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Abstract

Background Skin damage is a trait of economic and welfare importance that results from social interactions
between animals. These interactions may produce wound signs on the gilt's skin as a result of damage behavior (i.e,,
fighting), biting syndromes (i.e,, tail, vulva, or ear biting), and swine inflammation and necrosis syndrome. Although
current selection for traits that are affected by social interactions primarily focuses on improving direct genetic effects,
combined selection on direct and social genetic effects could increase genetic gain and avoid a negative response

to selection in cases of competitive behavior. The objectives of this study were to (1) estimate variance components
for combined skin damage (CSD), with or without accounting for social genetic effects, (2) investigate the impact

of including genomic information on the prediction accuracy, bias, and dispersion of CSD estimated breeding values,
and (3) perform a single-step genome-wide association study (ssGWAS) of CSD under a classical and a social interac-
tion model.

Results Our results show that CSD is heritable and affected by social genetic effects. Modeling CSD with social
interaction models increased the total heritable variance relative to the phenotypic variance by three-fold compared
to the classical model. Including genomic information increased the prediction accuracy of direct, social, and total
estimated breeding values for purebred sires by at least 21.2%. Bias and dispersion of estimated breeding values
were reduced by including genomic information in classical and social interaction models but remained present. The
ssGWAS did not identify any single nucleotide polymorphism that was significantly associated with social or direct
genetic effects for CSD.

Conclusions Combined skin damage is heritable, and genetic selection against this trait will increase the welfare

of animals in the long term. Combined skin damage is affected by social genetic effects, and modeling this trait

with a social interaction model increases the potential for genetic improvement. Including genomic information
increases the prediction accuracy of estimated breeding values and reduces their bias and dispersion, although some
biases persist. The results of the genome-wide association study indicate that CSD has a polygenic architecture

and no major quantitative trait locus was detected.

Background

Skin damage is a trait of economic and welfare impor-
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When biting is involved, a reduction in welfare occurs for
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both the biters and the bitten animals; bitten animals suf-
fer from skin wounds and the constant need to avoid bit-
ers, whereas the welfare of biters is reduced due to the
continuous frustration of attempting to bite pen mates.
A high rate of skin damage in a herd highlights an unbal-
anced interaction between animals and their environ-
ment [2].

Different forms of damaging behavior and syndromes
that affect skin quality result from animal interactions.
Environmental factors such as limited access to food and
space, availability of environmental enrichment [1, 2, 4],
and early play-fighting experience [5] can influence how
individuals interact. Apart from environmental effects,
genetics can also play an important role [6—8]. However,
the influence of genetics on animal behavior remains a
field of research that has not been explored in depth [4].

For traits that are affected by social interactions, the
phenotype of an individual can be expressed as a com-
bination of environmental and heritable effects, with
the heritable effect partitioned into direct and social
components [9-11]. The direct component reflects the
effect of an individual’s genotype over its own phenotype,
whereas the social component is related to the effect of
that same individual’s genotype on the phenotype of its
pen mates. For instance, for biting damage recorded on
the victims, the direct breeding value (DBV) of an animal
is related to its genetic potential to avoid being bitten,
whereas the social breeding value (SBV) is related to the
animal’s genetic predisposition for biting its pen mates.
Breeding for a sustained reduction in biting behavior
would undoubtedly involve genetic improvement of both
components.

Direct and social genetic effects can be understood as
different traits that are expressed in the same phenotype
that can be either genetically correlated or not [9, 12].
The genetic correlation between direct and social effects
indicates the type of interaction that occurs between ani-
mals; while a positive genetic correlation corresponds to
a collaborative interaction, a negative correlation indi-
cates competition [12, 13]. Moreover, combined with
the interacting group size and the average relationship
between interacting individuals, the genetic correlation
between direct and social effects can also impact the
magnitude and direction of genetic gains [10, 11]. For
traits with a positive genetic correlation between direct
and social genetic effects, selection on both genetic com-
ponents can increase response to selection in compari-
son to the selection on direct genetic effects only. That is
because an extra heritable variance from social genetic
effects is added to the total heritable variance of the trait.
However, for traits with negative correlations between
direct and social genetic effects, neglecting social effects
can result in a reduced or even a negative response to
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selection, thus shifting the phenotype means of future
generations in the undesired direction [10, 14]. A way to
avoid such negative responses is to select animals based
on both the DBV and SBV components in a balanced
way [9, 10], which can be achieved with social interaction
models [9, 12, 13].

