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ABSTRACT

Experimental evidence suggests that half or more of the mammalian transcriptome consists of noncoding RNA. Noncoding
RNAs are divided into short noncoding RNAs (including microRNAs) and long noncoding RNAs (IncRNAs). We defined
complementary DNAs (cDNAs) lacking any positive-strand open reading frames (ORFs) longer than 30 amino acids, as well as
c¢DNAs lacking any evidence of interspecies conservation of their longer-than-30-amino acid ORFs, as noncoding. We have
identified 5446 IncRNA genes in the human genome from ~24,000 full-length cDNAs, using our new ORF-prediction pipeline.
We combined them nonredundantly with IncRNAs from four published sources to derive 6736 IncCRNA genes. In an effort to
distinguish standalone and antisense IncRNA genes from database artifacts, we stratified our catalog of IncRNAs according to
the distance between each IncRNA gene candidate and its nearest known protein-coding gene. We concurrently examined the
protein-coding capacity of known genes overlapping with IncRNAs. Remarkably, 62% of known genes with “hypothetical
protein” names actually lacked protein-coding capacity. This study has greatly expanded the known human IncRNA catalog,
increased its accuracy through manual annotation of cDNA-to-genome alignments, and revealed that a large set of hypothetical-
protein genes in GenBank lacks protein-coding capacity. In addition, we have developed, independently of existing NCBI tools,
command-line programs with high-throughput ORF-finding and BLASTP-parsing functionality, suitable for future automated
assessments of protein-coding capacity of novel transcripts.
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INTRODUCTION comprise over half of the transcriptional units (TUs) in
mammalian genomes (Carninci et al. 2005), IncRNAs repre-
sent a major unexplored component of genomes of great
potential biological importance. IncRNAs, similar to mRNAs,
are RNA polymerase II-promoted, polyadenylated, and often
alternatively spliced (Ginger et al. 2006; Mehler and Mattick
2007). Numerous IncRNA-encoding conserved loci, tran-
scribed in mammals, possess epigenetic signatures similar to
those of protein-coding genes, while also presenting strong
evidence of regulation—including cis-regulation—of tran-
scription factors and an involvement in transcriptional
control that requires further validation (Johnson et al.
2009). IncRNAs are unlikely to simply represent transcrip-
tional noise because they are expressed in a tissue- and
developmental-specific manner, and their sequence displays
phylogenetic conservation consistent with negative evolu-

Noncoding-RNA (ncRNA) genes are genes that do not
encode proteins. They were initially thought to be limited to
ribosomal, transfer, spliceosomal, and other essential RNAs,
but have been shown to be far more diverse. ncRNAs can be
divided into short ncRNAs (which include, but are not
limited to, microRNAs) and long ncRNAs (IncRNAs). To
date, several hundred human microRNAs have been identi-
fied (Griffiths-Jones et al. 2008). The importance of micro-
RNAs as key post-transcriptional repressors is universally
acknowledged. Considerably less is known about IncRNA
genes, which are an order of magnitude more prevalent than
microRNAs (Carninci and Hayashizaki 2007). Since they
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tionary selection, which indicates functional constraint
(Ponjavic et al. 2007). Known IncRNA roles encompass en-
dogenous antisense mechanisms, transcription factor (TF)
nucleocytoplasmic translocation control, coactivation and
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corepression of specific TFs, and epigenetic regulation
(Martianov et al. 2007; Rinn et al. 2007). The spatiotempo-
rally restricted expression patterns of hundreds of other
IncRNAs suggest that many other functional roles remain
to be discovered (Pollard et al. 2006; Mercer et al. 2008).

In light of the rapidly growing interest in IncRNAs, it is
important to develop high-confidence catalogs of non-
coding RNAs for experimental and bioinformatic study. In
particular, while recent studies have focused on cataloging
mouse IncRNAs (Dinger et al. 2008a; Ponjavic et al. 2009),
there is no available comprehensive catalog of human
IncRNAs. To address this need, we have curated and
classified a data set of 6736 human long noncoding RNAs
from a variety of sources.

RESULTS

Our ORF-Predictor and BLASTP pipeline identifies
5446 human IncRNA genes largely unique relative
to public IncRNA collections

A consistent and accurate definition of protein-coding
capacity of transcripts, along with the elimination of
transcripts that are redundant relative to other transcripts
or ambiguous with respect to the genomic location of their
source genes, is an essential foundation for any genome-
wide effort to catalog IncRNA genes. Therefore, we de-
veloped an open reading frame (ORF)-Predictor/BLASTP
pipeline that first automatically delineated all ORFs in all
three positive-strand frames for each complementary DNA
(cDNA), analyzed all ORFs longer than 30 amino acids
using BLASTP, and then pinpointed all cDNAs for which
none of the ORFs revealed mammalian conservation in
protein BLAST searches. To prepare input for the pipeline,

we first ensured that all cDNAs processed by the pipeline
originated from specific unambiguous genomic loci. Start-
ing from 26,258 cDNA-supported TUs on the hgl7 human
genome assembly (Engstrom et al. 2006), we eliminated
TUs not able to be mapped to the hgl8 assembly, retaining
24,734 mapped TUs with valid GenBank cDNA accession
numbers. Of those 24,734 c¢DNAs, 5446 (Supplemental
Data Set 1) were identified as putative ncRNAs by our
ORF-Predictor/BLASTP pipeline.

