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Abstract

Key message Dense linkage maps derived by analys-
ing SNP dosage in autotetraploids provide detailed
information about the location of, and genetic model at,
quantitative trait loci.

Abstract Recent developments in sequencing and geno-
typing technologies enable researchers to generate high-
density single nucleotide polymorphism (SNP) genotype
data for mapping studies. For polyploid species, the SNP
genotypes are informative about allele dosage, and Hackett
et al. (PLoS ONE 8:¢63939, 2013) presented theory about
how dosage information can be used in linkage map con-
struction and quantitative trait locus (QTL) mapping for an
F, population in an autotetraploid species. Here, QTL map-
ping using dosage information is explored for simulated
phenotypic traits of moderate heritability and possibly non-
additive effects. Different mapping strategies are compared,
looking at additive and more complicated models, and
model fitting as a single step or by iteratively re-weighted
modelling. We recommend fitting an additive model with-
out iterative re-weighting, and then exploring non-additive
models for the genotype means estimated at the most likely
position. We apply this strategy to re-analyse traits of high
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heritability from a potato population of 190 F, individuals:
flower colour, maturity, height and resistance to late blight
(Phytophthora infestans (Mont.) de Bary) and potato cyst
nematode (Globodera pallida), using a map of 3839 SNPs.
The approximate confidence intervals for QTL locations
have been improved by the detailed linkage map, and more
information about the genetic model at each QTL has been
revealed. For several of the reported QTLs, candidate SNPs
can be identified, and used to propose candidate trait genes.
We conclude that the high marker density is informative
about the genetic model at loci of large effects, but that
larger populations are needed to detect smaller QTLs.

Introduction

Much progress has been made in recent years in developing
methods for linkage analysis and QTL mapping in auto-
tetraploid species. New genotyping technologies, such as
the Illumina Infinium platform and sequencing-based meth-
ods, such as RAD sequencing (Baird et al. 2008) or gen-
otyping by sequencing (Elshire et al. 2011), are enabling
the construction of high-density single nucleotide poly-
morphism (SNP) maps. Some of these technologies carry
information not simply on presence/absence of an allele at
a SNP locus, but about the actual allele dosage, which pro-
vides important information in polyploid species.

Hackett et al. (2013) have developed the statisti-
cal theory for using SNP dosage information to estimate
recombination frequencies between SNPs in an autotetra-
ploid population, and have applied this to a full-sib potato
(2n = 4x = 48) population derived from a cross between
processing clone 12601abl and the cultivar Stirling. This
paper also developed methodology for interval mapping
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of quantitative trait loci (QTL), using the dosage infor-
mation. The methodology used a hidden Markov model
(HMM) (Rabiner 1989) to estimate genotype probabilities
for each offspring along the chromosomes, and then mod-
elled trait values as an additive function of the homologue
effects, weighted by the genotype probabilities. This builds
on previous work by Hackett et al. (2001) on QTL map-
ping in autotetraploids, which extended the mixture model
approach to mapping QTL of Jansen (1992). The QTL
model was applied to analyse allele intensity ratios of SNPs
from the Illumina Infinium platform as a check on the posi-
tion and phase of the SNP markers.

The allele intensity ratios are uncomplicated traits for QTL
mapping, in that they are expected to have a very high ratio of
genetic to random variance, to map to a single chromosomal
location and to follow an additive function of the homologue
effects. If a SNP has parental genotypes AABB x AABB,
the offspring are expected to have genotypes AAAA, AAAB,
AABB, ABBB and BBBB in a 1:8:18:8:1 ratio and the off-
spring allele intensity ratios are expected to cluster around
values of 0.0, 0.25, 0.5, 0.75 and 1.0 (i.e. an additive function
of the number of B alleles present). In general, we are inter-
ested in mapping traits with lower heritabilities, which may
be affected by more than one QTL and where there may be
dominance or other non-additive effects.

In this paper, we present a simulation study on the effi-
cacy of QTL interval mapping based on SNP dosages to
model more general phenotypic traits of low to moderate
heritability. We investigate the threshold LOD score for
declaring a QTL present, and compare the additive model
with a more complicated model for the 36 possible QTL
genotypes. We then apply the model to re-analyse QTL data
on this population for flower colour from Bradshaw et al.
(2008), for maturity, height and resistance to late blight
(Phytophthora infestans (Mont.) de Bary) from Bradshaw
et al. (2004) and on resistance to potato cyst nematode
(PCN, Globodera pallida) from Bryan et al. (2004).

Materials and methods
Potato mapping population and linkage map

The cross between the potato processing clone 12601abl
and the cultivar Stirling has been studied extensively, and
different linkage maps have been published. An early
AFLP map based on 78 F, offspring was published by
Meyer et al. (1998) and a more detailed AFLP and SSR
map, based on the full population of 227 F, offspring was
published by Bradshaw et al. (2008). This map contained
453 mapped markers and identified some, but not all, of the
chromosomal groups based on the locations of SSR mark-
ers together with shared markers from the ultra high density
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(UHD) mapping population SH x RH (van Os et al. 2006).
Stirling, 12601abl and 190 F, offspring have recently
been genotyped using the Infinium 8303 potato SNP array
(Felcher et al. 2012). A SNP linkage map, using the dos-
age information, was generated by Hackett et al. (2013).
This map assigned locations to 3839 SNPs, and identified
all the chromosomal groups. Simplex SNPs identified 46 of
the 48 chromosomes for Stirling and 45 chromosomes for
12601ab, giving a very comprehensive linkage map. SNP
marker positions in the potato reference genome provided
for QTL locations are obtained using the version 4.03
potato genome pseudomolecules (Potato Genome Sequenc-
ing Consortium 2011; Sharma et al. 2013).

Phenotypic traits

In this paper, we re-analyse some phenotypic traits from previ-
ous publications on this population by Bradshaw et al. (2004,
2008), Bryan et al. (2004). These papers describe the data col-
lection and preliminary analysis including the estimation of
heritability in detail. The following traits were analysed:

Flower colour (Fc), from Bradshaw et al. (2008), scored
as a qualitative trait: blue like 12601ab1 or white like Stir-
ling, for the clones that flowered over 3 years of trials (178
out of 190) from 1999 to 2001.

Maturity (Mat), from Bradshaw et al. (2004), scored on
a one (early, all plants dead) to nine (late, all plants still
green) scale in 1999 and 2000 and analysed as clone means
over the 2 years. The heritability was estimated as 0.916.

Canopy height (Ht), from Bradshaw et al. (2004), meas-
ured in centimetres (cm) from the top of the drill in 1999,
2000 and 2001 and analysed as clone means over the
3 years. The heritability was estimated as 0.876.

Resistance to late blight (Phytophthora infestans (Mont.)
de Bary) from Bradshaw et al. (2004), scored as

1. Fourth field assessment of foliage blight (Fb4), on a 1-9
scale of increasing resistance, on 11 August 1998, which
proved the optimal date for discriminating between
clones. The heritability was estimated as 0.878.

2. Glasshouse assessment of tuber blight (Tb %) as a per-
centage of infected tubers in 1999. The heritability was
estimated as 0.870.

3. Whole-plant glasshouse assessment of the presence/
absence of Stirling’s major R-gene (R-gene). It was
possible to categorise all 190 clones. Further details of
this assessment using a simple and complex race are
given in Stewart et al. (2003).

Resistance to the white potato cyst nematode Globodera
pallida (PCN), from Bryan et al. (2004), scored as the
count of cysts and analysed after a square root transforma-
tion. The heritability was estimated as 0.937.
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Method for QTL mapping

Hackett et al. (2013) have described the theory for con-
structing a SNP linkage map using dosage information,
and for using dosage information in QTL interval mapping,
assuming a model of random chromosomal segregation.
The QTL mapping steps can be summarised as:

1. Estimate the QTL genotype probabilities at each SNP
from the parental genotypes and phases and the off-
spring dosages. This uses a Hidden Markov Model
(HMM) and gives a 36 x s matrix Pg for each off-
spring G, G = 1...n with the probability of each of the
36 possible QTL genotypes t at the s SNPs on a link-
age group.

2. Interpolate QTL genotype probabilities between the
SNPs at a 1 centiMorgan (cM) spacing along each
chromosome, using a cubic smoothing spline.

3. Model the trait values as a function of the QTL genotype,
using a normal mixture model with a constant variance.

Fitting a normal mixture model to the trait values

Jansen (1992) developed a general mixture model for QTL
mapping and showed how the model fitting can be sepa-
rated into two steps, a weighted regression step where the
trait values are regressed on the QTL genotypes, weighted
by their probabilities P (derived initially from the HMM
in step 1), and an updating step where the QTL genotype
probabilities are updated from marker data and the current
estimates of the QTL model parameters.

Formally, the likelihood of the trait data Yy ... Y, and the
observed marker data x; . .. x, can be written as

L=[]fe.xe) =[] pxa)f Yslxo)

G=1 G=1

where f(Yglxg) is the probability density function of
the trait conditional on the marker data, with parameter
vector 6.

