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Post-transcriptional processing events related to short RNAs are often reflected in their read
profile patterns emerging from high-throughput sequencing data. MicroRNA arm switching across
different tissues is a well-known example of what we define as differential processing. Here, short
RNAs from the nine cell lines of the ENCODE project, irrespective of their annotation status, were
analyzed for genomic loci representing differential or coherent processing. We observed differential
processing predominantly in RNAs annotated as miRNA, snoRNA or tRNA. Four out of five known
cases of differentially processed miRNAs that were in the input dataset were recovered and several
novel cases were discovered. In contrast to differential processing, coherent processing is observed
widespread in both annotated and unannotated regions. While the annotated loci predominantly
consist of ~24nt short RNAs, the unannotated loci comparatively consist of ~17nt short RNAs.
Furthermore, these ~17nt short RNAs are significantly enriched for overlap to transcription start
sites and DNase I hypersensitive sites (p-value < 0.01) that are characteristic features of transcription
initiation RNAs. We discuss how the computational pipeline developed in this study has the potential
to be applied to other forms of RNA-seq data for further transcriptome-wide studies of differential
and coherent processing.

Post-transcriptional processing (RNA processing) is a mechanism by which the primary transcripts are
processed to produce functional RNA fragments. Alternative splicing and biogenesis of non-coding RNA
have been suggested as two important components of RNA processing1, which in turn contributes to the
diversity of transcriptome inside a cell. These are essential components that act as a significant force in
the evolution of phenotypic complexity in mammals2,3 and have been subject to intense study in recent
years4–7. It has already been established from the studies of alternative splicing that the isoform of a
transcript (mRNAs as well as some long non-coding RNAs, lncRNAs) adds to the regulatory complexity
beyond differential expression, for example by tissue specific alternative splicing8,9. Notably, these isoforms can sometimes be characterized by a completely non-overlapping sequence, as it is the case for
the PKM gene, whose alternatively spliced isoforms are comprised of two non-overlapping exons of the
gene10.
Similar to alternative splicing, biogenesis of non-coding RNAs (ncRNAs) can also be fine-tuned
through alteration in the post-transcriptional processing mechanism. We here refer to this phenomenon
as differential processing. A good example of such an alteration is observed during the process termed as
‘arm switching’ in which the premiRNA switches the arm from where the mature miRNA is processed11,12.
However, a key question is whether differential processing is found in other types of transcripts and to
which extent. Here, we address this question within the context of small RNAs. Furthermore, given that
many transcripts can also have only a single isoform and can be coherently processed with well defined
start and end positions, for example the premiRNAs having a consistent dominant arm13, we also address
how widespread such coherently processed transcripts exist within the context of small RNAs.
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Notably, much of the regulation in the biogenesis of non-coding RNAs (ncRNAs) has been studied by
comparing their expression profiles between multiple tissue samples14,15 and has mostly been focused on
miRNAs, even though emerging studies involve long ncRNAs (lncRNAs)16,17. Since, differential processing can potentially be independent of the expression level, it is important to analyze this phenomenon
using the actual patterns that originate when short RNAs (reads) generated during ncRNA processing
are sequenced and mapped back to the host genome. These patterns, referred to as ‘read profile’ or ‘block
group’, represent the positional arrangement of reads mapped at a locus and are characterized by distinct
clusters of reads with similar start and/or stop position referred to as block18 (Supplementary Fig. S1).
They are often influenced by chemical modifications like in case of tRNAs19 or by secondary structure
like in case of miRNAs. The read profiles have been utilized to distinguish between major ncRNAs such
as miRNA, snoRNA and tRNA18,20. Tools such as miRDeep221 and miRDeep* 22 employ the read profiles
along with the secondary structure potential to predict miRNAs. Likewise, the primary online repository of miRNAs, miRBase has also exploited the read profiles to provide detailed evidence of miRNA
annotations23. In this study, we extract read profiles from short RNA-seq experiments performed on nine
human cell lines and analyze them for differential and coherent processing using a novel computational
approach. We determine distinct characteristic features such as read length, ncRNA annotation and regulatory elements, such as transcription start sites associated with differential and coherently processed
read profiles. We also show that the read profiles are reproducible between experiments performed on
the same tissue in the same as well as different laboratories. Even though we employ our approach on
small RNA-seq data, we discuss its potential on other forms of RNA-seq data by showing two examples
of differential processing that we observed upon the analysis of total RNA-seq data.

Results

Differential processing analysis. We analyzed the block groups or read profiles derived from the
ENCODE dataset24,25, which is comprised of short reads sequenced from the two biological replicates of
nine human cell lines (Supplementary Table S1). The analysis of the read profiles from the two biological replicates was performed separately (independent) as well as together (combined) using a pipeline
developed for differential processing analysis (see methods). During the combined analysis, we analyzed
701 loci resulting from the conservative requirement that a block group or read profile must be observed
in both the replicates of all nine cell lines (see Methods for details). Similarly, we analyzed 778 and 911
loci from replicate 1 and 2 independently, again with the requirement that a block group is observed in
all the nine cell lines of the respective replicates. Our aim is to determine the extent by which the read
profiles at 701 loci are distinct for a subset of cell lines from the rest (differentially processed loci; DPL)
or are completely similar across all cell lines (coherently processed loci; CPL). We used the DPL and
CPL identified from the independent analysis of 778 and 911 loci to measure the agreement between the
predictions from those identified from combined analysis of 701 loci.
We predict a genomic locus as differentially processed, if the read profiles for a subset of cell lines
are dissimilar in comparison to those from rest of the cell lines. The dissimilarity is measured in terms
of a cluster score that measures how well separated the read profiles are within a cluster to read profiles
outside the cluster (see methods for details). We took an empirical threshold of 0.15 for cluster score,
which was determined after comparing the frequency distribution of cluster scores obtained after the
differential processing analysis of read profiles from the same cell lines and different cell lines, respectively (see Supplementary Fig. S2). We observed only 1% differentially processed loci from the analysis
of read profiles between the same cell line in comparison to 14% such loci identified from the analysis
between different cell lines (Supplementary Methods), suggesting that the read profiles between the same
cell line are seldom so different that they can lead to a cluster score above the chosen threshold of 0.15.
High reproducibility between RNA-seq experiments from same as well as different laboratories has also
been observed previously26,27.
Differential processing is mostly observed at loci annotated as miRNA, snoRNA and
tRNA. Out of 701 loci analyzed, differential processing was observed for 97 loci (DPL). Although

