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Abstract
Genomic selection (GS) reports on milk fatty acid (FA) profiles have been published 
quite recently and are still few despite this trait represents the most important aspect 
of milk nutritional and sensory quality. Reasons for this can be found in the high 
costs of phenotype recording but also in issues related to its nature of complex trait 
constituted by multiple genetically correlated variables with low heritabilities. One 
possible strategy to deal with such constraint is represented by the use of dimen-
sion reduction methods. We analysed 40 individual FAs from Italian Brown Swiss, 
Holstein and Simmental milk through multivariate factor analysis (MFA) to study 
the genetics of milk FA-related latent variables (factors) and assess their potential 
use in breeding. A total of nine factors were obtained, and their genetic parameters 
were inferred under a Bayesian framework using two statistical approaches: the clas-
sical pedigree best linear unbiased prediction (ABLUP) and the single-step genomic 
BLUP (ssGBLUP). The resulting factorial solutions were able to represent groups of 
FAs with common origin and function and can be considered concise pathway-level 
phenotypes. The heritability (h2) values showed relevant variations across different 
factors in each breed (0.03 ≤ h2 ≤ 0.38). The accuracies of breeding values predicted 
were low to high, ranging from 0.13 to 0.72 and from 0.18 to 0.74 considering the 
pedigree and the genomic model, respectively. The gain in accuracy in genetic pre-
diction due to the addition of genomic information was ~30% and ~5% in validation 
and training groups respectively, confirming the contribution of genomic informa-
tion in yielding more accurate predictions compared to the traditional ABLUP meth-
odology. Our results suggest that MFA in combination with GS can be a valuable 
tool in dairy cattle breeding and deserves to be further investigated for use in future 
breeding programs to improve cow's milk FA-related traits.
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1 |  INTRODUCTION

The rationale for using DNA markers to improve the rate 
of genetic gain in livestock species was developed de-
cades ago (Fernando & Grossman, 1989; Hayes, Bowman, 
Chamberlain, & Goddard, 2009; Smith,  1967; Soller & 
Beckmann, 1983), but the adoption of marker-assisted se-
lection (MAS) by the industry has been limited for many 
years. Reasons can be found in the genotyping costs and 
the theoretical complexity of calculating breeding val-
ues incorporating multiple marker information (Hayes, 
Bowman, Chamberlain, & Goddard, 2009). Nowadays, 
these limitations are completely overcome. The develop-
ment of efficient and cost-effective high-throughput geno-
typing analyses has made whole-herd genotyping common 
(Wiggans et al., 2017). At the same time, the possibility to 
make very accurate selection decisions when breeding val-
ues are early predicted from dense marker data (Meuwissen 
et al., 2001) has revolutionized the use of marker informa-
tion in the breeding selection and it has decreed the birth of 
genomic selection (GS) concept (Meuwissen et al., 2001). 
Today the genomic evaluation is officially accepted and 
widely used in the dairy cattle industry (Hayes, Bowman, 
Chamberlain, & Goddard, 2009; Wiggans et  al.,  2017). 
Compared with the traditional BLUP, the use of genomic 
information (Genomic BLUP - GBLUP) can increase the 
reliability of estimation of breeding values (EBV) of young 
animals (VanRaden, 2008). More recently, in order to ex-
ploit the simultaneous use of the pedigree and genomic in-
formation, the single-step GBLUP (ssGBLUP) method was 
developed (Aguilar et al., 2010; Legarra et al., 2009) and 
successfully applied (Teissier et al., 2019). GS has deeply 
changed dairy cattle breeding, doubling the rate of genetic 
progress as a consequence of the reduced generation in-
terval and increased reliability of genetic merit estimates 
(Weller et al., 2017; Wiggans et al., 2017). Apart from milk 
yield, fat and protein contents that remain the most import-
ant breeding goals, other traits are getting an increasing 
relevance and they can further benefit from the applica-
tion of GS programs (Wiggans et  al.,  2017). The fatty 
acid (FA) profile affects milk technological properties, 
sensory quality and shelf life of dairy products (Campbell 
et  al.,  2003), and it has also potential effects on human 
health (Gibson,  2011). This has led the dairy industry to 
develop strategies for modifying the milk fat composition 
aiming to improve its nutritional quality. Deep knowledge 
of factors affecting milk FA composition is a prerequisite 
to achieving this goal (Arnould & Soyeurt,  2009; Glantz 
et  al.,  2009; Lock & Bauman,  2004; Pegolo, Cecchinato, 
Casellas, et al., 2016; Shingfield et  al.,  2013). Although 
the diet is considered the most important source of milk 
FA variability, a heritable variation in milk FA profile 
has been reported for dairy cattle, with heritability values 

ranging from ~5% to ~39% (Garnsworthy et al., 2010; Hein 
et al., 2018; Krag et al., 2013; Soyeurt et al., 2007), sug-
gesting that selection on FA profile could contribute to 
obtain permanent modifications on nutritional and healthy 
milk properties.

Genomic studies carried out in dairy cattle on milk 
FA have been mainly focused on its genetic determinism 
(Bouwman et al., 2011, 2012; Buitenhuis et al., 2014; Cruz 
et al., 2019; Li et al., 2014; Palombo et al., 2018; Stoop, 
Schennink, et al., 2009), but quite recently some GS re-
ports have been published (Freitas et al., 2020; Gebreyesus 
et al., 2019; Petrini et al., 2019). GS can accurately predict 
the genetic ability of an animal, without the need for record-
ing phenotypic performance of its own or from close rel-
atives, such as sibs or offspring (Meuwissen et al., 2001). 
Its use for the genetic improvement of the milk FA pro-
file is particularly interesting. Indeed, although more 
rapid and cost-effective alternatives are possible (Marchi 
et al., 2011; Rutten et al., 2009; Soyeurt et al., 2007), the 
standard method for measuring the milk FA profile is the 
gas chromatography (GC) analysis which is expensive and 
time-consuming. This has precluded the inclusion of this 
trait in breeding schemes in the past. A further issue is rep-
resented by the FA covariance structure. FA profile con-
sists of multiple genetically correlated variables generally 
with low heritabilities (Bastin et al., 2011). This can lead to 
the EBV with low accuracies, as already demonstrated for 
other complex traits (Aguilar et al., 2011; Guo et al., 2014). 
One possible strategy to deal with such constraint might be 
the use of multi-trait genomic prediction methods, which 
have proven to be effective (Aguilar et al., 2011; Calus & 
Veerkamp, 2011; Guo et al., 2014). Another option could 
be the use of dimension reduction methods. Multivariate 
statistics offer several techniques able to investigate com-
plex covariance patterns by using a lower number of new 
explanatory variables. In this regard, multivariate factor 
analysis (MFA) was reported to be able to derive latent 
variables (factors) that represent groups of FAs with a com-
mon origin and function (Mele et al., 2016). Furthermore, 
the use of latent variables extracted by multivariate anal-
ysis has been already successfully applied to perform ge-
netic and genomic analyses, providing evidence for their 
potential use in the study of milk major components in cat-
tle breeding (Cecchinato et al., 2019; Dadousis et al., 2018; 
Palombo, Conte, et al., 2020) as well as in other species 
(Palombo, Gaspa, et al., 2020) or for other traits (Fatumo 
et al., 2019).

