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Abstract: Background: The single-step best linear unbiased predictor (ssGBLUP) has
emerged as a reference method for genomic selection in recent years due to its advantages
over traditional approaches. Although its application in horses remains limited, ssGBLUP
has demonstrated the potential to improve the reliability of estimated breeding values
in livestock species. This study aimed to assess the impact of incorporating genomic
data using single-step restricted maximum likelihood (ssGREML) on reliability (R2) in the
Pura Raza Española (PRE) horse breed, compared to traditional pedigree-based REML.
Methods: The analysis involved 14 morphological traits from 7152 animals, including
2916 genotyped individuals. Genetic parameters were estimated using a multivariate
model. Results: Results showed that heritability estimates were similar between the
two approaches, ranging from 0.08 to 0.76. However, a significant increase in reliability (R2)
was observed for ssGREML compared to REML across all morphological traits, with overall
gains ranging from 1.56% to 13.30% depending on the trait evaluated. R2 ranged from
6.93% to 22.70% in genotyped animals, significantly lower in non-genotyped animals (0.82%
to 12.37%). Interestingly, individuals with low R2 values in REML demonstrated the largest
R2 gains in ssGREML. Additionally, this improvement was much greater (5.96% to 19.25%)
when only considering stallions with less than 40 controlled foals. Conclusions: Hereby,
we demonstrated that the application of genomic selection can contribute to improving the
reliability of mating decisions in a large horse breeding program such as the PRE breed.

Keywords: SNP-genotyping; single-step GREML; estimated breeding value; reliability;
horses

1. Introduction
The Pura Raza Española horse (PRE) is a native Spanish equine breed officially rec-

ognized since the establishment of its studbook in 1912. The active total PRE population,
282,066 horses, is mainly located in Spain but also distributed across 67 other countries [1].
The PRE is the main equine breed in Spain, representing approximately 70% of all registered
purebred equids. The PRE breeding program, handled by the Royal National Association
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of Spanish Horse Breeders (ANCCE), has been focused on improving the breed’s con-
formation, functionality, and reproductive traits while also aiming to reduce inbreeding
and preserve its genetic heritage [2]. To ensure the reliability of PRE studbook records,
various molecular tools, including blood group analysis, biochemical polymorphisms, and
microsatellite markers, have been employed for paternity verification since the early 1980s.
These efforts have resulted in over 40 years of verified parental data, providing an accurate
and reliable basis for genetic improvement efforts. This has enabled the development of an
official breeding program that evaluates over 40 traits using a pedigree-based restricted
maximum likelihood methodology (REML).

Morphological traits are very important in the breed as they provide the foundation for
the functionality required in dressage competitions, the main use of PRE horses [3], to the
point that conformation plays a key role in determining the horse’s economic value. Addi-
tionally, the PRE horse population is monitored for various defects associated with morphol-
ogy, including cresty neck, a disease that reduces the market value of horses during sales
and is considered a disqualifying morphological defect in the studbook for high scores [4].
For these reasons, obtaining accurate genetic parameters and ensuring the high reliability
of estimated breeding values is crucial for the success of genetic improvement programs.

Historically, estimated breeding values in animal populations have been derived
from phenotype and pedigree information, with the extensive literature available on
the subject [5]. Nowadays, the development of genomic-based estimates is expected to
offer greater accuracy, as they are not dependent on the quality and completeness of the
pedigree. These methods allow for a precise assessment of the degree of similarity in
the genetic markers of the animals under evaluation, providing a more direct measure
of their genetic potential. The genomic selection was first proposed 25 years ago by
Meuwissen et al. [6]. However, it was more recently, about 15 years ago, when advances in
genotyping methods and bioinformatics procedures enabled the implementation of routine
genomic evaluations and selection in livestock species. This was further facilitated by
the development of the single-step genomic best linear unbiased prediction (ssGBLUP)
approach for estimating genomic breeding values [7,8]. Using this method, all available
information from both genotyped and non-genotyped relatives can be simultaneously
employed in the analysis along with phenotypes [9], thereby improving the accuracy of
breeding values’ estimation [10].

ssGBLUP is increasingly used in most livestock species, namely dairy cattle [7,11–14],
dairy goats [15–17], dairy sheep [18–20], and pigs [21–23]. However, studies on horses
remain scarce [24–27]. In this species, genetic evaluations are still primarily based on
pedigree-based methods in most breeds where breeding programs are currently being
developed. It has already been demonstrated that genomic selection strategies contribute
to a significant reduction in generation intervals in horse breeding programs [24,28,29].

