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ABSTRACT

Weighted single-step genome-wide association study (WssGWAS) has proven effective for exploring genomic regions
associated with quantitative traits in dairy cattle. In this study, we conducted WssGWAS to identify candidate genes
linked to three of the most frequently assessed milk production traits: daily milk yield (MY), milk fat percentage
(FP) and milk protein percentage (PP). The phenotypic and pedigree dataset used in this study was obtained from

the national genetic evaluation program in Russia for Black-and-White dairy cattle. Genotypic information for 644
animals (427 bulls and 217 cows) was used to estimate the effects of 52,445 SNPs using WssGWAS. SNPs with call
rate < 0.90 and those with minor allele frequency < 0.05 were excluded from the analysis. The results were reported
as the proportion of total genetic variance explained by 20 adjacent SNP windows. Only windows that accounted
for the largest share of variance (>0.5%) were chosen for additional candidate gene analysis. We identified 12

genomic windows on chromosomes 7, 8 and 12 associated with MY, one genomic window on chromosomes 4
associated with PP and six non-overlapping genomic windows on chromosomes 10 and 14 associated with FP.

These windows collectively explained 6.33%, 0.51 % and 6.22% of the total genetic variance for MY, FP and PP,

respectively. Different genes were identified within these regions and are believed to be associated with the studied
traits. These genes play a role in numerous biological processes, such as metabolism, growth, the preservation of
genomic stability, and the control of gene expression.
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Introduction

Investigating the genetic architecture of intricate quantitative traits,
such as milk production characteristics, is essential for enhancing
genetic merit in livestock species [1,2].

Conventional breeding techniques utilising phenotypic data
and pedigree records have effectively improved economically

important traits in livestock for a long time [3,4]. However, the
primary disadvantage of these methods is their expense and time
consumption [5].

Advancements in genotyping technologies, quantitative trait loci
(QTL) mapping, and genetic analysis techniques have elucidated
the genetic architecture of numerous significant quantitative traits
across various cattle breeds and populations [6].

The identification of genetic markers associated with desirable
traits improves genetic enhancement programs by replacing
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traditional selection methods with selection at the genomic level

[7].

The majority traits of importance in dairy cattle are quantitative,
controlled by multiple genes, influenced by environmental factors,
and display continuous distributions [8].

The identification of QTL, which alleles influence the phenotypic
variation of complex traits, can facilitate the early detection
of animals with enhanced genetic merit. These QTL can be
incorporated into marker-assisted selection programs, allowing for
the simultaneous evaluation of the cumulative effects of multiple
QTL on breeding objectives [9].

In recent years, genome-wide association studies (GWAS)
have been recognized as a potent tool for this purpose. GWAS
link phenotypic and genotypic records to explain the genetic
basis of phenotypic variation among animals [10,11]. A more
promising method, known as Weighted single-step Genome-Wide
Association Study (WssGWAS), has recently been utilized in
many studies for the identification of QTL [12,13]. In this method,
genotypes, phenotypes, and pedigree information are combined
to compute genomic estimated breeding values (GEBVs), which
are subsequently used to assess the impact of single nucleotide
polymorphisms (SNPs) on trait variation [14]. This procedure
involves three main steps. First, GEBVs are predicted using
single-step genomic best linear unbiased prediction (ssGBLUP).
Then, the weights of all markers are obtained by back-calculating
the effects of SNPs, which are then utilized to create the genomic
relationship matrix (G) in the subsequent steps, as part of an
iterative process [15]. By considering the unequal variances present
among markers, WssGWAS facilitates a more accurate estimation
of the effects of SNPs and, as a result, allows for a more precise
identification of QTL. This method is also effective when only
limited genotypic or phenotypic data are available [16]. Recent
studies have successfully used this approach for identification a
range of economically important traits in farm animals, and it has
been successfully applied in dairy cattle populations [17-21].

In Russia, several studies have previously been conducted using
GWAS to integrate genomic selection into traditional breeding
programs and to detect QTL associated with economically
important traits in dairy cattle [22-24]. This study represents a
large-scale effort to apply WssGWAS for identification genomic
regions and candidate genes linked to three milk production traits:
daily milk yield (MY), milk fat percentage (FP), and milk protein
percentage (PP) in Russian Black-and-White dairy cattle.

