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Abstract
The characterization of post-transcriptional gene regulation by small regulatory RNAs of 20–30 nt
length, particularly miRNAs and piRNAs, has become a major focus of research in recent years. A
prerequisite for the characterization of small RNAs is their identification and quantification across
different developmental stages, normal and diseased tissues, as well as model cell lines. Here we
present a step-by-step protocol for the bioinformatic analysis of barcoded cDNA libraries for small
RNA profiling generated by Illumina sequencing, thereby facilitating miRNA and other small
RNA profiling of large sample collections.
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1. Introduction
MicroRNAs (miRNAs) are short 20–23 nucleotide (nt) RNAs that guide sequence-specific
post-transcriptional gene regulation in animals and plants. They regulate many critical
biological functions including organismal development, normal physiology and
tumorigenesis. Thus, miRNA profiling analysis can allow us to gain insights into disease
states by characterizing collections of clinical diseased and normal samples.

To facilitate the understanding of miRNA profiling analysis it is helpful to review miRNA
biogenesis and structure (reviewed in [1]). Mature miRNAs are excised in a multi-step
process from primary transcripts (pri-miRNAs) that contain one or more ~70 nt hairpin
miRNA precursors (pre-miRNAs) and have their own promoters or share the promoter with
a protein-coding host gene. These hairpin structures are recognized in the nucleus by
DGCR8, a double-stranded RNA-binding protein (dsRBP) and RNASEN, also known as
RNase III Drosha, and excised to yield pre-miRNAs. These molecules are subsequently
transported by XPO5 (exportin 5) to the cytoplasm, where they are further processed by
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RNase III DI-CER1 (Dicer) in complex with the dsRBPs TARBP2 (TRBP) and/or PRKRA
to yield a processing intermediate, composed of a mature miRNA and its complementary
miRNA/strand. Some miRNAs bypass the general miRNA processing order and their
maturation can be independent of DGCR8 and RNASEN, or are DICER1-independent.
DGCR8- and RNASEN-independent miRNAs include mirtrons and tailed mirtrons, which
release their pre-miRNA by splicing and exonuclease trimming [2,3].

In the accompanying manuscript we summarize the experimental methodologies for
barcoded profiling of small RNAs by next-generation sequencing [4]. We use barcodes to
mark individual samples that are processed in sets of up to 20 samples simultaneously. We
describe the bioinformatic analysis to reassign the sequence reads from sequenced pools to
the individual barcoded samples (referred to as subsamples), analyze their sequence content
and compare profiles of subsamples within the same as well as different sequencing runs.
The method we describe herein has been used to profile miRNAs in large sample collections
in breast cancer [5], liposarcoma [6] and angiosarcoma [7].

miRNA profiling by next generation sequencing not only enables studies of differential
expression, but also facilitates determination of nucleotide variation (including RNA editing,
3′ and 5′ modifications) and identification of novel miRNAs. Moreover, sequence read
counts, also known as read frequencies, represent a direct measure of global miRNA
abundance in any given sample when normalized to reference standards (calibrator
oligoribonucleotides) added to each sample in a known amount during small RNA cDNA
library preparation. Finally, we address method-specific biases to further clarify miRNA
abundance. We recently determined miRNA and calibrator RNA sequence-specific ligation
biases by quantifying 770 synthetic miRNAs and 50 calibrator RNAs using the same
barcoded adapters and procedure [8]; this provides correction factors for affected miRNAs.

2. Overview of the method
Next generation sequencing outputs are text files which report sequence and a quality score
for each sequenced base. These files are processed to (1) trim the 3′ barcoded adapter
sequence from each read and assign the read to a specific subsample according to the
barcode, (2) generate files with unique (non-redundant) reads for each subsample listing the
times each unique read is encountered, (3) remove low complexity sequences and adapter-
adapter ligation products, (4) map the unique reads to the genome, and (5) annotate the reads
with a specific hierarchy of small RNA annotation databases.

The result is a profile of read frequencies for each miRNA that can be converted to relative
read frequencies (normalized against the total miRNA sequence reads for each subsample)
or to absolute amounts of input miRNA (by comparing with calibrator oligoribo-nucleotide
reads). These miRNA profiles can be grouped into sequence families and genomic clusters
and further studied by clustering and comparative expression analysis. miRNA sequence
families group miRNAs that display sequence similarity and thus likely target a similar set
of mRNAs, while miRNA genomic clusters group miRNAs that are located in close
proximity in the genome, and are co-transcribed.

We then describe a curation strategy for miRNAs, an essential step in identifying miRNA
candidates for downstream biological assays, by confirming their expression and likelihood
of forming prototypical miRNA hairpin structures. We finally discuss our approach for
identification of RNA nucleotide variations, and point to approaches that can be used for
identification of novel miRNAs.

Sequencing-based miRNA profiles can be deposited at Sequence Read Archive (SRA)
(www.ncbi.nlm.nih.gov/sra) both as barcode extracted files for each individual subsample
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(including sequence reads, read frequencies, and assigned annotation), as well as files
including the residual sequence reads that were not uniquely assigned to a barcode for each
sequencing run.

