
ABSTRACT 

PUTZ, AUSTIN MICHAEL. Alternative Litter Size Traits to Increase the Number of 
Weaned Pigs in Swine. (Under the direction of Dr. Mark Knauer.) 
 
 Two studies were completed investigating a new maternal trait, litter size at day 5. 

The objective of the first study was to determine which day of lactation optimized selection 

for litter size day. Traits included total number born (TNB), number born alive (NBA), litter 

size at day 2, 5, 10, 30 (LS2, LS5, LS10, LS30, respectively), litter size at weaning (LSW), 

number weaned (NW), piglet mortality at day 30 (MortD30), and average piglet birth weight 

(BirthWt). Litter size (LS) traits were assigned to biological litters and treated as a trait of the 

sow. In contrast, NW was the number of piglets weaned by the nurse dam. Bivariate animal 

models included farm, year-season, and parity as fixed effects. Number born alive was fit as 

a covariate for BirthWt. Random effects included additive genetics and permanent 

environment of the sow. Additive genetic variance was minimized at day 7 in Large White 

and day 14 in Landrace. Heritability estimates increased between TNB and LS30. Genetic 

correlations between TNB, NBA, and LS2-29 with LS30 plateaued within the first 10 days. 

A genetic correlation of 0.95 was reached at day 4 for Large White and day 8 for Landrace 

with LS30. Heritability estimates ranged from 0.07 to 0.13 for litter size traits and MortD30. 

Genetic correlations among LS30, LSW, and NW ranged from 0.97 to 1.00. Genetic 

correlations between MortD30 with TNB and LS30 were 0.23 and -0.64, respectively, for 

Large White, and 0.10 and -0.61, respectively, for Landrace. Genetic correlations between 

LS10 and NW were very high at 0.98 and 0.97 for Large White and Landrace, respectively. 

This suggests NW could be used as an effective maternal trait, given a low level of cross-



fostering, and avoid back calculation associated with LS traits. Litter size at weaning would 

be optimal, but litter size at day 10 may be a compromise between genetic gain in litter size 

at weaning and minimizing the potentially negative effects of the nurse dam and additive 

genetics of the piglets as they are expected to increase throughout lactation. Final decisions 

need to be made on an individual breeding program basis.  

 The objective of the second study was to determine the optimal validation method for 

comparing single-step GBLUP (GEBV) to pedigree (EBV) accuracy in litter size traits. Field 

data included six litter size traits: TNB, NBA, LS5, LS10, LSW, and NW. Simulated data 

was used to mimic the field data in order to select the method that was closest to the true 

accuracies (given the true breeding values were known). Six different methods were used to 

calculate the accuracy of both models. The methods used were: (1) traditional accuracy from 

the inverse of LHS (iLHS) using the standard error of prediction, (2) approximated 

accuracies from the accf90 program in the BLUPF90 family of programs, (3) correlation 

between predictions and the single-step GEBVs from the full dataset (GEBVfull), (4) 

correlation between predictions and the corrected phenotypes of dams from the full dataset 

(Yc), (5) correlations from method 4 divided by the square root of heritability (Ych), and (6) 

correlations between predictions and the average of daughter corrected phenotypes of the 

sires (Ycs). Both the iLHS and Ych performed well in comparison to the true accuracies in the 

simulated data. Corrected phenotypes showed relatively increased variability across traits and 

replicates, especially with small sample sizes. Results suggest when iLHS is not feasible, 

multiple methods should be used, otherwise iLHS should be used for accuracy and 

consistency.   
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LITERATURE REVIEW 

Introduction 

One of the most economically important measures of sow production efficiency is the 

number of weaned pigs per mated female per year (PSY) (Amer et al., 2014). This can be 

broken down into two broad components, litters per mated female per year (LSY) and the 

number of weaned pigs per litter (NW).  

Up until now, most breeding programs have focused on selection to increase litter 

size at birth, either total number born (TNB) or number born alive (NBA) with the 

expectation of a correlated response in litter size at weaning. Perhaps litter size at birth has 

been used for several reasons. Total number born and number born alive are unaffected by 

cross-fostering, which simplifies modeling and also have a slightly higher heritability. In 

contrast, number weaned (NW) generally contains cross-fostering, which would increase or 

decrease the number of pigs each individual sow weaned and could be biased based on 

management. This increase in environmental variance resulted in slightly lower heritability. 

Second, these traits can be modeled at the sow level because of a negligible direct genetic 

piglet effect, which simplifies genetic selection programs. Third and finally, the genetic 

correlation between initial litter size and litter size at weaning was initially estimated to be 

close to unity (Haley et al., 1988). Over 100 estimates of litter size have shown litter size is 

lowly heritable, around 0.10 (Bidanel, 2011). The following review includes aspects of piglet 

survival, modeling, variance components, and genomic selection as related to improving 

litter size.  



 

2 

The first topic discussed will be a review on litter size at day 5. This is limited to two 

papers leaving a broader review to be completed on piglet survival, modeling, and associated 

variance components. Historically, piglet mortality has been modeled at the sow level, but 

has also been modeled at the piglet level to capture direct and maternal additive genetics 

along with the covariance between them.  

The second topic discussed will be genomic selection. Genomic selection has become 

feasible for the industry due to advances in statistical methodology and affordable 

genotyping. Capturing Mendelian sampling and correcting pedigree errors should increase 

accuracy of prediction, which should subsequently increase genetic progress.  

Selecting for increased litter size at day 5, coupled with genomic selection will likely 

allow swine genetic companies to increase the rate of genetic improvement for litter size. 

This would result in improved commercial sow production given a sound genetic 

implementation program. 

Litter size at day 5 

 It has been hypothesized that selection for litter size at birth has increased piglet 

mortality (Johnson et al., 1999; Lund et al., 2002), although the direct cause-effect 

relationship has not been established. Litter size at day 5 is calculated by subtracting the sum 

of all piglet deaths up to day 5 from TNB. It is unique in that LS5 is calculated according to 

the biological dam, disregarding any cross-fostering that may have occurred. A justification 

for ignoring cross-fostering will be covered in the modeling section of this review. 

Throughout this review, all litter size traits calculated based on the biological dam will be 

referred to as ‘LS traits’ and will start with ‘LS’ before the day or period in which they were 
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calculated (i.e. deaths prior to this day/period are included). This will distinguish it from NW, 

which is based on the nurse dam and biological litter is ignored. Currently, only two papers 

exist on these new LS traits. First, Su et al. (2007) introduced the trait and investigated 

variance components associated with litter size and piglet survivability. Second, Nielsen et 

al. (2013) showed the response to selection for LS5 and the correlated responses in TNB and 

piglet mortality at day 5 (MortD5) over a six-year period. In 2004 the Danish breeding 

program replaced LS5 as the main maternal trait in place of TNB because of the unfavorable 

association that was observed between TNB and piglet survivability.  

Su et al. (2007) was the first to introduce LS5. The objective of the authors was to 

investigate the genetic parameters among four litter size traits: TNB, NBA, LS5, and litter 

size at weaning of the biological dam (LSW) and three exclusive survival periods: at 

farrowing, from farrowing to day 5, and from day 5 to weaning. Litter size at birth was found 

to have an unfavorable, negative correlation with piglet survival (Su et al., 2007). In contrast, 

LS5 and LSW had positive, moderate genetic correlations with piglet survival, which is 

highly favorable (Su et al., 2007). The genetic correlation between LS5 and LSW was 

estimated to be 0.995 in both Yorkshire and Landrace breeds (Su et al., 2007). This 

extremely high genetic correlation shows that genetic improvement should be paralleled 

between the two traits, unlike TNB and NW where the genetic correlation is substantially 

lower at 0.73 (Bidanel 2011). Another significant discovery from this research was the low to 

moderate correlations between the three different survival periods (Su et al., 2007). This 

signifies that these should be treated as separate traits. This topic will be revisited in the 
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modeling section of this review. From an implementation standpoint, the significance of LS5 

is that it can be modeled at the sow level, not the piglet level.  

 Nielsen et al. (2013) were the second authors to investigate litter size at day 5. The 

main objective was to analyze the response to selection for LS5 after it became the main 

maternal trait in the Danish selection index starting in 2004 (Nielsen et al., 2013). Six years 

of data was analyzed from 2004 through 2009, with 7 different years of birth represented for 

genetic improvement. Phenotypic improvement was 1.4 and 2.1 piglets for LS5, 0.3 and 1.3 

piglets for TNB, and 7.9 and 7.6% reduction in mortality at day 5 (MortD5) for Landrace and 

Yorkshire, respectively (Nielsen et al., 2013). More importantly, genetic improvement was 

1.7 and 2.2 piglets for LS5, 1.3 and 1.9 piglets for TNB, and 4.7% and 5.9% for MortD5 for 

Landrace and Yorkshire, respectively (Nielsen et al., 2013). This clearly showed that 

selection for LS5 successfully increased litter size at birth (TNB) and LS5 while decreasing 

MortD5 supporting the genetic correlations reported in Su et al. (2007). Although selection 

for LS5 would be successful in breeding programs, it is commonly argued that selection on 

component traits would be more effective (Knol et al. 2002a, Su et al. 2008). Since LS traits 

are a relatively new concept outside of Denmark, further research is needed to establish 

genetic parameters in differing populations. Prior to being implemented in breeding 

programs, genetic correlations between LS traits and other traits of economic importance will 

need to be established.  

Piglet Survival 

There are many factors that influence a piglets’ ability to survive until weaning. 

Going back to the most basic model for phenotype, it is known that both genetics and 
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environment play a role. Genetic ability includes both direct piglet and maternal components. 

Environmental factors are management including sow housing, husbandry, nutrition, cross-

fostering practices, and processing (Lay 2002). Perhaps piglet survival has been viewed as a 

trait of the sow for simplicity. Modeling survival at the piglet level can complicate models 

and in the past was computationally too demanding (Knol et al., 2002a). In a later section the 

interaction between direct and maternal genetic components will be reviewed.  

Piglet mortality can be split into two main phases, perinatal and postnatal causes. 

Perinatal mortality includes stillborns and mummified piglets, although the focus and 

emphasis is mainly put on stillborns because of the low percentage of mummified piglets. 

Often mummified piglets are ignored in the calculation of TNB. Postnatal mortality is any 

death occurring after the farrowing process. Low-vitality, overlying of the sow, disease, and 

starvation are generally accepted as the four main causes of postnatal mortality (English and 

Morrison, 1984). Piglet survival is most critical over the first few days of life (English and 

Morrison, 1984; Lay et al., 2002). In fact, over 50% of the deaths occur during the first 2 to 3 

days of life (English and Morrison, 1984). This is because the main causes of death happen 

early on in lactation and piglets can control their environments more as they age (i.e. eating 

creep feed, drinking water, escaping from being crushed, etc.). Perhaps previous authors 

arbitrarily selected day 5 to signify early deaths (Arango et al., 2006; Su et al., 2007; Nielsen 

et al., 2013).  

Stillborns continue to be the largest cause of total mortality in piglets, followed by 

being overlaid by the sow, inadequate energy intake (starvation), and disease (Lay et al., 

2002). One common practice to reduce stillborns in production is to continually have an 
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employee monitor the farrowing process and provide assistance if needed. This is especially 

important in the summer months when sows are more likely to become exhausted due to 

warm temperatures. Canario et al. (2006) reported that farrowing duration was the fourth 

largest cause of stillborns and may have increased in importance given the selection on litter 

size over the years. Other common management practices to reduce stillborns include 

inducing sows with lutalyse and administering oxytocin to improve uterine contractions.  

Postnatal mortalities are harder to control from a management aspect. From 2008 to 

2013, preweaning mortality increased 0.55% per year (Stalder, 2014). This demonstrates the 

unfavorable relationship with initial litter size that is commonly used as the main maternal 

trait. A common management practice to combat mortality that most production systems 

utilize is cross-fostering. The goal of cross-fostering is to give every piglet an equal 

opportunity to survive by moving some piglets to nurse dams or stated differently to 

accommodate the variation in rearing abilities of sows (Deen and Bilkei, 2004). Cross-

fostering is usually performed within a few days of life. This should give every piglet an 

opportunity to feed while the sow is nursing (i.e. have enough functional teats to nurse all 

piglets). Utilization of heat lamps is a common way to reduce overlying of the sow. Placing a 

heat source away from the sow keeps piglets from laying close to the sow for warmth, 

therefore reducing their odds of being crushed. Since a major struggle of piglets is to 

maintain body heat, rooms are generally kept at very warm temperatures at the time of 

farrowing and reduced periodically throughout lactation. Although management can make 

dramatic differences in preweaning survival, the ultimate responsibility is the sows’, not the 

management.  
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Modeling piglet survival 

 A common objection to LS traits is that they are modeled at the sow level. Main 

problems include, but are not limited to, ignoring additive genetics of the piglet (trait of the 

sow) and not accounting for nurse dam effects. Both the genotype of the sow and genotype of 

the piglet have an effect on piglet survival. Maternal influence decreases as the piglet ages 

and additive genetic variance of the piglet increases (Cassady et al., 2002; Su et al., 2008). 

Modeling piglet survival early in lactation should be less affected by not accounting for 

fetus/piglet genotype because that effect is very small (Su et al., 2008). It is harder to justify 

ignoring direct additive effects of the piglet when modeling piglet survival later in lactation. 

Modeled at the sow level, heritability of piglet survival dropped from 0.13 to 0.02 and 0.10 to 

0.01 for survival at birth (SVB) to survival from day 6 to weaning (SVW) for Landrace and 

Yorkshire, respectively (Su et al., 2007). Modeled at the piglet level with essentially the same 

dataset, maternal heritability dropped from 0.06 to 0.03 and from 0.05 to 0.02 between SVB 

and SVW for Landrace and Yorkshire, respectively (Su et al., 2008). This provides some 

support for the use of LS5, because (1) direct genetics of the piglet early in lactation appears 

negligible and its removal simplifies the model (i.e. more parsimonious) and (2) over 50% of 

deaths prior to weaning occur during the first few days of life (English and Morrison, 1984), 

therefore capturing the majority of piglet mortality. Litter size at day 5 has the advantage of 

easily being implemented into current selection programs because most companies are still 

using litter size at birth modeled at the sow level.  

  Total piglet survival is an adequate trait if describing changes in correlated response. 

From a production standpoint, cause of death is almost irrelevant; producers only get paid for 
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weaned pigs. It is important to point out that there is an economic cost to piglets that are born 

and not weaned. Extra piglets take up resources in the uterus and nursing after parturition. 

Processing piglets that don’t make it to weaning is another economic cost to consider. 

Overall, if the goal is to directly select for piglet survival, it’s important to separate it into 

component traits.  

The ability of a piglet to survive at farrowing is not the same trait as the genetic 

ability of a piglet surviving early and late in lactation. There are separate sets of fixed and 

random effects for the different survival traits (i.e. time periods). For instance, it doesn’t 

make sense to fit a nurse sow effect for piglet survival at farrowing; it has no biological 

meaning and would be completely confounded with maternal additive genetics. The 

difficulty is defining each trait since definitions can be somewhat arbitrary. One author chose 

to use total, farrowing, and pre-weaning survival (Knol et al., 2002a). Su et al. (2007) and Su 

et al. (2008) chose to separate survival into three exclusive periods: farrowing, farrowing to 

day 5, and day 6 to weaning. Roehe et al. (2009) did the same except for separating at day 1 

instead of day 5. Results from these papers support the separation of piglet survival traits, 

making them distinct traits. Genetic correlations ranged from 0.12 to 0.44 (Roehe et al., 

2009), 0.10 to 0.50 (Su et al., 2007), and 0.19 to 0.43 (Su et al., 2008). Knol et al. (2002a) did 

not report a genetic correlation because the main objective was to obtain the best model for 

each trait; therefore analyses were carried out using single trait analyses. In summary, when 

modeling survival at the piglet level, survival should be separated into at least 2 traits for the 

aggregate index.  
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 To the best of the author’s knowledge, only one attempt has been made to account for 

nurse sow effects in a model. The objective of Knol et al. (2002a) was to define the best 

model for birth weight and three piglet survival traits from combinations of direct, maternal, 

and nurse sow effects. Two lines were analyzed, a sire line and dam line. Results showed the 

best model for birth weight was a direct/maternal model (Knol et al., 2002a). Farrowing 

survival in the dam line was best fit by the direct model, while in the sire line both maternal 

and direct/maternal models fit the data equally well (Knol et al., 2002a). Preweaning survival 

was difficult to interpret because log-likelihood was used, which resulted in only nested 

models being comparable. It was concluded that the maternal/nurse sow model fit the data 

best (Knol et al., 2002a). Total survival, a combination of farrowing and pre-weaning 

survival, was also best fit with the maternal/nurse sow model (Knol et al., 2002a). One 

should acknowledge that this research modeled piglet survival as a linear model, disregarding 

its threshold characteristic, which may have affected the results. Therefore, results may or 

may not be appropriate, but seem to make biological sense. Although models that fit nurse 

sow sometimes fit best, a main conclusion of the paper was that fitting nurse sow, as a whole, 

gave erratic results (Knol et al., 2002a). The same authors stated that relatively many piglets 

would need to be cross-fostered in order to accurately estimate both maternal and nurse sow 

effects (Knol et al., 2002a).  

