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Abstract
Large genotyping datasets, obtained from high- density single nucleotide 
polymorphism (SNP) arrays, developed for different livestock species, can be 
used to describe and differentiate breeds or populations. To identify the most 
discriminating genetic markers among thousands of genotyped SNPs, a few 
statistical approaches have been proposed. In this study, we applied the Boruta 
algorithm, a wrapper of the machine learning random forest algorithm, on a 
database of 23 European pig breeds (20 autochthonous and three cosmopolitan 
breeds) genotyped with a 70k SNP chip, to pre- select informative SNPs. To 
identify different sets of SNPs, these pre- selected markers were then ranked with 
random forest based on their mean decrease accuracy and mean decrease gene 
indexes. We evaluated the efficiency of these subsets for breed classification 
and the usefulness of this approach to detect candidate genes affecting breed- 
specific phenotypes and relevant production traits that might differ among 
breeds. The lowest overall classification error (2.3%) was reached with a subpanel 
including only 398 SNPs (ranked based on their mean decrease accuracy), with 
no classification error in seven breeds using up to 49 SNPs. Several SNPs of 
these selected subpanels were in genomic regions in which previous studies 
had identified signatures of selection or genes associated with morphological 
or production traits that distinguish the analysed breeds. Therefore, even if 
these approaches have not been originally designed to identify signatures of 
selection, the obtained results showed that they could potentially be useful for 
this purpose.
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INTRODUCTION

Whole genome genotyping datasets using commercial 
and customised single nucleotide polymorphism (SNP) 
arrays developed for many different species, including 
all major livestock animals, can be used to describe, at 
an unprecedented level, population genomic features 
that are useful for many downstream genetic applica-
tions and novel discoveries. For example, high- density 
SNP data provide new tools to evaluate and monitor 
the inbreeding level in livestock populations and infer 
their genetic history and past genetic events (e.g. Schiavo 
et  al.,  2021, 2022). Population structure and signatures 
of selection can be detected by exploiting these datasets 
with a variety of statistical methodologies and compar-
ative analyses (Dadousis et al., 2022; Mulim et al., 2022; 
Muñoz et al., 2019). For other applications, these high- 
density SNP panels provide quite redundant genotyping 
information. Therefore, preselected subsets of informa-
tive SNPs have been proposed for breed assignment of 
individuals, estimation of breed proportion in crossbred 
animals, authentication of the breed of origin of breed- 
branded products, parentage verification and several 
other evaluations and analyses (Bertolini et  al.,  2015; 
Gebrehiwot et al., 2021; Muñoz et al., 2020; Wilkinson 
et al., 2011, 2012). The identification of informative SNPs 
for breed assignment can also highlight genomic regions 
under selection or containing relevant genes involved in 
determining breed- specific traits (Bertolini et al., 2018; 
Schiavo et al., 2020).

Different statistical approaches and measures have 
been used to identify the most informative and discrim-
inating SNPs across few or many breeds by using thou-
sands of markers included in the commercial arrays. One 
of the simplest methods that has been applied for this 
purpose relies on the absolute allele frequency difference 
at each SNPs obtained in the population pairwise com-
parisons, summarised in the Delta values (Wilkinson 
et al., 2012). Another frequently used statistic for the iden-
tification of breed informative SNPs as well as signatures 
of selection and population structures is the FST, the fix-
ation index, which returns the standardised variance in 
allele frequencies among pairs of populations (Hulsegge 
et al., 2013; Wilkinson et al., 2011). Principal component 
analysis, an unsupervised linear technique for dimension 
reduction that allows to extract axes of maximal vari-
ation from datasets (Jollife & Cadima, 2016), has been 
extensively used to describe population structures and 
then to reduce dimensionality of high- density SNP data-
sets and identify breed discriminant markers (Bertolini 
et al., 2015; Paschou et al., 2007; Wilkinson et al., 2011).

Machine learning approaches have recently been 
applied in this context by combining feature selection 
and classification techniques to assign an unknown 
sample (e.g. an animal) to one of the pre- determined 
groups (e.g. breeds) using reduced and selected SNP 
datasets and identifying discriminant SNPs (Bertolini 

