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Abstract

Genomic variants in both coding and non-coding sequences can have functionally important
and sometimes deleterious effects on exon splicing of gene transcripts. For transcriptome
profiling using RNA-seq, the accurate alignment of reads across exon junctions is a critical
step. Existing algorithms that utilize a standard reference genome as a template sometimes
have difficulty in mapping reads that carry genomic variants. These problems can lead to
allelic ratio biases and the failure to detect splice variants created by splice site polymor-
phisms. To improve RNA-seq read alignment, we have developed a novel approach called
iMapSplice that enables personalized mRNA transcriptome profiling. The algorithm makes
use of personal genomic information and performs an unbiased alignment towards genome
indices carrying both reference and alternative bases. Importantly, this breaks the depen-
dency on reference genome splice site dinucleotide motifs and enables iMapSplice to dis-
cover personal splice junctions created through splice site polymorphisms. We report
comparative analyses using a number of simulated and real datasets. Besides general
improvements in read alignment and splice junction discovery, iMapSplice greatly alleviates
allelic ratio biases and unravels many previously uncharacterized splice junctions created
by splice site polymorphisms, with minimal overhead in computation time and storage. Soft-
ware download URL: https://github.com/LiuBioinfo/iMapSplice.

Introduction

In the past decade, high throughput sequencing (HTS) has been established as one of the
major technologies to investigate the genome, epigenome, and transcriptome from tissue sam-
ples or even a single cell. Besides its unprecedented resolution due to deep sequencing, one of
the great advantages of HTS is that it does not rely on any prior knowledge of sequence in sam-
pling the genomic content from any given subject, which is critical for the discovery of previ-
ously uncharacterized genomic features. Recognizing these opportunities, large studies such

as The Cancer Genome Atlas (TCGA, (http://cancergenome.nih.gov/) [1,2] and the 1000
genomes project [3] have generated both genomic data in the form of whole genome or whole
exome sequencing and transcriptomic data in the form of mRNA sequencing (RNA-seq).
Recently, an approach called G&T-seq has been developed and is capable of performing
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parallel sequencing of both the genome and transcriptome from a single cell [4]. These datasets
are often generated to study the relationships between genetic variation and the transcriptome
among individuals or even between specific cells. In the meantime, the availability of these
multi-omics data presents an opportunity for integrative analysis, where information from dif-
ferent datasets can be borrowed to enhance the performance with the commonly used single-
omics analysis.

This paper studies whether and how SNPs called from DNA-seq of a given subject can be
used to perform more accurate alignment of RNA-seq reads from that same individual. As we
mentioned above, sequencing is a sampling process that is subject-specific and priori knowl-
edge-independent. Unfortunately, a level of bias can be introduced if RNA sequencing data
are aligned to a standard reference genome. Although the current state-of-the-art spliced
aligners already perform quite well in the discovery of previously unannotated splice junctions
and even some structure variations, they almost always utilize the reference genome of a spe-
cies as the template for read alignment [5-10]. The consequence of the reference-based
approach is that the alignment will favor sequences with the highest identities to the reference
genome. While this assumption ensures the accurate alignment of a vast majority of the
sequencing reads, it can introduce bias against a special category of reads that deviate slightly
from the reference but have the potential to be biologically significant in a specific subject.
Besides noise and errors, this set of reads is often attributed to single nucleotide polymor-
phisms (SNPs), small indels, as well as splice variants as a result of splice site polymorphisms.
The inability to accurately align this set of reads is often referred to as reference bias [11]. Its
effect in generating false positives in genotype calls as well as allele frequency estimations has
been noted in several studies involving whole genome and exon sequencing [11,12]. With
RNA-seq, this reference bias can lead to a deficiency in characterizing transcripts carrying
alternate alleles instead of the reference, compromising the identification of allele-specific
transcripts that may be critical to characterizing various biological phenomena such as cis-reg-
ulatory variation and nonsense-mediated decay [13].

Additionally, splice site polymorphisms, where non-canonical splice site can be converted
into canonical splice sites (containing canonical dinucleotides GT-AG, GC-AG, or AT-AC,
see S6 Table for a complete list of canonical/noncanonical splice site dinucleotides), are associ-
ated with the expression of alternative transcript variants [14]. Such alterations in the tran-
scriptome have the potential to either cause disease directly or contribute to the susceptibility
or severity of disease [15-17]. However, most of the RNA-seq aligners rely on the canonical
flanking bases (e.g. GT-AG, GC-AG, and AT-AC) in the reference genome to perform confi-
dent spliced alignments. As such, variant transcripts in a specific individual associated with
splice site polymorphisms at non-canonical splice sites can be substantially penalized unless
this parameter is completely disabled in the mapping software [18].

