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The Landscape of the Human Intergenic Transcriptome 

By Ian William Vaughn 

Abstract 

Known protein coding gene exons compose less than 3% of the human genome. 

The remaining 97% is largely uncharted territory, with only a small fraction 

characterized.  The recent observation of transcription in this intergenic territory has 

stimulated debate about the extent of intergenic transcription and whether these 

intergenic RNAs are functional. Here we directly observed with a large set of RNA-seq 

data covering a wide array of human tissue types that the majority of the genome is 

indeed transcribed, corroborating recent observations by the ENCODE project. 

Furthermore, using de novo transcriptome assembly of this RNA-seq data, we found 

that intergenic regions encode far more long intergenic noncoding RNAs (lincRNAs) 

than previously described, helping to resolve the discrepancy between the vast amount 

of observed intergenic transcription and the limited number of previously known 

lincRNAs. Given that most lincRNAs have no known function, the use and development 

of high-throughput strategies for identifying gene function will be an important 

component of efforts understand the biological roles played by noncoding RNAs. Here, 

we begin to develop a genetic interaction mapping platform for the rapid elucidation of 

gene function in death receptor signaling pathways. 
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Chapter 1: General Introduction 

Functional Elements within the Human Genome 

 The human genome is incredibly complex. It contains hundreds of thousands 

functional elements spread across 23 chromosomes and 3 gigabases of sequence (1). 

These elements have the potential to function at many levels. Some elements function 

at the level of DNA, playing diverse roles including maintaining genome integrity, 

specifying the spatial organization of the genome, and directly or indirectly regulating 

transcription. A second fraction of these elements, not wholly distinct from the first, will 

be transcribed into RNA. A small fraction of these transcribed genomic elements will be 

processed into mRNA and subsequently translated into protein. These protein coding 

elements have, perhaps not unduly, received the lion’s share of biologists’ attention but 

what of the all the other RNA species being produced?  

Noncoding RNA 

 While protein coding mRNAs generally receive the most attention from 

researchers, noncoding RNAs are by far the more abundant species. The most 

abundant transcripts in mammalian cells (in order of decreasing abundance) are 

ribosomal RNAs (rRNA), transfer RNAs (tRNA) and small nuclear RNAs (snRNA). The 

striking abundance of these RNA species led to their extensive study starting in the 

1950’s and to the appreciation that RNA molecules can have function as something 

other than a messenger. Additional small RNA species including micro RNAs (miRNA) 

were discovered in lower organisms in the 1990’s and later shown to be a conserved 

feature of mammalian biology (2). rRNAs, tRNAs, snRNAs, and miRNAs are generally 

evolutionarily conserved and have well defined modes of action that are shared by all 
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members of the class (3). These are however not the only noncoding transcripts being 

produced by mammalian cells and several additional classes of noncoding transcript 

have recently been identified and defined. 

Novel Classes of Noncoding RNAs 

 Highly sensitive methods for the detection of low abundance RNA species such 

as high-throughput RNA sequencing (RNA-seq) have in recent years lead to the 

identification of several novel classes of noncoding transcripts. These classes are not 

defined by their function but instead by their locus of transcription and their length. 

Several of these new RNA classes are directly associated with protein coding genes or 

protein coding gene promoters and include noncoding isoforms of protein coding 

transcripts, promoter and termination site associated small RNAs (pasRNA and 

tasRNA), antisense-overlapping RNAs, and upstream-antisense RNAs. Other 

noncoding RNAs such as enhancer RNAs (eRNAs) and long intergenic noncoding 

RNAs (lincRNAs) are transcribed from intergenic regions.  

 The noncoding RNAs most closely associated with protein coding genes are 

noncoding isoforms of mRNAs themselves. Many protein coding genes express 

noncoding transcript isoforms of unclear function. These have not been the subject of 

extensive study and may in many cases simply be the product of aberrant splicing. 

There is evidence to suggest that in some cases the switch between coding and 

noncoding isoforms is regulated and can influence protein expression levels but this 

does not imply that the noncoding RNA produced is itself functional (4). It has also been 

observed that most protein coding gene promoters are associated with the production of 

small RNA species termed pasRNAs that are less than 200 nucleotides in length (5). 
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pasRNAs have no well-established function but they have been proposed to serve as a 

potential target for mammalian transcriptional gene silencing by Argonaute proteins and 

their associated small RNAs (6). A third class of noncoding RNAs associated with 

protein coding genes, overlapping antisense RNAs, lie on the opposite strand of their 

associated protein coding gene which they at least partially overlap. Many transcripts 

belonging to this class have been found to act in cis, by promoting or suppressing the 

expression of the protein coding genes that they overlap (7-9). There does not appear 

to be a universal mechanism of action but one common theme is that the noncoding 

transcript participates in the recruitment of repressive or activating chromatin modifying 

enzymes (7, 8, 10). Finally, many protein coding gene promoters are thought to promote 

transcription in both directions and thus produce an upstream-antisense transcript in 

addition to an mRNA (11). The expression of upstream-antisense transcripts was 

originally reported to be generally correlated with expression of the associated sense 

transcripts but this trend does not appear to hold true in all systems and is certainly not 

true for every sense/antisense transcript pair in any particular system (11, 12). This 

class of transcripts is not well defined, with some publications allowing a gap of up to 

several kilobases between the sense and antisense transcript, which leads to the 

inclusion of many transcripts typically classified as ‘intergenic’ (12). Upstream-antisense 

RNAs have been found to function both in cis and in trans to regulate gene expression 

(13-15). 

The two primary classes of intergenic RNAs are eRNAs and lincRNAs. eRNAs 

are RNAs transcribed at enhancer regions (16). While eRNAs were originally reported 

to be short, unstable transcripts, it is clear that some enhancers are associated with the 
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production of longer transcripts. While the function of eRNAs is poorly understood, there 

is evidence to suggest that some eRNAs may play a role in promoting specific 

enhancer-promoter interactions (17, 18). Of all the novel classes of noncoding 

transcripts identified in recent years, lincRNAs have received the most attention. 

lincRNAs are by definition longer than 200 nucleotides in length and don’t overlap a 

protein coding gene. Of the many thousands of lincRNAs that have been identified to 

date, only a small fraction of these have an ascribed function. Like the other classes of 

ncRNA mentioned above, lincRNAs are not unified by participation in a common 

pathway or mode of action.  

Ascribing function to uncharacterized transcripts 

The feature that all the novel classes of noncoding RNA mentioned above have 

in common is that only a tiny fraction have an a demonstrated function. There is reason 

to believe that many of these transcripts have no function at all (i.e. lack of 

conservation) but the rapidly increasing number of transcripts whose depletion leads to 

a phenotype suggests that there remains much to be discovered. Functional genomics 

is the field in which researchers attempt to assign function to genetic elements in a high-

throughput, un-biased manner. Untargeted forward genetic screens using chemical 

mutagens have been and continue to be successfully employed in model organisms 

where genomic complexity/size is low and genetic mapping is feasible. In higher 

organisms, such as mouse and human, a more targeted approach is necessary. 

Techniques such as RNA interference (RNAi), which uses the endogenous RNA 

directed endoribonuclease AGO2 to deplete target transcripts, or, more recently, the 

CRISPR/Cas9 system, which uses a bacterial RNA directed endonuclease for targeted 
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gene deletion or transcriptional repression, are sufficiently time and cost efficient to be 

used as screening platforms but require the prior identification of potential targets (19, 

20). Thus the identification of genetic targets for functional interrogation is the 

necessary first step towards building a more complete understanding of the roles being 

played by noncoding RNAs. 

Beyond simply associating genes or transcripts with a phenotype, functional 

genomics style experiments can provide an additional layer of information about gene 

function by measuring interactions between genes. A genetic interaction is defined as 

the case where the simultaneous perturbation (such as gene deletion or transcript 

depletion via RNAi) of two genes results in a phenotype that is stronger or weaker than 

expected (21). By measuring the phenotypes of a large number of pair-wise interactions 

it is possible to construct a genetic interaction ‘profile’ for a gene and it has been 

observed that genes with similar profiles frequently function within the same pathway 

(22, 23). The group of all gene interaction profiles is what is referred to as a genetic 

interaction map. The high-throughput measurement of genetic interactions and the 

construction of genetic interaction maps has been an effective technique for grouping 

genes into functional clusters and even identifying physical interactions (22, 23). The 

combination of traditional reverse genetic phenotypic screens and genetic interaction 

mapping will facilitate efforts to associate uncharacterized noncoding RNA transcripts 

with functions and pathways.  

Project Outline 

In the work presented here we explore the extent and features of intergenic 

transcription in human cell lines and tissues, identify thousands of previously 
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unannotated lincRNA transcripts, and begin to develop a platform for the exploration of 

gene function in the context of a specific cellular signaling pathway. 
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Chapter 2: Intergenic Transcription of the Human Genome 

Introduction 

 A large fraction of the human genome consists of intergenic sequence.  Once 

referred to as “junk DNA”, it is now clear that functional elements exist in intergenic 

regions.  In fact, genome wide association studies have revealed that approximately half 

of all disease and trait-associated genomic regions are intergenic (24).  While some of 

these regions may function solely as DNA elements, it is now known that intergenic 

regions can be transcribed (5, 25-29), and a growing list of functional noncoding RNA 

genes within intergenic regions has emerged (30). 

Despite this progress, a complete understanding of the extent of intergenic 

transcription and the identity of these transcripts remains elusive.  The first attempts to 

analyze the extent and nature of intergenic transcription utilized tiling array technology 

(5, 25-27). These studies suggested that intergenic transcription is pervasive, but 

concerns about cross-hybridization have fueled a debate about the data (31-34).  

Furthermore, in order to avoid technical difficulties associated with analyzing repeat 

sequence using tiling arrays, the studies were restricted to evaluating less than half of 

the genome.  More recently, a few studies have focused on evaluating the extent of 

intergenic transcription using sequencing-based approaches, but with the exception of 

the recently published ENCODE project results (1, 35), these studies have thus far been 

limited to very narrow preselected regions of the genome and a small number of tissues 

(28, 29).  Overcoming these prior shortcomings, the ENCODE project used RNA-seq 

analysis in combination with other technologies to profile 15 human cell lines, providing 
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evidence for transcription across 83.7% of the human genome and firmly establishing 

the reality of pervasive transcription (35). 

Long intergenic noncoding RNAs (lincRNAs) are defined as intergenic transcripts 

longer than 200 nucleotides in length that lack protein coding capacity.  Most lincRNAs 

described to date are thought to be the product of PolII transcription and resemble other 

classes of PolII transcripts in that they have a 7-methylguonosine cap and are 

polyadenylated. These features are however not required for the lincRNA designation 

and examples have been described that lack one or more of these features (36). 

LincRNAs are known to perform myriad functions through diverse mechanisms 

ranging from the regulation of epigenetic modifications and gene expression to acting as 

scaffolds for protein signaling complexes (30, 37). While lincRNAs can be 

subcategorized by their mode of action (e.g. in cis, or in trans) or by the protein 

cofactors with which they associate, there is no single feature that can be used to 

associate an uncharacterized transcript with a particular function. 

The first attempts to generate lincRNA annotation sets either profiled lincRNAs 

specific to a small number of tissues or required that transcripts harbor specific 

structural features such as splicing and polyadenylation (12, 38, 39). The most 

comprehensive catalog of lincRNAs available at the time that we began our study was a 

set of approximately five thousand lincRNAs manually curated by the Gencode 

Consortium (Gencode v7). These annotations were not restricted to particular tissues or 

structural features, but contained only a small fraction of all lincRNAs because 

annotations were based upon cDNA libraries where low abundance transcripts are 

unlikely to be observed (40, 41). The limited scale of then current lincRNA annotation 
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sets, including GENCODE, was clearly incompatible with the massive amount of 

intergenic transcription observed by the ENCODE project.  

In order to bridge the gap between the observation of pervasive intergenic 

transcription by the ENCODE project and the currently limited set of annotated 

lincRNAs, we performed an analysis of a unique set of RNA-seq data derived from both 

novel and published datasets that complements and significantly expands prior efforts 

(12, 35, 40). This analysis resulted in a clear corroboration of the observations of 

pervasive transcription across the human genome by the ENCODE project (35). 

Furthermore, analysis of previously annotated putative lincRNAs, including those of the 

ENCODE project (40), in addition to de novo discovery of novel lincRNAs from RNA-seq 

data has resulted in the compilation of the most comprehensive catalog of human 

lincRNAs.  Owing to the extended breadth of tissues sampled and relaxed constraints 

on transcript structure, we find significantly more lincRNAs than all previous lincRNA 

annotation sets combined. Our analyses revealed that these lincRNAs display many 

features consistent with functionality, in contrast to prior claims that intergenic 

transcription is primarily the product of transcriptional noise (34). In sum, our findings 

corroborate recent reports of pervasive transcription across the human genome and 

demonstrate that intergenic transcription results in the production of a large number of 

previously unknown lincRNAs.  We provide this vastly expanded lincRNA annotation set 

as an important resource for the study of intergenic functional elements in human health 

and disease. 
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Results 

Quantification of the Extent of Transcription of the Human Genome   

In order to quantify the extent to which the human genome is transcribed, we 

analyzed six novel RNA-seq datasets generated as part of the Human Epigenome Atlas 

of which the McManus lab is a member 

(http://www.genboree.org/epigenomeatlas/index.rhtml) and 121 previously published 

RNA-seq datasets representing 23 human tissues under multiple conditions and 

consisting of over 4.5 billion uniquely mapped reads (Table 2). This set of RNA-seq data 

allowed for detection of both rare and tissue-specific transcription events that would 

otherwise be undetectable. Prior tiling array studies studying intergenic transcription 

were limited to evaluating the fraction of the genome to which probes of sufficient 

specificity could be designed (5, 25-27). Our study in principal suffers from a similar 

limitation but the increased specificity with which an RNA-seq read can be 

unambiguously assigned to a genomic locus allowed us to analyze a much larger 

portion (83.4%) of the genome to which RNA-seq reads can be uniquely mapped thus 

providing a broader view of the transcriptome. This portion of the genome represents 

the fraction to which 50 base pair single end reads can be uniquely aligned (42). At a 

threshold of one RNA-seq read, we observed reads mapping to 78.9% of the genome 

and, if additional evidence of transcription is taken into account including the full 

structures of known genes, spliced ESTs and cDNAs, we found evidence that 85.2% of 

the genome is transcribed (Figure 1). This result closely agrees with the recently 

published findings from the ENCODE project in which evidence for transcription of 

83.7% of the genome was uncovered (35).  Interestingly, even with 4.5 billion mapped 
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reads, we observe an increase in genomic coverage at each lower read threshold 

implying that even more read depth may reveal yet higher genomic coverage (Figure 2). 

 As expected, exons coding for protein contain the largest fraction of highly 

expressed bases (Figure 3) as well as a disproportionately large fraction of total reads 

relative to their small (<3%) amount of genomic sequence (Figure 4). However, many 

regions of high expression do exist within intergenic regions, far more than are 

accounted for by current noncoding RNA gene annotations (Figure 5). We reasoned 

that this unaccounted for intergenic transcription must be derive from novel intergenic 

transcripts, and we next directed our efforts toward identification and analysis of these 

transcripts. 

Identifying Novel LincRNAs  

We hypothesized that much of the intergenic transcription not accounted for by 

previously annotated transcripts is derived from novel lincRNAs. We reasoned that 

because lincRNA expression is known to be highly tissue-specific (12), the breadth of 

tissues and conditions sampled in the RNA-seq datasets analyzed here would aid 

lincRNA discovery.  

We used this large set of RNA-seq data in combination with previous noncoding 

RNA annotation sets to generate the most comprehensive catalog of lincRNAs (Figure 

6).  In order to generate this lincRNA catalog, we first compiled known and putative 

annotated lincRNAs.  We collected noncoding RNAs present in public databases, 

including GENCODE v6, and from literature sources (12, 39) resulting in a set of 

351,940 transcripts.  In addition, we performed de novo transcriptome assembly on 

each of the RNA-seq datasets to generate 6,833,809 de novo assembled transcripts.  
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Both previously annotated and de novo assembled transcripts were filtered to remove 

transcripts overlapping protein coding genes, known non-lincRNA noncoding RNA 

genes, and pseudogenes.  Transcripts longer than 200 nucleotides were further filtered 

to remove any transcripts containing (or overlapping any other transcript containing) an 

open reading frame (ORF) longer than 100 amino acids.  Out of concern that some de 

novo assembled transcripts may be unannotated extensions of neighboring protein 

coding genes, as was recently observed for a fraction of GENCODE long noncoding 

RNAs (40), we created an additional filter to remove transcripts linked to neighboring 

genes by RNA-seq reads.  To do this, we extended protein coding gene reference 

annotations using de novo transcriptome assembly and removed transcripts overlapping 

these extended gene structures (see Methods, Dataset S1, Hangauer et al.  (43)).   

