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ABSTRACT: High-throughput genomic data 

present an enormous challenge to researchers, due to the 
“large P small N” problem. Recently a machine learning 
method, Random Forests (RF), has gained the popularity in 
addressing these problems. In this study, we examined the 
utility of RF in two livestock genome-wide association 
study (GWAS) datasets - a Spanish sheep pigmentation data 
and a tropical cattle pregnancy status data. The comparison 
of top 10 ranking SNPs identified by RF to single-marker 
GWAS methods found that: 1) RF confirmed the most 
strongly associated SNP (s26449) being the closest to the 
sheep pigmentation gene MCR1; 2) Five out of the top 10 
SNPs identified by RF were close to the genes previously 
reported to link with reproductive performance in human or 
other species. The results indicate that RF can potentially be 
used in GWAS as an initial screening tool for candidate 
genes. 
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Introduction 

Rapid high-throughput technologies have created 
enormous challenges to researches by issues such as small 
number of observations and large number of predict 
variables (commonly known as “large P small N”), high 
dimensionality or highly correlated data structures. The 
conventional statistical methods assuming independent 
variables suffer significantly due to lack of power and 
accuracy for dealing with the complexity of the data. 
Recently, a non-parametric machine learning method, 
Random Forests (RF, developed by Breiman (2001)), has 
gained the popularity in addressing these problems. It is a 
tree-based ensemble machine tool for classification or 
regression of multiple variables. The method has been used 
in genetic association studies, epistasis detection, gene 
network pathway analysis (Chen and Ishwaren (2012); 
Pang et al. (2011); Yao et al. (2013)), and generated 
promising outcomes. Given the very limited information on 
the application of the method in livestock species, we 
examined the utility of the method in two large GWAS 
datasets.  One was a sheep pigmentation data with a known 
dominance inheritance mode and the other was cattle 
reproductive data with very limited information on genes 
controlling female pregnancy status. The reasons for using 
these two datasets were: 1) both datasets had small number 
of samples and large number of SNPs, fitting a typical 
“large P small N” feature; 2) the trait of interest, sheep coat 
pigmentation or female cattle pregnancy status, fitted in a 
simple presence /absence or yes/no category; 3) the sheep 
pigmentation population was well characterized in which 
the genetic basis for the dominant trait was well known 
(Calvo et al. (2006)). Therefore, logically, it was used as a 
benchmark for examining the robustness of RF; 4) since 

there was limited information on the genes affecting 
tropical cattle reproductive performance, therefore the cattle 
data served as a “blackbox” for RF. The aim of the study 
was to investigate whether RF can identify the known sheep 
pigmentation gene and subsequently provide some new 
insight for the genes affecting cattle reproductive 
performance.  

 
Materials and Methods 

Animals and datasets. Two GWAS datasets were 
applied for the evaluation of RF. One was Spanish coat 
pigmentation data from the International Sheep Genomics 
Consortium that consisted of 42 Manchega and Rasa 
Aragonesa sheep (18 with black and 24 with white coat 
pigmentation) and 49,034 SNP markers that passed 
HapMap QC test (Kijas et al. (2013)). The other was a 
Bovine pregnancy status dataset from the CSIRO Food 
Futures Flagship Program that consisted of 69 pooled DNA 
samples (33 non-pregnant and 36 pregnant) from 644 
pregnant and 315 non-pregnant 3-year-old Santa Gertrudis 
cows from Queensland and 47,844 SNP markers (Reverter 
et al. (2014)).  

The algorithm of Random Forests. The detail of 
the method can be found in Breiman (2001). It comprises 
the parameters, N – total number of observations, M – total 
number of predict variables (SNPs), m – randomly chosen 
subset of M for determining a decision tree, normally m << 
M. Unlike a conventional permutation test in which only 
trait observations are subject to random shuffling, the RF 
involves two layers of random sampling - trait values as 
well as SNP markers. Briefly, the procedures are as follow: 
1) randomly selecting a subset of observations with 0/1 (or 
Yes/No) trait values; 2) randomly selecting a subset of SNP 
markers - m; 3) creating single tree by recursively splitting 
the subset of SNPs in the subset of the samples to form tree 
nodes; 4) sampling additional animals with replacement, 
and then using all “out-of-bag” (OOB) data to determine 
the prediction error of the tree; 5) generating a forest of 
trees by repeating the steps 1-4; 6) obtaining final SNP 
variable importance (denoted as vim%) by averaging 
prediction error values across all trees in forest. In RF, all 
SNP markers are ranked based on their variable importance 
values. Large positive value indicates large increasing in 
the prediction error when the SNP is excluded from the 
forest, hence the more important the SNP is. 

