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ABSTRACT

Negative energy balance (NEB) during early lactation
is a critical physiological challenge in high-producing
dairy cows, affecting both their health and production
performance. The objectives of this study were: (1) to
compare the genetic architecture of logit-transformed
predicted NEB (LPNEB), a logit-transformed novel
energy deficiency score (LEDS), 15 biomarkers, and 3
production traits using SNP-based genomic correlation
analysis; (2) to extend this study to a chromosomal level
to identify specific genomic regions involved in the regu-
lation of energy metabolism; and (3) to compare the in-
dependent contributions of 8 traits to the underlying ge-
netic architecture of LPNEB and LEDS. The SNP effects
estimated from single-trait models can be used to quickly
calculate genomic correlations for 20 traits. The results
indicate strong genomic correlations between LPNEB
and LEDS, as well as with key metabolic biomarkers,
particularly blood nonesterified fatty acids (NEFA),
highlighting their importance in energy metabolism. Fur-
thermore, NEFA was a strong independent contributor to
both LPNEB and LEDS. Chromosome regions located
on BTA19 and BTA25 were identified as potentially as-
sociated with NEB. By combining genomic correlation
and contribution analyses, this study provides valuable
insights into the genetic basis of NEB and related traits
in dairy cows.
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INTRODUCTION

Negative energy balance (NEB) is a common meta-
bolic state in high-yielding dairy cows, especially during
early lactation, when energy intake does not meet the
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physiological demands of maintenance and milk produc-
tion (Churakov et al., 2021). Although the short-term
mobilization of body reserves to sustain lactation rep-
resents a normal adaptive mechanism, prolonged NEB
may have detrimental effects on health (Hammon et al.,
2006), reproduction performance (Wathes et al., 2007),
and immune competence (Esposito et al., 2014; Mekuri-
aw, 2023). These physiological challenges contribute to
increased veterinary costs, labor, and culling, ultimately
reducing animal welfare and herd profitability (Herings-
tad et al., 2000; Gohary et al., 2016; Miglior et al., 2017).

Understanding the genetic architecture underlying
NEB-related traits is critical for developing effective ge-
nomic selection strategies aimed at improving metabolic
resilience. Previous studies have reported moderate h’
estimates for NEB and related metabolic traits, generally
ranging from 0.15 to 0.40 (Becker et al., 2021; Hu et
al., 2025), suggesting meaningful potential for genetic
improvement.

Traditionally, NEB status is indirectly evaluated by
directly measuring biomarkers through invasive blood
sampling, which is not suitable for large-scale implemen-
tation also due to animal welfare concerns (Macrae et al.,
2019). Furthermore, most studies rely on only 1 or 2 bio-
markers, such as nonesterified fatty acids (NEFA) and
BHB, which may not fully capture the genetic complexity
of NEB (Knob et al., 2021). These limitations highlight
the value of an alternative phenotyping procedure that is
effective, noninvasive, and scalable. Recent advances in
mid-infrared (MIR) spectrometry have provided a prom-
ising, large-scale, and noninvasive approach for pheno-
typing traits related to energy balance in dairy cows (Ho
et al., 2019; Smith et al., 2019). By analyzing routine
milk samples, MIR enables the prediction of physiologi-
cal indicators, such as NEFA, BHB, and IGF-1 (Grelet
et al., 2019; Aernouts et al., 2020; Benedet et al., 2020).

To explore the potential application of combining
multiple MIR-based indicators, Franceschini et al.
(2022) used clustering analysis and proposed a novel
composite trait, the energy deficiency score (EDS),
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which was derived from 27 MIR-predicted metabolic
features, such as milk BHB and oleic acid (C18:1 cis-9).
The EDS-predicted model achieved a very high accuracy
0f 0.99 (Franceschini et al., 2024), which is much higher
than that of the blood NEFA prediction model (coeffi-
cient of determination is 0.39; Grelet et al., 2019). For
genetic analysis purposes, EDS was logit-transformed
and referred to as logit-transformed novel energy defi-
ciency score (LEDS). In the study by Hu et al. (2025),
LEDS showed strong genetic correlations with logit-
transformed predicted NEB (LPNEB, 0.85), blood BHB
(0.69), and milk C18:1 cis-9 (0.81), further supporting
its potential as a biologically relevant and genetically
informative trait related to energy metabolism during
early lactation. Moreover, the h” of LEDS was estimated
at 0.18 (Hu et al., 2025), indicating a moderate genetic
basis and supporting its potential utility in genetic selec-
tion programes.

