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Abstract

Background Genome-wide association studies (GWASs) have identified thousands of loci for complex traits, but
pinpointing causal variants and linking them to target genes remains challenging. Several strategies have been
proposed to address these challenges, e.g., comparisons across the genome, using larger and multi-breed datasets,
multi-trait analyses, leveraging multi-omics data, etc.

Results We used a multi-breed dataset of over 81,000 cows from Australia, including Holstein, Jersey, and Australian
Red, with phenotypes for milk lactose percentage (LP) and imputed sequence genotypes. LD pruning excluded SNPs
with r2>0.95. We used BayesR to estimate SNP effects for LP (~ 1.1 million SNPs remained after LD pruning); These
SNP effects were used to predict local genomic breeding values (GEBVs) for ~400 mammary RNA-sequenced cows
from New Zealand. Then, genetic score omics regression (GSOR) was applied to test associations between observed
gene expression and local GEBVs, identifying 711 significant genes (FDR<0.1) out of 12,000 genes expressed in

the mammary gland. We developed a window-based test to investigate the significance of colocalization between
GSOR results and GWAS summary statistics obtained from an independent study. We found 30 windows containing
both GWAS signals and GSOR-significant genes (i.e,, 34 genes); this overlap was significantly higher than chance
expectation (Pg,e = 2.96 X 107°). Among the 34 genes analyzed, 20 contributed to the significantly enriched gene
ontology term ‘transmembrane transport’and its child terms (FDR < 0.05). These terms are relevant to the physiology
of lactose production in the mammary gland.

Conclusions We hypothesized that the 20 genes are the most likely causal genes for the trait because: mammary
expression of these genes was associated with GEBV for the trait, they were significantly colocalized with GWAS
signals, and they were enriched in gene ontology terms relevant to physiology of the trait. Our approach provides
strong evidence for causal genes supported by multiple lines of evidence (GWAS, GSOR, and functional enrichment)
and demonstrates the power of multi-omics data integration.
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Introduction

Genome-wide association studies (GWASs) have identi-
fied numerous genetic variants (such as single nucleotide
polymorphisms or SNPs) associated with complex traits,
yet the biological mechanisms connecting these vari-
ants to phenotypes remain elusive. Determining which
variants are truly causal and which genes they affect
is complicated by the extensive linkage disequilibrium
(LD) surrounding lead SNPs [1]. In addition, because
the majority of GWAS signals fall within noncoding
regions of the genome [2], directly linking these variants
to their target genes remains a significant challenge. Fur-
thermore, the intricate regulatory mechanisms of genes,
combined with the possibility that multiple genes within
a single locus contribute to the trait, make identifying the
true causal genes even more challenging [3].

To address these complexities, integrative approaches
such as multi-trait multi-omics fine-mapping can help
identify the genes through which SNPs influence quan-
titative traits. Many SNPs exhibit pleiotropic effects,
influencing various biologically significant complex
trait phenotypes [4, 5]. Consequently, employing multi-
trait fine-mapping techniques that analyse several traits
at once can enhance the power of fine-mapping. When
examining two traits, one being a complex trait of inter-
est and the other a molecular trait, like the expression of
a particular gene [6], multi-trait fine-mapping resembles
colocalization analysis [7]. This analysis evaluates the
genetic connection between the traits by investigating
whether they share the same causal variants at a specific
locus [7]. An illustrative case of pleiotropy arises when
a SNP associated with a complex trait through GWAS
also influences gene expression, thereby acting as both a
trait QTL and an expression QTL (eQTL) [6]. Such SNPs
highlight the genetic link between gene expression and
phenotypic variation [6]. In particular, genes through
which QTL act can be inferred by integrating multi-
omics (or multi-trait) data analyses: (i) trait-associated
QTL can be identified from genomic data, allowing the
assignment of nearby candidate genes to them; and (ii)
genes located near trait-associated QTL that also show
correlated expression with trait variation (i.e., cis-regu-
lated by nearby variants) can be inferred from combined
transcriptomic and genomic data [6].

The functional knowledge of genes serves as another
source of evidence for mapping GWAS loci (QTL) to
their target genes through which they operate [6, 8].
This information, organized in databases like the Gene
Ontology (GO) resources [9], aids in pinpointing genes
associated with specific biological functions. The func-
tional enrichment of a subset of identified candidate
genes within trait-relevant categories serves as addi-
tional evidence that the identified genes are the most
likely causal genes [6]. In this study, we use milk lactose
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percentage (LP) as a model trait. LP is a useful model
for dissecting the genetic architecture of complex traits
because its synthesis is governed by a relatively simple
and well-characterized pathway, mainly involving lactose
synthase activity in the mammary gland [10, 11]. This
feature makes lactose an ideal trait for testing integrative
genomic approaches to identify causal genes.

Each of the three types of evidence including proxim-
ity of genes to trait-associated SNPs, correlation of gene’s
expression with the phenotype of interest, and functional
enrichment of genes in a biological pathway—has limi-
tations and can result in false positives or negatives [6].
Nonetheless, when multiple methods identify the same
genes, our confidence in their biological significance
increases. Expanding on our earlier integrative approach
[6], we now apply this methodology to a different trait
using a much larger multi-breed dataset to enhance sta-
tistical power and improve the robustness and generaliz-
ability of our findings.