about one-third of the 701 loci were unannotated (216 out of 701, 31%), only a marginal proportion
(three out of 216, 1%) of them were differentially processed (Supplementary Table S2). In contrast,
almost all DPL (94 out of 97) were annotated to non-coding RNAs (22 miRNAs, 31 snoRNAs, 30 tRNAs
and 11 other ncRNAs). Figure 1 illustrates four examples of DPL observed in the ENCODE dataset. The
first two examples are miRNAs namely, hsa-mir-30a and hsa-mir-30e, which have a distinct expression
profile between the two arms of pre-miRNA (5′ and 3′ end) across cell lines. While the 5′ end is more
expressed in the majority of cell lines, the expression at 3′ end is more pronounced in HEPG2 (liver),
H1-hESC (embryonic stem cell) and BJ (skin) for hsa-mir-30a. This is a known example of ‘arm switching’, where pre-miRNA switches the arm from where the mature miRNA is processed11,28. Similar arm
switching is also observed for hsa-mir-30e, which also has previously been reported using PCR-based
method for miRNA quantification28. Intriguingly, both hsa-mir-30a and hsa-mir-30e, which belong to
the same miRNA family (mir-30), are differentially processed between similar set of cell lines (HEPG2,
H1-hESC and BJ) and have both been shown to be implicated in epithelial-mesenchymal state transition (EMT) in human pancreatic cells29. In total, we identified 22 differentially processed miRNA loci,
of which nine are clear cases of ‘arm switching’ (Supplementary Table S3) and the remaining 13 cases
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Figure 1. Examples of differentially processed loci (DPL) obtained after the analysis of short total
RNA-seq data from nine human cell lines (two biological replicates each). Each panel shows the read
profiles (in black) across nine cell lines (both replicates), along with the normalized expression of constituent
read blocks (Equation 4). Tree branches corresponding to the distinct clusters of cell lines (p-value <  0.05)
are marked with different colors. In all the four examples, we observe two distinct set of read profiles
characterized by high expression from one end of the read profile in a sub-set of cell lines and from another
end in rest of the cell lines. (A,B) MiRNA read profiles exhibits a typical example of a process called ‘arm
switching’ where pre-miRNA switches the arm from where the mature miRNA is processed11. Similar read
profiles are observed in both the biological replicates despite much variability in their expression. (C,D)
Transposition in the expression from the two ends is also observed for tRNA and snoRNA loci. These and
rRNAs have also been shown to produce small 5′ and 3′ end fragments in an asymmetric manner that
predominantly favors either the 5′ or 3′ end34. In snoRNA profile, due to high variation between the read
profiles from the two biological replicates of skin, we observed inconsistent cluster scores of 0.19 and 0.14
in replicate 1 and 2, respectively. The nine cell lines from ENCODE are abbreviated with the initials of the
parent human tissues (Bl: blood, GM12878; Br: brain, SK-N-SH RA; Bt: breast, MCF-7; Ce: cervix, HeLa-S3;
Ep: epithelium, A549; Es: embryonic stem cell, H1-hESC; Li: liver, HEPG2; Lu: lung, AG04450; Sk: skin, BJ).
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exhibit ‘arm loss’. Note that all these cases fulfill the requirement of expression in both replicates of all
nine cell lines. Five out of the nine clear cases of ‘arm switching’ have previously been reported, three in
human and two in mouse (Supplementary Table S3). From the opposite perspective, a total of 39 cases of
‘arm-switching’ have been reported in human, of which five fulfilled the expression criteria and are thus
in our input set. Four of them are recovered, three as arm switched and one as arm loss (Supplementary
Table S4). Also, none of the remaining 12 cases of arm-loss correspond to 33 previously known cases of
arm switching in mouse30,31.
In addition to miRNAs, we also observed differential processing in 31 snoRNAs, 30 tRNAs and 11
other ncRNAs (Supplementary Table S2). The third and fourth example in Fig. 1 illustrates differential
processing (DP) at loci encoding for a tRNA and snoRNA, respectively. Similar to miRNAs, both loci are
characterized by transposition in expression from the two ends of its read profile (Fig. 1C). Preferential
processing of small RNAs (19 nt) from the 5′ end of tRNAs was first reported in Arabidopsis32 which
was later supported by another genome-wide study33. Also in human and mouse, tRNAs, snoRNAs,
rRNAs and snRNAs have been shown to produce 5′ and 3′ end short RNA fragments in an asymmetric manner that predominantly favors either the 5′ or 3′ end34,35. Many of these fragments, specifically
those processed from tRNAs, have been shown to be capable of down regulating target genes in vitro34.
Inherent consistency of read profiles, composed of small RNA fragments between the two biological replicates further suggests that, besides miRNAs, structural ncRNAs such as snoRNAs, tRNAs and rRNAs
can also be processed to produce shorter RNA fragments. The graphical illustration of the read profiles
corresponding to all of the 97 DPL predicted on the combined analysis of the two biological replicates
is available in the supplementary file.