Materials and Methods

Animals, Phenotypes, Genotypes and Pedigree

The phenotypic and genotypic data used in this study were
obtained from our previous research [25], which was performed
for genomic estimated breeding value of Russian Black-and-White
dairy cattle. Briefly, a unified database of phenotypic and pedigree
information was developed for animals from 523 farms across
12 regions of the Russian Federation. The established database

included phenotypic and pedigree records for 69,131 bulls and 2,
551, 529 cows born between 1990 and 2017. A Multi-step system
was implemented to verify the reliability of the data and exclude
inaccurate records. The six main steps used for data validation are
described in detail in our previous work [25]. The final validated
phenotypic database included information on 1,597,426 cows
with 4,771,366 completed lactations. The pedigree database
contained information on 1,983,031 animals including 51,810
bulls. Genotyping data for 644 animals (427 bulls and 217 cows)
were used in this study. DNA was extracted from blood and skin
samples using the standard QIAamp® DNA protocol. Genotyping
was performed using the BovineSNP50 v3 DNA Analysis
BeadChip microarray (Illumina, USA). Only genotypes with a call
rate > 90% were included in the study. SNP markers with a minor
allele frequency < 5% were excluded from the analysis. In total,
38,054 SNPs remained for further analysis after quality control.

Statistical Analysis

In this study, we used WssGWAS method. This approach involves
calculating SNP effects based on GEBVs. The GEBVs for animals
were calculated using ssGBLUP method [26]. All analyses
were conducted using the BLUPF90 programs [27]. Variance
components were initially estimated using AIREMLF90, and
these estimates were then used in BLUPF90 to predict the GEBVs.
Subsequently, SNP effects were calculated using the postGSf90
software. For WssGWAS, the following single-trait statistical
model was applied to each of the studied traits:

y=Xb+Za+Wp+e

Where, y: vector of observations for the studied traits (MY, FP,
PP), b: vector of fixed effects, including age of the animal, region-
year-season of calving, lactation number, and test-day, a: vector of
random animal effects with a~N(0, Ha2), where ¢2 is the additive
genetic variance, p: vector of random permanent environmental
effects with p~N(0, Iag), where Gg is the permanent environmental
variance, e: vector of residual effects with e~N(0, Io2), where o is
the residual variance and / is the identity matrix. H: the relationship
matrix incorporating both pedigree and genomic information, and
its inverse is [28]:

0 0

Hl=A1+ _ _
0 G 1—-A3}

Where 4~1is the inverse of the numerator relationship matrix
for all animals, ¢~ is the inverse of the genomic relationship
matrix and A5} is the inverse of the pedigree-based relationship
matrix for genotyped animals. The genomic relationship matrix
G was constructed using the method of VanRaden [29]: G=ZDZ'/
2¥M P, (1—P), where Z is a matrix relating to the genotypes
of each locus, M is the number of SNPs, %i is the frequency of
the second allele at the iy, locus. D is a diagonal matrix of SNPs
weights (initially D = I). The procedure for estimating SNPs
weights and effects was carried out as follows [30]:

1. First iteration (=1), D=I; G,=ZD;Z'/2X!L; P;(1—P);

2. GEBVs were estimated using ssGBLUP for the entire dataset;
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3. SNP effects were calculated using postGSf90 software with
the formula: @ = AD,ZG; ~'oZ, where 7, is the vector of SNP
effects, o is GEBVs for genotyped animals;

4. SNP weights were calculated for each SNP for the next
iteration as follows: Dy¢y1y= ﬁf(t)2Pi (1— p), where i is the i-th
SNP;

5. Normalizing SNP weights to keep the total genetic variance

tr(D1y)

constant: D41y = PTIS)

(t+1),

6. Recalculating G matrix for the next iteration: Ge+1y= ZDg+1)
72’23, P (1—P)
7. t=t+1 and repeat from step 2 or 3.

In our study, the procedure was run for two iterations. The results
of the analysis were reported as the proportion of genetic variance
explained by sliding windows of 20 adjacent SNPs, calculated
using the following formula [14,30]:

var(a; var(XT_, z; 1
0(2 2 o 100% _rarQ@iagh)

a a

X 100%

where a; is the genetic value of the i-th 20-SNP sliding window;
o2 a is the total additive genetic variance; z; is the vector of the
genotypes of the j-th SNP for all individuals; and i; is the genetic
effect of the j-th SNP within the i-th 20-SNP window.

