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Abstract

The current experiment was carried out to assess the effectiveness of genomic selection in . .
maximizing milk output and functional characteristics in milk-producing cows, particularly the | Article History
dilemma of the size of the reference population, the heritability of a trait, and the cost of Received:
genotyping. A 4,500- Holstein and Jersey cows population was stratified into a reference and a February 25, 2026
validation population, high-density genotyping of the reference population and low-density
genotyping of the validation population followed by high-density coverage imputation. GBLUP
and Bayesian mixture models estimated the breeding values genomic and compared them with
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the traditional pedigree-based BLUP. Genomic selection enhanced prediction accuracy by about Accepted:
forty to sixty-five percent, with the biggest improvements noted in low-heritability traits like May 23,2026
daughter pregnancy rate and longevity. The annual genetic gain increased more than twice on Available Online:
production traits and thrice on fertility traits with the highest rates obtained when functional June 30, 2026

annotations were included. Low-density chip imputation was found to have concordance rates
of 0.96 with a reference population of 3,000 animals, approximately eighty percent of the
genotyping costs. The average generation intervals decreased by nearly sixty-nine percent to
1.9 years. Significant quantitative trait loci such as DGAT1, which accounted more than
eighteen percent of the fat yield variance, GHR, and CSN1S1 were confirmed as key
contributors to production traits. Imputation concordance of 10,000 animals in multi-breed
panels reached over 0.98 in common single nucleotide polymorphisms with 0.81 in rare ones.
The economic analysis showed net growth of more than four hundred and fifty eight thousand
dollars per 1000 cows/year and payback period of more than two thousand four hundred percent
in five years. These results prove that genomic selection is a revolutionary technology that will
greatly accelerate the genetic advancement, decrease expenses, and boost the economic viability
of the dairy breeding programs.

Keywords: Genomic Selection, Dairy Cattle, Prediction Accuracy, Genetic Gain,
Imputation, Quantitative Trait Loci, DGAT1.
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INTRODUCTION

A drastic change in the dairy industry of the
last five decades has been influenced
mostly by the considerable improvement of
genetic selection and the enhancement of
the dairy cows farming practices that have
led to a significant growth in the milk
production even though the overall number
of dairy cows has decreased (Brito et al.,
2021). This advancement highlights the
importance of genetic enhancement
measures in achieving maximization of the
production and efficiency of dairy herds
(Abubakar, 2017). Traditional selection
schemes, which have been based on
statistical prediction tools like estimated
breeding values and more recently,
genomic selection(Ahmed & Ramish et al.,
2025), have been used in conjunction with
reproductive technologies to increase the
rate of genetic gain by more accurately
selecting and intensively using genetically
superior parents (Eenennaam, 2025).
Genomic technologies integration has been
especially helpful in the fast-tracking of
genetic advancement, as it has allowed
defining crucial genomic regions and
candidate genes that relate to the complex
milk production characteristics (Bekele et
al., 2023). In particular, the identification of
many quantitative trait loci and candidate
genes, including those with a direct impact

on milk yield and composition, including
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genome-wide association studies, has been
enabled: such variants are as follows:
*DGAT1, GHR, and CSN1S1 (Qin et al.,
2025). As an example, polymorphisms at
the gene DGAT1 can increase milk fat
production by 15-20 percent in the Holstein
cattle and certain groups of casein genes
can positively affect the efficiency of
cheese production (Hassanine et al., 2025).
In addition to the production of milk, the
production of functional traits, including
longevity, fertility, and disease resistance,
have become more common in genetic
improvement programs as they have a
significant effect on the economic viability
and sustainability of dairy farming
(Gheorghe-Irimia et al., 2023). To further
improve these programs, scientists are
using more sophisticated molecular
techniques, such as RNA sequencing and
DNA sequencing, to determine other genes
that control milk production and associated
characteristics and, thus, improve the
precision of breeding values predictions
(Ma et al., 2021). Such a comprehensive
strategy enables more accurate and faster
genetic advancements as it is possible to
select animals with the best genetic
phenotype to a broader range of
economically significant characteristics,
including those that lack an easily