We compared our 5446 predicted ncRNAs (Fig. 1A) with
the 1732 IncRNAs from the four public sources (Fig. 1B).
From the four public sources, 442 (Supplemental Data Set
3) ncRNAs were eliminated because of redundancy. Of the
1732 literature-derived IncRNAs (Fig. 1B), 242 were re-
dundant because their exons genomically overlapped with
at least one exon on the same strand of—and in the same
transcriptional orientation as—one of the 5446 IncRNAs
from our pipeline. One hundred sixty-one literature-de-
rived IncRNAs had GenBank accession numbers that
exactly matched those of IncRNAs on our list of 5446.
Among the four data sets of Figure 1B, 39 were internally
redundant but had no counterparts among the IncRNAs
from our pipeline. Therefore, the majority of our 5446
IncRNAs were not in the public sources listed in Figure 1B.

For an additional assessment of redundancy between our
pipeline’s output and existing public IncRNA collections,
we consulted the NcRNA Expression Database (NRED)
(Dinger et al. 2009). We chose the platform “GNF Atlas 2,”
which was the sole human platform available, and con-
fined the selection to ncRNAs classified as “noncoding
only” (n = 917). Among the 917, 130 had GenBank accession
numbers that exactly matched those of IncRNAs on our list
of 5446, and 82 did not match by accession number but were
on the same strand as, and partially or wholly genomically

A. Human IncRNA discovery from our FANTOM3-derived TU ORF analysis and BLASTP pipeline
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B. Human IncRNA discovery from other published sources

351 putative
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functional IncRNAs
(Zhang et al 2007)

335 curated
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(Pang et al 2007)
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mouse IncRNAs o .
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1732 published IncRNAs were collected. 442 of them were redundant with those from part A.

FIGURE 1. IncRNA discovery with our analytical pipeline and IncRNA import from public databases. (A) A set of IncRNAs was predicted by
applying our own ORF-Predictor/BLASTP parsing pipeline to a human genome-wide transcriptional unit (TU) catalog (Engstrom et al. 2006).
(B) We retrieved 534 putative IncRNAs from the H-Invitational Database (H-InvDB), 335 from RNAdDb, 512 IncRNAs from an early functional
study of conserved IncRNAs (Willingham et al. 2005), and 351 primate-specific transcriptionally active region ncRNAs (Zhang et al. 2007). There

were 6736 (= 1732 — 442 + 5446) nonredundant IncRNA genes.
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overlapped with, at least one of our IncRNAs (Supplemental
Data Set 5).

We also compared our data set with a recently published
collection of 1177 nonconserved “orphan’” genes that are
suspected to lack protein-coding capacity (Clamp et al.
2007). The aforementioned collection (18) was based on
Ensembl v35 (hgl7), while our ncRNA analysis was based
on the newer hgl8 human genome assembly. For the 382
“orphans,” we used the Ensembl track of the UCSC
Genome Database to directly retrieve the hgl8 map loca-
tion. For the other 795 orphans, we retrieved cDNA se-
quences from Ensembl (v35). In cases where an Ensembl
gene identification number referred to multiple transcripts,
we randomly selected one of those transcripts as the
reference transcript. Then, we performed BLAT to deter-
mine the highest-confidence genomic map location of each
orphan gene. Surprisingly, none of the 1177 orphans
overlapped with any of our 5446 ncRNAs.

Recently, Khalil et al. (2009) identi-
fied 3289 human large intergenic non-
coding RNA (lincRNA) genes from
human and mouse H3K4me3 (K4, pro-

majority was obtained by filtering TUs from the Engstrom
et al. (2006) data set through a stringent negative BLASTP
filter, while the noncoding status of transcripts from other
data sets was ascertained by a variety of methods of varying
stringency (Okazaki et al. 2002; Imanishi et al. 2004; Pang
et al. 2007). Given this variety of noncoding filtering
methods, it is important to use an independent test to
validate the coding status of all transcripts. A number of
such methods exist (Dinger et al. 2008b). We chose to
employ the recently developed Coding Potential Calculator
(CPC) tool (Kong et al. 2007), which combines a variety of
parameters in conjunction with a support vector machine to
predict the coding potential of a given transcript. CPC was
used to assess the coding potential of IncRNAs in our catalog
(Fig. 2A,B). As a reference, we carried out the same analysis
on the RefSeq catalog of human protein-coding genes. The
results attested to the quality of the IncRNA discovery
pipeline: 87.1% of IncRNAs were classified as noncoding,
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Independent evidence that
members of the predicted
IncRNA catalog have little
protein-coding capacity

