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ShortStack: Comprehensive annotation and quantification
of small RNA genes

MICHAEL J. AXTELL1

Department of Biology, and Huck Institutes of the Life Sciences, Penn State University, University Park, Pennsylvania 16802, USA

ABSTRACT

Small RNA sequencing allows genome-wide discovery, categorization, and quantification of genes producing regulatory small
RNAs. Many tools have been described for annotation and quantification of microRNA loci (MIRNAs) from small RNA-seq data.
However, in many organisms and tissue types, MIRNA genes comprise only a small fraction of all small RNA-producing genes.
ShortStack is a stand-alone application that analyzes reference-aligned small RNA-seq data and performs comprehensive de novo
annotation and quantification of the inferred small RNA genes. ShortStack’s output reports multiple parameters of direct
relevance to small RNA gene annotation, including RNA size distributions, repetitiveness, strandedness, hairpin-association,
MIRNA annotation, and phasing. In this study, ShortStack is demonstrated to perform accurate annotations and useful
descriptions of diverse small RNA genes from four plants (Arabidopsis, tomato, rice, and maize) and three animals (Drosophila,
mice, and humans). ShortStack efficiently processes very large small RNA-seq data sets using modest computational resources,
and its performance compares favorably to previously described tools. Annotation ofMIRNA loci by ShortStack is highly specific
in both plants and animals. ShortStack is freely available under a GNU General Public License.

Keywords: microRNA; small RNA; siRNA; software; bioinformatics; next-generation sequencing

INTRODUCTION

Small RNAs are ubiquitous regulatorymolecules produced by
many thousands of endogenous genes. Small RNA sequenc-
ing (small RNA-seq), enabled by modern highly parallel
DNA sequencing instruments, is a powerful method for dis-
covery, annotation, and quantification of small RNA-produc-
ing genes. Typical small RNA-seq experiments use RNA ligase
to attach adapters to the 3′ and 5′ ends of size-fractionated to-
tal RNAs, followed by reverse-transcription, PCR amplifica-
tion, and shotgun sequencing of the resulting cDNA library.
Deeply sequenced small RNA libraries allow experimental
discovery of expressed small RNAs, as well as quantification
based upon read-counts (although the latter can be subject
to biases inherent to RNA ligation, adapter sequences and am-
plification) (Jayaprakash et al. 2011; Sorefan et al. 2012).
Almost all small RNAs derive from post-transcriptional

processing of larger RNA precursors. Some small RNA pre-
cursors, such as microRNA (MIRNA) hairpins, yield a single
functional small RNA species after processing. In principle,
small RNA-seq-based quantification of mature miRNAs
can, and often does, proceed without the need for alignment
to a genomic reference sequence. However, many other types

of small RNA genes produce a diverse population of mature
small RNAs from a single, often inferred, larger precursor.
Examples include the diverse endogenous siRNAs that are
the major component of small RNA populations in plants
(Matzke et al. 2009), Piwi-associated RNAs (piRNAs) that ac-
cumulate in animal germlines and stem cells (Juliano et al.
2011), and the endogenous siRNAs (endo-siRNAs) of
Drosophila (Czech et al. 2008; Okamura et al. 2008). For these
types of small RNA genes, quantification of each individual
mature RNA is not appropriate; it is the total small RNA ac-
cumulation from the single underlying precursor that is rele-
vant. Even MIRNA hairpins often produce more than one
functional product, including functional miRNA∗ species
(Yang et al. 2011; Zhang et al. 2011), and length variants of ca-
nonical miRNAs (Zhang et al. 2010; Cloonan et al. 2011).
Therefore, at least an approximate annotation of the underly-
ing small RNA precursor is a prerequisite for accurate quan-
tification and differential expression analysis of most, if not
all, small RNA genes.
Unlike protein-coding genes, which have inherent nucleo-

tide patterns that can be discerned computationally by scru-
tinizing the genome sequence (e.g., open reading frames,
splice sites, etc.), most small RNA genes do not have known
primary sequence features to allow confident a priori predic-
tion (one exception is highly conservedMIRNA genes). Thus,
definition of small RNA genes is largely empirical, based
upon the pattern of small RNA alignments to a reference ge-
nome. Besides simply defining the minimum extent of the
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underlying precursor, the patterns of reference-aligned small
RNAs also provide key information on the mode of biogen-
esis.MIRNA loci produce a discrete pattern of alignments to
a single genomic strand, with a major species (the mature
miRNA) separated by a short distance from a second, minor
species (the miRNA∗ that is excised along with the mature
miRNA during its biogenesis). In contrast, endogenous
siRNAs derived from long, double-stranded RNA (dsRNA)
generate a dispersed pattern of alignments to both genomic
strands, while small RNAs produced by fragmentation of a
single-stranded precursor will be dispersed along a single
genomic strand. Definition and analysis of small RNA align-
ment clustering patterns with respect to a reference genome,
therefore, is a key part of small RNA-seq analysis.