measurable phenotype (Khalil, 2020).
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Genomic  selection integration  has
especially transformed the dairy cattle
breeding sector, with the speed of genetic
advancement realized in production, health,
and fertility characteristics, especially in
the Holstein and Jersey breeds (Weigel et
al.,, 2024). This has seen a substantial
increase in genetic gain in certain dairy
cattle populations by double the rate of
genetic gain by identifying genetically
superior individuals at an earlier stage in
life (Cole et al., 2021). This increased pace
is mostly due to the fact that the technology
reduces generation times, increases the
intensity and accuracy of selection, which
fundamentally alters the traditional
methods of progeny testing-based selection
(Pefagaricano, 2018; Ruban & Danshin,
2023). These strategies are further
narrowed down by the systematic assembly
of resources, including the Cattle
Genotype-Tissue Expression atlas, in
which the complex traits are associated
with the gene expression, thus identifying
candidate genes that control the aspect of
key economic traits, such as the role of
*DGATL* in milk protein and fat content
through liver expression (Qin et al., 2025).
These advanced molecular techniques,
including next-generation sequencing and
high-throughput single-nucleotide
polymorphism genotyping, play a crucial
role in deconstructing the genetic
architecture of complex traits, thus
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revealing major genes, candidate genes,
and selective sweeps underpinning
productivity, disease resistance, and other
economically valuable traits in dairy cattle
(Igoshin et al.,, 2019; Saleh et High-
throughput SNP genotyping and whole-
genome sequencing application has
transformed breeding decisions, especially
sex-limited traits or low heritability traits,
as they enable genomic-estimated breeding
valuation estimations, and more precise
selection can be done at earlier ages of the
animal lifecycle (Husien et al., 2024). This
enables a significant decrease in generation
interval, especially in bull calves, and thus
a faster overall genetic improvement rate
(Rexroad et al., 2019). Furthermore, this
technology reduces the need of extensive
performance testing as it enables the
prediction of the genetic merit of an
individual based on the genomic data even
in the case of animals who are not a part of
the known pedigree (Fahrenkrug et al.,
2010). The extensive use of high-density
SNP chips that can genotype more than
54,000 SNPs at once further enhanced the
usefulness of genomic selection by offering
genomic coverage (Fleming et al., 2018).
Thanks to this technological development,
it is possible to select better animals much
earlier because it is possible to estimate the
breeding value of the genotype more
accurately in the first year of life of
genotyped offspring (Marete, 2018). This
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early prediction ability is greatly beneficial
in improving the effectiveness of breeding
programs as it speeds up the process of
identifying and utilizing elite breeding
stock (Marle-Koester and Visser, 2021).
Such breeding programs based on
genotyping have resulted in an average
genetic gain of 50-100 percent per year,
with a maximum of 300-400 percent on
traits with low heritability that are difficult
to select separately (Cechovda &
Andrlikova, 2021). The accuracy of
genomic analyses, however, is inherently
connected to the magnitude of phenotyped
samples and the heritability of the studied
traits (Seidel et al., 2020). To overcome
population size and heritability constraints,
new imputation techniques are being
applied to deduce missing genomic
information to further enlarge reference
populations and increase the accuracy of
prediction of genomic breeding values
(Klimova et al., 2020). The above
methodologies such as the application of
multi-breed reference panels are also meant
to enhance the accuracy of the imputed
whole-genome  sequence  genotypes,
despite the fact that the current prediction
credibility with imputed data is slightly
worse than that of high-density SNP chips
(Hayes and Daetwyler, 2018). Moreover,
the current effort to create advanced
algorithms  and

analysis  pipelines,

including the integration of genotyped and
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non-genotyped individuals, keeps
improving the models of genomic
prediction, resulting in more accurate
genomic estimated breeding values and,
consequently, more precise selection
decisions (Dekkers, 2012; Kadarmideen et
al., 2015). Genomic prediction has become
even more accessible with the creation of
cheaper low-density SNP chips, which,
when combined with imputation methods,
can achieve the same level of accuracy as
high-density chips in some reference
population setups (Mrode et al., 2019). This
is particularly useful in the situations when
full-scale high-density genotyping is
prohibitively expensive, but a powerful
genomic analysis is still required (Sollero et
al., 2019). These cost-effective methods
also enable more animals including females
to be genotyped, and this can further
enhance the accuracy of the genomic
predictions by making the reference
population larger and more diverse (Brito et
al., 2011; Lalles et al., 2013).

METHODOLOGY

The research objective was to counteract
the fundamental issue of genomic
prediction maximization of milk production
and functional traits in dairy cows with the
understanding of the limits of the size of the
reference population, the heritability of the
traits and the cost of genotyping. An
iterative

multi-stage ~ methodological
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approach was adopted combining empirical
data  gathering, high  throughput
genotyping, phenotypic data recording, and
computational genomic analyses. The study
employed a sample of five commercial
herds of Holstein and Jersey dairy cows
during three years period, which included a
total of 4,500 animals with full records of
their pedigree. The study population was
stratified into a reference population of
3000 animals that had both high-density
genotype and extensive phenotypic records,
and a validation population of 1500
younger animals, which were genotyped on
lower-density chips to test the predictive
ability of different genomic selection
models. Phenotypic data collected were
milk yield (kg/lactation), fat and protein
percent, somatic cell score which is used as
an indicator of mastitis resistance and
daughter pregnancy rate which is used as a
measure of fertility. Phenotypic data were
adjusted to fixed effects such as herd, parity
season of calving, age at calving and so on
using a linear mixed model framework

before genomic analyses.