Direct biomarkers such as blood NEFA, blood BHB,
blood glucose, and milk fatty acids (FA) reflect physi-
ological responses to NEB and are routinely used in
research and diagnostics. Nevertheless, their genetic
interrelationships with MIR-derived traits remain poorly
understood. This lack is even more true for the traits
LPNEB and LEDS (Hu et al., 2025). It is unclear whether
these indicators share common genomic foundations or
reflect distinct regulatory mechanisms, particularly when
comparing the associations between LPNEB and the bio-
markers of interest with the corresponding associations
between LEDS and the same biomarkers.

Therefore, the objectives of this study done in first-
parity Holstein cows were: (1) to compare the genetic
architecture of LPNEB, LEDS, 15 biomarkers, and 3
production traits using SNP-based genomic correlation
analysis; (2) to extend this study to a chromosomal
level to identify specific genomic regions involved in the
regulation of energy metabolism; and (3) to compare the
independent contributions of 8 traits to the underlying
genetic architecture of LPNEB and LEDS in first-parity
Holstein cows. The findings from this study may enhance
our understanding of the genetic basis of NEB and its
related traits.

MATERIALS AND METHODS

Data Collection and Editing

Phenotypic Data. All phenotypic records were ob-
tained from official milk data recording in the Walloon
Region of Belgium between 2012 and 2019. The milk
samples were analyzed by MIR spectrometry by commer-
cial instruments FT+2, FT7, and FT6000 spectrometers
(Foss, Hillerad, Denmark) and a Standard Lactoscope
FT-MIR automatic (Delta Instruments, Drachten, the
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Netherlands) standardized into a common format (Grelet
et al., 2015). The references and parameters of the MIR
prediction equations used for 19 MIR-predicted traits
are described by Hu et al. (2025) in their Table 1. The
LPNEB was derived from the predicted energy balance
(PEB) as follows:

LPNEB = log,, _PNEB
1- PNEB
PEB — PEB

minimum

where PNEB=1-— , and the

PEB . — .
maximun minimum

predictive model for PEB was developed using partial
least squares regression. The coefficient of determination
of PEB model in the cross-validation set was 0.43 (Grelet
etal., 2017).

The LEDS was derived from the EDS as follows:

EDS
LEDS = log, T_EDS’
where predictive model for EDS was developed using
partial least squares discriminant analysis. In the valida-
tion set, the model achieved an overall accuracy of 0.99,
with a sensitivity of 0.95 and a specificity of 0.92 (Fran-
ceschini et al., 2024).

The data used consisted of test-day records of traits
including LPNEB, LEDS, 15 biomarkers with log,-
transformed blood BHB (LB_BHB), blood NEFA,
log;-transformed blood IGF-1 (LIGF-1), blood glucose
(GLU), logo-transformed milk BHB (LM_BHB), milk
citrate (CIT), log;,-transformed milk acetone (LACE),
milk decanoic acid (C10:0), milk myristic acid (C14:0),
milk palmitic acid (C16:0), milk stearic acid (C18:0),
milk short-chain FA (SCFA), milk medium-chain FA
(MCFA), milk long-chain FA (LCFA), milk C18:1 cis-9,
and 3 production traits: milk fat percentage (FP), milk
protein percentage (PP), and milk yield (MY). Milk MIR
spectra, FP, and PP were generated by MIR commercial
instruments mentioned previously. The MY, FP, and PP
were limited from 3 to 99 kg/d, 1% to 9%, and 1% to 7%,
respectively (ICAR, 2022).

Global H distances between each standardized MIR
spectrum in this study and the MIR spectra in the calibra-
tion dataset of the different traits were calculated (Whit-
field et al., 1987). We only kept MIR records with Global
H <3. Furthermore, all predicted traits were constrained
within a DIM range of 5 to 50, as the predictive models
for certain biomarkers are exclusively applicable within
this DIM range (e.g., LPNEB, B BHB).

The final dataset comprises 30,634 records on 25,287
primiparous Holstein cows distributed in 508 herds. The
distribution of DIM for the retained records is presented
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in Supplemental Figure S1, file 1, see Notes. The pedi-
gree was traced back to 4 generations, resulting in 74,662
animals (5,017 males).

