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ABSTRACT: The purpose of the study was to compare 
models for genetic evaluation of performance of the Criollo 
horse in Uruguay for endurance trials. Data comprised 1236 
individual records for time (Tm) and ranking (R) traits. R 
was fitted in univariate linear or threshold models, and 
under bivariate linear models with Tm. Model comparison 
was based on predictive ability, Spearman rank correlations 
and commonly top 10% ranked horses. Animal models that 
fitted year with a multivariate distribution were preferred 
because of similar or highest predictive ability. A bivariate 
approach between Tm and R traits seems a more 
appropriate way to analyse genetics of performance for 
Rbin or R4, and Tm can be fitted with relative ease. A 
simulation study is required for further analysis and may 
help define a model for genetic evaluation of performance 
of the Criollo horse in endurance competitions. 
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Introduction 
 

The Marcha Funcional is a traditional long-
distance race created for the Criollo horse breed. It takes 
place once a year in Uruguay, lasting a fortnight over a 750 
km ride. Selection could be a way of improving endurance 
characteristics of the Criollo horse. Initial genetic and 
environmental characterization of racing time (Tm) and 
ranking (R) traits were made to describe performance in the 
trial (López-Correa 2013). Heritability estimates for both 
traits were low (0.07-0.14), and R traits seem to be of 
primary interest. Following our previous study, there is a 
need to assess models that could be used for genetic 
analysis of performance in endurance trials, such as the 
Marcha Funcional. Low intensity long-distance trials are 
physically demanding, and therefore an important 
proportion of animals do not finish the competition 
(Bergero et al. 2005; Burger and Dollinger 1998). Similar 
results are found in the Marcha Funcional, with 40% of 
equines that on average abandon the event every year. 
Animals without a performance record were included in the 
analysis in order to avoid bias in genetic parameter 
estimation (Klemetsdal 1992). The first objective of this 
work was to estimate means squared error of prediction 
(MSEP) for R models with increasing levels of complexity 
and choose the ones with higher predictive ability. 
Secondly, the selected models were compared on the basis 
of Spearman rank correlations and proportion in commonly 
top 10% ranked horses for estimated breeding values 
(EBVs) among different models.  

 
Materials and Methods 

 

Data. The present study considered R as the trait 
to measure performance in competition. R described the 
final placing of horses in the competition, and it was 
defined in two ways: as a four level (R4) or as a binary trait 
(Rbin). R4 used the formal regulations of the Marcha 
Funcional to group the animals that finished the 
competition into the following categories: (1) animals with 
Tm less or equal than 0.5% relative to winner’s time 
(includes winner); (2) animals with Tm between 0.5 and 5% 
relative to winner’s time; (3) animals with Tm greater than 
5% relative to winner’s time. We added a fourth group (4) 
which included the animals that started but abandoned the 
competition. Rbin was coded as ‘1’ for animals that 
completed the whole race, or ‘0’ for animals that abandoned 
the race at any stage. Tm was also included in the analysis 
and was defined as the accumulated final time obtained 
throughout the Marcha (minutes) by each competitor. Tm 
was considered in a bivariate analysis with R. The 
performance file contained 1236 records from horses that 
participated in the Marcha Funcional between 1979 and 
2012. Each individual had a single record for R. Horses 
which took part in several trials (4% of animals), had only 
their first record included in the analysis. Animals that 
could not start the race and those with no reliable identity 
were excluded from the analysis. The pedigree file 
consisted of 6184 individuals and it was created by tracing 
back the competitors’ ancestors. Pedigree completeness was 
on average 97% up to the third ancestral generation, and 
was computed using the software ENDOG (Gutiérrez and 
Goyache 2005).    

 
Statistical models and predictive ability. 

Univariate animal linear (L) or threshold models (T) were 
fitted for both R4 (LR4 and TR4 respectively) and Rbin 
(LRbin and TRbin respectively). Two bivariate linear-linear 
models were fitted between Tm and R4 (P-LR4 model) or 
Rbin (P-LRbin model). By jointly analysing both traits, it 
was expected to obtain more accurate estimates for R traits 
by the genetic information provided by Tm. Animals that 
abandoned were assigned a Tm value corresponding to the 
last observed Tm record within the same contemporary 
group plus a fixed penalty value (a 10% of that specific last 
animal with Tm record). All models included sex (i = mare, 
stallion, gelding), age (j = ≤ 9 years and >9 years) and 
regulations (k = 3 levels) as common systematic effects to 
all models. Animal genetic effects (o = 6184 levels), owner 
(m = 62 levels) and maternal lineage effects (n = 129 
levels) were always fitted following a multivariate normal 
.distribution, except for year nested within regulations (l = 
33 levels). According to different predictor variables four 
alternative animal models were applied to each response 
trait: (M1) systematic effects + animal genetic effect. Year 