The objectives of this study are (i) to perform gene-
based association tests to identify significant gene
expression—trait associations using genetic score omics
regression (GSOR), introduced by Xiang et al. [12], (ii)
to test the significance of window-based co-localization
between GSOR-identified genes and GWAS loci reported
by Lopdell et al. [13], and (iii) to obtain a list of candidate
genes from the co-localization of GSOR-identified genes
with GWAS loci for functional enrichment analyses.
Overall, we aim to demonstrate the utility of combining
GSOR with GWAS and functional enrichment analyses
to map candidate genes to QTL, with milk LP as a model
trait.

Results

Figure 1 illustrates Manhattan (Miami) plot showing
mammary GSOR-identified genes in this study as well as
trait associated SNPs identified through GWAS for milk
lactose percentage (LP) reported by Lopdell et al. [13].
A total of 12, 237 genes were expressed in the mammary
RNA-seq dataset [13—15], of which 711 were significantly
associated with local GEBVs for milk LP in the GSOR
analysis (FDR < 0.10) (Additional file 1). Among the
12,237 expressed genes, 242 genes were located within
100 kb windows that contained at least one GWAS locus.
Of those 242, 34 genes were also significant based on the
GSOR analysis (Additional file 1). We also used a white
blood cells (WBC) RNA-seq dataset [16—18]. Descriptive
statistics about the GSOR analyses in both mammary and
WBC datasets are presented in Table 1. A total of 12,536
genes were expressed in the WBC RNA-seq dataset, of
which 986 were significantly associated with local GEBVs
for milk LP in the GSOR analysis. Among the 12,536
expressed genes in WBC, 242 genes were located within
100 kb windows that contained at least one GWAS locus.
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Fig. 1 Miami plot showing GSOR-identified genes (in the mammary RNA-seq data) and GWAS loci: (A) genome-wide overview and (B) detailed view of
chromosome 3.The dashed lines in GSOR represents FDR=0.01 (P-value =0.005; upper plot) and in GWAS represents P-value 1x 1078 (lower plot). Over-
lapping GSOR genes with GWAS loci, defined using 100 kb windows, are highlighted in red. For visualization purposes, the highlighted GWAS regions are
displayed larger than 100 kb to ensure they are visible. In addition, SNPs or genes with p< 1x 107" were set to p=1x 107 for graphical representation

Of the 242 WBC genes, 33 genes were also significant
based on the GSOR analysis (Table 1 & Additional file 2).
These genes do not completely overlap with those identi-
fied using mammary RNA-seq.

Table 1 shows window-based co-localization between
GSOR-identified genes and trait-associated SNPs (GWAS
loci) obtained using 100 Kb non-overlapping windows.
We tested statistical significance of this co-localization,

and the results are presented in Fig. 2. Based on Fisher
Exact test, our results show that co-localization between
GSOR-identified genes and GWAS loci within 100 Kb
and 500 Kb windows were significantly greater than
expected by chance in both mammary and WBC datas-
ets. For example, using 100 Kb windows with mammary
RNA-seq data, we found 30 windows where the GSOR-
identified genes shared windows with GWAS loci, 291
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Table 1 Descriptive statistics of mammary and WBC GSOR genes and their co-localization with GWAS loci based on 100 Kb windows

RNA-seq data Total expressed Genes

N significant GSOR genes®

N expressed genes in windows
including GWAS loci®

N significant
GSOR genes in
windows includ-

ing GWAS loci®
Mammary 12,237 711 242 34
WBC 12,536 986 242 33

*Number of GSOR-identified genes at FDR < 0.1

PNumber of expressed genes located within non-overlapping windows of 100 Kb length including at least one GWAS locus; For GWAS, summary statistics for milk

LP from an independent study using 12,000 samples was used [13] (see Methods)

“Number of GSOR-identified genes located within 100 Kb windows including at least one GWAS loci

Windows including
neither GWAS loci nor
GSOR-identified genes

Windows including
neither GWAS loci nor
GSOR-identified genes

P-Value = 4.40%x106

P-value = 2.96x10°

Windows including
neither GWAS loci nor
GSOR-identified genes

4,124

Windows including
neither GWAS loci nor
GSOR-identified genes

4,277

148

Windows
including
GWAS loci

P-value = 7.85x10° P-value = 0.018

Fig.2 Venn diagrams showing the co-occurrence between GSOR signals and GWAS loci within non-overlapping genomic windows, assessed using Fish-
er's exact test. Panels A-D display the number of non-overlapping windows containing only GSOR-identified gene(s), only GWAS signal(s), both signals, or
neither. Panels A and B use 100 kb windows for mammary and white blood cell (WBC) GSOR analyses, respectively, while Panels Cand D present the same
analyses using 500 kb windows. SNPs with P-value < 1x 10" were considered GWAS loci, and genes with FDR<0.1 in GSOR were classified as significant

windows contained only GWAS loci, 631 included only
GSOR-identified genes, while 23,909 windows had nei-
ther GWAS loci nor GSOR-identified gene (Ppgper =
2.96x 107 ; odds ratio =3.9). We found that smaller win-
dow size (100 kb) revealed stronger co-localization, as
evidenced by more significant P value and higher odds
ratios (Fig. 2). Furthermore, across the RNA-seq datasets,
mammary RNA-seq demonstrated stronger co-localiza-
tion with GWAS loci than WBC RNA-seq, supported by
more stringent P values and higher odds ratios (Fig. 2).

