclusions

The inference of transcript structures from short RNA-seq reads is a complex prob-

lem, particularly for the identification of 3’ UTR boundaries. As we have illustrated,

confounding factors such as the presence of repetitive sequences, overlapping coex-

pressed isoforms, and nonuniform coverage patterns make the identification of 3’ UTR

boundaries from RNA-seq data a nontrivial problem. These issues are exacerbated by

the absence of a framework to incorporate observed patterns of read depth into the

transcript assembly process. To address these challenges and the limitations of exist-

ing tools, we developed IsoSCM. By benchmarking IsoSCM against state of the art

methods for transcript assembly on simulated and experimentally generated RNA-seq

data sets, we have demonstrated by several measures that the performance of IsoSCM

is superior to existing tools for 3’ UTR reconstruction. Although evaluations indi-

cate substantial benefits of change-point inference, we reiterate that the advantages

of IsoSCM are manifest where sufficient levels of isoform expression exist, and that it

does not correctly identify 3’ UTR isoforms if the level of coverage over exonic seg-

ments is not proportional to isoform abundance. These are indeed general challenges

for ab initio transcript assemblers. Nevertheless, we show that IsoSCM consistently

identifies thousands of functionally supported 3’ termini in excess of Cufflinks and

Scripture, and reduces the number of false predictions reported.

The improvement in sensitivity and accuracy of reconstructed transcript models

gained by using IsoSCM has implications beyond transcriptome annotation. A major

application of RNA-seq technologies is for the inference of alternative isoform reg-
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ulation, and these inferences require accurate gene models. By analyzing a panel

of RNA-seq samples from different tissues, we demonstrate how previously observed

patterns of APA are faithfully recapitulated by IsoSCM. Moreover, by extending the

constrained change-point detection procedure we developed for single-sample anno-

tation to the joint analysis of two samples, we obtain an effective method to detect

and annotate differential APA in an ab initio setting. Notably, these patterns are not

recovered using existing tools for transcript reconstruction, because these methods

are by design not expressive enough to annotate tandem 3’ UTR isoforms.

While this work was in revision, Wagner and colleagues reported their algorithm

DaPars and used it to identify genes with altered polyadenylation patterns follow-

ing CFIm25 knockdown and in glioblastoma [81]. While their work also exploits

change points in RNA-seq data, it provides only a subset of the functionalities of

IsoSCM, making direct comparisons of the methods difficult. A significant advan-

tage of IsoSCM is that it operates in an ab initio setting, and its accuracy does not

depend on the quality and completeness of a reference annotation. Even for the well-

annotated mouse transcriptome, dominant isoforms are missing (i.e., the extended

isoform of Sap30l) (Figure 24A), and could only be analyzed using ab initio methods

such as IsoSCM. For many species, especially nonmodel organisms, 3’ UTR models

are incomplete or absent, precluding the application of DaPars to these transcrip-

tomes. The generality of IsoSCM will enable change-point analysis to be applied to

APA in a wider scope of problems.

While IsoSCM utilizes only RNA-seq to identify 3’ ends, there also exist special-

ized protocols for high-throughput mapping of 3’ UTR boundaries by direct cloning
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and sequencing of 3’ ends. Clearly such methods provide greater and more direct

information on 3’ ends. However, as these strategies are technically more compli-

cated than conventional RNA-seq protocols, the available 3’-seq data are only a small

fraction of the aggregate RNA-seq data that are available for diverse organisms. We

present IsoSCM as a methodological advance for ab initio 3’ end identification that

can take advantage of existing RNA-seq data and extend its analysis beyond cur-

rent algorithms. The refinement of 3’ UTR boundaries provided by IsoSCM provides

greater accuracy and more systematic accounting of 3’ end processing, and enables

diverse studies of differential APA using the wealth of RNA-seq data now available.

3.6 Materials and Methods

3.6.1 RNA-seq simulations

A graphic overview of the simulation framework is given in Figure 17A. To generate

a set of reference transcript models with tandem polyadenylation events we selected

14,263 nonoverlapping transcript models that contain a terminal exon at least 500-nt

long from the Ensembl 73 annotation for RNA-seq simulations. Within the last exon

of each transcript model, a truncated isoform was generated by uniformly sampling

a position at least 150 nt from both 5’ and 3’ exon boundaries, and generating a

new model sharing the complete upstream exon structure, while bearing a terminal

exon truncated to this sampled position. Unstranded 50-nt single end reads were

simulated by sampling alignment start positions uniformly across the body of the

transcript until a target depth of 2000 reads/kb of exonic sequence (94,962,730 reads
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total) was reached. This library was recursively subsampled to generate a test set

spanning the range of depths (5, 7.5, 10, 20, 30, 40, 50, 100, 200, 400, 600, 800, 1000,

2000) reads/kb (Figure 17B).

3.6.2 Evaluation of transcript models

For each method, we assessed the quality of 3’ terminal exon assemblies of annotated

protein coding genes. After identifying assembled 3’ terminal exon models for each

method that shared a 5’ splice boundary with the terminal coding exon of an expressed

gene from the Ensembl 73 annotation, we assessed the extent to which that annotation

is supported by various types of evidence. For each predicted 3’ end we assessed

whether an Ensembl 73 annotation, 3’-seq tag, or polyadenylation signal were detected

within a short distance of the predicted boundary of the 3’ UTR. We assessed evidence

supporting assembled exon model using both a stringent (20 nt) and relaxed (100 nt)

windows. Annotations from one method that were within 100 nt of an annotation

made by another method were defined to be common between those methods, while

annotations that were ¿100 nt from an annotation made by any other method were

considered to be method-specific ends. The number of distinct 3’ ends was counted,

such that a 3’ end that was common between two terminal exon models was only

counted once.

To calculate the positional enrichment of polyadenylation signals and 3’-seq data,

all annotations of terminal exons of known protein coding genes were aligned with

their 3’ boundary at position 0. At each position in a 200-nt window upstream

of and downstream from each annotation, we calculated the fraction of sequences
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that have either a PAS or 3’-seq evidence within 20 nt of that position. For the

PAS we considered the two most frequent motifs, AATAAA and ATTAAA, and at

the terminally aligned position of a 3’-seq read was used as the position for 3’-seq

evidence.

