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ABSTRACT: Mapping eQTL serves an important goal of 
animal breeders and evolutionary biologists, by elucidating 
the genetic basis underlying variability in gene expression 
that ultimately contributes to complex trait phenotypes. In 
the past, microarrays have been used as the main expression 
profiling tool, but they are being quickly replaced with 
RNA sequencing (RNAseq). RNAseq can not only be used 
to measure total gene expression in eQTL studies, but the 
technology also offers other advantages. In particular, 
allelic specific expression (ASE) tests can be used to map 
cis-acting eQTL. A challenge for implementation of ASE 
tests involves calling genotypes from data with unbalanced 
allelic expression.  In this paper we show how eQTL 
analysis from RNAseq data can be performed in outbred 
livestock populations or their crosses and we illustrate it 
with results from the MSU F2 pig resource population. 
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Introduction 
The field of genetical genomics (Jansen and Nap, 

2001; Li and Burmeister, 2005) focuses on understanding 
the genetic basis underlying variability in gene expression, 
which is a major contributor to phenotypic variation in 
complex traits. Thus, genetical genomics serves an 
important goal of animal breeders and evolutionary 
biologists (de Koning et al., 2007; Maceachern et al., 2011; 
Montgomery et al., 2010; Pickrell et al., 2010; Steibel et 
al., 2011).  

The joint analysis of transcriptional profiles and 
genotypic data, where transcript abundances are treated as 
response variables in a QTL or association analysis, is 
called expression QTL (eQTL) mapping. Implementation of 
eQTL mapping can reveal gene regulatory networks and, 
through integration with phenotypic QTL results, it can 
shed light on the genetic architecture behind phenotypic 
variation. Consequently, for the past ten years, eQTL 
mapping has been published in model organisms (Tesson 
and Jansen, 2009), human (Cookson et al., 2009) and 
animal agricultural species (Steibel et al., 2011). This has 
been especially true for pigs, where several groups have 
published eQTL analyses of skeletal muscle tissue using 
microarrays (Canovas et al., 2012; Liaubet et al., 2011; 
Ponsuksili et al., 2008; Steibel et al., 2011) and qPCR 
(Ponsuksili et al., 2010).  

In recent years, RNAseq is becoming the platform 
of choice for high throughput transcriptional profiling 
analyses (Mortazavi et al., 2008). The availability of this 
technology together with gene expression arrays and high 
density SNP chips in several livestock species is fueling a 
revolution in livestock genomics research. RNAseq can 
query total expression more accurately than microarray 

experiments. Furthermore, RNAseq data can provide 
information that is almost impossible to obtain from 
microarrays, such as allele specific expression (Maceachern 
et al., 2011) and splicing variation (Pickrell et al., 2010). 
These characteristics make RNAseq a particularly well 
suited gene expression assay for eQTL analysis.  

In this paper we show how eQTL analysis from 
RNAseq data can be performed in outbred livestock 
populations or their crosses and we illustrate it with results 
from the MSU F2 pig resource population. 

 
Materials and Methods 

Resource population, animal genotyping and 
RNA extraction. RNA was available for 24 female pigs 
from an F2 cross of Duroc and Pietrain (Choi et al., 2010, 
2011; Edwards et al., 2008a; Edwards et al., 2008b; Steibel 
et al., 2011). These animals were part of a larger 
transcriptional profiling study (Steibel et al., 2011) and had 
been selected because they showed extremely large loin eye 
area compared to their littermates. SNP chip data was 
available from the Illumina SNP60 BeadChip (Ramos et al., 
2009) from a recent study (Gualdron Duarte et al., 2013). 
Genotypic data was filtered following standard criteria 
(Badke et al., 2012) and missing data were imputed as 
reported, with a resulting accuracy of over 99% (Gualdron 
Duarte et al., 2013). Given the extent of LD, within each 
chromosome, SNP were pruned starting from the first SNP 
in the map and discarding SNP that showed a correlation of 
allele dosage larger than 0.9 with any SNP in the set. This 
resulted in keeping 16285 SNP. 