A straightforward approach to solve bias introduced by the reference genome would be to
use personalized genomes, where the specific nucleotide sequence of each individual subject is
approximated by substituting SNPs at the corresponding reference coordinates. This strategy
was adopted by rPGA [14] where, in addition to the reference genome, the reads are also
mapped to the subject’s two haplotype genomes. Such a strategy triples the amount of disk
space and running time required when using a single genome in both indexing and mapping
steps. To perform read alignment to a genome, the first step is to build an index for it, which is
always very time-consuming. In addition, indexing files always consume five to tens of giga-
bytes in storage for each genome. Taking rPGA as an example, although it leverages the super-
fast aligner STAR [10] as its backbone, it still takes an average of 4.3 CPU hours to index the
three genome versions (one standard reference genome and two haplotype genomes) for each
subject. At the same time, storing those indexing files requires about 79 GB disk space. This
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does not even count the time and space consumptions of extra post processing steps necessary
to merge individual haplotype’s alignment results into one consensus alignment. Taken
together, the computational requirements raised by mapping to subject genomes would greatly
limit its efficiency when aligning datasets involving hundreds or even thousands of individuals.
Another possible approach would be to use a graph-based index. The graph-based indexing
approach is mainly designed to enable read alignments against a large collection of genomes
[19,20]. Different from the standard linear-based approach, which is only able to index a single
genome, it represents a collection of genomes with a graph. It would be space- and time- effi-
cient to build a single graph-base index for all the individuals’ genomes and use it as the refer-
ence template to map all the RNA-seq reads. However, this would introduce another source of
error since reads could potentially be aligned to the other individuals’ genomes. Further, if we
build the graph-based index for each individual separately, it will suffer the same problem of
computational burden as the first strategy (adopted by rPGA).

In this paper, we propose a new approach for individualized RNA-seq alignment, desig-
nated iMapSplice. It makes use of personal genomic information and performs an unbiased
alignment towards a genome index carrying both the reference and any alternative bases. The
approach is light-weight and does not require a whole genome index to be rebuilt for each
individual. Importantly, it breaks the computational emphasis or dependency on the position
of canonical splice site dinucleotide motifs in the reference genome and enables iMapSplice to
discover personal splice junctions created through splice site polymorphisms. We report com-
parative analyses using a number of simulated and real human datasets. The results demon-
strate improvements in general read mapping, accurate alignment yields, and both the
sensitivity and accuracy of splice junction discovery. At the same time iMapSplice greatly
reduces the biases in reference allelic ratio and discovers many personal splice junctions.

Methods

iMapSplice extends the MapSplice algorithm [9] and achieves the goal of personalized align-
ments through the usage of individual genomic information. In brief, MapSplice operates in
three steps to align RNA-seq reads onto the reference genome and detect splice junctions. It
first searches for exonic mapping of read segments onto the reference genome. Then, the adja-
cent mapped read segments will be bridged through spliced alignment if they are located sepa-
rately on the reference genome. In the last step, all of the read segments are assembled to
create candidate read alignments and the best one will be reported as the final alignment of
reads. In each of these steps, iMapSplice adopts various strategies to utilize data provided from
genomic DNA single nucleotide variants. It is able to recover read alignments that either har-
bor SNPs or contain spliced alignments flanked by splice sites with polymorphisms. This sec-
tion provides an overview of how the method works to address the challenges faced by
mapping reads only to a reference genome.

