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Summary
The genetic evaluation of quantitative traits based on genomic information has been
increasingly practiced in beef cattle breeding. The quantitative traits are usually influenced
by numerous genomic variants with small individual effects and remains a challenge to
disclose the genetic basis of variation for those traits. Imputed sequence level SNP data
(11,278,153 SNPs) were partitioned by functional annotation, chromosome and minor allele
frequency (MAF) bin for carcass weight (CWT), eye muscle area (EMA), backfat thickness
(BFT) and marbling score (MS) traits. Genomic relationship matrices (GRM) were
constructed for each classified region and fitted in the models both separately and
simultaneously. Genome-wide association study (GWAS) was performed to identify genomic
variants and their contribution on those traits using linear mixed model and Bayesian mixture
model. Considering all SNPs together, the h2 estimates for the traits CWT, EMA, BFT and
MS were found to be 0.57, 0.46, 0.45 and 0.49, respectively that reflected substantial
genomic contribution. In joint analysis, the variance explained by each chromosome was
found to be proportional against its physical length with weak linear relationships for all
traits. Genomic variance attributed by functional classes varied largely between carcass and
meat quality traits. Exon region contributed more genomic variances for BFT and MS (0.13
and 0.22) while intron and intergenic regions explained almost total genomic variances for
CWT and EMA traits (0.22 to 0.32). More particularly, considering exon region variants and
per SNP contribution analysis revealed that synonymous class explained the largest
proportion of genetic variance. GWAS detected 27 exon variants those significantly
associated with CWT and EMA traits, and were harboured by 14 candidate genes of which
TOX, PPARGC1A, COL1A2, ZCCHC4, PRKDC, CRH, DNAJC5B and TRIM55 were
noteworthy. Notably, SNPs with larger effects (10-3 × and 10-2 × ) varied only between 0.26
to 0.41% of the total numbers but explained 33.42 to 62.73% of the total genetic variance for
the studied traits.
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Introduction
The genetic architecture of complex traits like carcass and meat quality in cattle includes
large number of loci with small individual effects on each trait. Variations in those traits are
due to interactions among the loci dispersed across the genome as well as influenced by

environmental factors. Previous genome-wide association studies (GWAS) using dense
panels of single nucleotide polymorphism (SNP) markers have shown differential
contribution of genic and non-genic regions of the genome to additive genetic variance in
human (Yang et al., 2011), dairy and beef cattle (Koufariotis et al., 2014) and in broiler
chickens (Abdollahi‑Arpanahi et al., 2016). They stated that all genic regions contributed
more additive genetic variation compared to non-genic regions. On the contrary, Santana et
al. (2016) reported opposite results where most of the genomic variance was attributed with
intergenic and intronic regions in beef cattle. Do et al. (2015) found almost similar
contributions to the total genomic variance between annotated genic and non-genic regions in
pigs. Taken together, SNP density in the marker panel, species and types of traits investigated
are important contributing factors for the differences among studies.
Imputation enables to determine SNP genotypes those have not been directly
genotyped by low density marker panel based on information from a reference population
genotyped with higher density panel (Hickey et al., 2012). It is expected to detect more
causal variants on a given trait by using imputed whole-genome sequence data in contrast to
currently used different SNP panels. This also leads to ensure higher reliabilities of genomic
predictions in quantitative traits by incorporating more animals to be genomically evaluated
(van Binsbergen et al., 2015). According to recent encyclopedia of DNA elements
(ENCODE) report, ~80 % of the human genome has engaged in relevant biochemical
activities but only ~1.0 % of the genome encodes a defined product (protein or reproducible
biochemical signature). Therefore, it is worthwhile to understand how genomic regions
contribute to the variance of complex traits and partitioning the genome into different
category would be effective to have a clear scenario of genomic architecture of traits. Until to
date, the genetic architecture of carcass and meat quality traits using sequence level SNP
information is limited in beef cattle and has not yet been reported in Korean Hanwoo cattle.
Here, imputed genome sequence level SNP data was used to investigate the genetic variance
explained by subsets of genomic regions as well as to identify genomic variants and their
contributions through GWAS for four carcass and meat quality traits in Korean Hanwoo
cattle.

