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Abstract 
 

Genetic variations affect behavior and cause disease but understanding how these variants 
drive complex traits is still an open question. A common approach is to link the genetic variants 
to intermediate molecular phenotypes such as the transcriptome using RNA-sequencing 
(RNA-seq). Paradoxically, these variants between the samples are usually ignored at the 
beginning of RNA-seq analyses of many model organisms. This can skew the transcriptome 
estimates that are used later for downstream analyses, such as expression quantitative trait 
locus (eQTL) detection. Here, we assessed the impact of reference-based analysis on the 
transcriptome and eQTLs in a widely-used mouse genetic population: the BXD panel of 
recombinant inbred lines. We highlight existing reference bias in the transcriptome data analysis 
and propose practical solutions which combine available genetic variants, genotypes, and 
genome reference sequence. The use of custom BXD line references improved downstream 
analysis compared to classical genome reference. These insights would likely benefit genetic 
studies with a transcriptomic component and demonstrate that genome references might need 
to be reassessed and improved. 

 

Introduction 

To decipher how genome leads to phenome, measuring gene expression by RNA-sequencing 
(RNA-seq) is widely used. Fragments of RNA are read and then virtually mapped back onto a 
reference genome to determine the transcriptomic location of origin. Read mapping is often 
regarded as trivial but relies on many choices. Indeed, the user decides for example which 
reference to use and how exact the alignments are required to be. Most of the time, little 
information is published on how these choices are made. The mapping needs to account for 
amplification and sequencing errors, and for redundancy within the genome. It is important that 
the reference precisely represents the samples to guide the mapping. However, generating a 
reference assembly is complex and expensive and it is common practice to map all samples of 
a model organism to a single assembly provided by the genome reference consortium (GRC) 
(Church et al., 2011, 2015). The expression of non-reference alleles may be altered compared 
to that of reference alleles. This reference bias on the transcriptome can then spread to 
downstream analyses such as expression quantitative trait loci (eQTL) detection, where gene 
expression is associated to genomic variants. The genomic variations between individuals at 
the core of genetic studies are thus paradoxically often ignored at the start of the analysis and 
may alter interpretations and conclusions. 
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The genetic characteristics of humans have been widely studied and reference bias is known to 
alter DNA-seq, RNA-seq (Liu et al., 2018), and chromatin immunoprecipitation (ChIP)-seq 
analyses (Groza et al., 2020; Rivas-Astroza et al., 2011). The ideal solution would be to use a 
sample-specific genome assembly. Since this is currently too costly, many methods to reduce 
reference bias were proposed (Ballouz et al., 2019; Chen et al., 2020; Liu et al., 2018). One 
strategy notably used by the Genotype-Tissue Expression (GTEx) consortium is to tailor the 
analysis to each individual as initially implemented in the WASP suite of tools (Geijn et al., 
2015). The WASP-correction proposes to map reads to the GRC assembly and identify mapped 
reads that overlap SNVs, then re-map these reads after replacing the reference alleles by 
variants alleles in the assembly and discard reads that change mapping loci. Although this 
strategy removes reference bias it also discards reads that are potentially informative of a 
genetic effect. Nevertheless, the idea of modifying the GRC reference assembly with variants 
specific to the individual or sample is used by many tools, with the difference that all the reads 
are mapped to the customized references only. For example, the AlleleSeq pipeline was 
developed for human trios where the variants for the two parents are known (Rozowsky et al., 
2011). One of its tools, vcf2diploid, constructs two haplotype-specific references from one 
reference assembly and a list of genomic variants which can include single nucleotides variants 
(SNVs), indels, and structural variants (SVs). The authors propose to map the offspring sample 
separately onto its two parental references, and to retain for each read the alignment with the 
highest alignment score. In case of equality the alignment is randomly taken from that of either 
parent to avoid systematic bias. RefEditor offers a similar approach, but adds a genotype 
imputation option (Yuan et al., 2015). Many tools aim at making the best use of large-scale 
variants and genotypes databases by genotype imputation to have for each individual a more 
complete set of alleles. However, these genotype imputation strategies cannot be applied to 
mouse or other animal models because of a lack of genetic characterization at the individual 
level. 

Mouse genetic research mostly uses inbred lines, in which individuals are presumed isogenic. 
Therefore, it seems logical to aim for reference customization for mouse strains rather than for 
individuals. The GRC mouse assembly is mainly based on the inbred strain C57BL/6J (B6) 
(Mouse Genome Sequencing Consortium, 2002) and short genomic variants for many other 
inbred strains are available at dbSNP (Sherry et al., 2001). To compare retinal transcriptome in 
two inbred strains (DBA/2J (D2) and B6), Wang et al. modified the GRCm38 reference genome 
with D2-specific variants from dbSNP to map the D2 samples (Wang et al., 2019). This 
improved slightly the mappability by reducing the fraction of unmapped reads. Seqnature 
software aims at producing individualized diploid references for RNA-seq analysis and was 
used on simulated and real world data of Diversity Outbred (DO) mice, in which each mouse is 
a unique combination between 8 founder strains (Munger et al., 2014). It shows improvement of 
the number of reads mapped, of the accuracy of transcript expression estimates, and of the 
number of eQTLs detected. Unfortunately, this type of study is very rare and the R package 
(DOQTL) used for the QTL analyses is specific to this mouse population, which renders 
comparisons with studies on different populations challenging. The Mouse Genome Project tries 
a more global approach to characterize the genetic variation among mouse strains. Many 
genetic variants were discovered and strain-specific genome assemblies for sixteen mouse 
strains were released (Lilue et al., 2018). However, it remains unclear how to use these 
resources for mice that are intercrossed. 