The left panel in Fig 1 illustrates an example of how an RNA-seq read carrying a SNP may
fail to align correctly to a reference genome. The RNA-seq read in this example carries a SNP
as well as a sequencing error. One of the general strategies used in the current fast aligners is
iterative maximal prefix match [8,10]. When searching for a prefix carrying the SNP against
the reference, the correct mapping location will be missed because no error is tolerated in this
step. More often than not, short prefix alignments (<18bp) to random places (such as $; and
S,) are likely to be returned and have to be filtered out. Eventually, this may result in a partial
alignment (S;).

iMapSplice resolves this issue by including knowledge of the SNPs in each alignment step,
as shown in the right panel of Fig 1. The first step of iMapSplice searches for the exonic
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Fig 1. An overview of iMapSplice algorithm. (A) An example illustrating the challenge when mapping a RNA-seq
read to the reference genome in the presence of SNPs. (B) An example illustrating how iMapSplice algorithm may
resolve spliced alignment with SNPs as well as the basic steps of the alignment.

https://doi.org/10.1371/journal.pone.0201554.9001

mapping of read segments through an approach called semi-maximal prefix match. Different
from a maximal prefix search, in which only the mapping location of the longest match is
returned, a semi-maximal prefix search returns all mapping positions with a match longer
than a certain threshold (set as 30bp by default). In this step, it simultaneously maps reads to
both reference genome as well as the exonic regions harboring by SNPs, namely SNP-mers. A
SNP-mer corresponds to a segment of genomic sequence carrying the variant nucleotide,
localizing it to the middle of the sequence.

SNP-mer generation

SNP-mers can be derived in two ways corresponding to two variants of iMapSplice: iMapS-
plice-phased and iMapSplice-unphased. iMapSplice-phased applies when the phased genotype
data are available (such as in the 1000 genomes project). In this case, SNP-mers of a fixed
length kphaseq (201bp by default) from the two genomic haplotypes are extracted. The reference
nucleotides are then replaced with alternate nucleotides at all of the SNP positions. However,
iMapSplice-phased cannot be used when the phase information is not available, in which cases
iMapSplice-unphased will be applied.

In iMapSplice-unphased, a combination of variable length SNP-mers are used. Let Koy
(201bp by default) and k,;, (31bp by default) denote the maximum and the minimal length of
a SNP-mer, respectively. In extracting the SNP-mer for each SNP, there are three scenarios
according to the distance d between each SNP and its nearest neighbor SNP. When d > k.5, @
SNP-mer of length ky,.x is extracted; when Ky > d > kpin, @ SNP-mer of length d is extracted.
In the two cases above, except for the specific SNP, all of the other bases are exactly the same as
in the reference genome since there are no other SNPs within the genomic window where the
corresponding SNP-mer covers. However, when d < kyin, there is more than one SNPs within
the ki, window size. This indicates a SNP-rich region. In such cases, if there are n SNPs
within this window and one of them is the SNP that all SNP-mers are centered upon, the rest
are the n-1 SNPs within the SNP-mer region. These additional SNPs increase the variety of the
SNP-mers. Since the variant in the middle is set, there would be 2" possible nucleotide base
combinations for the other n-1 SNPs, all these are different from reference. iMapSplice-
unphased will randomly select m of them. The selection of m value affects the performance of
iMapSplice-unphased on mapping reads covering this SNP. A small m may miss the perfect
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SNP-mer which matches read sequences without any error. However, a large m could confuse
the aligner as too many possibilities are provided and also increase the running time. However,
such SNP-rich regions are rare, and thus have little impact on the overall performance. S1
Table lists the distributions of SNPs covered by each SNP-mer of different lengths (from 21bp
to 101bp) for a randomly selected individual NA12749. For all the SNP-mers, excluding the
one introducing it, over 90% of them contain no or only one other SNPs and less than 1% con-
tain five or more.

Furthermore, the selection of SNP-mer length related parameters (kppasea in iMapSplice-
phased, k,ax and kp,;, in iMapSplice-unphased) also affects how well iMapSplice works. A
SNP-mer has to be long enough to allow a partial read segment to be confidently mapped.
However, a SNP-mer too long is not necessary, as they will repeat the exact sequence from the
reference genome. To investigate this relationship, we conducted an experiment to study the
impact of SNP-mer length on iMapSplice-phased performance. The results and a more exten-
sive discussion of SNP-mer length selection strategy can be found in S1 File, section 2 and S2
Table.

