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ABSTRACT

The negative energy balance (NEB) state in dairy cows
is a critical factor affecting health, reproduction, and
production, particularly during early lactation. Multiple
blood and milk biomarkers change when dairy cows are
in the NEB state. Direct measurement of NEB is im-
practical for large-scale use due to costs, necessitating
reliance on indirect predictors such as milk mid-infrared
(MIR) spectrometry-based predicted biomarkers. How-
ever, the genetic relationships between NEB and its
potential biomarkers remain unclear. This study aimed
to (1) compare measured reference NEB with MIR-pre-
dicted NEB (PNEB), a novel energy deficit score (EDS),
15 biomarkers, and 3 production traits; (2) estimate
genetic parameters among these traits using a 20-trait
repeatability model, quantifying the ability of the 19
other studied traits (logit-transformed EDS (LEDS), 15
biomarkers, and 3 production traits) to genetically pre-
dict logit-transformed PNEB (LPNEB); and (3) evaluate
the causal effects of LPNEB on the 19 traits through a
recursive model. Two datasets were used: dataset I (127
cows, 965 records) provided reference data for objec-
tive (1), and dataset II (25,287 first-parity cows, 30,634
records) enabled genetic analysis used for objectives
(2) and (3). Traits were analyzed using Pearson correla-
tions, multiple-diagonalization expectation maximiza-
tion REML-based genetic parameter estimation, and
recursive modeling. The studied traits had moderate to
moderate-high h” ranging from 0.16 to 0.38. The genetic
correlations between LPNEB and the studied traits ranged
from —0.60 for LIGF-1 to 0.85 for MIR-predicted blood
nonesterified fatty acids (NEFA). Analysis of genetic
predictability of LPNEB traits together explained 89% of
the genetic variance of LPNEB, with all 15 biomarkers
alone contributing the largest fraction with 82%, LEDS
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alone 65%, NEFA alone 62%, and all traits except LEDS
85%, indicating that LEDS contains useful additional in-
formation. Recursive modeling further identified 8 traits,
including NEFA and LEDS, as highly dependent on
LPNEB, highlighting their potential as robust biomark-
ers. This study demonstrates the utility of MIR-predicted
traits for understanding the genetic mechanisms of NEB
and its potential for integration into breeding programs,
while emphasizing cautious interpretation of these results
due to limitations of MIR-predictions of studied traits to
represent directly measured traits.

Key words: milk mid-infrared, genetic correlation,
phenotypic correlation, recursive model

INTRODUCTION

Energy balance (EB) in dairy cows refers to the differ-
ence between the energy intake and the energy expended
for maintenance and production activities, such as milk
production, growth, and reproduction (Baumgard et al.,
2006). In the early lactation stage, when the energy intake
cannot meet the demands of milk production, most dairy
cows are in the state of negative EB (NEB; Churakov et
al., 2021). For example, a recent study considered that
75.2% of cows in the UK were in NEB during the first 20
DIM (Macrae et al., 2019). Other studies have shown that
the extent and duration of the postpartum NEB state is
an important factor affecting the reproduction and health
of dairy cows (Collard et al., 2000). If a dairy cow stays
in the NEB state for a long period, the risk of metabolic
diseases (e.g., ketosis) will increase. In addition, the
NEB state is associated with decreased conception rates,
increased early embryo mortality, and increased estrus
silencing in dairy cows (Zachut et al., 2020).

Monitoring the occurrence of the NEB state in dairy
cows in early lactation is essential for optimizing the
health condition of dairy herds (Churakov et al., 2021)
and generating data for breeding purposes for reduced
NEB risk. Although metabolic chambers are the gold
standard method for detecting energy status, this equip-
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ment is too expensive for large-scale applications
(Churakov et al., 2021). There are a few reports with
a very small number of records on the genetic analysis
of measured EB (e.g., Berry et al., 2007; Liinamo et
al., 2012). Moreover, BCS has traditionally been used
to monitor animals and identify those that are in NEB
(Stadnik et al., 2002). However, human-assessed BCS
scores are subjective, labor-intensive, and not easily
available as repeated records in early lactation. Also,
even if precision livestock farming tools based on com-
puter vision are becoming available, these technologies
remain expensive and are not easy to implement in com-
mercial farms. Therefore, the development of an objec-
tive, accurate, quick, inexpensive, and easy procedure to
detect NEB in dairy farms is still needed.

For dairy cows, being in an NEB state is a complex
physiological metabolic process involving multiple
changes in the metabolic pathways and energy sources,
modifying blood content of nonesterified fatty acid
(NEFA), B-hydroxybutyrate acid (BHBA), or IGF-1
(Xu et al., 2020; Zachut et al., 2020; Pires et al., 2022).
Therefore, when testing NEB on farms, veterinarians
traditionally rely on directly measured levels of these
biomarkers (Macrae et al., 2019). However, direct mea-
suring of these biomarkers is always based on blood
samples that are obtained in an invasive manner, which
is not recommended on a large scale for animal welfare
reasons. Furthermore, for practical reasons, most studies
used only 1 or 2 biomarkers, such as NEFA or BHBA, for
predicting an NEB state. These 2 issues could potentially
be addressed using milk mid-infrared (MIR) spectrom-
etry-based predictions. Indeed, several suitable predic-
tors using milk MIR spectrometry, which is obviously a
noninvasive method, for milk but also blood biomarkers
have been reported (Grelet et al., 2021). However, some
biomarkers remain potentially poorly predicted by MIR
spectrometry. Therefore, recently, Franceschini et al.
(2022) used an unsupervised machine-learning method
to integrate multiple biomarkers (mostly MIR-predicted
biomarkers) into a clustering approach to develop a novel
trait called hereafter the energy deficit score (EDS).

Mid-infrared spectrometric data are used to predict
several biomarkers and can be considered to be an ef-
ficient approach to predict EB in dairy cows as well.
However, as already stated, the coefficients of deter-
mination of the different prediction models vary across
studies (from 0.48 to 0.78; McParland and Berry, 2016;
Smith et al., 2019; Ho et al., 2020), indicating that not all
biomarkers can be predicted in a reliable manner using
MIR spectrometry. McParland et al. (2015) and Smith et
al. (2019) reported genetic parameters of MIR-predicted
EB with larger datasets. However, in all these studies,
the genetic relationships between NEB state and multiple
biomarkers and economically relevant traits, for exam-
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ple, production traits such as fat percentage (FP), protein
percentage (PP), and milk yield (MY) remain unclear.