The aim of this study was to estimate genetic parameters and compare the reliabilities
of the estimated breeding values for morphological traits between the traditional REML
method and the single-step genomic REML method in the PRE horse breed.

2. Materials and Methods
2.1. Pedigree and Phenotypic Data

The PRE genealogical information and phenotypic dataset used in this study were
provided by the Royal National Association of Spanish Horse Breeders (ANCCE). Morpho-
logical data consisted of 7152 records of eleven zoometric, two linear traits, and a defect
trait collected from 2008 to 2022 (1 record per trait per horse, both males and females). The
following zoometric traits were evaluated: height at withers (HW), scapular-ischial length
(SiL), length of the shoulder (LS), dorsal-sternal diameter (DsD), length of back (LB), width
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of croup (WC), length of croup (LC), thoracic perimeter (TP), perimeter of anterior cannon
bone (PACB), angle of the shoulder (AS), and angle of croup (AC). Linear traits evaluated
included two morphological traits: lateral hock angle (LHA) and direction of hock rear
view (DHRV). Additionally, the cresty neck (CN) was analyzed as a morphological defect.
The zoometric traits were systematically collected in official breed controls by trained mor-
phological evaluators using standard measuring sticks and non-elastic measuring tapes, as
described by Sánchez-Guerrero et al. [3]. The linear traits were collected using the linear
scoring system in PRE horses as detailed by Sánchez et al. [30]. The cresty neck trait was
measured on a linearized scale, including 9 scores from 1 to 9, using an adaptation of the
scoring system proposed by Carter et al. [31].

The pedigree was traced back to seven complete generations and nine equivalent
generations, making a total of 41,888 animals.

2.2. Genotyping and Quality Control

Sample selection was performed aiming to capture the maximum variability of the pop-
ulation and to include the most representative horses of the population, with a low average
relatedness among individuals. A total of 2916 PRE horses (928 males and 1988 females),
belonging to 882 studs, were selected for genotyping. The genomic DNA of the horses was
obtained from the ANCCE DNA bank.

These horses were genotyped using MD microarray comprising 71,590 SNPs evenly
distributed across the whole genome.

The raw genotypes (final reports) were transformed into binary files (bed, bim, fam)
using the R statistical environment V4.4.2 [32] and filtered using PLINK software v1.9 [33].
Markers with unknown chromosomes or positions within the chromosome, SNPs located
on sex chromosomes, and those with a call rate below 95% or with a minor allele frequency
below 0.01 were eliminated. As a result, the final genomic dataset included 61,271 SNPs.

2.3. Statistical and Genetic Analysis

The morphological traits were analyzed using the following multivariate model:

y = Xb + Za + e

where y is the vector of observations; b is the vector of fixed effects, including age (three
classes: less than 4 years, between 4 and 7 years, and more than 7 years), sex (two classes:
male and female), genetic origin (four classes: gray, bay, black, and chestnut), and geograph-
ical area of the stud (six classes: Spain, the rest of Europe, the United States and Canada,
South America, Africa, and the Arabian Peninsula, and the rest of the world); a is the
random additive genetic effect, and e is the random residual effect. X and Z are incidence
matrices relating observations to fixed and random additive genetic effects, respectively.

The significance of the fixed effects for morphological traits was determined using
the ‘GLM2’ R package [34]. All fixed effects were found to have a significant effect at a
0.05 significance level.

For all traits, the additive genetic effect uses two additive genetic relationship matrices:
the A matrix, which denotes the pedigree-based additive genetic relationship for the tradi-
tional evaluation (REML), and the H matrix, which includes both pedigree and genomic
relationships for ssGREML. The H matrix was derived by integrating the A matrix with the
genomic relationship matrix G, calculated using the method proposed by VanRaden [35]
as follows:

G = 0.95
SS′

2 ∑n
i=1 pi(1 − pi)

+ 0.05A
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where n is the number of SNP markers, pi is the allele frequency of marker i, A is the
pedigree relationship matrix, and S is a centered incidence matrix of SNP markers.

Variance components estimated breeding values (EBVs) and genomic estimated breed-
ing values (GEBVs) were estimated using restricted maximum likelihood (REML) and
ssGREML approaches for classical and genomic evaluations, respectively. All analyses
were performed using the HIBLUP v1.3.1 software [36].