RNA sequencing and read alignment. RNA 
from each sample was reverse transcribed into cDNA, 
fragmented and labeled to generate 24 barcoded libraries 
that were sequenced on an Illumina HiSeq 2000 (100 bp, 
paired-end reads). Raw read data consisted of 96 pairs of 
fastq files (4 per sample) containing approximately 15 
million short-reads (100bp) each. Fastq files were pre-
processed using FASTX toolkit 
(http://hannonlab.cshl.edu/fastx_toolkit/) to assess read 
quality. Tophat (Trapnell et al., 2009) was then used for 
mapping reads to the reference genome (Sus scrofa 10.2.69 
retrieved from the Ensembl database). Aligned records were 
stored in BAM/SAM format (Koboldt et al., 2009). 
Alignment statistics and base coverage was calculated for 
each file using SAMTools (Koboldt et al., 2009). After that, 
Cufflinks software (Trapnell et al., 2010) was used to 
obtain gene models and to merge gene models from all 
samples and reference annotation (White et al., 2012). 
Counts of reads to transcripts were computed with the 
HTseq-count script. 

Models for mapping eQTL from total read 
counts. Transcript-specific expression measures (total read 



counts or their transformations) are typically regressed on 
the individual’s genotype to test for association. These 
analyses are usually fit on a marker-by-marker and 
transcript-by-transcript basis (Canovas et al., 2012; 
Ponsuksili et al., 2011; Steibel et al., 2011).  

However, several transcripts can be modeled 
simultaneously using typical differential expression 
microarray or RNAseq data. A particularity of RNAseq 
data is that it is essentially count data. Counts need to be 
modeled using an overdispersed discrete distribution such 
as negative binomial (Robinson and Smyth, 2008), or they 
need to be transformed appropriately before fitting 
Gaussian models (Law et al., 2014). For example, the 
limma package (Smyth, 2004) assumes a mean variance 
relationship for the count data expressed as concentration 
(count per million reads): 𝑬(𝒚) = 𝝁 = 𝑿𝒃 fitting a linear 
model to obtain solutions for 𝒃� and estimates of the error 
variances 𝝈𝒃𝟐 . Then a non-parametric mean-variance 
relationship is fit to the estimated log-counts versus a 
function of 𝝈𝒃𝟐  to estimate 𝝁�  and its predicted standard 
deviation 𝝎�  in a robust way. Those values are used as 
response variables and weights respectively of a general 
least squares fit, for example, as function of a SNP 
genotype (Law et al., 2014; Smyth, 2004). 

𝝁� = 𝑿𝒃 + 𝑺𝑵𝑷𝒋 + 𝒆, 𝒆~𝑵(𝟎,𝝈𝒆𝟐𝑫𝒊𝒂𝒈(𝟏 𝝎�� )) [1] 
Although model [1] is typically fit, one transcript 

at a time, an empirical Bayes procedure is used to shrink 
variance estimates and to borrow information across genes. 
For eQTL mapping applications, this model still needs to be 
fit one marker at a time. This approach has not been used 
before for eQTL mapping, but it would lend itself to test for 
presence of hotspots because it maximizes sensitivity of 
association to a particular marker.  

Alternatively, one can fit a genomic prediction 
model to each transcript. In this study, we fit a GBLUP 
model to each transcript model followed by a 
decomposition of SNP effects (Wang et al., 2012).  

𝒚 = 𝑿𝒃 + 𝒖 + 𝒆,    [2] 
Where y is the transformed read count (log-counts per 
million), Xb represents a vector of population mean fixed 
effects and u are the genomic breeding values of individuals 
assumed, 𝒖~𝑁(𝟎,𝑮𝜎𝑢2),  where  𝑮 = 𝒁𝒁′ , and Z is the 
standardized matrix of SNP genotypes. Finally, the vector 
of residual effects is: 𝒆~𝑁(𝟎, 𝑰𝜎𝑒2), or (similar to limma)  
pre-computed weights can be used for the error variance. If 
the read counts  do not differ greatly (e.g. more than 1 order 
of magnitude) between individuals, our experience is that 
using weights does not result in any better fit compared to 
using weighted error variances (Reeb and Steibel, 2013).  
Fitting this model to each transcript individually has several 
advantages: 1) Its associated mixed model equations are 
very small (N=24 in our case) and it can be efficiently fitted 
to thousands of transcripts in parallel. 2) It serves as a 
screening purpose: those transcripts that result in an 
estimate of h2≈0 can be dropped from the subsequent 
association analysis. 3) We have derived a p-value 
computation scheme (Bernal Rubio et al., 2014) for this 
procedure that is amenable to multiple testing adjustment 
using false discovery rate to correct for multiple tests. 
Briefly, after obtaining estimates of SNP effects: 