The objectives of this study were therefore to (1)
compare measured reference NEB (RNEB) to MIR-
predicted NEB (PNEB), EDS, 15 biomarkers, and 3
production traits; (2) estimate the genetic parameters
among the mentioned traits using a 20-trait repeatability
model allowing the quantification of the ability of the
19 other traits (i.e., biomarkers) to genetically predict
the logit-transformed predicted NEB (LPNEB); (3) use
these genetic parameters to estimate the causal effects
of LPNEB on the 19 mentioned traits through a recur-
sive model. Achieving these objectives will allow the
highlighting of the role of other traits (i.e., biomarkers)
in predicting NEB, as well as the causal effects of NEB
on other traits. However, due to the reliance on MIR-
predicted traits in this study, conclusions will be drawn
cautiously to avoid overinterpretation.

MATERIALS AND METHODS
Data Collection and Editing

Because this study used many MIR-predicted bio-
markers in a first step, we used a dataset I, which
included RNEB, PNEB, and 19 other traits. Dataset I
allowed us to compare observed correlations of RNEB
with PNEB and the other 19 traits. It was collected by
the GplusE Project (https://gpluse.ecaap.org/) on 3 ex-
perimental farms located in 3 different countries (Agri-
Food and Biosciences Institute, Belfast, UK; Aarhus
University, Aarhus, Denmark; and University College
Dublin, Dublin, Ireland). This dataset provided access
to 1,033 directly measured reference EB (REB) records
on 129 dairy cows collected from 5 to 50 DIM. The
diet of the animals and the analysis methods have been
previously reported by Grelet et al. (2020). In a second
part of the study, a larger dataset (including 20 traits)
was used to do genetic analysis, hereafter referred to
as dataset II. We used dataset II to calculate the ge-
netic relationships among 20 traits, revealing their
genetic components and interrelationships. Dataset 11
was compiled during the official recording of milk data
in the Walloon Region of Belgium from 2012 to 2019.
Both datasets encompassed the same 20 traits, except
for REB, which was exclusively included in dataset I.
Please note that to distinguish directly measured bio-
markers from those predicted by MIR spectrometry,
abbreviations will be employed solely for the MIR-
predicted biomarkers. The considered traits (n = 20)
in both datasets include predicted EB (PEB), EDS, 15
biomarkers, and 3 production traits (FP, PP, MY). The
choice of the 15 biomarkers was based on their recog-
nized involvement in energy metabolism. The PEB and
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Table 1. Description of the 16 traits' prediction equations used in this study

Trait Unit R%cv? RMSEcy®  Reference

EB Mcal/d 0.43 NA* Grelet et al., 2017

In blood
B BHBA mmol/L 0.70 0.27 Grelet et al., 2019
NEFA pekv/L 0.39 344.20 Grelet et al., 2019
IGF-1 mg/L 0.61 44.40 Grelet et al., 2019
GLU mmol/L 0.44 0.36 Grelet et al., 2019

In milk
M _BHBA mmol/L 0.71 0.11 Grelet et al., 2016
CIT mmol/L 0.90 0.70 Grelet et al., 2016
ACE mmol/L 0.73 0.25 Grelet et al., 2016
C10:0 g/dL of milk 0.91 0.09 Soyeurt et al., 2006
C14:0 g/dL of milk 0.93 0.07 Soyeurt et al., 2006
C16:0 g/dL of milk 0.94 0.08 Soyeurt et al., 2006
C18:0 g/dL of milk 0.84 0.14 Soyeurt et al., 2006
C18:1 cis-9 g/dL of milk 0.95 0.08 Soyeurt et al., 2011
SCFA g/dL of milk 0.93 0.07 Soyeurt et al., 2011
MCFA g/dL of milk 0.97 0.05 Soyeurt et al., 2011
LCFA g/dL of milk 0.95 0.07 Soyeurt et al., 2011
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'EB = energy balance; B_BHBA = blood B-hydroxybutyric acid; NEFA = blood nonesterified fatty acids; GLU =
blood glucose; M_ BHBA = milk B-hydroxybutyric acid; CIT = milk citrate; ACE = milk acetone; C10:0 = milk
decanoic acid; C14:0 = milk myristic acid; C16:0 = milk palmitic acid; C18:0 = milk stearic acid; C18:1 cis-9 =
milk oleic acid; SCFA = milk short-chain fatty acids; MCFA = milk medium-chain fatty acids; LCFA = milk long-

chain fatty acids.

R%cv = coefficient of determination of cross-validation.
*RMSEcv = root mean square error of cross-validation.
“NA = not applicable because data were not available.

the selected biomarkers (n = 15) were predicted by milk
MIR spectrometry or MIR spectra data plus MY and
parity. All the used prediction equations were described
in previous publications as outlined in Table 1. Milk
MIR spectra, FP, and PP were generated by commercial
instruments FT2, FT6000 spectrometers (Foss Analyt-
ics) and on a Standard Lactoscope FT-MIR automatic
(Delta Instruments). Mid-infrared spectral data of the 2
datasets were standardized by the method proposed by
Greletetal. (2015). Milk yield was recorded during milk
sampling. As described by Franceschini et al. (2022),
the EDS trait was defined using the agglomerative hi-
erarchical clustering method based on 27 MIR-based
predictors. However, new observations were predicted
directly using MIR spectral data. More details on the
methodology and the 27 MIR spectra-based predictors
can be found in Franceschini et al. (2022).