Apart from a potentially greater heritable variance
when accounting for social genetic effects, the genetic
gain for traits that are affected by social interactions can
also be increased by a higher prediction accuracy of esti-
mated breeding values. Including genomic information
for the estimation of DBV and SBV can increase the pre-
diction accuracy because the Mendelian sampling terms
and the relationships between individuals are better esti-
mated [15]. Moreover, the benefits of including genomic
information are more significant for hard-to-measure
and low-heritability traits [16, 17], which is commonly
the case for traits related to animal behavior [13, 18, 19].
Although the benefits of including genomic information
are well established for production traits, studies that
investigate its impact on behavior traits affected by social
interactions are lacking.

The objectives of this study were to (1) estimate vari-
ance components for combined skin damage in pigs,
with or without accounting for social genetic effects, (2)
investigate the impact of including genomic information
on the prediction accuracy, bias, and dispersion of CSD
estimated breeding values, and (3) perform a single-step
genome-wide association study (ssGWAS) of combined
skin damage under a classical and a social interaction
model.

Methods

Animal Care and Use Committee approval was not
needed because the data were obtained from a pre-exist-
ing genetic program database.

Phenotypes

Combined skin damage (CSD) was defined as the combi-
nation of wound signs on the gilt’s skin as a result of dam-
age behavior (i.e., fighting), biting syndromes (i.e., tail,
vulva, or ear biting), and swine inflammation and necro-
sis syndrome. Although tail biting is frequently used as
an indicator of damage behavior in pigs [2, 4, 18], in this
study, we investigated CSD phenotypes that also account
for tail biting for the following reasons: (1) the difficulty
of visually differentiating biting from syndromes such as
swine inflammation and necrosis syndrome [20], (2) the
economic importance of skin health in its broad sense
for the supply market of F1 gilts (i.e., damaged vulva and
teats), and (3) the importance of investigating damage
behavior expressed towards different parts of the animal
body. For instance, Goossens et al. [21] showed that when
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animals are docked, the ears are more frequently dam-
aged, suggesting that damage behavior can, at some level,
be redirected. Therefore, although tail biting might be an
easier-to-record indicator of damage behavior in pigs,
CSD should be closer to the overall misbehavior target to
be reduced in the pig industry.

Dataset

A population of F1 gilts born between 2015 and 2020 on
five multiplier farms in Germany was evaluated for CSD.
This population consisted of 46,340 gilts produced by 278
sires and 5101 dams. Of these 278 sires, 119 had prog-
eny on two to five farms, whereas the remaining were
present on a single multiplier farm. Sires originated from
two purebred dam lines that were based on the Landrace
and Large White breeds (D1 and D2), whereas dams were
from three purebred dam lines that were based on two
Landrace and one Large White populations (D1, D2 and
D3) or from a two-way cross (D1D3). Therefore, phe-
notyped gilts belonged to five F1 lines: D1D2, D1D3,
D1(D1D3), D2D3, and D2(D1D3). Gilts were evaluated
from the start of the finishing phase when pen groups
were formed with the goal of reducing body weight vari-
ation within a pen. The pen groups were composed of
10.7 £0.7 individuals at the end of the finishing phase and
did not consider animals that died, that were culled, or
that were removed due to rare cases of extreme biting
behavior. Feed was provided ad libitum to all animals in
the study. A summary of the population for each farm is
in Table 1.

At the end of the finishing phase (148.8+13.4 days),
eight trained scorers phenotyped the gilts for CSD in a
binary format: 1 if the combination of skin wounds pre-
vented the sale of the animal to the regular market at a
full price and 2 if animals were successfully sold with
minimum or no wound signs or culled for an unrelated
reason. Gilts in the same pen were phenotyped on the
same day and by the same scorer.

Table 1 Number of records and statistics (mean +SD) by farm
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Pedigree information was available for all animals and
traced back to three generations of relationships from
phenotyped and genotyped animals, resulting in 61,877
pedigree records, which included animals from pure and
crossbred lines. Among the animals in the pedigree, 1908
purebred individuals were genotyped for 47,290 single
nucleotide polymorphisms (SNPs) (Geneseek custom
50K SNP chip, Lincoln, NE, USA), from which 262 were
parents of the phenotyped gilts (247 sires and 15 dams),
and the remaining were purebred sires and dams related
to the phenotyped gilts through the three generations of
pedigree. No genotype was available for the phenotyped
gilts. Quality control of the genomic data was performed
using the Plink software [22] and excluded SNPs with a
minor allele frequency lower than 0.05, a call rate lower
than 0.95, that had a p-value for the Hardy—Weinberg
equilibrium test smaller than 1077, or that were located
on the sex chromosomes. No animals were excluded due
to a low call rate. After quality control, within-line impu-
tation of missing genotypes was performed with the FIm-
pute v3 software [23].

