Chapter 6
Identification of Imprinted Loci by Transcriptome
Sequencing
Tomas Babak
Abstract
Enabled by high-throughput technologies that are capable of generating millions of sequencing reads,
transcriptome sequencing is emerging as an important approach for mapping allelic imbalance (AI), where
transcription is biased toward one allele in a diploid system. AI is identified by counting sequencing reads
that map to genomic regions containing heterozygous SNPs, where the base identity of the SNP is used
to distinguish allelic origin. Genomic imprinting is a special case of AI where bias is toward parental sex
and can be identified by transcriptome sequencing of systems that represent reciprocally inherited loci. The
focus of this protocol is on experimental design, analysis, and interpretation of genomic imprint discovery
using whole transcriptome sequencing.
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1. Introduction
While a comprehensive map of imprinted loci in all cell/tissue
types of all mammals facilitates the evolutionary characterization of
genomic imprinting, inherent challenges of traditional discovery
approaches have mostly limited their application to developing
mouse stages. Classical genetic screens based on uniparental disomies and reciprocal translocations (1, 2) and genetic mapping of
parent-of-origin phenotypes in humans (e.g., ref. 3) revealed the
initial imprinted loci. Most imprinted genes emerged from fine
mapping of these initial regions, typically by RFLP analysis of cDNA.
Microarray profiling of embryos with uniparental disomies or
entire genomes (4, 5) extended the map, but embryonic lethality
induced by these genetic perturbations has limited their discovery
potential. A two-dimensional RFLP approach (6) and genotyping
microarrays (7) have been applied to imprint discovery in adult/
wild-type tissues but require extensive analysis to rule out signal
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from noise. Mapping imprinting by transcriptome sequencing,
which has only recently become possible, is advantageous in that it
does not require a priori knowledge of the expected genomic localization or phenotype, and can be applied to any diploid progeny of
genetically diverged parents.
NextGen sequencing (NGS) has rapidly changed the landscape
of nucleic acid-driven research. In addition to standard sequence
determination, the ability to generate millions of sequencing reads
has also enabled quantification of input abundance by simply
counting the reads. RNA-Seq (8, 9), the most commonly utilized
form of transcriptome sequencing, is based on random priming of
polyA + purified RNA to generate cDNA, which is again random
primed to generate double-stranded DNA that is then sequenced.
Biological inference typically involves mapping of the reads to a
reference genome and quantifying events (e.g., splicing or gene
expression) by counting. Similarly, when a mapped sequencing
read overlaps a heterozygous SNP, allelic origin of that read can be
discerned using the identity of the polymorphic base. AI can be
inferred by comparing the two sums of allelic reads that map to
that SNP. Since AI is widespread in mammalian cells (10) and
genomic imprinting is likely to be causal for only a small proportion (11), demonstrating AI in a reciprocally inherited fashion is
imperative for imprinting discovery. The most straightforward
experimental design consists of two crosses of inbred strains, where
each parental sex is represented by both genetic backgrounds. In
this simple system each progeny is heterozygous at all SNPs and
both maternal and paternal copies of each allele are represented
(Fig. 1). RNA-Seq is then applied to both crosses and genomic
imprinting distinguished as AI that is consistently biased toward
parental sex (vs. AI biased toward same parental strain which is
much more common). Although the classical definition of genomic
imprinting is based on monoallelic expression, it has been expanded

Inbred Strain 1
Inbred Strain 2

F1

RNAseq

F1

Fig. 1. Schematic of reciprocal cross. Inbred parental strains are crossed in reciprocal to produce F1 progeny that are
sequenced and analyzed in pairs.