was included as a systematic effect. (M2) systematic 
effects+ year+ animal genetic effects. From (M2) to (M5) 
year effect was fitted under a multivariate distribution. 
(M3) systematic effects+ year+ owner+ animal genetic 
effects. (M4) systematic effects+ year+ owner+ maternal 
lineage+ animal genetic effects. The horse owner tried to 
capture the trainer effect prior to competition. Forty two 
percent (93/231) of owners had a single record. 
Competitors in the performance file were assigned to 
maternal lineages on the basis of the earliest female 
ancestor recorded. Those female ancestors had no known 
parents, and each of them (434 mares) were regarded as 
founders of a specific maternal lineage. Forty-four percent 
of the foundation mares (193/434) had a single competitor 
in the performance file, whereas one foundation mare had 
over 15 competitors. Predictive ability was evaluated using 
a three-fold cross validation (McCarthy, (1976); Picard and 
Crook (1984)). Data were split randomly onto three disjoint 
folds f={1,2,3} and mean-squared predictive error was 
defined as 
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were yijklmnop is the phenotypic observation for each 

trait and ŷijklmnop is a conditional expectation function 
evaluated at the posterior mean of model unknowns 
obtained when the data in fold f was excluded from the 
analysis. Original performance dataset was edited to work 
with owners and maternal lineage effects with 3 or more 
competing horses (n=702 competitors).  

 
Spearman rank correlations and commonly top 

ranked horses. Selected models with higher predictive 
ability were compared in terms of Spearman rank 
correlations between predicted breeding values (EBVs) for 
sires with five of more competing offspring. Those models 
were also assessed calculating the number of animals that 
ranked commonly in the top 10% of EBVs for  Rbin or R4.  

Parameters were drawn from the posterior 
distribution obtained through Gibbs sampling using the TM 
program developed by Legarra et al. (2011), and 
Thrgibbs1f90 by Misztal et al. (2002), under a Bayesian 
framework. To make model comparisons by Spearman 
correlations and top 10% ranked horses, EBVs were 
obtained with the whole dataset (n= 1236 competitors). 
Convergence diagnostics, and the statistical and graphical 
analysis of the Monte Carlo Markov chain were made by 
the BOA package (Smith 2007), using the R platform (R 
Development Core Team 2009). A chain of 250,000 
iterations was used, with a burn-in period of 50,000 rounds 
and a thinning interval of 50 samples. 

 
Results and Discussion 

 
All alternative models within each model and trait 

had similar MSEP values (Table 1), but there was a pattern 
of smaller MSEP for simpler ones, particularly when we 
assumed a multivariate distribution for Year and Animal 
genetic effects (M2). Therefore, (M2) were selected for 

