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Introduction



1.1 Potato: a very brief history

Potato (Solanum tuberosum) has transformed the diet of billions of people over the last

century. Cultivated for its starchy tubers, this vegetable has become the most important

non-cereal food crop making it a keystone in global food security[1]. Originating from

modern-day Peru, potato has a complex evolutionary history which is still under intense

scrutiny. Tuber bearing Solanum species (known as Petota), represent one of the most

diverse sections within the genus, comprising over 200 species with varying levels of ploidy

and ecological adaptations[2]. Only recently has the potato lineage been found to have

originated as an inter-specific hybrid between Etuberosum and tomato lineages upwards

of 9 million years ago[3]. Neither of these ancestral species were tuber-bearing, and only

through subsequent evolutionary events did tuber formation emerge as a key adaptation

for reproduction in high-altitude environments[4]. This hybridization event precipitated an

unprecedented radiation resulting in over 100 tuber-bearing species distributed across the

Andes stretching from modern-day Colombia to Bolivia[2]. This diversification was possible

through the incredible adaptation of these species to multiple climates and ecological

niches, ranging from high-altitude páramo ecosystems to subtropical valleys.

Domestication of potato is thought to have originated around 10,000 years ago in the

Lake Titicaca region of the Andes, but like its early history, aspects of potato’s domes-

tication are rather muddled[5]. There are two primary origin theories, namely, a single

domestication event from Solanum bukasovii or multiple domestication events from dif-

ferent wild progenitors. The impact of domestication on potato did not only result in

differences in the harvested tubers (e.g. enlargement of tubers, reduction of anti-nutrients

content like glycoalkaloids, and changes in tuber shape and skin color), but also altered

flowering patterns, photoperiod sensitivity, and reproductive biology[4]. Through domesti-

cation, potato evolved from a short-day adapted plant to one with greater environmental

plasticity. The introduction of tetraploid Andean landraces to Europe in the mid-16th cen-

tury marked the beginning of potato cultivation in European agriculture. It was not until

the introduction and admixture with Chilean potato landraces that potato was adapted

to long-day conditions, leading to the widespread adoption and spread of potato across

Europe[6,7].

The origins of selective efforts of potato in Europe, like many crops, were quite rudi-

mentary. Just as potato was being adopted by the peasantry in England and Ireland in

the mid-18th century, a few prescient observations were made around their propagation.

The growing of potato seedlings over seed tubers was thought to buffer the deteriora-

tion observed in extant clones, perhaps observing the accumulation of pathogen load over

multiple clonal generations[8]. Additionally, while a few different “types” of potato were

observed to be grown in Britain, the reliance on clonal propagation meant that European

potato agriculture was one of the first true genetic monocultures with devastating conse-

quences. Between 1845 and 1849, Europe experienced one of the worst famines in modern

history. Due to a continent-wide Phytophthora infestans epidemic, further compounded

by an exploitive farmer tenant system that encouraged nearly exclusive potato cultiva-

tion, catastrophic crop failure fell upon Ireland. The resulting Great Hunger in Ireland
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and related Continental Famine in Europe was responsible for an excess deaths of over

1.1 million people[9]. While the exact causes of the blight were not rightly known at the

time, it was generally understood that there was a deficiency in this new crop and that

any human dependence on it necessitated immediate improvement.

1.2 Modern Potato breeding

By the 19th century, potato cultivation was expanding across North America. Moreover,

intentional crosses and selection of well-adapted seedlings was becoming commonplace

leading to the creation of multiple varieties in the latter decades preceding the 20th cen-

tury[10]. This period of breeding was prolific and marked by the influx of exotic germplasm

from Chile such as Rough purple Chili (˜1850) or Daber (˜1860)[8,11]. The progeny of these

varieties have been so valuable that they continue to be cultivated even now; these in-

clude varieties such as Russet Burbank (1908), King Edward (1902), and Bintje (1910)[12].

These new varieties were not only carrying valuable resistances to blight and scab, but

were also being bred for their valuable starch to satisfy the burgeoning North American

and European fermentation and processing industries[13]. Potato’s newfound industrial

capacity was taking place just as its popularity in its fried form, pommes frites, was be-

ing discovered on a new world stage. Already by the early 1920s, potato production was

feeding a multi-faceted global economy as it was being formed in real time.

Once the province of hobbyists, selection of novel and better potato varieties began rapid

formalization as breeders began to select for well-adapted clones through the early 20th

century. By 1950, public breeding institutions were founded in the United States (USDA

breeding institutes; 1910), Britain (Scotland’s plant breeding station; 1920), India (Potato

Breeding Station; 1935), and China (1940)[14–17]. For many of these institutions, the pri-

mary end was adapting potato to important production locations, but also for the im-

provement of traits like maturity, marketable yield fractions, insect and disease resistance,

external tuber quality (e.g. eye depth, skin cracking), and cooking quality to name a

few[18,19]. In parallel to this, international gene banks were established and charged not

only with the task of taxonomical classification, but also assessing the genetic utility of

these collections. The International Potato Center (a member of the Consultative Group

on International Agricultural Research centers) was one of the largest of these institutions

but other notable germplasm centers includes the United States Potato Introduction Sta-

tion, BrACySol (INRAE), and the Vavilov Institute of Plant Genetic Resources[20–22].

These centers have become invaluable to modern potato improvement through their iden-

tification of novel abiotic and biotic resistances among exotic germplasm.

Over the past 50 years, potato research benefited from rapid methodological advances in

both molecular and cell biology. Potato was one of the first crop plants to utilize in vitro

propagation and manipulation techniques. This includes the development of protocols re-

lated to minituber propagation & virus elimination[23,24]. Along with having a positive

impact on production of clean potato stock, in vitro methods made potato a prime candi-

date for gene-editing technologies. By the turn of the century, potato was on the forefront

of biotechnological improvement with several transgenic clones targeting traits such as in-
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Figure 1.1: Number of released cultivars globally since 1750 where the year of release and

pedigree is known (van Berloo et al., 2007).

sect resistance and amylose fractions[25,26]. While gene-editing technologies are currently

under-utilized among breeders in western Europe, there are many other agronomic and

tuber composition traits that would be worthwhile candidates for transformation[27]. Per-

haps more than any other recent technology, the development and application of molecular

markers for simple and complex trait associations have greatly impacted the efficiency of

potato breeding[28]. Some of the first genetic mapping efforts with restriction and amplified

fragment length polymorphisms (RFLP and AFLP, respectively) were responsible for the

initial mapping for regions providing resistance to Phytophthora infestans, Potato Virus

X, and Globodera rostochiensis [29–31]. Almost exclusively, these first genetic maps were

developed in diploid mapping populations, but with the advent of the next generation

sequencing and the creation of the first reference genome, linkage mapping efforts soon

expanded to tetraploid populations[32–34]. This has led to incredible progress in both quan-

titative trait locus (QTL) mapping methodology as well as genomic prediction opening

up many modern data-driven tooling to potato[35–38].

Challenges in potato genetic improvement

Much of potato’s history chronicles difficulties surrounding potato’s cultivation. Even

incidental aspects of potato’s evolution reach through millennia and affect growers with

many ramifications on modern production systems. Characteristics of potato’s biology also

hamper selection and improvement of potato germplasm; these I highlight below.

While species within Petota range widely in ploidy number, cultivated potato is almost

entirely tetraploid (2n = 4x = 48) exhibiting a tetrasomic pattern of inheritance. Potato’s

autoploidy naturally has some ramifications for breeding. Polyploidy in crops is often

described as a sort of double-edged sword in the context of genetic improvement. Multiple
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genome copies is generally associated with several benefits in crop species including larger

organ size, greater heterotic vigour, and more robust performance to sub-adequate climate

conditions[39,40]. These benefits often arise as a response to genome duplication followed

by gene-conversion or gene-neofunctionalization which is thought to be a beneficial mode

for positive evolutionary selection. Some researchers would describe Petota’s polyploidy

as one of the major vehicles for its wide environmental adaptability[41,42].

Despite these benefits in an evolutionary setting, polyploidy through the lens of breeding

is generally seen as cumbersome. Gene frequencies in tetraploids are strongly buffered

from perturbations, making directional selection slower in a tetraploid system relative to

their diploid counterparts[39]. This becomes quite clear when considering a single locus

model. Using the single locus model[43], we can define the allelic variance at a given locus

as the variance of a binomial distribution, i.e.

σ2
p =

p · (1− p)

l ·N

where p is the allele frequency in the population, l is the ploidy number and N is the

number of individuals in the population. Comparing two populations (one diploid, l = 2,

and the other tetraploid, l = 4) comprised of 10 individuals (N = 10) and an allele

frequency of 0.35 (p = 0.35), the allelic variance would be 0.011 and 0.0057 in the diploid

and tetraploid populations, respectively. Considering how these allelic variances affect

the probability of allelic shifts, we can examine the question of a random positive 0.1

shift in the next generation. Evaluating this probability (P (p ≥ 0.45) = 1 − Φ
(

0.1
σp

)
) in

both populations results in a probabilities of 0.17 and 0.09 in the diploid and tetraploid

populations, respectively. This demonstrates that gene frequencies even under a simple

drift model are buffered from random fluctuations in polyploids relative to their diploid

counterparts. This touches on all population dynamics which artificial selection seeks to

modulate including inbreeding, single locus selection and fixation, and even population

improvement schemas which extend across thousands of loci.

Speed of selection aside, potato also carries with it the burden of deleterious mutation load.

Like many other polyploid crops, accumulation of deleterious mutations was a byprod-

uct of a genome duplication event leading to inherent redundancy of multiple genome

copies. This genome masking and clonal propagation strategy resulted in the amassing of

mutations as maternal plants passed on their genome to daughter tubers over thousands

of generations[44]. This process was nearly universal in potato resulting in the hundreds

of thousands of functionally deleterious mutations among both landraces and cultivated

species. The impact of this evolutionary process is directly observable via inbreeding of

tetraploid populations or haploidization of tetraploids leading to immediate loss of vigour,

severe segregation distortion, and detectable zygotic and gametic selection signatures[45,46].

The moment a breeder sexually propagates tetraploid potato and attempts artificial se-

lection among the progeny, the millennia of mutations are then unmasked resulting in

incredible phenotypical variances in this first generation.

These large variances observed in segregating tetraploid populations have knock-on ef-
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fects for artificial selection on tetraploid potato. First, a breeder must generate enough

progeny per biparental cross to sufficiently “sample” from all possible genetic combina-

tions possible to increase the likelihood of creating a progeny of higher merit for some

trait(s). However, this presents a second challenge of finding that progeny of higher merit

among hundreds of thousands of seedlings. Like any other field crop, the best means of

evaluating a potato clone’s merit is through multiple variety trials which would allow for

an unbiased evaluation of those traits[47]. This on one hand sounds like a simple problem,

but this gets into several issues unique to clonal crops. In the initial generations, breeders

are reliant on true potato seed (TPS) based evaluation which excludes any possibility of

replicated evaluations as these seedlings are being generated from segregating families.

More problematic, however, is that phenotypic correlations between initial seedling trials

and subsequent clonal generations are considerably low[48,49]. This limits most phenotypic

based selection on tuber and yield characteristics until later clonal generations where

sufficient tuber-based propagule is available. The cumulative effect of these factors is a

reduced selection accuracy with slower genetic progress relative to other crops[50].

One of the more underappreciated challenges in potato breeding is the sheer number of

traits which beset breeders. Depending on the program and market segment, a potato

breeder could be considering over 40 traits among a panel of candidates[51]. Many of these

characteristics also exhibit complex genotype by environment and even genotype by man-

agement interactions further necessitating high quality and consistent multi-environment

trials. Specific economic traits such as starch content, cold sweetening, and skin firmness

are especially sensitive to many post-harvest conditions[52]. This means that trialing of

potato extends outside the field trial and includes the assessment of management factors

across the haulming, harvest, and tuber storage stages.

Perhaps the most important category of traits in potato are those related to yield. These

are expressed in terms of sheer mass (e.g. gross tonnes per hectare, marketable yield per

hectare, tonnes of starch) or with respect to some component of yield (e.g. number of

tubers per stem, average size of tuber) and are often the direct targets of evaluation and

selection[53–55]. One of the most pressing questions for potato breeders is with regard to

increasing yield in potato and why there appears to be less genetic improvement with

respect to yield in other crops over the past century. Part of the complexity in this

question is related to the aforementioned large trait surface in potato, but also potato’s

market segmentation. Because potato is divided into multiple distinct industries (ware,

chips, processing, ingredient), there are multiple selection criteria for each which cannot

be met with one program. So even if marketable yield had increased for russet types or

tuber appearance for the chipping market, these gains are not easily transferable to other

segments[19,56]. So while the rate of varietal release has accelerated over the past 40 years

(Figure 1.1), this does not reflect an increase in yield fractions across market segments.

What this demonstrates is a stratification in the improvement of potato which acts as an

additional barrier for complex trait improvement.
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1.3 Hybrid Potato breeding

Despite many modern advances in potato breeding[57], the traditional clonal breeding

strategy has essential barriers that retard the breeding process. Many modifications of

this schema have been proposed to circumvent these challenges, but one of particular in-

terest is adapting potato to a hybrid breeding schema[17,58,59]. Potato is certainly not the

first crop where this has been considered; maize aside, sugar beet, wheat, barley, and rice

are all field crops which have viable F1 hybrid programs[60]. The justifications for such

an endeavour are well known, but the benefits of hybridization in crops are comprised

of factors economical, biological, and logistical. Focusing on the latter two components,

hybrid breeding is designed around maximizing the heterotic response among the F1

progeny of inbred lines from opposing pools. While more capital intensive with longer

breeding cycles than line breeding, hybrid breeding is characterized by its increased uni-

formity, exploitation of hybrid vigour, and capacity to quickly develop crop varieties[61,62].