 In a final step, we removed transcripts expressed at fragments per kilobase of 

transcript per million mapped reads (FPKM) < 1, a threshold approximately equivalent to 

one copy per cell (44).  To decrease redundancy, and with the goal of identifying 

lincRNA “genes” rather than potentially redundant overlapping “transcripts”, the 

remaining transcripts were merged if they shared at least one exon (see Methods) 

resulting in 53,864 distinct putative lincRNAs at FPKM > 1, 3,676 lincRNAs at FPKM > 

10, and 925 lincRNAs at FPKM > 30 (Figure 7 and Dataset S2, Hangauer et al. (43)).  

Surprisingly, greater than 94% of the final set of merged lincRNAs at each expression 

level consists exclusively of novel de novo assembled transcripts discovered from the 

RNA-seq data in this study (Dataset S2, Hangauer et al. (43)).  Rather than being 

clustered near currently annotated genes, these lincRNAs are spread throughout 

intergenic sequence.  58.1% of FPKM > 1 lincRNAs, 61.9% of FPKM > 10 lincRNAs, 
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and 67.7% of FPKM > 30 lincRNAs are greater than 30 kilobases from the nearest 

protein coding gene on either strand.  We annotated the lincRNAs as belonging to the 

same “group” (see Methods) if they are within 1 kilobase of each other to account for 

the possibility that some proximal lincRNA annotations may be partial structures of 

larger transcripts (see Discussion).  This grouping resulted in 35,585 distinct lincRNA 

groups at FPKM > 1, 2,970 at FPKM > 10, and 764 at FPKM > 30, and the lincRNAs in 

the catalog are named according to these groups (Dataset S2, Hangauer et al. (43)).  

These annotations are likely to be incomplete due to limitations in transcript assembly 

from RNA-seq data; indeed, some annotations may be fragments of larger overlapping 

lincRNA transcripts. Consistent with this hypothesis, our analysis of PET tag data 

revealed that while the majority of our lincRNA catalog is overlapped by at least one 

PET tag, in most cases there is minimal PET tag support for the annotated 5’ and 3’ 

ends of the lincRNAs (Table 4). Therefore, the actual number of independent lincRNAs 

may differ from the above numbers, and future work is needed to more fully define 

complete, independent lincRNA transcript annotations. 

We evaluated the stringency with which our filtering process removed protein 

coding transcripts by analyzing ribosomal profiling data from HeLa cells (Figure 8)  (45).  

As expected, lincRNAs resemble the 3’ untranslated region exons of protein coding 

genes, with very few transcripts showing significant engagement with the ribosome.  

This finding is in agreement with the recent observation that peptides corresponding to 

predicted open reading frames in GENCODE long noncoding RNAs (a subset of our 

catalog) have generally not been detected in mass spectrometry based analysis of the 

human proteome (46).  In contrast, a recent study found that many previously annotated 
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mouse lincRNAs bind the ribosome (47).  While the biological significance of this 

discrepancy is unknown, it may be the result of differences in the stringency of the 

filtering approach employed in the generation of the lincRNA annotations under 

consideration.  Further confirming the stringency of our filters, a computational analysis 

of protein coding potential using the program PhyloCSF revealed that our set of filtered 

lincRNAs lack predicted protein coding capacity (Figure 9).  From these analyses we 

conclude that our filtering approach effectively removed protein coding transcripts from 

the catalog.  

LincRNAs are Specifically Regulated   

 The degree to which intergenic transcription is functional remains uncertain and 

controversial (31-34, 48).  In order to evaluate whether the lincRNAs identified in the 

present study are specifically regulated as opposed to transcriptional noise, we 

determined if the lincRNA genes harbor canonical epigenetic marks for activation and 

repression with the reasoning that noise transcripts should lack coherent epigenetic 

modification patterns.  Consistent with observations based on earlier long noncoding 

RNA annotations (39, 40, 49, 50), analysis of ChIP-seq and RNA-seq data (51, 52) 

revealed that the catalog of lincRNAs shows patterns of epigenetic modification similar 

to protein coding genes (Figure 10).  Activating histone marks, H3K4me3 and 

H3K36me3, are both significantly enriched within highly expressed lincRNAs.  Similarly, 

the repressive mark H3K27me3 is significantly enriched within lowly expressed 

lincRNAs.  Thus, the expression of lincRNAs appears to be specifically regulated. 

If lincRNAs are specifically regulated at the level of transcription, it is expected 

that their expression levels are specific to their tissue source.  Indeed, prior studies of 
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have shown that lincRNAs display very strong tissue-specific expression (12, 40).  To 

test whether this remains true with our expanded set of lincRNAs we performed 

unsupervised hierarchical clustering using lincRNA expression levels in replicate RNA-

seq datasets from various tissues (Figure 11).  Replicates of each tissue type strongly 

clustered together, indicating that lincRNA differential expression is indeed reproducibly 

tissue-specific, supporting specific regulation of lincRNA expression.   

lincRNAs do not need to be polyadenylated to be functional (36).  Because of this, 

we included in our analysis many RNA-seq libraries that were not polyA+ selected.  In 

fact, earlier tiling array studies revealed that intergenic transcripts tend to be bimorphic; 

that is, they appear in both polyA+ and polyA- fractions, as opposed to protein coding 

transcripts that are primarily polyA+ (26).  The recently published ENCODE results 

corroborate this finding (35, 40).  In agreement with these studies, we found that the 

polyadenylation status of lincRNAs in our catalog is reproducibly bimorphic across 

multiple cell types while protein coding transcripts are strongly enriched in the polyA+ 

sample.  The reproducibility of this lincRNA bimorphic state suggests that lincRNA 

polyadenylation is regulated and that many lincRNAs exist at least partially as 

nonpolyadenylated transcripts (Figure 12 and Figure 13).  This finding indicates that 

future studies of lincRNAs should not ignore the nonpolyadenylated RNA fraction. 

We next evaluated whether lincRNAs are conserved.  It has been observed that 

lincRNAs can contain conserved motifs tethered together by nonconserved sequence 

(48, 53, 54).  Therefore, we evaluated lincRNA conservation using a scanning 50 base 

pair window (Figure 14, Figure 15).  Consistent with prior studies, lincRNAs display 

detectable but modest conservation (12, 40).  We applied this same method to known 
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functional human lincRNAs and found that the majority of the lincRNAs identified in this 

study display a level of conservation consistent with known functional lincRNAs (Figure 

14). 

LincRNAs are Enriched for Trait-Associated SNPs   

Almost half of all trait-associated SNPs (TASs) identified in genome-wide 

association studies are located in intergenic sequence while only a small portion are in 

protein coding gene exons (24).  This curious observation points to an abundance of 

functional elements in intergenic sequence.  While some of these regions may function 

at the DNA level alone, it is possible that many function by encoding RNA.  In fact, 

TASs have already been identified within or proximal to noncoding RNAs including 

some lincRNAs (12, 55-58).  We reasoned that if lincRNAs are functional, they should 

be enriched for TASs compared to nonexpressed intergenic regions.  Indeed, we find 

that lincRNAs are more than 5-fold enriched for TASs compared to nonexpressed 

intergenic regions (Figure 16) despite an approximately equal distribution of SNPs 

between these regions (Figure 17).  Therefore, many trait-associated intergenic regions 

may function by encoding lincRNAs.  
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Discussion 

There has been a recent debate about whether there is pervasive transcription of 

the human genome and what the number and abundance of intergenic transcripts is 

(31-34). Until recently, a key missing component to this debate has been an analysis of 

ultra deep RNA-seq data sampling a wide array of tissue types. Without this, insufficient 

read depth can result in a failure to identify low abundance intergenic transcripts, and 

limited tissue sampling results in missed tissue specific expression. During the course of 

this study, the ENCODE project released a large scale analysis of RNA-seq data that 

provided clear evidence that the human genome is pervasively transcribed (35). We 

analyzed a distinct, complementary set of RNA-seq data that also fulfills these 

requirements of read depth and tissue breadth, covering both polyadenylated and 

nonpolyadenylated RNA fractions. In strong agreement with the ENCODE results, we 

observed that approximately 85% of the genome is transcribed, supporting prior 

observations of pervasive transcription based on tiling arrays that have been recently 

questioned (5, 25-27). 

There is an apparent discrepancy between this observed pervasive transcription 

and the relative paucity of annotated lincRNAs, the most numerous intergenic RNAs. It 

should be expected that intergenic regions encode far more lincRNAs than are currently 

annotated. Indeed, here we found that there are many more lincRNAs than previously 

known, even after aggressive filtering that removed the vast majority of previously 

annotated long noncoding RNAs and newly discovered intergenic transcripts (Dataset 

S2, Hangauer et al. (43)). These observations clearly demonstrate that the human 
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genome is pervasively transcribed, and that lincRNAs make up an extremely common 

class of intergenic transcripts. 

In agreement with prior observations of smaller lincRNA annotation sets, our 

analyses of the expanded lincRNA catalog presented here revealed that most lincRNAs 

are expressed at lower levels than protein coding genes (12, 40).  Though most 

lincRNAs are expressed at only a few copies per cell, we found that many lincRNAs are 

highly expressed with nearly 4,000 expressed at > FPKM 10 and nearly 1,000 

expressed at > FPKM 30, rivaling the expression of many messenger RNAs.  We chose 

to apply an expression cutoff to remove very lowly expressed transcripts from the 

catalog of lincRNAs.  However, it may be the case that there exist many functional 

lincRNAs with very low expression levels, below our expression filter cutoff.  For 

example, the functional human lincRNA HOTTIP is expressed in approximately one out 

of three cells (59).  Furthermore, recent findings have shown that the intergenic 

transcriptome may be vastly more complex than currently appreciated when very lowly 

expressed transcripts are considered (29).  It is possible that some of these are 

functional transcripts despite their apparent low expression, perhaps having brief bursts 

of expression during stages of the cell cycle or functioning in single cells in a 

heterogeneous population as has been previously observed (35).  Therefore, while we 

have provided the most complete lincRNA catalog to date, there may be additional lowly 

expressed, yet potentially functional lincRNAs that were excluded here. 

 In order to minimize any potential contamination of the lincRNA catalog with 

protein coding transcripts, the filtering approach used was very aggressive.  In fact, 

most previously annotated noncoding RNAs failed to pass our filters and were therefore 
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excluded from the lincRNA catalog (Table 3).  The vast majority of these transcripts 

(including most GENCODEv6 “lincRNAs” and “processed transcripts”) overlap known or 

predicted protein coding genes, pseudogenes, or non-lincRNA noncoding RNAs (e.g. 

microRNAs)(Table 3).  Some of these removed transcripts may be functional long 

noncoding RNAs, such as GAS5 (removed because it contains 10 snoRNA genes 

within its introns).  However, in order to most confidently identify only lincRNAs, rather 

than potential unannotated extensions of known genes, these were removed.   

Of those previously annotated noncoding RNAs that are intergenic, more than 

half contain predicted ORFs longer than 100 amino acids.  For example, two previously 

characterized functional human lincRNAs were found to contain ORFs longer than 100 

amino acids, Xist and HOTAIR.  These results demonstrate that our filtering approach, 

which eliminates all transcripts with ORFs larger than 100 amino acids, may have 

removed some lincRNAs with large, nonfunctional ORFs.  However, the use of a 100 

amino acid ORF cutoff, a commonly used threshold to define potential protein coding 

genes, is justifiable because ORFs of this size infrequently occur by chance and instead 

indicate potential for protein coding capacity (60, 61).  

Rather than discard all transcripts with large ORFs, as we did here, one option to 

discriminate between transcripts that are coding versus noncoding is to analyze the 

frequency of synonymous codon substitutions (PhyloCSF) (62).  However, this 

approach is limited to ORFs that can be aligned across species, potentially missing 

recently evolved or otherwise nonconserved novel protein coding genes.  Importantly, 

our approach of removing all transcripts with large open reading frames effectively 

removed transcripts with significant predicted coding potential (Figure 9), indicating that 
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using an ORF size cutoff is at least as conservative as filtering based on PhyloCSF 

analysis.  The lack of engagement of the ribosome, observed with ribosomal profiling 

data, confirms the stringency of the ORF cutoff filter (Figure 8). But, interestingly, it has 

recently been shown that many lincRNAs that do bind the ribosome are not in fact 

translated (63). Further analysis of these removed large ORF-containing intergenic 

transcripts is outside the scope of this study, but some of these transcripts may be the 

product of uncharacterized protein coding genes.   

Despite the fact that most previously annotated noncoding RNAs failed to pass 

our filters, our lincRNA catalog contains significantly more lincRNAs than previously 

known (>94% of lincRNAs are entirely novel at each expression level).  This is the result 

of two unique features of our study.  First, the RNA-seq read depth and diversity of 

tissues surveyed allowed for the detection of rare and tissue specific transcripts that 

were previously unknown.  Many of these novel transcripts passed all filters and are 

annotated as novel lincRNAs in our catalog.  Second, in contrast to prior lincRNA 

annotation efforts that were restricted to identification of only spliced or polyadenylated 

lincRNAs (12, 40, 64), we sought to generate annotations of a more complete set of 

human lincRNAs regardless of splicing or polyadenylation status.  The reasons for 

taking this approach are manifold.  Two of the most well known and abundant functional 

human lincRNAs, NEAT1 and MALAT1, are single exon genes (as are approximately 

5% of protein coding genes) (65), suggesting that non-spliced transcripts may make up 

an important class of lincRNA.  Additionally, numerous functional nonpolyadenylated 

noncoding RNAs have been described (36, 66).  Even long noncoding RNAs which can 

be spliced are often found in their unprocessed forms (67), a distinct property of long 
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noncoding RNAs that would result in missed lincRNAs if splicing were a required 

attribute.  Therefore, we chose not to exclude any lincRNAs from this catalog due to 

lack of splicing or polyadenylation.  Importantly, because nonspliced, 

nonpolyadenylated transcripts could theoretically be erroneously de novo assembled 

from reads derived from contaminating genomic DNA in RNA-seq data, we took multiple 

measures to mitigate any contributions of genomic DNA contaminant reads (see 

Methods). 

Due to inherent limitations of de novo transcriptome assembly using short reads 

of finite depth, it is not always possible to unequivocally determine the complete 

structure of a transcript.  This is particularly true for lowly expressed transcripts where 

the number of reads available is limited, and for genomic regions to which reads cannot 

be uniquely mapped.  In the case of shallow read depth, exons of multi-exonic 

transcripts may lack reads connecting the exons, and de novo assembly could result in 

separate annotation of each exon as a distinct transcript.  In support of this, we found 

that lower expressed lincRNAs discovered from de novo transcript assembly were less 

likely to have multi-exonic structures (Table 5).  Additionally, the annotated 5’ and 3’ 

ends of the lincRNAs may represent truncations of the full length transcripts.  Indeed, 

our analysis of PET tag data revealed that while the majority of our lincRNA catalog is 

overlapped by at least one PET tag, in most cases there is minimal PET tag support for 

the annotated 5’ and 3’ ends of the lincRNAs (Table 4).  It is therefore the case that 

some lincRNA annotations in the catalog we provide (Dataset S2, Hangauer et al. (43)), 

particularly single exon lincRNA annotations, may represent fragments of larger 

transcripts. 
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Furthermore, considering the reported prevalence of low level overlapping 

transcripts throughout intergenic sequence (29), it is not clear that full lincRNA 

structures can be unequivocally deconvoluted using short read RNA-seq technology.  

The determination of full lincRNA structures will be an important future effort in the field 

and may rely upon new datasets of longer read length and greater read depth, use of 

multiple orthogonal data types in the same tissue, new technologies such as ultra long 

read next generation sequencing, and further improvements in software for de novo 

transcript assembly.   