3.6.3 Transcript assembly

Cufflinks 2.2.0 was downloaded from http://cufflinks.cbcb.umd.edu/downloads/cufflinks-

2.2.0.Linux x86 64.tar.gz, and was run with the default parameters, except that –

library-type fr-firststrand was provided to indicate the strandedness of the sequencing

data, and the –overlap-radius was set to 100 bp.

The scripture-beta2.jar was downloaded from ftp://ftp.broadinstitute.org/pub/-

papers/lincRNA/scripture-beta2.jar. Scripture was run on each chromosome inde-

pendently, with the default parameters except that 48 GB of memory was allocated,

as smaller allocations resulted in “out of memory” errors. The resulting bed files

from assemblies for each chromosome were concatenated to form the final assembly

for each sample.

3.6.4 Data sets analyzed

Sequencing fastq files with RNA-seq (GSE41637) [86] and 3’-seq GSE30198 [28] were

downloaded from GEO. Reference genome sequences were downloaded from Ensembl,

ftp://ftp.ensembl.org/pub/release-73/fasta/. RNA-seq was mapped to the genome

using Tophat2 with default parameters, except that an Ensembl 73 reference annota-

tion was provided with the -G option, and the –segment-length was set to 20. Bowtie
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was used to map the 3’-seq data, with the default parameters.

3.6.5 Identification of tissue differential APA events

For each pair of tissues, a joint segmentation of the two samples was computed. For

each change point identified between a pair of conditions, we calculated the magnitude

of change in the level of coverage in each condition. From these values a usage

score (U) was calculated as U = 1 − (covdn/covup), where covup and covdn are point

estimates of the level of read density in the segments upstream of and downstream

from the change point, respectively. The differential usage between conditions A

and B was calculated as the difference in the estimated usage at that change point,

U∆AB = UA − UB.

3.6.6 Northern analysis

We used PCR to amplify universal and proximal regions of the predicted isoforms of

Shank2 using these primer sets.

shank2 uni; GGACCTCTTTGGCTTGAACC

shank2 uni; CTATGGCAGCCTCTGAGACC

chr7:151606740-151607287

shank2 ext2; GGGAGCAGAAGACTGAGTGG

shank2 ext2; CAGCATCATCAGGACAGTGG

chr7:151610801-151611426

Random primed radiolabeled probes were generated using these templates. RNA

was isolated from mouse brains, and sequentially hybridized with extension and uni-
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versal probes as described previously [91].

3.6.7 Software availability

IsoSCM transcript assembly is implemented as a standalone Java program, available

at https://github.com/shenkers/isoscm. Using the “assemble” keyword IsoSCM will

assemble the mapped reads in a BAM file into a splice graph, identify nested termi-

nal exons boundaries using the constrained segmentation procedure, and report the

resulting models in GTF format. Functionality to enumerate splice isoforms from

the assembled splice graph can be accessed by the keyword “enumerate”. Pairwise

comparison of tandem isoform usage can be performed using the “compare” keyword,

which reports the relative usage of change points in each sample in a tabular format.

Complete documentation is available from the IsoSCM website (https://github.com/-

shenkers/isoscm).
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4 CrossBrowse: A versatile genome browser for

visualizing comparative experimental data∗

4.1 Attributions

Sol Shenker designed and implemented CrossBrowse, and performed analysis of CTCF

syntenic binding. Jaaved Mohammed suggested interesting miRNA based on his pre-

vious analysis and provided tracks of small-RNA sequencing across species. The small

RNA sequencing libraries were prepared by Alex Flynt. Piero Sanfilippo generated

3’seq and RNA-seq samples used for the example of poly-A site dynamics.

4.2 Abstract

The recent beyond-exponential growth in diverse collections of deep sequencing datasets

creates enormous opportunities for discovery, concomitant with new challenges for

displaying and interpreting these data. Notably, the availability of scores of whole

genome sequences in multiple species clades enables comparative studies of functional

elements. However, current genome browsers do not permit effective visualization of

multigenome experimental data. Here, we present CrossBrowse, a standalone desk-

top application for displaying and browsing cross-species genomic datasets. We utilize

data standards and graphic representation of popular browsers, and incorporate an

intuitive graphical visualization of genome synteny that facilitates and drives human

interrogation of comparative data. Our platform permits users with minimal infor-

matics capacity to select arbitrary sets of genomes for display, upload and configure

∗S. Shenker, and E. C. Lai. CrossBrowse: A versatile genome browser for visualizing compar-
ative experimental data. Submitted.
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multiple datasets, and interact with vertebrate-sized genomic datasets in real-time.

We illustrate the utility of CrossBrowse with interrogation of comparative invertebrate

and mammalian datasets that provide insights into diverse aspects of transcriptional

and post-transcriptional regulation. Of note, we show examplars of both preserva-

tion and divergence of functional elements that cannot be inferred from sequence

alignments alone. Moreover, we demonstrate how inspection of primary data using

CrossBrowse exposes an artifact in a typical strategy for assigning species-specific

functional elements, and drives the implementation of an improved computational

strategy. We anticipate that CrossBrowse will greatly foster user-based discovery

within multispecies genomic datasets, and inform their bioinformatic interpretation.

4.3 Introduction

Ongoing advances in next-generation sequencing (NGS) technologies, coupled with

creative assays that interrogate diverse aspects of genomes and transcriptomes, are

transforming the face of modern biology[116, 108]. Indeed, many laboratories are

now heavily reliant on techniques such as whole exome and whole genome sequenc-

ing, GWAS, ChIP-seq and genomic structure analyses, long and short RNA-seq, and

so forth, all of which barely existed or were non-existent a decade ago. Many expedi-

ent software packages exist to process genomic and transcriptome data, and generate

summary statistics of their properties. Nevertheless, human curation (i.e., “sequence

gazing”) is still integral to effective and rigorous analysis. Not only is it prudent to

provide reality checks regarding overall conclusions, the human eye is often instru-
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mental in first recognition of novel genomic phenomena that are not appropriately

handled by existing software packages. In turn, such insights can fuel subsequent

computational work.