Moreover, a hybrid breeding schema offers particular efficiencies for potato. First, is the

direct utilization of true potato seed (TPS) in the trialling and release of cultivars[63,64].

This leverages TPS as a means of rapid propagule multiplication which further enables

replicated field testing earlier in the breeding cycle. This directly affects the quality of

phenotypic selection by increasing the heritability and thus allows for selection earlier in

the breeding program. Along with this, hybrid breeding designs can be quite conducive

for simultaneous improvement across multiple traits, especially through the incorporation

of technologies like genomic selection[65,66]. Hybrid breeding programs are compartmen-

talized by design and allow for selection targets per pool thus decreasing the complexity

of the large trait surface.

Benefits aside, transforming clonal potato into a hybrid crop is a resource intensive pro-

cess that involves several prerequisite steps. Such an adaptation necessitates a few major

measures to render a potential breeding program: (1) Breeding potato at a diploid level

and (2) generation of self-compatible and self-fertile germplasm. Regarding ploidy, much

has already been written here. Since the mid-20th century, there have been multiple ef-

forts to breed with diploid germplasm. Interest in diploid breeding range from faster

inbreeding rates, increased ease of introgressing exotic diploid germplasm, and bridge

programs[18,67,68]. It should be said that while hybrid breeding is technically possible in

autotetraploid potato, it is impractical for many of the aforementioned reasons. The ma-

jor bottleneck with diploid breeding lies in the process of dihaploidization which is most

commonly genome reduction via angiogenesis[69]. The other imperative in hybrid breed-

ing is the ability to rapidly develop pure lines via selfing. Potato, practically an obligate

outcrosser, presents a few barriers with its self-incompatibility mechanism being the most

significant. Self-incompatibility in potato, while not universal, is widespread in tuber-

bearing Solanum predominately in the form of gametophytic self-incompatibility locus,

Sli [70,71]. Since its discovery, however, this locus is now one of the primary tools used in

research and breeding programs to create self-compatible diploid germplasm[72,73]. While

this is the primary barrier for inbreeding potato, symptoms of inbreeding depression in

potato include fertility anomalies such as bud abortion, lower pollen count, and poor

seed yields all of which have ramifications in hybrid breeding programs as well[74]. De-
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spite these challenges, there are (at the time of writing) several active public and private

programs with nearly or fully inbred diploid potato populations which are actively under

development[46,75,76].

With many of these biological barriers addressed, we are still left with many questions

surrounding the feasibility of hybrid potato programs. There is particularly little known

regarding the population or genetic properties of current extant material. This is pertinent

as there are few factors more relevant to the viability of a hybrid breeding program than

evaluating the current status of complex traits. This includes the following: a thorough

examination of heterotic vigour, current yield potential, and an assessment of relevant

genetic models applicable to inference and prediction of field performance of hybrid potato.

As we have already addressed, hybrid breeding should theoretically provide a means of

monitoring and exploiting heterotic vigour as a breeding program progresses over time;

if this vigour is less than expectation, then one of the primary benefits of such a system

is unfulfilled for potato. Related to this, utilizing biometrical methods, we should be able

to estimate accurate genetic parameters for yield components which offer both a vetting

of the current capacity of F1 hybrids but also a forecast of the future potential of such

programs[77]. Lastly, the creation of a new hybrid crop offers an opportunity to appraise

the utility of novel biometrical methodologies for the prediction of genetic merit in a

young hybrid breeding program.

1.4 Aim of this thesis

There remains a significant gap in comprehensive biometrical analyses of its genetic archi-

tecture and the application of genomic methods in hybrid potato. With the exception of

a handful of published studies[17,58,78], there have been few quantitative inspections of the

genetic architecture or surveys of genomic methods applied to hybrid potato. This thesis

aims to address this gap through two primary directives. First, I wish to apply a battery

of traditional genetic models successfully leveraged in other hybrid crops to evaluate the

performance of a F1 hybrid potato and assess genetic mechanisms underlying multiple

yield-related phenotypes. Second, I seek to use this material to evaluate modern predic-

tive modeling frameworks to determine which technologies are most effective for hybrid

potato breeding programs. The layout of this of thesis is as follows:

Chapter 2 begins with the evaluation of an F1 hybrid multi-environmental trial (MET).

This chapter focuses primarily on estimating intra-trial spatial variation and statistically

delineating several genetic components of variation, namely additive and non-additive

genetic effects operating within this hybrid crossing block. I consider how these genetic

fractions for several tuber traits might impact breeding strategies and selection deci-

sions.

Chapter 3 examines the potential of multiple METs for training genome-wide regression

models. This analysis is conducted on several heritable traits, with specific attention to

different genetic parameterizations to assess the prediction accuracy of each model. The

genomic models tested are analogous to those examined in Chapter 2, with the addition

of a model validation procedure specifically designed for F1 hybrid datasets.
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Chapter 4 provides a broader evaluation of genomic models and assesses their potential

in several selection scenarios. Specifically, the efficiency of genomic selection is contrasted

with marker-assisted selection (MAS) schemas based on putative quantitative trait loci

(QTL) in a panel of F1 hybrids. The primary aim is to evaluate whether quantitative trait

improvement in diploid hybrid potato could be more efficient with MAS-based procedures

compared to genomic selection approaches.

Chapter 5 addresses the question of molecular marker information and whether mul-

tiallelic marker data offers any utility in predictive applications. Two forms of multial-

lelic information are considered: short-range haplotypes (or haplotags) and founder-origin

variants (or identity-by-descent based variants). I examine the utility of both forms of

multiallelism through a broad survey of predictive genomic models to assess their benefits

over traditional SNP-based predictors.

Chapter 6 concludes with a synthesis of the previous experimental chapters, with par-

ticular emphasis on how these findings advance biometrical applications in hybrid potato.

We conclude by offering a survey of currently under-served research topics and discussing

their relevance to hybrid potato breeding systems, providing direction for future investi-

gations in this emerging field.
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2
Little heterosis found in Diploid Hybrid 

 Potato — The genetic underpinnings of a new 
hybrid crop

This chapter is based on:

Adams JR et al. Little Heterosis Found in Diploid Hybrid Potato:
The Genetic Underpinnings of a New Hybrid Crop. G3: Genes,

Genomes, Genetics. 2022 Jun; 12. doi: 10.1093/g3journal/
jkac076. PMID: 35460241



Abstract

Hybrid potato breeding has become a novel alternative to conventional potato breeding

allowing breeders to overcome intractable barriers (e.g. tetrasomic inheritance, masked

deleterious alleles, obligate clonal propagation) with the benefit of seed-based propagule,

flexible population design, and the potential of hybrid vigour. Until now, however, no

formal inquiry has adequately examined the relevant genetic components for complex

traits in hybrid potato populations. In this present study, we use a two-step multivariate

modelling approach to estimate the variance components to assess the magnitude of the

general and specific combining abilities (GCA and SCA, respectively) in diploid hybrid

potato (DHP). SCA effects were identified for all yield components studied here warranting

evidence of non-additive genetic effects in hybrid potato yield. However, the estimated

GCA effects were on average two times larger than their respective SCA quantile across all

yield phenotypes. Tuber number GCA’s and SCA’s were found to be highly correlated with

total yield’s genetic components. Tuber volume was shown to have the largest proportion

of additive and non-additive genetic variation suggesting under-selection of this phenotype

in this population. The prominence of additive effects found for all traits presents evidence

that the mid-parent value alone is useful for hybrid potato evaluation. Heterotic vigour

stands to be useful in bolstering simpler traits but this will be dependent on target

phenotypes and market requirements. This study represents the first diallel analysis of

its kind in diploid potato using material derived from a commercial hybrid breeding

programme.

2.1 Key Message

Hybrid vigour was detected for multiple traits in diploid hybrid potato. Additive gene

action was most prominent in tuber yield and should be the primary target within hybrid

breeding programmes.
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2.2 Introduction

Potato (Solanum tuberosum), a plant species once isolated to the continents of southern

and central America, is now a crop that spans over 17 million hectares of crop-land

worldwide[2]. It is the most prominent of non-cereals and is considered by many a major

keystone in guaranteeing food security for both local and global communities. Prized

for their edible starch-rich tubers, potato meets the demand of several key industries

including the fresh, processing, and seed potato markets with a global gross value of 140.5

billion USD as of 2019. As a field crop, potato has a competitive harvest index of 0.85 (in

contrast to 0.4-0.6 seen in other crops) in conjunction with a high water productivity[3,4].

There is also ample variation in potato’s tuberization timing requiring as few as 75 days

from planting to harvest. All the above make potato a highly productive crop amenable

to a variety of cropping systems capable of supplying valuable starch with less agronomic

input.

Despite potato’s growing economic and societal importance, rates of crop improvement

in complex traits have not kept in step with other major crops over the past century[5,6].

Reasons for these deficits in genetic gain are numerous (e.g. market segmentation, large

inventory of quality traits, etc.) but many of them stem from the complexities of potato’s

evolution and domestication. Potato’s tetraploidy is an oft-cited stumbling block for breed-

ers impeding the ability to fix beneficial loci, and conversely, remove deleterious sites har-

boured across the genome[7,8]. Not only does polyploidy mask deleterious loci from tradi-

tional forces of selection, but it also impacts the length of time for site fixation even under

genetic drift leading to greater maintenance of heterozygosity over time[9]. Taken together

with a very strong self-incompatibility mechanism, potato could best be described as a

fortified heterozygous out-crosser. These biological realities shaped potato breeding from

the beginning with breeders conducting crosses between promising heterozygous individ-

uals followed by the evaluation of large nurseries in search for decent complementation[10].

These F1 nurseries were then subjected to as many as eight subsequent rounds of clonal

selection until only elite candidates were left[11]. While in some ways this method of clonal

breeding is quite efficient (all genetic factors are effectively fixed at the creation of the

F1), it is widely known for being a long process from generation of the nursery to variety

release. Because the success of clonal breeding is highly dependent on the generation of

enough novel genotypes in the F1, it takes as many as 9 years to sufficiently bulk tubers

in conjunction with applying appropriate selection pressure[12,13]. It should be noted that

while there have been proposals to optimise conventional clonal breeding[14,15], many of

the aforementioned issues are simply implicit to breeding tetraploid potato.

One solution to this comprehensive set of challenges is the adaptation of potato from a

tetraploid clonal crop to that of a diploid inbred-hybrid one, an idea which has existed in

some form for over 60 years[16]. The benefits of such a change, if possible, are manifold;

Diploids only take one generation to half their heterozygosity in contrast to an autote-

traploid which takes upwards of four generations making the production of pure-breeding

lines plausible in the former. As an extension of this, superior genetic performance in

the final marketed variety is not dependent on a single crossing event that generated the
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original F1 (as it is in conventional clonal breeding) but is accomplished through multiple

stages (e.g. parental pool improvement, parental line development, hybrid crossing, etc.).

This is not to mention other logistical niceties such as the ease of producing & storing

true potato seed over vegetative propagule[17–19]. Despite the potential of diploid potato,

however, it was not until the cusp of the 21st century that it became broadly feasible.

Many picked up on the work of[20] and began the process of generating self compatible

populations through the use of Sli. (Lindhout et al., 2011) was one of the first to con-

firm the commercial potential generating diploid potato populations capable of inbreeding

using a Sli donor. Several subsequent studies not only corroborated that inbred popula-

tions in diploid potato were possible[21], but hybrids generated from these populations

resulted in a crop that could compete in the same space as tetraploid potato[22,23]. While

diploid hybrid potato (DHP) populations are now extant across the world, there is at this

time little known about the genetic components controlling complex traits as DHP is still

a young hybrid crop. Understanding this is an imperative for potato breeders in order

to structure breeding programmes which are able to best exploit the genetic variation

available to DHP.

We set out to inspect tuber yield in a large DHP test-cross. To do this, we performed

a joint evaluation of total yield along with two of its simpler yield components, average

tuber volume and total tuber number, and partitioned their underlying genetic effects

into additive and non-additive components. This trait and genetic decomposition was

done to inspect two broad questions: (1) Which tuber phenotypes in this population

were responsible for the variation seen in total yield and (2) are these yield phenotypes

primarily under the control of additive or non-additive gene action? This latter question

holds particular weight as it gives insight on where the focal point of DHP breeding should

lie. We put forward a two-part modelling approach to utilise intra-block information to

estimate the general and specific combining abilities of our hybrid parents and crosses,

respectively. Our study presents the first diallel study in DHP using highly-inbred parents

derived from a commercial breeding programme.