Trait Transformations. Because PEB does not re-
flect the relative risk of being in an NEB predicted
from MIR spectral data (PNEB), PEB was converted

into PNEB by the following formula:
PEB - PEB__ . .
PNEB =1- munimn , expressing NEB
PEBma.ximun - minimum

as a relative value in the observed range of PEB values
in a given dataset. The larger the value of PNEB, the
worse the energy status of the cow expressed on this rela-
tive scale. The probabilities of PNEB and EDS were
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subjected to a logit-like transformation due to their non-
normal distribution because they were constrained within
the interval of 0 to 1. The formula employed for calculat-
ing PNEB is expressed as follows: LPNEB =log,,[PNEB/
(1 —PNEB)]. To ensure that the values of PNEB remained
within a specified range, those below 0.001 were adjusted
to 0.001, and those exceeding 0.999 were set to 0.999.
This adjustment effectively confines the range of LPNEB
to between —3 and +3. The same procedure was used for
measured REB generating logit-transformed measured
reference NEB (LRNEB). These transformations notably
enhanced the theoretical properties of LPNEB and LRN-
EB compared with those of PEB and measured REB, by
expressing better relative risk under the specific produc-
tion circumstances of each dataset. However, this im-
provement came at the cost of losing the ability of direct
comparisons of descriptive parameters, particularly the
means of these traits, across variables and datasets. An
equivalent formula was then used to compute and to de-
fine a novel logit-like transformed EDS (LEDS): LEDS
= log([EDS/(1 — EDS)]. These transformations are re-
lated to odds as a way of expressing the likelihood of an
event (here risk of NEB state) occurring compared with it
not occurring. Using base 10 facilitated the treatment of
extreme boundaries, here to be set between —3 and +3,
and does not affect results. Therefore, in further text the
used transformation will be called logit-transformation.
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The visual inspection showed MIR-based predictions
of blood B-hydroxybutyric acid (B_BHBA), IGF-1, milk
B-hydroxybutyric acid (M_BHBA), and acetone (ACE)
to deviate from a normal distribution (Figure 1). There-
fore, log;o transformations were applied (LB_BHBA,
LIGF-1, LM_BHBA, LACE) leading to distributions
that were closer to normal (Figure 1). As a reminder, we
are using abbreviations of biomarker names only for the
MIR-based predictions.

Data Editing. All the following procedures were
applied to both datasets. Milk yield, FP, and PP were
limited from 3 to 99 kg/day, 1% to 9%, and 1% to 7%,
respectively (ICAR, 2022). The filter proposed by Chen
et al. (2021) was used for cleaning the selected milk
MIR-predicted traits (PNEB and 15 biomarkers in blood
and milk). The global H distances (Whitfield et al., 1987)
were computed for each standardized MIR spectrum in
this study in relation to the MIR spectra from the cali-
bration dataset corresponding to the various traits. Only
those MIR records with a global H value of 3 or less
were retained. Furthermore, all predicted traits were
constrained within a DIM range of 5 to 50 because the
predictive models for certain biomarkers are exclusively
applicable within this DIM range (e.g., PEB, B_ BHBA).

Used Datasets and Traits. A total of 965 data records
on 127 Holstein cows (with parity levels varying from 1
to 7, mean: 2.75, SD: 1.54) across 3 herds were retained
for dataset I. Additionally, dataset II consisted of 30,634
records from 25,287 first-parity Holstein cows distrib-
uted in 508 herds. The pedigrees for the animals included
in dataset II were sourced from the Walloon genetic
evaluation system, which incorporated 4 generations
of ancestors, culminating in a total of 74,662 animals,
including 4,700 bulls.

The studied traits were LRNEB (only dataset ), LPN-
EB, LEDS, 15 biomarkers including LB_ BHBA, NEFA,
LIGF-1, glucose (GLU), LM _BHBA, citrate (CIT),
LACE, decanoic acid (C10:0), myristic acid (C14:0),
palmitic acid (C16:0), stearic acid (C18:0), short-chain
fatty acids (SCFA), medium-chain fatty acids (MCFA),
long-chain fatty acids (LCFA), oleic acid (C18:1 cis-9),
and 3 production traits (FP, PP, MY).

Comparison of Measured EB and Predicted EB
with 19 Other Traits

To examine the associations between LPNEB (LR-
NEB for dataset I) and the remaining 19 traits, Pearson
correlations (r) and their corresponding P-values were
computed for both datasets. This approach was consid-
ered essential because dataset | was too limited in size to
support a robust genetic analysis.

To eliminate the influence of parity on traits in dataset
I, we applied a linear model to adjust traits, standardizing
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them to the baseline level of parity 1. The specific ap-
proach is as follows. First inside a given trait a linear
model for each observation 7 inside parity class (y;; = B +
&;j) was constructed based on the parity classification
variable, and the solution corresponding to parity 1, here

B, was extracted. The adjusted trait value for y;; (yf}dj“ted)
was then calculated using the formula:
yf;dJ“St‘*d =y, —B; +B8,, where B; represents the predicted

value from the model and B, represents the effect of par-
ity 1. The adjusted trait values, labeled as “adjusted
traits” are corrected to the level of parity 1, ensuring
theoretical consistency when comparing traits across dif-
ferent parities.

Genetic Parameters Estimation

(Co)variance Component Estimation. The estimation
of (co)variance components for 20 traits within dataset II
was conducted using a 20-trait repeatability model. This
approach was facilitated by the application of canonical
transformation across multiple matrices, employing the
multiple-diagonalization method as described by Misztal
et al. (1995) using the following model:

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

where y is the vector of observations for the studied traits
(n=20: 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 mo, 25, 26, 27, 28, 29, 30, 31-32 mo,
33-34 mo, and 35-37 mo); c¢ is the vector of fixed ef-
fect for calving month (12 class month); d is the fixed
vector of DIM classes (classes: DIM 5-6, 7-8, 9-10,
and 11-50); q is the fixed regression coefficient 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; 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 changes of certain
biomarkers at the beginning of lactation and goodness of
fit obtained by visually comparing mean values of traits
with sums of class and regression effects at each DIM.

The expected values and variances associated with this
model were defined as follows:

E(y) =Hh + Mm + Cc + Dd + Qq, E(p)
= E(a) = E(e) = 0.