As an example from our experience, while transcripts were annotated through a

standard pipeline in the modENCODE project[18], our visual recognition of long,

neural 3’ UTR extensions that were not assembled as continuous exons led us to

perform the initial annotation of the transcriptome via end-to-end manual browsing

of the Drosophila genome[128]. The broad foundation we gained by human cura-

tion was critical to develop our de novo transcriptome assembly and analysis method

IsoSCM[123], which enables effective analysis of alternative polyadenylation trends

from RNA-seq data. Thus, effective data visualization can facilitate human-driven

identification of novel genomic patterns that would be otherwise overlooked by exist-

ing analysis tools, and guide the development of new analytical strategies.

The burgeoning amount of comparative genomic datasets creates new challenges

in genomics visualization. One of the most-widely used public genomic resources is

the UCSC Genome Browser, a portal for real-time user interactions with multiple

genome alignments. In addition, a multitude of genomewide datasets are publicly

hosted by the UCSC Genome Browser, and one can also link to private datasets.

However, a clear limitation is that the UCSC platform does not permit comparison of

experimental data from multiple species, nor visualization of genome rearrangements

beyond linear relationships. While the UCSC comparative assembly hub introduce

snake tracks to represent structural genome changes[97], substantial issues remain to

navigate and interpret multi-genome datasets.
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The democratization of next-generation sequencing means that it is now straight-

forward to generate genomewide datasets in historically non-model organisms, and

public deposits of such cross-species data now present largely untapped opportunities

for discovery. Moreover, the advent of CRISPR/Cas9 genome engineering now means

that a much broader range of species are experimentally and genetically tractable.

Thus, genomics data can not only help interpret the genomes of “classic” model or-

ganisms, but serve as the basis for experimental designs in new species. Nevertheless,

while cross-species datasets provide rich resources for bioinformatics investigations,

they are currently largely inaccessible to biologists and laboratories lacking significant

computational expertise.

While some approaches have begun to address this problem, none of the available

cross-species browsers satisfactorily deal with the challenges of current genomics data.

Combo was one of the first comparative browsers[32], but it does not handle NGS data

or permit more than two genomes to be displayed. Sybil[118] handles only bacterial-

sized genomes, displays only annotated genes, and does not support NGS formats.

mGSV[117] is a web-based browser through which one must upload data prior to vi-

sualization, and is consequently slow and not secure. In addition, it limits the user to

loading only one data track, and uses a custom upload format that can render data

configuration tedious. Finally, GBrowse syn[84] requires a dedicated Linux server,

and significant command line usage to modify session configuration, limiting breadth

of its utilization. In addition, all of these packages share the significant limitation of

showing only a fixed coarse-grain representation of synteny relationships, and thus

lack dynamic visualization as the user zooms between multi-gene and the nucleotide
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level resolutions. This is a signature feature of the UCSC Genome Browser and the

Integrated Genome Viewer that today’s biologists have come to expect. Reciprocally,

the UCSC Genome Browser focuses on local, linear alignment relationships, at the

expense of visualizing interrupted segments (indels) and larger genomic rearrange-

ments. Finally, while web-based genome browsers have advantages with respect to

aggregating datasets and a means to share a session among collaborators, this design

can place inordinate amount of strain on server, degrading responsiveness and user

experience.

We sought to address all of these limitations in CrossBrowse, our standalone desk-

top application for cross-species data visualization for vertebrate-sized genomes. To

create a tool familiar to users of existing genome browsers, we took advantage of

data standards and graphical representation established by first generation genome

browsers, and combined it with an intuitive graphical representation of genome syn-

teny relationships and multispecies experimental data. We demonstrate the utilities

of CrossBrowse for analyzing transcriptional and post-transcriptional regulation, and

highlight its attributes and capacities that permit bench scientists to interact with

and make discoveries from cross-species genomics data.

4.4 Results and Discussion

A genome browser with adaptive granularity visualization across syntenic loci We

designed a browser to meet the aforementioned challenges for multi-species visualiza-

tion of aligned genomes and experimental datasets. Here, we describe key features of
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CrossBrowse, especially with regard to issues not satisfactorily handled by existing

browsers.

CrossBrowse generates the synteny visualization using whole genome sequence

alignments. These allow CrossBrowse to translate coordinate positions between ref-

erence genomes, the same functionality provided by the liftOver tool from the UCSC

genome browser. CrossBrowse reads whole genome alignments from CHAIN-format

files that can be downloaded from the UCSC genome browser. The window is

composed of multiple stacked “traditional” genome browsers, which are connected

by graphics that illustrate syntenic relationships. These are represented as colored

“blocks” that indicate boundaries of homologous regions. Unaligned sequences are

left white, but the coloring scheme easily allows one to identify when such regions

reside within a larger syntenic region. When sequences reside on opposite strands

with respect to the reference genome, the block will reflect this inversion.

Since there can be extensive homology between related genomes, CrossBrowse

divides each longer block of homology into a series of smaller blocks, so that the syn-

teny visualization adapts to the viewed coordinates. The synteny visualization reacts

to user interaction as the mouse moves over the view area, allowing for the rapid

assessment of information at orthologous positions, even in the context of structural

genome changes. Syntenic regions are shaded to facilitate the location of orthologous

positions across genomes. The coloring scheme is stable with respect to the displayed

coordinates, thereby maximizing visual continuity as the view is adjusted. We note

that tools such as Sybil and mGSV and Gbrowse syn generate conceptually similar

graphical motifs to visualize synteny. However, only CrossBrowse can represent syn-
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Figure 25: (A) Graphical representation of structural changes within the
Antennapedia-Complex locus across the radiation of D. melanogaster, D. ananassae,
and D. pseudoobscura. The separation of D. pseudoobscura from D. melanogaster
and D. ananassae is accompanied by inversion of zen2. Likewise, the speciation of
D. melanogaster and D. pseudoobscura is accompanied by an additional inversion
of the Dfd locus. (B) A CrossBrowse screenshot illustrates how these structural re-
arrangements occurring at the Antennapedia-Complex are readily visualized using
CrossBrowse. A track displaying gene structure is displayed in the melanogaster
genome. The location of syntenic genome sequences are indicated by ribbons that
span the individual genome views. Structural inversions relative to neighboring
genomes are represented as twists in the ribbon. Darker shading is used to high-
light the location of the structural changes.
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teny with a granularity that adapts to the user’s view. Thus, CrossBrowse can be

readily be applied to investigate features ranging from megabase windows all the way

down to single nucleotide resolution.