Another key property of small RNA genes is the distribu-
tion of small RNA sizes produced by the locus. Small RNA
size is often a useful proxy for biological function. For in-
stance, in plants mature miRNAs are usually 21 nt in length,
most endogenous siRNAs are 24 nt long, and 22-nt RNAs
have unique molecular consequences on their targets (Lu et
al. 2006; Kasschau et al. 2007; Chen et al. 2010; Cuperus et
al. 2010). In Drosophila, most mature miRNAs are between
21 and 23 nt in length, piRNAs are mostly 26–28 nt in length,
and endo-siRNAs are tightly centered on 21 nt in length
(Brennecke et al. 2007; Czech et al. 2008; Okamura et al.
2008; Berezikov et al. 2011). Furthermore, small RNAs de-
rived from fragmentation of abundant RNAs in any species
(rRNA and tRNA fragments, for instance) often have a wider
size distribution, especially in the very small sizes, that exceeds
the size range normally associated with small RNA regulatory
function. Therefore, careful description of the sizes of small
RNAs produced by a small RNA gene can allow inference of
biogenesis and function and also allow the segregation of
small RNA loci spawned by degradation artifacts.

Much attention has been given to the specific problem of
annotatingMIRNA genes from small RNA-seq data, and sev-
eral tools for this purpose have been described to date (for
review, see Li et al. 2012). Less attention has been devoted
to the broader problem of all-inclusive annotations based
on reference-aligned small RNA-seq data. Many groups, in-
cluding the author’s, have used internally developed methods
to broadly annotate non-MIRNA small RNA clusters (for a
few examples, see Cho et al. 2008; Mosher et al. 2008; Lee
et al. 2012) but have not released general purpose software.
The NiBLS method (MacLean et al. 2010) implements a
graph-based approach to small RNA cluster discovery but
does not provide description of small RNA sizes, accumula-
tion patterns, secondary structures, and other key features
of small RNA genes. The Bioconductor package segmentSeq
(Hardcastle et al. 2012) uses an empirical Bayesian method
to define small RNA loci based on consistent presence be-
tween replicate small RNA-seq samples but also lacks detailed
annotation based on small RNA sizes, hairpin structure, and
accumulation patterns. The UEA sRNA Toolkit (Moxon
et al. 2008) is a collection of web-based tools that separately

address MIRNA annotation, small RNA locus definition,
andmiRNA target predictions and also provides visualization
tools. The recent release of a downloadable version, the UEA
sRNA Workbench (Stocks et al. 2012), eliminates the data
transfer issues inherent in analysis of large data sets on a web
server. However, the UEA Workbench tools do not address
the critical issues of small RNA size distributions and non-
MIRNA hairpin loci, and they are not integrated into a single,
“one-command” annotation of a small RNA-seq sample.
ShortStack was developed to complement and expand

upon the currently available tools for comprehensive small
RNA annotation and quantification. In a single command,
ShortStack analyzes a reference-aligned small RNA-seq sam-
ple by defining de novo small RNA clusters, annotating hair-
pin-associated loci and MIRNAs, testing for the repeating
arrangement of aligned small RNAs (“phasing”), and analyz-
ing loci based on small RNA size composition, strandedness,
and repetitiveness. Extensive flexibility in analysis is achieved
by many user-adjustable parameters. Detailed analysis of the
size distributions of small RNAs within small RNA genes is a
key feature of ShortStack. ShortStack’s simple tabular output
formats are easily analyzed by downstream processes and can
be directly imported to R (R Core Development Team 2010)
as well as to commonly used spreadsheet software. Genome
browser track output and detailed alignments of MIRNA
loci offer publication-ready results after analysis. In this study,
ShortStack is described and performance-tested with repre-
sentative plant and animal small RNA-seq data.

RESULTS AND DISCUSSION

Overview of ShortStack

ShortStack annotates and quantifies reference-aligned small
RNA-seq data in six phases (Fig. 1A). It is implemented as
a perl script which requires prior installation of three addi-
tional programs to run: samtools (Li et al. 2009) and the
RNALfold and RNAeval programs (both from the Vienna
RNA Package) (Hofacker et al. 2004). Analysis requires input
of a sorted, properly formatted, and indexed BAM align-
ment file along with the corresponding reference genome
in FASTA format. Many popular aligners can output in
SAM/BAM format, including bowtie (Langmead et al.
2009). A helper program, “Prep_bam.pl,” is included with
the ShortStack package and serves to prepare properly for-
matted and sorted BAM alignments from input SAM or
BAM files. Two optional files may also be included (Fig.
1A). The first is a set of inverted repeats, derived from sepa-
rate analysis using “einverted” from the EMBOSS package
(Rice et al. 2000). These help improve the annotation of very
large hairpin-associated loci that might otherwise not be an-
notated as hairpin-associated. The second is a set of genomic
loci to flag for overlaps with the discovered small RNA loci.
This is helpful to flag small RNA loci with respect to overlap
with genomic features of user interest.
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During Phase 1, small RNA clusters are identified in a sim-
ple, two-step process. First, islands of significant alignment
coverage are identified (Fig. 1B). Islands are defined as contin-
uous genomic coordinates where the depth of alignment
coverage exceeds a user-set minimum threshold (option ‐‐

mindepth). Second, the initial islands are “padded” both up-
stream and downstream by a user-set number of nucleotides
(option ‐‐pad) (Fig. 1B). Regions that overlap after padding
are then merged to form clusters. Padding has the effect of
smoothing the data when accumulation of small RNAs varies
substantially from different regions of the same precursor.
This is important because large positional heterogeneities in
small RNA accumulation from the same precursor are ex-
pected for small RNA genes as the result of differential stabi-
lization of the initial small RNAs based upon Argonaute/Piwi
loading preferences and strand selection from initial small
RNA duplexes. The optimal amount of padding balances
the “lumping” of adjacent islands that actually derived from
the same precursor with “splitting” islands that derive from
separate precursors. During Phase 2, small RNA accumula-
tion from all clusters is quantified and recorded. ShortStack
discriminates the regulatory small RNAsof interest fromother