complementary model assessment. This could be explained 
because data structure (quantity and distribution) was not 
the most appropriate, showing a great proportion of owners 
and maternal lineages with a low number of competitors. 
Linear models for R4 or Rbin gave higher predictive ability 
than corresponding threshold models. Average MSEP from 
all alternative models within each model was 1.06 and 2.93 
for LR4 and TR4 respectively; whereas it showed average 
MSEP values of 0.23 and 3.31 for LRbin and TRbin 
respectively. The use of Tm in a bivariate approach with R 
traits showed a better predictive ability for Rbin (P-LRbin 
average MSEP 0.22) and LR4 (P-LR4 average MSEP 1.01 
for P-LR4) than fitting univariate models. M2 for each 
response trait and model were selected for complementary 
model assessment. Spearman rank correlations between 
EBVs for sires with five of more competing offspring 
showed a similar ranking among different models. Values 
of correlation ranged from 0.79 to ≈1, obtaining maximum 
values among models for the same trait Rbin or LR4. 
Further, in Table 2, models were also assessed calculating 
the number of animals that ranked commonly in the top 
10% of EBVs for Rbin or R4. Between 68 and 98% of the 
elite horses were in common in the top 10% for all models 
irrespective of the R trait. For R4 models the bivariate 
approach showed the highest proportion of top ranked 
horses (0.98) shared with LR4. However, for Rbin the 
greatest proportion of elite horses in common was found 
between LRbin and TRbin models (0.96). Overall, 
threshold models did not show a better performance than 
linear models for Rbin or R4. For Rbin this might be a 
result of the lower magnitude of the heritability estimate for 
Rbin on the underlying scale (0.07, López-Correa 2013), 
and since the incidence of equines that completed the event 
is around 60%, both reasons may have prevented an 
increase in non-additive genetic bias (Dempster and Lerner 
1950). Similar results were described in other studies for 
analyzing categorical data (Peñagaricano et al. 2011; 
Vázquez et al. 2009). R4 and Rbin shared a moderate 
proportion of top ranked horses (0.68-0.72). This could be 
explained because R4    can better describe genetic 
performance of competitors by grouping horses that 
completed the event into three categories, as it was denoted 
by Tozaki et al. (2011) in Japanese Thoroughbred 
racehorses. Fitting R traits under a bivariate approach with 
Tm may help to increase predictive ability of genetic 
performance for Rbin or R4. Although Tm for horses 
without a performance record was assigned without a 
biological criterion in comparison with other studies (e.g. 
body lengths in Arab race horses in Schurink et al. (2009); 
or estrous cycle length Johnston and Bunter (1996)) it 
seems a simple way to fit that trait in a bivariate approach.     

 
Conclusion 

 
Alternative models (M2) for R traits that 

considered year and animal genetic effects following a 
multivariate distribution were preferred because of similar 
or higher predictive ability in comparison to more complex 
models. A bivariate approach between Tm penalized 10% 
and R traits seem a better way to analyse genetics of 
performance for Rbin or R4, and Tm can be fitted without 



much effort. A simulation study is required for further 
model assessment and to help define the most appropriate 
for genetic evaluation of performance of the Criollo horse 
in endurance competitions. 
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Table 1. Mean-squared error of prediction for a three-
fold cross validation study using LR4, TR4, LRbin, 
TRbin, P-LR4 and P-LRbin models§ and their 
alternatives fitted to different response variables (Tm, R 
binary or with four levels). 

 Model 

Alternatives ¥ LR4 TR4 LRbin TRbin P-
LR4& 

P-
LRbin 

M1 1.03 2.92 0.22 3.60 1.02 0.22 

M2 1.01 2.81 0.22 3.21 1.00 0.21 

M3 1.07 2.97 0.23 3.20 1.00 0.21 

M4 1.11 3.00 0.24 3.22 1.01 0.21 

§LR4: univariate linear animal model for R4. TR4: univariate threshold 
animal model for R4. LRbin: univariate linear animal model for Rbin. 
TRbin: univariate threshold animal model for Rbin. P-LR4: bivariate linear 
linear animal model for Tm penalized 10% and R4. P-LRbin: bivariate 
linear linear animal model for Tm penalized 10% and Rbin. 

¥All alternatives of animal models for each response trait included sex, 
age, and regulations assuming a uniform distribution. Different effects 
with multivariate distribution were added to  alternative models:  M1  
(Animal), M2 (Year+  animal), M3  (Year+ owner + animal) and M4  
(Year+ owner+ maternal lineage+ animal) 

&For bivariate models only MSEP was estimated for the traits considered 
of interest, Rbin or R4.  

Table 2. Proportion (number) of horses ranking 
commonly in the top 10%  for estimated breeding values 
using (M2) alternative model animal models for LR4, TR4, 
P-LR4, LRbin, TRbin and P-LRbin models fitted to different 
response variables (Tm, R binary or with  four levels). 

 Model§ 

 LR4 TR4 LRbin TRbin P-
LR4& 

P-
LRbin 

LR4  0.93 

(576) 

0.69  

(428) 

0.68  

(418) 

0.98 

(607) 

0.77 

(474) 

TR4   0.72 

(447) 

0.71 

(438) 

0.93 

(578) 

0.80 

(494) 

LRbin    0.96 

(591) 

0.70 

(431) 

0.87 

(539) 

TRbin     0.68 

(422) 

0.87 

(534) 

P-LR4      0.77 

(477) 

§Alternative model M2 was selected. 

&For bivariate models commonly top 10% ranked horses were considered 
for Rbin or R4.  

 
 
 