et  al.,  2015, 2018; Liu et  al.,  2022; Pasupa et  al.,  2020; 
Schiavo et al., 2020). Among the machine learning tech-
niques, random forest (RF) is an ensemble technique 
that derives prediction rules by combining multiple bi-
nary decision trees obtained after introducing random 
perturbations in the data. These random perturbations 
are introduced to reduce correlation among the decision 
trees, thus leading to ensemble prediction rules with a 
prediction error lower than those derived from single de-
cision trees (Breiman, 2001). These ensemble prediction 
rules can be applied to assign an unknown sample to one 
of the pre- determined groups. Recently, several authors 
have tested some RF- based approaches to identify breed 
informative SNPs in cattle and pig breeds (Bertolini 
et al., 2015, 2018; Gao et al., 2022; Schiavo et al., 2020). 
As RF is prone to being biased by high linkage disequi-
librium between markers, it might become computation-
ally very demanding when using thousands of markers 
(Meng et al., 2009). Therefore, it is a common practice to 
reduce the dataset complexity by reducing the number 
of variables, in this case, the number of markers. There 
are, however, no defined rules and guidelines to proceed 
in this direction and the usual strategies are therefore 
designed to test performance by applying different ap-
proaches and evaluating the final performances of RF 
(Bertolini et al., 2015, 2018; Schiavo et al., 2020).

The Boruta algorithm is an RF wrapper (Kursa, 
Jankowski et al., 2010). As RF can be applied to estimate 
the importance of each feature (SNP) in the classifica-
tion and ranks all the features in order of importance, 
Boruta reinforces the estimated statistical importance of 
the features. This is done by iterating the RF analysis 
with real and shadow features, labelling the real features 
as ‘Confirmed’, ‘Tentative’ or ‘Rejected’, depending on 
their ability to discriminate classes when compared with 
shadow features. Boruta implements a lighter procedure 
for decision trees, thus the analysis on large datasets with 
this wrapper may require lower computational efforts 
than doing the same directly with RF. However, Boruta 
does not provide a ranking of the features but only a 
qualitative value. The combined use of Boruta wrapper 
and simple RF allows statistically stable results to be ob-
tained (with Boruta) that are also associated with a rank-
ing (RF) and are useful to explore the final classification 
error of subsets with different sizes by tuning a variable 
number of informative SNPs based on their ranking.

Boruta- based reduction and classification in livestock 
has already been implemented in other fields, including 
for example, image analyses and the classification of be-
havioural data (Kleanthous et al., 2018), and in the se-
lection of fatty acids with a predictive function for the 
diagnosis of ketosis in cattle (Fiore et al., 2020). Recently, 
Boruta has been also tested for the detection of informa-
tive SNPs useful for the classification of four pig breeds 
(Hayah et al., 2021). In several contexts, Boruta has been 
shown to be one of the most stable and efficient meth-
odologies in panels with high complexity, if compared 
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with other reduction approaches (Acharjee et al., 2020; 
Speiser et al., 2019).

The aim of this study was to apply Boruta algorithm 
and RF approaches to identify and rank different sets 
of breed- informative SNPs. The combination of Boruta 
algorithm and RF was tested using high- density SNP 
datasets obtained from pigs of 23 different breeds. For 
the selected SNP datasets, the efficiency on the animal 
classification (i.e. the assignment of an animal to its 
breed) was evaluated. In addition, the usefulness of these 
combined approaches to mark genomic regions contain-
ing candidate genes affecting breed- specific phenotypes 
and relevant production traits that might differ among 
breeds was also evaluated.

M ATERI A LS A N D M ETHODS

Pig breeds and SNP datasets

The study included a total of 1131 pigs from 20 autoch-
thonous and three cosmopolitan- derived breeds from 
nine European countries (39–53 pigs for each breed; 
Table  S1): two breeds from Portugal (Alentejana and 
Bísara); two from Spain (Iberian and Majorcan Black); 
two from France (Basque and Gascon); six autoch-
thonous (Apulo- Calabrese, Casertana, Cinta Senese, 
Mora Romagnola, Nero Siciliano and Sarda) and three 
cosmopolitan- derived breeds (Italian Large White, 
Italian Landrace and Italian Duroc) from Italy; one 
from Slovenia (Krškopolje pig, hereafter referred to as 
Krškopolje); two from Croatia (Black Slavonian and 
Turopolje); two from Serbia (Moravka and Swallow- 
Bellied Mangalitsa); one from Germany (Schwäbisch- 
Hällisches Schwein); two from Lithuania (Lithuanian 
indigenous wattle and Lithuanian White old type). 
Selection of the pigs for genotyping was performed 
so as to avoid highly related animals (no full-  or half- 
sibs), when possible, by balancing between sexes and 
prioritising adult individuals or, at least, animals with 
the morphology of an adult. All pigs had standard 
characteristics of their corresponding breed and were 
registered in their respective herd books. More infor-
mation of the investigated pig breeds is reported in 
Bovo et al. (2020) and in Table S1.