In addition, the majority of RNA-seq data we analyzed lacks strand information 

and as a result most of the lincRNAs in our catalog are of ambiguous strandedness.  

Prior annotations have relied upon splice site orientation to infer the strandedness of the 

transcript (12). While this is a reasonable approach that we too have adopted when 

applicable in the present lincRNA catalog, stranded RNA-seq data is needed to most 

confidently assign strandedness to de novo assembled transcripts. 

While determining the isoforms and full structures of all lincRNAs is clearly 

desirable, these incomplete lincRNA structure annotations are nonetheless of 

tremendous practical value.  Knowledge of the structure of a portion of a transcript is 

often sufficient to test for differential expression or perform RNAi knockdown 

experiments, and facilitates the cloning and sequencing of the full length transcript.  

Because of this, instead of placing additional restrictions upon lincRNA annotations, our 

filtering strategy was aimed toward identification of as many transcripts as possible that 

fit within the definition of a lincRNA.   



	   23	  

A key question in the field is whether the transcripts resulting from pervasive 

transcription of intergenic regions are functional or the result of noisy transcription.  The 

lincRNAs we describe are specifically regulated and contain conserved sequence, 

attributes inconsistent with transcriptional noise (Figure 10, Figure 11, Figure 14).  

Furthermore, lincRNAs were found to be strongly enriched for intergenic TASs 

compared to nonexpressed intergenic regions (Figure 16).  This striking finding supports 

the possibility that many intergenic SNPs mark regions that function as lincRNAs rather 

than DNA elements.  Because nearly half of all TASs are intergenic, it is possible that 

lincRNAs play a significant role in the human traits and diseases thus far analyzed in 

GWASs.  One functional lincRNA (MIAT) was first identified during the experimental 

interrogation of an intergenic TAS (57), and another lincRNA PTCSC3, was identified 

nearby a TAS found from a papillary thyroid carcinoma GWAS, perhaps representing 

the first of many such discoveries to come from intergenic TASs.  The finding that 

lincRNAs are strongly enriched for TASs provides a new opportunity to revisit intergenic 

trait-associated regions with unknown functional mechanisms by testing whether the 

overlapping lincRNA is involved in the observed phenotype. 

This noncoding RNA catalog represents a major step toward achieving a more 

complete understanding of this exciting frontier.  We have identified a large number of 

putative lincRNAs with characteristics suggesting functionality.  However, many of these 

lincRNAs are low expressed and definitive proof of functionality for a lincRNA requires 

functional experiments.  High throughput functional genomic approaches, such as RNAi 

and cDNA overexpression screens, will serve as crucial tools for future efforts to 

uncover the roles of lincRNAs in diverse biological systems.  
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Methods: 

RNA-seq Read Alignment and Processing 

127 RNA-seq sequence files (5 novel and 122 publicly available datasets, Table 

2) were aligned to hg18 with TopHat v1.1.4 allowing only uniquely mapped reads using 

the option -g 1 (all other parameters were default, see the TopHat manual 

http://tophat.cbcb.umd.edu/manual.html). Detailed information pertaining to each 

dataset, including novel datasets, is available in the sources provided in Table 2. These 

RNA-seq datasets were chosen because they sampled a wide breadth of human 

tissues and cell types, have well-documented experimental methods used for their 

generation, and were publicly available. While datasets with longer reads and deeper 

read depth were preferred because they allow for more complete de novo transcript 

assembly, some datasets with short reads and shallow read depths were included in 

order to sample as many tissue types as possible. Datasets derived from tissues with 

mutated genomes, such as cancers, were included to capture tissue specific expression 

even though some reads from mutated genomic positions would fail to map to the 

reference hg18 genome. SAMtools v0.1.7 and BEDTools v2.12.0 were used to process 

aligned read files. 

Quantification of the Transcribed Fraction of the Genome 

The uniquely mappable human genome, defined here as the portions of the 

genome to which RNA-seq reads can be uniquely mapped, was derived for hg18 from 

http://www.imagenix.com/uniqueome/downloads/hg18_uniqueome.unique_starts.base-

space.50.2.positive.BED.gz (42). It contains 2,570,174,327 base pairs or 83.4% of the 

total human genomic sequence. To determine the genomic coverage of RNA-seq data, 
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all aligned RNA-seq reads were combined and read coverage at each genomic base 

position was determined using the BEDTools function genomeCoverageBed.  Split 

reads (i.e. exon-exon junction spanning reads) were counted such that intronic 

sequence was included as part of the reads. In Figure 1, “All genes, ESTs, cDNAs” 

includes GENCODE v10 genes (excluding pseudogenes), RefSeq NM and NR genes, 

UCSC Known Genes, spliced H-Invitational cDNAs, spliced ESTs (UCSC Genome 

Browser “Spliced EST” track), and previously annotated spliced lincRNAs (12).  In all 

cases, intronic sequences of genes, cDNAs and ESTs were included. 

Transcripts Annotated in Public Databases and Literature Sources that could be 

LincRNAs were Compiled:  

Ensembl v61 “processed_transcript” and “lincRNA” categories, GENCODE v6 

“processed_transcript” and “lincRNA” categories, RefSeq NR and XR genes, H-

Invitational “noncoding” transcripts, ultra conserved elements (UCEs), and published 

lincRNAs from Khalil et al. (39) and Cabili et al. (12).  LiftOver was used to map hg19 

coordinates to hg18 for Ensembl, GENCODE, H-Invitational and Cabili et al. (12) 

transcripts.  RefSeq XR sequences in hg19 were aligned to hg18 with BLAT v34 and 

the top scoring alignment was used.  Ultra conserved elements sequences were 

retrieved from http://biodev.cbm.fvg.it, aligned to hg18 with BLAT v34 and the top 

scoring alignment was used.  Khalil et al. (39) exons were grouped by their overlapping 

defined transcribed regions to build transcript structures.   

 

Novel Transcripts from De Novo Transcriptome Assembly of RNA-seq Data  

De novo transcriptome assembly was performed on RNA-seq data with Cufflinks 
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v1.0.1 using the upper quartile normalization (-N) and fragment bias correction (-b) 

options.  This transcript assembly was performed using reads that were prealigned to 

hg18 using TopHat as described above.  In cases where multiple datasets of the same 

library type from the same tissue were available, these datasets were combined to 

increase read depth for de novo assembly. For paired end read datasets, only properly 

paired and singleton reads as defined by SAMTools were used. 

Transcripts were Filtered to Remove Overlap with Non-lincRNA Genes or Pseudogenes 

and Short Transcripts:   

Transcripts less than 200 nucleotides in length were removed.  Remaining 

transcripts were removed if they were within 1 kilobase of RefSeq NM genes on the 

same strand or, in the case of transcripts with ambiguous strandedness, on either 

strand relative to the NM gene.  Transcripts on the opposite strand of an NM gene were 

removed if they overlapped the NM gene by at least one base.  In addition, transcripts 

overlapping at least one base of any of the following were removed, regardless of 

strandedness: Ensembl v61 genes except “lincRNA” and “processed_transcript”, non-

human RefSeq genes aligned to hg18 with BLAT (UCSC Genome Browser “Other 

RefSeq” track), alternative and extended 5’ and 3’ UTRs of known human genes from 

UTRdb, RefSeq NR and XR transcripts annotated as “pseudogenes”, and Ensembl v54 

coding sequences. 

Transcripts Containing Large ORFs were Removed   

Two steps of filtering were performed to remove both putative protein coding 

transcripts and their UTRs.  First, large ORFs (> 100 amino acids) were identified in all 

transcripts in all reading frames using EMBOSS getorf v6.1.0.  In order to account for 
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potentially truncated ORF-containing transcripts in which the start or stop codon may be 

outside the annotated region, the presence of greater than 300 nucleotides downstream 

of a start codon without an interrupting stop codon, or 300 nucleotides upstream of a 

stop codon without an interrupting start codon, sufficed to call a putative ORF.  

Transcripts with putative large ORFs were removed.  These putative large ORF 

containing intergenic transcripts, some of which may be novel protein coding genes, are 

provided as a resource (43).  In order to remove potential UTRs of these large ORF-

containing transcripts from the lincRNA catalog, the remaining transcripts were filtered 

to remove any that overlapped a large ORF-containing transcript. 

Transcripts Overlapping Extended Protein Coding Gene Structures were Removed   

RNA-seq reads may extend beyond annotated 5’ and 3’ ends of annotated 

protein coding gene structures representing possible extended UTRs as well as, in the 

case of spliced reads mapping to the gene from distal sites, unannotated exons.  In 

order to avoid cataloging transcripts in these regions as lincRNAs, we created a filter 

based on extended boundaries of protein coding genes using RNA-seq data.  To do this, 

de novo transcriptome assembly with Cufflinks v1.1.0 using RefSeq NM genes as a 

reference annotation (-g), upper quartile normalization (-N), and fragment bias 

correction (-b) was performed on all polyA+ RNA-seq libraries.  RefSeq NM gene 

annotations were used as the reference annotation for this transcript assembly because 

these represent a limited, high confidence set of protein coding gene annotations.  This 

set of extended protein coding gene boundaries (Dataset S1, Hangauer et al. (43)) was 

used as a filter to remove transcripts that overlap any extended protein coding gene by 

at least one base regardless of strandedness. 
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Transcripts Not Expressed at FPKM > 1 in at Least One Dataset were Removed:   

In order to determine transcript expression levels, mapped RNA-seq reads were 

distributed to transcripts using a modified version of HTSeq v0.5.3p that allows for reads 

that are mapped to shared portions of overlapping transcripts to be counted as a full 

read for each overlapping transcript.  This was necessary to properly assign reads to 

each of multiple redundant annotations of transcripts present in the combined set from 

all public databases and de novo assemblies prior to the merging of overlapping 

lincRNA annotations (described below).  These redundant annotations are the result of 

the repeated de novo assembly of the same transcript in multiple different datasets or 

redundant existing annotations in public databases, each of which have slightly different 

genomic coordinates yet may represent the same transcript.  As such, all reads were 

distributed fully to each redundant annotation rather than proportioned between them.  

Read counts were converted to FPKMs using total mapped reads for each dataset 

calculated by the SAMTools flagstat function and custom scripts.  Transcripts not 

expressed at FPKM > 1 in at least one dataset were removed.  As a result of this FPKM 

> 1 minimum filter, 99.975% of de novo assembled lincRNAs (pre-merging) have at 

least 5 reads supporting their expression in at least one of the combined datasets, and 

>99.1% have at least 10 reads in one dataset.  Transcripts were further categorized as 

FPKM > 1, FPKM > 10, and FPKM > 30 in at least one dataset where each category is 

inclusive of all transcripts in higher categories. 

Merging and Grouping Transcripts 

To identify a minimal set of distinct lincRNAs, overlapping transcripts were 

merged if 50% of an exon of a transcript overlapped an exon of another transcript.  
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Furthermore, merged transcripts within 1 kilobase of each other were placed in the 

same group but received distinct transcript numbers, and are named based on the 

FPKM expression level they were derived from, e.g. FPKM1_group_32871_transcript_1. 

Merging, grouping and naming was performed separately on all FPKM > 1 transcripts, 

FPKM > 10 transcripts, and FPKM > 30 transcripts.  Filtering statistics are presented in 

Table 3.  The catalog of merged lincRNAs at each expression cutoff is in BED format for 

genome build hg18 in Dataset S2 (Hangauer et al. (43)).  The FPKM >1 catalog of 

lincRNAs was used for all analyses in this study unless stated otherwise.  The lincRNA 

annotations are provided as BED files in the hg18 genome annotation rather than hg19 

because the UCSC Genome Browser currently has more data “tracks” available for 

hg18.  However, the lincRNA annotations may be readily converted to hg19 or other 

genome annotations by users with the LiftOver tool: http://genome.ucsc.edu/cgi-

bin/hgLiftOver. 

After merging these expression filtered, overlapping lincRNAs, FPKMs were 

recalculated for the merged lincRNAs using the modified HTSeq program described 

above.  Due to the incomplete nature of the lincRNA structures resulting from de novo 

assembly, overlapping and nearby lincRNAs were considered to represent different 

potential models of the same lincRNA gene (rather than isoforms).  Therefore, in the 

rare instances where two or more lincRNA models partially overlap but do not satisfy 

our merging criteria (above), the reads mapping to these overlapping portions were fully 

assigned to each lincRNA. 

Identifying LincRNAs Expressed Significantly Above Other Intergenic Regions: 
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For each RNA-seq dataset (Table 2), an empirical background distribution of 

expression values was generated using one million size-matched annotations shuffled 

randomly across intergenic sequence. The intergenic sequence used includes all 

portions of the uniquely mappable genome excluding RefSeq NM, NR and XR genes, 

Ensembl v61 genes including “lincRNAs” and “processed transcripts”, GENCODEv6 

genes including “lincRNAs” and “processed transcripts”, H-Invitational “noncoding” 

transcripts, alternative and extended 5’ and 3’ UTRs of known human genes from 

UTRdb, extended protein coding gene structures derived from RNA-seq data (extended 

gene filter, described above), and published lincRNAs from Khalil et al. (39) and Cabili 

et al. (12). To determine which putative lincRNAs were expressed significantly above 

background in at least one dataset the probability of observing a transcript at any given 

expression level was estimated using the dataset-specific background distribution and 

adjusted for multiple testing according to the Bonferroni correction assuming one test 

per RNA-seq dataset.  

Additional LincRNAs Only Expressed in Cabili et al. (12) 

An additional set of annotated lincRNA transcripts from Cabili et al. (12) passed 

all our filters except were not expressed at FPKM > 1 in any of the datasets analyzed 

here and were therefore removed from the lincRNA catalog in Dataset S2 (Hangauer et 

al. (43)).  However, some of these transcripts were reported as expressed at FPKM > 1 

in at least one of the datasets analyzed in Cabili et al. (12), all of which are distinct from 

the datasets analyzed here.  These additional lincRNAs were merged with the lincRNAs 

in the catalog in Dataset S2 (Hangauer et al. (43)) resulting in an additional 920 

lincRNAs in 741 groups at FPKM > 1, 88 lincRNAs in 82 groups at FPKM > 10, and 17 
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lincRNAs in 17 groups at FPKM > 30.  This expanded lincRNA catalog is in BED format 

for genome build hg18 in Dataset S3 (Hangauer et al. (43)) and was not used further for 

any analyses in this study. 

Note on Genomic DNA Contamination in RNA-seq Datasets 

Genomic DNA contamination is a potential source of false positive expression 

signal in RNA-seq data that may contribute to de novo assembly of erroneous 

transcripts. In principle, only exon-exon junction spanning reads can be unequivocally 

determined as derived from RNA.  Proper de novo assembly of both nonspliced and 

spliced (aside from the exon-exon junction spanning reads) transcripts may therefore 

suffer if significant genomic DNA contamination is present.  Because our analysis 

utilized a wide range of novel and previously existing RNA-seq datasets of unknown 

genomic DNA contamination content, we took multiple steps to mitigate this possibility.  

First, for all RNA-seq datasets, we analyzed the distribution of reads between protein 

coding exons compared to other regions with the expectation that read distributions 

should be similar between RNA-seq datasets generated from libraries of the same type 

(e.g. polyA+ selected).  A dataset with an unusually high percentage of intronic and 

intergenic reads could contain significant genomic DNA contamination.  Our analysis of 

the datasets used in this study revealed that, as expected, polyA+ specific RNA-seq 

datasets have a higher fraction of reads mapping to protein coding gene exons than 

rRNA-depleted or polyA- specific datasets.  Furthermore, no obvious outlier datasets 

were found for any of the library types.  The results of this analysis ensured that no 

datasets with high genomic DNA contamination were used in this study (Figure 4).  Next, 

as described in Figure 6 and in the Methods, we applied both size and expression 
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cutoffs for all lincRNAs.  The size cutoff prevents miscalling errant single reads, either 

from genomic DNA contamination or from read mapping artifacts, as lincRNAs while the 

expression cutoff removes lincRNAs that are assembled from rare genomic DNA-

derived reads.  The combination of these approaches served to minimize the 

contribution of genomic DNA to the lincRNA catalog. 