The BXD panel of recombinant inbred lines is a well-studied and genetically simple population 
derived from the B6 and D2 strains (Peirce et al., 2004). Each BXD line has genetic markers 
(genotypes) available on the GeneNetwork website (http://genenetwork.org). Although this 
panel has been used in hundreds of studies, nobody to our knowledge has performed neither 
BXD-specific read mapping, nor BXD genome assembly. Here, we explored different strategies 
using publicly available resources to accurately represent the genetic diversity of the samples. 
We assessed the influence of the reference used for read mapping in this panel and how it 
impacts read mappability, gene expression, and eQTLs. We also measured how various 
parameter settings would influence the number of eQTLs found. We evaluated the use of the 
two parental genome assemblies and found this strategy not adequate. We implemented an 
alternative strategy which enhanced the GRC assembly with known variants. This improved the 
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quality of BXD transcriptomics analyses. Our approach reduces reference bias in the BXD 
transcriptomics, and raises awareness about pitfalls of RNA-seq analyses. 

 

Methods 
 

Samples and RNA-sequencing 
Male mice from 33 BXD lines, C57BL/6J (B6), DBA/2J (D2), and F1 (Figure 1A) were either 
sleep-deprived (SD) for 6 hours starting at zeitgeber time (ZT) 0 (start of lights on) or not (i.e. 
non-sleep deprived or NSD) (Diessler et al., 2018; Jan et al., 2019). RNA was extracted from 
cerebral cortex and liver collected at ZT6 in both SD and NSD mice. Prior to sequencing, the 
RNA was pooled by mouse line and experimental condition (NSD or SD). Single-end reads of 
100 bp were obtained using Illumina HiSeq 2500 system. A list of samples, including which BXD 
lines were used, is available (Table S1). 

Genome assemblies and transcriptome annotation 
Assembly refers to genomic sequences assembled from DNA reads to form chromosomes, 
whereas reference simply refers to the sequences the reads are compared to during read 
mapping. Therefore, an assembly can be used as reference, but different references can be 
derived from the same assembly. Here, to highlight the generation methods used we reserved 
the term assembly to external sets of DNA sequences and indicate original/unmodified 
sequences. 

Genome assemblies and transcriptomes annotations are from Ensembl release 94 
(ftp://ftp.ensembl.org/pub/release-94). The classical genome sequence is GRCm38 also 
referred to as mm10 and is based on the B6 strain 
(Mus_musculus.GRCm38.dna_sm.primary_assembly.fa). The D2 assembly genome sequence 
was used (Mus_musculus_dba2j.DBA_2J_v1.dna_sm.toplevel.fa) (Lilue et al., 2018). Both 
genome sequences are not containing alternative haplotypes, and repeats or low complexity 
regions are soft-masked (sm), which means they are in lowercase letters. The transcriptome 
annotations are corresponding to these two assemblies (Mus_musculus.GRCm38.94.gtf and 
Mus_musculus_dba2j.DBA_2J_v1.94.gtf). 

Variants and genotype imputation 
The 7324 BXD genotypes available from GeneNetwork are genetic markers selected to be 
indicative of recombination events between the parental genomes. 
(BXD_Geno-19Jan2017_forGN.xlsx, Figure 1C). The D2-specific variants are 5’872’394 SNVs 
(DBA_2J.mgp.v5.snps.dbSNP142.vcf.gz) and 1’093’496 indels 
(DBA_2J.mgp.v5.indels.dbSNP142.normed.vcf.gz) from dbSNP (version 142, variants version 
5). To have a more complete set of genetic variants specific to the BXD lines, genotype 
imputation was performed (Figure 1D and Figure S3): 

1) The D2 haplotype blocks, defined as sets of at least 2 consecutive genotypes with D2 
alleles without B6 or heterozygous alleles in between, were extracted from the 
GeneNetwork BXD genotypes for each BXD line. 

2) dbSNP D2-specific variants were checked for overlap with these D2 blocks using 
bedtools (version v2.28.0). 

3) Variants overlapping with D2 blocks were imputed to be D2 alleles. 
 

During this study, it was noticed that genotypes from GeneNetwork for BXD100 (based on 
GRCm38 genome assembly also called mm10) had multiple chromosomes without any D2 
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alleles, which is unexpected considering this was not the case in the previous version of 
genotypes (based on MGSCv37 genome assembly also called mm9). GeneNetwork has been 
informed and the error was thought to have occurred during lift-over of the genotypes. We did 
not try to correct this mistake and kept the erroneous BXD100 genotypes in the current 
analysis. The effect, if any, on the eQTL analysis should be small, as this is concerning only one 
BXD lines out of 33, and not all chromosomes are affected. 

Customization of reference 
A customized reference genome for each BXD was build based on the GRCm38 assembly and 
BXD-specific genotypes (from GeneNetwork and imputed). The reference genome sequence 
GRCm38 was customized for each BXD line with BXD-specific genotypes (from GeneNetwork 
and imputed) using vcf2diploid software (version 0.2.6) with slight modifications. Prior to compiling 
the software according to installation instructions, we removed the function that randomizes 
unphased heterozygous variants (to determine whether there are included in the paternal or 
maternal genome) and the call to this function, as follows: 
 

File name Code removed 

Variant.java 

public void randomizeHaplotype() 
{ 
 if (_rand.nextDouble() > 0.5) return; 
 int tmp   = _paternal; 
 _paternal = _maternal; 
 _maternal = tmp; 
 return; 
} 

VCF2diploid.java if (\!var.isPhased()) var.randomizeHaplotype(); 
 
In the modified software, all the unphased heterozygous variants are included in the maternal 
genome sequence but ignored for the paternal one. We use the paternal sequence so that 
heterozygous genotypes are ignored. Note that all D2-specific variants from dbSNP and the BXD 
markers from GeneNetwork are unphased and heterozygous labels may be indicative of low or 
uncertain quality: 

• On GeneNetwork (January 2017), genotypes are defined as “H (heterozygous) if the 
genotype was uncertain”. 

o 1449 loci have H alleles over the 7320 genotypes (20%) for our 33 BXD lines. 
o Our 33 BXD lines have on average 60 H alleles over 7320 loci and in total 1967 

H alleles over 241560 alleles (0.82%). 
• For D2-specific variants from dbSNP (version 142), Het means “Genotype call is 

heterozygous (low quality)”. 
o 481158 SNPs are Het over 5872394 (8%). 
o 80075 indels are Het over 1093496 (7%). 