Genotyping and multidimensional 
scaling analysis

Blood samples were obtained during a general breed-
ing procedure and reused for this work. No animal 
experiments were performed for this research. DNA 
was extracted from leukocytes as described by Muñoz 
et al. (2018). Animals were genotyped with GGP Porcine 
HD Genomic Profiler following the producers’ proto-
cols. The genotyping data have been checked for quality 

with the software plink1.9 (Chang et al., 2015). For each 
breed, SNPs with call rate >0.9 and Hardy–Weinberg 
equilibrium P>0.0001 were retained and animals with 
individual call rate <0.90 were excluded. SNPs have not 
been filtered for low minor allele frequency (MAF), to 
consider alleles that could be fixed in few breeds. Only 
SNPs with MAF equal to zero were removed, consid-
ering all breeds together (fixed in the whole dataset). 
Retained SNPs with missing genotypes were randomly 
imputed within each breed according to the correspond-
ing genotype frequency with an in- house script used in a 
previous work (Bertolini et al., 2015).

Multidimensional scaling was calculated for three 
dimensions using the - - cluster function of the software 
plink1.9 (Chang et al., 2015).

Boruta and random forest

Boruta

Boruta analysis consisted of several iterative applica-
tions of RF, each obtained by adding to the real features 
(the SNPs) some shadow features artificially created by 
randomly permuting the observed ones. At the end of the 
iterations, the estimated importance of real and shadow 
features was compared. Features that emerged from the 
comparison, were labelled as ‘Confirmed’, ‘Tentative’ 
and ‘Rejected’. Real features whose estimated impor-
tance was less than the estimated importance of one or 
more shadow features were labelled ‘Rejected’. The label 
‘Tentative’ meant that the estimated importance of a real 
feature was comparable with that of the shadow features 
and that the number of iterations was not sufficient to 
reach a conclusion. A ‘Confirmed’ feature showed an es-
timated importance that was always better than the esti-
mated importance of any shadow feature.

The Boruta algorithm, implemented in the R package 
‘Boruta’ (Kursa & Rudnicki, 2010, R Core Team, 2021) 
was applied to the whole filtered dataset for two subse-
quent actions:

1. Boruta was first run independently on each chromo-
some with default parameters (namely, a confidence 
interval of 0.01 and multiple comparisons adjustment 
of p using the Bonferroni method). The number of 
iterations was set to 1000. This number allowed the 
resolution of a higher number of ‘Tentative’ labels 
with respect to the default value of 100. For each 
independent run, all SNPs that were labelled as 
‘Confirmed’ by the algorithm were kept and merged 
to create a filtered SNP panel, whereas SNPs that 
were labelled as ‘Tentative’ or ‘Rejected’ were not 
taken into consideration for any subsequent steps.

2. Boruta was then run again using the filtered SNP 
panel defined above with the same parameters, and 
the SNPs that were labelled again as ‘Confirmed’ were 
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retained, whereas the SNPs that resulted as ‘Tentative’ 
or ‘Rejected’ in this second runs were discarded. This 
second step made possible to further reduce the num-
ber of variables and identify a more robust panel of 
informative SNPs.

Random forest

The SNPs included in this reduced SNP panel selected 
with Boruta were analysed with the standard RF algo-
rithm implemented in the R package ‘randomForests’ 
(Breiman, 2001). The analysis was run with default pa-
rameters and iterations. Out Of Bag (OOB) classification 
error estimates were considered to measure the ability 
of the SNP panels to correctly assign each animal to its 
breed. This error estimation, included in RF algorithm 
and consequently in the Boruta algorithm, is an efficient 
alternative to cross- validation methods and it allows 
evaluation of the goodness of classification without the 
need to set any leave- one- out approaches. Here, for each 
SNP of the reduced (pre- selected) SNP panel, the mean 
decrease Gini (MDG) and mean decrease accuracy 
(MDA) were calculated. These values were then used to 
rank the SNPs of the reduced SNP panel based on their 
contribution to the obtained classification: the higher 
the value, the higher the importance of the variable (i.e. 
SNP) in the model. These ranking parameters were used 
to define five subsets of SNPs based on MDG and five 
based on MDA classifications (namely panels N/2, N/4, 
N/8, N/16 and N/32), with the SNP number (N) that was 
subsequently halved in each panel (therefore dividing N 
by 2, 4, 8, 16 and 32, and rounding the number), taking 
the top ranked SNPs in each reduction step. These SNP 
subsets were used for independent RF analyses with de-
fault parameters and iteration but including the ‘classwt’ 
option that corrects for the different number of animals 

available per breed. Out Of Bag and classification error 
estimates were then retrieved again.

Annotation of selected single nucleotide 
polymorphisms

All genes ±500 kb near the SNPs that composed the whole 
reduced SNP panel were retrieved from the Sscrofa11.1 
genome annotation available in NCBI (https:// www. 
ncbi. nlm. nih. gov/ ) and ENSEMBL (https:// www. ensem 
bl. org/ index. html) databases using bedtools software 
v2.30 (Quinlan & Hall, 2010) and used for comparative 
analyses with existing literature. Then, genes annotated 
±100 kb from the SNPs included in some SNP panels (i.e. 
N/2 MDG and N/4 MDA panels) were used for gene en-
richment analysis. Two gene enrichment analyses were 
carried out: one analysis was carried out with r pack-
age enrichR (Chen et  al.,  2013) by interrogating the 
GWAS catalogue, a comprehensive database of relation-
ships between human phenotypes and genes (Buniello 
et al., 2019).

