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Introduction

Dairy production on the Xizang (Tibet) Plateau occurs under extreme environmental conditions.
Cows raised in this region include imported purebred Holstein and Jersey cattle, other dairy breeds,
and their crossbred descendants with local cattle, resulting in highly heterogeneous populations.
Although traditional dairy products such as butter and milk tea are culturally important, milk
supply remains insufficient to meet the growing demand. Furthermore, systematic dairy herd
improvement (DHI) programs have not been implemented in Xizang, restricting phenotypic and
genetic information for breeding and management. Understanding the genetic and phenotypic
determinants of lactation performance under these high-altitude conditions is therefore critical for
sustainable dairy production.

Materials & Methods

Animals and Data collection. The experimental population consisted of 2,025 healthy dairy cows
from three farms in Lhasa and Shannan, Xizang Autonomous Region, China. Milk samples were
collected over a 24-month period (April 2023 to April 2025). Milk composition and somatic cell
count were analyzed at the Henan DHI Center. In total, 14,550 DHI test-day records were obtained.
Traits analyzed included daily milk yield (AMY, kg), fat yield (FY, kg), protein yield (PY, kg),
lactose yield (LY, kg), milk urea nitrogen (MUN, mg/dL), and somatic cell score (SCS).
Meteorological data near the farms were provided by www.xihe-energy.com (Hersbach et al.,
2018), with hourly records (3,456 observations) using the equation in Mader et al. (2006) to
calculate temperature humidity index (THI). Other information, such as parity and days in milk
was obtained from AfiFarm system.

Pedigrees were traced for phenotyped animals, resulting in 4,693 individuals (778 bulls and 3,915
cows). Genotyping was performed using the GGP Bovine 100K SNP chip (Neogen Biotechnology
Co., Ltd., Shanghai), and Breed Base Representation was obtained from the Igenity® Select
Profile. Then cows were classified into six breed composition groups: PH (Pure Holstein); HH
(87.5%-93% Holstein); MH (75%—-87.5% Holstein); LH (62.5%—75% Holstein); RH (Holstein
<62.5% and Jersey <37.5%); HJ (37.5% to 100% Jersey). A total of 1,054 breed composition data
were used for subsequent analyses.

Data analysis. A general linear model (GLM) implemented in SAS 9.2 was used to estimate the
effects of breed composition. The model was defined as:
cp=u+Xopvte (1)
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where cp is the corrected phenotype for AMY, FY, PY, LY, MUN, and SCS; fixed effects included
parity, lactation stage, calving year—season, and THI fitted as a covariate; B» is a vector of breed
composition with six levels; Xb is the incidence matrix; and € is the residual effect.

Repeatability model analyses for the six traits were conducted using DMU v6 (Madsen et al.,
2014). The statistical model was:

y=XB+Zaa+Zpepe+e 2)

where y is the vector of phenotypic records; f is a vector of fixed effects as described in Eq.1; a is
the random additive genetic effect assumed to follow a~N (0, Ac2), where A is the pedigree-based
relationship matrix. pe is the random permanent environmental effect assumed to follow
pe~N (0, Icsz,e); e is the residual effect assumed to follow e~N (0, Ici); and X, Za, and Zpe are the
corresponding incidence matrices The heritability, repeatability, and genetic correlations were
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Genome-wide association analysis (GWAS) was performed for six traits using the MLMA-LOCO
(leaving-one-chromosome-out) model in GCTA (Yang ef al., 2011). Candidate genes within +100
kb flanking regions of significant SNPs were annotated using the intersect module of BEDtools
(Quinlan and Hall, 2010) based on the ARS-UCDI1.2 reference genome assembly
(GCA _002263795.2). Functional enrichment analysis of candidate genes was conducted using
DAVID (Sherman et al., 2022), with significance declared at P < 0.01.

Results & Discussion

In this study, breed composition effects were analyzed mainly based on Holstein proportion. The
effects of breed composition on lactation performance are presented in Table 1. THI showed
significant regression on dMY, LY, and MUN (P < 0.05). Cows in the PH, HH, MH, and HJ
groups exhibited significantly higher dMY than those in the LH and RH group (P < 0.05).

Table 1. Lactation performance of high-altitude dairy cows by breed composition.

Growp! N dMY/kg  FY/ke PY/kg LY/kg (rl\r/llngIi) SCS
o o 104+ 003+ 003 0.05° = 032t 006%
0.16 0.01 0.01 0.01 0.09 0.03
HH 179 0.73* + 0.02° + 0.02%° + 0.04* + -0.05% -0.04 +
0.21 0.01 0.01 0.01 +0.11 0.04
0.40° + 0020+  001®+ 002+  -038°+
MH 281 0.17 0.01 0.01 0.01 0.09 002004
. 17s 091°+ 2003+ 002+ 004+ 025+ 010+
0.22 0.01 0.01 0.01 0.12 0.05
115+ 005+ -0.02%  -0.06°+  -0.38b%
RH 60 0.38 0.02 £0.01 0.02 021  013+0.08
w 2 0.88° + 0.11° + 0.06°'+  004%+ 090+  -0.01<
0.54 0.02 0.02 0.03 0.29 0.12

' Breed composition groups: PH (Pure Holstein); HH (87.5%-93% Holstein); MH (75%-87.5% Holstein); LH
(62.5%—-75% Holstein); RH (Holstein <62.5% and Jersey <37.5%); HJ (37.5% to 100% Jersey, and combined
Holstein and Jersey proportion is 100%).

