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the mode of the training set samples. A concordance met-
ric, defined as the proportion of training set samples equal 
to the mode, can be used to eliminate unreliable markers 
and compare different algorithms. Across three potato fam-
ilies genotyped with an 8K SNP array, ClusterCall scored 
5729 markers with at least 0.95 concordance (94.6% of its 
total), compared to 5325 with the software fitTetra (82.5% 
of its total). The three families were used to predict geno-
types for 5218 SNPs in the SolCAP diversity panel, com-
pared with 3521 SNPs in a previous study in which geno-
types were called manually. One of the additional markers 
produced a significant association for vine maturity near a 
well-known causal locus on chromosome 5. In conclusion, 
when multiple F1 populations are available, ClusterCall is 
an efficient method for accurate, autotetraploid genotype 
calling that enables the use of SNP data for research and 
plant breeding.

Introduction

Cytological and genomic studies reveal that whole genome 
duplications have occurred many times in the evolution of 
plants, such that nearly all plants can be considered “paleo-
polyploids” (Stebbins 1950; Leitch and Bennet 1997; 
Renny-Byfield and Wendel 2014). When more than two 
homologous chromosomes are present—a condition known 
as autopolyploidy—multiple pairs of bivalents, and some-
times higher order multivalent structures, form in meiosis 
(Mather 1936). This leads to unique segregation patterns 
in autopolyploids compared to diploids. In multivalents, 
recombination can occur between homologs that migrate to 
the same pole in meiosis I, also known as the reductional 
division. It is then possible for parts of sister chromatids 
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to migrate to the same pole in meiosis II—a phenomenon 
called “double reduction” (Mather 1936).

Despite the ubiquity of ancestral autopolyploidy, there 
are fewer species in which the condition persists, presum-
ably because of the higher frequency of complications dur-
ing mitosis and meiosis (Comai 2005). The most common 
form of autopolyploidy in cultivated species is tetraploidy, 
which includes potato (Bourke et al. 2015), highbush blue-
berry (Krebs and Hancock 1989), leek (Jones et al. 1996) 
and alfalfa (Quiros 1982). In some species, such as peanut 
(Leal-Bertioli et al. 2015), only certain chromosomes have 
sufficient homology to exhibit tetrasomic inheritance—a 
condition known as segmental allotetraploidy.

Single nucleotide polymorphism (SNP) arrays are hav-
ing a significant impact on the pace and scope of genetics 
and breeding research in tetraploids. Examples include 
the 8303 SNP array for potato (Hamilton et  al. 2011; 
Felcher et  al. 2012), the 9K array for alfalfa (Li et  al. 
2014a), and the 68K array for rose (Koning-Boucoiran 
et  al. 2015). These arrays produce a fluorescent signal 
that varies with the dosage of the two alleles for each 
marker, which can be visualized in a two-dimensional 
plot (Fig. 1). When a marker works well, the homozygous 
samples should cluster near the axes, while heterozygous 
samples appear at intermediate positions. For diploids, 
one expects a single heterozygous cluster (AB) midway 
between the two axes; for tetraploids there can be up to 

three heterozygous clusters (AAAB, AABB, ABBB). The 
Cartesian (x,y) representation in Fig. 1 can be converted 
to polar coordinates (r,θ), where r is the magnitude of the 
signal and theta (θ) is the angle from the x-axis. Follow-
ing the convention used in the Illumina GenomeStudio 
software, theta values have been normalized by π/2 radi-
ans to lie on the [0, 1] interval.

As illustrated in Fig.  1, theta values convey informa-
tion about allele dosage, and both manual and automated 
approaches have been used to convert theta values into 
tetraploid genotypes. For the 8303 potato SNP array, 
Hirsch et  al. (2013) visually inspected the theta values 
of a diversity panel combined with diploid and tetraploid 
mapping populations to devise a set of marker-specific 
theta “boundaries”, which delineate the minimum and 
maximum theta value for each allele dosage. Although 
visual inspection is accurate, the method is time-consum-
ing and impractical for arrays with tens or hundreds of 
thousands of SNPs.