3. Materials
A computer workstation or a desktop computer is required to analyze raw small RNA deep
sequencing data. Historically, workstations offered higher performance than desktop
computers. However today’s desktop computers can be expected to perform as workstations,
using widely available operating systems and hardware components. A workstation-type
computer may have the following characteristics: memory with error correcting code (ECC)
support (a type of data storage that corrects for common kinds of internal data corruption), a
larger number of memory sockets using registered modules, multiple processor sockets,
powerful CPUs, and a reliable operating system (e.g. Unix-based). In Table 1, we outline the
specifications of the computer workstation we currently use to run the small RNA
annotation pipeline alongside the recommended minimum for each specification. Processing
of a contemporary 20 subsample-containing barcoded library with a total number of
sequence reads of ~160 million, required 2 h and 10 min for barcoded adapter trimming and
assignment by barcode, and 2 h and 9 min for mapping of reads to the genome and small
RNA annotation databases (for a ratio of redundant to unique reads of ~20:1). The required
software are modified and compiled from freely available web tools, Perl scripts, and useful
Bioconductor (http://bioconductor.org) packages, which are mentioned in the relevant
sections of the manuscript.

4. Procedure
The following step-by-step procedure (Fig. 1) describes the processing of the raw deep
sequencing files generated on Illumina HiSeq or Illumina Genome Analyzer II sequencers to
obtain miRNA read frequencies. Following image processing, a single deep sequencing run
produces a text file in fastq format, including a quality score for each nucleotide call. The
size of the fastq files, when compressed, is currently in the multi-GB range; depending on
the RNA isolation method and platform used for sequencing, a library can contain from 10
million to over 200 million reads. Based on the quality scores, an initial filtering step may
take place (included in platform-specific software packages).

4.1. Database of records containing sample description and experimental processing
A database that is easy to interrogate is important when working with large clinical sample
collections. The database should include sample description, experimental processing steps,
and sequencing run details.

1. Sample source information—At a minimum the overall database should include
information on the sample tissue origin and species. The clinical characteristics of each
subsample can be documented in a separate table, but using a common identifier that is also
used to link the subsample to its barcode (see example in Table 2). Subsequent unsupervised
clustering of subsamples is expected to reflect subsample characteristics and should not
occur by barcode, sequencing run, or sample preparation technique. Using our barcoded
adapters under unchanging ligation conditions, miRNA expression reflects the sample
composition independent of barcode and sequencing run.

2. Experimental procedure information—It is important to document experimental
procedures for RNA isolation and generation of each cDNA library. This should include (1)
the type of RNA isolation method used, given that different methods vary in small RNA
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extraction efficiency; (2) the amount of total RNA used for each sample to allow
quantitation of the global miRNA amount; (3) the adapters used for the 3′ and 5′ ligation
steps; (4) the RNA ligases used for the 3′ and 5′ ligation reactions, which may introduce
different biases for each miRNA; (5) the ligation conditions; (6) the presence, type and
length of oligoribonucleotide size markers used; (7) the specifics of cDNA library
preparation: the expected size range of the library insert, the number of amplification steps
(PCR cycles), the extent of adapter–adapter ligation product removal, as judged by agarose
gel or bioanalyzer; (8) the calibrator oligoribonucleotide cocktail composition and amount
used.

3. Sequencing run information—The database should include information regarding
the sequencing run, including the number and description of subsamples included within
each sequencing run, the barcode used for each subsample, the sequencing platform used
and the unique identifier of the sequencing run (see example in Table 3).

4.2. Generation of miRNA profiles
Steps 4–7 describe adapter trimming and assignment by barcode (Fig. 2A), while steps 8-11
describe mapping to the genome and small RNA annotation databases (Fig. 2B). We
generated an automated pipeline where a user friendly interface allows information data
entry on each sample, uploading of raw fastq or fasta tab-delimited sequencing files,
barcoded adapter trimming and subsample extraction, mapping, annotation and selection of
subsamples for clustering analysis.

4. Barcoded adapter trimming and assignment by barcode—Sequencing is
performed unidirectionally. The 5′ adapter sequence serves as primer binding region for
sequencing and the first sequenced base corresponds to the first nucleotide of the RNA
insert (Fig. 3). The first computational step is therefore to retrieve the sequence
corresponding to the original small RNA from the sequence reads by removing the 3′
barcoded adapter sequences and assign the reads to subsamples according to their
corresponding barcodes. We use a collection of Perl scripts, derived from Berninger et al.
[9], which were further modified to produce files described in 6 and 7 and align the
barcoded 3′ adapters to the reads. Alternatives, such as trimLRPatterns, BioBowl script,
novoalign are suggested in [10], or AdaptorRemover suggested in [11]. To avoid barcode
misassignment we do not allow a mismatch in the first common position of the 3′ adapter
next to the barcode, nor do we allow any mismatch, insertion or deletion within the barcode
(in other words, reads with imperfect barcodes are discarded). Our decision to not allow
mismatches stems from the fact that in order to minimize ligation biases we kept the barcode
sequences short (5 nt) and similar in sequence. We require overlap with at least the first four
common post-barcode nt of the 3′ adapter, or a minimum of 5 nt if containing one
mismatch. No insertions or deletions are allowed. According to these rules, the maximum
insert length that can be extracted is N-9 (where N is the length of the sequencing read). For
example, for platforms producing 36 nt reads that are barcoded the maximum insert length
that can be recovered is 27 nt, whereas for platforms producing 50 nt reads the maximum
insert length recovered is 41.

