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Summary
This paper reports three different studies conducted on dairy cattle and swine that aim at
modelling genotype by environment interactions (GxE) in livestock. The first study was
conducted on the US Holstein dairy cattle population. Four productive traits were analysed
for estimating proportion of variance explained by genomic, environment, and genomic by
environment interaction. Environment was defined according to different variables, either
climatic, geographic or related to the management and performance of the herd. Results show
a sizable amount of phenotypic variation is explained by GxE, and models that account for
GxE can have better predictive performance. The second contribution reports a study aimed
at estimating the genomic background of sow tolerance to heat stress. Four large, independent
nucleus populations for two companies were analysed. Results show that sizable genotype by
environmental stress interaction exists and that is can be mapped on the pig genome when a
large number of genotyped individuals is available. The third study is aimed at modelling
genotyped by (gut) enterotype interaction in a commercial crossbred population. More than
one thousand records for five carcass traits were used. Individuals generated from 28 paternal
half-sibs families and raised in a commercial tester facility were split according to the gut
enterotype they showed 15 weeks after weaning. Their phenotypic records for the carcass
traits were considered as 2 distinct traits whether they individual showed one or the other
enterotype. Results show that the genetic correlation for performance conditional on the
enterotype can be less than unity for some traits. This suggests that the gut enterotype is
capable of influencing the pig in expressing the growth genetic potential, which suggest a
sizable genotype by enterotype interaction.
This paper suggests that the present of GxE should be investigated and perhaps
incorporated in livestock breeding for precision farming. In some cases this modelling comes
at no cost, e.g. weather records from the USA are freely available online. This represent a
‘low hanging fruit’ in animals breeding which will definitely help the development of future
breeding programs.
Keywords: genotype by environment interaction, genomic selection, heat stress, gut
microbiome.

Introduction
Dairy cattle and swine selection programs have led to large improvements in productive and
reproductive performance over the past decades. Breeding values for selection candidates are
based on phenotypes recorded under different farming conditions for productive, reproductive
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and fitness traits. Selection has been based on Best Linear Unbiased Predictions (BLUP) of
breeding values for almost the entire period, until this methodology has been overcome with
the upcoming of genomic selection. The availability of low-cost genotyping techniques has
led to a remarkable increase in the power of prediction of breeding values. Genomic selection
models therefore represent a promising tool to improve the efficiency of selective breeding in
dairy cattle and swine.
Models for the prediction of breeding values consider that the phenotype (i.e. the
individual measure of a trait on an individual, for example milk yield) is the result of the sum
two main components. On one side, the single gene variants that the individual is carrying
determine the genetic potential of an individual in a standard environment. On the other side,
assumption is that the environment (defined as the management, nutrition and climatic
conditions where the individual exploits its genetic potential) affects the performance of the
individual, independently of its genetic potential. It is usually assumed that response of a
given genotype will be constant over different environmental conditions, and the different
environment will affect all genotypes with the same direction and magnitude. In dairy cattle,
it has been widely demonstrated that this assumption does not hold, in other words genotype
by environment interaction (GxE) exists and is appreciable.
Several authors demonstrated the existence of GxE in dairy cattle populations. In
Australia, Haile-Mariam et al. (2008) found GxE for production, survival and fertility traits
over environments defined by different management (herd-size and level of production and
climatic variables) and Hayes et al. (2009) discovered regions in the genome associated with
heat stress reduction, suggesting that cows will have different tolerance to environmental
stressors in a manner that is determined by their genetic background. In Europe, Windig et al.
(2011) found GxE for somatic cell score (SCS) over different productive levels in several
strains of Irish dairy cows, Mulder et al. (2013) conducted a genomic analysis on mean and
environmental variance of SCS, whereas Streit et al. (2013) and Norberg et al. (2014) found
GxE for protein yield in German Holstein and Danish Jersey, respectively. In USA,
Bohmanova et al., (2008) and Oseni et al. (2004) found GxE for milk yield and days open,
respectively, and Ravagnolo and Misztal (2000) demonstrated that selection for reduced heat
stress in dairy cattle is possible, but current selection methods are exacerbating heat stress and
Mulder et al. (2006) demonstrated that environment-specific breeding programs should be set
in place whenever GxE is strong.
In swine breeding, the existence of GxE has been studied as a potential tool to
overcome sow seasonal infertility due to heat stress, which is a well-known problem for the
U.S. swine industry. It leads to reduction in the number of piglets and litters produced per
sow per year as well as number weaned (Knauer and Hostetler, 2013; Bertoldo et al. 2012).
This manifestation of seasonal infertility is economically the most significant component, as
producers are unable to maintain a constant production volume. There are two main factors
that determine seasonal infertility. For some authors, seasonality in reproductive efficiency is
driven by unfavourable climatic conditions that lead to heat stress (Einarsson et al., 2008), it
is also considered a photoperiod-driven phenomenon, longer photoperiod duration would play
a role in the prolonged anoestrus (Prunier et al., 1996). Selective breeding represents a
feasible approach to reduce seasonality in reproductive performance. Genetic potential for the
reduction of seasonal variations in fertility exists: differences in heat stress tolerance between
sow lines were found (Bloemof et al., 2008), sows from certain lines are less susceptible to
environmental stressors than others (Peltoniemi et al. 1999b). This suggests a considerable
potential for breeding against seasonal infertility and improved resilience.
In general, it is a well-known phenomenon that genotypes differ in average
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performance across the year (that is usually considered in genetic evaluations) as well as in
their ability to tolerate/respond to variations of the environment (i.e. plasticity, Merks et al.,
2005, Mulder et al., 2013). Since the changing environmental conditions are not accounted
for in the breeding programs, and this can lead to reduced genetic gain (Mulder and Bijma,
2005).
In a review, Renaudeau et al. (2012) stated that breeding for heat tolerance could be
the most cost-effective approach for mitigating climatic heat stress. Here, two different
strategies can be envisaged although not mutually exclusive: either to select for several lines
of individuals each of them adapted to a specific environment, or to select for resilient
individuals able to maintain high and constant performance across different environmental
conditions (i.e. with reduced sensitivity to environmental changes). Either way, the breeders
will be facing the known problem of disentangling and modelling genotype by environment
interaction (Merks et al., 2005, Mulder, 2016).