Statistical analysis methods. In order to compare 
the performance of RF, we also applied traditional GWAS 
methods. These included a genome-wide single SNP 
analysis using the PLINK program (Purcell et al. (2007)) 
for the sheep pigmentation data (Kijas et al. (2013)) and the 
logistic regression (LR) method for the cattle pregnancy 
status data. All analyses were performed in R (version 



2.15.1, R Core Team (2012)). A CSIRO high performance 
cluster computer was used for RF permutations. For each 
RF run, a subset of 1000 SNP was used for building a forest 
and the number of sub-samples used was as default setting 
in RandomForest library within R.  

 
Results and Discussion 

Candidate genes for sheep coat pigmentation. 
Table 1 shows the information on the top 10 ranking SNPs 
identified by single SNP analysis – PLINK (top) and RF 
(bottom) and the closest genes near these SNPs. Both 
PLINK and RF identified two markers (s26449 and s08817) 
on OAR14, with s26449 being the most strongly associated 
with sheep coat pigmentation. It is well known that the non-
synonymous substitutions within MC1R alleles on OAR14 
responsible for solid black in Manchega sheep (Calvo et al. 
(2006)). In this study, s26449 located 419 bp away from the 
gene TCF25 (Table 1) that was 25kb upstream from the 
MCR1 gene and s08817 was 3.5kb away from GAS8 gene 
that was 69kb downstream from MC1R. The results 
confirmed the association between s26449 and MC1R. The 
PLINK analysis also identified other SNPs, but RF 
indicated they were false positives (See RF rank in Table 
1). None of genes close to eight PLINK SNPs had any 
known function on pigmentation.  

Candidate genes for cattle pregnancy status.  
Table 2 shows the top 10 ranking SNPs identified by LR 
(top) and RF (bottom) to be associated with cattle 
pregnancy status. Between two methods, there were only 
two SNPs (ARS-BFGL-NGS-14135 on BTA17 and BTA-

50669-no-rs on BTA20) in common and the rest SNP 
association profiles were significantly different (Table 2). A 
literature search revealed that none of the genes closest to 
the SNPs identified by LR seemed to have known effects on 
reproductive performance. However, when examining the 
SNPs identified by RF, it was found that CERS3 (BTA21) 
had been reported to be linked to male germ cell 
development in human (Rabionet et al. (2008)) and female 
reproductive performance in tropically adapted cattle 
(Hawken et al. (2012)).  The gene expression level of GSC 
(BTA21) had been reported as a good indicator for embryo 
growth diversity in pigs (Meijer et al. (2000)). In addition, 
Liang et al. (2010) found that MCPH1 (BTA27) played an 
important role in infertility and genomic instability in mice.  

The results from both sheep and cattle data showed 
promising preliminary outcomes from using RF in GWAS 
searching for candidate SNPs /genes in livestock. It is true 
that we only examined the RF in single trait datasets and 
compared it with two simple statistical methods (i.e. RF 
versus linear models, and fitting concomitantly 1000 SNPs 
at random (RF) versus one at a time (GWAS)). Further 
simulations or pseudo-simulations (generating signal from 
real SNP data) will be needed to thoroughly evaluate the 
utility of RF method with multi-locus GWAS models for 
multi-trait genomic data or high-dimensional genomic data. 
In addition, we also need to investigate whether any hidden 
family structure or complicated pedigree information would 
affect the results.  

 