The present work aims to explore the feasibility of im-
proving milk FA composition in three Italian cattle breeds 
by combining GS technology with novel phenotypes derived 
by the MFA method. For this purpose, considering the same 
populations of previous studies (Cecchinato et  al.,  2019; 
Palombo, Conte, et al., 2020), the breeding value prediction 
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for the new concise MFA phenotypes was carried out with 
the pedigree-based (ABLUP) and the single-step genomic 
evaluation (ssGBLUP) approaches.

2 |  MATERIAL AND METHODS

2.1 | Data

The data used in our study included 965 Italian Brown Swiss 
(IBS), 408 Italian Holstein (IH) and 407 Italian Simmental 
(IS) cows with both genotypes and phenotypes available. 
A complete pedigree with 6,729, 3,929 and 10,203 animals 
was also available for IBS, IH and IS respectively. Milk and 
blood samples were collected for IBS in 83 farms located in 
Trento Province (north-eastern Italy), whereas for IH and IS 
the samples were collected from 10 farms located in the Friuli 
Venezia Giulia (FVG) region (north-eastern Italy). Milk 
samples collection was carried out within each breed in the 
same period. Information about cows and herds was obtained 
from the Superbrown Consortium of Trento and FVG Farm 
Breeders Association. Pedigree information was supplied 
by Italian Brown Swiss Cattle Breeders Association (www.
anarb.it), Italian Friesian National Breeders Association 
(www.anafi.it) and Italian Simmental National Breeders 
Association (www.anapri.it). The inclusion criteria for the 
enrolment were clinically healthy cows. The average days in 
milk (DIM) were 171 (±102) for IBS, 167 (±63) for IH and 
153 (±70) for IS (Table S1). Individual milk samples were 
collected, immediately refrigerated at 4°C without preserva-
tive, frozen within 2 hr and stored at −20°C for FA analysis. 
Peripheral blood samples were collected and stored at −20°C 
before DNA isolation. FA composition was determined by 
GC analysis using a GC2010 Shimadzu gas chromatographer 
(Shimadzu) equipped with a flame ionization detector and a 
highly polar fused-silica capillary column (Chrompack CP-
Sil88 Varian, Middelburg, the Netherlands; 100 m, 0.25 mm 
i.d.; film thickness 0.20 μm). A total of 40 individual FAs 
were analysed in our study. Genomic DNA was isolated from 
whole blood using a GenElute Mammalian Genomic DNA 
Miniprep Kit (Sigma-Aldrich). After extraction, the quality 
and quantity of nucleic acid were assessed by electrophoresis 
and spectrophotometry. The DNA was stored at −20°C. Fifty 
nanograms of genomic DNA were sent to the genotyping fa-
cility for marker analysis. All IBS cows were genotyped with 
the Illumina BovineSNP50 v.2 BeadChip (Illumina Inc.), 
whereas for IH and IS breeds, 152 cows were genotyped with 
the BovineHD Genotyping BeadChip (Illumina), the others 
with the GeneSeek GGP Bovine 150K array from Neogene. 
The initial number of markers before the filtering steps was 
37,419 in IBS, 121,645 SNPs in IH and 118,135 SNPs in IS. 
Quality control (QC) of SNP genotypes was carried out with 
PLINK software (Chang et  al.,  2015). QC was performed 

within each breed separately, excluding samples and/or 
markers that did not satisfy the following criteria: (a) call rate 
>90%, (b) minor allele frequency >0.05 and (c) no extreme 
deviation from Hardy–Weinberg proportions (p >  .00001). 
Cows genotyped with the BovineHD chip were de-imputed 
to the lower density using BEAGLE software v4.0 (Browning 
& Browning, 2007) to generate uniform SNPchip densities, 
as already described (Palombo et al., 2018). The final data set 
consisted of 32,207 SNPs in 965 IBS animals, 121,330 SNPs 
in 408 IH animals and 117,770 SNPs in 407 IS animals, 
respectively. More details about data sampling, FA analy-
ses and genotyping were reported by Pegolo, Cecchinato, 
Mele, et al. (2016), Palombo et  al.  (2018) and Cecchinato 
et al. (2019).

2.2 | Multivariate factor analysis (MFA)

An MFA was carried out on the correlation matrix of 40 
variables consisting of individual FA measured in all 1,780 
cows enrolled in the study, as detailed in Mele et al. (2016). 
The principal aim of MFA is to explain the (co)variance of a 
system defined by n traits (y1, …, yn) measured on observa-
tion units by deriving a smaller number p (p < n) of latent 
unobservable variables (X1, …, Xp), named latent factors. 
Assuming that the variance of original variables can be de-
composed into two components, one common to variables 
(communality) and one unique to each variable (uniqueness), 
the factor model decomposes the covariance matrix of the 
measured traits (S) as follows:

where BB′ and Ψ are the communality and the uniqueness (co)
variance matrices, respectively (Morrison, 1976). According to 
the (co)variance model, the measured traits can be represented 
as a combination of p unobservable common factors (X) plus a 
unique variable (e):

where Xj is the jth common factor, bij are factor coefficients 
(or loadings, i.e., correlations between the jth common factor) 
and ei is the ith residual specific variable (Morrison,  1976). 
Loadings are the elements of the B matrix used in the factor 
model. Common factors generate covariances between original 
variables, whereas the residual specifically contributes only to 
the individual variation. To assess the sampling adequacy of 
the data and quantify the difference between the Pearson and 
partial correlations of the 40 variables, the Kaiser measure of 
sampling adequacy (MSA) was applied. A high MSA value 