small RNAs based on a user-set size range (default: 20–24 nt).
Loci where the number of RNAs within the user-set size range
meets a minimum threshold (default = 0.8) are annotated as
Dicer-derived, and others are annotated as not Dicer-derived.
The predominant small RNA size of each cluster is also report-
ed as the DicerCall. Note that the terms, Dicer-derived and
DicerCall, are used loosely; the distinction is based upon
the sizes of the small RNAs, not necessarily the biogenesis
mechanism. The total number of short reads (those smaller
than the minimum size range) and long reads (those more
than the maximum size range) are reported, as well as the
abundance of every small RNA size within the Dicer range.
Phases 3 through 5 analyze putative RNA hairpins and an-

notateMIRNA loci. Secondary structural analysis is computa-
tionally intensive, and therefore, loci unlikely to be hairpin-
or MIRNA-associated are excluded from these analyses.
Clusters annotated in Phase 2 as non-Dicer-derived are ex-
cluded from structural analyses. In addition, highly repetitive
clusters are also excluded from all structural analyses. Cluster
repetitiveness is quantified by calculating the ratio of repeat-
normalized abundance to the total number of mappings at
the locus. This ratio, referred to as the uniqueness index, var-
ies between 0 (highly repetitive loci, where most reads have a
high number of alternative placements in the genome) and 1
(nonrepetitive loci). By default, the uniqueness index of a
cluster must be at least 0.1 to qualify for secondary structural
analysis, although this threshold is user-adjustable. The ratio-
nale behind this filter is based on plant-derived hetero-
chromatic siRNAs, many of which emanate from highly
repetitive loci and are known to be produced from endoge-
nous dsRNA, not hairpins. Finally, loci larger than a maxi-
mum size (default: 300 nt; user-adjustable) are not subject
to analysis by RNALfold. However, larger hairpins can still
be found using einverted-derived hairpins, which are not re-
stricted in size.
Potential small RNA-associated hairpins derived from

RNALfold (and einverted if the optional einverted file was
provided) are first filtered to retain only those that meet a set
of minimal structural criteria. The default settings for these
structural criteriawere determined by analysis of all annotated
MIRNA loci inmiRBase (version 19) (Fig. 2).Many features of
MIRNA loci differ between plants and animals, including the
number of base pairs (Fig. 2A), the length of loops (Fig. 2D),
and the number of unpaired mature miRNA bases within the
miRNA/miRNA∗ duplex (Fig. 2E). ShortStack, therefore, has
two preset “miRTypes” for the two kingdoms. These default
settings increase specificity by excluding structures with un-
usual characteristics. The animal miRType settings would ex-
clude 15% of all annotated miRBase structures for metazoans
and 6% of all known viral miRBase structures (Fig. 2F).
Similarly, the default plant miRType settings would exclude
12% of all known miRBase structures from the Viridiplantae
(Fig. 2F). This reduced sensitivity is a consequence of the
desire to maximize the specificity of MIRNA annotations
by ShortStack by excluding structural outliers. Importantly,
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puts and six phases of analysis performed by ShortStack. (B)
Illustration of ShortStack’s cluster definition method with a minimum
depth of four alignments. Aligned small RNAs in dark shading are tallied
within the final cluster.
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annotation as a MIRNA locus by ShortStack requires a strict
set of structural and expression-based criteria, following the
recommendations ofMeyers et al. (2008). Annotation of a lo-
cus as a MIRNA by ShortStack indicates that the evidence is
sufficient to justify annotation without assistance from prior
knowledge (such as prior annotation as aMIRNAor conserva-
tion in another species). After filtering based on secondary
structure, potentially qualifying hairpin structures are then
scrutinized relative to their patterns of small RNA accumula-
tion.Hairpinswith strong evidence of causalitywith respect to
the observed small RNA pattern are annotated as either hair-
pin-derived (HP) orMIRNA loci.

Several reports are produced during
Phase 6, including a summary results
file, detailed alignments of all HP and
MIRNA clusters, and a .bed format-
ted file for genome browser display.
ShortStack can also be executed in two
alternative modes (Fig. 1A). In “nohp”
mode, Phases 3 through 5 are skipped,
and thus no HP orMIRNA annotations
are made. In “count” mode, Phase 1 is
skipped, and user-provided clusters are
simply quantified instead. Count mode
forces nohp mode as well, so no hairpin
orMIRNA analyses are performed dur-
ing a count mode analysis (Fig. 1A).

