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Abstract—This paper proposes a method to simultaneously select
the most relevant single nucleotide polymorphisms (SNPs)
markers — the attributes — for the characterization of any
measurable phenotype described by a continuous variable using
support vector regression (SVR) with Pearson VII Universal
Kernel (PUK). The proposed study is multiattribute towards
considering several markers simultaneously to explain the
phenotype and is based jointly on a statistical tools, machine
learning and computational intelligence.
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[NTRODUCTION

Single nucleotide polymorphisms (SNPs) are an abundant
form of genomic variation, which differ from rare variants [1]
and the basic assumption for genome-wide association studies
(GWADS) is that the evaluated characteristic can be explained
from this type of marker.

The traditional approach is to evaluate which markers that
have a high association with the phenotype through the p-
value of beta linear regression between each SNP and the
phenotype. After this step, the most relevant SNPs are
analyzed for proximity to some region that is associated with
that feature or other features that can be indirectly correlated
with the phenotype in question.

Therefore, an alternative approach is to increase the
number of markers, considering also those with small
correlations on the trait. But, this fact creates two problems:
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the number of markers is high and many of them are
correlated. According to [2], such analysis requires the use of

statistical methods that consider the selection of covariates — i.
e., the multicollinearity problem -- and the regularization of

the estimation process — i.e., the problem of dimensionality.

Other regression techniques were created to address this
problem as ridge regression and partial least squares

On the other hand, machine learning

algorithms such as support vector machine (SVM) in GWAS
considering multiple markers in classification problems, have
demonstrated satisfactory performance as in [4], [5] and [6].

This study aims to propose a method that can
simultaneously evaluate several SNPs in relation to the
phenotype described by a continuous variable, unlike case-
control dichotomous phenotypes addressed to the majority of
GWAS studies. With this, there are two immediate benefits
relative to standard methodology: one relating to the various
levels of the phenotypes and the other by complex
simultaneous interactions that may occur between the various
markers.

regression [3].

To demonstrate the proposed method was used a sample
of 343 samples (bulls) genotyped provided by the Brazilian

Agricultural Research Corporation (Embrapa), and only 244
animals have female offspring, allowing the measurement of
the phenotype evaluated.
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The genotype is the attribute set and was generated from
the Illumina 56K chip, having a total of 56,947 SNP markers

— the attributes.

In this study, the phenotype is the genetic potential of milk
of an animal. This phenotype is computed from the milk
production of their female offspring based on the methodology

developed in [8]. The PTA milk is the “predicted transmitting

ability”, being a measure of the expected performance of the
daughters of the bull in relation to the average genetic
herds [8].

Therefore, for instance, a 500 kg PTA for milk production
means that if the bull is used in a population with genetic level
same as to that used to evaluate it, each daughter will produce
an average of 500 kg per lactation more than the average

herd [8].
For the calculation of PTA milk, only the genetic effect is
considered, eliminating all other environmental effects. Like

this, the explanation of PTA from molecular marker
information is consistent.

THE DATASET OVERVIEW

According to Table I, it was possible to notice a wide
range of values of PTA, indicating the need of robust models
for this mapping measurement through the genotype.

TABLE — STATISTICS OF MILK PTA (KG)

Minimum ln Median Mean ® Maximum
Quartile Quartile
-479.5 328.0 5832 641.3 908.3 1,978.0

In the histogram of Figure 1, it was demonstrated that the
distribution of the PTA for milk has positive skewness. From
Figure 2, it is also noticed that there are two aberrant points
higher than the average of the distribution of PTA.

FIRST SELECTION OF ATTRIBUTES

For comparison of the filters used to select the most
important markers were created two databases: one without
and one with quality control (QC).

There has been no standard preprocessing in the data
without QC such as call-rate, minor allelic frequency (MAF)
and Hardy-Weinberg equilibrium (HWE).

The purpose of this was not to eliminate SNPs with small
effects alone, which when combined with other SNPs. They
can be important in the description of PTA milk.
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In the sample without quality control, 6,192 markers
showed no information due to errors in reading the chip
[lummina Bovine 56k, and 3 markers had no allelic variation,
so they were disregarded, totaling 50,752 for subsequent
analysis.

For the construction of most significant groups of markers,
we used the Spearman correlation coefficient. For the ranking
of the effects of the markers, it was evaluated the Spearman
correlation coefficient of each marker with the PTA and its
corresponding p-value, as shown in Table II.

THE MACHINE LEARNING MODEL ON SVR

The support vector machine, SVM, is a machine learning
technical for classity a set of data from dataset previously
known and labeled. This label is described by a discrete
variable,

The support vector regression or support vector machine
with regression, SVR, is an extension of the SVM, where the
discrete label is replaced with a variable that takes on
continuous values.
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TABLE = STATISTICS OF MILK PTA

Cluster SNP selection SNPs without QC | SNPs with QC
1 <10-9 68 12
2 <10-8 226 17
3 < 10-7 431 43
4 < 10-6 712 105
5 < 10-5 1.181 242
6 <104 1.996 595
7 < 10-3 3.440 1397
8 <10-2 6.512 3.356

The most significant difference between SVM and SVR

approaches is the "construction of a tube” around the data to
capture its variability and predictive power. This tube may

take the linear and nonlinear forms depending on the kernel
used.