Materials and Methods
Animals and phenotypes
A total of 2109 Hanwoo steers born between 2004 and 2013 at Hanwoo Experiment Station,
National Institute of Animal Science (NIAS), Rural Development Administration (RDA),
South Korea, were used in this study. The feeding regimen was similar under feedlot
condition with concentrate and rice straw based ration. Four carcass and meat quality traits
such as carcass weight (CWT), eye muscle area (EMA), back fat thickness (BFT) and
marbling score (MS) were included in this study. Animal health and welfare issues were
followed as per established guidelines of Animal Care and Use Committee, NIAS, RDA,
South Korea. All animals were slaughtered at around 24 months of age. Longissimus dorsi
(LD) muscle samples (1.5 kg) were collected after ~24 h chill from the junction between 12th
and 13th rib. See Bhuiyan et al. (2017) for details on feeding, management and trait
measurements.
Genotyping and quality control
In total, 2605 individuals were genotyped initially using both Illumina Bovine SNP50

BeadChip (50K) and Bovine HD BeadChip (777K). All individuals were then imputed to
high density level (671,902 SNPs) considering 777K genotype data as reference using Beagle
3.2.2 (Browning and Browning, 2009). The SNPs on sex chromosomes were excluded. On
the other hand, the reference population consisted of 238 progeny tested Hanwoo bulls (KPN
bulls) having whole genome sequence data. Finally, high-density genotypes of 2109 Hanwoo
steers were imputed to sequence level using Beagle where each sequenced individual had
25,676,502 SNPs. SNP filtering was performed based on the following exclusion criteria:
minor allele frequency (MAF) < 0.01; imputation R2 < 0.60 (49.12 % of the total SNPs) and
Hardy–Weinberg equilibrium (HWE) < 0.0001 using PLINK 1.9 software (Purcell et al.,
2007). After quality control process, 11,278,153 SNPs were retained for further analyses.
SNP annotation
The physical positions of the SNPs were obtained from UMD 3.1 bovine genome assembly
using SnpEff v. 4.3p and SnpSift software (Cingolani et al., 2012). Total SNPs were
partitioned according to functional annotations (fourteen category). However, all splice
variants, start and stop sites were excluded as of very low proportion against the total SNPs
or in case of exon region SNPs might be represented already by codon sequences and
untranslated regions (UTR). Therefore, six major functional classes of genomic regions were
considered: synonymous, non-synonymous (missense), 5′ and 3′ - UTR, intron, regulatory
and intergenic regions. Regulatory regions that defined as regions located 5 kb upstream and
downstream of genes.
Genomic variance partitioning
To decipher the genetic architecture of traits, the total genomic variance was partitioned
based on MAF category (five classes), chromosome (29 autosome) and functional
annotations (six class). In this regard, genetic relationship matrices (GRMs) were estimated
using the SNPs of respective category (MAF, chromosome and functional class) using GCTA
v. 1.26 (Yang et al., 2011). The variance attributable to each category was calculated
separately or by fitting the all GRMs of the respective category simultaneously in a joint
analysis. Phenotypic data were adjusted for fixed effects (year and season) and covariate
(age). Restricted maximum likelihood (REML) analysis implemented in GCTA v.1.26 was
performed using the following linear mixed model:

Where y is the vector of phenotypes, β is a vector of fixed effects and covariates with its
incidence matrix X, n is the number of subsets for non-overlapping SNPs partitioning; n = 5
for joint analysis by MAF bin, n = 29 for the number of autosomes and n = 6 for the
functional annotation of SNPs, is a vector of random additive genetic effects attributed from
aggregated SNP information and var ( = obtained from the joint analysis where and are
SNP derived GRM and additive genetic variance, respectively, e is a random residual error.
The proportion of variance captured by each category is calculated as = . The denotes
phenotypic variance explained by all autosomal SNPs.
Genome-wide association and genetic contribution of SNPs
Two different approaches were used to perform the single marker association analysis as well
as to know the contribution of exon or intronic SNPs to phenotypes. The pre-adjusted