Performance analysis and
comparisons to other methods

Table 1 compares the features of Short-
Stack to threeother previouslydescribed
programs (NiBLS, segmentSeq, and the
UEA sRNAWorkbench) that were also
designed for de novo discovery of small
RNA loci from reference-aligned small
RNA-seq data. Of the four, ShortStack
combines the most features into a single
program. The performance character-
istics of ShortStack were compared
against the other programs. The same
representative small RNA-seq data set
from wild-type Arabidopsis leaves (col_
leaf) (Table 2) was used for analysis
for all four programs (all with default
settings). ShortStack had the smallest
memory footprint of all of the meth-
ods and compared favorably in speed,
with only SiLoCo (from the UEA
sRNA Workbench) completing faster
(Table 3).
Assessment of the sensitivities and

specificities of these methods is com-
plicated by the fact that there is not a

gold-standard reference set of all true small RNA loci for
Arabidopsis (or any other species). Thus, an alternative ap-
proach was taken. All mappings of each small RNA were as-
sumed to be positives such that a perfect classifier would
place all mappings within an annotated small RNA locus
(true positives). Any mappings not included in a cluster
were considered false negatives. Conversely, all genomic re-
gions devoid of any small RNA mappings were assumed to
be negatives such that a perfect classifier would not include
any such regions in annotated small RNA loci (true negatives).
Negative genomic regions were split into 24-nt intervals, rep-
resenting small RNA nonreads. Any nonreads overlapping
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annotated small RNA loci were considered false positives.
Using these assumptions, sensitivity and specificity were de-
fined in the standard fashion (sensitivity = true positives/
[true positives + false negatives]; specificity = true negatives/
[true negatives + false positives]). Of the four methods, only
one (NiBLS) had both a higher sensitivity and specificity
than ShortStack (Table 3). However, NiBLS analysis was
>10-fold more computationally intensive both in terms of
CPU time and memory usage (Table 3) and does not provide
any detailed description of the found loci (Table 1). Overall,
ShortStack compares favorably to other methods for de
novo discovery of small RNA genes.
The two parameters with the most direct effects upon de

novo small RNA gene discovery are ‐‐mindepth and ‐‐pad

(Fig. 1B), which are expected to pri-
marily affect sensitivity and specificity,
respectively. The effect of varying both
parameters across four orders of mag-
nitude was tested using the col_leaf
data set. The resulting receiver operat-
ing characteristic (ROC) curves showed
the predicted trends, with increasing ‐‐
mindepth values decreasing the sensi-
tivity, and increasing ‐‐pad values in-
creasing the false positive rate (FPR)
(Fig. 3A). Importantly, except for ex-
treme values of ‐‐pad and/or ‐‐mind-
epth, most parameter combinations
tested resulted in both high sensitivity
and high specificity, including the de-
fault settings. The number of small
RNA clusters also varied tremendously
with different ‐‐mindepth and ‐‐pad
settings (Fig. 3B). Increasing values of
‐‐pad always resulted in fewer clusters.
Increasing values of ‐‐mindepth mostly

resulted in fewer clusters as well. The exceptions to this trend
were under low ‐‐mindepth, high ‐‐pad conditions, where
there are likely to be extensive amounts of aggressive merging
of frequent, sparsely populated islands of coverage (Fig. 3B).

Discovery and annotation of small RNA genes
in seven species

ShortStack was next used for analysis of small RNA-seq data
from seven different species: four plants (Arabidopsis, toma-
to, rice, and maize) and three animals (Drosophila, mouse,
and human) (Table 2). The choice of species was made based
upon the presence of complete nuclear genome assemb-
lies, diversity of gross genomic characteristics and sizes, and

TABLE 2. Small RNA-seq data sets used in this study

Data set Species Tissue
Size

range (nt)
Mapped reads

(×106)
Mappings
(×106)

Raw data
accessiona Citation

col_leaf Arabidopsis thaliana rosette leaves 15–27 26.5 105.0 SRR275588 Liu et al. (2012)
col_aerial Arabidopsis thaliana above-ground

tissues
15–28 4.8 14.0 SRR051927 Fahlgren et al. (2010)

Tomato Solanum lycopersicum seedlings 15–28 3.5 22.9 SRR065156 Shivaprasad et al.
(2012)

Rice Oryza sativa seedlings 15–27 4.6 33.9 SRR032102 Wu et al. (2009)
Maize Zea mays seedling shoot

apex
15–32 28.9 475.9 SRR488774 Barber et al. (2012)

fly_ovaries Drosophila
melanogaster

ovaries 15–43 22.7 253.3 SRR069232 Berezikov et al. (2011)

mouse_testes Mus musculus testes 15–30 8.1 37.8 SRR033659 Robine et al. (2009)
HeLa Homo sapiens HeLa cell

culture
15–28 2.7 10.7 SRR029124 Mayr and Bartel

(2009)

aAccessions from NCBI Sequence Read Archive (SRA).

TABLE 1. Comparison of general purpose small RNA gene annotation programs

Program ShortStack NiBLS segmentSeq
UEA sRNA
Workbench

Citation This work MacLean
et al.
(2010)

Hardcastle
et al. (2012)

Stocks et al.
(2012)

Interface Command
line

Command
line

Command line GUI

Quantification? yes no yes yes [SiLoCo]
sRNA sizes? yes no no yes [SiLoCo]
Repetitiveness? yes no no yes [SiLoCo]
Strandedness? yes no yes yes [SiLoCo]
Phasing? yes no no yes [ta-siRNA

prediction]
MIRNA annotation? yes no no yes [miRCat]
Non-MIRNA hairpin-
associated loci?

yes no no no

Hairpin details? yes no no yes, for MIRNAs
only [miRCat]

Reporting of overlaps
with loci of interest?

yes no no no

Small RNA gene annotation with ShortStack
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comparison of plants and animals (which are known to have
major differences in endogenous small RNA content). The
choice of specific data sets was made based on robust depth
of sequencing (all had more than 2 million mapped reads)
and the availability of the raw data (to ensure uniform condi-
tions in adapter trimming and read mapping).

