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Abstract

Background: Copy number variations are genome polymorphism that influence phenotypic variation and are an
important source of genetic variation in populations. The aim of this study was to investigate genetic variability in
the Mexican Creole chicken population using CNVs.

Results: The Hidden Markov Model of the PennCNV software detected a total of 1924 CNVs in the genome of the
256 samples processed with Axiom® Genome-Wide Chicken Genotyping Array (Affymetrix). The mapped CNVs
comprised 1538 gains and 386 losses, resulting at population level in 1216 CNV regions (CNVRs), of which 959
gains, 226 losses and 31 complex (i.e. containing both losses and gains). The CNVRs covered a total of 47 Mb of the
whole genome sequence length, corresponding to 5.12% of the chicken galGal4 autosome assembly.

Conclusions: This study allowed a deep insight into the structural variation in the genome of unselected Mexican
chicken population, which up to now has not been genetically characterized. The genomic study disclosed that the
population, even if presenting extreme morphological variation, cannot be organized in differentiated genetic
subpopulations. Finally this study provides a chicken CNV map based on the 600 K SNP chip array jointly with a
genome-wide gene copy number estimates in a native unselected for more than 500 years chicken population.
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Background
Copy Number Variants (CNV) are genomic structural
variations distributed over the whole genome in all
species and refers to genomic segments of at least 50 bp
in size [1], for which copy number differences have been
observed in comparison to reference genome assemblies
(insertions, deletions and more complex changes) [2, 3].
Sequencing of the chicken genome, released in 2004 [4],
has facilitated the use of molecular markers for breed/
ecotype characterization. Structural variation has been
recognized as an important mediator of gene and gen-
ome evolution within populations. In the last decades,
microsatellite markers have been often used to perform
phylogenetic analysis and studies on genetic variability
in chicken populations [5–7]. Although numerous stud-
ies investigating genetic variation have focused on SNPs,
there is a growing evidence for the substantial role of

structural DNA polymorphism in phenotypic diversity
[8]. It has been shown that CNVs are ubiquitous in the
genome and can contribute substantially to phenotypic
variability and disease susceptibility in humans [8, 9] and
animals [10, 11]. The underlying assumption is that
CNVs are changing the gene structure and dosage and
altering the gene regulation [8–13]. Even if CNVs are
less frequent than SNPs in terms of absolute numbers,
CNVs cover a larger proportion of the genome and have,
therefore, a large potential effect on phenotypic variabil-
ity [14]. Compared with humans and other model organ-
isms, there is limited research on the extent and impact
of CNVs in the chicken genome.
In Mexico the poultry population, even if it shows

large morphological variability, is not divided into breeds
or strains and, possibly, can be considered as a unique
widespread Creole chicken population (Gallus gallus
domesticus), as the result of undefined crosses among
different breeds imported into Mexico from Europe for
almost 500 years [15, 16]. Creole chickens include, in
fact a wide variety of biotypes with different colors of
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plumage and morphological features that are widely dis-
tributed in the country [17]. In the absence of compre-
hensive breed characterization data and documentation
of the origin of breeding populations, DNA polymorph-
ism provides the most reliable estimates of genetic diver-
sity within and between a given set of populations [18].
Several studies have been developed in the recent past

to detect CNV in poultry using low-density 60 K SNP
chips [19] or aCGH [20–22]. The major limits of these
studies reside in the density of the spots of the used ar-
rays and the limited sample size. It has been already sug-
gested by Jia et al. [23] that the use of the 600 K SNP
array can improve the efficiency of the CNV detection in
the poultry species. The whole genome sequence data
can improve the detection of small CNVs but, even if
desirable and employed by some authors [24, 25], is still
economically too demanding to be realized over a large
number of samples.
The aim of this study was to map the CNV in the

Mexican chicken population with an unprecedented
resolution using high density SNP chip (i.e. 600 K
Affymetrix SNP chip) on a large number of individuals
(i.e. 256) and to characterize the genetic variability of
the Mexican Creole chicken’s population using CNV as
genomic markers.