We illustrate the utility of synteny visualization using homeobox gene re-arrangements

observed in the Drosophila Antennapedia-Complex. Hox genes are essential to estab-

lish segmental identities during development and exhibit striking correspondence be-

tween their relative expression domains along the anterior-posterior axis and their lin-

ear order along the genome. The linear order of Hox complexes is generally conserved,

but at least seven structural re-arrangements are observed across the Drosophilid

phylogeny[99]. Such re-arrangements are not evident when using popular interfaces

such as the UCSC genome browser or IGV, and are often rendered manually (Fig-

ure 25A). However, using CrossBrowse, one can easily zoom in and out of this complex

genomic region and observe the phylogenetic relationships of their changing gene ori-

entations in a graphically intuitive manner (Figure 25B).

4.4.1 An intuitive and facile interface for concurrent exploration of mul-

tiple genomes

CrossBrowse implements navigation features and graphical standards established by

existing browsers, thereby providing a familiar user environment. As seen in the

example CrossBrowse session (Figure 26), the top of the interface displays Session,

Track, and Navigation menus. The Session menu provides an interface for the user

to configure which genomes are displayed in the browser, and pairwise alignments

between them. The Track menu is used to load tracks in the browser, and adjust how
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they are displayed. The Track View is partitioned into separated stacks of Tracks

when the CrossBrowse session is configured to display multiple genomes. The Nav-

igation menu provides access to functionality for selecting views of syntenic regions

between reference sequences, access navigation history, refresh tracks, and adjust the

zoom level.

We incorporated features that facilitate genome browsing in the context of mul-

tiple genomes. For example, coordinate conversion is tightly integrated with the

browser, and is accessed through the toolbar by selecting Navigate?liftOver. The

source genome for the liftOver can be selected from the drop down menu at the top

left, and the list of target regions identified are displayed in the list below. Selecting

one of the target regions and pressing “liftOver” will set the coordinates in the tar-

get genome based on the region of synteny with the window displayed in the source

genome (Figure 26).

One issue with CHAIN files is that the existing tools for coordinate conversion

(which are necessary to build the overlay visualization) are designed for batch queries.

Given a set of intervals in one genome they read the entire CHAIN file, from start

to finish, and report the translated coordinates for all query segments that can be

mapped to the target genomes. This process is too slow to support interactive cross-

species data visualization, since the delays in refreshing each view of adjusted genome

coordinates are unacceptable for browsing data. To enable low latency coordinate

conversion, CrossBrowse uses TABIX indexing[70] to accelerate access to CHAIN

file genome alignments. The UCSC genome browser hosts CHAIN files generated

with respect to a popular reference organisms (e.g., relative to human, mouse, fly).
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Figure 26: Configuration of the browser is easily achieved using a graphical interface.
Below, the navigation bar is annotated with the function of each button. The popup
at right demonstrates the procedure for loading whole genome alignment CHAIN files.

However, bidirectional coordinate conversion requires these alignments to be available

in both directions, which would require two CHAIN files. To simplify configuration

and allow users to easily use publicly available CHAIN files, CrossBrowse includes

the functionality for deriving inverted CHAINs, obviating the need for the user to

perform unnecessary pre-processing.

A further limitation of existing tools for multi-species visualization is the difficulty

for configuration. While the session for many popular single genome browsers can

be conveniently configured via an intuitive graphical user interface, existing multi-

species browsers require the user to install the browser on a web server. These

browsers require substantial command line usage to configure and install the browser

(GBrowse syn[84]) and/or convert data into browser-specific formats (mGSV[117]).

In contrast, CrossBrowse provides a graphical interface, making the browser more
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readily accessible to users lacking the time or technical expertise to install and con-

figure a session. The only requirement for running CrossBrowse is a Java virtual

machine (JVM) which is readily available on all operating systems.

Upon launch, the user is presented with an empty browser session, within which a

user can load genomes, CHAIN files, and data tracks from the menu bar. Once con-

figured, the synteny display is synchronized as the user navigates directly to a specific

genomic coordinate or using text search against loaded annotations. A detailed text

description that illustrates the process of configuring and navigating a multi-species

session is provided at the CrossBrowse homepage.

4.4.2 Practical applications of CrossBrowse

Coding sequences are often broadly conserved, but strong constraints on other ge-

nomic elements can be used to infer their underlying functionality and utility (e.g.,

TF binding sites, miRNA and RBP binding sites, etc.). While existing browsers (e.g.

UCSC genome browser) permit facile visualization of conserved sequences alongside

experimental data from one organism, they do not permit simultaneous visualization

of multispecies data. This is needed to distinguish whether utilization of a conserved

functional element is similar, or perhaps divergent between species. A greater chal-

lenge is that many genomic elements are under modest positional constraint and/or

difficult to infer directly from primary genome sequence alone. Thus, it can be diffi-

cult to distinguish functional elements that are functionally conserved but are defined

by different primary sequences, from those that are truly species-specific and evolu-

tionarily divergent. We illustrate the general utility of CrossBrowse with analyses of
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invertebrate and mammalian genomic data, which demonstrate insights into diverse

aspects of transcriptional and post-transcriptional regulation.

4.4.3 Evolutionary dynamics of enhancers and insulators

Facile browsing provides any bench scientist the ability to evaluate general trends in

genomewide comparative data, as well as to navigate specifically to genes of particu-

lar interest for functional study. To illustrate the capability of CrossBrowse to handle

mammalian-scale datasets, we downloaded ChIP-seq data for several chromatin fea-

tures (H3K27ac, P300, TFAP2A) used to identify divergent enhancers between hu-

man and chimp[111]. By navigating to the COL13A1 locus, the resulting visualization

readily illustrates the human-biased enhancer noted in the prior work (Figure 27, red

box). Moreover, one can identify a weakly human-biased enhancer (yellow box) as

well as a strongly chimp-biased enhancer (blue box). This emphasizes the ease with

which CrossBrowse can be configured for retrospective analysis of published datasets.

In comparative genomic studies, it is typical to designate one genome as a refer-

ence, and translate the coordinates of all measurements from all experiments made

in non-reference genomes into a common coordinate system of the reference genome.