The PUK, Pearson VII Universal Kernel or Pearson VII
Function-based Universal Kernel, was adopted as the kernel
for the method proposed. A Pearson VII function is able to

easily change and adapt its two parameters 0 and w between

the shapes of the Lorentzian and Gaussian function and even
other functions [8].

Thus, this kernel has robustness as showing that
percentage changes in parameters cause significant variations
in the lower percentage in the RMSE of the predictions [8].
So, the PUK can replace the commonly applied kernels
(linear, polynomial and RBF), possibly resulting in equal or
superior performance regarding to the generalization of SVR

8].

The main advantage of this methodology is the choice of
replacing the stock kernels by choosing the best parameters of
PUK. This exchange of choice creates a clear gain, as each
kernel is adopted in the training necessary to optimize its
parameters and in the case of PUK, the kernel is not
exchanged for another, because it mimics the behavior of
other kernels.

For comparison of SVR models, was used 10-fold cross-
validation on each of the 8 sets of data in Table II, and this
procedure was repeated 10 times with different random seed
for each partition created, for a total of 100 estimates for the
Pearson correlation coefficient.

THE ATTRIBUTES SELECTION THROUGH SVR

Based on Cluster 8 (Table II) that generated the highest
average and lowest standard deviation of the correlation, a
wrapper, based on a binary genetic algorithm (GA) with
fitness given by the cross-validation MSE is applied to a

second selection of markers. The entire methodology used in
this second variable selection is based on [9].

As the number of combinations between 6,512 markers is
extremely high, we used a GA to find the “best” markers in a
skilled computational time, while not guaranteeing the

uniqueness of the solution “optimal” found. Thus, the objective

of the GA is to check the possibility of eliminating some of
the best set markers generated from the first selection, as it is
believed that the GA can better assess the interactions between
markers than elimination made through filters quality control
standards such as call-rate, HWE, MAF and LD.

The parameters adopted for the GA used for selecting
SNPs were: probabilities of crossover and mutation equal to
0.6 and 0.033 respectively, population size and number of
generations equal to 20.

DISCUSSION AN RESULTS

The first analysis was related to the accuracy of SVR
models with linear, RBF and Pearson VII Universal kernels.
From Table III, realize that the best model with PUK, both the
lowest average and the lowest standard deviation of the
correlation coefficient was set at p-value less than 107,

TABLE = MEAN AND STANDARD DEVIATION OF THE

CORRELATION COEFFICIENT OF PEARSON IN 10-FOLDS CROSS-
VALIDATION WITH 10 REPETITIONS OF 3 SVR MODELS

WITHOUT QC.
Cluster | SNP selection | SNPs Linear RBF Pearson VII
| <109 | 68 ({fﬁg. 0.68 (0.11) | 0.68 (0.11)
) <108 | 236 | 0.48 (017 | 0.72 (0.09 | 0.72 (0.09)
3 <107 | 431 | 0.44 (0.16) | 0.74 (0.09 | 0.75 (0.08)
4 <106 | 712 | 071 (0.09) | 0.77 (0.08) | 0.74 (0.09)
5 <105 | 1181 | 0.76 (0.09) | 0.76 (0.08) | 0.78 (0.08)
6 <104 | 1.996 | 0.78 (0.08) | 0.74 (0.08) | 0.78 (0.08)
7 <103 | 3440 | 0.80 (0.08) | 0.67 (0.13) | 0.80 (0.08)
8 <102 | 6512 | 0.81 (0.08) | 0.81(0.08) | 0.81 (0.08)

* Standard deviation of the estimates of the cross-validation,

Three models SVR based on the markers of the Cluster 8
of the base with QC showed equivalent prediction and
accuracy, indicating a correlation averaging 0.80 with a
standard deviation equal to 0.08 (Table [V).

Moreover, it seems that the Cluster 8 markers have a linear
association with PTA milk because both the kernels RBF and
PUK replicated this behavior.

The Table V shows that the subset of markers extracted
from Cluster 8 showed higher mean correlation 0.84 with a
standard deviation slightly lower 0.07 for the PUK.
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This shows a significant gain in the use of GA for
selecting the most informative SNPs without quality control.
However, in the database with QA, there was a small increase
in the mean correlation and was kept the same standard
deviation 0.08.