Enhanced suffix array [21] based indices of SNP-mers are built to facilitate the exonic align-
ment step (prefix match). Enhanced suffix array is a specific implementation of suffix array
with additional tables. While many suffix array implementations only have one or some of the
functions of suffix tree, enhanced suffix array can fully replace suffix tree in a space-efficient
manner. Approximately 120,000 exonic SNPs were called for each individual human genome
according to the 1000 genomes project study (see S3 Table). Sequence extraction and index
building can be completed in less than one minute, resulting in minimum overhead relative to
alignment. iMapSplice performs an iterative semi-maximal prefix match of read sequences
against both the reference genome and SNP-mers. Segments mapped to SNP-mers will be con-
verted to the reference genome coordinates and will be combined with other segments mapped
to the reference genome.

Next, read mapping segments that are adjacent to each other on the genome will be merged.
For two or more segments that are next to each other in the reads, but are separated on the ref-
erence genome, a spliced alignment is performed to bridge the two segments. We call this a
double anchor spliced alignment. In this step, many spliced aligners rely on the presence of
canonical splice site dinucleotides (e.g. GT-AG, GC-AG, and AT-AC) in the reference genome
to detect splice junctions. However, a canonical splice site with subject-specific SNPs will go
undetected as its reference counter-part is non-canonical and cannot be recognized by refer-
ence-based aligners. Even though some aligners are capable of reporting non-canonical splice
junctions, high penalties are given to their alignments to avoid false positives [18]. To solve
this problem, iMapSplice utilizes the information provided by nucleotide variants in the target
region (from a hash table of SNPs) to create a list of candidate canonical splice sites to help in
the determination of correct splice site pairings and improve read mapping accuracy. For
example, in the second step shown in Fig 1B, with the known SNP (G > T at the donor site),
iMapSplice identifies the novel canonical donor splice site (GG > GT) and completes the
spliced alignment of segment S,.. In conclusion, the SNP-aware double anchor alignment will
utilize the SNP information to identify personal spliced alignments that otherwise would be
either missed or identified as non-canonical splice junctions.

The last step of iMapSplice completes segment assembly, candidate alignment scoring, and
selection. In this step, aligned segments are assembled and different candidate alignments are
generated with different potential combinations of segments. Candidate alignments are then
scored based on the total number of mismatches, spliced alignment, and mapped length.
iMapSplice will only report the alignment with the highest score. If multiple alignments have
the same highest score, all of them will be reported. One of the most important metrics when
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scoring is the number of mismatches for each alignment. iMapSplice removes the mismatches
that can be attributed to SNPs.

Results

In this section, we report the performance of iMapSplice with regard to its capability for unbi-
ased alignment of reads harboring SNPs and for the discovery of splice junctions with poly-
morphic splice sites.

Datasets and setup for the experiments

Performance was assessed using two types of data: one based on simulated RNA-seq reads and
the other using real human datasets.

Simulated datasets: Simulated RNA-seq reads were generated by BEERS [22] with two dif-
ferent variant and error profiles. The low error reads were generated assuming a substitution
frequency of 0.001, indel frequency of 0.0005, and base error frequency of 0.005. Correspond-
ing rates in the high error reads were increased fivefold, 0.005, 0.0025, and 0.025 respectively.
For both error categories, we generated two RNA-seq datasets with different read lengths,
50bp and 100bp. Each dataset contained 20 million paired-end reads with the same insert
length of 200 bp. Note that the simulated data did not contain polymorphic splice sites and
thus it cannot be used to assess the discovery of personal splice junctions as a result of splice
site polymorphisms. Details of the simulated data can be found in S1 File, section 3.

Real datasets: 74 randomly selected RN A-seq datasets and their corresponding genotypes
were downloaded from the Geuvadis RNA sequencing project [23] and the 1000 Genomes
Browser [3] (See S3 Table for detailed information). Numbers of reads in the RNA-seq datasets
ranged from 44.6 million to 75.8 million. Approximately 3.6 million SNPs were detected for
each individual, with roughly 120,000 of them localized to the exonic regions according to
human Gencode annotation (release 19) [24]. All of the RNA-seq reads in the real datasets are
paired-end reads and 75 base pairs in length.

To assess the performance of iMapSplice, we compared it to a number of publicly available
RNA-seq aligners. All of the methods, version information, and the indices used are listed in
Table 1. Default settings were used for all parameters.

Improvement in general read mapping

We first assessed improvements of read alignment performance that resulted from incorporat-
ing the knowledge of SNPs using the four simulated datasets. In this experiment, we compared

Table 1. The set of tools and their index configuration used in performance comparison.

