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Abstract
In unstructured dairy programs, pedigree is usually shallow, which leads to biased prediction of breeding values using best 
linear unbiased prediction (BLUP). The objective of this study was to come out with a genomic prediction strategy that can 
utilize shallow pedigree information and predict unbiased and more accurate GEBV for sex-limited traits in a small population 
using single-step GBLUP (ssGBLUP). The data and models for a population under selection were simulated. Out of current 
10 generations, 10th generation with 1000 candidates served as validation population. For the complete pedigree scenario, 
pedigree (P)BLUP estimated breeding values (EBV) were unbiased with accuracy (r) of 0.35 ± 0.02 and 0.26 ± 0.01 for 0.3 
and 0.1  h2 scenario, respectively. For the shallow pedigree, biased prediction of breeding values and low accuracies were 
obtained with linear decline in the accuracy of EBV for removal of information on more distant pedigree. Accuracy and bias 
(ρ) for scenario with removing 4 distant generations from pedigree were 0.30 ± 0.02 and 0.55 ± 0.03, respectively, in moderate 
 h2 scenario. Use of Genomic (G)BLUP, especially with “extreme phenotypic contrast selective genotyping,” (TB) resulted in 
higher accuracy for a small reference of females; however, GEBV were highly biased. We observed that ssGBLUPF, where the 
numerator relationship matrix is corrected for inbreeding, resulted in more accurate and unbiased estimates of GEBV across 
shallow pedigree scenario, with TB all female reference (missing 4 distant generations: r = 0.50 ± 0.02; ρ = 0.96 ± 0.02). We 
recommend use of ssGBLUPF with two tailed selectively genotyped all female reference in shallow pedigree scenarios, to 
obtain unbiased and accurate GEBV for sex-limited traits, when resources are limited.
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Introduction

Genomic selection (GS) in the dairy industry has been 
accepted and replaced the traditional selection approach in 
most of the developed countries. The best linear unbiased 
prediction (BLUP) provides unbiased estimates of breed-
ing values, even in populations under selection. However, 
inclusion of all information on the selection decisions is a 
necessary condition for obtaining such estimates (Hender-
son, 1975; Sorensen and Kennedy, 1984). In the absence 
of complete pedigree information, the predictions obtained 
from the pedigree-based BLUP (PBLUP) are biased. Usu-
ally, in the loose dairy breeding structure, the pedigree is not 
complete or present with holes. Research on implementation 

of genomic selection has shown that the single-step genomic 
best linear unbiased prediction (ssGBLUP) approach (Chris-
tensen & Lund 2010; Legarra et al. 2009) which combines 
the genomic relationship from genotyped animals having 
a pedigree with other non-genotyped animals in the pedi-
gree results in use of genomic information and obtains bet-
ter accuracies of prediction with unbiased breeding values 
(Gowane et al. 2019a). However, whether ssGBLUP can be 
useful in shallow pedigree situations with rather small popu-
lation size needs to be explored.

The Indian dairy industry has a loose structure. Indig-
enous cattle have low production (3.41 kg/cow/day), as 
compared to crossbred cattle (7.33 kg/cow/day) (DAHDF, 
2018). Low averages persist mostly due to low selection 
intensity in traditional breed improvement schemes and lim-
ited efforts for within breed selection to improve the indig-
enous population (Gowane et al. 2019b). Thus, the genetic 
improvement in these animals is highly desired. Cost cut-
ting on genotyping for creation of a reference population 
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is also an important criterion, when resources are less. In 
such scenarios, especially for dairy cattle breeding scenario 
in small populations, all female reference with selective 
genotyping of candidates from the current few generations 
is usually done. However, selection of these candidates 
affects the accuracy as well as bias of prediction. Selec-
tive genotyping of top and bottom phenotypically contrast-
ing candidates have shown to improve accuracy of finding 
causative SNPs (van Gestel et al., 2000; Xu &Vogl, 2000; 
Huang & Lin, 2007). Cesarani et al. (2019) revealed impact 
of selective genotyping on the estimates of heritability and 
observed that estimates from GREML were more biased 
compared to those estimated by single-step (ss)GREML, 
because ssGREML was less affected by selective or limited 
genotyping. Gowane et al. (2019a) also observed that selec-
tive genotyping affect accuracy as well as bias of GEBV 
adversely using GBLUP; however, ssGBLUP results in bet-
ter estimates. However, the question of how the selectively 
genotyped reference will have impact on ssGBLUP applica-
tion on shallow pedigreed data is unclear. We are interested 
to quantify the effect of selective genotyping on GEBV in 
shallow pedigree scenarios.

This work was conceived to address above discussed 
issues. Here, we are trying to see utility of the ssGBLUP 
approach for implementation of GS especially when we 
have shallow pedigree information in small population sce-
nario. Objectives of the study are (1) to observe the impact 
of shallow pedigree on the prediction of breeding values 
using pedigree BLUP versus GBLUP and ssGBLUP and 
(2) to study the effect of selective genotyping on ssGBLUP-
derived GEBV in small population having shallow pedigree 
information.

