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Abstract 
During lactation, high-yielding cows experience metabolic disturbances due to milk production. Metabolic monitoring offers valuable insights into 
how cows manage these challenges throughout the lactation period, making it a topic of considerable interest to breeders. In this study, we used 
Bayesian networks to uncover potential dependencies among various energy-related blood metabolites, i.e., glucose, urea, beta-hydroxybutyrate 
(BHB), non-esterified fatty acids (NEFA), cholesterol (CHOL), and daily milk energy output (dMEO) in 1,254 Holstein cows. The inferred causal 
structure was then incorporated into structural equation models (SEM) to estimate heritabilities and additive genetic correlations among these 
phenotypes using both pedigree and genotypes from a 100k chip. Dependencies among traits were determined using the Hill-Climbing algorithm, 
implemented with the posterior distribution of the residuals obtained from the standard multiple-trait model. These identified relationships were 
then used to construct the SEM, considering both direct and indirect relationships. The relevant dependencies and path coefficients obtained, 
expressed in units of measurement variation of 1σ, were as follows: dMEO → CHOL (0.181), dMEO → BHB (−0.149), dMEO → urea (0.038), glu-
cose → BHB (−0.55), glucose → urea (−0.194), CHOL → urea (0.175), BHB → urea (−0.049), and NEFA → urea (−0.097). Heritabilities for traits of 
concern obtained with SEM ranged from 0.09 to 0.2. Genetic correlations with a minimum 95% probability (P) of the posterior mean being >0 for 
positive means or <0 for negative means include those between dMEO and glucose (−0.583, P = 100), dMEO and BHB (0.349, P = 99), glucose 
and CHOL (0.325, P = 100), glucose and NEFA (−0.388, P = 100), and NEFA and BHB (0.759, P = 100). The results of this analysis revealed the 
existence of recursive relationships among the energy-related blood metabolites and dMEO. Understanding these connections is paramount for 
establishing effective genetic selection strategies, enhancing production and animal welfare.

Lay Summary 
Dairy cows face significant metabolic challenges during the different phases of the production cycle. One of their primary issues revolves around 
meeting the elevated energy demands, encompassing essential maintenance requirements and the energy required for milk production. In this 
context, monitoring of energy-related blood metabolites along lactation may be useful to detect metabolic disturbances. To date, no study is 
available on the investigation of putative recursive relationships among energy-related blood metabolites and milk daily energy output. The use 
of structural equation models presents an innovative approach to enhance our understanding of these complex relationships. This approach 
allows us to gain a better insight into the metabolic pathways and processes involved in energy metabolism. The findings of this study uncov-
ered recursive relationships between energy-related blood metabolites and daily milk energy output. Grasping these interactions is crucial for 
developing effective breeding strategies focused on selecting more resistant and resilient cows, which have the capacity to better cope with 
metabolic distress along lactation.
Key words: Bayesian network, blood traits, energetic metabolism, dairy cows, genetic parameters, structural equation model
Abbreviations: BHB, beta-hydroxybutyrate; BIC, Bayesian Information Criterion; BN, Bayesian network; CHOL, cholesterol; dMEO, daily milk energy output; DIM, 
days in milk; HC, Hill-Climbing; HPD95%, highest 95% posterior density intervals; MAF, minor allele frequency; MY, milk yield; MTM, multiple-trait models; NEL, 
net energy content; NEB, negative energy balance; NEFA, non-esterified fatty acids; SEM, structural equation models; SNP, single-nucleotide polymorphisms; 
TCA, tricarboxylic acid cycle; TGA, triglycerides; TMR, total mixed ration; VLDL, very low-density lipoproteins

Introduction
Production diseases related to poor nutrition or management 
conditions commonly affect high-yielding dairy cows (Over-
ton and Waldron, 2004). During the transition from gestation 
to lactation, the dairy cow undergoes tremendous metabolic 
changes (Mezzetti et al., 2021). Conditions of negative energy 

balance (NEB) (fasting, parturition, and lactation) can be 
associated with excessive fat mobilization and accumulation 
in liver cells, with a consequent increase in ketogenesis and 
alterations in liver physiology and morphology (Andjelić et 
al., 2022). In due course, cows show a low level of milk yield, 
an increase in concurrent diseases (e.g., mastitis, metritis, and 
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displaced abomasum), and poor reproductive performance 
(Overton et al., 2017). Even during ongoing lactation, the 
regulation of metabolic homeostasis varies markedly depend-
ing on the stage of lactation (Drackley, 1999). Several studies 
have highlighted that immune-metabolic shifts may initiate 
in late lactation and the dry-off period, leading to enduring 
effects post-calving and at the early stages of the subsequent 
lactation (Mezzetti et al., 2019; Premi et al., 2021; Giannuzzi 
et al., 2023a). In this context, metabolic monitoring provides 
an in-depth insight into how the cows cope with these chal-
lenges along the entire lactation period and can be of great 
interest to breeders.