Voorrips et  al. (2011) developed an automated 
approach based on fitting a mixture of normal distribu-
tions, which is available as the R package fitTetra. Both 
Hackett et al. (2013) and Bourke et al. (2015) employed 
normal mixture models to assign genotypes in a single 
F1 population of potato (the latter used fitTetra while the 
former used an independent implementation), and Vos 
et al. (2015) used fitTetra for a panel of 537 potato lines. 
Bourke et  al. (2015) reported that of the 15,137 SNPs 
called by fitTetra, 1370 were subsequently removed due 
to incompatible parent-offspring genotypes or poor fit to 
the expected segregation ratio; whether these problems 
were present with the allele intensity values or intro-
duced during genotype calling was not determined. Vos 
et al. (2015) reported that fitTetra scored 15,271 markers 
and rejected 2716. Upon visual inspection of the rejected 
markers, Vos et al. (2015) found that 843 could be scored 
manually. Of the 15,271 fitted markers, Vos et al. (2015) 
rejected 378 based on the analysis of segregation ratios 
in an F1 mapping population. When an additional 1832 
markers with more than 5% missing data were visually 
inspected, it was discovered that for 626 markers fitTetra 
“produced false negative genotype calls based on correct 
marker signal intensities” (Vos et al. 2015).

Our objective was to develop an improved, automated 
method for converting theta values into tetraploid geno-
types. The pipeline was implemented as the R package 
ClusterCall, which is available at http://potatobreeding.
cals.wisc.edu/software under the GNU General Public 
License. A detailed tutorial, or vignette, can be down-
loaded with the software.
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Fig. 1  Illustrating the relationship between relative fluorescence 
intensity from the A allele probe (X), the B allele probe (Y), and 
theta for a bi-allelic SNP. Marker genotypes are shown in both alpha-
betic (AAAA nulliplex; AAAB simplex; AABB duplex; ABBB triplex; 
BBBB quadruplex) and numeric (0–4, in parentheses) nomenclature. 
Theta is normalized by π/2 radians to lie on the [0, 1] interval
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Materials and methods

ClusterCall algorithm

The ClusterCall algorithm is applied independently to each 
marker and can be divided into training and prediction 
phases. In the training phase (function CC.bipop), hierar-
chical clustering within an F1 population is used to group 
samples with similar theta values, and then allele dosages 
are assigned to clusters based on expected segregation 
ratios (Fig. S1, Supplementary Material 1). In the predic-
tion phase (function CC.anypop), multiple F1 populations 
and the prediction set are clustered together, and the mode 
allele dosage of the training set samples is used to predict 
all samples in the cluster.

In the first step, theta values within an F1 population are 
hierarchically clustered (R function hclust, method = “com-
plete”; R Development Core Team 2015) based on Euclid-
ean distance. The number of clusters is varied from k = 2 to 
5, and only if the partitioning satisfies three criteria (range, 
separation, and compactness) is it passed to the genotype 
assignment module: (1) the range for each cluster is less 
than the parameter max.range (default = 0.25), (2) the sepa-
ration distance between the medians for adjacent clusters 
exceeds the parameter min.sep (default = 0.05), and (3) the 
fraction of samples with cluster membership probability 
less than min.posterior (default = 0.7) is no more than max.
missing (default = 0.05).

The min.posterior parameter is used to identify sam-
ples that do not cluster tightly and assign them no call 
(NA). The probability p(x|θ) of a sample with theta value 
θ belonging to cluster x is calculated using Bayes theorem, 
p(x��) = p(��x)∕

∑
z p(��z), where the sum is taken over all 

clusters and uniform priors are assumed. After numerical 
experiments with several distributions for p(θ|x), we set-
tled on t-distributions, for which the location, scale, and 
degrees-of-freedom parameters are fitted for each cluster 
independently by maximum likelihood, using the fitdistr 
function in R package MASS (Venables and Ripley 2002). 
The t-distribution fit sometimes fails for clusters near the 
boundaries of the [0, 1] interval. This error is caught by 
ClusterCall and leads to a fit of the heavy-tailed log-normal 
distribution.

