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ABSTRACT. This study investigated the genetic basis of milk production traits in Holstein
dairy cattle using agenome-wide association study approach with high-density single
nucleotide polymorphism (SNP) genotyping. A total of 1 431 observations from 147 Holstein
cows reared in Tiirkiye were analysed. The cows were phenotyped for milk somatic cell count
(SCC), fat, protein, lactose, solid-not-fat, freezing point, density, electrical conductivity, pH,
and milk yield. After quality control, 79 769 SNPs were retained for association analysis.
Significant associations were identified, with 3 SNPs exceeding genome-wide significance
thresholds and 12 exceeding chromosome-wide thresholds. Key findings included SNPs



(rs109536476, rs110213695, rs135761188, rs109679567) associated with SCC were located in
or near the CBY3 and CNOT6 genes on BTA7, while variants associated with both fat content
and density were located in the RAB27B gene on BTA24, indicating potential pleiotropic
effects. The results emphasise the importance of functional validation to clarify the biological
roles of the identified SNPs and genes. The findings contribute to understanding the genetic
architecture of economically significant milk traits and supports the development of genomic
selection strategies to improve dairy production. Future studies with larger populations and
diverse environmental conditions are recommended to refine these associations.

KEY WORDS: Bos taurus, lactation performance, mastitis indicator traits, milk quality,
quantitative traits

Introduction

Milk production and its compositional traits play a key role in the profitability and
sustainability of dairy farming, especially in Holstein cattle, which are the most widely used
breed in global milk production (Teissier et al., 2018; Liu et al., 2020). While conventional
breeding programmes have substantially increased milk yield (MY), the improvement of milk
quality traits, such as somatic cell count (SCC), fat content, solids-not-fat (SNF), density,
protein, freezing point, time, lactose, electrical conductivity (EC), and pH, MY, remains
difficult due to their moderate to low heritability and complex genetic architecture (Kirkpatrick

and Berry, 2024; Bai et al., 2025; Bongers et al., 2025).

Among these traits, somatic cell count (SCC) is widely recognised as a reliable indicator
for udder health and milk hygiene (Ruegg, 2017). SCC reflects the concentration somatic cells
and leukocytes in the mammary gland, including macrophages, neutrophils, and lymphocytes,
released in response to intramammary infection. Elevated SCC is strongly correlated with
subclinical forms of mastitis and is routinely used for early detection of inflammatory episodes
in dairy herds (Auldist et al., 1996; Ogola et al., 2007). Importantly, an increase in SCC is often

associated with alterations in the milk synthesis, including reduced lactose and casein



production, increased proteolytic and lipolytic enzyme activity, and disturbances in ion balance,

all of which adversely affect milk composition and its technological quality (Forsbéck et al.,

2009; Bochniarz et al., 2023).

SCC is not only a diagnostic indicator but also a heritable trait of relevance in dairy
cattle selection. High SCC is associated with reduced milk yield, impaired coagulation
properties, and increased risk of culling. Therefore, integrating SCC into genomic evaluations
provides two benefits by improving udder health and milk quality (Norberg, 2005; Liu et al.,
2022). SCC is generally considered a low-heritability trait. Recent estimates indicate
heritability (h?) values of 0.06-0.17 for SCC and 0.10-0.13 for somatic cell score (SCS) across
different dairy populations. These values confirm that SCC is characterised by low rather than
moderate heritability. Similar patterns have been reported in various Holstein populations,
including studies conducted in Tiirkiye and other countries, where milk production traits
generally show higher heritability (e.g., h> = 0.20 for milk yield), whereas functional traits such

as SCC show considerably lower genetic determinism (Sahin et al., 2012; Visentin et al., 2017).