The maximum likelihood equation is

dlogL
00

and Jansen (1992) showed how the left hand side of this
can be rewritten in terms of the inferred QTL genotypes
as

0

dlogL - a
26 = 2 2 P6lY6,x6) 7 - [logp(no)]
G=1 7
- 9
+ ZP(T[G|YG,XG)£ [logf (Yglm)]
G=1 7

The conditional probabilities p(7g|Yg,xG) = p(7Glxc)
fYglre) /f YGlxg) = Pof (Yglmg) /f Yglxg) where Pg
are the QTL genotype probabilities from the HMM. The
likelihood equation can be solved (Jansen 1992) using an
iterative approach based on the EM algorithm, alternating
an Expectation step updating the conditional probability
with a Maximisation step of a weighted regression to cal-
culate the parameters of the QTL model f(Yg|7g) until
the likelihood converges. The conditional probabilities are
the QTL genotype probabilities Py from the HMM for the
first step, and are then updated using the probability dis-
tribution function f(Yg|mg) and rescaled to sum to one.
Our experience with diploid QTL mapping software such
as MapQTL 5 (van Ooijen 2004) is that occasionally the
number of iterations can be high and spurious QTLs can be
inferred in regions where the marker information is sparse:
to avoid this here, a maximum of ten iterative steps was
imposed. The LOD score is calculated as log;,(likelihood
ratio) = log,o(L) — log,o(L,), where L is the likelihood of
the trait data in the absence of a segregating QTL i.e. that
the trait has a normal distribution with a single mean for
the population.

An alternative model fitting approach omits the iterative
updating of the weights and uses a single regression step,
weighted by the QTL genotype probabilities P from the
HMM. This approach is used in some diploid QTL map-
ping software such as the procedures in GenStat 15 for
Windows (Payne et al. 2012) and some of the options in
R/QTL (Broman et al. 2003). For a dense marker map, this
should be a good approximation to the iterative procedure.
The simulation study compares these two model fitting
procedures.

The form of the QTL model f(Y|m)

Kempthorne (1957) discussed the partitioning of the
genetic variance of tetraploid individuals in a random mat-
ing population at equilibrium and expressed the trait value
Y of an individual with genotype AAA/A, as

Y6 = pu+ai+oj+ o+ o+ B + B + B
+ Bik + Bjt + Bu + Vijk + Vijt + Vik + Vikr + diju

where u is the population mean, «; etc. are the main effects
of the alleles and ﬂij, Yiiko and (Sijkl etc. are diallelic, triallelic
and tetra-allelic interactions, respectively. For a full-sib
population, let the homologous chromosomes be numbered
1-4 for parent P1, and 5-8 for parent P2. An individual will
inherit alleles A; and Aj, 1<i<3;i<j<4fromPlandA,
andA, 5 <k<T7andk<[<8fromP2. LetX;i=1...8
be 0/1 indicator variables corresponding to allele A; absent/
present for that individual. As discussed by Hackett et al.
(2001), Kempthorne’s model can be rewritten for an F,
population as
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8 7 8 3 4
Yo=p+ ZaiXi + Z Z BiXiX; + Z Z Z ViikXiXj X
i=1 i=1 j=it1 i=1 j=i+1 k=5

4 7 8 3 4 7 8
+Z Z Yiki XiXi X +Z Z Z Z Sijkd -

i=1 k=5 I=k+1 i=1 j=i+1 k=5 I=k+1

There are too many parameters to be estimated here from
the 36 genotype means. As each individual inherits pre-
cisely two alleles from each parent, Kempthorne’s model
needs to be modified to take into account the constraints
that X, + X, + X5 + X, =2 and X5 + X + X, + Xz = 2.
One such model, which will be referred to as the addi-
tive model, contains only the main effects «; from
Kempthorne’s model. Taking into account the constraints
on X, this has the form

YG = e + a2Xo + o3X3 + a4 Xs + a6Xe + 07X7 + g X3.
ey

In this model, the constant u. is harder to interpret
because of the constraints and does not correspond either to
the trait mean or to a specific genotype mean.

An alternative model, which will be referred to as the
complete model, fits parameters to all of the 36 possible
genotype classes. Let X,5¢ etc. be 0/1 indicator vari-
ables corresponding to an individual having genotype
A A,AsA¢ or not, with the constraint that these sum to
one. Taking into account this constraint, the model has the
form:

Yo = uc +ni2s7X1257 + - - - + 13478 X3478 )

where the constant - corresponds to the mean for the first
genotype A;A,A;A¢ and the genotype effects 1,57 etc. are
differences from this. This model may enable the detection
of dominance effects and other interactions that might be
missed by the additive model.

Exploration of simpler models

The 36 genotype means obtained from the complete model
(2) at the most likely QTL location can be explored to iden-
tify whether a simple model with two different QTL alleles
fits the means. Possible simple models are:

Simplex QTL Qqqq x qqqq, which segregates in a 1:1
ratio

Duplex QTL QQqq x qqqg, either segregating in a 1:4:1
ratio qqqq:Qqqq:QQqq where there is additivity or par-
tial dominance, or 5:1 Q-qq:qqqq where there is com-
plete dominance

Double-simplex QTL Qqqq x Qqqgq, either segregating
in a 1:2:1 ratio qqqq:Qqqq:QQqq where there is additiv-
ity or partial dominance, or 3:1 Q-qq:qqqq where there
is complete dominance

@ Springer

The best model among these can be identified
using an information criterion such as the minimum
Schwarz information criterion (SIC) (Schwarz 1978):
SIC = —2log L + plog m, where L is the likelihood for the
simple model, p is the number of parameters in the sim-
ple model and m,, is the number of observations (i.e. the 36
genotype means).

This approach can also be used after fitting the additive
model (1). The genotype means at the most likely QTL
location S are calculated from the probability matrices
{Pg} from the HMM. Let Py, G = 1...n, k = 1...36 be
the probability that individual G has genotype k at position
S. Then, the QTL genotype means are

n

Y = Z PsGrYG. (3)
G=1

This strategy fits an additive model, but then tests for
non-additive effects at the most likely QTL location.

QTL simulation study

Hackett et al. (2013) carried out a small study simulating
offspring data from the estimated linkage maps to look at
the proportion of the offspring genotypes that were esti-
mated correctly by a HMM analysis of the parental gen-
otypes and phases and the offspring dosages. From this
study, chromosome XII was picked as a group of short
length (87 cM), average SNP density (118 SNPs in the
linkage group, or 1.35 markers per cM) and among the best
reconstructed (the mean proportion of genotypes estimated
correctly was 0.877) to form the basis of the simulation
study here. Sets of 200 or 400 offspring were simulated
from the parental genotypes and phases for the map of chro-
mosome XII, with an additional marker (the QTL) included
at position 27 cM. This marker was only used to simulate
trait data and was not used for QTL interval mapping. Dif-
ferent configurations of trait data were estimated for QTL
mapping, using the formulae in “Appendix” to estimate the
size of allele effect that results in a QTL explaining a given
proportion of the trait variance. A single set of SNP data
was used for each configuration, and multiple traits were
generated within each configuration as a constant m (set
equal to 10.0), plus the genotype effects, plus a normally
distributed term for environmental variation.

The following configurations were simulated. Configu-
rations have 200 offspring and 50 traits in each set unless
otherwise stated:

Set la  Random data (100 traits)
Set Ib  Random data (100 traits and 400 offspring)
Set2a  Simplex QTL, expected to explain 15 % of the

trait variance, on homologue h1 from parent 1
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Set2b  Simplex QTL, expected to explain 10 % of the
trait variance, on homologue h2 from parent 1

Set2c  Simplex QTL, expected to explain 5 % of the
trait variance, on homologue h2 from parent 1

Set2d  Simplex QTL, expected to explain 5 % of the
trait variance, on homologue h2 from parent 1,
using 400 offspring

Set3a  Duplex additive QTL, expected to explain 10 %
of the trait variance, on homologues h6 and h8
from parent 2

Set3b  Duplex dominant QTL, expected to explain 10 %
of the trait variance, on homologues hl and h2
from parent 1

The traits in each of these sets were analysed using the
additive model (1) to find the location with the highest
LOD score on chromosome XII and to see how well the
QTL configuration was reconstructed. The random data
(set 1) and the three sets with a QTL explaining 10 % of the
trait variance were also analysed using the complete model
(2). In both cases, the results from fitting the model as a
single weighted regression were compared to fitting the
model by an iteratively reweighted regression process. The
three sets with a QTL explaining 10 % of the trait variance
were analysed further to identify whether there were two-
allele models compatible with the genotype means.

A permutation test approach (Churchill and Doerge
1994) was used to establish LOD thresholds for declaring
a QTL present. Rather than using a fixed number of per-
mutations, the sequential method of Nettleton and Doerge
(2000) was used to obtain confidence intervals for the
permutation threshold as follows. Let the maximum LOD
scores (ML) from N permutations be ordered from small-
est to largest, ML(1) < ... < MLy). The level a threshold
is estimated as ML[y(1—«)}, Where [j] denotes the small-
est integer greater than or equal to j. An approximate 100
(1 — ) % confidence interval for the threshold is given by
(ML(L), ML(U)) where

Table 1 Simulation set la

L= [N(l —a) = (@ (1 = y/2))/Na(l — a)—‘
U= [N(l —a) + (@ (1 = y/2)/Na(l - a)-‘

where @ is the distribution function for the standard normal
distribution. If the maximum LOD score for a particular
trait is greater than the upper bound MLy, it is declared
that a significant QTL is present, while if it is lower than
the lower bound ML, then it is declared that there is no
QTL present. If any test statistics remain unresolved, fur-
ther permutations can be run to reduce the size of the con-
fidence interval.