 Cross-fostering events of piglets onto nurse sows can cause bias for a variety of 

reasons. Four basic problems exist with cross-fostering (1) the event is not random (2) little 

to no replication (3) confounding of other effects (i.e. maternal) and (4) in general a low 

proportion of piglets are cross-fostered. These complications have made cross-fostering 
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difficult to disentangle and therefore almost all studies have excluded the effect, even in 

preliminary analyses. Ideally cross-fostering would be designed from a statistical standpoint, 

which is perhaps unreasonable for farm staff to implement. Bouwman et al. (2010) tested 

social effects models and needed greater than 25% of the piglets cross-fostered to disentangle 

effects. In a production setting it may be best to leave as many piglets on the sow as possible 

without causing well-being issues. Workers may be biased toward one breed, cross-fostering 

more piglets onto one or the other because they are perceived to be superior in mothering 

ability and/or milking (Knol et al., 2002a). In many instances only one or two piglets are 

cross-fostered onto a nurse dam from a particular litter. Given a high turnover rate of 

females, the EBV for nurse dam would be poor.  

  One final concern is the ability of selection programs to accurately record piglet 

survival traits or even record them at all. Cross-fostering events are likely to be poorly 

recorded even in nucleus herds (personal communication). There is an economic cost and 

practical consideration to modeling piglet survival at the piglet level. At least some programs 

do not tag and record data for piglets that have died before processing. For example, 10 

piglets are born in total, but only 7 are alive at processing. It makes little sense at a 

production level to tag and record birth weights on the 3 that died so many systems do not 

simply because they were not using individual piglet information explicitly in their 

evaluations. One simple solution seems to be to retrospectively add pseudo data given that 

the pedigree would be the same among piglets because it is a full sib family (single sire 

mating’s in the nucleus). One of the largest factors to account for when analyzing an animal 

model for survivability is birth weight (Knol et al., 2002a). Even if a pseudo-observation for 
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a piglet existed, no birth weight would be available and the model could not be fit unless the 

data were imputed. This may not seem like a problem because a breeding program could 

decide to start recording all piglets, which would come at a slightly greater economic cost, 

but there may be a viable alternative (e.g. LS traits which only need the date of death on 

those piglets after processing, not before). Accuracy of recording quality of observations can 

also be questioned. In a production setting, qualification of piglet deaths as stillborn or an 

early preweaning mortality is perhaps questionable, especially if there are bonuses involved 

with meeting production levels. A reliable way of determining cause of death would be a 

thorough necropsy or floating a piece of the lung in water (Roehe et al., 2009). Piglet death 

classification with LS traits is irrelevant and selection has proven to be effective (Nielsen et 

al., 2013).  

Variance components associated with piglet survival 

Piglet survival is generally split into two broad categories or traits, perinatal survival 

and postnatal (preweaning) survival (Bidanel, 2011). Stillborns, and to a lesser extent 

mummified piglets, characterize perinatal survival, also referred to as farrowing survival. 

Many times it is calculated as the ratio of NBA to TNB if used as a trait of the sow. Stillborn 

piglets are a major cause of death across swine production systems. Postnatal mortality is 

defined as deaths of liveborn piglets. Some authors have chosen to split postnatal survival 

into two traits for a total of three piglet survival traits, including farrowing survival, as 

described above (Arango et al. 2006; Su et al., 2008).  

Piglet survival is of great economic importance to swine breeders. In a recent article, 

farrowing and preweaning survival accounted for 14.9% of the selection index (Amer et al., 
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2014). The same authors reported number born alive accounted for 27.1%; combined with 

piglet survival the total becomes 42% of the index (Amer et al., 2014). Although, one could 

argue that no economic weight should be placed on NBA or piglet survival given the classic 

selection index approach. In the classic aggregate genotype approach (Hazel, 1943), Pb = 

Gv. Vector v would include economic weights of “goal traits” while vector b would include 

weights for “selection criteria” traits. In practice, b would include NBA and piglet survival, 

while v should include NW or some variation of litter size at weaning. One argument could 

be that because NW is viewed an aggregate trait in itself and hard to manage because of 

cross-fostering, the G matrix would include poor estimates for the covariance between traits. 

Therefore it would be easier to consider NBA and piglet survival as goal traits themselves.  

Perinatal Survival 

 Perinatal survival, also known as farrowing survival, includes stillborns and 

sometimes mummified piglets. Historically it was treated almost exclusively as a trait of the 

sow based on the percent that survived, calculated as NBA / TNB. Heritability estimates for 

farrowing survival average 0.07 (Bidanel, 2011). Su et al. (2007) modeled farrowing survival 

at the sow level. The highest estimate reported in the Genetics of the Pig is 0.14 (Bidanel. 

2011). There have been higher estimates; although rare, these seemed to be influenced by a 

small dataset and precise data recording (as compared to field data). For example, Roehe et 

al. (2010) reported heritability estimates 0.21 and 0.15 for direct and maternal farrowing 

survival. Because the table from The Genetics of the Pig seemed out of date, 19 newer 

estimates from six papers averaged 0.07 as well (Arango et al., 2006; Su et al., 2007, 2008; 

Roehe et al., 2009; Roehe et al., 2010; Knol et al., 2002a; Ibáñez-Escriche et al., 2009). 
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Direct heritability averaged 0.06 and maternal heritability averaged 0.07 (Arango et al., 2006; 

Su et al., 2008; Roehe et al., 2010; Knol et al., 2002a; Ibáñez-Escriche et al., 2009). 

Illustrating that slightly more influence comes from the dams’ genes as a mother. A fairly 

recent paper that focused on farrowing survival estimated direct and maternal heritability for 

three genetic lines of 0.02, 0.06, and 0.10, respectively for direct heritability, and 0.05, 0.13, 

and 0.06, respectively for maternal heritability (Ibáñez-Escriche et al., 2009).  

 Often journal articles on piglet survival do not attempt to address model selection, or 

if they do it’s not reported. Knol et al. (2002a) reported the maternal line fit farrowing 

survival best with only a direct effect, while the sire line fit best with a direct/maternal 

model. Nurse sow was of course not considered for farrowing survival because cross-

fostering generally happens at a few days of age and the effect would have no biological 

meaning. It was not surprising that in both cases the maternal and direct/maternal models fit 

essentially the same based on the log likelihood (Knol et al., 2002a). Log likelihood makes 

model comparison easier because a p-value for differences in models can be obtained. The 

drawback is that no penalty is assigned for the number of parameters in the model. Selection 

criteria such as AIC or BIC would penalize more complex models like the direct/maternal 

model and favor a simpler model. When using log likelihood, if two models are not 

significantly different then one would choose the simpler model.  

Postnatal Survival 

 Postnatal survival, also called preweaning survival, becomes more complicated 

because of cross-fostering, increasing direct genetic effects as lactation progresses (Su et al., 

2008), and splitting the trait into component traits (i.e. early and late). Heritability for 
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postnatal survival averaged 0.05 over 12 estimates, slightly lower than farrowing survival 

(Bidanel, 2011). This is not surprising, as more environmental variability would be expected 

after farrowing such as disease and competition. However, there is little to no practical 

significance between 0.07 and 0.05 for estimates in The Genetics of the Pig (Bidanel, 2011). 

Direct heritability averaged 0.06 and maternal heritability averaged 0.07 in an independent 

review (Arango et al., 2006; Su et al., 2008, Roehe et al., 2010; Knol et al., 2002a; Ibáñez-

Escriche et al., 2009). These estimates were identical to farrowing survival.  

Direct and maternal additive genetic covariance 

 Many attempts have been made to characterize variance components associated with 

direct/maternal models. As previously described, rarely is nurse sow effect added to the 

model for piglet survival. Models that take into account the binary observation of piglet 

survival and the covariance structure from modeling direct and maternal additive genetic 

effects with the addition of the litter effect are commonly viewed as superior models. The 

downside is that these models add extra parameters for estimation, namely the covariance 

term between both effects. More parameters could lead to a problem of over-fitting, which in 

many cases can be more detrimental than having too simple of a model. This needs to be 

considered for genetic improvement because negative correlations between genetic 

parameters indicate that selection for one component (i.e. direct or maternal) may be 

counterproductive for the other component. It’s important to realize that in a swine-breeding 

scheme, paternal lines do not benefit from the maternal component for piglet survival 

because that genetic effect is not realized at the commercial level. However, selection in the 

maternal lines should be a composite of both direct and maternal effects if modeled at the 
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piglet level regardless of whether or not an antagonist relationship exists between the two. 

Yet an additive direct genetic effect for piglet survival in the paternal line(s) is sufficient. 

Perhaps these strategies would maximize survival in the offspring of the F1, the terminal 

crossbred animal. Attempts at quantifying the relative importance of piglet/embryo, maternal, 

and paternal effects for litter size have concluded that the largest part of the genetic variation 

is due to the genetics of the sow (Bidanel, 2011; Blasco, 1993).  

 The range of direct-maternal correlations for piglet survival over 18 estimates is from 

-0.84 to 0.24 with a mean of -0.38 (van Arendonk et al., 1996; Knol et al., 2002a; Lund et al., 

2002; Su et al., 2008; Arango et al., 2006; Ibáñez-Escriche et al., 2009; Roehe et al., 2010). 

These include estimates from total, farrowing, and preweaning survival. Average direct-

maternal genetic correlations for farrowing, preweaning, and total survival were -0.20, -0.47, 

and -0.62, respectively (van Arendonk et al., 1996; Knol et al., 2002a; Lund et al., 2002; Su 

et al., 2008; Arango et al., 2006; Ibáñez-Escriche et al., 2009; Roehe et al., 2010). Given 

different data collection methodologies, models, and software, a large range of estimates 

were obtained, but on average, estimates were consistently negative. This antagonistic (i.e. 

unfavorable) relationship needs to be addressed if direct selection for survival is practiced. 

More estimates will need to be gathered for the direct-maternal genetic correlation of 

farrowing survival, however preweaning survival seemed to be more consistent across 

studies. The unfavorable correlation between direct and maternal EBVs will create the need 

for a selection index that combines both into the aggregate genotype.  
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Birth weight’s role in piglet survival 

Litter size has increased dramatically over the last 20 years due to selection pressure 

owed to its large economic value (Amer et al., 2014). One major consequence of increasing 

litter size is the associated decrease in individual piglet birth weight, increase in variation for 

birth weight, and increase in preweaning mortality (Kerr and Cameron, 1995; Lund et al., 

2002). Roehe (1999) estimated an additional piglet per litter reduced individual birth weight 

(IBW) by 44g. Biologically the association is easy to understand. As the number of piglets 

increases there are fewer resources per piglet for growth and development even though the 

total litter weight may still increase due to more piglets being born. A very close and well-

known relationship exists between birth weight and piglet survival (English and Morrison, 

1984). However, this relationship seems to be mainly phenotypic and to a lesser extent 

genetic (Knol et al., 2002b). Some authors in the past have suggested selection for birth 

weight will increase piglet survivability (Johnson et al., 1999; Roehe, 1999). Others suggest 

that within litter variability (or similar trait) may be more appropriate as discussed in a 

subsequent paragraph (Damgaard et al., 2003; Quesnel et al., 2008; Wolf et al., 2008).  

 Heritability estimates for direct birth weight have been low. Most estimates range 

from 0.03 to 0.09 (Roehe, 1999; Knol et al., 2002a; Arango et al., 2006; Grandinson et al., 

2002), although one study reported a direct heritability as high as 0.36 (Roehe, 2010). The 

high estimate reported by Roehe (2010) can perhaps be explained by the study design, 

careful data collection, or environment (outdoor production). As a trait of the piglet in a 

direct-maternal model, maternal heritability for birth weight ranged from 0.14 to 0.26 

(Roehe, 1999; Knol et al., 2002a; Arango et al., 2006; Grandinson et al., 2002). As a trait of 
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the sow, litter birth weight heritability averaged 0.24 (Bidanel, 2011). These results show that 

direct selection on birth weight is possible, but less efficient than selecting for birth weight as 

a trait of the sow.  

 Selection for litter birth weight may be more effective because the heritability is 

between two and five times greater than the direct heritability (Bidanel, 2011). One problem 

with selection for birth weight is the existence of an unfavorable negative genetic correlation 

between direct and maternal components for birth weight in some studies (Roehe, 1999; Knol 

et al., 2002a; Su et al., 2008). The range is from -0.41 to 0.33 with a mean of -0.07 (Roehe, 

1999; Knol et al., 2002a; Su et al., 2008; Grandinson et al., 2002). Given a large range, no 

inductive conclusion can be drawn from these studies. Perhaps genetic correlations between 

direct and maternal components for birth weight vary due to previous selection, data 

collection procedures, and modeling. More research may need to be completed to thoroughly 

answer this question. Due to the possible unfavorable correlation between direct and 

maternal components for birth weight, it may be necessary to model birth weight as a trait of 

the piglet and combine both direct and maternal components into the selection index like 

piglet survival.  

 As mentioned above, one alternative to average/individual birth weight is selection 

for within-litter variation in birth weight. The strong phenotypic relationship is well 

established between piglet survival and within-litter variation (Milligan et al., 2002; English 

and Morrison, 1984). Heritability for within-litter variation in birth weight was reported as 

0.08 on average for six estimates (Bidanel, 2011). Literature estimates range from 0.03-0.11 

(Damgaard et al., 2003; Wolf et al., 2008; Hogberg and Rydhmer, 2000; Hermesch et al., 
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2001). Wolf et al. (2008) proposed many different measures of variability for piglet birth 

weight including minimum, maximum, range, arithmetic mean, harmonic mean, variance, 

standard deviation, coefficient of variation (CV, %), and skewness. Results showed that 

average birth weight had a lower genetic correlation with losses from birth to weaning than 

SD and CV in birth weight (Wolf et al., 2008). Yet all three traits had similar genetic 

correlations with percentage of stillborn piglets (Wolf et al., 2008).  

 Both individual birth weight and variation in birth weight have been associated with 

piglet survivability phenotypically (Fix et al., 2010b; Milligan et al., 2002) and genetically 

(Damgaard et al., 2003; Roehe, 1999; Roehe et al., 2009; Wolf et al., 2008). However, 

geneticists are more concerned with genetic correlations that effect correlated responses in 

other traits. Damgaard et al. (2003) estimated a genetic correlation of 0.25 between within-

litter SD for birth weight and proportion of dead piglets during lactation. In that same paper, 

the genetic correlation between mean birth weight and proportion of dead piglets during 

lactation was -0.26 (Damgaard et al., 2003). Wolf et al. (2008) reported favorable genetic 

correlations between losses from birth to weaning with average birth weight and birth weight 

CV of -0.12 and 0.44, respectively. Su et al. (2008) reported moderate direct and maternal 

genetic correlations between birth weight and survival between birth and day 5 (0.40 to 

0.60). The same authors reported direct and maternal genetic correlations between birth 

weight with survival at birth and day 5 to weaning were low (-0.14 to 0.34). Roehe et al. 