2.3 Materials and methods

Crosses and Trials

A panel of 400 inbred parents were selected and crossed according to distinct selection

criteria related to fertility and agronomic traits yielding 806 successful F1 crosses. These

parents were produced from an experimental population derived from several backgrounds

including tuberosum and several wild species (e.g. Solanum chacoense)[24]. In the Spring

of 2019, all hybrid TPS were sown in trays and grown out in a greenhouse. In May, all

seedlings were transplanted at stage 105 development (See[25]) into two field trials located

in the Dutch towns of Est and Heelsum. Both trials utilised a double ridge design with

eight plants per ridge with a total of sixteen plants per plot; this design was chosen to

minimize within-plot variation while reducing planting costs across each trial[26]. Plots

were organised in an augmented randomised complete block design with two blocks and

three internal controls used across each block. All 806 F1 hybrids were planted in Heelsum
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Table 2.1: Agronomic properties of the screening trials conducted in Est and Heelsum

Soil Compositiona

Locations Year Rows Columns Hybrids Sand Silt Clay Organic matter

Est 2019 20 65 608 23 45 28 3

Heelsum 2019 20 85 806 76 16 2 6

a Soil characteristics presented as percentage

with a subset of 608 hybrids planted in Est. Trial conditions were similar with regards

to field management and scoring. One distinguishing factor between trials were their

soil conditions with Est being characterised by a light clay composition and Heelsum

conversely by distinctively sandy conditions (see Table 2.1). Both trials were conducted

through the summer until haulm killing in early September followed by subsequent harvest

two weeks later. All hybrids were scored by several criteria including relevant yield related

traits which are our primary focus for this study, i.e., total yield, tuber number and tuber

volume. Total tuber number (TN) was measured as the total number of tubers harvested

from a given plot of sixteen plants. Tuber volume (TV) was calculated using an average

over all tubers harvested per plot using a tuber’s length, width, and depth dimensions to

calculate volume using an ellipsoid approximation. Lastly, total yield (TY) was calculated

through a transformation of the total tuber weight of a plot to estimate the approximate

yield in units of Mg · Ha−1. These traits were collected for all tubers above 20 mm in

length via an automated pipeline described in[22].

Spatial Models

This present study used a two-step modelling approach where each field trial was modelled

separately accounting for factors like field design, control effects, and spatial heterogene-

ity allowing for extraction of spatial trends and de-trended phenotype data. This was

followed by modelling of genetic components simultaneously for all phenotypes. The first

step was accomplished by partitioning field effects into local and global trends using two-

dimensional penalised splines. This was performed using the Spatial Analysis of Field

Trials with Splines (SpATS) library available through the comprehensive R archive net-

work (CRAN)[27]. While many attested methods capable of handling geo-spatial trends

exist, the spatial smoothing approach offered through SpATS was chosen for a few reasons.

Often, genetic modelling requires the creation of many spatial models with different spa-

tial structures in order to identify the most satisfactory spatial model. SpATS, conversely,

does not follow this procedure and is capable of offering comparable genotype estimates

with the best traditional spatial model[28]. Along with this, SpATS provides a number of

internal methods allowing for intelligible and simple model diagnostics to help elucidate

the predominate factors for a given field trial. We chose to model field dimensions using

SpATS’ PS-ANOVA method which is capable of taking the bivariate surface and decom-

posing it into multiple spatial components all defined by one smoothing parameter[29].

The resultant model equation is then:
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ychmn = βc + gh + rm + cn + fps(m,n) + εchmn (2.1)

where βc is a fixed effect for whether the hybrid was a control, gh is a random effect for the

hth hybrid, m and n are random effects for row m and column n. The row and column co-

ordinates were also used within fps which represents the two-dimensional penalised-spline

function. The PS-ANOVA was parametrised using 19 & 83 internal knots for Heelsum

and 19 & 63 internal knots for Est. The large number of internal knots resulted in longer

computational time, but were selected to mirror the number of plots along each row and

column for each trial. Third degree polynomial B-splines with second degree penalties were

used for all spatial models, from which, spatial trends were derived and then subsequently

used to de-trend the phenotype data for each trait:

y∗hk = yhmn − (rm + cn + fps(m,n)) (2.2)

where y∗ represents the corrected phenotype with systematic spatial trends removed. Each

spatial trend was presented as a percentage deviation from the trial mean (see Figures 2.1

& 2.2). Along with this, every spatial model was evaluated on the basis of effective and

nominal dimension number estimated for each model effect. These were used to evaluate

the number of parameters estimated for smoothing and random terms (See table’s S1 &

S2). Taking the ratio between effective and nominal dimensions for random hybrid effects

have the benefit of being interpreted as a generalised heritability where the effective

dimension number for a hybrid genotype effect (the trace of its hat matrix) is divided by

its nominal dimension (the rank of its design matrix) allowing for a direct assessment of

genetic variation exhibited within a field trial[30].

Genetic models

For genetic modelling, F1 hybrids were included in subsequent analysis based upon two

criteria: their presence in both screening trials, and whether both parents of a hybrid

were utilised in at least two crosses. The former criteria was to ensure estimation of each

genotype location combination while the latter was to exclude unconnected crossing sets

to guarantee demarcation of parental and cross-wise effects. This resulted in the selection

of 225 parental lines which gave rise to 495 F1 hybrid progeny. This panel of hybrids was

first utilised in the following multi-trait multi-location model:

y∗dfgk = µd + βdf + hdg + tdfg + εdfgk (2.3)

where each trait, d, is treated as having its own mean (µd) and field effect (βdf ) for trial

location, f . Hybrid effects are specified as hdg for trait, d, and hybrid, g, while tdfg is

the hybrid by trial by trait interaction for hybrid, g, trial, f , and trait, d. εdfgk is the

residual for trait, d, hybrid, g, field trial, f , and replicate, k. All random effects were

modelled as being drawn from a multivariate normal distribution centred around zero

and an unstructured covariance matrix for each effect. This includes the hybrid effect

(h ∼ MVN(0,Σ⊗ Ihσ
2
h)), hybrid by field trial interaction effect (t ∼ MVN(0,Σ⊗ Itσ

2
t )),
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and the residual (ε ∼ MVN(0,Σ⊗ Inσ
2
ε)). From this hybrid model, best linear unbiased

predictions (BLUPs) were made for each phenotype and hybrid over all trials (E[ydg|h])
as well as conditioned on each trial (E[ydfg|h, t]) (See Figure 2.3); variance components

(excluding covariances) were also extracted from this hybrid model for all three tuber

phenotypes (Table S3).

The intent of our paper is not merely to retrieve hybrid estimates, but further decompose

these estimates into distinct additive and non-additive components. In the context of

plant populations, this is traditionally done through a series of controlled crosses between

a set of parents which allows for the separation of the parental mean, or the general

combining ability (GCA), and the deviation from the expected mean of a cross, or the

specific combining ability (SCA)[31]. These two parameters also have the benefit of being

interpreted in terms of genetic variances of a population. The variance attributable to

GCA is equal to the covariance between half-siblings while the variance attributed to

SCA is equal to the covariance between to full-siblings subtracted by twice covariance

of half-siblings[32]. Such models have been made for a variety of population designs (full

diallel, half diallel, factorial, etc.) with different effect structures depending on the intent of

inquiry. For example, genetic effects can be modelled as fixed if the interest is to provide

valid performance estimates for a given cross or they can be treated as random if the

variance of effect sampled from a population is desired to be studied[33]. Additionally, these

models can be expanded or simplified accommodating reciprocal effects, trial location or

environment interactions, population structures, and so forth. For our purposes, we extend

Griffing’s model II[34] into a multivariate context where hybrid yield can be described as

following:

y∗dfijk = µd + βdf + gdi + gdj + tdfi + tdfj + εdfijk (2.4)

where, identical to equation (2.3), µd and βdf are fixed effects for a global mean and

field trial effect, respectively, for trait, d, and field trial, f . gdi and gdj are the GCAs

of parents’ i and j, respectively, with tdfi and tdfj being their respective field trial and

parental interactions for trait, d, and trial location, f . εdfijk is the model’s residual for

replicate, k, on progeny of parents’, i and j, evaluated in trial, f , for trait, d. We assume all

random effects to be drawn from a multivariate normal distribution, that is, the maternal

and paternal GCAs (g ∼ MVN(0,Σ⊗ Igσ
2
gca)), GCA by environment interactions (t ∼

MVN(0,Σ⊗ Itσ
2
gxe)), and the residual effects (ε ∼ MVN(0,Σ⊗ Iεσ

2
ε)) with zero covariance

between these random effects. This model, containing only the additive genetic effects,

will hereon be denoted as M0.

This model can be expanded further to include hybrid cross-wise effects with the addition

of the SCA and SCA by environment interaction effects. This final model then has the

form:

y∗dfijk = µd + βdf + gdi + gdj + tdfi + tdfj + sdij + rdfij + εdfijk (2.5)

where sdij is the SCA of parents’ i and j with rdfij being their respective interaction
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with trial location, f , all for trait, d. Distributional properties of random effects follow

(2.4) with the addition of two random effects, SCA (s ∼ MVN(0,Σ⊗ Isσ
2
sca)) and SCA

by environment interaction (r ∼ MVN(0,Σ⊗ Irσ
2
sxe)) and will be denoted as Mf going

forward. Because the underlying crossing sets are sparse, identifiability of models M0 and

Mf was tested following[35] to ensure that statistically valid estimates could be derived

from all genetic models.

Variance Ratios & Genetic Correlations

To study all relevant effects, variance components were estimated and extracted from

models M0 and Mf . These variance components were used in two general forms: (1) to

derive ratios of effects within traits and (2) produce genetic correlations between traits

and trial locations. These components were first used to derive several important ge-

netic parameters including variation due to additive genetic effects (2 · Diag(Σσ2
gca) =

(σ2
aTY

, σ2
aTN

, σ2
aTV

)T ), variation due to dominance (Diag(Σσ2
sca) = (σ2

dTY
, σ2

dTN
, σ2

dTV
)T ) and

their respective environmental interactions (2 · Diag(Σσ2
gxe) = (σ2

aeTY
, σ2

aeTN
, σ2

aeTV
)T &

Diag(Σσ2
sxe) = (σ2

deTY
, σ2

deTN
, σ2

deTV
)T ). Proportion of total phenotypic variance was then

examined with respect to these genetic variances along with each trait’s residual variance

(Figure 2.4). These genetic parameters were then used to calculate several variance ratios

(See Table 2.2) including broad and narrow-sense heritabilities, H2 (
σ2
a+σ2

d

σ2
p

) and h2 (σ
2
a

σ2
p
),

respectively, dominance ratios (d2 =
σ2
d

σ2
p
), additive portion of genetic variation ( σ2

a

σ2
G
), and

additive by trial location portion of total genetic by environment variation ( σ2
ae

σ2
GE

). Total

phenotypic variation (σ2
p) was computed by scaling σ2

ae and σ2
de by the total number of

field trials and σ2
ε by the product of the number of field trials and the number of replicates

used within each trial. Thus, σ2
p = σ2

a +
σ2
ae

2
+ σ2

d +
σ2
de

2
+ σ2

ε

4
.

Second, variance components from model Mf were used to estimate genetic cor-

relations in GCA and SCA effects. These include genetic correlations between

traits (e.g. cov(gcaTY,gcaTV)
σTYσTV

), intra-class correlation coefficients between trial loca-

tions (e.g.
σ2
gca

σ2
gca+σ2

gxe
), and genetic correlations between traits and trial locations

(e.g. cov(gcaTY,gcaTV)+cov(gxeTY,gxeTV)√
(σ2

gcaTY
+σ2

gxeTY
)·(σ2

gcaTV
+σ2

gxeTV
)
). These were computed for the GCA and GCA by trial

location effects (Figure 2.5) as well as SCA and SCA by trial location effects (Figure 2.6).

Each of these are presented with multivariate scatterplots and marginal BLUP distribu-

tions for all effects.

Hypothesis testing

To evaluate statistical evidence of heterosis (through SCA term), we perform a hypothesis

testing procedure on the original M0 (equation (2.4)) and Mf (equation (2.5)) models as

well as on the univariate analogues for each trait. This was done to assess the meaningful

addition of SCA effects with respect to each phenotype without consideration of extra

covariance parameters in M0 and Mf . M0d, that is, the univariate form of model (2.4)

for trait, d, represents a null model where the additional effects from Mfd, the univariate

form of model (2.5) for trait, d, are constrained to zero. Therefore, we can construct a
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non-standard hypothesis test where:

H0 : σ
2
sca, σ

2
sxe = 0

H1 : σ
2
sca, σ

2
sxe > 0

(2.6)

which can be evaluated directly through the following likelihood ratio test where:

Λ(yd) = −2ln

(
L(M0d)

L(Mfd)

)
= 2(loglik(Mfd)− loglik(M0d)) (2.7)

This test is non-standard because it follows a special case where testing is occurring on

the boundary of the parameter space which is often taken into account using a mixed χ2

distribution following[36]. For our testing purposes, we used a 0.25χ2
0 + 0.50χ2

1 + 0.25χ2
2

mixture distribution. These tests are also accompanied with the Akaike information crite-

rion (AIC) for each univariate and multivariate set of models (Table 2.3). Under H1, the

hybrid genetic effect from our original model (2.3) should equal the sum of the GCA &

SCA effects specified in model (2.5). Our modelling procedure for all multivariate models

began with the estimation of variance components and production of genetic correlations

on BLUP’s in the univariate analogues (i.e.M0d andMfd) which were used to initialise the

unstructured covariance matrices for all random effects in model’s M0 and Mf . All models

were fitted through restricted (residual) maximum likelihood (REML) using ASReml-R

4[37]. REML based procedures have come into popular usage over the past two decades due

to their ability to provide estimators both consistent and asymptotically normal even un-

der conditions with non-orthogonal sets of random predictors which is particularly useful

while using sparse crossing designs[38]. This is not to mention the volume of diallel-based

literature where REML is the invoked method of choice for reasons which will not be

discussed here ([39] provide an excellent review on the topic).

2.4 Results

Spatial Components

Spatial models for the Est and Heelsum trials were estimated for each yield component. All

spatial models successfully converged with credible spatial trends for both trial locations.

Model residuals for all environmental models showed little to no evidence of deviation

from normality; the following suggest successful delineation of spatial components for all

traits in both field trials.