RESU LTS

Genotyping and multidimensional scaling 
analysis

The filtering step across all breed datasets retained 
on average 55 277 SNPs, ranging from 55 087 for the 
Turopolje to 56 552 SNPs for the Italian Large White 
breeds. Among the filtered SNPs, 54 797 were com-
monly present in all breeds and a final number of 
52 542 SNPs, of which 48 544 were autosomal, had a 
total MAF >0. All 1131 animals passed the quality 
threshold (Table S1). Multidimensional scaling analysis 

F I G U R E  1  Multidimensional 
scaling plot of the breeds included in the 
analyses. Each cluster of colour represents 
a country (purple, Croatia; dark pink, 
France; light brown, Germany; light blue, 
Italy, autochthonous; dark blue, Italy, 
cosmopolitan; green, Lithuania; orange, 
Portugal; yellow, Serbia; dark brown, 
Spain; light pink, Slovenia).

 13652052, 2024, 2, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/age.13396 by U

niversita D
i Firenze Sistem

a, W
iley O

nline L
ibrary on [04/03/2024]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

https://www.ncbi.nlm.nih.gov/
https://www.ncbi.nlm.nih.gov/
https://www.ensembl.org/index.html
https://www.ensembl.org/index.html


   | 197BORUTA AND RANDOM FOREST APPLIED TO SNP DATASETS

(Figure 1) showed that individual pigs were generally 
grouped according to their breed. Considering a sec-
ond level of information, most autochthonous breeds 
clustered close to other autochthonous breeds from 
the same country. The three cosmopolitan breeds (i.e. 
Italian Large White, Italian Landrace and Italian 
Duroc) clustered separately from the rest of the au-
tochthonous breeds (Figure 1).

Boruta filtering

The labelling of the SNPs identified after the first round 
of Boruta analysis is shown in Figure 2a. From the 48 544 
autosomal SNPs, a total of 28 713 SNPs were labelled as 
‘Confirmed’, 4241 as ‘Tentative’ and 19 590 as ‘Rejected’. 
Each chromosome contributed with a number of 
‘Confirmed’ SNPs that ranged from 1193 (SSC18) to 1781 
(SSC1), in relation with the chromosome size and the 
total number of filtered SNPs located on each chromo-
some (Pearson's correlation, r = 0.83, p < 0.01). However, 
these were also the chromosomes with the highest num-
ber of ‘Rejected’ or ‘Tentative’ SNPs (SSC1: 3004 and 
491, respectively) and the lowest number of ‘Rejected’ 
and ‘Tentative’ (SSC18: 235 and 31, respectively), again 
in relation to their size and total number of starting 
SNPs assigned to these chromosomes. The second anal-
ysis with Boruta, that was performed only on the 28 713 

‘Confirmed’ SNPs coming from the first analysis, fur-
ther reduced the number of SNPs by retaining only the 
SNPs labelled as ‘Confirmed’, which were in total 1595. 
Here, less than 10% of the SNPs in each chromosome 
was retained and more than 80% of the SNPs were re-
jected (Figure 2b) or labelled as ‘Tentative’. Again, cor-
relation between the retained number of SNPs and the 
length of the chromosomes was very high (r = 0.93). The 
list of SNPs that constituted the reduced panel is re-
ported in Table S2.

Random forest classification

Random forest analyses were run with the 1595 SNPs 
that constituted the reduced panel derived from the 
Boruta steps and with the subsets of SNPs that were sub-
sequently identified to test the lower number of SNPs to 
assign the pigs to the correct breed.

Considering the 1595 SNP panel, RF assigned the 
pigs to their correct breeds with an overall OOB classi-
fication error of 2.39% (Figure 3). Among the different 
breeds, 16 out of 23 had all animals correctly classified 
with this panel (classification error = 0; Table 1). Breeds 
with a few misclassified animals were Black Slavonian, 
Cinta Senese, Krskopolje, Lithuanian White Old Type, 
Moravka, Nero Siciliano and Sarda (Table  1). Sarda 

F I G U R E  2  Distribution of the 
Boruta labelled SNPs across the different 
chromosomes: ‘Confirmed’ (green), 
‘Tentative’ (yellow) and ‘Rejected’ (red). 
(a) The SNP panel derived from the first 
run of Boruta. (b) The reduced SNP panel 
derived from the second run of Boruta.
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had the highest classification error (0.143) with this SNP 
panel.