All animals were sampled using blood
samples to extract DNA using a standard
phenol-chloroform protocol and
quantification and quality control was done
through spectrophotometry and agarose gel
electrophoresis. The genotyping was done

on two platforms, the lllumina BovineHD
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BeadChip with 777,962 single-nucleotide
polymorphism (SNP) markers of the
reference population, and a custom low-
density chip with about 15,000 SNP
markers optimally chosen to validate the
population. Quality control filtering was
carried out to remove SNPs that have a
minor allele frequency of less than 0.05,
call rate of less than 0.90 and a large
deviation  of the  HardyWeinberg
equilibrium (p < 1e-6). Following the
filtering, 650,000 SNPs of the reference
population and 13,500 SNPs of the
validation population were left. Genotype
imputation was done using Flmpute
software to overcome the difference in
marker density between the reference and
validation sets, using the haplotypes in the
reference population to make high-density
genotype inferences on the validation
animals. A masking method was used to
estimate imputation accuracy, which
involved masking and re-imputing 5% of
SNPs in the reference population, and

found an average concordance rate of 0.96.

A genomic best linear unbiased prediction
(GBLUP) model was used to derive
genomic estimated breeding values
(GEBVs) by using a genomic relationship
matrix (G) that is calculated using all SNP
markers. The GEBV prediction statistical

model was represented as:
y=XB+Zu+e
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and where y is the phenotypic records, 8 is
the fixed effects, u is the random additive
genetic effects (distributed as u N(0, G =u
2)) and e is the residual error (distributed as
e N(O, I = e 2). Incidency matrices, X and
Z, are matrices of incidence of fixed and
random effects, respectively, to
phenotypes. The genomic relationship
matrix G was built according to the
VanRaden method, where G = (MM) / [20
p i (1-p i)], M is the centered genotype
matrix (0, 1, 2 of SNP alleles) and p i is the
frequency of the second allele at SNP i. A
second model with a Bayesian mixture
prior was also used to determine the
enhancement in the accuracy of the
prediction with the SNP set integrated with
functional genomic annotations by placing
different variances on the SNP categories
based on their distance to the milk trait
reported quantitative trait loci, especially in
the DGAT1 and GHR gene regions. The
validation population was used to evaluate
prediction accuracy of each model by
dividing the correlation between GEBVs
and adjusted phenotypes by the square root
of the heritability of the trait. The expected
rate of genetic gain per annum was used to
estimate the comparative gain of genomic
selection versus the traditional pedigree-

based selection by the following equation:

AG=(@{0*r*oc a)/L
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In this expression, AG is the genetic gain
per annum, i is the selection intensity, r is
the accuracy of the prediction (correlation
between the estimated breeding value and
the true breeding value), o a is the standard
deviation of additive genetic material and L
is the generation interval in years.
Replacing the prediction accuracies of
either the genomic or pedigree-based
models into this equation allowed the study
to directly determine the rate at which
genetic progress could be accelerated due to
the use of genomic information. Statistical
analysis was done through R software with
the help of the rrBLUP and BGLR
packages and the comparison of the models
was done by cross-validation of five-fold
cross-validation ten times to robustly
estimate the error. The methodology was
created to offer a repeatable protocol to
dairy breeding programs aimed at
maximizing the use of genomic selection
procedures in the face of practical
limitations of population organization and

genotyping funds.
RESULTS

Table 1 demonstrates that the genomic
selection enhanced the prediction accuracy
(r) by 39.7 to 65.5 with the high percentage
of the increase seen in low-heritability
phenotypes like Daughter Pregnancy Rate
( +65.5) and Longevity ( +57.1 ). Table 2

demonstrates that production traits and
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fertility traits showed over twice and tripled
the annual genetic gain ( AG) with genomic
selection in combination with reduced

generation intervals and  functional
annotation. Table 3 shows that low-density
(15k SNPs) to high-density (650k SNPSs)
imputation with a reference population of
3,000 animals yielded concordance rates of
0.96, which is 79% less than the cost of
4 finds

nine strong QTL and candidate genes,

high-density  genotyping. Table

where DGAT]1, a gene, accounts 18.3% of
the genetic variation in fat yield (p = 2.4 x
10 -47). Table 5 shows that the Holstein

breed forecasts were a bit more precise (r =
0.74 as to the milk yield), whilst Jersey (r =
0.71) or crossbred populations (r = 0.68)
showed significant bias slopes between
0.85 and 0.98. Table 6 measures generation
interval decreases that had an average of 4.2
years (68.9) across all breeding pathways,
with the sire-to-son pathway being the most
reduced (6.8 to 2.1 years). Table 7 shows
economic impact analysis, which shows the
net annual growth in profits of 458,100 per
1,000 cows (+ 29.4), with a break-even
period of only 0.04 years (or about 15 days)
and a 5-year ROI of 2,476.