Here, we ran a minimum of 200 permutations for each
scenario. From the above equations, the approximate 95 %
confidence interval is then given by the L = 184th and the
U = 197th ordered maximum LOD scores. A further 300
permutations were analysed if necessary, and the 465th and
the 484th ordered values of the combined sets were used
as the 95 % confidence interval. For the simulated sets, the
permutations were obtained as four permutations of each of
the 50 traits in each set, which were analysed to give a sin-
gle threshold for each set.

Results
Simulation study
Analysis of simulation set 1: random data

Table 1 summarises the results of analysing 100 traits gen-
erated for a population of size 200 using a normal distribu-
tion with a mean m of 10 and a standard deviation of one, for
the additive and the complete models. The estimated posi-
tions had a mean close to the centre of the chromosome but
showed a high variability, as expected when no true QTL
was simulated. The constant u,- was estimated close to the

Parameter Additive model Complete model

With iteration Without iteration With iteration Without iteration

Mean SD Mean SD Mean SD Mean SD
Position 41.0 29.44 39.9 26.84 39.8 28.54 359 16.3
Ue 10.0 0.44 10.0 0.39 10.2 0.62 10.2 0.49
R? 3.9 2.34 2.1 1.67 15.9 6.67 2.9 3.12
LOD 2.5 0.81 24 0.79 11.3 1.92 9.5 1.74
rms 0.96 0.095 0.98 0.095 0.84 0.114 0.98 0.106

Summary statistics for the peak of the LOD profile of 100 N(10,1) traits for a population of size 200, using the additive and complete models.
The means and standard deviations (SD) for the position (in cM) of the largest LOD score, the model constant u, the % variance explained (RY),

the LOD score and the residual mean square (rms)
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Table 2 Simulation set 1b

Parameter Additive model Complete model
With iteration Without iteration With iteration Without iteration
Mean SD Mean SD Mean SD Mean SD
Position 41.2 26.46 40.4 23.41 43.5 28.8 384 17.66
Summary statistics for the Ue 10.0 0.28 10.0 0.26 10.0 0.39 10.0 0.31
peak of the LOD profile of 100 R? 1.6 1.08 0.94 0.775 8.1 4.21 1.3 1.27
N(10,1) traits for a population LOD 2.3 0.78 2.3 0.77 10.7 1.63 9.5 1.41
of size 400, using the additive rms 0.98 0066 099 0066 091 0066 098  0.068

and complete models

simulated values of 10 in all cases. The residual mean square
(rms) was close to the simulated value of one except for the
complete model with iteration, where it was under-estimated.
The LOD score and % variance explained (measured as the
adjusted R?) were slightly higher with iteration than without
for the additive model, and substantially higher for the com-
plete model. The LOD scores were much higher under the
complete model due to the high number of parameters being
fitted here. Table 2 gives the corresponding results for a
population of size 400, which showed similar trends but less
inflation of the LOD score and % variance with iteration.

Analysis of simulation set 2: simplex QTLs, using the
additive model

Table 3 summarises the results of simulation set 2a, with
a single simplex QTL explaining 15 % of the variation
at a position of 27 ¢cM on homologue hl, chromosome
XI1I, of parent 1. Data were simulated with offspring with
homologue hl (genotype Qqqq) expected to have a mean
trait value of m + a and offspring without homologue h1
(genotype qqqq) expected to have a mean trait value of m,
where m = 10 and a = 0.838 (“Appendix”). Because of
the constraints in Eq. (1), the expected coefficients are an
overall constant u. equal to m + 2a, coefficients equal to
—a for a,, o3 and o, and coefficients of zero for oy, o; and
ag. The means in Table 3 showed good agreement with
these. In all simulations, the coefficients for o, a3 and oy
were significantly less than zero. Four of the 50 simula-
tions showed an (incorrect) significant association with
one or more of the homologues from parent 2 when the
model was fitted without iteration, and five showed such
an association when fitted with iteration. The mean R’
was close to the simulated figure of 15 %, and the position
was close to that simulated. The true QTL position lay
in a one-LOD support interval about the LOD maximum
for 47 of the traits, and in a two-LOD support interval for
all 50 traits. Two hundred permutations were run for this
data set. The LOD scores, both with and without iteration,
were above the upper bound of the permutation threshold
for all but one trait of the 50 simulated, and below the
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Table 3 Simulation set 2a

Parameter With iteration Without iteration
Mean  SD Mean SD

Position 28.5 480 284 4.5
Ue 11.64 0291 11.59 0.266
o, —0.87 0.172 -0.83 0.162
03 —-0.85 0.172 -0.82 0.160
oy —0.84 0.164 —-0.80 0.153
o 0.02 0.182  0.02 0.158
oy 0.07 0.195 0.06 0.183
og 0.00 0.180 0.01 0.163
R? 15.8 4.64 140 4.17
LOD 8.4 2.25 8.3 2.23
rms 0.99 0.094 1.01 0.094
One (two) LOD support interval 47 (50) 47 (50)

LOD permutation threshold
(N = 200)

3.85(3.48,4.15) 3.54(3.25,4.01)

Summary statistics for the peak of the LOD profile of 50 traits sim-
ulated with a simplex QTL explaining 15 % of the trait variance at
27 ¢cM on homologue hl of parent 1, using the additive model. This
shows the means and standard deviations (SD) for the position (in
cM) of the largest LOD score, the model constant ., the estimated
chromosome effects (a,, a3 and o, for parent 1 and o, a; and og
for parent 2), the % variance explained (R?), the LOD score and the
residual mean square (rms). One (two) LOD support interval shows
the number of traits for which the true QTL location is in the one-
LOD support interval, with the corresponding figures for the two-
LOD support interval in brackets, and the final row shows the 95 %
permutation threshold and its approximate 95 % confidence interval

lower bound for the remaining trait. For this simulation,
the QTL was consistently detected, with good agreement
with the simulated values.

Table 4 summarises the results of simulation set 2b, with
a single simplex QTL explaining 10 % of the variation at a
position of 27 ¢cM on homologue h2, chromosome XII of
parent 1. Data were simulated with offspring with homo-
logue h2 (genotype qQqq) expected to have a mean trait
value of m + a and offspring without homologue h2 (geno-
type qqqq) expected to have a mean trait value of m, where
m = 10 and a = 0.665 (“Appendix”). For this simulation
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Table 4 Simulation set 2b Parameter With iteration Without iteration
Mean SD Mean SD

Position 30.0 10.85 31.1 9.03
He 9.93 0.365 9.95 0.327
a, 0.70 0.205 0.67 0.192
0 0.02 0.230 0.02 0.217
oy 0.00 0.186 0.00 0.173
dg 0.02 0.231 0.02 0.213
oy —0.01 0.223 —0.01 0.208

S - dics for th og 0.02 0.222 0.02 0.200

ummary statistics for the >

peak of the LOD profile of 50 R 12.0 491 10.2 4.06

traits simulated with a simplex LOD 6.5 2.16 6.4 2.12

QTL explaining 10 % of the rms 0.98 0.118 1.00 0.119

trait variance at 27 cMon One (two) LOD support 40 (48) 40 (47)

homologue h2 of parent 1, using interval

the additive model. The notation .

is the same as for Table 3. At LOD permutation threshold (N = 200) 3.92 (3.61, 4.57) 3.87 (3.47,4.47)

the bottom of the table are the LOD permutation threshold (N = 500) 3.96 (3.70, 4.30) 3.87 (3.57,4.13)

values for the position, a,, Rz,. No. significant traits 42 43

the rms and the number of traits  p iy 29.4 1137 308 9.22

where the true QTL location is

in the one (two) LOD support % 0.74 0.195 0.70 0.182

interval for the traits above the R? 13.3 4.12 11.2 3.30

upper bound of the permutation rms 0.97 0.120 0.99 0.120

threshold interval based on 500\, ) 1 OD support interval 32 (40) 33 (40)

permutations

set, the expected coefficients are an overall constant u,
equal to m, a coefficient of a for a, and coefficients of zero
for the other homologues. The means in Table 4 showed
good agreement with these for the simulation without itera-
tion. However, the mean R> when fitting the model with
iteration was slightly higher than simulated, at 12.0 %. The
true QTL position lay in a one-LOD support interval about
the LOD maximum for 40 of the traits, and in a two-LOD
support interval for 47 traits when analysed without itera-
tion and 48 traits with iteration.