At this point in the workflow, ClusterCall checks 
whether the marker is segregating or should be called 
monomorphic in the progeny. This decision is based on 
whether the proportion of total samples in any one cluster 
exceeds the parameter mono.thresh (default = 0.95). If this 
threshold is met, there are three possible outcomes: (1) 
if the range of all samples ≤ max.range and the median 
≤hom.theta (a parameter for homozygous cluster proxim-
ity to the [0, 1] boundaries; default = 0.15), the parents 
and progeny are assigned genotype 0; (2) if the range of 

all samples ≤ max.range and the median ≥1 − hom.theta, 
the parents and progeny are assigned genotype 4; (3) if 
θ ≤ hom.theta for one parent and θ ≥ 1 − hom.theta for the 
other parent, the parents are assigned genotypes 0 and 4, 
respectively, and the progeny are assigned a genotype of 
2.

For segregating markers, the clustering solutions that 
meet the range, separation, and compactness criteria are 
passed to the genotype assignment module. Initially, the k 
clusters are ordered from lowest (𝜃

1
) to highest (𝜃k) median 

theta value (the tilde denotes the median). When k = 5, 
genotypes 0–4 are assigned to the clusters, provided the 
lowest and highest clusters satisfy the hom.theta thresh-
old: 𝜃

1
 ≤ hom.theta and 𝜃k ≥ 1 − hom.theta. For k < 5, any 

solutions with 𝜃
1
≤ hom.theta and 𝜃k≥ 1  −  hom.theta are 

discarded, as assigning genotypes 0 and 4 to the low and 
high clusters would create a skip in the genotype sequence, 
which is not expected in an F1 population. When k = 4, 
genotypes 0–3 are assigned if 𝜃

1
 ≤ hom.theta, while if 𝜃k

≥ 1 − hom.theta, genotypes 1–4 are assigned. For k = 3, the 
genotype assignment can be 0–2, 1–3, or 2–4, depending 
on the values of 𝜃

1
 and 𝜃k. For k = 2, the genotype assign-

ment is 0–1 or 3–4, depending on the values of 𝜃
1
 and 𝜃k.

The goodness-of-fit for each genotype assignment is cal-
culated using Pearson’s chi-squared test (chisq.test function 
in R), which relies on the normalized sum of squared devia-
tions between the expected and observed counts for each 
genotype class. The expected segregation ratio is based on 
the random bivalents model (aka random chromosome seg-
regation, Gallais 2003) and depends on the genotypes of 
the parents, which, therefore, must be included in the popu-
lation. Samples with genotypes that are not possible under 
the random bivalents models (e.g., due to double reduction) 
are treated as missing for the chi-squared test. The use of 
the random bivalents model to score goodness-of-fit does 
not prevent the software from making accurate genotype 
calls for double reduction products, as they occur at low 
frequency. If either parent fails the min.posterior threshold 
at a particular marker and, therefore, receives no call, the 
marker is not scored. If one or more samples were assigned 
genotypes incompatible with the parental genotypes at a 
marker (allowing for double reduction), that clustering 
solution is rejected. For example, if one parent has geno-
type 0, the maximum genotype for the progeny is 2.

The optimal number of clusters for a marker is selected 
based on maximizing the p-value from the chi-squared test. 
However, to prevent the spurious loss of small clusters with 
double reduction products due to sampling variation, a 
penalty is applied for reducing the number of clusters. To 
accept a solution with fewer clusters, the  log10p value must 
increase by at least the parameter chi2p.step (default = 1). 
The importance of this parameter is illustrated in the 
“Results”.
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To predict genotypes for an arbitrary population, Clus-
terCall uses the genotype assignments from two or more F1 
populations as a training set. Theta values from the train-
ing and prediction sets are clustered together as one popu-
lation, using the Euclidean distance metric. The genotype 
assignment for each cluster is the most prevalent genotype, 
or mode, of the training set samples in that cluster. If mul-
tiple clusters are assigned the same genotype, the cluster-
ing solution is rejected. Clusters without at least one called 
training set sample are assigned no call (NA), except when 
there are four other clusters with assigned genotypes. In 
this case, if the cluster without a genotype has median theta 
value less (greater) than hom.theta (1  −  hom.theta), it is 
assigned a genotype of 0 (4).