As stated above, the IncRNA catalog was
populated by predicted noncoding tran-
scripts from a variety of sources. The
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FIGURE 2. Independent assessment of the protein-coding capacity of our IncRNA catalog.
cDNA sequences of ncRNAs were submitted to the Coding Potential Calculator (CPC) (Kong
et al. 2007). All sequences are assigned a score based on their estimated protein-coding capacity:
<—1, noncoding; from —1 to 0, weakly noncoding; from 0 to 1, weakly coding; and >1, coding.
A similar analysis was also carried out for 27,864 coding RefSeq genes, having accession numbers
commencing with NM. CPC scores for each transcript are plotted as a continuous distribution in
A, and the fractions of transcripts are broken down by classification (our ncRNA genes versus
NCBI RefSeq genes) in B, as well as by data source (for ncRNA genes only) in C.
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weakly noncoding, or weakly coding, in contrast to 1.9% of
the RefSeq genes.

More than half of the human IncRNA genes overlap
or reside near known protein-coding genes

Computational identification of IncRNA candidates sup-
ported by public transcriptome data overlooks the complex
genomic landscape of how those genes are related to their
genomic neighbors and whether they or their neighbors in
fact encode proteins. To characterize these relationships, we
defined three categories of IncRNAs (Fig. 3): (1) “Flank10k,”
IncRNA genes mapping within 10 kb of a known anno-
tated gene (NCBI RefSeq or UCSC Known Genes) on the
same genomic strand; (2) “no overlap,” IncRNA genes map-
ping >10 kb from any known gene; and (3) “overlap,”
IncRNAs overlapping a known annotated gene on the same
genomic strand. We analyzed 5859 putative ncRNAs (4687
of the 5446 IncRNAs from our pipeline, and 1172 of the
1732 IncRNAs from published sources; exclusions com-
prised IncRNAs not matching certain experimental-design
criteria irrelevant to this study). There were 808, 2064, and
2987 IncRNAs belonging to the Flank10k, no overlap, and
overlap classes, respectively (Table 1). As this analysis con-
cerned only the positional associations between IncRNA
genes and known annotated genes on the same strand, we
also performed a Flank10k analysis of the “IncRNA gene—
annotated gene” pairs such that the IncRNA gene and the
annotated gene were on opposite strands (Supplemental
Data Set 9). In addition to our 808 same-strand Flank10k
loci, we isolated 397 head-to-head (divergent) IncRNA gene-

chri2: 26720000| 24725000|

annotated gene pairs as well as 144 tail-to-tail (convergent)
IncRNA gene-annotated gene pairs, with no overlap between
the IncRNA gene and the annotated gene, and with less than
10 kb of genomic distance separating the IncRNA gene from
the oppositely oriented annotated gene in all cases. The
excess of divergent over convergent gene pairs may merely
reflect the known genomic excess of adjacent gene pairs
driven by putative bidirectional promoters (Trinklein et al.
2004), and may in part reflect specifically the incidence of
IncRNA gene-coding gene bidirectional pairs in mammalian
genomes (Engstrom et al. 2006). Of IncRNA genes, 2064
(35%) reside in genomic regions >10 kb away from any
protein-coding genes, and therefore likely act by mecha-
nisms other than cis-regulation of their protein-coding
neighbors. These no-overlap genes, due to the lack of any
positional association with known protein-coding genes,
likely represent bona fide, standalone IncRNAs that may
function by mechanisms distinct from any cis-regulation of
nearby genes.

IncRNA genes within 10 kb of protein-coding genes
are generally standalone transcriptional units

We closely inspected all Flank10k IncRNA genes in order to
determine whether they were standalone genes, rather than
misannotated extensions of nearby protein-coding genes. It
is common for protein-coding gene UTRs to be long and to
wholly encompass entire full-length cDNAs, which might
be mistakenly interpreted as IncRNAs, even though they are
truncated clones from UTRs of coding genes. To exclude
IncRNA-like artifacts arising from such long UTRs, we
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FIGURE 3. Examples of IncRNA stratification based on genomic context. (A) Flank10k (IncRNA gene maps within 10 kb of a known gene); (B)
no overlap (IncRNA gene is >10 kb away from any known gene); and (C) overlap (IncRNA gene is encoded on the same strand of the genome as
a known gene, and overlaps at least a part of that known gene). One representative UCSC Genome Browser snapshot for each category is shown.
The IncRNA from our list is highlighted by the red arrow, which also indicates the direction of transcription of the IncRNA.
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TABLE 1. Annotation categories of human IncRNA genes

Number of IncRNAs with

RNAPII sites in their Number of IncRNAs

RNA Category Number promoter region (from that overlap with
category description of IncRNAs —500 to 500) the K36 region
Flank10k IncRNA mapping within <10 kb of 808 323 581
a known annotated gene (NCBI
RefSeq or UCSC Known Genes)
on the same genomic strand
No overlap IncRNA mapping >10 kb from 2064 614 941
any known gene
Overlap IncRNA overlapping a known 2987 1083 1888
annotated gene on the same
genomic strand
Not considered IncRNAs not matching certain 877
experimental-design criteria
irrelevant to this study
Total IncRNAs 6736