6

Identification of Imprinted Loci by Transcriptome Sequencing

81

to include incomplete parent-of-origin expression biases (11) and
enables identification of cell/tissue-specific imprinting that is
diluted by tissue heterogeneity.
Several groups have successfully used transcriptome sequencing
for imprint discovery (12–14) and the approach has outstanding
promise, but unresolved challenges exist. For example, all published studies using RNA-Seq to map AI have thus far not addressed
systematic bias. It has been shown that AI reproduces very well
across technical and biological replicates when considering the
same SNP (15) but little has been done to assess concordance
across different SNPs. Systematic priming biases induced by SNPs
could lead to incorrect AI calls. One would expect strong agreement
on AI among two SNPs within the same exon, for example, and
these could be used to empirically estimate systematic bias. Until
AI is robustly modeled, mock reciprocal crosses (i.e., biological
replicates) can be used to gauge false-discovery and I expand on
this below. A second challenge is application outside the somewhat
artificial setting of inbred mouse crosses. Transcriptome sequencing has not yet been applied for imprint discovery in species where
inbred strains or controlled crosses are not available (such as
humans). Two experimental designs could be employed to make
this feasible. The first is a controlled screen in a family where parents and offspring are genotyped; AI is determined at all heterozygous SNPs in offspring, and parent-of-origin inheritance determined
from phased haplotypes. A large family with distantly related parents
would be ideal. The second approach is to screen an outbred population and identify imprinting as AI with no sequence dependence
(i.e., AI is always observed but biased for either allele with equal
likelihood) since consistent bias toward one allele suggests a genetic
mechanism and this is generally the case (10).
The focus of this protocol is on identification of genomic
imprinting in reciprocally crossed F1 mouse strains using standard
RNA-Seq with emphasis on analysis practices. The assumption is
that the reader has access to total RNA from reciprocally crossed
mouse tissues and a reasonable (>5 million) map of SNPs for these
strains. The scope of the approach could be expanded to any diploid
species and additional recommendations for application outside
inbred mouse strains are also included.

2. Materials
2.1. Constructed
RNA-Seq Libraries

Construction of RNA-Seq libraries was first described in yeast and
mouse (8, 16) and is now available in kit format from several
manufacturers. In my experience the standard RNA-Seq kit sold by
Illumina works very well and the end result is a library of high
complexity (measured by the proportion of sequencing reads that

82

T. Babak

align to unique genomic locations). The TruSeq RNA kit (Illumina),
which is designed for higher sample throughput, works well and
I have seen great data from as little as 100 ng total RNA input. A few
practical changes involving deoxy-uridine triphosphate (dUTP)
and uracil-N-glycosylase (UNG) (17, 18) effectively introduce
strand specificity and are recommended since imprinted antisense
transcription is known to exist. Library complexity and even coverage are essential for measuring AI and some of the low-input kits
suffer in this regard because they have multiple series of amplification.
NSR-seq (not-so-random primer sequencing) (19) is one of the
earlier approaches that was applied for identifying AI (12), and has
the advantage of capturing non-polyadenylated transcripts and is
also strand specific, but personal experience and a recent evaluation
(17) have revealed undesirable evenness of coverage (i.e., coverage
is “spiky”). In summary, any approach that quantitatively captures
input transcript abundance and yields a library of high complexity
will work and I have seen excellent data suitable for mapping AI
from libraries made with mRNAseq/TruSeq RNA kits purchased
from Illumina modified with dUTP/UNG treatment (18) to
achieve strand specificity.
2.2. NextGen
Sequencing Capacity