phenotypes and constructed GRMs were subsequently used for GWAS under mixed linear
model (MLM) including all candidate SNPs and was implemented in GCTA v. 1.26 using the
following association analysis model:
(2)
where y is the phenotype, a is the mean, b is additive effect (fixed effect) of the candidate
SNP to be tested for association, x is the SNP genotype indicator variable coded as 0, 1 or 2,
g is the accumulated effect of all SNPs and e is the residual. Bonferroni adjusted P-value
threshold was determined for correcting multiple hypotheses testing at genome-wide
suggestive and significant level. The Manhattan plots were drawn from genome-wide
associated P values (-log10 transformed observed P-values) using the “gap” package in R
program. On the other hand, Bayesian mixture model that fits all markers simultaneously
with four posterior distributions of each marker were used to estimate the variance explained
by exon markers and was implemented by BayesR software (Moser et al., 2015). The SNPs
in the mixture model assume to be normally distributed with the proportion of effect sizes
0.00, 0.0001, 0.001 and 0.01, respectively, using a single chain of length of 50,000 samples
where the first 20,000 cycles were discarded as burn-in. The genetic contribution ( of each
SNP was calculated using the formula:
(3)
Where, p and q are the allele frequencies for a given trait, is the additive effects of the SNPs
and is the additive genetic variance for a trait. Besides, Per SNP basis genetic variance
explained by each annotation was estimated according to the methods described by
Koufariotis et al. (2014). Subsequently, we performed functional annotation of the significant
SNPs and searched for candidate genes using SnpEff v.4.3q and Variant Effect Predictor
(VEP) tools supported by Ensembl (McLaren et al., 2016).

Results and Discussion
Annotation and distribution of variants across the genome
Genome sequence level SNP data were annotated into 14 different functional classes (Table
1). However, based on the SNP proportion, only six major classes were considered for
further analysis. As expected, intergenic variants were the most common, followed by intron
and exon variants, and were representing 70.30, 28.79 and 0.88%, respectively, of the total
SNPs. Our results are close to the findings of Koufariotis et al. (2014) who reported the
proportion of SNPs based on 777K data in intergenic, intron and exon to be 67.0, 31.0 and
1.0%, respectively, in beef cattle. Santana et al. (2016) reported that distributions of SNPs in
intergenic, intron and exon regions were 63.64, 28.17 and 1.46%, respectively in Nellore
cattle and also supports our study. Taken together, several attributes like SNP density, LD
among SNPs, poor functional annotation and types of traits might affect the annotation
results.
Partitioning genomic variance explained by chromosome, functional annotation and
MAF
The narrow sense h2 estimates considering all SNPs were found 0.57, 0.46, 0.45 and 0.49,

respectively for the traits CWT, EMA, BFT and MS (Table 2). These results suggest
substantial genomic contribution for explaining the proportion of phenotypic variation in the
studied population. To illustrate how much of the genomic variance explained by individual
chromosome, a joint analysis was performed by fitting 29 matrices of genomic relationship
(from 29 autosomes) simultaneously. Generally, most of the chromosomes contributed to
genomic variation in various degrees. The contribution of each chromosome against the total
genomic variance ranged from 0.000 to 0.089 for CWT, from 0.000 to 0.064 for EMA, from
0.000 to 0.044 for BFT and from 0.000 to 0.047 for MS trait. The amount of variance
explained by each chromosome were found to be proportional with its physical length for all
four traits and is presented in Figure 1. However, few exceptions were observed in their
linear relationships. The low R2 value between chromosomal lengths and contributed
genomic variances reflected weak relationship which might be due to genes with large effects
attributed larger proportion of genomic variance for the harboring chromosome. Overall, our
results support the polygenic model for carcass and meat quality traits, and are similar with
the findings of Pimentel et al. (2011) and Jensen et al. (2012) for dairy traits in Holstein
cattle.
For partitioning genomic variation contributed by respective functional annotation,
similarity matrix of each category was used separately at first for variance component
estimation and then all matrices were fitted simultaneously in a joint analysis. Estimates of
separate analyses explained substantial genomic variation accounted for all functional classes
and traits, and were quite larger than those from the joint analysis (Table 2 and 3). For
separate estimation, LD between SNPs in different functional classes might be attributed with
overestimated genomic variance for each class. In case of joint analysis, genomic variances
accounted for functional classes were largely varied between carcass and meat quality traits.
For example, the genomic heritability explained by exons were 0.13 and 0.22, respectively,
for BFT and MS traits, and were almost close to zero for the traits CWT and EMA. By
contrast, intron and intergenic regions contributed significantly more genomic variances for
CWT and EMA (0.22 to 0.32) compared to BFT and MS (0.09 to 0.19). This results
suggested distinct genetic architectures of muscle development and fat biosynthesis genes in
studied population. In particular, when different functional classes of exon regions are
considered in a joint analysis (5ʹ-3ʹ UTR, synonymous and non-synonymous), the genomic
variances attributable to the synonymous class were significantly larger than 5ʹ-3ʹ UTR and
non-synonymous classes for all four considered traits. Similar findings were reported by
Abdollahi-Arpanahi et al. (2016) in broiler chickens for three quantitative traits.
The genetic variance explained by per SNP was estimated to determine the
contribution of SNPs of each class from the joint analysis. Per SNP analysis also revealed
that the largest proportion of genetic variance explained by synonymous class particularly for
the traits CWT, BFT and MS (Figure 2). Relatively lower genetic variance explained by UTR
for CWT, EMA and MS traits, and by non-synonymous class for BFT and MS traits. Intron
captured a smaller proportion of the genetic variance in per SNP basis but larger than updownstream and intergenic classes for all four traits. This study partially agrees with the
results of Koufariotis et al. (2014) who reported missense, synonymous, UTR and updownstream classes explained substantial amount of genomic variances in dairy and beef
cattle.
The distribution of SNPs according to the five different MAF classes is presented in
Table 4 and was account for 42.7, 18.4, 14.2 12.6 and 12.1%, respectively, of the total SNPs.
van Binsbergen et al. (2015) reported that frequency of low MAF increase proportionately
with the advancement of SNP density and supports the present findings. Like as functional
annotations, the variance explained by the five different MAF bin from a joint analysis varied
largely between carcass and meat quality traits. The highest genomic variance attributed with