Methods
Sampling and genotyping
In this study a collection of 265 individuals of the
Mexican chicken population, from different farms
across 26 states of United States of Mexico, was previ-
ously sampled by Instituto Nacional de Investigaciones
Forestales, Agricola y Pecuarias (INIFAP) within the
institutional activities of the Centro Nacional de Re-
cursos Geneticos at Tepatiplan, Jalisco. As mentioned
hereinbefore, a classification of the Mexican population
in breeds does not exist. For this reason, the birds have
been considered as a unique Creole population and
sampled in several states of Mexico.
Samples were processed and genotyped within the

framework of a previous project of INIFAP using the
600 K Affymetrix Axiom® Chicken Genotyping Array,
containing 580,954 SNPs distributed across the genome,
with an average spacing of about 1.8 kb and data made
available for the present study. A commercial service
provider performed the genotyping and the DNA extrac-
tion from feathers. The galGal4 chicken assembly was
used in this study as reference genome.

Quality assurance of CNV raw data and CNV detection
The CNV detection was performed on a total of 471,730
SNPs on the first 28 chicken autosomes.
The Axiom® Analysis Suite software (Affymetrix) was

used to perform raw intensity data Quality Control and

run the genotyping algorithms. Default quality con-
trol settings were applied to filter for low quality
samples before running the genotyping analysis, to
exclude the ones with call rates <97% and Dish
Quality Control <0.82. The Axiom® CNV summary
software tool was used to generate input files for
CNV prediction analysis.
The CNV detection was performed with PennCNV

software [26] using Log R Ratio and the B allele fre-
quency [27] obtained with the Axiom® CNV Summary
Tool software. The individual-based CNV calling was
performed using the default parameters of the Hidden
Markov Model (HMM): standard deviation of LRR
<0.30, BAF drift as 0.01 and waviness factor at 0.05 and
a minimum of 3 SNP was required to define a CNV.
The distribution of CNV per individual spanned from 0
CNV to more than 100. Up to 79 CNV the distribution
was continuous, while a step to more than 100 CNV
was detected in 9 birds. To avoid the introduction of
possible false positive and a bias in the CNV interpret-
ation they were then filtered out as the number of CNVs
detected appeared to be outlier respect to the CNV dis-
tribution, leaving 256 samples for further analyses. It is
worth to mention that Zhang et al. [19] have performed
a validation of the CNV called by PennCNV, using the
CNVPartition program obtaining an overlapping of re-
sults of 99%. Additionally recent studies in cattle [28]
have used two software to map CNV based on different
algorithms: the HMM of PennCNV, based on the CNV
identification on B allele frequency and Log R ratio, and
the CNAM of SVS (Golden Helix) basing the identifica-
tion only on Log R ratio. These studies provide an
additional empirical evidence of the results provided by
Xu et al. [29] that in their study concluded that using
multiple CNV calling algorithms might also increase the
false positive rate.
In addition to detect the outliers as hereinbefore de-

scribed, in order to minimize the false positive callings,
the PennCNV was run using different “.hmm” files
(agre.hmm, affygw6.hmm, hh550.hmm), which is known
that may affect substantially the false positive as well as
the false negative rate. The online PennCNV manual
(http://penncnv.openbioinformatics.org/en/latest/) in fact
instruct the user that the agre.hmm file produces an
excess of false positive calls respect to the default
affygw6.hmm file, which has been criticized to produce a
low number of CNV calls (i.e. excess of false negative) re-
spect to other calling software and algorithms. Addition-
ally we used the hh550.hmm file in the calling process,
which is based on a chip with the closest number of SNPs
respect to the SNP chip used here. To reduce the false
calling rate we have then considered valid only the
CNV calls obtained both with the agre.hmm and the
hh550.hmm files. The number of CNV calls resulted using
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the affygw6.hnm files were negligible respect to other two
files, but anyhow present in the consensus here obtained.
The hmm file supplied to the HMM of PennCNV, (http://
penncnv.openbioinformatics.org/en/latest/), provides to the
algorithm the expected signal intensity values for different
states of CNV and the expected probability for the transi-
tion in different copy number state. As described in the
PennCNV user manual, however, the transition probability
is a function of the distance between neighboring markers.
This makes the choice of a correct hmm file, in respect to
the density of markers, a critical step in the mapping of
CNV to control false positive and negative calls.