Beside SCC, other phenotypic traits serve as complementary indicators of milk quality
and udder health. Milk density is an integrative parameter that reflects total solids, including
protein, fat, and lactose, and decreases significantly during mastitis due to cellular damage and
altered milk secretion (Suranindyah et al., 2015; Lima et al., 2018). Similarly, freezing point
(FP) depends on solute concentration and is frequently used in milk quality control to detect
abnormalities such as dilution or inflammation (Davoodi et al., 2016). Damage to mammary
epithelial cells leads to an increased leakage of sodium (Na*) and chloride (CI7) ions into the
milk, resulting in elevated electrical conductivity (EC). As such, EC is used as a rapid indicator

of milk quality and early detection of mastitis. Studies have shown strong correlations (r = 0.65—



0.80) between EC and SCC, suggesting the utility of EC as a supporting phenotype in genomic

evaluations for mastitis resistance (Nielen et al., 1992; Norberg, 2005; Boas et al., 2017).

Milk pH, another often overlooked trait, increases during mastitis due to altered ion flux
and the accumulation of basic metabolites. This milk parameter is closely associated with
enzymatic activity, protein degradation (particularly casein), and microbial proliferation, all of

which are influenced by SCC and udder health (Auldist et al., 1996; Hortet and Seegers, 1998).

Somatic cell count (SCC) has been extensively investigated in dairy cattle due to its
strong association with mastitis, milk yield losses, and milk quality deterioration (Meredith
etal., 2012; Buaban et al., 2022). Numerous studies have explored the genetic background of
SCC and SCS, making SCC one of the most frequently analysed functional traits in dairy
genomics (Hu et al., 2022). However, despite this extensive body of research, genome-wide
association studies (GWAS) simultaneously addressing SCC together with multiple
physicochemical milk quality traits, such as electrical conductivity, pH, density, and freezing
point, are limited, particularly in Holstein populations raised under specific environmental and

management conditions, such as those in Tiirkiye.

The advent of next-generation sequencing technologies has advanced commercial
genotyping tools by enabling high-resolution mapping of complex traits. Single nucleotide
polymorphisms (SNPs), due to their abundance and stability, have become central to GWAS
and genomic evaluations (Pryce et al., 2014; Kizilaslan et al., 2024; Siberski-Cooper et al.,
2024). Previous studies have identified key genes, including DGAT1, SCD1, GH, and STAT5A
that influence milk composition traits (Grisart et al., 2002; Stoop et al., 2009). However, recent
studies have provided additional evidence of genetic polymorphisms associated with milk
production and resistance to mastitis. For instance, Bagnicka et al. (2023) demonstrated

significant associations between candidate gene polymorphisms and both milk production and



mastitis-related phenotypes in dairy cattle. Similarly, recent GWAS have identified novel
genomic regions associated with SCC and functional milk traits in different Holstein
populations (Grisart et al., 2002; Stoop et al., 2009; Metin Kiyici et al., 2020; Kiyici et al.,
2022; Erdogan et al., 2024). These findings underline the importance of integrating current

genomic evidence when investigating milk production and udder health traits.

Here, a GWAS was conducted using high-density SNP genotyping data to identify
genomic regions and candidate genes associated with SCC, fat, SNF, density, protein, freezing
point, time, lactose, electrical conductivity, pH, and milk yield in Black-and-White Holstein
cows raised in Tiirkiye. The primary objective was to detect significant SNPs associated with
both production and functional milk traits. These findings contribute to improved biological

understanding and support the development of genomic selection strategies.

Material and methods

Study population and phenotypes

Study area: The study was conducted in the Develi district of Kayseri province,
characterised by a continental climate with hot, dry summers and cold winters. During winter
months, temperatures frequently fall to —10 °C or below, while summer temperatures may
exceed 30-35 °C. The region has an average annual rainfall of approximately 389 mm, an
average annual temperature of 11.7 °C, and an average altitude of 1 330 meters. These climatic
conditions result in marked seasonal variations that may influence animal performance and milk
production traits.
Animal selection and management:

The animal study protocol was approved by the Local Ethics Committee for
Experimental Animals of Erciyes University, Tiirkiye, (file number 13/72). The study

population consisted of 147 Black-and-White Holstein dairy cows reared under commercial



farm conditions in Tiirkiye. All animals were in their second lactation and raised under uniform
management, including an intensive production system and a standardised feeding strategy.
Cows were fed atotal mixed ration (TMR) formulated to meet or exceed the nutrient
requirements recommended by the National Research Council (NRC), providing approximately
2 750 kcal/kg of metabolisable energy and 16-25% crude protein. Water and mineral licking
blocks were provided ad libitum throughout the study period. Animals were housed in semi-
open, free-stall barns in group pens. Health status was monitored daily by the farm veterinarian,
and individual health records were maintained for each cow. All cows were milked three times
daily as part of the routine management protocol.