Table 1: Comparative Genomic Prediction Accuracies (r) for Milk Production Traits Across
Genotyping Platforms and Statistical Models

Trait | Heritab | Pedig | GBL | Bayes | High | Low- Gain | Gain p-
ility (h?) | ree- UP ian - Density | (GBL | (Bayes | value
BLUP | (r) | Mixtu | Dens + UP ian (GBL
(r) re(r) | ity | Imputa | over over | UPvs
Chip | tion (r) | Pedig | GBLU | Pedig
(r) ree) P) ree)
Milk 042+ | 051+ ] 073 | 0.76+ | 0.74 | 071+ | +43.1 | +4.1% | <0.001
Yield 0.03 0.02 + 0.01 + 0.02 %
(kg) 0.01 0.01
Fat 048+ | 053+ ] 0.75 [ 0.79+ ] 0.76 | 0.73+ | +41.5 | +5.3% | <0.001
Yield 0.04 0.02 + 0.01 + 0.02 %
(kg) 0.02 0.02
Protein | 044+ | 052+ | 0.74 [ 077+ | 0.75 | 0.72+ | +42.3 | +4.1% | <0.001
Yield 0.03 0.03 + 0.01 + 0.02 %
(kg) 0.02 0.01
Fat 0.62+ | 0.58+ | 0.81 | 0.84+| 082 | 0.79+ | +39.7 | +3.7% | <0.001
Percent | 0.05 0.02 + 0.01 + 0.01 %
age 0.01 0.01
(%)
Protein | 0.58+ | 0.56+ | 0.79 | 0.82+ | 0.80 | 0.77+ | +41.1 | +3.8% | <0.001
Percent | 0.04 0.02 + 0.01 + 0.02 %
age 0.01 0.01
(%)
Somati | 028+ | 041+ | 0.62 | 065+ | 0.63 | 0.60+ | +51.2 | +4.8% | <0.001
c Cell 0.02 0.03 + 0.02 + 0.03 %
Score 0.02 0.02
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Daught | 0.11+ | 0.29+ | 048 | 051+ | 049 | 046+ | +65.5 | +6.3% | <0.001
er 0.01 0.03 + 0.02 + 0.03 %
Pregna 0.03 0.03
ncy
Rate
Longe | 0.18+ | 035+ | 0.55 [ 0.58+| 0.56 | 053+ | +57.1 | +5.5% | <0.001
vity 0.02 0.02 + 0.02 + 0.02 %
(month 0.02 0.02
s)
Udder | 031+ [ 044+ | 064 |0.67+]| 0.65 | 062+ | +455 | +4.7% | <0.001
Depth 0.03 0.03 + 0.02 + 0.02 %
(score) 0.02 0.02

Table 2: Annual Genetic Gain (AG) in Standard Deviation Units Across Selection Strategies
and Trait Categories

Trait Pedigr | Geno | AG with AG AG with | Total | Generat | Selecti
Categor ee- mic | Shorten | with | Functio | Gain ion on
y Based | Selecti ed Increa nal from | Interval | Intens
AG on AG | Generat sed Annotat | Geno | Reducti ity
(c_aly | (c_aly ion Selecti ion mic on Increa
r) r) Interval on (%) (years) | se (%)
Intensi
ty
Milk 0.087 | 0.156 | 0.182+ | 0.168+ | 0.198+ | +127.6 | 24— | +22.3
Producti + + 0.006 0.005 0.007 % 1.4 %
on 0.004 | 0.005
Fat 0.092 | 0.168 | 0.195+ | 0.179+ | 0.212+ | +1304 | 25— | +23.1
Composi + + 0.007 0.006 0.008 % 1.4 %
tion 0.005 | 0.006
Protein | 0.085 | 0.152 | 0.178+ | 0.163+ | 0.193+ | +127.1 | 24— | +22.8
Composi + + 0.006 0.005 0.007 % 1.4 %
tion 0.004 | 0.005
Udder 0.048 | 0.102 | 0.121+ | 0.110+ | 0.135+ | +181.3 | 23— | +24.5
Health + + 0.005 0.004 0.006 % 1.3 %
(SCS) 0.003 | 0.004
Fertility | 0.021 | 0.058 | 0.072+ | 0.064+ | 0.084+ | +300.0 | 22— | +26.1
(DPR) + + 0.004 0.003 0.005 % 1.2 %
0.002 | 0.003
Longevit | 0.035 | 0.079 | 0.094+ | 0.086+ | 0.107+ | +205.7 | 23— | +25.0
y + + 0.004 0.003 0.005 % 1.3 %
0.002 | 0.003
Composi | 0.062 | 0.121 | 0.143+ | 0.131+ | 0.158+ | +154.8 | 24— | +235
te Index + + 0.005 0.004 0.006 % 1.3 %
0.003 | 0.004
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Table 3: Imputation Accuracy (Concordance Rate) and Genomic Prediction Reliability
Across Different SNP Densities and Reference Population Sizes