Clusters with a DicerCall of 24 were themost frequent gene
type in all five plant data sets (Fig. 4A), and in all but one of the
plant samples, they also produced the most small RNAs in
terms of abundance (Fig. 4B). Regardless of DicerCall, nearly
all plant clusters were not annotated as MIRNAs or hairpin-
associated RNAs (Fig. 4C). However, the less numerous
MIRNAs andhairpin-associated clusters produced a large per-
centage of the small RNA abundance for loci dominated by
20- to 21-nt RNAs, as well as 22-nt RNAs in rice (Fig. 4D).
In addition, loci with a DicerCall of “N” (indicating that the
size profile of the small RNAswas inconsistentwithDicer-cat-
alyzed biogenesis) produced a significant amount of small
RNAs in all plant samples (Fig. 4B). These likely reflect the in-
evitable contamination of small RNA-
seq data with degraded fragments of
other types of RNAs but also may con-
tain novel types of small RNA genes.
Altogether, the broad overview of plant
small RNA genes provided by Short-
Stack is consistent with prior knowl-
edge: tens of thousands of nonhairpin-
derived 24-nt endogenous siRNAs, like-
ly associated with the plant-specific
heterochromatic siRNA pathway (Law
and Jacobsen 2010; Wierzbicki 2012),
coupled with a much lower number
(hundreds) of 20- to 22-nt MIRNAs,
several of which are highly abundant
(Cuperus et al. 2011).

Drosophila ovaries are known to pro-
duce a complex mixture of small RNAs,
including canonical ∼22-nt miRNAs,
∼24- to 27-nt piRNAs, and many

21-nt endogenous siRNAs (Brennecke
et al. 2007; Czech et al. 2008). Consis-
tent with expectations, loci dominated
by 24- to 26-nt RNAs, as was all those
dominated by 21-nt RNAs, were the
most frequent and abundant type of
loci recovered by ShortStack analysis
of the fly_ovary data set (Fig. 4A,B).
Very few of the fly_ovary small RNA
loci wereMIRNAs or hairpin-associated
(Fig. 4C), but those that were produced
a high proportion of the small RNA
abundance from the 21- to 24-nt
RNA-dominated loci (Fig. 4D). Mouse
testes contain ∼22-nt miRNAs as well
as abundant ∼26- to 30-nt piRNAs

(Aravin et al. 2006; Gan et al. 2011). However, most of the
ShortStack-identified small RNA clusters for the mouse_
testes data set had a DicerCall of N (Fig. 4A). This may reflect
a large number of loci corresponding to degraded, nonsilenc-
ing RNAs in this sample. In terms of small RNA abundance,
however, loci with aDicerCall of 30 dominated, with a smaller
peak of 21- to 23-nt loci also apparent (Fig. 4B). Like in all of
the other species examined, MIRNAs and hairpin-associated
loci were rare in themouse_testes data (Fig. 4C), but the small
number of such loci produced a relatively high proportion of
the small RNA abundance (Fig. 4D). Finally, the HeLa sample
was dominated by clusters with a DicerCall of N (Fig. 4A,B),
indicating likely substantial contamination with degraded
RNAs. Nonetheless, a very high proportion of small RNA
abundance for 20- and 22- to 24-nt clusters was provided
by MIRNAs (Fig. 4D). Overall, ShortStack analysis of these
eight samples from seven different species has revealed broad
patterns of small RNA genes consistent with expectations
from prior knowledge.

TABLE 3. Performance characteristics of small RNA clustering programs

Program Version Time (h)

Approximate
peak

memory (G)
Cluster
count Sensitivity Specificity

ShortStack 0.4.0 4.0 1.2 33,549 97.2% 97.9%
NiBLS (unversioned) 89.6 13.0 129,854 97.9% 99.2%
segmentSeq 1.10.1 140.8 6.7 12,588 88.3% 99.5%
SiLoCo 2.4.2 0.4a ∼2.0/chra 147,277 94.8% 89.3%

The Arabidopsis thaliana col_leaf data set (Table 2) was used for all analyses. Analyses
were performed on the same 2× quad-core Ubuntu server with 32G of memory, except
where noted.
aBecause of the requirement for Java windows, SiLoCo analyses were run on a dual-core
Mac OS 10.7 laptop with 4G of memory. Due to memory limitations, each chromosome
had to be processed separately.
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Specific examples of diverse non-MIRNA genes