Beginning with k = 5 clusters, the software checks that 
the solution meets the range, separation, and compactness 
criteria described previously. If not, ClusterCall reduces k 
by 1 and checks again, continuing in this way until a clus-
tering solution is found that meets the criteria. Our analysis 
is limited to markers segregating in at least one F1 popula-
tion, so k = 2 is the minimum number of clusters. No fur-
ther reductions in k are attempted after a valid clustering 
solution is found to prevent the spurious loss of prediction 
set clusters with genotype values not present in the training 
set. If the proportion of samples with no call in the predic-
tion set is less than max.missing (default = 0.05), the func-
tion CC.anypop returns the genotype calls and a concord-
ance statistic, defined as the proportion of the training set 
for which the genotype call in the F1 population matches 
the genotype call from the multi-family clustering.

Application to potato

Three F1 populations and a diversity panel of tetraploid 
potatoes were used in this study. All samples were geno-
typed with the Infinium 8303 SNP array for potato (Hamil-
ton et al. 2011; Felcher et al. 2012), and theta values were 
exported from the Illumina GenomeStudio software for 
each family and the diversity panel as separate projects. 
Using hclust in R, hierarchical clustering of samples based 
on the Euclidean distance (calculated from theta values) 
was used to identify spurious progeny for removal. Repli-
cate samples were combined by taking the median value, 
resulting in n = 160, 191, and 162 progeny for the families 
of Atlantic × Superior (AxS, Zorrilla et al. 2014; Supple-
mentary Materials 2 and 3), Wauseon × Lenape (WxL, 
Supplementary Materials 4 and 5), and Rio Grande × Pre-
mier (RGxP, Douches et al. 2014; Supplementary Materials 
6 and 7), respectively. The diversity panel consisted of 187 
tetraploid individuals (Hirsch et  al. 2013; Supplementary 
Material 8) with phenotype data from Rosyara et al. (2016) 
for the following traits: vine maturity at 95 and 120 days, 

total yield, chip color, tuber width, length, shape, eye 
depth, fructose, sucrose and malic acid.

ClusterCall results are based on the default parameter 
values in version 1.3 of the package, which were chosen to 
maximize the number of markers with concordance ≥0.95 
across the three potato families.

ClusterCall was compared against R package fitTetra 
(Voorrips et al. 2011; version 1.0) for the F1 populations. 
The saveMarkerModels function was used, which attempts 
to fit eight different normal mixture models, using differ-
ent constraints on the means and mixing proportions of the 
distributions, and then selects the model with the lowest 
Bayesian Information Criterion (BIC). Initially we used the 
signal ratio, Xraw/(Xraw + Yraw), as suggested in the fitTetra 
manual, but fitTetra produced more high-concordance 
markers when theta values were used. (Concordance can 
be calculated for any genotype calling method, based on 
clustering independent results for multiple families.) Three 
fitTetra parameters were adjusted to increase the number of 
markers with concordance ≥0.95 across the potato fami-
lies: (1) peak.threshold, a maximum threshold of scored 
samples in a single cluster, (2) p.threshold, a minimum 
p-value threshold for assigning a sample to a cluster, and 
(3) sd.threshold, a maximum threshold on the standard 
deviation of sample signal ratios within clusters. The peak.
threshold parameter was set at 1 to allow fitTetra to call 
monomorphic markers. The p.threshold parameter was var-
ied between 0.7 and 0.99, and results are shown for a value 
of 0.85. Values in the range of 0.025–0.3 were tested for sd.
threshold, and results are shown using the default value of 
0.1.

Linkage analysis of the ClusterCall genotypes was used 
to further validate its performance in the F1 populations. 
Following the method of Luo et al. (2001), an R script was 
written to automate calculation of the coefficients of the log 
likelihood (LL) for the recombination fraction (r) between 
pairs of markers, for every possible combination of parental 
phases. Maximum likelihood estimates for r (denoted rML) 
were obtained by numerical maximization in the interval 
[0, 0.5], using R function optimize, and the phase configu-
ration with the largest LL evaluated at rML was used to esti-
mate the LOD score for linkage as LOD = LL{r = rML} − 
LL{r = 0.5}. Hierarchical clustering (hclust, method “sin-
gle”) of the LOD scores was used to split the polymorphic 
markers into linkage groups for each family.