Some blood biochemical parameters, such as those related 
to energy metabolism, can reflect the energy status of the cow 
and can be useful for early detection and prevention of met-
abolic and nutritional dysfunctions in dairy herds (Ospina et 
al., 2010; Giannuzzi et al., 2023a, b). Lipid metabolites can 
be indicators of metabolic distress and adaptation in cows. 
Non-esterified fatty acids (NEFA) are accumulated as tri-
glycerides (TGA) in the liver, primarily due to the decreased 
hepatic synthesis of very low-density lipoproteins (VLDL) 
(Drackley, 1999). However, in liver lipidosis, endogenous 
synthesis decreases, leading to a reduction in blood glucose, 
albumin, globulin, total cholesterol (CHOL), TGA, and urea 
concentrations (Giannuzzi et al., 2021). Changes in blood 
metabolites [e.g., increase in beta-hydroxybutyrate (BHB) 
and decrease in glucose] during an NEB in later stages of 
lactation were reported even if they differed in their extent 
compared to the NEB at the onset of lactation (Gross et al., 
2011; Bjerre-Harpøth et al., 2012). However, it has never 
been investigated in previous studies whether this metabolic 
discomfort is a consequence of animals being overly produc-
tive or, conversely, if animals capable of actively managing 
their metabolic state are the most productive.

Traditional approaches to studying the associations among 
multiple related phenotypes have typically involved the use of 
standard multiple-trait models (MTM, Henderson, 1984) or 
their genomic equivalents (e.g., Calus and Veerkamp 2011; Jia 
and Jannink 2012). Multiple-trait models have been proven 
valuable in estimating genetic correlations and improving the 
prediction accuracy of breeding values for traits with low her-
itability or limited data via joint modeling with one or more 
genetically correlated, highly heritable traits (Mrode 2014).

However, the covariances in a MTM represent indirect 
effects or relationships, potentially causing these models to 
overlook any underlying casual relationships among pheno-
types (Varona and González-Recio, 2023). Structural equa-
tion models (SEM) are multivariate models, which instead 
capture direct causal effects or relationships. SEM can pos-
tulate unidirectional causality (recursive models) from y

1 
into y2 (or vice versa), or mutual causality between y1 and 
y2 (simultaneous models). They expand upon the concept of 
path analysis (Wright, 1921) by allowing the simultaneous 
estimation of multiple relationships and interactions among 
variables within a single model. In dairy cows, they have been 
applied to investigate the genetic architecture of both produc-
tion (de los Campos et al., 2006; Inoue et al., 2016; Pegolo 
et al., 2021) and functional traits (Heringstad et al., 2009; 
Pegolo et al., 2020; Martinez-Castillero et al., 2021).

As far as we are aware, there has not been any previous 
research exploring the potential presence of causal relation-
ships between energy-related blood metabolites and the daily 
milk energy output (dMEO, MJ/d) in dairy cows. In addition, 

investigating the genetic correlations between energy-related 
blood metabolites and nutrient-based energy secreted into 
milk in dairy cattle is paramount for gaining valuable insights 
into the genetic factors underlying metabolic processes and 
milk yield (MY). The acquired knowledge serves as a com-
pass for selective breeding programs, contributing not only to 
the overall productivity of dairy herds but also to the dairy 
cattle’s well-being.

We hypothesized putative dependencies might exist between 
dMEO, which is an indicator of the cow’s metabolic load during 
lactation, and energy-related blood metabolites (i.e., glucose, 
urea, BHB, NEFA) and total CHOL. Therefore, the aims of 
this study were 1) to estimate genetic parameters for a set of 
energy-related blood metabolites and dMEO throughout lacta-
tion in dairy cows using MTM; 2) to use Bayesian network (BN) 
for inferring putative dependencies among these phenotypes; 3) 
to leverage the identified structure in SEM for inferring direct 
recursive relationships among these phenotypes.

Materials and Methods
The present study was conducted within the LATSAN and 
BENELAT projects, aimed at developing short- and long-term 
interventions for improving animal welfare and efficiency, 
and the quality of dairy cattle production. The research was 
approved by the Ethical Animal Care and Use Committee 
(OPBA, Organismo Preposto al Benessere degli Animali) of the 
Università Cattolica del Sacro Cuore and by the Italian Minis-
try of Health (protocol number 510/2019-PR of July 19, 2019).

Field Data and Sample Collection
Individual milk and blood samples were collected from 1,359 
Holstein–Friesian lactating cows belonging to 5 different 
herds located in northern Italy. All animals were housed in 
free-stall and fed total mixed ration (TMR) based on corn 
silage, sorghum silage, and concentrates. Drinking water was 
available through automatic water bowls. Cows with clinical 
signs of disease or under medical treatment were excluded 
from the trial. More details about animals, feeding, and 
herds management conditions are reported in Giannuzzi et 
al. (2022) and Pegolo et al. (2023). The cows included in this 
study were in parity order ranging from 1 to 4 and in days in 
milk (DIM) ranging from 5 to 598.