In plants, small RNA-directed slicing of target transcripts can
lead to production of dsRNA by an endogenous RNA-depen-
dent RNA polymerase which uses the sliced remnant as a sub-
strate (Allen et al. 2005). The uniform starting point of these
dsRNAs (defined by the site of precursor slicing) leads to the
production of DICER-LIKE 4 (DCL4)-derived siRNAs that
are in successive ∼21-nt phases with each other. ShortStack
uses a robust modification of the procedure described by
Chen et al. (2007) to assess the phasing pattern of small
RNA loci. A list of 25 Arabidopsis small RNA loci previous-
ly annotated as producing phased siRNAs was curated
from the literature (Howell et al. 2007; Chen et al. 2010).
Nineteen and 18 of these loci, respectively, produced one
or more ShortStack-identified small RNA clusters with
DicerCalls of 21 in the col_leaf and col_aerial data sets, re-
spectively. Because a few of these previously annotated loci
had two associated ShortStack-identified clusters, the total
number of previously known clusters was 20 in both cases.
Most of these clusters (13 of 20 and 14 of 20 for the col_leaf
and col_aerial data sets, respectively) were found by
ShortStack to be significantly phased at a false discovery rate
(FDR) of 0.05 (Fig. 5A,B). For tomato, a list of 19 loci previ-

ously described as producing phased small RNAs was also cu-
rated from Shivaprasad et al. (2012). Eleven ShortStack-
identified small RNA clusters with DicerCalls of 21, corre-
sponding to 10 of these loci, were found. Four of the 11 were
significantly phased (FDR = 0.05), and another three loci
hadborderlineP-values (Fig. 5C).ForbothArabidopsisand to-
mato, several clusters not overlapping previously described
phased loci were also found to be significantly phased (Fig.
5A–C), indicating that ShortStack-based analysis can reveal
new phased loci.
BesidesMIRNAs and miRNA-like hairpins, plants can also

produce small RNAs from very large hairpins, with stem
lengths of >500 nt. The two best-studied examples of these
type of loci are the IR71 and IR2039 loci of Arabidopsis
(Henderson et al. 2006; Dunoyer et al. 2010). Under the de-
fault ShortStack parameters, IR2039, but not IR71, was anno-
tated as a hairpin-derived locus. IR71 was instead annotated
as two separate, nonhairpin loci (one for each arm), separated
by ∼250 nt in both libraries when analyzed under default set-
tings. This reflected the large loop size (∼250 nt) of the IR71
hairpin. Increasing the ‐‐pad smoothing parameter (Fig. 1B)
from the default 100 nt to 300 nt allowed the correct annota-
tion of both IR71 and IR2039 as hairpin-associated loci (Fig.
5D,E). This example provides a useful lesson for hairpin
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discovery using ShortStack: Small RNA-producing hairpins
with loops larger than the ‐‐pad size will likely be identified
instead as two separate, nonhairpin-associated clusters, with
one for each hairpin arm. It was also apparent that IR71
and IR2039 are unique outliers: No other Arabidopsis hair-
pin-associated loci were both highly abundant (>100 reads
per million) and had large stems (>500 nt) (Fig. 5D,E).
Finally, it was noted that IR2039 was dominated by 24-nt
RNAs in the col_leaf data set and by 22-nt RNAs in the
col_aerial data set, although in both cases there was a com-
plex mixture of several small RNA sizes, consistent with prior
observations (Dunoyer et al. 2010).

Fly ovaries express many 21-nt endo-siRNAs from the
overlapping regions of genes found in a tail-to-tail anti-
sense overlapping orientation (Czech et al. 2008). These
loci were expected to be annotated as loci with DicerCalls
of 21 devoid of hairpin or MIRNA characteristics. Forty-
five out of the 50 such ovarian endo-siRNA loci described
by Czech et al. (2008) overlapped with one or more Short-
Stack-annotated small RNA clusters. As expected, nearly all
of these clusters had a DicerCall of 21 and no hairpin associ-
ation (Fig. 5F).

Both Drosophila ovaries and mouse testes produce abun-
dant piRNAs from several broad genomic intervals (Aravin
et al. 2006; Brennecke et al. 2007; Czech et al. 2008; Gan
et al. 2011). A set of 14 broad genomic regions with signifi-
cant piRNA accumulation fromDrosophila ovaries was curat-
ed from (Brennecke et al. 2007). ShortStack analysis found
small RNA clusters overlapping each of these 14 loci; in
many cases, ShortStack identified multiple discrete regions
within individual loci (ranging from one to 55). Consistent
with expectations for Drosophila piRNAs, most of these clus-
ters had DicerCalls of between 24 and 26 and were not anno-
tated as hairpin-associated orMIRNAs (Fig. 5G). Aravin et al.
(2006) described 42 large genomic regions as murine piRNA
clusters based upon analysis of MILI-associated RNAs with
respect to the mm6 version of the mouse genome. Forty
of these loci remained intact (i.e., not duplicated or truncat-
ed) in the current mm10 genome release, and all 40 were
covered by one or more ShortStack-annotated locus. Con-
sistent with the longer length of murine piRNAs relative to
Drosophila piRNAs, most of these clusters had DicerCalls of
29 or 30 (Fig. 5H). Roughly 60% of the fly_ovary piRNA clus-
ters were annotated as single-stranded (either from the + or−
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genomic strand), with the other ∼40% producing significant
amounts of small RNAs from both strands (Fig. 5I). In con-
trast, over 90% of the mouse_testes piRNA clusters were sin-
gle-stranded. This difference is consistent with the prior
observations that some piRNA clusters inDrosophila produce
piRNAs fromboth strands (Brennecke et al. 2007), whilemost
piRNA clusters expressed in mouse testes are long regions of
single-stranded piRNA accumulation (Aravin et al. 2006).
Taken together, these examples show that ShortStack can cap-
ture the essential features of very diverse types of small RNA
loci from a wide variety of organisms.