We divided IncRNAs into three categories: (1) overlapping with known genes on the same strand (same transcriptional orientation); (2) not
overlapping with known genes on the same strand but within 10 kb of a known gene; and (3) >10 kb away from any known gene.

checked each IncRNA mapping within <10 kb of a known
protein-coding gene for membership in a transcript (cDNA
and/or expressed sequence tag [EST]) contig connecting the
IncRNA with the known gene. After checking whether the
ncRNAs were connected by exonic sequences of ESTs/cDNAs
to their nearby genes, we found that the majority of the
Flank10k candidates were actual, distinct IncRNA genes
unconnected to their protein-coding neighbors (717/808)
(Supplemental Data Set 2). Only 84 out of 808 were
extensions of coding flanking genes, and seven were exten-
sions of noncoding flanking genes. These seven rare excep-
tions underscore the occasional misannotation of coding-gene
UTRs as candidate IncRNAs, as well as the utility of cDNA
and EST contig-building in revealing such misannotation.

Epigenetic landmarks are consistent with widespread
IncRNA transcription

To gauge empirical support for transcriptional activity of
IncRNA-encoding loci, we computed all genomic overlaps
between our IncRNA genes and two accepted measures of
transcriptional activity: all human H3K36me3 domains
available at the time of our analysis (Gm12878, HUVEC,
K562, and NHEK), and RNA Polymerase II genomic binding
sites [antibody “Pol2(b),” cell types HUVEC, K562, and
NHEK]. All data originated from the UCSC Genome
Browser track “ENCODE Histone Modifications by Broad
Institute ChIP-Seq.” Promoter (defined as the —500 to +500
nucleotide interval relative to the transcription start site of
the representative GenBank or database cDNA accession)
coverage of our IncRNA genes by Pol II binding sites was
comparable regardless of the genomic context of the
IncRNAs: 30% for no-overlap IncRNA genes; 36% for
IncRNA genes overlapping known genes; and the highest,

1482 RNA, Vol. 16, No. 8

40%, for the Flank10k IncRNA genes. This is consistent with
our annotation-supported contention that, despite their
proximity to known protein-coding genes, these Flank10k
IncRNA transcription units are standalone (Supplemental
Data Set 7). K36 domain coverage support of IncRNA
genomic spans ranged from 46% (no-overlap IncRNAs) to
72% (Flank10k IncRNAs), signifying that even IncRNAs far
away from known genes are frequently supported by K36
data (Supplemental Data Set 8). A limitation of these
analyses is that the majority of the cDNA and EST data
supporting expression of these IncRNAs originates from cell
types different from those used in the Broad Institute histone
modification and Pol II occupancy study.

Protein-coding capacity evaluation of known genes
in the vicinity of IncRNA genes reveals that hundreds
of known hypothetical-protein genes are noncoding

We noted that certain RefSeq and UCSC Known Genes
database entries lacked descriptive gene names, and were
labeled solely as encoding “hypothetical proteins.” We
collectively defined hypothetical-protein genes, as well as
genes possessing solely numerical identifiers, as uninforma-
tively named genes. Hypothetical-protein genes may not
actually encode functional proteins, and therefore may
themselves be IncRNA genes (Clamp et al. 2007). This con-
cerned us because of the impact on the accuracy of the
annotations of the IncRNAs in our data set. Specifically,
overlap IncRNA candidates should remain annotated as
bona fide IncRNA genes if their overlapping known genes
do not encode proteins. Similarly, Flank10k IncRNA candi-
dates that could be joined to their neighboring known genes
via cDNA or EST contigs should remain annotated as bona
fide IncRNA genes, if their neighboring genes—despite being
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included in known gene catalogs—in fact lack protein-coding
capacity. We hence set out to check all uninformatively
named genes throughout our data set for protein-coding
capacity, as described below (see Materials and Methods).
Nearly two-thirds (866/1397; 62%) of uninformatively
named, known, presumed-coding genes were shown to lack
protein-coding capacity by our method (Fig. 4; Supplemental
Data Set 2). Only 531 (38%) were consistent with the public
annotations designating them as protein coding. Of the
uninformatively named known genes within 10 kb of our
IncRNAs, 93 out of 164 (57%) were determined by our
method (Fig. 4) to encode noncoding RNAs and 71 were
protein-coding genes. This result further emphasizes the
utility of our ORF-Predictor/BLASTP pipeline for effective
identification of IncRNAs.