Windows Analysis and Candidate Genes Identification
The candidate QTL regions were evaluated based on the proportion
of genetic variance explained by sliding windows across the

chromosomes. Windows that explained 0,5% or more of the total
genetic variances were considered candidate QTL regions. Within
these regions, candidate genes were identified using the NCBI
database: http://www.ncbi.nlm.nih.gov.

Results

The results of the study are illustrated in Figures 1 to 3. Each point
in the Manhattan plots represents the proportion of genetic variance
attributed to a window of 20 adjacent SNPs. The analysis enabled
us to identify 12 genomic windows located on chromosomes 7,
8 and 12, each explaining more than 0.5% of the total genetic
variance for MY. Collectively, these windows explained 6.33% of
the total genetic variance for MY.

For PP, only one window was identified that exceeded the 0.5%
threshold. This region located on chromosome 4, explained 0.51%
of the total genetic variance for PP.

Regarding FP, six non-overlapping windows were detected. Five
were located on chromosome 10, and one on chromosome 14.
Together, these windows explained 6.22% of the total genetic
variance for FP.

Further investigation of these windows using the NCBI database
identified three genes — XRCC4, VCAN and HAPLNI — on
chromosome 7, and four genes — ABHD13, LIG4, LOC107131142
and TNFSF13B — on chromosome 12, all associated with MY.

Manhattan Plot SNP Variance explained by 20adjacents SNP window - Trait: 1 Effect: 5
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Figure 1: Manhattan plot showing the proportion of genetic variance for daily milk yield (MY) explained by sliding windows of 20 adjacent SNPs.

] Biotechnology App, 2025

Volume 4 | Issue 2 | 3 of 8


http://www.ncbi.nlm.nih.gov/
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=XRCC4&doptcmdl=DocSum&tool=genome.ucsc.edu
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=HAPLN1&doptcmdl=DocSum&tool=genome.ucsc.edu
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=LIG4&doptcmdl=DocSum&tool=genome.ucsc.edu
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=TNFSF13B&doptcmdl=DocSum&tool=genome.ucsc.edu

Manhattan Plot SNP Vari explained by 20adj 1ts SNP wil = Trait: 1 Effect: §

o
o -
.
PP (%)
.
B
3 | :
- ~ L
'
' i .
.
] ] .
2 H : H &
g 3 H 5
5 o ; : . : a
[=% . & . °
w ] . ] . ;
@ . L - A
8 . . . = . ]
g i, ] W .
. i L o . : g . L P
] L . H B .,
= H -= [ :; :
2 94 i ;- "
il . ¥
R
¥
F)
i
o |
o

T T T T T T T T T T T T T T T T T T T T T T T T T T T T T T
1 2 3 4 5 6 7 8 9 10 i | 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 29 30

Chromosome

Figure 2: Manhattan plot showing the proportion of genetic variance for milk protein percentage (PP) explained by sliding windows of 20 adjacent

SNPs.
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Figure 3: Manhattan plot showing the proportion of genetic variance for milk fat percentage (FP) explained by sliding windows of 20 adjacent SNPs.
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Table 1: Top genomic windows explaining the highest proportion of genetic variance, with their chromosomal locations and corresponding identified

genes.

Trait Location' nSNPs gVar(%) Genes Location?
Chr7:85277486-85930083 20 0.50 XRCC4 chr7:85267807-85556934
Chr7:85298955-85957647 20 0.50 VCAN chr7:85666058-85782896
Chr7:85337935-85971257 20 0.50 HAPLNI chr7:85845448-85924686
Chr8:109008801-109737722 20 0.56 - -
Chr8:109059409-109770679 20 0.56 - -
Chr8:109112032-109815182 20 0.54 - -

MY (ke) Chr8:109159075-109836761 20 0.53 - -
Chr8:109218761-109923217 20 0.53 - -
Chr12:87554080-88319342 20 0.54 ABHDI3 chr12:87630477-87631579
Chr12:87468430-88278660 20 0.54 LIG4 chr12:87606118-87613800
Chr12:87672871-88394447 20 0.53 LOCI107131142 chr12:87654333-87671972
Chr12:87579030-88347846 20 0.51 TNFSF13B chr12:87654130-87671972