 
A D2-specific reference genome was build based on the GRCm38 assembly and D2-specific 
SNPs and indels from dbSNP (Figure 1B “2 parental references”). We refer to this modified 
version as D2 reference, which is different from the D2 assembly. The coordinates of the 
transcriptome annotation were adapted to the new coordinates for BXD and D2 references 
using the chain files generated by vcf2diploid and the liftOver tool (version 8.28) from UCSC 
(http://genome.ucsc.edu). 

Read mapping and mapping parameters optimization 
Read mapping was performed with STAR (version 2.7.0e) (Dobin et al., 2013). 
 
STAR command for default (permissive) alignment: 
STAR ‑‑genomeDir genomedirectoryname ‑‑outFileNamePrefix output_prefixname  
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‑‑readFilesCommand zcat ‑‑readFilesIn reads.fastq.gz 
 
STAR command for exact matches (restrictive) alignment: 
STAR ‑‑genomeDir genomedirectoryname ‑‑outFileNamePrefix output_prefixname  
‑‑readFilesCommand zcat ‑‑readFilesIn reads.fastq.gz  
‑‑scoreDelOpen ‑40 ‑‑scoreInsOpen ‑40 ‑‑alignIntronMax 1 ‑‑alignEndsType EndToEnd 
‑‑outFilterMismatchNmax 0 
 
The transcriptome annotation was not included in the genome index used for exact matches. To 
count the reads after STAR, HTseq (version 0.6.1p1) was used with samtools (version 1.9) to 
convert alignments from bam to sam format. Only the alignments with a quality score of 10 or 
above were kept (default). 
samtools view -h alignment.bam | htseq-count -s reverse -t exon -m union - reference.gtf 
The “-s reverse” parameter is used for the stranded library and is specific to the library 
preparation and sequencing protocol. Alternatively, for mapping using transcriptome annotation, 
the HTseq counting implemented in STAR was used using --quantMode GeneCounts. 

Filtering and normalization of gene counts 
Lowly expressed genes were filtered by tissue: keeping only genes with counts per million (cpm) 
above 0.5 (min_cpm) for at least 20 samples (on 66 BXD samples in total). The counts were 
normalized with edgeR package (version 3.24.3) using the weighted trimmed mean of M-values 
(TMM) method to take into account the variation in library size and in RNA population (Robinson 
& Oshlack, 2010) and log transformation (log2). 

Differential mapping analysis of genes 
The duplicated gene names were removed, and only gene names common to both GRCm38 
and BXD references transcriptome annotation were kept. A differential expression analysis was 
applied on the BXD samples using voom function from R package limma (version 3.38.3). The 
two groups of samples compared had only the reference used for read mapping that differed. 

Local eQTL detection and comparison 
Note that QTL detection is sometimes referred to as QTL mapping, but we will avoid this 
terminology to avoid confusion with read mapping. Local eQTLs (often referred to as cis eQTLs) 
were detected using FastQTL (version 2.184) using 2 Mb bp above and below transcription start 
site (TSS). 1000 permutations were used to adjust p-values for multiple markers tested and 
seed 1 was chosen to help reproducibility. Correction for multiple gene testing was performed 
with R (version 3.4.2) package qvalue (version 2.10.0). The slope (allelic mean difference, 
representing the direction and strength of allele-specific gene expression) of the linear 
regression and qvalue of eQTLs from different references were considered similar (unaffected) 
if they are within less than 5%: 
 
 �

 (𝑋𝑋𝐵𝐵𝐵𝐵𝐵𝐵− 𝑋𝑋𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺38)
𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎(𝑋𝑋𝐵𝐵𝐵𝐵𝐵𝐵, 𝑋𝑋𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺38)�  < 0.05,  

 
where X refer to slope or qvalue. 

Reference bias 
The percentage of skewness of local eQTLs is calculated as: 

 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠−𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑤𝑤𝑤𝑤𝑤𝑤ℎ 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔

· 100,  

where significant is defined as FDR < 5%. 

Data availability 
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Raw reads files are accessible on NCBI Gene Expression Omnibus under accession id 
GSE114845. However, quality information stored in read names is lost upon deposit due to 
NCBI SRA reformatting, as observed elsewhere (Davis et al., 2021). 
 
Given that data sources are diverse and some do not have a version or identifier, we grouped 
data on for reproducibility and reusability (10.5281/zenodo.5513980). This repository contains 
input data: D2-specific variants from dbSNP (vcf), genotypes from GeneNetwork (tab); 
intermediate and produced data: D2 blocks (bed), imputed variants (vcf), BXD-specific genome 
sequences (fasta), BXD-specific transcriptome annotation (gtf), gene counts, normalized gene 
expression, local eQTLs. 

Code availability 
The code used for the analyses is on https://github.com/nagobet/BXDmapping. 

Computational requirements 
Some computations were performed on the Wally cluster of the University of Lausanne with the 
Vital-IT software stack (https://www.vital-it.ch) of the Swiss Institute of Bioinformatics for speed 
(parallelizing multiple mapping runs) and convenience (having a functional installation of 
FastQTL software). However, none of the steps require unreasonable memory or computational 
power, and all softwares used in this study are freely available for reproducibility purpose. 
 
 
Results 
To improve genetic coherency of RNA-seq read mapping, we explored two alternative 
strategies to exploit available data in the BXD panel. The first strategy uses the two parental 
strains assemblies (Figure 1B “2 parental assemblies”). The second strategy uses BXD-specific 
references obtained from the GRC assembly modified with BXD known and imputed variants 
(Figure 1B “BXD-specific references”). An intermediate between these two strategies was used 
for comparison: a D2 reference built from the GRC assembly modified with known D2 variants 
(Figure 1B “2 parental references”). For each strategy, we evaluated the impact on various 
downstream steps of the analytical pipeline. We looked how the strategies affected mappability 
of the RNA reads (Figure 2A-C, and Figure 3A&C), gene expression estimates (Figure 2D and 
Figure 3B), and eQTLs (Figure 4). In addition, we have evaluated how key mapping parameters 
influence these results (Figure 2B-C, and Figure 5). 