Table 2 shows descriptive statistics about the 34 mam-
mary GSOR-identified genes co-localized with GWAS
loci. Of the 34 co-localised GSOR-GWAS genes pre-
sented in Table 2, 31 were successfully converted to
human ortholog and used in functional enrichment anal-
yses, along with the 11,728 background genes that suc-
cessfully converted (out of 12, 237 expressed genes). This
data is presented in Additional file 3. Successfully con-
verted genes were used to conduct enrichment analyses
using gprofiler2 [19] R package.

We identified 22 significantly enriched gene ontology
biological process (GO: BP) and Reactome pathways,

” «

where terms “transport’, “transmembrane transport” and
their child terms dominated the list (Table 3).

We also performed gene list enrichment analysis using
WBC GSOR-identified genes co-localized with GWAS
loci in the 100 Kb windows. This analysis revealed
five significant GO terms, of which only the GO term
“response to growth hormone” (GO:0060416) could be
indirectly related to physiology of milk LP. These results
are presented in Additional file 4. We found that only two
genes, STAT5B and HAPI shared in both mammary and
WBC GSOR-GWAS genes (Table 3 & Additional file 4).
According to Wainberg et al. [20], transcriptome-wide
association study or TWAS [21] is particularly suscep-
tible to false-positive gene associations when expression
data come from irrelevant tissues or cell types. It seems
the same may also be true for GSOR [12], as the GSOR-
identified genes from mammary gland expression data
revealed functionally enriched terms that aligned more
closely with milk lactose physiology, whereas the path-
ways detected from WBC data tended to be broader and
less specific.

To assess whether a broader genomic window could
improve the detection of relevant signals to LP, we
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Table 2 GSOR-identified genes co-localized in 30 windows (100 Kb) with GWAS loci. P (GWAS) represents the most stringent P value

within the corresponding window

Chr Win Start Win End SNP P (GWAS) GSOR-gene FDR (GSOR)
1 150,530,998 150,630,997 1:150591449 8.12E-09 KCNJ15 0.008

1 151,130,998 151,230,997 1:151180934 2.39E-11 ETS2 0.087

1 152,230,998 152,330,997 1:152324264 2.31E-09 SH3BP5 9.36E-49

3 15,344,539 15,444,538 3:15368547 3.75E-11 THBS3, GBA 0.057,0.011
3 15,444,539 15,544,538 3:15464742 1.67E-14 SLC50A1 7.62E-06

3 53,544,539 53,644,538 3:53597089 3.28E-15 LRRC8C 0.002

3 53,644,539 53,744,538 3:53674128 7.86E-16 LRRC8B 1.01E-17

3 54,044,539 54,144,538 3:54109337 9.76E-14 GBP5 1.35E-09

3 54,844,539 54,944,538 3:54943906 1.04E-09 KYAT3 0.020

6 22,391,294 22,491,293 6:22469293 4.95E-11 SLC39A8 0.0003

6 45,091,294 45,191,293 6:45129256 3.64E-09 SLC34A2 0.004

6 85,991,294 86,091,293 6:86055882 1.06E-11 ENAM 0.001

10 2,166,988 2,266,987 10:2190824 2.94E-13 NREP 0.0002

13 54,439,729 54,539,728 13:54476595 5.13E-09 SLC17A9 3.07E-08

15 27,470,773 27,570,772 15:27543169 8.40E-11 APOA1 0.015

16 66,207,162 66,307,161 16:66279444 T.11E-12 IVNSTABP 231817
17 51,725,017 51,825,016 17:51739903 1.22E-09 DNAH10 3.07E-08

17 53,925,017 54,025,016 17:53934607 2.89E-10 P2RX4 0.011

17 72,325,017 72,425,016 17:72377251 1.26E-10 LRRC748B 0.057

19 32,957,926 33,057,925 19:33056069 4.58E-14 TVP23B 0.072

19 41,857,926 41,957,925 19:41909633 2.90E-11 HAP1 0.003

19 42,157,926 42,257,925 19:42236007 1.53E-13 NKIRAS2, RAB5C, DHX58 0.0032,0.035,9.8e-08
19 42,257,926 42,357,925 19:42349652 9.38E-14 GHDC, STATSB 0.035,0.087
19 42,357,926 42,457,925 19:42358091 9.38E-14 STAT3 0.072

19 58,057,926 58,157,925 19:58114277 3.08E-10 C19H170rf80 0.087

19 60,557,926 60,657,925 19:60560812 1.23E-24 KCNJ2 3.04E-23

19 61,357,926 61,457,925 19:61408199 2.44E-09 ABCA10 7.62E-06

19 61,457,926 61,557,925 19:61512690 1.66E-09 ABCA9 0072

27 36,520,984 36,620,983 27:36523102 2.84E-22 GPAT4 0.0007

29 9,447,532 9,547,531 29:9545883 4.03E-35 PICALM 2.63E-45

increased the window size, allowing mammary GSOR-
identified genes to fall within 500 Kb of GWAS loci. A
total of 22 significant terms were identified (Additional
file 5), of which 15 shared with terms identified when
using 100 Kb windows (Fig. 3).

Discussion

In our previous study [6], we showed that integrat-
ing GSOR, GWAS, and functional enrichment can help
prioritize candidate genes for milk composition traits,
though inference was limited by small sample sizes. Here,
we leveraged a large, multi-breed reference population
(> 81,000 cows) to train genomic prediction models,
increasing both GEBV accuracy and the power to detect
expression—trait associations. This enabled us to iden-
tify 20 genes likely to mediate lactose QTL, supported
by convergence between GSOR, GWAS, and enrichment
results. Because long-range LD, complex regulation, and
small QTL effects complicate causal gene discovery, our
framework, integrating local GEBV with tissue-relevant
expression data, GWAS co-localization, and functional

enrichment, may help overcome these challenges and
offer a scalable, biologically grounded strategy to dissect
the molecular basis of complex traits in livestock and
other species.