Materials and methods

Simulation of data: population and genotype

The QMSim simulator (Sargolzaei and Schenkel, 2009) 
was used for the data simulation. We have simulated a typi-
cal dairy cattle breeding scenario, with a sex-limited trait. 
Simulation involved 2 steps: (1) historical generations and 
(2) current generations. The historical population with 1000 
generations was simulated with breeding structure, where 
400 males mated 2000 females in generation 1 that reduced 
to 100 males and 1000 females in the last historical gen-
eration. Sex ratio was 1:1 for progeny born. In the current 
10 generations (1001–1010), the breeding structure was 50 
males mating with 1000 females producing 1000 progenies 
in each generation with 1:1 sex ratio. Replacement ratio for 
sires was 40%, and for dams, it was 20%. Top sires were 
selected in each current generation using estimated breeding 
values (EBV) as obtained by PBLUP. Top selected sires were 

mated to all the females randomly in each generation post 
selection. Selection was with non-overlapping generations. 
The scheme of simulation has been explained pictorially at 
Fig. 1.

We simulated the genomic structure to match a 3 Giga 
base bovine genome, which were 30 chromosomes, each 
of 1 Morgan length. Across the genome, biallelic markers 
(N = 60,000) were distributed randomly with equal fre-
quency of 0.5 in 1st generation of the historical population. 
According to Hickey and Gorjanc (2012), the mutation rate 
of the markers and QTL was fixed at 2.5 ×  10−8 per locus 
per generation, and the number of crossovers was sampled 
from a Poisson distribution with positions randomly dis-
tributed. The simulated genetic model had 750 QTL for the 
trait and the QTL allele effects were sampled from a gamma 
distribution with shape parameter = 0.4 and scale = 1.0. The 
true breeding values (TBV) were obtained by aggregating 
genotype effects at individual QTL, which were re-scaled 
to match the input for the additive component of genetic 
variance.

These breeding values for candidates in the 1001st gen-
eration had a normal distribution with mean 0 and variance 
equal to heritability. For the phenotypes, the mean and vari-
ance were zero and one, respectively. 60 K biallelic marker 
data and phenotypes were simulated for all the animals 
(N = 11,050) in 10 generations, as we used only the 10th 
generation candidates for validation. The simulation study 
included two scenarios in terms of heritability (low = 0.10 
and moderate = 0.30). For each animal from generation 
1001–1010, pedigree, true breeding values, phenotypes, 
and genotypes were simulated, and breeding values were 
estimated. All the simulation scenarios were replicated 10 
times, and the strategy and size of the training set were con-
sidered to be sufficient for the present aim of the study.

Breeding value prediction models

Pedigree‑based prediction of breeding values

The pedigree-based BLUP (PBLUP) evaluations were made 
using following shallow pedigree scenarios. There were 10 
generations of pedigree information, and the 10th generation 
was used for validation, where 1000 selection candidates 
were available which were used to determine the bias and 
accuracy of estimated breeding values.

Several models to match the shallow pedigree scenario 
were created for prediction of breeding values in 10th gen-
eration (n = 1000). 

1. Ped_10: involved using all the 10 generations (n = 10550 
animals) pedigree information

2. Ped_9: involved using current 9 generation (9550 ani-
mals) pedigree information
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3. Ped_8: involved using current 8 generation (8550 ani-
mals) pedigree information

4. Ped_7: involved using current 7 generation (7550) pedi-
gree information

5. Ped_6: involved using current 6 generation (6550 ani-
mals) pedigree information

6. Ped_5: involved using current 5 generation (5550 ani-
mals) pedigree information

7. Ped_4: involved using current 4 generation (4550 ani-
mals) pedigree information

The linear mixed model was used for prediction of 
breeding value using PBLUP as given by Henderson 
(1975). As the trait for the analysis is milk yield, sex effect 
was not considered in the analysis. PBLUP involved ani-
mal model with direct animal additive effect as a random 
factor (a). The distributional assumptions of the model 
were a ~ N(0,Aσ2

a) and e ~ N(0,Iσ2
e); where A is numerator 

relationship matrix, I is an identity matrix, and σ2
a and σ2

e 
are additive genetic and residual variances, respectively.

The prediction accuracy (r) for breeding values was 
estimated by obtaining the Pearson correlation between 
the TBV and EBV of the validation dataset in 10th genera-
tion. The regression coefficient between the TBV and EBV 

indicated the over or under-dispersion of EBVs or bias of 
prediction (ρ).

Genomic information‑based prediction models

Selective genotyping strategies For the genomic selection 
strategy, the selective genotyping scenarios were created for 
creation of reference using only female information.

a. Highest EBVs (T1000): From each of the last 4 genera-
tions (6 to 9), top ranking 250 females based on their 
EBV were selected for genotyping to form a reference 
population of 1000 animals (T1000).

b. Two-tailed EBVs (TB1000): The top and bottom selec-
tive genotyping of phenotypically extreme/contrasting 
females constituted this subset. It represented a selec-
tion of 125 top and 125 bottom females based on their 
estimated breeding values in each of generation 6 to 9 to 
form a reference population of 1000 animals (TB1000).