S = BB � + Ψ

y1 = b11X1 +…+ b1pXp + e1

yn = bn1X1 +…+ bnpXp + en

http://www.anarb.it
http://www.anarb.it
http://www.anafi.it
http://www.anapri.it
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indicates a latent structure existing in the data (Dziuban & 
Shirkey,  1974; Kaiser & Rice,  1974). The empirical thresh-
old of 0.80 flags a data set as particularly suitable for MFA 
(Macciotta et al., 2012). The number of extracted factors was 
selected based on eigenvalues, the relationships with the orig-
inal variables, and the amount of explained variance. More in 
details, we retained factors with eigenvalues greater than 1, with 
a reasonable proportion of variance explained by the latent vari-
ables, identified in ~70% of the total variance and allowing an 
optimal readability/interpretation of the original variables. To 
identify a simple structure, a varimax factor rotation was used. 
Only variables exhibiting correlations ≥ |0.55| were included 
in each factor, in other words the interpretation of the extracted 
factors was assessed considering only the variables that exhib-
ited a moderate/high correlation with the factors. The MFA 
analysis was performed using the factanal function in R stats 
package (R Core Team, 2018).

2.3 | Variance component estimation

Variance components of factor scores were carried out sepa-
rately for each breed with a Bayesian approach implemented 
in the GIBBS2F90 module from the BLUPF90 family of pro-
grams (Misztal et al., 2014). Settings of the Gibbs sampling 
were assessed by inspection of trace-plots and the Geweke's 
convergence diagnostic of the chain (Geweke,  1992). The 
following settings were used: 50,000 iterations, a burn-in pe-
riod of 5,000 iterations, sample values saved every 10 cycles. 
Variance components and heritability value were retrieved 
from the posterior means using a single-trait model. Data 
were analysed with the following mixed linear model:

where y is the vector of investigated factor scores; X is the 
incidence matrix linking records to fixed effects and b is the 
related vector. X has dimension n × b, where n is the number 
of observations in the data set and b is the number of fixed 
effect parameters in the model. The fixed effects considered 
in the model were DIM (five classes, considering intervals of 
60 days) and parity (three classes, considering ordinal values 
of 1 for first calving, two for second calving, three for third or 
greater calving). Q is the incidence matrix for herd as random 
effect, and f is the related vector (83 classes in IBS, five and 
six in IH and IS respectively) distributed as ∼ N (0, I�2

herd
)

, where I is an identity matrix and �2
herd

 is the associated 
variance component. Q has dimension n × f, where f is the 
number of random effect coefficients in the model. Z is the 
incidence matrix for random genetic effects, relating records 
to animals, and a is the vector of breeding values (a distrib-
uted according to the relationship matrix used); and e is the 
vector of random residuals distributed as ∼ N (0, I�2

e
), where 

�
2
e
 is the residual variance. Z has dimension n × m, where m is 

the total number of animals in relationship matrix. Statistics 
and distribution of records for the effects considered in the 
analysis are reported in Table  S1. The additive genetic ef-
fect was modelled using two genetic (co)variance structures. 
In the first model (ABLUP), the pedigree relationship ma-
trix (A) was used and the animal effect was distributed as 
∼ N (0, A�

2
a
), where �2

a
 is the additive genetic variance. In 

the second model, a blend of genomic and pedigree relation-
ship matrix (H, ssGBLUP) was used with a distributed as 
∼ N (0, H�

2
a
). From whole pedigree, three generations were 

traced back (3,574, 2,012 and 1,703 animals for IBS, IH and 
IS respectively). The H matrix was computed according to 
VanRaden (2008) and Aguilar et al. (2010). The inverse of H 
has the following structure:

where A22 is the sub-matrix of A for the genotyped animals. 
To avoid singularity, G was blended with 5% of A22 using 
the default options in the BLUPF90 family of programs 
(VanRaden, 2008; Vitezica et al., 2011). The heritability (h2) 
and the intra-herd heritability (h2

ih
) for each breed were com-

puted respectively as:

Moreover, variance explained by herd (hherd) was com-
puted as:

2.4 | Breeding value predictions

Breeding values were predicted by using the ABLUP and the 
ssGBLUP approaches. Accuracy of breeding values animals 
was estimated as Henderson (1975) and Hayes, Bowman, 
Chamberlain, Verbyla, et al. (2009):

where SEP is the standard error of prediction, derived from 
the diagonal element of the left-hand side inverse of the mixed 
model equations (Henderson, 1975). A fair comparison among 

y = Xb + Qf + Za + e

H
−1 = A

−1 +

[

0 0

0 G
−1−A

−1
22

]

h2 =
�

2
a

(�2
a
+ �

2
herd

+ �
2
e
)

h2
ih
=

�
2
a

(�2
a
+ �

2
e

)

hherd =
�

2
herd

(�2
a
+ �

2
herd

+ �
2
e
)

accuracy =

√

1 − SEP2∕�2
a



   | 5PALOMBO et AL.

accuracies obtained in the two different methods was ensured 
by the use of the same variance components (the ones estimated 
with ABLUP) in breeding value predictions and accuracy com-
putation. A resampling strategy was applied to create a fivefold 
cross-validation scheme. Briefly, only young animals (i.e., at 
first lactation) were used to create five validation sets (~20% 
of the total population). Thus, the genomic predictions analysis 
was performed five times for each trait (i.e., factor), the phe-
notypic records of the validation animals were set to missing 
and all remaining individuals with phenotypes and genotypes 
(80% of the total population) were used as the training data set. 
The relationship of individuals in the cross-validation groups 
was checked (data not shown) in order to verify a homogeneous 
structure among the training and validation sets. The prediction 
accuracies were reported as the average values of the five rep-
licates (folds). The size of training and validation groups was 
772 and 193 animals for IBS, 327 and 81 animals for both IH 
and IS breed.