5. Apply filters on small RNA insert length, low-complexity sequences and
adapter–adapter ligation products—We suggest to retain a minimum length of 16 and
a maximum length of 25 nt of inserts for annotation, if the primary goal is characterizing
miRNA profiles. Initially the Illumina sequence read length was 36, which allowed
identification of miRNAs along with the barcode and part of the 3′ adapter sequence (see
above). Currently, Illumina provides read lengths of 50 or 100 nt, which may allow full
length identification of longer RNA species, such as piRNAs, if desired. To identify longer
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small RNA species the experimental procedures described in the accompanying manuscript
[4] need to be modified by adjusting the size fractionation step during cDNA library
preparation. Low complexity reads are defined as mono-, di- and tri-nucleotide repeats and
are removed from analysis. Reaction by-products, (such as adapter–adapter ligation
products) that are the same length as the desired products containing the size-selected insert
RNA, are filtered out using the Needleman–Wunsch alignment algorithm. When these
products are identified, these are added to a ‘by-product’ MySQL database table, which is
updated in an iterative process to prevent such sequences from entering genomic mapping
processes.

6. Generate a list of non-redundant (unique) sequences—The file is in fasta
format, with each unique read containing a unique identifier along with the frequency of its
occurrence in the header. At this step the quality scores from the fastq file are omitted.
Reducing the data to non-redundant reads allows for faster mapping, especially important
given the millions of reads generated from each sequencing run. Separate unique sequence
files are generated for each subsample (Fig. 3).

7. Generate barcoded adapter trimming and barcode allocation statistics
reports—Steps 4–6 yield the following files, which provide information on the quality of
the RNA isolation (e.g. majority of reads should coincide with experimental RNA size
selection of 19–24 nt) and the quality of the sequencing (e.g. the majority of reads should
include an identifiable barcode and adapter): (1) a barcoded adapter trimming report with a
histogram of the length of the insert RNA within the reads in the sequencing run, and
categories of reads that were filtered out due to length, absence of barcode, presence of
incomplete barcode (defined by the presence of fewer than 4 nt of the adapter), or absence of
adapter (Fig. 4A); (2) a histogram of the length of the insert RNA for each subsample (for
the chosen length range, e.g. 16–25 nt) with columns summarizing the number of unique
reads, as well as the ratio of total reads to unique reads, as a metric for the diversity of RNA
species within each subsample and sequencing depth (Fig. 4B); (3) a master table with all
unique inserts corresponding to each subsample after barcoded adapter extraction.

8. Map unique filtered sequence reads to the genome (e.g. hg19, mm9)—We
use the Burrows–Wheeler aligner (bwa) [12] and suggest allowing up to one error
(mismatch, insertion or deletion) while mapping to the genome. We use the bwa (version
0.5.9) default parameters with the exception of parameter n, maximum edit distance, set as 1
or 2 based on the analysis step, mapping to the genome or annotation to small RNA
databases, respectively (further explained in later steps). To speed up the mapping process,
we set a multi-threading parameter to allow bwa to use multiple cores. Other short read
aligners may be used, such as maq, soap, eland, and Bowtie as suggested [10,13,14]. We
originally used Oligomap and WU-BLAST, as described in [9]; however, given the
increasing sequencing depth, now resulting in many millions of reads for each subsample,
the amount of time for annotating each subsample required the use of alternative mapping
algorithms.

9. Identify best hits and remove insert sequences that map to >1000 genomic
locations—For each small RNA identify the locus/loci with minimum number of errors
(mismatch, insertion, deletion) in the insert-to-genome mapping and select the locus with
smaller number of errors. Set aside multimappers with hits to >1000 genomic locations. This
number can be adjusted based on the small RNA studied, e.g. reduced for profiling miRNAs
given that multicopy miRNAs only map to a small number of genomic locations.
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10. Map unique filtered insert sequences to small RNA databases using a
hierarchy list based on RNA species abundance within the cell—Map small
RNAs to RNA annotation databases using bwa, allowing up to 2 errors. We download the
small RNA category sequences of the species, from which the small RNAs have been
sequenced, from the GenBank repository (www.ncbi.nlm.nih.gov/genbank), and also obtain
the annotation of repeat elements in the genome (www.repeatmasker.org). These are the
resources used in order of their hierarchy for annotation of unique sequence read inserts (in
italics are those included in the summary statistics Table S2 from [5]):

- rRNA – ribosomal RNAs and precursors

- tRNA – transfer RNA

- sn/snoRNA – snRNA (small nuclear RNA) and snoRNA (small nucleolar RNA)

- repeat10_rm – reads that map to >10 locations in a repeat-masked genomic
location (interspersed repeats within DNA sequences)

- miRNA – miRBase (www.mirbase.org) or our curated annotation (see following
section)

- miscRNA – miscellenous RNA, assigned to any gene that encodes non-coding
RNA not included in the other definitions (such as scRNAs – small cytoplasmic
RNAs, scRNA-hY1 through 4)