Total yield and tuber number exhibited evidence for strong local trends with a row effect

contributing to the spatial trend in Est (Figure 2.1). While these same components also

impacted tuber volume, it was not nearly so prominent (See S1). The similar magnitude

of row effects on tuber number and total yield can also be observed through the ratio

of effective and nominal dimensions which were identical for these two traits (0.68) in

contrast to tuber volume (0.47). Additionally, the effective nominal dimension ratio for
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Figure 2.1: Estimated spatial trends scaled by trial mean for total yield (TY; Mg
Ha ) , tuber

number (TN; Number of tubers per plot), and tuber volume (TV; Average cm3 per plot) within

the Est screening trial.

hybrids (i.e. a generalised heritability) was highest in tuber volume followed by total yield

and lastly tuber number (See Table S1).

Overall, the spatial trends in the Heelsum trial were less severe than those evaluated in

the screening trial in Est. Interquartile ranges of field effects were between -8.96% and

9.04% of the trial mean for total yield in Est while the range was -2.85% and 3.55% of

the trial mean for yield in Heelsum (Figure 2.2). The differences in magnitude of spatial

components between these two trials were also similar for tuber number and tuber volume.

Nonetheless, the estimated spatial components did have a modest effect on all yield related

components in Heelsum. In particular, random effects for the field column had a minor

impact on tuber volume (0.55), tuber number (0.48), and total yield (0.45) (See Table S2).

General heritability estimates for Heelsum were akin to those observed in Est with values

of 0.9, 0.82, and 0.88 for tuber volume, tuber number, and total yield, respectively.

Hybrid estimates

Using spatially corrected phenotypes from model (2.1), we extracted both marginal and

conditioned hybrid BLUP’s from model (2.3) (Figure 2.3). Generally, hybrid performance

was far greater in Heelsum over Est. The trial mean for total yield was 13.1 and 22.4

Mg · Ha−1 for Est and Heelsum, respectively. Likewise, average tuber number was 136

tubers in Est and 199 tubers in Heelsum. Trial means for tuber volume were comparatively

more stable between trial locations with means of 21.3 cm3 in Est and 24.2 cm3 in Heelsum.

Along with differences in mean hybrid performance, there was also greater dispersion of

phenotypes in Heelsum than in Est. This was especially apparent for total yield in Heelsum
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Figure 2.2: Estimated spatial trends scaled by their trial mean for total yield (TY; Mg
Ha ) , tuber

number (TN; Number of tubers per plot), and tuber volume (TV; Average cm3 per plot) within

the Heelsum screening trial.

which displayed a standard error twice the size of total yield in Est. This same marked

difference could also be seen in tuber number where BLUP’s in Heelsum exhibited a

standard error 1.6 times greater than that which was found in Est. Tuber volume in

contrast to the other phenotypes exhibited similar BLUP distributions between both trial

locations. Examining these BLUP’s in light of each trait’s variance components (See Table

S3) suggests that tuber volume showed the greatest stability of all three phenotypes.

Variance Ratios

Variance estimates were derived for all specified random effects for models M0 and Mf .

Tuber volume not only exhibited the largest proportion of variance explained by SCA

(d2 = 0.14), but also had the largest total genetic variance of any trait (H2 = 0.86)

(Figure 2.2). Tuber number and total yield harboured similar proportion’s of SCA (d2 =

0.12) with a considerable portion of non-additive effects being partitioned in the SCA by

environment interaction (Figure 2.4). Broad-sense heritabilities were quite similar between

tuber number (0.74) and total yield (0.71) with the primary difference between the two

traits being the partitioning of genotype by environment interactions ( σ2
ae

σ2
GE

equal to 0.78

in total yield in contrast to 0.65 in tuber number) and size of the residual variance (Figure

2.4). The additive genetic component was the largest genetic effect across all traits with

the ratio of additive genetic variance being identical in total yield and tuber number (0.84)

and nearly identical in tuber volume (0.83). Between models M0 and Mf , partitioning of

variance changes most drastically for σ2
ae. These were much larger in Mf in tuber number

and total yield with the incorporation of the SCA main effect and SCA by environment

interaction (Figure 2.4).
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Figure 2.3: Hybrid best linear unbiased predictions for total yield (TY; Mg
Ha ) , tuber number

(TN; Number of tubers per plot), and tuber volume (TV; Average cm3 per plot) conditioned

on Est and Heelsum trials. Across-location BLUP’s visualised through black density curve.
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Figure 2.4: Partitioning of total phenotypic variance into additive (σ2
a), dominant (σ2

d), inter-

active (σ2
ae & σ2

de), and residual (σ2
ε) genetic components across each genetic model (M0 and

Mf ) for total yield (TY), tuber number (TN), and average tuber volume (TV).
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Table 2.2: The broad and narrow-sense heritabilities (H2 and h2, respectively), dominance

ratio (d2), proportion of additive genetic variation ( σ
2
a

σ2
G
), and proportion of additive genotype by

environment interaction over total genotype by environment interaction ( σ2
ae

σ2
GE

) estimated from

the Mf model for total yield (TY), tuber number (TN), and average tuber volume (TV).

TY TN TV

H2 0.71 0.74 0.86

h2 0.59 0.62 0.71

d2 0.12 0.12 0.14
σ2
a

σ2
G

0.84 0.84 0.83
σ2
ae

σ2
GE

0.78 0.65 0.74

Genetic correlations

Along with within-trait variance ratios, genetic correlations were also computed using

covariances extracted from model Mf . These were produced for GCA (Figure 2.5) and

SCA (Figure 2.6) and are shown together with their BLUP distribution for reference. The

GCA intra-class correlation coefficient was found to be highest in tuber volume (0.84)

followed by tuber number (0.76) and total yield (0.64) (Figure 2.5). Also noteworthy, large

within-trial GCA genetic correlations were found between total yield and each of its yield

components, tuber number (0.80) and tuber volume (0.64) according to expectation. Little

to no genetic correlation could be found between tuber number and tuber volume (0.06).

There were minor discrepancies when comparing each of these with their between-trial

genetic correlations counterparts (ρTY,TN = 0.81, ρTY,TV = 0.65, ρTN,TV = 0.11).

Similar multivariate trends were observed for SCA genetic correlations, though, with

globally smaller values. The SCA intra-class correlation was highest in tuber volume

(0.75) with little difference between total yield (0.55) and tuber number (0.53) (Fig-

ure 2.6). Relatively large within-trial genetic correlations were observed between total

yield and tuber number (ρTY,TN = 0.73) and between total yield and tuber volume

(ρTY,TV = 0.69). Genetic correlations between tuber number and tuber volume were

virtually null (ρTN,TV = 0.03) showing little to no covariance between these two traits

for SCA. Examining between-trait between-trial correlations only had minor deviations

with respect to within-trial genetic correlations between total yield and tuber number

(ρTY,TN = 0.76) and tuber number and tuber volume (ρTN,TV = −0.01); however, these

correlations between total yield and tuber volume were distinctly smaller than their

within-trial counter-parts (ρTY,TV = 0.55) (Figure 2.6).

When comparing the GCA and SCA quantiles for each trait and trial location, the GCA

BLUPs were consistently larger than those SCA BLUPs. On average, any given GCA

quantile was two times larger than its respective SCA quantile; this was true for all traits

measured here (See Table S4). These differences in magnitude between the estimated

GCA and SCA effects could also be readily seen while examining the size of each variance

component (Figure 2.4) or even through a simple regression of hybrid BLUPs on the mid-

parent value (Figure 2.7). No linear relationship could be found between the estimated
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Figure 2.5: General combining ability pairwise comparisons with scatterplot (lower triangle),

genetic correlations derived from Mf ’s variance components (upper triangle), and marginal

distributions (the diagonal) of best linear unbiased predictions for total yield (TY; Mg
Ha ), tuber

number (TN; total number of tubers per plot), and average tuber volume (TV; cm3) in Est and

Heelsum. The identity is provided in red for each scatterplot (lower triangle).
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Figure 2.6: Specific combining ability pairwise comparisons with scatterplot (lower triangle),

genetic correlations derived from Mf ’s variance components (upper triangle), and marginal

distributions (the diagonal) of best linear unbiased predictions for total yield (TY; Mg
Ha ), tuber

number (TN; total number of tubers per plot), and average tuber volume (TV; cm3) specific

combining ability in Est and Heelsum. The identity is provided in red for each scatterplot (lower

triangle).
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Figure 2.7: Scatterplot of hybrid BLUPs regressed on the GCAs of parents’ i and j for total

yield (TY; Mg
Ha ), tuber number (TN; total number of tubers per plot), and average tuber volume

(TV; cm3)

GCA and SCA effects for any trait (See Figure S1) coinciding with our model assumptions

in (2.5).

Model Testing

The likelihood ratio tests conducted between modelMf andM0 was found to be significant

yielding a probability less than 0.001 (Table 2.3). This test was also conducted on the

univariate equivalent of these models for each trait (Mdf and Md0) and were all found

to be significant as well. Each test conformed with the AICs of each model pair where

the smallest AIC was observed in the full genetic model suggesting that the best fit was

achieved with the inclusion of SCA and its environmental interaction. This at the very

least lend a statistical justification for these non-additive genetic effects in all three tuber

traits.

2.5 Discussion

Presence of additive vs. non-additive effects

SCA was detected across all phenotypes (Table 2.3) warranting sufficient evidence that

SCA can impact yield, especially in its simpler components, seen primarily in tuber volume

(Figure 2.4). However, the magnitude of GCA effects were far greater than the magnitude
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Table 2.3: Likelihood ratio tests for M0 and Mf genetic models together with each model’s

Akaike’s information criterion for the Multi-trait model (MT), total yield (TY), tuber number

(TN), and average tuber volume (TV).

AIC Λ(y) P(Λ(y))†

MT

M0 26665 586 ***

Mf 26103

TY

M0 7992 132 ***

Mf 7864

TN

M0 15778 92 ***

Mf 15690

TV

M0 7008 235 ***

Mf 6778

† ***: P(Λ(y)) < 0.001

of SCAs estimated across all traits irrespective of the their heritability or size of SCA

variance. The GCA quantiles were between 1.4 to 2.5 times larger than their respective

SCA quantiles (See Table S4) suggesting a systematic importance of the additive genetic

effects in this DHP population. The implications then is that most of the variation in

the progeny can be found through the additive genetic variation in the parents. This was

most apparent for tuber volume (h2 = 0.71) where regression of hybrid performance on the

combination of parental GCAs had the best fit of all traits (Figure 2.7). This illustrates

that the parental GCAs (or, identically, the mid-parent value) capture the majority of a

hybrid’s phenotype.

While this study is the largest of its kind, it is certainly not alone in attempting to

decompose genetic components of yield in potato. A number of similar populations were

used in both diploid and tetraploid backgrounds with wide-ranging results. Many of these

studies came to find little non-additive genetic variation for yield components similar

to the results presented here with GCA being the primary component for traits like

average tuber weight, tuber shape, total tuber number, and total yield[14,40,41]. These

studies utilised either variants of a diallel or factorial crossing schema making the structure

of their statistical models not altogether different than the modelling endeavoured here.

One exception between models’ (2.4) and (2.5) and those used in the aforementioned

tetraploid populations is that variance attributed to GCA has a different interpretation

due to differences in ploidy and levels of inbreeding. This said, there is a large body of work

which also finds SCA to be the largest (and at times, the only) detected effect in several

complex traits. The same previously mentioned traits as well as others like incidence of

hollow heart and tuber uniformity were also found to be predominately under the control
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of SCA[40,42–44]. Most notably,[45] was only able to detect SCA in their partial diallel crosses

with no GCA component found for marketable yield and marketable tuber number.

The lack of an empirical consensus on the predominance of GCA and SCA in potato is not

very surprising in of itself. The estimation of these parameters are very much contingent

on numerous factors including crop ploidy, genetic background, number of parents, degree

of environmental stress, and choice of statistical model (to name a few), all of which are

prone to change across experiments. Even making comparisons between studies utilising

very similar genetic backgrounds can lead to divergent findings[46,47]. While seemingly in-

coherent, the following does offer some interesting grounds for considering those genetic

effects observed here. Many of the aforementioned studies estimated variance components

on populations which had undergone significant selection through a recurrent selection

schema[44,47] or were themselves the product of strong selection on GCAs in their an-

cestors[45]. In both cases, less additive genetic variation can be expected among hybrids

derived from them leaving non-additive genetic variation to be the predominant genetic

effect within their inter-population crosses. Conversely, populations like ours which show

ample additive genetic variation might be younger with respect to selection pressure in

their ancestors on these traits; though without any formal analysis on population structure

this is speculative. Another line of reasoning for the smaller SCAs found here relative to

many of the tetraploid studies could be explained by progressive heterosis whereby higher

order non-additive genetic effects become possible through polyploidy[48]. Recent genomic

studies in tetraploid potato support this hypothesis with evidence of a genetic residual

effect (which could be explained by tri & quadrigenic dominance) contributing as much

as 45% of total genetic variation in potato yield[49]. However, making any meaningful con-

firmation on the specific role of ploidy in producing non-additive genetic effects is beyond

the scope of this present study and only deserves a cursory mention.

Genetic Architecture of yield

Among our two yield components (i.e. tuber number and average tuber volume), we found

strong genetic correlations between each and total yield for both the additive (see Figure

2.5) and non-additive genetic effects (see Figure 2.6). Numerous studies have identified

these same phenotypes as major determinants of total tuber yield marking them both as

strategic heritable targets for breeding[43,50]. Consistent with these studies, tuber number

GCAs appeared to impact total yield more than tuber volume with ρTN,TY equalling 0.80

and a ρTV,TY of 0.64. SCA genetic correlations behaved similarly with ρTN,TY equal to 0.73

and ρTV,TY equal to 0.69. Interestingly, while tuber volume had the greatest stability with

respect to both GCA (ICCgca = 0.84) and SCA (ICCsca = 0.75), the between-trial genetic

correlations in ρTV,TY dropped to 0.55 suggesting less coupling in SCA by trial response

with total yield in contrast to the between-trial genetic correlations seen in total yield

and tuber number (ρTN,TY=0.76). These additive and non-additive components point to

tuber number being the primary determinant of yield in this hybrid population.