3 |  RESULTS

3.1 | Milk FA factors

The overall pattern of milk FA composition consisted of 40 
individual FA (constituted by 19 saturated FA, 12 monoun-
saturated FA and nine polyunsaturated FA). The MFA was 
able to extract nine latent factors, accounting for about 71% 
of the total variance (Table S2). The suitability of the data set 
for MFA was checked by calculating the MSA. In the present 
study, the MSA value was 0.82, higher than the empirical 

threshold of 0.80 that flags a data set as particularly suitable 
for MFA (Macciotta et al., 2012). The proposed factor clas-
sification is reported in Table 1.

3.2 | Genetic parameters

Relevant variations among different factors were detected in 
terms of heritability (h2) values (Table 2). The same pattern 

T A B L E  1  Proposed classification for the nine factors extracted

Factor Fatty acidsa Name assigned

Factor1 C18:1t6−8, C18:1t9, 
C18:1t10, C18:1c12, 
C18:1t16

Biohydrogenation

Factor2 C8:0, C10:0, C12:0, C14:0, 
C18:1c9

Neosynthesis/
desaturation_1

Factor3 C15:0iso, C16:0iso, C16:1t9, 
C18:1t11, C18:2c9t11

VA/CLA

Factor4 C17:0iso, C17:0anteiso, 
C17:0, C17:1c9

C17 Metabolism

Factor5 C4:0, C6:0, C8:0 Short-chain FA

Factor6 C14:1c9, C16:1c9, C18:0 Minor SCD 
products

Factor7 C20:3n6, C20:4n6 Arachidonic acid 
synthesis

Factor8 C11:0, C13:0, C15:0 OCFA metabolism

Factor9 C16:0, C18:1c9 Neosynthesis/
desaturation_2

aFatty acids showing a correlation greater than |0.55| for that factor 

T A B L E  2  Mean (standard deviation in parentheses) values of heritability for factors obtained from milk fatty acid composition in Italian 
Brown Swiss (IBS), Italian Holstein (IH) and Italian Simmental (IS) breeds

Factor Trait

IBS IH IS

Matrixa Matrixa Matrixa 

A H A H A H

F1 Biohydrogenation 0.06 (±0.02) 0.07 (±0.01) 0.11 (±0.06) 0.05 (±0.03) 0.03 (±0.01) 0.03 (±0.02)

F2 Neosynthesis/
desaturation_1

0.12 (±0.02) 0.10 (±0.02) 0.19 (±0.03) 0.08 (±0.02) 0.11 (±0.02) 0.17 (±0.03)

F3 VA/CLA 0.09 (±0.02) 0.06 (±0.01) 0.05 (±0.03) 0.05 (±0.01) 0.07 (±0.01) 0.06 (±0.01)

F4 C17 Metabolism 0.09 (±0.02) 0.09 (±0.01) 0.05 (±0.01) 0.05 (±0.01) 0.05 (±0.01) 0.07 (±0.03)

F5 Short-chain FA 0.03 (±0.00) 0.04 (±0.01) 0.15 (±0.02) 0.09 (±0.01) 0.21 (±0.04) 0.24 (±0.07)

F6 Minor SCD products 0.32 (±0.04) 0.27 (±0.01) 0.38 (±0.10) 0.24 (±0.05) 0.21 (±0.02) 0.24 (±0.04)

F7 Arachidonic acid 
synthesis

0.10 (±0.04) 0.09 (±0.01) 0.10 (±0.02) 0.08 (±0.03) 0.05 (±0.01) 0.06 (±0.01)

F8 OCFA metabolism 0.08 (±0.02) 0.04 (±0.02) 0.08 (±0.03) 0.09 (±0.03) 0.20 (±0.09) 0.29 (±0.09)

F9 Neosynthesis/
desaturation_2

0.31 (±0.03) 0.19 (±0.01) 0.27 (±0.04) 0.21 (±0.02) 0.13 (±0.04) 0.17 (±0.05)

aA, pedigree relationship matrix; H, pedigree and genomic relationship matrices are blended into a single matrix. 
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was detected considering the intra-herd heritability (h2
ih

; 
Table S3). Overall, genomic heritability showed lower val-
ues compared with ABLUP estimates for IBS and IH breed, 
whereas an opposite trend was detected in IS breed. More 
in details, ABLUP heritabilities ranged from 0.03 to 0.32 in 
IBS, from 0.05 to 0.38 in IH and from 0.03 to 0.29 in IS, re-
spectively. The ssGBLUP estimates ranged from 0.04 to 0.28 
in IBS, from 0.05 to 0.24 in IH and from 0.05 to 0.29 in IS, re-
spectively. The highest heritability value (0.24 ≤ h2 ≤ 0.38) 
was obtained for factor 6 (“Minor SCD products”) using the 
two tested matrices both in IBS and IH, whereas in IS the 
highest values (0.21 ≤ h2 ≤ 0.29) were observed for factors 5 
(“Short-chain FA”) and 6 (“Minor SCD products”) using A 
matrix and in factor 8 (“OCFA metabolism”) using the H ma-
trix. The lowest (0.03 ≤ h2 ≤ 0.04) estimates were obtained 
for factor 5 (“Short-chain FA”) and 8 (“OCFA metabolism”) 
in IBS, for factor 4 (“C17 Metabolism”) in IH, and factor 1 
(“Biohydrogenation”) in IS, respectively. Differences among 
h2 estimates were mainly due to changes in the additive genetic 
components (�2

a
) as shown in Table S4. The herd contribution 

(hherd) to the total phenotypic variance (Table S5) ranged from 
low (0.20) to high (0.65) across all different models and fac-
tors. The exceptions are the factor 6 (“Minor SCD products”) 
in IBS and factor 5 (“short-chain FA”) in IH where a very 
low herd contribution was observed (0.06 < hherd < 0.09), as 
well as the factor 4 (“C17 Metabolism”) in IH and IS, and 
factor 1 (“Biohydrogenation”) in IS where very high herd 
contribution (hherd > 0.65) were detected.

