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Accepted: 22 Jul, 2015 genotyping. Genotypic imputation is defined as the prediction of genotypes for both
unrelated individuals and parent-offspring trios at the single nucleotide polymorphism
(SNP) locations in a sample of individuals for which assays are not directly available.
Several imputation methods are available for imputation designed for livestock
population. Machine learning methods have been used in genetic studies to build
models capable of predicting missing values of a marker. In this study, strategies and
factors affecting the imputation accuracy of parent-offspring trios were compared
using two Machine Learning methods namely K-Nearest neighbour (KNN) and
AdaBoost (AB). The methods employed using simulated data to impute the un-typed
SNPs in parent-offspring trios. Two datasets of D1 (100 trios with Sk SNPs) and D2
(500 trios with 5k SNPs) were simulated. The methods were compared in terms of
imputation accuracy and computation time and factors affecting imputation accuracy
(sample size). Comparison of two methods for imputation showed that the KNN
outperformed AB for imputation accuracy. The time of computation was different
between methods. The KNN was the fastest algorithm. Accuracy of imputation
increased with increasing number of trios. Simulation datasets showed that our
methods performed very well for imputation of un-typed SNPs and can be used as an
alternative for imputation of parent-offspring trios than other methods.
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Introduction potential to increase the rate of genetic gain (Rutkoski
et al.,, 2013). Genomic selection refers to the use of

Genomic selection (GS) is a relatively new large numbers of single nucleotide polymorphisms
breeding methodology (Hayes et al., 2009; Lorenz et  (SNPs) spread across the genome for breeding value
al., 2011) which is increasingly attractive for the  estimation and subsequent selection of individuals
genetic improvement of various species because of its based on gnomically enhanced breeding values. This
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technique has become a standard tool in dairy cattle
breeding schemes, where it shortens the generation
interval substantially (Wellmann et al., 2013). A
number of  SNP chips from [llumina
(http://www.illumina.com) and Affymetrix
(http://www.affymetrix.com) are available for cattle. In
addition next generation sequencing technologies for
low-cost sequencing of whole genomes are now
available. Also a major challenge in implementing
genomic selection in most species is the cost of
genotyping (Khatkar et al., 2012). The prediction of
genetic values using models for GS usually requires a
first step in which missing genotypes are imputed.
Genotype imputation is an important process of
predicting unknown genotypes, which uses reference
population with dense genotypes to predict missing
genotypes for both human and animal genetic variations
at a low cost (Boichard et al., 2012; Chen et al., 2013).
Imputation methods used to infer missing or un-typed
SNP genotypes based on known information (e.g.
linkage disequilibrium between missing or un-typed
SNPs and their flanking typed SNPs) can provide
partial solutions for recovering missing or un-typed
genotype data (Pei et al., 2008). Imputation methods
can be divided into family-based methods (which use
linkage information from close relatives) and
population-based methods, which wuse population
linkage disequilibrium information (Sargolzaei et al.,
2014). A “trio” data consist of genotypes from father-
mother-child triplets and some phasing algorithms are
adapted to be used in this type of data (Lu et al., 2014).
The accuracy of imputation depends on several factors,
such as the number of SNPs in the low density panel,
the relationship between the animals genotyped, the
effective population size, and the method used (Duarte
et al., 2013). The performance of different imputation
programs depends mostly on the data structure, e.g.,
density of single nucleotide polymorphism (SNP)
panels, size of the reference population, and whether
related or unrelated individuals were genotyped. Thus,
choosing the best imputation method for a given data
set is not straightforward (Wellmann et al., 2013).
Machine learning methods have been used in genetic
studies to explore the underlying genetic profile of
disease and build models capable of (i) detecting gene-
gene interactions; (ii) predicting disease susceptibility;
(iii) predicting cancer recurrence; and (iv) predicting
missing values of a marker (Wang et al., 2012; Goddard
et al, 2013). The K-Nearest neighbour (KNN)
algorithm belongs to the category of instance-based
learners which is simple and an important machine
learning algorithms (Sun and Zhao, 2015). Boosting is
an ensemble based method which attempts to boost the
accuracy of any given learning algorithm by applying it
several times on slightly modified training data and
then combining the results in a suitable manner. In this
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research the accuracies of AdaBoost and K-Nearest
neighbor (KNN) algorithms for imputation of un-typed-
SNPs of parent-offspring trios are compared. The
methods were compared in terms of imputation
accuracy, computation time and factors affecting
imputation accuracy. To evaluate the factors affecting
imputation accuracy, sample size and SNP density were
also examined.

