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Summary

Machine learning methods have been shown to be superior for predicting phenotypic values over
conventional statistical methods when epistatic effects of SNPs play a key role in controlling complex
traits. However, it is unknown if non-additive effects captured by machine learning methods contribute
to the prediction accuracy of total genetic values. In this study, using a 5-fold cross-validation approach
and a dataset from 2,109 Brahman cattle with 651,253 SNP genotypes, we applied the machine learning
method - Random Forests (RF) as a prescreening tool to identify subsets of SNPs for genomic
prediction of total genetic values of yearling weight (YWT). Both additive and dominance effects of the
subset SNPs, from 500, 1,000, 5,000, 10,000 to 50,000, were included in the genomic models. The
results were compared with those from all SNPs or the same-size subsets of SNPs selected evenly
distributed along the genome. The results show that including the dominance variation in the genomic
model had no impact on the estimates of additive variance, heritability and genomic prediction accuracy.
However, the subsets of SNPs identified by RF had significantly higher genomic prediction accuracy
values than the evenly spaced SNPs and the whole SNP panel.
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Introduction

In recent years, non-parametric machine learning methods have been shown to be efficient in addressing
the issues such as “large P small N”, high dimensionality, or highly correlated SNP data structure of
large genomic data (Gonzalez-Recio et al., 2014). They do not require prior knowledge on underlying
genetic models, and are excellent ‘black-box” approaches for pre-screening important predicting
variables (Gonzalez-Recio et al., 2014). Most importantly, they can detect SNP-SNP or SNP-covariate
interactions. Using simulated SNP data with additive or two-way epistatic interactions, Howard et al.
(2014) evaluated the prediction accuracy and mean squared error (MSE) of phenotypic values using ten
parametric (including least square regression, LASSO, BLUP, and Bayes A, B, and C) and four non-
parametric methods. While they found that both genetic architecture and the heritability of the traits had
great impacts on the estimates of accuracy and MSE, the non-parametric methods performed better than
the parametric methods when the underlying genetic architecture was entirely due to epistasis. Recently,
Waldmann (2016) also confirmed that in the presence of dominance and epistasis, the non-parametric
method such as Random Forests (RF), gave a smaller prediction error to phenotypic values than
regression-based methods such as GBLUP. To date, studies on genomic prediction of total genetic values
by including non-additive SNP effects (e.g. dominance variation) in genomic BLUP models have had
mixed findings (e.g, Su et al. (2012), Bolormaa et al. (2015)). We conducted this study to test whether
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non-additive genetic variation identified by machine learning methods can directly contribute to
genomic prediction of total genetic values.

Materials and Methods

A dataset consisting of 651,253 genotyped SNPs from 2,109 Brahman cattle from the CRC for Beef
Genetic Technologies (Porto- Neto et al., 2014), was used for this study. The animals came from 41
contemporary groups. Yearling weight (YWT) was measured on the animals, with an average of 227.7
kg (±34.32) ranging from 115 to 353 kg. Prior to the RF analysis, the phenotypic values of animals were
adjusted for three fixed effects - contemporary group, age and the average heterozygosity of all SNPs
for each animal. The residuals from the linear model of analysis of variance were then used as the
phenotype for the evaluation of RF.

The detail of the RF method can be found in Breiman (2001). It incorporates both training and
validation procedures in its process to build decision trees with subsets of animals as well as SNPs. For
regression, a SNP variable important value (VIM) is measured as %IncMse, which is the percentage of
increased MSE after a SNP is randomly permuted in a new sample. A large positive VIM value suggests
large increase in the prediction error when the SNP is randomly permuted, indicative of how important
the SNP is. To minimize over-fitting, initial fine-tuning parameters with a range of tree sizes - 10,000,
12,000, … 20,000 were carried out to determine the set of optimal parameter values for final SNP VIM
values. The R program (version 3.4.0, R Core Team (2012)) and the library randomForest were used for
the analyses.