3.3 | Genomic predictions

Accuracies of breeding values (EBV) ranged from 0.30 to 0.74 
and from 0.15 to 0.48 in training and validation datasets, re-
spectively. Detailed results of EBV accuracies obtained with 
the ABLUP and ssGBLUP approaches for each factor and breed 
were reported in Table 3. Considering all factors and groups, 
higher EBV accuracies (+ ~20%) were obtained with the com-
bined relationship matrix (H) compared to the pedigree matrix 
(A). In particular, the use of the ssGBLUP approach increases 
the accuracy values more in the validation sets (+ ~35%) 
than in the training ones (+ ~5%), that corresponding to the 
younger cohorts in our populations. Focusing on a single fac-
tor and considering each breed separately, the largest accuracy 
values were observed for factor 6 (“Minor SCD products”) and 
factor 9 (“Neosynthesis/desaturation_2”) in IBS and IH breeds 
whereas in IS breed the largest values were detected in factor 6 
(“Minor SCD products”) and factor 8 (“OCFA metabolism”). 
The lowest accuracy values were observed in factor 5 (“Short-
chain FA”) and factor 8 (“OCFA metabolism”) in IBS, in fac-
tor 3 (“VA/CLA”) and factor 8 (“OCFA metabolism”) in IH, in 
factor 1 (“Biohydrogenation”) and factor 7 (“Arachidonic acid 
synthesis”) in IS breed, respectively.

4 |  DISCUSSION

4.1 | Factor interpretation

The latent factor pattern (i.e., the correlations between each 
factor and FA) was quite easy to read. In particular, few FA 
exhibited correlations ≥ |0.55| in each factor, while the re-
mainder showed a very low correlation (in many cases close 
to zero). If we examine the pattern across factors, we can see 
that each variable was highly correlated with only one factor 
and poorly with the others. This type of simple structure is an 
indicator of the suitability of factor model assumptions for 
the kind of data analysed (Morrison, 1976).

The first latent factor was named “Biohydrogenation” 
because it was positively related to some products of rumen 
biohydrogenation (C18:1t6–8, C18:1t9, C18:1t10, C18:1c12 
and C18:1t16; Table S2). Vaccenic acid (C18:1t11), which 
represents the principal product of biohydrogenation, did not 
show a large loading on this factor, and it was included in fac-
tor 3. During biohydrogenation, linoleic acid (C18:2c9,c12) 
and α-linolenic (C18:3c9,c12,c15) present in dietary lipids 
are hydrogenated by rumen bacteria to stearic acid (C18:0), 
with the production of a large spectrum of cis and trans iso-
mers of C18:1, including C18:1t6–8, C18:1t9, C18:1t10, 
C18:1t16 and C18:1c12 (Shingfield et  al.,  2010). The 
same factor was obtained by Mele et  al.  (2016) and Conte 
et al. (2016) in previous works on Italian Brown and Italian 
Holstein respectively.

The second latent factor was positively associated with 
medium-chain SFA (C8:0 to C14:0) and negatively C18:1c9 
(Tables 1 and S2). All FA showing positive correlations with 
this factor share a common metabolic origin, being de novo 
synthesized in the mammary gland from acetate by the FA 
synthase enzyme (Chilliard et  al.,  2000). On the contrary, 
C18:1c9, which showed negative loadings for factor 2, is re-
lated to the activity of the stearoyl Co-A desaturase enzyme 
(SCD) that catalyses the desaturation of the carbon chain 
at the Δ9 position (Ntambi, 1999). Therefore, factor 2 was 
named “Neosynthesis/desaturation_1.” All FA related to this 
factor are involved in the regulation of milk fat fluidity. In 
fact, according to Chilliard et  al.  (2000), selective esterifi-
cation of de novo short-chain FA (from 4 to 14 carbons) and 
C18:1c9 to the glycerol backbone at sn-3 position plays a piv-
otal role in the regulation of milk fat fluidity.

The third latent factor was positively related to vaccenic 
acid (VA - C18:1t11) and its mammary desaturation product, 
C18:2c9,t11, which represent the most abundant CLA in milk 
(Table  S2). So, the factor was named “VA/CLA.” Several 
studies have demonstrated that more than 80% of milk 
C18:2c9,t11 is due to mammary desaturation of C18:1t11, 
synthesized during rumen biohydrogenation of dietary PUFA 
(Shingfield et al., 2010). The same factor was extracted by 
Mele et al. (2016), confirming a different association of SCD 
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activity and the unsaturation degree of the substrate, as pro-
posed by the same authors.

The fourth factor was positively correlated with all FA 
with 17 C (C17:0iso, C17:0anteiso, C17:0, C17:1c9) and was 
named “C17:0 metabolism” (Tables 1 and S2). Interestingly, 
all these FAs were not associated with the other OCFA, as 

previously observed by Fievez et al. (2003). This suggests that 
the metabolic role of C17:0 in milk fat secretion differs from 
the other OCFA, probably due to its affinity with the mammary 
enzymes (Palmquist et al., 2004; Vlaeminck et al., 2006).

The fifth latent factor was named “Short-chain FA” be-
cause it was positively correlated with the contents of C4:0, 

T A B L E  3  Mean (standard deviation in parentheses) values of estimated breeding and genomic breeding value accuracy of factors obtained 
from milk fatty acid composition using the two relationship matrices in Italian Brown Swiss (IBS), Italian Holstein (IH) and Italian Simmental (IS) 
breeds

Factor Trait

Training groups Validation groups

Matrixa Matrixa 

A H A H

F1 Biohydrogenation 0.37 (±0.06) 0.42 (±0.06) IBS 0.22 (±0.04) 0.31 (±0.04)

F2 Neosynthesis/
desaturation_1

0.43 (±0.04 0.47 (±0.04) 0.25 (±0.02) 0.34 (±0.02)

F3 VA/CLA 0.49 (±0.04) 0.54 (±0.04) 0.29 (±0.02) 0.39 (±0.02)

F4 C17 Metabolism 0.51 (±0.05) 0.55 (±0.04) 0.30 (±0.02) 0.39 (±0.02)

F5 Short-chain FA 0.31 (±0.01) 0.35 (±0.01) 0.18 (±0.01) 0.26 (±0.01)

F6 Minor SCD products 0.61 (±0.03) 0.65 (±0.03) 0.34 (±0.02) 0.46 (±0.02)