MAF category 0.1~0.2 for CWT (0.25) and EMA (0.16) traits. The other four MAF bins
explained relatively lower proportions of the variance ranged between 0.03 to 0.10 for these
two traits. In contrast, SNPs with MAF < 0.1 and 0.3~0.4 had significant contribution in
genomic variance for the traits BFT and MS. MAF < 0.1 was accounted for the highest
variance in BFT (0.17) while nearly half of the total variance explained by SNPs belonged to
MAF bin 0.3~0.4 for MS (0.23) traits. This finding also favored for different genomic
structure between carcass and meat quality traits in Hanwoo cattle.
Identification of genomic variants and their contributions through GWAS
The GWAS were performed using exon and intronic SNPs for identification of intra-genetic
SNPs association and their contributions to the traits studied. The MLM based GWAS
revealed a total of 27 significant SNPs of exon regions those resided on BTA 4, 6 and 14
(Figure 3 and 4), and were associated with CWT and EMA (P < 5.04 × 10-7). In case of
intronic regions, additional 299 SNPs located on the aforementioned 3 chromosomes had
significant association (P < 1.54 × 10-8) with these two traits (Figure 5). The significantly
associated SNPs of exon regions harboured by 14 candidate genes of which TOX,
PPARGC1A, COL1A2, ZCCHC4, PRKDC, CRH, DNAJC5B and TRIM55 were noteworthy
(data not shown). The most significant SNP rs110132121 (BTA14: 26631471 bp) for CWT
was located on 3ʹ UTR of TOX gene (P < 5.31 × 10-15). Previous GWAS using both 50K and
777K data revealed major QTL(s) on BTA14 associated with CWT and bovine stature in
different cattle breeds including Hanwoo (Lee et al., 2013). Here, a wider range of
significant SNPs were detected in BTA14 along with BTA4 and 6 using sequence level SNP
information. This would help to identify more causal variants associated with economically
important traits in cattle. However, none of the SNPs reached at significant level for both
BFT and MS traits. To illustrate further the genetic architecture of carcass and meat quality
traits, the proportion of genetic variance explained by each SNP were estimated by BayesR
(Figure 3 and 4). The SNPs with larger effects were found to be resided mostly on BTA 2, 4,
6, 12, 14, 17 and 19 for the investigated traits despite their effect sizes were comparatively
small against the total genetic variance. It is worthwhile to note that 93-96% of the SNPs had
close to zero effect and only 4 to 7% of the SNPs had genetic contribution with different
degrees in the traits studied. More particularly, the proportion of SNPs with larger effects
(10-3 × and 10-2 × ) varied only between 0.26 to 0.41% of the total numbers but explained
33.42 to 62.73% of the total genetic variance. Thousands of SNPs additionally involved with
remaining genetic variance which indicated traits are polygenic in nature and are consistent
with the previous reports in livestock (Pimentel et al., 2011) as well as in human (Moser et
al., 2015).
In conclusion, imputed genome sequence level data revealed both genic and
non‑genic SNPs contributions to phenotypic variations for four carcass and meat quality
traits. However, intra-genic SNPs explained more of the genomic variance than intergenic
variants. Genomic regions based on functional annotations, chromosome and MAF category
showed distinct differences in genomic variance explained for carcass and meat quality traits,
and thus depicted different genetic architectures between the traits of two classes. A wider
range of significant SNPs and their contributions were also investigated that could be used
for detection of new causal variants as well as in genomic evaluation of quantitative traits.
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Table 1. Number of variants annotated in different functional classes in Korean Hanwoo
cattle1
Functional class