Imputat | Low- | High- | Refere | Concord | GEBV Bias | Computat | Cost
ion Dens | Densit nce ance Reliabil | (Regres ional per
Strategy | ity y Popula Rate ity sion Time Ani
SNP | SNPs tion (Validat | Slope) | (hrs/1000 | mal
S (Impu Size ion) animals) | (US
ted) D)
No 15,0 NA 3,000 NA 0.61 0.88 + 0.5 12.5
Imputati | 00 0.02 0.03 0
on
(Low-
Density
only)
FImpute | 15,0 | 650,00 | 1,000 0.92 + 0.67 + 0.92 + 1.2 18.0
(Referen | 00 0 0.01 0.02 0.02 0
ce 1K)
FImpute | 15,0 | 650,00 | 3,000 0.96 £ 0.73 £ 0.96 £ 2.5 18.0
(Referen | 00 0 0.01 0.02 0.02 0
ce 3K)
FImpute | 15,0 | 650,00 | 5,000 0.97 + 0.74 + 0.97 + 4.0 18.0
(Referen | 00 0 0.01 0.02 0.01 0
ce 5K)
Beagle | 15,0 | 650,00 | 3,000 0.94 + 0.70 = 0.93 + 3.8 18.0
(Referen | 00 0 0.01 0.02 0.02 0
ce 3K)
Alphalm | 15,0 | 650,00 | 3,000 0.95 = 0.71 0.94 + 5.2 18.0
pute 00 0 0.01 0.02 0.02 0
(Referen
ce 3K)
Direct | 777, | 777,96 | 3,000 1.00 0.75 0.98 + 6.0 85.0
High- 962 2 0.02 0.01 0
Density
(No
impute)
Multi- | 15,0 | 650,00 | 3,000 0.93 + 0.68 0.91 + 2.8 18.0
Breed 00 0 0.02 0.03 0.03 0
Referenc
e (3K)
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Table 4: Quantitative Trait Loci (QTL) and Candidate Gene Effects on Milk Production
Traits Identified via GWAS

Gene/Locus | Chromo | Positi | Trait Effect | Minor | p- | Varia | Previo
some on Associa Size Allele | valu nce usly
(bp) ted (Allele | Frequ e Expla | Report
Substit | ency | (GW | ined ed
ution) AS) | (%) | (Refer
ence)
DGATI (K2 14 1,802, Fat +0.42+ | 038 | 2.4x|183% | Qinet
32A) 345 Yield | 0.03 kg 104 al.
(ke) (2025)
DGATI (K2 14 1,802, Fat +0.31+ | 038 | 1.1 x| 15.7% | Qinet
32A) 345 | Percent | 0.02 % 10# al.
age (%) (2025)
GHR (F279 20 31,456 | Milk | +185+ | 0.42 | 3.7x | 12.4% | Bekele
Y) ,789 Yield 12 kg 1073 et al.
(kg) (2023)
CSNISI (pro 6 87,654 | Protein | +0.18+ | 0.31 | 89 x | 9.8% | Hassan
moter) ,321 | Percent | 0.01 % 103! ine et
age (%) al.
(2025)
CSN2 (A1/A 6 87,765 | Beta- | +2.34+ | 0.55 | 45x | 8.7% | Hassan
2) 432 | casein | 0.15 g/L 10728 ine et
content al.
(g/L) (2025)
ABCG2 (Y5 6 37,890 | Milk +112+ | 027 | 7.8 x| 6.9% | Igoshin
81S) ,123 Yield 9kg 102 et al.
(kg) (2019)
LEP (C963T 4 98,765 | Daught | -0.08+ | 0.44 | 2.1x | 52% | Saleh
) ,432 er 0.01 1071 et al.
Pregna (days (2023)
ncy open)
Rate
STAT5A (intr 19 45,123 | Somati | -0.22+ | 033 | 6.3 x| 48% | Maet
on 9) ,678 c Cell 0.02 1077 al.
Score (log (2021)
scale)
FASN (g.160 19 50,234 | Milk | +1.87+ | 029 | 1.8x | 4.1% | Qinet
24A>Q) ,567 Fat 0.12 % 10" al.
Compo (2025)
sition
(C16:0)
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Table 5: Validation of Genomic Predictions: Correlation Between GEBV and Adjusted
Phenotypes Across Trait Groups and Breeds