miRNA arm switching and its effect on the expression of target genes. We further analyzed
the expression of twelve genes, which are targeted by either of the two differentially processed miRNAs
(hsa-mir-30a and hsa-mir-30e; Fig. 1A,B). The miRTarBase database that contains the experimentally
validated miRNA-target interactions was used to determine the twelve target genes36. These twelve genes
were selected because they have been validated by three independent experimental methods (luciferase
reporter assay, qRT-PCR and western blot)36. The fold change in the expression of the target genes was
compared, using DESeq237 between embryonic stem cell (H1-hESC) and epithelial cell (A549) lines in
which the alternative arms of both the miRNAs are dominantly expressed (Fig. 1A,B). To determine the
expression of the genes in H1-hESC and A549 cell lines, we used the corresponding polyA long RNA-seq
read data sets, downloaded from the ENCODE project24 in SAM format38. For all the genes, except
DTL, we observed an anti-correlation between the expression of miRNA arm (5p or 3p) and the target
genes (Fig. 2), which is a characteristic feature of miRNA-target interaction. Interestingly, one of the key
genes, SNAI1 involved in epithelial-mesenchymal transition and target of the miRNA, hsa-mir30e-5p is
also highly expressed in H1-hESC in comparison to A549. Although the higher expression of SNAI1 in
H1-hESC does not reach the significance level of < 0.05, an apparent increase in its expression relative
to that in the A549 cell line is in agreement with the role of SNAI1 to induce epithelial to mesenchymal
transition by repressing the expression of E-cadherin protein. E-cadherin is highly expressed in epithelial
cells and is responsible for maintaining cell adhesion, a primary feature of epithelial cells. Thus, the lower
expression of hsa-mir-30e-5p and the up-regulation of target gene, SNAI1 in H1-hESC as compared to
in the A549 cell line supports the role of hsa-mir-30e in epithelial-mesenchymal transition as suggested
in an earlier study29.
Read profiles are reproducible and robust against local sequence context and expression
variation between samples. To measure the extent of reproducibility between read profiles, we

compared them between pair of short RNA-seq experiments performed on the same tissue as well as
between different tissues, respectively. The analysis was replicated for experiments performed in same
as well as different laboratories (see Supplementary results and Supplementary Table S5 for details). We
observed a significantly higher percentage (95% at p-value < 0.01, Fisher’s exact test) of short RNAs,
which exhibit reproducible read profiles between short RNA-seq experiments performed on the same tissue in comparison to those performed between different tissues (Supplementary Fig. S3, S4 and Results).
Thus, our analysis agrees with the idea that a read profile of a transcript is a reproducible phenomenon
and by being more consistent between replicates of the same tissue, it often represents the processing
mechanism of the host transcript.
Owing to the reproducibility of read profiles, we observed a high correlation (R2 of 0.73 to 0.8)
between the cluster scores obtained after the analysis of the two replicates of the ENCODE dataset
independently and after combining them together (Supplementary Fig. S5, S6 and Results). Most DPL
were having consistently high cluster scores between the two sets of analysis (independent and combined) suggesting robustness of the proposed method (Supplementary Fig. S5, Supplementary Table S6
and Results). We also analyzed the dependency of cluster score and deepBlockAlign alignment score
on the number of blocks within the reads profiles. We observed a negative correlation (R2 =  − 0.61;
p-value =  4.0e-37) between the alignment score and number of blocks, presumably due to higher entropy
in the positional arrangement of reads18 within read profiles containing higher number of blocks. Indeed,
a positive correlation (R2 =  0.43; p-value =  4.2e-13) was observed between the entropy and number of
blocks. However, we did not observed any correlation between the cluster scores and number of read
Scientific Reports | 5:12062 | DOI: 10.1038/srep12062
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Figure 2. The fold change (log2) in the expression of twelve genes targeted by either of the two
differentially processed miRNAs, has-mir-30a and has-mir-30e. In Embryonic stem cell (Esc), the 3p-arm
of both the miRNAs is dominantly expressed. Consequently, we see a decrease in the expression of genes
targeted by 3p-arm (green bars) in Esc. In contrast, the genes targeted by the 5p-arm, which is dominantly
expressed in epithelial cells, show increase in their expression (yellow bar) in the Esc. A significant difference
in the expression is computed using DESeq237 and the significance level (p-value) is indicated adjacent to
each bar.

blocks (R2 =  − 0.05; p-value =  0.38), suggesting it to be robust towards the number of blocks within the
reads profiles at a locus.
The GC content and various dinucleotide frequencies related to GC content have been shown to bias the
transcript coverage39,40. Upon investigation, we observed no significant difference (Kolmogorov-Smirnov
test, p-value < 0.05) in the density distribution of the nucleotides between differentially processed
and background loci (Supplementary Fig. S7–S11 and Results). Also, the analysis after accommodating for bias effect gave similar results (Supplementary Fig. S12). Similarly, the alternatively processed
forms of transcripts from 97 DPL were not influenced by their expression difference between samples
(Supplementary Results).

Coherent processing analysis. For each of the 701 loci where block groups are observed in both

replicates of nine cell lines from the ENCODE dataset, we aligned all block groups against each other
using deepBlockAlign18 and computed the mean alignment score (Fig. 3A). We observed a bimodal
distribution characterized by around half of the loci (353) having a mean alignment score of ≥ 0.8 and
the rest of the 348 loci having a mean alignment score of < 0.8 (Fig. 3B). Since, the alignment score is
a measure of similarity between two read profiles, a high mean alignment score (≥ 0.8) for the 353 loci
indicates that the corresponding read profiles are coherent in terms of their respective arrangement
of reads across different cell lines. We therefore have termed the 353 loci (alignment score ≥ 0.8) as
Coherently Processed Loci (CPL). To further characterize the distinct features of read profiles or block
groups from CPL, we compared the 6,354 block groups from 353 CPL with 6,264 block groups from
the rest of the 348 loci (18 block groups per locus due to two replicates for each of the nine cell lines)
in terms of the number of blocks, entropy and length of the block groups. Here, entropy measures the
randomness in the arrangement of reads within a block group18. The lower the entropy, the more precisely arranged are the reads with respect to their start positions within the block group. We observed a
significant enrichment (p-value =  5.8e-243, Fisher’s exact test) of 5,371 (85%) block groups that are short
and composed of precisely arranged constituent reads at the 353 CPL in comparison to 1,875 (30%) of
such block groups at the rest of the 348 loci (Supplementary Table S7). We define a block group as short
and precise, if it is composed of only one read block, have low entropy of ≤ 2 and is ≤ 40 nt in length.
Interestingly, in contrast to DPL that were mostly annotated, more than half of the CPL (195 out of
353) were unannotated and the remaining 158 CPL were annotated as miRNA, snoRNA, tRNA or other
ncRNA (rRNA, snRNA and scRNA) as shown in Fig. 3C. Furthermore, almost all (346 out of 353) CPL
were observed within non-exonic regions of the genome (116 in intron, 67 in 5′ UTR, 49 in 3′ UTR and
Scientific Reports | 5:12062 | DOI: 10.1038/srep12062
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Figure 3. Analysis of read profiles from 701 genomic loci (L), their mean alignment scores (S) and its
relationship to non-coding RNA processing and annotation. (A) General outline of various analysis steps
performed to identify differentially and coherently processed loci. (B) Mean alignment score is computed by
all versus all alignment of read profiles at each of the 701 loci using deepBlockAlign and computing their
mean. A bimodal distribution is observed where all 97 differentially processed loci (DPL) and 251 non-DPL
have a mean alignment score of < 0.8, while the rest 353 loci have a mean score of ≥ 0.8. Here, a high mean
alignment score (≥ 0.8) indicates coherent read profiles across all cell lines at a locus (coherently processed
loci; CPL). Non-DPL refers to those loci where the read profiles are neither differentially nor coherently
processed. (B) Density distribution of the non-coding RNA annotations belonging to each of the three
categories of genomic loci (DPL, non-DPL and CPL). Coherently processing (CPL) is enriched in
unannotated loci (p-value =  5.8e-07, Fisher’s exact test). In contract, most (83 out of 97) DPL are annotated
(see methods) for the three ncRNA classes (miRNA, snoRNA and tRNA).