When the most significant GWAS variant is located
within a coding region, the causal gene may be directly
implicated [6]. However, the majority of trait QTL reside
in non-coding regions [6, 20, 22, 23], and thus, they have
unknown functions. Non-coding QTL can impact phe-
notypes by regulating gene expression through cis or
trans regulatory mechanisms. Even when causal variants
are known, it is challenging to determine their functional
impact and link them to specific target genes. This is
because regulatory elements can act over long genomic
distances and their effects can be highly cell-type specific
[24]. TWASs were proposed to fill this gap by linking pre-
dicted tissue-specific gene expression to observed pheno-
types [20, 21, 25]. However, one limitation of TWAS is
that they usually rely on a limited set of individuals with
assayed expression data and genotypes, which can limit
the statistical power and decrease the accuracy of models
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Table 3 Gene list enrichment analyses using mammary GSOR-identified genes co-localized with GWAS loci in 100 Kb windows

Source Term ID Term Name FDR Genes

GO: BP GO:0001408 guanine nucleotide transport 0.001 LRRC8C, LRRC8B, SLC17A9

GO: BP GO0:1,903,790 guanine nucleotide transmembrane transport  0.001 LRRC8C, LRRC8B, SLC17A9

GO: BP GO:0055085 transmembrane transport 0.001 KCNJ15, SLC50AT, LRRC8C, LRRC8B, SLC39A8, SLC34A2,
SLC17A9, P2RX4, HAP1, KCNJ2, ABCA10, ABCA9

GO: BP GO:0098739 import across plasma membrane 0.005 KCNJ15, LRRC8C, LRRC8B, SLC39A8, KCNJ2

GO: BP G0:1,901,679 nucleotide transmembrane transport 0.007 LRRC8C, LRRC8B, SLC17A9

GO: BP GO:1,901,264 carbohydrate derivative transport 0.009 SLC50A1, LRRC8C, LRRC8B, SLC17A9

GO: BP GO:0015868 purine ribonucleotide transport 0.010 LRRC8C, LRRC8B, SLC17A9

GO: BP GO:0051503 adenine nucleotide transport 0.011 LRRC8C, LRRC8B, SLC17A9

GO: BP GO:0072530 purine-containing compound transmembrane  0.011 LRRC8C, LRRC8B, SLC17A9

transport

GO: BP GO:0015865 purine nucleotide transport 0.011 LRRC8C, LRRC8B, SLC17A9

GO: BP GO:0006862 nucleotide transport 0.016 LRRC8C, LRRC8B, SLC17A9

GO: BP GO:0034220 monoatomic ion transmembrane transport 0.016 KCNJ15, LRRC8C, LRRC8B, SLC39A8, SLC34A2, P2RX4,
HAPT, KCNJ2

GO: BP GO:0040014 regulation of multicellular organism growth 0.024 STAT5B, STAT3, GPAT4

GO: BP GO:0042592 homeostatic process 0.042 GBAT1, SLC39A8, SLC34A2, P2RX4, HAP1, NKIRAS2,
STAT5B, STAT3, KCNJ2, PICALM

GO: BP GO:0098659 inorganic cation import across plasma 0.042 KCNJ15, SLC39A8, KCNJ2

membrane

GO: BP GO:0099587 inorganic ion import across plasma membrane  0.042 KCNJ15, SLC39A8, KCNJ2

GO: BP GO:0006811 monoatomic ion transport 0.042 KCNJ15, LRRC8C, LRRC8B, SLC39A8, SLC34A2, P2RX4,
HAP1, KCNJ2

GO: BP GO:0006810 transport 0.042 KCNJ15, SLC50AT, LRRC8C, LRRC8B, SLC39A8, SLC34A2,
SLC17A9, P2RX4, HAP1, RAB5C, STAT5B, STAT3, KCNJ2,
ABCAT10, ABCA9, GPAT4, PICALM

GO: BP GO:0048871 multicellular organismal-level homeostasis 0.044 GBA1, SLC39A8, P2RX4, NKIRAS2, STAT5B, STAT3, PICALM

REAC REAC: Transport of small molecules 0.008 SLC50AT1, LRRC8C, LRRC8B, SLC39A8, SLC34A2, ABCA10,

R-HSA-382,551 ABCA9
REAC REAC: Signaling by PDGF 0.008 THBS3, STAT5B, STAT3
R-HSA-186,797
REAC REAC: SLC-mediated transmembrane transport 0.035 SLC50A1, SLC39A8, SLC34A2

R-HSA-425,407

1. GSOR-identified genes were converted to human orthologs before gene list enrichment analyses

100 Kb windows
SMOpUIM g)] 00S

Fig. 3 Venn diagram showing the number of significant GO and KEGG
terms identified using GSOR-GWAS gene lists derived from 100 kb versus
500 kb non-overlapping windows in mammary tissue

used for predicting gene expression [12]. In this study, we
used GSOR to identify statistically significant gene-trait
associations. Xiang et al. [12] found that GSOR is more
powerful than TWAS because it uses the contribution to
phenotype of the variants close to the gene whose expres-
sion is being investigated rather than the complete phe-
notype. However, the problem of spurious associations
due to LD still exists [6]. Gene list enrichment analyses
may help overcome LD issues by aggregating signals
across functionally related genes, highlighting biologi-
cally coherent associations rather than single-gene sig-
nals confounded by LD.