In order to comprehensively profile genome-wide ex-
pression of IncRNAs, it is important to define the extent to
which IncRNAs are represented on prefabricated commer-
cially available microarray platforms. We intersected our
data set of 5446 IncRNA genes discovered by the BLASTP
and ORF-Predictor pipeline with the UCSC Genome
Database genomic mappings of Affymetrix U133 (A and
B) and Illumina hWG-6 (v3) probe sets. Of these IncRNAs,
3116 (57%) lacked Affymetrix U133 representation, and
4100 (75%) lacked Illumina hWG6 representation (Sup-
plemental Data Set 4). Because we defined Affymetrix
representation as any same-strand overlap between the
entire genomic span of a U133 consensus exemplar se-
quence and our IncRNA, the actual percentage of our
IncRNAs lacking U133 representation might be even higher

Open Reading
Frame (ORF)
and splice
isoforms present

Not avaabel

Not available

I

NCBI BLINK

:

> 100 amino acids

if only true exon-to-exon overlaps are included. We
conclude that the majority of human IncRNAs may not
be represented by commercial microarray probe sets, and
accordingly that the commercial microarray probe sets
retain a substantial bias in favor of protein-coding genes.

DISCUSSION

To facilitate the process of identifying IncRNAs, we de-
veloped the ORF-Predictor, a high-throughput standalone
equivalent of the NCBI ORF-Finder. We have produced
a stringently compiled data set of cDNA-supported TUs,
5446 of which represent IncRNAs according to the output
of our ORF-Predictor and BLASTP parsing pipeline. The
extent of redundancy between this collection of IncRNAs
and multiple public data sets is low.

We also evaluated IncRNAs based on their proximity to
nearby known genes. Existing ncRNA databases classify
ncRNAs in different ways (Liu et al. 2005; Dinger et al.
2009) not including the proximity to known genes. Some
databases, such as RNAdb and fRNAdb, are themselves
collections of different ncRNA data sets. Published ncRNA
databases can be heterogeneous, and are not always an-
chored via GenBank accession numbers directly to primary
transcriptome data. Our contribution to the emerging
IncRNA field has been to construct an inclusive and non-
redundant IncRNA catalog incorporating our findings and
those of the published databases, as well as to stratify the
cataloged IncRNAs based on their genomic position relative
to known genes. The proximity of IncRNAs to known

ORF aligns with
known protein of
humans/primates

in length

: NCBI ORF
Gene's IongestORFl Finder

ORF aligns with known protein

ORF aligns with protein of
mammalian species outside of

OR

QORF aligns with
protein of mammalian
species outside of

v humans/primates

Gene’s longest ORF
</=100 amino acids
in length

BLASTP

If CDD present v

OR
of humans/primates

OR

humans/primates W

FIGURE 4. Protein-coding capacity testing of uninformatively named known genes that overlapped, or were located <10 kb away from, IncRNA
genes. This is a flowchart of our approach toward the definition of protein-coding capacity of uninformatively named known genes overlapping,

or in proximity to, IncRNA genes. This is a manual-curation approach.
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protein-coding genes may serve as a predictor of cis-
regulation by those IncRNAs of the known genes (Guttman
et al. 2009).

Our analysis reveals that over 65% of IncRNA genes are
located within 10 kb of known, mostly protein-coding,
genes. This suggests that cis-regulatory relationships may
exist between the IncRNAs and the known genes. Various
experimental studies suggest that gene-proximal (i.e.,
Flank10k class) IncRNAs are likely to regulate their coding
genomic neighbor in cis (or vice versa) (Rinn et al. 2007;
Faghihi et al. 2008; Guttman et al. 2009). Additionally, the
IncRNA gene and its proximal genomic neighbor might be
regulated by a common control event upstream in the
regulatory network, for example, by nearby binding of
a specific transcription factor at a single site that controls
both the IncRNA gene and its neighbor within a particular
regulatory program. Moreover, we have determined that
959 of 1561 hypothetical-protein genes overlapping or
within 10 kb of our IncRNA genes, and annotated as
protein-coding in the UCSC Known Genes and/or the
NCBI RefSeq databases, actually lack protein-coding ca-
pacity by the FANTOMS3 criterion (Dinger et al. 2008b).
This result is consistent with our discovery of thousands of
c¢DNA/EST-supported IncRNA genes, because both results
indicate that existing database known-gene annotations are
incomplete and unreliable, respectively.

Putative IncRNA genes may represent host genes that are
biologically processed into shorter functional RNAs such as
microRNAs, piRNAs, snoRNAs, or snRNAs. To investigate
this possibility, we examined all IncRNA genes in our
catalog for the internal presence of known small-RNA
genes. We compared the genome mappings of the complete
genomic spans (from the 5’ gene boundary to the 3’ gene
boundary) for 4687 IncRNAs from our pipeline with all
mapped genomic locations of known RNA genes from the
RNA Genes and sno/miRNA tracks of the UCSC Genome
Database. Thirty of the IncRNA genes overlapped with
known RNA genes of those two classes; 27 were IncRNAs
overlapping known genes and three were IncRNAs within
<10 kb of known genes. This analysis revealed that less than
1% of our IncRNA genes serve as known small-RNA host
genes, although it certainly does not exclude the possibility
that additional IncRNAs in our list are precursors of
heretofore unknown snRNA, snoRNA, microRNA, or other
small-RNA functional molecules.