114 in intergene) and were significantly enriched in 5′ UTR (p-value =  0; Binomial test) and 3′ UTR
regions (p-value =  5.03e-97; Binomial test) (Supplementary Methods).

Annotated CPL encode for short RNAs that are preferentially biased in terms of their position
towards the 5′ or 3′ end of the corresponding non-coding RNA. Among the 158 annotated CPL,

62 miRNA CPL, as expected, were composed of a single read block corresponding to the mature arm
and were missing the reads corresponding to the passenger arm mainly due to low expression (< 10%)
relative to total expression of the miRNA block group. However, we did not observe any preference in
the position of the mature arm with respect to location in either the 5′ or 3′ end of the pre-miRNA
(Supplementary Fig. S13A). Similar to miRNAs, almost all of the other ncRNAs associated with CPL
were composed of a single block of reads, albeit different in terms of the specific preference in the position of the read block within the ncRNA gene (Supplementary Fig. S13B–E). More specifically, the read
block within the 61 CPL snoRNAs (48 C/D-box snoRNAs and 13 H/ACA-box snoRNAs) was located
exclusively at the 5′ end (Supplementary Fig. S13B,C). For 16 tRNAs, the read block was observed at both
the 5′ and 3′ end, however most were preferentially located at the 5′ end (Supplementary Fig. S13D).
The read block was located preferentially towards the 3′ end of the 13 rRNAs (Supplementary Fig. S13E).
The generation of small RNA fragments (> 18 nt)34,41–45 and their preferential bias towards the 5′ or
3′ end of these ncRNA classes have also been observed in recent studies32,34,35. In agreement with the
observation by Li et al.34, we also observed that a major fraction of reads within the tRNA genes is generated from the 5′ end. These small RNA fragments are largely independent of the canonical RNA interference (RNAi) processing machinery and are involved in diverse biological processes34,46. Although it is
tempting to assume the small reads processed from tRNAs and rRNAs as degradation products, mainly
due to the high expression of these ncRNAs within the cell, a recent study has shown that tRNAs and
Scientific Reports | 5:12062 | DOI: 10.1038/srep12062
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rRNAs undergo stress induced cleavage to produce stable small RNAs, and this mechanism is conserved
from yeast to human cells47. Furthermore, the small reads from tRNAs have also been shown to associate
with Ago2 and down regulate the target genes by transcript cleavage in vitro34. Similarly, the small RNAs
processed from snoRNAs have been shown to have functional role in the regulation of either splicing,
or translation35,42,48. The precise processing (low entropy of the read block) and complete consistency
(high deepBlockAlign score) in the read profiles composed of these small reads across multiple human
cell lines further support the functional relevance of these small RNAs. The graphical illustration of the
read profiles corresponding to all of the 153 annotated CPL predicted on the combined analysis of the
two biological replicates is available in the supplementary file.

Unannotated CPL encode for short RNAs that are enriched for co-location to Transcription
Start Sites (TSS) and transcribed regions in the human genome. Out of 216 unannotated loci