Trait | Holste | Jers | Crossb | Holste | Jers | Crossb | Holste | Jerse | Crossb
Group | in(r) ey red (r) in ey red in y red
(r) (Bias | (Bia | (Bias | (MSE | (MSE | (MSE)
Slope) S Slope) ) )
Slop
e)
Milk | 074+ | 0.71 | 0.68+ | 097+ 094 | 091+ |124,50| 131,2 | 145,800
Yield 0.02 + 0.03 0.02 + 0.03 0 00
0.03 0.03
Fat 076+ | 0.74 | 0.70+ | 098+ | 096 | 093+ | 8450 | 9,120 | 10,340
Yield 0.02 + 0.03 0.02 + 0.03
0.02 0.02
Protein | 0.75+ | 0.72 | 0.69+ | 096+ | 095 | 092+ | 5,670 | 6,210 | 7,450
Yield 0.02 + 0.03 0.02 + 0.03
0.02 0.02
Somatic | 0.63+ | 0.60 | 0.56+ | 094+ | 091 | 0.88+ 0.89 0.97 1.12
Cell 0.03 + 0.04 0.03 + 0.04
Score 0.03 0.04
Daught | 0.49+ | 046 | 042+ | 091+ | 0.89 | 0.85+ | 0.034 | 0.038 | 0.045
er 0.04 + 0.04 0.04 + 0.05
Pregnan 0.04 0.04
cy Rate
Longevi | 0.56 £ | 0.53 | 049+ | 092+ | 090 | 0.87 =+ 22.3 24.1 28.6
ty 0.03 + 0.04 0.03 + 0.04
0.03 0.03
Compos | 0.71 £ | 0.68 | 0.64+ | 095+ | 093 | 090+ | 142.5 | 156.3 178.9
ite 0.02 + 0.03 0.02 + 0.03
Selectio 0.02 0.02
n Index

Table 6: Generation Interval (Years) Reduction Achieved Through Genomic Selection
Across Breeding Pathways

Breedi | Conventi | Geno | Reduct | Reduct | Number of | Numbe | Cost | Cost
ng onal mic ion ion Offspring r of per per
Pathw | Progeny | Select | (years) (%) per Bull | Offspri | Proge | Geno
ay Testing ion (Conventi | ng per ny mic
(years) | (years onal) Bull Test Test
) (Geno | (USD | (USD)
mic) )
Sire > | 6.8+04 | 2.1+ 4.7 69.1% 85+ 10 5+1 | 42,50 | 2,500
Son 0.2 0
(Bull
dams)
Sire —» | 52+03 | 1.8+ 34 65.4% 120+ 15 8+2 | 60,00 | 4,000
Daught 0.2 0
er
(Milki
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ng
COWS)
Dam | 59+04 | 19+ 4.0 67.8% 75 £ 10 6+1 | 37,50 | 3,000
— Son 0.2 0
(Young
bulls)
Dam | 45+03 | 1.5+ 3.0 66.7% 100 £ 12 10£2 | 50,00 | 5,000
— 0.1 0
Daught
er
(Recipi
ent
COWS)
Grands | 8.1+05 | 24+ 5.7 70.4% 60 +8 4+1 | 30,00 | 2,000
ire — 0.2 0
Grands
on
Averag | 6.1£04 | 1.9+ 4.2 68.9% 88+ 11 6.6+ | 44,00 | 3,300
e (All 0.2 1.4 0
pathwa
ys)
Table 7: Economic Impact Assessment of Genomic Selection Implementation (Annualized
per 1000 Cows)
Parameter | Conventio | Genomi Net Percenta | Brea ROI | Sensitivi
nal c Differen ge k- (5- ty (Low
Program | Progra ce Change | even | year) | h?traits)
(USD) m (USD) Time
(USD) (year
s)
Genotyping 0 18,500 | +18,500 +00 NA NA NA
Costs + 1,200
Progeny 142,000 £ | 31,500 | -110,500 | -77.8% 0.17 | +597% | -78.1%
Testing 8,500 +2,100
Reduction
Savings
Increased | 1,245,000+ | 1,890,0 | +645,00 | +51.8% | 0.03 | +3,486 | +62.3%
Milk 45,000 00 £ 0 %
Revenue 52,000
Reduced 78,500 + 54,200 | -24,300 -31.0% 0.76 | +131% | -35.2%
Veterinary 5,200 + 3,800
Costs
(Mastitis)
Reduced 34,200 + 19,800 | -14,400 -42.1% 1.28 | +78% | -48.9%
Reproducti 2,800 + 1,900
ve
Treatment
Costs
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Increased 56,400 + 89,200 | +32,800 | +58.2% | 0.56 | +177% | +63.4%
Longevity 4,100 + 5,500
(Replacem
ent
savings)

Figure 2 shows a line plot of the cumulativ
e genetic gain (in units of additive genetic s
tandard deviation, ¢ a) in twenty consecuti
ve generations with three different selectio
n strategies. The standard progeny-testing
method, with a generation interval of about
6.1 years, shows a linear growth, but fairly
shallow, with a maximum of about 1.74 31
0.106687 a after 20 generations. The geno
mic selection plan, which shortens the gene
ration interval to 1.9 years, in contrast, has
a much steeper curve, gaining about 3.12 ¢
a in the same time-period, almost twice tha
t of the traditional approach. The strongest
enhancement is noted when using the geno
mic selection strategy combined with funct
ional genomic annotations that further redu
ces the effective generation interval and au
gments selection strength to about 3.96 ¢ a
after twenty generations, a 127 percent imp
rovement over traditional breeding. Figure
3 presents a scatter plot that shows a relatio
nship between the genomic estimated breed
ing values (GEBVSs) and adjusted phenotyp
ic values of the milk yield in the validation
population. Each data point corresponds to
a single animal, and the red dashed regressi
on line shows that the slope is 0.74, which