Estimation of variance components and breeding values
Estimation of the variance components was performed
without genomic information with two animal models:
a classical animal model [Model (1)] and a social inter-
action model [Model (2)] that accounted for both direct
and social genetic effects:

vy =XB + Zpup + Z;8r + Zycl + Z3cg + e,
(Model 1)

y = XB + Zpup + Zsug + Z;8r + Zycl + Z3cg + e,
(Model 2)

where y is the vector of binary phenotypes, B is the vector
of fixed effects of line, scorer, and pig age at CSD scoring
as a linear covariable; up, ug, gr, cl, and cg are the vectors
of direct, social, pen group, common litter environment,
and contemporary group (herd-year-month of birth) ran-
dom effects, respectively; X, Zp, Zs, Z1, Z3, and Z3 are

Farm N Scorer N? Age d® Group size N® Weight kg"¢ CSD %
1 12,979 3 140.0+88 13.0+1.9 84.1+8.0 3.8
2 7729 3 149.4+14.0 112419 9154119 2.7
3 11,452 5 1536+15.0 9.0+2.1 93.7+13.0 0.3
4 2570 3 1371£115 9.7+2.1 83.0+11.2 2.7
5 11,610 4 14424114 10.7+1.5 89.74+9.1 10.3
Average - - 1458+134 10.7+24 89.5+115 43

2 Number of scorers recording skin damage per farm
bValue at CSD scoring
¢ Average of 4,253 pen groups
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incidence matrices with dimensions equal to the levels
of effects contained in §, up, us, gr, cl, and cg, respec-
tively, and e is the vector of random residual effects. The
pen group was included in the models as a random effect
to prevent the estimation of biased genetic parameters
due to environment covariance between pen mates [7,
13]. The (co)variance structure of the random effects was
defined as:

A2
ap Aoy, AGHZDS 0 0 0 O
ag Aoy, 02 0 0 O
var | 8 | = Iog, 0 0 O ,
d Ie2 0 0
<8 symm. Icgg 0
el 12

where A is the pedigree relationship matrix, and I is the
identity matrix. To improve numerical stability, phe-
notypes were multiplied by 100. Estimation of variance
components was performed using the REMLF90 soft-
ware [24] with a parameter file that is provided in Appen-
dix 1. Then, heritability [h?; Model (1)] and total heritable
variance relative to the phenotypic variance [T?% Model
(2)] were estimated. For Model (1), the estimate of herit-
ability was obtained as:

where GﬁD is the estimate of the direct genetic variance
and 012, is the phenotypic variance, estimated as:
D

2 2 2 2 2 2
Opp = Oup —l—cgr + 0y —i—ccg + og.

In Model (2), the total heritable variance relative to the
phenotypic variance (T?) was estimated as in [13]:

2
0"-lTBV

2 )
OPps

T2 =

with parameters estimated as:

GETBV = GED + Z(N - 1)GUDS + (N - 1)201215’
G%DS = Gﬁp + (ﬁ - 1)r {ZGUDS + (ﬁ - Z)Gﬁs}

+ (N = 1)op, + 05 + 05 + 02g + o)

where N is the average number of pen mates in the popu-
lation, r is the average relationship between pen mates,
and the other parameters are estimates as defined above.
Finally, the genetic correlation between direct and social
genetic effects was estimated as:
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with parameters as defined previously.

For both models, breeding values were estimated with
and without genomic information. Genomic information
was incorporated using single-step genomic best linear
unbiased prediction (ssGBLUP). In ssGBLUP, the inverse
of the relationship matrix (A~!) in the mixed model
equations is replaced by H™1, a matrix that combines
relationships of genotyped and non-genotyped animals
and is constructed as in Aguilar et al. [25]:

0 0
S |
Ho=A +[061—A2‘£}

where G is the inverse of the relationship matrix and
A;ZI is the inverse of the pedigree relationship matrix for
genotyped animals. The G matrix was constructed fol-
lowing VanRaden [26]:

MM’

G=2EMU—MV

where M is a matrix of SNP genotypes centered by two
times the allele frequency (p) for each jth SNP. The G
matrix was blended with 5% of Ay, to avoid singularity
problems. All breeding values were estimated using the
BLUPF90 software [24].

Validation analyses
In the pig industry, genetic selection is performed on
purebred animals to create phenotypic change at the
crossbred level [27, 28]. However, an intermediate layer
of crossbreeding commonly occurs on the maternal side,
in which two or more purebred maternal lines are crossed
to produce F1 dams that later mate with purebred sires to
produce finishing crossbred animals. Therefore, although
F1 dams are, by definition, crossbred animals, they are
still selection candidates. In this context, forward vali-
dation was performed to evaluate the prediction accu-
racy, bias, and dispersion of estimated breeding values
for both purebred sires and F1 gilts. When the validation
was carried out on sires as the validation group, the aim
was to compare models [i.e., Model (1) vs. Model (2)] and
to investigate changes in prediction accuracy by adding
genomic information (i.e., BLUP vs. ssGBLUP). However,
when F1 gilts were the validation group, the validation
was only performed for model comparison, as gilts were
not genotyped.