 𝒈� = 𝒁′𝑮−𝟏𝒖�~𝑁(𝟎,𝜎𝑢2), its variance is computed with:  
𝑣𝑎𝑟(𝒈)� = 𝒁′𝑮−𝟏𝒁𝜎𝑢2 − 𝒁′𝑮−𝟏𝑪𝒂𝒂𝑮−𝟏𝒁 . This estimated 
variance is used to perform a z-test of significance. 

cSNP discovery, genotyping and estimation of 
genotyping error rates. Coding SNP discovery and 
genotyping is essential to perform cis-eQTL mapping using 
allele specific expression models. Discovery and 
genotyping for this paper was done with varscan 
(Koboldt et al., 2009). Similar to virtually every program 
available for this purpose, varscan is designed for calling 
SNP in DNAseq data, where heterozygotes are expected to 
exhibit 1:1 sequence ratio of both alleles (Raineri et al., 
2012). This is not the case for RNAseq and consequently 
we used SNP chip data to validate the calls of cSNP. 

First, base alignment files (mpileup output files) 
for each sequenced transcriptome position was obtained for 
each chromosome using the mpileup option of 
SAMTools (Li, 2011) and subsequently varscan 
(Koboldt et al., 2009) was used to call genotypes and count 
reads mapping to each segregating allele. Genotypes 
obtained from the SNP60 chip were used as a gold standard 
to evaluate the performance of cSNP calling and 
genotyping. There were over 3000 SNP on the SNP60 chip 
that overlapped expressed regions in our dataset (Table 1). 
Each of those SNP were classified first as monomorphic or 
polymorphic in our sample. A monomorphic site is defined 
as a SNP fixed for a certain allele in the 24 sequenced 
samples, according to SNP chip data. Monomorphic sites 
are the basis for estimating the false discovery rate of SNP 
discovery because they should not be called in our small 
sample. 

𝐹𝐷𝑅𝑑𝑖𝑠𝑐𝑜𝑣𝑒𝑟𝑦 =
# 𝑐𝑆𝑁𝑃 𝑐𝑎𝑙𝑙𝑒𝑑 𝑖𝑛 𝑚𝑜𝑛𝑜𝑚𝑜𝑟𝑝ℎ𝑖𝑐 𝑠𝑖𝑡𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 # 𝑜𝑓 𝑐𝑎𝑙𝑙𝑒𝑑 𝑐𝑆𝑁𝑃
 

Moreover, SNP that according to the SNP chip 
were segregating in the 24 individuals, were called 
polymorphic and they constituted the basis for computing 
sensitivity of cSNP discovery. 

  

𝑆𝑒𝑛𝑠𝑑𝑖𝑠𝑐𝑜𝑣𝑒𝑟𝑦 =
# 𝑐𝑎𝑙𝑙𝑒𝑑 𝑝𝑜𝑙𝑦𝑚𝑜𝑟𝑝ℎ𝑖𝑐 𝑐𝑆𝑁𝑃
𝑇𝑜𝑡𝑎𝑙 # 𝑜𝑓 𝑝𝑜𝑙𝑦𝑚𝑜𝑟𝑝ℎ𝑖𝑐 𝑐𝑆𝑁𝑃

 

These measures are good indicators of 
performance of cSNP calling, but they are not optimal for 
ASE analyses.  

 
In particular for ASE we focused on properties of 

calling heterozygote individuals at each SNP and defined 
the following two measures: 

  

𝐹𝐷𝑅𝐻𝑒 𝐴𝑆𝐸 =
# 𝐻𝑜𝑚𝑜𝑧𝑦𝑔𝑜𝑡𝑒𝑠 𝑐𝑎𝑙𝑙𝑒𝑑 𝐻𝑒𝑡𝑒𝑟𝑜𝑧𝑦𝑔𝑜𝑡𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 # 𝑜𝑓 𝑐𝑎𝑙𝑙𝑒𝑑 𝑔𝑒𝑛𝑜𝑡𝑦𝑝𝑒𝑠
 

 

𝑆𝑒𝑛𝑠𝐻𝑒 𝐴𝑆𝐸 =
# 𝐻𝑒𝑡𝑒𝑟𝑜𝑧𝑦𝑔𝑜𝑡𝑒𝑠 𝑐𝑎𝑙𝑙𝑒𝑑 𝐻𝑒𝑡𝑒𝑟𝑜𝑧𝑦𝑔𝑜𝑡𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 # 𝑜𝑓 𝐻𝑒𝑡𝑒𝑟𝑜𝑧𝑦𝑔𝑜𝑡𝑒𝑠
 

Models for mapping cis-acting eQTL from 
allele specific counts. To test the hypothesis of ASE, a 
binomial distribution could be used, but read counts are 
typically over-dispersed (Anders and Huber, 2010). 
Consequently a beta-binomial model (Skelly et al., 2011) or 
other dispersed binomial model is better suited for this 



analysis. Over-dispersed binomial models, assume 
variability across individual success probability, and to 
estimate the dispersion appropriately multiple individuals 
need to be measured. 