The abundance, and diversity, of IncRNA genes necessitate
access to a suitable expression analysis platform. Due to
misannotation of IncRNA genes as hypothetical-protein
genes in public databases, we expected that a subset of
IncRNA genes would be represented on conventional catalog
microarrays designed for expression profiling of protein-
coding genes. We investigated this possibility by examining
the human probe sets underlying the Affymetrix U133 A and
B human gene expression analysis arrays, as well as the
[umina hWG6-v3 array. Of 5446 IncRNA genes analyzed,

1484 RNA, Vol. 16, No. 8

3116 (57%) were not represented on the Affymetrix arrays,
and 4100 (75%) were not represented on the Illumina array.
Therefore, IncRNA genes are undersampled by commercial
platforms. Our data can be used to mine existing microarray
result repositories such as NCBI GEO for IncRNA expres-
sion. Nevertheless, custom arrays and/or high-throughput
transcriptome sequencing will be necessary to quantitate the
expression of the IncRNome in a less biased fashion.

Our study does not support the protein-centric assump-
tion that the ORF of any novel cDNA encodes a hypothetical
protein. We show that numerous ¢cDNA-encoded hypo-
thetical proteins in the NCBI GenPept database fail a test
for protein-coding capacity and therefore might not encode
proteins, as large numbers of unique or highly evolution-
arily divergent proteins without protein database matches
are unlikely to exist. The protein-centric automatic assign-
ment of hypothetical-protein identifications to novel ORFs
inferred from cDNAs may merit reconsideration. However,
accurate in silico determination of protein-coding capacity
remains an unsolved problem (Dinger et al. 2008b).

The extensive experimental evidence for thousands of
IncRNA genes in the human genome establishes a frame-
work for future large-scale functional analysis of the long
noncoding transcriptome. A combination of in silico and
laboratory-based approaches will be needed to test IncRNA
genes for function. In particular, functional analysis of
IncRNA genes residing in disease candidate regions (Schaefer
et al. 2009) or in linkage disequilibrium with disease-
associated SNPs (Ishii et al. 2006) should reveal entry points
for investigating the phenotypic impact of the long non-
coding transcriptome.

MATERIALS AND METHODS

Retrieval of human IncRNA sequences

Human IncRNAs were curated from two sources (Fig. 1). One
subset was predicted by our ORF-Predictor/BLASTP-parser pipe-
line (for details, see the next section) from a human genome-wide
TU catalog (Engstrom et al. 2006). Another subset was com-
prised of four public ncRNA data sets: H-Invitational database
(H-InvDB) (Yamasaki et al. 2008), RNAdb (Pang et al. 2007), a
human-mouse conserved IncRNA set used in a high-throughput
functional screen (Willingham et al. 2005), and primate-specific
ncRNAs stratified by sequence conservation and the probability
of forming stable secondary structures (Zhang et al. 2007). It is
important to note that each IncRNA selected by us for this study
represented a distinct transcriptional unit (gene), and that,
therefore, all subsequent analyses were at the TU (gene) level,
not at an individual-transcript level.

Identification of IncRNA sequences by our
ORF-Predictor/BLASTP pipeline

We developed the program ORF-Predictor in Perl to find all the
ORFs of cDNAs, which start with ATG and end with TAA, TGA,
or TAG on the positive strand. ORF-Predictor considers all three
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positive-strand translations of each ¢cDNA input. It is different
from the NCBI ORF-Finder (http://www.ncbi.nlm.nih.gov/gorf/
gorf.html) in several ways. (1) ORF-Predictor only finds ORFs on
the positive strand of the input, while the NCBI ORF-Finder finds
ORFs on both strands. (2) Since all our input sequences are full-
length cDNAs, ORF-Predictor solely considers ORFs that start
with an ATG and end with a stop codon (TAA/TGA/TAG), while
the NCBI ORF-Finder also finds incomplete ORFs containing
a start or stop codon, but not necessarily both. (3) ORF-Predictor
processes batch sequence inputs. In contrast, the NCBI ORF-
Finder is web based, does not have a batch-input capacity, and is
not available as a standalone executable program, which limits its
throughput to one user-submitted sequence at a time. This tool
was developed because the NCBI ORF-Finder is web based and
has no exact command line alternative.

Our BLASTP result parsing tool is a Perl script that parses
BLASTP outputs and automatically determines which outputs
reveal the lack of mammalian protein sequence conservation for
each query. BLASTP result parsing was used to search query hits to
mammalian targets. Mammalian hits whose length is longer than 30
amino acids and whose e-value is less than 0.001 were accepted as
bona fide protein-coding hits; otherwise, a “no protein homology”
result was returned. NCBI BLASTP was run with these parameters:
-p = BLASTP, -e=—10.0,-G=—-1,-E=—-1,-F=T,-I=F,-X=15,
-f=11,-g=T,- Q= 1,-M = BLOSUM62, -W =3, -z=0,-K =0,
-P=0,-Y=0,-S=3,-y=0.0,-Z=0,-n=F,-w=0,-t=0,-B=0,
-V = F, and database nr.