This “coordinate translation” between regions with sequence similarity is performed

using tools such as liftOver and CrossMap[63, 156], using pre-calculated whole genome

alignments. While this approach works well for comparing features that occur in

well-aligned and clearly orthologous regions, care must be taken to design the anal-

ysis to properly account for events that occur in regions without an easily identified

homologous sequence. Although such events are typically considered in bulk to be
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Figure 27: Screenshot of a CrossBrowse session that allows interrogation of species-
specific enhancer evolution at mammalian COL13A1 reported by Wysocka and
colleagues[111]. Here, we plot WIG tracks of their H3K27ac, P300, and TFAP2A
ChIP-seq data from human and chimp. The red box highlights the human specific
enhancer earlier reported[111], and the blue arrow indicates the presence of a chimp
biased enhancer.
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species-specific, the direct analysis of coordinate translated measurements can create

artifacts of interpretation.

We illustrate this case using comparative data for the insulator DNA-binding pro-

tein CTCF, analyzed across 4 Drosophila species[99]. This work identified conserved-

and species-specific CTCF binding events, and concluded that while CTCF DNA

binding motif is conserved, the location of binding events between species evolves

dynamically. In particular, liftOver coordinate-translation of CTCF ChIP-seq data

at Abd-B was used to identify cases of CTCF binding in D. melanogaster that were

lost in D. pseudoobscura[99] (Figure 28, yellow box). However, comparative visual-

ization of the CTCF ChIP-seq data aligned to each cognate genome in CrossBrowse

reveals that CTCF binds at a similar genomic position in both species (Figure 28,

red box). This region is anchored by flanking syntenic sequences, even though the

CTCF binding itself occurs within a region that was not well-aligned. This situation

can be classified as a “false-positive” from the liftOver pipeline, since CTCF binds

in an analogous genomic position in these species relative to the genes its insulator

activity should affect.

Given that coordinate translation of sequencing data can introduce such false-

positive calls, we were interested to assess its impact genomewide, and to develop a

refined analysis strategy. In particular, we sought to distinguish true species-specific

events from ones that occur in regions of locally low sequence identity, whose overall

genomic correspondence was anchored by nearby flanking orthologous regions (as

observed in the Abd-B locus). To do so, we expanded the binding peak called from

the ChIP-seq data by 500bp on each side before performing coordinate translation
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Figure 28: Screenshot of a CrossBrowse session comparing CTCF sites assayed across
multiple Drosophilid species. The Abd-B locus was originally reported to harbor
evolutionary divergent CTCF binding by White and colleagues[99]. The red box
highlights a CTCF binding in D. melanogaster that is not directly aligned in D.
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Figure 29: (A) Comparison of strategies to ascertain conservation and divergence
of functional elements. Strategy number 1 was used in the original CTCF study[99],
and is typically employed in cross-species studies. ChIP-seq peak coordinates were di-
rectly translated using liftOver when a sequence alignment is available (element ”A”,
left), while peaks residing within segments that are locally unaligned are discarded
(element ”B”, right). As informed by CrossBrowse visualization, we implemented the
modifications shown in Strategy number 2. First, CTCF peaks were extended by a
fixed distance (500 bp) on either side (blue rectangles). If extended peaks could be
anchored in flanking aligned regions, coordinate translation was performed to identify
homologous regions (red connectors). This strategy allows one to query both elements
A and B for functional conservation in the experimental data. (B) Flowchart for re-
analysis of comparative CTCF ChIP-seq data[99]. Of 484 events in D. melanogaster
originally called as absent in D. pseudoobscura, due to lack of liftOver coordinates,
we were able to rescue nearly half of them as residing in clearly orthologous regions
based on their genomic flanks. About 40% of these regions (comprising 16.5% of to-
tal alignment negatives in the D. melanogaster 7→ D. pseudoobscura liftOver), indeed
harbored conserved CTCF binding in the latter species. We vetted all 80 locations
by manual inspection in CrossBrowse.

(Figure 29). Using this strategy we were able to identify >200 CTCF binding events

in D. melanogaster that failed standard liftOver, but where the flanking genomic

DNA can be used to identify the syntenic position in the D. pseudoobscura genome

(Figure 29). Of these, browsing confirmed CTCF binding within the syntenic segment

in ∼40% of the “rescued” genomic regions (80 loci, comprising 15% of the total CTCF

peaks).

We emphasize that manual validation is extremely cumbersome using existing
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browser solutions; i.e., necessitating the identification of orthologous regions and nav-

igating to the respective data in separate browsers. These maneuvers are sufficiently

onerous that they usually preclude systematic manual assessment of species-specific

features. Our detection of a substantial number of falsely positive functional diver-

gences highlights how visual browsing of multispecies genomic data in CrossBrowse

can inform computational approaches for improved comparative analyses.

4.4.4 Evolutionary dynamics of alternative polyadenylation

In addition to visualizing the evolution of DNA-based functional elements, Cross-

Browse has diverse utilities for analysis of transcriptome elements. RNA-seq has been

used to study the evolutionary conservation of alternative splice isoforms[11, 86, 17]

and alternative polyadenylation (APA) events[123, 28]. We previously described

tissue-specific utilization of 3’ UTR isoforms[90, 128], including broad trends for ex-

pression of shorter 3’ UTR isoforms in testis and longer 3’ UTR isoforms in neural

tissues.

Despite the qualitative similarity of these tissue-specific patterns, proximal polyadeny-

lation sites often lack clear signatures for primary sequence conservation, as we ob-

served in Drosophila[128]. To better understand how the observed primary sequence

contributes to alternative isoform expression between species, we analyzed RNA-seq

and 3’-seq data from head and testis of D. yakuba, which is only 6 million years

diverged from D. melanogaster (Sanfilippo and Shenker et al, in preparation). Exam-

ination of differential isoform expression patterns using CrossBrowse reveals different