454, SOLiD, and Illumina are currently the major suppliers of
NGS sequencers. Any of these platforms and likely many other
emerging platforms will work, although Illumina and SOLiD are
currently the only commercially available RNA-Seq platforms for
generating tens to hundreds of millions of reads. Overall sequencing depth is dependent on the length and number of sequencing
reads and the heterozygous SNP density of the system. Methods
exist to estimate the minimum required sequencing (20) and more
will always improve sensitivity. In practice, 4 Gb of single-end
RNA-Seq data from reciprocally crossed C57BlxCAST samples
(i.e., 8 Gb total data, 4 Gb from each cross) is sufficient to
confidently identify >90% of previously validated imprints in that
tissue. 2 Gb will result in slightly lower performance (70–80% sensitivity at the same detection threshold) and even 1 Gb will yield
acceptable results (~60% sensitivity). The ideal read length is a
trade-off between molecular complexity (long reads and PE reads
limit the number of molecules represented in the library) and
sequencing of SNPs. The ideal read length would on average capture
1 SNP/read and can be estimated using a published model (20).
Considering practical challenges I recommend using single-end
75–100 bp reads. Paired-end (PE) data improves mapping performance but only marginally. With a mean RNA-Seq insert size of
~200 bp, the 3¢ ends of pairs can overlap which leads to diminishing returns. Reads shorter than 50 bp are not recommended since
this will lead to significant mapping bias (see Note 9).
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1. Access to Linux/Unix working environment with at least 6 Gb
RAM.
2. Installation of Novoalign v2.07.11 or newer (21) or equivalent
short read sequence aligner. V2.07.11 has capability of reporting mismatches to masked bases (Ns).
3. Reference genome. Most sequenced mammalian genomes can
be downloaded from UCSC (22). If the genome for the species is not available, reads could be assembled into transcript
models that then serve as a reference, but this is beyond the
scope of this protocol.
4. Map of SNPs. 15 mouse strains were recently sequenced by the
Sanger Institute and SNP maps are available for download
(23). If working with a system that has a reference genome
but where SNPs are unknown, genotyping arrays or genome
sequencing can be used to map heterozygous SNPs. In humans
additional SNPs can be imputed and phased using MaCH (24)
to improve sensitivity of AI mapping. SNPs can also be inferred
from the RNA-Seq data. This does not work well for mapping
AI since discovery favors SNPs biased in expression toward the
non-reference allele and thus the resulting AI profile becomes
artificially skewed toward non-reference alleles. However, the
approach can be effective for imprint discovery by calling SNPs
on pooled (in equal amount) sequencing data from the reciprocal crosses where imprinted SNPs are supported by near
50:50 proportions. SAMtools (25), GATK (26), or soapSNP
(27) can all be used to identify SNPs from mapped RNA-Seq
data and are comparable in performance.
5. Perl/Python installation or equivalent for custom manipulation of data.
6. Matlab, R, Excel, or equivalent for visualizing results.

3. Methods
1. Generate a masked version of genome where known SNPs are
replaced with Ns (see Note 1).
2. Index genome by running Novoindex (default options and -k
14 -s 3) on a single fasta file of masked genome (see Note 2).
3. Align fastq-formatted raw reads files (paired-end or single-end)
against masked genome using Novoalign (default options and
-a -o IUBMatch -r None, and -i 0 1000 if aligning PE reads)
(see Note 3). A summary of the alignment approach is shown
in Fig. 2.
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Fig. 2. Alignment, SNP-identification, AI-quantification pipeline. Alignment is accomplished with an independent algorithm
(e.g., Novoalign (21)) against the genome, and optionally splice junctions and full-length transcripts. Unique matches (in
the genome) are retained and used for SNP prediction and quantification of ASE.

4. If improved alignment sensitivity is desired, also align reads to
splice junctions and full-length transcripts (especially useful if
aligning paired-end reads) using Novoalign (same settings as
above except -r All 50) (see Note 4). Convert transcript alignment coordinates to genomic coordinates using the transcript
genomic coordinates (see Note 5).
5. Discard redundant alignments (where reads map to more than
one genomic location) and generate report files that store
alignment coordinates and genomic mismatches for each read
(see Note 6).
6. For each SNP, tally the number of reads that support the reference and alternate bases (see Note 6).
7. At each SNP, let A represent the number of reference-specific
reads and B the number of alternate allele-specific reads.
Quantify the degree of AI as A/(A + B). The probability of AI
can be estimated using the cumulative binomial distribution.
This can also be done in Excel where binomial-p (probability
of no AI) = binomdist(min(A, B), A + B, 0.5, 1). In Matlab the
binomcdf function from the statistics package can be called.
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The same principles can also be used on all allele-specific reads
summed across a transcript (i.e., sum over all SNPs within the
transcript) (see Note 7).
8. Genomic imprinting requires AI to be measured in tissue-matched
reciprocally crossed samples. If s1 = sample 1 and s2 = reciprocal
sample, Genomic imprinting may exist if (AIs1 > 0.5 and AIs2 < 0.5)
or if (AIs1 < 0.5 and AIs2 > 0.5), i.e., reciprocal bias exists. The
probability of imprinting can be estimated as the less significant
binomial estimate of the two samples (see Note 8).
9. Select a suitable threshold of significance for calling imprinting by using a mock reciprocal cross as a negative control
(see Note 9).

