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Abstract 
 
We present a unique computational approach for the identification of epistatic single-nucleotide 
polymorphisms (SNPs) showing significant yet opposed effects depending on genetic 
background. We introduce the mechanical heuristics of the approach by first, binning the 
population according to their genomic-estimated breeding value (GEBV) and second, 
performing genome-wide association studies (GWAS) within each bin. SNPs are deemed to be 
epistatic if they have a significant effect but with opposed sign in the GWAS from the most 
extreme bins containing individuals with the lowest and highest GEBV. We then show that 
these heuristics can be formally postulated by means of random regression on gene content. We 
finally propose a very fast approximate method based on a regression of residuals on GEBV. 
We apply our approach to a dataset of 4,661 cattle from two populations with high-density 
genotypes and using yearling weight as the test phenotype. We identify epistatic SNPs present 
in or near genes reported in the context of signatures of selection in multi-breed cattle 
population studies. These include loci known to be associated with coat color, fertility and 
adaptation to tropical environments. We argue that these SNPs are ‘dormant’ with an additive 
effect waiting to be ‘released’ – i.e., converted into additive genetic variation – when selection 
moves the population to either tail of the genetic value distribution. 
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Introduction 
 
The availability of high-density SNP genotypes in livestock species allows for the exploration 
of non-additive effects to a degree not often captured by pedigree relationships alone. In 
particular, epistasis —the interaction between loci— is thought to play a key role defining the 
genetic architecture of complex traits (Mackay, 2014). However, exploring all possible SNP to 
SNP combinations is computationally prohibitively and statistically underpowered. Hence, 
alternative compromises are being proposed such as the identification of higher-order 
interactions such as one SNP against the polygenic background (Crawford et al., 2017). 

Inspired by these models, here we present a unique computational approach for the rapid 
identification of epistatic SNPs based on those with significant effect to the phenotype, however 
with an opposed effect depending on the genetic background of the sampled population.     
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Materials and methods 
 
GWAS for epistasis: one locus against polygenic background 
 
A typical model is 𝒚𝒚 = ⋯+ 𝑾𝑾𝑾𝑾 + ⋯ where 𝑾𝑾 is estimated as vector with additive polygenic 
effects. Let 𝑉𝑉𝑉𝑉𝑉𝑉(𝑾𝑾) = 𝑮𝑮𝜎𝜎𝑢𝑢2 and assume that there is an epistatic deviation QTL at position 𝑖𝑖 
with statistical (not functional) effect (𝛼𝛼𝛼𝛼)𝑖𝑖 and that the epistasis is against the polygenic 
background. A model for total genotypic value is: 𝒈𝒈 = 𝑾𝑾 + 𝒊𝒊 = 𝑾𝑾 + (𝛼𝛼𝛼𝛼)𝑖𝑖𝒛𝒛𝑖𝑖⨀𝑾𝑾 (Jannink, 
2007), where 𝒛𝒛𝑖𝑖 is a centered vector with {2 − 2𝑝𝑝, 1 − 2𝑝𝑝,−2𝑝𝑝} for genotypes {𝑉𝑉𝑉𝑉,𝐴𝐴𝑉𝑉,𝐴𝐴𝐴𝐴}. 

Equivalently, 𝒈𝒈 = 𝑾𝑾 + (𝛼𝛼𝛼𝛼)𝑖𝑖𝒁𝒁𝑖𝑖∗𝑾𝑾 , where 𝒁𝒁𝑖𝑖∗ is a matrix whose diagonal contains the 
coding of the different genotypes at locus i. Thus, (𝛼𝛼𝛼𝛼)𝑖𝑖 can be seen as the regression of the 
remaining genetic value once the polygenic additive effect 𝑢𝑢 has been removed from 𝑔𝑔. 

Imagine for instance the epistatic effect is (𝛼𝛼𝛼𝛼)𝑖𝑖 = −0.2 and 𝑝𝑝 = 𝑓𝑓𝑉𝑉𝑓𝑓𝑓𝑓(𝑉𝑉) = 0.6. For 
an individual with 𝑢𝑢 = 20 and carrier of 𝑉𝑉𝑉𝑉 genotype, the epistatic effect is negative: 
(𝛼𝛼𝛼𝛼)𝑖𝑖𝑧𝑧𝑖𝑖𝑢𝑢 = −0.2 × 0.8 × 20 = −3.2, 2 – 2p = 0.8, and the total genetic value is 𝑔𝑔 = 20 −
3.2 = 16.8. Similarly, for an individual with 𝑢𝑢 = 0, the epistatic QTL has no effect; for an 
individual with 𝑢𝑢 = −20, the epistatic effect is positive. 
 
Mechanical heuristics 
 
In lay terms, our proposed approach proceeds in five main steps as follows: 
 

(1) Rank individuals from lowest to highest genomic estimated breeding value (GEBV). 
(2) Divide the ranked list in five equally-sized bins with BIN1 containing the 20% of 

individuals with the lowest GEBVs, BIN2 the next 20% of individuals based on GEBVs, 
and so on until BIN5 containing the 20% individuals with the highest GEBVs. 