ShortStack’s MIRNA annotations are highly specific
in both plants and animals

To assess ShortStack’s performance in MIRNA annotation,
the results were compared against miRBase (version 19) en-
tries for each of the respective species. To adjust for the fact
that not all MIRNAs are expressed in a single given tissue,
only the subsets of miRBase loci for which at least one map-
ped read corresponding to the annotated mature miRNAwas

present were considered as positives within each data set.
ShortStack-annotated MIRNA loci that corresponded with
these miRBase mature present loci were considered true pos-
itives, while ShortStack-annotated MIRNA loci that were
not part of the miRBase mature present set were considered
false positives. miRBase mature present loci that were not
annotated by ShortStack as MIRNAs were considered false
negatives. Sensitivities (true positives/[true positives + false
negatives]) of MIRNA annotation by ShortStack ranged
from 48% (col_leaf ) to 22% (HeLa) (Fig. 6A–I). False posi-
tives were low, with only three samples (tomato, rice, and
maize) having more than 10 false positives and especially
low false positive counts for the animal data sets (Fig. 6A–H,
J). There are important caveats associated with this analysis
method. False positive MIRNAs may be legitimate MIRNA
loci that haven’t previously been annotated inmiRBase, while
false negativesmight represent loci that have been erroneously
annotated asMIRNAs (Meng et al. 2012). Thus, the calculated
sensitivities for MIRNA annotation are likely to be under-
estimates, while the numbers of false positives are likely to
be overestimates.
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To provide a comparison for ShortStack’s performance in
MIRNA annotation, the dedicated MIRNA annotation pro-
grammiRDeep2 (Friedländer et al. 2012) was also used to an-
alyze all eight data sets. miRDeep2 was selected for this
comparison because it has been shown to function efficiently
on large data sets and to provide robust results for diverse an-
imal species (Friedländer et al. 2012). However, miRDeep2
does not account for the increased structural diversity seen
in plantMIRNAs (Fig. 2), and so, suboptimal performance of
miRDeep2 on plant data sets was expected. Unfortunately, at-
tempts to use the plant-specificMIRNA-annotation methods
miRDeep-P (Yang and Li 2011), miRCAT (Stocks et al.
2012), and miRDeepFinder (Xie et al. 2012) on the five plant
data sets were not successful. miRDeep-P required excessive
CPU time, while miRCAT required excessive memory, such
that neither method could be completed on the col_leaf
data set using available equipment (a 2× quad-core Ubuntu
server with 32G memory). Therefore, both methods seem
to be limited to data sets smaller than the ones analyzed
here, or alternatively, both require high-performance com-
puting. miRDeepFinder requires extensive installations of
third-party databases (six) to function and was not pursued.
As expected, the sensitivity of miRDeep2 was much higher
for the three animal data sets (66%–76%) relative to the
five plant data sets (15%–44%) (Fig. 6A–I). However, regard-
less of kingdom, miRDeep2 always annotated moreMIRNAs
(Fig. 6A–H), with substantially more false positives than
ShortStack (Fig. 6J). Based on this analysis, ShortStack’s an-
notations of MIRNA loci are highly specific, with very few
false positives. By comparison, miRDeep2 appears to be
more sensitive for animal MIRNAs but at the cost of in-
creased false positives regardless of kingdom. However, it is
important to reiterate that, because of the imperfect nature
of existing miRBase annotations, this analysis is underesti-
mating sensitivities and overestimating false positives for
both ShortStack and miRDeep2.

Conclusions

Testing with small RNA-seq data from seven species has dem-
onstrated that ShortStack can effectively annotate highly
diverse data sets and capture the key information required
for up-to-date classification of small RNA-expressing genes,
including MIRNA and hairpin-association, strandedness,
small RNA size distribution, phasing, repetitiveness, and
quantification. The flexibility of ShortStack should enable
future experiments to discover novel classes of small RNA
genes, as well as provide the basis for comprehensive reference
annotations of small RNA-producing genes. In contrast to
some tools, such as the UEA sRNA Workbench (Stocks
et al. 2012), ShortStack does not provide direct visualization
support (although ShortStack does output a browser track
and plain-text alignments for hairpin and MIRNA loci).
However, ShortStack’s integrated, flexible, one-command ap-
proach to small RNA-seq annotation, easily parsed output,

demonstrated results in two kingdoms of life, and suitability
for analysis of very large small RNA-seq data sets suggest
that it may prove to be a broadly useful tool for small RNA
researchers.

MATERIALS AND METHODS

Software availability and methods

The general procedure by which ShortStack functions is described
in the Results and Discussion section above, Figure 1, and in more
detail within the README file distributed with the package.
ShortStack is freely available, under a GNU General Public License,
at http://axtell-lab-psu.weebly.com/shortstack.html.