4. Notes
1. SNP maps can be downloaded from Sanger (23) and masking
greatly reduces alignment biases (28).
2. This step creates an .idx file that is used as input for genome
alignment. Junction and transcript indices (step 4) can be made
with the same settings.
3. Over a dozen short-read alignment algorithms are currently
available. BWA (29), SOAP2 (30), and Bowtie (31) are based
on the Burrows–Wheeler Transform (BWT) algorithm and
are by far the fastest aligners with sensitivity and specificity
comparable or better than most. However, in testing these
and eight other popular aligners on simulated single-end and
paired-end data (with imputed mismatches representative of
quality scores and expected variation), Novoalign (21)
attained the highest sensitivity (7–8% higher sensitivity than
BWT approaches with avg. alignment rate of 87% vs. 79–80%)
and comparable specificity (<0.1% erroneous alignments) to
all aligners. Not surprisingly, the AI profile was less biased
toward reference alleles than for other approaches tested
owing to a better ability to align over SNPs. -a will trim
adapter sequences, -o IUBMatch will report N > (ACGT)
base changes, -r None will not report reads that align in more
than one genomic regions, and -i 0 1000 will allow pairs to
match up to 1,000 bp apart.
4. Extensive custom scripting will be required to perform this
step and there is more than one way to compile a reference
transcriptome. I made a splice junction coordinate file from all
possible exon skipping events (up to two exons skipped) from
RefSeq, ENSEMBL, UCSC known gene, and Genbank mRNA
BED files downloaded from UCSC (22). I then sorted to
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remove duplicate entries (sort -k 6,6 -k 1,1 -k 2,2n -k 3,3n -u
unsorted_with_6_columns.bed > sorted_unique_junctions.
bed) and retrieved the fasta equivalent from UCSC Table
Browser and indexed using Novoindex (-k 14 -s 3). Aligning
paired-end reads to transcripts will considerably improve the
number of reads that align as pairs. I again recommend RefSeq,
ENSEMBL, UCSC KG, and Genbank mRNAs as a comprehensive transcript set. It is important to allow reporting of all
matches since -r None will ignore matches to multiple isoforms
which will be most of them (i.e., use -r All 50). Redundant
filtering (step 5) done in genomic space removes truly redundant matches. BED files for junctions and transcripts can be
used to convert alignments back into genomic coordinates.
5. If mapping paired-end reads, a paired match takes precedence
over single matches (i.e., if maps as a pair once take that alignment and disregard all others). At this point reads that do not
contain N > (ACGT) changes can be discarded if further SNP
discovery will not be done.
6. Reads mapping to opposite strands should be tallied independently if strand-specific RNA-Seq was used (i.e., each SNP may
have up to two sets of counts).
7. The cumulative binomial distribution models the maximum
number of successes in a sequence of independent binary
events, each of which yields success with some probability. For
example, the chance of getting three or fewer heads when
flipping a fair coin ten times is 17.2%. Summing reads across
SNPs violates the binomial assumption when a single sequencing read spans more than one SNP since it expects all counts to
be independent. Ideally, a read (whether single-end or pairedend) should only be counted once. An ad hoc approach to
ensure that this is the case is to only consider SNPs that are
further apart than the read length (fragment length if using
paired-reads). In practice, the extent of systematic error in
measuring AI with RNA-Seq contributes significantly more
uncertainty in the binomial calculation than violating counting
independence as described. Negative controls are imperative
for estimating false-discovery (see step 9).
8. A suitable threshold for making an imprint call depends on the
extent of acceptable false-discovery (i.e., proportion of calls
that are not truly imprinted; see step 9) and will vary from
sample to sample and with the selected RNA-Seq protocol.
In practice, a binomial p-value of 0.001 results in a falsediscovery rate (FDR) of ~10% using standard Illumina
mRNAseq.
9. For this control to be valid, samples need to be prepared completely in parallel, they must be sequenced to equivalent depths,
and all must pass quality control criteria. The FDR can be
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estimated by plotting the number of imprinted sites as a
function of binomial-p cutoff from data generated from biological replicates. Since there is no genuine reciprocal inheritance of any allele in this scheme, all calls are false-positives and
their rate will translate to a genuine cross if all samples are
sequenced to an equal depth. Random removal of reads should
be done to ensure that all samples have the same number of
input reads. A similar plot for a genuine reciprocal cross can be
used to estimate sensitivity (number of known imprinted sites
detected) and by combining the data into a plot of FDR vs.
sensitivity a useful threshold for making imprinting calls can be
selected. The same criteria can be applied to AI inferred from
reads summed across SNPs in the same transcript.
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