GCCl1 chr4:92617109-92620507
ZNF800 chr4:92423262-92444888
ARF5 chr4:92624397-92627378
PP (%) Chr4:92588608-93248011 20 0.51 SND1 chr4:92679169-93108508
LRRC4 chr4:92953572-93043887
MIR129-1 chr4:93220889-93220960
LEP chr4:93249874-93266621
Chr10:95629821-96695555 20 2,75 - -
Chr10:94786066-95524114 20 1,02 - -
MGCI148318 chr10:74517288-74532706

P 0y Chr10:74479448-75685400 20 0.71 KCNHS chr10:75235434-75637242
Chr10:98230479-98840028 20 0.66 - -
Chr10:93958415-94515340 20 0.54 SELIL chr10:93900621-93965136

ZFHX4 chr14:41988047-42189777
Chr14:41696729-42550365 20 0.59 PEX? chr14-42315032-42330374

Location' position of windows (chromosome: position (bp)), nSNPs: the number of SNPs in each window, gVar (%): the percentage of genomic
variance, Location*: position of genes (chromosome: position (bp)), MY: daily milk yield (kg), PP: milk protein percentage, FP: milk fat percentage, *:

only non-overlapping windows are shown for FP.

For pp, seven genes — 4GCCI, ZNF800, ARF5, SNDI1, LRRC4,
MIRI129-1, and LEP — were identified on chromosome 4.
Additionally, three genes — MGC148318, KCNH5 and SELIL
— on chromosome 10, and two genes — ZFHX4 and PEX2 — on
chromosome 14, were found to be associated with FP trait.

The top genomic windows, which account for the highest
proportion of the genetic variance, along with their chromosomal
locations and the corresponding identified genes, are presented in
Table 1.

Discussion

WssGWAS has demonstrated its efficacy as a valuable and
promising technique for identifying QTL [31-33]. This
methodology has been employed in numerous studies concerning
various economically significant traits in livestock, including milk
yield [34], fat [35], protein content [17], somatic cell score [36]
and fertility traits [37-39]. This study employed WssGWAS to
identify genomic regions and genes linked to three milk production
traits: daily milk yield (MY, kg), milk protein percentage (PP, %),
and milk fat percentage (FP, %) — in Russian Black-and-White
dairy cattle. A threshold of 0.5% of the total genetic variance was

employed to identify genomic windows that accounted for the
greatest proportion of variance.

For MY, 12 windows were identified on chromosomes 7, 8, and
12. On chromosome 7, three genes — XRCC4, VCAN, and HAPLN1
— were identified. VCAN helps build and maintain the matrix that
surrounds cells, making it important for cell adhesion, growth,
movement, and the formation of new blood vessels. These actions
are important for creating tissues and keeping the matrix proteins
stable [40,41]. HAPLN1 encodes hyaluronan/proteoglycan-binding
protein 1, which binds to hyaluronic acid — a substance well-known
for holding lots of water, and it is integral to the composition of the
extracellular matrix in various tissues [42]. The essential function
of the third gene — XRCC4 — is DNA double-strand break repair,
especially in the non-homologous end-joining (NHEJ) pathway,
however, it is not directly associated with metabolic or lactation
processes [43,44].

On chromosome 12, four additional genes associated with MY were
identified: ABHDI13, LIG4, LOC107131142, and TNFSF13B. In a
previous study, ABHD13 was identified within 1 Mb distance from
the marker OARCP38. This marker was found to be associated