(2009) reported genetic correlations between direct individual birth weight and three survival 

traits that ranged between 0.10 and 0.23. Perhaps the most important genetic correlation is 

between birth weight and total mortality since producers only get paid for weaned pigs, not 
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total number born or born alive. Arango et al. (2006) reported direct and maternal genetic 

correlations between birth weight and total mortality of -0.34 and -0.16, respectively. Stated 

more clearly, greater birth weight is associated with reduced mortality. The general 

consensus is that almost every correlation is favorable between average birth weight or 

variation in birth weight and survival. However, Grandinson et al. (2002) did report an 

unfavorable genetic correlation between birth weight and total mortality of 0.19. In 

circumstances where stillborns are the overwhelming majority of deaths, it seems more likely 

because of the unfavorable correlation between birth weight and stillborns. That is, selection 

for a birth weight trait will improve survival after farrowing, but it seems that it will be 

minimal and may come at a cost to increasing stillborns. This is because (1) the estimated 

heritability for birth weight is low (direct) to moderate (maternal) and (2) the genetic 

correlation between birth weight and survival appears low to moderate. A full economic 

evaluation of birth weight (both average and variation) would need to be completed taking 

into account the estimated variance components with all other economically important traits.  

 Selecting for increased birth weight to increase piglet survival is an argument that 

appears unsettled. In a popular review paper on piglet mortality English and Morrison (1984) 

stated, “Attempts to improve piglet survival by achieving slight improvements in mean piglet 

birth weight are likely to prove disappointing since variation in birth weight within litters has 

a much greater influence on piglet mortality than mean piglet birth weight per se (English, 

1969; Fahmy and Bernard, 1971; English and Smith, 1975). Variation in birth weight within 

litters does not decrease as mean birth weight is improved and so the problem of smaller 

piglets competing within litters with larger littermates for suckling positions and for nutrition 
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remains. It is this very competitive situation which prevails within litters for nutrition which 

puts the smaller piglet at such a distinct disadvantage relative to its larger littermate.” Knol et 

al. (2002b) is another popular review paper that stated, “These values cast some doubt on the 

approach of increasing survival through a genetic increase in birth weight.” Citing that the 

phenotypic correlation has been commonly misinterpreted as a genetic correlation in many 

instances (Knol et al., 2002b). The key is that this discussion pertains only to the relationship 

between piglet survival and birth weight. Some authors have suggested selection for 

increased birth weight as a means to improve other traits such as carcass traits and growth 

(Fix et al., 2010a; Quiniou et al., 2002; personal communication). In summary, selection for 

individual birth weight and/or variation in birth weight (e.g. SD or CV) will not hurt piglet 

survivability, but may not increase survivability either.  

 A significant problem with the discussion of birth weight and piglet survival is the 

description of ‘low’ birth weight piglets. It is common for authors to split birth weight into 

classes and analyze it as an ordered factor due to its non-linear (polynomial) association with 

other traits (Quiniou et al., 2002; Knol et al., 2002a). This in itself is not a problem and is 

generally accepted, although others have chosen to analyze it as a continuous variable (Fix et 

al., 2010a; Fix et al., 2010b). The problem stems from using “low” in absolute terms instead 

of relative terms. For example, a piglet that weights less than 1 kg may be considered a low 

birth weight piglet (e.g. Roehe 1999). Using this arbitrary cutoff, one would be led to believe 

that increasing the distribution past this cutoff would eliminate low birth weight piglets, 

which is obviously incorrect. This reasoning is flawed because low is only relative to other 

piglets in that litter, farrowing group, or production system in which that piglet is competing 
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for resources. As individual birth weights have decreased over the years, it has lead 

producers and researchers alike to believe that selection for birth weight will alleviate this 

problem.  

Ethics 

 Societal pressures have begun to affect the swine industry. Recently, many top 

retailers of pork have decided they will start buying pork from gestation stall free systems 

(Merks et al., 2011). There is a concern for an updated breeding goal for companies. Pressure 

to remove gestation stalls has already affected retailers to put pressure on producers to move 

to stall free housing (Merks et al., 2011). Selection for piglet survival has an increasing 

economic and non-economic value due to societal pressures and may create marketing 

opportunities if a company can prove they have lower piglet mortality. Many ethical 

concerns have already been addressed in Europe (Merks et al., 2011). Perhaps it would be 

smart for US producers to stay ahead of society pressures and address them prior to 

becoming problematic.  

 Kanis et al. (2005) suggested a way of incorporating non-economic traits into the 

selection index. One problem with many of the traits suggested, such as feet and leg issues, is 

the lack of research on these traits. In fact, genetic correlations had to be fabricated in this 

study because no current estimates exist for them. Only conservative, biological estimates 

(educated guesses) could be made. This is far from ideal for breeding companies. Merks et al. 

(2011) suggested five broad categories that will need to be included in the future. New 

phenotypes will include (1) vitality of piglets, (2) uniformity, (3) robustness, (4) welfare and 

health, and (5) reduction of carbon footprint (Merks et al., 2011). These changes have already 
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begun to take effect in Europe and perhaps it’s only a matter of time before changes will be 

expected in the United States. It would be wise for companies to be proactive on many of 

these traits, especially traits with economic and non-economic value such as longevity and 

piglet vitality.  

Molecular biology era 

 Since the days of Dr. Lush and Dr. Hazel, animal breeders have been focused on 

unmasking additive genetic values from phenotypes. They worked with the infinitesimal 

model introduced by Fisher (Fisher, 1918). The infinitesimal model is defined by having an 

effectively infinite number of loci causing very small effects. Henderson used this model to 

establish BLUP methodology (Henderson, 1976). Molecular biology as a field didn’t exist so 

animal breeding was limited to only the pedigree and phenotypes of individuals. In fact, at 

the time Animal Breeding Plans was first written it wasn’t certain how many chromosome 

pairs existed in all species (e.g. chicken, Lush, 1937). Despite not knowing about the ‘genetic 

architecture’ we speak of today, past geneticists made exceptional genetic improvement in 

many traits.  

Molecular biology took off in the late 20th century. Once this occurred, animal 

breeders could obtain genome sequence/marker data in addition to an animal’s pedigree and 

phenotypes. Yet until recently the whole genome was not utilized. This was the beginning of 

what would revolutionize animal breeding. Marker assisted selection (MAS) uses single or 

multiple marker genotypes to increase accuracy of prediction and has been around for many 

years (Soller, 1978; Fernando and Grossman, 1989; Lande and Thompson, 1990). These 

markers can be linkage equilibrium (LE): loci that are in population-wide linkage 
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equilibrium, linkage disequilibrium (LD): loci that are in population-wide LD with the 

functional mutation, or direct markers (QTL): loci that code for the functional mutation 

(Andersson, 2002; Dekkers, 2004). Opportunities to discover markers caused a shift in 

funding from quantitative genetics to molecular genetics and was addressed by Misztal 

(2007) in an editorial of the Journal of Animal Breeding and Genetics, which has helped 

cause a shortage of animal breeders today.  

Economically, the benefit of genotyping would be to reduce or even eliminate 

progeny testing of sires by utilizing molecular information, thus reducing cost and the 

generation interval. Dekkers and Hospital (2002) show a figure (3) in which offspring of a 

bull are genotyped and the one that received the favorable allele is then preselected for 

progeny testing. The cost of genotyping offspring would be only a fraction of the total cost of 

progeny testing all possible replacements (Schaeffer, 2006). However, its practical 

application in commercial livestock improvement has been limited if not non-existent in 

many populations (Dekkers 2004; Dekkers 2012).  

A review of MAS and its application in the commercial industry is provided by 

Dekkers (2004). In this review many problems with implementation are addressed. First, it’s 

difficult to apply an economic value to a single marker (Dekkers, 2004; personal 

communication). It can be challenging to accurately apply economic weights to entire traits 

in different lines let alone one marker that may only exist in one line. Second, replication of 

QTL studies was rare, most likely due to insufficient LD between marker and QTL 

(Meuwissen et al., 2001; Dekkers, 2012). This LD between marker and QTL was not 

persistent across populations and has now been realized with genomic selection, which will 
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be reviewed later. Experimental crosses were used extensively in QTL studies to create LD 

in populations (Andersson, 2001; Dekkers, 2004). Third, due to the polygenic nature of many 

economically important traits, many markers/QTL discovered only explained a limited 

proportion of the genetic variation (Dekkers, 2012). A challenge that is generally not 

discussed is the level of difficulty in applying MAS, which is less than straightforward (e.g. 

see Lande and Thompson, 1990). This concern has also been raised more recently with 

genomic selection (VanRaden, 2008). Many geneticists lacked experience and technical skill 

to implement MAS strategies because of the level of difficulty involved and logistical 

problems of DNA collection and analysis (Dekkers, 2004). Overall, it seems MAS’s impact 

is minimal to this point. Industry leaders need the training and experience prior to 

implementing these strategies because their decisions will affect their population long term.  

Prior to modern genomic selection, the idealized use of molecular information 

involved genotyping young animals with no phenotype and calculating the true breeding 

value. In an extreme case, velogenetics could be used to dramatically reduce generation 

interval. This procedure involves harvesting oocytes, fertilizing them, and genotyping prior 

to implantation into a donor (Georges and Massey, 1991). Traditionally in the key equation, 

there is a trade-off between accuracy and generation interval (Bourdon, 1997). In practice 

velogenetics is a long way off and unlikely, but genomics will eliminate this trade-off by 

increasing accuracy of prediction while simultaneously reducing generation intervals.  

Genomic selection (GS) has been described as marker-assisted selection on a genome 

wide scale (Meuwissen, 2007). Modern genomic or whole-genome selection was formally 

introduced in 2001 as a way of utilizing dense markers throughout the entire genome instead 
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of single or multiple marker MAS (Meuwissen, 2001). Meuwissen et al. (2001) incorporated 

two fundamental approaches using genomics: genome wide association studies (GWAS) to 

locate and annotate candidate QTL nearby and utilizing dense markers to calculate breeding 

values. The idea was that by utilizing dense panels, all QTL would be in LD with at least one 

marker. Bayesian models were introduced to address the problem of having many marker 

effects to estimate with a limited amount of data (Meuwissen et al., 2001). Marker SNP 

effects became random and Gibbs sampling (along with Metropolis-Hasting) was 

implemented to estimate all these effects simultaneously (Meuwissen et al., 2001). These 

SNP solutions could in turn be used for newly genotyped animals to predict their breeding 

values. This was a revolutionary idea in animal breeding, as molecular data had grown so big 

that quantitative geneticists were now able to use it on a large scale. Alternatively, these 

methods could be used to locate QTL throughout the genome by the utilization of LD 

between marker and QTL, known as GWAS (Meuwissen et al., 2001). These methods have 

been implemented to locate regions and hopefully one day will explain most of the variation 

in complex traits not only in animals, but also for human diseases to save lives. This however 

proved more difficult than first imagined (see Juran and Nazaridis, 2011, titled ‘Genomics in 

the Post-GWAS Era’) due to the small fraction of additive genetic variation that was 

contained in these discovered QTL. Those markers that were discovered are generally biased 

upward significantly, known as the Beavis effect (Xu, 2003). Extensive fine mapping of 

associations are generally not carried out, although there are exceptions such as the gene on 

SS4 found by Boddicker et al. (2012). This gene was found to explain 15.7 and 11.2% of the 

genetic variance in viral load and growth for PRRS infection, respectively (Boddicker et al., 
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2012). The overall consensus is that after going away from the ‘black box’ approach, many 

involved with prediction of complex traits agree that GWAS is probably not enough or at 

least needs to be altered to include more than only additive effects (e.g. Daniel Gianola, 

personal communication).  

In parallel with the discussion on challenges with MAS, genomics has had hurdles as 

well. The problems came on two levels, (1) the theory and research to test GS and (2) 

implementation at the commercial level (e.g. genetic nucleus herds). Blasco and Toro (2014) 

reviewed the implementation of genomic selection thus far, which will continue to evolve. 

From a research perspective, statistical theory needed to be developed in order for it to be 

tested (e.g. Meuwissen et al., 2001; VanRaden, 2008; Hayes et al., 2009; Legarra et al., 

2009). These papers will be described in more detail in the sections to follow. One of greatest 

initial challenges of GS, that was not present with MAS, was the estimation of a greater 

amount of effects than amount of data or lack of degrees of freedom, the ‘small n, large p’ 

problem (Gianola et al., 2009). Often, only hundreds or a few thousand phenotypic records 

exist to estimate between 10,000 to over 700,000 marker effects. This makes GS depend 

heavily on the number of observations and creates a massive over-fitting problem. Other 

questions arose for GS: how many SNPs are needed (i.e. marker density), computing costs, 

non-additive effects, across breed prediction, and the use of lower density panels in breeding 

programs for imputation (Blasco and Toro, 2014). From a commercial perspective, 

economics and logistics appear to be the main barriers to implementation. Costs of 

genotyping with the 60K SNP panel at this time are >$100 per animal (personal 

communication). Abell et al. (2014) addressed the economics of genomics by calculating 
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breakeven prices for GS. Yet the same authors did not account for the economic value of 

breeding companies utilizing genomic selection as a marketing tool (Blasco and Toro, 2014). 

Some companies may outsell competitors simply because their customers see GS as 

innovative and on the cutting edge. Although there have been many challenges for genomic 

selection, it’s safe to say that genomic selection has arrived and is here to stay.  

Methods of genomic selection  

Two opposing views exist on how to best implement genomics into animal breeding. 

Solving for marker effects is the Bayesian approach while utilizing realized relationships is 

the opposing view. Meuwissen et al. (2001) introduced methods for solving for marker 

effects, as described above. Najati-Javaremi et al. (1997) introduced the total allelic 

relationship (TA), which would later be known as the genomic relationship matrix (G). It 

was not calculated in the same manner as models today, but the idea was identical. This 

matrix uses loci scattered across the genome to capture Mendelian sampling instead of using 

the traditional expected relationships given by the numerator relationship matrix (NRM, 

Henderson, 1976). Both methods of genomic selection will be described in more detail 

below.  

At the most basic level, Bayesian GS involves estimating each SNP effect and then 

multiplying them by the genotypes and summing these effects for each animal. The basic 

Bayesian model is 

! = !"+ !!"!!!
!!! + !! , 

where ! is an !!×!1 vector of phenotypes, ! is the vector of fixed effects with corresponding 

design matrix X, !!" is the genotype (# of copies) and !! is the SNP effect for the ith animal 
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and jth SNP, and ! is the vector of residuals. It’s important to note that not all SNP estimation 

methods are Bayesian, but they are the most common (see de los Campos et al., 2013).  

Bayesian methods involve multi-step approaches. This is because the best response in 

training data to estimate SNP effects would be the true breeding value (TBV) (Meuwissen et 

al., 2001). This is usually not available so it typically requires (1) running a routine 

evaluation, (2) calculating corrected phenotypes and weights from the evaluation, (3) using 

corrected phenotypes as a response for marker effects to calculate individual SNP effects, 

which can be weighted or not, and (4) combining traditional EBV values with the direct 

genomic breeding values (DGV) to end up with genomic estimated breeding values (GEBV) 

(Legarra et al., 2009; Mrode, 2014). Corrected phenotypes or pseudo-phenotypes are needed 

because Bayesian methods require a response and genotype for every observation. Sex-

limited traits, such as milk yield in dairy cattle, usually have genotypes from bulls and 

phenotypes from cows (same for dairy sheep, see Baloche et al., 2014). A simple solution 

seems to be to use the EBV from the traditional BLUP evaluation as a response for 

genotyped bulls. The problem is that BLUP has shrinkage properties, which is inversely 

proportional to the amount of information (Garrick et al., 2009). One can also use average 

daughter residuals, better known as daughter yield deviations (DYD) in dairy. Theoretically, 

using deregressed estimated breeding values (dEBV) after removing parent average is 

thought to be the best response variable (Garrick et al., 2009). The main idea of dEBVs is to 

‘undo’ the shrinkage resulting from BLUP values. Ostersen et al. (2011) supported this by 

showing dEBV yielded 18 to 39% higher reliabilities than using EBV as a response. Guo et 

al. (2010) found evidence that using EBV was equivalent or superior to using DYD as a 
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response, not considering dEBV. Collectively, past studies indicate more research is needed 

with swine field data to decide which response is best. Perhaps the best methodology will 

depend on the situation (e.g. data and population structure).  