Category

iMapSplice

Ref-based

Mask-based

SNP-aware

https://doi.org/10.1371/journal.pone.0201554.t001

Method

Version Index
iMapSplice-phased 1.0 Beta reference genome (hg19) + individual phased SNPs
iMapSplice-unphased 1.0 Beta reference genome (hg19) + individual unphased SNPs
MapSplice[9] 3.0 Beta reference genome (hgl9)
HISAT2[18] 2.0.5 reference genome (hg19)
STAR (2-pass)[10] 2.5.1 reference genome (hg19)
MapSplice MASK 3.0 Beta reference genome (hg19) + SNP loci masked with Ns
HISAT2 MASK 2.0.5 reference genome (hgl9) + SNP loci masked with Ns
STAR MASK (2-pass) 2.5.1 reference genome (hg19) + SNP loci masked with Ns
HISAT2 SNP 2.0.5 reference genome (hg19) + individual unphased SNPs
HISAT2 POP 2.0.5 reference genome (hg19) + population SNPs
rPGA[14] 2.0.0 reference genome (hg19) + two haplotype personal genomes
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iMapSplice-unphased against all the “Ref-based” tools and HISAT2 SNP. iMapSplice-phased
and HISAT?2 POP are not applicable since the SNP data were not phased and not consistent
with the population profile. The “Mask-based” tools and rPGA are not proposed for general
read mapping. We collected the numbers of accurate unique alignments reported by each
method. As shown in Table 2, iMapSplice-unphased achieved the highest number of accurate
unique alignments in each dataset.

Incorporating SNPs into the index also improved the alignment performance for HISAT2
in three out of the four datasets. Note that the improved alignment percentage varied since it is
a function of the percent of SNP affected reads, which is much less in low error data than in
high error data. For the subset of simulated reads that achieved an accurate unique alignment
with iMapSplice-unphased but failed by MapSplice, we analyzed their alignment status with
MapSplice that utilizes the typical method of mapping to reference genome (54 Table). In gen-
eral, for short reads in both the low and high error rate categories, the majority of the reads
with reads with improved alignment were not mapped at all using the reference genome. Map-
ping longer reads significantly improved the alignment rate, which is reasonable since the
short reads would have been more vulnerable to SNPs especially when partial alignments are
allowed. For the longer reads, iMapSplice-unphased improved the accuracy by being better
able to get correct unique alignment for many MapSplice reported multi-map reads, as well as
completing partial alignments. At the same time, iMapSplice-unphased achieves better perfor-
mance in splice junction discovery (see S1 File, section 4 for the detailed comparison results).
Additionally, to further investigate how the aligners’ performance is impacted by genomic var-
iants and sequencing error frequencies, we applied the aligners to another simulated dataset of
50bp reads with low variant frequency and high sequencing error frequency. The data and
results are discussed in S1 File, section 5.

Reduction of biases in allelic ratio

It is known that mapping reads to a reference genome introduces an overestimation of refer-
ence allele frequency and underestimation of non-reference allele frequency [11]. Reads carry-
ing alternative bases at SNP coordinates have an extra mismatch compared to those with the
reference nucleotide. In some cases, this extra mismatch would prohibit the aligner from map-
ping the read correctly, sometimes leading to the whole read being completely unmapped or
the end of the read being softclipped because it contains more mismatches than a threshold. If
the read is sequenced from repetitive regions in genome, it could also be incorrectly aligned in
situations where the sequence in the incorrect mapping position is identical to the read
sequence while the correct mapping position has one base difference at the SNP position. One
typical approach to reduce the bias is to mask all the SNP positions with “N”s before mapping
the reads. Though allelic bias can be eliminated in this way, it also impairs the aligners’ map-
ping ability as the reads are one more mismatch away from the reference genome. HISAT2 (8]
provides another strategy through incorporating both variants and the reference genome into

Table 2. The comparison of five baseline tools in terms of the number of accurate unique alignments out of 20 million synthetic reads in each of the four datasets

with different read lengths and error profiles.