Genotypic Data. Genotypic data on either phenotyped
animals or those included in the pedigree (3,757 animals,
comprising 1,150 males and 2,607 females) were used.
Individuals were genotyped using the BovineSNP50
Beadchip versions 1 to 3 and EuroG MD (SI) version
9 (Illumina, San Diego, CA). The SNPs common across
the 4 chips were retained for analysis. Nonmapped SNP,
SNPs located on sex chromosomes, and triallelic SNPs
were excluded from the analysis. Only SNPs with a mini-
mum GenCall Score of 0.15 and a minimum GenTrain
Score of 0.55 were retained (Atashi et al., 2024). The
genotypes were then imputed to the BovineHD using
Flmpute V2.2 software (Sargolzaei et al., 2014), SNPs
with Mendelian conflicts, as well as those with a minor
allele frequency less than 5% were excluded from the
analysis. The difference between observed and expected
heterozygosity was estimated, and SNPs with a differ-
ence greater than 0.15 were removed (Wiggans et al.,
2009). Ultimately, a total of 566,170 SNPs located on 29
BTA were retained for genomic analysis.

Variance Component Estimation. Variances of 20
traits were estimated using single-trait repeatability
model. The following model was used:

y=Hh+Mm+ Cc+Dd+Qq+Wp+Za-+e,

where y is the vector of observations (LPNEB, LEDS,
15 biomarkers, and 3 production traits); h is the vector
of fixed effect for herd x calving year; m is the vector
of fixed effect of calving age (10 classes: 23-24, 25, 26,
27,28,29,30,31-32, 33 and 34, and 35-37 mo); ¢ is the
vector of fixed effect for calving month (12 class month);
d is the fixed vector of DIM classes (for classes: DIM
5-6, 7-8, 9—-10, and 11-50); q is the fixed regression co-
efficient vector of standardized DIM, and its quadratic;
p is the vector of the random permanent environmental
effects; a is the vector of random additive genetic effects;
and e is the vector of residual effects. Additionally, H, M,
C, D, Q, W, and Z are incidence matrices. Both classes
and regressions were used to model the very rapid chang-
es of certain biomarkers at the beginning of the lactation.
When calculating the relationship between animals, we
used the H matrix, which combined pedigree- (A) and
genomic- (G) based relationships into one matrix. The
inverse of H is as follows (Aguilar et al., 2010):

0 0

-1 -1
0 G'-A,

H'= A"+ : [1]
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where A is the numerator relationship matrix based on
the pedigree; A,, is the numerator relationship matrix
based on the pedigree for genotyped animals; and G is
the weighted genomic relationship matrix obtained using
the following function:

G =G* x 0.95 + Ay, x 0.05, [2]

where G* represents the genomic relationship matrix as
defined by the first method of VanRaden (2008).
Computations were performed using the BLUPF90
family of programs (Misztal et al., 2018). The variance
components and parameters for the 20 traits were esti-
mated by AI-REML. The formulas used for calculating
h? and repeatability (r) are as follows:
R
W=t [3]

2 2 2
o, +0p +O’E

2 2
o +o
r= o [4]
o, —l—ap—i—oe

where Ai, Ai, and Af represent the additive genetic, per-
manent environmental, and residual variances, respec-
tively. R

SNP Effect Estimation. The SNP effects (3) for each
of the 20 traits were estimated using the POSTGSF90
software (version 1.73; Aguilar et al., 2014). The esti-
mated method of the 3 was the same as described by
Wang et al. (2012) but without iteration. The formula to
obtain 3 for each trait is as follows:

=Dz, (ngz;)fl q, [5]

where D = [, meaning all SNPs are given equal weight;
Z, is an incidence matrix of genotyped for each SNP; and
a is a vector of GEBV for each trait.

Estimation of SNP-based Genomic Correlations. This
analysis used the elements of the vector 3 of SNP effect
estimates obtained from the above step, along with the
corresponding vector p of allele frequencies, to construct
20 x 20 trait correlation matrices across all chromosomes
and at the level of each individual chromosome. These
matrices included LPNEB, LEDS, and 18 other traits.
The weighted covariance between trait i and trait j was
calculated as:

Cov; = ZZ=12Pk (- pk)BikBjk’ [6]
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where py is the allele frequency of the kth SNP, B, and
Bix represent the SNP effect estimates for trait i and trait
J, respectively, and #n is the total number of SNPs on the
chromosome. This approach follows the framework de-
scribed by Gardner and Latta (2007), who explored how
shared QTL contribute to genetic correlations between
traits. While our analysis is based on genome-wide SNP
effects derived from the single-trait ssGWAS, the logic
of weighting by allele frequency to compute trait-level
covariance is conceptually similar. The weighted genetic
variance for trait i was calculated as:

Var, = 22212pk (1 - P, ) B?k. [7]

Using these values, the SNP-based genomic correlation
between traits i and j was derived as:

Cov..

. = Y = .
o JVar Var o \[Sop(1-p)-g2-Sop(1-p)- @
(8]

Yop(1-p)-B,

1

This analysis was conducted in R (version 4.4.2) using
a custom function, and the output was a symmetric 20
x 20 correlation matrix representing the linear genomic
relationships among traits.