3. Results and Discussion
This study has addressed, for the first time, a comprehensive genomic evaluation of a

Spanish horse breed using the single-step genomic approach with a combined relationship
matrix. By focusing on a diverse set of morphological traits, this research highlighted the
potential of genomic tools to enhance breeding programs and demonstrated the improve-
ment in efficiency and precision of large-scale equine genetic evaluation programs through
the integration of genomic data.

3.1. Phenotypic Values

Descriptive statistics for the morphological traits analyzed in the PRE breed are
presented in Table 1. The mean values for the zoometric traits ranged from 20.46 ± 1.26 cm
for PACB to 191.59 ± 9.34 cm for TP, while the mean values for the linear traits were
5.14 ± 0.95 for LHA and 4.22 ± 0.91 for DHRV. The average mean of CN was 1.32 ± 0.84.
The coefficients of variation (CV) for most zoometric traits in this study were low, except
for AC (27.10%), whereas the linear traits showed higher CVs (18.4% for LHA and 21.53%
for DHRV). CN presented the highest CV at 63.58% of all the traits studied. Average values
per trait were similar to those reported by Poyato-Bonilla et al. [37] in a recent study on the
PRE breed. In contrast, Sánchez-Guerrero et al. [3] analyzed the evolution of morphology
in PRE mares and stallions over three time periods: animals born before 1990, those born
between 1990 and 2001, and those born between 2002 and 2013. Their findings indicated
lower values for HW (154.7 cm, 156.1 cm, and 157.9 cm, respectively) compared to the
results observed in our study. However, they reported similar values for DsD (72.2 cm,
73.6 cm, and 73.9 cm), TP (190.0 cm, 192.1 cm, and 190.9 cm), and PACB (19.6 cm, 19.7 cm,
and 20.2 cm) across the same periods. Our mean CN was lower than the values observed
by Sánchez et al. [38] and Poyato-Bonilla et al. [39] in the same breed.

Table 1. Descriptive statistics of morphological traits in the Pura Raza Española horse breed.

8 Trait N Mean ± SD Min Max CV (%)

Zoometric traits, cm

HW 6861 161.84 ± 4.92 147 179 3.04
SiL 7149 161.97 ± 5.29 144 183 3.27
LS 7152 65.94 ± 3.97 43 81 6.03

DsD 7149 74.01 ± 4.18 40 92 5.65
LB 7151 30.39 ± 4.64 18 50 15.27
WC 7087 53.47 ± 3.31 32 68 6.19
LC 7149 52.82 ± 3.12 35 68 5.91
TP 7141 191.59 ± 9.34 157 224 4.87

PACB 7152 20.46 ± 1.26 15 33 6.18
AS 6942 55.39 ± 6.68 2 82 12.05
AC 6455 20.93 ± 5.67 2 59 27.10

Linear traits, class
LHA 7151 5.14 ± 0.95 1 9 18.39

DHRV 7151 4.22 ± 0.91 1 7 21.53

Defect trait, class CN 7118 1.316 ± 0.84 1 8 63.58

N: number of records; SD: standard deviation; CV: coefficient of variation; HW: height at withers; SiL: scapular-
ischial length; LS: length of shoulder; DsD: dorsal-sternal diameter; LB: length of back; WC: width of croup; LC:
length of croup; TP: thoracic perimeter; PACB: perimeter of anterior cannon bone; AS: angle of shoulder; AC:
angle of croup; LHA: lateral hock angle; DHRV: direction of hock rear view; CN: cresty neck.
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3.2. Genetic Parameters and Heritabilities Obtained Using REML and ssGREML

Table 2 shows the estimates of variance components and heritabilities for morpho-
logical traits derived from both REML and ssGREML approaches. The heritability esti-
mates were similar using the A (REML) or the H (ssGREML) matrices, ranging from 0.08
(SE = 0.02) for CN to 0.76 (SE = 0.038) for HW. In contrast, LB and DHRV showed slightly
higher h2 estimates in the REML analysis.

Table 2. Estimates of variance components and heritabilities obtained from the REML and ssGREML
methods for morphological traits in the Pura Raza Española horse breed.