analyzed, 195 (90%) loci were observed to harbor coherent read profiles (p-value =  5.8e-07, Fisher’s exact
test, Fig. 3C). We have referred to a locus as unannotated, if it is devoid of any non-coding RNA annotation (see Methods). To determine the functional annotation corresponding to 195 unannotated CPL,
we performed an enrichment analysis of CPL against the ENCODE genome segmentation tracks in
which the human genome has been divided into seven distinct chromatin states representing regulatory
and functional activity of genomic regions49,50 (Supplementary Methods). The enrichment analysis was
performed using the simple binomial model where we compare the frequency by which the CPL overlap
to a chromatin state with the frequency that is expected under the null model of throwing a dart onto
the genome51 (Supplementary Methods).
Out of the seven distinct chromatin states, we observe a significant enrichment of the CPL within
two states, TSS and transcribed region in all of the six cell lines from which they were generated
(p-value <  0.01, Binomial test, Fig. 4A). In total, 107 out of 195 CPL were observed to be overlapping to
a TSS (23) or a transcribed region (84) in at least one out of the six cell lines. Recently, a novel class of
non-canonical miRNAs derived from transcription start site of protein coding genes (TSS-miRNAs) has
been discovered in mouse52. However, we did not observed an enrichment of 195 CPL with the orthologous TSS-miRNAs in the human genome (p-value =  0.28, Binomial test).
Next, we analyzed the enrichment of 195 CPL for short and long ncRNAs generated due to the bidirectional nature of the transcription initiation at active TSS and enhancer regions53–58. These ncRNAs
include small (< 22 nt) ncRNAs, synonymously termed as transcription initiation RNA (tiRNAs) or transcription start site-associated RNAs (TSSa-RNAs)53,54,57 and long ncRNAs, such as promoter-upstream
transcripts (PROMPTs) or long non-coding RNAs (lncRNAs)57,58 generated from the bidirectional TSS.
The tiRNAs or TSSa-RNAs, in particular, are derived from nascent RNAs protected by stalled RNAPII
against nucleolysis57. To determine the possible association of 195 unannotated CPL with tiRNAs, we
compared the length of reads from these CPL with those mapped to 158 annotated CPL and observed
two completely distinct distributions. While most of the reads from annotated CPL were > 22 nt with
a modal length of 24 nt, most reads from unannotated CPL were < 22 nt having a modal length of 17
nt (Fig. 4B), thus agreeing with the tiRNAs in terms of the read length. Next, we analyzed the location
of the unannotated CPL with respect to the TSS and observed 41 CPL to be located within a window
of 1000 nt upstream and downstream to the TSS (Fig. 4C). The TSS are determined using the 5′ end of
the gene annotations available from the GENCODE project59. Specifically, we divided the 2000 nt sized
window around TSS into 100 equally sized bins of 20 nt each and computed the percentage overlap of
a CPL at each bin. The percentage overlap of each bin is then averaged over all the 41 CPL. In agreement with Taft et al.54, we observed CPL in the sense direction peaking at the 50 nt downstream to
the TSS. Furthermore, similar to anti-sense tiRNAs reflecting bidirectional promoters, many CPL were
also located upstream to the TSS in anti-sense direction. However, unlike tiRNAs, we also observed
CPL located up to 650 nt upstream to the TSS in sense direction and 100 nt downstream to the TSS
in anti-sense direction (Fig. 4C). Figure 5 shows four representative examples of CPL located at or in
proximity to TSS or enhancer regions. The TSS or enhancer regions are supported by an enrichment
of H3K4me3 or H3K4me1 histone modification, enrichment of DNAase I hypersensitivity clusters and
presence of POL2 binding site.
Only 41 out of 195 unannotated CPL were observed near (1000 nt up- or downstream) the TSS,
despite that almost all of them are having a read length similar to that of tiRNAs. Also, only four out of
195 unannotated CPL overlapped with the 2,428 gene promoters (p-value =  0.97, Binomial test) studied
for enrichment of PROMPTs57. We suspect that this is due to the fact that the 2,428 promoters represent a small subset of all human gene promoters, selected on the basis that they should not overlap any
other annotated mRNA57. Therefore, we also performed an enrichment analysis of the remaining 154
CPL for the DNase I hypersensitive sites (DHS) that reflect an open chromatin structure, a marker to
cis-regulatory regions bound by transcription factors in the genome. We used the DHS determined based
on the DNase-seq experiments performed on 125 cell lines in the ENCODE project60 and observed a
significant enrichment of 154 CPL for overlap to the DHS (p-value =  3.5e-11, Binomial test). In total,
we found 47 CPL overlapping to DHS. As expected, similar enrichment was also observed for all 195
CPL at the DHS (p-value =  8.2e-29, Binomial test). Thus, out of 195 CPL, we observed 88 CPL overlapping DHS (47) or in close proximity to known TSS (41). The graphical illustration of the read profiles
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Figure 4. Read length and genomic location of read profiles from 195 unannotated and coherently
processed loci (CPL) in the ENCODE dataset. (A) The 195 CPL are consistently enriched (binomial test,
p-value <  0.01; number in the boxes) for co-location to transcription start sites (TSS) and transcribed
regions (x-axis) across all six human cell lines (y-axis). In all the six cell lines, the whole human genome
has been divided into seven genomic distinct regions (enhancer, TSS, transcribed, CTCF, promoter
flanking, weak enhancer and repressed) using ChIP-seq data from the ENCODE project49,50. (B) Two
distinct distributions of read length from 195 unannotated and 158 annotated CPL, respectively were
observed. While most reads from annotated CPL were ≥ 22 nt in length, unannotated CPL were observed
to be comprised mostly of reads that are < 22 nt in length. A CPL is termed as annotated, if its genomic
coordinates overlaps to the coordinates of a ncRNA and unannotated otherwise. C) Out of 195 unannotated
CPL, read profiles from 41 loci are observed to be in proximity (1000 nt up- or downstream) to TSS and the
reads from these loci are mostly observed to be either upstream or overlapping (− 650 to 120 nt) to the TSS.
Displayed is the mean percentage overlap of 41 read profiles (y-axis) at each of the 20 nt bin into which the
genomic region 1000 nt up- and down-stream of TSS has been divided (x-axis). The bars above and below
the x-axis show the coverage of those read profiles, which are in sense and anti-sense direction to that of the
transcription, respectively. The black vertical line indicates the transcription start site and black arrow depict
the direction of transcription.

corresponding to all of the 195 unannotated CPL predicted on the combined analysis of the two biological replicates is available in the supplementary file.

Discussion

We use read profiles obtained by analyzing short RNA-seq data from nine human cell lines (two biological replicates each; Supplementary Fig. S1) to determine the prevalence of differential and coherent
processing in the human transcriptome (< 200 nt). We define a genomic locus as differentially processed
Scientific Reports | 5:12062 | DOI: 10.1038/srep12062
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Figure 5. Representative examples of coherently processed loci (CPL). UCSC genome browser view
showing the genomic location of four CPL (A–D). All the CPL (marked in red) are located at active
promoter or enhancer regions (highlighted in green) as supported by an enrichment of H3K4me3 or
H3K4me1 histone modification (signal height), enrichment of DNAase I hypersensitivity clusters (black
bars) and presence of POL2 binding site (black bars). Also shown are the read profiles corresponding to four
CPL (inset) organized in nine rows (cell lines) and two columns (replicates). As evident the read profiles are
similar across both replicates of nine cell lines.