The SE of the SNP-based genomic correlation was ap-
proximated using the following formula:

where r is the SNP-based genomic correlation and n =
556,170 is the number of SNP used in the analysis.

To test whether chromosome-wise correlations sig-
nificantly differed from the genome-wide value, Fisher’s
r-to-z transformation was used. For each r, the z-score
was calculated as

1 1+r
z=—In .
2 [1—r]

The significance of the difference between the chromo-
some-specific correlation g, and the genome-wide cor-
relation r,,, was assessed using the following test statis-
tic:
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ZpTA ~ %A1

Z e = ,
diff \/ 1 1
+
Nppy =3 Dy —3

where ng;, and n,; denote the numbers of SNPs used to
estimate the correlations for each chromosome and the
whole genome, respectively.

The corresponding P-values were calculated for each
chromosome. To adjust for multiple testing, the Ben-
jamini-Hochberg false discovery rate (FDR) procedure
was applied, and chromosome-wise correlations with
FDR-adjusted P-values less than 0.05 were considered
significant.

For each chromosome, the mean absolute genetic cor-
relation (MeanAbsCorr) between LPNEB (or LEDS)
and the other 19 traits was calculated using the following
formula:

19

g T .
. ,':1‘ BTA,I
MeanAbsCorry., = lT,

where ., ; represents the genomic correlation between
LPNEB (or LEDS) and the i-th trait on a given chromo-
some.

The chromosome with the largest MeanAbsCorr was
identified, and its value was statistically compared with
the genome-wide mean absolute correlation (ALL_BTA)
using Fisher’s r-to-z transformation and FDR correction
(same as the above).

Estimation of the Independent Contributions of 8
Traits to LPNEB and LEDS. A total of § traits LB BHB,
NEFA, LIGF-1, LM_BHB, CIT, C10:0, PP, and MY were
retained from the original set of 20 studied traits using
the variance inflation factor (VIF) method (Miles, 2005)
applied to the overall genomic correlations across all
chromosomes. Traits with VIF values greater than 10
were iteratively removed to reduce multicollinearity.
This filtering process ensured that the final set of traits
used in the independent contribution analysis of LPNEB
and LEDS had acceptable collinearity interpretability.

To quantify the independent contributions of § traits
to LPNEB and LEDS, we used a selection index-based
approach using SNP-based genomic correlations. This
analysis was performed at both the whole-genome level
(All_BTA) and across each of the 29 autosomes (BTA1—
BTA29). For each analysis, the target trait (LPNEB or
LEDS) was excluded from the correlation matrix, and the
vector of partial regression coefficients was estimated
using

w=r_C [9]

= target
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where ry.,. is the line vector of correlations between
the target trait and other selected traits, and C™" is the
inverse of the submatrix of the correlation matrix among
the other traits.

The total independent contribution of all traits was
then calculated as

total contribution = wCw?, [10]

where w = rmgetC_1 and represents the vector of inde-
pendent standardized contributions of the traits to the
target trait in the presence of all other traits. This mea-
sure reflects the overall genetic signal explained by the
selected traits after accounting for trait intercorrelations.
This procedure was conducted separately for SNP effects
on each chromosome to evaluate the specific contribu-
tions of the § traits at the chromosome level. Finally, to
compare the independent standardized contributions of
each trait within chromosomes, the contributions were
expressed relative to each other by dividing each value
by the sum of the absolute values of all trait contributions
on the same chromosome 1i:

W.
— i [11]

relative contribution, = -
j:1‘WJ‘

This approach allowed for the relative importance of
each trait to be compared on the same scale within each
chromosome. All matrix operations were conducted us-
ing base R software (version 4.4.2).

RESULTS AND DISCUSSION
Genetic Parameters

The h* and r estimates of the 20 traits are presented in
Figure 1. Estimates obtained using the single-trait repeat-
ability model were highly comparable to those derived
from the multitrait repeatability model in our previous
study (Hu et al., 2025). Most traits exhibited moderate
h? (0.12-0.31), except for citrate, which had a higher
estimate of 0.40. This suggests that citrate has a stronger
genetic basis compared with the other analyzed traits.