- piRNA – piwi-interacting RNAs

- mis-annotated (doubtful) miRNAs (annotated as miRNAs in miRBase release 16
but did not pass our classification criteria; see following section)

- calibrator oligoribonucleotides

- RNA size marker sequences used during cDNA library preparation

- repeat-masked reads that fall within regions of interest annotated above,
including the following types of small RNA: rRNA, tRNA, sn/snoRNA,
miscRNA

11. Steps 8 through 10 yield the following files, using a collection of Perl scripts, derived
from Berninger et al. [9]: (1) annotation master table including the sequence ID, nucleotide
sequence, sequence length, number of times a sequence is encountered, its genomic
coordinates, the number of mappings to the genome, and the assigned small RNA category
(see example in Table 4); (2) mapping statistics, including the number of sequences assigned
to each annotation database with 0, 1, or 2 errors, respectively; the oligoribonucleotide
calibrator sequences should be removed from these statistics to reflect the biological
subsample composition. At the same time, for quality control, the table includes the number
of sequences assigned to calibrator oligoribonucleotides with 0, 1, or 2 errors, respectively
(see example in Table 5); (3) miRNA precursor read frequency profiles, including the
number of unique reads and shared reads (important for assignment of multicopy miRNAs
and miRNAs that share extensive sequence similarity) (see example in Table 6); (4)
individual miRNA read frequency profiles assigned to their respective genomic location or
merged to reflect their indistinguishable mature form (for multicopy miRNAs) with read
frequencies (see example in Table 7); (5) diagram files with all the sequences that can be
assigned to the miRNA precursor, and their overall distribution along the precursor,
specifying the mature and miRNA/sequence (Fig. 5A). This provides insights into patterns
related to biogenesis of the hairpin foldback structures of typical miRNAs.
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12. Normalize each miRNA profile to relative read frequencies—This
normalization method corrects for the variable sequencing depth in each subsample by
dividing each miRNA read frequency by the total number of miRNA sequence reads within
the subsample in order to facilitate comparison of expression between subsamples (see
example in Table 7). Computation of rpm values (reads per million) for each miRNA
occurring in the subsample is also frequently used.

13. Consider correcting relative read frequency to derive actual abundance in each
subsample for miRNAs that show extensive adapter ligation bias as described in [8].
Ranking miRNAs by abundance is helpful for biological follow-up experiments. For
example, for the experimental protocol used in [5] the analysis showed under-representation
over 5-fold for miR-193a, miR-193b, miR-26b, miR-29c, and miR-30b.

4.3. Quantitation of absolute miRNA amount
The spiking of subsample RNA with a set of synthetic calibrator RNAs allows for the
identification of the total amount n of miRNAs (in mol) relative to the mass of total input
RNA (in g). We add a cocktail of 10 calibrator oligoribonucleotides, each at 0.25 fmol
quantity, per μg of total RNA [4]. Similar to miRNAs these calibrator RNAs also show
sequence specific biases and their read frequencies deviate from their molar ratios [8].

14. Calculate total miRNA amount n in total RNA based on the following formula:

, where  or  is the total amount
of miRNA or calibrator (in mol) relative to the mass of total input RNA (in g), FmiR or Fcal
is the number of reads (also referred to as read frequency) of miRNA or calibrator RNA, k
corresponds to the observed number of miRNAs, and l corresponds to the added number of
calibrators in the subsample.

4.4. miRNA sequencing statistics and quality control
15. We suggest summarizing the following characteristics after barcoded adapter trimming,
mapping and annotation for each subsample to assess the quality of the sequencing and
quality of cDNA library for review by the experimenter: (a) extraction statistics, (b)
mapping and annotation statistics, (c) miRNA mapping statistics, (d) calibrator
oligoribonucleotide mapping statistics, and (e) global miRNA amount per total input RNA
(see example in Table 8).

a. Extraction statistics: Total number of reads assigned to each subsample, number of
unique reads, number and percent of reads that are assigned to calibrator
oligoribonucleotides. If unexpectedly for certain subsamples the majority of reads
are assigned to calibrators, it may indicate faulty concentration determination of
input total RNA, ribonuclease contamination, DNA contamination, loss of RNA,
etc.

b. Mapping and annotation statistics of biological subsample: Number and percentage
of (1) miRNAs, (2) rRNAs, (3) tRNAs, (4) sn/snoRNAs, (5) other RNA, combining
all other categories described above (repeat10_rm, miscRNA, piRNA, mis-
annotated miRNA, all other repeat-masked RNAs). For example, in our small RNA
profiling protocol, a high percentage of rRNAs is indicative of partial RNA
degradation/hydrolysis of the sample.

c. miRNA mapping statistics: Identify the miRNA sequence reads that map with 0, 1,
and 2 errors, and calculate the percent mismatched miRNA reads compared to the
perfectly matching miRNA reads.
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d. Calibrator oligoribonucleotide read mapping statistics: Identify the calibrator
sequences that map with 0, 1, and 2 errors, and calculate the percent mismatched
calibrator reads compared to the perfectly matching calibrator reads. A high
percentage of mismatched calibrator sequences signifies a low quality sequencing
run.

e. miRNA amount (n): Reported in fmol amount of total miRNA per lg of subsample
input total RNA entering cDNA library construction (step 14).