Method Low error 50bp Low error 100bp High error 50bp High error 100bp
iMapSplice-unphased 18,931,227 19,168,761 14,934,484 16,918,697
MapSplice 18,839,058 19,121,804 13,485,776 16,378,977
STAR 18,316,354 18,446,469 13,053,934 14,832,945
HISAT2 17,771,947 18,813,343 9,032,193 11,167,588
HISAT2 SNP 17,965,316 18,810,270 10,190,994 12,501,692

https://doi.org/10.1371/journal.pone.0201554.t1002
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Fig 2. Aggregated reference allelic ratio distribution of different methods on RNA-seq datasets from individuals
NA12812, NA12749, NA07056, NA06994, and NA12275. (A) Comparison between iMapSplice-phased and “Ref-
based” methods (MapSplice, HISAT2, and STAR); (B) Comparison between iMapSplice-phased and “Mask-based”
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skewness for reference allelic ratio distributions, and number of SNPs covered by at least ten reads.

https://doi.org/10.1371/journal.pone.0201554.g002

one graph and aligning read sequences to the graph paths. The strategy utilized by iMapSplice
to alleviate the reference allelic ratio bias is to introduce the possibility of read mapping onto
SNP-mers where alternative alleles are present.

Fig 2 shows the aggregated distribution of reference allelic ratio at all SNP positions in ran-
domly selected human RNA-seq datasets from five individuals: NA12812, NA12749,
NA07056, NA06994, and NA12275. Compared to the other two category tools, the “Ref-
based” programs (in Fig 2A) show significant bias towards the reference allele (reference allelic
ratio > 0.5). Obviously, the choice of mapping strategy greatly affects the allelic bias indepen-
dent of the aligner algorithms themselves. In Fig 2B, both iMapSplice-phased and “Mask-
based” methods exhibit symmetric distributions with respect to the reference allelic ratio of
0.5. At the same time, however, iMapSplice-phased delivers the largest number of SNP posi-
tions with at least ten supporting reads (see the table in Fig 2D). This is very likely due to the
extra mismatches introduced by masking the SNP positions. As reported in Fig 2C, the two
variants of iMapSplice perform similarly, and show clear advantages over the two “SNP-
aware” variants of HISAT?2. These relationships are confirmed in the detailed numerical statis-
tics reported in Fig 2D. Mean and skewness (a measure of the asymmetry of a distribution)
[25] are used to characterize the bias for each distribution. iMapSplice-phased and MapSplice
Mask achieve the best performances in terms of mean and skewness respectively.

Discovery of personal splice junctions

We applied iMapSplice-phased to datasets from 74 individuals (See S3 Table for additional
information). Detailed personal splice junction detection results are included in S5 Table. The
numbers of detected novel canonical splice junctions created by splice site polymorphisms are
listed in Table 3. As shown, in total, iMapSplice-phased reported 1,847 personal splice junc-
tions with at least two supporting reads associated with nucleotide changes (polymorphisms)
that created a new canonical splice donor and acceptor pair. Among them, 896 and 533 per-
sonal splice junctions have at least 5 and 10 supporting reads respectively. Compared with the
results reported in another study [14], iMapSplice detected many more polymorphic splice
junctions changing from noncanonical to canonical.
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Table 3. Detected personal splice junctions changing from noncanonical to canonical with increasing numbers of supporting individuals and reads.
Read coverage threshold Reported by iMapSplice-phased Previously reported by rPGA[14]
>2 >5 > 10 >2 >5 > 10
Number of individuals with polymorphic splice sites >1 1,847 896 533 506 130 42
>2 1,698 820 494 229 72 21
>5 1,615 779 473 119 29 11
>10 1,499 717 430 63 15 5

https://doi.org/10.1371/journal.pone.0201554.t003

We next investigated the effects of splice site polymorphisms on splice junction expression.
iMapSplice enabled the discovery of two general types of splice site polymorphisms: (i) the
gain of a canonical splice site (e.g. GT-AG, GC-AG, or AT-AC) and (ii) the loss of a canonical
splice site. We examined how these polymorphisms affected steady state expression (read
counts) at the corresponding splice junctions (Table 4 and Table 5). In this experiment, we cat-
egorized all the splice junctions according to changes in average coverage between the individ-
uals with and without splice site polymorphisms.

Among both types of polymorphic splice junctions, although many had low coverage,
iMapSplice-phased detected hundreds of personal splice junctions that exhibited significant
expression changes in association with the gain and/or loss of canonical splice site motifs.

For the type (i) polymorphic splice junctions (Table 4), previously non-functional splice
sites increased to 3-10 reads at 210 sites and more than 10 reads at 83 sites. In contrast, loss of
a canonical splice donor/acceptor pair (ii) significantly inhibited splicing expression (Table 5).