Number of variants

Proportion (%)

Intergenic region

7,928,883

70.303

Intron variant

3,246,727

28.788

Exon variant

99,204

0.880

Synonymous variant

50,040

0.444

Missense variant

21,064

0.187

Downstream gene variant

469,605

4.164

Upstream gene variant

460,915

4.087

5' UTR variant

5,119

0.045

3' UTR variant

24,773

0.220

Splice region variant

8,903

0.079

All stop variants

226

0.002

Splice acceptor variant

184

0.002

Splice donor variant

177

0.002

Start lost variant

26

0.000

1Functional

annotation of SNP variants was performed based on the cattle genome reference sequence (UMD
3.1) using SnpEff ver. 4.3p and SnpSift software (Cingolani et al., 2012)

Table 2. Estimates of the variance explained by the SNPs located in exon, intron and
intergenic regions for four carcass and meat quality traits in Korean Hanwoo cattle
Category

Number
of SNPs

Exon

99204

Intron

3246727

Intergenic

7928883

h2 (S.E.)

Calculation
method*

CWT

Separate

0.45 (0.04)

Joint
Separate

EMA

BFT

0.34 (0.04) 0.38 (0.04)
0.0001(0.08
0.0001(0.07)
0.13 (0.08)
)
0.53 (0.05) 0.41 (0.05) 0.41 (0.05)

MS
0.43 (0.04)
0.22 (0.08)
0.46 (0.05)

Joint

0.32 (0.11)

0.24 (0.11)

0.13 (0.10)

0.09 (0.11)

Separate

0.55 (0.05)

0.43 (0.05)

0.43 (0.05)

0.46 (0.05)

Joint

0.25 (0.09)

0.22 (0.09)

0.19 (0.10)

0.18 (0.09)

Total

11278153

Joint

0.57 (0.05)

0.46 (0.05)

0.45 (0.05)

0.49 (0.05)

*Separate means individual analysis was performed for each trait considering the SNPs of respective
functional annotation, joint means all 3 categories (exon, intron and intergenic) were considered in a single
analysis, values in the parentheses denote standard error of h2 estimates.

Table 3. Estimated proportion of variance explained by the synonymous, non-synonymous
and 5ʹ - 3ʹ UTR SNPs for four carcass and meat quality traits
Number
of SNPs

Category

Calculation
method*
Separate

5ʹ - 3ʹ UTR

28100
Joint
Separate

Synonymous

50040
Joint
Separate

Nonsynonymous

21064

Total

99204

Joint
Joint

h2 (S.E.)
CWT

EMA

BFT

MS

0.37
(0.04)
0.09
(0.06)
0.44
(0.04)
0.30
(0.09)
0.38
(0.04)
0.06
(0.07)
0.45
(0.04)

0.30
(0.04)
0.10
(0.06)
0.32
(0.04)
0.22
(0.09)
0.28
(0.04)
0.02
(0.07)
0.34
(0.04)

0.31
(0.04)
0.04
(0.06)
0.38
(0.04)
0.30
(0.09)
0.33
(0.04)
0.04
(0.07)
0.38
(0.04)

0.36
(0.04)
0.09
(0.06)
0.42
(0.04)
0.29
(0.09)
0.37
(0.04)
0.05
(0.07)
0.43
(0.04)

* SNPs in exon regions were analyzed either separately for each functional category (synonymous, nonsynonymous and UTR) or jointly in a single analysis.

Table 4. Estimated proportion of variance explained by different minor allele frequency
(MAF) category for four carcass and meat quality traits in Korean Hanwoo cattle
MAF of
SNPs

h2 (S.E.)