 
Table 1. cSNP discovery and genotyping rates using 
RNAseq at several read coverage values. 

  cSNP Discovery Genotyping 
Rmin1 #SNP2 Sens3 FDR4 Call rate5 Sens6 FDR7 

20 3485 0.67 0.020 0.53 0.37 0.56 
50 2312 0.79 0.019 0.68 0.48 0.31 

100 1745 0.86 0.016 0.80 0.60 0.16 
200 1318 0.93 0.016 0.90 0.72 0.05 
500 951 0.96 0.018 0.97 0.87 0.01 

1Minimum number of reads, 2Number of SNP tested, 3Sensitivity of SNP 
discovery, 4False discovery rate of SNP discovery, 5Genotype call rate, 
6Sensitivity of genotyping heterozygotes, 7False Discovery Rate of 
genotyping heterozygotes. 

 
In this study, cSNP for which at least 3 

heterozygous individuals where called, were subject to ASE 
analysis. A beta-binomial model was fit SNP-by-SNP: 
𝑥𝑖~Binomial(𝑝𝑖 ,𝑛𝑖) , 𝑝𝑖~Beta(𝛼,𝛽) . Where, xi is the 
number of reads mapping to the reference allele in 
heterozygous individual i and ni is the total number of 
reads, pi is the probability of observing a read with the 
reference allele in individual i, 𝜆 = 𝛽/(𝛼 + 𝛽) is the allelic 
expression ratio for the SNP in question. The goal of ASE 
testing is to test:

0 1: 0 : 0H vs Hλ λ= ≠ . The model was fit 
using the function betabin of the aod package in R. 

One concern of using this type of ASE test is that 
it can detect imprinted rather than cis-acting variants. There 
are many reasons why this is unlikely in our study. The first 
one is that we call cSNP genotypes from RNAseq data. In 
that case, to call a heterozygote individual, a number of 
reads of the least expressed allele have to be present (in a 
significantly larger proportion than expected from 
sequencing or alignment errors). While this requisite may 
impair the ability to detect heterozygotes in lowly expressed 
genes with extreme ASE, it will protect against the 
detection of imprinted variants, because we expect the 
imprinted allele to be silenced and thus not to be expressed 
at all (Ferguson-Smith and Surani, 2001). In the 
circumstance of a parentally imprinted allele, it would be 
very unlikely to call a heterozygote individual.  

SNP annotation and enrichment analysis. All 
cSNP subject to ASE tests were annotated using the variant 
effect predictor (Vep) Ensembl API (McLaren et al., 2010). 
Annotation was based on the reference pig transcriptome. 
Several categories of SNP are annotated by Vep. Each 
category was tested for enrichment of ASE variants using a 
hypergeometric test. 

 
Results and Discussion 

Expression QTL mapped using total expression 
counts and a GBLUP model. A first analysis revealed that 
most transcripts have low to zero h2 (Figure 1), although a 
substantial proportion of them had h2 very close to 1.0. 
However, performing a LRT and correcting for multiple 

testing produced no significant genes (FDR>0.1). The 
smallest p-value was 0.0005228, well below the threshold 
for multiple testing considering over 18000 genes. This is 
likely due to the small sample size (N=24) and a relatively 
flat likelihood function that resulted in very low power 
tests. Despite the negative result in the test of heritability, 
we proceeded with a genome-wide scan and found only 3 
significant (FDR<10%) eQTL. These results are consistent 
with the reduced power to test significance of heritability. 
The three genes for which eQTL were mapped were 
MON1A, CDKN2AIP and a novel gene without annotation 
in the current version of the pig genome assembly (Ensembl 
ID: ENSSSCG00000026009). The sequence of transcripts 
for this unknown gene was assembled from RNAseq data 
and the putative translation products were blasted against 
the human genome protein databases using BLASTX, 
revealing a significant match to CD163L1. For 
CDKN2AIP, the eQTL peak was located on SCC15, very 
close (25Kb) to the gene based on ENSEMBL. Moreover, 
our novel gene models assembled from RNAseq data 
indicate that the SNP is indeed within the genic region, 
likely in an unannotated exon. All this evidence hints at a 
very strong cis-acting eQTL. Of the other two eQTL, the 
eQTL associated with the unknown gene was on the same 
chromosome (SSC5) but 20 MB apart from the genic 
region, while the eQTL peak for MON1A (SSC12) was 
located on a different chromosome from the location of 
MON1A (SSC13).  