Origins, preprocessing, and alignments
of small RNA-seq data

Small RNA-seq data origins and accession numbers are in Table 2.
The col_leaf raw data were in colorspace and were processed by 3′

adapter trimming using the script “trim_SOLiD_sRNA_cs-fasta.
pl,” version 1.0 (http://axtell-lab-psu.weebly.com/tools.html), with
options -a CGCCTTGG -e 1 -t N -h N. The resulting trimmed col-
orspace-fasta file was then mapped against the Arabidopsis genome
using bowtie (Langmead et al. 2009) version 0.12.8 with options
-C -f -v 1 ‐‐best ‐‐strata -k 50 ‐‐col-keepends -S. The bowtie out-
put was piped through the “Prep_bam.pl” script (part of the
ShortStack package; http://axtell-lab-psu.weebly.com/shortstack.
html) version 0.1.1 to produce a properly formatted and sorted
BAM alignment file. For the other seven data sets, the raw data
were in FASTQ format and were first parsed to shorten and simplify
the read names (to save space). The reads were then trimmed to re-
move 3′ adapters using the script “trim_illumina_sRNA_fastq.pl”
(http://axtell-lab-psu.weebly.com/tools.html) version 0.3 with the
options -a [xxx] -e 1 -q N, where [xxx] represents the eight-base
adapter queries specific to each library, which were CTGTAGGC
(col_aerial, rice, and fly_ovary), TCGTATGC (tomato, mouse_
testes, HeLa), and TGGAATTC (maize). The resulting trimmed
FASTA formatted files were then mapped to their respective refer-
ence genomes as described above, except that the bowtie parameters
were -f -v 1 ‐‐best ‐‐strata -k 50 -S. The reference genome versions
used were TAIR10 (Arabidopsis thaliana; including plastid and mi-
tochondrial genomes), ITAG2-3 (Solanum lycopersicum), Os_v7
(Oryza sativa), ZmB73v2 (Zea mays), dmel_5-45 (Drosophila mela-
nogaster), mm10 (Mus musculus), and hg19 (Homo sapiens). All ref-
erence genomes were the unmasked versions. The BAM alignment
files used in this study are available at http://axtelldata.bio.psu.
edu/data/ShortStack_Paper_Data/.

Analysis details

All analyses were performed on systems that had RNALfold
(Hofacker et al. 2004) (from version 1.8.6 of the Vienna RNA
Package) and samtools (Li et al. 2009) (version 0.1.18) installed.
Analysis of the col_leaf, col_aerial, rice, and maize data sets was per-
formed with ShortStack version 0.4.0, while all other analyses (to-
mato, fly_ovary, mouse_testes, and HeLa) used version 0.4.1. The
only difference between version 0.4.0 and version 0.4.1 is a small
bug-fix (discovered when attempting to analyze the tomato data
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set with version 0.4.0) that prevents rare entry into an infinite loop
state when searching for miRNA∗ sequences; the version difference
does not otherwise affect the results.
Most ShortStack runs using plant data sets were run on default set-

tings for all options. The exceptions were the analyses of the col_leaf
data related to the ROC curves (Fig. 3), which were run in ‐‐nohp
mode, and the col_leaf and col_aerial analyses underlying Figure
5D and E, respectively, for which option ‐‐pad was increased to
300. All animal data sets were analyzed with the nondefault options
‐‐miRType animal ‐‐phasesize none. In addition, the ‐‐dicermax pa-
rameter was increased to 28 and 30 for the fly_ovary and mouse_
testes data sets, respectively, to allow recovery of piRNA clusters.
The complete ShortStack results for all eight data sets are available
at http://axtelldata.bio.psu.edu/data/ShortStack_Paper_Data/.

Ancillary data

All ShortStack analyses made use of a file of inverted repeats (passed
as option ‐‐inv_file) specific to the respective reference genomes.
These files were generated as follows: First, einverted (from the
EMBOSS package) (Rice et al. 2000) was used to analyze each refer-
ence genomewith the options -maxrepeat 10000 -auto. For most ge-
nomes, this analysis had to be completed one chromosome at a time
to prevent excessivememory consumption. The results weremerged
into a single file for each genome and then filtered to retain only
those entries that had ≥67% of the stem nucleotides paired, ≥15 ab-
solute number of base pairs, and those that had a loop size that did
not exceed 50% of the helix length. All ShortStack analyses also used
a file containing the coordinates of miRBase (version 19) MIRNA
loci, passed as option ‐‐flag_file. These files were generated by taking
the top-scoring megablast hit for each MIRNA hairpin sequence
against the corresponding reference genomes. In some cases, there
were duplicate locations for different miRBase entries (in such cases,
one was arbitrarily selected), and in other cases, there were no hits at
all; thus, the number of entries in each of these lists may differ slight-
ly from the miRBase tallies. The filtered inverted repeat files and co-
ordinate lists of miRBase loci for all seven genomes are available at
http://axtelldata.bio.psu.edu/data/ShortStack_Paper_Data/.
A list of Arabidopsis thaliana genes known to produce phased

small RNAs was curated from Howell et al. (2007) and Chen et al.
(2010) and the coordinates of those genes within the TAIR10 assem-
bly found from the TAIR website. A list of tomato unigenes known
to produce phased small RNAs was curated from Shivaprasad et al.
(2012) and their coordinates on the ITAG2-3 genome assembly de-
termined based on the best blat hit. The locations of IR71 and
IR2039 within the Arabidopsis genome were from Dunoyer et al.
(2010). The locations of Drosophila endo-siRNA loci were from
Czech et al. (2008) and those of Drosophila piRNA loci were from
Brennecke et al. (2007). piRNA loci from mouse testes were based
on genomic coordinates from Aravin et al. (2006) and were adjust-
ed to match the mm10 genome assembly. Files containing each of
these lists and their respective genomic coordinates are available at
http://axtelldata.bio.psu.edu/data/ShortStack_Paper_Data/.
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