The GBLUP analysis was used to estimate the genomic esti-
mates of breeding values (GEBV). We subjected the geno-
type data for quality control (QC) by PLINK 1.9 (Chang 
et al. 2015). The QC resulted in exclusion of SNP with 

Fig. 1  Schematic representation of the simulation and the analytical methods used in this study
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minor allele frequency < 0.05, and p value for Hardy–Wein-
berg equilibrium < 0.001. The genomic relationship matrix 
(G) was constructed using the software package MTG2 (Lee 
and van der Werf 2016), where we have used the option to 
obtain G according to Van Raden’s method 1. We could 
obtain the GEBV for 1000 candidates in the current genera-
tion 10 with MTG2 using information on their genotypes. 
The model used for genomic analysis GBLUP included 
the vector of additive genetic effects of animal (g), where 
g ~ N(0, Gσ2

g). The fixed effects were not simulated except 
sex, which was not included in the analysis owing to the 
sex-limited nature of the trait.

Single‑step GBLUP evaluation for shallow pedigree scenar‑
ios To see the impact of extending the genotypic informa-
tion to non-genotyped animals in the pedigree and its utility 
in shallow pedigree problem, we created several scenarios 
with combinations of shallow pedigree models and selec-
tively genotyped references (T1000 or TB1000). Shallow 
pedigree models were where information on preceding pedi-
gree was missing (Table 1).

Single-step genomic BLUP (ssGBLUP) combined the 
information from pedigree and genotypes where information 
was extended to non-genotyped relatives from the genotyped 
reference. We assumed that the variance components in the 
simulated data as known while using ssGBLUP method. The 
model for the ssGBLUP evaluation used the vector of direct 
additive genetic effects (u), which is assumed as normally 

distributed with u ~ N(0,Hσ2
u). The H notifies a matrix 

which include both genotyped and non-genotyped individu-
als (Christensen and Lund 2010; Aguilar et al. 2010). The 
fixed effects except sex were not simulated, and hence fixed 
effect was not used owing to sex-limited nature of the trait.

For better compatibility between A and G in ssGBLUP, 
the modified A22 + (G*−1 − A22

−1) with G* being αG + (1-
α)A22 were used in the H−1 matrix. The value of α was 
0.99. We also scaled G based on A22 by equating mean of 
diagonal of A22 with mean of diagonal of G. The method 
presented here did not include inbreeding in the A−1; how-
ever, inbreeding in A22

−1 was considered.
Another single-step method (ssGBLUPF) was consid-

ered for analysis, where the A−1 was constructed by taking 
in to account the inbreeding of pedigree correctly (Garcia-
Baccino et al. 2017). The inbreeding is used to create the 
variance of Mendelian sampling needed to create A−1. With-
out inbreeding in A−1, the compatibility among A−1, G−1, 
and A22

−1 is compromised. Metafounder approach (Legarra 
et al. 2015) was of no value in this data owing to absence of 
incomplete ancestral relationship. We used the BLUPF90 
programs (Misztal 2008; Aguilar et al. 2014) for all the 
single-step models.

The prediction accuracy for breeding values was esti-
mated by obtaining the Pearson correlation between the TBV 
and (G)EBV of the validation dataset in 10th generation. 
The regression coefficient between the TBV and (G)EBV 
indicated the over or under-dispersion of (G)EBVs or bias 
of prediction.

Results

Simulated population

We have simulated two scenarios (heritability = 0.10 or 
0.30). High LD estimates were observed for SNPs located 
in close proximity. The mean r2 for pairs of SNP closer than 
0.1 Mb was 0.31 for generation 1 and 0.34 and 0.35 for gen-
eration 10 in low and moderate  h2 scenarios, respectively. 
Similarly, for distance between 0.1 and 1 Mb, the average 
r2 was 0.19. Disequilibrium decreased sharply with increas-
ing distance between SNP. All chromosomes were simu-
lated using the same parameters, and therefore differences 
between them were not expected. In the medium and low-
heritability scenarios, the average inbreeding coefficients 
in the last generation were 0.05 ± 0.003 and 0.07 ± 0.004, 
respectively, and the average accuracies of the pedigree indi-
ces were 0.51 ± 0.01 and 0.35 ± 0.02, respectively. As the 
selection of candidates in current generations was on the 
basis of EBV, the increase in the phenotypes of females over 
the generations was observed. For the  h2 = 0.1 scenario, aver-
age phenotype improved from 0.014 ± 0.008 in generation 1 

Table 1  Several single-step scenarios created from combination of 
shallow pedigree scenarios and top or two-tailed selectively geno-
typed reference

T1000: stands for top selectively genotyped reference, where top 250 
females each from generation 6–9 were genotyped (N = 1000) and 
used as reference
TB1000: stands for two-tailed selectively genotyped reference, where 
125 top and 125 bottom ranking females on the basis of their EBV 
from generation 6 to 9 each were genotyped (N = 1000) and used as 
reference

Scenarios Pedigree information Genotyped 
reference

H10T 10 current generations T1000
H9T 9 current generations T1000
H8T 8 current generations T1000
H7T 7 current generations T1000
H6T 6 current generations T1000
H10TB 10 current generations TB1000
H9TB 9 current generations TB1000
H8TB 8 current generations TB1000
H7TB 7 current generations TB1000
H6TB 6 current generations TB1000
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to 0.739 ± 0.019 in generation 10. For the  h2 = 0.3 scenario, 
the average phenotype improved from − 0.002 ± 0.007 in 
generation 1 to 1.80 ± 0.05 in generation 10.