Bayesian methods become complicated because of the many different models that 

have been proposed. Most share a common bond, but are all slightly different (see Figure 2 in 

de los Campos et al., 2013). BayesA and BayesB were the first Bayesian methods introduced 

to estimate marker effects (Meuwissen et al., 2001). Subsequently, Bayesian ridge regression 

(BRR), BayesC (Habier et al., 2011), and least absolute angle and selection operator 

(LASSO) were introduced (Yi and Xu, 2008; Usai et al., 2009), which are all fairly common. 

Other less common methods have also been suggested, but beyond the scope of this review.  

The Bayes alphabet comes with different prior distributional assumptions. There are 

four general types of prior distributions: Gaussian (normal), thick-tail (i.e. t-distribution), 

point of mass and slab, and the spike-slab distributions (de los Campos et al., 2013). BayesA 

assumes a t-distribution, which allows for a higher probability of moderate to large SNP 

effects. BayesB uses a mixture distribution with an assumed π value, which is the 

probability of a SNP having 0 effect, the rest follow a t-distribution. BayesC includes the π 

value as in BayesB, but differs in that it estimates a single variance that is common to all 

SNP to reduce the influence of the scale parameter of the prior (Mrode, 2014). BayesA and 

BayesB therefore have marker specific shrinkage, which accommodates the t-distribution of 

marker effects. Gianola et al. (2009) explained that BayesA and BayesB do not follow 

traditional Bayesian learning because it’s impossible to overwhelm the prior given the 

amount of data, although some have argued it does not influence inferences at the SNP level 
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(Yi and Xu, 2008). Because the π value may have influence over the analysis, some authors 

have chosen to estimate π instead of assigning it a prior (e.g. BayesCπ). A flat prior is 

usually only assigned to fixed effects, while marker specific variances are usually assigned a 

scaled inverted chi-square distribution which is determined by the degrees of freedom (!) and 

the scale parameter (S). Mostly because a scaled inverted chi-square can take a wide variety 

of shapes (i.e. flexible). For prediction purposes, most Bayesian methods perform very 

similarly and will be discussed in a following section (Habier et al., 2011; Heslot et al., 

2012).  

Genomic BLUP (GBLUP) is a method in which the numerator relationship matrix 

(A) is replaced by the realized or marker derived relationship matrix (G) (Habier et al., 2007; 

VanRaden, 2009; Hayes et al., 2009). VanRaden (2008) shows that a common calculation of 

G is 

! = !!!
! !(!!!) , 

and Z is calculated by 

! = !− ! , 

where p is the allele frequency; matrix M is an !!!!! matrix with elements 0, 1, 2 

corresponding to homozygous for the allele coded 0, heterozygous, and homozygous for the 

allele coded 1, respectively; ! is the number of animals and ! is the number of markers. 

Matrix P contains allele frequencies for each locus multiplied by two or alternatively 2(pi – 

0.5) depending on the marker coding (VanRaden, 2008). Z results from subtracting P from 
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M, which sets the mean SNP effect value to zero. GBLUP assumes SNP effects are normally 

distributed with a common variance (Mrode 2014).  

In contrast to multi-step procedures, single-step GBLUP (ssGBLUP) combines 

pedigree, phenotypes, and genotypes into a single evaluation. Single-step GBLUP 

incorporates the realized relationship matrix (G) into a mixture relationship matrix (H), 

which is comprised of A partitioned into non-genotyped (A11) and genotyped (A22) and G 

(Legarra et al., 2009; Christensen and Lund, 2010). Originally the first derivation of the 

single-step approach was incorrect because the authors didn’t consider the joint distribution 

of both genotyped and non-genotyped individuals (Misztal et al., 2009). The correct 

computation of H is fairly complex, 

! = ! !
!! + !!! !!!!"!!!"(!!!)!! −(!!!)!!!!"!

−!!!"(!!!)!! !  , 

however, the computation of it’s inverse has a very simple form (Aguilar et al., 2010),  

!!! = !!! + 0 0
0 !!! − !!!!!  , 

the important thing to realize about H is that it not only alters relationships between 

genotyped animals, it implicitly alters relationships between non-genotyped animals, such as 

founders (see Legarra et al., 2009). A nice comparison of the two separate derivations is 

presented in Legarra et al. (2014). It’s important to note that the H matrix implicitly predicts 

unobserved genotypes as linear combinations of observed genotypes, which can be seen by G 

in the equation for the upper left part of the H matrix (de los Campos et al., 2013). For this 

reason, Christensen et al. (2012) not only compared GEBV to EBV accuracy of genotyped 

animals, but also of non-genotyped animals and found that ssGBLUP improved accuracy, 
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albeit only slightly. The two main advantages of ssGBLUP are that it’s extremely simple to 

integrate into existing software because A-1 is simply replaced by H-1 and it directly 

computes GEBVs, eliminating multiple-steps in genomic evaluations.  

 Although GBLUP and/or ssGBLUP are viewed as very simple, calculating G has 

been a topic of debate (VanRaden 2008). Allele frequencies of the base population are 

needed to create G. In reality these don’t exist (currently) and are usually replaced by 

observed allele frequencies of the sample. This was found to have little influence in a 

simulation study (VanRaden, 2008). Standardization of G has also been debated. Forni et al. 

(2011) suggested that the average diagonals of G should equal the average diagonals of A22. 

Others have suggested that a small value should be added to all elements of G (Chen et al., 

2011; Vitezica et al., 2011). Combining these ideas yielded setting the average diagonals of 

G equal to the average diagonals of A22 and the average off-diagonals of G to the average 

off-diagonals of A22 and solving for ! and ! (Guo et al., 2015). Not only can G be weighted 

with A22 to yield G*, but G*-1 and A-1 can be weighted inside H as well. This is best 

illustrated in an equation taken from Lourenco et al. (2014) 

!!! = !!! + 0 0
0 ! !!+ !!!!! !! − !!!!!!! , 

where H, G, and A were defined earlier and !, !, !, ! are weighting parameters for G*-1, 

!!!!!, A, and G, respectively. One final problem is that G may not be semi-positive definite. 

The most common and easiest thing to do is to weight G and A a certain proportion that must 

be predefined, which can also be interpreted as a polygenic effect defined as the proportion 

of genetic variance not accounted for by markers (Christensen and Lund, 2010).  
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 Single-step GBLUP is very appealing because of its simplicity in being able to 

combine genotyped and non-genotyped animals easily into one model. Field populations are 

likely to never include genotypes for every individual in the database, although genotyping 

costs will continue going down. Traditional multi-step procedures for genomic selection 

cannot incorporate non-genotyped animals like ssGBLUP, although they do contribute to the 

pseudo phenotypes. In response, Fernando et al. (2014) derived a novel method for Bayesian 

models to incorporate non-genotyped animals. One problem with ssGBLUP is the need to 

compute the inverse of the very dense G matrix. Currently, there seems to be no simple 

solution for the direct calculation of the inverse of G, such as the one for A inverse 

(Henderson, 1976). One method using a similar recursion technique has been proposed, but 

has not been tested extensively (Misztal et al., 2014). Single-step Bayesian regression models 

(SSBR) will be able to handle a larger number of individuals because it avoids the dense 

matrix inversion of ssGLUP (Fernando et al., 2014). The cost scales linearly with the number 

of non-genotyped and genotyped animals (Garrick et al., 2014). These models have recently 

been developed so testing and comparison of these models with traditional Bayesian multi-

step, GBLUP, and ssGLUP are likely to follow. The downside is that implementation into 

existing software may be slow or limited because of the structure of the mixed model 

equations (e.g. alteration of the fixed-effects design matrix X) as mentioned in a review by 

Garrick et al. (2014).  

Accuracy of prediction 

At the beginning of the genomics era, genomic data in field populations was non-

existent so it was necessary to simulate populations to test theory (Meuwissen et al., 2001; 



 

34 

VanRaden, 2008). In simulation studies true breeding value (TBV) is known. One can obtain 

a measure of accuracy simply by calculating the correlation between TBV and the estimated 

breeding value (with or without genomics). In traditional evaluations, the inverse of the 

diagonals in the left hand side (LHS) were used from the mixed model equations (Mrode 

2014). Many methods that estimate marker effects never set up the mixed model equations 

(or can’t be inverted) and therefore can’t be used to get the theoretical accuracy. Hence, 

perhaps a validated accuracy is better because animal breeders need the ability to predict 

breeding values into the future (i.e. young sires). Using LHS inverse elements in GBLUP 

approaches where the MME are set up, it becomes dependent on allele coding and weighting 

of the matrices (A and G), although it has been done (e.g. Forni et al., 2011). Genomic 

selection with field data requires alternate methods of achieving a measure of accuracy 

because TBV is an unknown value. Many times cross-validation or forward validation is 

applied. The first by splitting the dataset randomly into several groups and the latter by 

cutting at one specific time and predicting the young animals EBV with no phenotype 

(masked). The two resulting datasets are referred to as training and validation datasets. 

Alternatively, one can split based on family structure or subpopulation structure in plants to 

cross-validate accuracy (Saatchi et al., 2011; Usai et al., 2009; Heslot et al., 2012). The 

validation response is a highly accurate EBV, daughter yield deviation (DYD, for sires), 

corrected phenotypes, or dEBV from the traditional evaluation.  

Prediction accuracy with GS is mainly influenced by three factors: relationship 

between training and validation datasets, genetic architecture (e.g. h2, number of QTL), and 

size of the reference population (de los Campos et al., 2013). A literature review on genomic 
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accuracy may be challenging because there are many methods that can vary slightly and 

many ways to calculate accuracy. For this reason, most results will not present values, only a 

better/worse conclusion.  

Meuwissen et al. (2001) used four models for prediction: least-square estimation 

(LS), best linear unbiased prediction (BLUP), BayesA, and BayesB. The same authors used 

forward validation by calculating prediction equations in a training dataset and then using 

them in the next two generations with no phenotypes. Overall, BayesB outperformed other 

models for location of QTL and accuracy of prediction, with BayesA being slightly lower 

(Meuwissen et al., 2001). Conclusions were (1) it is possible to accurately predict breeding 

values using a dense marker map, (2) prior distribution assumptions had little effect on 

prediction of breeding values, and (3) selection on predicted breeding values predicted could 

substantially increase the rate of genetic gain by increasing accuracy and reducing generation 

intervals (Meuwissen et al., 2001). This paper also showed how accuracy is dependent upon 

the size of the reference population, is influenced by marker density, and how accuracy 

declines over generations due to the breakdown of LD. This was a landmark paper because it 

was the first time that breeding values had been predicted solely from marker data in young 

individuals.  

VanRaden (2008) introduced GBLUP in a simulation study and concluded that 

reliability for young bulls roughly doubled. This raises an important point, which is that 

genomic selection will help the accuracy of young animals with very low accuracies and to a 

lesser extent moderately accurate individuals. Traits recorded later in life, difficult to record, 

and having a low heritability should benefit more from molecular information (Dekkers and 
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Hospital 2002). A weakness of simulation studies is that the model used to create the 

simulation is also used to analyze the data (i.e. additive model, Blasco and Toro, 2014). 

Therefore they should be used more for methodology and care should be taken in interpreting 

the results.  

Christensen et al. (2012) compared pedigree predictions to GBLUP, regular 

ssGBLUP, and an adjusted ssGBLUP. All three GBLUP methods outperformed pedigree 

predictions and yielded similar accuracies among genomic methods for feed conversion ratio 

and ADG in univariate and bivariate models (Christensen et al., 2012). An advantage of 

ssGBLUP over Bayesian methods is the direct integration into multi-trait models, which can 

further increase prediction accuracy (Legarra et al., 2014). Single-step GBLUP could 

therefore offer additional accuracy. Gu et al. (2015) confirmed the advantage of using the G 

matrix for litter size by comparing pedigree, GBLUP, and ssGBLUP. Averaged across traits 

(TNB, LS5, and MortD5), ssGBLUP roughly doubled the pedigree accuracy (0.091 versus 

0.213, Gu et al., 2015). Tusell et al. (2013) was the first to comprehensively review marker 

estimation methods for prediction of litter size. The authors compared models that were 

linear and non-linear such as Bayesian Lasso, ridge regression, reproducing kernel Hilbert 

spaces (RKHS), GBLUP, and neural networks. The conclusion was that genomic methods 

substantially improved prediction over the pedigree, but all performed roughly the same 

(Tusell et al., 2013). The authors suggested that perhaps Bayesian neural networks provide an 

advantage in F1 prediction as they analyzed the crossbred performance with genotypes 

(Tusell et al., 2013). These semi-parametric methods (including neural networks and RKHS) 

may provide advantages because they are more flexible by including non-additive genetic 
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effects, which becomes more important in crossbreds. In dairy sheep, it was concluded that 

recorded phenotypes in ssGBLUP resulted in a 9% increase in accuracy and lower bias 

averaged over seven traits when compared to using pseudo phenotypes for ssGBLUP 

(Baloche et al., 2014).  

Comparison of the marker estimation methods to ssGBLUP for genomic prediction 

  For practical purposes, breeding programs need to know which methodologies are 

superior and which are easiest to integrate into their current selection program. Relatively 

few papers exist comparing marker estimation methods to ssGBLUP because many authors 

favor one over the other (see Forni et al., 2011 and Habier et al., 2011). Legarra et al. (2014) 

recently reviewed ssGBLUP and only reported four estimates that compared ssGBLUP and 

multi-step approaches. GBLUP has been compared to marker estimation methods many 

times, however studies usually involve using a pseudo phenotype and are not readily 

applicable to livestock populations because many non-genotyped individuals have 

phenotypes. Utilizing ssGBLUP easily integrates phenotypes, pedigree, and genomic 

information in a simple way; perhaps it makes basic GBLUP irrelevant because it’s more 

difficult to implement and less accurate than ssGBLUP (Guo et al. 2015; Gao et al., 2012). 

However, because more estimates exist between marker methods and GBLUP they will be 

used as well.  

  Compared to GBLUP, marker estimation methods generally excel when there are 

relatively few QTL controlling a trait (Daetwyler et al., 2010). Daetwyler et al. (2010) varied 

the number of QTL (NQTL) that were simulated to differ and the results showed BayesB had a 

higher accuracy at lower values of NQTL than GBLUP (see Figure 2 in Daetwyler et al., 
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2010). It should be clarified that just because very large QTL(s) have been identified (e.g. 

DGAT1 for fat percent in dairy), that doesn’t mean there are few QTL. Therefore, the study 

by Daetwyler et al. (2010) wasn’t exactly representative of the genetic architecture that may 

exist for some traits. The same authors stated the remaining additive variance could follow 

the infinitesimal model with hundreds or thousands of QTL. Yet no results were shown. It 

was concluded that the advantage of BayesB or GBLUP depends on three things: the 

population genome structure (Ne), genetic architecture (h2 and NQTL), and the size of the 

training set (Daetwyler et al., 2010). These are the same three factors that affect overall 

accuracy of genomic selection. Single-step GBLUP assumes the infinitesimal model 

(approximately), therefore it doesn’t account for traits with very large QTL effectively. This 

is because there is only one variance parameter and therefore ssGBLUP shrinks all marker 

effects the same. To the best of the authors’ knowledge, no swine paper has been published 

comparing ssGBLUP to marker estimation methods and only one that has compared GBLUP 

to marker estimation methods (Ostersen et al., 2011). Therefore extrapolations will need to 

be taken from other species.  

 In general, marker estimation methods and ssGBLUP have yielded very similar 

results, perhaps nothing of practical significance for a breeding program. Ostersen et al. 