Phenotypes: Cows were monitored throughout their lactation period, and phenotypic
performance records were collected, including ear tag numbers and calf birth dates. On average,
10 (range: 7-12) milk samples were collected per cow during lactation.

Each 50 ml milk sample was analysed for SCC, fat, SNF, density, protein, freezing
point, time, lactose, EC, and pH. SCC was expressed as 1000 x 102 cells/ml, fat, SNF, protein,
and lactose as percentages, density in g/ml, freezing point in °C, time in seconds, EC in mS/cm,
and pH using a standard pH meter. MY was defined as the 305-day lactation yield expressed in
kilograms.

A total of 1 431 observations were included in the dataset. MY was recorded once per
cow (n = 147) as the 305-day lactation yield. This value was estimated using data from an
automated milking system (DeLaval, Stockholm, Sweden), which continuously recorded daily
milk yield and enabled calculation of standardised lactation production.

Genotyping and quality control: Blood samples were collected from the jugular veins of each
cow into 10 ml EDTA-coated tubes by licensed veterinarians, following standard animal
welfare and biosafety procedures. DNA extraction was performed using the QlAcube HT

automated system and a commercial kit (Qiagen DNeasy Blood-Tissue Kit, Hilden, Germany).



The extracted DNA was subjected to quality control, and samples meeting the criteria
(A260/280 > 1.8, A260/230 > 1.5, >70 ng/ul, and high DNA integrity) were genotyped using
the GeneTitan Multi Channel (MC) Instrument and the 100K Axiom Bovine (Applied
Biosytems, Waltham, MA, USA) SNP genotyping array, following the manufacturer’s
instructions.

Subsequently, data filtering was conducted using quality control criteria established by
McCarthy et al. (2008), The Wellcome Trust Case Control Consortium, (2007), and Weale
(2010) to reduce type I and type Il error rates. SNPs with a minor allele frequency (MAF) below
0.05, call rates below 95%, or mapped to sex chromosomes were excluded. Additionally,
samples with a call rate below 90% and those with identity by state (IBS) values exceeding
95% were removed. SNPs deviating from Hardy-Weinberg equilibrium (HWE) (P =
0.05/number of SNPs) were excluded using a Bonferroni correction.

Statistical analyses

Phenotypic outliers exceeding £3 SD from the mean were removed from the further
analysis prior to GWAS. The repeated generalised least squares (rGLS) function from the
RepeatABEL R package was employed to perform GWAS on phenotypic data with repeated
measurements (R Core Team, 2020). This function is specifically designed for datasets
involving related individuals and repeated observations. It fits a linear mixed model that
accounts for random additive polygenic effects and random effects due to the repeated
measurements of the same animal (i.e., permanent environment effect). For each genetic
marker, the rGLS function calculates P-values based on Wald’s F test to assess the null
hypothesis that the additive marker effect equals zero. By incorporating a genomic relationship
matrix (GRM), the model accounts for genetic relatedness between individuals, thereby
improving the accuracy of the GWAS. This approach ensures that both between-individual

relatedness and within-individual repeated measures are appropriately accounted for.