A gathering of different studies on modeling GxE
The objective of this paper is to report on different studies that were conducted on the
modeling of GxE in livestock in a broad sense. We aim at showing that the variance absorbed
by this effect is often sizable, the estimation of genomic marker effects is possible for this
effect and that it can be successfully included into genomic prediction models. Out of the
three different studies that we report, only the first one has already been published. The three
studies differ in the methodology involved, the species and populations analyzed and the
definition of ‘environment’, but all have in common to incorporate the effect of genotype by
environment interaction in livestock.
Genotype by climate interaction improves genomic predictions for production traits in
US Holstein.
In this study, we used Reproducing Kernel Hilbert Spaces regression (RKHS) to incorporate
genotype by environment interaction into genomic predictions. RKHS was already used in
genomic prediction on wheat by Jarquin et al. (2014) and Lopez-Cruz et al. (2015) and on
cotton by Peréz et al. (2015). We used a dataset composed productive records for US Holstein
dairy cattle across the USA, phenotypic information was extracted from a total of 22,593,022
test-day records from 1,036,040 cows. We investigated traits as milk yield (MY), SCS, fat
(FP) and protein (PP) percentages.
First, test-day records were adjusted and summarized into herd-year-season daughteryield-deviations (hysDYD) using a model that included the fixed effect of parity by stage of
lactation by milking frequency, the random effect of the herd-year-season class, cow lactation
and the additive genetic effect of the cow. The model was fitted using the BLUPf90 family of
programs (Misztal et al., 2002).
The hysDYD expressed the average adjusted performance of the daughters of a bull in
a given herd-year-season contemporary group, and were computed as the sum of the additive
genetic component, herd-year-season and residual and there averaged per sire by herd-yearseason class. The hysDYD were then weighted for the respective within-HYS effective
daughters contribution.
Only bulls with Illumina 50k Beadchip (San Diego, CA, USA) genotypes were
included in the second set of analyses. Markers were edited for call and minor allele
frequency. This generated 1,500,119 hysDYD observations linked to bulls with genotypes,
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but further editing was performed to reduce the size of the dataset still maintaining full
presentation of bull and regions. After editing, there were 16,664 hysDYD from 82,495 cows,
daughters of 1,087 bulls, recorded in 1,875 HYS classes from 160 herds located in 36 states
across the US. States were grouped into seven different regions within the US (North-East,
East, South-East, Mid-West, South-West, North and West).
We used geographical location, weather records and information from Dairy Records
Management System (Raleigh, NC, USA) herd summaries to describe environmental
conditions. We computed a total of 25 environmental covariates. Latitude and longitude (L)
of the herd, weather records (W) obtained from the National Climatic Data Center (NCDC)
Quality Controlled Local Climatological Data (http://cdo.ncdc.noaa.gov/qclcd/), generic herd
size and management profile created from test-day datafile information, including service sire
choice (S), level of fertility for the herd (F) and culling practices (C). We also used the herd
code and the geographical region to group the observations (H and R).
For every set of environmental variables, we tested different models of increasing
complexity: 1) a model with the only environmental effect, 2) a model with the genomic and
environmental effects, 3) a model that includes the environmental, genomic and GxE effects.
A cross-validation scheme was designed using three criteria: 1) simulating prediction of
daughters’ performance for bulls that were not progeny-tested in the US; 2) evaluate the
prediction accuracy that can be achieved on bulls that have progeny testing records from
some regions; 3) prediction of daughters’ performance under environmental conditions not
found in the training set, i.e., potential new management and climatic conditions. In addition,
we looked specifically at the predictive ability for the South-Eastern and South-Western
regions to simulate prediction in face of climate changes towards global warming. Predictive
performance was measured using within-herd correlation. All models in the second part of the
study were run using the R package BGLR (Pérez and de los Campos, 2014) For further
details on the materials and methods used, please refer to Tiezzi et al. (2017).
In figure 1 is reported the proportion of phenotypic variance absorbed by each effect
for every model tested. The magnitude of the GxE effect is sizable, sometimes larger than the
genetic effect and often larger than the environmental effect. This suggests that environmental
factors can have different effect according to the genetic background of the cows, i.e. they
can have stronger impact on a specific families of cows rather than on the entire population.
Results also indicate that models that included the G×E outperformed models that
included only genomic effect in most of the cases (results not shown, please refer to Tiezzi et
al., 2017). Climate variables appear as the most promising set of variables, but there is the to