Milk samples were collected once during the evening 
milking from March 2019 to February 2020 (one or more 
sampling dates per herd depending on its size, 20 herd-date 
combinations in total). Within 2 h from collection, a 50 mL 
aliquot added with bronopol was refrigerated at 4 °C and 
transported to the laboratory of the Veneto Breeders Associ-
ation (located in Padua, Italy). The analyses of milk composi-
tion were conducted within 48 h of collection. Blood samples 
(9 mL) were collected once from the jugular vein in the morn-
ing before TMR distribution and put in vacuum tubes with 
150-lithium heparin USP units (Vacumed; FL Medical, Tor-
reglia, Padua, Italy). Blood and milk sampling were carried 
out on the same day for each cow.

Phenotypes
Milk composition
Analyses of milk quality and composition, including protein, 
casein, fat, and lactose percentages, and urea (mg/100 g) were 
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carried out with an FT6000 Milkoscan infrared analyzer 
(Foss A/S, Hillerød, Denmark). As an indication of the cow’s 
metabolic load for lactation, we calculated the dMEO (MJ/d) 
from the net energy content (NEL, MJ/kg) of the milk. The 
NEL was estimated according to NASEM (2021):

NEL (Mcal/kg) = 0.3887× fat %+ 0.2301× protein %

+ 0.1653× lactose %

where 0.3887, 0.2301, and 0.1653 are the individual heat of 
combustion coefficients for fat, protein, and lactose, respec-
tively. The NEL measures were converted to megajoules per 
kilogram and then multiplied by the daily MY (kg/d) of each 
cow to obtain dMEO values expressed in MJ/d.

Energy-related blood metabolites
Energy-related blood metabolites were determined as 
detailed in Mezzetti et al. (2019). In short, blood samples 
were chilled until centrifugation at 3,500 × g for 16 min at 
6 °C (Hettich Universal 16R Centrifuge), carried out within 
2 h of collection. The resulting plasma was then stored at −20 
°C for later analysis. Concentrations of glucose (mmol/L), 
NEFA (mmol/L), BHB (mmol/L), CHOL (mmol/L), and 
urea (mmol/L) were determined using the ILAB-650 clinical 
auto-analyzer (Instrumentation Laboratory-Werfen, Bed-
ford, MA).

Pedigree and genomic data
After data editing, phenotypes from 1,254 cows registered in 
the pedigree were retained for subsequent analysis. In total, 
105 animals sampled for blood and milk were excluded 
because they have no pedigree information. The pedigree 
data was provided by the Italian National Association of Hol-
stein, Brown, and Jersey Breeders (ANAFIBJ) and included a 
total of 12,545 individual-sire-dam entries. The phenotyped 
cows were genotyped using the Geneseek Genomic Profiler 
(GGP) Bovine 100k single-nucleotide polymorphisms (SNP) 
Chip assay (NEOGEN, Lincoln, USA). After filtering out 
non-autosomal regions, a series of genotype quality control 
measures were applied. These included the removal of auto-
somal SNP markers with a minor allele frequency of less than 
0.05 and those exhibiting significant deviations from Hardy–
Weinberg equilibrium (P ≤ 10−5). Markers and samples with 
call rates lower than 0.95 were also excluded from the anal-
ysis. After quality controls, genotypes from 1,241 cows and 
60,582 SNP were used in subsequent analysis.

MTM analysis
A Bayesian MTM was fitted to infer heritability, genetic and 
residual (co)variances of the phenotypes (i.e., dMEO, glucose, 
CHOL, NEFA, BHB, and urea), with the following model:

y = Xb+Wg+ Zh+ e

Where y is the vector of scaled t phenotypes (t = 6, all phe-
notypes were scaled with mean 0 and SD 1, to simplify com-
putations due to the different trait unit of measurement); b 
is the vector of the fixed effects, including 1) the cow’s DIM 
categorized into 30-d classes (classes: 1 to 11 and ≥12) and 2) 
parity (classes: 1, 2, 3, ≥4), g represents the vector of additive 

genetic effect, h is the random herd-date effect (20 levels); e 
is the vector of the residuals; X, W, and Z are the incidence 
matrices for fixed effects, additive genetic effect, and the ran-
dom herd-date effect, respectively.

The g, h, and e vectors are assumed to have independent 
Gaussian distributions g ~ N (0, H ⊗ Σg), h ~ N (0, I ⊗ Σp), 
and e ~ N (0, I ⊗ Σe), respectively. Where the term ⊗ is the 
Kronecker product and Σg, Σh, and Σe were “unstructured” 
6 × 6 variance–covariance matrices of genetic, herd-date, 
and residuals effects, respectively. In addition, I is an identity 
matrix and H is a genetic relationship matrix, which com-
bines pedigree and genomic information. The inverse of H is 
given by (Aguilar et al., 2010):

H−1 = A−1 +

ï
0 0
0 G−1 − A−1

22

ò

where A−1 and A−1
22  are the inverse of the pedigree kinship 

matrix, respectively, for all animals and for only genotyped 
animals. The pedigree kinship matrix A is computed tracing 
back the pedigree up to 3 generations (i.e., 4,749 animals in 
total).