We then tested the performances of the five SNP 
subsets (derived by subsequently dividing the number 
of SNPs of the reduced panel obtained from the Boruta 
steps) based on MDA ranking values and the perfor-
mances of the five SNP subsets based on MDG ranking 
values. The OOB classification errors were almost equal 
or very close to the value obtained from the 1595 SNP 
panel when the numbers of SNPs were 797 (N/2 panels) 
and 398 (N/4 panels) for the MDA and MDG ranking 
methods (Figure 3). The MDA ranking had the lowest 
OOB classification error (2.30%) with the N/4 SNP panel 
whereas the MDG ranking had the lowest OOB classifi-
cation error (2.39%) with the N/2 SNP panel. The OOB 
classification error increased progressively for both 
MDA and MDG panels when the number of SNPs was 
subsequently reduced. Both N/32 MDA and MDG pan-
els, which contained the lowest number of tested SNPs, 
were the subsets with the highest OOB classification er-
rors (Figure 3).

From the general overview of the classification error 
defined for each breed and reported in Table 1, it is worth 
mentioning that this parameter remained always equal 
to zero with all different panels (based on different num-
bers of SNPs and with both ranking systems) in six au-
tochthonous breeds (Basque, Gascon, Majorcan Black, 
Mora Romagnola, Schwabisch- Hallisches and Swallow- 
Bellied Mangalitsa) and the Italian Duroc breed. In 
one breed, the Casertana, the classification error was 
not equal to zero only in the case of N/32 panels. For 
Turopolje, the classification error was the same (0.04) 
across all SNP panels, from the largest to the smallest. For 
several other breeds, the classification error increased 
with decreasing number of SNPs in the panels, reaching 
the highest values of classification errors in Sarda breed 
with the N/32 panel (0.27 for the MDA ranking and 0.35 
for the MDG ranking). This trend was not always con-
sistent as in a few breeds, the SNP panels with higher 
numbers of SNPs had higher classification errors than 

those observed for some SNP panels with lower numbers 
of markers: for example, in the Lithuanian Native, the 
MDA N/4, N/8 SNP and N/32 panels had a classification 
error of 0.02 whereas the MDA N/2 and N/16 had a clas-
sification error equal to zero (Table 1).

It was also interesting to check the pigs that were 
wrongly assigned by the different subpanels and the 
MDA and MDG ranking methods used (Tables S3–S13). 
For a quick overview of the classification errors of the 
panels (i.e. N/4 MDA and N/32 MDG panels) with lower 
OOB values, Figure 4 reports the number of wrongly as-
signed animals for each breed. For example, a few Cinta 
Senese pigs were misclassified as Black Slavonian (and 
vice versa). With the panel N/32, Sarda pigs were mis-
classified to several breeds, including Bísara, Italian 
Landrace, Nero Siciliano and Schwäbisch- Hällisches 
Schwein (these are the breeds in which at least two Sarda 
pigs were misplaced; Tables S8 and S13).

Annotation of the top- ranked SNPs and 
signatures of selection

The complete list of annotated genes ±500 kb near the 
markers that composed the 1595 SNP panel is reported 
in Table S14. Some of the genes are known to affect eco-
nomically relevant traits, including performance and 
morphological traits, or are included in genomic regions 
where signatures of selection have already been reported 
in pigs (Bovo et  al.,  2020; Rubin et  al.,  2012; Schiavo 
et al., 2021). The top- ranked SNP for MDG was located 
on SSC5 within the methionine sulfoxide reductase B3 
(MSRB3) gene, which has been shown to affect ear shape 
and ear size in pigs (Chen et al., 2013; Zhang et al., 2015). 
Other SNPs mark genes known to affect the body size 
(e.g. PLAG1 zinc finger, PLAG1, on SSC4), which have al-
ready been reported in genomic regions harbouring sig-
natures of selection in many pig breeds. Some genes close 
to the selected SNPs have been associated with growth 
performance traits, e.g. leptin (LEP) on SSC18 and 

F I G U R E  3  Out Of Bag for the reduced 
SNP panel and of the subsets that were 
defined by subsequently halving the 
number of SNPs (N) including the SNPs 
ranked based on their mean decrease 
accuracy (MDA) and mean decrease Gini 
(MDG). For each SNP panel, the number 
of SNPs is indicated in parentheses.
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growth hormone releasing hormone (GHRH) on SSC17 
(De Oliveira Peixoto et  al.,  2006; Franco et  al.,  2005; 
Kennes et  al.,  2001; Pérez- Montarelo et  al.,  2012), and 
reproduction traits (including total number of piglets 
born), e.g. Kruppel like factor 3 (KLF3) on SSC8 (Wang 
et al., 2022). Other examples derive from marked genes 
that have been associated with carcass and meat quality 
traits: two have been associated with boar taint, namely 
CTD small phosphatase 2 (CTDSP2) on SSC1 (Botelho 
et al., 2022) and hydroxysteroid 17- beta dehydrogenase 13 
(HSD17B13) on SSC8 (Moe et  al.,  2008); EPH receptor 
A3 (EPHA3), on SSC13, has been associated with ham 
weight loss at first salting (Fontanesi et  al.,  2017); car-
nitine O- acetyltransferase (CRAT), on SSC1, has been 
associated with backfat thickness and lipid metabolism 
(Casiró et al., 2017; Pena et al., 2013).