The group of validation sires included 30 young sires
that had at least ten phenotyped progeny born after
October 2019, but that had no progeny information
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before that, whereas the group of validation gilts included
14,710 young phenotyped animals born after October
2019. Validation was performed for DBV for Model (1)
and for DBV, SBV, and total breeding values (TBV) for
Model (2). Estimates of total breeding values were calcu-
lated as:

TBV =up + ug(N — 1),

where up and ug are the vectors of DBV and SBV, and N
is the vector of the number of pen mates for each animal.
Note that the variable N was not available for sires. Thus,
TBV for those animals was estimated with the average
number of pen mates in the population (N = 10.7).

The linear regression (LR) method was used to obtain
validation statistics [29]. In this method, the breeding
values of the validation animals are estimated with a
complete (c) and a partial (p) dataset. In the complete set,
phenotypes from the validation animals or their prog-
eny are available for breeding value estimation, where
as they are masked from the analyses in the partial set.
In our study, the partial data was defined as all pheno-
typic information available until the end of October 2019.
After the estimation of breeding values using the com-
plete and partial datasets, prediction accuracy, bias, and
dispersion were estimated as:

cov((G)EBV,, (GEBV,)
(1 —TF)o?

’

Prediction accuracy = \/

Bias = (G)EBV,, — (G)EBV,,

cov ((Gﬁ?\/c, (Gﬁa?vp)

Dispersion =

)

var ((Gﬁi\/p)

where (G)EBV . and (G)EBV , are the (G)DBV [Model (1)]
or (G)DBY, (G)SBV, (G)TBV [Model (2)] estimated with
the complete and partial data, respectively; F is the aver-
age inbreeding coefficient of validation animals, and o2 is
cﬁD for DBV in Model (1), and 62 , 62_or 62 for DBV,

up’ Cylls UuTBv

SBV, and TBV in Model (2), respectively.

Genome-wide association

A single-step genome-wide association study was per-
formed to identify quantitative trait loci (QTL) that are
statistically associated with the direct and social genetic
components of CSD. With breeding values estimated
based on the complete dataset, SNP effects were derived
from DBV in Model (1) and from DBV and SBV in Model
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(2), using the formulas presented by VanRaden [26] and
Strandén and Garrick [30]:

2
a= :%M’G—‘ﬁ,

u
where o2 is the SNP variance, and o> is the estimate of
genetic variance and was equal to cﬁD in Model (1) and
cﬁD or cﬁs in Model (2) for DBV and SBV, respectively; u
is the vector of DBV in Model (1) and of DBV or SBV in
Model (2); and other parameters are as defined above.
Following estimation of SNP effects, the proportion of
total genetic variance that was explained by each window
of 20 adjacent SNPs, representing approximately 1 Mb of
the pig genome, was estimated. The significance of SNP
effects was evaluated based on p-values that were calcu-

lated as:
p-value; :2(1 - CD( )),

where ®(.) is the cumulative density function of the
standard normal distribution and a; is the estimated
effect of SNP i. SNPs were considered significant if
they had a p-value smaller than the significance level of
5% adjusted by multiple testing via Bonferroni correc-
tion, i.e., 0.05/m, where m is the total number of SNPs
in the analysis. All analyses were performed using the
POSTGSF90 software [24].

a

sd(aj)

Results and discussion

Descriptive statistics

The percentage of pigs with CSD averaged 4.3% but
ranged from 0.3 to 10.3% across farms (Table 1). This large
range across farms suggests a strong influence of farm
management on behavior traits, combined with the sub-
jectiveness of CSD scoring. Pen group size ranged from 9
to 13 animals depending on the farm, but it did not clearly
relate to the incidence of CSD on each farm. Of the 4312
evaluated pens, 20.3% accounted for all incidences of CSD
in this population. Among those pens, 48.6% had a single
damaged animal, whereas the remaining pens presented
multiple cases, ranging from 2 to more extreme cases with
11 animals presenting damaged skin. Of the 4312 evalu-
ated pens, 4253 pen groups were weighted at CSD scor-
ing and averaged 89.5+11.5 kg. For those, the regression
coefficient of average pen weight and the standard devia-
tion of pen weight on the pen CSD% was not significant
(p>0.05), which indicates that the incidence of CSD in
this population was likely not associated with body weight
or weight variation within pen groups.
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Genetic parameters