modes of 3’ UTR expression pattern evolution between species.
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Figure 30: Shown are examples of how diverse types of transcriptome data can be
interpreted using CrossBrowse to identify evolutionary divergence in functional el-
ements. (A, B) Screenshots of a CrossBrowse session loaded with total RNA-seq
and 3’-seq data from heads and testes of D. melanogaster and D. yakuba; note that
3’ UTRs are not annotated in existing D. yakuba gene models. These panels il-
lustrate loci utilizing tissue-specific alternative polyadenylation that are evolving in
distinct manners between these species. (A) Top, in the case of CG2201, the prox-
imal testis PAS is lost in D. yakuba. Below, zooming to the nucleotide level shows
that the canonical testis PAS used in D. melanogaster is diverged in D. yakuba (red
box, asterisk). (B) The higher level view at Pde1c shows that both species incur
testis-specific 3’ UTR shortening, but the color-coded alignments indicate that non-
orthologous termini are utilized. Below, zooming to the nucleotide level shows that
D. yakuba two mutations and a single nucleotide deletion relative to D. melanogaster
have disrupted the canonical PAS (red box, asterisk), but that a less frequently uti-
lized D. melanogaster PAS located downstream is converted into a dominantly used
testis PAS in D. yakuba (blue box). This conserves the overall pattern of testis 3’
UTR shortening via different cis-regulatory sequences. (C, D) Screenshots of a Cross-
Browse session loaded with small RNA-seq data from male bodies. (C) Examining
orthologous miRNAs dme-mir-960, dsi-mir-960, and dse 335 reveals a difference in the
relative accumulation of the 5p vs 3p arms between D. melanogaster, D. simulans,
and D. sechellia, respectively. (D) An indel occurring between homologous sequences
in D. pseudoobscura and D. persimilis expresses miRNA dps 3417.
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In Figure 30A, the CG2201 locus provides an example where loss of the testis-

specific polyadenylation in D. yakuba results in loss of highly differential 3’ UTR

expression between tissues observed in D. melanogaster. We find it remarkable to

find such divergent mRNA processing patterns over recent evolutionary history. By

contrast, Pde1c illustrates a case where despite the fact that both fly species exhibit 3’

UTR shortening in testis relative to head, the actual sites of proximal polyadenylation

are not at orthologous positions (Figure 30B). This type of “divergent, yet functionally

similar” gene regulation (akin to the CTCF example, Figure 28) would have been

difficult to appreciate without simultaneous browsing of data mapped to each cognate

genome.

By zooming to the primary sequence, we observe that alteration of polyadenyla-

tion events at both Pde1c and CG2201 are accompanied by mutations in a proximally

located PAS. Notably, there exists an alignable proximal PAS in D. yakuba CG2201

bearing only a single nucleotide change relative to its ortholog (Figure 30A). While

one might have inferred this to represent a weak variant site, inspection in Cross-

Browse makes it plainly evident that this altered PAS is essentially non-functional.

On the other hand, the multiple changes to the D. yakuba Pde1c proximal PAS can

more easily be imagined to render it inactive (Figure 30B). Interestingly, inspection

of the primary sequence of the testis-specific polyadenylation event in D. yakuba re-

veals usage of a putatively cryptic PAS that is unmasked by loss of the upstream

polyadenylation signal (Figure 30B), thereby preserving the pattern of testis 3’ UTR

shortening. Notably, this signal is embedded within an identical sequence block in D.

melanogaster, but does not yield any functional 3’ termini in this species.
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Overall, these examples highlight different modes of functional divergence between

otherwise very related species. Importantly, these evolutionary changes in functional

elements would have been difficult to infer from primary sequence alone, and might

otherwise require extensive bioinformatics to appreciate the diversity of evolutionarily

changing patterns. Instead, they can be effectively uncovered and classified by human

interaction with multiple types of cross-species deep sequencing data via CrossBrowse.

4.4.5 Direct visualization of alterations in miRNA locus structure and

processing

As another application in the post-transcriptional realm, we illustrate the utility of

CrossBrowse for interpreting miRNA evolution. While miRNA loci were originally

studied with respect to conserved arrangement and processing, presumably reflecting

their orchestration of conserved target networks, the advent of deep sequencing of

small RNAs across multiple species clades has permitted evolutionarily divergent

aspects of miRNA pathway to be studied[93, 88, 14].

We loaded CrossBrowse sessions with small RNA datasets from closely related

groups of Drosophilids, namely D. melanogaster/simulans/sechellia, and D. pseudoob-

scura/persimilis (Mohammed and Flynt et al, in preparation), and browsed them for

evidence of evolutionary lability in miRNA content and/or processing. Based on our

recent appreciation of accelerated divergence in testis-restricted miRNA clusters[93],

we were interested to browse their behavior using our platform.

Candidate events of miRNA emergence can be categorized bioinformatically, but

these require conscientious manual vetting as many fortuitous degradation products
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might masquerade as miRNAs[14]. However, it is extremely tedious using existing

genome browsers to gain confidence that these represent genuine birth events in a

specific species, and if so, what genomic alterations lead to their emergence. By

simply inspecting the raw data in CrossBrowse, we could identify cases of “arm-

switching” in the dominant accumulation of 5p vs 3p hairpin species within a a

testis cluster in species of the melanogaster subclade (Figure 30C). This alteration is

expected to alter the functional output of a miRNA locus[102]. More dramatically,

we could also intuitively visualize a genomic alteration in a testis cluster that results

in the recent birth of a miRNA locus within an individual species in the obscura

subclade (Figure 30D).

Overall, such observations can be the basis of directed computational analyses,

whose outputs can then be manually validated using CrossBrowse. Such cycles of

computational and human assessment comprise an efficient workflow to interpret

cross-species deep sequencing data.

4.5 Conclusion: a generic tool for integrating cross-species

datasets

The proliferation of public genomic experiments across many species enables oppor-

tunities for comparisons between species. Unfortunately, most existing browsers are

difficult to configure, do not adequately visualize synteny and rearrangements between

genomes, are not capable of displaying experimental data between species, and are

not scalable to vertebrate-sized genomes. These limitations inhibit users, especially
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data producers who may not have substantial computational expertise, to quickly ask

new questions using genomic datasets. We address these issues with CrossBrowse,

an easily configurable comparative browser that supports standard genomics data

formats and permits intuitive visualization of synteny and structural changes across

the full gamut of genomic windows of interest. Data access routines are performed in

background threads to maximize responsiveness of the user interface. This browser

is implemented in Java, can be easily be installed and run on any platform with a

JVM, and does not require internet access or data upload, allowing maximum flexi-

bility for data with privacy requirements. We anticipate that CrossBrowse will find

broad utilization, and help foster direct interrogation of cross-species data by bench

scientists with limited computational expertise. Indeed, recent years have shown that

several basic features of regulatory networks, RNA processing, and gene expression

in the well-studied organisms are actively evolving, or have proven to be atypical or

derived in some fashion. This highlights the importance of a broader cross-species

foundation for experimental biology in the future.