(DPL) if the read profiles, which represent the positional arrangement of reads mapped at a locus, are
distinct for a subset of cell lines from the rest. On the other hand, a locus is termed as coherently processed (CPL), if the read profiles are similar across all cell lines. We show distinct distributions of differential and coherently processed loci in annotated and unannotated regions of the genome, respectively.
While almost all of the DPL are observed in genomic regions annotated for various ncRNAs, especially
miRNA, snoRNA and tRNA, CPL are almost equally distributed in annotated and unannotated regions.
This suggests that much of the regulation in the processing mechanism of small RNAs happens for annotated ncRNAs that are known to play an important role in the active gene regulation such as miRNA,
snoRNA and tRNA7,34,61.
A total of nine clear cases of ‘arm switching’ are observed in miRNA. Two of the observed miRNA ‘arm
switching’ cases are from the hsa-mir-30 family (hsa-mir-30a-5p and hsa-mir-30e-5p). These miRNAs
are co-transcribed from the intron of genes encoding for transcription factors and have been suggested
to be involved in epithelial-mesenchymal transition (EMT) in human pancreatic cells29. Specifically,
hsa-mir-30e is co-transcribed from the intron of NF-YC transcription factor gene and, both of these
up-regulates the expression of E-cadherin protein that maintains the epithelial cell phenotype62. While
NF-YC directly up-regulates the expression of the E-cadherin gene, hsa-mir-30e contributes to maintain the epithelial state by binding to the 3′ UTR region of the SNAIL1 transcript thereby inhibiting its
translation, which otherwise acts as a repressor to the NF-YC63. Furthermore, the regulatory role of the
reads expressed from both the arms of hsa-mir-30e has been established using a PCR-based method for
miRNA quantification28. Upon analyzing the effect on the expression of twelve genes targeted by the
two alternate mature arms (5p and 3p) of hsa-mir-30a and hsa-mir-30e, we observe an anti-correlation
Scientific Reports | 5:12062 | DOI: 10.1038/srep12062
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between the expression of almost all target genes and the mature arm, which is a characteristic feature
of miRNA-target interaction.
Apart from the clear cases of ‘arm switching’ in miRNA, many snoRNAs, tRNAs and rRNAs are also
observed to have transposition in the expression of reads from their 5′ and 3′ ends across cell lines. The
feature of snoRNA, tRNA and rRNA to produce short reads from their 5′ and 3′ ends in an asymmetrical
manner has been reported earlier34,35. Here, we show that this feature is consistent as well as regulated
across different human cell lines. This further supports the conclusion of recent studies that these structural ncRNAs are also processed to form functional short RNA fragments34,41–45,47,64. Employing more
relaxed criteria, such as requiring less presence in fewer cell lines than all nine is expected to result in
higher sensitivity. Furthermore, besides the differential processing, a part of the difference observed
between read profiles might arise from differential stability of the RNA in different cell lines. Here,
differential stability refers to the similar transcriptional level of a mRNA but difference in its stability
arising due to various posttranscriptional events including processing. Differential stability often leads to
differential expression between cell lines65.
Similar to DPL, CPL are also observed in regions annotated for various ncRNAs, especially miRNA
and snoRNA. Interestingly, ~50% of the miRNAs analyzed are observed to have coherently processed
read profiles, primarily composed of one read block corresponding to the same mature arm across all cell
lines. This observation is in agreement with an earlier study that has shown that 50% of the pre-miRNAs
exhibit the same dominant strand across multiple tissues13. In contrast to miRNA, CPL annotated for
snoRNA, tRNA and rRNA show position bias in the arrangement of reads from their 5′ or 3′ ends, as it
has also been observed in an earlier study34. In contrast to DPL, CPL are significantly enriched in unannotated regions. In fact, ~90% (195 out of 216) of the analyzed unannotated regions are observed to harbor coherently processed read profiles. We showed that the reads processed from these 195 unannotated
CPL are significantly shorter (< 22 nt) and are enriched for transcription start sites and DNase I hypersensitive sites in the human genome. Many of the reads encoded from these loci showed read length
and proximity to transcription start sites (TSS) similar to the recently discovered class of small ncRNA,
transcription start site-associated RNA (TSSa-RNA) or transcription initiation RNA (tiRNA)53–56.
Several recent studies have shown read profiles as a distinct feature of various non-coding RNAs representing their processing mechanism18,20,66,67. However, their reproducibility within biological replicates
from the same and different laboratories has never been established, an essential prerequisite for the analysis required in this study. Consequently, we show that read profiles are indeed more consistent between
short RNA-seq experiments replicated over the same in comparison to different tissues, both in the same
as well as different laboratory. However, at a few loci, we also observe inconsistency between the two biological replicates due to the high variability of read profiles, especially for snoRNA and tRNA. This could
be due to the higher dynamics in the processing of the snoRNAs and tRNAs, which at least for snoRNAs
has been reported in Windhager et al.1 where it was shown that many introns encoding for snoRNAs
have poor processing efficiency. Furthermore, in comparison to miRNAs, the read profiles for snoRNAs
and tRNAs are less precise in the arrangement of constituent reads with respect to their start positions18,
which also point to high dynamics in their processing mechanism. Although used on small RNA-seq
data, our pipeline can be employed on any type of RNA-seq data as exemplified by Supplementary Fig.
S14 and S15. In the first example, the differential processing is observed in the 3′ UTR of the RABEP1
gene using total RNA-seq data68. The example supports the expression of an alternate splice form of
transcript in several tissues that is comprised of a region otherwise annotated as intron by RefSeq69.
Intriguingly, the alternate splice form of the transcript is supported by the latest Ensembl annotation70
(Supplementary Fig. S14). The second example illustrates the phenomenon of differential processing at
a much larger region (~500 nt) that partially overlaps a pseudo gene as per latest Ensembl annotation70
(Supplementary Fig. S15). However, the reasoning behind this DPL is yet to be interpreted.
In conclusion, our results highlight the significance of read profiles to understand the processing
mechanism and its fine regulation in various non-coding RNAs. We show the extent of differential and
coherently processed loci in human genome, and points to various loci, for which the functional annotation is yet to be described. We anticipate that the processing analysis will enter functional studies of
genes in parallel to the differential expression analysis. Future directions include experimental validation
of some of the differentially processed loci. Also, the relationship between expression of small RNAs processed from unannotated CPL and their proximal gene body will be investigated to study the potential
role of these small RNAs as enhancer RNAs. Another useful validation step to the proposed differential
processing pipeline can be to compare the expression of processed small RNAs with that of the parent
primary transcript using polyA RNA-seq data.