Heritability is defined as h2 = σ2
g/(σ

2
g + σ2

h + σ2
e ), where  

σ2
g, σ

2
h, and σ2

e  are the additive genetic, herd-date, and residual 
variances, respectively. The genetic correlations (rg) between 
trait pairs are calculated as rg = σgigj/

»
(σ2

gi × σ2
gj), where 

rg is genetic correlations, σgigj is additive genetic covariance 
between traits i and j, σ2

gi is additive genetic variance for trait 
i, and σ2

gj is additive genetic variance for trait j. The resid-
ual correlations (re) are calculated as re = σeiej/

»
(σ2

ei × σ2
ej), 

where, re is the residual correlations, σeiej was residual covari-
ance between trait i and j, σ2

ei was residual variance for trait i, 
and σ2

gj was residual variance for trait j.
The marginal posterior distributions were derived using a 

Markov chain Monte Carlo methodology with Gibbs sam-
pling, using GIBBSF90 + program (Misztal et al., 2018). A 
total of 500,000 chains were generated, with the initial 50,000 
chains discarded as burn-in, and subsampling was performed 
every 100 samples for subsequent analysis, based on visually 
inspecting convergence from the posterior distributions. Pos-
terior means and the lower and upper bounds of the highest 
95% posterior density intervals (HPD95%) were calculated 
for all model parameters using the POSTGIBBSF90 program 
(Misztal et al., 2018).

For the correlations, in addition to the means of each mar-
ginal posterior distribution, we also estimated the probabil-
ity of each mean being greater than 0 when the mean was 
positive or lower than 0 when the mean was negative (P). 
All estimates with P greater than 95% (P) were considered 
“relevant” correlations.

Bayesian network algorithm
Bayesian network structure learning algorithms were 
applied to the vector of residuals from MTM for inferring 
putative dependencies among traits using the BN, which 
is a graphical model where the nodes are the phenotypes 
and the edges are conditional dependencies among them. 
For this analysis, we selected the Hill-Climbing (HC) algo-
rithm, implemented through the R package bnlearn (Scutari, 
2010). The HC algorithm employs a score-based approach, 
evaluating candidates in the Bayesian network to maximize 
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the Bayesian Information Criterion (BIC) scoring function 
using heuristic search algorithms (Adhitama and Saputro, 
2022). To estimate the edge strength and uncertainty of 
direction, we applied a bootstrap procedure with 50,000 
samples. Since the edge strength refers to the degree of asso-
ciation or dependency between 2 variables represented by 
an edge in the network, we applied a strength threshold of 
95% to keep only high-confidence relationships (Scutari and 
Nagarajan, 2013).

Structural equation model
Structural equation models were employed to estimate the 
causal coefficients based on the network structure obtained 
from the Bayesian network algorithm. This approach, inte-
grating a SEM framework with a causal structure and ran-
dom additive genetic effects, was proposed by Gianola and 
Sorensen (2004), and adapted according to Mora et al. (2022) 
as follows:

y = (λ⊗ In) y+Xb+Wa+ Zh+ e

In the SEM, we included the same effects as in the MTM, 
with the addition of the covariate effects of each phenotype 
on the others based on the Bayesian network structure. The 
matrix Λ contained all the coefficients for these covariate 
effects; when no effect was assumed, a zero was assigned. 
Thus, Λ serves as a sort of “incidence matrix” that describes 
the recursive relationships among traits. In essence, these 
terms encapsulated the potential effect of the ith trait on the 
jth trait at the phenotypic level. Specifically, in our case, Λ 
was a 6 × 6 matrix of structural coefficients inferred using a 
Bayesian algorithm. The matrix Λ was defined as follows:

λ =




0 0 0 0 0 0
0 0 0 0 0 0

λdMEO→CHOL 0 0 0 0 0
0 0 0 0 0 0

λdMEO→BHB λglucose→BHB 0 0 0 0
λdMEO→urea λglucose→urea λCHOL→urea λNEFA→urea λBHB→urea 0




where each λi→j is a structural coefficient describing the magni-
tude of the causal effect of the i phenotype on the j phenotype.

The paths obtained from the algorithm are λdMEO → CHOL:  
dMEO affecting CHOL; λdMEO → BHB: dMEO affecting 
BHB, λdMEO → urea: dMEO affecting urea, λglucose → BHB:  
glucose affecting BHB, λglucose → urea: glucose affecting urea, 
λCHOL → urea: CHOL affecting urea, λNEFA → urea: NEFA 
affecting urea and λBHB → urea: BHB affecting urea, follow-
ing the nomenclature suggested by López de Maturana et al. 
(2007).

