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Summary

Despite reduced genotyping costs in recent years, obtaining genotypes for all individuals in a
population may still not be feasible when sample size is large. DNA pooling provides a useful
alternative to determining genotype effects. Clustering algorithms allow for grouping of
individuals (observations) with similar characteristics and thus may result in better pooling. The
objective of the study was to determine the properties of pools constructed using clustering
algorithms. Partitioning around medoids (PAM) was applied to a simulated sheep population in
which both continuous and ordinal traits was generated. The effect of including the numerator
relationship matrix (NRM) as a similarity measure was also determined. Calculated measures of
clustering homogeneity included mean, maximum silhouette width, cluster size, proportion of
clusters of size smaller than 5, and cluster size variance. The silhouette for individual i is defined
as the difference between the lowest average dissimilarity to any other cluster and the average
dissimilarity of its cluster divided by the maximum of the two dissimilarities. In addition,
variability of aggregate phenotype was measured. For continuous traits, including the NRM had
little impact on the homogeneity of pools. Without the NRM ordinal traits were more variable in
size and had many clusters with fewer observations in them. In conclusion, for categorical traits
including the NRM as a distance measure resulted in pools with better properties.
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Introduction

With the advent of high density arrays and next generation sequencing, genotyping costs have
decreased significantly (Campbell et al., 2015; Van Raden et al., 2011), making it possible to
obtain genotypes on a commercial scale. Many species, including beef and dairy cattle, have
genotypes on hundreds of thousands of individuals (Van Raden et al., 2011). Still, in many cases
genotyping individual animals may not be economically or practically feasible, making it
necessary to develop different strategies for genomic prediction.
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DNA pooling is a powerful tool for association tests in quantitative traits when limited
resources do not allow individual genotyping (Sham et al., 2002). Experimental savings can be
achieved by testing allele frequency differences between DNA pooled from individuals selected
based on their phenotypic values (Bader et al., 2001). Which individuals are to be selected to
form pools becomes important, as different pooling designs differ in efficiency (Sham et al.,
2002). With binary traits, such as disease traits, pools can be selected based on whether
individuals either express the affected phenotype or not (case-controls). In the same manner,
continuous traits can be “discretized” by selecting individuals with extreme phenotypes (extreme
individuals). In both cases, identifying alleles significantly contributing to the observed
difference becomes possible (Bader et al., 2001). Ordinal traits present challenges, since they
have an ordered nature resembling continuous traits, yet they are discrete in nature.

More recently, Mitchell et al. (2014) used k-means to select pools of individuals based on
continuous covariate information for skewed biomarker regression. Similarly, Lyles et al. (2016)
suggested using joint pooling based on both covariate and observed phenotypes. In many
situations, records and/or covariates such as age or management group may be readily available.
Thus, using phenotypes in combination with covariate information may provide a better tool for
pool selection. However, for k-means to effectively be used to cluster individuals based on
covariate (and/or outcome) information, it is required that variables be continuous. Partitioning
around medoids (PAM) uses a dissimilarity (distance) matrix among individuals to assign them
into groups (clusters) and can handle mixed-type variables (Gower, 1971).

Recently, selection for increased wool shedding has received considerable attention due to
interest in reducing labor costs associated with shearing (Matika et al., 2013; Vargas Jurado et
al., 2016). Wool shedding is usually recorded as scores belonging to (ordered) categories
representing the extent of wool coverage. To cost-effectively evaluate allelic differences
contributing to wool shedding, it is then important to determine whether clustering algorithms
are useful for constructing pools of individuals with similar phenotypes and covariate values, yet
distinct among clusters. Thus, the aim of this study was to determine the properties of PAM for
the selection of pools of individuals for continuous and ordinal traits in a simulated sheep
population.

Material and methods

QMsim (Sargolzaei & Shenkel, 2009) was used to simulate a sheep population. Briefly, 5
historical generations and 10 generations under selection were simulated with a population size
of 200 ewes and 20 males each generation. Two inheritance scenarios were simulated: i) four
major QTL as in Matika et al. (2013) where 2 SNPs on chromosome OAR2 and 2 SNPs on
chromosome OAR5 were associated to increased wool shedding, and ii) the four QTL and
polygenic effects. For (ii) half of the total additive variation was due to QTL and half due to
polygenic effects. The QTL effects were drawn from a gamma distribution with shape parameter
equal to 0.6. A continuous trait was simulated with phenotypic variance equal to 1 and a
heritability of 0.3. Fixed effects included the total number of lambs reared, and contemporary
group. An ordinal trait was then constructed by truncating the continuous response into five
categories with proportions of 0.35, 0.25, 0.17, 0.13, and 0.10 respectively, resembling the
observed distribution of wool shedding in a composite flock (Vargas Jurado et al., 2016).
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Pools were constructed using PAM based on two strategies. Firstly, a dissimilarity (distance)
matrix was constructed using the Gower measure on the covariate total number of lambs reared
and phenotype. Secondly, the elements of the numerator relationship matrix (NRM) were scaled
such that their maximum value was 1. A matrix of 1 minus these scaled values was then added to
the dissimilarity matrix. Additionally, for the ordinal traits pooling was performed across and
within categories. Traits and covariates were standardized as in Hennig & Liao (2013). The
method above was replicated 100 times. For each replicate a total of k = 50 pools were
constructed.