CNVR definition
The CNV regions (CNVRs) were obtained using the
BedTools software (−mergeBed command) [30], through
merging overlapping CNVs by at least 1 bp, as described
by Redon et al. [12]. CNVRs were classified as gain, loss
and complex CNVRs (i.e. a CNVR comprising both gain
and loss events).

CNVR annotation
After downloading the list of chicken autosome galGal4
genes (GCA_000002315.2) from Ensembl database (Re-
lease 88) (http://www.ensembl.org), the gene annotation
was performed using the software Bedtools, intersect
command [30], identifying the genes fully included in, or
partially overlapping, the defined CNVRs. Gene ontology
(GO) and Kyoto Encyclopedia of Genes and Genomes
(KEGG) analysis were performed using the Panther data-
base (http://pantherdb.org).

Clustering analysis using CNVRs
A clustering analysis was performed considering CNVRs
found in this study [31]. A scoring matrix of the CNVRs
was constructed, attributing the “0” or “1” values to indi-
cate the absence or the presence of a CNV in a specific
CNVR. A hierarchical agglomerative clustering was then
applied to the scoring matrix using the pvclust function

of the pvclust R package [32]. Multiscale bootstrap re-
sampling (no. 10,000 bootstraps) was used to obtain the
Approximately Unbiased P-value (AU), in order to deter-
mine the robustness of branches. The Unweighted Pair
Group Method with Arithmetic mean (UPGMA) was
the Agglomerative method chosen.

Results
CNV and CNVR detection
The Table 1 reports the descriptive statistics of identified
CNVs and CNVRs. The HMM of the PennCNV software
detected a total of 1924 CNVs; among these, 386 were
deletions (i.e. loss state) and 1538 were duplication (i.e.
gain state), with a deletions/duplications CNV ratio of
0.25, calculated as the total number of losses divided by
the total number of gains.
The CNVs overlapping among samples were summa-

rized across all individuals into 1216 CNVRs (959 gains,
226 losses and 31 complex), covering a total of 47 Mb of
sequence length, corresponding to 5.12% of 28 autosomes
in the galGal4 assembly (Additional file 1: Sheet 1).
In Fig. 1 the CNVRs map, divided in gain, loss and

complex on each chromosome is shown.
In Table 2 the number of CNVRs found is reported, to-

gether with the state and the proportion of coverage by
chromosome. The coverage proportion is smaller than
10% for all chromosomes, except for 16, 18, 24, 27 ones.
CNVRs were classified as singleton if detected in only

one individual. Among the identified CNVRs, 1009
(82.9%) were present in singleton, 127 (10.4%) in two in-
dividuals, 30 (2.4%) in three individuals, 11 (0.9%) in
four individuals, and 39 (3.2%) in five or more individuals.
For every state (i.e. gain, loss, complex) CNVRs were
divided according to their length into four classes: <1 kb,
1–10 kb, 10–100 kb, >100 kb; Fig. 2 reports the CNVRs
count for each class of CNVRs length.
The majority of the 1065 CNVRs identified in this

study had a length comprised between 10 kb and
100 kb, of which 471 comprised between 1 kb and 10 kb

Table 1 Descriptive statistics for Copy Number Variants (CNVs) and Copy Number Variants Regions (CNVRs) identified in the Mexican
chicken population