Previous studies have reported h” estimates for energy
balance ranging from 0.03 to 0.29, which are consis-
tent with the estimates obtained in the present study
(Buttchereit et al., 2011; Spurlock et al., 2012; Becker
et al., 2021). The h® for the 4 predicted blood biomark-
ers (LB_BHB, NEFA, LIGF-1, and GLU) demonstrated
strong concordance with previously reported values in
the literature (Oikonomou et al., 2008; Benedet et al.,
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2020), supporting the reliability of these MIR-derived
predictions. Similarly, the h*> of LM_BHB, LACE, and
CIT were consistent with those reported in previous stud-
ies (Koeck et al., 2014; Mehtio et al., 2020; Chen et al.,
2024). The h? of the 8 milk biomarkers and 3 production
traits in this study are generally consistent with the range
reported previously (Bastin et al., 2011; Benedet et al.,
2020; Paiva et al., 2022). However, Atashi et al. (2023),
using a random regression test-day model and data from
5 to 365 DIM, reported higher h” estimates for FA traits
in first-parity Belgian Blue cows. This difference is
likely due to differences in lactation stage and breed, as
the present study focused on Holstein cows.

The r estimates for the 20 traits in this study ranged
from 0.22 to 0.40, except for MY, which had an r of 0.58.
Most traits exhibited moderate r, indicating that their
variation is largely influenced by permanent environmen-
tal factors or genetic effects. In contrast, the higher r of
MY suggests greater consistency across measurements,
with less influence from environmental fluctuations.

Genomic Correlations Estimated Using SNP Effects
for All Chromosomes

We estimated the genomic correlations among 20 traits
using SNP effects derived from single-trait repeatability
models (Figure 2). The values above the diagonal are
based on the mentioned SNP-based estimates, while
the values below the diagonal are from our previous
20-trait model (Hu et al., 2025). The results demonstrate
a high degree of consistency between the 2 modeling ap-
proaches. The estimates from both models ranged from
—0.8 and —0.79 (GLU and LB_BHB) to 0.97 (C16:0 and
MCFA), with a minimal difference of only 0.01. Under
the conditions of this study, the results of single-trait
model provided reliable and consistent estimates of ge-
netic correlations from multitrait model. Interestingly,
the single-trait model based on SNP effects is computa-
tionally simpler and more suitable for large-scale multi-
trait genomic analyses.

This study found a strong genomic correlation (0.81)
between LPNEB and LEDS, indicating a very similar ge-
netic architecture. Both LPNEB and LEDS demonstrated
strong genomic correlations, with absolute values greater
than 0.5, with multiple biomarkers, including LB_ BHB,
NEFA, LIGF-1, LACE, Cl18:1 cis-9, and LCFA. The
NEFA showed the highest genomic correlation with both
LPNEB (0.80) and LEDS (0.81), confirming that it is a
useful and early indicator of NEB, as it reflects how cows
mobilize body fat and adjust their metabolism (Billa et
al., 2020; Mehtio et al., 2020; Mansour et al., 2022). The
LPNEB and LEDS showed strong genomic correlations
with 2 major ketone bodies, LB_ BHB and LACE, which
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Figure 1. Heritability and repeatability of 20 traits estimated based on 20 univariate repeatability models. LPNEB = logarithm probability nega-
tive energy balance predicted by mid-infrared (MIR) spectra; LEDS = logarithm probability energy deficiency score; LB BHB = log,,-transformed
blood B-hydroxybutyrate predicted by MIR spectra; NEFA = blood nonesterified fatty acids predicted by MIR spectra; LIGF-1 = log;-transformed
blood IGF-1 predicted by MIR spectra; GLU = blood glucose predicted by MIR spectra; LM_BHB = log,-transformed milk B-hydroxybutyrate acid
predicted by MIR spectra; CIT = milk citrate predicted by MIR spectra; LACE = log,(-transformed milk acetone predicted by MIR spectra; C10:0
= milk decanoic acid predicted by MIR spectra; C14:0 = milk myristic acid predicted by MIR spectra; C16:0 = milk palmitic acid predicted by MIR
spectra; C18:0 = milk stearic acid predicted by MIR spectra; C18:1 cis-9 = milk oleic acid predicted by MIR spectra; SCFA = milk short-chain fatty
acids predicted by MIR spectra; MCFA = milk medium-chain fatty acids predicted by MIR spectra; LCFA = milk long-chain fatty acids predicted by

MIR spectra; FP = milk fat percentage predicted by MIR spectra; PP = milk protein percentage predicted by MIR spectra; MY = milk yield.

are synthesized in the liver from NEFA during NEB.
Our findings are in close agreement with the metabolic
pathway, whereby elevated NEFA levels stimulate the
hepatic production of BHB and acetone (Gulinski, 2021;
Lisuzzo et al., 2022; Martens, 2023). The C18:1 cis-9,
a monounsaturated long-chain FA, showed strong posi-
tive correlations with both LPNEB and LEDS. Increased
fat mobilization during NEB results in higher levels of
LCFA, including C18:1 cis-9, due to enhanced hepatic
B-oxidation (Bastin et al., 2012; Churakov et al., 2021),
which supports our findings.