Variance components and genetic parameters for the two
fitted models are in Table 2. Except for the pen group
effect, which was slightly smaller for Model (2) (72.28 vs.
68.84), other non-genetic effects had a similar magnitude
for the two models. The pen group effect explained the
highest proportion of the CSD phenotypic variance, rep-
resenting 18% for Model (1) and 17% for Model (2). This
is not surprising as, in our models, the pen group effect
accounted for important factors such as physical differ-
ences between pens, the pen group size, the pen micro-
environment, and non-heritable social interactions. In
Model (2), the estimate of the social genetic variance
was much smaller than the estimate of direct variance
(Table 2), but this does not imply that it is not important;
although social genetic effects may have a small magni-
tude, when multiplied by the number of pen mates (i.e.,
N — 1), it can be more important than the direct genetic
effect, especially when pen groups are large [14, 31].

The estimate of heritability for Model (1) was low at
0.03, whereas the estimate of the total heritable vari-
ance relative to the phenotypic variance in Model (2)
was three-fold greater, at 0.10 (Table 2). Thus, substan-
tial hidden variation due to heritable social effects exists
for CSD, corresponding to two-thirds of the total herit-
able variation. As pointed out by Bijma et al. [9], the total
heritable variation (oﬁTBV) is not fully accounted for in
the observed phenotypic variance of the trait; therefore,
except for situations where strong competition exists, T2
will be greater than the classical heritability and provides
greater possibilities for selection. The estimate of the
genetic correlation between direct and social effects was
close to zero (— 0.05; Table 2), indicating a neutral ani-
mal interaction for CSD in this population. Response to
selection for traits affected by social interaction is larger
when collaborative behavior exists between animals but a
neutral interaction is still expected to result in a positive
selection response [10]. Moreover, the small correlation
also indicates that classical selection based only on direct
effects for CSD should not be detrimental in this popula-
tion, although using social interaction models uncovers
an extra layer of exploitable heritable variance (i.e., h2vs.
T?).

For traits that are affected by social interactions, per-
formers and victims are involved. In our study, CSD was

Page 6 of 13

recorded on the victim, where the direct effect represents
the genetic predisposition of gilts to being damaged by
their pen mates. However, in Model (2), in addition to
the direct effect, we estimated the social genetic effect,
which is close to the animal’s genetic ability to damage
others (i.e., being a performer). Using classical animal
models, Breuer et al. [18] scored tail biting on perform-
ers for a Large White and a Landrace population. The
authors estimated a direct heritability of 0.05 for the Lan-
drace population, while the estimate of heritability was
not significantly different from zero for the Large White
population. From the perspective of being a performer,
the additional variation from social genetic effects in the
population under investigation in this study was simi-
lar in magnitude to the heritability estimated by Breuer
et al. [18] for the Landrace population. Turner et al. [19],
Wurtz et al. [32], and Turner et al. [33] evaluated skin
lesion scores on the victim at different production stages
and different parts of the animal’s body and estimated
heritabilities that ranged from 0.12 to 0.43. They also sug-
gested that skin lesions on the anterior part of the body
are associated with performance and reciprocal engage-
ment of damage behavior and that they are more herit-
able than skin lesions on the caudal area, which is related
to receiving such behavior [33]. Combined, these results
support our findings that more genetic variation may
exist for performing damage rather than being a victim of
damaging behavior.

Results from modeling pig skin damage with social
interaction models are still scarce. Using social interac-
tion models, Van der Zande [34] evaluated tail lesions
in piglets at weaning and estimated the total heritable
variance relative to the phenotypic variance to be within
the range from 0.14 to 0.20, depending on whether the
permanent maternal effect was added in the statistical
model or not. Moreover, the author also observed that
the genetic correlation between direct and social effects
depended on the model applied and broadly ranged from
— 0.12 to 0.76. Canario et al. [35] evaluated tail biting
on the victim in gilts of ~100 kg with statistical models
that accounted for social effects or not and estimated a
direct heritability of 0.06, whereas, surprisingly, the esti-
mated total heritable variance relative to the phenotypic
variance was increased to 0.80. Moreover, as observed
in our study, the authors found that the estimate of the

Table 2 Estimates of variance components and genetic parameters

Model o2 o2, Oar 02 L7 h2/12 Fups AIC
1 14.08 - 72.28 8.91 16.60 0.03 - 403,929.9
2 14.21 0.29 68.84 8.60 15.79 0.10 —0.05 290,191.0

cﬁD direct genetic variance, oﬁs social genetic variance, cé, pen group variance, 03‘ common litter variance, ozg contemporary group variance, h? heritability, T? the total
heritable variance relative to the phenotypic variance, r s genetic correlation between direct and social genetic effects
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genetic correlation between direct and social effects was
not significantly different from zero. Altogether, these
results highlight important differences in the estimates
available in the literature, especially for genetic correla-
tions between direct and social effects, which may be due
to the difficulty of standardizing the definition for skin
damage in pigs, differences in population structure and
data size, and the challenge of properly modeling social
genetic effects [36].