For the diversity panel, ClusterCall was compared 
against the custom cluster file of Hirsch et al. (2013), which 
was developed by visual inspection of each marker. Clus-
terCall genotypes for the diversity panel were used for 
QTL mapping with R package GWASpoly (Rosyara et al. 
2016) and compared against the GWAS results with the 
original genotype calls. Four marker-effect models were 
tested (additive, simplex-dominant, duplex-dominant, and 
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general), using a genome-wide significance level of 0.05 
for each model based on 1000 random permutations.

Results

ClusterCall algorithm

In the training phase of ClusterCall, optimal genotype-to-
cluster assignments are made for each marker and each F1 
family independently (workflow in Fig. S1, Supplementary 
Material 1). For segregating markers there can be from 
two to five clusters, all of which are considered (dendro-
gram cuts in Fig. S2, Supplementary Material 1). Solutions 
are eliminated using criteria such as the maximum range 
for each cluster, the minimum separation between clusters, 
and the compactness of the clusters (see “Materials and 
methods”).

Figure 2 illustrates this process using a “band” diagram 
for solcap_snp_c2_49209 in the RGxP family, in which the 
vertical axis is theta and the horizontal axis is an arbitrary 
sample index. The symbol for each sample is the genotype 
call (integer between 0 and 4). For this marker, only the 
three- and four-cluster solutions passed the range, separa-
tion, and compactness criteria. After assigning genotype 
values to each cluster (see “Materials and methods”), the 
goodness-of-fit p-value to the expected segregation ratio 
was calculated for each solution.

During the development of ClusterCall, we initially tried 
to select the optimal number of clusters based on maximiz-
ing the p-value, but Fig. 2 illustrates the problem with this 
approach. The only difference between the four- and three-
cluster solutions is whether the sample with θ = 0.36 is 
grouped with the cluster assigned genotype 2 (Fig. 2b) or 
forms its own cluster assigned genotype 1 (Fig. 2a). Visu-
ally, the four-cluster solution seems more likely to be cor-
rect, which is confirmed when this family is aligned with 

the other two families and the SolCAP diversity panel (Fig. 
S3, Supplementary Material 1). In Fig. 2, the parents of the 
family are circled in blue on the far left. With a genotype 
assignment of 3 for both parents, the expected segregation 
ratio under the random bivalents model is 1:2:1 for geno-
types {2,3,4}. Since a genotype of 1 is not possible under 
the random bivalents model, we conclude that the θ = 0.36 
sample was the result of double reduction. Due to random 
segregation, the goodness-of-fit p-value is slightly higher 
when the θ = 0.36 sample is assigned genotype 2 (p = 0.61) 
than when it is assigned genotype 1 (p = 0.58).

To prevent the loss of small-membership clusters con-
taining double reduction products, ClusterCall considers 
k-cluster solutions from k = 5 down to 2, accepting a solu-
tion with fewer clusters as superior only when the  log10p 
increases by an amount controlled by the parameter chi2p.
step. After exploring a range of values for this parameter, a 
value of 1 was chosen as the ClusterCall default and used in 
this study. In the case of solcap_snp_c2_49209, the  log10p 
value only increased by 0.02 when the number of clusters 
decreased from 4 to 3, and the four-cluster solution was 
selected as optimal.

Performance measures for ClusterCall

Since the true genotype for each sample is unknown, Clus-
terCall was designed to quantify the consistency of the 
genotype calls made independently for several F1 popula-
tions. After clustering the theta values for multiple families 
together as one set, concordance is defined as the propor-
tion of samples with genotype equal to the mode for each 
cluster. To illustrate, Fig.  3a shows the band diagram for 
solcap_snp_c1_10494 for three potato F1 populations. For 
this marker the genotype clusters line up across the fami-
lies, and concordance is 1. Markers with low concord-
ance can be visually inspected to determine if a satisfying 
genotype assignment is possible (Fig. S4a, Supplementary 

Fig. 2  Selecting the optimal 
clustering for solcap_snp_
c2_49209 in the Rio Grande 
× Premier family. a With four 
clusters, the p-value is 0.58 
for the chi-squared test to the 
expected segregation ratio. b 
With three clusters, the double 
reduction product at θ = 0.36 
is grouped with the duplex (2) 
cluster, but the p-value increases 
to 0.61. Plotting symbols are 
the assigned allele dosage (0 
nulliplex to 4 quadruplex), and 
parental samples appear on the 
far left, with blue circles
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Material 1) or if the marker appears to be unreliable (Fig. 
S4b, Supplementary Material 1).