Ribosome Profiling Analysis 

Ribosome profiling data and matched mRNA-seq data from HeLa cells 

corresponding to the experiments (mock transfected 12 hour time point) presented in 

Guo et al. (45) were downloaded from the NCBI GEO (GSE22004).  The expression 

level of the filtered set of lincRNAs and of RefSeq NM transcripts was evaluated as 

above. The 803 lincRNAs expressed at an FPKM > 1 and a sample of 1292 RefSeq NM 

transcripts expressed at an FPKM > 1 (divided into their constituent CDS and 3’ UTR 

regions) were broken up into 30 base pair windows with a 1 base pair offset. A modified 

version of HTSeq (described above) was used to count reads aligning to each window 

for both RNA-seq and ribosomal profiling data. The ratio of ribosome-associated reads 

over mRNA-seq reads was evaluated for each window and the maximum ratio for a 

given transcript was taken as a measure of ribosome engagement.  The whiskers of the 

box and whisker plot in Figure 8 extend to +/- 1.5 times the interquartile range with 

outliers depicted as dots.  Wilcoxon rank sum test was used to calculate P values. 

Computational Analysis of Coding Potential 

The program PhyloCSF (9/16/2010 release) (62) was used to computationally 

evaluate the coding potential of the filtered lincRNA transcripts. A BED file describing 

these lincRNA transcripts as well as a random sample of 8310 RefSeq NM transcripts 
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was loaded onto the Galaxy webserver (https://main.g2.bx.psu.edu/) and the tool ‘Stitch 

Gene Blocks’ was used to retrieve multiple alignment files with sequence entries for the 

following genome builds based on the 44 way Multiz alignment to hg18: hg18 panTro2 

rheMac2 tarSyr1 micMur1 otoGar1 tupBel1 mm9 rn4 dipOrd1 cavPor3 speTri1 oryCun1 

ochPri2 vicPac1 turTru1 bosTau4 equCab2 felCat3 canFam2 myoLuc1 pteVam1 

eriEur1 sorAra1 loxAfr2 proCap1 echTel1 dasNov2 choHof1.  Genome build names 

were converted to common names and PhyloCSF was run using the options --

orf=StopStop3 and --frames=6. 

Paired-End Ditag (PET) Cluster Analysis 

Publicly available paired-end ditag (PET) cluster annotations derived from 7 cell lines or 

tissues, generated by the ENCODE project, were downloaded from 

http://genome.ucsc.edu/cgi-bin/hgFileUi?db=hg19&g=wgEncodeGisRnaPet.  The PET 

cluster annotation files used were (by cell or tissue type):  

A549 (wgEncodeGisRnaPetA549CellPapClusters.bedCluster),  

H1_hESC (wgEncodeGisRnaPetH1hescCellPapClustersRep1.bed),  

HeLa-S3 (wgEncodeGisRnaPetHelas3CellPapClustersRep1.bed),  

IMR90 (wgEncodeGisRnaPetImr90CellPapClusters.bedCluster),  

MCF-7 (wgEncodeGisRnaPetMcf7CellPapClusters.bedCluster),  

Prostate (wgEncodeGisRnaPetProstateCellPapClustersRep1.bed),  

SK-N-SH (wgEncodeGisRnaPetSknshCellPapClusters.bedCluster).  Further description 

of these PET clusters, including how the annotations were generated, is available at the 

UCSC Genome Browser site here http://genome.ucsc.edu/cgi-

bin/hgTrackUi?hgsid=321010719&c=chr21&g=wgEncodeGisRnaPet.  BEDTools was 
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employed to compute overlap between lincRNA and RefSeq NM gene 5’ and 3’ ends 

and PET cluster 5’ and 3’ end ‘blocks’.  In the case of ambiguous stranded lincRNAs, 

both potential orientations were allowed for determining overlap with the 5’ and 3’ ends 

of PET clusters. 

Additional LincRNA Catalogs and Resources 

While the remainder of this study focuses on this catalog of putative lincRNAs 

(Dataset S2, Hangauer et al. (43)), we have provided multiple alternative lincRNA 

catalogs.  These include a combined catalog of the lincRNAs identified in this study 

merged (see Methods) with a set of additional lincRNAs identified in Cabili, et al. (12) 

which passed all of our filters except were not expressed at FPKM > 1 in any of the 

RNA-seq datasets analyzed here.  The added lincRNAs are expressed at FPKM > 1 in 

one or more of the RNA-seq datasets analyzed in Cabili et al. (12), which are entirely 

distinct from the datasets analyzed here, and are therefore likely to be genuine 

lincRNAs by our criteria.  This catalog (Dataset S3, Hangauer et al. (43)) includes 

54,784 lincRNAs at FPKM > 1 (920 additional lincRNAs compared to Dataset S2, 

Hangauer et al. (43)), 3,764 lincRNAs at FPKM > 10 (88 additional lincRNAs), and 942 

lincRNAs at FPKM > 30 (17 additional lincRNAs). The number of spliced lincRNAs that 

are expressed at FPKM > 1 in at least one dataset (4,576 lincRNAs), of which 61% are 

exclusively composed of de novo assembled transcripts discovered in this study.  Of 

those lincRNAs expressed at FPKM > 1 in at least two datasets (26,455 lincRNAs), 97% 

are exclusively de novo assembled transcripts discovered here.   

Chromatin Modification Analysis 
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ChIP-seq data from IMR90 cells (51) was retrieved from the NCBI SRA (Table 1) 

and aligned to hg18 using Bowtie v0.12.7 allowing only uniquely mapped reads (-k 1). A 

modified version of HTSeq v0.5.3p (described above) was used to count reads mapping 

to lincRNAs and RefSeq NM genes. The ratio of IP reads to matched input control reads 

was used as the measure of ChIP signal.  RNA-seq data from IMR90 cells (52) was 

also analyzed to obtain FPKM values for lincRNAs and RefSeq NM genes using the 

same procedure used for lincRNA discovery.  The whiskers of the box and whisker plot 

extend to +/- 1.5 times the interquartile range or the most extreme data point. 

 Analysis of Distribution of LincRNAs Between Polyadenylated and Nonpolyadenylated 

RNA-seq Data: 

H9 ESC and HeLa RNA-seq data from fractions exclusively containing polyA- or 

polyA+ transcripts were analyzed (68).  Transcripts with RNA-seq reads in all four 

datasets and with FPKM > 1 in at least one of the two fractions for each cell type were 

analyzed for Figure 12 (16,819 NM genes and 127 lincRNAs).  For Figure 13, 

transcripts with reads in both fractions and FPKM > 1 in at least one of the two fractions 

for a specific cell type were included in the analysis of that cell type (20,470 NM genes 

and 849 lincRNAs in H9 ESCs; 18,294 NM genes and 1,009 lincRNAs in HeLa).  The 

whiskers of the box and whisker plot extend to +/- 1.5 times the interquartile range or 

the most extreme data point. 

Tissue Clustering by LincRNA Expression 

RNA-seq datasets from B cells, H1 ESCs, and brain (see Table 2) were clustered 

by lincRNA expression levels.  LincRNAs with FPKM > 10 in one or more of the 7 RNA-

seq datasets analyzed in Figure 12 were used to generate the heatmap and 
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dendrogram.  These 7 datasets were chosen for this analysis because they have 

replicates from each tissue and have deep read counts for all replicates (Table 2), 

important features for accurate measurement of differential expression. Using Gene 

Cluster 3.0, FPKM values were log2 transformed and the genes (rows) and samples 

(columns) were normalized by multiplying each log2 transformed FPKM value by a scale 

factor such that the sum of the squares of the values in each row and column are 1.0. 

Euclidean distance using centroid linkage was calculated for all samples and the 

heatmap and dendrogram was generated with Java TreeView.  Red corresponds to fully 

induced expression and blue corresponds to fully repressed expression.  

Conservation Analysis 

Base-wise conservation scores (PhyloP score calculated with PHAST), based on 

the multiple alignment of placental mammal genomes, were downloaded from the 

UCSC Genome Browser.  The 50 base pair window in each lincRNA transcript with the 

highest average PhyloP score was identified.  The process was repeated for RefSeq 

NM genes and a set of size-matched (to lincRNAs) repetitive elements from 

RepeatMasker (UCSC Genome Browser).   

Enrichment of Trait-Associated SNPs: 

A table containing all trait-associated SNPs with P < 10-8 was downloaded from 

the NCBI dbGaP Association Results Browser (3,781 total trait-associated SNPs). 

Genomic coordinates of trait-associated SNPs were retrieved from dbSNP 130. To 

compare enrichment of trait-associated SNPs in lincRNAs versus background loci 

(nonexpressed intergenic regions), regions of the uniquely mappable genome longer 

than 200 base pairs that exclude all evidence of transcription (RNA-seq reads, RefSeq 
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NM, NR and XR genes and pseudogenes, Ensembl v61 genes, GENCODE v10 genes, 

spliced ESTs, spliced H-Invitational cDNAs, 5’ and 3’ UTRs from UTRdb, extended 

RefSeq NM genes derived using reference annotation based de novo transcriptome 

assembly (see above and Dataset S1, Hangauer et al. (43)) and all lincRNAs) were 

compiled and served as background loci for this analysis. The number of tested SNPs 

on Illumina (Illumina 1M) and Affymetrix (Affymetrix SNP Array 6.0) SNP arrays was 

determined for RefSeq NM gene exons, lincRNA exons and background loci. The 

number of tested SNPs per platform was scaled by the fractional contribution of Illumina 

(58.6%) versus Affymetrix (41.4%) platforms to the full set of GWASs in the NHGRI 

GWAS catalog (24). The number of trait-associated SNPs per tested SNP was then 

determined using this scaled number of tested SNPs.  Fisher’s exact test was used to 

calculate P values and error bars in Figure 16 represent 95% binomial proportion 

confidence intervals. 

Distribution of Common SNPs 

A table containing all common SNPs (minor allele frequency > 0.05) from 

HapMap release #27 was downloaded from the BioMart HapMap site 

(http://hapmap.ncbi.nlm.nih.gov/biomart/martview) and the number of common SNPs 

within RefSeq NM gene exons, lincRNA exons and background loci divided by the 

number of genomic bases in each of these categories was determined.  Fisher’s exact 

test was used to calculate P values and error bars in Figure 17 represent 95% binomial 

proportion confidence intervals. 
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Figure 1. Pervasive transcription of the human genome. 

85.2% of the genome has evidence of transcription, with RNA-seq reads 

mapping directly to 78.9% of genomic sequence.  The remaining genomic coverage is 

comprised of known genes, spliced ESTs and spliced cDNAs.  The grey circle 

represents the portion of the genome (83.4%) that is uniquely mappable with RNA-seq 

reads. Only uniquely mappable portions of the genome are considered (see Methods). 
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Figure 2. Genome coverage as a function of read depth. 

Fraction of the human genome with mapped RNA-seq reads at varying minimum 

read thresholds.  The 4.5 billion mapped reads from all 127 RNA-seq datasets were 

combined and aligned to the uniquely mappable portion of the human genome (see 

Methods).  The fraction of the uniquely mappable genome with at least the minimum 

read threshold is plotted.  The data does not plateau at low minimum read thresholds, 

indicating that deeper sequencing would result in a further increase in the fraction of 

genome covered.  For split reads (reads spanning an intron), the intervening (intronic) 

sequence was inferred to have been transcribed.  At the 1 read minimum read count 

threshold, 67.1% and 78.9% of the genome have read coverage when excluding or 

including inferred bases, respectively. 
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Figure 3. Expression level distribution for exons, introns, and intergenic regions.   

Regions that have high expression have a larger fraction of base calls appearing 

at higher read depths.  Protein coding gene exons have the highest proportion of bases 

with high read depth, while introns and intergenic regions have relatively more bases of 

low read depth though each contain many highly expressed regions.  Base calls = (# of 

genomic positions at a specific read depth)(read depth). Only uniquely mappable 

portions of the genome are considered (see Methods). 
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Figure 4. Fraction of reads mapped to exons by dataset.   

Fraction of RNA-seq reads mapping to protein coding (RefSeq NM) gene exons 

versus intronic and intergenic regions for 127 RNA-seq datasets grouped by RNA-seq 

library type.  Read counting was performed using a modified version of HTSeq v0.5.3p 

(see Methods).  Isoforms of protein coding genes were flattened before reads were 

counted such that reads were distributed only once per gene even if multiple isoforms 

exist.  PolyA+ selected libraries (enriched for mRNAs) contain a higher fraction of reads 

mapping to protein coding gene exons while ribosomal RNA-depleted RNA-seq libraries 

and polyA- selected libraries contain a higher fraction of intronic and intergenic reads.  

In all cases, due to the generally high expression levels of protein coding genes, protein 

coding gene exons contain a disproportionate number of mapped reads relative to the 

genomic space they occupy (<3%). 
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Figure 5. Fraction of base calls mapped to known ncRNA genes. 

Most intergenic transcription is outside of annotated noncoding RNA genes.  The 

fraction of intergenic base calls within RefSeq noncoding RNA genes (NR genes) 

compared to other intergenic regions are compared. Only uniquely mappable portions of 

the genome are considered (see Methods). 
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Figure 6. lincRNA annotation pipeline. 

Discovery of lincRNAs consisted of de novo assembly of transcripts from RNA-

seq data and compilation of annotated and putative noncoding RNAs (see Methods), 

followed by a series of filters designed to remove all known and novel protein coding 

transcripts and non-lincRNA noncoding RNAs.  Only intergenic noncoding transcripts at 

least 200 nucleotides in length and expressed at least at one copy per cell were 

ultimately annotated as lincRNAs.   
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Figure 7.  Fraction of lincRNAs expressed at varying minimum FPKM levels.   

The fraction of lincRNAs that are expressed at or above the corresponding FPKM 

level in at least one dataset is plotted. 
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Figure 8. lincRNAs are not associated with ribosomes. 

Analysis of ribosomal profiling data reveals that the lincRNA catalog is composed 

of noncoding transcripts.  The maximum 30 base pair window ratio of HeLa 

ribosomal/RNA-seq reads (45) is plotted for exons of lincRNAs, 3’ UTRs and coding 

sequences (CDS). *P < 2.2E-16; whiskers extend +/- 1.5 times interquartile range and 

dots represent outliers.   
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Figure 9. Predicted coding capacity of lincRNAs. 

Computational analysis of protein coding capacity of the lincRNAs reveals a lack 

of protein coding capacity.  The cumulative distribution of PhyloCSF (62) scores for 

lincRNAs and RefSeq NM genes are plotted.  Higher scores correspond to higher 

predicted coding capacity. 
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Figure 10. lincRNA genes harbor canonical chromatin marks. 

ChIP-seq and RNA-seq data from IMR90 cells (51, 52) were analyzed for 

lincRNAs and RefSeq NM genes. *P = 4.01E-7, ** P = 4.52E-9, *** P = 2.43E-14, **** P 

< 2.2E-16; P = 0.137 for lincRNAs H3K9me3; whiskers extend to +/- 1.5 times 

interquartile range or most extreme data point.   
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Figure 11. lincRNAs have tissue specific expression patterns.  

lincRNA expression levels (FPKMs) were used to cluster replicates of RNA-seq 

data from B cells, H1 embryonic stem cells and brain tissue.  Agglomerative hierarchical 

clustering of both lincRNAs (rows) and samples (columns) by Euclidean distance was 

performed with log2 transformed lincRNA FPKM values for lincRNAs with FPKM > 10 in 

at least one of the analyzed samples.  The heatmap displays red for fully induced 

lincRNAs and blue for fully repressed lincRNAs, where rows and columns were 

normalized (see Methods). 
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Figure 12. Reproducible patterns of polyadenylation of lincRNA transcripts.  

lincRNA FPKM values in polyA+ specific and polyA- specific RNA-seq libraries in 

H9 ESCs and HeLa cells (68) were compared.  Transcripts with RNA-seq reads in all 

four datasets and with FPKM > 1 in at least one of the two fractions for each cell type 

were analyzed (16,819 NM genes and 127 lincRNAs).  Individual lincRNA and NM gene 

ratios of FPKMs in polyA+/polyA- fractions are plotted.  Pearson correlation value for 

lincRNAs = 0.622 (P = 5.551E-15) and for NM genes = 0.702 (P < 2.2E-16). 
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Figure 13.  Polyadenylation of lincRNAs versus protein coding genes.   