Validation

In this study, we validated DBV in Model (1) and DBV,
SBV, and TBV in Model (2) with the LR method [37].
The benefits of using the LR method for traits affected by
social interactions mainly come from the non-require-
ment of using adjusted phenotypes as a benchmark.
Adjusted phenotypes rely on the accurate estimation of
variance components, which can be challenging with
social interaction models, especially when the dataset is
of limited size [36]. Moreover, adjusting phenotypes may
not be reliable for categorical traits, as phenotypes from a
discrete distribution are adjusted using estimates of envi-
ronmental effects drawn from a normal distribution. This
procedure can produce spurious results, such as negative
predictabilities, as observed by Silva et al. [38] and Putz
etal. [39].

Validation on purebred sires

Estimates of the prediction accuracy of breeding values
estimated using pedigree-BLUP (no genomics) ranged
from 0.06 to 0.13 (Table 3), with DBV being more accu-
rate (0.11-0.13) than SBV (0.08) or TBV (0.06). With the
inclusion of genomic information (ssGBLUP), the predic-
tion accuracy of all estimated breeding values increased,
with a greater increase for DBV (0.11-0.13 vs. 0.19-0.25)
than for SBV (0.08 vs. 0.10) or TBV (0.06 vs. 0.18). How-
ever, even after the increase in prediction accuracy with
genomic information, it remained low for all estimated
breeding values, especially for SBV. Estimates of social
breeding values are expected to be less accurate than
estimates of DBV when breeding value estimation relies
on information from relatives. For instance, given that
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the genetic component of an individual’s phenotype
is composed of its DBV and the sum of the SBV of its
pen mates, a sire with a single progeny in a pen group
will only receive information from the DBV of this indi-
vidual, whereas the full contribution of that individual’s
SBV will be only possible when the sire is also related to
all the individual’s pen mates [12]. Therefore, there is an
imbalance in the contribution of information for the esti-
mation of DBV versus SBV. An equal contribution to the
estimation of DBV and SBV would be possible when sires
are equally related to all the animals in the pen (i.e., pen
group of full-sibs). However, SBV should not be statisti-
cally identifiable in this type of design [13].

Estimates of breeding value bias ranged from — 0.04
to — 0.69 with BLUP and from 0.23 to — 0.52 with ssG-
BLUP. Estimates of social breeding values obtained with
Model (2) presented the smallest bias, with or without
genomic information (— 0.04 vs. — 0.08). Overall, includ-
ing genomic information reduced biases, but it remained
present for both models. Regression coefficients measur-
ing the dispersion of estimated breeding values ranged
from 0.23 to 0.70 with BLUP and from 0.59 to 1.00 with
ssGBLUP. Including genomic information significantly
reduced the overdispersion of estimated breeding val-
ues, especially for TBV in Model (2), which presented a
large overdispersion with BLUP (0.23) but became non-
dispersed with ssGBLUP (1.00).

Our results show that when validation is done on a
group of sires, adding genomic information increases
the prediction accuracy of all estimated breeding values
(DBYVY, SBV, and TBV), with a minimum relative increase
of 21.2%. The highest prediction accuracy was obtained
for estimates of DBV in Model (2) with ssGBLUP (0.25).
However, in spite of the slightly lower prediction accu-
racy of estimates of TBV (0.18) compared to DBV (0.25)
in Model (2), selecting on estimates of TBV is expected
to increase the genetic gain per generation. For instance,
based on the formulas by Ellen et al. [12], with a selec-
tion intensity corresponding to the selection of the 30%
top sires and a generation interval of 15 months, the esti-
mated genetic gain per generation when sires are selected
for DBV using Model (2) is 0.88%. In contrast, the genetic

Table 3 Prediction accuracy, bias, and dispersion of estimated breeding values for validation sires

Model Prediction accuracy (+ SE) Bias Dispersion
BLUP ssGBLUP BLUP ssGBLUP BLUP ssGBLUP
1 DBV 0.13+0.05 0.19+0.04 -037 -0.15 0.70 0.89
DBV 0.11+£0.05 0.25+£0.06 -0.34 0.23 0.64 0.88
2 SBV 0.08+0.03 0.10+£0.03 —0.04 —-0.08 045 0.59
TBV 0.06+0.03 0.18+£0.04 - 0.69 -0.52 0.23 1.00

DBV direct breeding value, SBV social breeding value, TBV total breeding value, SE bootstrap estimate standard error
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gain when selecting on estimated TBV increases to
1.04%. That is because social interaction models account
for an extra layer of genetic variation due to social genetic
effects that is hidden in the classical models [9]. However,
although selection based on estimates of TBV is expected
to increase the genetic gain per generation, it is impor-
tant to note that the sources of breeding value estimation
bias should be carefully addressed.