Among certain market classes, our two yield components, average tuber volume (or tuber

size) and tuber number, often exhibit an inverted relationship due to the physiological and

genetic limits of potato. For example,[43] found a genetic correlation of -0.24 among their
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panel. Additionally,[51] identified negative cubic trends between tuber number and average

tuber weight capturing a majority of variation. Interestingly, no meaningful relationship

could be found between these two yield components with respect to additive (Figure

2.5) and non-additive genetic correlations (Figure 2.6). To repeat our previous suspicion,

this suggests a lack of directional selection on one of these two traits evident by the

lack of genetic constraints between them[52]. Tuber volume had the largest proportion

of additive variation (Figure 2.4) and genetic variation in general (Table 2.2) suggesting

little to no direct selection on this component of yield. These properties then make this

population an interesting candidate for future selection given its genetic potential to be

adapted to a variety of tuber types. Another oddity to consider here is that while SCA

was detected independently in these two yield components, this did not manifest in the

increase of SCA in total yield, but very much the opposite. Others have identified that

heterosis in these same yield components were responsible for a geometric increase in gross

yield[46]. Further multivariate studies of vigour in diploid potato could further elucidate

SCA architecture especially as selection pressure is applied, a key scenario within breeding

programmes.

Using GCA & SCA in commercial breeding

The large narrow-sense heritabilities and magnitude of the GCAs found here have major

implications for breeders of DHP. To begin, the valid estimation of GCAs further validate

the potential of potato in its conversion into a inbred-hybrid crop as purported before[53,54].

Further, the size of the estimated GCAs relative to a hybrid’s average performance (Figure

2.7) show that standard breeding designs used in other hybrid crops will likely be just as

efficacious in DHP. For example, the use of test crosses, a mainstay in maize breeding,

can also be utilised in evaluating performance of potato parental lines for hybrid crosses

with reasonable success. These test crosses can be further utilised for model training and

be the basis for genomic selection of parents (using breeding values) or hybrid crosses

(via mid-parent value); again, a standard-place method in hybrid breeding[55]. To quickly

add, while we found little contributions made by SCA, their relevance to breeders do

not necessarily end here. Depending on the specific mechanism behind these observed

non-additive effects, they could be further exploited in the trait of interest through initial

breeding design (e.g. formation of heterotic pools). Heterotic breeding has become a major

target for quality trait improvement in other solanaceous crops including chilli pepper[56],

eggplant[57], and tomato[58]. This is where potato meets an interesting intersection between

the vegetable and agronomic worlds where SCA might play a more valuable role for

qualities controlling specific market criteria (e.g. average tuber volume, tuber length &

shape) but would be less emphasised in composite and complex traits (e.g. gross yield,

starch & protein content) where GCA is the predominant genetic effect at play. Having

said this, future work into the biometric mechanism of vigour will be able to lend more

wisdom for how breeders should wield this in a hybrid potato breeding programme.
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2.6 Conclusion

Limitations

The application of these results should be done with some qualification. One principal

limitation of this study can be found in the number of trials conducted. All inference drawn

here was based upon only two trials which took place over one season. This limits our

findings to one particular year which narrows their interpretive weight and scope. Related

to this, this study was performed on a particular composite experimental population

and does not necessarily represent the heterotic potential of the tuber-bearing Solanum

genepool. Considering all this, this population is an appropriate candidate for the purpose

of surveying the presence and potential of heterotic vigour in DHP which was the aim of

this current paper.

Future work

Finding evidence for heterotic effects in DHP does not yield much regarding the source of

the effects identified here. The statistical models assume all underlying effects captured by

the SCA term to be the product of cumulative dominance deviations across the genome,

but there exists many other plausible sources of non-additive variation. Since its concep-

tion, genetic theory has explained heterosis with a whole suite of models with many being

broadly plausible (See[59]). However, these apparent non-additive effects could just as sim-

ply be explained by dispersion of additive alleles among parents, a hypothesis which is

generally supported empirically[58,60]. Nevertheless, these effects continue to be interesting

point of study and still remain an important target in hybrid breeding of modern crops.

This is especially worthwhile in DHP given its novelty as a hybrid crop with the potential

of heterotic breeding to still be determined.

This is the first study in diploid hybrid potato to produce estimates of general and specific

combining abilities using a large panel of commercially-derived parents. This represents a

major milestone in the reorientation of potato from a clonal tetraploid to a diploid inbred-

hybrid crop. Identifying the predominance of additive genetic effects for multiple yield

components among hybrids offers strategic insight on the necessity of effective generation

of parental lines and early population development in general. Though the estimated non-

additive effects in this population are smaller in contrast to their additive counterparts,

heterotic vigour shows some minor role in simpler traits. Specific quantitative traits should

be targeted for SCA exploitation to bolster variety development on top of their parental

effects. Further research into the genetic mechanisms for the apparent non-additive effects

will also better elucidate the strategic advantage (if any exist) in key economic targets in

hybrid potato.

Data availability

All trial and pedigree data utilized for the following analysis have been made available

on GSA figshare (https://doi.org/10.25387/g3.16973293). File Phenotypes.csv contains
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the 3 aforementioned traits along with field trial row, column, and block indices for each

observation. File Pedigrees.csv gives a hybrid identification number with each parental

code.
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Table S3: Variance components from hybrid model with standard errors included in paren-

theticals for total tuber number (TN), average tuber volume (TV), and total tuber yield (TY).

Covariances between traits excluded here for brevity.

Component TN TV TY

σ2
G 1432.98 (131.33) 27.29 (2.04) 25.60 (2.42)

σ2
GE 589.55 (73.30) 5.27 (0.60) 15.06 (1.41)

σ2
ε 923.07 (43.72) 6.66 (0.32) 11.84 (0.56)

Table S4: Ratio between the sample quantiles of GCA and SCA effects for total yield (TY),

tuber number (TN), and average tuber volume (TV). Included are the 0, 10th, 25th, 40th, 60th,

75th, 90th and 100th percentiles along with an average ratio of quantiles in q.

Trait 0% 10% 25% 40% 60% 75% 90% 100% q

TN 1.4 2.0 2.4 2.4 2.5 2.1 2.2 1.6 2.1

TV 2.5 2.0 1.7 1.6 1.8 2.1 1.7 1.4 1.9

TY 1.4 2.4 2.0 2.4 2.3 2.5 2.0 1.4 2.0

TY TN TV
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Figure S1: Scatterplots for each tuber trait with (A) hybrid BLUPs plotted with GCAs, (B)

SCAs, and (C) GCAs on SCAs
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Efficient genomic prediction of

yield and dry matter in hybrid potato

This chapter is based on:
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Jul 11; 12:2617. doi: 10.3390/plants12142617. Available from:
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Abstract

There is an ongoing endeavor within the potato breeding sector to rapidly adapt potato

from a clonal polyploid crop to a diploid hybrid potato crop. While hybrid breeding allows

for efficient generation and selection of parental lines, it also increases breeding program

complexity and results in longer breeding cycles. Over the past two decades, genomic

prediction has revolutionized hybrid crop breeding through shorter breeding cycles, lower

phenotyping costs, and better population improvement resulting in increased genetic gains

for genetically complex traits. In order to accelerate genetic gains in hybrid potato, proper

implementation of genomic prediction is a crucial milestone in the rapid improvement

for this crop. The authors of this paper set out to test genomic prediction in hybrid

potato using current genotyped material with two alternative models: one model that

predicts the general combining ability effects (GCA) and another which predicts both

general and specific combining ability effects (GCA+SCA). Using a training set comprised

of 769 hybrids and 456 genotyped parental lines, we found that reasonable prediction

accuracies could be achieved for most phenotypes with both zero common parents (ρ =

0.36 − 0.61) and one (ρ = 0.50 − 0.68) common parent between training and test sets.

There was no benefit with the inclusion of non-additive genetic effects in the GCA+SCA

model despite SCA variance contributing between 9% and 19% of total genetic variance.

Genotype by environment interaction, while present, did not appear to affect prediction

accuracies though prediction errors did vary across trial targets. These results suggest

that genomically estimated breeding values on parental lines are sufficient for hybrid

yield prediction.
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Hybrid potato; genomic prediction; general combining ability; genomically estimated

breeding values; Hybrid prediction; genomic prediction; Genotype by environment

3.1 Introduction

Potato (Solanum tuberosum L.) is the most important starch source among vegetable

crops. Cultivated for its edible tubers, potato’s end-use spans across multiple markets

including table, chipping, frying, and industrial processing with a global export value of

3.36 billion USD[2]. It has positive production characteristics including excellent water use

efficiency and short crop cycles making it amenable to a variety of cropping systems[3]. De-

spite potato’s potential for food systems worldwide, slower genetic progress, particularly

for quantitative traits such as yield, is a known impediment to long-term food security[4].

Underlying factors are numerous, but this is understood to be the consequence, in part,

by potato’s polyploidy and large genetic load[5]. In the context of breeding, this makes

potato an obligate outcrosser and affects the whole breeding system from initial crosses

to the selection schemas used in identifying favourable varietal candidates. Together with

potato’s large selection surface (as many as 40 traits), improving quantitative traits in

clonal potato is rife with technical difficulties[6,7].

There have been many proposed (and implemented) innovations for conventional clonal

breeding including the use of marker-assisted selection, progeny testing strategies, and

genetic transformation[8]. Among these, one topic which has garnered significant interest

over the past few decades is adapting tetraploid potato (2n = 4x = 48) to a diploid hybrid

breeding system (2n = 2x = 24)[9,10]. The appeal of diploid hybrid potato (DHP) breeding

is understood to consist of benefits such as the use of true potato seed (TPS) directly

in varietal evaluation[11], segmented breeding program design[12], exploitation of heterotic

vigour[13], and more efficient systems for germplasm production and dissemination[14].

With the gradual emergence of fertile diploid lines[15,16], research centered around diploid

and hybrid potato breeding are gaining momentum across the world[10,17–19].

With all of hybrid breeding’s benefits, it is also known for being more resource and time

intensive in contrast to inbred systems[20]. Hybrid breeding systems are also more com-

plex in terms of breeding targets; not only must the breeder find the best set of parents

(targeting general combining ability, i.e., GCA), but also find the best cross among that

set of parents (targeting specific combining ability, i.e., SCA). Because of this, genomic

prediction (GP) and genomic selection (GS) have become indispensable methods in the

implementation of hybrid breeding in multiple crops[20,21]. The wide-spread adoption of

these techniques have been made possible through the advent of high-throughput molecu-

lar marker data and the availability of powerful computational resources capable of rapid

model fitting[22,23]. These methods are conceptual extensions of marker-assisted selection

where rather than selecting an individual on its QTL status, selection is on the basis

of genome-wide estimated breeding values (GEBV’s). GP and GS have been used to

increase the efficiency of hybrid breeding through better heterotic pool development[24],

intra-population improvement[25], and even shortening breeding cycles by forgoing trialling

altogether[26]. Because of GP and GS’s demonstrated gains in hybrid, and crop breeding
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more generally, developing appropriate models for each target trait with adequate training

sets is a major pursuit in any breeding endeavour.

Recently, GP has received much attention in tetraploid potato with encouraging results

demonstrated in chipping quality[27,28], disease resistance[29,30],fry colour[31], dry matter

content and specific gravity[27,32], yield components[30,32–34], and vine maturity[28,35]. De-

spite the increased interest in breeding DHP, there are currently no analogous studies

confirming model performance for economically valuable traits. Additionally, while tar-

geting the general combining ability (GCA) gives acceptable prediction accuracies in both

simulation studies and in situ for many crops, evaluating the contribution of non-additive

effects (often through specific combining ability, i.e., SCA) is an altogether crucial ques-

tion in GP’s implementation. The authors of this study wish to showcase GP in DHP with

three primary aims. First, to demonstrate the feasibility of GP for hybrid performance

of multiple yield components and tuber dry matter content. The second, to test for the

contribution of additive and non-additive genetic effects for each tuber phenotype. Lastly,

a cursory examination on genotype by environment effects to understand their impact

on prediction among the trials used in this study. Prediction models were constructed by

adapting the modelling procedure of[36] by structuring the random genetic effects with

marker information. Through this work, we touch upon several facets of predictive breed-

ing, all of which, are crucial for adoption and improvement of hybrid potato within the

wider potato industry.

3.2 Material and methods

Populations & Trials

Between 2017 and 2020, several crossing blocks were constructed around 712 experimental

inbred lines sourced from Solynta, a Dutch hybrid potato breeder[17]. These lines were

generated from an original population comprised of 16 founders and selected primarily

based on tuber criteria as well as on fertility characteristics during inbreeding. Across five

nurseries, 1,162 hybrids were produced through a sparse mating design, i.e., only a small

fraction of crosses were conducted over the full crossing space (n2)[37]. Hybrid TPS from

these crosses were sown in trays in early-March and transplanted in mid-May in both

trial years. These hybrids were transplanted in all four field trials in two trial locations

(Heelsum and Est, Netherlands) in 2019 and 2020. The trials conducted in 2019 tested the

performance of 806 F1 crosses, as previously described in[36], with 356 additional hybrids

evaluated in 2020 with a thin intersect of hybrids between years (43 hybrids) and thinner

intersect across all trials (25 hybrids). All trials utilised a double ridge design comprising of

16 plants per plot; ridges were 75 cm wide with plants spaced 25 cm within the same ridge.