Carboxypeptidase E (CPE) gene on SSC8, which 
is close to the top- ranked SNP for MDA, is in a 

signature of selection region, previously identified by 
Bovo et al. (2020) in some of the investigated autochtho-
nous pig breeds. When matching the filtered SNPs from 
Boruta with the selection signatures identified in our pre-
vious study with the same breeds (Bovo et al., 2020), the 
selected SNPs overlapped with 18 other selection sweep 
regions identified in these breeds (Table S15). Five were 
located in genomic regions with signatures of selection 
that resulted from the comparison of groups of breeds 
with different body size (Table S15). Some SNPs were lo-
cated in regions that have been previously detected in ge-
nomic data comparison between belted and spotted pigs. 
Other SNPs are in signatures of selection that emerged 
in one breed. For example, an SNP on SSC1 marked a 
region that emerged in the Alentejana breed on SSC1, 
including the MC4R gene. An additional 11 signatures 
of selection identified in the Basque, Black Slavonian, 
Casertana, Cinta Senese, Gascon, Italian Large White, 

TA B L E  1  Classification error of the different breeds utilising the reduced SNP panel (N = 1595 SNPs) and the subpanels N/2 (N = 797), N/4 
(N = 398), N/8 (N = 199), N/16 (N = 99) and N/32 (N = 49) that were defined using the ranking derived from the mean decrease accuracy (MDA) and 
mean decrease Gini (MDG) values of the SNPs.

Breed
Reduced SNP 
panel (N)

MDA 
N/2

MDA 
N/4

MDA 
N/8

MDA 
N/16

MDA 
N/32

MDG 
N/2

MDG 
N/4

MDG 
N/8

MDG 
N/16

MDG 
N/32

Alentejana 0.000 0.000 0.000 0.000 0.062 0.125 0.000 0.000 0.021 0.042 0.125

Apulo- Calabrese 0.000 0.000 0.000 0.000 0.038 0.075 0.000 0.019 0.000 0.038 0.057

Basque 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Bísara 0.000 0.000 0.020 0.000 0.000 0.061 0.000 0.020 0.000 0.020 0.020

Black Slavonian 0.122 0.122 0.122 0.143 0.143 0.204 0.122 0.122 0.143 0.143 0.184

Casertana 0.000 0.000 0.000 0.000 0.000 0.018 0.000 0.000 0.000 0.000 0.018

Cinta Senese 0.074 0.074 0.074 0.074 0.074 0.074 0.074 0.074 0.074 0.074 0.093

Gascon 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Iberian 0.000 0.000 0.000 0.063 0.042 0.125 0.000 0.000 0.063 0.042 0.125

Krškopolje 0.019 0.000 0.019 0.019 0.019 0.019 0.019 0.019 0.019 0.019 0.058

Lithuanian 
Indigenous 
Wattle

0.000 0.000 0.021 0.021 0.000 0.021 0.021 0.000 0.000 0.000 0.021

Lithuanian White 
Old Type

0.021 0.021 0.021 0.021 0.021 0.042 0.021 0.021 0.021 0.021 0.042

Majorcan Black 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Mora Romagnola 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Moravka 0.080 0.100 0.040 0.060 0.060 0.160 0.080 0.100 0.08 0.08 0.140

Nero Siciliano 0.040 0.020 0.020 0.040 0.040 0.180 0.020 0.040 0.120 0.060 0.120

Sarda 0.143 0.184 0.143 0.143 0.163 0.265 0.102 0.143 0.163 0.224 0.347

Schwäbisch- 
Hällisches 
Schwein

0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Swallow- bellied 
Mangalitsa

0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Turopolje 0.040 0.040 0.040 0.040 0.040 0.040 0.040 0.040 0.040 0.040 0.040

Italian Duroc 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

Italian Landrace 0.000 0.000 0.000 0.000 0.000 0.021 0.000 0.000 0.000 0.021 0.042

Italian Large White 0.000 0.000 0.000 0.000 0.000 0.042 0.000 0.042 0.000 0.042 0.062

Note: The number of SNPs included in the different panels is reported in the legend.
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F I G U R E  4  Matrices of the classification error for (a) panel N/4 MDA and (b) panel N/32 MDG. Lines include the input breeds; the 
columns include the number of wrongly predicted animals for each breed.
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Majorcan Black, Nero Siciliano and Swallow- Bellied 
Mangalitsa breeds harboured SNPs that were included 
in the Boruta reduced SNP panel (Table S15).