Polymorphisms in specific splice sites from genes C140rf159, ANXA6, and TMEM216 (Fig
3) are examples of the two types of polymorphisms. The polymorphism (C > T) in C14orf159
(Fig 3A) created a canonical donor site (GC > GT) and led to a novel canonical splice junction
in two individuals NA07056 and NA06994. The same splice junction did not show up in RNA-
seq data from the other three individuals without this polymorphism. The polymorphism
(G > C) in ANXAG6 (Fig 3B) also created a canonical splice site (acceptor site, GT > CT, reverse
strand). However, it is different from the one in C14orf159 that converted an annotated nonca-
nonical splice site to a canonical splice site, it created a completely novel splice junction (previ-
ously unannotated). The polymorphism (G > C) in TMEM216 (Fig 3C) affected expression at
the splice junction in the opposite way. This polymorphism corrupted the canonical acceptor
site (AG > AC). Four individuals (NA12812, NA12749, NA07056, and NA06994) carrying
this nucleotide variant lost the canonical splice junction that appeared in the nonpolymorphic
individual (NA12275) with the reference allele.

Super-fast and space-saving indexing strategy

As mentioned in the Methods section, iMapSplice adopts a very efficient indexing strategy.
Compared to a direct approach of rebuilding the index for each personalized genome, this

Table 4. Number of splice junctions falling into each category of average coverage changes between the individuals of with and without polymorphisms in splice
sites. The polymorphisms changed the splice sites from noncanonical to canonical.

Average on polymorphic junctions (canonical)

0 (0, 2] (2, 10] (10, +00)
Average coverage on reference junctions (noncanonical) 0 0 4,482 210 83
(0, 2] 30 8 2 2
(2, 10] 1 0
(10, +00) 0 0 0 0

https://doi.org/10.1371/journal.pone.0201554.t1004
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Table 5. Number of splice junctions falling into each category of average coverage changes between the individu-
als with and without polymorphisms in splice sites. The polymorphisms changed the splice sites from canonical to

noncanonical.
Average on polymorphic junctions
(noncanonical)
0 (0, 2] (2, 10] (10, +00)
Average coverage on reference junctions (canonical) 0 0 180 0 0
0,2 872 37 2 1
(2, 10] 10 4 0 1
(10, +00) 7 3 0 1

https://doi.org/10.1371/journal.pone.0201554.t1005

strategy saves a great amount of time and space thereby lowering the risk of computational
bottlenecks with large scale applications. iMapSplice takes less than 1 minute to build an index
and the indexing files require only around 0.32 Gigabytes in storage for each individual. In
contrast, to rebuild the index of an entire personalized genome for each haplotype, rPGA takes
approximately 4.3 hours of CPU time creating indexing files that are as large as 79 Gigabytes.
Table 6 lists the indexing file storage usage and the runtime of indexing and mapping for
iMapSplice on the 74 RNA-seq datasets as well as the estimated results for the other two indi-
vidual SNP incorporated methods HISAT2 SNP and rPGA. iMapSplice achieved significant
advantages in terms of both storage usage and runtime.

Discussion

RNA-seq is a widely adopted technique used in transcriptome profiling for a wide range of
applications including differential expression analyses, novel isoform prediction, genomic var-
iants calling, RNA editing, and so on. In most of these applications, especially those that rely
on a reference sequence, a critical step is to correctly map each individual RNA-seq read onto

° NXAE :
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Fig 3. Examples of splice site polymorphisms. The solid lines with numbers indicate splice junctions with a
polymorphism in the donor or acceptor site, while the dashed lines with numbers indicate other “normal” splice
junctions that share either the donor or acceptor sites with the polymorphic splice junctions, but have no
polymorphisms. The vertical solid red lines indicate the splice sites where the polymorphism converts a noncanonical
splice site to a canonical site, while the vertical solid blue lines indicate the splice sites where the polymorphism
converts a canonical splice site to a noncanonical splice site. The vertical dashed gray lines indicate the unshared splice
sites of “normal” splice junctions. Bases in black are the reference nucleotides, while those in red are alternate bases at
SNP positions. The numbers along the splice junctions are the supporting read counts in the specific RNA-seq sample.
The five RNA-seq samples used to demonstrate the examples are from individuals NA12812, NA12749, NA07056,
NA12275, and NA06994. (A) and (B) are examples of splice site polymorphisms that enhance splicing through the
creation of canonical splice site dinucleotide; (C) is the example of splice site polymorphism that disables splicing as a
result of the loss of canonical splice site dinucleotide.

https://doi.org/10.1371/journal.pone.0201554.g003
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Table 6. Indexing file size and running time to align the 74 RNA-seq dataset reads. Note: indexing file storage usage and run time for HISAT2 SNP and rPGA are esti-
mated according to their performance on five randomly selected datasets.