Each trial utilised a randomised complete block design consisting of two replicates for

each hybrid with additional control varieties planted in diagonals across blocks for spatial

trend control. Haulm killing took place in September with subsequent harvests occurring

two weeks later. All tubers excluding those smaller than the 20 mm size class (due to

instrumentation constraints) were harvested and measured on multiple traits including

total tuber yield (TY; Mg ·Ha−1), total tuber number (TN; number of tubers per plot)),
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percentage of tuber dry matter content (DM; per cent), and average tuber volume (TV;

cm3). All phenotyping procedures, trait definitions, and instrumentation used here are

described in[38].

Marker Processing and Analysis

The parental lines used for test-crosses were genotyped using a targeted genotyping-by-

sequencing (GBS) technology, SeqSNP®[39]. These probes were designed around highly

conserved regions across the genome. Per LGC’s protocol, leaf disks were sampled from

each inbred line and placed in a 96-well plate and sent to LGC for DNA extraction and

analysis. Upon reception of results, marker quality was assessed primarily on confirming

coverage and read depth for each sample. For the purpose of this study, these probes were

filtered for high-quality biallelic SNP’s using multiple criteria. These included typical

filtering criteria such as minor allele frequency (p ≥ 0.05), percentage of SNP missingness

(m ≤ 0.1) along with polymorphism information content (PIC) and linkage disequilibrium

(LD) between sites. The latter was chosen due to high LD between many SNP’s resulting

in redundant marker information. A SNP selection procedure was invoked using the r2v
metric provided by[40] which accounts for shared population history which tends to bias

the traditional r2 statistic. For any site in high LD with another (r2v ≥ 0.5), the site with

the highest PIC was chosen. This resulted in a filtered probe set containing 704 SNP’s.

There was a fraction of parental lines that were either genotyped with an irrelevant probe

set or not genotyped at all. This resulted in 456 of the original 712 parental lines being

present in the marker set.
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Figure 3.1: (a) Principal components 1 and 2 using filtered marker data (704 SNPs) for 456

parental lines. Parental lines are coloured per nursery. (b) The corresponding scree plot showing

the cumulative proportion of variance captured in the first 100 principal components with guides

inserted where 25, 50, and 75 percent cumulative variance were captured (at components 3, 12,

and 33, respectively).

Using this filtered marker set, a principal component analysis was applied to the marker

data to assess any evident population structure. This was done by scaling the SNP matrix

(X) with each SNP’s mean to produce a centred marker matrix, Z. R’s base svd() func-

tion was applied to Z to produce a matrix of left singular vectors and diagonal matrix of

singular values (U and S, respectively) that were then used to derive the principal com-

ponents of the original SNP covariance matrix (P = US). These components’ scores along

with the covariance matrix’s eigenvalues were then used to assess population structure

(Figure 3.1).

Lastly, this scaled SNP matrix, Z, was used to compute several genomic relationship

matrices. Additive genomic relationship matrices were computed for the 456 parents (Gp)

as well as on the 769 hybrids (Gh) using Van Raden’s method (G = ZZT

2·pT(1−p)
)[41] via the R

library, AGHmatrix[42]. The dominance relationship matrix on hybrids was also estimated

using the method proposed by[43]. Unless explicitly stated otherwise, all marker-based

analysis was carried out using the R statistical language[44].

Statistical Analysis

A two-stage modelling approach was conducted to first model within each trial to produce

unbiased estimates for each hybrid (BLUEs) which in turn were used in multi-year and

location prediction models.
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Table 3.1: Selected spatial models across four field trials for percentage dry matter content

(DM), total tuber number (TN), average tuber volume (TV), and total tuber yield (TY). Each

entry is composed of the base model along with the variance structure of the residual.

Est Field Trial Heelsum Field Trial

Trait 2019 2020 2019 2020

DM (1) + (6) (1) + (6) (2) + (3) (1) + (5)

TN (1) + (6) (1) + (6) (1) + (6) (1) + (6)

TV (1) + (6) (1) + (4) (1) + (6) (1) + (6)

TY (1) + (6) (1) + (6) (1) + (6) (1) + (6)

First-stage

For the first stage, a model selection procedure was conducted on each trial and trait

to account for specific field trends and spatial dynamics. Eleven different spatial models

were utilised across all 16 trait and trial combinations. From these eleven spatial models,

only four were selected based upon the Akaike’s Information Criterion (AIC); these four

spatial models are described in detail here. The base model equation has the form:

yhb = µ+ αh + γb + εhb (3.1)

where the phenotype, y, is modelled on hybrid h (α) and block b (γ), both effects being

treated as fixed. A residual, ε, was modelled as random but its variance structure varied

per spatial model chosen. There was a modification of this base model structure where a

random column effect was included:

yhbm = µ+ αh + γb + cm + εhbm (3.2)

with an additional random effect (c ∼ N(0, σ2
c )) on the plot in column m (c) in the trial

field. There were four residual variance structures among the several spatial models chosen.

The simplest was a residual variance with an independent and identically distributed (IID)

Gaussian distribution such that:

var(ε) = σ2
eI (3.3)

That is, the residual is modelled with a constant spatial variance (σ2
e) which is invariant

regardless of a plot’s position in the field. The second variance structure utilizes a 1st order

autoregressive structure along the column coordinates. This can be expressed as:

var(ε) = σ2
eIr ⊗ Σc(ρc) (3.4)

where the residual variance is modelled as the Kronecker product of an identity matrix

(Ir: each dimension equal to the number of rows in trial field) and a 1st order autoregres-
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sive matrix (Σc: each dimension equal to number of columns in trial field) scaled by the

spatial variance, σ2
e . The autoregressive matrix, Σc, is parametrised by the autocorrelation

parameter,ρc , so that the covariances decline exponentially (i.e., Σcij = ρ
|i−j|
c ). The third

residual structure builds on this with the addition of a spatially-independent error, often

referred to as a nugget effect. This results in:

var(ε) = σ2
eIr ⊗ Σc(ρc) + σ2

η (3.5)

where the spatially-independent variance, σ2
η, is the error variance un-attributable to the

spatial components, traditionally attributed to harvest & instrument related error[45]. The

last spatial error builds on model (3.5) with the addition of an autoregressive effect along

rows. This is then:

var(ε) = σ2
eΣr(ρr)⊗ Σc(ρc) + σ2

η (3.6)

where Σr is a 1st order autoregressive matrix (Σr: rank is same as number of rows in

trial field) and defined by autocorrelation parameter, ρr. The combination of base model

and residual variance structure is given in 3.1 for each trait and trial combination. BLUEs

were then produced from each best supported spatial model and used for all genetic model

training going forward.

Phenotypic variance & stability

To evaluate the genetic variance of the hybrids across trials, raw data from each trial was

used to create the following multi-trial model:

ybfht = βf + γfb + aht + εbfht (3.7)

where the hybrid response (y) is modelled on a fixed trial intercept (β) for trial, f , a fixed

within-trial block effect (γ) for block b in trial f , a random hybrid by location interaction

(a) for hybrid h in location t, and an IID Gaussian error term, ε (ε ∼ N(0, σ2
ε)). The

hybrid by location effect was modelled with an unstructured covariance structure so that

there was a separate hybrid variance for each trial location along with their covariance.

This is described by:

a ∼ N(0,Σa) Σa =

[
σ2
G(Est) σG(Est),G(Hee)

σG(Hee),G(Est) σ2
G(Hee)

]

Using model (3.7), across-trial BLUPs were predicted for each hybrid. Several variance

ratios were also produced from this model including broad-sense heritabilities (H2 =
σ2
a

σ2
a+σ2

ε
) per trial location and inter-genotype coefficients of variation (CVG = σa

µ
) using the

variances embedded within Σa and means for each respective trial location. The intra-

genotype coefficient of variation (CVε =
σε

µ
) was also computed using the residual variance

and global mean. These variance ratios are reported in Table 3.2 for each tuber phenotype.
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All models used for first stage and phenotypic models were fit, examined, and tested using

ASReml-R version 4 provided by VSN International[46].

Second-stage

Hybrid BLUEs from each trial were treated as the phenotypic response for second-stage

models. BLUEs were carried along with their respective standard errors to properly weight

each observation by its precision. This was done using a diagonal structure on the squared

standard errors for each trial f to approximate the full residual covariance structure

(R =
⊕t

f=1 Rf with Rf = Diag(ŝ2f ))
[47,48]. These second-stage models take the form of

a multi-environment model with two parametrisations for the hybrid genetic variance.

Because we are interested in measuring the benefits of dominance genetic variance in ge-

nomic prediction, one model bases prediction solely on parental general combining ability

effects (GCA model) and the second on both general and specific combining ability effects

(GCA+SCA model). The GCA model is:

µ̂ijf = βf + gi + gj + δij + tijf + rijf (3.8)

where µ̂, the hybrid BLUE, is modelled on a fixed trial intercept (β) for trial f , the

GCA (g) of parents’ i and j, a hybrid by trial interaction (t) with trial f and hybrid ij, a

genetic residual term (δ) for hybrid ij, and a residual, r. All random effects have Gaussian

distributions centred about 0 with the variances of GCA and hybrid-trial interactions

being structured by the genomic relationship matrices, Gp, and Gh, respectively. GCA

variance was modelled as a scaling of the additive parental genomic relationship matrix

(σ2
gcaGp) while the hybrid by trial variance was represented by the Kronecker product

of an identity matrix containing the GCA by trial interaction variance and the hybrid

additive genomic relationship matrix (σ2
gxtIt ⊗Gh). The variance of the genetic residual

was modelled as IID so that the total hybrid variance according to the GCA model is

2σ2
gcaZpGpZ

t
p+σ2

δ I where Zp is the incidence matrix assigning parent lines to hybrid crosses.

The residual variance is considered to be known (estimated in stage 1) so that the full

residual distribution is rijf ∼ N(0,Rijf ). The GCA+SCA model differs from the GCA

model in the addition of the SCA in the hybrid making the full model:

µ̂ijf = βf + gi + gj + sij + δij + tijf + rijf (3.9)

where s is the specific combining ability for parents’ i and j. The variance of the SCA

effect is defined by the dominance relationship matrix scaled by a scalar variance com-

ponent (σ2
scaD) making the hybrid genetic variance in the GCA+SCA model equal to

2σ2
gcaZpGpZ

t
p+σ2

scaD+σ2
δ I. The modelling procedure of[32] was adapted by estimating the

σ2
gca and σ2

gxt parameters in the GCA model followed by fixing these same components in

the GCA+SCA models to these estimates. These model constraints allowed for partition-

ing of the GCA and SCA variance. Having said this, the genetic residual term in addition

to containing higher order interactions, is not orthogonal with the SCA term. This is

partially reflected in deviations in total genetic variance between GCA and GCA+SCA

models (Table 3.3).
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Table 3.2: Variance ratios from multi-trial model for percentage dry matter content (DM), total

tuber number (TN), average tuber volume (TV), and total tuber yield (TY). The ratios include

broad-sense heritabilities observed in Est and Heelsum (HEst
2 & HHee

2), the inter-genotype coef-

ficients of variation from Est and Heelsum (CVG:Est & CVG:Hee) & the intra-genotype coefficients

of variation CVε.

DM TN TV TY

H2
Est 0.68 0.49 0.73 0.47

H2
Hee 0.55 0.73 0.82 0.81

CVG(Est) 11.06 23.57 24.82 28.33

CVG(Hee) 9.19 27.77 27.81 35.91

CVε 7.91 19.74 14.00 22.11

Model Testing

To test the advantage of including dominance effects in GP for hybrid potato, we ex-

amine the performance of the GCA (3.8) and GCA+SCA (3.9) models. The authors

define model performance by the prediction accuracy and error on a given test set. Pre-

diction accuracy was assessed using Pearson’s correlation coefficient between true and

predicted hybrid performance (ρy,ŷ = cov(y,ŷ)
sd(y)·sd(ŷ)) and prediction error by the root mean

square error scaled by the trait mean for convenience (Scaled RMSE = 100 ·
√

E((y−ŷ)2)

µ
).

The testing and training strategy was conducted by defining two test sets with differ-

ent levels of parental information shared between training and test sets[49]. This proce-

dure begins by randomly assigning all hybrid parents into an evaluated and unevaluated

set. Consequently, these parental groups randomly assign hybrids to three sets, that is,

hybrids with zero evaluated parents (0EP), hybrids with one evaluated parent (1EP),

and hybrids with two evaluated parents (the training set). This allows for model test-

ing which mirrors breeding scenarios where a hybrid is produced from a test cross of

elite and novel parents (1EP) and crossing of two novel parents (0EP). Because one of

the aims of this study was evaluating prediction of genotype by trial effects, we define

true hybrid performance as (1) the hybrid average performance across trials (AVG) and

as (2) performance within individual trials (E19, E20, H19, H20). This testing scheme

was repeated 100 times for each tuber phenotype and genetic model to assess model

accuracy (Figure 3.2) and error (Figure 3.3) under multiple scenarios. Because absorp-

tion of coefficient matrices failed using ASReml-R, model fitting and cross-validation for

second stage models (3.8 and 3.9) were instead performed using the sommer R pack-

age (https://github.com/covaruber/sommergithub.com/covaruber/sommer), a multivari-

ate mixed model solver, using its average information method[50].
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3.3 Results

Marker Analysis

The filtered SNP dataset was used for population analysis and the construction of both

additive genomic relationship matrices (Gp and Gh) and the dominance relationship ma-

trix for hybrids (D). The principal component analysis revealed little evident population

structure aside from a few minor family clusters (Figure 3.1 (a)). Less than 20% of the

original marker covariance was captured on the first two principal axes with 75% of its

variance distributed across the first 33 axes (Figure 3.1 (b)). Along with this, there was

no clear relationship between the older and newer nurseries and the first or second princi-

pal loadings suggesting little differentiation between these different sub-populations over

time. This analysis was complemented with the Bayesian population software, STRUC-

TURE, to determine the number of ancestral founders that gave rise to this population[51].