4.6 Methods

4.6.1 Algorithm for constructing synteny representation

Whole genome alignments provide a means of mapping coordinates between two

genome assemblies, from large regions down to nucleotide resolution. To generate

an adaptive representation of these mapping functions, we down-sample the mapping

function to render a visual representation of primary sequence alignment that is ap-
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propriate to the scale of the view. The synteny visualization is generated from a graph

of the genomes represented in the session, where the genomes represent the nodes of

the graph, and the whole genome alignment represent edges between two genomes.

Since CrossBrowse represents synteny between neighboring pairs of genomes, the or-

der in which they are stacked in the session induces an ordering between genomes.

The top genome in the browser is labeled as the “source” genome, and the bottom

genome is labeled as the “sink”. The source genome determines the parameters of

the synteny visualization. The base-pair width of the segment displayed in this view

determines the resolution of the syntenic blocks. The resolution is determined to be

the maximum size such that at least the minimum width of a syntenic block in the

source genome is 20 pixels. For example, if the browser window is 1000 pixels across,

and displaying a region that is 100 bp long, 2 pixels will be the width allocated to

each nucleotide, and one syntenic block will represent 10 nucleotides in the source

genome.

The granularity of the source genome establishes interval partitions, whose register

is aligned such that syntenic blocks line up with “round” coordinates in the source

genome (1, 5, 10, 25, 50, . . . ). This partitioning establishes the “base” of each syntenic

block. Syntenic blocks are constructed using a recursive algorithm that is applied to

each interval in the source genome. For each interval, whole genome alignments are

queried to project the coordinates of source sequence into the coordinate system of

the next genome in the stack. The source coordinates are added to a stack, and the

coordinates in the target genome become the new source interval. This process is

repeated until coordinate translation either reaches the “sink” genome, or there are
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no remaining segments for which a valid coordinate translation exists.

There are a number of edge cases that must be considered when performing these

projections. For a given query interval, the whole genome alignment may not allow

coordinate translation for a subsequence (or entirety) of the queried segment. If these

gaps occur on the boundary of a syntenic block, this will have the effect of “narrowing”

the syntenic block, and must be propagated along the sequence of preceding syntenic

segments to faithfully represent the boundaries segments that are syntenic across all

displayed genomes. Additionally, a single segment can map to multiple locations in

a target genome. In this manner, the nascent syntenic blocks form a tree, where the

source interval forms the parent node, which will projected onto one or more “child”

segments in the target genome.

Once the syntenic intervals composing each syntenic block are assembled, graph-

ical parameters are from the GUI, including the relative vertical space allocated to

each genome, are integrated with parameters of the view indicating whether each

genome should be drawn in a left-to-right or inverted coordinate space, to establish

the coordinates used to render each synteny block. Additional genomes can be stacked

if desired, and their relationship will be visualized by the above logic.

4.6.2 Deriving CHAIN files to support rapid coordinate translation

CrossBrowse represents whole genome alignments using uses CHAIN files, which users

can easily access from the UCSC genome browser. CHAIN files have a polarity, allow-

ing for coordinate queries from a source genome to be translated into the coordinate

space of a target genome. To enable facile exploration of multiple genomes simul-
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taneously, CrossBrowse derives CHAIN files with the necessary polarity to support

rapid queries in either direction between any pair of genomes with no additional user

interaction. Additionally, whole genome alignments are often generated with a “star”

topology (i.e. all organisms versus human), such that it is necessary to make multiple

queries each time coordinates are between two species.

Represented as a graph where the genomes represent the nodes and whole genome

alignments the edges between nodes, CrossBrowse includes the functionality to derive

missing edges. To do this requires two fundamental operations, CHAIN inversion and

CHAIN composition. Inversion is trivial to implement, and is essentially achieved by

swapping the ‘source’ and ‘target’ fields of the chain, and ordering the chains with

respect to the target genome. Given genomes A, B, and C, the composition f ◦ g,

takes two input alignments f : A 7→ B and g : B 7→ C and outputs the mapping from

A 7→ C. Addition is implemented by taking the boundaries of each aligned block in

the source genome, and recursively translating its coordinates into the space of the

‘sink’ genome.

With these two fundamental operations in hand, we use a greedy algorithm to

derive missing edges from a graph of genomes and their alignments. To begin, all

available chains are inverted. Second, all pairs of nodes (genomes) are enumerated,

and pairs for which no alignment exists are identified. For each pair without an

alignment we identify the shortest path between those two nodes using existing edges

in the graph, and tabulate the frequency of all 3-node subsequences (triplets) in the

set of shortest paths. Taking the triplet that is common to the most missing paths,

we apply composition on the two CHAIN files that form the edges between the three
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nodes, and the composition is inverted to generate the reverse edge. The length of

all paths that contain this triplet reduced by one by the composition operation. This

procedure is recursively repeated applied there are no nodes that have a path length

of greater than two between them.

4.6.3 Indexing CHAIN alignments

The UCSC CHAIN format is used to represent whole genome alignments. However,

in its original form, the CHAIN format is not amenable to random access queries.

TABIX indexing can be used to index many commonly used data formats. To en-

able TABIX indexing CrossBrowse converts conventional CHAIN format files to a

row-oriented GFF format file. The resulting GFF file is compressed, indexed, and

subsequently queried using the TABIX API provided by HTSJDK.

4.6.4 Analysis of chromatin features

We downloaded human/chimp ChIP-seq data for chromatin features from Gene Ex-

pression Omnibus (GEO) accession GSE70751[111], and CTCF ChIP-seq data from

Drosophila species from GSE24449[99]. We also utilized CTCF peak calls annotated

in D. melanogaster and D. pseuodoobscura, respectively (in files GSM602326 dmel -

peak regions.bed and GSM602335 dpse peak regions.bed).

We compared two strategies for determining the presence of orthologous CTCF

binding sites. The first approach replicated the previously reported scheme[99], in

which we used liftOver to translate the coordinates of the 2,182 D. melanogaster

peak calls to the D. pseuodoobscura genome. Sites that could not be translated
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were marked as melanogaster-specific. We intersected the remaining sites with the

2,332 CTCF binding intervals called in D. pseudoobscura, to annotated the overlap

as conserved CTCF sites.