The statistical model applied was as follows:
y=Xp+Zg+ Zpe +e,

where:y is the vector of the trait under analysis; p represents fixed effects, including SNP
effects; g denotes random additive genetic effects; pe denotes random permanent environmental
effects; and e represents residuals with variance ce?, where e ~N(0, c¢?). X and Z are design
matrices.
Random effects were assumed to follow a multivariate normal distribution: g ~N(0, Gog?) and
pe ~N(0, lope?), where G is the genomic relationship matrix.
The estimated variance matrix for the model was:

V = ZGZ 6 + ZZ ope® + loe?.
Wald tests were used to compute P-values for SNP effects (). Computations were optimised
using the eigen decomposition of V and the built-in QR decomposition function in R for fitting
linear models. Variance components for the specified model were extracted from the GWAS
object.
Q-Q plots of observed test statistics for each SNP were compared with expected values under
the null hypothesis to identify potential systematic biases. Genomic control was applied to P-
values to correct for inflation in test statistics.
Visualisation and significance thresholds: Manhattan plots were generated to visualise
—logio(P-value) for all SNPs based on their chromosomal positions. Genome-wide and
chromosome-wide significance thresholds were applied to minimise type | error rates due to
multiple testing. Genome-wide significance was set at 1.26 x 107% (0.05/79 769), and
chromosome-wide significance at 1.81 x 107> ((0.05/79 769) x 29), based on Bonferroni
correction for multiple testing.
Functional gene annotation: Positional information for significant SNPs and nearby genes

was retrieved using the ARS-UCD1.3 genome assembly via the NCBI Genome Data Viewer.



Genes overlapping with SNPs were considered candidates. When a significant SNP was not
located within a gene, a £100 kb window was scanned to identify nearby candidate genes.
Functional annotation of the identified candidate genes was performed using the DAVID
Bioinformatics Resources 2021 (Huang et al., 2009). Where annotations in the bovine genome
were limited, orthology-based annotations from sheep, goats, mice, and humans were utilised.
Biological processes associated with the genes were described using Gene Ontology (GO)

terms, and further examined in the QuickGO browser (Binns et al., 2009).

Results

Outliers in the phenotypic data were identified and removed prior to analysis, resulting
in a dataset suitable for genome-wide association studies. The analysed traits included SCC, fat
content, SNF, density, protein content, freezing point, time, lactose content, electrical
conductivity, pH, and milk yield. Descriptive statistics of the phenotypic data are summarised
in Table 1.

The initial genotypic dataset comprised 85 455 SNPs from 147 animals. After applying
quality control criteria, 79 769 SNPs were retained for subsequent GWAS.

The analysis identified 15 significant SNPs, including 3 exceeding the genome-wide
significance threshold and 12 exceeding chromosome-wide thresholds. The distribution of
significant associations across chromosomes is illustrated in the Manhattan plots (Figures 2 and
3). Quantile-Quantile plots indicated appropriate control of population stratification (Figure 1).

Among the identified loci, the most relevant associations were detected on BTA7 and
BTA24. SNP rs135761188 located on BTA7 was significantly associated with SCC and
mapped to the CBY3 (chibby family member 3) gene. Another genome-wide significant SNP,
rs109679567 on BTA7, was located within the CNOT6 (CCR4-NOT transcription complex

subunit 6) gene and was also associated with SCC. In addition, significant SNPs identified on



BTA24 were mapped to the RAB27B (member RAS oncogene family) gene and were associated
with fat and density traits, suggesting potential pleiotropic genetic effects. These findings
indicate candidate genes potentially involved in immune response and milk production
mechanisms. Detailed positional and functional information on significant SNPs and candidate
genes is presented in Table 2.

Functional annotation of significant loci showed that several SNPs were located within
or near biologically relevant genes (Table 2). Candidate genes identified in the vicinity of
significant SNPs included CBY3, CNOT6, RAB27B, PHLDB1, and LRRC4C. These genes are
involved in immune response, cellular secretion, metabolic regulation, and signalling pathways

related to milk production and udder health.

Discussion

The present study identified significant SNPs associated with various milk traits in
Holstein cattle. The results revealed the chromosomal locations of SNPs linked to traits such as
SCC, fat, SNF, density, protein, freezing point, lactose, conductivity, pH, and milk yield, along
with closely positioned genes.