TABLE — MEAN AND STANDARD DEVIATION OF THE

CORRELATION COEFFICIENT OF PEARSON IN 10-FOLDS CROSS-
VALIDATION WITH |0 REPETITIONS OF 3 SVR MODELS

WITH QC.
Cluster | SNP selection | SNPs Linear RBF Pearson VII
1 <109 12 0.67 (0.10)* | 0.67 (0.10) 0.67 (0.10)
2 < 10-8 17 0.64 (0.10) | 0.67 (0.10) 0.67 (0.10)
3 <10-7 43 0.59(0.12) | 0.68 (0.09) 0.70 (0.08)
4 < 10-6 105 0.31(0.18) | 0.72(0.07) 0.71 (0.07)
5 < 10-5 242 0.67 (0.09) | 0.77 (0.08) 0.78 (0.07)
6 < 10-4 595 0.77 (0.08) | 0.69 (0.09) 0.79 (0.07)
7 < 10-3 1.397 | 0.78 (0.08) | 0.79 (0.09) 0.79 (0.08)
8 < 10-2 3.357 | 0.80 (0.08) | 0.75(0.08) 0.80 (0.08)
* Standard deviation of the estimates of the cross-validation.
TABLE — MEAN AND STANDARD DEVIATION OF THE
CORRELATION COEFFICIENT OF PEARSON IN |0-FOLDS CROSS-
VALIDATION WITH THE BEST SUBSET FOUND ON CLUSTER 8.
Kernel
Wrapper
Linear RBF PUK
GA without QC 0.84 (0.07) 0.67 (0.14) 0.84 (0.07)
GA with QC 0.82 (0.08) 0.44 (0.25) 0.81 (0.08)

In relation to the work of [4] and [5], is possible to observe
an improvement in using the PUK over other kernels analyzed
on a them, as [5] uses the linear and RBF kernels with default
values in R software, that is, the parameters SVM have not
been optimized.

In the case of [4], only the RBF kernel was studied, and to
find the "best” parameters C and Y, there was an extensive
search grid.

However, neither of the two studies extracts from groups,

constructed from the p-value, the “best” subset explanation for

the phenotype and this was accomplished by applying the
technique of wvariable selection wrapper based on the
prediction error of the SVR as fitness GA.

The PUK proved to be robust to capture the behavior of
linear and RBF kernels, as long as the appropriate parameters
are used. Therefore, on the method proposed in this paper, it is
necessary to assess the performance of the SVR with PUK.,

However, regardless the kernel adopted, the mathematical
formulation of the SVR brings a disadvantage regarding the
biological interpretation, it is not possible to directly assess the
optimal hyperplane and supports vectors which are the
isolated effects of each marker and what are the markers that
are simultaneously and the overall impact of this set.

The method developed in this study indicated that the 68
most significant markers of Cluster 1 without QC (Table III),
has low predictive power and low accuracy compared to PTA
milk and the subgroup with 3,073 markers showed high
prediction and greater accuracy.

This may indicate that the PTA milk is a phenotype that is
influenced by several markers with small effects on it, besides
the possibility of epistasis and dominance, however, such
genetic effects cannot be proven by the method suggested in
this work.

The SVR model with PUK of groups 8 with and without
QC showed high predictive power even in the presence of
non-normality in the dependent variable PTA for milk, and
have similar performance, and accuracy.

However, when applied the filter of the GA, the best
subset generated from Cluster 8 without QC was higher both
in prediction and accuracy as compared to group 8 with QC.
This fact seems to show that the Cluster 8 markers without QC
has sufficient and necessary for the explanation of the
phenotype and the Cluster 8 with QC has markers necessary,
but not sufficient.

Another point to be analyzed in depth which is
subsequently SNPs that were not eliminated in the base
without QC and can bring a high level of noise through the
imputation used, inflating the explanatory power of SVR in 8

groups.
CONCLUSIONS AND FUTURE WORKS

The method developed in this work demonstrated
robustness, because the initial set of markers without QC was
composed of approximately 50,752 markers and reached up to
3,073 at the end of the selection process, ensuring good
accuracy and high accuracy for the SVR model with PUK.

In addition to this fact, the GA able to eliminate most of
the redundancy in the free base and QC on a smaller scale
base with QC.

However, the remaining issue is to understand what level
of redundancy that should remain the linkage disequilibrium
between markers and this can be exploited by analyzing other
cutting edges.

The standard filters — call-rate, MAF and HWE — used
in the base with QC seem to delete markers essential to
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explaining the phenotype PTA milk. From this study it is
necessary to understand which filters are responsible for
eliminating the most relevant SNPs.

The results obtained are promising for the application in
GWAS, because most of the works in this area apply standard
filters for preprocessing the database.

Moreover, the method proposed here can be the core for
genomic selection aiming at predicting the breeding value of
the individual from the genotype.

Future work are required, for instance, to determine
fundamental physical map in which distances between 3,073
markers to verify that many of the markers are found
indicating the same region or distinct regions in the genome,
but this will be accomplished.

Furthermore, to verify the efficiency of the method
developed here is required application in other databases SNPs
associated with different phenotypes.
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