Figure  4 compares the concordance distribution for 
markers segregating in at least one F1 population, when 
scored by ClusterCall vs. the software package fitTetra. 
With ClusterCall, 4217 markers had perfect concord-
ance across the families, compared to 3478 with fitTetra. 
By relaxing the threshold to 0.95 concordance, the marker 
count for ClusterCall increased to 5729 compared to 5325 
with fitTetra. Whereas 95% of the markers scored by Clus-
terCall had ≥0.95 concordance, only 83% of the fitTetra 
markers met this threshold. Of the 5434 markers scored by 
both software packages, 4611 SNPs had ≥0.95 concord-
ance with both, 564 had ≥0.95 concordance with Cluster-
Call but not fitTetra, and 116 had the reverse pattern.

To further test the quality of the ClusterCall genotypes, 
linkage analysis was performed within each F1 population 
and then compared across the families. There were 5532 
markers with ≥0.95 concordance and unique positions in 
version 4.03 of the DM reference genome (Potato Genome 
Sequencing Consortium 2011; Sharma et  al. 2013), and 
5503 were mapped to a chromosome in at least one family 
(Table S1, Supplementary Material 9). Of the 4976 markers 
mapped in at least two families, there were (1) 5 markers 
with conflicting chromosome assignments across families, 
(2) 57 previously unanchored markers, (3) 4905 markers 
for which the linkage analysis agreed with the reference 
genome, and (4) 14 markers with consistent results across 

the families but a conflict with the reference genome, most 
of which lie on superscaffolds for which conflicts have been 
reported previously (Table 1).
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Fig. 3  Visualizing the concordance of ClusterCall genotypes at sol-
cap_snp_c1_10494 for a the Wauseon x Lenape (WxL), Rio Grande 
× Premier (RGxP), and Atlantic × Superior (AxS) families (separated 
by dashed vertical lines), and b the SolCAP diversity panel, using 

the three families as a training set. Plotting symbols are the assigned 
allele dosage (0 nulliplex to 4 quadruplex), and red points indicate 
samples with no genotype call (NA)
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Fig. 4  Distribution of the genotype concordance across three potato 
F1 populations, using R packages ClusterCall and fitTetra. Concord-
ance is defined as the proportion of samples within a cluster with 
genotype equal to the cluster mode. Horizontal dotted lines indicate 
the total marker count for each method. The vertical dotted blue line 
indicates a 0.95 concordance threshold
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Genotype calls for arbitrary populations

To predict genotypes for an arbitrary population, such as a 
diversity panel or breeding population, ClusterCall uses the 
genotype assignments from two or more F1 populations as 
a training set. The prediction is made by hierarchical clus-
tering of all the samples (training and prediction) together, 
and the genotype call for the cluster is the mode of the 
training set samples. Figure 3 shows the result for solcap_
snp_c1_10494, illustrating how the clusters in the SolCAP 
diversity panel (Fig. 3b, n = 187) align with the correspond-
ing clusters in the F1 populations (Fig. 3a).

If a cluster does not contain any training set samples, 
which will happen when the prediction set contains allele 
dosages not present in the training set, the samples in that 
cluster are not called (Fig. S5, Supplementary Material 1). 
An exception to this rule is when four other clusters are 
defined and the remaining cluster can be assigned the 0 or 
4 genotype (see “Materials and methods”). Figure 3b illus-
trates this feature, as genotype 0 was assigned to the lowest 
cluster even though it contained no samples from the train-
ing set. To prevent the spurious lumping together of pre-
diction set clusters that do not contain training set samples, 
ClusterCall uses the largest k (for clustering in k groups) 
consistent with the cluster range, separation, and compact-
ness criteria mentioned in the previous section.

Using the AxS, WxL, and RGxP families as training 
data, genotypes were predicted for 5218 markers in the 
SolCAP diversity panel with ≥0.95 concordance and ≤5 % 
missing data. From this set, 1858 markers were called with 
≤5 % missing data using the visually determined cluster 

boundaries from Hirsch et  al. (2013). The genotype calls 
by the two methods were at least 95% identical at all but 9 
markers, demonstrating the high quality of the automated 
calls made by ClusterCall.