This analysis found no evidence of recent admixture events with one ancestral population

being the most probable origin for this panel of inbred lines. Both findings suggest little

population structure in this panel needing to be taken into account whilst modelling.

Trial & Phenotype Analysis

Among all 16 trial and trait combinations, the majority were best fit with both an autore-

gressive trend and nugget effect (Table 3.1). However, a variant of a traditional RCBD

design was selected for dry matter content in Heelsum 2019. The severity of the spatial

heterogeneity varied per trait in each trial, but spatial trends in the Est trial field in 2019

were large for all phenotypes. The spatial model which assumed an IID residual (i.e. dry

matter content in Heelsum 2019) had empirical semivariograms which were relatively sta-

ble with exception of the last 60 observations consistent with an edge effect near the end

of the trial field.

Using the variance components from model 3.7, multiple variance ratios were produced

for all tuber phenotypes (Table 3.2). Broad-sense heritabilities ranged between 0.47-0.73

in Est and 0.55-0.82 in Heelsum with average tuber volume being the most heritable

trait over both locations. Heritabilities between Est and Heelsum were most divergent for

total yield (0.47 and 0.81, respectively) and tuber number (0.49 and 0.73, respectively).

This coincides with the genetic coefficients of variation which exhibited greater hybrid

variation in Heelsum (between 27% and 35%) than the Est trial field (between 23% and

28%) for all traits but dry matter content. Dry matter content showed a larger genetic

variance in Est over Heelsum (H2 of 0.68 versus 0.55), in contrast to what was seen in the

other phenotypes. This could be due to a positive bias in tuber dry matter content among

smaller tubers which were more prevalent under the clay conditions of the Est field trial.

The error coefficient of variation was similar among all yield phenotypes (between 14%

in average tuber volume and 22% in total tuber yield) with dry matter content having

the smallest percentage of error (7.9%). The small coefficients of variation seen in dry

matter content (relative to other traits) are somewhat artefactual due to its scale. The

maximum variance that can be observed in dry matter content is much smaller due to

the very tight bounds around biologically-relevant dry matter values (See (Bhatia Davis,
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2000)[52]).

Table 3.3: Variance components for the GCA and GCA+SCA genetic models for percentage

dry matter content (DM), total tuber number (TN), average tuber volume (TV), and total tuber

yield (TY). Included are the variances attributed to general combining ability, hybrid by trial

interaction, specific combining ability, genetic residual, and the proportions of genetic variance

among each genetic component.

Trait Variance Components: σ2
gca σ2

gxt σ2
sca σ2

δ

2σ2
gca

σ2
G

σ2
sca

σ2
G

σ2
δ

σ2
G

GCA 0.4 0.84 0.16
DM

GCA+SCA
1.1 0.5

0.3 0.3 0.80 0.09 0.11

GCA 341.0 0.68 0.32
TN

GCA+SCA
368.9 287.7

195.2 232.2 0.63 0.17 0.20

GCA 7.2 0.76 0.24
TV

GCA+SCA
11.8 2.7

5.5 4.4 0.71 0.16 0.13

GCA 5.3 0.74 0.26
TY

GCA+SCA
7.4 7.8

3.0 3.6 0.69 0.14 0.17

genetic-modelling-genomic-prediction

Genetic Modelling & Genomic Prediction

Both the GCA (3.8) and GCA + SCA (3.9) sets of models converged for all traits stud-

ied here. Credible variance components were also extracted for all eight models (Table

3.3). GCA variance was the largest variance component for all traits except total tuber

yield where GCA variance was nearly equal with hybrid by trial interaction component

(TY: σ2
gca = 7.4, σ2

gxt = 7.8). With respect to total genetic variance, the additive variance

was the largest genetic effect for all phenotypes (between 63% and 84%). Proportion of

SCA genetic variance in the full GCA+SCA models was noticeably smaller in dry matter

content (9%) in contrast to the other yield components (14-17%). It’s worth noting that

the genetic residual term in both the GCA and GCA+SCA models contained a consider-

able portion of genetic variance. This was most apparent in both GCA and GCA+SCA

models for tuber number (32% and 20%, respectively) though present in total tuber yield

(26% and 17%, respectively) and average tuber volume (24% and 13%, respectively) as

well.

Turning to model performance, there were no measurable difference between GCA and

GCA+SCA models in predicting average hybrid performance (Table 3.4) or among any of

the trial-specific prediction targets (Figure 3.2). As expected, prediction accuracies were

globally deflated in the 0EP set (ρy,ŷ between 0.36 and 0.61) in contrast to the 1EP set

(ρy,ŷ between 0.50 and 0.68) (Table 3.4). These coincided with larger root mean square

errors in the 0EP set (scaled RMSE = 8% − 26.4%) over the 1EP set (scaled RMSE

= 7.4%−24.5%). Looking among traits, prediction accuracy was highest in average tuber
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Table 3.4: Median prediction accuracies and median scaled root mean square error for each

trait, genetic model, and test set. This was conducted on dry matter content (DM), total tuber

number (TN), mean tuber volume (TV), and total tuber yield (TY). Predictions were tested

against average hybrid performance (AVG) produced from model 3.7.

0 Evaluated Parents Set 1 Evaluated Parents Set

Phenotype GCA GCA+SCA GCA GCA+SCA

DM 0.49 (8.0) 0.49 (8.0) 0.58 (7.4) 0.58 (7.4)

TN 0.36 (20.3) 0.36 (20.2) 0.50 (19.2) 0.51 (19.2)

TV 0.61 (20.7) 0.61 (20.7) 0.68 (19.0) 0.68 (18.9)

TY 0.46 (26.4) 0.46 (26.4) 0.58 (24.5) 0.58 (24.5)

volume (0EP: 0.61 and 1EP: 0.68) followed by dry matter content (0EP: 0.49 and 1EP:

0.58) and total tuber yield (0EP: 0.46 and 1EP: 0.58) with considerably lower prediction

error in the models for dry matter (7.4% − 8.0%) than those in average tuber volume

(18.9% − 20.7%) and total tuber yield (24.5% − 26.4%). Tuber number had the lowest

accuracy among traits (ρy,ŷ between 0.36 and 0.51) with intermediate prediction errors

(18.9%−20.7%). When examining performance among the trial-specific targets, prediction

accuracies do vary per trait and trial-target. In general, prediction accuracies tended to

be lower among the 2019 trial sets (i.e. E19 and H19) for dry matter content and average

tuber volume while accuracy were lower in the 2020 trial sets (i.e. E20 and H20) for tuber

number and total tuber yield. These differences in performance between trial targets,

however, become much more apparent while examining the prediction error (Figure 3.3).

The root mean square error was largest (and most variable among prediction targets) in

total yield, and to a lesser extent, tuber number, with errors being highest for the Heelsum

trial sets (i.e. H19 and H20) in both phenotypes. Average tuber volume also exhibited a

higher RMSE for predictions in the Heelsum 2020 target while the RMSE’s in dry matter

content were much smaller and relatively uniform across trait targets.
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Figure 3.2: Predictive accuracy (correlation coefficient of true hybrid performance and pre-

dicted cross value) in the zero evaluated parent set (0EP) and the one evaluated parent set

(1EP) for GCA model and GCA+SCA models for dry matter content (DM), total tuber num-

ber (TN), mean tuber volume (TV), and total tuber yield (TY). Each trait, model, & testing

scenario were tested 100 times. Predictions were either compared to BLUEs generated from the

first stage of modelling for Est 2019 and 2020 (E19 and E20, respectively) and Heelsum 2019 and

2022 (H19 and H20, respectively) or against across-trial BLUPs (AVG) produced from model

(3.7).

3.4 Discussion

Hybrid breeding has been revolutionized by GS and GP making adoption of these tech-

niques a key step in accelerating quantitative improvement. Of particular importance

when implementing these technologies is determining the contribution and nature of the

genetic effects in the relevant target and then assessing how molecular marker and pedi-

gree information can best provide predictive power for it. This in turn provides a roadmap

for breeders to place these predictive methods where they can be most efficiently applied.

Additionally, understanding the presence of genotype by environment interaction has also

received increasing attention as selection continues to shift away from general performance

to adaptability to specific envirotypes. Our findings represent a first inspection of GP for

multiple tuber traits in hybrid potato using conventional genetic models.
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Feasibility of genomic prediction in hybrid potato

GP was possible in both testing scenarios (0EP and 1EP) in both genetic models (GCA

and GCA+SCA) for all tuber traits, though not equally among them. Average tuber vol-

ume had the highest prediction accuracy in both test scenarios (0.61 & 0.68, respectively)

followed by dry matter content and total tuber yield. Looking among other available stud-

ies, dry matter content (and starch) has consistently high prediction accuracies (0.73-0.84)

in tetraploid populations[27,30,34]. Total yield (and components of yield) were more vari-

able (0.31 - 0.66) reflecting different modelling strategies and training set properties[30,33].

Among our traits studied, total tuber number exhibited the poorest prediction accuracy

especially in the 0EP testing scenario (Figure 3.4).[33] similarly found relatively poor model

performance for tuber number with their additive model showing an average accuracy of

0.35. In contrast to the tetraploid studies, our prediction accuracies were notably lower.

This can likely be attributed to differences in testing strategies and a smaller training to

test set ratio (expectation of 1 and 0.5 for the 0EP and 1EP sets, respectively) result-

ing in a more severe testing in contrast to the K-fold cross-validation strategy invoked

elsewhere.
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Figure 3.3: Scaled root mean square error (100 ·
√
E(ŷ − y)2/µ) in prediction in the zero

common parent (0EP) and one common parent (1EP) sets for GCA and GCA+SCA models

for dry matter content (DM), total tuber number (TN), mean tuber volume (TV), and total

tuber yield (TY). Each trait, model, & testing scenario were tested 100 times. Predictions were

either compared to BLUEs generated from the first stage of modelling for Est 2019 and 2020

(E19 and E20, respectively) and Heelsum 2019 and 2022 (H19 and H20, respectively) or against

across-trial BLUPs (AVG) produced from model 3.7.
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Contribution of non-additive effects in prediction

We found no practical benefit in the incorporation of dominance effects (via SCA) for

GP model performance in any tuber phenotype. The lack of added value with SCA also

appears inconsistent given the magnitude of SCA variances measured here (Table 3.3) and

in our preceding phenotypic study[36]. As highlighted there, several lines of reasoning can

be pursued while considering non-additive genetic effects. Reflecting on the sparse crossing

design used to generate these hybrids, its not unexpected for shrinkage of the SCA effects

even if the model is technically identifiable. If this is the case, then larger training sets

would be required for exploitation of SCA among hybrids. Alternatively, reflecting on the

size of the genetic residual (between 20 and 37% of σ2
G), kernel-based approaches could

be more informative in predicting hybrid performance[53,54]. Rather than decomposing

the total genetic value into separate additive and non-additive components, prediction

is instead based upon the total observed genetic value[55]. The application of such semi-

parametric approaches could be an interesting avenue for future prediction modelling in

DHP.

Hybrid prediction and genotype by environment interaction

While present, genotype by environment interactions did not appear to affect model per-

formance for dry matter content and average tuber volume. This coincides with relatively

consistent heritabilities between trial locations and the small σ2
gxt variance components for

both traits. Several studies in diploid[38] and tetraploid[30,32,34,56] potato also corroborate

the high stability of dry matter content. Examining total yield and tuber number, pre-

diction accuracies appear fairly stable across target environments, but prediction errors

were highly dependent on target environment (Figure 3.3). This was especially apparent

between Heelsum and Est 2019 trials where the difference in median scaled RMSE was

over 25% and 12%, respectively. Considering the significant differences in heritabilities

between trial locations (Table 3.2), this could negatively impact prediction accuracy if

the genotype by environment structure does not reflect this. Similar to what has been

reported in tetraploid[30,34,56], total yield is highly influenced by genotype by environment

interaction and difficult to structure. For future work in genotype by environment inter-

actions, designing trials around known abiotic stresses in potato would allow for more

meaningful decomposition of these effects. Doing so in climates which target relevant con-

dition for the world’s potato growers is also important in a GP context for prediction of

hybrid adaptability.

Genomic prediction for breeders

These results have some implications for potato breeders. First, this study gives ample

evidence that stable additive genetic effects are not only able to be estimated for potato

inbred lines, but can also be leveraged for the prediction of a parent’s breeding value in

a dedicated cross. In particular, these results show the potential of genomic prediction in

both a test cross and novel crossing set context through the use of the 1EP and 0EP test

sets, respectively. Based upon these results, confident predictions can be offered in both

contexts for all phenotypes studied here with the exception of total tuber number which
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exhibited depressed prediction accuracies making them too unreliable in a novel crossing

set for breeders. The GCA variance being the largest genetic effect among all traits is

also worth reiterating as it directs breeders towards prioritizing additive variance among

multiple tuber traits. This directly touches upon a breeding program’s structure and

how it exploits additive variation during population improvement among highly heritable

traits.