16. Further quality assessment can be performed by clustering subsamples to ensure that no
bias exists due to differences in experimental conditions (e.g. the day the sequencing was
performed, barcode used, sequencing platform used). Hafner et al. established that no
significant bias can be attributed to the different barcoded adapters [8]. We did observe
barcode misassignment due to multiple sequencing errors. Even when a barcoded adapter
was absent in an experiment, we found sequence reads assigned to it, albeit at ~1000-fold
lower frequency compared to barcoded adapters actually present during cDNA library
construction. This small fraction of misassigned reads suggests a minimum read count
requirement for a subsample profile to be included in downstream analysis. The profiles of
the calibrators can provide an extra level of quality assessment (see step 23).

4.5. Public repositories for small RNA sequences
17. Submit files including barcode-extracted reads, as well as unassigned reads to the SRA
(www.ncbi.nlm.nih.gov/sra). The SRA was planned to be phased out by the end of 2011 due
to funding constraints and at the time GEO (www.ncbi.nlm.nih.gov/geo) served as a
repository for sequencing files; one may find datasets submitted during that time in GEO
instead of SRA. NIH support has enabled the SRA continuation and now it will operate as
the NIH’s primary archive of high-throughput sequencing data and as part of the
international partnership of archives at the NCBI, the European Bioinformatics Institute and
the DNA database of Japan. Data submitted to any of the three organizations are shared
among them.

a. Barcode-extracted files provide additional annotation; they are usually text files
with the RNA sequence, its read frequency and annotation category.

b. The repositories also require submission of files listing the remainder of the
sequences within the sequencing run that were not assigned to a particular barcode.
In order to accurately process this file, one would need to know how many
subsamples were included in the sequencing run and their barcode sequences, and
not only the ones reported in the manuscript barcode extracted files (see example in
Table 3).

4.6. Curated human miRNA entries
The rapid acquisition of deep sequencing small RNA cDNA profiles from many human
tissues led to a rapid expansion of entries in miRBase. When we mapped reads obtained in
our lab from over 1000 human small RNA cDNA libraries against miRBase entries, we
noticed that some read alignments did not correspond to prototypical miRNA biogenesis
patterns and were more likely resulting from mapping errors. We therefore use our own
curated set of miRNA genes in Table S4 in [5] for annotation of reads. Samples were
derived from diverse normal and diseased human tissues and yielded 561,200,705 reads.
Verification of miRNAs was performed by analyzing their expression levels and cistronic
expression pattern, the mapping pattern of reads to existing miRNA regions, as well as
secondary structure prediction for the expected fold-back structure of precursor molecules.
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In summary, after mapping all sequence reads to miRBase 16, we filtered out miRNAs with
<50 sequence reads, accepted miRNAs with 50–100 reads only if they were part of a
precursor miRNA cluster, filtered out multi-mapping miRNAs (>30 genomic locations), and
for miRNAs with <30 genomic locations assessed mapping pattern in the miRNA
expression histogram (Fig. 5A). We then generated secondary structure files for the
remaining miRNAs using RNAfold from the Vienna package (http://www.tbi.univie.ac.at/
~ivo/RNA/) [15] and only accepted miRNAs with prototypical fold-back structures (Fig.
5B), with the exception of miR-451-DICER1 and miR-618, which are processed
independent of DICER1. Finally, we renamed miRNAs according to read frequency for the
3p or 5p arm. If the reads in either arm constituted <20% of both arms combined, then we
considered the minor species as miRNA/; otherwise, we assigned each arm as −5p or −3p.

Of the 1045 miRBase annotated human precursor sequences, 488 failed one or more of our
criteria (expression, mapping pattern and RNA fold), with 282 having little or no expression
evidence. Further support for the validity of annotated miRNAs is currently obtained by
analysis of sequence conservation between species, using sequencing data obtained from
macaque small RNA cDNA libraries (unpublished data).

4.7. miRNA read frequency by grouping sequence families and genomic clusters (cistrons)
Grouping of reads based on miRNA sequencing families or coexpressed cistronically
organized miRNAs facilitates a biologically relevant interpretation of miRNA profiles and
variation between subsamples. Fig. 6 shows examples of miRNA genomic clusters and
sequence families. As described earlier, miRNA sequence families group miRNAs that
display sequence similarity and thus likely target a similar set of mRNAs, while miRNA
expression clusters group miRNAs that are located in close proximity in the genome, and are
co-transcribed.

We defined miRNA genomic clusters [5] taking into consideration expressed sequence tag
(EST) evidence and levels of miRNA expression from our data (similar to the procedure
described in [16]). With the exception of cluster-mir-98(13), typically, the greatest genomic
distance between clustered miRNAs was 5 kb. We defined sequence families on the basis of
seed sequence similarity (position 2–8) allowing only one transition in these positions, as
well as 3′ end similarity (position 9 through 3′ end) allowing up to 50% mismatches, with
additional manual curation. Our naming convention depicts the number of miRNAs in a
sequence family or expression cluster as the number in parenthesis. Fig. 7 demonstrates the
collapsing of mature miRNA profiles to miRNA sequence families and genomic clusters for
a subset of breast samples.