REML ssGREML

Trait σ2
a σ2

e h2 (SE) σ2
a σ2

e h2 (SE)

HW 16.70 5.29 0.76 (0.038) 17.15 5.39 0.76 (0.033)
SiL 18.34 9.07 0.67 (0.039) 18.35 9.64 0.66 (0.036)
LS 8.81 7.14 0.55 (0.038) 8.37 7.79 0.52 (0.035)

DsD 7.84 9.72 0.45 (0.041) 7.53 10.13 0.43 (0.037)
LB 13.57 8.03 0.63 (0.037) 12.04 9.91 0.55 (0.036)
WC 5.49 5.08 0.52 (0.043) 5.32 5.35 0.50 (0.04)
LC 3.86 5.58 0.41 (0.036) 3.77 5.73 0.40 (0.034)
TP 47.48 35.45 0.57 (0.042) 44.49 39.04 0.53 (0.038)

PACB 0.45 0.91 0.33 (0.035) 0.45 0.92 0.33 (0.034)
AS 11.57 30.74 0.27 (0.033) 9.85 32.52 0.23 (0.03)
AC 9.09 22.83 0.28 (0.037) 8.75 23.39 0.27 (0.035)

LHA 0.22 0.66 0.25 (0.032) 0.20 0.68 0.23 (0.029)
DHRV 0.42 0.45 0.48 (0.04) 0.35 0.52 0.40 (0.036)

CN 0.06 0.63 0.08 (0.02) 0.06 0.62 0.09 (0.021)

σ2
a: additive genetic variance; σ2

e : residual variance; h2: heritability; SE: standard error; HW: height at withers;
SiL: scapular-ischial length; LS: length of shoulder; DsD: dorsal-sternal diameter; LB: length of back; WC: width
of croup; LC: length of croup; TP: thoracic perimeter; PACB: perimeter of anterior cannon bone; AS: angle of
shoulder; AC: angle of croup; LHA: lateral hock angle; DHRV: direction of hock rear view; CN: cresty neck.

The h2 values reported by Poyato-Bonilla et al. [37] in PRE were significantly lower
than ours (0.28 ± 0.04 for HW, 0.25 ± 0.01 for SiL, 0.19 ± 0.02 for LS, 0.14 ± 0.02 for
DsD, 0.21 ± 0.01 for TP, and 0.17 ± 0.03 for PACB). Nevertheless, all these estimates were
made without including genomic information. Our h2 for CN was similar to the value
estimated by Poyato-Bonilla et al. [39], but clearly lower than the 0.37 ± 0.03 value by
Sánchez et al. [38].

The variations in estimates within the PRE breed may be attributed to differences
in the models implemented, quality of data, pedigree recording, the number of available
phenotypes, and the connectedness of the data [40]. These factors are all recognized to
influence the estimation of genetic parameters.

Comparisons with other studies are difficult due to the limited number of genomic
evaluations of horse morphology in the literature, with most studies focusing on only a
few traits. Using a single-step approach, Vosgerau et al. [26] reported h2 of 0.31 ± 0.08 for
HW in German Warmblood horses, which was lower than the h2 estimate obtained in our
study. Similarly, Ricard et al. [27] observed h2 values ranging between 0.14 (0.05) and 0.42
(0.07) for new morphological phenotypes obtained by linear combinations of Procrustes
coordinates in French jumping horses.

Morphological traits are highly significant in the PRE breed due to their strong rela-
tionship with functionality, as these horses are primarily used in dressage competitions.
Since most morphological traits have shown medium to high heritability, there is a great
interest in obtaining highly reliable assessments as quickly as possible, as they can lead to
a substantial genetic gain in the breed in short periods. Furthermore, with the increasing
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availability of genotypes in the PRE breed, the integration of genomic information into
routine genetic evaluations will become possible.

3.3. Comparison Between the Reliability Obtained Using REML and ssGREML

The reliabilities of the estimated breeding values (EBVs) and genomic estimated breed-
ing values (GEBVs) obtained using the REML and ssGREML methods for morphological
traits are presented in Table 3. Results showed that the reliabilities of GEBVs derived from
the ssGREML method were higher than those of EBVs obtained using the REML method.

Table 3. Comparison between the reliability obtained from the REML and ssGREML methods for
morphological traits in the Pura Raza Española horse breed.