Methods

High-throughput RNA-sequencing input data and mapping to reference genome. To select
an appropriate dataset for our analysis, we performed a search for short RNA-seq experiments that are
performed on two biological replicates of at least six different human tissues in NCBI Gene Expression
Omnibus (GEO) database71. We selected human for the analysis because it is one of the highly annotated
genomes available. We downloaded the only dataset that fulfilled the search criteria and is comprised
of 18 short total RNA-seq experiments in BAM format. The selected dataset comprises of 740 million
reads and is part of the ENCODE project24,25 and was prepared by using short total-RNA from nine
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different human cell lines reflecting tissues of diverse origin (Supplementary Table S1). Each cell line
is having two biological replicates and prior to sequencing, these biological replicates have been grown
and isolated independently. The sequencing protocol for the short total-RNA aims to sequence RNAs
shorter than 200 nt (both capped and 5′ monophosphate) that have not been separated based on the
poly-adenalyation method. A complete account of the sequencing and mapping procedure is described in
Fejes-Toth et al.55. In the following, we will refer to this dataset as the ENCODE dataset (Supplementary
Table S1). To determine an empirical cut-off at which to consider a genomic locus as differentially processed we downloaded another dataset. This dataset is comprised of six RNA-seq experiments replicated
on ribosomal RNA-free total-RNA from human liver cell lines72. The aim is to determine the extent
of variation between read profiles from RNA-seq experiments performed on different cell lines and
same cell lines, respectively. The dataset (GEO id: GSE25028) is also composed of some experiments
performed by independent scientists and has earlier been used to study the reproducibility of RNA-seq
experiments72. The dataset was downloaded in FASTQ format from GEO71 and, hereafter, we will refer
to this dataset as the Raz dataset (Supplementary Table S8). Since this came in raw FASTQ format, the
Raz dataset was quality filtered (removal of linkers and adapters, minimum read length of 18 nucleotides,
trim nucleotides in reads with quality score less than 20) using FASTX-Toolkit73. The human (hg19, Feb.
2009) genome assembly, obtained from the UCSC genome browser74, served as the respective reference
for read mapping using segemehl75 with default parameters. The segemehl software detects mismatches
and indels and reports multiple hits with optimal score. To account for sequencing errors and ncRNA
editing effects19, we required a minimum mapping accuracy of 85%.

Processing of mapped reads to define block groups or read profiles.

Post read mapping, we
identified the distinct accumulation of uniquely mapped reads for each cell line by assigning two reads
to the same locus when they are separated by less than 50 nt. Then, to detect specific read profiles, we
divided consecutive reads within these loci into blocks using blockbuster (with parameters: -distance 50,
-minBlockHeight 10, -minClusterHeight 10, -scale 0.5 -blockHeight rel)76. blockbuster merges mapped
reads into blocks based on their location in the reference genome (Supplementary Fig. S1). Thus, stacks
of reads are combined to read blocks, which is analogous to tags (set of reads) processed from a specific
locus. We chose 50 nt as the threshold to consider two reads from separate loci because the mean length
of reads in our two datasets is 40 nt. Therefore, two genomic loci separated by a region of > 50 nt with no
mapped reads can most likely be considered as distinct. The obtained sets of one or more read blocks at
a locus are then called block groups or read profiles (Supplementary Table S1 and S8). We used a relative
blockbuster score cut-off of 10% rather than an absolute cut-off. This means that only those blocks that
have at least 10% reads relative to the total number of reads in a block group are included within the
block group. This is done in order to make the read profiles from different cell lines that may have been
sequenced to variable sequencing depths, comparable. Here after, we will use the term block group and
read profile synonymously.
All the block groups were then compared to known annotations (1049 microRNA loci from miRBase
v1623, 513 tRNA loci from gtRNAdb (release 2009)77, 402 snoRNA, 1794 scRNA, 2007 snRNA loci as
well as 722 other RNAs from UCSC annotation (hg19)78). The block groups were also compared to the
8,811 human ncRNA annotations from Rfam79. The block groups whose genomic coordinate overlap
by at least one nucleotide with that of known annotations were designated as ‘annotated’ block groups
(Supplementary Table S1, and S8). Similarly, block groups were compared with coordinates of exon,
intron, 5′ UTR and 3′ UTR regions, all downloaded from UCSC78, and were annotated accordingly, if
overlapping at > 50% else designated as from intergenic region. If a block group overlaps to more than
two regions then the region with maximum overlap is assigned to it.

A pipeline for the identification of differential processing in RNA-seq data. In an earlier