To apply our pipeline, we first used ORF-Predictor to find all
the ORFs in all three possible reading frames on the positive
strand of each cDNA (from Engstrom et al. 2006). Then we ran
BLASTP on all ORFs longer than 30 amino acids, for each cDNA.
For each ORF we used our BLASTP result parsing module to
search the hits. If we found any hits matching our protein-coding
criteria for any ORFs, then we regarded the cDNA from which the
ORF came as the coding RNA; otherwise, it was regarded as a long
noncoding RNA (Fig. 5). Even if the ORF with the protein-coding
BLASTP hits was not the longest possible positive-strand ORF, the
c¢DNA was still labeled protein coding.

Elimination of redundant sequences

Because our data set consisted of our own IncRNA pipeline results
along with an integration of four public IncRNA data sources, we
needed to eliminate redundant IncRNAs. First, we searched each
GenBank accession number from the combined data set, detecting
all GenBank accession numbers occurring more than once. We
eliminated all IncRNAs from four data sets whose NCBI GenBank
accession numbers were redundant with respect to any FANTOM
IncRNAs. Second, we mapped all remaining GenBank accession
numbers of IncRNAs, from our pipeline and from the four public
data sets, to the HG18 human genome assembly using the
all_mrna file of the UCSC Genome Database.

Of the 5646 IncRNAs with GenBank accession numbers, 5570
mapped to one genomic location per IncRNA according to the
UCSC Genome Database all_ mrna HG18 data set. An additional
76 IncRNAs with GenBank accession numbers were absent from
the UCSC all_mrna data set, lacking UCSC-precomputed genomic
mappings. One IncRNA with a GenBank accession number had an
ambiguous mapping to multiple genomic locations in the
all_mrna data set; we arbitrarily chose one of the two coordinate

24734 cDNA sequences
from human FANTOM3
satellite dataset

lORF-Predictor

Extract all three positive-strand ORFs
(only the longest ORF for each frame)

|

For each cDNA: Does
any ORF have a
non-self mammalian hit
by BLASTP, and is this hit

longer than 30 aa ?
yes

Coding Non-coding

FIGURE 5. De novo IncRNA identification with our ORF-finding
and BLASTP-parsing pipeline. This flowchart illustrates our use of
the ORF-Predictor, which we developed, along with NCBI BLASTP to
gauge the protein-coding capacity of any cDNA. This is an automated
approach.

sets for that IncRNA. For the 76 unmappable IncRNAs, as well as
for all IncRNAs from public data sets that lacked GenBank
identifiers, we ran UCSC BLAT on the FASTA sequences to
determine the genomic position.

We checked each IncRNA, at its unique genomic mapping
location as established in the preceding paragraph, for same-
strand genomic span overlap with all other IncRNAs. If there was
same-strand overlap, regardless of intron or exon localization of
the overlap, then the two IncRNAs were regarded as redundant.
We first checked genomic position redundancy among all mem-
bers of the four public IncRNA data sources. Then we compared
the Engstrom et al. (2006) IncRNAs with the nonredundant
IncRNAs from the four public IncRNA data sets, and in the cases
of redundancies we always retained the Engstrém et al. (2006)
GenBank accession number.

Classification of IncRNA genes in terms
of their proximity to known genes

We determined the genomic position of each nonredundant
IncRNA gene relative to the genomic positions of its nearest
known genes from the RefSeq and UCSC Known Genes databases.
We divided our IncRNA genes into three categories: (1) IncRNAs
overlapping with known genes on the same strand; (2) IncRNAs not
overlapping with known genes on the same strand but within 10 kb
of known genes (we considered the shortest possible distance
between a boundary of the known gene and the closer of the two
boundaries of its neighboring IncRNA gene); and (3) IncRNAs
more than 10 kb away from known genes on the same strand.
Strand orientation was taken into account because it has been well
documented that sense and antisense transcripts are distinct at cis-
antisense loci. Distance stratification was performed because of
recent data (Guttman et al. 2009) suggesting that IncRNAs near
known genes are more likely to be functional, as well as because
of our concern that artifactual IncRNAs representing extended
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untranslated regions (UTRs) of protein-coding genes would be
contaminants of our IncRNA data set.