 
Figure 1. Estimated gene expression heritability and 
significance of likelihood ratio test. 

 
Cis-and trans acting eQTL mapped from total 

expression counts using empirical Bayesian models. We 
fitted a linear model to the expression of all genes 
simultaneously, one SNP at a time, using model [1] 
implemented in the package limma. Performing this 
analysis we detected 33733 significant eQTL (FDR<1%). 
But, as expected, many of these corresponded to multiple 
associations of physically close markers to the same gene 
expression. Moreover, of the 16285 SNP fit with these 
models, 98% of them (15952) did not show any association 



with the transcripts. The other 333 SNP showed association 
with at least one transcript. Among those, 14 SNP showed 
association with more than 1000 transcripts. We observed 
evidence of cis and trans eQTL over the whole genome in 
numbers much larger (Figure 2) than in our previous study 
based on a larger sample from the same population but 
using expression microarrays (Steibel et al., 2011). In this 
case we observed several putative regulatory hotspots with 
large number of genes associated with SNP over specific 
chromosomal regions (Figure 2). As published before 
(Breitling et al., 2008), hotspot analyses are subject to 
increased false positive rates due to multiple testing, and a 
thorough determination requires a computationally 
expensive permutation analysis that we did not perform.  
 

Figure 2. cis and trans acting eQTL mapped using total 
expression models (FDR<0.01). 

 
We defined cis-acting eQTL depending on the 

distance between the transcript and the associated SNP. 
Because of the low mapping resolution for this type of 
experiment (Doss et al., 2005), we used 5 Mb. We found 
164 transcripts with cis-association to a marker located 
close to the gene. These include two cis-acting eQTL 
mapped using the GBLUP model.  

Accuracy of SNP discovery and genotyping 
with RNAseq. Prior to calling SNP using RNAseq data, we 
investigated the sensitivity and specificity of genotyping 
using a set of cSNP represented on the SNP60 chip. FDR of 
SNP discovery (Table 1) was extremely low (2%), but 
sensitivity was heavily dependent upon sequence coverage. 
A minimum of 200 reads (across all animals) was needed to 
call over 90% of the segregating SNP. Genotyping rate was 
even more sensitive to coverage and at low coverage 
(Rmin<100), 30% of called heterozygotes were false. 
Again, coverage of at least 200 reads ensured low FDR but 
sensitivity was still limited (72%) despite overall high call 
rate (90%). This is likely due to the use of programs 
designed to call SNP using DNAseq data, where 
heterozygotes have sequencing ratios 1:1 for both alleles, 
which is not the case for RNAseq. Further research on SNP 
calling from RNAseq data is needed. 

Cis acting eQTL mapped using ASE tests. We 
called cSNP transcriptome-wide and retained 80754 cSNP 
covered by at least 200 reads that mapped to an autosomal 
chromosome, and that had been ascertained as 
heterozygotes in at least three of the 24 pigs. We submitted 
those cSNP to ASE tests using the over-dispersed binomial 
model. We corrected for multiple tests using FDR<0.01 
resulting in 8504 ASE cSNP (Figure 3). All these represent 
putative candidates for cis-acting eQTL. We performed 
bioinformatics analyses of ASE cSNP and found that they 
overlapped 2809 annotated genes in the pig genome. 
Among those cSNP that were ASE, the ratio of 
synonymous mutations to missense mutations was 3:1. 
These proportions were identical to those from all 80754 
SNP (including non ASE variants). We performed 
enrichment analysis using a hypergeometric test to 
determine if ASE cSNP were enriched or depleted for some 
categories.  

 
 

 
Figure 3. Manhattan plot of cis-acting eQTL discovered 
with ASE analyses. 