Validation on F1 gilts

Estimates of prediction accuracy, bias, and dispersion
of gilt breeding values are in Table 4. In contrast to the
results observed for validation on purebred sires, the
prediction accuracy of TBV for gilts was higher (0.30)
than that of DBV (0.19-0.20) and SBV (0.26), represent-
ing a minimum relative increase of 15.4%. These results
indicate that selection on estimates of TBV is expected
to decrease CSD more quickly compared to the classical
selection based on estimates of DBV. Based on formu-
las in Ellen et al. [12] and the same parameters as used
above, the genetic gain per generation by selecting on
estimates of TBV is expected to be 1.74% per generation,
whereas if the selection is based on estimates of DBV
from Model (2), the expected genetic gain is reduced to
0.89% per generation.

It is important to note that the higher prediction accu-
racy when validating on a group of gilts compared to a
group of sires could be due to the availability of the gilts’
own phenotypes and, therefore, a more accurate esti-
mation of SBV. In addition, with validation on gilts, the
number of pen mates (N) used to estimate TBV was con-
sidered to be a known parameter. The LR method relies
on estimating breeding values with complete and partial
datasets, where the phenotypic information of validation
animals in the partial dataset is unavailable. In this study,
the TBV of gilts were estimated with a known variable
N with both partial and whole datasets. However, one
might argue that the number of animals within a pen (N)
is unknown for the estimation of breeding values with a

Table 4 Prediction accuracy, bias, and dispersion of estimated
breeding values for validation gilts

Model BLUP
Prediction Bias Dispersion
accuracy (+SE)
1 DBV 0.19+0.00 0.18 049
DBV 0.20+0.00 0.13 0.63
2 SBV 0.26+0.00 —-0.09 0.88
TBV 0.30+0.00 -1.03 0.98

DBV direct breeding value, SBV social breeding value, TBV total breeding value,
SE bootstrap estimate standard error
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partial dataset. To evaluate the impact of N in the vali-
dation results, we compared estimates of TBV calculated
with known N to those using a constant N (10.7). This
indeed caused a decrease in the prediction accuracy from
0.30 to 0.26, although the correlation between estimates
of TBV from these two scenarios was high, at 0.98. In
spite of these results, estimates of TBV were always more
accurate than estimates of DBV and SBV.

The bias of estimated breeding values ranged from
—0.09 to 0.18 for DBV and SBV but was greatly increased
for estimates of TBV from Model (2) (— 1.03). In con-
trast, while estimates of DBV and SBV were more over-
dispersed (0.49-0.88), estimates of TBV from Model
(2) were virtually non-dispersed (regression coefficient
equal to 0.98). Although accuracy is the most interesting
measurement, unbiased estimated breeding values will
ensure fair comparisons between selection candidates
[40]. Biases can be caused by different factors, including
low heritability and previous selection [41], the normal-
ity assumption for categorical traits [42], and incompat-
ibility between genomic and pedigree relationships [43].
Although the selection of gilts based on estimates of TBV
is expected to result in the highest prediction accuracy
and non-dispersed estimated breeding values, bias will be
increased, and strategies to minimize it should be investi-
gated before implementing social interaction models.

The dataset used in this study may be one of the larg-
est datasets for pig damage behavior in the literature, but
it has important limitations. One limitation is that only
gilts were scored for CSD. Males and females may differ
when it comes to behavior [5, 44], which may challenge
the extension of our results to male or mixed populations.
Moreover, gilts were kept in the same pen group through-
out the finishing period on all farms. However, that is not
the reality for most commercial farms, where animals are
constantly moved or sold for different reasons [44, 45].
Dynamic pen groups might create a constant reestablish-
ment of hierarchy inside the group, changing the damage
behavior pattern of animals. Therefore, although impor-
tant results were found in this study, further research is
still needed on male or mixed-sex populations with more
dynamic pen group structures.