Type No. Length Min length Max length Mean length Median length Total Coverage

CNVs

Loss 386 12,575,609 92 574,231 32,579 6038 1.37%

Gain 1538 74,022,420 138 1,345,291 42,129 22,810 8.05%

All 1924 86,598,029 92 1,345,291 45,009 19,273 9.42%

CNVRs

Loss 226 3,920,955 92 279,420 17,349.36 4950 0.43%

Gain 959 38,550,088 138 1,345,291 40,198.21 15,414 4.19%

Complex 31 4,580,519 3501 607,435 147,758.7 60,250 0.50%

All 1216 47,051,562 92 1,345,291 38,693.72 13,897.5 5.12%
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and 594 comprised between 10 kb and 100 kb. A total of
39 CNVRs had a length lower than 1 kb while 112 CNVRs
showed a size longer than 1 Mb (Fig. 3). The highest num-
ber of gain and complex CNVRs are those with a length
of 10–100 kb, while the loss CNVRs were present at
largest frequency within a length of 1–10 kb (Fig. 3).
The regions mapping in a large number of individuals

were: the CNVR on chromosome 1 at 42.96–43.13 Mb,
identified in 61 samples; the CNVR on chromosome 12
at 1.12–1.22 Mb, identified in 56 samples; the CNVR
on chromosome 16 at 1253–533,589 bp, identified in
53 samples; the CNVR on chromosome 1 at 193.13–
193.24 Mb, identified in 52 samples.
The Fig. 3 shows the sample count for every CNVR

state according to the previously defined 4 CNVR length
classes (as shown in Fig. 2). The sample count classes
were defined as: 1 (singleton), 2–5, 6–20 and >20. The

gain CNVRs (Fig. 3a) have a sample count distribution with
most of the regions falling into the 10–100 kb class. The
loss CNVRs (Fig. 3b) have a sample count distribution with
most of the regions falling into the 1–10 kb class. Class 1
mostly represents the gain regions. Furthermore, class 1 is
the most frequent in all length classes. The highest length
and sample classes mainly belong to the gain regions. In
the complex region (Fig. 3c) the class mostly represented is
the 10–100 kb one. More precisely, the most represented
sample class is the 2–5 class falling mainly within the 10–
100 kb length class. Furthermore, class 2–5 is the most
frequent. Lastly, all the sample classes are distributed
mostly within the 1–10 and 10–100 length classes.

CNVR annotation
The intersection analysis performed between the chicken
gene database (Ensembl galGal4) and our CNVRs allowed

Fig. 1 Physical distribution of the Copy Number Variants Regions (CNVRs) according to states (gain, loss and complex)
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the identification (within or overlapping the consensus
CNVRs) of 1543 Ensemble genes ID, corresponding to
1068 genes with an official gene ID. Out of the 1216
CNVRs identified in this study, 783 (64.4%) encom-
passed one or more genes, while 433 (35.6%) did not
involve any gene. More specifically, among these genes,
1028 (96.25%) were protein-coding genes, 34 (3.1%)
were miRNAs and 6 (0.56%) were small nuclear RNAs
(Additional file 1: Sheet 4).
The Panther database provided the annotation in-

formation, according to GO terms and KEGG path-
ways, for only 865 chicken genes. The Additional file 1
reports the annotation output including only terms

resulted statistically significant after Bonferroni correc-
tion (p-value <0.05): 27 classified as Cellular Compo-
nent, 11 as Molecular Function, and 28 as Biological
Process. The significant GO terms were mainly in-
volved in muscle contraction, sensory perception of
sound, response to stimulus, cellular component mor-
phogenesis and movement, and cell communication
(Additional file 1: Sheet 5). Instead, the KEGG pathway
analysis indicated that these genes are involved in 166
pathways, but none of which was significant after
Bonferroni correction.

Clustering analysis using CNVRs
The Fig. 4 shows the cluster-tree built for the chicken
Mexican Creole population based on CNVRs similarities.
In the plot (Fig. 4), the branch length is not directly

proportional to the genetic distance estimated among
samples. The Approximately Unbiased P-value (AU-P in
red) and Bootstrap Probability value (BP-P in green), in-
dicative of how strongly the cluster is supported by the
data, were shown for each node, as well as the Edge
numbers (in light grey). As can be read from Fig. 4
mostly all AU-P and BP-P values are zero, showing no
difference among branch in which individuals are clus-
tered in: there is no cluster with both AU-P and BP-P
values greater than 0.