(2011) compared GBLUP, Bayesian LASSO (BL), and a mixture model and concluded they 

were not different in reliabilities. Gray et al. (2012) used six milkability traits to compare 

ssGBLUP, BL, and BayesA to pedigree predictions. On average, the reliabilities were 0.478, 

0.455, 0.445, and 0.278 for ssGBLUP, BL, BayesA, and pedigree, respectively (Gray et al., 

2012); confirming the advantage over traditional pedigree predictions and the similarity in 
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accuracies of genomic predictions. Aguilar et al. (2010) compared an unspecified multi-step 

procedure to many different versions of ssGBLUP in the computation of G and H. The multi-

step procedure gave a validated accuracy of 0.40, while the average ssGBLUP was 0.39 

(Aguilar et al., 2010).  

In light of these results, it’s unsurprising that some swine breeding companies have 

already implemented GS in the form of ssGBLUP as stated above (personal communication). 

This mostly likely has very little to do with the slight advantage of ssGBLUP in some cases, 

but more to do with the ease of implementation (personal communication). Breeding 

programs must run weekly evaluations and it may be too difficult to go through all the steps 

that Bayesian methods require. Not only are there more steps involved, but swine models are 

complex (i.e. maternal effects) and there is no easy implementation for Bayesian methods 

(Legarra et al., 2014).  
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Introduction 

Selection for litter size at day 5 (LS5) after farrowing has been suggested as an 

alternative trait to total number born (TNB) in swine breeding programs (Su et al., 2007). 

This trait was investigated as an alternative trait for selection to increase litter size at weaning 

due to the unfavorable association between TNB and piglet mortality (Johnson et al., 1999; 

Lund et al., 2002; Bidanel 2011). Due to this relationship, Danish breeders changed the main 

maternal trait from TNB to LS5 in 2004 (Nielsen et al., 2013). Selection for LS5 in Danish 

herds has increased TNB by 1.9 and 1.3 piglets per litter in the Large White and Landrace, 

respectively, while simultaneously decreasing mortality at day 5 by 5.9 and 4.7%, 

respectfully (Nielsen et al., 2013). Given the high genetic correlation between LS5 and litter 

size at weaning (ra = 0.995, Su et al., 2007), it is expected that an increased number of piglets 

at day 5 will directly increase litter size at weaning, the main breeding objective in maternal 

lines.  

Su et al. (2007) reported the majority of preweaning mortality occurs within several 

days after farrowing. However, it is unclear why specifically the Danish breeders chose litter 

size at day 5. Utilizing a different litter size day for selection may optimize genetic progress 

for number of piglets weaned. Thus an objective study is needed to identify how variances 

for litter size change from birth to weaning. Therefore, the objectives of this study were to 1) 

estimate variance components for litter size traits throughout lactation to determine the 

optimal day for selection and 2) to estimate genetic correlations between litter size traits, 

total preweaning mortality, and average litter birth weight. 
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Materials and Methods 

Data 

Smithfield Premium Genetics (Rose Hill, NC) provided data from the Large 

White (LW) and Landrace (LR) breeds. Data from June 2009 through May 2013 were 

analyzed. All matings were performed by artificial insemination. At birth, the number of 

live born and stillborn piglets was recorded for each litter excluding mummified piglets. 

Litters were recorded and piglets were processed and weighed within 48 hours of birth 

along with cross-fostering. Cross-fostering was minimized when possible and occurred 

for 4.9 and 8.3% of the total number of live born piglets at birth and 17 and 25% of 

litters for LW and LR, respectively. Preweaning mortality dates were recorded on 

individual piglets.  

Reproductive traits included total number born (TNB), number born alive 

(NBA), litter size of the biological dam at days 2 through 30 (LS followed by the day 

number), litter size of the biological dam at weaning (LSW), mortality from birth 

through 30 d of age (MortD30), total number of piglets weaned by the nurse dam (NW), 

and average piglet birth weight of the litter (BirthWt). Total number born was the sum 

of born alive and stillborns. Traits starting with the prefix LS, referred to as LS traits, 

were calculated by aggregating piglet data and using the farrowing and mortality dates 

according to the biological litter (Nielsen et al., 2013). The LS traits were calculated by 

summing the number of preweaning mortalities, including stillborns up to that day and 

subtracting it from TNB. For example, LS5 would be calculated as TNB – stillborns – 

preweaning mortalities up to d 5 after farrowing, according to the biological litter. 
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Mortality at day 30 was calculated as (TNB - LS30)/TNB, also according to the 

biological litter. Average birth weight was calculated by taking the mean of the number 

of live piglets at processing. Classification of death was not given in this dataset and 

therefore not considered in this analysis.  

Statistical Analysis 

Variance components were estimated using AIREMLF90 in the BLUPF90 

family of programs (Misztal et al., 2002). All analyses were completed with either single 

or bivariate trait models. An animal model was used in which all traits, except NW, 

were treated as a trait of the biological dam. The statistical model used to describe the 

data was 

! = !"+ !"+!"#+ ! , 

where y is the vector of observations (litter size, mortality, and birth weight); b is a 

vector of fixed effects including farm, year-season, parity, and NBA fit as a covariate 

for birth weight; d is a vector of additive genetic effects of the dam; pe is a vector of 

permanent environmental effects of the dam; e is a vector of random residuals; and X, 

W, and Z are coefficient matrices associating b, pe, and d with y. Assumptions for 

random effects were 

!
!"
!

~N
!
!
!
,

!⊗ !! ! !
! !!"⊗ !!" !
! ! !!⊗ !!!

 , 

where Σd, Σpe, and Σe are covariance matrices for additive genetic effects of the dam, 

permanent environmental effects of the dam, and residual effects, respectively; Ipe is an 

identity matrix with dimensions equal to the number of parities; Ie is an identity matrix 
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equal to the number of observations; and A is the additive genetic relationship matrix. 

The pedigree was traced back three generations for both Large White and Landrace. 

Descriptive statistics of the data are shown in Table 1, including the number of litters, 

sows, year-season classes, and farms. Parities 4 and 5 were grouped together for a total 

of four parity classes. 

Phenotypic variation (σ!!) was defined as σ!! = σ!! + σ!"! + σ!!, where σ!"!  is the 

variance of permanent environmental effects, σ!!  is the variance of sow additive genetic 

effects, and σ!! is the residual variance. All traits were assigned to litters and therefore 

traits of the sow, thus, the heritability was defined as, h2 = σ!!/σ!! .  

Standard errors for heritability estimates were calculated using an equation from 

Tsuruta (2015) 

!"!(ℎ!) = ! !!(!!!!)
! − !!(!!)

! − !!(!!)
!

!"#(!) !"#(!, !") !"#(!, !)
!"#(!", !) !"#(!") !"#(!", !)
!"#(!, !) !"#(!, !") !"#(!)

!!(!!!!)
!

− !!(!!)
!

− !!(!!)
!

, 

where a is the additive genetic variance, pe is the permanent environmental variance, and e is 

the residual variance. The leading row vector and following column vector are partial 

derivatives solved by taking the partial derivative of h2 with respected to a, pe, and e, 

respectively. Components of the internal matrix were taken from the inverse of the average 

information matrix output by AIREMLF90.  

 Standard errors for genetic correlations were calculated using an equation from 

Tsuruta (2015) 

! = !!"
!!!!

 , 
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where r is the genetic correlation; !! is the genetic variance of trait 1; !! is the genetic 

variance of trait 2; and !!" is the genetic covariance between trait 1 and 2. Components 

for the matrix were also taken from the inverse of the average information matrix. 

 Correlated response to selection for LS30 was calculated for each day with the 

equation 

CR!"!" = ih!"h!"#$r!σ!"#$ , 

where i is the intensity of selection, assumed to be 1.4 to correspond with the top 20% 

selected each generation; h is the square root of heritability; !! is the genetic correlation 

between litter size (TNB, NBA, and LS2-29) and LS30; and !!"!" is the phenotypic 

standard deviation of LS30. Response to !"!"!"�for each day was then standardized to 

the response to selection in LS30 (!!"!") for each breed by dividing the correlated 

response by the response to selection in LS30 and multiplying by 100 to calculate a 

percentage.  

Results 

Unadjusted phenotypic means and standard deviations for TNB, NBA, LS2, 

LS5, LS10, LS30, LSW, NW, MortD30, and BirthWt are shown in Table 2. Large 

White had a greater phenotypic litter size for all litter size traits as well as larger SD 

except for NW. Means for Large White ranged from 12.77 to 9.17 for litter size traits, 

while Landrace ranged from 11.95 to 8.55. Standard deviations decreased from TNB 
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through NW and ranged from 3.64 to 2.93 in litter size traits for Large White and 3.31 to 

2.66 in Landrace. Mortality at day 30 was 1% greater for Large White than Landrace 

with a slightly lower SD. Average birth weight was 0.06 kg higher for Landrace with the 

same SD.  

Cumulative percentage of deaths through day 30 is displayed in Figure 1. Fewer 

than 40% of deaths happened at farrowing (day 0, stillborns). Within 9 days of birth, 

both breeds exceeded 80% of their respective preweaning mortalities at day 30. Large 

White sows had a greater percentage of piglet deaths at farrowing and throughout 

lactation until converging with Landrace at day 25. The difference was greatest for days 

2-5. This figure shows that Landrace sows had proportionately more piglet deaths later 

in lactation than Large White sows.  

Additive genetic, permanent environmental, total variance and heritability for 

TNB, NBA, and LS2 to LS30 are plotted in Figure 2. Additive genetic variances were 

greatest for TNB and NBA, decreased until day 7 for Landrace and day 14 for Large 

White and then increased slightly thereafter. Minimal differences in additive genetic 

variances were observed between the two breeds, however Large White had numerically 

greater variances from TNB to LS30. In general, permanent environmental variances 

decreased as lactation progressed. Total variances declined within the first 10 days of 

lactation and decreased only slightly thereafter. Total variances were greater for Large 

White across litter size traits. Residual variances (not shown) followed a very similar 

trend to total variances, ranging from 7.0 to 10.8 in Large White and 5.7 to 9.0 in 

Landrace. Heritability for litter size traits increased overall from TNB to LS30 for the 
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two breeds. The estimates were minimized at NBA in Landrace and LS3 for Large 

White. Heritability estimates tended to be slightly higher numerically for the Landrace 

breed, between 0.09 and 0.12 compared to 0.09 to 0.11 in the Large White.  

Genetic correlations between LS30 and TNB, NBA and LS2 to LS29 are plotted 

in Figure 3. Correlations started out moderate, below 0.75 for TNB, and then increased 

before plateauing around d 4 for Large White and d 7 in Landrace. The genetic 

correlations for each previous trait with LS30 increased more rapidly after parturition 

for Large White than Landrace. Large White reached a genetic correlation of 0.95 by d 

4, while Landrace reached 0.95 at d 8.  

Estimated variance components for litter traits from Large White and Landrace 

are shown in Table 3. In both breeds, number weaned had the lowest genetic variance 

and heritability among the litter size traits. Phenotypic variance decreased steadily and 

then remained relatively constant after LS5 for each breed in litter size traits. 

Heritability estimates for litter size traits and MortD30 ranged from 0.09 to 0.13 in 

Large White and 0.07 to 0.12 in Landrace. Heritability estimates for birth weight were 

0.24 and 0.26 for Large White and Landrace, respectively. Standard errors for 

heritability estimates were less than or equal to 0.02 for all traits, making all traits 

statistically greater than zero.  

Genetic correlations among litter size traits, MortD30, and BirthWt are displayed 

in Table 4. Genetic correlations among weaning traits LS30, LSW, and NW ranged from 

0.97 to 1.00. An unfavorable 0.23 genetic correlation between TNB and MortD30 was 

observed, but was -0.64 between LS30 and MortD30 in Large White, while Landrace 
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the correlations were 0.10 to -0.61 for TNB and LS30, respectfully. Average birth 

weight showed a similar trend. The genetic correlations were -0.46 between TNB and 

BirthWt and -0.15 between LS30 and BirthWt in Large White. Landrace correlations 

were -0.44 between TNB and BirthWt and -0.25 between LS30 and BirthWt. Litter size 

at day 5 and NW had genetic correlations of 0.96 and 0.85, while NW and LS10 had an 

even stronger 0.98 and 0.97 correlations for Large White and Landrace, respectively. 

Genetic correlations between TNB and NW were only moderate at 0.55 for both Large 

White and Landrace. BirthWt and MortD30 had a low, but favorable genetic correlation 

of -0.14 and -0.13 for Large White and Landrace, respectively.  

Figure 4 shows the correlated response in LS30 when selecting for TNB, NBA, 

and LS2-29. Large changes can be seen up until LS4, after which smaller increments are 

observed. Among LS traits, the largest difference was between LS3 and LS4. Ninety 

percent of the response in LS30 was captured at d 8 in both Large White and Landrace. 

Correlated responses plateaued by day 10, as did the genetic correlations (Figure 3).  

Discussion 

Modeling LS traits 

 A direct-maternal model could not be fit because the piglet dataset did not include 

records for all fully formed piglets at birth. Only a subset of the piglets were weighed and 

recorded, those alive at processing (within 48 hours). These LS traits of interest however, are 

modeled at the sow level because they are by definition a trait of the sow. Bidanel (2011) 

concluded the largest proportion of the genetic variation is due to the dam for litter size traits, 

although the additive genetics of the piglet does increase throughout lactation (Su et al., 
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2008). Knol et al. (2002b) stated that using a direct piglet/maternal/nurse sow model would 

require precise recording of stillbirths and cross-fostering, a large dataset, and powerful 

statistical analyses. A common objection to LS traits is ignoring of cross-fostering in the 

model. However, a relatively large amount of cross-fostering would be needed to estimate 

such an effect (Knol et al., 2002a). In the current data set, cross-fostering was relatively low 

at 4.9 and 8.3% for LW and LR, respectively. Moreover, including nurse sow effects in the 

model gave erratic results as a whole (Knol et al., 2002a). Running large models can run the 

risk of over-parameterization. For example, a model that includes direct, maternal, and nurse 

sow effects would include eight variance components (covariances plus litter and residual; 

see Knol et al., 2002a). If nurse sow were to be added to the model, other effects such as 

nurse sow parity may need to be included to effectively model the nurse sow effect.  

 Further improvement the number of weaned pigs may be possible with selection on 

component traits (i.e. initial litter size and piglet survival) as suggested by several authors 

(Knol et al., 2002a; Su et al., 2008; Lund et al., 2002). However, from a practical standpoint 

modeling survival at the piglet level can complicate analyses for breeding programs. Past 

authors (Knol et al., 2002a; Su et al., 2007; Su et al., 2008) have split survival into different 

periods, treating them as separate traits. This is justified given the relatively low to moderate 

genetic correlations among them at the piglet and sow level (Su et al., 2007; Su et al., 2008; 

Roehe et al., 2009; Arango et al., 2006). Direct selection for survival as a binary trait is 

possible, however a number of implementation questions remain. Postnatal survival can be 

split into separate traits and each period will need to be modeled separately. The aggregate 

genotype with accurate variance components and appropriate weights will need to be 
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calculated. More research will need to be completed to answer these questions exactly and 

will depend on the population of interest. Nielsen et al. (2013) suggested a generalized linear 

mixed model for mortality may have problems with overdispersion. More sophisticated or 

appropriate models may be needed to address that problem. A pilot study conducted by Su et 

al. (2007) found the nurse sow had a small influence on piglet survival in the first 5 days 

after farrowing. These results suggest adopting a simpler model that can easily be integrated 

into current selection programs easily. One alternative method would be to integrate an LS 

trait in the maternal lines, while selecting for direct piglet survival as a binary trait in the 

paternal lines. The maternal component for survival would not be realized in the terminal 

commercial animal from the paternal line, but the direct additive effects would be expressed.  