Materials and Methods

Data simulation

Data sets with 5 chromosomes each had 100 cM
were simulated to allow comparison of AdaBoost and
K-Nearest neighbour (KNN) algorithms, in term of
accuracy of imputation. An effective population size of
100 animals was simulated, of which half of the
animals were female and the other half male. This
structure was kept constant for 50 generations using
mutation rate of 2.5 x 10 per site by drawing the
parents of an animal randomly from the animals of the
previous generation. Mating was performed by drawing
the parents of an animal randomly from the animals of
the previous generation. The number of markers was
5000 for each chromosome. Finally, the population
consisted of 100 and 500 trios and each trios contained
dam, sire and offspring. For each of D1 (100trios) and
D2 (500 trios) datasets five versions (NA10, NA30,
NAS50, NA70 and NA 90) were created with different
levels of simulated missing data (10, 30, 50, 70 and 90
percent of offspring genotypes). All the imputations in
this study were done using MATLAB software version
(R2014a).

Imputation accuracy and running time

For each method, the imputation accuracy per un-
typed SNPs in offspring were calculated as the
correlation between imputed and observed SNPs, then
mean of imputation accuracy were calculated across the
5 replicates. Computation time were measured based on
running each program in second on a windows server
with 32 core CPU Intel, GPU: 192 CUDA Core and a
total of 64 GB RAM by profiler function in MATLAB.

Assessment of factors affecting imputation accuracy

The sample size was considered as factor that
could impact the imputation accuracy. For each dataset-
imputation method combination, imputation accuracy
was averaged across dataset versions NA10, NA30,
NAS50, NA70 and NA90O and referred as imputation
accuracy. To assess the effect of the sample size on
imputation accuracy, two groups of 100 and 500 parent-
offspring trios were created. For both groups embedded
simulated SNPs with 5k panel and compared
imputation accuracy based on trios sample size. The
impact of each of these factors was assessed for each
imputation method.



Imputation methods
AdaBoost

The AdaBoost algorithm is a well-known method
to build ensembles of classifiers with very good
performance ((Sateesh et al., 2012). It has been shown
empirically that AdaBoost with decision trees has
excellent performance, being considered the best off-
the-shelf classification algorithm (Sateesh et al., 2012).
This algorithm takes training data and defines weak
classifier functions for each sample of training data.
Classifier function takes the sample as argument and
produces value 0 or 1 in case of a binary classification
task and a constant value-weight factor for each
classifier. Generally, AdaBoost has shown good
performance at classification. The sensitivity to noisy
data and outliers is a weak feature of AdaBoost. Let X
be a set of imputed SNPs, and y be a vector of observed
(‘true’) SNP at an individual. Define M=100 to be the
number of independent classifiers (i.e. the imputation
software). Given a training set of N SNP, there are
Z=[(x1, y1), --- & Y, --- Xn, Yn)], Wwhere
xt €& X=(xi1, Xpp, x3i=1,2, ..., N), y* E y=(a,, a,), and
aj, a, are the two alleles at a SNP locus, in question, for
SNP i in the training sample.

Initialize: each SNP was assigned with an equal weight
1
—. €1, ...N

W; = N

Training: For m=1, 2... M classifiers

Call classifier m, which in turn generates hypothesis Py
(i.e. inferred SNPs in the training set). Calculate the
error of Py:

Fit the class probability estimate

Fon(x) = Ae(v = Ux) e [0,1] | using weight w;
on the training data.

- D an
Hm=ﬁ5hg6—iﬂ£)eﬁ

Set Py ()

Update the weight distribution W; for next classifier as
Set Wi & Wy exp{~W; Hym (1)) and renormalize to

Zw: =1

Testing: In the testing set, each Un-typed SNP is
classified via the so-called ‘weighted majority voting’.
Briefly, the wrapper program is
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i,
—

2-)
Output H(x) = sign ' ™

Above, the algorithm maintains a weighted distribution
W; of training samples x;, fori=1, ..., N, from which a
sequence of training data subsets Z,, is chosen for each
consecutive classifier (package) m. Initially, the
distribution of weights is uniform, meaning that all
samples contribute equally to the error rate. Next, the
logit m of the rate of correctly classified samples is
calculated for classifier m. A higher s is an indicator
of better performance. For instance, when Hym=05,
Hy takes the value 0, and increases as Hp = 0.

K-Nearest Neighbor (KNN)

The K- Nearest Neighbors is a simple algorithm
that stores all available cases and classifies new cases
based on a similarity measure. There are two major
design choices to make the value of k, and the distance
function to use. The KNN classifier classifies input data
according to the labels of the K-Nearest Neighbours in
the training data {X;, »;}. The Euclidean distance
between a training sample and the target sample
calculated and both represented as (L + R)-dimensional
binary vectors (input data point X,, and each of the
training data point’s X;) using:

d x,. %)= Ix, - x|

The category label of X, was assigned based on the
majority vote of the category labels of its k-nearest
training data (KNN) (Sun and Zhao, 2015):

60X, » = argmax Z U{XYJ}

i
xekNN

Where d(Xi, ;) € {0, 1} indicates if X; belongs to ;. We
tested k = 3 and used the fitknn function implemented
in MATLAB.