Two hundred permutations were run initially for this
data set. The LOD scores were above the upper bound of
the permutation threshold for 39 traits, with and without
iteration, and below the lower threshold for four traits
without iteration and three traits with iteration. A further
300 permutations were run to try to resolve the remaining
traits. Table 4 shows the thresholds and confidence lim-
its for both the original 200 permutations and the com-
bined set of 500 permutations, which decreases the size
of the confidence interval. Based on 500 permutations,
43 were above the upper threshold without iteration, four
were below the lower threshold and three were still unre-
solved. The corresponding figures with iteration were
42 traits above the upper threshold, four below and four
unresolved. We focus here on the traits above the upper
threshold. a, was the only significant coefficient for 30
of the 43 traits above the threshold without iteration, and

for 29 of the 42 traits above this threshold with iteration:
the remainder identified additional homologues as mak-
ing a significant contribution. The means for the signifi-
cant traits, at the bottom of Table 4, showed higher values
of a, and R and a lower rms, especially using the model
with iteration.

Table 5 summarises the results of simulation set 2c,
which is similar to set 2b but with a = 0.458, giving a
simplex QTL explaining 5 % of the variation. As in simu-
lation 2b, the mean coefficients and rms were estimated
accurately without iteration but R?> was over-estimated
when the model is fitted with iteration. The standard devi-
ation of the estimated position was much higher than for
the traits explaining more of the variation. The true QTL
position lay in a one-LOD support interval about the LOD
maximum for 34 of the traits analysed without iteration
and 32 of the traits with iteration, and in a two-LOD sup-
port interval for 48 traits when analysed with or without
iteration. Five hundred permutations were run for this
data set. There were 29 traits above the upper threshold
without iterations, 15 below the lower threshold and six
were still unresolved. The corresponding figures with iter-
ations were 28 traits above the upper threshold, 15 below
and seven unresolved. For the traits above the upper
threshold, the size and variance explained were over-
estimated, again particularly for the model with iteration.
This is an example of the widely reported ‘Beavis effect’

@ Springer



1892

Theor Appl Genet (2014) 127:1885-1904

Table 5 Simulation set 2¢

Parameter With iteration Without iteration
Mean SD Mean SD
Summary statistics for the Position 31.1 18.73 31.3 18.28
peak of the LOD profile of U 10.0 0.507 10.0 0.453
S0 traits simulated with a o 0.445 0.269 0.424 0.241
simplex QTL explaining 5 % 5
of the trait variance at 27 cM R 7.4 2.85 5.8 2.47
on homologue h2 of parent 1, LOD 4.3 1.22 4.2 1.22
using the additive model. The rms 0.97 0.088 0.99 0.086
fficients f —ag all h
coethicients for oy-ag all have One (two) LOD support 32 (48) 34 (48)

means close to zero and for
brevity have been omitted. At
the bottom of the table are the
values for the position, o, R,
the rms and the number of traits

interval

No. significant traits

sl Position
where the true QTL location is
in the one (two) LOD support %
interval for the traits above the R?
upper bound of the permutation rms
thresholq interval based on 500 One (two) LOD support interval
permutations

LOD permutation threshold (N = 500)

4.11 (3.85, 4.29) 3.95(3.77,4.11)

28 29

28.5 17.65 28.5 17.34
0.520 0.215 0.483 0.203
9.3 1.72 7.4 1.53
0.96 0.094 0.98 0.093
17 (26) 19.(27)

(Beavis 1994; Utz and Melchinger 1994; Xu 2003), where
the effects of small QTLs are increasingly over-estimated
at lower power. The coefficient a, was the only signifi-
cant coefficient for 13 and 12 of the traits above the upper
threshold without iteration and with iteration, respec-
tively: the remainder either identified additional homo-
logues as making a significant contribution or did not
identify a, as significant.

Table 6 explores the effect of increasing the popula-
tion size from 200 to 400 on the detection of a simplex
QTL explaining 5 % of the variation. This improved the
precision with which the position, the overall constant
uc, the coefficient a, and the rms are estimated. R> was
closer to the expected value of 5 %, especially for the
simulations with iteration. The true QTL position lay in
a one-LOD support interval about the LOD maximum
for 43 of the traits analysed without iteration and 42 of
the traits with iteration, and in a two-LOD support inter-
val for 50 traits when analysed without iteration and
49 analysed with iteration. Five hundred permutations
were run for this data set. The LOD scores were above
the upper permutation threshold for 41 traits, below the
lower threshold for six and unresolved for three traits,
with or without iteration, compared to 28 or 29 above
the upper threshold in the smaller population. There is
also less tendency to over-estimate the size of the signif-
icant QTLs. The coefficient o, was the only significant
coefficient for 26 of the 41 traits above the randomi-
sation threshold without iteration and for 22 of the 41
above the threshold with iteration. The remainder gener-
ally identified additional homologues as making a signif-
icant contribution; only two in each case did not identify
a, as significant.

@ Springer

Analysis of simulation set 3: duplex QTLs,
using the additive model

Table 7 summarises the results of simulation set 3a, with an
additive duplex QTL simulated at 27 cM on homologues
h6 and h8 of parent 2, chromosome XII, i.e. offspring
have expected means of m, m + a or m + 2a according
to whether they inherit neither, one or both of homologues
h6 and h8. The QTL effect was set as a = 0.576, corre-
sponding to an expected variation explained of 10 %, and
m = 10. For this simulation set, the expected coefficients
are an overall constant u. equal to m, a coefficient of a for
o and ag and coefficients of zero for the other homologues.
Again, the figures in Table 7 were close to the expected
values, with slight over-estimates for the set with iteration.
The true QTL position lay in a one-LOD support interval
about the LOD maximum for 46 of the traits analysed with-
out iteration and 44 of the traits with iteration, and in a two-
LOD support interval for 48 traits when analysed without
or with iteration. Five hundred permutations were run for
this data set. There were 42 traits above the upper threshold
without iterations, five below the lower threshold and three
were still unresolved. The corresponding figures with itera-
tions were 40 traits above the upper threshold, five below
and five unresolved. o, and ag were the only significant
coefficients for 33 of the traits above the upper threshold,
both without iteration and with iteration and just one of
these coefficients was significant for a further 4 and 1 traits,
respectively: the remainder identified additional homo-
logues as making a significant contribution.

Table 8 compares the above simulation with that for
a dominant duplex QTL simulated at 27 ¢cM on homo-
logues hl and h2 of parent 1, chromosome XII, where the
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Table 6 Simulation set 2d
Parameter With iteration Without iteration

Mean SD Mean SD
Position 26.3 11.59 27.0 10.62
Ue 9.9 0.277 9.9 0.235
o, 0.488 0.149 0.461 0.136
R 6.1 2.41 5.1 2.25
LOD 6.3 2.10 6.2 2.12
rms 0.98 0.063 0.99 0.061
One (two) LOD support interval 42 (49) 43 (50)
LOD permutation threshold (N = 500) 3.87 (3.72, 4.25) 3.74 (3.60, 4.18)
No. significant traits 41 41
Position 24.5 7.58 254 6.86
o, 0.513 0.149 0.488 0.130
R 6.8 1.98 5.8 1.88
rms 0.98 0.063 0.99 0.061
One (two) LOD support interval 33 (40) 3541)

Details are as for set 2c, but with 400 individuals. Summary statistics for the peak of the LOD profile of 50 traits simulated with a simplex QTL
explaining 5 % of the trait variance at 27 cM on chromosome 2 of parent 1, using the additive model. The coefficients for a;—ag all have means
close to zero and for brevity have been omitted. At the bottom of the table are the values for the position, a,, R?, the rms and the number of traits
where the true QTL location is in the one (two) LOD support interval for the traits above the upper bound of the permutation threshold interval

based on 500 permutations

offspring have expected means of m + a if they carry either
homologue hl or homologue h2 from parent 1, and m if
they carry homologues h3 and h4 from this parent. Setting
a = 0.894 corresponds to an expected variation explained
of 10 % (“Appendix”). The estimated means from fitting
the additive model corresponded less well to the simu-
lated values than for the additive duplex SNP, with lower
values for the variance explained. The mean position was
still close to that simulated, but fewer of the one-LOD sup-
port intervals contained the true QTL position, although
figures for the two-LOD intervals were similar. The mean
coefficients for a; and o, were significantly negative. Five
hundred permutations were run for this data set. There were
27 traits above the upper threshold without iterations, 11
below the lower threshold and 12 were still unresolved. The
corresponding figures with iterations were 26 traits above
the upper threshold, 12 below and 12 unresolved. A fur-
ther 500 permutations were run, but this did not improve
the resolution. Of the significant traits, 21 had significant,
negative coefficients for oy and o, only and a further one
had significant coefficients for just one of these under the
model without iteration. With iteration, 20 traits had signif-
icant negative coefficients for a; and o, only and a further
one had significant coefficients for only one of these. We
conclude that this additive model does less well in the case
of a fundamentally non-additive relationship, but that when
a significant QTL is detected, the location and homologues
of importance are close to the true values.