identify a unique set of covariates capable of describing the entire variety of environments.
it is confirmed that genetic material that is top performing in a given environment is very
unlikely to be top performing in a different environment. Farmers can take advantage of
models accounting for genotype by climate interaction in a precision-mating framework.
Further research is needed to find further combinations of environmental parameters
that can describe the conditions that challenge the productivity of the raised animals.
Improving sow tolerance to heat stress using genomic selection.
The objective of this work was to investigate the steps needed for implementation of genomic
selection for heat tolerance, including the identification of traits and environmental covariates
(ENV) of interest and estimation of variance components for tolerance to heat stress.
Nucleus reproductive performance quantified as total number born (TNB) for 21,256
Landrace (LR) and 27,768 Large White (LW) litters from Smithfield Premium Genetics (Rose
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Hill, NC, USA) hereinafter called SPG as well as 23,848 Landrace and 11,230 Yorkshire
(YS) litters from The Maschhoffs LLC (Carlyle, IL, USA) hereinafter called MAS.
Descriptive statistics for the phenotypic traits used are reported in table 1. Climate records
(average (AT), minimum (Min.T) and maximum (Max.T) temperatures, daylight duration
(DL) and relative humidity (RH)) from the US National Climatic Data Center were
downloaded and processed creating litter-specific measures. In addition, temperaturehumidity index was computed. Phenotypes were analyzed using a sliding window approach:
conception period was divided into three 1-week periods (-21 to -14d, -14 to -7d, -7 to 0d)
and pregnancy was divided into sixteen ~1-week periods (0 to 7d, 7 to 14d, … , 105 to 114)d.
SS-GBLUP random-regression animal models were run for TNB by ENV by timeperiod combination, including 80k SNP-chip genotypes for sows and their sires. A total of
9,014 for SPG_LR and 11,101 for SPG_LW individuals were genotyped, while MAS_YS and
MAS_LR had 971 and 1,041 individuals genotyped, respectively. The models included fixed
effects of parity, contemporary group (sow birth-year) and ENV, random additive genetic
effect (with H relationship matrix) of sow with nested ENV covariate, permanent
environmental effect of the sow and residual, with 5 classes of residual variance as defined by
the first 4 quintiles of the ENV. Relationship matrices H were created using the preGSf90
program (Aguilar et al., 2014), variance components and genetic correlations were estimated
using Gibbs sampler implement in the BLUPf90 family of programs (Misztal et al., 2002),
and marker effects were calculated using the program postGSf90 (Aguilar et al., 2014) which
was also used to draw Manhattan plots.
For the SPG populations, estimates of the variance explained by GxE were greatest
when the ENV covariate was RH prior to conception. For the TML populations, Max.T
during early gestation had the greatest estimates for GxE variance (tables 2 and 3). Heat stress
in these periods was found to be particularly detrimental to TNB: farmers could loose almost
one piglet born for going from the most comfortable to the most uncomfortable environment.
We should also point out though, that is this study climate records were records outside of the
barn, and the inclusion of in-house recorded climate variables may yield even stronger
effects. For all populations, heritability changed across the ENV covariate and was generally
greatest when temperature or humidity were extreme (results not shown). Manhattan plots for
SPG_LR show major peaks on chromosomes 2, 6 and 18 for the intercept and 3 and 18 for
the slope (figure 2 and 3).
This study proves that genetic (genomic) variation in sow tolerance to heat and
humidity stress is appreciable and can be teased out using data currently collected in nucleus
farms coupled with weather station data. In addition to that, thanks to the large number of
genotyped individuals present in these populations, marker effects could be estimated and
regions of interest in the genome could be pinpointed. The final goal is to identify genomic
variants that favorable affect sow resilience to environmental stressors, which requires further
research.
Genotype by (gut) microbiome interaction in a population of crossbred commercial pigs.
Commercial crossbred individuals (Duroc x F1 dams) were generated for 28 paternal half-sibs
families (PHS) and raised at The Maschhoffs LLC (Carlyle, IL, USA) farms. A total of 6,680
individuals were allocated into 334 single-sire single-gender pens, and kept from the first
week after weaning to the time they were ready for slaughter. An entire pen of pigs was sent
to market when the average weight in the pen reached 136 kgs. Four individuals per each pen,
chosen to be representative of the within-pen variation, were phenotyped for average daily
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gain in carcass, back-fat depth, loin depth, carcass dressing percentage and carcass lean
percentage. In addition, pig fecal microbiome was sampled at the 15th week of test and
sequenced. A total of 1,103 individuals had records available. Individuals were phenotyped
for traits reported in table 4, trait descriptive statistics are reported in the same table.
Microbiome was used at the operation taxonomic unit level (OUT) level to compute
the Jensen-Shannon distance between pairs of samples as follow:

(1)
in which D(a,b) was the distance between samples a and b; n was the number of OTUs
(n=1,755); ai and bi were the counts of OTUi in samples a and b, respectively; mi=(ai+bi)/2
(Endres, 2003). The resulting square matrix (hereafter “JSD”) had zero diagonal, and values
comprised between 0 and 1 off the diagonal. This JSD matrix was used for clustering the
animals via partitioning around medoids with the ‘‘pam’’ function in the R library ‘cluster’
(Maechler et al., 2017). The optimal number of clusters was chosen by maximizing the
Calinski–Harabasz index (Calinski and Harabasz, 1974), using ‘index.G1’ function in the R
library ‘clusterSim’ (Walesiak and Dudek, 2017), and the Silhouette index (Rousseeuw,
1987), using the ‘silhouette’ function in the R library ‘cluster’. The optimal number of
clusters appeared to be 2.
Individuals were segregated into 2 different group, whether their fecal microbiome
composition belonged to cluster A or B. The growth and carcass traits were then analysed as
2 separate traits depending on the microbiome cluster they were belonging to. Overall, the
model was included the fixed effects of week of start of test (6 levels), gender of the pig (2
levels), genetic line of the dam (2 levels), farm of birth of the pig (3 levels) and the random
effects of pen (334 levels), sire (28 levels, with pedigree-derived relationship matrix A), and
residual. The A relationship matrix was created using the preGSf90 program (Aguilar et al.,
2014) and variance components were estimated using the ‘MCMCglmm’ package
implemented in R (Hadfield, 2010).
Results are reported in table 4. The effect of the enterotype (i.e. difference between the
estimated intercepts of the 2 traits) was noticeable only for back-fat depth and lean
percentage. Nonetheless, genetic correlation was below 50% only for carcass daily gain and
dressing percentage. While in the former case the heritabilities are almost null, in the second
case the heritability is significantly larger for the enterotype B. For the 5 traits analysed, we
can state that genotype by enterotype interaction was not detect, except for carcass dressing
percentage. Here, heritability was almost null with enterotype A and around 20% with
enterotype B, and genetic correlation was around 50%. The effect was positive for enterotype
B, but not significant. It appears that in presence of enterotype B the individuals are
hampered in expressing their genetic potential, but further research is needed. It is evident,
however, that the enterotype represents a condition under which the different genotypes can
or cannot express their genetic potential.