Impact of shallow pedigree on the prediction 
of breeding values using PBLUP

BLUP uses additive genetic variance and residual variance 
information which actually scales the estimates of breeding 
values. Complete pedigree in our data had two scenarios 
(0.1 and 0.3  h2). However, we have seen that the shallow 
pedigrees affect the estimate of additive genetic variance 
(Va) and residual variance (Ve) significantly. Table 2 shows 
that the with every one generation information missing, the 
estimates were unpredictable and did not follow a particular 
trend. However, they were no more representing the actual 
whole pedigree genetic variance, but only the variance for 
the data available. This has also affected the estimates of 
breeding values. Fluctuations were much higher for 0.3  h2 
scenario as compared to 0.1  h2 scenario.

Prediction of breeding values for the validation popula-
tion (10th generation) with N = 1000, using PBLUP revealed 
that the accuracy of prediction was 0.35 ± 0.02 and the bias 
of prediction was 0.98 ± 0.05, when information from all 
the pedigrees (Ped_10) was utilized for the analysis in sce-
nario of moderate heritability  (h2 = 0.30). A compromised 
accuracy (0.26 ± 0.01) was observed for the low heritability 

scenario  (h2 = 0.10); however, prediction bias was not 
observed. The results revealed that the prediction accuracy 
is optimum and also the bias was negligible as the pedigree 
could trace back to the base population (Table 3).

The same dataset was again analyzed with shallow pedi-
gree scenarios. Results revealed that there was a linear 
decline in the accuracy of the prediction and increase in 
the prediction bias with removal of information on more 
distant pedigree relatives from the data (Table 3) for low and 
moderate heritability scenarios. We observed that with cur-
rent 5 generations of data available in the pedigree (Ped_5) 
and removing preceding 5 generations, the accuracy fell 
to 0.30 ± 0.02, which is 14.29% decline in the accuracy as 
compared to Ped_10 in moderate heritability scenario. Simi-
larly, for the bias of prediction, we observed the estimate of 
regression of TBV on EBV was 0.43 ± 0.03. This indicated 
that bias increased by 56.12% due to the shallow pedigree 
effect. For the low  h2 scenario, the decline from Ped_10 to 
Ped_5 for accuracy was 23% and bias increased by 61.9%, 
with over-dispersed EBVs.

Impact of using only genomic information 
on accuracy and bias of GEBV

For GS, we created the reference population (N = 1000) by 
selectively genotyping the top-ranking females (T1000) 
from the last 4 generations versus top and bottom selec-
tive genotyping of females (TB1000). The estimates of 
additive genetic variance were affected significantly in the 
selectively genotyped reference populations. We observed 
that the T1000 had 0.14 ± 0.03, whereas TB1000 had 

Table 2  Effect of incompleteness of pedigree and selective genotyp-
ing on estimates of variance components

(Ped_10): The scenarios involved using all the 10 generations 
(n = 11,050 animals) pedigree for prediction of breeding values in 
10th generation (n = 1000), (Ped_9): using recent9 generation (10,050 
animals) pedigree, (Ped_8): using current 8 generation (9550 ani-
mals) pedigree, (Ped_7): using current 7 generation (8550) pedi-
gree, (Ped_6): using current 6 generation (7550 animals) pedigree, 
(Ped_5): using current 5 generation (6550 animals) pedigree, and 
(Ped_4): using recent 4 generation (5550 animals) pedigree for analy-
sis. T1000: top selection scenario (250 top EBV females genotyped 
each from G6 to G9; TB1000: two tailed selection scenario (125 top 
and 125 bottom EBV females genotyped form each generation 6 to 9)

Scenario Simulated data (moderate 
heritability: 0.3)

Simulated data (low herit-
ability: 0.1)

Va Ve Va Ve

Ped_10 0.30 ± 0.00 0.70 ± 0.00 0.10 ± 0.00 0.90 ± 0.00
Ped_9 0.27 ± 0.09 0.44 ± 0.20 0.08 ± 0.01 1.02 ± 0.24
Ped_8 0.66 ± 0.30 0.57 ± 0.19 0.28 ± 0.17 0.47 ± 0.16
Ped_7 0.25 ± 0.03 0.45 ± 0.11 0.09 ± 0.15 0.53 ± 0.15
Ped_6 0.68 ± 0.30 0.39 ± 0.12 0.14 ± 0.10 0.75 ± 0.10
Ped_5 0.39 ± 0.15 0.75 ± 0.21 0.08 ± 0.12 0.79 ± 0.12
Ped_4 0.43 ± 0.13 1.02 ± 0.24 0.07 ± 0.18 0.72 ± 0.18
T1000 0.14 ± 0.03 0.58 ± 0.01 0.08 ± 0.02 0.75 ± 0.02
TB1000 2.02 ± 0.05 0.66 ± 0.02 1.09 ± 0.02 0.89 ± 0.02

Table 3  Effect of incompleteness of pedigree on accuracy and bias of 
prediction of estimated breeding values using PBLUP