 Selection for LS5 has been shown to substantially increase the number of piglets at 

birth, day 5, and reducing mortality up to day 5 (Nielsen et al., 2013). Values for genetic 

improvement were 1.3 and 1.9 piglets per litter for TNB, 1.7 and 2.2 piglets per litter for 

LS5, and 4.7 and 5.9% for mortality at day 5 in Landrace and Large White, respectively 

(Nielsen et al., 2013). Prior to that study, Su et al. (2007) reported a genetic correlation of 

0.995 between LS5 and litter size at weaning with similar Danish herds. Given LS5, LSW, 

and NW are similar traits; any genetic improvement in one should result in similar 

improvement in the others. Results from Nielsen et al. (2013) showed that even though LS 

traits ignore the nurse dam and additive genetics of the piglet, selection was successful in 

reducing mortality and increasing litter size at birth. A different model for piglet survival 

based on the binary observation of piglet survival has been implemented in the breeding 

program of TOPIGS. In 10 years, genetic trends reduced piglet mortality approximately 0.5% 
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while litter size has increased 1.4 pigs (Merks et al., 2011). These results in comparison to 

Danish results aren’t directly comparable because Nielsen et al. (2013) published litter size 

and mortality at day 5. Other factors are also unknown such as selection intensity and 

proportion of the aggregate genotype. The debate on modeling piglet survival will continue, 

but it seems possible to make genetic improvement using either model.  

Variance components 

 The current analysis was extended to day 30 to show variance components up to and 

past weaning (averaged 23.5 and 23.7 d for LW and LR, respectively). This was done to try 

to include the early nursery mortalities in a total measure of piglet mortality. Piglets may be 

counted as weaned and fail to thrive early in the nursery period. Although not directly 

responsible for the piglets’ death, the sow could still have a residual effect on the piglet early 

in the nursery.  

 Trends in variances for litter size traits (Figure 2) are in agreement with a previous 

study on LS5 (Su et al., 2007). Heritability estimates increased on a positive linear trend from 

TNB to LS30. Su et al. (2007) showed heritability for the sow component increased from 

0.066 for TNB to 0.090 for LSW in Landrace and 0.053 to 0.065 in Large White. In the 

present study, heritability was slightly higher, which may have been caused by a different 

population structure and a less complex model. Su et al. (2007) included service-sire additive 

genetic and permanent environmental effects. Heritability estimates for TNB and NBA 

reported in this study were close to reported literature values at approximately 0.10 (Bidanel 

2011). Previous reported estimates for LS5 range from 0.07 to 0.10 (Su et al. 2007; Nielsen 

et al. 2013). Results from the present study are consistent with these estimates. MortD30 had 
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a slightly greater heritability than literature values of 0.07 for farrowing survival and 0.05 for 

birth to weaning survival of which MortD30 is a combination of these two traits (Bidanel 

2011). This may be because MortD30 is a trait of the biological sow, reducing the extra 

variation from the nurse dam. Nielsen et al. (2013) reported a heritability of 0.09 and 0.10 for 

mortality at day 5 for Landrace and Large White, respectively. The estimates from the 

present study were close to those reported by Nielsen et al. (2013), although not directly 

comparable as the current estimates were from mortality at d 30 instead of d 5.  

 Heritability for BirthWt for both breeds was comparable to 0.24 reported by Bidanel 

(2011). Birth weight in this study was considered a trait of the sow. Other models have 

chosen to split direct and maternal effects to effectively split genetic components. Direct and 

maternal heritability estimates averaged 0.06 and 0.186 (Roehe, 1999; Knol et al., 2002a; 

Arango et al., 2006; Grandinson et al., 2003; Su et al., 2008). The genetic correlation 

between direct and maternal components averaged -0.19 (Roehe, 1999; Knol et al., 2002a; 

Arango et al., 2006; Su et al., 2008). This unfavorable relationship between direct and 

maternal components would mean that direct selection for birth weight would have an 

antagonistic relationship with the maternal birth weight component and both would have to 

be included into the aggregate genotype for selection.  

 An interesting result was the change in additive genetic variances over time. The 

additive genetic variance was minimized within 10 days, which is unfavorable and then 

increased slightly thereafter. Given the standard errors of these variances (0.14 - 0.20 in LW 

and 0.13 - 0.18 in LR), the increase would not be considered statistically significant, although 

noteworthy. It is not clear what caused the subsequent increase. One plausible explanation 
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may be that the additive genetic effect of the piglet (not accounted for in the model) was 

partitioned into the maternal additive genetic variance instead of the residual during later 

days, as the direct additive variance is expected to increase with age (Su et al., 2008). Further 

investigation into this issue may need to be addressed in the future along with the increased 

effects of the nurse dam later in lactation.  

Genetic correlations 

 The genetic correlation between LS5 and LSW were slightly less than 0.995 that was 

reported by Su et al. (2007) for both breeds. This may be due to more deaths after day 5 in 

the current dataset than reported in the Danish herds. Differences in mortality could be 

caused by management practices and the fact that the Danish herds (Su et al., 2007; Nielsen 

et al., 2013) had a higher TNB (greater than 13.5) which may have caused an increase in 

early deaths proportional to the total number of deaths, increasing the correlation between 

LS5 and LSW.  

 With the relatively low genetic correlation between TNB and the three weaning traits 

(LS30, LSW, and NW), there would be a considerable amount of re-ranking expected 

between litter size at birth and weaning. Selecting for a trait with more favorable genetic 

correlations like LS5, LS10, or LSW would be beneficial to increase litter size at weaning 

per sow. Since a genetic correlation of 0.95 was reached within the first 8 days in both 

breeds, it’s expected that there would be only slight re-ranking of animals after the first week 

in genetic evaluations. Moreover, later LS traits had more favorable genetic correlations with 

birth weight, a main concern of many swine breeding programs as low birth weight piglets 

lack vitality (Lay et al., 2002).  
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 Correlations between MortD30 and litter size traits started unfavorable (positive) and 

became moderately negative by LS5 before stabilizing after LS10. This correlation is one of 

the reasons it may be more beneficial to go out to d 10 instead of using an earlier LS trait. 

More progress in reducing preweaning mortality would be expected. A practical 

consideration for which day may be best would be the means of the current data. Given a 

very high TNB or NBA with a high mortality rate, it may be better to go out farther than day 

two or five. If the population has a relatively low initial litter size along with a relatively low 

mortality rate, an earlier day like LS2 may be better for this population. Birth weight showed 

a similar trend, however, by LS30 the genetic correlation was still negative and therefore 

unfavorable. This would be expected as the LS traits are moderately to highly correlated with 

initial litter size.  

 The genetic correlations between LS5 and NW were exceptionally high in the Large 

White (0.96) and in the Landrace (0.85), however by day 10 these correlations were 0.98 and 

0.97. Some of the difference is likely due to the higher amount of cross-fostering in Landrace 

(4.9 vs. 8.3%). No known estimates exist for these two traits. This would suggest that it 

might not be worth it to back calculate LS traits from piglet data. Instead, simply use the NW 

value given in existing databases as long as cross-fostering is low or eliminated. The answer 

may come down to initial litter size and cross-fostering. It is expected that larger initial litter 

size would result in more cross-fostering. An increase in cross-fostering may result in a lower 

correlation between LS10 and NW. Breeding programs with lots of cross-fostering or 

worried about not accounting for this effect, may choose a LS trait such as LS2, which is 
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unaffected by cross-fostering. Selection for LS5 has been published, thus some may choose d 

5 because it has been documented to be effective (Nielsen et al., 2013).  

Selecting the optimum day or trait for selection 

 The main objective of the present study was to determine which day (LS trait) might 

be used to obtain the optimal genetic progress in the number of viable weaned pigs per sow 

and decrease in preweaning mortality. Plotting variances and genetic correlations across days 

was done to try to determine this objectively, rather than simply looking at a histogram or 

percentage of deaths figure. Small fluctuations in point estimates for each trait was expected 

and observed, but overall the trends were fairly smooth. In order to answer this question, the 

correlated response in LS30 was plotted out for each prior day. The same selection intensity 

of 1.4 was assumed, corresponding to the top 20% of animals selected, and given only slight 

variation in heritability estimates among traits, most of the trend was explained by the 

genetic correlations between the traits and LS30. No maxima were observed prior to day 30, 

which was an important part of the objective, therefore LSW or LS30 should be considered 

for selection. However, problems exist with increasing nurse dam effects and additive 

genetics of the piglet. The individual piglets’ genetics has more of an influence of surviving 

past d 10 than at d 1. Based on the results from the present study, litter size at weaning would 

result in the most progress for piglets weaned. A compromise may be using LS10 because the 

genetic correlations and correlated response in LS30 plateaued at this point and would limit 

effects of the nurse dam and the additive genetics of the piglet at a later day such as weaning 

or d 30. It was also observed that LS10 and LSW had a very high genetic correlation of 1.00 

in Large White and 0.98 in Landrace.  
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Inclusion of birth weight in breeding programs 

 Inclusion of litter birth weight in breeding programs to improve survival in pigs has 

previously been suggested (Johnson et al.,1999; Roehe, 1999). However, its effectiveness in 

terms of reducing preweaning mortalities has been questioned (Knol et al., 2002b; Bidanel 

2011). Genetically reducing variation in birth weight has been thought to have a larger effect 

than average birth weight (English and Morrison 1984; Damgaard et al., 2003; Wolf et al., 

2008). Results from the present study indicate that increasing the average birth weight may 

improve survivability slightly as the genetic relationship was weak, -0.14 and -0.13 for Large 

White and Landrace, respectively. Knol et al. (2002b) stresses this doubt and indicates that it 

could be a problem with authors interpreting the phenotypic relationship between birth 

weight and survival as a genetic correlation. While the phenotypic relationship between birth 

weight and survival is well established (Fix et al., 2010; Milligan et al., 2002), the genetic 

relationship remains weak to moderate (Su et al., 2008). Damgaard et al. (2003) reported a -

0.26 genetic correlation between average birth weight and proportion of deaths during 

suckling. Arango et al. (2006) reported genetic correlations of birth weight with stillbirths, 

total mortality, and early mortality (prior to day 5) between -0.34 and -0.43 at the direct 

piglet level and between 0.13 to -0.31 at the maternal level. Genetic correlations seem low to 

moderate at best. Some of the problem may be because low is a relative term used to describe 

where a piglet falls in a distribution. Many times authors decide to describe low in terms of 

an arbitrary value instead of using a better measure such as standard deviations from the 

mean. Shifting the distribution away from zero does not remove low birth weight piglets 

because it doesn’t change the fact that lower birth weight piglets will have to compete with 
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heavier litter mates (English and Morrison, 1984). Selection for within-litter variation should 

change the within litter distribution of birth weights to increase survivability and give piglets 

a better chance to compete amongst themselves. After four generations of canalizing 

selection for birth weight in rabbits, it was concluded that young rabbit survival was 

increased without reducing the mean birth weight (Garreau et al., 2008). When both mean 

birth weight and traits related to variability (variance, SD, and CV) were analyzed, both 

resulted in favorable relationships with piglet mortality, however traits related to variation 

were more correlated to losses from birth to weaning (Wolf et al., 2008). In the same study if 

was also discovered that mean birth weight was over three times more heritable than 

variability traits (Wolf et al., 2008). A selection index approach would be needed to calculate 

which trait would result in a higher correlated response or add both into the aggregate 

genotype if further piglet vitality is desired.  

Potential challenges 

 One foreseeable challenge in the future may be the deterioration of the genetic 

correlation between LS5 and litter size at weaning. Estimates thus far have been very high 

(present study; Su et al., 2007). As selection pressure is applied on LS5, more preweaning 

mortality deaths might occur after day 5 in response, eroding the high correlation currently 

observed. Little direct evidence can be provided, as the genetic correlation has not been 

reported since 2007 in Danish herds. Haley et al. (1988) reported that the genetic correlation 

between litter size at birth and litter size at weaning was close to unity. Contrast that with the 

current estimates in this study of 0.55 and the observed association with mortality in breeding 

programs. When sows were less prolific, prior to heavy selection pressure on reproductive 
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traits, this correlation would have been substantially higher. Current estimates of prolificacy 

in Danish herds is over 15 total pigs born (Guo et al., 2015). If the genetic correlation was 

still one as stated by Haley et al. (1988) the trend in TNB and NW should be roughly one. 

Stalder (2014) reported TNB increasing at 0.22 piglets per year and NW at 0.11 piglets per 

year. Selection for an LS trait should help parallel these trends by decreasing preweaning 

mortality.  

It is expected that more piglets will be weaned given the results from Nielsen et al. 

(2013). This means that sows, especially parity one sows, will have an increased demand to 

produce milk and mothering ability will become even more important. Extrapolating from 

the Dairy industry, genetic correlations between milk yield and fertility traits are unfavorable 

(Veerkamp et al., 2001); most likely due to the negative energy balance from the productivity 

demands. Wean-to-estrus interval is important economically to producers because it’s a 

component of litters per sow per year (LSY) and non-productive days are very costly. 

Lundgren et al. (2010) investigated subsequent wean to service interval and showed that 

raising fast growing piglets may have an effect on subsequent total number born, but no 

relation to wean-to-service interval was found in that study. Lundgren et al. (2013) showed 

that selection for the heaviest litters may lead to lower BCS at weaning and suggested that 

selection for higher sow feed intake may reduce problems. Although piglet growth and litter 

size at weaning are not the same trait, both would increase sow productivity. Further 

investigation into this topic is warranted. Bergsma et al. (2008) has suggested including 

lactation efficiency in the breeding objective as an alternative. Some of these adverse effects 
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may need to be accounted for with adjusting management practices such as increasing 

lactation feed intake and possibly split weaning as litters become larger, later in lactation.  

Conclusions 

 Since selection for initial litter size has been associated with increased mortality, 

shifting the breeding objective trait from TNB or NBA to a day early in lactation would be 

beneficial to reduce mortality, while still increasing initial litter size. This simplified 

trait/model can be used in place of more sophisticated generalized linear mixed effects 

models, such as threshold-linear models, to make an easier transition from selection for 

initial litter size to a LS trait. No maxima were observed prior to d 30 in this study, therefore 

selection for LSW or LS30 would be optimal, although d 30 was chosen arbitrarily. Selection 

for LS10 may be a middle ground between progress in litter size at weaning and associated 

problems with increased nurse sow effects because of cross-fostering and increased effect of 

additive piglet genetics later in lactation. More research needs completed on the effect they 

would have if selection for LSW were practiced. Those programs still concerned with nurse 

dam effects may choose LS2 assuming they were cross-fostered on d 2, negating its effect. 

The current data came from one system, choosing exactly which day will be left up to 

individual selection programs and research on a per breeding program basis is needed.  
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Table 1. Number of litters, sows, year-seasons, and farms for each breed 

Breed Litters Sows YS1 Farms2 
Large White 8257 4849 16 3 
Landrace 6928 4443 16 3 
1 Year-Season. Four full years of data were analyzed that included four seasons per year.  

2 There were four farms total. Two of the farms contained both Large White and Landrace. 

Out of the two remaining farms, one had Large White and one had Landrace only.  
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Table 2. Mean and SD for litter size traits, mortality, and birth weight in 8257 Large White 

and 6928 Landrace litters 

 Large White Landrace 
Trait1 Mean SD Mean SD 
TNB 12.77 3.64 11.95 3.31 
NBA 11.47 3.48 10.86 3.07 
LS2 10.56 3.29 10.16 2.87 
LS5 10.01 3.09 9.64 2.70 
LS10 9.66 3.00 9.18 2.67 
LS30 9.17 2.94 8.61 2.68 
LSW2 9.31 2.95 8.78 2.66 
NW2 9.22 2.93 8.55 2.73 
MortD30 0.26 0.18 0.25 0.19 
BirthWt3 1.50 0.25 1.56 0.25 
1 Traits included total number born (TNB), number born alive (NBA), litter size at day 2, 5, 

10, and 30 (LS2, LS5, LS10, and LS30), litter size at weaning (LSW), number weaned (NW), 

mortality at day 30 (MortD30), and average birth weight (BirthWt).  

2 NW was recorded as how many piglets were present in the litter at the time of weaning. 

This would include any piglets cross-fostered onto that litter and exclude those cross-fostered 

off. LSW is calculated as the number of piglets alive at weaning according to the biological 

litter (excluding cross-fostering).  

3 BirthWt was the average of piglets alive at processing.  
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Table 3. Additive genetic variance (!!!), permanent environmental variance (!!"! ), total 

variance (!!!), and heritability (!!) with standard errors (SE) for litter size traits, mortality, 

and birth weight in 8257 Large White and 6928 Landrace litters 

! Large!White! ! Landrace! !

Trait1! !!!! !!"! ! !!!! ℎ!! SE(ℎ!)! !!!! !!"! ! !!!! ℎ!! SE(ℎ!)!