As mentioned, GSOR does not provide direct evidence
of causality, as correlations between gene expression and
the trait can be induced by LD, among other factors. For
instance, if two genes share cis-eQTLs in LD but only one
eQTL is causal, both genes may appear statistically asso-
ciated with the trait [6]. Therefore, an additional source
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of evidence is required to prioritize candidate causal
genes.

We evaluated significance of the overlap between
GSOR-identified genes and GWAS loci by dividing the
genome into non-overlapping windows of 100 Kb. We
showed that GSOR-identified genes were significantly
enriched within windows containing GWAS loci. This
window based co-localization enrichment is consistent
with our previous findings using a different milk com-
position trait [6], suggesting that the expression of these
genes may mediate the effects of GWAS loci on complex
traits through a cis-regulatory mechanism. However, LD
can still confound these signals, so functional enrichment
analyses are particularly important for highlighting the
most relevant GWAS-GSOR genes. Milk LP is a prom-
ising target phenotype to test this hypothesis because
its underlying biology is relatively well understood, with
established roles for specific pathways such as lactose
synthesis, ion transport, and hormonal signaling [10, 11,
13], allowing for meaningful interpretation of enrichment
results. Of the 31 genes used in functional enrichment
analyses, 55% share the term transport (GO:0006810 ; P
= 0.042) and 39% share its descendant term “transmem-
brane transport” (GO:0055085; P = 0.001).

Lactose is the major osmotic solute in milk, responsible
for drawing water into the alveolar lumen and driving
milk volume [10, 26]. As a result, LP shows limited varia-
tion. However, it is not the only osmolarity regulator and
an increase in other osmolytes can change LP. Indeed,
studies show that increases in sodium, potassium or
chloride in milk are inversely correlated with lactose con-
centration—highlighting that any process affecting ionic
balance or secretion can shift lactose levels via osmotic
compensation [27, 28]. We identified monoatomic ion
transmembrane transport (GO0034220; FDR = 0.016)
enriched with KCNJ15, LRRC8C, LRRC8B, SLC39A8,
SLC34A2, P2RX4, HAPI, and KCNJ2 genes. KCNj2
(Kir2.1) and KCNJ15 (Kir4.2) both encode inwardly recti-
fying potassium channels (Kir) that favor K* influx under
hyperpolarizing conditions [29]. Kamikawa and Ishikawa
[30] identified Kir2.1-like channels — encoded by KCNj2
— functionally expressed in secretory mammary epithe-
lial cells of lactating mice. These authors concluded that
different types of K™ channels might play a role in pro-
ducing species-specific milk, while particular type of K*
channels might generally express and participate in milk
production in mammalian milk secretary cells [30]. An
early study on ionic concentrations in milk found a sig-
nificant association between different ions, such as K,
and lactose levels in milk [31]. In cattle, a QTL on BTA19
including KCNJ2 and KCNJ16 has been associated with
lactose concentration [13, 32], protein concentration [33]
and milk yield [34]. Therefore, an eQTL that affects the
abundance of KCNJ2 or KCNJ15 proteins (and K* ion
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transport) might lead to osmotic compensation influenc-
ing milk LP.

Maintaining cell volume is essential for mammary
epithelial cells to remain functional during the osmotic
shifts involved in milk secretion. Voltage-regulated anion
channels (VRACs) is one mechanism by which they can
do this. VRACs encoded by LRRCS proteins A to E, help
regulate cell volume by exporting Cl~ ions and small
organic anions [35, 36]. P2RX4 is an ATP-gated cation
channel permeable to Ca*; ATP-triggered P2RX4 acti-
vation modulates VRAC in rat liver cells [37]. While not
confirmed in mammary cells, this mechanism may apply
during milk secretion. Together, these “ion transporters”
help set the ionic gradients that draw water into the alve-
oli along with lactose.

Lactose, the primary sugar in milk, is synthesized in
Golgi vesicles and secreted along with ions and water.
In fact, lactose accumulation in secretory vesicles draws
water into milk by osmosis — milk volume is almost per-
fectly correlated (r ~ 0.99) with lactose production [38].
This osmotic role of lactose means that many membrane
transporters (for solutes and ions) must be active during
lactation to supply substrates and maintain ion gradients.
Consistent with this, a recent study found that genes
involved in membrane transport were enriched among
loci affecting milk lactose content [13]. Thus, our find-
ing of enriched GO terms for “transmembrane transport”
and “ion transmembrane transport” fits well with known
lactation physiology, highlights that genes in these cat-
egories can modulate lactose synthesis and milk osmolar-
ity [13].