A randomly assigned five-fold cross-validation scheme was used to compute accuracy. The
population was divided into five equal-size groups. There were five training datasets each consisting of
80% of the population (i.e. 4 of 5 groups), and five validation datasets each with the remaining group
(20% of animals). For each training dataset, the RF analysis was performed and the subsets of top 500,
1,000, 5,000, 10,000 and 50,000 SNPs with positive %IncMSE values were identified respectively.
Then the additive and dominance genomic relationship matrices (GRM and DRM), according to
Vitezica et al. (2013), were constructed for each subset of SNPs using the corresponding validation
dataset. Two GBLUP models were applied to estimate the additive and dominance variances of the
SNPs. Both models, contemporary group, age and the average heterozygosity of the SNPs were included
as fixed effects, one had the GRM only (denoted as the ADD model) and the other had GRM and DRM
as random effects (ADM model). The accuracy of genomic prediction was calculated as the correlation
between the genomic breeding values (gEBVs, ADD model) or the total genetic values (gEBVs plus
dominance effects, ADM model) and the phenotypic values adjusted for fixed effects, and then divided
by the square root of heritability. The final estimates of genetic parameters were the average values from
five validation analyses. The program AIREMLF90 (Misztal 2002) was used in the analyses. For
comparison purpose, the analyses were also performed using all SNPs or the same-size subsets of SNPs
evenly spaced along the genome.

Results and Discussion

Estimates of additive and dominance variance from subsets of SNPs

Table 1 summarizes the average estimates of variances for individual subsets of SNPs using the ADD or
ADM model. In comparison to the subsets of SNPs evenly distributed, for both genomic models, the
additive variances from the SNPs identified by the RF method (500, 1,000, 5,000 and 50,000) had

significantly higher values than those from the evenly spaced SNPs (see values in Table 1 for both
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ADD and ADM models). The same was found for the heritability values (ha2 = 0.21-0.45 vs 0.03-0.34).
This was expected as all of the subsets of the SNPs from the RF were top ranking SNPs with very high
%IncMSE values, indicating importance for the YWT trait. In the case of evenly distributed SNPs, most
had no or very small effects on the trait.

When comparing the results of the ADM model with those of the ADD model, including the
dominance variation in the genomic model had no impact on the estimates of additive variance and

heritability (as shown by and ha2 in Table 1). The proportion of total genetic variance explained by
the dominance effect was higher in the RF subsets than the evenly spaced SNPs, although all the
estimates of dominance variance were associated with large standard errors.

Table 1. Average estimates of genetic parameters (from 5-fold validation) for yearling weight (YWT)
using the subsets of SNPs identified by Random Forests (RF) or evenly distributed along the genome.
The standard errors are in parentheses. ACC – genomic prediction accuracy.

Marker Additive (ADD) Additive + Dominance (ADM)

ha2 ACC ha2 ACC

RF
500 0.21

(0.03
)

140.27
(22.78)

667.04
(26.50)

0.45 0.21
(0.083)

140.10
(22.74)

14.18
(8.60)

668.13
(26.18)

0.45

1,000 0.26
(0.03
)

171.55
(24.98)

658.77
(26.05)

0.49 0.26
(0.032)

171.74
(24.95)

24.16
(11.42)

660.17
(26.24)

0.49

5,000 0.39
(0.04
)

254.93
(32.68)

658.21
(26.33)

0.55 0.39
(0.04)

253.35
(32.47)

58.01
(21.32)

658.93
(26.44)

0.55

50,000 0.45
(0.04
)

298.97
(38.71)

669.19
(26.71)

0.60 0.44
(0.047)

293.98
(38.28)

205.14
(60.84)

670.27
(27.45)

0.60

Even
500 0.04

(0.02
)

24.79
(14.24)

691.02
(26.07)

0.18 0.03
(0.02)

24.82
(8.72)