Tools

iMapSplice
HISAT2 SNP
rPGA

Indexing file storage usage (GB) CPU Time (hour)
indexing mapping Total
90.2 0.6 38.6 39.2
408 142 14 156
5,845 319 44 363

Experiments were run on clusters with nodes equipped with Dual Intel Xeon CPUs E5-26708@2.60GHz and 64GB of 1600MHz RAM.

https://doi.org/10.1371/journal.pone.0201554.t1006

the corresponding specific nucleotide coordinates in the reference genome. However, there
exists a gap between our current processing methods for RNA-seq data and a fully personal-
ized characterization of an individual’s transcriptome. Genomic DNA sequence differences
between individuals are not currently considered in the routine mapping of RNA-seq reads or
data analyses. Polymorphic variants such as SNPs may potentially cause the incorrect or
incomplete alignment of reads, prohibit the discovery of personal splice junction, and skew
expression coverage in the affected regions. As a result, downstream analyses including tran-
script reconstruction, alternative splicing analysis, and quantitative measurements of tran-
script expression are compromised. Although statistically they may only affect a small
proportion in each category on the whole genome, their functional importance cannot be
overlooked as evidenced by existing research [26].

Our evaluation demonstrates that iMapSplice significantly improves the accuracy of RNA-
seq read alignment by taking into account both the reference genomic sequence and personal
SNP variants. The software performs an unbiased mapping of reads carrying either the refer-
ence or alternative base sequence. Comparative results show that the reference allelic ratio dis-
tribution derived from the alignment results using iMapSplice exhibits the closest mean
relative to 0.5 and the skewness value is also among the smallest ones. Those observations
demonstrate that iMapSplice significantly alleviates the reference allelic ratio bias which is a
common deficiency for sequencing read aligners. Additionally, SNP variants in an individual
can generate novel canonical splice sites dinucleotides or alternatively introduce a base change
that alters a canonical splice donor to splice acceptor pairing (GT-AG, GC-AG, or AT-AC).
Resulting changes in splice site utilization can be functionally significant and are important to
detect. iMapSplice enhances the detection of personal splice sites by considering both refer-
ence and individual alternate alleles in determining the optimal alignment for each RNA-seq
read.

Performance-wise, iMapSplice is a lightweight approach with minimum overhead in both
storage and running time compared to other alignment methods that are also capable of con-
sidering individuals SNPs during the mapping process. iMapSplice can be readily applied to
the datasets collected in large consortium, such as TCGA, ICGC, as well as the 1000 genomes
project by taking either the original reads or the alignment file as input, making it possible to
alleviate reference bias and uncover functionally important personalized transcript variants as
a result of either polymorphic splice site or allele specific transcript. We expect to continue to
improve iMapSplice in the near future to incorporate other structure variations such as small
indels. The alignment strategy will be fairly similar and the extension should be straightfor-
ward. Also, besides human data, iMapSplice could also be applied to other model species, such
as Arabidopsis thaliana, Drosophila melanogaster, and Mus musculus, in the same manner.

Some approaches [8,19] have been proposed to incorporate known common variants (such
as those in alternative contigs and dbSNP [27]) into current pipelines in order to improve the
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alignment performance. Should individual variants not exist, those sub-optimal variants may
help when they are consistent with the individual variants. But the most accurate variants for
an individual will be those called from the subject’s own genomic data. As sequencing technol-
ogies continue to advance, it has become more common to obtain genome sequencing (or
SNPs) and RNA-seq data in parallel. Thus we think iMapSplice has the potential to be a widely
used computational tool not only for obtaining more reliable read alignments, but also to con-
nect genomic polymorphisms with functionally important variation in splice site utilization.
Both of them are indispensable for the characterization of personalized transcriptome and the
realization of precision medicine.
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