Analysis using the complete model

The three sets of simulated traits with a QTL explaining
10 % of the trait variation were re-analysed using the com-
plete model, where parameters for the 36 genotype means
are fitted. Table 9 compares the main parameter estimates.
Fitting the models without iteration gave mean values for
R? and the rms close to the simulated values, but when the
models were fitted with iteration R> was badly over-esti-
mated and the rms was under-estimated. The true position
lay in the one- and two-LOD support intervals for a much
lower number of the traits than for the additive model. Five
hundred permutations were run for each of these data sets.
For the models fitted without iteration, the numbers of traits
with the maximum LOD score above the upper permuta-
tion threshold were 27, 19 and 24 for sets 2b, 3a and 3b,
respectively. These are lower than the corresponding num-
bers of significant QTLs detected for the additive models of
43,42 and 27. When so many parameters are being fitted to
a relatively small data set, the possibility for over-fitting is
high and the higher LOD threshold means that the power to
detect QTLs is reduced.

Testing for simpler models using the 36 genotype means
from the complete model and the additive model

The 36 genotype means from the three sets of simu-
lated traits explaining 10 % of the trait variance were

@ Springer



1894

Theor Appl Genet (2014) 127:1885-1904

Table 7 Simulation set 3a

Parameter With iteration Without iteration
Mean SD Mean SD

Position 26.9 13.10 27.0 12.25
He 10.0 0.316 10.0 0.289
a, 0.022 0.198 0.016 0.168
0y —0.015 0.204 —0.011 0.189
oy —0.008 0.196 —0.009 0.180
g 0.607 0.195 0.564 0.174
oy —0.009 0.217 0.001 0.192
og 0.628 0.170 0.576 0.158

Summary statistics for the p.cak R? 12.4 523 9.7 3.86

of the LOD profile of 50 traits

simulated with an additive LOD 64 2.07 62 2.00

duplex QTL explaining 10 % of rms 1.00 0.135 1.030 0.131

the trait variance at 27 cM on One (two) LOD support interval 44 (48) 46 (48)

homologues h6 and h8 of parent . .

2, using the additive model. LOD 'per.mutatlon 'threshold (N = 500) 4.08 (3.96, 4.28) 3.99 (3.84,4.12)

At the bottom of the table are No. significant traits 40 42

the values for the position, ag, Position 27.2 13.59 27.2 12.26

2

g‘?tﬁi . sﬂ:hr:r: glf;dtf;: ngHiber ag 0.649 0.188 0.591 0.170

location is in the one (two) LOD ui 0.658 0.167 0.602 0.154

support interval for the traits R 13.9 4.58 10.7 3.339

above the upper bound of the rms 0.98 0.135 1.02 0.129

permutation threshold interval One (two) LOD support interval 34 (38) 38 (40)

based on 500 permutations

Table 8 Simulation set 3b

Parameter With iteration Without iteration
Mean SD Mean SD

Position 29.8 16.55 29.4 15.24
Ue 11.5 0.318 11.4 0.302
o, —0.031 0.193 —0.039 0.183
a3 —0.592 0.175 —0.555 0.162
oy —0.574 0.172 —0.542 0.160
g —0.041 0.180 —0.024 0.172

Summary statistics for the p.eak o —0.062 0.156 —0.041 0.155

of the LOD profile of 50 traits

simulated with a dominant og —0.053 0.207 —0.042 0.197

duplex QTL explaining 10 % of R 8.5 3.36 7.1 3.24

the trait variance at 27 cM on LOD 4.8 1.58 4.7 1.59

the bottom of the table are the One (two) LOD support interval 38 (47) 37 (46)

values for the position, R?, the LOD permutation threshold (N = 500) 4.10 (3.85,4.52) 3.96 (3.76, 4.43)

r nllls andhthte nur&b}ir {)f trta}its ) No. significant traits 26 27

o tflr:gnz ({“Weo) LODogjgggris Position 25.0 12.66 26.1 11.48

interval for the traits above the R 10.93 2572 9.27 2.542

upper bound of the permutation rms 0.999 0.097 1.017 0.099

threshold interval based on 500 One (two) LOD support interval 18 (22) 20 (24)

permutations

explored to see whether they were compatible with a sim-
pler model with two alleles at the QTL. The means were
obtained by two approaches: fitting 36 means using the

complete model, or fitting an additive model and then
calculating the genotype means from the genotype prob-
abilities at the most likely location using Eq. (3). Due to
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Table 9 Analysis O,f the traits Parameter With iteration Without iteration
where a QTL explains 10 %,
using the complete model Mean SD Mean SD
Set 2b: simplex QTL
Position 329 20.15 335 12.80
R? 19.8 6.09 10.1 4.53
LOD 14.5 2.36 13.2 227
rms 0.891 0.120 1.00 0.129
One (two) LOD support interval 14 (25) 24 (32)

LOD permutation threshold (N = 500)

Set 3a: additive duplex QTL
Position
R?
LOD
rms

One (two) LOD support interval

LOD permutation threshold (N = 500)

Set 3b: dominant duplex QTL
Position
R?
LOD
rms

One (two) LOD support interval
For brevity the 36 genotype
means are omitted

LOD permutation threshold (N = 500)

14.72 (14.44, 15.50) 12.89 (12.36, 13.23)

335 20.99 32.8 11.85
19.3 6.36 9.7 4.92
14.3 2.61 13.0 2.50
0.920 0.132 1.03 0.130
15 (28) 23 (33)

14.95 (14.49, 15.43) 13.01 (12.64, 13.44)

31.2 19.87 30.7 9.63
18.2 5.93 9.2 351
13.8 1.79 12.7 1.78
0.920 0.109 1.02 0.111
20 (34) 19 (29)

14.41 (14.07, 14.60) 12.68 (12.22, 12.90)

the over-estimation of R> when the model was fitted with
iteration, only the means from the fitting without itera-
tion were used in each case. The results are summarised
in Table 10. The proportions of the significant traits for
which the correct simple model was selected were similar
for the complete and the additive model. The proportion
where the correct model was selected was lower for the
simplex set 2b than for the duplex sets 3a and 3b, but fur-
ther inspection of the simplex sets showed that typically
the correct model was the second best, with a very similar
SIC to the selected model.

Comparison of model fitting with and without iteration

Some further summary measures were investigated to
establish the differences between model fitting with and
without iteration, and are shown in Online Resource 1.
The ratio of the mean LODs for each simulation set is only
slightly above one, being in the range from 1.00 to 1.04 for
the additive models and 1.10-1.19 for the complete models.
There is more change in the mean R?, with the ratio vary-
ing from 1.13 to 1.86 for the additive models and 1.96-6.23
for the complete models. Plotting the ratio of the maximum
LOD with iteration to that without iteration against the
position of the maximum LOD with iteration shows that
the LOD ratio is close to one when the maximum position

is close to the middle of the chromosome but that there is
a clear trend for the ratio to increase when the maximum
position approaches the ends of the chromosome (Online
Resource 2). There are only a few instances of this in
Online Resource 2 part (b), which is based on simulation
2d (a simplex QTL explaining 5 % of the variance in a
population of 400, detected for 41/50 traits), but more in
Online Resource 2 part (a), with no true QTL present, and
in Online Resource 2 part (c), where the complete model is
fitted. Near the ends of the chromosome, there is inevitably
less information about the QTL genotype provided by the
marker data, and the weights will be more sensitive to the
trait data and prone to over-fit it. The iterative model fitting
procedure was always terminated after ten iterations, and
a check was made to see how often there was a failure to
converge. As detailed in Online Resource 1, for the additive
model at most 2 % failed to converge, and these were when
testing a position close to the ends of the chromosome (0—4
and 75-87 cM). For the complete model fitted to 200 obser-
vations, more than half of the iterative procedures failed to
converge. Bartlett’s test of homogeneity of variance was
used to compare the variance of position estimates under
the two fitting procedures. For the additive models, there
was no significant difference, but for the complete models
the variance was significantly larger when fitted with itera-
tion, as detailed in Online Resource 1, due to QTLs being
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Table 10 Testing for simpler

models for the simulation sets
explaining 10 % of the trait
variance

This shows the number of
times that a significant QTL
is detected among the 50
simulated traits, and classifies
these as: correct simple
model selected using the SIC;
correct parent selected (ie
model includes only alleles
from the segregating parent);
other simple model selected;
or no model fits better than

the additive effects of each
chromosome

Complete model Additive model
Set 2b: simplex QTL
Number significant 27 43
Correct model selected (qQqq X qqqq) 16 29
Correct parent selected 4 1
Other simple model selected 6 11
Additive model selected 1 2
Set 3a: additive duplex QTL
Number significant 19 42
Correct model selected (qqqq x qQqQ, with 1:4:1 ratio) 14 31
Correct parent selected 4 9
Other simple model selected 1 0
Additive model selected 0 2
Set 3b: dominant duplex QTL
Number significant 24 27
Correct model selected (QQqq x qqqq, with 5:1 ratio) 18 21
Correct parent selected 5 6
Other simple model selected 0
Additive model selected 0 0

incorrectly detected near the ends of the chromosomes
[Online Resource 2 part (c)]. We conclude that the itera-
tive fitting method over-fits in situations of low informa-
tion: close to the ends of the chromosomes, when there is
no strong QTL present, or when the number of parameters
to be estimated is high as in the complete model. It is a par-
ticular problem in the latter case, where particularly few
of the two-LOD support intervals contained the true QTL
location.