Discussion
CNV and CNVR detection
The use of a high density SNP chip allows to disclose
smaller CNVs compared to studies performed in the
recent past that were based on a 60 K SNP chip [19]
or on aCGH [20–22]. The average probe distance in
the SNP chip used here is in fact more or less 1,8 kb
(galGal4) allowing the identification of short CNVs.
The smaller CNV (i.e. 92 bp.) that was detected in
this study (Table 1), according to the criteria of mini-
mum 3 SNPs to map a CNV, overlaps with the one
mapped by Yi et al. [24] using a sequencing
approach.
Chromosome 16 is the only one with a very large pro-

portion of length covered by CNV, i.e. 81% (Table 2).
This may be due to the small length of the autosome
and to the presence of the Major Histocompatibility
Complex (MHC), which is known to be affected by vari-
ation in genome copy number as reported by Fulton et
al. [33]. The region is resulting in this study as a com-
plex CNVR, but having the majority of individual CNVs
(46 over 52) to be gain variant (45 heterozygous duplica-
tions, 1 homozygous duplication). The existence of such
a CNV is possibly due to the importance that the MHC
has in immune resistance. As it is known by literature in
fact, the high number of polymorphic sites, closely
associated with resistance against infection diseases (e.g.

Table 2 Number and proportion of genome covered (Coverage
%) by Gain, Loss and Complex Copy Number Variants Regions
per chromosome (CHR)

CHR Gain (a) Loss (a) Complex (a) Total Coverage (%)

1 186 (3.94) 46 (0.38) 6 (0.29) 238 4.61

2 140 (4.78) 31 (0.38) 2 (0.14) 173 5.29

3 101 (3.02) 18 (0.11) 0 (0) 119 3.13

4 58 (3.40) 20 (0.36) 0 (0) 78 3.75

5 58 (6.43) 8 (0.15) 0 (0) 66 6.58

6 41 (3.61) 9 (0.15) 1 (0.15) 51 3.91

7 36 (4.03) 2 (0.02) 1 (0.46) 39 4.51

8 32 (4.55) 1 (0.30) 1 (0.68) 34 5.53

9 25 (3.22) 8 (0.23) 0 (0) 33 3.45

10 32 (5.06) 9 (0.79) 2 (1.11) 43 6.96

11 17 (2.64) 7 (0.78) 1 (0.19) 25 3.61

12 26 (2.73) 4 (0.16) 0 (0) 30 2.89

13 30 (3.88) 8 (1.05) 1 (0.52) 39 5.45

14 32 (7.72) 7 (2.05) 1 (0.20) 40 9.97

15 18 (1.90) 3 (0.12) 1 (0.31) 22 2.33

16 0 (0) 0 (0) 1 (81.60) 1 81.60

17 8 (2.28) 5 (0.97) 0 (0) 13 3.26

18 12 (3.54) 7 (2.06) 2 (5.03) 21 10.63

19 22 (8.32) 4 (0.23) 1 (0.91) 27 9.46

20 17 (3.57) 3 (0.26) 2 (0.39) 22 4.22

21 9 (1.60) 5 (0.30) 0 (0) 14 1.90

22 8 (4.31) 2 (0.74) 1 (0.62) 11 5.67

23 9 (4.78) 5 (0.95) 1 (0.73) 15 6.46

24 12 (9.91) 2 (0.24) 0 (0) 14 10.14

25 3 (2.41) 3 (1.13) 2 (2.39) 8 6.48

26 6 (2.27) 5 (2.11) 1 (1.46) 12 5.84

27 11 (6.04) 4 (3.66) 1 (10.74) 16 20.45

28 10 (3.36) 0 (0) 2 (2.24) 12 5.61

Total 959 226 31 1216
aCoverage of CNVR by chromosome and state (gain/loss/complex) relatively to
each chromosome length
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Marek’s disease, avian Influenza, Rous sarcoma disease,
avian leukosis, infectious bursal disease, avian infectious
bronchitis, Salmonella enteritidis, E. coli and other bac-
terial diseases), characterizes this complex [34, 35].
The large proportion of singleton CNVRs has been pre-

viously reported in chicken populations also by Yi et al.
[24], Han et al. [22] and Strillacci et al. [36], finding a total
fraction of 68.8%, 76.5% and 75%, respectively. Our find-
ings confirm their results and showed that also in the
Mexican chicken population the segregation of CNVs
exists among individuals.