Mapping strategy with two parental strains assemblies 

To explore the impact of using one reference for all samples despite their genetic differences, 
we mapped all samples on the classical GRCm38 (B6) genome assembly and on the more 
recent D2 assembly. We expected that more reads from D2 samples would be uniquely 
mapped on D2 assembly than on the GRCm38 assembly, and that reads from BXD samples 
would map approximately equally on both parental assemblies. Surprisingly, we observed that 
the percentage of uniquely mapped reads, used to estimate mappability, was higher for all 
samples when mapped to the D2 assembly compared to the GRCm38 assembly (Figure 2A), 
even for B6 samples. We also noticed that mappability differed between the liver and the cortex 
both in amplitude and in variance. To further explore the bias for the D2 assembly, we allowed 
only exact matches. We observed the expected strain-specificity as B6 samples mapped higher 
on B6 assembly and D2 samples mapped higher on D2 assembly (Figure 2B). Using up to 10 
mismatches (the STAR default for 100 bp reads) but no insertions, deletions and trimming, we 
lost strain-specificity (Figure 2C). However, the more restrictive mapping setting also importantly 
reduced the number of uniquely mapped reads (Figure 2A-C). This raised the question what 
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choice of parameter settings ensures both high read yield and strain specificity (see part 
“Mapping parameters evaluation” below). 

To determine the impact of mapping reference on gene expression, we performed a differential 
mapping (DM) analysis. The principle is the same as differential expression analysis, but the 
mapping references are compared instead of different groups or perturbations. Note that the 
reads and the values used for the mapping parameters are identical for both references, so 
differences observed are caused strictly by the reference. More than one third (38%) of genes 
were affected by the mapping reference in the cortex and about a quarter (22%) in the liver 
(Figure 2D). However, alignments of the top 4 highly affected genes were visually inspected and 
revealed variation in the quality of the assemblies and their transcriptome annotation at these 
precise places. What appeared as differences in gene expression between the two assemblies 
could be artefacts and not consequences of genetic variants (two examples of artefacts in 
Figure S2). 

Customizing reference for D2 and BXD lines 
To avoid differences of quality and completeness between B6 and D2 assemblies, we modified 
the B6 reference assembly using SNPs and indels specific to the D2 strain from dbSNP. We 
mapped parental and F1 samples on these two assemblies with exact matches. The percentage 
of uniquely mapped reads was increased when the samples were mapped to their 
corresponding strain reference, compared to the other parental strain reference (Figure 3A). 
Indeed, D2 samples gained between 4.6 and 5.7% when mapped to the customized D2 
reference, whereas B6 samples lost between 3.4 and 5.8%. In contrast, when mapped on the 
D2 assembly (Figure 2B) D2 samples gained between 0.0% and 3.4% whereas B6 samples lost 
between 8.5% and 9.8%. The D2 customized reference appears more balanced. In both cases, 
the difference between the two parental references was smaller for F1 samples, which is 
expected for a mix between the two parental strains. To apply the same strategy to BXD 
samples, genotypes were imputed using the large amount of D2-specific variants from dbSNP 
and the BXD specificity of genotypes from GeneNetwork. All BXD samples gained between 1.4 
and 4.3% from having a customized reference by BXD line (Figure 3C). The amplitude of the 
gain varied among BXD lines and between tissues with cortex samples having globally higher 
values than liver samples. Note that it was expected for the gain to be lower for BXD samples 
than for D2 samples, since in BXD lines approximately half of the alleles are D2. 

To determine the impact of reference customization on gene expression, we performed a 
differential mapping analysis. Around 2% of genes are affected by the mapping reference in the 
cortex and in the liver (Figure 3B). 

Consequences of customization on local eQTL detection 
To evaluate the effect of reference customization on estimated biological phenotypes by 
downstream analysis, we detected local eQTLs using gene expression estimated with the B6 
reference or the BXD-specific references. The eQTLs are particularly likely to be influenced 
since they correlated gene expression to genetic variants. The percentage of significant eQTLs 
was slightly higher (0.1% difference) when using BXD-specific references than when using B6 
assembly (Figure 4A). However, this does not necessarily mean that the eQTLs detected are 
the same. They can differ by the genetic marker, the direction of gene expression (B6 or D2 as 
more expressed allele), or change in the q-value (Figure 4C and Figure S4). When considering 
these 3 variables, mapping reference did not affect 44% of local eQTLs in the cortex and 64% in 
the liver. 
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Reference bias 

Next, we wanted to detect a potential reference bias, where B6 alleles get more easily mapped 
than D2 alleles or the contrary. In DNA-seq studies, this can be achieved by checking the 
symmetry of the distribution of allelic ratios at heterozygous loci. In RNA-seq, allele-specific 
expression can also modify allelic ratio. However, we assumed that globally B6 alleles are 
equally expressed than D2 alleles. Moreover, since our samples are inbred lines, the 
heterozygous sites are greatly rarer than in other populations (and likely of lower quality), so we 
compared samples with different homozygous alleles, rather than heterozygous alleles from one 
sample. The percentage of skewness represents how many local eQTLs deviate from a 
situation without reference bias (skewness 0%). A positive percentage indicates a B6 bias: 
more eQTLs with the B6 allele increasing gene expression, whereas a negative percentage 
indicates a D2 bias: more eQTLs with the D2 allele increasing gene expression. Using the B6 
reference shows a reference bias for B6 alleles in all tested tissues and conditions while using 
BXD-specific references decreased bias, and not always for B6 alleles (Figure 4B).  

Mapping parameters evaluation 
The reference used is not the only thing influencing read mapping. To test which values to use 
for the more critical mapping parameters of STAR we varied: i) the number of mismatches 
allowed, ii) the possibility to trim end of reads, iii) the possibility to splice reads, and iv) the use 
of known transcriptome annotation. The ratio of eQTLs to expressed genes was used as an 
evaluative measure to maximize (Figure 5), as others in eQTL field (Munger et al., 2014; 
Rubinacci et al., 2021). The idea behind it is that eQTLs can be regarded as allele-specific 
structured gene expression, and thus more likely to result from actual allele differences than 
from unstructured general noise. The best settings in both tissues are to use trimming, splicing, 
and transcriptome annotation. However, the maximal number of mismatches differed: 10 
mismatches in the cortex (Figure 5A), but only 2 in the liver (Figure 5B). All top settings use 
existing transcriptome annotation and thus appears to be the more important parameter. 