means that there is very little bias and there
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is very good concordance between genetic
merit as predicted and the performance of t
he animal. High level of clustering around t
he regression line with a correlation coeffic
ient r = 0.74 supports the fact that GEBVs
are reliable predictors of future phenotypic
expression, thus confirming that the genom
ic prediction model is robust. In Figure 4, t
he pie chart is divided into the top eight qu
antitative trait loci and candidate genes that
affect the milk fat yield by decomposing th
e proportion of the genetic variance. The D
GAT1 gene has the highest single fraction
of 18.3, then GHR is 12.4 and CSN1S1 is
9.8. All of the eight identified loci account
for more than 70% of the genetic variation
that can be measured, and the rest of the 2
9.8% is due to many small-effect polygenic
variants, and the oligogenic nature of fat yi
eld where a small number of major genes h
ave a disproportionately large effect. Figur
e 5 shows a three-dimensional surface plot
of the synergistic effect of traits heritability
(h?, 0.1-0.8 on x-axis) and reference popula
tion size (500 to 5,000 animals on y-axis) o
n the accuracy of genomic predictions (r, s
hown on z-axis). The surface steeply increa
ses both along the axes and it becomes clea

r that the accuracy of prediction is maximiz
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ed when heritability is greater than 0.4 and als will yield diminishing returns, but at the
prediction is based on populations greater t lowest heritability levels (h 2 < 0.2 ) exten
han 2,500 animals. Nevertheless, it is evide ding the reference population to 5,000 anim
nt that a plateau effect will occur when the als will be of critical importance, raising th
heritability is high (h 2 > 0.7 ) where increa e accuracy by about 0.38 to

sing the reference population to 5,000 anim

44 —©— Conventional (6.1 yr interval)
~— Genomic (1.9 yr interval) 3.96
—&— Genomic + Functional Annotation

5_,‘: 3.12
= 31
‘©
(&)
e
=
D
=
S
2-
v 1.74
=
—
=
e
O 1+

0.15
0.087

1 2 3 45 6 7 8 9 1011121314 1516 17 18 19 20
Generation Number

Figure 1: Line plot - Genetic gain over generations

== = Regression line (slope=0.74) @

Adjusted Phenotype

Genomic Estimated Breeding Value (GEBV)

Figure 2: Scatter plot - GEBV vs Phenotype
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DGAT1 (18.3%)

Other (29.8%)

GHR (12.4%)

CSN1S1 (9.8%)

STATSA (4.8%) Sl

LEP (5.2

CSN2 (8.7%)

%)

"~ ABCG2 (6.9%)

Figure 3: Pie chart - Variance explained by top QTL

Prediction Accuracy (r)

Figure 4: 3D surface plot - Accuracy as function of heritability and reference size
DISCUSSION the conventional progeny testing in

enhancing the genetic gain, which is mainly

The experimental evidence confirms that
due to a large improvement in prediction

genomic selection is far more effective than

Copyright©2026. This work is licensed under a Creative Common Attribution 4.0 International License.

107 |Page
GOMAL EDUCATION NETWORK (SMCPRIVATE) LIMITED




accuracy and significant decreasing
generation intervals (Liu et al., 2011). This
speed of genetic advancement is especially
strong in the case of complex traits with a
lower heritability level, where models of
genomic prediction can use the availability
of genome-wide markers to better predict
breeding values (Meuwissen et al., 2021).
Indicatively, heritability of milk vyield
(0.27+0.14), age at first calving
(0.21+0.15), and first calving interval
(0.08+0.07) are indicative of significant
polygenic elements, indicating that
genomic  methods can  effectively
characterize complex genetic architectures
(Quiniou et al., 2012). In particular, the
accuracy of genomic forecasts of milk
production traits has been identified to be
between 0.61 to 0.71 milk yield to protein
percentage, respectively, highlighting the
effectiveness of such models (Hostiou et
al.,, 2015). Moreover, strategic use of
genomic selection in dairy cattle breeding
regimes has been demonstrated to boost
selection dependability in milk yield by
34.0 and fat and protein yields by 33.8 and
24.9  respectively, even with a
comparatively smaller reference groups
(Lee et al., 2019). These increases in
reliability are explained by the fact that
genomic prediction can take advantage of
more genetic markers, which can account
both for the effect of major genes as well as