Clustering homogeneity was determined by calculating the mean, maximum silhouette
width, maximum clustering size, proportions of clusters with size less than 5, and the variance of
cluster size. The silhouette width of individual i in cluster k, , is defined as:

where bi is the lowest average dissimilarity of i to any other cluster, and ai is the average
dissimilarity of i with all other individuals in the same cluster. Thus, , with values near 1
representing better clustering, values close to -1 indicating poor clustering, and values near zero
typical of individuals located between two clusters. Also, the standard deviation of the aggregate
phenotype was calculated. Finally, aggregate phenotype in the case of ordinal traits was defined
as the mean score value for individuals in a given pool.

Results and discussion

In the case of continuous traits and in both inheritance scenarios (Table 1), including the
NRM resulted in more homogeneous clusters, despite a reduction in mean and maximum
silhouette width. Moreover, a decrease in maximum cluster size, and a reduction of both the
proportion of clusters of size less than 5 and variance of cluster size, also was observed. Despite
the relative decrease in silhouette width by including the NRM, variability in aggregate
phenotype decreased from 1.28 ± 0.06 to 0.43 ± 0.04.

For ordinal traits, when pooling individuals across categories (Table 2) including the NRM,
there was a marked decrease in maximum cluster size, the proportions of clusters of size smaller
than 5, and cluster size variation. However, there was a decrease in silhouette width, but less
than for the continuous trait. As with the continuous trait, including the NRM reduced the
variability of aggregate phenotype from 1.09 ± 0.07 to 0.45 ± 0.04.

Figure 1 depicts the increase in the proportion of individuals assigned to a given pool. In the
case of the continuous trait 20 pools concentrate about 0.50 of the individuals, regardless of the
inclusion of the NRM. For ordinal traits without the NRM, 20 clusters instead included about
0.90 of the observations. When the NRM is included, the trend is similar to those of the
continuous traits.

Finally, when pooling ordinal traits within categories (Table 3) all the clustering
homogeneity measures were improved. Mean and maximum silhouette width increased, and as
before, including the NRM reduced cluster size variation, and maximum cluster size markedly.

Conclusion
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Including the NRM along with a Gower similarity matrix did have a marked effect on the
characteristics of pools constructed from phenotypes and covariates. In addition, it did reduce
variability and produced more uniform clusters when applied to ordinal traits across categories
and within categories. The effect of pooling on estimated allele frequencies remains to be
considered for future research.

Table 1. Measures of clustering homogeneity for continuous trait and two modes of inheritance

Inheritance Distance

Mean
silhouette
width

Max
silhouette
width Max cluster size

Small
clusters1

Cluster
size sd2

QTL

Gower 0.56 (0.18) 0.95 (0.04) 26.25 (3.16) 0.22
(0.04)

6.08

Gower + NRM 0.09 (0.18) 0.78 (0.13) 21.32 (3.31) 0.06
(0.03)

3.98

QTL +
Polygenic

Gower 0.56 (0.18) 0.95 (0.04) 25.67 (2.90) 0.23
(0.04)

6.11

Gower + NRM 0.09 (0.19) 0.79 (0.14) 21.72 (3.18) 0.06
(0.04)

4.02

1Defined as the proportions of clusters with size less than 5. 2Standard deviation of cluster size

Table 2. Measures of clustering homogeneity for ordinal trait (across categories) and two modes
of inheritance

Inheritance Distance

Mean
silhouette
width

Max
silhouette
width Max cluster size

Small
clusters1

Cluster
size sd2

QTL Gower 0.42 (0.49) 0.62 (0.49) 81.89 (6.34) 0.59
(0.03)

15.75

Gower + NRM 0.10 (0.18) 0.78 (0.09) 21.48 (3.23) 0.05
(0.03)

3.99

QTL +
Polygenic

Gower 0.42 (0.49) 0.62 (0.49) 81.39 (5.60) 0.59
(0.02)

15.68

Gower + NRM 0.10 (0.19) 0.81 (0.13) 21.51 (3.19) 0.06
(0.03)

3.99

1Defined as the proportions of clusters with size less than 5. 2Standard deviation of cluster size

Table 3. Measures of clustering homogeneity for ordinal trait (within categories) and two modes
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of inheritance

Inheritance Distance

Mean
silhouette
width

Max
silhouette
width Max cluster size

Small
clusters1

Cluster
size sd2

QTL Gower 0.37 (0.48) 0.70 (0.46) 22.78 (3.26) 0.14 (0.01) 6.55

Gower + NRM 0.53 (0.29) 1.00 (0.00) 7.87 (1.39) 0.10 (0.02) 1.71

QTL +
Polygenic

Gower 0.37 (0.48) 0.60 (0.49) 23.15 (3.05) 0.14 (0.01) 6.64

Gower + NRM 0.52 (0.29) 1.00 (0.00) 7.69 (1.29) 0.09 (0.02) 1.62
1Defined as the proportions of clusters with size less than 5. 2Standard deviation of cluster size

Figure 1. Cumulative proportion of individuals per cluster for both continuous and ordinal traits
constructed using PAM based on covariate and pedigree information.
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