 

Discussion 
 

Genomic variations among individuals are the core of genetic studies. Yet it is common practice 
in the field to use one assembly as reference for all genetically different samples. Here, we 
improved genetic specificity of read mapping of BXD samples using publicly available data. Our 
custom BXD-specific references detected proportionally more eQTLs and alleviated reference 
bias. Below we will discuss the complexity of assessing the analytical design of RNA-seq and 
the various strategies to integrate genomic variations in transcriptomic analyses. 

Although the analysis of RNA-seq data is often regarded as well established, it remains a 
complex procedure. For mapping of real samples, the true location of reads is unknown. The 
fraction of uniquely mapped reads is used as a mapping statistic because an RNA molecule can 
only come from one locus. However, this does not guaranty the correctness of mapping of 
uniquely mapping reads because, due to e.g. redundancy in the genome, some reads are 
expected to be correctly classified as multi-mappers. Moreover, uniqueness can have slightly 
different meanings depending on the mappers and parameters used, as reads are not 
necessarily exactly and fully aligned because of mismatches, indels, and sequencing errors 
especially at the ends of reads (trimming). 

Most studies are using standard analytical pipelines with default setting, or with slight 
modifications such as the number of mismatches allowed. However, even though it has been 
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shown to importantly impact genetic specificity (Yuan et al., 2015), the choice of the number of 
mismatches allowed is rarely given. We showed that the mapping setting has an effect and that 
surprisingly, the optimal number of mismatches allowed seems to differ between the two tissues 
tested. We were unable to identify supportive literature for this phenomenon. We think that a 
more thorough analysis of such tissue effects (e.g. in GTEx) is warranted. An interesting 
benchmark was completed on human RNA-seq data in a differential gene expression (DE) 
pipeline (Sha et al., 2015). They compared filtering methods, along with transcriptome reference 
sets, normalization and DE detection, alignment and counting software. They concluded that the 
optimal filtering threshold depended on the pipeline parameters. Particularly, the mapping 
software had the least impact whereas the transcriptome annotation had the higher impact. 
Also, our study highlighted the importance of transcriptome annotation even if our evaluating 
measure differed. Our study focused on the impact of genetic differences in the reference and 
assessed different combinations of mapping options. In our case, the fraction of eQTLs was 
used as evaluation measure rather than DE, because we compare a genetic population and not 
two fixed groups. Indeed, each BXD sample has both B6 and D2 alleles, so the samples 
compared for each gene are not split the same way, depending on alleles at this locus. A 
reference bias is likely to influence eQTLs because a variant in a certain gene can modify the 
mapping of the reads precisely for the samples that have the alternative allele in this region. 

An assembly is a global solution because it uses all genomic variants specific to a strain 
regardless of their size. However, we showed that the gap in quality and completeness between 
the two parental assemblies is masking the genetic specificity. In addition, the transcriptome 
was more studied in B6. Even if transcriptome annotation is likely to be similar in other strains, 
the different coordinate systems between the assemblies complicate the transfer. Moreover, the 
actual D2 transcriptome annotation corresponding to the D2 assembly includes manual curation 
steps that make it hard to update to new releases of the genome assembly or variants. Notably, 
no study was published using this D2 assembly, except the group that released it. In contrast, 
our customization of one assembly offers the advantage that the coordinate changes are 
formalized which allows automatization of transcriptome annotation changes with the same tool 
used for upgrading versions of an assembly (liftOver). For mapping reads of D2 samples and 
those of other strains than B6, we currently recommend the use of GRCm38 assembly modified 
with strain-specific indels and SNVs from dbSNP. 
 
Our custom references combine the specificity of BXD genotypes with the large amount of 
D2-specific short variants from dbSNP. Importantly, structural variants (SVs) are not included, 
although many were detected between B6 and D2 strains (Quinlan et al., 2010). SVs can have 
important phenotypic impacts (Mahmoud et al., 2019), potentially more than SNVs (Keane et 
al., 2011; Scott et al., 2021). However, SVs calls require further efforts in the reporting to ensure 
the confidence and the format for integration into current workflows. This is due largely to the 
nature of SVs: their length and large variety implies that the possible number of SVs is greatly 
superior to that of SNVs, making them less easy to validate and report. Without technologies 
like long read, optical genome mapping, those SVs will be very likely inaccessible for mouse 
models unless an international consortium tackles this issue. 

Another limitation is that all murine assemblies are haploid whereas mice are diploid. The 
diploidy is ignored at the mapping step under the assumption that the genotypes of inbred 
strains are mostly homozygous. However, the homozygosity and stability of inbred mouse 
strains is based on a theoretical model without occurrence of new mutations (Casellas, 2011), 
but experimental estimations support a non-neglectable rate of mutations (Casellas & Medrano, 
2008), with between 10 and 30 germline mutations occurring per generation (Reardon, 2017). 
Unfortunately, the assumption of stability of inbred lines is so strongly anchored in the field that 
its verification is compromised, because of not searching for heterozygous sites or dismiss 
them. Indeed, the term heterozygous is sometimes used to call variants uncertain or low quality, 
and they are always unphased. When mouse assemblies were built, regions with high density of 
heterozygous sites were used to detect (haploid) assembly errors, ignoring the potential 
coherence of diploid or polyploid references (Lilue et al., 2018). More systematic detection and 
characterization of heterozygous regions will likely improve the accuracy of transcriptomics 
studies, particularly for loci with allele-specific expression. However, the read mapping of 
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different possible alleles, which could also be used for not inbred crosses between 2 strains 
would require a reconciliation step, as implemented for example for human with paternal and 
maternal allele (Rozowsky et al., 2011). Indeed, every read can come from one allele or another 
but not from both at the same time. We made efforts to improve the D2 parts of reference to 
map BXD samples, however the B6 strain itself is also susceptible to mutations and genetic 
shift, as confirmed by the occurrence of substrains. It is likely that B6 samples used to build the 
GRC assembly and the B6 samples used currently present some genetic drift. Therefore, a 
complete characterization of genetic variants of the BXD by DNA-sequencing could improve the 
customization of both D2 and B6 parts of BXD, and therefore enhance resolution of downstream 
analyses. 
 