] Biotechnology App, 2025

Volume 4 | Issue 2 | 5 of 8


https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=ZNF800&doptcmdl=DocSum&tool=genome.ucsc.edu
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=ARF5&doptcmdl=DocSum&tool=genome.ucsc.edu
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=SND1&doptcmdl=DocSum&tool=genome.ucsc.edu
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=LRRC4&doptcmdl=DocSum&tool=genome.ucsc.edu
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=MIR129%2D1&doptcmdl=DocSum&tool=genome.ucsc.edu
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=MGC148318&doptcmdl=DocSum&tool=genome.ucsc.edu
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=KCNH5&doptcmdl=DocSum&tool=genome.ucsc.edu
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=SEL1L&doptcmdl=DocSum&tool=genome.ucsc.edu
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=ZFHX4&doptcmdl=DocSum&tool=genome.ucsc.edu
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=PEX2&doptcmdl=DocSum&tool=genome.ucsc.edu
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=XRCC4&doptcmdl=DocSum&tool=genome.ucsc.edu
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=HAPLN1&doptcmdl=DocSum&tool=genome.ucsc.edu
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=XRCC4&doptcmdl=DocSum&tool=genome.ucsc.edu
https://genome-euro.ucsc.edu/cgi-bin/hgTracks?hgsid=283675935_hhaEkRjDWBaleN7ImLSwis5538Ao&db=bosTau8&position=chr7%3A85267807-85556934
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=VCAN&doptcmdl=DocSum&tool=genome.ucsc.edu
https://genome-euro.ucsc.edu/cgi-bin/hgTracks?hgsid=283675937_ajA7ZY9tuWNCWJtQjsLtq6DZf7Ry&db=bosTau8&position=chr7%3A85666058-85782896
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=HAPLN1&doptcmdl=DocSum&tool=genome.ucsc.edu
https://genome-euro.ucsc.edu/cgi-bin/hgTracks?hgsid=283675944_qN2WHvHXPIARM5B3QAAEPqNpEFTU&db=bosTau8&position=chr7%3A85845448-85924686
https://genome-euro.ucsc.edu/cgi-bin/hgTracks?hgsid=283675619_wq4oS6jEbqBXAanQ2FOi5aBS80hf&db=bosTau8&position=chr12%3A87630477-87631579
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=LIG4&doptcmdl=DocSum&tool=genome.ucsc.edu
https://genome-euro.ucsc.edu/cgi-bin/hgTracks?hgsid=283675616_jtBSX6fFp8pzHN3laqVHT2VXTA8u&db=bosTau8&position=chr12%3A87606118-87613800
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=TNFSF13B&doptcmdl=DocSum&tool=genome.ucsc.edu
https://genome-euro.ucsc.edu/cgi-bin/hgTracks?hgsid=283675632_G53s7kwBb3X4ZA0FDZioywdckPo0&db=bosTau8&position=chr12%3A87654130-87671972
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=GCC1&doptcmdl=DocSum&tool=genome.ucsc.edu
https://genome-euro.ucsc.edu/cgi-bin/hgTracks?hgsid=283676711_Rx2BOllGKdPZQz28wEla4Xqqkttw&db=bosTau8&position=chr4%3A92617109-92620507
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=ZNF800&doptcmdl=DocSum&tool=genome.ucsc.edu
https://genome-euro.ucsc.edu/cgi-bin/hgTracks?hgsid=283676708_0raNjO2jj8PrNAnA4iyMPLdtE4ya&db=bosTau8&position=chr4%3A92423262-92444888
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=ARF5&doptcmdl=DocSum&tool=genome.ucsc.edu
https://genome-euro.ucsc.edu/cgi-bin/hgTracks?hgsid=283676715_IwIYEFiQ6pr89nWIdKs0N43FsKhf&db=bosTau8&position=chr4%3A92624397-92627378
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=SND1&doptcmdl=DocSum&tool=genome.ucsc.edu
https://genome-euro.ucsc.edu/cgi-bin/hgTracks?hgsid=283676717_jBQPMRyqj0cACKuZMuaiGxy7WOId&db=bosTau8&position=chr4%3A92679169-93108508
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=LRRC4&doptcmdl=DocSum&tool=genome.ucsc.edu
https://genome-euro.ucsc.edu/cgi-bin/hgTracks?hgsid=283676719_EAVKxOhaVnceeiEJQQl0LzATXT4T&db=bosTau8&position=chr4%3A92953572-93043887
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=MIR129%2D1&doptcmdl=DocSum&tool=genome.ucsc.edu
https://genome-euro.ucsc.edu/cgi-bin/hgTracks?hgsid=283676723_WaAUWgd13AuorOAdajy7jw7ixpzs&db=bosTau8&position=chr4%3A93220889-93220960
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=LEP&doptcmdl=DocSum&tool=genome.ucsc.edu
https://genome-euro.ucsc.edu/cgi-bin/hgTracks?hgsid=283676728_anp5Ql1b6mvvcMBiO8JzrjHXuTgC&db=bosTau8&position=chr4%3A93249874-93266621
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=MGC148318&doptcmdl=DocSum&tool=genome.ucsc.edu
https://genome-euro.ucsc.edu/cgi-bin/hgTracks?hgsid=283676284_hAmcxNaAo3detpnYdQ6FsJumEUr3&db=bosTau8&position=chr10%3A74517288-74532706
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=KCNH5&doptcmdl=DocSum&tool=genome.ucsc.edu
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=SEL1L&doptcmdl=DocSum&tool=genome.ucsc.edu
https://genome-euro.ucsc.edu/cgi-bin/hgTracks?hgsid=283676580_f5ZvuAscuB6daYRroOgW1HzHCKRL&db=bosTau8&position=chr10%3A93900621-93965136
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=ZFHX4&doptcmdl=DocSum&tool=genome.ucsc.edu
https://genome-euro.ucsc.edu/cgi-bin/hgTracks?hgsid=283676499_ouy1loq8ApwW4G2hnEWBSgHqi58P&db=bosTau8&position=chr14%3A41988047-42189777
https://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Search&db=PubMed&term=PEX2&doptcmdl=DocSum&tool=genome.ucsc.edu
https://genome-euro.ucsc.edu/cgi-bin/hgTracks?hgsid=283676500_XUxRrFvACXs3asBSaCHnA3lHfEBu&db=bosTau8&position=chr14%3A42315032-42330374