Gene enrichment analysis, that included the genes 
captured by the two best SNP panels according to the 
lowest OOB values (i.e. MDA N/4 and MDG N/2), was 
carried out with two tools (enrichR and NET- GE). 
Meaningful results were obtained only with enrichR, 
which identified several terms involved in general bio-
logical functions, otherwise, some terms were more spe-
cific for exterior phenotypes such as hair thickness and 
distribution (Tables S16 and S17). In particular, from the 
GWAS catalogue, the phenotypes ‘monobrow’, ‘beard 
thickness’ and ‘male baldness’ had p- values of 1.21 × 10−5, 
1.7 × 10−4 and 1.3 × 10−3, respectively. Other significantly 
represented terms were related to fatty acid metabolism 
and to more general biological processes such as circa-
dian entrainment or blood selenium level (Tables S16 and 
S17).

DISCUSSION

The identification of breed- informative SNPs can pro-
vide useful tools for the assignment of individual animals 
or their products to a particular breed. Applications of 
this information can have, for example, implications for 
the correct implementation of breeding and conservation 
programmes of animal genetic resources that request the 
verification of the breed to register the animals in the 
breed herd books (Tinarelli et al., 2021). Authentication 
of breed- branded (mono- breed) products (like meat and 
dairy products) can be obtained using this DNA infor-
mation with impacts on the protection of niche value 
chains derived from local breeds (Fontanesi et al., 2016; 
Muñoz et al., 2020; Wilkinson et al., 2012).

We already applied several strategies to identify 
breed- informative SNPs that ranged from candidate 
gene approaches, where genes affecting breed- specific 
traits were targeted (Fontanesi et  al.,  2016; Tinarelli 
et al., 2021), to the use of high- density SNP chip data ob-
tained at a population- wide level in different cattle and 
pig breeds (Bertolini et al., 2015, 2018; Muñoz et al., 2020; 
Schiavo et al., 2020). In the latter cases, different statisti-
cal methodologies and steps with their pros and cons, in 
comparison with the strategy that we developed in this 
study, have been proposed (Hulsegge et al., 2013; Kasarda 
et  al.,  2023; Miao et  al.,  2023; Wilkinson et  al.,  2011; 
Wilmot et al., 2022). In this context, however, the chal-
lenges are quite common and are due to (i) the large num-
ber of variables that should be compared across and (ii) 
several or many different groups of animals (i.e. breeds), 
(iii) which could be all or some genetically very similar 
and/or, alternatively, very divergent. Based on these ele-
ments, (iv) appropriate statistical tools and approaches 
should be evaluated also considering, (v) the requested 
computational time needed to establish ranked lists of 

SNPs based on their combined informative features, 
which in turn are related to the compared populations. 
Most approaches provide only lists of markers lacking 
additional elements. Additional information, however, 
would be useful to understand marker informativeness 
(which is helpful for marker prioritisation), and to evalu-
ate the combined multimarker classification errors, use-
ful to define the allocation power of marker subsets.

Here, the computation burden that several statisti-
cal treatments of the SNP datasets has to face is caused 
by the high number of markers that are investigated. 
Therefore, one common strategy is to first reduce the 
number of SNPs. This reduction, however, should not 
lose informative SNPs and might deal with the high level 
of linkage disequilibrium that is usually present in live-
stock populations (Bertolini et al., 2018). In this study, 
we tested the use of a wrapper (i.e. Boruta algorithm) 
to first select features in a high- dimensionality space, 
characterised by the high- density SNP datasets obtained 
in 23 pig breeds. Then, based on a reduced number of 
markers, we exploited RF to rank the SNPs and define 
the most informative SNP panels, which could correctly 
classify the pigs to their original breed. The introduction 
of the Boruta algorithm is an improvement on previously 
used methods, allowing the selection of statistically more 
stable markers with good classification performances 
within many breeds. Two different ranked lists of the 
informative SNPs were obtained, based on MDA and 
MDG. In addition, starting from these ranked lists, RF 
was applied to explore different subsets of the informa-
tive SNPs, obtained by halving the number of SNPs five 
times, from 1595 SNPs (obtained after the Boruta steps) 
to the lowest tested number of 32 SNPs.