 
 
Conclusion 
 

In current genetic studies using the BXD population, genomic variations are paradoxically 
ignored at the read mapping step, which as we show here causes a reference bias. The 
genomic variations need to be explicitly integrated in the reference instead of treated as 
sequencing errors. Our results show the need for a critical evaluation of the RNA-seq pipeline 
and the development of more complete genomic variants databases to best approximate the 
genetics of the samples. Most genetic studies with a transcriptomic component in mice and 
other model organisms can suffer from reference bias, which could be attenuated by assessing 
and sequencing those strains. The mouse community could follow the drosophila community 
(http://dgrp2.gnets.ncsu.edu) and sequence genetic reference populations. Our study can serve 
as a wake-up call for improving the characterization of genomic variations, and as a concrete 
guide for analyses in BXD and other genetic populations. As RNA-seq analyses are often a 
starting point to identify one or a few genes that then are studied in more detail in follow-up 
experiments, it is worth the extra effort to avoid potential bias by not blindly following traditional 
pipelines. 

 

 
References 
 

Ballouz, S., Dobin, A., & Gillis, J. A. (2019). Is it time to change the reference genome? 

Genome Biology, 20(1), 159. https://doi.org/10.1186/s13059-019-1774-4 

Casellas, J. (2011). Inbred mouse strains and genetic stability: A review. Animal, 5(1), 1–7. 

https://doi.org/10.1017/S1751731110001667 

Casellas, J., & Medrano, J. F. (2008). Within-Generation Mutation Variance for Litter Size in 

Inbred Mice. Genetics, 179(4), 2147–2155. https://doi.org/10.1534/genetics.108.088070 

Chen, N.-C., Solomon, B., Mun, T., Iyer, S., & Langmead, B. (2020). Reducing reference bias 

using multiple population reference genomes. BioRxiv, 2020.03.03.975219. 

https://doi.org/10.1101/2020.03.03.975219 

.CC-BY 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted October 1, 2021. ; https://doi.org/10.1101/2021.10.01.462776doi: bioRxiv preprint 

http://dgrp2.gnets.ncsu.edu/
https://doi.org/10.1101/2021.10.01.462776
http://creativecommons.org/licenses/by/4.0/


Church, D. M., Schneider, V. A., Graves, T., Auger, K., Cunningham, F., Bouk, N., Chen, H.-C., 

Agarwala, R., McLaren, W. M., Ritchie, G. R. S., Albracht, D., Kremitzki, M., Rock, S., 

Kotkiewicz, H., Kremitzki, C., Wollam, A., Trani, L., Fulton, L., Fulton, R., … Hubbard, T. 

(2011). Modernizing Reference Genome Assemblies. PLOS Biology, 9(7), e1001091. 

https://doi.org/10.1371/journal.pbio.1001091 

Church, D. M., Schneider, V. A., Steinberg, K. M., Schatz, M. C., Quinlan, A. R., Chin, C.-S., 

Kitts, P. A., Aken, B., Marth, G. T., Hoffman, M. M., Herrero, J., Mendoza, M. L. Z., 

Durbin, R., & Flicek, P. (2015). Extending reference assembly models. Genome Biology, 

16(1), 13. https://doi.org/10.1186/s13059-015-0587-3 

Davis, E. M., Sun, Y., Liu, Y., Kolekar, P., Shao, Y., Szlachta, K., Mulder, H. L., Ren, D., Rice, 

S. V., Wang, Z., Nakitandwe, J., Gout, A. M., Shaner, B., Hall, S., Robison, L. L., 

Pounds, S., Klco, J. M., Easton, J., & Ma, X. (2021). SequencErr: Measuring and 

suppressing sequencer errors in next-generation sequencing data. Genome Biology, 

22(1), 37. https://doi.org/10.1186/s13059-020-02254-2 

Diessler, S., Jan, M., Emmenegger, Y., Guex, N., Middleton, B., Skene, D. J., Ibberson, M., 

Burdet, F., Götz, L., Pagni, M., Sankar, M., Liechti, R., Hor, C. N., Xenarios, I., & 

Franken, P. (2018). A systems genetics resource and analysis of sleep regulation in the 

mouse. PLOS Biology, 16(8), e2005750. https://doi.org/10.1371/journal.pbio.2005750 

Dobin, A., Davis, C. A., Schlesinger, F., Drenkow, J., Zaleski, C., Jha, S., Batut, P., Chaisson, 

M., & Gingeras, T. R. (2013). STAR: Ultrafast universal RNA-seq aligner. Bioinformatics, 

29(1), 15–21. https://doi.org/10.1093/bioinformatics/bts635 

Geijn, B. van de, McVicker, G., Gilad, Y., & Pritchard, J. K. (2015). WASP: Allele-specific 

software for robust molecular quantitative trait locus discovery. Nature Methods, 12(11), 

1061–1063. https://doi.org/10.1038/nmeth.3582 

Groza, C., Kwan, T., Soranzo, N., Pastinen, T., & Bourque, G. (2020). Personalized and graph 

genomes reveal missing signal in epigenomic data. Genome Biology, 21(1), 124. 

https://doi.org/10.1186/s13059-020-02038-8 

.CC-BY 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted October 1, 2021. ; https://doi.org/10.1101/2021.10.01.462776doi: bioRxiv preprint 

https://doi.org/10.1101/2021.10.01.462776
http://creativecommons.org/licenses/by/4.0/


Jan, M., Gobet, N., Diessler, S., Franken, P., & Xenarios, I. (2019). A multi-omics digital 

research object for the genetics of sleep regulation. Scientific Data, 6(1), 1–15. 

https://doi.org/10.1038/s41597-019-0171-x 

Keane, T. M., Goodstadt, L., Danecek, P., White, M. A., Wong, K., Yalcin, B., Heger, A., Agam, 

A., Slater, G., Goodson, M., Furlotte, N. A., Eskin, E., Nellåker, C., Whitley, H., Cleak, J., 

Janowitz, D., Hernandez-Pliego, P., Edwards, A., Belgard, T. G., … Adams, D. J. (2011). 