Some genes may affect LP by directly affecting lactose
production. SLC50A1 (SWEET1) is a Golgi-localized
sugar transporter that exports glucose (direct precursor
for lactose synthesis) into the Golgi lumen [39]. Experi-
mental studies support SLC50A1 providing glucose for
lactose production in mammary cells [39, 40]. Thus, vari-
ation in SLC50A1 could directly affect lactose synthesis
by altering sugar supply. More broadly, enrichment of
“SLC-mediated transmembrane transport” (Reactome
R-HSA-425407) in our data — which includes SLC50A1,
SLC39A8, and SLC34A2 — points to solute carrier pro-
teins as key players. Other solute carriers in our gene
list fit this picture. SLC39A8 (ZIP8) is a zinc/manganese
importer; it moves Mn?* and Zn?* into cells [41]. Man-
ganese is an essential cofactor for many glycosyltrans-
ferases, including the P4-galactosyltransferase I subunit
of the lactose synthase, and is required for the function
of various Golgi enzymes [42]. SLC34A2 (also known as
NPT2b) is a sodium-dependent phosphate transporter
highly expressed in lactating mammary epithelium [43].
While its precise role in milk synthesis was not directly
tested, its known function in phosphate uptake suggests
a potential role in supporting ATP and nucleotide sugar
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synthesis during lactose production. These transporters
illustrate how the enriched GO terms reflect lactation
biology: they supply essential substrates (glucose, phos-
phate) and cofactors (Mn, Zn, Ca) for lactose synthesis,
while maintaining ion gradients and water balance criti-
cal for milk secretion.

The Reactome pathway “Signaling by PDGF (Platelet-
derived growth factor)” involves STAT5B, STAT3, and
THBS3. STATS5 (both STAT5A and STAT5B) is a key tran-
scription factor for lactation: activated by prolactin via
Janus kinases (JAK?2), it drives the expression of milk pro-
teins and enzymes, and epithelial cell differentiation dur-
ing pregnancy [44]. Indeed, genetic knockout of STAT5SA
in mice causes failure of alveolar differentiation and lac-
togenesis [44] and experiments note STATS as “a primary
transcription factor for milk production” [45]. PDGF pro-
motes stromal/epithelial proliferation and survival. Thus,
enrichment of this pathway suggests that growth factor-
STAT signaling networks influence mammary develop-
ment, which potentially impact milk LP phenotype. For
example, greater STATS signaling would boost lactose
synthesis (via more alveolar cells and lactose enzymes),
whereas STAT3 activity would reduce lactose output. In
sum, the “Signaling by PDGF” term likely flags a set of
regulatory genes (STAT5B/STAT3) that govern cell dif-
ferentiation, survival, and secretory activity in the udder.
Changes in these signals would alter mammary function
(and indirectly lactose percentage) even though they are
not lactose-specific per se.

In conclusion, we demonstrated the utility of integrat-
ing multi-omics data with functional enrichment to iden-
tify genes likely regulated by QTL associated with milk
LP. We used LP as a test case to assess whether com-
bining gene expression, GWAS, and functional enrich-
ment could pinpoint causal genes for complex traits. To
mitigate the confounding effects of LD, we leveraged
functional enrichment analyses, which highlighted bio-
logically coherent associations. Our results show that
this strategy successfully identified 20 genes with clear
mechanistic links to LP, acting primarily through indirect
regulatory pathways. Future experimental validations will
be needed to confirm these findings.

Methods
Overview
This study used four independent datasets:

(1) ~400 New Zealand (NZ) cows with mammary
RNA-seq data [13-15]. This data is used for gene-
based associations test, specifically genetic score
omics regression (GSOR); introduced by Xiang et al.
[12].
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(2)  ~ 400 Australian (AU) cows with white blood cells
(WBC) RNA-seq data [16—18]. This data is also used
for gene-based associations test (GSOR).

(3) ~81,000 AU multibreed cows with lactose
percentage (LP) phenotypes and SNP genotypes
(referred to as GSOR reference population). This
data is used to estimate local GEBVs for LP in the
RNA-sequenced cows of NZ and AU.

(4) GWAS summary statistics for milk LP, based on
12,000 NZ cows and reported by Lopdell et al.

[13] were used to test for co-localization between
significant GSOR genes and GWAS loci.

Phenotypic data for milk lactose percentage

Phenotypic data for milk test-day LP was provided by
DataGene (an independent industry-owned organisation
that provides the national genetic evaluations for dairy
cattle in Australia). Animals born between 2012 and 2024
that had Holstein, Jersey or Australian Red breed codes
were retained. Outliers deviating + 3 SD of the mean
phenotypic value of LP were excluded. Test-day records
were included if a cow’s age at calving was between 18
and 25 months and days in milk (DIM) between 5 and
315 days. Additionally, herds and test dates with less than
five observations were excluded from the analysis. The
final data contained 4,995,316 test-day records belonging
to 477,822 cows. ASReml [46] was used to adjust pheno-
types for fixed effects and average them for each cow (i.e.
effect of Cow) following the model proposed by [47].

Yijim = 1+ HiTDj 4+ My + pol (DIM, 8)
+ pol (Age, 2) + Cowi + €jjiim

where, y;jis the test-day record for LP (N=4,995,316),

u is the effect of overall mean, H;TD; is the effect of the
ith herd and j'* test-day (N'=82,058); My is the effect
of the k' calving month (N=12); pol (DIM, 8) and
pol (Age, 2) are the regression coefficients of Legendre
polynomials of order 1-8 for DIM and of order 1-2 for
age at calving in months; Cow and ejjum are the ran-
dom effects of the {*" cow (N=477,822) and the random
residual term, respectively. The following sections will
explain our integrative multi-omics approach in detail. A
schematic overview of the method is illustrated in Fig. 4.