As an additional test, a genome-wide association 
study (GWAS) was performed with the ClusterCall geno-
types (Table  S2, Supplementary Material 1) and com-
pared against the results of Rosyara et  al. (2016), who 
used the genotype calls from Hirsch et  al. (2013). Both 
studies detected co-localized QTL for tuber shape and 
eye depth on chromosome 10 (van Eck et  al. 1994; Li 
et  al. 2005), but only with the ClusterCall genotypes 
was the well-known maturity QTL on chromosome 5 
detected (Fig. S6, Supplementary Material 1; Bradshaw 
et  al. 2008; Uitdewilligen et  al. 2013). The most signifi-
cant SNP for vine maturity at 120  days was solcap_snp_
c1_14802 (−log10p = 6.1), which at 5,051,766  bp is close 
to the position (4,538,880...4,541,736) of the StCDF1 gene 
(PGSC0003DMG400018408) implicated as the causal 
locus by Kloosterman et  al. (2013). The solcap_snp_
c1_14802 association was not detected by Rosyara et  al. 
(2016) because the SNP was not called by Hirsch et  al. 
(2013).

Discussion

For both technical and computational reasons, previous 
research has often failed to take advantage of allele dosage 
information in polyploid studies. Wu et al. (1992) proposed 
that polyploid linkage maps could be created using only 

Table 1  Conflicts between linkage groups and DMv4.03 pseudomolecules for families Rio Grande × Premier (RG × P), Atlantic × Superior 
(A × S), and Wauseon × Lenape (W × L)

Literature support lists publications in which the marker was reported on the same linkage group as determined in this study

SNP RGxP AxS WxL DMv4.03 Pos (bp) Super scaffold Literature support

solcap_snp_c1_1770 9 9 9 11 20,596,535 PGSC0003DMB000000211
solcap_snp_c2_16746 4 4 4 3 41,496,608 PGSC0003DMB000000414 Hackett et al. (2013)
solcap_snp_c2_21309 NA 9 9 10 42,008,529 PGSC0003DMB000000220 Hackett et al. (2013)
solcap_snp_c2_37342 NA 11 11 6 55,960,752 PGSC0003DMB000000575 Hackett et al. (2013)
solcap_snp_c2_4393 9 9 9 7 18,715,095 PGSC0003DMB000000224 Felcher et al. (2012)
solcap_snp_c2_4567 NA 9 9 7 12,696,253 PGSC0003DMB000000348 Bourke et al. (2015), Hackett et al. (2013) 

and Felcher et al. (2012)
solcap_snp_c2_49280 NA 11 11 5 15,735,037 PGSC0003DMB000000317 Hackett et al. (2013)
solcap_snp_c2_49282 11 11 11 5 15,735,180 PGSC0003DMB000000317 Felcher et al. (2012)
solcap_snp_c2_49847 7 7 7 4 13,556,151 PGSC0003DMB000000067 Endelman and Jansky (2016)
solcap_snp_c2_49848 7 7 NA 4 13,555,806 PGSC0003DMB000000067 Endelman and Jansky (2016)
solcap_snp_c2_49850 7 7 7 4 13,555,777 PGSC0003DMB000000067
solcap_snp_c2_49851 7 7 7 4 13,555,746 PGSC0003DMB000000067
solcap_snp_c2_52829 NA 3 3 10 51,201,738 PGSC0003DMB000000106 Felcher et al. (2012)
solcap_snp_c2_54581 8 8 8 1 24,708,276 PGSC0003DMB000000195 Bourke et al. (2015), Endelman and Jansky 

(2016)
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markers that are simplex in one parent and nulliplex in the 
other. With random chromosome segregation, these “sin-
gle-dose” markers segregate 1:1:0:0:0, and the maximum 
likelihood estimator of recombination frequency between 
markers in coupling phase is independent of ploidy level, 
which means diploid mapping software can be used (Li 
et al. 1998, 2014b; Brouwer and Osborn 1999). In popula-
tion genetic studies, all markers are typically used but the 
three heterozygous genotypes may not be differentiated to 
facilitate analysis with diploid software (Simko et al. 2006; 
Li et al. 2014a).