In the second strategy, we created two new intervals for each D. melanogaster

CTCF peak call by alternately extending the original interval by 500 nt on either

side. The coordinates of each extended interval were translated between assemblies.

If a pair of intervals was (1) translated to the same reference sequence, (2) spanned a

genomic interval no more than two-fold longer than the original melanogaster interval,

and (3) in a relative orientation between the two was consistent with that observed for

melanogaster, then they were considered to represent orthologous regions. As noted,

this procedure rescues >200 D. melanogaster CTCF sites from being unaligned in D.

pseuodoobscura, to having orthologous genomic assignments. We assessed these for

experimental evidence of CTCF binding in both species, paying especial attention to

manually assess all “rescued” conserved sites.

4.6.5 Software Availability

CrossBrowse was implemented in Java. Executables and source code are available

from https://github.com/shenkers/ComparativeBrowser/releases. An online docu-

ment with detailed instructions for configuration and use are available at https://-

github.com/shenkers/ComparativeBrowser/wiki.
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5 Summary

5.1 Regulatory implications of differential 3’UTR isoforms

Through our analysis of deep RNA-seq datasets we have revealed 3’UTR extensions

in fly, mouse, and human. Our observations based on sequence conservation and

CLIP experiments suggest that one functions these 3’UTR extensions might play is

to provide a context specific mechanism to modulate a gene’s exposure to regulation

by miRNAs. However there are many open questions regarding the importance of

tissue specific alternative 3’UTR isoforms, and in particular, their role in the ner-

vous system. While we focused on miRNA targeting in our studies, there may be

additional elements in the 3’UTR that are modulated by alternative polyadenylation.

Supporting the existence of this regulatory “dark-matter”, recent studies have shown

that only a fraction of the elements with regulatory activity in a 3’UTR represent

miRNA target sites [100, 148]. This suggests that alternative 3’UTR isoforms we

observe between tissues may affect gene regulation through currently unappreciated

mechanisms.

In addition to affecting gene activity by modulating transcript stability and pro-

tein expression, the 3’UTR can also affect subcellular transcript localization [8]. Given

the unique highly polarized morphology of cells in the nervous system, it is tempting

to speculate that alternative 3’UTR isoforms provide a mechanism to localize these

transcripts. Lending credence to this hypothesis, tandem 3’UTR isoforms of BDNF

are known to be differentially localized in neurons [4], and a recent study has shown

that alternative last exon isoforms are frequently differentially localized to neural pro-
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jections [137]. It is plausible that the 3’UTR extensions we identified could regulate

the transcripts they affect by one or more of these mechanisms, and our catalogue of

tissue specific 3’UTR isoforms provides a setting to explore the regulatory significance

of these events in more detail.

5.2 Utility of changepoint analysis

The recent proliferation of RNA-seq experiments provides abundant opportunities to

make discoveries through retrospective analysis of published datasets. While detec-

tion of alternative polyadenylation events in RNA-seq data was traditionally difficult

without high qualtity reference models, the IsoSCM algorithm facilitates the extrac-

tion of alternative polyadenylation patterns, allowing investigators to leverage existing

RNA-seq datasets to gain insight into the regulation of alternative polyadenylation.

For example, our preliminary analysis of RNA from cell bodies and peripheral axons

[89] display distinct enrichment of neural 3’UTR isoforms, and among FACS purified

neural cell types [155], neurons express the highest levels of 3’UTR extensions.

Additionally, while the change-point model used by IsoSCM was developed for

the identification of differential tandem 3’UTR isoforms, it has equal power to detect

tandem 5’UTR isoforms. To this end, we have identified hundreds of tandem 5’UTR

isoforms with enriched accumulation in the fly testis using IsoSCM. Interesetingly,

the testis is observed to be a tissue with frequent gene turnover [157], and existence

of additional elements capable of driving gene expression could explain part of this

phenomenon. While we have not developed these observations further at this point,
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these examples illustrate that IsoSCM has applications outside the scope of detecting

tissue differential alternative polyadenylation events.

5.3 Insights from comparative analysis

Through our comparative analysis of polyadenylation patterns across fly species us-

ing CrossBrowse we have identified different modes of polyadenylation site evolu-

tion. Interestingly, polyadenylation sites are in general under purifying selection,

many instances of species specific polyadenylation site usage can also be observed,

suggesting that the transcriptional process is somewhat labile. We have used Cross-

Browse to illustrate observations relating changes in genomic sequence to differences

in polyadenylation site activity. Moreover, this strategy could be extended to re-

late genomic changes to tissue differential polyadenylation site usage. While patterns

identified by this strategy are purely correlative, the development of methods for ef-

ficient editing of the fly genome using CRISPR [44], makes testing their causality a

practical possibility.

As we illustrate with visualizations several diverse data-types, the utility of Cross-

Browse extends beyond its application to polyadenylation site usage. Indeed, the

technical difficulty of comparing experimental data across genomes has likely limited

the broad usage of multi-species datasets, and CrossBrowse provides a platform to

begin using these datasets to their full potential. So far, we have only used Cross-

Browse to visualize data with respect to a species’ reference genome. However, a

hallmark of cancers is genomic instability [96], and thus the genome of a cancer cell
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is in general different from the germline it is derived from. For this reason, it is worth

exploring whether there is any utility in using CrossBrowse to visualize re-arranged

cancer genomes.

5.4 Conclusion

Through analysis of RNA-seq data we have shown that coherent patterns of biased

polyadenylation site usage between emerge tissues, in a pattern that is consistent

between fly, mouse, and human. In the process we have revised the 3’UTR models of

thousands of genes, revealing an expanded repertoire of apparently functional miRNA

target sites in these genes, and identifying challenges to interpreting short-read se-

quencing data. To address the limitations of existing tools we developed IsoSCM,

and demonstrated its advantage for 3’UTR annotation and detection of differential

3’UTR expression. Motivated by our desire to understand evolutionary dynamics

of alternative polyadenylation, we developed CrossBrowse to facilitate visualization

of multi-species genomics datasets. Beyond the utility of IsoSCM and CrossBrowse

to our own investigation of tissue alternative polyadenylation, these tools provide a

framework for future studies to readily apply our methodology to explore new ques-

tions.
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