TNB! 1.240! 0.971! 13.039! 0.10!! 0.02! 1.015! 0.701! 10.677! 0.10! 0.02!
NBA! 1.257! 0.873! 11.996! 0.10! 0.02! 0.870! 0.637! 9.296! 0.09! 0.02!
LS2! 0.938! 1.041! 10.648! 0.09! 0.02! 0.861! 0.504! 8.219! 0.10! 0.02!
LS5! 0.901! 0.864! 9.444! 0.10! 0.02! 0.774! 0.462! 7.305! 0.11! 0.02!
LS10! 0.888! 0.729! 8.949! 0.10! 0.02! 0.777! 0.490! 7.029! 0.11! 0.02!
LS30! 0.986! 0.611! 8.592! 0.11! 0.02! 0.860! 0.424! 7.156! 0.12! 0.02!
LSW2! 0.926! 0.640! 8.652! 0.11! 0.02! 0.831! 0.494! 7.022! 0.12! 0.02!
NW2! 0.802! 0.630! 8.513! 0.09! 0.02! 0.610! 0.660! 7.389! 0.08! 0.02!
MortD303! 0.004! 0.002! 0.031! 0.13! 0.02! 0.002! 0.001! 0.032! 0.07! 0.02!
BirthWt4! 0.013! 0.005! 0.056! 0.24! 0.02! 0.015! 0.002! 0.057! 0.26! 0.02!
1 Traits included total number born (TNB), number born alive (NBA), litter size at day 2, 5, 

10, and 30 (LS2, LS5, LS10, and LS30), litter size at weaning (LSW), number weaned (NW), 

mortality at day 30 (MortD30), and average birth weight (BirthWt). 

2 NW was recorded as how many piglets were present in the litter at the time of weaning. 

This would include any piglets cross-fostered onto that litter and exclude those cross-fostered 

off. LSW is calculated as the number of piglets alive at weaning according to the biological 

litter (excluding cross-fostering). 

3 Mortality at d 30 was assigned to biological litters and calculated as (TNB - LS30) / TNB. 

4 BirthWt was the average of piglets alive at processing (within 48 hours). 
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Table 4. Genetic correlations for litter size traits, mortality, and birth weight in 8257 Large 

White litters (above diagonal) and 6928 Landrace litters (below diagonal) 

 TNB NBA LS2 LS5 LS10 LS30 LSW NW MortD30 BirthWt 
TNB  0.91 

(0.02) 
0.81 

(0.05) 
0.73 

(0.06) 
0.66 

(0.07) 
0.57 

(0.08) 
0.61 

(0.08) 
0.55 

(0.10) 
0.23 

(0.12) 
-0.46 
(0.08) 

NBA 0.89 
(0.03) 

 0.96 
(0.01) 

0.87 
(0.03) 

0.80 
(0.05) 

0.74 
(0.06) 

0.77 
(0.05) 

0.74 
(0.07) 

-0.04 
(0.12) 

-0.44 
(0.08) 

LS2 0.87 
(0.04) 

0.98 
(0.01) 

 0.97 
(0.01) 

0.93 
(0.02) 

0.88 
(0.03) 

0.90 
(0.03) 

0.88 
(0.04) 

-0.34 
(0.12) 

-0.27 
(0.10) 

LS5 0.85 
(0.04) 

0.93 
(0.02) 

0.96 
(0.01) 

 0.99 
(0.00) 

0.97 
(0.01) 

0.98 
(0.01) 

0.96 
(0.02) 

-0.48 
(0.10) 

-0.20 
(0.10) 

LS10 0.80 
(0.05) 

0.88 
(0.04) 

0.90 
(0.03) 

0.98 
(0.01) 

 0.99 
(0.00) 

1.00 
(0.00) 

0.98 
(0.01) 

-0.54 
(0.10) 

-0.19 
(0.10) 

LS30 0.73 
(0.07) 

0.80 
(0.05) 

0.84 
(0.04) 

0.92 
(0.02) 

0.98 
(0.00) 

 1.00 
(0.00) 

0.99 
(0.01) 

-0.64 
(0.08) 

-0.15 
(0.10) 

LSW2 0.75 
(0.06) 

0.83 
(0.05) 

0.86 
(0.04) 

0.93 
(0.02) 

0.98 
(0.01) 

1.00 
(0.00) 

 0.98 
(0.01) 

-0.60 
(0.08) 

-0.15 
(0.10) 

NW2 0.55 
(0.11) 

0.63 
(0.10) 

0.76 
(0.08) 

0.85 
(0.06) 

0.97 
(0.03) 

0.975 

 
0.975 

 
 -0.58 

(0.09) 
-0.17 
(0.10) 

MortD303 0.10 
(0.14) 

-0.14 
(0.15) 

-0.25 
(0.14) 

-0.35 
(0.14) 

-0.49 
(0.12) 

-0.61 
(0.10) 

-0.58 
(0.10) 

-0.70 
(0.10) 

 -0.14 
(0.09) 

BirthWt4 -0.44 
(0.09) 

-0.52 
(0.08) 

-0.39 
(0.09) 

-0.34 
(0.09) 

-0.30 
(0.09) 

-0.25 
(0.09) 

-0.24 
(0.09) 

-0.22 
(0.11) 

-0.13 
(0.11) 

 

1 Traits included total number born (TNB), number born alive (NBA), litter size at day 2, 5, 

10, and 30 (LS2, LS5, LS10, and LS30), litter size at weaning (LSW), number weaned (NW), 

mortality at day 30 (MortD30), and average birth weight (BirthWt). 

2 NW was recorded as how many piglets were present in the litter at the time of weaning. 

This would include any piglets cross-fostered onto that litter and exclude those cross-fostered 

off. LSW is calculated as the number of piglets alive at weaning according to the biological 

litter (excluding cross-fostering).  

3 Mortality at d 30 was assigned to biological litters and calculated as (TNB – LS30) / TNB. 

4 BirthWt was the average of piglets alive at processing (within 48 hours).  
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5 Standard errors were not obtained due to AIREML failing to converge. Instead, REML was 

used to calculate the genetic correlation and estimates of the standard error we not 

obtainable.  
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Figure 1. Percentage of deaths calculated as a ratio of cumulative deaths out of the total 

number of deaths at day 30. Starting at day 0 (stillborns) and days 2-30.  

1 Piglet processing was done within 48 hours, therefore day 1 could not be distinguished from 

day 2. 
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Figure 2. Estimated variance components for TNB, NBA, and LS2-30 in Large White and 

Landrace.  
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Figure 3. Genetic correlation between LS30 and TNB, NBA, and LS2–29.  
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Figure 4. Correlated response to selection in LS30 for TNB, NBA, and LS2-29.  
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CHAPTER 3 

Accuracies of genomic and pedigree based predictions for swine litter size traits in Large 

White and Landrace breeds 
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Introduction 

Multiple genomic validation methods for accuracy comparisons have been proposed 

since the introduction of genomic selection. Often models are compared to determine which 

model performs best in terms of accuracy and bias. Results from these studies have reached a 

similar conclusion; genomic selection outperforms pedigree-based predictions with slight 

variability among genomic models (Aguilar et al., 2011; Tusell et al., 2013). In light of these 

results, the swine industry has adopted single-step methodology due to its simplicity and 

limitations of marker estimation models (Legarra et al., 2014). Single-step GBLUP was 

derived in order to utilize genotyped and non-genotyped individuals in the same BLUP 

framework by blending the additive relationship matrix (A) and G (Legarra et al., 2009; 

Christensen and Lund, 2010).  

Justification of the validation methods being used for accuracy comparisons has been 

largely ignored. In a review paper on genomic selection by de los Campos et al. (2013), 

validation methods were not discussed, yet may play a critical role in breeding programs 

implementing new traits for selection. Many articles that have been published comparing 

these models have used only one or two different validation methods without thorough 

justification (Christensen et al., 2012; Baloche et al., 2014). Therefore the objective of this 

study was to compare published validation methods for litter size traits to determine the 

optimal validation method for comparing pedigree to single-step GBLUP in terms of 

accuracy and stability.  
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Materials and Methods 

Field data 

Data provided by Smithfield Premium Genetics (SPG; Rose Hill, NC) was collected 

from June 2009 through May 2013 for both the Large White and Landrace purebred maternal 

breeds. It included 8257 litters and 4849 sows for Large White and 6928 litters and 4443 

sows for Landrace. At birth, the number of live born and stillborn piglets was recorded. 

Litters were recorded and piglets were processed, weighed, and cross-fostered within 48 

hours of birth. Individual mortality dates were recorded on piglets that died after they were 

processed. Cross-fostering occurred for 4.9 and 8.3% of the total number of live born piglets 

at birth and 17 and 25% of litters for Large White and Landrace, respectively.  

Six litter size traits were analyzed: total number born (TNB), number born alive 

(NBA), litter size at day 5 and 10 (LS5, LS10), litter size at weaning (LSW), and number 

weaned (NW). All traits were modeled as a trait of the dam. Litter size at day 5, 10, and 

weaning assigned piglets to their biological litter (Su et al. 2007; Nielsen et al., 2013). In 

contrast, number weaned included all piglets that were present in the litter of that sow at the 

time of weaning, including any piglets cross-fostered onto the litter.  

Animals were genotyped using the Illumina PorcineSNP60 Beadchip. There was a 

total of 61,565 SNP for both breeds in the original genotype file. Prior to processing, the 

number of genotyped animals was 3264 and 1976 for Large White and Landrace, 

respectively. Genotype processing (for SNP and animals) included: removing any SNP with 

allele frequency below 0.05 or a call rate below 0.90, SNP mapped to sex chromosomes, 

animals with a call rate below 0.90, any SNP that had Hardy-Weinberg conflicts, and any 
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animals that had a parent-progeny conflict. After processing, the Large White had 32,719 

SNP and 3195 genotyped animals, Landrace had 31,350 SNP and 1961 genotyped animals. 

Simulated data 

Simulated data were created using QMSim to mimic the real data used in this analysis 

(Sargolzaei and Schenkel, 2009). The simulated data was used to determine the optimal 

validation method for litter size. Ten replicates were analyzed to calculate the mean and 

standard deviation of each method. One-thousand five-hundred historical generations were 

simulated that included 500 sows and 500 boars, followed by an expansion to 1000 sows and 

boars within ten generations in order to sample enough sows for the recent population. These 

were used to establish LD between markers and QTL. The recent population included 1000 

sows and 50 boars per generation and ran for 21 generations. The 21st generation was needed 

to select which individuals were selected in generation 20. Generations 14 through 20 (last 

six generations) were selected for this data. Only generations 17 through 20 (4 generations) 

were selected as genotyped individuals. Litter size was copied from the distribution of LSW 

in the Large White population (biological offspring weaned per sow). Overlapping 

generations was simulated; sows were culled at 80% per generation and boars at 50% per 

generation. More sows were simulated than were present in the real data, as QMSim does not 

allow for repeated measures. Another limitation was that QMSim simulates phenotypes for 

all of the offspring, thus only those selected to be parents in the next generation had 

phenotypes, all other phenotypes were removed to mimic litter size phenotypes. Random 

selection was practiced due to the data processing step; selection on EBV was discovered to 

not be possible in a preliminary analysis. Mating’s were assigned to minimize inbreeding. 
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The trait simulated had a heritability of 0.10 and a QTL heritability of 0.08, leaving a 0.02 

polygenic effect. The phenotypic variance was set to 9.0, roughly the same as litter size (Su 

et al., 2007). It was sex-limited, so only females recorded a phenotype. An important note is 

that litter size could not be used as the response trait in QMSim, thus litter size was a 

separate parameter than the trait being measured. Each sow would randomly be assigned the 

number of offspring based on the litter size distribution specified (LSW in the Large White) 

that was independent of the trait simulated. The resulting simulated dataset after processing 

had a total of 5700 records (and sows) and 3300 genotyped individuals (males and females) 

after processing.  

The genome consisted of 18 pairs of chromosomes. Two alleles for 10,000 markers 

were simulated per chromosome for a total of 180,000 markers. In the last historical 

generation (1500), sixty-thousand markers were randomly selected from those with an allele 

frequency greater than 0.01. Each chromosome contained 25 QTL with two alleles each for a 

total of 450 QTL. Both markers and QTL were positioned randomly throughout the genome 

in the first historical generation.  

Models 

Estimated breeding values were calculated using a traditional BLUP prediction 

model. Analyses were carried out with BLUPF90 (Misztal et al., 2002). Models for litter size 

traits included fixed effects of year-season, farm, and parity. Random effects included 

additive genetics of the dam and permanent environmental effects of the dam. The model for 

simulated data included generation as a fixed effect for the accf90 program and additive 

genetics of the dam (no repeated measures simulated). The full dataset utilizing the pedigree 
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was used to calculate variance components as in Guo et al. (2015). Heritability estimates for 

litter size traits in the Large White ranged from 0.09 to 0.11 and from 0.08 to 0.12 in the 

Landrace. The pedigree was traced back three generations.  

Single-step GBLUP was implemented in this analysis (Legarra et al., 2009; 

Christensen and Lund, 2010). The computation for H-1 was  

!!! = !!! + 0 0
0 λ(!!! − !!!!!) , 

where A-1 is the inverse of the numerator relationship matrix (A) including all animals; G is 

the genomic relationship matrix; !!!!! is the inverse of the A matrix for only genotyped 

animals; λ was 0.95 corresponding to weighting 0.95 for G-1 and 0.05 for !!!!!. Observed 

allele frequencies were used to center and scale the observed genotype matrix.  

Validation methods 

Forward validation was used in this analysis. In the field data, the last three year-

seasons were masked as the validation dataset and predictions were made using the first 13 

year-seasons as the training dataset. The validation dataset contained 29 and 27% of the 

observations for Large White and Landrace, respectively. The last three year-seasons were 

selected because the goal in a breeding program would be to predict breeding values of 

young replacements in the next generation, not multiple generations. In the simulated data, 

generation 20 was masked and predictions were made from generations 14 through 19 (6 

generations).  

Four methods were used to calculate accuracy including taking the diagonals of the 

inverse left hand side (iLHS) and calculating the traditional accuracy (Forni et al., 2011), 
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approximated accuracies (Meyer, 1989; Misztal et al., 2013), correlating predictions to the 

GEBV from the full dataset (similar to Aguilar et al., 2011), and correlating predictions to the 

corrected phenotypes (Christensen et al., 2012; Lourenco et al., 2014). For simulated data, 

the true breeding values (TBV) were known and correlated to the genomic and pedigree 

predictions.  

First, the inversion of left hand side (iLHS) was calculated to obtain the standard 

error of prediction (SEP) to calculate the traditional accuracy. Fortran FSPAK (package for 

matrix inversions) solving method was used in the BLUPF90 program (i.e. these were not 

approximations). The equation from Mrode (2014) that was used to calculate traditional 

accuracy was  

r = ! 1− (SEP!/σ!!)!, 

where SEP is the standard error of prediction output from BLUPF90 and σ!! is the additive 

genetic variance of the trait being analyzed. Accuracy was defined as the mean of the vector 

for genotyped sows.  

Second, approximations from the accf90 program in the BLUPF90 family of 

packages were calculated (Meyer, 1989; Misztal et al., 2013). Year-season was used as the 

major fixed effect in the approximations for the field dataset. In simulated data, generation 

was used as the only fixed effect for approximations. As for iLHS, accuracy was defined as 

the mean of the vector for genotyped sows.  

Third, single-step GBLUP predictions (GEBVfull) from the full dataset were used as 

the response. Accuracy was defined as 

r = cor( G EBV!"#$%$%&,GEBV!"##), 
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where (G)EBVtraining was either the GEBV from the single-step prediction or the EBV from 

the pedigree based prediction from the training dataset.  