Trait R2 REML R2 ssGREML % Increase in Reliability

HW 0.298 0.327 9.73
SiL 0.289 0.317 9.69
LS 0.272 0.293 7.72

DsD 0.247 0.272 10.12
LB 0.282 0.289 2.48
WC 0.265 0.288 8.68
LC 0.267 0.286 7.12
TP 0.268 0.293 9.33

PACB 0.250 0.274 9.60
AS 0.205 0.218 6.34
AC 0.203 0.230 13.30

LHA 0.209 0.224 7.18
DHRV 0.256 0.260 1.56

CN 0.176 0.185 5.11

R2: reliability; HW: height at withers; SiL: scapular-ischial length; LS: length of shoulder; DsD: dorsal-sternal
diameter; LB: length of back; WC: width of croup; LC: length of croup; TP: thoracic perimeter; PACB: perimeter of
anterior cannon bone; AS: angle of shoulder; AC: angle of croup; LHA: lateral hock angle; DHRV: direction of
hock rear view; CN: cresty neck.

Reliabilities ranged from 0.176 for CN to 0.298 for HW using REML and from 0.185
for CN to 0.327 for HW using ssGREML. Furthermore, when expressed as a percentage of
differences, the overall increases in R2 (considering all the animals in the pedigree) were in
the range of 1.56% (DHRV) to 13.30% (AC).

Additionally, reliabilities obtained from the REML and ssGREML approaches were
compared based on several criteria, including sex, the number of foals per sire, genotyped
and non-genotyped animals, and the magnitude of the initial reliability obtained with
REML. The results are provided in Table 4. The increase in reliability was similar for mares
and stallions, except for SiL, LB, AS, AC, CN, and DHRV. Remarkably, the gain was greater
in genotyped animals (6.9% to 22.7%) compared to non-genotyped animals (0.82% to 12.4%)
and in stallions with fewer than 40 controlled foals (5.96% to 19.2%). Moreover, animals
with previously low REML reliability demonstrated a significantly greater gain compared
to those with higher initial reliability. This result could be attributed to the genomic infor-
mation, which provides a more significant contribution by refining pedigree relationships
(incorporates real kinship coefficient values), strengthening connections among individuals
compared to BLUP, capturing additional genetic effects, and reducing residual variance [41].
Thus, substantially improving the accuracy of their genetic evaluation, where phenotypic
and pedigree data were previously scarce.
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Table 4. Comparison between the reliability obtained from the REML and ssGREML methods for
morphology based on different criteria in the Pura Raza Española horse breed.

Criteria

Sex Number of Stallions’ Foals Genotyped Reliability

Stallions Mares ≥40 <40 No Yes ≥0.6 <0.6

HW 9.89 9.68 4.34 12.50 8.51 16.76 −0.32 32.60
SiL 9.06 9.67 3.87 12.50 8.03 16.33 0.09 32.20
LS 7.66 7.47 2.73 11.24 6.59 14.38 −0.75 29.33

DsD 10.04 10.24 3.50 14.04 8.94 17.79 0.44 18.78
LB 2.96 2.05 0.14 6.59 1.87 8.01 −5.91 24.40
WC 8.63 8.39 3.21 12.76 7.97 15.93 0.74 30.69
LC 7.03 6.88 2.36 11.52 6.32 13.57 −1.27 28.95
TP 8.91 9.03 3.18 12.60 8.27 16.38 1.15 31.19

PACB 10.00 10.12 3.88 14.04 8.86 17.06 1.88 29.70
AS 5.94 6.73 −0.35 11.64 5.61 12.99 −2.16 14.47
AC 13.00 13.59 5.08 19.25 12.37 22.70 −2.92 23.59

LHA 7.35 7.55 0.87 13.09 6.53 13.86 −1.75 15.09
DHRV 2.02 1.14 −1.49 5.96 0.82 6.93 −0.09 35.34

CN 5.20 4.47 −1.66 12.03 4.14 9.32 −0.21 10.39

HW: height at withers; SiL: scapular-ischial length; LS: length of shoulder; DsD: dorsal-sternal diameter; LB:
length of back; WC: width of croup; LC: length of croup; TP: thoracic perimeter; PACB: perimeter of anterior
cannon bone; AS: angle of shoulder; AC: angle of croup; LHA: lateral hock angle; DHRV: direction of hock rear
view; CN: cresty neck.

Figure 1 illustrates the comparison between the reliability obtained from REML (R2

REML) and single-step GREML (R2 ssGREML) of the angle of croup, the trait showing the
greatest overall increase in reliability. It could be noticed that for animals with low REML
reliability, the gain in reliability is larger.
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Figure 1. Comparison between the reliability obtained from REML (R2 REML) and single-step
GREML (R2 ssGREML) for the angle of croup in the Pura Raza Española horse breed.