Conclusions from the simulation study

We conclude from the simulation study that the opti-
mal strategy is to fit the additive model to each trait as a
weighted regression on the genotype probabilities without
iteration. This aims to minimise over-fitting to the data.
Two-LOD support intervals were found to be a reasonable
approximation to a 95 % confidence interval for the true
position, while one-LOD intervals were too small to be a
reliable indication. The mean trait values associated with
the 36 QTL genotypes can then be calculated from the gen-
otype probabilities at the most likely location, and a range
of simple two-allele models fitted to identify which models
minimise the SIC. This strategy is used in the analysis of
the experimental data below.

Experimental study
The experimental study was based on 190 F, offspring

from the cross between Stirling and 12601abl. To estab-
lish a genome-wide threshold, the sequential permutation
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procedure of Nettleton and Doerge (2000) was used as
described above. A minimum of 200 permutations were
analysed for each of the experimental traits, using the addi-
tive model without iteration for all 12 chromosomes, and
the maximum LOD over the 12 chromosomes was calcu-
lated. If the LOD score for a trait was within the approxi-
mate 95 % confidence interval for the threshold, a further
300 permutations were analysed.

Table 11 gives details of the QTLs detected for each
trait, and the corresponding 95 % confidence interval for
the LOD threshold. The LOD profiles were inspected to see
if multiple QTLs were present on each chromosome, but
none were found.

Flower colour

Among the 190 offspring, 100 were scored as 0 = white
(like Stirling), 78 as 1 = blue (like 12601abl) and the
remaining 12 were missing (no flowers). When the 0/1
scores were mapped as a quantitative trait, the most sig-
nificant association was on chromosome X, with the peak
LOD of 37.9 at 44 cM, well above the upper permutation
threshold for this trait of 5.09. The only significant hom-
ologue effect was that of homologue h6, from 12601abl,
suggesting that this QTL is a simplex effect on h6. When
two-allele models were fitted to the genotype means, the
model of a simplex allele on h6 had the lowest SIC of
—17.6, although this was only slightly lower than that of
the full (additive) model where SIC = —16.4. A further
association was also investigated on chromosome XI, with
the peak LOD of 4.9. This lies within the 95 % confidence
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Table 11 Estimated QTL locations from analysis without iteration for the phenotypic traits scored on the experimental population

Trait Chr.  Position (cM) LOD LOD No. R? Previously Simple model and candidate
and two-LOD threshold permutations detected in SNPs (if identified)
support interval 95 % CI this cross?
Flower colour X 44 (43-406) 37.9 (4.79,5.09) 500 51.9  Yes (B2008) Simplex, h6
Flower colour XI 84 (53-93) 4.9 (4.79,5.09) 500 79 No Dominant duplex, h6 and h8.
Candidate c1_4947
Flower_colour XI 69 (51-91) 5.4 4.79,5.15) 500 79 No Dominant duplex, h6 and hS8.
(residual) Candidate c1_4947
Mat \" 15 (14-22) 42.3 (4.89,6.25) 200 57.7  Yes (B2004, Simplex on hl, candidate
B2008) c2_47609 but possible further
effect of hS
Ht \% 21 (14-26) 20.0 (4.67,5.35) 200 35.6  Yes (B2004)  As for Mat
R-gene XI 84 (81-87) 40.8 4.72,5.43) 200 577  Yes (B2004) Simplex, h4
Candidate c2_37342
Fb4 v 26 (22-30) 19.7 (4.82,6.01) 200 334  Yes(B2004)  Additive duplex for resistance on
hl and h4
Candidate c2_7756
Fb4 \Y% 21 (13-27) 9.6 (4.82,6.01) 200 17.8  Yes (B2004) Simplex, hl
Candidate c2_47609
Tb% \% 22 (13-26) 10.6  (4.91,5.53) 200 20.7  Yes (B2004) Simplex, hl
Candidate c2_47609
Tb% v 25 (20-34) 8.3 (4.91,5.53) 200 16.3  Yes (B2004) Additive duplex for resistance on
hl and h4
Candidate c2_7756
PCN v 28 (22-34) 16.6 (4.84,5.83) 200 29.8  Yes (Br2004)  Additive duplex for resistance on
h6 and h8
PCN XI 22 (14-35) 54 (4.86,5.21) 500 8.6  Yes (Br2004) Additive duplex for resistance on
(residual) h7 and h8. Candidate c2_33657

The two-LOD support interval for the position is shown in brackets. Chr. Chromosome. LOD threshold 95 % CI give the approximate 95 % con-
fidence interval for the LOD threshold, and No. permutations gives the number of permutations from which the confidence interval is derived.
Where a QTL was previously detected in this cross the reference is indicated as B2004, Bradshaw et al. (2004); Br2004, Bryan et al. (2004),
B2008, Bradshaw et al. (2008). Simpler models are indicated as homologous chromosomes h1-h4 from Stirling and h5-h8 from 12601ab1. Mat.
Maturity, Ht canopy height, R-gene presence/absence of Stirling’s major R-gene, Fb4 fourth field assessment of foliage blight, Th% glasshouse
assessment of tuber blight, PCN counts of potato cyst nematode G. pallida. (Residual) after a trait name indicates that the residuals have been

analysed after regression on the most significant QTL to remove its effect

interval for the LOD threshold, based on 500 permutations
(4.69, 5.09). Analysis of the residual flower colour after
regression on the effect of LG X increased the LOD to 5.4,
above the upper permutation threshold for the flower col-
our residual of 5.15. In both models, homologues h6 and h8
(from 12601ab1) showed significant, similar-sized effects.
A simple model with dominant effects of h6 or h8 had the
minimum SIC of —33.7 for the residual flower colour, with
an additive effect of h6 and h8 being a slightly worse fit
with SIC = —30.3.

Flower colour is known to be controlled by interacting
genes, and this was explored by some further modelling. A
candidate SNP for the effect on chromosome XI is c1_4947,
which mapped to 83.6 cM and is duplex with B alleles on
h6 and h8. For the effect on chromosome X, there is no sim-
plex SNP on h6 close to 44 cM and so a ‘pseudo-SNP’ was
constructed from a pair of SNPs, c2_27827 at 43.7 cM with
phase BAAA x BAAA and c2_27806 at 44.3 cM with phase

BAAA x BBAA. The recombination frequency calculated
directly between these two loci is 0.01, with LOD score
39.2. There should therefore be less than 1 % error in defin-
ing a pseudo-SNP as having h6 if the dosage of B alleles at
c2_27806 is one greater than the dosage at c2_27827, and
lacking h6 otherwise. The pseudo-SNP segregated in a ratio
of 94 h6 present to 96 h6 absent. A binary generalised linear
model (GLM) with a logit link function was used to model
the 0/1 flower colour scores as a function of the pseudo-SNP
on chromosome X, the candidate duplex SNP c1_4947 on
chromosome XI and their interaction. The interaction was
not significant on the scale of the GLM linear predictor, and
the duplex SNP showed a dominant presence/absence pattern
rather than an additive effect. Table 12 gives the observed
and expected proportions of blue flowers for each genotype
as predicted by the generalised linear model.

The candidate SNPs on chromosome X, c2_27827 and
c2_27806, both map to the same potato genome superscaffold
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Table 12 Two-gene model for the probability of blue flowers

Chromosome XI, c1_4947 = AAAA

Chromosome XI, c1_4947 = AAB-

Count Observed Predicted Count Observed Predicted
proportion proportion proportion proportion
Chromosome X, h6 pseudo-SNP = AAAA 16 0.000 0.002 80 0.108 0.108
Chromosome X, h6 pseudo-SNP = AAAB 14 0.143 0.141 80 0.907 0.907

The observed proportions of blue flowers in the four genotype categories are compared with the predicted probabilities from a two-gene model
of a simplex gene on chromosome X and a dominant duplex gene on chromosome XI. These are hypothesised to be close to the flower colour

loci F and P respectively (see text)

(PGSC0003DMBO000000106), at positions chr10:50697563
and chr10:50615253, respectively. This is in fairly close
proximity to superscaffold PGSC0003DMB000000008
which contains DArT markers associated with violet flower
colour reported by Sliwka et al. (2012). The candidate SNP
on chromosome XI (c1_4947, chr11:41448860) maps to
genome superscaffold PGSC0003DMBO000000017. The
inheritance of flower colour is reviewed by van Eck et al.
(1993), who mapped the locus P involved in blue antho-
cyanin production to chromosome XI, and the locus F for
flower-specific expression of the colour to chromosome X in
diploid potato. Bradshaw (2006) reviewed the inheritance in
tetraploid potato. We postulate that the SNPs detected here
are close to the F locus on chromosome X and the P locus
on chromosome XI (although there are some recombinants),
that Stirling has the recessive genotype pppp ffff and conse-
quently white flowers, that 12601ab1 has genotype ppPP f{fF
and blue flowers and that only the offspring with genotype
ppP- fifF have blue flowers, as in Table 2.2 of Bradshaw
(2006). The probability of an offspring inheriting the domi-
nant P allele and the F allele and therefore having blue flow-
ers is 5/6 x 1/2 = 5/12, giving expected frequencies here of
74 offspring with blue flowers and 104 with white flowers,
which agrees well with the observed figures of 78 with blue
flowers and 100 with white.

