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ABSTRACT: A new tool emerging to fine map QTL asso-
ciated with treatments or conditions, such as disease, is al-
lele-specific expression (ASE). We used allele-specific ex-
pression (ASE) to find specific genes and genetic markers 
conferring Marek's disease (MD) resistance in poultry. This 
resulted in 4,528 ASE SNPs putatively associated with MD 
genetic resistance. To estimate QTL effects, a 1,000 F6 MD 
resource population was analyzed using a mixed model 
analysis with SNPs and/or pedigree effects treated as ran-
dom. In the F7 generation, roosters were genotyped, BLUP 
EBVs calculated, and selected roosters progeny tested for 
MD resistance. Based on the correlation of EBVs with 
progeny test performance, our results demonstrate the accu-
racy of selection was 61% higher for selection based on 
ASE SNPs compared to pedigree. We conclude ASE SNPs 
are functionally linked to causative polymorphisms that 
alter transcriptional levels in genes that manifest the chang-
es in disease incidence. 
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Introduction 
 

Fine mapping QTL and associated causative muta-
tions is the holy grail for understanding genetic architecture 
and how genes impact phenotypes and also to enhance 
marker assisted selection (MAS) (Lande and Thompson 
(1990)). However, to date, there have been few success 
stories in this quest. A number of factors contributed to that 
outcome, primary among them are: (1) linkage disequilibri-
um (LD), and (2) defined resource populations. In the past 
having an adequate number of markers was also a limita-
tion, but this is no longer true as high density SNP chips are 
available for most species (Goddard et al. (2010); Groenen 
et al. (2011); Wiggans et al. (2011)). All MAS, and meth-
ods to find QTL, require LD (Goddard and Meuwissen 
(2005)), however if LD blocks are large, the QTL cannot be 
localized to genes. This is the problem with classic QTL 
mapping resource populations using crossing, such as the F2 
or even advanced recombinant lines, the reduction in LD 
needed to fine map QTL can take hundreds of generations, 
and large populations are needed as LD is regenerated each 
generation due to inbreeding (Tachida (1994); Chapman 
and Thompson (2001)). Current methods to fine map QTL 
are based on historical recombinations in large populations 
(genome-wide association mapping, GWAS)(Nuzhdin et al. 
(2012); Edwards et al. (2013); Korte and Farlow (2013); 
Marjoram et al. (2014)) but suffers for a different kind of 
problem, that of admixture. Admixture can result in false 
positives due to unknown confounding demographic effects 
associated with genetic background, or differing phases 

between markers and QTLs for the case of known admix-
ture, i.e., combining information across breeds (Deng 
(2001); Koller et al. (2003); Koller et al. (2004); Tian et al. 
(2008); Bouaziz et al. (2011); Wu et al. (2011)).  

 
Overcoming these problems requires either (1) a 

single large well defined resource population with common 
background, few immigrants, with hundreds of generations 
of random mating, or (2) a defined cross between popula-
tions combined with a method to overcome limitations of 
LD. The latter can be achieved for a subset of QTL that 
influence phenotype through regulatory elements rather 
than polymorphisms in genes. It is hypothesized that differ-
ences in gene expression (when, where, and how much) are 
a major contributor of phenotypic variation (see reviews by 
Wray, (2007); Pastinen (2010)).  

 
Polymorphisms in regulatory elements (enhancer 

or promoter) can be identified through the transcriptome, 
i.e., they will impact transcript abundance. If the regulatory 
element is cis, the causative allele in the regulatory ele-
ment and a marker SNP in the gene are on the same 
chromosome. The causative SNP and the marker. ASE 
identifies differential expression between the alleles of the 
marker SNP. It is unlikely that the marker SNP exhibiting 
the ASE is the causative mutation. Causative mutations 
could be due to polymorphisms in regulator elements, like 
promoters or enhancers, or other elements that might influ-
ence splicing or message stability, however, all of these 
polymorphisms must be in cis with the ASE SNP. Thus, 
ASE identifies specific genes with cis-acting regulatory 
elements that are also genetic components that influence 
gene expression. 

 
At the population level, ASE only relies on the 

presence of intragenic LD to identify cis-acting elements. In 
an F1 cross between two inbred lines, genomic DNA at all 
loci on the same chromosome, and even across the genome, 
are in complete LD. However, this does not cause problems 
for ASE because it is based on RNA, not DNA. When the 
gene is transcribed into RNA, the tracking SNP within the 
gene is also copied making the allele that is measured inde-
pendent of the chromosome. SNPs at different loci, even 
those directly adjacent, if transcribed are in different units. 
Thus, a cis-acting factor is one in which a SNP within a unit 
of transcription (coding sequence and any flanking se-
quence that moderates transcriptional activity) is in LD with 
the expression-affecting polymorphism within a specific 
allele. If a cis acting regulatory element is in linkage equi-
librium (LE) with the maker SNP within the transcript of 
the gene, then ASE will not be detected.  Detection of ASE 



necessarily means that the regulatory element was in LD 
with the marker SNP.  The more complete the LD, the 
stronger the signal, if in fact there is a cis-acting regulatory 
element. 

 
In contrast, a trans-acting factor affects both al-

leles at other loci equally well because it acts as a soluble 
agent, i.e., a trans-acting factor is not included in the tran-
scriptional unit and, hence, will not be associated with one 
or the other allele at the other locus unless epistasis is in-
volved with a polymorphic cis-acting factor. Hence, there is 
no confounding of genomic LD with RNA expression, ex-
cept within the gene, which is a desirable outcome for the 
detection of polymorphic cis-acting elements. 