(Ped_10): The scenarios involved using all the 10 generations 
(n = 11,050 animals) pedigree for prediction of breeding values in 
10th generation (n = 1000), (Ped_9): using recent9 generation (10,050 
animals) pedigree, (Ped_8): using current 8 generation (9550 ani-
mals) pedigree, (Ped_7): using current 7 generation (8550) pedi-
gree, (Ped_6): using current 6 generation (7550 animals) pedigree, 
(Ped_5): using current 5 generation (6550 animals) pedigree, and 
(Ped_4): using recent 4 generation (5550 animals) pedigree for analy-
sis

Scenario Simulated data (moderate 
heritability: 0.3)

Simulated data (low herit-
ability: 0.1)

Accuracy Bias Accuracy Bias

Ped_10 0.35 ± 0.02 0.98 ± 0.05 0.26 ± 0.01 1.05 ± 0.04
Ped_9 0.34 ± 0.02 0.93 ± 0.04 0.25 ± 0.01 0.93 ± 0.04
Ped_8 0.33 ± 0.02 0.85 ± 0.04 0.24 ± 0.01 0.79 ± 0.03
Ped_7 0.32 ± 0.02 0.72 ± 0.04 0.22 ± 0.02 0.61 ± 0.03
Ped_6 0.30 ± 0.02 0.55 ± 0.03 0.21 ± 0.02 0.48 ± 0.03
Ped_5 0.30 ± 0.02 0.43 ± 0.03 0.20 ± 0.02 0.40 ± 0.03
Ped_4 0.28 ± 0.02 0.34 ± 0.03 0.19 ± 0.01 0.37 ± 0.01
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2.02 ± 0.05 Va for 0.3  h2 scenario. For 0.1  h2 scenario, 
T1000 and TB1000 had 0.08 ± 0.02 and 1.09 ± 0.02 as Va. 
Estimates of Va were inflated due to two-tailed selective 
genotyping across heritability scenarios (Table 2).

The results revealed that the exclusion of pedigree 
information and utilizing only genomic information on the 
reference animals could predict the breeding values with 
an accuracy of 0.27 ± 0.05 for T1000 (Fig. 1). The predic-
tion bias was very high (1.79 ± 0.44) and under-dispersed 
the GEBV in moderate  h2 scenario. For top and bottom 
selective genotyping, we observed significant improve-
ment in the accuracy (0.50 ± 0.02); however, huge bias 
still existed (over-dispersion of GEBV). Improved accu-
racy using TB1000 was 85.18% over T1000 and 42.86% 
as compared to Ped_10 scenarios. For the low herit-
ability scenario, we observed a similar trend; however, 
the estimates were low (Fig. 2 and Fig. 3). T1000 was 
highly biased, and accuracy was only 0.04; however, with 
TB1000, the accuracy rose to 0.34 ± 0.02, but again the 
estimates were highly biased.

Single‑step BLUP for shallow pedigree predicted 
unbiased GEBV

The single-step scenarios in our study involved combining 
all pedigree (10 current generations) with genotyped refer-
ence T1000 or TB1000. The holes in the pedigree scenario 
prevailed here too. We created the shallow pedigree sce-
nario in ssGBLUP by removing one distant generation every 
scenario. The moderate heritability scenario (0.30) revealed 
significant improvement in accuracy of GEBV prediction 
as compared to GBLUP or PBLUP scenario. We observed 
that using inbreeding of A in single-step (ssGBLUPF) 
resulted in much better estimates for bias of GEBV. There-
fore, we present results of only ssGBLUPF henceforth. In 
top selective genotyping scenario for ssGBLUPF, accuracy 
was higher (0.43) for H10T that reduced linearly for every 
distant generation pedigree removal from the dataset. For 
H6T, the accuracy was 0.35, which was 18.6% less than all 
pedigree scenario. However, even with shallow pedigree for 
6–9 generations alone, the H6T could yield accuracy of 0.35, 

Fig. 2  Accuracy of breeding value prediction using different predic-
tion methods and approaches. (Ped_10): The scenarios involved using 
all the 10 generations (n = 11,050 animals) pedigree for prediction of 
breeding values in 10th generation (n = 1000), (Ped_9): using cur-
rent 9 generation (10,050 animals) pedigree, (Ped_8): using current 
8 generation (9550 animals) pedigree, (Ped_7): using current 7 gen-
eration (8550 animals) pedigree, (Ped_6): using current 6 generation 
(7550 animals) pedigree, (Ped_5): using current 5 generation (6550 
animals) pedigree. T1000: using 250 top performing females (selec-
tive genotyping) from each generation 6 to 9: n = 1000, in the refer-
ence for GBLUP. TB1000: using 125 top and 125 bottom performing 
females (selective genotyping) from each generation 6 to 9: n = 1000, 

in the reference for GBLUP. H10TB: Using 10 current generations 
pedigree and genomic relationships from TB1000 in the reference. 
H9TB: using 9 current generations pedigree assuming the previous 
generations are not known and genomic relationships from TB1000 
in the reference. H8TB: using 8 current generations pedigree assum-
ing the previous generations are not known and genomic relation-
ships from TB1000 in the reference. H7TB: using 7 current genera-
tions pedigree assuming the previous generations are not known and 
genomic relationships from TB1000 in the reference. H6TB: using 6 
current generations pedigree assuming the previous generations are 
not known and genomic relationships from TB1000 in the reference 

339   Page 6 of 11



Tropical Animal Health and Production (2022) 54:339

1 3

which was as good as the Ped_10 scenario. This reveals the 
predictive power of ssGBLUPF even with small genotyped 
reference. Not only this but also, the bias of prediction of 
GEBV was minimum with ssGBLUPF method across com-
plete versus shallow pedigree scenarios. The predictions 
were unbiased for 2 to 3 distant generations missing pedi-
gree (H10T, H9T, H8T); however, after that the larger the 
proportion of missing pedigree, the more over-dispersion of 
GEBV was observed. For H6T, nearly 8% biased estimates 
were obtained as compared to H9T or H10T (Table 4).