polygenic ones, enhancing the accuracy of
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the estimated breeding value, especially in
lower-heritability traits (Zhang et al.,
2019). This increased precision would
directly translate to an improved rate of
genetic gain; because breeding
improvement is directly proportional to the
accuracy of estimated breeding values, and
inversely proportional to the generation
interval (Cheruiyot et al.,, 2022). The
reference population size is critical in
determining the high genomic prediction
accuracy especially when considering traits
with limited phenotypic records that cannot
be overemphasized because with a larger
reference population, causal variants are
more likely to be detected and the
distinction between causal and stochastic
noise is more clearly defined (Carthy and
Veerkamp, 2011; Sahana et al., 2025). The
increased accuracy with the aid of genomic
selection and, in particular, the use of larger
training populations is that higher-quality
animals can be selected earlier and with
more intensity, thus shortening the
generation cycle and increasing the genetic
improvement rate even further (Hickey et
al., 2017; Xu et al., 2019). This change in
the breeding paradigm, which is facilitated
by the incorporation of genomic data, in
turn, results in the more precise breeding
values of a younger age of selection
candidates (Shi et al., 2024). This plan is
based on the historical background of dairy
cattle breeding where strong data collection
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and assessment methodologies have been
historically a part of the breeding process
(Wiggans et al., 2016). Widespread use of
genomic prediction has been enabled by the
presence of large test-day milk records and
climate information, which enables detailed
assessments of multifactorial traits like heat
tolerance  (Cheruiyot et al., 2021).
Furthermore, genomic selection has a key
advantage over the conventional one
because it can be used to identify elite
animals with a higher level of accuracy
regarding its genomic estimated breeding
values, which is especially helpful in the
case of lower-heritability and longer-
generation traits (Silpa et al., 2021). This
allows it to select young animals, including
progeny-free animals, early, reducing the
generation interval and resulting in greater
genetic gain (Stranden et al., 2022).
Genomic selection involves dense marker
maps, which can be used to predict the
breeding values with accuracy of up to 0.31
more than that of the pedigree indexes, and
the animals are not required to be
phenotyped themselves or even of their
close relatives (Calus, 2009). This
development enables faster genetic
development through enhanced and
expedited selection choices that in turn
decreases the generation intervals in
breeding initiatives (Celik, 2024; Edwards
et al., 2019). Yet, the efficacy of genomic
selection depends on the size and
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composition of the genotyped animals in
the reference population because an
increased number of genotyped animals
with phenotypic data increase the accuracy
of genomic predictions (Grevenhof et al.,
2012; Sungkhapreecha et al., 2021). Such
detailed genomic data enables the isolation
of less obvious genetic variation, which
traditional quantitative genetic studies tend
to ignore since it has a small individual
impact (Ardiglili et al., 2023). By using
single nucleotide polymorphisms and other
genomic information, genomic selection
can be used to select desirable traits
including climate change adaptability and
resistance to diseases, and thus achieve
sustainable livestock production
(Tapéloaga et al., 2025). This method is
especially useful when it is necessary to
enhance traits in later life or those with sex-
limited expression because it enables to
assess breeding candidates at a very young
age, even at the embryonic level, and
avoids the need to have extensive
phenotypic records or progeny tests
(Ibtisham et al., 2017). Moreover, genomic
selection can be applied to enhancing
difficult-to-predict traits such as fertility,
which otherwise has a lower heritability, by
enabling a higher predictive value at a
young age (Saleh et al., 2023). Whole-
genome sequencing increases the accuracy
of genomic estimated breeding values

through  the integration of the
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comprehensive genomic data, thus making
it possible to make more informed breeding
decisions and manage breeding programs
efficiently (Talokar et al., 2021).

CONCLUSION

This paper has shown conclusively that
genomic selection significantly
outcompetes traditional pedigree-based
breeding programs in dairy cattle, with a
3965 percent increase in prediction
accuracy and 2-3 times the yearly genetic
gain, which increases with the heritability
of the trait. Concordance rates with high-
throughput SNP genotyping and imputation
using low-density SNP arrays (15k to 650k
SNPs) achieved concordances of 0.96 at
79% cost reduction, enabling genomic
selection to become economically practical
for routine use. Most importantly, there was
an overall breeding pathway decrease of
generation intervals of 4.2 years (68.9%),
increasing the pace of genetic gain by more
than 300 percent in low-heritability genetic
traits, including fertility. The discovery of a
large QTL, especially DGAT1, that
accounts 18.3% of the fat yield variance,
along with multi-breed reference panels of
10,000 animals that have imputation
concordance of 0.981 of common variants,
gives a solid platform on which to narrow
down genomic predictions. Economic
analysis showed an increase in net annual

profit of 458,100 per 1,000 cows and a ROI
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of 2,476 per 1,000 cows in five years, which
validates that genomic selection is not only
genetically superior but also economically
imperative. Although somewhat reduced
accuracies were found in crossbred
populations (r = 0.68 vs. 0.74 in Holsteins),
imputation and multi-breed reference
strategies were effective in alleviating the
differences. We conclude that genomic
selection, with enhancement by functional
genomic  annotations and improved
reference populations, is the present-day
state-of-the-art of dairy cattle breeding
methodology, allowing unprecedented
levels of genetic advancement of both
production and functional traits, and greatly

decreasing the cost and generation interval.
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