The matrices Var(p) and Var(a) contained 20 x 20 basic
(co)variance blocks among the 20 traits. For Var(e), the
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Figure 1. Distribution of the standardized 16 traits in dataset I (A—H) and dataset II (I-P). (A) Blood B-hydroxybutyric acid predicted by

mid-infrared spectra; (B) blood IGF-1 predicted by mid-infrared spectra; (C) milk B-hydroxybutyric acid predicted by mid-infrared spectra; (D)
milk acetone predicted by mid-infrared spectra; (E) log;, blood B-hydroxybutyric acid predicted by mid-infrared spectra; (F) log;, blood IGF-1
predicted by mid-infrared spectra; (G) log;, milk B-hydroxybutyric acid predicted by mid-infrared spectra; (H) log,, milk acetone predicted by
mid-infrared spectra; (I) blood B-hydroxybutyric acid predicted by mid-infrared spectra; (J) blood IGF-1 predicted by mid-infrared spectra; (K)
milk B-hydroxybutyric acid predicted by mid-infrared spectra; (L) milk acetone predicted by mid-infrared spectra; (M) log;, blood B-hydroxybutyric
acid predicted by mid-infrared spectra; (N) log;, blood IGF-1 predicted by mid-infrared spectra; (O) log;, milk B-hydroxybutyric acid predicted by

mid-infrared spectra; (P) log,, milk acetone predicted by mid-infrared spectra.

off-diagonal elements were modeled as nonzero values,
representing residual covariance between correlated
traits. This approach ensures that the environmental co-
variance among traits is not concentrated on the perma-
nent environmental effects.

Due to the informative pedigree, genetic and perma-
nent environmental effects could be separated. Given the
fact that we needed reliable (co)variance components
for 20 traits, a fast and robust expectation maximization
REML (EM-REML) algorithm was used that integrated
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the multiple-diagonalization algorithm as implemented
by Misztal et al. (1995) in the MTC program (http://nce
.ads.uga.edu/~ignacy/numpub/mtc/mtcman). This MTC
program was shown to be adapted for situations where
many (co)variances had to be estimated at the same
time (e.g., Rustin et al., 2009) using deceleration dur-
ing (co)variance components updating as first proposed
by Wiggans et al. (2006). Computing time for a round
of EM-REML estimation was approximately 20 times
faster when using multiple diagonalization. Relative
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Figure 2. Comparison of Pearson correlations observed for LRNEB and LPNEB with the 19 other traits in dataset I (n = 965) and for LPNEB
with the 19 other traits in dataset II (n = 30,634). LRNEB = logarithm measured probability NEB; LPNEB = logarithm probability NEB predicted
by mid-infrared spectra; LEDS = logarithm probability EDS; LB BHBA = log;, blood B-hydroxybutyric acid predicted by mid-infrared spectra;
NEFA = blood nonesterified fatty acids predicted by mid-infrared spectra; LIGF-1 = log,, blood IGF-1 predicted by mid-infrared spectra; GLU =
blood glucose predicted by mid-infrared spectra; LM_BHBA = log;, milk B-hydroxybutyric acid predicted by mid-infrared spectra; CIT = milk
citrate predicted by mid-infrared spectra; LACE = log;, milk acetone predicted by mid-infrared spectra; C10:0 = milk decanoic acid predicted by
mid-infrared spectra; C14:0 = milk myristic acid predicted by mid-infrared spectra; C16:0 = milk palmitic acid predicted by mid-infrared spectra;
C18:0 = milk stearic acid predicted by mid-infrared spectra; C18:1 cis-9 = milk oleic acid predicted by mid-infrared spectra; SCFA = milk short-chain
fatty acids predicted by mid-infrared spectra; MCFA = milk medium-chain fatty acids predicted by mid-infrared spectra; LCFA = milk long-chain
fatty acids predicted by mid-infrared spectra; FP = milk fat percentage predicted by mid-infrared spectra; PP = milk protein percentage predicted by

mid-infrared spectra; MY = milk yield; NA = not applicable because data not available.

off-diagonals at convergence, as presented by Misztal
et al. (1995), were available to check the efficiency of
the multiple-diagonalization algorithm. Perfect multiple-
diagonalization will result in zero off-diagonal elements.
In this study, the values of 0.42 x 107 for the permanent
environment and 0.11 x 107 for genetic (co)variances
indicate excellent diagonalization. This low relative
off-diagonal elements demonstrate that the optimization
process had effectively converged leading to correct
estimations of variances and covariances partitioning
variance components.

Heritability, Genetic, and Phenotypic Correlations.
For each trait (including LPNEB, LEDS, 15 biomarkers,
and 3 production traits), the h* was calculated using the
following equation:

0_2

h2 — a ;
03 + O'i + 02
2 2 2 o .
where 0, 0 It and 0, represent the additive genetic, per-
manent environmental, and residual variance, respectively.
Genetic and phenotypic correlations were computed
based on the estimated (co)variance components with
genetic correlations being defined as the ratio of genetic
covariances to the square root of the product of the corre-
sponding variances and, similarly, phenotypic correlations
being defined as the ratio of phenotypic covariances to the
square root of the product of the corresponding variances.
The required phenotypic covariance and variance are ob-
tained by summing the relevant covariance components.
Because the MTC program used EM-REML, no SE
were directly available. At convergence, the approxi-
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mate SE of all estimated parameters were determined
using the algorithm by Meyer and Houle (2013), as
implemented in the BLUPF90+ software (version
2.48; https://nce.ads.uga.edu/html/projects/programs/),
through the computation of the average information
matrix.