Significantly better estimates for top–bottom selective 
genotyping with ssGBLUPF approach were observed. High 
estimates of accuracy of GEBV (0.51) were observed for 
H10TB to H8TB. This was reduced to 0.50 for H7TB and 
H6TB. The estimate for H6TB was 16% higher than H10T, 
26% higher than H6T, and 30% higher than the Ped_10 
scenario. The accuracy from top–bottom ssGBLUPF was 
similar to the GBLUP estimates of TB1000; however, unlike 
TB1000, the estimates from ssGBLUPF were not biased. We 
observed regression of TBV on GEBV ranging from 0.96 to 
1.00 across ssGBLUPF scenarios.

For low heritability scenarios, similar trend of estimates 
was observed. However, the estimates for accuracy using 
ssGBLUPF with TB1000 reference were higher than PBLUP 
complete pedigree model (Ped_10: r = 0.26) by 23.5% across 

the shallow pedigree scenarios (r = 0.34 for H6TB). Estimate 
for ρ was nearly 0.9 across ssBLUPF shallow pedigree mod-
els (Fig. 2 and Fig. 3).

Discussion

Linkage disequilibrium (LD) between adjacent markers is a 
criterion for quality control of the simulation before genomic 
evaluations are done. The level of LD decay with respect to 
the distance between SNPs, inbreeding levels in current gen-
erations along with estimates for the accuracy of traditional 
genetic evaluations, was also evaluated. High LD estimates 
were observed for SNPs located in close proximity. From the 
literature, we observed that the mean r2 estimate of 0.19 was 
pretty close to 0.18 in Sahiwal cattle (Mustafa et al. 2018), 
where, in congruence to this study, pairs of SNP closer than 
0.1 Mb had similar r2 (0.35) which reduced with increase in 
distance between the SNP marker pairs. Not many studies 
on Indigenous cattle are available to compare the estimates; 
however, values of r2 between 0.20 and 0.31 have been 
reported for different cattle populations (Sargolzaei et al., 
2008; Bohmanova et al. 2010; Banos and Coffey, 2010; 
Habier et al., 2010) as we reported in the simulated data.

Fig. 3  Bias of breeding value prediction using different prediction 
methods and approaches. (Ped_10): The scenarios involved using all 
the 10 generations (n = 11,050 animals) pedigree for prediction of 
breeding values in 10th generation (n = 1000), (Ped_9): using cur-
rent 9 generation (10,050 animals) pedigree, (Ped_8): using current 
8 generation (9550 animals) pedigree, (Ped_7): using current 7 gen-
eration (8550 animals) pedigree, (Ped_6): using current 6 generation 
(7550 animals) pedigree, (Ped_5): using current 5 generation (6550 
animals) pedigree. T1000: using 250 top performing females (selec-
tive genotyping) from each generation 6 to 9: n = 1000, in the refer-
ence for GBLUP. TB1000: using 125 top and 125 bottom performing 
females (selective genotyping) from each generation 6 to 9: n = 1000, 

in the reference for GBLUP. H10TB: using 10 current generations 
pedigree and genomic relationships from TB1000 in the reference. 
H9TB: using 9 current generations pedigree assuming the previous 
generations are not known and genomic relationships from TB1000 
in the reference. H8TB: using 8 current generations pedigree assum-
ing the previous generations are not known and genomic relation-
ships from TB1000 in the reference. H7TB: using 7 current genera-
tions pedigree assuming the previous generations are not known and 
genomic relationships from TB1000 in the reference. H6TB: using 6 
current generations pedigree assuming the previous generations are 
not known and genomic relationships from TB1000 in the reference 
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The inbreeding and pedigree index accuracies were also 
within the range of estimates reported for dairy cattle popu-
lations for real data (Kearney et al., 2004; Gonzalez-Recio 
et al., 2006; Gonzalez-Recio et al., 2007, VanRaden et al., 
2009a). In the medium and low-heritability scenarios, the 
average inbreeding coefficients in the last generation were 
0.05 ± 0.003 and 0.07 ± 0.004, respectively, and the aver-
age accuracies of the pedigree indices were 0.51 ± 0.01 
and 0.35 ± 0.02, respectively. As the selection of candi-
dates in current generations was on the basis of EBV, the 
increase in the phenotypes of females over the generations 
was observed for the  h2 = 0.1 scenario, and the average 
phenotype improved from 0.014 ± 0.008 in generation 1 to 
0.739 ± 0.019 in generation 10. For the  h2 = 0.3 scenario, the 
average phenotype improved from − 0.002 ± 0.007 in genera-
tion 1 to 1.80 ± 0.05 in generation 10.