 
Thus, ASE could be a powerful tool to fine map 

QTL associated with cis-acting regulatory elements and 
overcomes both the problems of resource populations and 
LD. Detection of cis-acting polymorphisms is strait forward 
and direct. If a gene shows allelic imbalance, then it is suf-
ficient to indicate that the gene contains a cis-acting poly-
morphism (Wittkopp et al. (2004); Gibson and Weir (2005); 
Pastinen et al. (2006); Pastinen (2010)). With the advent of 
high throughput sequencing, RNAseq is a powerful tool to 
find ASE as SNPs can be readily identified and the count of 
each allele quantified. 

 
A typical design is to expose a resource population 

to conditions of interest, such as disease and control, in a 
replicated manner, then perform RNAseq from tissues nor-
mally associated with the conditions of interest, i.e., the 
tissue(s) in which expression differences are expected. 
From this experiment, ASE is detected and a SNP chip de-
veloped based on those loci. This SNP chip can be consid-
ered a "functional SNP chip" because the chip design was 
based on gene function. In the final step genomic selection 
is conducted based on genotypes from the functional SNP 
chip.  

 
The advantage of a SNP chip developed in this 

manner, as opposed to traditional genomics selection as 
envisioned by (Meuwissen et al. (2001); Goddard et al. 
(2010)), is that the LD is intragenic and will not break down 
readily, meaning that genotyping without continued retrain-
ing of the model will be possible. A number of simulations 
have shown that it if genomic selection is practised for 
many generations, without retraining, the rate of response 
will rapidly decline (Muir (2007); Sonesson and Meuwissen 
(2009)). Further, such markers are linked intragenic to 
causative polymorphisms, which by association are fine 
mapped to genes. Linking ASE to polymorphisms and 
genes allow the genetic architecture of complex traits to be 
better understood.  

The disadvantage of this approach is the SNP chip 
may not work well for general multi-trait genomic selection 
as it is not designed to capture all the genetic variation in 
the genome, only that variation due to cis-acting element 
associated with the trait of interest. However, one could 
combine both the approaches to form a value added chip, 
i.e. first fill the chip with ASE SNPs for traits of interest, 
then fill in as needed to cover the genome. 

As a proof of concept, the approach was applied to 
Marek’s disease (MD), which is a T cell lymphoma disease 
of domestic chickens induced by the Marek’s disease virus 
(MDV). Details of the design of that experiment are given 
by Cheng et al. (2014). Here we briefly review the experi-
mental design and discuss efficacy of a functional SNP 
chips based on ASE to effect desired changes in pheno-
types.  

 
Materials and Methods 

 
RNAseq was performed in replicated F1 birds pro-

duced by crossing inbred lines (Lines 6 and 7, which are 
MD resistant and susceptible, respectively), and either chal-
lenged with MDV or left uninfected. We then tested for 
intra-locus differential expression (DE) that changed with 
exposure (E), i.e. DE x E interaction. This resulted in 4,528 
ASE SNP loci in 3,718 genes associated with response to 
MDV infection. To estimate QTL effects associated with 
those ASE loci, we genotyped 1,000 pullets from a 6x7 F6 
MD resource population exposed to MDV. The resulting 
phenotype was scored as either disease present or absent 
based on necropsy. The results were subjected to mixed 
model analysis using the binary option of the GS3 set of 
programs (Legarra et al. (2013)) with SNPs and/or pedigree 
effects treated as random. The binary option estimates SNP 
effects and variance components on the underlying liability 
scale. In the F7 generation, roosters were genotyped, BLUP 
EBVs based on SNPs and pedigree were calculated, and 
were bidirectionally selected based on the SNP EBVs. The 
top 30 and bottom 30 ranked roosters were each mated to 6 
hens and progeny tested for MD resistance. The accuracy of 
selection was determined from the correlation of EBVs 
estimated based on either SNPs or pedigree with progeny 
test performance. 

 
Results and Discussion 

 
The accuracy of selection was 61% higher for selection 
based on ASE SNPs compared to that of pedigree evalua-
tion. This estimate is likely biased downward as Bijma 
(2012) concludes from theoretical considerations that the 
benefits of genomic selection may be underestimated when 
the effect of selection on accuracy is ignored. We conclude 
that ASE based SNPs are functionally linked to causative 
polymorphisms that alter transcriptional levels in genes that 
manifest the changes in disease incidence. These results 
support the hypothesis that phenotypic variation in traits are 
mainly due to changes in regulation of gene expression ra-
ther than protein composition. 

 
Conclusion 

 
Because ASE SNPs are likely to be in very close 

LD with causative polymorphisms, LD should erode very 
slowly and thereby allow genomic selection without retrain-
ing for many generations. The method does not increase the 
cost of genomic selection as "value added" chips can be 
developed whereby ASE SNPs are used first to fill the chip 
for traits of interest, then other random SNPs are used fill in 
as needed to cover the genome. This way a generalized 



SNP chip is possible but with added precision for specific 
traits. The identification of ASE SNPs will also be of great 
value to fine map QTLs to genes, understanding genetic 
architecture, and designing SNP chips for improving traits 
with low heritability or traits for which direct measurement 
is not possible, such as disease resistance. 
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