The overall trend in the R2 for morphological traits was unchanged as a function of
heritability, likely because most of these traits already present medium to high heritability.
On the contrary, in our previous study on comparing reliabilities for reproductive traits
between REML and ssGREML methods in the PRE breed, the gain in R2 increased as the
heritability of the trait decreased, due to their low estimated heritability [42]. This finding



Genes 2025, 16, 131 8 of 11

aligns with the results reported by VanRaden et al. [43] and Misztal et al. [44]. ssGBLUP has
been shown to outperform traditional methods in predicting traits with low heritability [45],
such as those related to reproduction.

The results obtained in our study align with previous reports in livestock species where
genomic evaluations are commercially available. In dairy cattle, the first species to integrate
genomic evaluations at a commercial scale using the ssGBLUP approach, previous studies
have demonstrated that ssGBLUP yielded higher accuracy compared to the traditional
pedigree-based BLUP method, which relies only on pedigree information [7,11,46]. In dairy
sheep, single-step evaluation has been shown to result in a 46.8% increase in accuracy
compared to pedigree BLUP [18]. On the contrary, reports in horses are much scarcer,
limited to a few traits and small populations. Vosgerau et al. [26] reported an average
reliability of 0.35 using classical BLUP and 0.38 with ssGBLUP for the withers height trait
in German Warmblood horses, resulting in a gain of 8.57%. The small increase in reliability
observed in their study was explained by the authors as being due to the fact that, in their
dataset, only phenotypes of genotyped horses were available in the reference population.
However, the same study reported that the increase in reliability was greater for genotyped
animals and for animals with a small number of offspring. Furthermore, the authors
demonstrated that the advantage of including genotype information would likely be more
significant if the dataset included horses that were genotyped but not phenotyped. In
a previous study, Haberland et al. [24] observed that the additional increase in accuracy
obtained from GEBVs is small compared to traditional EBVs for animals with a large
number of progeny records available, which is consistent with our results.

In horses, the generation interval is even longer (~10 years) [47] than it used to be in
dairy cattle breeding before the implementation of genomic selection, and as a result, the
reliability of breeding values is lower [29]. Even more, since some of the traits evaluated
in the breed, such as functionality, rely on the full development of the individual to
obtain reliable phenotypic values, phenotyping is delayed. In some breeds, this interval
could be reduced through the use of reproductive biotechnologies, such as large embryo
transfer programs or the extensive use of artificial insemination (AI) from young stallions,
but this is not the case for the PRE breed. Our results support the idea that ssGBLUP
could increase the reliability of individuals lacking phenotypic data, allowing their use as
stallions or broodmares at early ages, thus reducing the generational interval and increasing
genetic progress.

It is well established that the reliability of genomic predictions depends on the size
and genetic composition of the reference population [48,49]. In cattle, the availability of
extensive reference populations, often including millions of genotyped animals [50], has
enabled substantial advancements in genomic selection. In contrast, systematic genotyping
programs in horses are still underdeveloped. This creates an increasing imbalance, where
the number of non-genotyped animals included in breeding programs is greater than that
of genotyped ones. This disparity is likely to persist in the near future, even in populations
actively pursuing genomic selection.

In this context, the single-step genomic prediction methodology is a particularly
relevant approach in horse breeding. This method allows non-genotyped animals to
contribute directly to the estimation system by integrating phenotypic, pedigree, and
genotypic information into a unified framework [25,29]. Additionally, this method is
especially interesting for breeds such as the Pura Raza Española (PRE) horse, which is
in the initial phase of genomic selection, where genotypic data are still limited. In the
PRE, the development of this approach within the breeding program can facilitate the
implementation of genomic selection in equine populations, bridging the gap between
genotyped and non-genotyped individuals and driving the genetic progress of the breed.
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4. Conclusions
This study represents the first application of genomic evaluation using a single-step

approach with a combined relationship matrix to assess morphology in the Pura Raza
Española (PRE) horse. Our findings showed that the ssGREML method provided higher
reliability for genomic estimated breeding values (GEBVs) compared to the traditional
REML approach. However, this improvement could be further increased by expanding
the number of genotyped animals in the reference population. These results indicate
that the ssGREML method is a valid alternative to REML for the PRE breeding program,
offering enhanced genetic gain, a shorter generation interval, and a more accurate selection
of genetically superior animals. Future studies should focus on expanding the size of
the reference population to further improve the reliability of genomic evaluations and
maximize the potential benefits for this breed.
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