Using ssGBLUPF approach for shallow pedigree 
information in small populations can result in more 
accurate and unbiased estimate of GEBV

BLUP accounts for culling, selection effects, and non-ran-
dom mating provided the non-selected animals and mates 
are included in the analysis (Henderson 1975; Sorensen and 
Kennedy; 1984; Kennedy et al. 1988). Not including rela-
tionships to the unselected base population in the analysis 
will lead to selection bias (Van der Werf & De Boer, 1990). 

We observe that for the PBLUP analysis, the prediction 
accuracy is optimum, and also the bias was negligible as the 
pedigree could trace back to the base population, when all 
the pedigree was used for the prediction of breeding values. 
In our study, inconsistent estimates of Va and Ve for shallow 
pedigree scenarios across low and moderate heritability sce-
narios were observed, when complete pedigree information 
was not used for estimation purpose. Gowane et al. (2016) 
in real data on live weight and fleece weight of sheep have 
shown similar trend, as truncated data only represent the 
information hidden in it and do not trace back to the founder 
population. However, removing distant pedigree information 
resulted in loss of accuracy as well as increase in bias of 
EBV across low and medium  h2 scenarios. Increase in bias 
of prediction occurs mostly due to absence of the selection 
and culling decision data from the pedigree and inability 
to trace it back to the base population. Clark et al. (2012) 
reported no significant difference in accuracy between shal-
low and deep pedigree BLUP estimated EBVs when the ani-
mals in the test and reference datasets had a close relation-
ship; however, numerically the deep PBLUP yielded better 
results. Even for declining relationship between the test and 
reference datasets, deep pedigree BLUP proved better.

Use of only genomic information for prediction of GEBV 
resulted in more accurate GEBV estimates. The TB1000 sce-
nario for GBLUP proved better than T1000 for prediction of 
GEBV, owing to increase in the power to detect the putative 

Table 4  Accuracy and bias 
of prediction for single-step 
genomic prediction method 
using shallow pedigree 
scenarios in moderate  h2 case 
 (h2 = 0.30)

H10T: a single-step method was used for prediction of breeding values, combining information from 10 
current generations pedigree and genomic relationships from T1000 (top 250 performing females from 
each 6 to 9th generation: n = 1000) in the reference. H9T: using 9 current generations pedigree assuming 
the previous generations are not known and genomic relationships from T1000 in the reference. H8T: using 
8 current generations pedigree assuming the previous generations are not known and genomic relation-
ships from T1000 in the reference. H7T: using 7 current generations pedigree assuming the previous gen-
erations are not known and genomic relationships from T1000 in the reference. H6T: using 6 current gen-
erations pedigree assuming the previous generations are not known and genomic relationships from T1000 
in the reference. H10TB: using 10 current generations pedigree and genomic relationships from TB1000 
(using 125 top and 125 bottom performing females from each generation 6 to 9: n = 1000) in the refer-
ence. H9TB: using 9 current generations pedigree assuming the previous generations are not known and 
genomic relationships from TB1000 in the reference. H8TB: using 8 current generations pedigree assuming 
the previous generations are not known and genomic relationships from TB1000 in the reference. H7TB: 
using 7 current generations pedigree assuming the previous generations are not known and genomic rela-
tionships from TB1000 in the reference. H6TB: using 6 current generations pedigree assuming the previous 
generations are not known and genomic relationships from TB1000 in the reference
ssGBLUP: single-step genomic BLUP with shallow pedigree scenario as mentioned. ssGBLUPF: ssGB-
LUP while accounting for inbreeding in inverse of numerator relationship matrix

Top selective genotyping Top and Bottom selective genotyping

ssGBLUP ssGBLUPF ssGBLUPF

Scenario Accuracy Bias Accuracy Bias Scenario Accuracy Bias

H6T 0.35 ± 0.02 0.88 ± 0.04 0.35 ± 0.02 0.92 ± 0.04 H6TB 0.50 ± 0.02 0.96 ± 0.02
H7T 0.37 ± 0.02 0.88 ± 0.04 0.37 ± 0.02 0.93 ± 0.04 H7TB 0.50 ± 0.02 0.99 ± 0.03
H8T 0.39 ± 0.02 0.90 ± 0.04 0.39 ± 0.02 0.96 ± 0.04 H8TB 0.51 ± 0.02 1.00 ± 0.03
H9T 0.41 ± 0.02 0.92 ± 0.03 0.42 ± 0.02 1.00 ± 0.04 H9TB 0.51 ± 0.01 1.00 ± 0.02
H10T 0.42 ± 0.02 0.91 ± 0.02 0.43 ± 0.02 1.01 ± 0.03 H10TB 0.51 ± 0.01 1.00 ± 0.02
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QTL for the trait of interest. Jiménez-Montero et al. (2012) 
also reported that the magnitude of prediction accuracy of 
GEBV depends on the number of animals genotyped and the 
selective genotyping strategy used. Literature also reveals 
that the worst prediction accuracies when genotypes only for 
the animals with the best phenotypes were included in the 
model (Jenko et al., 2017). Pryce et al. (2012) and Gao et al. 
(2015) suggested that the best strategy to include genotypes 
in genomic selection schemes is to choose random or unse-
lected females. Two-tailed selective genotyping of candi-
dates for phenotypic contrasts greatly improves the power to 
detect and map QTL in genetic association studies (Darvasi 
& Soller, 1992; van Gestel et al., 2000; Henshall & Goddard, 
1999; Huang & Lin, 2007; Lebowitz et al., 1987; Muranty & 
Goffinet, 1997; Xu & Vogl, 2000), owing to which TB1000 
proved better. Boligon et al. (2012) and Perez et al. (2018) 
reported that inclusion of extreme phenotypes in the refer-
ence is useful to accurately predict the most important SNPs 
in genome‐wide association studies, although with inflated 
GEBV. In small population, where the pedigrees are likely 
to be incomplete, the prediction accuracy was shown to be 
increased by including genotypes from cows with pheno-
typic records (Jenko et al., 2017; Pryce et al., 2012) using 
GBLUP.