study18, we have developed a tool, deepBlockAlign for the alignment of two read profiles. deepBlockAlign
normalizes the read counts by the total reads within a read profile followed by a two-tier strategy to align
the read profiles (see Langenberger et al.18 for details). The alignment score (S) from deepBlockAlign
ranges between 0 and 1 which suggests dissimilar and perfectly similar read profiles, respectively. In this
study, we have built a pipeline integrating deepBlockAlign with appropriate preprocessing and validation
steps to compare all the pairs of read profiles at a genomic locus derived from RNA-seq experiments
performed on multiple cell lines or tissues (N). As input, the pipeline takes each genomic locus, L where
a read profile is observed here, in all N cell lines (Fig. 6A). Next, a three step preprocessing procedure
is followed for each locus (Supplementary Fig. S16). This procedure ensures that: a) block groups from
all N cell lines have same number of read blocks; and, b) each constituent block contains its raw expression value that may have been altered due to a fixed cut-off of 10% (-minBlockHeight) which we took
while defining the block groups using blockbuster. Firstly, all the non-overlapping (< 90%) coordinates
Cl at l =  1..L where a read block is observed in at least one cell line are determined. Secondly, for each
coordinate Cl, a single dummy read is placed followed by retrieval of all the reads that mapped at this
coordinate from the BAM file (comprised of mapped reads). Thirdly, if all the block groups at a genomic
locus have one read block, an adjacent dummy block is added that has an expression 10% relative to the
expression of the parent block group. This is done due to the limitation of deepBlockAlign that requires
at least two blocks of reads for meaningful comparison of read profiles or block groups.
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Figure 6. Various analysis steps to identify differential processing at a genomic locus. (A) Closely
spaced mapped reads are grouped to define read profiles or block groups in each sample (see methods
and Supplementary Fig. S1). A block group can consist of ≥ 1 block of reads. The numbers in the brackets
represent the total read count within a block group. (B) We analyze all the genomic loci where a block
group is observed in all the samples. (C) All the block groups (Supplementary Fig. S16) at a locus are
aligned against each using deepBlockAlign18 to generate a square matrix of alignment scores (S). (D) A
hierarchical cluster of block groups based on their alignment score is generated using pvclust, which also
assigns a p-value indicating how strong the cluster is supported by the data80. We select all the clusters that
have p-value <  0.05. (E) A cluster score (X) that measures how well separated the read profiles are within a
cluster to read profiles outside the cluster is computed (Equation 2). We select all the loci having a cluster
score of ≥ 0.15 as candidate differentially processed loci (DPL). (F) For each candidate DPL, we compare the
normalized expression of block group from a sample to every other sample using Fisher’s exact test. (F.1)
Specifically, we use m x 2 contingency matrix comprised of normalized expression of each block within
the two block groups. Normalized expression of a block is computed by dividing it by a size factor (s),
computed for each sample (Equation 4 F.2). A ‘p-value matrix’ is created that contains p-values computed
from all vs. all comparison of normalized expression of block groups at a locus. (F.3) A ‘cluster matrix’
is created for each cluster identified in step-d. It consists of p-values computed from the comparison of
normalized expression of block groups inside a cluster to those outside the cluster. (G) A locus is marked
as differentially processed, if more than half of the samples in at least one ‘cluster matrix’ have significant
p-value (< 0.05) against all the samples outside the cluster.

After preprocessing, a series of analysis steps are performed to identify differentially processed loci
(DPL), summarized in Fig. 6. Using deepBlockAlign, all the block groups at a locus (l) are aligned to
each other to generate a square matrix of alignment scores (S), termed here as ‘alignment score matrix’
(Fig. 6B). Then based on this ‘alignment score matrix’, a hierarchical cluster of block groups is computed using the R package, pvclust80 (Fig. 6C). Using multiscale bootstrap resampling, pvclust computes
a p-value for each constituent cluster in the hierarchical cluster indicating how strongly the cluster is
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supported by the data. We analyze all the clusters (K) with a p-value <  0.05. For the kth cluster, a score,
Xk, is computed as:

X k = S k (inside) − S k (outside)

(1)

where S k (inside) is the average alignment score between all the block groups within a cluster k and
S k (outside) is the average alignment score between all the block groups inside cluster k and block groups
outside the cluster k. The cluster score, X, at a locus is then computed as the average of score, Xk (Fig. 6D
and Equation 2):

X=

1
K
∑ Xk
K k=1

(2)

The cluster score, X, lies between 0 and 1, and should be maximized. The higher the cluster score,
X, at a locus, the more dissimilar are the read profiles within a cluster in comparison to the rest of the
read profiles outside the cluster. All the loci that have a cluster score, X ≥  0.15 are selected as candidate
differentially processed loci (Fig. 6E). The threshold of 0.15 for the cluster score is determined by comparing the frequency distribution of cluster scores obtained after analysis of read profiles from the Raz
and ENCODE datasets (see Supplementary Methods for details). In order to select those loci that are
differentially processed irrespective of the sequencing depth of the corresponding RNA-seq experiment,
all the candidate loci are validated using Fisher’s exact test (Fig. 6F). More details about the validation
step is described in the section below.
It should be noted that the pipeline can also be applied when the RNA-seq experiments have been
replicated over the cell lines as it is the case for the ENCODE dataset analyzed in this study. However,
differential processing analysis using all the replicates together requires two additional checks: a) Only
those block groups that have both their replicates clustered together within the same cluster are used to
compute the cluster score. This is done to ensure that only cell lines with consistent read profiles between
the two replicates contribute to the cluster score; and, b) A locus is predicted as differentially processed
only if at least one cluster has ≥ 4 block groups (two block groups per cell line).

Validation of differential processing. To validate that the differential processing observed at a locus
is not due to the sequencing artifact introduced by variable sequencing depth in different cell lines or
tissues (N), we compare the normalized expression of block groups. Here, we have used the normalization method introduced by Anders et al.37 to identify differential expression between genes from two
cell lines. Briefly, the method computes a size factor, sj for each cell line, j so as to render read counts
from these cell lines, which may have been sequenced to different depths, comparable. A size factor, sj is
computed by taking the median of the ratios of observed counts as
S j = median
i

k ij
1/ m
(∏ m
v = 1 k iv )

(3)

where kij is the raw read count for gene or read block i (in this case) in cell line j. The denominator of
the expression above is interpreted as a pseudo-reference cell line obtained by taking the geometric mean
across all cell lines, m. Next, we employ the size factors to normalize the expression of block groups at
all the candidate loci. For each candidate locus (l) comprised of one or more clusters of distinct read
profiles, the validation process is performed by computing the normalized expression (b̂ij) of each block
i, within a block group, in cell line j as

b̂ij =

bij
Sj

(4)

where bij is the raw read count for the block i in cell line j. Fisher’s exact test is then employed to compare
the normalized expression of a block group from each cell line to every other block group at a locus
(Fig. 6F.1) in order to create a ‘p-value matrix’ (Fig. 6F.2). For each cluster of block groups identified at a
locus, a ‘cluster matrix’ is populated, that is comprised of p-values computed by comparison of normalized expression of block groups from cell lines inside a cluster to normalized expression of block groups
from cell lines outside the cluster. A locus is then predicted as differentially processed, if most cell lines
(> 50%) in at least one ‘cluster matrix’ have significant p-value (< 0.05) against all cell lines outside the
cluster (Fig. 6F.3).

Software availability. The Read Processing Analysis (RPA) pipeline used here was executed via a
queue system on an x86_64 linux cluster consisting of 32 cores each having a memory of eight GB. The
execution time was ten hours. We have made the software available via http://rth.dk/resources/rpa.
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