Quantifying the Ability of the 19 Other Traits
to Genetically Predict LPNEB

The abilities of the other traits to predict genetically
LPNEB were investigated using selection index theory
(Van Vleck, 1993), by partitioning the genetic variance for
LPNEB into contributions from the other 19 traits. This
was done using the estimated genetic correlation matrix
for dataset II representing standardized covariances. The
partitioning process was conducted as follows for each
trait or set of traits (i.e., LEDS and the other 18 traits):

1. Standardized geneticcovariances(i.e.,correlations)
between LPNEB and the identified trait(s) were
extracted and organized into a vector c;

2. Standardized genetic covariances among the iden-
tified traits were extracted and compiled into a
matrix G;

3. A vector of regression coefficients b was obtained
as (¢'G™"Y;

4. Explained variance was computed as b'Gb =
¢'G'GG 'e=¢'G 'c;

5. Finally, the genetic variance was partitioned into
explained and unexplained components by com-
paring the explained variance to the total variance
(assumed here to be equal to 1).
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Figure 3. Absolute differences between Pearson correlations comparing LRNEB (dataset I) with LPNEB from datasets I and II for the other
19 traits. LEDS = logarithm probability EDS; LB BHBA = log;, blood B-hydroxybutyric acid predicted by mid-infrared spectra; NEFA = blood
nonesterified fatty acids predicted by mid-infrared spectra; LIGF-1 = log;, blood IGF-1 predicted by mid-infrared spectra; GLU = blood glucose
predicted by mid-infrared spectra; LM_BHBA = log;, milk beta-hydroxybutyric acid predicted by mid-infrared spectra; CIT = milk citrate predicted
by mid-infrared spectra; LACE = log,, milk acetone predicted by mid-infrared spectra; C10:0 = milk decanoic acid predicted by mid-infrared spectra;
C14:0 = milk myristic acid predicted by mid-infrared spectra; C16:0 = milk palmitic acid predicted by mid-infrared spectra; C18:0 = milk stearic acid
predicted by mid-infrared spectra; C18:1 cis-9 = milk oleic acid predicted by mid-infrared spectra; SCFA = milk short-chain fatty acids predicted by
mid-infrared spectra; MCFA = milk medium-chain fatty acids predicted by mid-infrared spectra; LCFA = milk long-chain fatty acids predicted by
mid-infrared spectra; FP = milk fat percentage predicted by mid-infrared spectra; PP = milk protein percentage predicted by mid-infrared spectra;

MY = milk yield.

Causal Effects of Predicted EB
on the Other 19 Traits

The (co)variance components estimated from the
multitrait model can be transformed posteriorly into
the (co)variance decomposition of a recursive model
(Varona and Gonzalez-Recio, 2023) to detect the causal
effects. During this transformation process, the structural
coefficients of LPNEB for the remaining 19 traits were
computed. Furthermore, we assessed the causal effect of
LPNEB on these 19 traits by analyzing the percentage
change in genetic (or phenotypic) variance between the
multitrait model and the recursive model. Additional data
preparation and processing were done using R (version
4.2.1, https://www.r-project.org/).

RESULTS AND DISCUSSION

Descriptive Statistics

The descriptive statistics of LRNEB, LPNEB, LEDS,
15 biomarkers, and 3 production traits for the 2 datasets
from first-parity cows are presented in Table 2. The pre-
dicted values for all traits used in this study were within
the range of the measured data used previously for the
initial calibration (i.e., model developments) of the
MIR prediction models for traits. In dataset I, it needs
to be noted that mean raw data for EB showed values of
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—3.11 Mcal/d for measured EB and —3.05 for predicted
EB with SD of 6.26 and 4.35, respectively. In dataset 11
the mean was 0.01 for predicted EB with an SD of 3.70,
highlighting the differences between the 2 datasets. As
explained earlier, comparison of descriptive parameters
of LRNEB, LPNEB, LEDS across traits and datasets
should be considered with great caution. The averages
of 4 predicted blood traits LB BHBA, NEFA, LIGF-1,
and GLU in dataset II were similar to those found in
dataset I. The average predicted B_. BHBA, NEFA, and
GLU in dataset Il were consistent with the measured
data of these traits from other studies (Kostensalo et al.,
2023; Mota et al., 2023).

The mean values of predicted 11 milk biomarkers and
PP in both datasets were similar, and these values were
in line with previous studies (Soyeurt et al., 2006, 2011;
Grelet et al., 2016, 2024). The datasets used in the cur-
rent study are completely independent from those cited
in the referenced studies. The mean MY, after correction
for parity, were similar between the 2 datasets in this
study, which is also consistent with the findings in the
larger dataset that Atashi et al. (2024) used representing
the Walloon dairy cattle population. The value for FP in
dataset I was higher (4.00%) compared with dataset II
(3.79%). This fact and the differences in EB described
previously could indicate differences between datasets in
energy intake and fiber in the diet.


https://www.r-project.org/
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Figure 4. The h* (diagonal) of 20 traits and their genetic (above diagonal), and phenotypic (below diagonal) correlations. The ranges of SE for
h?, genetic correlation, and phenotypic correlation are from 0.01 to 0.02, 0.01 to 0.07, and below 0.01 to 0.06, respectively. LPNEB = logarithm
probablllty NEB predicted by mid-infrared spectra; LEDS = logarithm probability EDS; LB BHBA = log;, blood B-hydroxybutyric acid predicted
by mid-infrared spectra; NEFA = blood nonesterified fatty acids predicted by mid-infrared spectra; LIGF-1 = log,, blood IGF-1 predicted by mid-
infrared spectra; GLU = blood glucose predicted by mid-infrared spectra; LM_BHBA = log;, milk B-hydroxybutyric acid predicted by mid-infrared
spectra; CIT = milk citrate predicted by mid-infrared spectra; LACE = log,, milk acetone predicted by mid-infrared spectra; C10:0 = milk decanoic
acid predicted by mid-infrared spectra; C14:0 = milk myristic acid predicted by mid-infrared spectra; C16:0 = milk palmitic acid predicted by
mid-infrared spectra; C18:0 = milk stearic acid predicted by mid-infrared spectra; C18:1 cis-9 = milk oleic acid predicted by mid-infrared spectra;
SCFA = milk short-chain fatty acids predicted by mid-infrared spectra; MCFA = milk medium-chain fatty acids predicted by mid-infrared spectra;
LCFA = milk long-chain fatty acids predicted by mid-infrared spectra; FP = milk fat percentage predicted by mid-infrared spectra; PP = milk protein

percentage predicted by mid-infrared spectra; MY = milk yield.

Pearson Correlation of Measured EB,
Predicted EB with Other 19 Traits

The r between LRNEB (only present in dataset I)
and LPNEB with the other 19 traits in datasets I and II
are shown in Figure 2 and Supplemental Table S1 (see
Notes). Relevant P-values can be found in Supplemental
Table S2 (see Notes).