Number of
SNPs

Calculation
method*

CWT

EMA

BFT

MS

0.01–
0.1

4812959
[0.427]

Separate

0.47 (0.05)

0.39 (0.05)

0.40 (0.05)

0.44 (0.05)

Joint

0.09 (0.06)

0.07 (0.06)

0.17 (0.07)

0.14 (0.07)

0.1 – 0.2

2079582
[0.184]

Separate

0.53 (0.05)

0.42 (0.05)

0.39 (0.05)

0.44 (0.05)

Joint

0.25 (0.09)

0.16 (0.09)

0.07 (0.09)

0.13 (0.09)

0.2 – 0.3

1603981
[0.142]

Separate

0.51 (0.05)

0.40 (0.04)

0.40 (0.05)

0.42 (0.05)

Joint

0.10 (0.09)

0.03 (0.09)

0.06 (0.10)

0.0001 (0.10)

0.3 – 0.4

1421961
[0.126]

Separate

0.51 (0.05)

0.39 (0.04)

0.39 (0.04)

0.44 (0.04)

Joint

0.10 (0.09)

0.10 (0.10)

0.14 (0.10)

0.23 (0.10)

0.4 – 0.5

1359670
[0.121]

Separate

0.48 (0.04)

0.39 (0.04)

0.36 (0.04)

0.40 (0.04)

Joint

0.05 (0.08)

0.08 (0.08)

0.0001(0.08)

0.003 (0.09)

Total

11278153

Joint

0.58 (0.05)

0.44 (0.05)

0.45 (0.05)

0.50 (0.05)

*Separate means five analysis were performed separately for traits under each MAF bin, joint means all 5
MAF categories were considered in a single analysis, values in the parentheses denote standard error of h2
estimates, values in the square brackets represent the proportion of SNPs in each MAF category.

Figure 1. Estimated proportion of variance explained by each chromosome for CWT, EMA,
BFT and MS against its length. Genomic partitioning was performed by joint analysis. The
number in the circles represent the chromosome number.

Figure 2. Estimated proportion of genetic variance explained by single SNP under each
functional class when fitted jointly in the model. The genetic variance attributed with each
SNP is expressed as percentage.

Figure 3. Manhattan plot with estimated effects of exon SNPs for CWT in Korean Hanwoo
cattle based on BayesR model (up). Manhattan plot of GWAS based on MLM (below), where
Y-axis defines -log10 (P) value against their respective positions on each chromosome (Xaxis). The horizontal solid and dot lines indicate the Bonferroni adjusted significant (5.04 ×
10-7) and suggestive (1.01 × 10-5) thresholds level, respectively.

Figure 4. Manhattan plot with estimated effects of exon SNPs for EMA in Korean Hanwoo
cattle based on BayesR model (up). Manhattan plot of GWAS based on MLM (below), where
Y-axis defines -log10 (P) value against their respective positions on each chromosome (Xaxis). The horizontal solid and dot lines indicate the Bonferroni adjusted significant (5.04 ×
10-7) and suggestive (1.01 × 10-5) thresholds level, respectively.

Figure 5. Manhattan plot of GWAS using intronic SNPs based on MLM where Y-axis defines
-log10 (P) value against their respective positions on each chromosome (X-axis). The
horizontal solid and dot lines indicate the Bonferroni adjusted significant (1.54 × 10-8) and
suggestive (3.08 × 10-7) thresholds level, respectively.
Table 5. Estimates of number and proportion of SNPs contributed in each mixture component
by BayesR for carcass and meat quality traits in Korean Hanwoo cattle

Trait

Nsnp

CWT

3979

EMA

Number of SNPs in mixture component
0×

10-4 ×

10-3 ×

10-2 ×

580.93

95225
(95.99)

5001

21.97

94198
(94.95)

BFT

5305

4.17

93899
(94.65)

MS

6859

0.845

92345
(93.08)

3652 (3.68)
[215.72]
4638 (4.68)
[10.45]
4899 (4.94)
[2.07]
6600 (6.66)
[0.56]

292 (0.30)
[169.74]
346 (0.35)
[7.57]
390 (0.39)
[1.64]
246 (0.25)
[0.21]

35 (0.04)
[194.65]
22 (0.02)
[3.92]
16 (0.02)
[0.46]
13 (0.01)
[0.08]

Nsnp, number of SNPs in model; , total genetic variance explained by the SNPs; values in parentheses are
proportion of SNPs in each mixture component; , genetic variance explained by the respective mixture
component and values are presented in the square brackets.
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