(3) Perform a GWAS of SNPs on phenotypes, within bin and with the whole population. 
(4) Collect SNPs with significant yet opposed effect in BIN1 and BIN5 and a monotonic 

pattern of effect from BIN1 to BIN5 (eg. Strong positive, mild positive, zero, mild 
negative, and strong negative). 

(5) Confirm the SNPs collected are not significant in the GWAS with the whole population. 
 

The interpretation of the heuristic is that we try to find the epistatic SNPs that would be 
significant in extreme populations but are not significant in the current population. 
 
Exact method for detection and effect estimation 
 
The exact method is based on a random regression model with two traits (genetic effects): a 
general additive trait 𝑾𝑾 with variance 𝑮𝑮𝜎𝜎𝑢𝑢2, and a transformation of the epistasis into another 
additive trait that describes the interaction with the realized genotype of the marker: 𝑾𝑾𝑖𝑖 =
𝑾𝑾(𝛼𝛼𝛼𝛼)𝑖𝑖, 𝑉𝑉𝑉𝑉𝑉𝑉�𝑾𝑾𝑖𝑖� = 𝑮𝑮𝜎𝜎𝑢𝑢2(𝛼𝛼𝛼𝛼)𝑖𝑖2 . 

The method proceeds by likelihood ratio test of the two alternative hypothesis, 
𝐻𝐻0:𝑮𝑮0[1,2] = 𝑮𝑮0[2,2] = 0 versus 𝐻𝐻1:𝑮𝑮0[1,2] ≠ 0,𝑮𝑮0[2,2] ≠ 0. For each i-th marker the 
corresponding covariance matrix 𝑮𝑮0 must be estimated, i.e. by REML using random regression 
with the Model 𝐻𝐻1: 

𝒚𝒚 = 𝑿𝑿𝑿𝑿 + 𝒛𝒛𝑖𝑖𝛼𝛼𝑖𝑖 + 𝑾𝑾𝑾𝑾 + 𝑾𝑾𝒁𝒁𝑖𝑖∗𝑾𝑾𝑖𝑖 + 𝒆𝒆     
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and with the Model 𝐻𝐻0: 
𝒚𝒚 = 𝑿𝑿𝑿𝑿 + 𝒛𝒛𝑖𝑖𝛼𝛼𝑖𝑖 + 𝑾𝑾𝑾𝑾 + 𝒆𝒆      

where W  is an incidence matrix relating animal to records, 𝑉𝑉𝑉𝑉𝑉𝑉 �𝑾𝑾𝑾𝑾𝑖𝑖� is as non-full rank join 
covariance matrix, 𝑉𝑉𝑉𝑉𝑉𝑉(𝒆𝒆) = 𝑹𝑹 as usual and 𝒁𝒁𝑖𝑖∗ contains centred gene scores. The regression 
on gene content 𝒛𝒛𝑖𝑖𝛼𝛼𝑖𝑖 corrects for eventual additive (not epistatic) effects of the markers. 

After fitting the two models, the likelihood ratio test of the competing models is 
distributed as a mixture of 0 and 1 degrees of freedom chi-square, from which P values can be 
obtained. In addition, from the estimated covariance matrix 𝑮𝑮0 estimated under 𝐻𝐻1, the 
estimated epistatic effect can be obtained as: 

(𝛼𝛼𝛼𝛼)�𝑖𝑖 = 𝑮𝑮�0[2,2]/𝑮𝑮�0[1,2]. 
 
Fast approximate numerical method 
 
The quantity of interest is the regression of 𝒚𝒚 on 𝒁𝒁𝑖𝑖∗𝑾𝑾, which can be approximated as follows: 

(1) Run a GBLUP with additive effect. 
(2) Extract residuals 𝒆𝒆� and GEBVs 𝑾𝑾� from the output. 
(3) For each SNP marker 𝑖𝑖: 

a. Multiply 𝑾𝑾� by centered gene contents to obtain 𝒁𝒁𝑖𝑖∗𝑾𝑾� 
b. Run a single marker regression 𝒆𝒆� = 𝟏𝟏𝜇𝜇 + (𝛼𝛼𝛼𝛼)𝑖𝑖𝒁𝒁𝑖𝑖∗𝑾𝑾� + 𝝐𝝐 to estimate (𝛼𝛼𝛼𝛼)𝑖𝑖  
c. Obtain a t-test and associated P-value from the output. 

 
This approximate method is very fast, but ignores the uncertainty in the estimation of 𝒆𝒆� 

and 𝑾𝑾�. It may be used for a fast screening followed by a REML analysis (Jannink, 2007; 
Crawford et al., 2017) for a subset. 
 
Animals, phenotypes and genotypes 
 
We use a previously reported (Reverter et al., 2017) beef cattle dataset consisting of 2,111 
Brahman (BB) and 2,550 Tropical Composite (TC) individuals genotyped for 651,253 and 
689,818 autosomal SNPs, respectively. We use yearling weight as the quantitative phenotype 
of interest. The average (±SE) YWT for BB and TC was 227.70 (±0.75) kg and 247.07 (±0.87) 
kg, respectively. 