Distribution of ratios of FPKMs in polyA+/polyA- fractions for lincRNAs and NM 

genes in HeLa and H9 ESCs.  Transcripts with reads in both fractions and FPKM > 1 in 

at least one of the two fractions for a specific cell type were included in the analysis of 

that cell type (20,470 NM genes and 849 lincRNAs in H9 ESCs; 18,294 NM genes and 

1,009 lincRNAs in HeLa).  Whiskers extend to +/- 1.5 times interquartile range or most 

extreme data point. 
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Figure 14. lincRNA conservation. 

The maximally conserved 50 bp windows in each NM gene, lincRNA, and 

repetitive element (nonconserved control sequences) were determined.  The maximally 

conserved 50 base pair windows of 12 functional human lincRNAs are indicated for 

comparison. 
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Figure 15.  lincRNA conservation compared to previous lincRNA annotations. 

Comparison of conservation of the full lincRNA catalog (53,864 lincRNAs, FPKM 

> 1) to GENCODEv6 lincRNAs.  The maximally conserved 50 base pair windows in 

each lincRNA, RefSeq NM gene and repetitive element (nonconserved control 

sequences) were determined.  Only the GENCODE lincRNAs that passed all lincRNA 

filters (2,414 GENCODE lincRNAs, Table 3) were evaluated. 
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Figure 16.  lincRNAs are enriched for trait-associated SNPs.  

The number of trait-associated SNPs within RefSeq NM gene exons, lincRNA 

exons, or background loci (nonexpressed intergenic sequence) per tested SNP in 

genome wide association studies is compared (see Methods).  *P = 0.0173, **P < 2.2E-

16; error bars represent 95% binomial proportion confidence interval. 
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Figure 17. Distribution of common SNPs.  

HapMap II SNPs with minor allele frequency > 0.05 located within NM gene 

exons, lincRNA exons, or background loci (nonexpressed intergenic regions), 

normalized by total number of base pairs in each region, were counted (*P = 0.0173, ** 

P < 2.2E-16; error bars represent 95% binomial proportion confidence interval). 
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Table 1.  Datasets used for chromatin modification analysis. 
Mark Sample ID SRA File ID(s) 
H3K4me3 214 SRR029610, SRR029618 
H3K9me3 805 SRR037619 
H3K36me3 214 SRR037546, SRR037550, SRR037553, SRR037592 
H3k27me3 803 SRR037555, SRR037560 
Input   803 SRR037639 
Input   805 SRR037640 
Input   214 SRR037634, SRR037635, SRR037636 
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Table 2. Features of the RNA-seq datasets analyzed.   
Dataset Selection Single/Paired 

End Length Read 
Count Data Source & Identifier 

A549_Rep1_Myers polyA+ SE 36 19642226 NCBI: SRX006805 

A549_Rep2_Myers polyA+ SE 36 24493268 NCBI: SRX006807 

adipose_Burge polyA+ SE 32 15452670 NCBI: GSE12946 

adipose_Raymond rRNA- SE 28 13245000 EBI:  ERA010380 

B_cells_Cheung polyA+ SE 50 679651776 NCBI: GSE16921 

B_cells_Pritchard polyA+ SE 46 730388847 NCBI: GSE19480 

brain_Burge polyA+ SE 36 5312930 NCBI: GSE12946 

brain_Hughes polyA+ PE 50 32774445 hugheslab.ccbr.utoronto.ca 

brain_Wong polyA+ PE 50 25785231 NCBI: GSE19166 

breast_Burge polyA+ SE 32 9205212 NCBI: GSE12946 

BreastStem_RM080_REMC polyA+ PE 76 94201386 NCBI: GSE16368 

BT20_Thompson polyA+ PE 50 44713682 NCBI: GSE27003 

BT474_Burge polyA+ SE 32 9841400 NCBI: GSE12946 

BT474_Thompson polyA+ PE 50 38802093 NCBI: GSE27003 

CD4_activated_Ind1_Plagnol polyA+ PE 45 14113846 NCBI: SRA008367 

CD4_activated_Ind2_Plagnol polyA+ PE 45 33747265 NCBI: SRA008367 

CD4_activated_Ind3_Plagnol polyA+ PE 45 14878376 NCBI: SRA008367 

CD4_activated_Ind4_Plagnol polyA+ PE 45 15114383 NCBI: SRA008367 

CD4_resting_Ind1_Plagnol polyA+ PE 45 8514136 NCBI: SRA008367 

CD4_resting_Ind2_Plagnol polyA+ PE 45 23260740 NCBI: SRA008367 

CD4_resting_Ind3_Plagnol polyA+ PE 45 16962805 NCBI: SRA008367 

CD4_resting_Ind4_Plagnol polyA+ PE 45 14067307 NCBI: SRA008367 

CD4_Snyder rRNA- SE 47 43039278 NCBI: GSM501716 

colon_Burge polyA+ SE 32 14973234 NCBI: GSE12946 

colon_Raymond rRNA- SE 28 18060138 EBI:  ERA010380 

H1_Caltech-ENCODE_Rep2 polyA+ PE 75 58213846 UCSC: CaltechRnaSeq 

H1_Caltech-ENCODE_Rep4 polyA+ PE 75 20099315 UCSC: CaltechRnaSeq 

H1_GIS-ENCODE polyA+ SE 75 11676921 UCSC: GisRnaSeq 

H1_RepA_Snyder polyA+ SE 36 14096336 NCBI: GSE20301 

H1_RepB_Snyder polyA+ SE 35 49819009 NCBI: GSE20301 

H1_UCSD-REMC rRNA- SE 87 23303279 NCBI: SRX007165 

H1_UCSF-UBC-REMC polyA+ PE 51 210510533 NCBI: GSE16368 

H9_polyA-_Chen polyA- SE 75 11515512 NCBI: GSE24399 

H9_polyA+_Chen polyA+ SE 75 24261545 NCBI: GSE24399 

H9_Wysocka polyA+ SE 36 17334014 NCBI: GSE24447 

heart_Burge polyA+ SE 32 8244056 NCBI: GSE12946 

heart_Raymond rRNA- SE 28 13683163 EBI: ERA010380 

HeLa_miR-1_12hr_Bartel polyA+ SE 36 4526588 NCBI: GSE22004 

HeLa_miR-1_32hr_Bartel polyA+ SE 36 1502525 NCBI: GSE22004 

HeLa_miR-155_12hr_Bartel polyA+ SE 36 4758102 NCBI: GSE22004 

HeLa_miR-155_32hr_Bartel polyA+ SE 36 2198813 NCBI: GSE22004 

HeLa_polyA-_Chen polyA+ SE 36 5115286 NCBI: GSE22004 
HeLa_polyA+_Chen polyA+ SE 36 1398455 NCBI: GSE22004 
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Dataset Selection Single/Paired 
End Length Read Count Data Source & Identifier 

HeLa_WT_12hr_Bartel polyA- SE 75 12901556 NCBI: GSE24399 

HeLa_WT_32hr_Bartel polyA+ SE 75 35573880 NCBI: GSE24399 

HepG2_Caltech-ENCODE_Rep1 polyA+ SE 75 41150856 UCSC: CaltechRnaSeq 

HepG2_Caltech-ENCODE_Rep2 polyA+ SE 75 120041862 UCSC: CaltechRnaSeq 

HME_Burge polyA+ SE 32 10676314 NCBI: GSE12946 

IMR90_REMC-UCSD rRNA- SE 87 14576992 NCBI: GSM438363 

K562_Caltech-ENCODE_Rep1 polyA+ SE 76 16719516 UCSC: CaltechRnaSeq/ 

K562_Caltech-ENCODE_Rep2 polyA+ SE 76 27104753 UCSC:CaltechRnaSeq 

K562_CSHL-ENCODE polyA+ SE 36 22980419 UCSC: CshlLongRnaSeq 

K562_Garraway_Rep1 polyA+ PE 51 14451983 NCBI: GSE17593 

K562_Garraway_Rep2 polyA+ PE 51 14337450 NCBI: GSE17593 

kidney_Raymond rRNA- SE 28 14709474 EBI: ERA010380 

liver_Blencowe polyA+ SE 32 9977870 NCBI: GSE13652 

liver_Burge polyA+ SE 32 9985384 NCBI: GSE12946 

liver_female_Rep1_Gilad2 polyA+ SE 35 6642800 NCBI: GSE17274 

liver_female_Rep2_Gilad2 polyA+ SE 35 6635948 NCBI: GSE17274 

liver_female_Rep3_Gilad2 polyA+ SE 35 6910651 NCBI: GSE17274 

liver_Gilad polyA+ SE 36 20260724 NCBI: SRP000225 

liver_male_Rep1_Gilad2 polyA+ SE 35 5874122 NCBI: GSE17274 

liver_male_Rep2_Gilad2 polyA+ SE 35 8768491 NCBI: GSE17274 

liver_male_Rep3_Gilad2 polyA+ SE 35 8528339 NCBI: GSE17274 

liver_Raymond rRNA- SE 28 13297129 EBI: ERA010380 

LuminalBreast_RM035_REMC polyA+ PE 76 178170024 NCBI: GSE16368 

LuminalBreast_RM080_REMC polyA+ PE 76 95111160 NCBI: GSE16368 

lung_Raymond rRNA- SE 28 12100899 EBI: ERA010380 

lymph_node_Burge polyA+ SE 32 14287364 NCBI: GSE12946 

MB435_Burge polyA+ SE 32 10957617 NCBI: GSE12946 

MCF10A_Thompson polyA+ PE 50 41470013 NCBI: GSE27003 

MCF7_Burge polyA+ SE 32 8857760 NCBI: GSE12946 

MCF7_Thompson polyA+ PE 50 39316667 NCBI: GSE27003 

MDAMB231_Thompson polyA+ PE 50 28385230 NCBI: GSE27003 

MDAMB468_Thompson polyA+ PE 50 40143442 NCBI: GSE27003 

MeI_Garraway polyA+ PE 51 12156128 NCBI: GSE17593 

melanoma_M000216_Garraway polyA+ PE 51 11441971 NCBI: GSE17593 

melanoma_M000921_Garraway polyA+ PE 51 14294221 NCBI: GSE17593 

melanoma_M010403_Garraway polyA+ PE 51 8007145 NCBI: GSE17593 

melanoma_M970109_Garraway polyA+ PE 51 10803171 NCBI: GSE17593 

melanoma_M980409_Garraway polyA+ PE 51 9521381 NCBI: GSE17593 

melanoma_M980928_Garraway polyA+ PE 51 11886309 NCBI: GSE17593 

melanoma_M990514_Garraway polyA+ PE 51 11989475 NCBI: GSE17593 

melanoma_M990802_Garraway polyA+ PE 51 11049426 NCBI: GSE17593 

MeWo_Garraway polyA+ PE 51 38251673 NCBI: GSE17593 

MIP101_Marra polyA+ PE 36 190008680 BCGSC: MIP101 
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Dataset Selection Single/Paired 
End Length Read Count Data Source & Identifier 

Myoepithelia_RM035_REMC polyA+ PE 75 90810369 NCBI: GSE16368 

Myoepithelial_RM080_REMC polyA+ PE 76 92614016 NCBI: GSE16368 

NEC_from_H9_Wysocka polyA+ SE 36 18121381 NCBI: GSE24447 

ovary_Raymond rRNA- SE 28 35179025 EBI: ERA010380 

prostate_carcinoma_C02_Yen polyA+ PE 36 7150001 NCBI: GSE22260 

prostate_carcinoma_C03_Yen polyA+ PE 36 5436521 NCBI: GSE22260 

prostate_carcinoma_C05_Yen polyA+ PE 36 17890278 NCBI: GSE22260 

prostate_carcinoma_C06_Yen polyA+ PE 36 8655196 NCBI: GSE22260 

prostate_carcinoma_C07_Yen polyA+ PE 36 18802103 NCBI: GSE22260 

prostate_carcinoma_C08_Yen polyA+ PE 36 5275961 NCBI: GSE22260 

prostate_carcinoma_C09_Yen polyA+ PE 36 4711695 NCBI: GSE22260 

prostate_carcinoma_C11_Yen polyA+ PE 36 13317032 NCBI: GSE22260 

prostate_carcinoma_C13_Yen polyA+ PE 36 20314107 NCBI: GSE22260 

prostate_carcinoma_C15_Yen polyA+ PE 36 21337995 NCBI: GSE22260 

prostate_carcinoma_C16_Yen polyA+ PE 36 20353020 NCBI: GSE22260 

prostate_carcinoma_C18_Yen polyA+ PE 36 21006973 NCBI: GSE22260 

prostate_carcinoma_C19_Yen polyA+ PE 36 20886227 NCBI: GSE22260 

prostate_carcinoma_C23_Yen polyA+ PE 36 19900979 NCBI: GSE22260 

prostate_carcinoma_C27_Yen polyA+ PE 36 20586242 NCBI: GSE22260 

prostate_carcinoma_C29_Yen polyA+ PE 36 21482728 NCBI: GSE22260 

prostate_carcinoma_C33_Yen polyA+ PE 36 19612488 NCBI: GSE22260 

prostate_carcinoma_C37_Yen polyA+ PE 36 12702891 NCBI: GSE22260 

prostate_carcinoma_C40_Yen polyA+ PE 36 21028092 NCBI: GSE22260 

prostate_normal_N02_Yen polyA+ PE 36 5412204 NCBI: GSE22260 

prostate_normal_N03_Yen polyA+ PE 36 5285055 NCBI: GSE22260 

prostate_normal_N06_Yen polyA+ PE 36 5033982 NCBI: GSE22260 

prostate_normal_N08_Yen polyA+ PE 36 3211332 NCBI: GSE22260 

prostate_normal_N09_Yen polyA+ PE 36 3623539 NCBI: GSE22260 

prostate_normal_N11_Yen polyA+ PE 36 19092632 NCBI: GSE22260 

prostate_normal_N13_Yen polyA+ PE 36 19121562 NCBI: GSE22260 

prostate_normal_N15_Yen polyA+ PE 36 18715997 NCBI: GSE22260 

prostate_normal_N19_Yen polyA+ PE 36 15303756 NCBI: GSE22260 

prostate_normal_N23_Yen polyA+ PE 36 19977123 NCBI: GSE22260 

skeletal_muscle_Burge polyA+ SE 32 12157505 NCBI: GSE12946 

skeletal_muscle_Raymond rRNA- SE 28 30135494 EBI: ERA010380 

spleen_Raymond rRNA- SE 28 25867332 EBI: ERA010380 

T47D_Burge polyA+ SE 32 8775920 NCBI: GSE12946 

T47D_Thompson polyA+ PE 50 35472907 NCBI: GSE27003 

testes_Burge polyA+ SE 32 17388782 NCBI: GSE12946 

testes_Raymond rRNA- SE 28 25982893 EBI: ERA010380 

ZR751_Thompson polyA+ PE 50 32755989 NCBI: GSE27003 
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Table 3.  Transcript counts by class and filter stage.  
de Novo Annotated GENCODE v6  Filter stage 

6,833,809 351,940 39,472 input (see Methods) 

487,328 25,873 6,227 Protein Overlap/ Size 

388,458 19,478 5,263 primary ORF filter 

221,184 9,688 2,563 secondary ORF filter 

174,817 8,925 2,414 extended gene filter 

101,850 3,782 945 FPKM > 1 

9,103 433 123 FPKM > 10 

2,450 113 42 FPKM > 30 

52,873 2,125 753 merged FPKM > 1 

3,623 211 94 merged FPKM > 10 

915 55 31 merged FPKM > 30 
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Table 4. Paired-end ditag (PET) support for lincRNAs and protein coding genes. 
 lincRNAs FPKM>1 RefSeq NM genes 