Across the 23 breeds, the lowest OOB classifica-
tion error (2.299%) was obtained with the MDA N/4 
panel (which included 398 SNPs). This value was even 
lower than that of the Boruta reduced panel (N = 1595 
SNPs). For some breeds (Basque, Gascon, Majorcan 
Black, Mora Romagnola, Schwabisch- Hallisches, 
Swallow- Bellied Mangalitsa and Italian Duroc), the 
classification error was equal to zero for all defined 
SNP panels (obtained using MDA and MDG parame-
ters to the lowest number of SNPs tested, i.e. 49 SNPs). 
That means that Boruta was able to capture genetic 
features that distinguished these breeds well. On the 
other hand, these captured features might be due to 
some distinct genetic differences at a few markers 
that allowed maximisation of the informative value 
of the selected SNP panels for about one- third of 
the studied breeds. For several other breeds (Bísara, 
Italian Landrace and Italian Large White, using the 
MDA ranking method; Casertana and Lithuanian 
Indigenous Wattle, using both MDA and MGA rank-
ing methods), the classification error was zero with the 
next lowest number of SNPs (N/16, 99 SNPs). This is 
quite interesting, considering that the genetic history 
of some of these breeds is very similar or that, in some 
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cases, they have undergone mutual introgression (Bovo 
et al., 2020; Muñoz et al., 2018, 2019; Ojeda et al., 2006; 
Schiavo et  al.,  2021). For example, Mora Romagnola 
(an Italian local breed) was in the past recovered by 
crossbreeding with Duroc pigs (Tinarelli et al., 2021). 
Therefore, the fact that there were no classification er-
rors in the Mora Romagnola and Italian Duroc could 
indicate that this autochthonous breed recovered its 
distinctiveness and particular genetic characteristics 
through a well customised conservation programme 
(Tinarelli et al., 2021), that the Boruta algorithm was 
able to capture.

On the other hand, for a few breeds, the classifica-
tion error was higher than zero for all or almost all SNP 
subsets. In particular, the classification error for Black 
Slavonian and Sarda ranged from 0.122 to 0.204 and from 
0.102 to 0.347 (over the different SNP panels), respectively. 
These breeds are quite heterogeneous and have been just 
recently recognised or established and their genetic het-
erogeneity has already been reported in previous stud-
ies (Bovo et al.,  2020; Muñoz et al.,  2018, 2019; Schiavo 
et al., 2021). For these breeds and for a few other breeds for 
which the classification error was always different from 
zero, it would, therefore, be difficult to establish SNP pan-
els that could allocate animals to the correct breed with-
out any error. This problem could also have implications 
for the possibility of authenticating the meat coming from 
these breeds and therefore using these tools to monitor the 
breed- branded value chains and protect them against the 
problems of frauds. In these cases, other strategies have 
been proposed, for example, a breed- specific phenotype, 
the belted coat colour, associated with a marker in the 
KIT gene, has been used to link all Cinta Senese pigs reg-
istered to their herd book to a DNA based authentication 
system of Cinta Senese meat derived only by this marker 
(Fontanesi et al., 2016, 2022).

Another very interesting outcome of this study is that 
highly breed- informative SNPs selected with the Boruta 
algorithm and then evaluated with the RF analyses can 
capture breed- specific phenotypes and other genetic 
characteristics of the breeds that define signatures of 
selection. We already noted that methods that identify 
breed- informative markers could be relevant also for the 
identification of genomic regions that might contain ge-
netic features that affect breed- specific traits (Bertolini 
et al., 2018; Schiavo et al., 2020). In this study, we further 
found evidence that it could be possible to extend the ap-
plication of some statistic methodologies, that have not 
been originally designed to identify breed- relevant ge-
nomic regions, for this purpose. For example, it is worth 
mentioning that the top MDG informative marker was 
in the MSRB3 gene, which is known to affect one of the 
morphological traits (ear shape and size) that distinguish 
many pig breeds (Chen et  al.,  2013; Zhang et  al.,  2014, 
2015). Several pig breeds investigated in our study can 
be distinguished by their peculiar ear shape and size 
(Table S1). A few other breed- specific phenotypes have 

been captured, through the identification of informative 
SNPs, by the applied Boruta algorithm and RF rank-
ing methods, including information on genetic factors 
determining body size and coat colour. Other markers 
included in the top- ranked lists have been associated 
with production traits, including carcass and meat 
quality traits, which might explain breed differences in 
production efficiency and production aptitudes (Čandek- 
Potokar & Nieto Linan, 2019; Fontanesi et al., 2013).

Other statistical approaches, including different 
combinations of statistical tests, will be investigated to 
identify other markers that could be useful to further im-
prove the classification performances of the high- density 
SNP datasets for these pig breeds and other breeds and 
to capture markers that could explain the genetic differ-
ences between breeds for morphological and production 
traits. In this context, other methodological approaches 
should be tested or developed to directly link selected 
SNP markers with breed- specific traits.
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