with milk yield in Lesvos sheep [45]. However, there is currently
no direct evidence linking the other three genes to milk production
traits, but some research indicates that TNFSF /3B influences lipid
metabolism in adipocytes [46], and LIG4 is indirectly involved in
metabolism through cellular homeostasis, stress responses, and
mitochondrial integrity, although its primary function is DNA
repairing and maintaining genomic stability [47,48].

One genomic window on chromosome 4 (Chr4:92588608-
93248011) was identified as having the greatest association with
genomic variance for PP. This window included seven genes:
GCClI,ZNF800, ARFS, SNDI1, LRRC4, MIR129-1, and LEP. Prior
research has associated SND1, LEP, and LRRC4 with diverse milk
production characteristics in cattle. Mammary epithelial cells'
nuclei express a highly conserved nuclear transcription factor that
is encoded by SND]. Prior studies have demonstrated that during
lactation, SND/ expression rises in mammary tissue. Additionally, it
is a crucial transcription factor in milk synthesis and has been shown
to increase the expression of the milk protein gene -casein [49].

The hormone leptin, which is encoded by LEP, is crucial for
controlling energy balance, fertility, and milk production in cattle
[50,51]. According to research by J. Citek [52], the W allele of
LEP is linked to a higher content of milk protein, whereas the MM
allele is linked to a lower content (p < 0.05).

LRRC4 (leucine-rich repeat-containing protein 4) participates in
the negative modulation of the Janus kinase/signal transducers
and activators of transcription (JAK/STAT) pathway. This gene
has been previously linked to 305-day milk yield in Brazilian
Girolando cattle [53]. Our study identified it as a candidate gene
affecting milk protein content.

Five additional genes were found to be associated with FP — three
on chromosome 10 (MGC148318, KCNH5, and SELIL) and two
on chromosome 14 (ZFHX4 and PEX?2). Prior research has shown
that the ZFHX4 gene affects milk fat content in Simmental cattle
[54]. A study by Z. Cai et al. demonstrated a correlation between
the SELIL gene and milk protein content in dairy cattle [54].
However, to our knowledge, the other three genes — GC148318,
KCNHS5 and PEX2 — have not previously been reported to be
associated with milk production traits.

Conclusions

In this study, we conducted a WssGWAS to identify genomic
regions and candidate genes associated with 3 milk production
traits — daily milk yield (MY, kg), milk protein percentage (PP,
%), and milk fat percentage (FP, %) — in Russian Black-and-White
dairy cattle. We identified 18 genomic regions associated with the
largest proportion of genetic variance for these traits. Within these
regions, we identified seven candidate genes on chromosomes 7
and 12 related to MY, seven candidate genes on chromosome 4
associated with PP, and five candidate genes on chromosomes 10
and 14 associated with FP. These results may offer a contribution
in exploring the genetic structure of complex traits in dairy cattle

and aid in the enhancement of genomic progress in dairy cattle
breeding programs.
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