Mouse genomic variation and its effect on phenotypes and gene regulation. Nature, 

477(7364), 289–294. https://doi.org/10.1038/nature10413 

Lilue, J., Doran, A. G., Fiddes, I. T., Abrudan, M., Armstrong, J., Bennett, R., Chow, W., Collins, 

J., Collins, S., Czechanski, A., Danecek, P., Diekhans, M., Dolle, D.-D., Dunn, M., 

Durbin, R., Earl, D., Ferguson-Smith, A., Flicek, P., Flint, J., … Keane, T. M. (2018). 

Sixteen diverse laboratory mouse reference genomes define strain-specific haplotypes 

and novel functional loci. Nature Genetics, 50(11), 1574–1583. 

https://doi.org/10.1038/s41588-018-0223-8 

Liu, X., MacLeod, J. N., & Liu, J. (2018). iMapSplice: Alleviating reference bias through 

personalized RNA-seq alignment. PLOS ONE, 13(8), e0201554. 

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

Mahmoud, M., Gobet, N., Cruz-Dávalos, D. I., Mounier, N., Dessimoz, C., & Sedlazeck, F. J. 

(2019). Structural variant calling: The long and the short of it. Genome Biology, 20(1), 

246. https://doi.org/10.1186/s13059-019-1828-7 

Mouse Genome Sequencing Consortium. (2002). Initial sequencing and comparative analysis of 

the mouse genome. Nature, 420(6915), 520–562. https://doi.org/10.1038/nature01262 

Munger, S. C., Raghupathy, N., Choi, K., Simons, A. K., Gatti, D. M., Hinerfeld, D. A., Svenson, 

K. L., Keller, M. P., Attie, A. D., Hibbs, M. A., Graber, J. H., Chesler, E. J., & Churchill, G. 

A. (2014). RNA-Seq Alignment to Individualized Genomes Improves Transcript 

Abundance Estimates in Multiparent Populations. Genetics, 198(1), 59–73. 

https://doi.org/10.1534/genetics.114.165886 

.CC-BY 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted October 1, 2021. ; https://doi.org/10.1101/2021.10.01.462776doi: bioRxiv preprint 

https://doi.org/10.1101/2021.10.01.462776
http://creativecommons.org/licenses/by/4.0/


Peirce, J. L., Lu, L., Gu, J., Silver, L. M., & Williams, R. W. (2004). A new set of BXD 

recombinant inbred lines from advanced intercross populations in mice. BMC Genetics, 

5, 7. https://doi.org/10.1186/1471-2156-5-7 

Quinlan, A. R., Clark, R. A., Sokolova, S., Leibowitz, M. L., Zhang, Y., Hurles, M. E., Mell, J. C., 

& Hall, I. M. (2010). Genome-wide mapping and assembly of structural variant 

breakpoints in the mouse genome. Genome Research, 20(5), 623–635. 

https://doi.org/10.1101/gr.102970.109 

Reardon, S. (2017). Lab mice’s ancestral ‘Eve’ gets her genome sequenced. Nature News, 

551(7680), 281. https://doi.org/10.1038/nature.2017.22974 

Rivas-Astroza, M., Xie, D., Cao, X., & Zhong, S. (2011). Mapping personal functional data to 

personal genomes. Bioinformatics, 27(24), 3427–3429. 

https://doi.org/10.1093/bioinformatics/btr578 

Robinson, M. D., & Oshlack, A. (2010). A scaling normalization method for differential 

expression analysis of RNA-seq data. Genome Biology, 11(3), R25. 

https://doi.org/10.1186/gb-2010-11-3-r25 

Rozowsky, J., Abyzov, A., Wang, J., Alves, P., Raha, D., Harmanci, A., Leng, J., Bjornson, R., 

Kong, Y., Kitabayashi, N., Bhardwaj, N., Rubin, M., Snyder, M., & Gerstein, M. (2011). 

AlleleSeq: Analysis of allele-specific expression and binding in a network framework. 

Molecular Systems Biology, 7(1), 522. https://doi.org/10.1038/msb.2011.54 

Rubinacci, S., Ribeiro, D. M., Hofmeister, R. J., & Delaneau, O. (2021). Efficient phasing and 

imputation of low-coverage sequencing data using large reference panels. Nature 

Genetics, 53(1), 120–126. https://doi.org/10.1038/s41588-020-00756-0 

Scott, A. J., Chiang, C., & Hall, I. M. (2021). Structural variants are a major source of gene 

expression differences in humans and often affect multiple nearby genes. BioRxiv, 

2021.03.06.434233. https://doi.org/10.1101/2021.03.06.434233 

Sha, Y., Phan, J. H., & Wang, M. D. (2015). Effect of low-expression gene filtering on detection 

of differentially expressed genes in RNA-seq data. Conference Proceedings : ... Annual 

International Conference of the IEEE Engineering in Medicine and Biology Society. IEEE 

.CC-BY 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted October 1, 2021. ; https://doi.org/10.1101/2021.10.01.462776doi: bioRxiv preprint 

https://doi.org/10.1101/2021.10.01.462776
http://creativecommons.org/licenses/by/4.0/


Engineering in Medicine and Biology Society. Annual Conference, 2015, 6461–6464. 

https://doi.org/10.1109/EMBC.2015.7319872 

Sherry, S. T., Ward, M.-H., Kholodov, M., Baker, J., Phan, L., Smigielski, E. M., & Sirotkin, K. 