Correlation Between LPNEB and 19 Traits Across
Different Chromosomes

The genomic correlations estimated between LPNEB
and 19 traits across different chromosomal regions are
presented in Figure 3. The significance tests for the
genomic correlations shown in Figure 3 are presented
in Supplemental Table S1, file 2 (see Notes). At the
All_ BTA, LPNEB showed strong positive genetic cor-
relations with LEDS (0.81), LB_BHB (0.55), and NEFA
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(0.80). These observations align well with previous stud-
ies that have reported elevated lipid mobilization during
periods of NEB in early lactation (Ospina et al., 2010;
Andjeli¢ et al., 2022).

Through chromosome-specific analyses, BTA25,
which showed the highest MeanAbsCorr (0.51), was
identified as a key chromosome associated with LPNEB.
The chromosome-specific MeanAbsCorr values for
LPNEB are provided in Supplemental Table S2, file 3
(see Notes). The LPNEB on BTA25 showed the strongest
genetic correlations with LEDS (0.88), LB BHB (0.74),
and NEFA (0.87). Ha et al. (2015) found that genes re-
lated to BHB and NEFA were involved in key energy
metabolism pathways. Some of these genes (e.g., WB-
SCR22) are located on BTA25, supporting the role of this
chromosome in energy balance during early lactation. In
the present study, LPNEB also exhibited strong positive
genetic correlations with C18:1 cis-9 (0.75) and LCFA
(0.62) on BTA25, supported by the known effect of NEB
during lactation on milk FA composition. Previous stud-
ies have reported associations between energy balance
during early lactation in dairy cows and genomic regions
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Figure 2. Genomic correlations among 20 traits. Values in the upper diagonal were calculated based on SNP effects from 20 univariate repeat-
ability models, while values in the lower diagonal were derived from 20-traits repeatability model. The SE for the upper diagonal elements of the
correlation matrix ranged from 0.0001 to 0.0013. The 20 traits include: LPNEB = logarithm probability negative energy balance predicted by mid-
infrared (MIR) spectra; LEDS = logarithm probability energy deficiency score; LB BHB = log,-transformed blood B-hydroxybutyrate predicted by
MIR spectra; NEFA = blood nonesterified fatty acids predicted by MIR spectra; LIGF-1 = log;,-transformed blood IGF-1 predicted by MIR spectra;
GLU = blood glucose predicted by MIR spectra; LM_BHB = log;,-transformed milk B-hydroxybutyrate acid predicted by MIR spectra; CIT = milk
citrate predicted by MIR spectra; LACE = log;(-transformed milk acetone predicted by MIR spectra; C10:0 = milk decanoic acid predicted by MIR
spectra; C14:0 = milk myristic acid predicted by MIR spectra; C16:0 = milk palmitic acid predicted by MIR spectra; C18:0 = milk stearic acid
predicted by MIR spectra; C18:1 cis-9 = milk oleic acid predicted by MIR spectra; SCFA = milk short-chain fatty acids predicted by MIR spectra;
MCFA = milk medium-chain fatty acids predicted by MIR spectra; LCFA = milk long-chain fatty acids predicted by MIR spectra; FP = milk fat
percentage predicted by MIR spectra; PP = milk protein percentage predicted by MIR spectra; MY = milk yield.

located on BTA1, BTA15, and BTA16 (Tetens et al., findings, indicating the possible involvement of previ-
2013; Krattenmacher et al., 2019). The identification of ously unrecognized genetic mechanisms underlying the
BTA25 as potential regulatory regions represents novel regulation of the NEB.
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Figure 3. Genomic correlations between logarithm probability negative energy balance (LPNEB) and 19 other traits based on SNP effects. The
first row represents genomic correlations estimated using SNP effects across all 29 chromosomes. Rows 2 to 30 represent genomic correlations
estimated using SNP effects from each individual chromosome. The SE of the correlation matrix ranged from 0.0003 to 0.0013. The 20 traits include:
LPNEB = logarithm probability negative energy balance predicted by mid-infrared (MIR) spectra; LEDS = logarithm probability energy deficiency
score; LB BHB = log;o-transformed blood B-hydroxybutyrate predicted by MIR spectra; NEFA = blood nonesterified fatty acids predicted by MIR
spectra; LIGF-1 = log,,-transformed blood IGF-1 predicted by MIR spectra; GLU = blood glucose predicted by MIR spectra; LM_BHB = log,-
transformed milk B-hydroxybutyrate acid predicted by MIR spectra; CIT = milk citrate predicted by MIR spectra; LACE = log;,-transformed milk
acetone predicted by MIR spectra; C10:0 = milk decanoic acid predicted by MIR spectra; C14:0 = milk myristic acid predicted by MIR spectra;
C16:0 = milk palmitic acid predicted by MIR spectra; C18:0 = milk stearic acid predicted by MIR spectra; C18:1 cis-9 = milk oleic acid predicted
by MIR spectra; SCFA = milk short-chain fatty acids predicted by MIR spectra; MCFA = milk medium-chain fatty acids predicted by MIR spectra;
LCFA = milk long-chain fatty acids predicted by MIR spectra; FP = milk fat percentage predicted by MIR spectra; PP = milk protein percentage
predicted by MIR spectra; MY = milk yield.