Category All Spliced Not Spliced All 

Total Transcript Count 53864 4576 49288 31892 

Overlaps at least one PET cluster 34443 2733 31710 29300 

5' end within 50bp of PET cluster 5' end 737 186 551 22882 

3' end within 50bp of PET cluster 3' end 2345 297 2048 23739 

Both 5' and 3' end within 50bp of PET cluster 5' and 3' end 80 47 33 18756 
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Table 5.  Fraction of de novo assembled lincRNAs that are spliced. 
Combined Datasets FPKM > 1 FPKM > 10 FPKM >30 

kidney_Gilad 0.20 0.21 0.32 

testes_Burge 0.19 0.22 0.11 

HeLa_Bartel_miR-155_32hr 0.18 0.18 0.22 

HeLa_Bartel_miR-1_12hr 0.17 0.20 0.20 

HeLa_Bartel_miR-155_12hr 0.16 0.17 0.30 

HeLa_Bartel_WT_12hr 0.15 0.16 0.35 

liver_polyA+ 0.15 0.18 0.26 

MB435_Burge 0.15 0.20 0.18 

heart_Burge 0.12 0.18 0.35 

lymph_node_Burge 0.10 0.14 0.23 

MeI_Garraway 0.10 0.17 0.24 

NEC_from_H9 0.09 0.09 0.10 

H9_polyA+_Chen 0.09 0.15 0.21 

skeletal_muscle_Burge 0.08 0.15 0.29 

adipose_Burge 0.08 0.13 0.00 

K562 0.07 0.12 0.16 

T47D_Burge_Thompson 0.07 0.07 0.06 

MDAMB468_Thompson 0.07 0.11 0.08 

MDAMB231_Thompson 0.06 0.04 0.09 

B_Cells_Pritchard 0.06 0.12 0.10 

BT20_Thompson 0.06 0.02 0.04 

A549_Myers 0.06 0.14 0.20 

prostate_carcinoma 0.05 0.17 0.31 

breast_Burge 0.05 0.06 0.05 

H1_polyA+ 0.05 0.17 0.17 

prostate_normal 0.05 0.11 0.13 

MCF7_Burge_Thompson 0.05 0.06 0.04 

MCF10A_Thompson 0.05 0.04 0.06 

HepG2_Caltech_ENCODE 0.05 0.13 0.20 

MIP101 0.04 0.15 0.22 

testes_Raymond 0.04 0.03 0.04 

kidney_Raymond 0.03 0.03 0.03 

adipose_Raymond 0.03 0.03 0.05 

ovary_Raymond 0.03 0.04 0.04 

skeletal_muscle_Raymond 0.03 0.02 0.07 

colon_Raymond 0.03 0.02 0.00 

MeWo_Garraway 0.03 0.05 0.08 

ZR751_Thompson 0.03 0.02 0.05 

brain_AmbionMAQC 0.03 0.06 0.09 

HeLa_polyA+_Chen 0.02 0.04 0.05 

BT474_Burge_Thompson 0.02 0.08 0.18 

REMC_BreastStem 0.02 0.03 0.00 

colon_Burge 0.02 0.03 0.00 

 
 



	   62	  

Combined Datasets FPKM > 1 FPKM > 10 FPKM >30 

melanoma_Garraway 0.02 0.09 0.10 

REMC_MyoepithelialBreast 0.02 0.06 0.03 

HME_Burge 0.02 0.03 0.05 

B_cells_Cheung 0.02 0.05 0.05 

REMC_LuminalBreast 0.01 0.03 0.03 

spleen_Raymond 0.01 0.01 0.00 

CD4_Snyder 0.01 0.07 0.10 

H9_polyA-_Chen 0.01 0.02 0.03 

H1_rRNA-depleted_UCSD_REMC 0.01 0.02 0.04 

CD4_Plagnol_activated 0.01 0.02 0.00 

CD4_Plagnol_resting 0.00 0.02 0.00 

HeLa_polyA-_Chen 0.00 0.02 0.00 

HeLa_Bartel_WT_32hr 0.00 0.00 0.00 

HeLa_Bartel_miR-1_32hr 0.00 0.00 0.00 

heart_Raymond 0.00 0.00 0.00 

IMR90_UCSD_REMC 0.00 0.00 0.00 

liver_Raymond 0.00 0.00 0.00 

lung_Raymond 0.00 0.00 0.00 

all combined datasets 0.05 0.09 0.11 

Catalog of merged lincRNAs  0.08 0.16 0.19 
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Chapter 3: Genetic Interaction Mapping of Death Receptor Signaling 

Pathways 

Introduction 

The idea of genetic epistasis was originally used to explain or describe cases in 

which an allelic variant was able to mask the phenotype associated with a specific allelic 

variant at another locus (69). This idea of epistasis has been incorporated into the 

broader idea of genetic interactions, where classical epistasis represents one side of a 

phenotypic spectrum (21).  A genetic interaction can broadly be defined as the case in 

which the phenotype observed when two genes are perturbed simultaneously deviates 

from the phenotype one would expect given the phenotypes observed when each gene 

is perturbed individually. This definition, while somewhat ambiguous, makes the idea of 

a genetic interaction useful in a wide variety of contexts and scales. Classical epistatic 

interactions are referred to as a ‘buffering’ or ‘alleviating’ interactions At the opposite 

end of the phenotypic spectrum are ‘synergistic’ or ‘synthetic’ genetic interactions, 

where the observed phenotype is stronger or more pronounced than expected. In order 

to identify cases in which a phenotype deviates from expectation, one must be able to 

define the expected phenotype (21, 70).  

There is no single, universal method for defining the expected phenotype. The 

method used will firstly depend upon the nature of the data being collected, namely 

whether the data is quantitative or categorical. The analysis of categorical data hinges 

on the idea of penetrance and will not be discussed further (69). Methods for defining an 

expected phenotype given quantitative data can broadly be divided into categories: 

approaches that apply a theoretical model to all cases under consideration and 
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approaches that define the expected phenotype empirically by measuring a large 

number of double perturbation phenotypes. Each class of methods has strengths and 

weaknesses. 

Methods of defining an expected phenotype that depend on the application of a 

theoretical model to all cases generally assume that the combined phenotype will be the 

product or sum of the two individual phenotypes (reviewed in (70)). The two primary 

advantages to these types of methods are that they are eminently interpretable on an 

individual basis and that these methods don’t require the measurement of a large 

number of double perturbation phenotypes. This class of methods also suffers from 

several weaknesses. The most significant weakness is that they are extremely sensitive 

to systematic measurement errors and choice of measurement scale. Additionally, for 

many phenotypes there may be no rational way to choose a specific model. 

Methods that define the expected phenotype empirically may do so either implicitly 

or explicitly. Methods that implicitly define the expected phenotype attempt to identify 

outliers from an array of double perturbation phenotypes (example in (71)). Methods 

that explicitly define the expected phenotype fit an array of double perturbation 

phenotypes to mathematical model and define genetic interactions as a deviation from 

this model (example in (23)). Both of these approaches are less sensitive to systematic 

errors in phenotype measurements and to the measurement scale but suffer from 

several weaknesses. First, both of these methods assume that genetic interactions are 

rare which may or may not be appropriate given the intent and context of the 

experiment. Second, empirical methods depend on the availability of a large number of 

double perturbation measurements and become less robust as the size of the dataset 
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shrinks. Third, genetic interactions measured using empirical methods must be 

interpreted in the context of the specific genes being paired and thus individual genetic 

interaction scores (GI score) are less easily interpretable. For example, a double 

perturbation phenotype labeled as ‘synergistic’ or ‘synthetic’ is not necessarily stronger 

than either individual perturbation phenotype in the pair. 

There are many potential interpretations of a genetic interaction and the selection of 

a particular interpretation should be informed by corroborating experiments or prior 

knowledge of the system being studied. In the simplest case, a buffering interaction 

indicates that the two genes being studied act in the same pathway and a synergistic 

interaction implies that two genes work in parallel pathways (21). Imagine a biosynthetic 

pathway involving two genes (and their protein products), gene x and gene y. If gene x 

converts substrate a into product b and gene y converts substrate b into product c. Loss 

of gene x or gene y individually leads to the inability to produce product c. Loss of gene 

x and gene y simultaneously leads to no further change in the production of c and the 

double perturbation phenotype is less sever than would be predicted (without prior 

knowledge of the pathway). Now imagine that there is third gene z which, like gene y, 

converts substrate b into product c. Loss of gene y together with gene z might produce 

a more severe phenotype than one would expect given the two individual phenotypes 

because the organism has gone from being able to produce some c when only one 

gene is lost to not being able to produce c at all (perhaps c is essential). Thus the 

synergy between loss of gene y and loss of gene z would indicate that they are acting in 

parallel. In reality, individual interactions are rarely so easy to interpret and are 

complicated by several factors including incomplete loss of one gene (depending on the 
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method of genetic perturbation employed), an organisms ability to adapt to certain 

perturbations, and the lack of a clear connection between many genes and the 

phenotype under consideration (this is especially true for genes outside of biosynthetic 

pathways).  

Several technologies have enabled high-throughput genetic perturbation in several 

model systems which has enabled the creation of so-called genetic interaction maps 

where all pair-wise genetic interactions between a moderate size gene set can be 

measured (72). While the implication or interpretation of the majority of these genetic 

interaction measurements is generally unclear, the profiles of genetic interaction 

measurements can be informative in their own right. This is because genes of similar 

function should have similar interaction profiles. Clustering genes based upon their 

genetic interaction profiles has been found to be an effective way of grouping genes of 

similar function and identifying novel functional and even physical complexes (22, 23, 

72, 73). This feature is of clear utility when it comes to associating uncharacterized or 

poorly characterized genes with a specific function and can provide clues as potential 

mechanisms of action.  

Genetic interaction maps have been found to be highly dynamic when the phenotype 

being monitored or the experimental conditions is varied (73-75). For example, genetic 

interactions observed in budding yeast in the presence of various DNA damaging 

agents were largely distinct and point to differences in the mechanism of action of the 

different agents employed (75). This sensitivity is not necessarily surprising, but useful 

in that it enables the use of genetic interaction maps to identify the non-obvious 

functional consequences of small (or large) perturbations on genetic networks. This 
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approach, called differential genetic interaction mapping, has not yet been employed in 

a human model system.  

Death receptor proteins trigger apoptosis or other intra cellular pathways in response 

to the ligation of an extracellular death ligand (76). Ligation of the death ligand to the 

death receptor leads to oligomerization (generally trimerization but high order structures 

have been observed (77)) of the death receptor protein monomers present in the cell 

membrane. Oligomerization of the death receptor leads to the recruitment and activation 

of caspase 8 or 10, which in turn activates down stream caspases that make up the 

canonical apoptotic signaling cascade. This process is modulated by a large number of 

other pathways with the ability to promote or repress the apoptotic response such as 

mitogen signaling, NF-kB signaling, and ubiquitin pathways (78-80). Despite the high 

degree of homology between death receptor proteins and the apparent similarity in the 

repertoire of effector proteins most proximal to the receptor, the response to the 

activation of different death receptors in different contexts remains variable.  

The variability in the response to activation of different death receptor proteins is 

therapeutically relevant in the context of cancer treatment where it has been observed 

that many types of cancer cell are more sensitive to the activation of a particular class of 

death receptors than their primary cell counterparts both in vitro and in vivo (81). These 

receptors are the TRAIL receptors and are encoded in by the genes TRAILR1 (also 

called DR4) and TRAILR2 (also called DR5). The degree to which TRAIL receptor 

activation specifically kills cancer cells has led to its investigation as a potential 

therapeutic target. Several agonistic monoclonal antibodies targeting TRAILR2 in 

particular are being tested in clinical trials with mixed results. While the antibodies are 
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well tolerated, they have shown limited efficacy in patients (82-84). Greater 

understanding of what factors specifically sensitize cancer cells to TRAIL receptor 

mediated apoptosis and the identification of secondary therapeutic targets which may 

synergize with TRAIL receptor agonists may lead to improved treatment strategies and 

better patient outcomes (82). 

In this study we create two genetic interaction maps in the context of the activation 

of two different death receptors, TRAILR2 and Fas/CD95 with the goals of identifying 

genes whose depletion synergistically affects the response to TRAIL receptor activation 

and identifying functional changes in the genetic interaction networks that may explain 

variability in response to TRAILR2 versus Fas activation. 
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Results 

Primary Screen 

In order to identify genes whose depletion leads to sensitization or resistance to 

death receptor signaling via TRAILR2 or Fas, we performed a pooled lentiviral shRNA 

screen in Jurkat T-cells using a custom shRNA library. This shRNA library targeted 

~1800 genes selected due to prior association with apoptosis signaling or apoptosis 

related pathways and their expression in Jurkat T-cells. Each gene was targeted by 50 

independent shRNAs designed using the DSIR algorithm (85). Each shRNA was 

expressed in the 3’ UTR of a reporter gene using the miR30 sequence context (86). 

Each shRNA was tagged with two unique 15 base pair barcodes flanking either side the 

miR30 context. These barcodes allow for targeted amplification and subcloning of 

individual shRNAs. 

Jurkat T-cells were infected with lentivirus harboring the shRNA library and 

selected with puromycin. The cells were expanded to  ~10000x coverage before being 

split into seven equal sized populations. The genomic DNA was isolated from one 

population and reserved for use as a zero time point. The remaining populations were 

either cultured normally (control population), treated with agonistic antibody targeting 

Fas, or treated with agonistic antibody targeting TRAILR2. Treatment with agonistic 

antibody was repeated a total of 4 times and during this time the control population 

continued to be cultured normally. The shRNAs contained in each resulting cell 

population were amplified by PCR and sequenced using the Illumina platform.  
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Sequence reads were used to quantify the relative abundance of each shRNA in 

treated versus control samples. The populations of enrichment scores for all shRNAs 

targeting a given gene were compared to the population of enrichment scores from non-

targeting shRNAs using the Mann-Whiney rank-sum test. The family wise error rate 

(FWER) was controlled using the Bonferroni procedure using α = 0.05 and the genes 

satisfying this significance threshold were considered hits in the screen (Table 6, Table 

7). Using this method we were clearly able to resolve both positive and negative 

regulators of death receptor signaling (Figure 18). 

Double shRNA System 

In order to measure epistasis between independent gene depletion phenotypes, 

we needed to be able to express two shRNAs within a given cell and to uniquely identify 

this shRNA pair for later quantification. We achieve this by expressing two shRNAs from 

a single lentiviral vector (Figure 19). Each pair of shRNAs is encoded in tandem in the 3’ 

UTR of a report gene and uses the same miR30 context and loop. Each shRNA in the 

pair retains the unique 15 base pair barcode on either flank from the primary shRNA 

library and thus the pair of barcodes lying between the two hairpins uniquely identifies 

each shRNA combination. Conveniently, this pair of barcodes can be read with a single 

50 base pair single end sequencing reaction.  

In order to accurately measure the combinatorial phenotype of a given shRNA 

pair, it is essential that the phenotype of an shRNA does not depend on the position in 

which it is cloned. In order to confirm that a given shRNA exhibits the same efficacy and 

phenotype regardless of cloning position, we cloned two positive control shRNAs 

targeting two different genes (TRAILR2 and CASP8) into either the first or second 
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position of the double shRNA expression vector. The other position was in each case a 

negative control, non-targeting shRNA. The level of gene knockdown achieved by each 

positive control shRNA cloned into each position was measured by digital droplet PCR 

and the level of knockdown did not significantly depend upon the position in which it 

was cloned (Figure 20, Figure 21). Additionally, each positive-control shRNA confers 

the same phenotype regardless of the position in which it was cloned (Figure 22). This 

experiment gave us sufficient confidence to proceed with this shRNA expression system. 

Cloning the Double shRNA Library 

The three most significantly enriched or depleted shRNAs targeting each of 64 hit 

genes from the primary screen were individually amplified using the 15 base pair 

barcodes flanking each shRNA as primer binding sites. Each PCR product was digested 

with BamHI and XbaI (for cloning into position two) or pooled and digested with EcoRI 

and XhoI (for cloning into position one). All shRNAs were individually cloned into the 

second position of the double shRNA expression vector. Plasmid DNA from each 

individual clone was combined into a single pool and this pool was digested with EcoRI 

and XhoI The pooled, digested shRNA PCR product was then ligated into position one 

(Figure 19).  

The resulting double shRNA library thus contain 209 shRNAs including twelve 

non-targeting negative controls shRNAs, 14 miRNA mimics targeting miRNAs 15a, 15b, 

16, 17, 18a, 19a, 19b, 20a, 29a, 29b, 29c, 92a, 143, and 330 (which have all been 

directly or indirectly linked to regulation of apoptosis), and three shRNAs targeting 

snord114 (a snoRNA that was identified as a regulator of apoptosis in a previous screen, 
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unpublished data). The theoretical complexity of this library, which contains all possible 

pair-wise combinations of the 209 included shRNAs, is 43,681. 