(2001). dbSNP: The NCBI database of genetic variation. Nucleic Acids Research, 29(1), 

308–311. https://doi.org/10.1093/nar/29.1.308 

Wang, J., Geisert, E. E., & Struebing, F. L. (2019). RNA sequencing profiling of the retina in 

C57BL/6J and DBA/2J mice: Enhancing the retinal microarray data sets from 

GeneNetwork. Molecular Vision, 25, 345–358. 

Yuan, S., Johnston, H. R., Zhang, G., Li, Y., Hu, Y.-J., & Qin, Z. S. (2015). One Size Doesn’t Fit 

All - RefEditor: Building Personalized Diploid Reference Genome to Improve Read 

Mapping and Genotype Calling in Next Generation Sequencing Studies. PLOS 

Computational Biology, 11(8), e1004448. https://doi.org/10.1371/journal.pcbi.1004448 

 

Acknowledgements 
 

We thank Mark Ibberson and Brian Stevenson for the helpful discussions and guidance. P.F. 
and M.J. were funded by the University of Lausanne (Etat de Vaud). N.G. was funded by the 
Swiss National Science Foundation grant to P.F. (31003A_173182 and 310030B_192805). I.X. 
is funded by the CHUV/UNIL (Etat de Vaud). 
 
Authors contributions 
 
M.J. had the initial idea of the project. N.G., M.J., P.F., and I.X. conceived the experiments. 
N.G. implemented the experiments, generated figures, and wrote manuscript with feedback 
from all authors. M.J., P.F., and I.X. supervised the project. 
 

Supplementary Information 
 

TableS1_Samples.csv 

Table S1 | Mouse replicates. 

.CC-BY 4.0 International licensemade available under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is 

The copyright holder for this preprintthis version posted October 1, 2021. ; https://doi.org/10.1101/2021.10.01.462776doi: bioRxiv preprint 

https://doi.org/10.1101/2021.10.01.462776
http://creativecommons.org/licenses/by/4.0/


Figure 1: Including genomic variants in inbred mouse transcriptome read map-
ping overview.

Figure 1 | Including genomic variants in inbred mouse transcriptome read mapping overview.

A) BXD mouse recombinant inbred panel. Samples come from mice that are: BXD advanced recombinant
inbred lines, parental inbred strains which are C57BL/6J (B6) and DBA/2J (D2), and not inbred first
generation cross between the parental strains (F1).

B) RNA-seq read mapping strategies in this study.
C) BXD genotypes available from GeneNetwork and D2-specific genomic variants available from dbSNP.
D) Genotypes imputation workflow. B6 regions or alleles are in black, D2 regions or alleles are in brown.
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Figure 2: Two parental assemblies strategy.
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Figure 2 | Two parental assemblies strategy.

A) Mappability of all samples on 2 parental assemblies (samples are mapped on GRCm38: black symbols
and on D2 assembly: brown symbols) using permissive mapping setting (STAR default) in cortex (left)
and liver (right).

B) Mappability of parental and F1 (BxD and DxB) samples on 2 parental assemblies using restrictive
mapping setting allowing 0 mismatches. Same legend than in A.

C) Mappability of parental and F1 samples on 2 parental assemblies using restrictive mapping setting but
allowing up to 10 mismatches. Same legend than in A.

D) Differential mapping (DM) analysis of D2 assembly compared to GRCm38 in the cortex (left) or in
the liver (right). Genes are classified as DM genes if FDR adjusted p-value < 0.05 (red) or non DM
genes otherwise (black).
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Figure 3: Line-specific references strategy.
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Figure 3 | Line-specific references strategy.

A) Relative mappability of customized D2-specific reference (GRCm38 modified with D2-specific indels
and SNVs from dbSNP) compared to GRCm38 on parental and F1 samples with exact matches.
Samples are all NSD. Colors indicate genetic of the samples: B6 (black), D2 (light brown), and F1
(white) between B6 and D2 strains. The F1 samples are BxD if the mother is B6 and the father is D2
(as for the BXD lines), or the reverse for DxB.

B) Differential mapping (DM) analysis of customized BXD specific references compared to GRCm38, in
the cortex (left) or in the liver (right). Genes are classified as DM genes if FDR adjusted p-value <
0.05 (red) or non DM genes otherwise (black).

C) Relative mappability of BXD-specific references (GRCm38 modified for each BXD line with GeneNet-
work genotypes and imputed variants) compared to GRCm38 on BXD samples with exact matches.
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Figure 4: Consequences of mapping reference at local eQTL level.
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Figure 4 | Consequences of mapping reference at local eQTL level.

A) Percentage of significant (FDR 5%) local eQTLs with GRCm38 or BXD-specific references.
B) Percentage of skewness of significant(FDR 5%) local eQTLs slope with GRCm38 or BXD-specific

references.
C) Local eQTLs overlapping between GRCm38 and BXD-specific references in cortex NSD (left) or in

liver NSD (right). The sign of the slope measures the direction of gene expression (B6 or D2 as more
expressed allele).
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Figure 5: Evaluating mapping parameters.
A

nn
ot

at
io

n
Tr

im
m

in
g

S
pl

ic
in

g
M

is
m

at
ch

es

0
0

10
0
2
3
1

10
0
3
0
2
1
1
0
2
1
3

10
2
1
3
3
1
2

10
10
0
0
1
2
3
3
2

10
10
1
2
3

10

Cortex log2CPM

significant eQTLs %

0 20 25 30

A
nn

ot
at

io
n

Tr
im

m
in

g
S

pl
ic

in
g

M
is

m
at

ch
es

10
0
2
3
1

10
3
2
0
1
0
1
2
0
3

10
0
3
2
0

10
1

10
1

10
3
2
3
1
1
2
3
2
0

10
0

10
3
1
2

Liver log2CPM

significant eQTLs %

0 20 25 30

A B

Figure 5 | Evaluating mapping parameters.

A) The performance on local eQTLs of selected mapping settings on cortex samples (average between
NSD and SD conditions) is measured by the percentage of expressed genes than have a significant local
eQTLs.

B) The performance on local eQTLs of selected mapping settings on liver samples (average between NSD
and SD conditions) is measured by the percentage of expressed genes than have a significant local
eQTLs.
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