Correlation Between LEDS and 19 Traits Across LEDS and 19 traits across different chromosomal re-
Different Chromosomes gions. All significance tests of the genomic correlations
] ] . presented in Figure 4 are reported in Supplemental Table
Figure 4 presents the genomic correlations between S3, file 4 (see Notes). At the All BTA, LEDS showed
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strong positive genetic correlations with LPNEB (0.81),
NEFA (0.81), and C18:1 cis-9 (0.79).

The BTA19, which exhibited the highest MeanAb-
sCorr (0.58), was identified as the key chromosome
associated with LEDS. The BTA25 showed the second
highest MeanAbsCorr (0.57). The chromosome-specific
MeanAbsCorr values for LEDS are provided in Supple-
mental Table S5, file 5 (see Notes). Some SNPs on BTA19
associated with energy balance during early lactation in
dairy cows were identified by Tetens et al. (2013). The
LEDS on BTA19 showed the strongest genetic correla-
tions with C18:1 cis-9 (0.84), LACE (0.84), and NEFA
(0.82). Knutsen et al. (2022) reported that BTA19 is
significantly associated with C18:1 cis-9. These findings
suggest that BTA19 may play a central role in the regula-
tion of NEB in dairy cows during early lactation.

Independent Contributions of 8 Selected Traits
to LPNEB and LEDS

As shown in Figure 5, the selected 8 traits (NEFA,
IGF-1, LB BHB, LM_BHB, CIT, C10:0, PP, and MY)
showed both similarities and differences in their indepen-
dent contributions to LPNEB and LEDS. Results were
revealed to be different and somewhat complementary to
observed correlations also reported in this study.

The NEFA exhibited strong genomic correlations with
both LPNEB and LEDS and also accounted for a major
proportion in independent contribution analysis. These
results suggest that NEFA is not only highly genomically
correlated with LPNEB and LEDS but may also exert di-
rect genetic effects on both traits. As a key biomarker of
fat mobilization during NEB, the underlying biological
role of NEFA aligns with its strong genomic correlations
and substantial independent contributions observed in
this study, further supporting its central function in the
regulation of LPNEB (Mehti6 et al., 2020; Mansour et
al., 2022).

Although BHB (including LB_BHB and LM_BHB)
showed moderate positive genomic correlations with
both LPNEB and LEDS, its independent contributions
were generally low. This may be due to collinearity with
stronger traits such as NEFA. As a ketone body derived
from FA mobilization, BHB likely reflects metabolic out-
comes rather than acting as a direct genetic driver of NEB.
The IGF-1 showed moderate genomic correlations with
NEB, their low independent contributions indicate that
their influence may be indirect. Results for PP showed
consistent negative genomic correlations and indepen-
dent contributions for both LPNEB and LEDS, implying
a potential opposite genetic relationship with NEB. Other
traits, such as C10:0, CIT, and MY, displayed weak cor-
relations or small independent contributions, suggesting

Journal of Dairy Science Vol. TBC No. TBC, TBC

these traits appear to have limited direct genetic effects
on NEB and may play a secondary or supporting role.

In summary, NEFA showed the strongest genomic cor-
relation and independent contribution with both LPNEB
and LEDS, indicating that LPNEB and LEDS may both
serve as good proxy traits for NEB. However, the current
prediction models for LPNEB and NEFA show limited
accuracy, which restricts their applicability in breeding
programs.

Compared with single biomarkers such as NEFA,
LEDS emerged as a more robust proxy by combining
multiple MIR-predicted traits, achieving higher predic-
tive accuracy (0.99) and sufficient h?. The LEDS can be
accurately predicted from routinely collected MIR spec-
tra in DHI centers, enabling large-scale monthly record-
ing similar to other milk traits such as FP. Therefore, we
recommend its implementation as a proxy trait for NEB
in dairy cattle breeding programs, although further work
is required to evaluate LEDS genetic relationships with
existing selection traits and its effect on overall breeding
objectives.