Interestingly, some SNPs were associated with multiple milk traits. For example, the
RAB27B gene on BTA24 was associated with both fat and density traits. This gene is involved
in cellular secretion and membrane trafficking, which may influence milk composition and
quality. The association of RAB27B with milk fat percentage and density suggests a role in
metabolic and cellular processes related to milk composition. These findings are consistent with
previous studies describing the involvement of RAB27B in exosome biogenesis and secretion
(Izumi, 2021). RAB27B regulates the docking and fusion of multivesicular endosomes (MVES)

with the plasma membrane, enabling the release of exosomes that carry lipids, proteins, and



signalling molecules involved in cellular communication and metabolic regulation (Blanc and
Vidal, 2018).

The observed association between RAB27B and milk fat percentage may be explained
by its involvement in lipid metabolism. RAB27B is involved in exosome secretion, and these
vesicles participate in the transport and secretion of lipids, which are essential for milk fat
synthesis. Previous research has demonstrated that RAB27B influences lipid droplet formation
and trafficking, processes directly related to milk fat production (Li and Yu, 2016). Moreover,
the pleiotropic effects of RAB27B, as suggested by its concurrent association with milk density,
reflect its broader role in regulating the secretion and distribution of cellular components that
affect physical milk traits. These findings are consistent with reports describing the role of
RAB27B in membrane trafficking and its interaction with actin filaments in regulating exosome
positioning and release (Ostrowski et al., 2010). Additionally, RAB27B-mediated exosome
secretion in milk-producing cells may similarly influence the transport of essential lipids and
proteins, affecting both milk fat content and its structural density. The clustering of significant
SNPs within the RAB27B locus and their association with multiple milk traits further supports
potential pleiotropic effects, consistent with findings in other systems (Ji et al., 2022).

The role of RAB27B in regulating both milk fat percentage and density may involve its
interactions with specific effectors such as Slp4 and Slac2b, as reported in previous studies
(Alzahofi et al., 2020). These effectors facilitate the positioning of MVEs, ensuring efficient
exosome release. The association of RAB27B with milk fat percentage and density aligns with
its role in lipid metabolism and exosome-mediated transport. These findings support the
hypothesis that exosome biogenesis and secretion contribute to milk composition traits. Future
research is needed to validate RAB27B function and clarify its molecular role in milk

production.



SNPs rs135761188 and rs109679567 located on BTA7 were associated with SCC and
mapped to the CBY3 and CNOTG6 genes, respectively. These genes are considered to be involved
in immune response and host defence processes. Additionally, SNP rs41615984 was associated
with both SNF and protein traits, suggesting possible pleiotropic effects and genetic correlations
between these traits.

SNPs associated with milk yield included rs43718731 and rs132639440, both located
on BTA15. These SNPs were mapped to the PHLDB1 and LRRCA4C genes, respectively, which
are related to cellular signalling and metabolic processes. The presence of multiple SNPs
associated with milk yield on the same chromosome may indicate a potential genetic hotspot in
this region.

Overall, this study contributes to the understanding of the genetic architecture of milk
production traits in Holstein cattle. It underscores the importance of population-specific studies
in assessing genetic and environmental interactions influencing these traits. The results pinpoint
candidate genes and chromosomal regions that may be considered in genomic selection for
dairy cattle. However, further studies are required to validate these findings in different
populations and environments, which would improve their applicability in breeding

programmes.

Conclusions

This study identified genomic regions associated with milk production and functional
milk traits in Black-and-White Holstein cattle, contributing to a better understanding of the
genetic basis underlying economically important dairy characteristics. The results support the
hypothesis that both production and udder health-related traits are influenced by distinct but
potentially interconnected genomic loci. The findings reflect the complexity of milk quality and

mastitis-related traits and support the use of genomic information in dairy breeding



programmes. Although the identified loci represent potential targets for selection, further
validation in larger and independent populations is necessary to confirm their stability and
biological relevance. Future studies integrating functional genomics and genotype-environment
interactions should be conducted to clarify the biological mechanisms underlying these traits

and to improve the efficiency of genomic selection in dairy cattle.
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Table 1. Descriptive statistics for milk composition and yield traits