Results

The imputation accuracies of two datasets are
shown in Table 1 for KNN and AB. The accuracy of
imputation was high for two imputation methods. For
all data sets, imputation accuracies always decreased as
the level of missing data increased. In general AB had
the lowest imputation accuracy compared to KNN
methods, however, the difference between imputation
methods was not significant. The accuracy of
imputation increases with increasing the sample size for
all imputation methods examined here. The imputation
accuracy was lower for all levels of 100 compared to



Table 1: Mean of imputation accuracy for each
imputation method in various versions on the
two datasets

AB KNN  Version Sample Density Data
size set

0.9843 0.9945 NAI10 100 5k

0.9883 0.9958 NA30 100 Sk

0.9822 0.9932 NAS50 100 Sk D1

0.9777 0.9901 NA70 100 5k

09211 0.9373 NA90 100 5k

0.9707 0.9821  Mean

0.9859 0.9969 NAI10 500 Sk

0.9885 0.9958 NA30 500 Sk

0.9877 0.9940 NA50 500 5k D2

0.9800 0.9903 NA70 500 5k

0.9288 0.9739 NA90 500 Sk

0.9741 0.9901 Mean

KNN= K-Nearest Neighbours, ADA= AdaBoost, NA10: 10%
of genotype is missing per offspring, NA30: 30% of genotype
is missing per offspring, NAS50: 50% of genotype is missing
per offspring, NA70: 70% of genotype is missing per
offspring, NA90: 90% of genotype is missing per offspring

Table 2: Average imputation runtime on six datasets in
seconds

Data  Sample size Density Version KNN  AB
Set
D1 100 5K NA90 45s  2930s
D2 500 5K NA90  185s  3460s

KNN= K-Nearest Neighbors, ADA= AdaBoost, NA10: 10%
of genotype is missing per offspring, NA30: 30% of genotype
is missing per offspring, NA50: 50% of genotype is missing
per offspring, NA70: 70% of genotype is missing per
offspring, NA90: 90% of genotype is missing per offspring

500. The detailed runtime of the two methods on two
datasets at missing rate of 90% (NA90) is presented in
Table 2. For all data sets, the KNN was always fastest
algorithm. AB needed more time to impute a dataset.
The AB was always the slowest. An important factor in
evaluating machine learning algorithms is how quickly
their runtime increases with sample size of dataset. As
sample sizes of trios grow, the speed of all t methods
needed some more time to impute a dataset.

Discussion

This study applied and compared the performance
of two machine learning methods for imputation in
parent-offspring trios. Using simulated data sets, it was
determined that factors such as number of trios have
varying effects on imputation accuracy rates. Abilities
of the two methods were compared in terms of
imputation accuracy and running time. In comparing
running time, KNN had better performance than AB
algorithm. For KNN Euclidean distance function and k
was a fixed number across all variables. The imputation
accuracy increased but greater computational load of
the AB method in compare with KNN is due to its
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adaptive weighting of variables that takes into account
the response variable (Rutkoski et al., 2013). In general,
AdaBoost Algorithm had lower imputation accuracy
than KNN methods. A possible reason that AdaBoost
were less accurate than KNN method is that the datasets
that we used in our experiment may have violated
multivariate normality. In addition, increasing the total
number of trees can improve boosting ability to impute
the un-typed SNP. Nevertheless other reason that
affective on decreasing the accuracy may be due to total
number of trees that we used in our experiment. KNN
required less computer time than Adaboost, which may
be an advantage when using large data sets with several
thousand markers. The results showed that KNN had
better performance than AB when we used a Sk SNP
panel with a missing rate 90%. This can be due to
Euclidean distance function in KNN algorithm.
Comparing imputation accuracy obtained by our
methods with other studies is hard because each study
uses different population structure, levels of missing
data, and levels of LD between markers (Rutkoski et
al., 2013). As a general trend, accuracy of imputation
increased with increasing number of trios. It seems that
imputation accuracy in all methods was influenced by
sample size. Larger sample size will produce more
consistent estimates of measured parameters resulting
in generally improved imputation accuracy for various
methods (Okser et al., 2014). The performance of any
classification depends on sample size, which may be
especially so for our methods, since the number of
parameters to be estimated is large and low sample size
may lead to unstable results (Sun and Zhao, 2015). On
the other hand, computing time changed with increasing
the sample sizes. For all methods, when sample size
increased from 100 to 500, the computing time also
increased.

Conclusion

This study applied and compared the performance
of two machine learning methods for imputation in
parent-offspring trios. This study has important
implications when all parents has been genotyped
completely, a trio-based algorithm can be used to
impute the high density genotypes of offspring
genotyped with a lower density panel. With the
algorithms presented here, the imputation of un-typed
SNP was more accurate. Simulation datasets showed
that our methods performed very well for imputation of
un-typed SNPs and can be as an alternative for
imputation of parent-offspring trios than other methods.
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