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Abstract  
This study compared four genotyping scenarios of genomic prediction for survival in a simulated 
pig population with survival rate of 80%. Breeding values were predicted using a linear mixed 
model and a logit model, based on individual records. The scenarios in order of prediction accuracy 
were: genotyping all individuals, randomly genotyping 80% individuals, genotyping alive 
individuals, and no genotyping. Using variance components estimated from pedigree-based model, 
genomic predictions with genotypes only from alive animals were unbiased. Given the same 
number of genotyped individuals, random genotyping 80% individuals led to higher prediction 
accuracy than only genotyping alive individuals, indicating the importance of genotype information 
of dead pigs. Moreover, the linear and the logit models achieved similar accuracy. We conclude 
that genotyping dead individuals should be considered, and a linear model can be used for 
predicting breeding values of survival in pigs. 
 
Introduction  
Survival rate can affect not only economic efficiency, but also welfare in pigs. Genetic 
improvement will be a good solution to improve pig survival. Compared with traditional pedigree-
based selection, genomic selection can increase of accuracy of estimated breeding value (EBV) of 
mortality rate up to 50% (Guo et al., 2015;Knol et al., 2016). Usually, survival rate is recorded as 
phenotypes of sow. However, survival rate is a complex trait that is also affected by the pig’s own 
genotype. It may therefore be more appropriate to perform genetic evaluation of survival at 
individual level. Genomic prediction for survival at individual level may encounter problems in the 
case where dead individuals do not have genotypes. Using only the genotyping data of living 
individuals may cause bias of genomic prediction. Furthermore, at individual level, survival is a 
binary trait, and therefore a logit model could be more appropriate, and thus may lead to higher 
accuracy than a linear mixed model. The objective of this study was to: 1) investigate genetic 
parameters estimated using a linear model and a logit model; 2) explore the impact of genomic 
information of dead individuals on genomic prediction; 3) compare the accuracy of genomic 
prediction of a linear model and the logit model for survival in pigs. 
 
Materials & Methods  
Data simulation. The data was simulated using QMSim software (Sargolzaei and Schenkel, 2009) 
mimicking a pig population. We simulated 18 chromosomes, each 100cM with 3,100 markers and 
50 QTLs. The simulation started with a founder population of 200 males and 200 females, and went 
through 300 historical generations to generate linkage disequilibrium between markers and QTLs. 
After historical generations, a base population was created and went through eight non-overlapping 
generations. In each generation, 30 sire and 300 dams were randomly selected from alive animals, 



a sire mated 10 dams randomly, and each dam produced one litter. The litter size was not generated 
as a genetic trait but randomly assigned to 10, 12, 14, 16, or 18 with the probabilities 0.02, 0.14, 
0.68, 0.14, 0.02, and sex ratio was 1:1.  
The liability of an individual to be alive was generated as the sum of direct additive genetic effect 
(a) of the individual, maternal additive genetic effect (m) of the dam, litter effect and random 
residual, and independent of litter size. The heritabilities in terms of a and m as well as proportion 
of litter variance were all set as 0.04, and genetic correlation between a and m was 0.3. The 
phenotype on observed scale was scored as 1 if the liability was the top 80%, and otherwise 0. Four 
genotyping scenarios were studied: (1) all pigs were genotyped (G_all); (2) only alive pigs (80%) 
(G_alive); (3) 80% of pigs randomly selected from the whole population (G80_ran); (4) no pig was 
genotyped (G_none). In total, 30 replicates were simulated for the four scenarios. The reported 
results were the mean and standard deviation of the 30 replicates.  
 
Statistical analysis. The data were analyzed using a linear mixed model and a logit model. 
The linear mixed model is,   𝐲𝐲 = 𝟏𝟏μ+𝐖𝐖𝐥𝐥𝐥𝐥 + 𝐙𝐙𝐚𝐚𝐚𝐚 + 𝐙𝐙𝐦𝐦𝐦𝐦 + 𝐞𝐞   (1) 
where, 𝒚𝒚 is the vector of the observed phenotypes (0 or 1), 1 is a vector of 1s, µ is overall mean, 
l is the vector of litter effects, a is the vector of direct additive genetic effects, m is the vector of 
maternal additive genetic effects, and e is the vector of random residuals. Wl, Za, Zm are incidence 
matrixes associating l, a, m with 𝒚𝒚.  
The logit model is,     𝛈𝛈 = 𝟏𝟏μ + 𝐖𝐖𝐥𝐥𝐥𝐥 + 𝐙𝐙𝐚𝐚𝐚𝐚 + 𝐙𝐙𝐦𝐦𝐦𝐦   (2) 
where,  is the vector of logit function of probabilities of surviving,  and µi is the 
expected value of yi. The other notations are the same as in the linear model, but in logit scale.   
For both modes, it was assumed that l, a and m have the following distributions:  
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covariance between a and m, respectively, and K is an additive genetic relationship matrix. When 
using traditional BLUP method, K was constructed from pedigree information. When using single-
step GBLUP model (ssGBLUP), K was constructed from pedigree and genotypes (Christensen and 
Lund, 2010). It was assumed that in the linear model , and in the logit model 
residuals followed a standard logistic distribution with variance of π2/3. In this study, total 
phenotypic variance was defined as 𝜎𝜎𝑝𝑝2 = 𝜎𝜎𝑙𝑙2 + 𝜎𝜎𝑎𝑎2+𝜎𝜎𝑎𝑎2 + 𝜎𝜎𝑎𝑎𝑎𝑎 + 𝜎𝜎𝑒𝑒2. 
The variance components estimated from the model with pedigree-based relationship matrix based 
on data of generations 5-8 were used for prediction of breeding values in all models. The estimation 
of variances and breeding values were performed using the DMU software (Madsen et al., 2010). 
 