F7 Arachidonic acid 
synthesis

0.50 (±0.08) 0.55 (±0.08) 0.29 (±0.03) 0.39 (±0.03)

F8 OCFA metabolism 0.37 (±0.05) 0.42 (±0.05) 0.22 (±0.03) 0.31 (±0.03)

F9 Neosynthesis/
desaturation_2

0.67 (±0.03) 0.71 (±0.03) 0.36 (±0.02) 0.49 (±0.02)

F1 Biohydrogenation 0.55 (±0.04) 0.59 (±0.03) IH 0.21 (±0.01) 0.30 (±0.01)

F2 Neosynthesis/
desaturation_1

0.64 (±0.03) 0.67 (±0.02) 0.23 (±0.01) 0.34 (±0.02)

F3 VA/CLA 0.36 (±0.03) 0.39 (±0.07) 0.13 (±0.03) 0.20 (±0.03)

F4 C17 Metabolism 0.49 (±0.03) 0.53 (±0.05) 0.18 (±0.02) 0.27 (±0.03)

F5 Short-chain FA 0.42 (±0.01) 0.45 (±0.03) 0.16 (±0.01) 0.23 (±0.02)

F6 Minor SCD products 0.72 (±0.02) 0.74 (±0.06) 0.26 (±0.02) 0.37 (±0.03)

F7 Arachidonic acid 
synthesis

0.47 (±0.05) 0.50 (±0.04) 0.18 (±0.01) 0.26 (±0.02)

F8 OCFA metabolism 0.39 (±0.04) 0.43 (±0.08) 0.14 (±0.03) 0.22 (±0.04)

F9 Neosynthesis/
desaturation_2

0.65 (±0.02) 0.67 (±0.05) 0.24 (±0.02) 0.34 (±0.03

F1 Biohydrogenation 0.35 (±0.05) 0.34 (±0.10) IS 0.15 (±0.03) 0.18 (±0.05)

F2 Neosynthesis/
desaturation_1

0.55 (±0.15) 0.58 (±0.14) 0.25 (±0.07) 0.30 (±0.07)

F3 VA/CLA 0.44 (±0.03) 0.45 (±0.02) 0.20 (±0.01) 0.24 (±0.01)

F4 C17 Metabolism 0.46 (±0.05) 0.48 (±0.05) 0.21 (±0.03) 0.26 (±0.02)

F5 Short-chain FA 0.54 (±0.05) 0.54 (±0.02) 0.25 (±0.02) 0.29 (±0.01)

F6 Minor SCD products 0.62 (±0.02) 0.62 (±0.04) 0.29 (±0.01) 0.33 (±0.02)

F7 Arachidonic acid 
synthesis

0.37 (±0.03) 0.40 (±0.06) 0.17 (±0.02) 0.21 (±0.03)

F8 OCFA metabolism 0.56 (±0.11) 0.58 (±0.11) 0.26 (±0.04) 0.30 (±0.05)

F9 Neosynthesis/
desaturation_2

0.53 (±0.07) 0.57 (±0.03) 0.25 (±0.04) 0.30 (±0.02)

aA, pedigree relationship matrix; H, pedigree and genomic relationship matrices are blended into a single matrix. 
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C6:0, and C8:0 (Tables 1 and S2). All FAs from C4 to C14 
are endogenously synthesized in the mammary gland by ace-
tyl-CoA carboxylase and FA synthase enzymes (Chilliard 
et al., 2000). As just revealed by Mele et al. (2016) and Conte 
et al. (2016), FAs from C10:0 to C14:0 were associated with 
a different factor than FA from C4:0 to C8:0, confirming the 
hypothesis that differences may be present in the endogenous 
synthesis of even-chain FA according to the carbon chain 
length. Unlike medium-chain FA (from C10:0 to C14:0), 
short-chain FA may be partly synthesized in the mammary 
gland by metabolic pathways not dependent on acetyl-CoA 
carboxylase (Chilliard et al., 2007; Mele et al., 2016). Thanks 
to factor analysis, we highlight this metabolic difference by ex-
tracting two different latent variables, one representing short-
chain and one representing medium-chain FA metabolism.

Latent factor 6 was positively correlated with C14:1c9 
and C16:1c9 and negatively with stearic acid (C18:0; 
Tables 1 and S2). The first two FA derive from SCD ac-
tivity on the respective SFA (C14:0 and C16:0). On the 
contrary, the SCD enzyme acts on C18:0 as a preferred 
substrate (Ntambi, 1999). Therefore, high scores in factor 6 
suggest high activity of the SCD enzyme, which results in 
high contents of C14:1c9 and C16:1c9, and a low content 
of 18:0 in milk fat. Since oleic acid (C18:1c9), which rep-
resents the principal product of SCD activity, is associated 
with factor 2, this factor was named “Minor SCD products.”

The seventh factor was positively correlated with C20:3n6 
and C20:4n6 (arachidonic acid), which represents the sub-
strate and product of Δ5-desaturase (encoded by FADS1 
gene), respectively (Nakamura & Nara, 2004; Tables 1 and 
S2). For this reason, the factor was named “Arachidonic acid 
synthesis.” Δ-5 desaturase is crucial in the endogenous syn-
thesis of long-chain polyunsaturated FA from the precursor 
essential FAs, linoleic and α-linolenic acid, obtained from the 
diet. Ibeagha-Awemu et al. (2014) revealed the presence of 
a SNP within FADS1, associated with the level of C20:3n6 
and C20:4n6. To our knowledge, this is the first time that a 
factor describing the synthesis of long-chain polyunsaturated 
FA was extracted.

Latent factor 8 was positively associated with odd-chain 
FA C11:0, C13:0 and C15:0 and was therefore named “OCFA 
metabolism” (Tables 1 and S2). These FAs are mainly syn-
thesized by rumen microbes, with a repeated condensation of 
malonyl-coenzyme A using propionate as primer (Vlaeminck 
et al., 2006). They are abundant in the rumen when diets are 
rich in non-structural carbohydrates.