In SEM, it is noteworthy that the “unstructured” residual 
covariance matrix found in MTM was substituted with the 
identity matrix to ensure identifiability, according to Varona 
et al. (2007) and Valente et al. (2013). This alteration implies 
that the phenotypes possess independent residuals. A Bayesian 
approach was applied to fit SEM using GIBBSF90 + (Misztal 
et al., 2018). The posterior means and HPD95 were calculated 
for the structural coefficients using the POSTGIBBSF90 pro-
gram (Misztal et al., 2018) as detailed for the MTM analysis. 
In SEM, heritability and genetic correlation were calculated 
using the same equation as in the MTM. Residual correlation 
was not calculated in SEM, as residuals were independent 
among traits.

Results and Discussion
Multi-trait genetic correlations
Descriptive statistics of milk production traits and 
energy-related blood metabolites are reported in Table 1. 
Cows enrolled in this study had an average milk production 
of 33.39 ± 9.26 kg/d with an average milk composition of 
3.43 ± 0.34 protein percentage, 3.70 ± 0.89 fat percentage, 
and 4.86 ± 0.25 lactose percentage. Average milk energy 
production levels were 99.81 ± 26.23 MJ/d. With respects to 
energy-related blood metabolites, glucose was 4.21 ± 0.45 
mmol/L, CHOL was 5.27 ± 1.26 mmol/L, NEFA 0.13 ± 0.16 
mmol/L, BHB 0.55 ± 0.21 mmol/L, urea 6.12 ± 1.21 mmol/L. 
Among energy-related metabolites, NEFA displayed the 
largest variation. Animals were in the range of physiological 
values for all metabolites except in the case of blood urea, 
which for 219 animals had values > 7.17 mmol/L exceed-
ing the physiological threshold of 6.78 mmol/L (Premi et 
al., 2021). This can be explained by the fact that animals 
enrolled in this study were high-producing cows with a 

Table 1. Descriptive statistics for test-day milk production, composition and blood traits related to energy metabolism in Holstein cows

Traits1 N Mean SD P1 P99

Milk traits

 � Milk yield, kg/d 1,254 33.39 9.26 12.07 56.39

 � Protein, % 1,254 3.43 0.34 2.69 4.37

 � Fat, % 1,254 3.7 0.89 1.56 6.12

 � Lactose, % 1,254 4.86 0.25 4 5.29

 � dMEO, MJ/d 1,252 99.81 26.23 38.56 160.24

Energy-related blood metabolites

 � BHB, mmol/L 1,254 0.55 0.21 0.27 1.28

 � CHOL, mmol/L 1,253 5.27 1.26 2.23 8.32

 � Glucose, mmol/L 1,254 4.21 0.45 2.95 5.08

 � NEFA, mmol/L 1,253 0.13 0.16 0.03 0.69

 � Urea, mmol/L 1,254 6.12 1.21 3.23 8.91

1BHB, beta-hydroxybutyrate; CHOL, cholesterol; dMEO, daily milk energy output; MY, milk yield; NEFA, non-esterified fatty acids; P1, 1st percentile; 
P99, 99th percentile.
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high level of protein content in their diet (16% on average; 
Giannuzzi et al., 2022) and likely a very high feed intake.

Posterior estimates of the genetic and residual correla-
tions together with heritability estimates obtained for the 
investigated traits with the MTM are reported in Figure 1. 
Heritability estimates were low (<0.10) for glucose, NEFA 
and BHB, low-moderate (<0.20) for urea and dMEO, and 
moderate for CHOL (0.23; HPD95% = 0.14, 0.32). Heri-
tability values for blood BHB and NEFA were in line with 
previous results obtained in early lactation (Belay et al., 
2017; Benedet et al., 2020; Mehtiö et al., 2020) as well 
as across the whole lactation (Lou et al., 2022). The liter-
ature reveals slightly greater heritability values for blood 
glucose compared to our findings, as indicated by studies 
such as Ahn et al. (2006) in cattle (0.21 ± 0.15) and Hay-
hurst et al. (2009) in calves (heritability range in 3 datasets: 
0.23 ± 0.11; 0.13 ± 0.06; 0.20 ± 0.10). The low heritability 
values obtained for glucose, NEFA and BHB highlight that 
these traits are influenced more by management practices 
and/or environmental factors than by the genetic factors of 
the animals. The literature, especially studies such as those 
conducted by Kato et al. (2011) for blood CHOL and by 

Van Den Berg et al. (2021) for blood urea, reveals herita-
bility values comparable to our findings. This supports the 
concept that these traits have a more pronounced genetic 
basis. Heritability values for dMEO are in line with previ-
ous evidence on a larger database (Martinez-Castillero et 
al., 2020), and they appear to mirror the genetic inheritance 
patterns observed for MY, as evidenced by studies such as in 
Mota et al. (2020).