Comparison with previous chicken CNV studies
In order to perform a comparison with previous studies
mapping CNVs in chicken, we migrated autosomal
CNVRs coordinates from galGal3 to galGal4 for the
CNVRs identified by Tian et al. [21], by Crooijmans et
al. [20] and by Han et al. [22] using the UCSC liftOver
tool (https://genome.ucsc.edu/cgi-bin/hgLiftOver). In total
201 out of 308 (65%) autosomal CNVRs detected by
Tian et al. [21], 837 out of 1504 (56%) mapped by
Croijmans et al. [20] and 134 out of 264 (50.75%) iden-
tified in Han et al. [22] were converted successfully.

Fig. 2 Distribution of CNVRs lengths identified with PennCNV

Fig. 3 Sample count per classes of samples (1 singleton; 2–5; 6–20; >20) in each class of CNVR length (<1; 1–10; 10–100; >100 kb), according to
the different CNVRs states
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The comparison among the CNVRs found in this
study and those found in other 7 studies [19–36] is
reported in Table 3 and in the Additional file 1:
Sheet 2 showing the number of CNVRs overlapping
among the studies.
The 1216 CNVRs detected in this study overlap with

617 mapped by others confirming that a proportion of

51% of them were found by independent methods and
in other populations (Additional file 1: Sheet 2).
As reported in Table 3, the proportion of overlapping

CNVRs between this study and each of the other 7
studies ranged from 2.38% to 35.19%. Independently
from the breeds included in all studies, the CNVRs de-
tection is mainly influenced by the sample size and by

Fig. 4 Cluster dendrogram with AU/BP values (%)

Table 3 Comparison between CNVRs detected in this study and in other 4 published ones

Study Method Samples Breeds CNVR Length overlap (Mb) Common CNVR Overlap (%)

Crooijmans et al. [20] aCGH 64 7 837a 4.49 92 7.57

Tian et al. [21] aCGH 22 11 201a 0.969 29 2.38

Zhang et al. [19] SNP chip (60 K) 475 11 438 19.903 80 6.58

Han et al. [22] aCGH 10 4 134a 1.311 29 2.38

Yi et al. [24] Sequencing 12 12 8487 10.424 428 35.19

Yan et al. [25] Sequencing 6 2 5009 2.933 256 21.05

Strillacci et al. [36] SNP chip (600 K) 96 6 564 3.855 109 8.96

This Study SNP chip (600 K) 256 1 1216 47.05
aThis value refers to the number of CNVRs after the shifting to galGal4
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the algorithm and the technology used to CNVs map-
ping (i.e. aCGH vs. SNP or whole genome sequence).
The largest overlap rates occurred in fact when the com-
parison is done with studies using in their analyses a
large sample of individuals [24–25]. On the contrary, a
low overlap occurred when the comparison was per-
formed with studies that employed a low number of
samples, when CNVs were detected with different tech-
nical methods (i.e. aCGH or whole genome sequencing)
and calling algorithms.
No CNVR is simultaneously common to this and to

all the 7 other studies here considered. The Additional
file 1: Sheet 3 reports the list of CNVRs simultaneously
shared by our study and at least 3 other ones among the 7
here considered, and the annotated genes found in the re-
gions. As shown, the CNVR common among 7 studies are
4 and are located on chromosome 1 at 42.96–43.13 Mb,
chromosome 5 at 2.6–3.9 Mb, chromosome 8 at 15.45–
15.47 Mb and chromosome 9 at 3.42–3.49 Mb.
In particular the CNVR on chromosome 1 is common

to 7 studies and includes the KITLG (KIT ligant), a pig-
mentation candidate gene that has a role in controlling
the migration, survival and proliferation of melanocytes.
Rare mutations in the mouse homolog of KITLG are
known to affect coat color [37]. Additionally Metzger et
al. [38] highlighted the importance of this gene in the
reproduction efficiency in horses claiming its general
effect in all livestock populations.
The CNVR on chromosome 5 (2.60–3.95 Mb)