Because of the ability to score allele dosage with SNP 
arrays, new software that utilizes this information is being 
developed. Within the past few years, tools for tetraploid 
linkage mapping (Hackett et  al. 2013), haplotype recon-
struction (Zheng et  al. 2016), and GWAS (Rosyara et  al. 
2016) have been published. These analysis tools depend on 
accurate allele dosage information, for which ClusterCall 
represents a significant advance.

A key feature of ClusterCall is the use of F1 popula-
tions to calibrate the theta-to-genotype relationship for 
each marker. The idea of using F1 populations to calibrate 
tetraploid genotype calls has been described before, nota-
bly by Hirsch et al. (2013) and Vos et al. (2015) in potato. 
Compared with these earlier studies, ClusterCall automates 
and streamlines this process and, by using the concordance 
metric, provides a quantitative basis for eliminating unre-
liable markers. The high quality of the ClusterCall output 
does not come at the expense of speed. To assign genotypes 
for the Atlantic × Superior family, ClusterCall required 
9.5  min on a 3.2  GHz Intel Core i5 processor, compared 
with 7.3 h for fitTetra.

Whereas fitTetra requires no training population, the 
number and quality of the genotype calls made by Clus-
terCall depend on the number and size of the F1 popula-
tions. Larger populations improve the reliability of using 
the chi-squared segregation test to infer genotypes, and 
more populations increase the probability of observing all 
five dosages (0–4) in the training set. To minimize ascer-
tainment bias, the parents of the F1 populations should be 
representative of the germplasm in the prediction set. A 
two-way table of the number of dosage levels in the train-
ing vs. prediction sets can be used to assess how many 

markers are potentially missed due to ascertainment bias 
(Table 2). The first column of Table 2 shows there were 
several hundred markers with high concordance across 
the training set but no call in the diversity panel. A hybrid 
approach can be used to score these markers, by combin-
ing training set calls from ClusterCall with prediction set 
calls from fitTetra (or some other method). Markers could 
be filtered for concordance across the training and predic-
tion sets and then visually inspected using a theta band 
diagram.

ClusterCall was written exclusively for autotetraploids. 
Although in principle our pipeline of hierarchical cluster-
ing and model selection based on expected segregation 
ratios could be adapted for higher ploidy levels, this may 
be impractical even for autohexaploids. With tetraploids, 
a certain amount of spread for each genotype cluster can 
be tolerated because only five clusters need to be accom-
modated in the [0, 1] interval, but more stringent toler-
ances on the clusters would be needed to fit up to seven 
clusters for a hexaploid. Furthermore, it will prove dif-
ficult to use the goodness-of-fit to segregation ratios to 
determine the number of true clusters and genotype-to-
cluster assignment, as a small shift in the allele dosage of 
the parents produces similar ratios that only large popu-
lations could differentiate. For ploidy levels greater than 
four, mixed ploidy populations, and segmental allopoly-
ploids, we recommend the normal mixture model or 
probabilistic graphical model of Serang et al. (2012).

The focus of this study was the 8303 SNP array for 
potato, which is transforming potato breeding and genet-
ics research (Douches et  al. 2014). Vos et  al. (2015) 
designed a 20K array for potato, but it is no longer avail-
able. In 2015, a 12K array was developed for North 
American potato by combining reliable markers from 
the original 8303 SNP array with additional SNPs from 
Hamilton et al. (2011). This array has been used to geno-
type hundreds of elite lines, but thus far we have been 
limited to using the SNPs derived from the 8303 array. 
Recently, several F1 populations were genotyped with the 
12K array for the purpose of QTL mapping. With Clus-
terCall, we can now use these populations to realize the 
full potential of the array for GWAS and genome-wide 
prediction.

Table 2  Number of allele 
dosage levels in the training 
set vs. in the SolCAP diversity 
panel (prediction set), for 
markers with at least 0.95 
concordance

The count in each cell of the two-way table is the number of markers

Number of dosage levels in 
the training set

Number of dosage levels in the prediction set

0 1 2 3 4 5

2 83 1 284
3 216 0 148 1180
4 124 0 1 130 861 637
5 80 0 0 17 296 1671
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