Relevant low-moderate positive genetic correlations were 
found between dMEO and CHOL (0.212; P = 97), between 
dMEO and NEFA (0.304; P = 96), and moderate positive 
between dMEO and BHB (0.509, P = 100) and between NEFA 
and BHB (0.432, P = 100). The positive genetic relationship 
between dMEO and CHOL suggests that there may be a 
shared genetic influence or common genetic factors under-
lying both traits. Despite the extensive knowledge of other 
species, CHOL metabolism in ruminants is still not clear. 
Huge differences in milk CHOL concentration are observed 
between breeds, managing strategies, subclinical disease con-
ditions, individuals, and lactating period, but the genetic fac-
tors working in the control of CHOL homeostasis have not 
been fully understood. The mammary gland has demonstrated 

Figure 1. Genetic (upper triangular) and residual (lower triangular) correlations, and heritabilities (diagonal) estimates for the investigated traits obtained 
with the multiple-trait model (MTM). The probability of being above 0 for positive estimates, and below 0 for negative estimates for the genetic 
correlations, and the highest 95% posterior density intervals (HPD95%) from the estimated marginal densities for the heritabilities are given in 
parentheses. Boldface indicates equal or greater 95% of posterior probability accumulated above 0 (positive estimates) or below 0 (negative estimates) 
for the correlations. BHB, beta-hydroxybutyrate; CHOL, cholesterol; dMEO, daily milk energy output; NEFA, non-esterified fatty acids.
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a capacity for CHOL production, yet the CHOL synthesized 
in the mammary gland may constitute only around 20% of 
the total (Viturro et al., 2009). Most of the milk CHOL con-
tent is produced in the liver and then transported through the 
bloodstream to reach its destination. Because energy require-
ments vary during different lactation stages, fluctuations in 
blood and milk CHOL may be a result of metabolic adap-
tations in response to the energy demands specific to each 
lactation stage (Gross et al., 2015). Moreover, some research 
indicates that changes in the expression of certain genes may 
contribute to this variability. These include genes that regu-
late CHOL synthesis (HMGCS1, HMGCR, and FDFT) and 
genes involved in lipid metabolism (SREBP1 and 2) (Viturro 
et al., 2009; Kessler et al., 2014). In addition, previous stud-
ies observed that subclinical disease conditions are associated 
with a reduction in the circulating lipoproteins and that low 
levels of CHOL are maintained in animals which experienced 
inflammatory conditions after the acute phase (Bertoni et al., 
2008; Trevisi et al., 2012).

The positive genetic correlations between dMEO and BHB 
and between dMEO and NEFA were in line with previous 
results (Belay et al., 2017; Cecchinato et al., 2018; Benedet 
et al., 2020), indicating that the best individuals for milk 
energy output were those with offspring exhibiting on aver-
age greater blood BHB and NEFA. These results might be 
explained by the fact that we excluded animals with clini-
cal conditions, and therefore, in strong NEB. Nutritional and 
metabolic status are strictly related to blood levels of NEFA 
and BHB. The main blood indicators of lipomobilization in 
ruminants are BHB, the most important and abundant ketone 
body, and NEFA (Djoković et al., 2017). Preferably, NEFA 
are accumulated as TGA in the liver, primarily because of a 
decrease in the VLDL synthesis by hepatocytes (Andjelić et 
al., 2022). The bovine liver has indeed a limited capacity to 
metabolize NEFA into TAG: they can be oxidized or exported 
as VLDL. When the limit is reached, TAG accumulates in 
the liver. Acetyl CoA, a byproduct of fatty acid oxidation, 
not utilized in the tricarboxylic acid cycle, is converted into 
ketone bodies such as acetone, acetoacetate, and BHB. These 
may appear in the blood, milk, and urine. High-producing 
cows undergo homeorhesis, directing all metabolic pathways 
toward milk synthesis in the mammary gland (Costa et al., 
2019). Consequently, as the energy requirements for milk 
synthesis increase, circulating blood NEFA and ketone bod-
ies also increase due to fat reserve mobilization (Carvalho et 
al., 2019). In line with these physiological mechanisms, we 
found a low-moderate negative genetic correlation between 
dMEO and glucose (−0.341; P = 100). Due to insufficient feed 
intake, a shift occurs in substrate availability for hepatic glu-
coneogenesis (i.e., fractional lactate, amino acids [especially 
alanine]), and glycerol utilization increases, but fractional 
propionate utilization for gluconeogenesis decreases (Reyn-
olds et al., 2003; Aschenbach et al., 2010). These changes in 
substrate availability might favor gene expression of some 
hepatic enzymes involved in gluconeogenesis with different 
time patterns as lactation proceeds (Weber et al., 2013). Inter-
estingly, pyruvate carboxylase mRNA abundance increased 
during feed restriction in dairy cows (Velez and Donkin, 
2005), indicating comparable mRNA expression patterns of 
pyruvate carboxylase during the early transition period and 
feed restriction. Our results might suggest that cows with 
greater genetic merit for milk energy output might have a 
reduced plasticity in energy partitioning with respect to glu-

cose metabolism with consequent lower adaptability to feed 
restriction.