Genotypic data for the GSOR reference population

Of the cows with phenotypic data described above, SNP
panel genotypes were available for 81,658 cows, compris-
ing 79% Holstein, 16% Jersey and 5% Australian Red. All
SNP markers were mapped to the ARS-UCD1.2 refer-
ence genome [48], and included autosomal markers as
well as those on the non-pseudo autosomal region of the
X chromosome. Any raw genotypes with a GenCall score
of < 0.6 were set to missing and any marker or animal
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E

Source FDR

Gene list enrichment analyses

Genes involved Biological relevance

Gene 1, Gene 500 Relevant
Gene 1, Gene 2000

Gene 500, Gene 2000

Biological Process 1 0.01

Biological Process 2 0.015 Unknown

Biological Process 3 0.02 Unknown

So, gene 1 and gene 500 are more likely causal genes as supported by
different sources of information

Candidate gene list

D

Gene

ion based on overlap between GSOR & GWAS loci
Seneil GenelD  GSOR-identified GWAS loci _Decision
Gene 500 Gene 1 Yes Yes Selected
Gene 2000 Gene 2 No Yes Not selected
Gene 11500 Gene 3 Yes No Not selected

Fig.4 A schematic overview of the method used in this study. A Reference population including animals with both SNP genotype and phenotype of LP
were used to predict SNP effects. B Predicted SNP effects were used to calculate local GEBV in RNA-sequenced animals, local GEBV and gene expression
data were combined in GSOR analyses. C GSOR results and an independent GWAS were combined to investigate significance of co-localization between
GSOR-identified genes and GWAS loci in 100 Kb windows. D Genes were selected if they were both significant in GSOR and co-localized with GWAS loci

in 100 Kb windows and (E) used in gene list enrichment analyses

with 10% or more missing genotypes was discarded. The
remaining sporadic missing genotypes were imputed
with Flmpute v.3 software [49]. The genotypes were
from a range of SNP panels (> 6,000 markers) and were
imputed with FImpute v.3 to a custom 74 K SNP geno-
type panel that is used by DataGene for national genetic
evaluations [50]. The imputation reference population for
the 74 K SNP panel included over 28,000 animals (Hol-
stein, Jersey and Australian Red breeds). Next, the 74 K
SNP genotypes were imputed to the Illumina High Den-
sity (HD) Bovine SNP panel that included 714,451 SNP
in an imputation reference population of 2,910 animals
(breeds as for the 74 K panel). Prior to HD imputation,
approximately 20,000 SNP in the custom 74 K set that
did not overlap the HD set were removed and then added
back in before the final imputation to whole genome
sequences (WGS). The sequenced imputation reference
population included 5,036 Bos taurus cattle from Run9 of
the 1000 Bull Genomes project [51]. Following Nguyen et
al. [52], sequence variants were pre-filtered (49,114,602
variants remaining) and phased with Eagle v2 [53] before
using Beagle v5.2.1 [54] to impute all animals to WGS.
Post-imputation, sequence variants with a Bea-
gle DR2 (estimated imputation accuracy) < 0.9 were
excluded, as well as those with minor allele frequency
(MAF) < 0.01 and genotype frequencies deviating from

Hardy-Weinberg equilibrium (P < 1 x 10™®). LD pruning
was performed using PLINK v1.9 [55] with parameters
--indep-pairwise 5000 500 0.95 to exclude variants that
were in high LD (r2 > 0.95). These procedures retained
1,181,628 variants for subsequent analyses. We used this
data to train a BayesR model [56] using BayesR3 software
[57] to estimate prediction equations (SNP effects) for
LP. The model was as follows: y = Xu + Vg + e, where
y is an n x 1 vector of phenotypic records, in which
n is the number of animals in the reference population
(N=81,658); X is an n X m incidence matrix, u is m
x 1 vector of fixed effects and m corresponds to fixed
effects including breed effect with three levels; V is the
coded genotype, representing the observed genotypes
of each individual; g is a vector of SNP effects; and e is
the residual term. BayesR3 was run with 50,000 MCMC
iterations and 25,000 burn-in. In the BayesR3 model, the
SNP effects follow a mixture of four normal distributions
with zero mean and additive genetic variances of zero,
0.0001, 0.001, and 0.01 times the genetic variance. Start-
ing values for proportions of the four SNP effect distribu-
tions were defined as 0.994, 0.0055, 0.00049, and 0.00001,
respectively. Prediction equations were applied to the
RNA-sequenced animals to calculate their local GEBVs
for LP (described below).
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RNA-seq data and gene-based associations test (GSOR)
We analysed two distinct sets of RNA sequencing data
from WBC and mammary tissue.

The WBC gene expression data were obtained from
313 lactating cows of multiple breeds from the Agri-
culture Victoria research farm (Ellinbank Smart Farm).
Details of sample processing, RNA extraction, library
preparation, and sequencing are provided in [16—18]. For
the WBC RNA-seq animals, genotypes were imputed to
WGS using Run9 of the 1000 Bull Genomes project [51]
as described above for the GSOR reference population.

The mammary gene expression data include 386 lactat-
ing NZ cows, including Holstein, Jersey and their crosses.
The cows in this dataset, were previously imputed to
WGS using 1,298 imputation reference animals, includ-
ing 306 Holstein-Friesian, 219 Jersey, 717 crossbreds
(Holstein-Friesian x Jersey) and 56 other breeds as
described in [58]. For the WBC and mammary RNA-
sequenced animals, we retained the same 1,181,628
variants that were retained in the GSOR reference
population.