Finally, the ninth factor was positively and negatively asso-
ciated with C18:1c9 and C16:0 (Tables 1 and S2), respectively. 
Palmitic acid is the last step of FA biosynthesis, so it represents 
a good parameter to estimate the mammary synthesis related 
to acetate by the FA synthase enzyme (Chilliard et al., 2000). 
On the contrary, C18:1c9, with C18:0, is the most representa-
tive FA of extra-mammary origin (blood and adipose tissue; 

Conte et al., 2017; Loften et al., 2014). Douglas et al. (2007) 
found a different level of C16:0 and C18:1c9 with the progres-
sion of the lactation. However, C16:0 and C18:1c9 showed an 
opposite trend in response to the energetic balance of dairy 
cow as demonstrated by several works (Dann et al., 2005; Kay 
et al., 2005; Loften et al., 2014; Stoop, Bovenhuis, et al., 2009). 
Immediately after calving, the cow is usually in a negative en-
ergy balance, so mammary de novo synthesis of FAs is re-
duced, and milk FAs derived principally from extra-mammary 
sources. In this situation, the relative abundance of circulating 
C18:1c9 is higher. On the contrary, C16:0 increases in milk 
fat with the progress of lactation, when the energy balance 
becomes positive (Conte et al., 2010).

4.2 | Heritability estimates

In general, our heritability estimates were mostly low 
(h2  <  0.20), but moderate values were detected for some 
factors, notably for factor 6 (“Minor SCD products”) and 
9 (“Neosynthesis/desaturation_2”; Table 2). Our results are 
comparable with those reported in a previous study where 
heritabilities were estimated from latent variables related to 
the milk FA profile (Cecchinato et  al.,  2019). Overall, the 
heritability estimates of our FA factors agreed with those of 
the individual traits comprising each factor. For instance, the 
heritability of factor 2 (“Neosynthesis/desaturation_1”; ~0.11 
in IBS, ~0.12 in IH, ~0.13 in IS) was in line not only with the 
estimates obtained for “De novo FA” factor (~0.14) reported 
by Cecchinato et al. (2019) but also for C8:0, C10:0, C12:0 
and C14:0 single FA (0.10–0.24) and for the “De Novo FA” 
group (~0.15) described by Pegolo, Cecchinato, Mele, et al. 
(2016) and Garnsworthy et al. (2010), respectively. The mod-
erate heritability of factor 6 (“Minor SCD products”; ~0.29 
in IBS and IH, ~0.24 in IS) was also comparable to that re-
ported in the previously cited works (Cecchinato et al., 2019; 
Pegolo, Cecchinato, Casellas, et al., 2016) and more precisely 
for the “Desaturation” factor (~0.31), for C14:1c9, C16:1c9 
and C18:0 (0.22–0.36) single FA, and for “Desaturase 
index” group (0.05–0.38). The low heritability of factor 
1 (“Biohydrogenation”; ~0.07 in IBS and IH, ~0.03 in IS) 
was in line with that obtained by Pegolo, Cecchinato, Mele, 
et al. (2016) for C18:1t6-8, C18:1t9, C18:1t10, C18:1c12 and 
C18:1t16 traits (0.056–0.089). The low heritability of factor 
3 (“VA/CLA”; ~0.07 in IBS and IS, ~0.05 in IH) was con-
sistent with the estimates for C15:0iso, C16:0iso, C16:1t9, 
C18:1t11 and C18:2c9t11 single FA (0.03–0.09) obtained in 
previous work (Pegolo, Cecchinato, Casellas, et al., 2016). 
The low heritability of factor 4 (“C17 Metabolism”; ~0.09 in 
IBS, ~0.05 IH and ~0.06 in IS) was consistent with the esti-
mates for C17:0iso, C17:0anteiso, C17:0, and C17:1c9 single 
FA (0.050–0.102) obtained by Pegolo, Cecchinato, Mele, 
et al. (2016). The low heritability of factor 7 (“Arachidonic 
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acid synthesis”; ~0.10 in IBS, ~0.09 IH and ~0.06 in IS) was 
also consistent with the estimates for C20:3n6 and C20:4n6 
single FA (0.08–0.11) described by Pegolo, Cecchinato, 
Mele, et al. (2016). A common pattern among heritability es-
timates, additive variance (Table S4) and herd contribution 
to phenotypic variance (Table S5) are easy to recognize. In 
general, low additive genetic variance in combination with 
a moderate/high herd contribution on phenotypic variance 
(hherd  >  0.20) determinates small heritability. This pattern 
generally agrees with the underlying metabolic pathway rep-
resented by each factor (mainly de novo synthetized or influ-
enced by feeding and environmental effects). Nevertheless, 
some peculiar differences among the breeds can be observed. 
For instance, it is worth to note the markedly lower heritabil-
ity (~0.04) estimated for factor 5 (“Short-chain FA”) in IBS 
in comparison with the other breeds, particularly IS (~0.25). 
This finding is likely influenced by the notable herd contribu-
tion (~0.58) and by the low additive genetic variance (~0.06) 
found for this factor. This scenario seems to reflect the 
known monomorphic nature of gene encoding diacylglyc-
erol acyl-transferase in IBS cattle (Conte et al., 2010; Pegolo, 
Cecchinato, Casellas, et al., 2016). Simultaneously, it is note-
worthy that the factor 5 (“Short-chain FA”) showed a higher 
heritability in IH (~0.12) and IS (~0.24) despite a quite simi-
lar additive genetic variance (~0.08) to IBS. In particular, the 
very low (~0.05) herd contribution detected for this factor 
in IH seems to suggest the role played by a higher standard-
ized feeding and management practices and their effects on 
a single-purpose breed such as IH with a pronounced selec-
tion favouring fat content (Conte et al., 2010). Indeed, short 
FAs are formed de novo in the mammary gland by FA syn-
thase but its activity is markedly influenced by dietary factors 
(Chilliard et al., 2007; Shingfield et al., 2013). A peculiar as-
pect of IS breed is the higher heritability of factor 8 (“OCFA 
metabolism”; ~0.26) compared with the other two breeds 
(~0.07). This value is a function mainly of the high additive 
genetic variance (~0.39) detected. This result was surprising 
since OCFAs are principally synthesized by rumen microbes 
(Vlaeminck et  al.,  2006). In this regard, it is worth noting 
that researches on host-microbiome interplay in ruminants 
have reported that breed has a significant effect on rumen mi-
crobiome and consequently on end products of fermentation 
and methane emission (Difford et al., 2018; Li et al., 2019; 
Roehe et al., 2016; Sandri et al., 2018). In the study of Roehe 
et al. (2016), not only differences of rumen microbiome were 
found between Aberdeen Angus and Limousine, but also a 
significant sire effect was reported.