 
 
Results and discussions 
 
Figure 1 shows the steps of the mechanical heuristics proposed to identify SNPs with epistatic 
effect. Using a nominal P < 0.05 from the GWAS within the extreme bins (BIN1 and BIN5) 
with opposite effect sign, plus a monotonic pattern of effect across bins as well as a P > 0.10 in 
the GWAS using the whole data, we found 243 and 143 epistatic SNPs in the BB and TC 
population, respectively. 

For each population, six of these SNPs, including three of each pattern (positive to 
negative, and negative to positive), are listed in Table 1.  Table 1 also lists the effect of a SNP 
in the coding regions of PLAG1, a well-known loci affecting growth and fertility in cattle 
(Fortes et al., 2013). The SNP of PLAG1 was found to be significant only in the GWAS of the 



4 
 

middle bin (BIN3) for the BB population and in the GWAS of the whole data in both 
populations. 

 
Figure 1. Schematic flowchart of the mechanical heuristic to identify epistatic SNP: (A) 
Distribution of yearling weight GEBV for 2,111 BB and 2,550 TC cattle with five equally sized 
bins clearly demarked, BIN1 to BIN5; (B) Across bins the range of GEBV are by construct 
non-overlapping, but the range of phenotypes overlap across bins. A GWAS of SNP genotype 
on phenotype is performed with the intention to capture SNPs with significant yet opposed 
additive effects in BIN1 and BIN5, and with a monotonic pattern of effects across bins; (C) We 
find 243 and 143 epistatic SNPs in the BB and TC population, respectively. 
 

Among the genes listed in Table 1 we highlight LRIG3 (Leucine-rich repeats and 
immunoglobulin-line domains protein 3), a body size-related gene found to be under positive 
selection in a study of five bovine breeds including Brahman (Xu et al., 2015). Similarly, the 
gene GRIK1 (Glutamate Receptor, Ionotropic, Kainate 1) at 5.39 Mb of BTA1 is involved in 
differentiation of osteoclasts and osteoblasts activities in bone as has been reported as being 
under selection in tropical adaptation in a comparison of European, African and Zebu cattle 
(Flori et al., 2012). Finally, located on 28.5 Mb of BTA16, CNIH3 (Cornichon homolog 3) has 
been found to contain the most significant signal of recent positive selection in dairy and beef 
cattle (Utsunomiya et al., 2013). 

These findings are of most relevance because genes found under selection in a breed 
comparison study are bound to have little variation in their coding region and/or no additive 
effect in any given breed, and are only identified as relevant, such as harbouring signatures of 
selection, in a multi-breed comparison. 
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 We hypothesize the epistatic SNPs found here as being ‘dormant’ with an additive effect 
waiting to be ‘released’ when selection moves the population to either tail of the genetic value 
distribution. Consistent with the argument of Carlborg et al. (2006), we further argue that these 
SNPs provide an answer to the long-standing paradox by which genetic variation does not 
diminish with selection as fast as theory would anticipate, and instead epistasis is responsible 
for the release of genetic variation during long-term selection. 

 
Table 1. Mechanical Heuristics: Estimated SNP effects in t-statistic units (estimated effect 
divided by standard error) in the GWAS within BINs and across the whole population: Three 
examples each of “Negative to Positive” and “Positive to Negative” pattern as well as for a SNP 
in the PLAG1 coding region for Brahman and Tropical Composite populations. Asterisks 
indicate significance at P < 0.001. 

SNP 
Chr:Mb (Gene) 

BIN1 BIN2 BIN3 BIN4 BIN5 Whole 

 Brahman 
18:56.5 (CPT1C) -7.58* -1.38 -0.86 2.67 4.84* 0.60 
23:50.0 (PRPF4B) -4.50* 0.91 1.39 2.14 3.58* 1.28 
28:23.3 (CTNNA3) -8.00* -3.05 -1.93 1.55 5.06* -0.05 
4:71.4 (OSBPL3) 5.95* 1.45 -0.50 -1.89 -6.01* 0.29 
5:54.9 (LRIG3) 4.86* -0.30 -0.79 -2.05 -3.94* 1.18 
27:1.1 (CSMD1) 4.53* 1.18 -0.66 -0.69 -2.37* 0.58 
14:25.0 (PLAG1) 0.74 2.07 3.46* 2.15 2.02 4.71* 
 

Tropical Composite 
14:84.3 (SNTB1) -4.21* 0.25 1.69 1.93 3.42* 0.64 
16:28.5 (CNIH3) -3.39* -2.00 0.65 1.10 2.74* 0.52 
23:15.3 (FOXP4) -6.20* -1.94 -0.76 1.87 5.14* -0.26 
1:5.39 (GRIK1) 2.90* 0.74 0.16 -0.83 -2.98* 1.58 
10:75.6 (KCNH5) 3.56* 2.07 1.00 -0.12 -3.63* -0.54 
22:57.3 (PPARG) 3.49* 1.12 -0.09 -2.66* -2.81* 1.01 
14:25.0 (PLAG1) -0.08 2.83* 2.47 1.02 0.44 6.16* 
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