Independent quality assessment of IncRNA candidates
reveals that most IncRNAs are encoded by distinct
transcriptional units separated by large

genomic distances

We sorted all IncRNA mappings by orientation and genomic
position, and we extracted all same-strand pairs of the two nearest
(adjacent) IncRNAs, regardless of the intervening distance. We
defined the nearest (adjacent) IncRNAs as the two IncRNAs on the
same chromosome and on the same strand, with no other
IncRNAs between them. For each IncRNA, we calculated two
distances: one to the nearest upstream same-strand IncRNA, and
one to the nearest downstream same-strand IncRNA. We found
that most IncRNAs are located far away from other same-strand
IncRNAs. Of particular note is the finding that the majority of
IncRNA-IncRNA same-strand genomic distances (5303 out of
6681; 79%) were greater than 100 kb; 94% of the distances were
greater than 10 kb (Supplemental Data Set 10). These considerable
genomic distances between same-strand IncRNA genes suggest
that annotation artifacts, which split up single IncRNA genes with
insufficient or truncated ¢cDNA and EST support into multiple
apparent IncRNA genes, are unlikely, because such artifactual split
genes should not be separated by very large genomic distances far
exceeding typical genomic sizes of human genes.

Manual curation of IncRNA candidates near known
genes and definition of high-confidence standalone
IncRNA genes

For each IncRNA candidate within 10 kb of a known protein-
coding gene on the same strand, we visually checked, in the UCSC
Genome Browser, for the existence of a same-direction EST and/
or cDNA contig connecting the IncRNA and the known gene, with
exon overlaps of the tiled cDNAs or ESTs. If the exonic sequences
of cDNAs and/or ESTs bridged the IncRNA to its flanking gene,
then we annotated the IncRNA as putatively connected to the
flanking gene. Otherwise, we defined the IncRNA gene as a high-
confidence standalone IncRNA gene.

Protein-coding capacity of known genes that had
uninformative names and resided within 10 kb
of IncRNA candidates

We defined a gene with an uninformative name as any known gene
that had a purely alphanumeric name (e.g., “FL] number,” “KIAA
number”), a name that included the phrase hypothetical protein, or
a name that consisted solely of a GenBank accession number. We
examined the ORF, as visually indicated by the vertical dimension
of exonic-sequence rectangles in the UCSC Known Genes and
RefSeq tracks of the UCSC Genome Browser, for each such known
gene. If there were at least two protein-coding reference transcripts
visible in either or both of those UCSC tracks, and if the start and/
or stop codon locations on the genome matched between any two
or more protein-coding reference transcripts, then we labeled the
gene as protein coding. Otherwise, we checked whether NCBI
BLINK (precomputed BLASTP) was available for the putative
protein sequence encoded. If NCBI BLINK was available, then we
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considered hits spanning more than a contiguous one-half of the
protein sequence query. BLINK self-hits (human protein database
entries identical to the query sequence) were excluded. If all BLINK
hits were confined to primates and corresponded to uninformative
gene names, we considered the query gene to be noncoding. If any
BLINK hits were to more distant lineages, and/or if any BLINK hits
had informative descriptive gene names, we considered the query
gene to be protein coding. If NCBI BLINK was not available, we
used the NCBI ORF-Finder to determine the longest positive-
strand ORF of the uninformatively named known gene, based on
a full-length cDNA corresponding to the UCSC Known Genes or
RefSeq reference structure of the uninformatively named known
gene. If the ORF encoded a protein over 100 amino acids in length,
it was automatically labeled protein coding. There are several lines
of computational evidence favoring the assertion that cDNAs whose
OREFs are shorter than 100 amino acids lack protein-coding capacity
(Dinger et al. 2008b); our analysis of the Engstrom et al. (2006) data
set (data not shown) supports this assertion further, as we de-
termined that 92% of the 18,358 Engstrom et al. (2006) cDNAs
with ORFs >100 amino acids, 15,780 of which corresponded to
RefSeq genes, also have conserved ORFs. Therefore, to examine the
protein-coding capacity of shorter-than-100-amino acid ORFs, we
manually performed NCBI BLASTP searches with conserved
domain database (CDD) queries. Genes with CDD domain hits
and/or coding BLASTP protein database hits were labeled protein
coding. (The definition of protein-coding versus noncoding
BLASTP hits was identical to that used for BLINK hits above.)
Figure 4 summarizes our protocol for verifying the protein-coding
capacity of genes that are allegedly protein coding in public
databases but have uninformative names.

Validating protein-coding capacity of transcripts
using the CPC tool

cDNA sequences were obtained for our IncRNA catalog, and for the
protein-coding (NM_# accessions only) component of the NCBI
RefSeq known-gene catalog. For ncRNAs, all sequences were suc-
cessfully extracted and submitted to the CPC, except for 297
predicted noncoding RNAs from the study of Zhang et al. (2007),
whose genomic span and strand are uncertain. A similar analysis was
also carried out for 27,864 coding RefSeq genes, having accession
identification numbers commencing with “NM.” All ncRNA and
RefSeq cDNA sequences were submitted in FASTA format to the
CPC web server (http://cpc.cbi.pku.edu.cn/) (Kong et al. 2007).
Based on the recommendations of Kong et al. 2007, the protein-
coding capacity of ncRNA and RefSeq transcripts were classified by
their resultant CPC score: <—1, noncoding; from —1 to 0, weakly
noncoding; from 0 to 1, weakly coding; and >1, coding.

SUPPLEMENTAL MATERIAL

Supplemental material can be found at http://www.rnajournal.org.
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