Fourth, the corrected phenotypes (Yc) from the full dataset adjusted for fixed effects 

were used as the response. Accuracy was defined as in Lourenco et al. (2014) 

r = cor( G EBV!"#$%$%&,Y!), 

where Yc was the corrected phenotype from the full dataset; (G)EBVtraining as previously 

defined. Three different implementations of this were used, (1) the correlation between the 

prediction and the corrected phenotypes of the genotyped sows (Yc) (2) the correlation from 

1 divided by the square root of heritability (Ych; similar to Guo et al., 2015) and (3) the 

correlation between the breeding value prediction of the genotyped sire with at least five 

daughters in the validation dataset and the average of his daughter residuals (Ycs). Daughters 

used to calculate the average corrected phenotype had no information in the training dataset.  

Any sow with a record in the training dataset was removed in the validation dataset. 

This resulted in 194 genotyped Large White sows and 20 genotyped Landrace sows. There 

were 34 genotyped sires with at least five daughters in the validation dataset for both Large 

White and Landrace populations. For the simulated data, 800 genotyped females and 25 

genotype males were used for validation.  

Results 

Field data 

Table 5 presents the accuracies and standard deviations for ssGBLUP and pedigree 

predictions averaged across six traits for both Large White and Landrace breeds. Caution 

should be taken in interpreting the SD as a scaling effect would be expected. Accuracies from 



 

91 

iLHS were consistent between the two breeds. For Large White and Landrace accuracies 

improved from 0.27 to 0.37 and 0.29 to 0.36, respectively. Approximated accuracies showed 

only a slight improvement from pedigree predictions using ssGBLUP. Correlating 

predictions to GEBVfull yielded high accuracies for the ssGBLUP predictions. The most 

variation was observed for the sire method of aggregating daughter residuals in the Large 

White. For Landrace, the most variable method was the Ych method.  

Accuracies for both models across the six different traits for Large White and 

Landrace are presented in Figures 5 and 6, respectively. Each was presented in a separate 

figure with the y-scale fixed in each. Estimates for iLHS, accf90, GEBVfull were all 

consistently higher for GEBV than EBV accuracies in both breeds. These three methods also 

showed little variation across trait. All of the corrected phenotype methods in both breeds 

had at least one trait re-ranked between GEBV and EBV. Lack of variability across trait in 

the approximated accuracies was seen in both breeds, which mimics iLHS the best. Landrace 

seemed especially unstable. In 4 out of the 6 traits, the EBV predictions outperformed the 

GEBV predictions for the Yc method (and therefore the Ych method). In 5 out of the 6 traits, 

the EBV predictions outperformed the GEBV predictions for Ycs. Large White was more 

consistent with iLHS; only 1 trait per Yc method showed the EBV predictions outperforming 

the GEBV predictions.  

Simulated data 

 Table 6 displays the true accuracy along with accuracies of the six methods averaged 

across the ten replicates. The correlations between TBV with GEBV and EBV were 0.44 and 

0.34, respectfully. This was a 29% increase for ssGBLUP on average. Averaged across 
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replicate, the Ych method performed the best in terms of being the closest to the TBV 

correlations. As expected, the iLHS was very close to the TBV correlations, within 0.02 for 

GEBV predictions and 0.04 for EBV predictions. As in the field data, the GEBVfull method 

showed inflated accuracies of 0.82 for GEBV and 0.56 for EBV. Variability was much 

higher for the Ycs method than any other, followed by Ych. Approximations were consistent 

with the real data, showing very little variation across replicates and only a slight increase in 

accuracy for GEBV predictions.  

 Figure 7 shows the accuracies for both models across the 10 replicates. Correlations 

between predictions and TBV were higher for GEBV than EBV for all but one replicate. 

Inverse LHS along with approximated accuracies were extremely consistent across replicate, 

followed by GEBVfull. Corrected phenotype methods performed slightly better than in the 

field data, although not directly comparable as the field data included different traits. In 7 out 

of the 10 replicates, GEBV outperformed the EBV predictions for Yc and Ych. The Ycs 

method showed a dramatic amount of variability and re-ranking across replicates. In 4 out of 

the 10 replicates the GEBV predictions outperformed the EBV predictions.  

Discussion 

This study indicates that the choice of validation method can impact decisions in a 

breeding program. Results from the simulation were consistent with accuracies calculated in 

the field dataset for litter size. The simulated data had parameters set to mimic the field data 

as best as possible, although limitations from the QMSim program made it impossible to 

exactly replicate the real data. Repeated records were not simulated, therefore more dams 

were needed per generation. Although repeated records were not simulated, overlapping 
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generations were used to simulate the same population structure as observed in the field data. 

These simulated data validated the effectiveness of using the inverse of LHS to calculate the 

expect accuracy, which were very consistent across trait and replicate. The corrected 

phenotypes showed a lot of variability in terms of re-ranking of methods across traits and 

replicates. Utilizing the full dataset predictions (GEBVfull) resulted in consist estimates that 

were inflated over the iLHS method, which resembled the true accuracy well in the simulated 

data.  

Correlating predictions to Yc and GEBVfull is not ideal as both have errors attached to 

their estimates, especially in Yc for lowly heritable traits such as litter size. In the current 

analysis, the correlation between Yc and TBV was 0.32, while the correlation between 

GEBVfull and TBV was 0.56 in the validation dataset. The 0.32 correlation observed is the 

square root of heritability (0.1). This is expected to be the upper bound of the correlation 

between the phenotype and TBV. Adjusting the observed correlation between Yc and 

predictions should bring the correlation closer to the true accuracy, which was observed for 

the simulated data. In the field dataset, dividing the Yc method by the square root of 

heritability didn’t do as well compared to iLHS. These results suggest the GEBVfull method 

may be more favorable in comparison to using corrected phenotypes for low heritable traits 

due to improved accuracy and consistency. 

Correlations were inflated for the GEBVfull method. This was expected because of 

overlapping information between the GEBV predictions from the training dataset and the 

GEBV from the full dataset. Only one generation of data was added to these predictions, thus 

inflating the correlations. One argument that arises when discussing accuracy comes when 
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defining a correlation as accuracy versus predictive ability (Aguilar et al., 2011). No 

distinction was made in the current study because it’s clear which methods deviate from the 

true accuracy. Some authors avoid distinguishing the two and refer to it as the correlation or 

R2. For example, Aguilar et al. (2010) referred to R2 values, yet it’s known this is meant to 

represent accuracy differences between models. Moreover, all methods should have the goal 

to predict the true accuracy parameter r(TBV, (G)EBV), which is not always satisfied. This 

may cause some confusion when referring to accuracy versus predictive ability. For example, 

one may choose to refer to the Yc method as predictive ability because it’s expected to be 

lower than the true accuracy, but after dividing by the square root of heritability call it 

accuracy as it is expected to estimate the true accuracy, as observed in the simulation. 

Because most of the effort so far has been to compare models, it matters little that the 

correlations are referred to as accuracy or predictive ability, although using the corrected 

phenotypes is more prone to random variation when compared to GEBVfull, iLHS, or 

approximated accuracies.  

Results showed the Yc method underestimated the true accuracy in simulated data and 

the iLHS accuracy in the real dataset. This is unfavorable because it makes the increase in 

accuracy irrelevant. The Yc method can help select which model is superior, but lacks the 

ability to estimate the true accuracy. This could possibly lead other swine breeding 

companies to adopt or not adopt genomic selection. Abell et al. (2014) showed that adoption 

of genomic selection would depend on the true increase in accuracy and economic 

considerations of logistics, data collection/analysis, and cost of genotyping. For example, in 

the Large White the increase in accuracy was 125% using the Yc method. In contrast, the 
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increase in accuracy for iLHS method was only 37%. Furthermore, the absolute value is too 

small from the Yc method to make a significant impact on the decision to adopt genomic 

selection as observed in the Large White population in the current study (Landrace was 

unstable due to the small number of observations). Low values such as 0.09 for the Yc 

accuracy in the Large White make it look insignificant and might result in other programs not 

adopting (or waiting to adopt) genomic selection because the accuracy is still very poor using 

genomic selection.  

Accuracies seemed more sporadic and inconsistent for the Landrace. This may have 

been due to the small sample size of the population. Only 20 genotyped sows and 34 

genotyped boars were present (in comparison to 194 and 34 for the Large White). This was 

due to the genotyping strategy involved. Many 60k genotypes were collected on sows at the 

beginning to obtain better imputation accuracy and then genotyping shifted to lower density 

SNP panels in later generations. This resulted in very few 60k genotypes in the last three 

year-seasons for the Landrace. Given they are correlations, it was clear why sample size will 

affect both the GEBVfull and Yc methods, but not the iLHS or approximated accuracies, 

which was observed in both the real and simulated data. Sample size should be carefully 

considered prior to using corrected phenotypes.  

Using corrected phenotypes of sows was expected to perform poorly when the 

heritability is low. For this reason, daughter residuals were averaged for sires (Ycs) in an 

attempt to negate the extra noise and regain more of the genetic value. This would be a very 

simple way to evaluate sires (Thompson, 1979). In the preliminary analysis, it was 

discovered that a minimum number of daughter records was needed to obtain better estimates 
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to use for the correlation. This analysis used a minimum of five daughters. The biggest 

disadvantage is the potential reduction in sample size (number of sires) for this method in 

swine breeding programs. This balance between increasing the number of daughters averaged 

and sample size needs to be considered. In the Large White, there were 160 more genotyped 

sows than genotyped sires with at least five daughters. Current results suggest a correlation 

with only 34 (field) and 25 (simulated) sires will result in instability of the correlations, as 

seen for the Ycs method.  

Results presented in this analysis may not correspond to other traits and/or species. 

These results do not support extrapolation to any other traits/species and no attempt has been 

made to do so, simply to present results for litter size in swine, which is the most 

economically important trait for maternal lines (Amer et al., 2014). It would be expected, for 

example, in dairy that the TBV and GEBVfull method would correspond better as accuracies 

for bulls can be very high compared to a swine-breeding program. Achieving high accuracy 

animals in swine breeding can be problematic with a small population size compared to other 

species along with high turnover rates for sows to reduce generation interval.  

There could be major consequences for breeding programs by selecting one 

validation method over another. It was observed in the Large White and Landrace population 

that iLHS, approximations, and GEBVfull methods all showed that GEBV predictions 

outperformed the EBV predictions. In contrast, using Yc showed that NW didn’t validate as 

well as any of the other litter size traits. This may weigh in the decision to adopt one litter 

size trait over another and could have dramatic results on that breeding program. Careful 

selection of the validation method being used is needed. Utilizing several methods and 
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aggregate the results should be used if possible to come to a final conclusion. One may be 

able to obtain a “confidence interval” of sorts using different methods and the true increase in 

accuracy. Again, this will depend on the trait and/or species.  

There still doesn’t seem to be a standard for selecting a G matrix and blending the G 

and A matrices. Results from Forni et al. (2001) show that GEBV estimates from different G 

matrices resulted in extremely high correlations among one another (>0.99). Therefore, no 

attempt was made to utilize different relationship matrices in the current study, as the 

correlation with validation methods, must also be highly correlated. Results from VanRaden 

(2008) concluded that different weights for G resulted in little change to the results in a 

simulation study. Research in the future should address blending strategies. Lourenco et al. 

(2014) used 0.7, 0.3, 0.7, and 0.8 for α, β, τ, and!ω, respectively. These correspond to the 

weights for G, A22, G*-1 and !!!!!, respectively. If only one validation method was used to 

optimize these weights, they may not be ideal if the validation method was unstable.  

 Perhaps there is other future work that can be completed related to the G matrix. 

Using the inverse of LHS to calculate accuracies is ideal, but this not feasible for large 

datasets. It is highly desirable that the method used be stable and predicts the true accuracy 

well. The biggest question will be how do these validation method results change with the 

trait (architecture) and species (population structure). Data from the simulation had to be 

modified to resemble the true phenotypes in a swine-breeding program. Only animals that 

became parents for the next generation can generate phenotypes. Traits such average daily 

gain should have phenotypes for most offspring whether they become parents or not. This 

may change the results from the current study because relatively few full and half-sibs would 
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also have phenotypes for litter size and is expected to impact accuracy calculations. More 

research could also be completed on this same idea, extending to calculation of bias. If the 

validation method used for calculating bias is not ideal (regression coefficient of predictions 

on TBV), breeding programs may be adjusting weights in the H-1 matrix incorrectly 

assuming the weights would be calculated to optimize between accuracy and bias in the 

validation dataset. No method such as iLHS exists for bias, which increases the need to find 

an alternative method even if the inversion of LHS is feasible for accuracy calculations.   

Conclusions 

If inverting LHS is possible, it appears to be the best validation method available 

when using single-step GBLUP. Results of this study suggest that the traditional accuracy 

from inverse LHS was very consistent and correlated well to the true accuracy in the 

simulated data. In simulated data, the correlation between corrected phenotypes of dams and 

the predictions divided by the square root of heritability performed very well. In real data it 

didn’t perform as well when compared the iLHS. It’s important to make sure that enough 

genotyped validation animals exist if using corrected phenotypes compared to other methods 

because of the instability. Using the average residual of daughters for sires didn’t perform 

well in simulated or field data. Breeding programs need to be careful of which validation 

method they choose and should use multiple methods and aggregate them if inverting LHS is 

not possible. Future research is needed to address this topic across different traits 

(architectures) and species, as they are expected to change based on the structure of the 

trait/population.  
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Table 5. Accuracies averaged across trait (SD in parentheses) for single-step GBLUP 

(GEBV) and pedigree (EBV) predictions from the training dataset in Large White and 

Landrace populations.  

 Large White Landrace 

 GEBV EBV GEBV EBV 

iLHS1 0.37 (0.03) 0.27 (0.01) 0.36 (0.04) 0.29 (0.02) 

accf902 0.19 (0.00) 0.17 (0.00) 0.18 (0.01) 0.17 (0.01) 

GEBVFull
3 0.79 (0.04) 0.35 (0.05) 0.87 (0.04) 0.68 (0.14) 

Yc
4 0.09 (0.04) 0.04 (0.03) 0.45 (0.15) 0.42 (0.17) 

Yc / sqrt(h2)5 0.27 (0.12) 0.12 (0.08) 1.44 (0.56) 1.35 (0.58) 

Yc Sires6 0.18 (0.15) 0.09 (0.17) -0.08 (0.07) -0.03 (0.04) 

1 Average accuracy calculated from the SEP from the inverse of the left hand side (LHS)  

2 Average accuracy from approximations obtained from the accf90 program in the BLUPF90 

family of programs 

3 Correlation between single-step GEBV predictions from the full dataset and predictions  

4 Correlation between corrected phenotypes of dams and the predictions  

5 Yc divided by the square root of the heritabilty  

6 Average corrected phenotypes of daugters for sires with at least 5 daughters in validation  
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Table 6. Accuracies from simulated data from single-step GBLUP (GEBV) and pedigree 

(EBV) predictions in the training dataset.  

! GEBV% EBV%

TBV1! 0.44!(0.06)! 0.34!(0.06)!

iLHS2! 0.46!(0.01)! 0.30!(0.02)!

accf903! 0.14!(0.00)! 0.12!(0.00)!

GEBVFull
4! 0.82!(0.03)! 0.56!(0.06)!

Yc5! 0.14!(0.03)! 0.11!(0.05)!

Yc%/%sqrt(h2)6! 0.45!(0.11)! 0.36!(0.15)!

Yc%Sires7! 0.17!(0.22)! 0.14!(0.22)!

1 True breeding value from the simulated data 

2 Average accuracy calcualted from the SEP from the inverse of the left hand side (LHS)  

3 Average accuracy from approximations obtained from the accf90 program in the BLUPF90 

family of programs 

4 Correlation between single-step GEBV predictions from the full dataset and predictions  

5 Correlation between corrected phenotypes of dams and the predictions  

6 Yc divided by the square root of the heritabilty  

7 Average corrected phenotypes of daugters for sires with at least 5 daughters in validation  
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Figure 5. Accuracies across trait for single-step GBLUP (GEBV) and pedigree (EBV) 

predictions from the training dataset in the Large White population.  
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Figure 6. Accuracies across trait for single-step GBLUP (GEBV) and pedigree (EBV) 

predictions from the training dataset in the Landrace population.  
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Figure 7. Accuracies across replicate for the simulated dataset for single-step GBLUP 

(GEBV) and pedigree (EBV) predictions from the training population.  

 