Genome-wide association

Figure 1 shows the p-values for SNP effects. Overall, no
direct or social SNP effects were significantly associated
with CSD. The absence of significant associations in our
study can be explained by factors such as low heritabil-
ity, small sample size, and small effective population size
[46]. Combining several pig lines in the genomic relation-
ship matrix could also have affected the ability to detect
significant associations. For instance, Biscarini et al. [47]
evaluated feather damage in laying hens and found three
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to eight significantly associated SNPs for white and brown
layers when the analyses were within line. However, when
the two populations were combined, most of the previ-
ously detected SNPs were no longer significant. In addi-
tion, in our study, genotyped individuals contributed with
progeny phenotypes but did not contribute with own
phenotypes, which decreases the power of the GWAS.
In the pig industry, some phenotypes of interest are only
expressed at the crossbred level (i.e., F1 gilts), where ani-
mals are not considered candidates for selection and are,

therefore, not genotyped. For instance, for CSD, expres-
sion of the phenotype depends on the interaction between
individuals, which is limited at the nucleus level, where
individuals are mostly individually penned. Therefore, for
such traits, commercial datasets may not offer optimal
opportunities for GWAS, although increasing the number
of progeny phenotypes and the number of genotyped ani-
mals can improve GWAS resolution [46].

Manhattan plots for the total genetic variance
explained by windows of 20 adjacent SNPs are shown
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are displayed on the x-axis, and the total variance explained is on the y-axis. The red horizontal line indicates the rejection threshold at 5%

significance level with a Bonferroni correction for multiple testing
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in Fig. 2. While the proportion of the total genetic vari-
ance explained by windows in Model (1) (Fig. 2a) and
Model (2) (Fig. 2b) presented similar patterns, it was dif-
ferent between direct and social genetic effects. This is
expected, as the direct genetic effect in both models rep-
resents the same phenomenon, whereas social and direct
effects represent different traits that affect the same
phenotype (i.e., genetic effect on receiving vs. perform-
ing damage). For the direct genetic effect, the highest
proportion of genetic variance was explained by an SNP
window on pig chromosome 18 at 8.6—9.5 Mb, ranging
from 0.76% in model (1) to 0.74% in model (2). The SNP
window explaining the highest proportion of the genetic
variance of social genetic effects was located on pig chro-
mosome 9 at 14.2-14.5 Mb and explained 0.69% of the
genetic variance. Nevertheless, our results suggest a poly-
genic architecture for both genetic components of CSD
without SNPs with a significant association or a large
effect. Therefore, using a genomic prediction approach
with all available SNPs will be more beneficial than
marker-assisted selection for increasing genetic gains for
this trait.

Conclusions

Combined skin damage in group-housed pigs is a her-
itable trait, and genetic selection against this trait
will increase the welfare of animals in the long term.
Combined skin damage is affected by social genetic
effects, and modeling it with social interaction mod-
els increases the total heritable variance relative to the
phenotypic variance by three-fold compared to classical
models. The inclusion of genomic information increases
the prediction accuracy of estimates of purebred sires’
DBV, SBV, and TBV by at least 21.2% on a relative
basis. Bias and dispersion are also reduced by includ-
ing genomic information for both the classical and
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social interaction models, but some biases remained. A
genome-wide association study did not identify SNPs
that were significantly associated with social or direct
genetic components of CSD, indicating its polygenic
architecture. Although results from this study point to
a higher potential of selection against CSD using social
interaction models, further research on CSD recorded
using more than two categories, as done here, and on
male or mixed-sex populations with more dynamic pen
group structures is still needed. Future research should
also focus on validating phenotypic trends from selec-
tion against CSD at the TBV level.

Appendix 1
Example of the parameter file for social interaction
model in BLUF90 suite.

When using social interaction models, RENUMF90
does not provide files for other software in the
BLUPF90 suite directly. Therefore, modifications are
necessary for the intermediate data file generated by
RENUMF90 (renf90.dat), so the columns with pen
mates identification match the renumbered identifica-
tion of those animals created by RENUMF90 for the
animal effect (See link for an example below). Variance
component estimation with social interaction models
can be performed on GIBBSF90 and REMLF90, but not
in more recent software without modifications. Breed-
ing values can be estimated on BLUPF90 with the same
parameter file used for variance component estimation.
Practical information on using social interaction mod-
els in the BLUPF90 suite can be found here: http://nce.
ads.uga.edu/wiki/lib/exe/fetch.php?media=tutorial _
blupf90.pdf.


http://nce.ads.uga.edu/wiki/lib/exe/fetch.php?media=tutorial_blupf90.pdf
http://nce.ads.uga.edu/wiki/lib/exe/fetch.php?media=tutorial_blupf90.pdf
http://nce.ads.uga.edu/wiki/lib/exe/fetch.php?media=tutorial_blupf90.pdf
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