There are still some aspects of this study that need to
be improved. First, except for MY, all phenotypes were
predicted from MIR spectra rather than directly mea-
sured. Because these predicted traits were derived from
the same spectra, they may share prediction errors, which
could artificially inflate the estimated genomic correla-
tions. This potential bias should be acknowledged when
interpreting the results; however, the overall correlation
patterns were consistent with known genetic relation-
ships, supporting the robustness of the main findings. We
recommend that future studies include external valida-
tion with large datasets of measured phenotypes wher-
ever possible to minimize this bias. Second, the potential
functional relevance of BTA19 and BTA25, which were
identified as key chromosomes associated with NEB
and related traits in this study, has not yet been explored
through functional annotation or experimental analysis.
In addition, it should be noted that this study focused
on identifying key chromosomes with shared effects on
NEB and its 19 related traits. Third, genomic correlations
were estimated using correlations of SNP effects from
single-trait analyses, which do not account for sampling
covariances among traits. Although multitrait models
with individual-level data, such as multitrait ssGREML,
provide more accurate estimates, their application re-
mains computationally challenging for large numbers
of traits. Further methodological advances are needed to
address this limitation.

CONCLUSIONS

This study compared the genetic architecture of LPN-
EB and LEDS and their relationships with 15 biomarkers
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Figure 4. Genomic correlations between logarithm probability energy deficiency score (LEDS) and 19 other traits based on SNP effects. The first
row represents genomic correlations estimated using SNP effects across all 29 chromosomes, Rows 2 to 30 represent genomic correlations estimated
using SNP effects from individual chromosomes. The SE of the correlation matrix ranged from 0.0003 to 0.0013. The 20 traits include: LPNEB
= logarithm probability negative energy balance predicted by mid-infrared (MIR) spectra; LEDS = logarithm probability energy deficiency score;
LB _BHB = log;-transformed blood B-hydroxybutyrate predicted by MIR spectra; NEFA = blood nonesterified fatty acids predicted by MIR spectra;
LIGF-1 = log,o-transformed blood IGF-1 predicted by MIR spectra; GLU = blood glucose predicted by MIR spectra; LM_BHB = log,,-transformed
milk B-hydroxybutyrate acid predicted by MIR spectra; CIT = milk citrate predicted by MIR spectra; LACE = log,,-transformed milk acetone
predicted by MIR spectra; C10:0 = milk decanoic acid predicted by MIR spectra; C14:0 = milk myristic acid predicted by MIR spectra; C16:0 =
milk palmitic acid predicted by MIR spectra; C18:0 = milk stearic acid predicted by MIR spectra; C18:1 cis-9 = milk oleic acid predicted by MIR
spectra; SCFA = milk short-chain fatty acids predicted by MIR spectra; MCFA = milk medium-chain fatty acids predicted by MIR spectra; LCFA =
milk long-chain fatty acids predicted by MIR spectra; FP = milk fat percentage predicted by MIR spectra; PP = milk protein percentage predicted
by MIR spectra; MY = milk yield.

and 3 production traits through genomic correlation and Among all traits, NEFA showed strong genomic corre-
independent contribution analyses. Our results show SNP lations to both LPNEB and LEDS, indicating potential
effects estimated from single-trait models can be used roles as direct genetic drivers of NEB. Chromosome-level
to quickly calculate genomic correlations for 20 traits. analyses identified key chromosomes such as BTA19 and
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Figure 5. Independent contribution of 8 traits to LPNEB (left) and LEDS (right). The first row displays the independent contributions across all
29 chromosomes. Rows 2 to 30 represent independent contributions estimated from each individual chromosome. The 8 traits include: LB BHB =
log;o-transformed blood B-hydroxybutyrate predicted by MIR spectra; NEFA = blood nonesterified fatty acids predicted by MIR spectra; LIGF-1
= log,o-transformed blood IGF-1 predicted by MIR spectra; LM_BHB = log,,-transformed milk B-hydroxybutyrate acid predicted by MIR spectra;
CIT = milk citrate predicted by MIR spectra; C10:0 = milk decanoic acid predicted by MIR spectra; PP = milk protein percentage predicted by MIR

spectra; MY = milk yield.

BTA25. Independent contribution analysis further indi-
cated that NEFA contributed most strongly to LPNEB
and LEDS. Overall, integrating genomic correlation and
contribution analyses provides a clearer understanding of
the genetic basis of NEB and its related traits in dairy
COWS.
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