Network structure and structural equation 
modeling
Bayesian networks serve as models that depict how random 
variables, such as traits, are interrelated through conditional 
dependencies. Bayesian networks have been applied in the con-
text of animal breeding to investigate several traits simultane-
ously, with respect to their genetic and residual relationships, 
for generating hypotheses regarding the causal nature of the 
identified connections among phenotypes (de los Campos et al., 
2006; Bouwman et al., 2014; Pegolo et al., 2020). Two primary 
types of algorithms are used for learning BN: constraint-based 
and score-based algorithms. The former method employs a 
series of tests for conditional independence to understand the 
network among variables, while the latter assesses the fit of 
numerous (preferably all) potential networks to empirical data, 
utilizing a scoring system. Herein, the score-based BN algorithm 
HC was applied to the vector of residuals from the MTM anal-
ysis to identify putative dependencies among phenotypes free 
of “genetic confounders”. The results obtained are displayed 
in Fig. 2. All the relationships among the investigated traits 
were identified with high confidence (>95% edge strength). In 
this network, we found direct dependences between dMEO 
and CHOL (78% of bootstrap samples), between dMEO and 
BHB (87% of bootstrap samples), between glucose and BHB 
(87% of bootstrap samples), between glucose and urea (94% 
of bootstrap samples), and between NEFA and urea (58% of 
bootstrap samples). The paths between dMEO and urea are 
mediated by CHOL and by BHB. Besides the direct depen-
dency between glucose and urea, an indirect path mediated 
by BHB also occurred. Direct connections were also found 

Figure 2. Bayesian network (BN) structure inferred from the vector of the 
residuals using the HC algorithm. Structure learning test was performed 
with 50,000 bootstrap samples. The percentages reported beside edges 
indicate the proportion of bootstrap samples supporting the edge and 
(in parentheses) the proportion having the direction shown. BHB, beta-
hydroxybutyrate; CHOL, cholesterol; dMEO, daily milk energy output; 
NEFA, non-esterified fatty acids.
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between CHOL and urea (80% of bootstrap samples) and 
between BHB and urea (66% of bootstrap samples). Then, 
we modeled the derived BN structure for the examined traits 
using a set of SEM equations. This allowed us to infer struc-
tural coefficients and genetic correlations for the traits under 
investigation. The inferred path coefficients (λ) are reported in 
Table 2. All the coefficients were relevant except for the path 
BHB → urea. The paths dMEO → CHOL, CHOL → urea had 
positive coefficients, while dMEO → BHB, glucose → BHB, 
glucose → urea and NEFA → urea had negative coefficients. 
The largest structural coefficients were found for the path 
glucose → BHB (−0.550; HPD95% = −0.68, −0.44) and the 
path glucose → urea (−0.194; HPD95% = −0.31, −0.07) while 
NEFA → urea had the lowest one (−0.097; HPD95% = −0.16, 
−0.04). Translating the paths glucose → BHB and glucose → 
urea into units of measurement for the traits, the lambda values 
signify that a variation of 1σ in glucose (0.45 mmol/L) leads to 
a corresponding variation of −0.12 mmol/l in BHB and −0.23 
mmol/L in urea. These relationships should be interpreted as 
phenotypic dependencies, as they arise from residuals devoid of 

Table 2. Posterior means and 95 % highest posterior density intervals of 
structural coefficients (λ)1

Path2 Structural coefficient (λ)3 HPD95%4

dMEO → BHB −0.149 −0.24 −0.06

dMEO → CHOL 0.181 0.1 0.26

dMEO → urea 0.038 −0.05 0.13

Glucose → BHB −0.55 −0.68 −0.44

Glucose → urea −0.194 −0.31 −0.07

CHOL → urea 0.175 0.06 0.29

NEFA → urea −0.097 −0.16 −0.04

BHB → urea −0.049 −0.13 0.03

1Obtained with structural equation modeling based on the network 
structure inferred with the Hill-Climbing algorithm.
2BHB, beta-hydroxybutyrate; CHOL, cholesterol; dMEO, daily milk 
energy output; NEFA, non-esterified fatty acids.
31-unit (SD) of increase in the upstream trait is associated with a λ unit 
(SD) change in the affected trait.
4HPD95%, highest 95% potserior density intervals.