Evaluation of genomic prediction. A validation procedure was performed to assess genomic 
prediction using different genotyping strategies and statistical models, in which the 5~7th 
generations were used as reference population, and the 8th generation as validation population. 
Genomic predictions were evaluated using the following criteria: 1) The correlation between EBV 
and the true breeding value to assess prediction accuracy; 2) Average true breeding value of the top 
5% of individuals in EBVs to assess the realized selection differential; 3) Regression of EBV from 
whole data on the EBV from reference data (Legarra and Reverter, 2018) to evaluate dispersion 
bias. Here, EBV from whole data was defined as the EBV obtained from the whole data with 
genotypes of all individuals.  



 
Results 
As shown in Table 1, estimates of parameters were different between the two models due to 
different scales. By a transformation, the estimates in observed scale from the linear model were 
consistent with those used in the simulation. For the logit model, the estimated ha

2 was much lower 
than the estimated hm

2, which was unexpected since direct and maternal heritabilities were the same 
in the simulation. For both models, the estimates of genetic correlations between a and m (around 
0.4) were higher than correlation used in simulation (0.3), and also had large standard error. 
 
Table 1. Estimates of variance components in proportion to phenotypic variance using 
models with pedigree-based relationship matrix. 

 
Accuracies measured as correlation between total EBV (EBVa+EBVm) and total true BV are shown 
in Table 2. The scenario of G_all had the highest accuracy, and the scenario of no genotyping had 
the lowest. With the same proportion of genotyped pigs (80%), the accuracy of G80_ran was 4.73 
to 11.2 percentage points higher than G_alive, indicating that the genotypes of dead pigs greatly 
increased the accuracy of EBV. The regression coefficients were around 1 for all genotyping 
scenarios including G_alive, indicating that genotyping only for alive animal did not lead to biased 
prediction when using variances estimated from the model with pedigree-based relationship matrix. 
The results from the logit model were almost the same as those from the linear model.   
 
Table 2. Accuracy and bias of EBV.  

Model Genotyping 
scenario 

Accuracy  Unbiasedness 
All Genotyped Nongenotyped All Genotyped Nongenotyped 

Linear G_all 0.511 0.511 /  0.986 0.986 / 
 G_alive 0.464 0.477 0.374  1.029 1.006 0.991 
 G80_ran 0.487 0.504 0.415  0.983 0.983 0.986 

  G_none 0.334 / 0.334  0.985 / 0.985 
Logit G_all 0.511 0.511 /  0.996 0.996 / 

 G_alive 0.465 0.479 0.375  1.016 1.015 1.018 
 G80_ran 0.487 0.504 0.417  0.997 0.996 0.998 

  G_none 0.334 / 0.334  0.993 / 0.993 
 
The 5% top animals selected from the scenario of G_all has the highest true breeding value, 
followed by G80_ran, then G_alive, and then G_none (Table 3). The results of the linear model 
and the logit model were very similar, and the difference in true total breeding value of top 5% 
EBV individuals between the two models was less than 1%.  

Parameters  True parameters of 
liability  Linear Model Logit Model 

lit2 0.04 0.019(0.008) 0.026(0.012) 
ℎ𝑎𝑎2  0.04 0.019(0.007) 0.023(0.007) 
ℎ𝑎𝑎2  0.04 0.020(0.010) 0.037(0.016) 
ram 0.30 0.401(0.465) 0.400(0.407) 



 
Table 3. The true breeding value of the top 5% individuals in EBV of survival.  
Genotyping 
scenario 

Linear model  Logit model 
a m a+m  a m a+m 

G_all 1.847 1.596 3.443  1.781 1.654 3.435 
G_alive 1.602 1.604 3.206  1.555 1.658 3.213 
G80_ran 1.745 1.529 3.274  1.699 1.609 3.308 
G_none 1.104 1.022 2.126  1.122 1.047 2.169 

 
Discussion 
In this study, we compared four genotyping scenarios for the accuracy of predictions of survival in 
pigs. In a pig breeding program, dead animal is usually not genotyped, which may lead to biased 
estimation of variance components and breeding values when using a genomic model. We carried 
out a pilot study, and found that a ssGBLUP model with genotypes only from alive animals severely 
overestimated additive genetic variance and led to a residual variance near to zero (results not 
shown). Similarly, Wang et al. (2020) reported that selective genotyping severely overestimated 
additive genetic variance. Therefore, in the case of no dead animals being genotyped, genomic 
prediction should use the variances estimated from the model with pedigree-based relationship 
matrix to avoid or reduce bias of genomic prediction due to selective genotyping. 
With the same size of genotyped individuals, genotyping both alive and dead pigs (G80_ran) has a 
higher accuracy than genotyping only for alive pigs (G_alive), indicating that the genotypes of dead 
pigs has an important influence on prediction accuracy. Therefore, it could be a good strategy to 
genotype dead animals. The predictive powers of the linear model and the logit model are similar, 
suggesting that linear mixed model is robust to predict breeding value of survival traits. We 
conclude that the genomic information of dead individuals is very useful, and linear model is a 
good choice for genomic prediction of survival in pigs. 
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