 
Noteworthy, for the genes with cis-acting eQTL 

obtained analyzing total read counts (164 genes), only 39 
showed cis-acting cSNP with ASE (FDR<1%). There are 
several reasons for this. One reason is that only 94 of the 
164 transcripts with total expression were represented in the 
cSNP dataset. The other 70 transcripts did not have a cSNP 
that fulfilled the criteria for being tested for ASE. This was 
mainly due to low expression that made calling cSNP 
difficult. Among the 94 transcripts with significant cis-
acting eQTL in total expression analysis and that were 
represented in the cSNP datasets, 55 transcripts contained 
cSNP that showed balanced allelic expression in 
heterozygotes despite total expression being different 
between homozygotes and heterozygotes.  

In contrast, a large number of genes (2770) 
showed at least one cSNP with cis-acting eQTL revealed 
through ASE analyses. In part we expect tests for ASE to be 
more powerful than tests for association with total read 
counts because we had a very small sample size (N=24) 

 



with samples potentially affected by many sources of 
animal to animal variation such that effect size of tests 
associated with any SNP is very small. On the other hand, 
for ASE analyses, all between-animal factors are implicitly 
accounted for, because the animal (heterozygous 
individual) is basically a complete block of size two, thus 
removing all inter-animal variation and increasing power. 
However, we  cannot rule out the presence of increased 
false positives in ASE analyses. Although we control for 
FDR, some SNP with very large read counts may exhibit 
significant ASE with slight departures of λ=0.5, provided 
the departure is consistent in all animals. In general, 
validation of ASE on a larger sample needs to be performed 
for this reason (Maceachern et al., 2011). 

Exploitation of eQTL information to select 
candidate genes. A natural question in applied animal 
genetics is how to exploit eQTL information in animal 
breeding. Most studies so far have used co-localization 
analyses of eQTL and phenotypic QTL (Bernal Rubio et 
al., 2014). To illustrate this, we performed a co-localization 
study of cSNP showing cis-acting eQTL and a phenotypic 
QTL reported for a larger sample from this population. We 
focused on four novel QTL regions reported for meat 
quality traits (Table 2). Over-imposing RNAseq data to the 
genomewide association results, the number of candidate 
genes in the QTL regions could be narrowed by looking at 
expressed genes and at genes with ASE cSNP. For the 
particular case of Cook Loss, on SSC5 between 66Mb and 
70 Mb (a 2 Mb window around the most significant SNP), 
we found a total of 589 cSNP mapping to 45 genes. 
However, when looking at ASE tests, we narrowed it to 78 
cSNP (FDR<0.05) mapping to 31 genes. Among those, 
KCNA5 stands out as a candidate because it is a potassium 
voltage-gated channel gene, and could thus affect 
membrane polarization. There were a total of 8 cSNP 
mapping to this gene, of which 3 showed significant ASE at 
the 5% FDR level. All ASE cSNP showed a consistent 
pattern of allelic expression. There are many reasons why 
some SNP are significant ASE and some others are not. 
One is differential power of tests due to different sample 
size. Sample size (number of called heterozygote 
individuals) can change because of different sequence 
coverage and allelic frequencies. Moreover, the differential 
sequence coverage could be due to alternative splicing and 
also to between animal variation in total gene expression. 
For the gene in question, we found both: differential 
sequence coverage and different number of heterozygotes 
across the 8 cSNP.  
 
Table 2. Narrowing lists of candidate genes using ASE 
information. 

Trait SSC1 Physical 
region (Mb) 

Genes in region 
Total2 Exp3 ASE4 

Cook 
Loss 5 66.3-70.3 59 45 31 

CIE a* 13 33.4-37.4 117 84 35 
CIE b* 5 93.1-97.1 18 13 8 

Ultimate 
pH 15 133.2-135.8 58 44 34 

1Chromosome, 2Total number of genes in region of interest, 3Number of 
expressed genes in region of interest, 4Number of ASE genes in region of 
interest. 

 
It must be noted that this analysis is just a co-

localization analysis and does not imply any type of 
causative effect. However, with these results, a set of genes 
could be identified to perform causal inference 
(Peñagaricano et al., 2014). 
 

Conclusion 
 Integration of RNAseq data with genotype marker 
data can be used to map cis and trans eQTL. Current 
models and software tools allow simultaneous analysis of 
all transcripts with one marker at a time or simultaneously 
fitting all markers to each transcript one at a time. In the 
absence of marker data, allele specific expression tests 
could be used to query cis-acting variants. cSNP discovery 
and genotyping should be conducted with enough sequence 
coverage to avoid false positive heterozygote calls.  
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