18. Condense miRNAs into sequence families and genomic clusters according to definitions
in Supplementary Table S4 in [5]. This step allows for data reduction and ease of miRNA
profile presentation (see example in Table 7 and Fig. 7).

4.8. Clustering barcoded samples
Various algorithms can be used to perform clustering of samples based on miRNA read
frequencies [5,9]. Tools that were originally designed for microarray samples can also be
used for Log2-transformed relative read frequency miRNA profiles [17]. Given that
miRNAs show a non-normal distribution with a relatively small number of miRNAs highly
expressed and most miRNAs expressed at much lower levels, with the lower expressed
miRNAs subject to large sampling noise, the algorithm described in [9] uses a Bayesian
probability framework and was specifically designed for miRNA read data.

19. Decide on filters to select samples for clustering or differential expression analysis.
Filters may be based on read depth, and it is preferable to compare subsamples with similar
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sequence read depth. We suggest selecting a cutoff for monitoring top expressed miRNAs
which when dysregulated trigger tractable changes in target mRNA expression. Suggested
filters: (1) miRNAs that comprise a specific percentage of total miRNA reads in at least one
sample (e.g. top 85%), (2) fixed miRNA read frequency within each subsample (e.g.
miRNAs present with a minimum of 10 reads), (3) requirement for a specific miRNA read
frequency across all subsamples or a number of selected subsamples. For example in [5],
setting a cutoff of 10 or more reads per miRNA for the pool of all 49,479,978 miRNA
sequence reads, we identified a total of 888 mature and miRNA sequences from the curated
set of 1033 mature and miRNA/sequences. Resetting the threshold to 5,000 reads, we
identified/231 miRNA and miRNA species together constituting 99% of all miRNA reads.

20. Cluster miRNAs and subsamples using algorithms discussed below. To evaluate how
well the unsupervised clustering captures clinical, pathological or experimental variables
and assess confounding factors, we include annotation labels representing variables of
interest next to the dendrograms.

a. Variations of Bayesian algorithms, such as the one described in [9,18] and used in
mirZ/smirnaDB website/database (http://www.mirz.unibas.ch/cloningprofiles/)
cluster both miRNAs and subsamples, as in [16]. Note that this website uses a
different definition of miRNA sequence groups and expression clusters from the
one described in this manuscript. miRNAs from every species were grouped
together in sequence groups if they shared the same seed sequence (position 2–7 of
the mature miRNA). miRNA precursors were clustered together based on their
relative distance in the genome: two precursors were placed in the same cluster if
they were <50 kb from each other. Only precursors that could be mapped to the
genome assembly were used to construct precursor clusters.

b. Cluster miRNAs and subsamples using unsupervised hierarchical clustering with
complete linkage and Spearman correlation [5]. Note that this clustering is rank-
based and thus does not require normalization by the total subsample read count
(described in 12).

21. Plot heatmaps of miRNA expression in the subsamples for each miRNA (see Figs. 1 and
2 in [5]). Different types of mappings to a palette of colors for the heatmap can be used to
highlight different types of information. A color mapping based on Log2 read frequencies
depicts miRNA expression; these subsamples can be sorted from the highest overall
expressed miRNA within all subsamples to the lowest overall expressed miRNA to highlight
differences in more abundant miRNAs, which may be more biologically relevant. Other
color mappings may also depict miRNA read frequencies standardized across each miRNA
to accentuate the differences in expression across subsamples assessing one miRNA at a
time.

22. It can be useful to compare profiles derived from heterogeneous tissue samples to
profiles from a homogeneous cell population, such as cell lines, to identify miRNAs
expressed in a specific cell of interest. For example, comparing a cancer tissue biopsy
sample, which usually includes not only tumor cells but also immune cells, connective tissue
or normal tissue, to a cancer cell line, may identify miRNAs that are specifically expressed
in tumor cells within the heterogeneous tissue sample (Fig. 7).

23. Comparing the clustering of profiles of the calibrators and the clustering of subsample
profiles excludes techniquebased biases (Fig. 7).

24. Principal component analysis (PCA) of miRNA read counts can be used as another
means of data evaluation and reduction, highlighting similarities and differences between
samples.

Farazi et al. Page 10

Methods. Author manuscript; available in PMC 2013 October 01.

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript

http://www.mirz.unibas.ch/cloningprofiles/


4.9. Differential expression analysis
The assumptions on distribution used by standard Significance Analysis of Microarrays
(SAM) [17] tests do not hold for RNA read frequency profiles. Recently the SAM tests have
been adapted for sequencing data (SAMseq), utilizing a nonparametric method to measure
the significance of features from RNA-Seq data [19,20]. There are two main characteristics
of read frequency data that distinguish them from microarray data. Firstly, algorithms for
analysis of differential expression of read frequency data need to take into account the lower
confidence in the small number of reads obtained for lowly abundant miRNAs. Secondly,
due to variable sequencing depth of miRNA read frequency profiles, the variation of the
total miRNA read frequency across different samples is much greater than the variation of
miRNA read frequencies within each sample. Therefore, we suggest using differential
expression statistical tools designed for sequencing read frequency profiles:

25. mirZ: Specifically tailored for miRNA sequencing profiles. It is based on a Bayesian
model for computing the posterior probability that the frequency of a miRNA in the total
miRNA population differs between two sets of samples [9,18]. This probability is computed
assuming a binomial sampling model and integrating over the unknown miRNA frequencies
in the samples. This approach takes into account both the variability between sample size
and the absolute miRNA counts, but does not account for within-group variability, as group
members are summed prior to analysis.