(Additional file 1: Sheet 3) harbors the BDNF (brain
derived neurotrophic factor) gene, which seems to be
involved in chicken heat stress response. In fact,
Lamont et al. [39] reports that early thermal condi-
tioning allows increased transcription of the BDNF
gene in response to heat stress later in the bird’s life.
Furthermore, previous findings indicate that BDNF pre-
vents the death of cultured chick retinal ganglion cells
and, as reported by Herzog et al. [40], the tightly con-
trolled expression of the BDNF gene might be important
in the coordinated development of the visual system in
chicks. Also, in the same CNVR on chromosome 5 lies
the LGR4 (leucine rich repeat containing G protein-
coupled receptor 4) gene that in human is associated with
low bone mineral density [41]
In the region on chromosome 8 no genes were anno-

tated, while in the region on chromosome 9 the IMP4
(U3 small nucleolar ribonucleoprotein) and the VPS8
(Vacuolar Protein Sorting-Associated Protein 8 Homolog)
genes are annotated, but there are no studies that associ-
ate these genes to specific traits.

CNVR annotation
Additionally, quantitative trait loci (QTL) from chicken
QTLdb (http://cn.animalgenome.org/cgi-bin/QTLdb/GG/

index) were downloaded in order to examine their over-
lapping with the identified CNVRs. Because the confi-
dence intervals of some QTL were too large, we
considered QTL less than 5 Mb of length. A total of
656 CNVRs overlapped with 918 QTL, corresponding
to 172 different traits that included mainly: body
weight, body size, carcass traits, fatness traits, Marek’s
disease-related traits, and egg shell (Additional file 1:
Sheet 6).
Some of the genes identified in our CNVR have

already been associated with functional traits in chickens
in previous studies. The region identified on chromo-
some 4 at 80.75–81.02 Mb contains the gene SORCS2
(sortilin related VPS10 domain containing receptor 2)
associated with aggressive behavior traits in males [42].
The region on chromosome 1 at 130.82–130.89 Mb in-
cludes the gene OCA2 (oculocutaneous albinism II). This
gene had highly significant effects on body weight in
weeks 11–12 in chicken, as reported by Gu et al. [43]
and is also involved in pigmentation [44]. The CNVRs
on chromosome 1 at 65.63–65.98 Mb and at 66.02–
66.03 Mb harbor SOX5 (SRY-box 5) gene, which is
involved in chicken the Pea-comb expression. In fact,
Pea-comb is caused by a duplication located near con-
served non-coding sequences in intron 1 of the gene [45].
Three regions on chromosome 1 at 146.55–146.59 Mb, at
147.08–147.13 Mb and at 147.78–147.80 Mb harbor the
glypican 6 (GPC6) gene, glypican 5 (GPC5) gene, which
are located within the QTL for bodyweight identified in
previous studies [46, 47].
The CNVR on chromosome 18 (5.00–5.02 Mb) in-

cludes the FASN (fatty acid synthase) gene that has been
identified as one of the gene that control fat deposition
in chickens (i.e. fat bandwidth, abdominal fat percentage
and abdominal fat weight) [48].
Finally, some genes included in 10 different CNVRs