The r coefficient computed between LRNEB and
LPNEB in dataset I was 0.60, reflecting the coefficient
of determination of cross-validation (R%cv) known from
the calibration process (Table 1). This indicates a mod-
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erate but significant relationship between LRNEB and
LPNEB. In the same dataset I, the r calculated between
LRNEB and LEDS was 0.52, suggesting a comparatively
slightly weaker association between LRNEB and LEDS.
This finding aligns with expectations, because the pre-
dictive equation for EDS was not directly derived from
EB, in contrast to prediction of EB. The absolute dif-
ferences in r between LRNEB and the other traits with
the corresponding values between LPNEB and the other
traits are given in Figure 3. This low value of 0.13 sug-
gests that despite moderate correlations between LRNEB
and LPNEB these 2 traits showed a similar relationship
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Table 3. Structural coefficients and causal effects (phenotypic and genetic variances changed percentage) of log

predicted NEB (LPNEB) on the 19 traits’

Trait Structural coefficients Phenotypic variance change (%)  Genetic variance change (%)
LEDS —0.44 73.66 71.51
In blood
LB BHBA —0.36 38.89 30.88
NEFA —6.86 81.06 75.43
LIGF-1 0.37 46.25 33.22
GLU 0.60 35.32 17.29
In milk
LM_BHBA —0.23 25.51 18.30
CIT -1.57 7.75 4.18
LACE —0.50 47.19 39.79
C10:0 0.05 19.82 12.55
C14:0 0.15 15.58 5.32
C16:0 0.17 —-0.20 —5.98
C18:0 —0.07 14.98 18.97
C18:1 cis-9 —0.42 62.37 54.83
SCFA 0.07 3.54 -3.85
MCFA 0.41 4.45 -3.94
LCFA —0.53 42.26 40.14
FP —-0.03 0.41 0.73
PP 0.70 36.90 22.88
MY -2.38 40.59 -31.53

'LEDS = logarithm probability EDS; LB_BHBA = log;, blood p-hydroxybutyric acid predicted by mid-infrared
spectra; NEFA = blood nonesterified fatty acids predicted by mid-infrared spectra; LIGF-1 = log,, blood IGF-1
predicted by mid-infrared spectra; GLU = blood glucose predicted by mid-infrared spectra; LM _BHBA = log,
milk B-hydroxybutyric acid predicted by mid-infrared spectra; CIT = milk citrate predicted by mid-infrared spectra;
LACE = log;, milk acetone predicted by mid-infrared spectra; C10:0 = milk decanoic acid predicted by mid-in-
frared spectra; C14:0 = milk myristic acid predicted by mid-infrared spectra; C16:0 = milk palmitic acid predicted
by mid-infrared spectra; C18:0 = milk stearic acid predicted by mid-infrared spectra; C18:1 cis-9 = milk oleic acid
predicted by mid-infrared spectra; SCFA = milk short-chain fatty acids predicted by mid-infrared spectra; MCFA

= milk medium-chain fatty acids predicted by mid-infrared spectra; LCFA = milk long-chain fatty acids predicted
by mid-infrared spectra; FP = milk fat percentage predicted by mid-infrared spectra; PP = milk protein percentage

predicted by mid-infrared spectra; MY = milk yield.

with the other studied traits, indicating that despite work-
ing with MIR-predicted traits some conclusions that are
also valid for LRNEB can be drawn. This preliminary
hypothesis was confirmed by comparing r for LRNEB
(dataset 1) and LPNEB (dataset II), which were similar
to the values reported previously and showed a mean
absolute difference of 0.21.

When compared to the literature, our results in data-
set I for LRNEB with blood NEFA (0.42) were in line
with, but slightly lower than, those reported by Pires
et al. (2022) for directly measured NEFA and EB. Our
results indicated that fatty acids C18:1 cis-9 (0.48) and
C18:0 (0.41) showed a strong r with LRNEB compared
with the other milk biomarkers examined. These findings
align with the results reported by Churakov et al. (2021),
which also indicated that C18:1 cis-9 and C18:0 were
correlated with NEB. The r calculated between LCFA
and LRNEB was 0.49, which is in line with literature
(e.g., Guinguina et al., 2021).

Genetic Parameters

At convergence, relative off-diagonals were 0.42 X
107 for permanent environment and 0.11 x 10~ for ge-
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netic (co)variances, showing an excellent level of diago-
nalization. Figure 4 shows the h’ (diagonal), genetic cor-
relations (above diagonal), and phenotypic correlations
(below diagonal) of the 20 traits examined (LPNEB,
LEDS, 15 biomarkers, and 3 production traits) estimated
by a 20-trait repeatability model. All the studied traits
(n = 20) had a moderate h* (range: 0.16-0.29) and an
SE ranging from 0.01 to 0.02, except for CIT which had
a higher h? (0.38) with an SE of 0.02 (Supplemental
Table S3, see Notes). All h* were significantly different
from zero (Supplemental Table S4, see Notes) The h* of
LPNEB was similar to those reported in previous stud-
ies with directly measured EB (McParland et al., 2015;
Becker et al., 2021). Becker et al. (2021) showed that
the h” of measured EB was not stable during lactation,
ranging from 0.15 to 0.31. The h? of 4 examined pre-
dicted blood biomarkers (LB_ BHBA, NEFA, LIGF-1,
and GLU) agreed with those reported by van der Drift
et al. (2012), Benedet et al. (2020), and Hayhurst et al.
(2009). However, Hayhurst et al. (2009) showed that the
h? of IGF-1 varied in different populations, ranging from
0.21 to 0.66. The h? of LM_BHBA, CIT, and LACE were
similar to those reported with a larger dataset (Ranaraja
et al., 2018; Chen et al., 2024). The h? of the other 8
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Figure 5. Reaction of 7 important biomarkers as reported in this study when cows had NEB in early lactation (LIGF-1 = log;, blood IGF-1
predicted by mid-infrared spectra; NEFA = blood nonesterified fatty acids predicted by mid-infrared spectra; LCFA = milk long-chain fatty acids
predicted by mid-infrared spectra; LACE = log;, milk acetone predicted by mid-infrared spectra; C18:1 cis-9 = milk oleic acid predicted by mid-
infrared spectra; CIT = milk citrate predicted by mid-infrared spectra; LB BHBA = log;, blood B-hydroxybutyric acid predicted by mid-infrared
spectra; LEDS = logarithm probability EDS). The arrows represent the direction of change in trait values when dairy cows are in NEB. The upward
arrow indicates an increase in the trait value, and the downward arrow indicates a decrease in the trait value.

milk biomarkers and 3 production traits were within the
range estimated by random regression models (Bastin et
al., 2011; Paiva et al., 2022).