26. edgeR: A Bioconductor (http://bioconductor.org) software package for studying
differential expression of replicated count data based on a negative binomial distribution
[21]. Replicates may represent subsamples of a specific disease state, such as normal versus
tumor. It uses an overdispersed Poisson model to account for both biological and technical
variability. Empirical Bayes methods are used to minimize the degree of overdispersion
across transcripts, improving the reliability of inference. Results are plotted as Log2 of the
fold change of read frequencies between two groups of samples compared as a function of
the Log2 of the average miRNA relative read frequencies in the two groups of samples
compared. These are called ‘smear’ plots (for example see Fig. 4 in [5]). This allows an
interpretation of differential expression analysis in the context of miRNA expression levels.
Lower expressed miRNAs likely exert weaker effects on their mRNA targets, unless they
show a high degree of complementarity to their target; thus, large changes in expression in
lowly expressed miRNAs may not result in changes in mRNA expression.

27. DESeq: Also a Bioconductor package, which similarly to edgeR uses a method based on
a negative binomial distribution, with variance and mean linked by local regression to
determine differences in expression within read frequency profiles [22].

28. DEGseq: A third Bioconductor package designed to identify differentially expressed
genes that uses as input uniquely mapped reads from RNA-Seq data [23]. This method uses
a combination of two statistical models: (1) the number of reads derived from a gene follows
a binomial distribution that can be approximated by a Poisson distribution, (2) Fisher’s exact
test and likelihood ratio test identify differentially expressed genes.

29. SAMseq: A nonparametric method that is less sensitive to outliers (see example in [14]).

4.10. Identification of rare nucleotide variations and mutations
Most frequently encountered nucleotide variations are, (1) A-to-G and C-to-U RNA editing
events by dsRNA-specific adenosine deaminases [16,24], and cytidine deaminases [25],
respectively. The editing may be tissue-specific; (2) 3′ end terminal variations, such as
polyuridylation by terminal uridylyl-transferases (TUTases) and polyadenylation by poly(A)
polymerases; (3) DNA-encoded common single-nucleotide polymorphisms (SNPs).
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Frequent 3′ and 5′ processing variations are also known as isomirs [26]. Because these
events can be found to various degrees in most samples, we developed a method for the
discovery of rare events such as mutations of miRNAs in specific diseased samples [5].

30. Define specific nucleotide variations for miRNAs if they display (1) ≥10 altered
sequence reads for a specific position and (2) are present in ≥25% of the specific position in
at least one sample, to focus on somatic mutations and rare SNPs that are present in one
allele.

31. To simplify identification of nucleotide variations, we suggest separate analysis for 3′
most terminal variations in the last insert position, because it frequently contains 3′
untemplated nucleotide addition [16]. Despite the removal of the terminal nucleotide, the
majority of variations may still comprise variations in the last 2 positions of the predominant
mature sequence read, likely representing 3′ terminal events that were insufficiently
repressed by this computational approach (the majority of these variations represented
changes into A or U). Most such events are single A or U additions. To further focus on 3′
end variations, the data can be re-analyzed to include all positions of the sequence reads, and
extended to include additional positions following the end of the predominant mature
miRNA sequence. As an alternative approach, we suggest treating separately 3′ tails of
unmatched A’s or U’s of any length.

32. Once nucleotide variations are identified with the rules defined above, score as positive
each individual sample for the presence of variation in > 10% of the reads. The 10% cutoff
avoids cataloging changes due to sequencing error or mis-mapping from abundant miRNAs.

33. Characterize variations according to: (1) distribution of the variation frequency across
samples and the number of samples affected, (2) the number of shared reads for miRNA
sequence family members and miRNA abundance to determine mis-mapping and (3)
location of variation (see example in Table 9).

a. Histogram of nucleotide variations across subsamples (Fig. 8) : Based on the
histogram distribution, e.g. unimodal versus multimodal, one can deduce the nature
of the variation. For example, a well-represented unimodal distribution of the
nucleotide variation frequency is expected for enzymatic deamination events. A
trimodal distribution with peaks over 0, 50 and 100% variation frequency likely
represents common SNPs. Bimodal distribution likely represents rare somatic
mutational events; these somatic mutations could be represented by variations
observed in a single patient, usually affecting only one allele.

b. Mis-mapping from abundant miRNAs: Variable positions in miRNAs with a high
degree of sequence similarity should be excluded, due to the high likelihood that
variations in these positions for the less abundant miRNA represent mis-mapping
from the more abundant miRNA sequence family member.

c. Location of variation: For ease of presentation we suggest dividing the nucleotide
variations into (1) variations present in positions 1 through the position before the
two terminal 3′ nucleotides of the mature or miRNA/(2) variations present in the
two terminal 3′ nucleotides of the mature or miRNA/.