Traits Observations Mean Standard Min.  Max. SD OCV’
error %

SCC, 1000 x 1431 369 17 2 507 677 32

103

Fat, % 1431 317 0.030 032 954 122 38

Solid-not-fat, 1431 9.08 0.010 6.07 1160 045 04

%

Density, g/ml 1431 1.031  0.000 1.017 1.040 249 08

Protein, % 1431 3.42 0.004 234 430 016 04

Freezing 1431 -0.59  0.000 -0.41 -0.74 0.031 05

point, °C 7 7 8

Time, s 1431 21.07  0.070 1390 5750 266 12

Lactose, % 1431 4.98 0.006 310 612 025 05

Conductivity, 1431 5.01 0.012 362 968 048 09

mS/cm

pH 1431 6.89 0.003 405 8838 013 02

Milk yield, kg~ 147 7.99 61.80 223 1341 233 29

SCC - somatic cell count, Min. — minimum, Max. — maximum, SD - standard deviation, CV - coefficient of variation



Table 2. Significant SNPs associated with milk composition and quality traits

. SNP I Associated genes
Trait s IDs Chr Position, P- effect Significance . .
bp value size level Associated genes Distance

ScC rs135761188 7 1662092 572 x  304.26 GW CBY3 Within
10707

SCC rs109679567 7 633624 756 x  230.28 Cw CNOTG6 Within
10—06

Fat rs29011587 1 17672335 579 x 044 Cw - -
10-06

Fat rs135638793 24 50744312  6.51 x  0.29 Ccw LOC132343789 Within
10—06

Fat rs110213695 24 54100787  7.01 x -0.28 Cw RAB27B Within
10-06

SNF rs41615984 10 42037030 320 x -0.13 Cw - -
10—06

Density rs109536476 24 54118399  7.26 x  0.65 GW RAB27B Within
10-07

Density rs110213695 24 54100787  1.51 x  0.58 CwW RAB27B Within
10705

Protein rs41615984 10 42037030  1.87 x  -0.04 CwW - -
10-05

Freezing point  rs42154364 28 42643759 112 x  -0.78 Cw FRMPD2 Within
10—05

Freezing point  rs135018781 28 43501640  1.30 x  -0.86 Cw C28H100rf71, Within, ~96
10705 TMEM273 kb

Lactose rs41615984 10 42037030  1.03 x  -0.07 Cw - -
10-05

Lactose rs135018781 28 43501640 121 x  -0.07 Ccw C28H100rf71, Within, ~96
10705 TMEM273 kb

Conductivity rs43422798 5 4262056 145 x 023 CwW - -
10-05

Conductivity rs110028024 20 41853874  1.92 x  0.15 Cw PDZD2 Within
10—05

pH rs110813247 27 19417940  4.62 x  0.03 CwW FGL1 ~65 kb
10-06

Milk yield rs43718731 15 29295061 420 x  141.41 GW PHLDB1 Within
10—07

Milk yield rs29016808 16 12818152  3.70 x -136.57 CW LOC107133222, Within  ~71
10706 RGS21 kb

Milk yield rs132639440 15 71590615  1.14 x  136.60 CwW LRRC4C Within
10—05

GW - genome-wide significant, CW — chromosome-wide significant, SCC — somatic cell count, SNF - solid-not-fat, CBY3 -
chibby family member 3, CNOT6 — CCR4-NOT transcription complex subunit 6, RAB27B — member RAS oncogene family,
FRMPD2 - FERM and PDZ domain containing 2, C28H100rf71 - chromosome 10 open reading frame 71, TMEM273 -
transmembrane protein 273, PDZD2 - PDZ domain containing 2, FGL1 —fibrinogen like 1, PHLDB1 — pleckstrin homology like
domain family B member 1, RGS21 - regulator of G protein signaling 21, LRRC4C — leucine rich repeat containing 4C
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Figure 1. Quantile-Quantile (Q-Q) plots for milk composition traits. Q-Q plot observed and expected P-value (expressed as
-log1o(P)) of the GWAS for investigated traits
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Figure 2. Manhattan plots for investigated traits
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