Maturity

Bradshaw et al. (2004, 2008) reported a large QTL affect-
ing maturity on chromosome V, with a simplex allele
from Stirling explaining 54 % of the phenotypic variance.
This QTL was also detected in the current study, with the
peak LOD score of 42.3 at 15 c¢cM for the additive model,
which explained 57.7 % of the variance. The chromo-
somal effects suggested that the most significant effect is
that of simplex allele Qgqqq on homologue hl of Stirling.
Analysis of the QTL genotype means using simple two-
allele models showed that a simplex allele on hl had the
lowest SIC of 84.4, compared to SIC = 85.5 for the full
(additive) model. The closest candidate SNP with this sim-
plex configuration is c2_47609 at 18 cM, and regression
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on this SNP genotype explained 55.0 % of the phenotypic
variance. The presence of the Qg allele was associated with
earlier maturity (mean difference 2.3, SE 0.15). However,
the analysis showed further significant effects associated
with 12601abl, suggesting a simplex allele Qx associ-
ated with earliness on homologue h5 of 12601abl with a
smaller effect. Including this in the analysis of the QTL
genotype means gave a lower SIC of 73.9. The nearest SNP
with this configuration is c1_15292 at 27 cM. This was
also significant (p < 0.001) when included in a regression
model of the maturity scores and increased the percentage
variance explained to 61.0 %, with a mean maturity differ-
ence of 0.77 (SE 0.14). Marker c2_47609 (chr05:5972404)
maps to genome superscaffold PGSC0003DMB000000243
and is ~1.5 Mb from the recently published CDF1 gene
(PGSC0003DMG400018408, chr5:4538880-4541736)
coding for plant maturity (Kloosterman et al. 2013).

Canopy height

Bradshaw et al. (2004) reported that canopy height showed
a similar genetic configuration to maturity and this was
confirmed here. The peak of the LOD profile was at 21 cM
with a LOD of 20.0, and explained 35.6 % of the pheno-
typic variance. The simplex SNP c2_47609 from h1 of Stir-
ling explained 30.1 % of the variance in height, and the Qg
allele was associated with shorter height (mean difference
8.7 cm, SE 0.96). Inclusion of the simplex SNP c1_15292
from h5 of 12601abl increased the percentage variance
explained to 35.2 %. This allele was also associated with
shorter height, with a mean difference of 3.7 cm (SE 0.93).
Analysis of the QTL genotype means also confirmed that
a model with separate allele effects for hl and h5 had the
minimum SIC. These results suggest that early maturing
potatoes have a lower canopy height and begin to senesce,
while later maturing ones continue to grow.

Blight resistance

Among the 190 offspring, 113 were classified by Stewart
et al. (2003) as having Stirling’s major R-gene, and 77 as
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lacking it. When the presence/absence scores were mapped
as a quantitative trait, the most significant association was
on chromosome XI, with the peak LOD of 40.8 at 84 cM.
The only significant chromosomal effect was that of hom-
ologue h4, from Stirling. Analysis of the QTL genotype
means showed that a simplex QTL on h4 has SIC = —32.8,
considerably lower than the next best model, the full (addi-
tive) model, with the SIC = —16.5. There is a candidate
simplex SNP qqqQ at this position on h4, c2_37342, which
also has the highest association with the R-gene scores
using a chi square test of independence (x> = 106.4 with
one degree of freedom). This Q allele is absent in 73 of
the 77 offspring without the R-gene and present in 92 of
the 113 with the R-gene. SNP marker c2_37342 maps
to genome superscaffold PGSC0003DMBO000000575
which is on chromosome VI. However, further analy-
sis of the genome sequence flanking this marker shows a
very strong BLAST hit to chromosome XI superscaffold
PGSCO0003DMB000000623 (P value 5.7e-11) at position
chr11:44363050, only slightly less significant than the
value for the ‘correct’ location (4.9e—15). This indicates that
for an as yet unexplained reason in the Stirling x 12601abl
cross, this marker is segregating as a chromosome XI
marker. Superscaffold PGSC0003DMB000000623
(chrll: 44,275,526-44,528,585) is adjacent to superscaf-
fold PGSC0003DMBO000000017 (chrll: 40,928,095-
44,225,525), which harbours a large cluster of NB-LRR
genes at the distal end of chromosome XI including closely
related homologues of the late blight resistance gene R3a
(Huang et al. 2004; Jupe et al. 2012).

Both foliage blight (Fb4) and tuber blight (Tb %)
mapped to the same region of chromosome V as maturity
and height, as shown by Bradshaw et al. (2004). For Fb4,
the peak of the LOD profile was at 21 c¢cM, with a LOD of
9.6, and the additive model explained 17.8 % of the phe-
notypic variance and for Tb % the peak of the LOD profile
was at 22 cM with a LOD of 10.6 and explained 20.7 %
of the trait variance. The best genetic model was a simplex
allele Qqqq on homologue hl of Stirling, with the Q allele
associated with susceptibility to blight. There was no evi-
dence that alleles from 12601abl had a significant effect
on these traits. Regression on the candidate simplex SNP
c2_47609 at 18 cM explained 18.0 % of the variance of
Fb4 with a mean effect of 1.7 (SE 0.27), and 21.6 % of the
variance of Tb %, with a mean effect of 27.2 % (SE 3.9).

A further QTL for Fb4 and Tb % was mapped to chro-
mosome IV, as found by Bradshaw et al. (2004). For Fb4,
the peak of the LOD profile for the additive model was at
26 cM, with a LOD of 19.7, and explained 33.4 % of the
phenotypic variance and for Tb % the peak of the LOD pro-
file was at 25 cM with a LOD of 8.3 and explained 16.3 %
of the trait variance. Exploration of different genetic mod-
els indicated that the best model was for Stirling carrying

a duplex allele QqqQ with the Q alleles associated with
resistance on homologues hl and h4 and the Qqqq and
qqqQ offspring having intermediate resistance. This model
had SIC = 96.7 for Fb4, compared to the second best SIC
of 110.5 for a dominant duplex model, and SIC = 291.6 for
Tb %, compared to the second best SIC of 305.3 for the full
(additive) model. A candidate SNP with this configuration
is the duplex SNP c2_7756 at 25 cM. Regression of the
trait values on the three genotypes of this SNP explained
43.6 % of the variance in Fb4 and 19.2 % of the variance
for Tb %. The means for Fb4 are qqqq = 1.7 (SE 0.29),
qqqQ = 5.1 (SE 0.13) and qqQQ = 6.3 (SE 0.28) (where 9
is resistant). The corresponding means for Tb % are 84.1 %
(SE 4.97), 57.1 % (SE 2.35) and 38.2 % (SE 5.06), where
a low Tb % indicates resistance. SNP marker c2_7756
(chr04:4023794) locates to potato genome superscaffold
PGSC0003DMB000000330, which along with adjacent
superscaffold PGSC0003DMB000000296 harbours NB-
LRR genes, including close homologues of the functional
late blight resistance gene R2 (Jupe et al. 2012).

Following the analysis of Bradshaw et al. (2004), Fb4
and Tb % were regressed on maturity to remove this effect,
and the residuals were analysed. This did not detect further
QTLs, or change the positions or inferred models for the
QTLs detected on LG IV. This suggests that the QTL on
LG IV is a true resistance gene, whereas the QTL on LG V
represents the physiological effect of maturity on late blight

(Fig. 1).
PCN resistance

Bryan et al. (2004) reported a major QTL for PCN resist-
ance on chromosome IV for this population, and this was
confirmed here. The peak of the LOD profile for the addi-
tive model of the trait v/ (cyst counts) was at 28 cM, with
a LOD of 16.6, and explained 29.8 % of the phenotypic
variance. Exploration of different genetic models indicated
that the best model is for 12601ab1 carrying a duplex allele
qQgqQ with the Q alleles associated with resistance (i.e. low
cyst counts) on homologues h6 and h8 and the qQqq and
qqqQ offspring having intermediate resistance. This had
SIC = 74.9, compared with the second best model, full
(additive) with SIC = 89.1. There is no candidate SNP with
this configuration nearby, and so a pseudo-SNP was con-
structed from the genotypes of two simplex SNPs c1_16358
(chr04:3240076) at 25.9 and c2_21847 (chr04:5030164) at
26.8 cM. This explained 31.2 % of the phenotypic variance,
and the mean v/ (cyst counts) were qqQQ = 2.9 (SE 0.25),
qqqQ = 4.0 (SE 0.11), qqqq = 5.7 (SE 0.21). These SNPs
both locate to a region of chromosome IV that contains
several homologues of the functional tomato Hero nema-
tode resistance gene and the R2 late blight resistance gene
(Ernst et al. 2002; Jupe et al. 2012).
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No further QTLs were significant for PCN resistance,
but again following Bryan et al. (2004), the residuals
after regressing the PCN scores on the pseudo-SNP from
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was repeated. A further QTL was detected on chromo-
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Fig. 1 Potato chromosomes showing two-LOD support intervals for
QTL locations. a Chromosome IV, b Chromosome V, ¢ Chromosome
X, d Chromosome XI. The traits are Fb4 fourth foliage blight score;
Th % tuber blight, scored as percentage of infected tubers; PCN
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counts of potato cyst nematode G. pallida; PCN_res residual after
regression of PCN on major QTL on LG 1V; flower colour_res resid-
ual after regression of flower colour on major QTL on LG X
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LOD profile for the additive model was at 22 cM, with a
LOD of 5.4, and explained 8.6 % of the phenotypic vari-
ance. Exploration of different genetic models indicated that
the best model was 12601abl carrying an additive duplex
allele qqQQ with the Q alleles associated with resistance
on homologues h7 and h8 and the qqQq and qqqQ off-
spring having scores midway between the qqqq and the
qqQQ individuals (SIC = 81.1, compared with SIC = 87.8
for the second best model, a double-simplex effect). There
is a candidate SNP c2_33657 at 21 cM with this duplex
configuration on h7 and h8. Regression on this as an addi-
tive trait explained 9.7 % of the trait variance, and posses-
sion of each Q allele was associated with a mean decrease
of 0.7 (SE 0.16) in the PCN score. SNP marker c2_33657
(chr11:2274063) is located in genome superscaffold
PGSCO0003DMBO000000152, which along with adjacent
scaffold PGSC0003DMBO000000505 contains a small clus-
ter of NB-LRR resistance gene homologues.