Results are showed in least square mean +standard error. Values that do not share the same superscript letter differ
significantly (P < 0.05); dMY=Daily milk yield; FY=Fat yield; PY=Protein yield; LY=Lactose yield; MUN=Milk
urea nitrogen; SCS=Somatic cell score.



This agrees with previous studies showing that Holstein cows have higher milk yield, while Jersey
cows have lower yield but better milk component concentration (Prendiville et al., 2009). The
relatively high dMY in HJ cows suggests that Holstein % Jersey crossbreeding may be suitable for
high-altitude environments.

Variance components, heritability, and repeatability estimates for the six lactation traits are
summarized in Table 2. SCS showed low heritability (0.05), whereas the remaining five traits
exhibited moderate heritability, ranging from 0.13 to 0.35. These estimates were lower than those
reported by Xue et al. (2022), which may be partly due to differences in population structure,
environmental conditions, and management practices at high altitude. MUN had the lowest
repeatability (0.13), suggesting a stronger influence of short-term environmental and nutritional
factors. Genetic correlations and phenotypic correlations are shown in Table 3, with genetic
correlations shown above and phenotypic correlations below the diagonal. The four yield traits
(dMY, FY, PY, and LY) exhibited strong positive genetic correlations with each other (0.98—1.00,
P <0.05). The strong correlations among yield traits may largely result from their trait definitions,
as they are all directly derived from milk yield.

Table 2. Genetic components and parameters for six traits in high-altitude dairy cows.
2

Trait o2 Ope o Heritability Repeatability
dMY/kg 15.63 1.64 27.51 0.35+0.07 0.39 £0.02
FY/kg 0.03 0.00 0.06 0.32 £0.06 0.35+0.02
PY/kg 0.02 0.00 0.03 0.32+0.07 0.39 £0.02
LY/kg 0.04 0.01 0.07 0.34 £0.07 0.39 +0.02
MUN/(mg/dL) 1.51 0.00 9.97 0.13 % 0.06 0.13 £0.03
SCS 0.09 0.58 1.31 0.05+0.13 0.34+0.02

dMY=Daily milk yield; FY=Fat yield; PY=Protein yield; LY=Lactose yield; MUN=Milk urea nitrogen;
SCS=Somatic cell score.

Table 3. Genetic (upper) and phenotype (lower) correlations estimations among six traits in
high-altitude dairy cows.

dMY FY PY LY MUN SCS
dMY 0.98+0.01 0.99+0.00 1.00+£0.00  0.13+0.11 -0.28+0.21
FY 0.99+0.00 0.98+0.01 - -0.22+0.2
PY 0.97+2.07 0.92+2.46 0.99+£0.00  0.14+0.11 -0.01+0.21
LY 1.00+1.46 0.90+1.97 0.96+2.49 0.13£0.11  -0.29+0.21
MUN 0.01+0.01 - 0.01+0.02 0.02+0.03 0.31+0.23

SCS -0.13+-0.05 -0.08+-0.13 -0.12+-0.26 -0.16+-0.24  0.04+0.02
dMY=Daily milk yield; FY=Fat yield; PY=Protein yield; LY=Lactose yield; MUN=Milk urea nitrogen;
SCS=Somatic cell score.

Across the six traits, 144 significant SNPs were detected. MY and LY shared the most loci (11
SNPs), indicating shared genetic control. Within =100 kb of these SNPs, 389 genes were identified,
including 338 protein-coding genes and multiple non-coding RNAs, reflecting a complex genetic
architecture underlying lactation performance in high-altitude dairy cows. Genes associated with
dMY were significantly enriched in cytokine-mediated signalling pathways, with key candidate
genes including IL10 family genes and MCLI. This suggests that maintaining milk production at
high altitudes may be related to immune regulation. Genes related to LY were significantly



enriched in Golgi function and vesicle transport with TMED?9 as a notable candidate, which was
also detected in milk production selection signals in a Pakistani crossbred population (Nisa et al.,
2024). Genes associated with MUN were enriched in gap junctions, including GJ43, GJB2, and
GJB6. Their association with MUN likely reflects a role in mammary epithelial cell
communication rather than auditory function (Ortolano et al., 2008) For SCS, enriched functions
were mainly related to carbohydrate transmembrane transport, with candidate gene SLC54 1, which
has been previously associated with milk yield, composition, and somatic cell count in Holstein
cows (Zwierzchowski et al., 2023).

Conclusions

This study evaluated the effects of breed composition and genetic parameter on lactation traits in
high-altitude dairy cows. Increasing proportions of Holstein and Jersey genetics were associated
with higher milk yield, with limited effects on udder health. Most yield-related traits showed
moderate heritability and strong genetic correlations, indicating good potential for genetic
improvement. Genome-wide association analyses identified multiple significant loci and
biologically relevant candidate genes involved in immune response and energy metabolism. These
findings provide insights into breed utilization and genetic selection strategies for dairy cattle
adapted to high-altitude environments.
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