Figure 3. Genetic correlations and heritabilities (diagonal) estimates for the investigated traits using the structure equation model (SEM). The 
probability of being above 0 for positive estimates, and below 0 for negative estimates for the correlations, and the highest 95% posterior density 
intervals (HPD95%) from the estimated marginal densities for the heritabilities are given in parenthesis. Boldface indicates equal or greater 
95% posterior probability accumulated above 0 (positive estimates) or below 0 (negative estimates) for the genetic correlations. BHB, beta-
hydroxybutyrate; CHOL, cholesterol; dMEO, daily milk energy output; NEFA, non-esterified fatty acids.
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genetic effects. Glucose blood concentration is a direct indica-
tor of energy balance in the organism. Elevated blood glucose 
levels, stemming from an appropriate energy level in the diet, 
indicate a reduced need for the animal to derive energy from 
other sources, such as ketone bodies (Guliński, 2021). Instead, 
it is expected an adequate energy supply for rumen microbial 
protein synthesis and animals’ metabolic synthesis (Wang et 
al., 2021). Specifically, it has been proved that the increase in 
dietary energy levels promotes rumen energy productivity and 
rumen microbial protein yield by improving levels of electron 
transport phosphorylation and substrate-level phosphoryla-
tion coupled to glucose fermentation in the ruminal microbi-
ome. This, in turn, leads to a decreased amount of ammonia to 
be excreted through urea (Lu et al., 2019). It is, however, cru-
cial to consider that all the animals in the study fell within the 
range of physiological values, except for blood urea, influenced 
by the high-protein content of their diet and/or the feed intake. 
Consequently, the magnitude of the coefficients may vary when 
pathological animals are included.

The results of heritabilities and genetic correlations 
obtained including the causal structures identified using BN 
are displayed in Figure 3. Heritability was low for blood 
urea (≤0.10), glucose and NEFA, and low-moderate (≤0.20) 
for dMEO, BHB, and CHOL. Moderate to strong negative 
genetic correlations were found between dMEO and glucose 
(−0.583), between glucose and NEFA (−0.388) and strong 
positive between NEFA and BHB (0.759).

The metabolite concentrations in high- and low-genetic 
merit cows often align with expectations for animals with 
poorer estimated breeding values for milk yield, featuring 
greater NEFA, elevated β-hydroxybutyrate, and lower glu-
cose levels (Veerkamp et al., 2003). However, the differences 
in metabolites are not consistently evident. One contributing 
factor could be the absence of discernible variations in energy 
balance among genetic groups, particularly noted in smaller 
studies such as those by Lucy and Crooker (2001). Addi-
tionally, the interplay between genetic merit and diet could 
influence metabolite concentrations, as demonstrated in the 
case of glucose by Davey et al. (1983) and Flux et al. (1984). 
It is worth mentioning, however, that in these evaluations, 
information about the animals’ feed intake is often miss-
ing. In healthy animals, indeed, no metabolic differences are 
expected in the case of nutrient balance. For a better assess-
ment, it would be crucial to acquire information on individ-
ual animals’ feed intake and/or energy and protein balance.

Valente et al. (2013) reported that no information is lost 
in standard settings by using MTM-based predictions, even 
if traits are causally associated. In SEM, genetic effects are 
depicted as directly influencing each trait, independently of 
any mediation by other traits within the model. Conversely, in 
MTM, genetic effects are portrayed as encompassing overall 
influences on each trait, mediating direct and indirect genetic 
effects that are differentiated in SEM. In breeding programs, 
however, the focus typically revolves around overall genetic 
effects. On the other hand, by explicitly modeling the inter-
connections among phenotypes, SEM can provide insights 
into the underlying biological processes driving trait variation 
and a more accurate prediction of intervention outcomes.

Within the complex landscape of dairy cattle breeding, 
determining the optimal selection direction for metabolic 
traits in dairy cattle poses a significant challenge. Specifically, 
a pivotal decision revolves around determining the merit of 
either increasing or decreasing blood levels of these indica-

tors. Veerkamp et al. (2003) suggested that the selection for 
yield has altered energy partitioning rules, influencing the 
growth hormone/insulin-like growth factor 1 axis. This is 
supported by the observation that NEFA and BHB concen-
trations, as well as growth hormone secretion, are generally 
elevated in high genetic merit cows. In contrast, glucose levels 
in these cows tend to be lower. The challenge arises from the 
delicate balance required for maintaining both metabolic effi-
ciency and milk production. Elevated blood levels of energy 
metabolites may signify a high metabolic load, ensuring a 
healthy and productive state, but an excess might lead to met-
abolic disorders. On the other hand, lowering these indicators 
and silencing their signals could be pursued to reduce health 
impairment but may inadvertently compromise the overall 
physiology of the animals. Hence, striking the right balance 
necessitates a better understanding of the genetic interplay 
and its implications for both metabolic processes and MY. 
When considering genetic selection for blood metabolic traits 
in dairy cattle, it might be hypothesized that targeting an 
intermediate-optimal range of animals, rather than those at 
the extreme ends, could be the most effective strategy.

Conclusion
In conclusion, the HC algorithm suggested the existence of causal 
relationships between the studied traits. Therefore, understand-
ing the causal links between energy-related blood metabolites 
and milk dMEO could prove strategic when designing breed-
ing programs because the effect of external interventions can be 
better predicted. The causal structure can give more insight into 
underlying energy metabolism mechanisms and SEM can pre-
dict conditional changes due to such interventions.
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