Prior to fitting per-gene GSOR models, we calculated
local GEBVs for RNA-sequenced animals using the esti-
mated effects for variants located within a + 1 Mb win-
dow centred on the transcription start site of the gene
being tested. These local GEBVs served as response vari-
ables in the GSOR analysis, in which gene expression
levels were tested as predictors to identify genes whose
expression is associated with genetically driven, cis-reg-
ulatory variation in the trait (Fig. 4). The following per-
gene GSOR model was applied [6]:

gebvie =Ab1 +Xbs + g+ e

where g/eﬁflocal is an m x 1 vector of local GEBVs
predicted (in the RNA-sequenced cows) using the SNP
effects from a + 1 Mb window around the gene being
tested; A isa m x 1 vector of tissue-specific expression
of the gene across the corresponding RNA-sequenced

cows; by is the regression coefficient of the ge/b\vlocal
on A; X represents a design matrix for fixed effects (see
next paragraph), and by is the vector of fixed effects for
the corresponding RNA-sequenced animals; g is a vec-
tor of random polygenic effects across the same RNA-
sequenced cows, assumed to follow a normal distribution
g ~N(0, Go }), where G is the genomic relationship

matrix [59], and Gé is the additive genetic variance
explained by the whole genome SNPs; e is the vector
of residuals, assumed to follow a normal distribution
e ~ N (0, Io 2), where I is an identity matrix, and o2 is
residual variance.

Models for the WBC RNA-seq dataset incorpo-
rated the experiment (with five levels corresponding to
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sampling times), breed (with three levels: Holstein, Jersey,
and Australian Red), and herd (by four levels, with Ellin-
bank SmartFarm representing the majority of samples) as
a categorical fixed effect, while days in milk (DIM) was
used as a quantitative fixed effect, with a mean and SD
of 86 (+ 36) days. For the mammary RNA-seq dataset, no
fixed effects were necessary [6]; therefore, the previous
model was reduced as follows:

g/e}:;’localeb'i_g_‘_ €

After applying the per-gene GSOR model to all genes
within each RNA-seq dataset, the P values were cor-
rected to address the multiple testing issue. Within each
dataset, genes with a FDRggor < 0.1 were regarded sig-
nificant (GSOR-identified genes).

GWAS summary statistics

The original SNP coordinates were based on the UMD3.1
bovine reference genome. To ensure consistency with
our datasets, we converted these coordinates to the ARS-
UCD1.2 [48] reference genome using the UCSC LiftOver
tool [60] (https://genome.ucsc.edu/cgi-bin/hgLiftOve
r), leaving 1,088,337 SNPs for downstream analyses. To
account for multiple testing, we regarded SNPs with P< 1
x 10~ as genome-wide significant (GWAS loci).

Window-based co-localization between GSOR-identified
genes and GWAS loci

We partitioned the genome into non-overlapping win-
dows of 100 kb and 500 kb in separate analyses, to test
whether GSOR-identified genes and GWAS loci co-occur
in the same genomic regions more often than expected
by chance. For each window size, we classified windows
based on the presence or absence of GSOR-identified
genes and GWAS loci into four categories, including win-
dows containing: (1) both GSOR-identified genes and
GWAS loci; (2) only GSOR-identified gene(s); (3) only
GWAS loci; and (4) neither. A GSOR-identified gene was
assigned to a window if its transcription start site fell
within that window. We then applied Fisher’s exact test
to assess the statistical significance of the co-localization,
considering Prisher < 0.05 as significant.

Gene list enrichment analysis

Candidate genes were defined as GSOR-identified gene(s)
located within non-overlapping genomic windows that
contained at least one GWAS locus. We used R (v4.4.3)
package gprofiler2 (v0.2.3) [19] to convert bovine genes
to their human (Homo sapiens) orthologs and to perform
gene list enrichment analyses. We examined overrep-
resented Gene Ontology (GO) Biological Process (GO:
BP) terms and Reactome pathways among the candidate
genes, and terms with FDRterm < 0.05 were regarded
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significant. All the genes in the corresponding RNA-seq
data were used as background genes after being con-
verted to their human (Homo sapiens) orthologs.

We hypothesized that the strongest candidate causal
genes are those that (i) show tissue-specific expression
correlated with local GEBVs (GSOR-identified genes),
(ii) are enriched in window-based co-localization with
GWAS loci, and (iii) are enriched for trait-relevant physi-
ological functions.

Supplementary Information
The online version contains supplementary material available at https://doi.or
9/10.1186/512864-026-12525-0.

Additional file 1: Summary statistics from GSOR analyses of genes
expressed in the mammary gland. Legend: Includes effect sizes, standard
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Additional file 2: Summary statistics from GSOR analyses of genes ex-
pressed in the white blood cells (WBC). Legend: Includes effect sizes, stan-
dard errors, p-values, and FDR values for all genes expressed in the WBC.
The last column indicates whether each gene overlaps a QTL identified by
GWAS, with 0 and 1 denoting no overlap and overlap, respectively.

Additional file 3: Human orthologs of bovine genes expressed in the
mammary gland and gene list used for enrichment analyses. Legend: The
first sheet lists all bovine genes that expressed in the mammary gland and
were successfully converted to human orthologs; these genes used as
background in the gene enrichment analyses. The second sheet includes
the genes used as input in the gene list enrichment analyses.

Additional file 4: Enriched Gene Ontology (GO) terms among candidate
genes identified in the white blood cells (WBC) RNA-seq data. Legend:
These candidate genes were both significant in the GSOR analysis and
co-localized with GWAS loci within +100 kb windows.

Additional file 5: Enriched Gene Ontology (GO) terms among candidate
genes identified in the mammary gland. Legend: These candidate genes
were both significant in the GSOR analysis and co-localized with GWAS
loci within £500 kb windows.
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