Double shRNA Screen 

 The double shRNA library was packaged into lentivirus and this lentivirus was 

used to infect approximately 645 million cells. The apparent infection rate, as measured 

by flow cytometry was between 20% and 40% (depending on the plate), giving a 

coverage at infection of greater than 5000. The population of infected cells was selected 

with puromycin and expanded to approximately 1.4 e7 cells (> 32,000 fold coverage of 

the double shRNA library) and split into seven equal size populations. Genomic DNA 

was isolated from one population and reserved for use as a zero time point. The 

remaining populations were either cultured normally (control population), treated with 

agonistic antibody targeting Fas, or treated with agonistic antibody targeting TRAILR2. 

Treatment with agonistic antibody was repeated a total of 3 times and during this time 

the control population continued to be cultured normally. The shRNA barcode pairs 

contained in each resulting cell population were amplified by PCR and sequenced using 

the Illumina platform. Importantly, the abundance of individual shRNA pairs measured in 

separate biological replicates was highly correlated (Figure 23, Figure 24).   

 The scaled enrichment of each shRNA pair was calculated as the ratio of the 

relative abundance of each pair in the test vs. control populations and divided by the 

median enrichment of shRNA pairs containing two non-targeting negative control 

shRNAs. We chose to scale enrichment values to the enrichment of non-targeting 

shRNA pairs because, given the library design, these are the only shRNA pairs that we 

expect to have no phenotype. This is in contrast to the primary screen where we expect 
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the majority of shRNAs to have little or no phenotype and therefore effectively scale 

enrichment values to the population median. It should be noted that this method of 

enrichment scaling results in high-concordance between the gross phenotypes (i.e. 

enriched or depleted) between the primary and single double-shRNA screen. Scaled 

enrichment values calculated from separate biological replicates are highly correlated 

(Figure 25, Figure 26)  

Assessing the Effect of shRNA Position on the Resulting Phenotype 

  As noted earlier, in order to calculate a double shRNA phenotype it is essential 

the phenotype of a given shRNA does not depend on the position (position 1 or position 

2) in which it is expressed from the lentiviral vector. Prior to cloning the double shRNA 

library and performing the screen, we confirmed that this was true for a small number of 

positive control shRNAs (Figure 20, Figure 21, Figure 22). To assess whether the 

observed lack of positional bias remained true in the context of a screen, we calculated 

the average phenotype of each shRNA paired with non-targeting negative control 

shRNAs when the shRNA was cloned either in position one or position two. We 

repeated this for each replicate of each screen independently. If there is no systematic 

positional effect then we expect the ratio of these two phenotypes to be 1 (or the log of 

this ratio to be zero). Indeed, we observe no consistent positional effect on the observed 

phenotypes (Figure 27). 

Reproducibility of Calculated Single shRNA Phenotypes 

 Another prerequisite for the calculation of genetic interactions scores is the ability 

to accurately measure the phenotype of individual shRNAs within the context of the 

double shRNA screen. This is because the expected double shRNA phenotype is 



	   74	  

directly related to the single shRNA phenotype of the query shRNA and the interaction 

score is simply the deviation away from this expected phenotype. As mentioned earlier, 

we calculate the single shRNA phenotype of a given shRNA as the average of the 

phenotypes of a given shRNA paired with each negative control shRNA. If this is an 

effective measure of the phenotype of a given shRNA, then the populations of all single 

shRNA phenotypes calculated in separate replicates of the same screen should be 

highly correlated, which is indeed the case for both the Fas-targeted screen and the 

TRAILR2-targeted screen (Figure 28, Figure 29).  

Calculating Genetic Interaction Scores  

Scaled enrichment values were used to compute an interaction score between 

every pair of shRNAs using the method outlined by Kampmann et al. (87) with some 

minor modifications (see Methods). In short, the interaction score is the deviation of the 

measured double shRNA phenotype from the expected double shRNA phenotype 

based on the linear fit of all double shRNA phenotypes for a given shRNA. The single 

phenotype of each shRNA in the double shRNA screen is calculated as the average 

scaled enrichment of a given shRNA paired with each of the non-targeting negative 

control shRNAs.  

Reproducibility of Genetic Interaction Scores 

 Calculated GI scores are only useful if their sign and magnitude are reproducible. 

GI scores were calculated for each biological replicate independently and compared to 

assess the reproducibility of the measurements. While GI scores calculated from 

separate replicates are strongly correlated, there is clearly a significant amount of noise 

(Figure 30, Figure 31). If one compares the coefficient of variation (CV) of GI scores to 
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the absolute value of the magnitude of the score, it is clear that low magnitude scores 

have larger CVs and are thus unreliable (Figure 32, Figure 33). In general, inter-

replicate correlation between GI scores is similar to or higher than has been previously 

reported (71). 

Intra vs. Inter gene genetic interaction profile correlation 

 We expect that shRNAs targeting the same gene will have highly correlated 

genetic interaction profiles (intragene profiles) while shRNAs targeting different genes 

(intergene profiles) will be, on average, uncorrelated.  Instead, when all shRNA genetic 

interaction profiles are considered, the average intragene profile correlation is only 

modestly higher than the average intergene profile correlation (Pearson r = 0.08 vs. 

0.03 and 0.12 vs 0.04 in the Fas and TRAILR2 screens respectively). The poor 

correlation between intragene profiles makes it difficult to confidently assess 

interactions at the gene level (by, for example, averaging intragene shRNA profiles).  A 

small number of intragene shRNA profile pairs are well correlated and removal of low 

confidence interactions (high CV) and outlier profiles widens the discrepancy in average 

correlation between intra and intergene profiles, but not to a large degree.  

Gene-level genetic interaction profiles 

To calculate gene-level genetic interaction scores we average the interaction 

scores between all shRNA pairs targeting both genes. This leads to the creation of 

gene-level genetic interaction profiles, which together comprise a genetic interaction 

map. Replicate genetic interaction maps are averaged and genetic interaction scores 

with a CV > 0.5 are discarded (Figure 34, Figure 35). As mentioned earlier, intra gene 

shRNA profiles are poorly correlated and the gene level interactions calculated from 
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them should be viewed with skepticism. In using the genetic interaction map produced, 

a reasonable approach is to focus on individual interactions that appear to be 

reproducible. 

Conservation of genetic interactions between Fas and TRAILR2 signaling pathways 

Given that the signaling pathways activated by Fas and TRAILR2 are highly 

related, it is reasonable to expect that the genetic interactions between components of 

these signaling pathways would be largely conserved. We compared gene level genetic 

interaction scores (that meet the criteria for reproducibility described above) between 

the Fas and TRAILR2 screen and observe that gene interaction scores are highly 

correlated and thus largely conserved between these two signaling pathways (Figure 

36).  

Those genes that only exhibit an interaction in one condition or have opposing 

interaction phenotypes (i.e. opposite sign) are of particular interest as these may play a 

role in determining the specific response in contexts where distinct death receptors are 

not functionally equivalent. One gene in particular, miR-17, seems participates in a large 

number of interactions, some of which vary depending upon whether Fas or TRAILR2 is 

stimulated (Figure 36). For example, expression of the miR-17 mimic together with 

depletion of the RUNX1 gene leads to synergistic sensitization of Jurkat cells to TRAIL 

receptor signaling (Figure 37). This is particularly interesting because RUNX1 and miR-

17 are known to functionally interact. The RUNX1 transcript contains a conserved miR-

17 binding site and RUNX1 protein promotes miR-17 expression by binding to the miR-

17 promoter, thus forming a negative feedback loop (88). Over expression of the miR-

17 mimic alone does not have a significant phenotype and while RUNX1 depletion 
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seems to sensitize Jurkat cells to TRAIL receptor signaling, it is not clear what is 

mediating this effect. It has previously been observed that RUNX1 depletion leads to 

upregulation of the proapoptotic BCL2-like protein BIM, which might lead to increased 

sensitivity to pro-apoptotic stimuli (89). In the context of the Fas screen, a similar 

synergistically sensitizing interaction was observed between miR-17 and SESN2 

(Figure 38). To follow up on these observations, the miR-17 / RUNX1 and miR-17 / 

SESN2 interactions need to be validated outside the context of the genetic interaction 

screen, preferably using an orthologous method of gene depletion.  
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Discussion 

 We have created two genetic interaction maps examining the genetic networks 

underpinning Fas and TRAIL receptor mediated apoptosis that will hopefully aid in 

future exploration of death receptor signaling networks and identification of targets that 

synergistically sensitize cells to TRAIL receptor signaling. While the screens 

underpinning the creation of these two maps appear to have been technically 

successful by several measures (namely the reproducibility of shRNA pair enrichment, 

single shRNA phenotype measurements, and GI scores), the correlation between 

genetic interaction profiles of shRNAs targeting the same gene generally remains low 

which limits our confidence in the gene-level genetic interaction profiles produced. 

There are several factors that likely contribute to this problem. The first factor is that the 

majority of interaction scores in any given profile are of low magnitude and thus 

generally not reproducible (Figure 32, Figure 33) and that the small number meaningful 

interaction scores in a profile is not sufficient to drive the correlation. The paucity of 

strong interactions is not necessarily surprising; it has repeatedly been observed that 

strong genetic interactions are rare (22, 71, 73). Another factor is that off-target shRNA 

activity may significantly affect its interaction profile. Given that shRNAs that target the 

same gene are unlikely to have the same off-target genes, this would negatively impact 

within-gene shRNA interaction profile correlation. Third, variability in shRNA gene 

interaction profiles may in part be due to the variable levels of target gene depletion 

achieved by independent shRNAs as gene-dosage can certainly play a role in 

determining the associated phenotype.  
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While these weaknesses limit the interpretability of the genetic interaction maps 

produced here, they are not necessarily insurmountable. Analytic techniques such as 

those employed by Roguev et al. (71) can be used to limit the influence of low 

confidence genetic interaction measurements on profile clustering and similar 

techniques should be explored in the analysis of the data generated here. In future 

studies, the use techniques with lower apparent off targeting rates, such as Cas9 based 

gene deletion or knockdown should limit the influence of off-target effects that plague 

RNAi based methods (90, 91). In the case of gene-deletion, noise associated with 

variable levels of gene depletion would also be eliminated.  

While the calculated genetic interaction profiles as a whole are quite noisy, there 

are a significant number of interactions that appear to be reproducible and warrant 

further examination. Of particular interest are those interactions that have differential 

effects in the context of Fas versus TRAIL receptor signaling because these differential 

interactions may point to important regulatory nodes that distinguish specific death 

receptor signaling pathways. With this in mind interactions such as those between miR-

17 and RUNX1 in the context of TRAIL receptor signaling and between miR-17 and 

SESN2 in the context of Fas receptor signaling warrant further investigation.  
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Methods 

Antibodies 

Agonistic monoclonal antibodies targeting Fas and TRAILR2 were purchased 

from eBioscience (REF 16-0958-81) and R&D Biosystems (MAB631) respectively. 

Cell Lines and Tissue Culture 

 Jurkat T-cells were cultured in DMEM supplemented with 10% FCS. 

Measuring shRNA knockdown 

 shRNA mediated gene knockdown was measured using the BioRad QX100 

digital droplet PCR system using TaqMan assays purchased from Applied Bio Systems. 

mRNA expression levels were normalized to HPRTK1 expression which has previously 

been shown to be stably expressed in Jurkat T-cells.  

Measuring Death Receptor Triggered Cell Death by Flow Cytometry 

 Cells were stained with Sytox Green dead cell stain 48 hours after the addition of 

agonistic antibody targeting the TRAILR2 receptor protein to a final concentration of 20 

ng/mL. Cells were flowed on a BD FACSarray instrument and the fraction of Sytox + 

events was monitored. Relative death induction is calculated as the ratio of the 

frequency of dead cells in the test vs. control populations. 

Primary Screen 

Jurkat T-cells infected with the primary shRNA library were subjected to four 24 

hour treatments with agonistic antibody targeting Fas (33 ng/mL) or TRAILR2 (50 

ng/mL). After each treatment period the cell culture media was changed and the cells 

were cultured until the viability of the treated population approached that of the control 

population at which point the next round of treatment was initiated. Genomic DNA was 
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isolated using the Qiagen Blood and Cell Culture DNA Maxi kit, digested with PvuII-HF 

and run on a 1% agarose gel. The region of the gel containing the lentiviral transgene 

cassette was subjected to gel extraction using the Macherey-Nagel Nucleospin Gel 

Clean-up kit. From this purified genomic DNA the shRNA constructs were amplified 

using Phusion polymerase and sequenced with a custom primer using the Illumina 

HiSeq 2500 platform.  

Double shRNA Screen 

Jurkat T-cells infected with the primary shRNA library were subjected to four 24-

hour treatments with agonistic antibody targeting Fas (1 ng/mL) or TRAILR2 (10 ng/mL). 

After each treatment period the cell culture media was changed and the cells were 

cultured until the viability of the treated population approached that of the control 

population at which point the next round of treatment was initiated. Genomic DNA was 

isolated using the Qiagen Blood and Cell Culture DNA Maxi kit, digested with PflM1 and 

run on a 1% agarose gel. The region of the gel containing the lentiviral transgene 

cassette was subjected to gel extraction using the Macherey-Nagel Nucleospin Gel 

Clean-up kit. From this purified genomic DNA the barcodes in between each shRNA 

pair were amplified using Phusion polymerase and sequenced with a custom primer 

using the Illumina HiSeq 2500 platform.  

Double shRNA library quantitation 

A 50 base pair single end read provides bases 2-15 of the leading barcode and 

bases 1-9 of the second barcode; this is sufficient to uniquely associate a read with a 

specific shRNA pair.  Rather than aligning reads to a reference library, we simply 

counted the number perfect barcodes sequenced corresponding to each shRNA 
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combination. We ignored the bases read between the two barcodes because the low 

complexity of the region leads to poor quality scores at these positions and a high 

frequency of ‘N’ base calls which limits the utility of traditional alignment algorithms.  

Calculating Genetic Interaction Scores 

Scaled enrichment values were used to compute interaction scores between 

every pair of shRNAs using the method outlined in Kampmann et al. (87) with the 

following modifications: 1) phenotypes were not scaled to growth rate (which affects all 

scores equivalently) and 2) the linear fit was not forced to pass through the single 

phenotype of the reference shRNA, thus adding an additional degree of freedom to the 

linear fit.  
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Figure 18. Identification of positive and negative regulators from shRNA pools. 

Genes that confer sensitivity or resistance to death receptor signaling can be 

identified based on the enrichment or depletion of the population of shRNAs that target 

them. The frequency with which shRNAs are observed in an untreated control 

population vs. a population treated with agonistic antibody targeting the TRAIL receptor.  

shRNAs targeting a positive regulator of TRAIL receptor signaling (TRAILR2) are 

enriched while shRNAs targeting a negative regulator of TRAIL receptor signaling 

(CFLAR) are depleted. The relative abundance of non-targeting negative control 

shRNAs does not generally change between test and control. 
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Figure 19. Double shRNA Expression System. 

shRNAs selected for inclusion in the double shRNA library are individually 

amplified using the unique barcodes that flank the hairpin as primer binding sites. The 

primers used to amplify each shRNA incorporate restriction sites that facilitate cloning 

into the double shRNA expression vector. The amplified hairpins are first individually 

cloned into the second position. The resulting plasmids are pooled and the second 

hairpin is then cloned as a single pool into the first position. This process produces a 

library in which all pair-wise combinations of shRNAs are represented. 
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Figure 20. Effect of shRNA expression position on TRAILR2 knockdown. 

The position in which an shRNA is expressed  (position 1 or position 2)  does not 

significantly affect the degree of target gene knockdown achieved. An shRNA targeting 

TRAILR2 was cloned in position one or two of the double shRNA expression vector and 

a non-targeting control shRNA (shNT) was cloned into the opposite position. Each 

construct was used to transduce Jurkat T-cells, which were then purified by selection 

with puromycin. Seven days post infection, mRNA levels of TRAILR2 were measured by 

ddPCR. Relative abundance is normalized to cells expressing two copies of shNT.  
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Figure 21. Effect of shRNA expression position on caspase-8 knockdown. 