The absolute genetic correlation between LPNEB and 9
out of the remaining 19 traits (LEDS, LB_ BHBA, NEFA,
LIGF-1, GLU, LACE, C18:0, C18:1 cis-9, and LCFA)
were higher than 0.50, and LPNEB has the highest ge-
netic correlation with NEFA (0.87). In early lactation,
blood NEFA has been considered by previous studies to
be the best single biomarker of NEB (Oikonomou et al.,
2008; Andjeli¢ et al., 2022).

As was mentioned previously (Franceschini et al.,
2022), EDS included EB, which explains the high cor-
relation of 0.85 with LPNEB. Moreover, EDS included
also C18:1 cis-9, so it showed the second-highest genetic
correlation (0.81). The third-highest genetic correlation
was found between LPNEB and C18:1 cis-9 (0.76).
Recently, Churakov et al. (2021) and Guinguina et al.
(2021) reported that the oleic acid is a good biomarker
for identifying the NEB state in dairy cows. We also
found that the genetic correlation values between LPNEB
and PP and MY were —0.47 and 0.45, respectively. The
range of genetic correlation between the direct EB and
energy-corrected MY and PP in early lactation (15-45
DIM) reported in the literature were —0.57 to —0.39 and
0.30 to 0.53, respectively (Buttchereit et al., 2011).

The genetic correlation values among the other 18
traits were also within a reasonable ranges. For example,
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the genetic correlation estimated among NEFA and
LM _BHBA, LACE, and C18:1 cis-9 were similar to that
reported by Mehtio et al. (2020). The 8 examined fatty
acids (FA) had high genetic correlation with FP (>0.50),
which was similar to results reported by Bastin et al.
(2011).

The phenotypic correlations estimated between each
pair of the 20 traits were generally similar to the cor-
responding genetic correlations, with the phenotypic
correlations being slightly lower than the genetic cor-
relations. The average absolute difference of genetic
correlations and phenotypic correlations for LPNEB
with the other 19 traits was 0.06, with a minimum of
0.00 for C14:0, LCFA and a maximum of 0.17 for MY.
The average absolute difference of genetic correlations
and phenotypic correlations for LEDS with the other 19
traits was 0.06, with a minimum of 0.00 for LACE, C18:
lcis-9 and a maximum of 0.21 for MY.

The absolute phenotypic correlations between LPNEB
and 8 traits (LEDS, LB BHBA, NEFA, LIGF-1, LACE,
C18:0, C18:1 cis-9, and LCFA) were higher than 0.50,
and the phenotypic correlation of LEDS was the high-
est (0.81). The phenotypic correlations between LPNEB
and NEFA, C18:1 cis-9 were 0.78 and 0.70, respectively.
The high phenotypic correlations of these 3 traits were
consistent with the genetic correlations mentioned previ-
ously. A severe NEB state in cattle expressed by high
LPNEB will increase 7 of the 8 traits (LEDS, LB BHBA,
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NEFA, LACE, C18:0, C18:1 cis-9, LCFA) and decrease
1 biomarker (LIGF-1).

Quantifying the Ability of the 19 Other Traits
to Genetically Predict LPNEB

The quantification of the ability of the other 19 traits
to predict genetically LPNEB, expressed as the fraction
of the genetic variance of LPNEB that could be predicted
by other traits, was computed to be 65% for LEDS alone,
62% for NEFA alone, 82% for all 15 biomarkers alone,
85% for all other 18 traits, excluding LEDS, and 89%
combining LEDS and the other traits. These results seem
to indicate that LEDS contains additional information
useful for predicting LPNEB and not contained in the
other 18 traits. This result could be due to the specific
approach (i.e., cluster analysis) used by Franceschini et
al. (2022), leading to the definition of a specific NEB-
related cluster (i.e., his cluster 4), which is the basis of
EDS, and respectively LEDS, as used in this study.

Causal Effects of Predicted EB on the Other 19 Traits

The structural coefficients and causal effects (pheno-
typic and genetic variances changed percentage) of the
LPNEB on the other 19 traits are shown in Table 3. Struc-
tural coefficients represent the amount of change in trait
i with one unit change of LPNEB expressed as decrease
in trait 7 (i.e., which is equivalent to expressing trait i but
keeping LPNEB constant). Positive values for structural
coefficients for NEFA, CIT, and MY mean that higher
values of LPNEB lead to higher values for these traits.
However, it is well known that the NEB state of cattle is
caused by insufficient energy intake to produce MY, and
therefore the causality of MY and the NEB state might be
reversed (i.e., changes in MY lead to higher NEB) even
if the fact that animals are in a state of NEB leads to less
MY. The NEFA can measure fat mobilization in cattle,
which is an important indicator of the NEB state in cattle
(Zachut et al., 2020). Citrate is implicated in this process
and is an inhibitor of de novo FA synthesis in dairy cows
(Garnsworthy et al., 2006). Citrate is also considered a
potential early biomarker for assessing the NEB state in
dairy cows (Bjerre-Harpoth et al., 2012; Xu et al., 2020).

Table 3 also shows phenotypic and genetic variance
changes due to fitting the recursiveness to LPNEB, with
positive values indicating a decrease and negative values
an increase. In total 8 traits (LEDS, LB_ BHBA, NEFA,
LIGF-1, LACE, C18:1 cis-9, LCFA and MY) were select-
ed based on the results of phenotypic and genetic variance
change (both absolute values higher than 30%). The top
3 of the 8 traits were NEFA, LEDS, C18:1 cis-9, which
are the same as the genetic correlations. The phenotypic
(positive) and genetic (negative) variance change of MY
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were in different directions, which again supports the idea
that MY and LPNEB had an inversed causality.