found in this study are classified into the pathway for
salmonella infection (http://www.genome.jp/dbget-bin/
www_bget?gga05132). These genes are: IFNG (interferon
gamma) (chromosome 1 at 34.95–35.16 Mb), DYNC2H1
(dynein cytoplasmic 2 heavy chain 1) (chromosome 1 at
182.31–182.3 Mb), WASF1 (WAS protein family member
1) (chromosome 3 at 66.86–66.87 Mb), ARPC2 (actin
related protein 2/3 complex subunit 2) (chromosome 7 at
22.60–22.70 Mb), TJP1 (tight junction protein 1)
(chromosome 10 at 6.08–6.11 Mb), DYNC1LI2 (dynein
cytoplasmic 1 light intermediate chain 2) (chromosome
11 at 11.42–11.51 Mb), FLNB (filamin B) (chromo-
some12 at 8.87–8.87 Mb), RAB7A (member RAS onco-
gene family) (chromosome 12 at 9.15–9.15 Mb),
ARPC1B (actin related protein 2/3 complex subunit 1B)
(chromosome 14 at 4.38–4.38 Mb), PLEKHM2 (pleck-
strin homology and RUN domain containing M2)
(chr21 at 4.21–4.22 Mb).
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Clustering analysis using CNVRs
The results of this study suggest that there is not a clear
division in classifiable subpopulations based on the
CNVR characterization and, thus, that the Mexican
Creole chicken population can be considered a unique
genetic mix. These results are different to the ones
recently found by Strillacci et al. [36] using the same ap-
proach in Italian well defined chicken breeds clearly
clustered by CNVRs classification and by Tian et al. [21]
and Wang et al. [49] in chicken and pigs respectively,
showing additional evidence of the usefulness of CNV as
markers for differentiating individuals. To provide a val-
idation of the approach here used to cluster individuals
of the Mexican population with CNVs we performed a
PCA and a hierarchical clustering using the SNP geno-
types: no clustering was obtained and the population
resulted as for CNVs a unique genetic mix (Additional
file 2: Fig. S1).

Conclusion
This study is the first CNV genomic analysis on a large
sample of individuals of the Mexican chicken population
based on high-density SNP chips. It provides insights
into the genetic and genomic architecture of the Mexican
Creole chicken population, providing valuable genomic
source of structural variation to enrich the chicken CNV
map, helping future CNV association studies for import-
ant traits in chickens.
The major result resides in the disclosure of the gen-

etic homogeneity of the Mexican chicken population.
This result allows to consider all individuals of popula-
tion as a unique genetic mix deriving from the introduc-
tion of chicken in the American continent, following the
colonization from Europe. According to our results the
CNV variation in the population does not allow to dis-
close breeding strategy addressed to specific selection
criteria. The same method, we used here based on the
CNV, was able to dissect properly different Italian breeds
in a previous study [36]. The results of this study, thus,
suggest that there is not a clear division in classifiable
subpopulations based on the CNVR characterization and
that the Mexican Creole chicken population can be
considered a unique mix of genetics.
Most of the 1216 CNVRs detected were novel variants

disclosed thanks to the HD SNP chips here used, which
enrich the current poultry CNV database. This mapping
is having a particular value because it is based on a
unique poultry population, that we assumed to own a
larger genetic variability respect to selected commercial
population, as reproduction is based on an outbreeding
mating system by more than 500 years.
Finally we detected 1543 Ensemble genes ID overlapping

with CNVRs, including genes involved in well-known phe-
notypes such as KITLG and OCA2 on chromosome 1,

SORCS2 on chromosome 4, FASN on chromosome 18.
Also, some genes included in 10 different CNVRs found in
this study, belong to the pathway for salmonella infection.
The MHC region on chromosome 16, which has great
interest for disease resistance, lies on a region that is in
common among the CNVRs of four studies.

Online reference
� 2007-2017 "PennCNV". http://penncnv.openbioin

formatics.org/en/latest/.
� Thomas lab at the University of Southern California.

http://pantherdb.org. December 28, 2016.
� University of California, Santa Cruz. https://

genome.ucsc.edu/cgi-bin/hgLiftOver. December
13, 2016.

� NAGRP - Bioinformatics Coordination Program.
http://cn.animalgenome.org/cgi-bin/QTLdb/GG/
index. December 30, 2016.

� Kanehisa, M.; "Post-genome Informatics". http://
www.genome.jp/dbget-bin/www_bget?gga05132.
January 1, 2017.
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