The position in which an shRNA is expressed  (position 1 or position 2) does not 

significantly affect the degree of target gene knockdown achieved. An shRNA targeting 

caspase-8 (CASP8) was cloned in position one or two of the double shRNA expression 

vector and a non-targeting control shRNA (shNT) was cloned into the opposite position. 

Each construct was used to transduce Jurkat T-cells, which were then purified by 

selection with puromycin. Seven days post infection, mRNA levels of TRAILR2 were 

measured by ddPCR. Relative abundance is normalized to cells expressing two copies 

of shNT. 
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Figure 22. Effect of shRNA expression position on resistance phenotype.  

The position in which an shRNA is expressed  (position 1 or position 2) does not 

significantly affect the phenotype conferred by that shRNA. shRNAs targeting TRAILR2 

or caspase-8 (CASP8) were cloned in position one or two of the double shRNA 

expression vector and a non-targeting control shRNA (shNT) was cloned into the 

opposite position. Each construct was used to transduce Jurkat T-cells, which were then 

purified by selection with puromycin. Seven days post infection, cells were treated with 

agonistic antibody targeting TRAIL receptor.  48 hours post treatment cell were stained 

with the dead cell stain Sytox Green and the fraction of living cells was quantified by 

flow cytometry. The fraction of dead cells in each population normalized to the fraction 

of dead cells in the population of cells expressing two copies of shNT. Black bars 

represent the case where the targeting shRNA is present in position 1 while grey bars 

represent the case where the targeting shRNA is present in position 2. 
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Figure 23. Correlation of shRNA abundance between Fas screen replicates. 

The abundance of individual shRNA pairs is well correlated between replicates of 

the Fas screen (Pearson r = 0.979, p < 2.2e-16). 
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Figure 24. Correlation of shRNA abundance between TRAILR2 screen replicates.  

The abundance of individual shRNA pairs is well correlated between replicates of 

the TRAILR2 screen (Pearson r = 0.995, p < 2.2e-16). 
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Figure 25. Correlation of shRNA enrichment between Fas screen replicates.  

The enrichment of individual shRNA pairs in treated vs. control populations is 

well correlated between replicates of the Fas screen. All enrichment values are scaled 

to the median enrichment of non-targeting shRNA pairs (Pearson r = 0.830, p < 2.2e-

16).  
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Figure 26. Correlation of shRNA enrichment between TRAILR2 screen replicates.   

The enrichment of specific shRNA pairs in treated vs. control populations is well 

correlated between replicates of the TRAILR2 screen. All enrichment values are scaled 

to the median enrichment of non-targeting shRNA pairs (Pearson r = 0.971, p = < 2.2e-

16). 
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Figure 27. Effect of shRNA expression position on enrichment phenotype. 

The enrichment phenotype of an shRNA does not depend upon the position in 

which it is expressed. The average enrichment for each shRNA when paired with non-

targeting shRNAs when expressed in position one or position two of the double shRNA 

expression vector was calculated for each shRNA in each screen (F1 = Fas replicate 1, 

F2 = Fas replicate 2, T1 = TRAILR2 replicate 1, T2 = TRAILR replicate 2). If the activity 

of an shRNA does not depend upon the position it expressed then the expect log ratio is 

0. Points above and below the box and whisker plots represent values that are at east 

1.5 times the interquartile range away from the interquartile.   
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Figure 28. Reproducibility of single shRNA phenotypes in the Fas screen. 

Single shRNA phenotypes calculated from independent replicates of the Fas 

screen are well correlated (Pearson r = 0.930, p < 2.2e-16). The single shRNA 

phenotype is calculated as the average scaled enrichment of an shRNA when paired 

with non-targeting shRNAs. 
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Figure 29. Reproducibility of single shRNA phenotypes in the TRAILR2 screen. 

Single shRNA phenotypes calculated from independent replicates of the 

TRAILR2 screen are well correlated (Pearson r = 0.995, p < 2.2e-16). The single 

shRNA phenotype is calculated as the average scaled enrichment of an shRNA when 

paired with non-targeting shRNAs. 
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Figure 30. Reproducibility of genetic interaction scores in the Fas screen.  

Genetic interaction scores (GI Score) calculated from independent replicates of 

the Fas screen are correlated (Pearson r = 0.699, p < 2.2e-16). 
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Figure 31. Reproducibility of genetic interaction scores in the TRAILR2 screen. 

Genetic Interaction Scores (GI Score) calculated from independent replicates of 

the TRAILR2 screen are correlated (Pearson r = 0.63, p < 2.2e-16). 
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Figure 32. Coefficient of variation vs. gene interaction score in the Fas screen. 

The coefficient of variation (CV) of measured Genetic interaction scores (GI 

Score) from the Fas screen are negatively correlated with the magnitude of associated 

GI Scores (Pearson r = -0.659, p < 2.2e-16). 
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Figure 33 Coefficient of variation vs. gene interaction score in the TRAILR2 

screen. 

The coefficient of variation (CV) of measured Genetic interaction scores (GI 

Score) from the TRAILR2 screen are negatively correlated with the magnitude of 

associated GI Scores (Pearson r = -0.65, p < 2.2e-16). 

 
 
  



	   99	  

 
Figure 34. Fas signaling genetic interaction map. 

Positive genetic interaction scores indicate greater than expected fitness and 

negative genetic interactions indicate weaker than expected fitness.  
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Figure 35. TRAIL receptor signaling genetic interaction map.  

Positive genetic interaction scores indicate greater than expected fitness and 

negative genetic interactions indicate weaker than expected fitness.  
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Figure 36. Conservation of genetic interactions between death receptor signaling 

pathways.  

Genetic interactions are conserved between Fas and TRAIL receptor signaling 

pathways. Gene-level genetic interactions calculated from the Fas and TRAILR2 

screens are correlated (Pearson r = 0.40, p < 2.2e-16). miR-17 participates in several 

strong genetic interactions that are context dependent.  
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Figure 37. Synergistic interaction between miR-17 and RUNX1. 

Expression of a miR-17 mimic together with depletion of RUNX1 transcript 

synergistically sensitizes Jurkat cells to TRAIL receptor signaling. Columns show the 

average scaled enrichment phenotype of miR-17 and two shRNAs targeting RUNX1 

transcript in the TRAILR2 screen either alone or in combination. Error bars represent 

the standard error between screen replicates.  
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Figure 38. Synergistic interaction between miR-17 and SESN2. 

Expression of a miR-17 mimic together with depletion of SESN2 transcript 

synergistically sensitizes Jurkat cells to Fas receptor signaling. Columns show the 

average scaled enrichment phenotype of miR-17 and two shRNAs targeting SESN2 

transcript in the Fas screen either alone or in combination. Error bars represent the 

standard error between screen replicates.  
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Table 6. Hits from Primary Fas Screen (FWER < 0.05). 
Rank Gene Name RefSeq ID Enriched (+) or Depleted (-) Unadjusted p-Value 

1 FAS NM_000043 + 9.04E-28 
2 ARID1A NM_139135 + 9.40E-20 
3 FADD NM_003824 + 7.13E-15 
4 TRIP12 NM_004238 + 7.90E-15 
5 RUNX1 NM_001754 + 9.63E-14 
6 UBA2 NM_005499 + 2.68E-12 
7 ETS1 NM_001143820 + 3.31E-12 
8 TPR NM_003292 + 4.29E-11 
9 MYC NM_002467 + 7.47E-11 

10 HUWE1 NM_031407 + 3.96E-10 
11 CASP8 NM_033355 + 9.38E-10 
12 BCLAF1 NM_014739 + 1.43E-08 
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Table 7. Hits from Primary TRAILR2 Screen (FWER < 0.05). 
Rank Gene ID RefSeq ID Enriched (+) or Depleted (-) Unadjusted p-Value 

1 TNFRSF10B NM_147187 + 1.37E-27 
2 TRIP12 NM_004238 + 2.60E-26 
3 HUWE1 NM_031407 + 7.94E-22 
4 CFLAR NM_001127183 - 4.53E-21 
5 YWHAE NM_006761 + 3.42E-20 
6 CASP8 NM_033355 + 4.22E-18 
7 ETS1 NM_001143820 + 1.16E-16 
8 PRKDC NM_006904 - 3.98E-16 
9 PMAIP1 NM_021127 + 2.55E-14 

10 CUL1 NM_003592 + 2.50E-13 
11 BID NM_001244567 + 3.49E-13 
12 UBR5 NM_015902 + 3.54E-13 
13 UBA1 NM_003334 - 8.79E-12 
14 UBE3A NM_000462 + 1.52E-11 
15 BCL2L1 NM_138578 - 7.47E-10 
16 NOTCH1 NM_017617 - 7.51E-10 
17 E2F3 NM_001243076 + 4.01E-09 
18 FBXW11 NM_033644 + 7.31E-09 
19 YWHAQ NM_006826 + 8.19E-09 
20 ARID1A NM_139135 - 2.47E-08 
21 BCL2 NM_000633 - 2.50E-08 
22 UBE2E1 NM_003341 - 4.94E-08 
23 SMC3 NM_005445 + 7.39E-08 
24 CBL NM_005188 - 8.54E-08 
25 RUNX1 NM_001754 - 1.35E-07 
26 UBE2R2 NM_017811 + 1.40E-07 
27 CDC42 NM_001039802 - 2.00E-07 
28 BIRC6 NM_016252 + 2.03E-07 
29 CTBP1 NM_001012614 - 2.51E-07 
30 STAG1 NM_005862 + 2.60E-07 
31 BTRC NM_033637 + 5.50E-07 
32 HERC2 NM_004667 - 7.36E-07 
33 MYC NM_002467 + 8.36E-07 
34 SESN2 NM_031459 - 3.47E-06 
35 EP300 NM_001429 - 4.28E-06 
36 RAD21 NM_006265 + 4.35E-06 
37 BAD NM_032989 - 5.80E-06 
38 MAX NM_145113 + 6.65E-06 
39 ATF4 NM_182810 - 1.22E-05 
40 TSC2 NM_000548 - 1.49E-05 
41 LEF1 NM_016269 + 2.10E-05 
42 RHOA NM_001664 + 2.43E-05 
43 PLCG1 NM_182811 + 2.96E-05 
44 PIK3R1 NM_181523 + 3.22E-05 
45 GSK3B NM_002093 + 3.58E-05 
46 WEE1 NM_001143976 + 5.11E-05 
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Chapter 4. General Summary 

The work presented here describes our efforts to quantify the extent of 

transcription across the human genome, identify the compendium of long intergenic 

noncoding RNA species produced, and establish a platform with which it would be 

possible to characterize regulators of death receptor signaling including protein coding 

genes and noncoding RNA genes. We demonstrate that the human genome is 

pervasively transcribed and identify a large number of previously unannotated 

transcripts whose loci harbor chromatin marks similar to those found at protein coding 

gene loci and that appear to be expressed in tissue specific patterns. While we cannot 

claim that most or many of these transcripts will be found to have a biologically 

important function, our understanding of the human genome will remain incomplete until 

their potential has been fully explored and the development and use of high-throughput 

methods of associating genes with novel functions and pathways will be important 

component of this exploration.   

Implications of Pervasive Transcription  

 Several studies, including our own, corroborate the idea that the human genome 

is pervasively transcribed. It may be that all possible transcriptional events occur with 

some probability and that, if researchers were to look broadly enough or deeply enough, 

all of these events would be observed. While some transcription may truly be stochastic 

and the product of random, off-target polymerase activity, there undeniably exists a 

large array of transcripts with defined structures and reproducible patterns of expression 

and it is these transcripts that we and others seek to identify. Still, many of these 

transcripts may be the passive consequence of the arrangement of promoter and 
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enhancer elements whose primary function is the regulation of protein coding genes or 

classically important noncoding RNAs such as rRNAs or snRNAs, but it is clear that at 

least a minority of these uncharacterized transcripts play a significant role in mammalian 

biology. 

The Future of Transcriptomics 

 The widespread adoption and falling cost of high-throughput sequencing have 

lead to a situation in which the transcriptomes of most common tissue types and cell 

lines have been sequenced, providing an unprecedented view of mammalian gene 

expression. These studies however almost exclusively provide population level 

measurements of gene expression. The next frontier in transcriptomics and 

understanding mammalian gene expression in general will be the study of single cells. 

For many years now it has been possible to measure the expression of individual 

transcripts in single cells but recently described methodologies are making high-

throughput, single-cell transcriptomics a reality (92, 93). Several interesting 

observations have already been made including startling levels of heterogeneity within 

presumably homogenous populations as well as wide-spread mono-allelic gene 

expression (93). In situ single cell transcriptomics provides yet another level of 

information and will be especially useful in the study of primary tissue composed of 

heterogenous cell types (94). Additionally, single-cell transcriptomics may provide new 

perspectives on lowly expressed transcripts (a feature of many lincRNAs) where the 

presence of a rare transcript may be associated with an as of yet unrecognized subset 

of an apparently homogenous population. Unfortunately, robust quantification of gene 

expression levels using current single-cell RNA sequencing techniques remains a 
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challenge and, though sample preparation and handling methodologies are rapidly 

improving, this is likely to remain the case for rare transcripts (95). 

Emerging Ideas in lincRNA Biology 

 The field of lincRNA biology has undergone a renaissance in the past 10 years 

thanks to the adoption of technologies that has enabled their identification (RNA-seq) 

and a few pioneering studies demonstrating unsuspected functions for a handful of 

lincRNA transcripts. While it remains impossible to unambiguously predict lincRNA 

function from primary sequence and there is no general classification system, several 

interesting observations and trends have emerged. First, while lincRNAs generally show 

poor primary sequence conservation, several groups have now reported conserved 

syntenic expression (54, 96). This observation is made more interesting by the fact that 

these syntenic transcripts in some cases have a conserved function, even in the 

absence of detectable sequence conservation (54). In these cases it becomes 

especially important to distinguish between the role being played by noncoding RNA 

versus transcription itself. Second, it has now been observed several times that 

repetitive elements, with which lincRNAs are replete, can be the source of function (97-

101). For example, Alu elements contained within several lincRNA have the capacity to 

hybridize to Alu elements expressed the 3’ UTR of multiple mRNAs and, together with 

the RNA binding protein STAU1, destabilize these mRNAs (97). Finally, while it has 

long been appreciated that lincRNAs play a role in directing local chromatin interactions 

between enhancers and promoters, it was recently observed that at least one lincRNA 

has the possibility to direct genome organization at a much greater scale. The lincRNA 

Firre, in collaboration with the protein hnRNPU, was found to be essential for the 
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maintenance of a subset of observable trans-chromosomal interactions (102). The 

possibility that lincRNAs play a significant role in directing nuclear topology is exciting 

as spatial regulation of the genome remains poorly understood (103). 

Frontiers of Functional Genomics 

 Reports ascribing function to previously uncharacterized lincRNAs (as well as 

uncharacterized protein coding genes and other genomic elements) emerge every day 

but the majority of genes (noncoding or otherwise) remain uncharacterized. Many of 

these lincRNAs were first identified by candidate based or unbiased screens and this 

approach remains the most efficient way to ascribe function to uncharacterized 

elements. Within mammalian systems these screens have come to rely almost 

exclusively on RNAi based technologies such as the use of siRNAs or shRNAs. RNAi 

based methods suffer from several weaknesses including incomplete silencing of gene 

targets and wide spread off-target effects (104). The recent development of Cas9 based 

genome editing and gene silencing addresses both of these points by offering both true 

target gene loss of function (by mutation or deletion) as well as greater specifity (~20 

nucleotide target determining region vs. ~7 nucleotides) while maintaining ease and 

economy of use. Cas9 based strategies have already begun to supplant the use of 

RNAi (20, 90, 91, 105). 

 Beyond the advancement of the technologies being employed, functional 

genomics is developing in another direction, toward providing more than just a 

phenotype for a given target gene. Genetic interaction mapping provides an 

experimental paradigm where a target gene is associated not just with a phenotype but 

with a specific relationship to other genes in a given biological pathway (21). 
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Furthermore, this can be done in same moderate – to high throughput that is associated 

with reverse genetic screens. While genetic interaction mapping remains a practical 

challenge in mammalian systems, the promise is sufficient to justify continued efforts 

toward developing robust methodologies for future use. Advancements in gene 

targeting technology such as the development of Cas9 based strategies will likely 

facilitate this advancement by eliminating some sources of experimental noise 

associated with RNAi.  
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