0.82
(1.68)

691.18
(24.94)

0.18

1,000 0.03
(0.02
)

25.83
(14.39)

691.58
(25.93)

0.21 0.03
(0.02)

23.49
(12.61)

2.22
(5.10)

690.32
(25.50)

0.21

5,000 0.09
(0.03
)

58.87
(21.17)

703.30
(27.84)

0.24 0.08
(0.03)

58.60
(21.24)

15.70
(15.64)

705.73
(28.22)

0.24

50,000 0.34
(0.05
)

236.48
(38.65)

690.00
(26.47)

0.29 0.34
(0.05)

234.23
(45.73)

55.59
(51.75)

689.84
(26.89)

0.29

All SNP 0.38

(0.05

)

259.42

(38.38)

680.86

(26.48)
0.44 0.38

(0.05)

258.35

(38.18)

49.87

(33.49)

680.47

(26.49)
0.44

Genomic prediction accuracy of total genetic values.

When comparing the accuracy of genomic prediction from the ADM model with that of the ADD
model, for the same set of SNPs, the overall accuracy remained unchanged, irrespective of the sources
of the SNPs from RF or evenly spaced (see ACC values from both models in Table 1). This suggests
that including SNP dominance effect into the prediction model had no advantage over the genomic
model with additive component only. These results again confirmed the previous findings from the
study on the non-additive variation for growth, carcass and fertility traits in beef cattle (Bolormaa et al.
2015) and the feed-related traits in broiler chickens ( Li et al., 2016).

However, intriguing results were found when comparing the accuracies from the RF subsets with
those from using all SNPs. As shown in Table 1, the genomic prediction accuracy from the subsets of
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SNPs from RF were similar or higher (ACC = 0.45-0.60) than using all SNPs (0.44). Given that the h2

estimate for 500 or 1,000 SNPs from RF was much smaller than the whole panel (0.21 and 0.26 versus
0.38 in Table 1) or similar for 5,000 or 50,000 SNPs (0.39 and 0.45 respectively), our results seem to
exceed theoretical expectations. The following reasons could explain the unexpected results: (1) RF
revealed 60% of all SNPs with positive %IncMSE values, 6% with no effect, and ~34% of all SNPs
with negative %IncMSE values. This indicates that these 34% SNPs should not be included in the
prediction analysis as they would cause the population MSE value to increase rather than decrease.
Therefore, we conclude that using only the subsets of the SNPs from the RF removed the background
noise caused by these SNPs, reduced the population MSE value and resulted in improved prediction
accuracy values; (2) Alternatively, the unexpected results could have been caused by the need for RF to
pre-adjust the phenotype. In a mixed-model approach, fixed and random components should be fitted
simultaneously to account for possible different in genetic backgrounds across fixed effects; (3) Low-
density panel will inevitably result in higher variance in genomic relationship estimates. This high
variation translates into large diagonals of the GRM inverse which in turn results in inflated accuracy
estimates; (4) The 5-fold cross-validation using randomly assigned groups instead of within family
groups could also contribute to higher accuracy values; (5) Huang and Mackay (2016) pointed out that
unless the underlying gene actions are truly additive, the classic way of partitioning total genetic
variance into orthogonal elements of additive, dominance and epistasis may not reflect the true genetic
architecture of SNP effects in a population. In this study, the average values of the diagonal and off-
diagonal elements of GRM and DRM of all subsets fitted the expected values (i.e. 1 for diagonal and 0
for off-diagonal). However, we did not examine two-way epistasis effects.

In summary, fitting dominance into the genomic model had little impact on the accuracy of
genomic prediction of total genetic values. The higher values in the genomic prediction accuracy from
the subsets of SNPs identified by the RF analysis suggest that the RF has potential to be used as a pre-
screening tool for: a) reduction of high dimensionality associated with large genomic data; b)
identification of subsets of useful SNPs for genomic prediction of breeding values.
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