4.11. Identification of novel miRNAs
There are multiple algorithms that can facilitate the discovery of novel miRNAs in sequence
read data. One of the most commonly used prediction tools is mirDeep that specifically
assesses for the miRNA processing pattern expected from the miRNA foldback structure
[27].
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Fig. 1.
General overview of bioinformatic analysis pipeline.
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Fig. 2.
Overview of generation of miRNA profiles. RNA isolation, cDNA synthesis and PCR as
described in [4]. (A) Barcoded adapter trimming and barcode assignment. (B) Mapping to
the genome and annotation to small RNA databases.
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Fig. 3.
Example of initial processing of fastq deep sequencing file. The fastq Illumina file contains
4 lines for each sequence read: (1) a unique read identifier preceded by the ‘@’ symbol, (2)
the nucleotide sequence of the read, (3) the same unique read identifier preceded by the ‘+’
symbol (4) quality scores that specify the probability of error in the nucleotide call at each
position in the sequence read. Missing nucleotides are usually marked as N or the symbol
‘.’. The fastq file is converted to a fasta file and checked for presence of valid barcode and
adapter. The subsample member is subsequently tracked so that the fasta files can be split
into individual files by subsample (header contains read identification number and read
count).
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Fig. 4.
(A) Summary table representing histogram of small RNA insert length of all reads. (B)
Summary table representing histogram of small RNA insert length of all extracted reads by
subsample.
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Fig. 5.
(A) Diagram file mapping reads to miRNA precursor (with miR-21 reads displayed and both
miR-21 and miR-21* reads summarized as histogram in the bottom). Precursor residues in
blue represent the mature miR-21 sequence, whereas residues in red represent the miR-21*
sequence. The number of reads that map to either the mature or precursor are specified,
along with the times that they map to the genome. The precursor is extended 10 nt in both
directions from the start of the mature and end of miRNA*. (B) Example of secondary
structure predictions for putative miR-21 precursor, exibiting the prototypical fold-back
structure. The mature and star sequences line up with the prototypical 1-2 nt overhang,
consistent with miRNA biogenesis.
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Fig. 6.
miRNA genomic and functional organization. The genomic and functional organization of
several miRNA clusters is clarified. The genomic locations for each of the miRNA members
are defined. Grey lines denote intronic regions. miRNA mature sequences are color-coded
according to the sequence family to which they belong (i.e. in the mir-98 cluster, red
significes the let-7a sequence family). The miRNA* sequence is defined with a grey bar.
The sequence families are depicted as sequence alignments compared to the most highly
expressed miRNA family member shown on top, based on profiles of approximately 1000
human samples (see text). Shaded residues denote differences from the most highly
expressed miRNA family member.
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Fig. 7.
(A) Merged-miRNA view of an example of miRNA expression for a set of breast cancer
samples from [5]. Samples and miRNAs are clustered using the Bayesian approach [18].
Expression is presented as the Log2 relative read frequency of miRNAs, and selected using
the top 60% expressed across all samples. (B) miRNA-sequence-family view for the same
set of samples. The merged miRNA view was first expanded to include other sequence
family members, then collapsed by their sequence family definitions. (C) miRNA-genomic-
cluster view for the same set of samples. The merged-miRNA view was first expanded to
include other genomic cluster members, then collapsed by their genomic cluster definitions.
(D) Clustering based on calibrator oligoribonucleotide reads. Expression is plotted similarly
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to miRNA expression using the Log2 relative read frequency of calibrators. Although
samples cluster mostly based on sequencing run, the calibrator expression is unaffected by
the sample content. However, the miRNA profiles cluster according to normal breast or
breast tumor subtype, with the exception of one sample (triple negative 1). Breast tumor
subtypes include triple negative (Triple (−)), ERBB2 over-expressing (HER2+), and Ductal
Carcinoma in situ (DCIS). The color bar below represents the frequency of calibrator reads
relative to the sum of the calibrator and miRNA reads. Triple negative 1 has a high
calibrator content and may explain why in the sequence family view it clusters with normal
breast samples.
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Fig. 8.
Histograms of nucleotide variations representing an RNA editing event for mir-381,
manifested by a unimodal distribution and a published SNP in mir-146a, manifested by a
trimodal distribution. The blue portion of the bars represents samples that meet the criteria
of a minimum of 10 altered sequence reads at the varied position, whereas the red portion of
the bars represents samples that do not meet the minimum altered sequence read
requirement.
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Table 1

Computer setup recommendations.

Our current workstation Recommendation

CPU cores 32 ≥8

CPU frequency 2.4 GHz
Highest possible

a

Memory 132 GB ≥32 GB

Disk space 1 TB Free space
≥1 TB Free space

b

Backup RAID 1 (hardware-based) RAID 1 or proper external

backup
c

Operating
system

Linux Linux

Support IT and system
administrator

IT support for installation

a
A measure of CPU performance that can be used to compare CPUs within a given family.

b
Intermediate alignment files typically occupy 3 times the space of the source (uncompressed) raw read fasta or fastq file.

c
RAID (Redundant Array of Independent Disks) is a storage system that combines multiple disk drives. Data is distributed across the drives in one

of several ‘RAID levels’, determined by the required redundancy and performance.
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