Discussion

In this paper, we have explored and extended the QTL
mapping methodology proposed by Hackett et al. (2013)
to incorporate information on SNP dosages for QTL
mapping. This method is generally applicable to auto-
tetraploid species, provided that the model of random
chromosomal segregation is reasonable. Previous work
on mapping in autotetraploids, such as Bradshaw et al.
(2008), has not been able to align linkage maps from the
two parents due to a lack of informative markers segregat-
ing in both parents, and consequently QTL mapping has
been carried out for each parent separately. Using SNP
dosage information, there are far more configurations that
enable alignment of the parental maps, and so the effects
of alleles from both parents can be studied simultane-
ously. This gives extra insights, for example that the well-
reported maturity effect on chromosome V is not simply
derived from the Stirling parent, but that the alleles from
the 12601abl parent also contribute significantly to this
trait. Many QTL mapping methods with sparser maps fit
mixture models by iteratively updating the QTL geno-
type probabilities along the chromosome to allow for the
uncertainty between marker positions, but here we have
showed that with such a dense map there is no need for
such an iterative process, and that using such a process is
likely to over-fit the data.

The simulation study also showed that it is better to use
an additive model of chromosomal effects to locate the
positions most associated with a quantitative trait than to
fit a complete model with 36 genotype means at each posi-
tion. The latter approach again leads to over-fitting to the
data. When random traits are analysed by such a flexible
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model fitted at a large number of positions, high LOD
scores are obtained. The LOD threshold therefore has to
be set at a high level to avoid false positives, with the con-
sequence that the power to detect QTLs is low. Once the
best position has been located using the additive model,
the mean trait values for the 36 possible QTL genotypes
can be estimated, and explored by fitting a range of two-
allele models to see if the data are compatible with a sim-
pler model. We have shown that this approach correctly
identifies a dominant duplex QTL in more than half of the
significant simulations. The denser maps, with simplex
SNPs on almost all the homologous chromosomes and
a high density of higher dosage markers, give increased
confidence in modelling the allelic effects. It would be
possible to recalculate the LOD profile based on a sim-
pler model, but this would require specific programming
for each detected QTL, and the simulation study suggests
that it would be unlikely to change the QTL location to
any large extent.

Despite the advantages of the denser map, the size of
the mapping population limits the size of QTLs that can
be detected. A population of 180-200 offspring is typi-
cal of many experimental studies seen in practice but
the simulation study has shown the limitations of this. A
single QTL explaining 5 % of the variance in a popula-
tion of 200 was detected in only 29 of 50 simulations, and
the size of the effect was on average over-estimated. If a
population of size 400 was used, a QTL explaining 5 %
was detected for 41 of 50 simulations, and the magnitude
of the effect was estimated more accurately. Larger QTLs
can be detected in populations of 180-200, and candidate
SNPs for marker-assisted selection can be identified, but
to detect smaller QTLs reliably, larger population sizes
will be needed.

The simulation study here considered a single QTL
together with an environmental effect. In reality, there are
likely to be several QTLs of different sizes involved. If a
large QTL is detected, its effect can be removed by regres-
sion on a candidate SNP and further QTL mapping con-
ducted on the residuals, as was done here for PCN resist-
ance. This should increase the power to detect smaller
QTLs. In a clonal crop such as potato, increased replica-
tion of the population will increase the heritability and the
power to detect smaller QTLs.

The QTL analysis was applied to investigate flower
colour, maturity and resistance traits in autotetraploid
potato. Most of the QTLs detected here were previously
detected using an earlier AFLP and SSR map. The confi-
dence intervals for locations have been improved by the
more detailed linkage map, and more information about
the genetic model at each QTL becomes available. For
several of the QTLs reported here, candidate SNPs can
be identified. A major advantage of the SNP map is the
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ability to link directly to the potato genome sequence for
the vast majority of SNP markers used in this study. In
several cases, there is strong evidence to suggest that the
SNP explaining most of the phenotypic variation is quite
close to the causal gene for the trait. For example, for
plant maturity, marker c2_47609 maps at most ~1.5 Mb
from the gene known to control the trait (Kloosterman
et al. 2013). For most of the resistance traits analysed,
the best SNP marker maps within NB-LRR gene clus-
ters located at well-documented resistance ‘hotspots’ on
chromosomes IV and XI, allowing the possibility of using
candidate gene approaches for targeted gene isolation.
Moreover, these findings are strongly indicative that the
resistances, whether major R gene or partial resistance
due to large-effect QTLs, are likely to be due to the action
of NB-LRR genes in the potato genome.
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Appendix: Relationship between QTL effect
and percentage of variance explained

MacKenzie and Hackett (2012) derive general formulae
for expected mean squares and heritability as a function
of QTL effect and frequency, and these have been adapted
here to obtain the relationship between percentage variance
explained and QTL effect for different tetraploid configura-
tions. For simplicity, consider a trait controlled by a single
bi-allelic QTL, together with environmental variation. Let
f be the genotype frequency at the QTL, a be the genotype

effect and o be the environmental variance in a popula-
tion of size n. Consider a regression on the QTL genotype
and partition the total sum of squares (SST) into a sum of
squares associated with the genotype (SSG) and a residual
sum of squares (SSR).

Applying the formulae of MacKenzie and Hackett (2012) to
a QTL with two genotype classes gives the following expected
values for the sums of squares: E(SSG) = nazf 1—-1)+0o2
with 1 degree of freedom (df). E(SSR) = (n — 2)o2,
with n — 2 df. Therefore E(SST) = na2f(1 —H+
o2+ (n—2)0% =na*f (1 —f) + (n— o2, withn— 1 df.

The expected mean squares E(MSR), E(MST) are given
by E(SSR)/(n —2) and E(SST)/(n — 1).

The expected proportion of variance explained is then
calculated as

o2

(1= f) + o2

R> =1— EMSR)/E(MST) = |1 —

Or rearranging this

) (n — 1)R%*c?
nf(1 -1 —R%

For a simplex marker the genotype frequency f = 0.5. If
the environmental variance o is set equal to one and the
population size n = 200, then for R> = 15, 10 and 5 %
the corresponding values of a are 0.838, 0.665 and 0.458,
respectively. For a dominant duplex marker, f = 0.83 and
R* = 10 % corresponds to a value for a of 0.894.

For a duplex marker with an additive effect there are
three genotype classes: genotype QQqq with frequency
1/6 and effect +a, Qqqq with frequency 4/6 and effect 0
and qqqq with frequency 1/6 and effect —a. In this case
the expected sum of squares associated with the genotype
becomes

na* 2
E(SSG) = = +0°.

The size of the effect a can be calculated as above, and
is equal to 0.576 for R* = 10 %.

Table 13 Comparison of the mean and standard deviation (SD) of the estimates of a and R* from a regression on true QTL genotype for 100

simulated traits with the intended values

Simulation Calculated a Estimated a SD Estimated R? SD

2a, simplex explaining 15 % 0.838 0.827 0.149 14.4 4.54
2b, simplex explaining 10 % 0.665 0.658 0.134 9.46 3.66
2c, simplex explaining 5 % 0.4577 0.448 0.154 4.83 3.20
2d, simplex explaining 5 % in a population of size 400 0.4583 0.463 0.0989 5.05 2.14
3a, additive duplex explaining 10 % 0.576 0.578 0.123 9.94 391
3b, dominant duplex explaining 10 % 0.894 0.897 0.172 9.84 3.60
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Table 13 compares these calculated values of a and R*
with those estimated by regressing 100 simulated traits
with the calculated values on the true QTL genotype, for
each of the simulation scenarios considered in the paper. In
each case there is good agreement between the calculated
values and those observed from the regression.
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