4.3 | Genomic prediction accuracy

Overall, the accuracies of breeding values predicted for all 
factors obtained from milk FA composition were low to high, 

ranging from 0.13 to 0.72 and from 0.18 to 0.74 considering 
the ABLUP and ssGBLUP models, respectively (Table  3). 
In our case, the differences between the accuracies estimated 
from the two models were likely due to the reduction of the 
prediction error as a consequence of the inclusion in the ge-
netic evaluation of “realized” relationships among animals 
inferred from genotypes, instead of the “expected” additive 
relationships estimated from the pedigree. For this reason, the 
accuracies obtained with the ssGBLUP model were higher 
than those obtained using ABLUP, confirming the contribu-
tion of genomic information in yielding more accurate pre-
dictions compared with the traditional ABLUP methodology 
and, more in general, that genomic relationships are superior 
to pedigree-based values (Wang, 2016). More in detail, the 
gain in accuracy in genetic prediction due to the addition of 
genomic information was ~5% in training, corresponding to 
the older cohorts in our populations, whereas a remarkable 
increase (~35%) was observed in validation sets. These re-
sults were expected since, although the inclusion of genomic 
information is important to correct pedigree errors (Misztal 
et al., 2013; Patry & Ducrocq, 2011), the mean differences in 
the accuracies obtained between the genomic relationship and 
the relationship based on the pedigree are generally low for 
animals with phenotypes available (Misztal et al., 2013) and 
were consistent with the fact that lower prediction errors are 
expected when the amount of information available is high, 
as it is the case of animals with own phenotypes and geno-
types and with measured progeny (i.e., training data sets). 
Overall, our accuracy results are in line with previous re-
ports on single FA or categories of FA (Cesarani et al., 2019; 
Gebreyesus et  al.,  2019), whereas some differences were 
observed with reliability values reported in other studies 
(Freitas et  al.,  2020; Petrini et  al.,  2019) where different 
strategies were used for the evaluation of the predictive abil-
ity of breeding values. In general, prediction accuracies for 
validation animals were low (ranging from 0.18 to 0.49), but 
always higher for GEBV in comparison with EBV. Focusing 
on validation sets, higher GEBV accuracy values were ob-
served in the IBS breed (an average of 0.37) compared with 
the other two breeds. This difference is likely attributable to 
the larger number of animals available for the IBS since it is 
known that increasing the number of phenotypic records in 
the training set leads to increased measures of accuracy in 
the validations sets and particularly for the traits with low 
heritability (Hayes, Bowman, Chamberlain, & Goddard, 
2009; Hayes et al., 2010), such as milk FA. In this regard, 
it is important to note that, despite the growing interest in 
the inclusion of milk FA composition traits in the breeding 
goals of dairy cattle (Boichard & Brochard, 2012), FA traits 
still represent an expensive and time-consuming phenotype, 
traditionally measured by GC method. This affects the size of 
the reference population, usually numerically small, and thus 
the genomic prediction accuracies (Gebreyesus et al., 2019). 
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Nevertheless, the sample size in our populations allowed us 
to obtain prediction accuracy values in agreement with those 
reported in other studies (Cesarani et al., 2019; Gebreyesus 
et al., 2019) and reasonable standard deviations also in IH and 
IS breeds (an average of ~0.03) indicating the consistency of 
our estimates also with the numerically smaller sample size. 
Higher accuracies were obtained for factors with higher her-
itability, such as factors 2 (“Neosynthesis/desaturation_1”), 
6 (“Minor SCD products”) and 9 (“Neosynthesis/desatura-
tion_2”). We expected these results since the accuracy is a 
function of additive variance (Table  S4) and heritability 
(Table 2), but also it depends on the genetic architecture of 
the trait (e.g., number of loci affecting the trait and distribu-
tion of their effects; Daetwyler et al., 2008; Goddard, 2009; 
Meuwissen,  2009). In this regard, the pattern of accuracy 
values across the factors agrees with the underlying meta-
bolic meaning represented by each FA latent variables, since 
factors 2 (“Neosynthesis/desaturation_1”), 6 (“Minor SCD 
products”) and 9 (“Neosynthesis/desaturation_2”) encompass 
short- and medium-chain length FA (C4:0 to C14:0) that are 
synthesized de novo in the bovine mammary gland (Bauman 
& Griinari, 2003) or FA that are products (C14:1c9, C16:1c9, 
C18:1c9) of Δ9-desaturase activity (Soyeurt et  al.,  2008). 
Various research reported the effects of main lipogenic genes, 
along with novel promising genes on such single FA (Houaga 
et al., 2018; Li et al., 2014; Marchitelli et al., 2013; Nafikov 
et al., 2014; Palombo et al., 2018; Pegolo, Cecchinato, Mele, 
et al., 2016). More recently, such results were confirmed by 
genome-wide association studies on FA latent factors ob-
tained by MFA (Cecchinato et  al.,  2019; Palombo, Conte, 
et al., 2020). Although further studies are required to confirm 
our findings, possibly using a larger sample size, the accura-
cies results obtained in the present work support the idea to 
exploit the information acquired through the MFA in selec-
tion programs and when designing further studies on milk FA 
composition.

5 |  CONCLUSIONS

Using MFA, nine latent factors replaced 40 individual milk 
FA traits. The factors distinguished the underlined metabolic 
origin or function that each group of FA was representing. 
Overall, genetic analysis results were in agreement with 
the given name of the factor and the heritability estimates 
presented in the current investigation showed that FA latent 
factors are heritable traits in dairy cattle, exhibiting low to 
moderate heritability. Breeding value accuracies obtained 
with the ssGBLUP method were higher than those estimated 
with the ABLUP approach. Although further studies with a 
larger sample size are required to confirm our findings, over-
all our results are in favour of the potential use of MFA in 

combination with GS for breeding purposes and the genetic 
improvement of milk FA composition in dairy cows.
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