Conclusions
Different studies have been presented in this paper. These studies were conducted on different
species and populations and incorporated different statistical methods. It was possible to
demonstrate that the modelling of genotype by climate interaction and genotype by
enterotype interaction is possible and could potential be beneficial in the dissection of
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complex traits that are relevant in different livestock industries. In general, the modelling of
genotype by environment interaction seems compelling for achieving high efficiency in
precision (livestock) farming.
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Table 1, part II. Descriptive statistics for the total number of piglets born as included in the
sow tolerance to heat stress study.
Population

N

Mean

SD

MAS_LR

23,848

10.84

3.79

MAS_YS

11,230

11.09

3.92

SPG_LR

21,256

11.95

3.52

SPG_LW

27,768

12.48

3.92

Table 2, part II. Environmental covariate that resulted in having the strongest environmental
effect on total number of piglets born by sow population.
Population

Window

Covariate

Mean

SD

Minimum

Maximum

MAS_LR

+28 +35

Max. T (C)

18.73

10.25

-8.54

38.68

MAS_YS

+14 +21

Max. T (C)

17.79

10.36

-6.46

40.14

SPG_LR

-14 -7

RH (%)

53.70

14.31

11.74

93.24

SPG_LW

-7 -0

RH (%)

51.33

14.43

11.74

93.24

Table 3, part II. Environmental effect (E) and proportion of phenotypic variance explained for
the four models where the environmental effect was the strongest per sow population. E is to
be interpreted as the change in total number of piglets born from the minimum to the
maximum value of the environmental covariate.
Variance explained
Covariate Window
Pop.
E
G
GxE
cov(G,GxE)
Max.T

+28 +35

MAS_LR

-0.177

21.6 (2.67)

4.8 (1.40)

-3.5 (1.46)

Max.T

+14 +21

MAS_YS

-0.841

14.2 (3.13)

3.9 (1.44)

-2.6 (1.56)

RH

-14 -7

SPG_LR

-0.697

14.0 (0.57)

7.0 (0.31)

1.0 (0.30)

RH

-7 -0

SPG_LW

-0.272

15.9 (0.65)

3.9 (0.17)

0.3 (0.24)

Table 4, part III. Descriptive statistics, enterotype effect (A to B), heritability and genetic
correlation estimates for the carcass traits used in the study.
Enterotype
Genetic
h2 |
h2 |
Trait
Mean (SD)
effect
correlation enterotype A enterotype B
Carcass daily
0.56 (0.06) 0.049 (0.02) 0.121 (0.94) 0.031 (0.05) 0.052 (0.06)
gain, kgs
Loin depth, mm

67.4 (7.35)

-1.426 (2.22)

0.841 (0.50)

0.170 (0.12)

0.049 (0.05)

Back-fat depth,
mm

22.1 (4.96)

2.130 (1.27)

0.994 (0.08)

0.306 (0.17)

0.283 (0.14)
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Dressing
percentage, %

75.1 (1.69)

0.231 (0.48)

0.489 (0.84)

0.036 (0.05)

0.185 (0.11)

Lean percentage,
%

52.6 (2.23)

-1.441 (0.59)

0.833 (0.52)

0.120 (0.11)

0.110 (0.09)

Figure 1, part I: Variance components estimates for the different models. Each bar shows a different model,
with the shaded proportions reporting genomic (black), environment (light grey) and genomic by environment
interaction (dark grey) effects. Estimates are the means of the marginal posterior densities of the estimates.
Variance components were estimated for the genotype (G), environment (E) and genotype by environment
interaction (G×E). Models included: genomic effect (G), geographical region effect (R), herd effect (H),
latitude and longitude effects (L), herd management effects (M), herd fertility effects (F), service-sire choice
effects (S), culling descriptors effects (C), climate variables effects (W).
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Figure 2, part II: Manhattan plots that show the proportion of genetic variance explained for intercept (top)
and slope (bottom) of the random regression animal model run on SPG_LR.
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