Based on our results (1, genetic and phenotypic corre-
lations, explained variances, structural coefficients, and
caused effects) we can suggest 8 out of the 19 examined
traits (LEDS, LB BHBA, NEFA, LIGF-1, CIT, LACE,
C18:1 cis-9, LCFA) as being highly related to LPNEB.
Our results indicated that the most relevant biomarker
was NEFA, which is already well-recognized in literature
(e.g., Macrae et al., 2019). However, NEFA is also one of
MIR-based biomarkers based on the poorest calibrations
(Table 1), therefore we want to express here some caution.
The observed recursive relationships between 8 traits
with LPNEB are summarized in Figure 5, indicating that
high LPNEB will affect the other 7 individual biomark-
ers in the direction indicated by the arrows. Moreover,
based on its definition, LEDS represents 4 (LB_ BHBA,
CIT, LACE, C18:1 cis-9) of the major single biomarkers
considered affected by the NEB state.

CONCLUSIONS

This study explored the relationships among LRNEB,
LPNEB, LEDS, 15 biomarkers, and 3 production traits.
The LPNEB showed a strong genetic correlation with
NEFA, confirming its relevance as a biomarker, despite
its lower prediction accuracy. The genetic correlation
patterns between LRNEB and LPNEB with other traits
were similar, suggesting LPNEB can be cautiously used
in place of LRNEB. The novel trait LEDS exhibited
the strongest causal association with NEB and demon-
strated a high genetic ability to predict LPNEB (65%),
surpassing NEFA (62%). A recursive model identified
strong causal links between predicted NEB and 8 traits,
also strengthening the case for using LEDS as an indica-
tor of NEB. These findings enhance our understanding
of the genetic, phenotypic, and causal relationships of
NEB with the other 19 studied traits. Further research is
needed to explore the genetic architecture of these traits
and of their relationships

NOTES

The China Scholarship Council (Beijing, China) is
acknowledged for funding the PhD project of Hongqing
Hu. The provision of a dataset collected by the GplusE
Project (https://gpluse.eaap.org/) on experimental farms
is acknowledged. The computation resources of the
University of Liege—Gembloux Agro-Bio Tech (ULiege-
GxABT, Gembloux, Belgium) were partly supported by
the Fonds de la Recherche Scientifique (FRS-FNRS,
Brussels, Belgium), which also provided support through
the PDR projects “HTwoTHI” (grant number T.W005.23)
and “DEEPSELECT” (grant number T.0095.19). Supple-


https://gpluse.eaap.org/

Hu et al.: PREDICTED NEGATIVE ENERGY BALANCE AND ITS BIOMARKERS

mental materials for this article are available at https:/
/data.mendeley.com/datasets/gh9pw{8fph/2. Author
contributions are as follows: Hongqing Hu, funding ac-
quisition, formal analysis, and writing (original draft);
Sébastien Franceschini, data curation and writing (re-
view and editing); Pauline Lemal, validation and writing
(review and editing); Clément Grelet, data curation and
writing (review and editing); Yansen Chen, data curation
and writing (review and editing); Hadi Atashi, validation
and writing (review and editing); Katrien Wijnrocx, vali-
dation and writing (review and editing); Héléne Soyeurt,
validation and writing (review and editing); Nicolas
Gengler, conceptualization, funding acquisition, meth-
odology, project administration, software, supervision,
validation, and writing (review and editing). No human
or animal subjects were used, so this analysis did not
require approval by an Institutional Animal Care and Use
Committee or Institutional Review Board. The authors
have not stated any conflicts of interest.

Nonstandard abbreviations used: ACE = milk ac-
etone predicted by mid-infrared spectra; B BHBA =
blood B-hydroxybutyric acid predicted by mid-infrared
spectra; BHBA = B-hydroxybutyrate acid; C10:0 = milk
decanoic fatty acid predicted by mid-infrared spectra;
C14:0 = milk myristic fatty acid predicted by mid-infra-
red spectra; C16:0 = milk palmitic fatty acid predicted
by mid-infrared spectra; C18:0 = milk stearic fatty acid
predicted by mid-infrared spectra; C18:1 cis-9 = milk
oleic fatty acid predicted by mid-infrared spectra; CIT
= milk citrate predicted by mid-infrared spectra; EB =
energy balance; EDS = energy deficit score; EM-REML
= expectation maximization REML; FA = fatty acid; FP
= milk fat percentage predicted by mid-infrared spectra;
GLU = blood glucose predicted by mid-infrared spectra;
LACE = log;, milk acetone predicted by mid-infrared
spectra; LB BHBA = log;, blood B-hydroxybutyric
acid predicted by mid-infrared spectra; LCFA = milk
long-chain fatty acids predicted by mid-infrared spec-
tra; LEDS = logarithm probability energy deficit score;
LIGF-1 = log, blood insulin-like growth factor 1 pre-
dicted by mid-infrared spectra; LM_BHBA = log;, milk
B-hydroxybutyric acid predicted by mid-infrared spectra;
LPNEB = logarithm probability negative energy balance
predicted by mid-infrared spectra; LRNEB = logarithm
measured probability negative energy balance; M_ BHBA
= milk B-hydroxybutyric acid predicted by mid-infrared
spectra; MCFA = milk medium-chain fatty acids pre-
dicted by mid-infrared spectra; MIR = mid-infrared; MY
= milk yield; NA = not applicable because data were not
available; na = not applicable because trait has no units;
NEB = negative energy balance; NEFA = blood non-
esterified fatty acids predicted by mid-infrared spectra;
PEB = energy balance predicted by mid-infrared spectra;
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PNEB = negative energy balance predicted by mid-infra-
red spectra; PP = milk protein percentage predicted by
mid-infrared spectra; R’cv = coefficient of determination
of cross-validation; REB = measured energy balance;
RNEB = measured negative energy balance; RMSEcv =
root mean square error of cross-validation; SCFA = milk
short-chain fatty acids predicted by mid-infrared spectra.
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