Table 1. Comparison of top 10 ranking SNP markers identified by single SNP association analysis (PLINK) and 
Random Forests (RF) and their genome-wide associations to black-white pigmentation.  
PLINK  SNP  Chr Pos (Mb) Allele  F_Black Dist (bp) Gene -Log10P RF rank 
 s26449  14 14.4 A  0.86 419 TCF25 5.80 1 
 OAR15_2040485  15 2.6 G  0.11 124,621 CASP1 4.96 12 
 OAR1_38970455  1 37.7 A  0.81 72,101 ATG4C 4.70 344 
 OAR1_286913641  1 265.8 A  0.61 91,881 RUNX1 4.03 50 
 OAR2_188552470  2 178.3 A  0.64 20,893 SLC35F5 3.98 1309 
 OAR3_47728574  3 44.5 G  0.67 0 LOC527992 3.96 306 
 s22319  3 37.1 A  0.08 16,613 LYCAT 3.82 148 
 OAR3_40071995  3  37.1 A  0.11  1,413 LYCAT 3.67  189 
 s08817  14  14.2 A  0.17  3,551 GAS8 3.67  9 
 OAR3_191077623  3  177.8 G  0.50  583,890 LOC506388 3.62  27 
RF        vim (%)  
 s26449 14 14.4 A 0.86 419 TCF25 1.25  
 OAR15_64740381 15 64.7 G 0.5 2,744 C15H11orf46 1.10  
 OAR18_6188718 18 6.2 A 0.56 2,585 TTC23 1.08  
 OAR11_13063497 11 13.1 C 0.22 0 ACACA 1.04  
 OAR22_24105777 22 24.1 C 0.53 0 ERLIN1 1.04  
 s70693 27 79.6 G 0.44 0 LOC616821 1.02  
 OAR25_19516269 25 19.5 A 0.11 280,399 NRBF2 1.00  
 OAR19_1987551 19 1.9 G 0.14 90,581 EOMES 0.99  
 s08817 14 14.5 A 0.17 3,551 GAS8 0.97  
 OAR21_9265834 21 9.3 G 0.06 0 TMEM135 0.97  
Chr – chromosome; Pos – Mb position; F_Black –frequency of black animals; Dist – base-pair distance to the nearest 
gene; Gene – gene name; vim% - variable importance. 



Conclusions 
RF is a powerful new approach for the exploration 

of GWAS. It has computational advantages over 
conventional statistical methods. It can be used as a “black 
box” tool for an initial whole-genome screening for 
candidate SNPs /genes. 
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Table 2. Comparison of top 10 ranking SNP markers identified by Logistic regression (LR) and Random Forests 
(RF) and their genome-wide association to female pregnancy status.  
LR  SNP Chr Pos (Mb) F_NP F_P1 Dist (bp) Gene -Log10P 
 ARS-BFGL-NGS-14135 17 2.6 0.52 0.56 793 RBM46 5.00 
 BTB-00343189 8 45.5 0.27 0.33 21,579 FXN 4.70 
 BTB-01066266 4 53.5 0.29 0.62 232,486 MDFIC 4.40 
 ARS-BFGL-NGS-38587 11 96.8 0.33 0.30 4,417 PBX3 4.30 
 ARS-BFGL-NGS-82224 5 26.2 0.31 0.34 4,361 HOXC5 4.22 
 ARS-BFGL-NGS-60627 19 12.7 0.37 0.41 6,876 PPM1D 4.22 
 BTA-50669-no-rs 20 44.5 0.53 0.51 2,106,310 CDH9 4.22 
 BTB-01376475 20 46.5 0.25 0.22 53,715 CDH9 4.22 
 BTA-89881-no-rs 3 53.3 0.61 0.57 139,114 ZNH326 4.15 
 BTA-97739-no-rs 5 41.2 0.85 0.76 0 SLC2A13 4.15 
RF        vim% 
 Hapmap32084-BTA-147824 21 6.3 0.69 0.63 0 CERS3 1.33 
 Hapmap48802-BTA-52802 21 61.1 0.31 0.35 60,791 GSC 1.28 
 Hapmap51011-BTA-63392 27 12.8 0.54 0.57 0 ODZ3 1.24 
 Hapmap57401-rs29021597 23 39.6 0.4 0.42 0 CAP2 1.18 
 BTA-50669-no-rs 20 44.5 0.53 0.51 2,106,310 CDH9 1.15 
 Hapmap25398-BTC-019181 25 4,1 0.33 0.29 0 ALG1 1.15 
 Hapmap26131-BTA-139186 27 3.3 0.6 0.62 990,169 MCPH1 1.13 
 ARS-BFGL-NGS-14135 17 2.6 0.52 0.56 793 RMB46 1.12 
 Hapmap40783-BTA-65969 23 18.1 0.54 0.52 78,292 SUPT3H 1.12 
 BTA-110441-no-rs 25 25.8 0.54 0.56 0 GSG1L 1.10 
Chr – chromosome; Pos – Mb position; F_NP – average frequency of non-pregnant animals; F_P1 – average frequency of 
pregnant animals; Dist  – base-pair distance to the nearest gene; Gene – gene name; vim% - variable importance.  