The (co)variances for true breeding values for selected 
candidates are not well described by relationship matrix 
unless all records used in selection are accounted for. Thus 
GBLUP, although lead to increase in the accuracy but also 
resulted in biased GEBV. We also observed the biased esti-
mates of Va and Ve in selectively genotyped reference. 
Higher and inflated estimates were observed for TB1000 as 
compared to T1000, which has also affected the accuracy of 
prediction and caused bias of prediction of breeding values. 
Cesarani et al. (2019) observed biased estimates of herit-
ability for GREML as compared to SSGREML in selectively 
genotyped reference. BLUP required estimates for lambda 
(σ2

e/σ2
a) for prediction of breeding values. Biased estimates 

of variance components will affect the EBV magnitude. Sev-
eral studies by early researchers have shown similar results, 
where using information only on the current generations for 
genotyping has resulted in significant bias of prediction (Van 
Raden et al. 2009a and 2009b; Patry and Ducrocq 2011; 
Vitezica et al. 2011; Gowane et al. 2019a) and use of single-
step approach has been utilized as a strategy to address the 
issue of low accuracy and prediction bias (Gowane et al. 
2019a). However, single-step strategy is beneficial when we 
have good pedigree that is deep enough so that the genomic 
relationship is extended to the non-genotyped animals read-
ily. In case of the shallow pedigree issue in small popula-
tions, this option is explored in this study.

We observed improved accuracy as well as fairly unbi-
ased estimates of GEBV when ssGBLUPF approach having 
TB1000 as reference was used in low as well as moderate  h2 

scenarios. Incomplete pedigree issues result in not account-
ing for complete ancestral relationship in NRM as it is given 
by the GRM. We observed that correction for pedigree 
inbreeding resulted in more accurate and unbiased estimates 
of GEBV. Similar observations were given by Garcia-Bac-
cino et al. (2017) and Gowane et al. (2019a). Correction of 
NRM helps to bring the NRM and GRM at the same level 
for better merging. For shallow pedigree, ssGBLUPF proved 
to be the best strategy when TB1000 reference was geno-
typed. Use of extreme phenotypes in reference lead to better 
identification of marker effects, and hence the accuracy of 
prediction for GEBV was higher. Meyer (2021) showed that 
missing pedigrees significantly affected predicted breeding 
values in ssGBLUP and suggested unknown parent group 
(UPG) models with separation of genotyped and non-geno-
typed individuals and also the analyses fitting metafounders 
for better predictions of GEBV in terms of accuracy and 
bias.

Use of pedigree information, at least 1 extra generation 
than the genotyped reference, led to significant reduction 
in bias of prediction and accuracy as good as complete 
pedigree in ssGBLUPF in our study. Pocrnic et al. (2017) 
reported similar results, saying that including animals with 
phenotypic records in addition to 3 generations of pedigree 
was enough to obtain the same GEBV relative to using the 
full pedigree. We also observed that inclusion of more pedi-
gree information in the single-step certainly improves the 
accuracy of prediction and also reduces the bias; however, 
the cost involved in recording deep pedigrees is a limiting 
factor. For the holes in pedigree situation, the accuracy 
obtained with ssGBLUPF seems optimal. Lourenco et al. 
(2014) in US Holsteins, Israeli Holsteins, and pig popula-
tions and Yang and Su (2016) in simulated data observed 
that in general, 3 generations of phenotypic data along with 
2 ancestral generations in the pedigree were sufficient for 
prediction of the breeding values; however, it also depends 
on the trait  h2 and population structure.

Conclusion

Phenotypic data maintained either in field or in farm in loose 
dairy breeding structure is usually not complete with respect 
to the pedigree information, and therefore, using complete 
pedigree information in genomic evaluation with ssGBLUPF 
is not possible. However, from our study, we conclude that 
even with last few generations selective genotyping (pheno-
typic contrasts) of 25% females to identify marker effects 
along with 2 generations of pedigree information will be 
necessary and sufficient to predict unbiased GEBV with 
optimum accuracy so as to match complete pedigree sce-
nario in sex-limited traits. This strategy not only predicts 
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better breeding values but also has potential to save huge 
costs on genotyping.
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