3.5 Conclusions

In this study, we have laid out the groundwork for genomic prediction in hybrid potato

with simple genetic models and no training set optimization. We demonstrate the GEBVs

estimated from an additive model (our GCA model) suffices in predicting hybrid potato

performance in dry matter content, average tuber volume, and total yield. The effect of

genotype by environment interaction is mostly relevant for yield components like tuber

number and total yield while dry matter content and average tuber volume were remark-

ably stable among target environments for genomic prediction. Principally, these results

show for the first time that genomic prediction can be leveraged for inbred and hybrid

selection in diploid hybrid potato. The adoption of predictive breeding in diploid potato

is invaluable for the continued genetic progress of this new hybrid crop.
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AGHmatrix: R Package to Construct Relationship Matrices for Autotetraploid and

Diploid Species: A Blueberry Example. The Plant Genome. 2016 Nov; 9. doi:

10.3835/plantgenome2016.01.0009. Available from: https://onlinelibrary.

wiley.com/doi/10.3835/plantgenome2016.01.0009 [Accessed on: 2022 Nov 8]

43. Su G, Christensen OF, Ostersen T, Henryon M, and Lund MS. Estimating Ad-

ditive and Non-Additive Genetic Variances and Predicting Genetic Merits Using

Genome-Wide Dense Single Nucleotide Polymorphism Markers. PLOS ONE. 2012

Sep; 7:e45293. doi: 10.1371/journal.pone.0045293. Available from: https:

//journals.plos.org/plosone/article?id=10.1371/journal.pone.0045293

[Accessed on: 2023 Mar 2]

44. R Core Team. R: A Language and Environment for Statistical Computing. Vienna,

Austria, 2022. Available from: https://www.R-project.org/

45. Müller BU, Kleinknecht K, Möhring J, and Piepho HP. Comparison of Spatial Mod-

els for Sugar Beet and Barley Trials. Crop Science. 2010 May; 50:794–802. doi:

10.2135/cropsci2009.03.0153

46. Butler DG, Cullis BR, Gilmour AR, Gogel BJ, and Thompson R. ASReml-R Refer-

ence Manual Version 4. Hemel Hempstead, HP1 1ES: VSN International Ltd, 2017.

Available from: http://www.homepages.ed.ac.uk/iwhite/asreml/uop. [Ac-

cessed on: 2021 Jan 19]

47. Frensham A, Cullis B, and Verbyla A. Genotype by Environment Variance Hetero-

geneity in a Two-Stage Analysis. Biometrics. 1997 Dec; 53:1373. doi: 10.2307/

2533504
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4
Digging up QTL: Evaluating the efficiency  

of marker-assisted selection in hybrid potato



Abstract

Hybrid potato is a novel crop strategy which develops cultivars with improved F1 hybrids

created from inbred diploid potato lines. As with other crops, the hybrid breeding sys-

tem allows for greater flexibility and potentially greater speed in contrast to traditional

tetraploid potato breeding. An important aspect of how a hybrid breeding program should

be structured is resource and technology allocation for optimum selection efficiency. The

authors of this paper examined this question with respect to marker and selection tech-

nologies examining the relative efficiency of marker-assisted selection (MA) relative to a

traditional genome-wide selection (GW) for F4 candidate selection. For the MA scenario,

we were able to identify 35 QTL for all tuber phenotypes that accounted for a large

portion of the genetic variation in multiple yield components. The GW strategy had the

highest prediction accuracy with relative selection efficiency’s consistent with this for all

traits. However, when examining the relative efficiency with respect to cost of genotyping

strategy, the MA scenario was more efficient for all traits studied here. Our findings sug-

gest that marker-assisted selection could be an attractive method for quantitative trait

selection in commercial hybrid potato programs.
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4.1 Introduction

Potato (Solanum tuberosum L.) is the newest field crop undergoing conversion to a hybrid

breeding system[1,2]. Following the success of other crops like sugar beet[3] and sunflower[4],

both private and public ventures are endeavouring to convert this clonal tetraploid crop

into a diploid chasing the same benefits that were originally observed in maize[5]. This

conversion in potato is actually composed of two distinct and yet inter-related activi-

ties: (1) ploidy reduction from a tetraploid to diploid, and (2) the shift from outcross-

ing populations to structured inbred populations shaped around F1 hybrid performance.

The benefits of the former primarily lie in the ease and speed of positive gene fixation

in a disomic inheritance model over tetrasomic inheritance[6] with the latter comprising

both technical (trait fixation in inbreds, exploitation of heterotic vigour) and commer-

cial (intellectual property protection, consistent product quality and uniformity) related

advantages[7]. Despite the allure of these propositions, it is only within the past decade

that commercialization efforts of hybrid potato programs have come to pass due in part

to overcoming genetic barriers like severe inbreeding depression, fertility anomalies, and

ploidy barriers for secondary and tertiary gene pools[8–10].

It is well understood that while hybrid breeding systems bring many potential benefits to

crop improvement strategies, this is not without significant cost. Hybrid breeding is known

to suffer from longer breeding cycles in contrast to line breeding and necessitates specific

populations for heterotic pool development[11,12]. A large aspect of that complexity lies in

that the target for improvement is F1 performance and not inbred family per se yields due

to poor correlations between the two. In the pre-genomics era, testcross evaluation was

the crux of line advancement and population enrichment as it permitted the estimation

of general and specific combining abilities[13]. It was not until the advent of molecular

technologies that it became possible to develop inexpensive proxies in the place of field

evaluation, first in the form of molecular markers for marker-assisted selection (MAS)

not long followed by genome-wide regression using hundreds to thousands of markers for

genomic selection (GS)[14,15]. These methods alone have been responsible for incredible

gains for quantitative trait improvement in field and vegetable crops alike over the past

30 years.

While genome-wide selection is a powerful tool in quantitative trait improvement, it is not

necessarily the most efficient. Genome-wide selection has been shown to work very well in

both tetraploid and diploid potato populations[16,17], but the cost associated with training

set development, dense molecular marker panels, and computational capacity make it

a resource-intensive process. An interesting alternative would be identifying quantitative

traits which could be selected solely on the basis of QTL information. The literature is ripe

with examples of large-effect QTL responsible for controlling traits such as tuber shape[18],

starch content[19], maturity[20,21] and even volume and weight of tubers[22,23]. Making these

identified QTL the basis of selection in a MAS program could be a simple and cost-effective

method for improving quantitative trait targets in potato. However, while the success of

MAS is well understood in other crops and simulation[24,25], its utility in hybrid potato

is currently unknown. We examine the following scenarios: a marker-assisted breeding
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scenario which conducts selection based on identified QTL in the hybrid (MA), a genome-

wide selection method (GW), and lastly a method which bases selection on 1 random SNP

per chromosome (PC). These three strategies were assessed on their prediction accuracy

for the tuber phenotype as well as on the relative efficiency with respect to genome-wide

selection. With these results, we hope to identify if marker-assisted selection is a useful

selection method in practice for complex traits in potato.

4.2 Material and methods

Hybrid Phenotypic Data

This study used a population of 785 genotyped F1 hybrids which had undergone field eval-

uation between 2019 and 2020. As described in[16], this dataset comprises four field trials

in two trial locations (Heelsum and Est, Netherlands). Best linear unbiased predictions

(BLUPs) for hybrids were computed using the following model:

ybfht = βf + γfb + aht + εbfht (4.1)

where y is some component of yield for hybrid h within block b in trial location t and

specific field trial f . y is modeled on a fixed trial (βf ) and block within-trial (γfb) effects, a

random hybrid by trial (aht), and an independent and identically distributed (IID) residual

term (εbfht). The hybrid by trial effect was modeled as Gaussian with an unstructured

variance structure:

a ∼ N(0,Σa) Σa =

[
σ2
G(Est) σG(Est),G(Hee)

σG(Hee),G(Est) σ2
G(Hee)

]

This model structure was chosen over simpler multi-environment models due to large

observed differences in genetic variances during exploratory analysis. Such large discrep-

ancies in variance were not observed for the residual term across trials so this retained

its IID variance structure. Several variates were analyzed including total tuber yield (TY;

Mg · Ha−1), tuber dry matter content (DM; per cent), and average tuber volume (TV;

cm3).

Marker processing

Using the same dataset described in[16], marker data was collected on the 416 parental

lines used in the creation of the evaluated hybrids. These lines were genotyped with a

targeted genotyping-by-sequencing (GBS) technology marketed as SeqSNP and developed

by LGC[26]. For this analysis, single nucleotide polymorphism’s (SNPs) were extracted and

filtered from the probeset and filtered based upon SNP missingness, minor allele frequency,

and SNP density. These filter criteria left 1,040 remaining SNP’s which were used to infer

F1 hybrid genotypes for QTL mapping and genome-wide prediction.
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QTL Scanning and Incorporation

QTL scans were conducted on all phenotypes using the hybrid BLUPs averaged over

location and standard errors produced from ASReml-R’s predict() interface along with

SNP data. This was done using a forward-selection approach. The null model has the

following form:

ŷ = 1µ+XQβQ + Zgu+ e (4.2)

where ŷ is the vector of hybrid predictions, µ is the global mean, βQ is a vector of QTL

fixed effects, u is a vector of random background genetic effects (u ∼ N(0, σ2
g)), and e

is a vector of residuals whose variance is structured from the first-stage model standard

errors (e ∼ N(0,R = Diag( ˆse21,
ˆse22, . . . ,

ˆse2n))). During the first QTL scan, XQ, the design

matrix which contains SNP dosage of previously identified QTL, and βQ will be empty.

The design matrix for the background genetic effects, Zg, is a diagonal matrix.

This model is tested against a scanning model:

ŷ = 1µ+XQβQ + Zgu+ Zsnpv + e (4.3)

which differs only in the addition of one random term, v, the SNP effect (v ∼ N(0,σ2
qtl)

being tested at any given scan. The forward-selection procedure consisted of: (1) fitting

the null model in (Equation 4.2), (2) fitting the scanning model (Equation 4.3), (3) con-

ducting a likelihood ratio test to assess the significance of v, (4) repeating steps 2-3 for

all remaining SNPs, (5) selecting the SNP with the smallest p-value and placing it in X

if it was smaller than the cutoff (defined by a Bonferroni threshold) and then repeating.

If there were no remaining SNPs with sufficient evidence of putative QTL, the scan was

concluded. A Wald test was then conducted on the final model to confirm the significance

of all QTL in XQ; the effect size of all QTLs were extracted from this model (Figure 4.3).

While some QTLs clustered within close proximity to one another, all QTL distances were

above 1 Mb and thus considered independent of one another. Lastly, each QTL was fit

in a single QTL model (ŷ = 1µ + Zgu + Zsnpv + e) to estimate the proportion of QTL

variance (Figure 4.2).

The number of QTL taken up in each model was recorded (Table 4.2) along with their

significance (i.e. −log10(p)) during initial model scanning (Figure 4.1). All QTL modeling

and phenotypic analyses were done using ASReml-R 4.2[27].

Genomic Prediction Models

Because one of the major research questions was related to testing the utility of a multi-

QTL model in a marker-assisted selection program, we constructed multiple prediction

models associated with distinct modeling scenarios (See Table 4.1). The first was a marker-

assisted selection model (MA) which bases prediction upon the previously identified QTL

(Table 4.2). All QTL which were found to be jointly significant were incorporated into
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a traditional linear regression model to predict a candidate’s value among our selected

quantitative traits. This model was:

ŷ = 1µ+XQβQ + ε (4.4)

where the hybrid BLUPs were modeled only on the global mean, and estimated QTL

effects (βQ) in each hybrid. This scenario was contrasted against a genome-wide based

regression using 1000 SNPs (GW) and a model which picks one random SNP per chromo-

some (PC). The latter is meant to perform as a negative control to evaluate the minimum

performance threshold from a SNPs linkage within a linkage group. Both of these models

were trained using ridge regression and could be expressed as:

ŷ = 1µ+Wu+ ε (4.5)

where the SNP dosages are contained in matrix, W, and all marker effects in u. To

assess prediction performance, all models were tested using 5-fold cross-validation. Cross-

validation was replicated 100 times for each trait for the MA model and Pearson correlation

coefficients were estimated for each fold and then averaged over each replicate. For models

which introduced marker sampling variation (i.e., GW and PC), the replication was stratified

over marker sampling (n = 20) and fold partitioning of hybrids (m = 50) for a total

of 1000 replications. Similarly, the predictive performance was assessed via the Pearson

correlation coefficient between the true and predicted hybrid performance and averaged

over each fold. The average Pearson correlation coefficient were then compared across all

models and traits (Figure 5.4). All prediction models were trained and tested using the

mixed.solve() function provided through the rrBLUP R library[28].

Table 4.1: Breeding scenarios with descriptions of model parameters and cost associated with

each.

Scenario

code Scenario β̂ û Cost

MA Marker-assisted selection

with identified QTLs

Identified QTL $0.15 per SNP

per sample

GW Genome-wide regression

using mid-sized probe set

global mean 1000

genome-wide

SNP’s

$150.00 per

sample

PC Selection with one random

SNP on each chromosome

global mean 1 SNP per

chromosome

$1.80 per

sample

Putting the model performance in the context of a breeding program, we examine MA,

PC, and GW as alternative modeling methods for predicting the genetic value of 1000 novel

F4 candidates for creating superior F1 candidates. This is done on the basis of marker

effect estimation at the F1 hybrid level which would make inbred selection based on that

line’s genomically estimated breeding value. These schemas were evaluated based on the
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Figure 4.1: The physical positions and log10 probabilities found for all 35 QTL across potato

genome for dry matter content (DM), tuber volume (TV), and total tuber yield (TY).

relative efficiency for the MA and PC scenarios relative to GW (Table 4.1). This is the ratio of

the predicted selection response (iσgr) of each scenario over the genome-wide regression

scenario[29]. Because the only difference between these scenarios is in the selection accuracy

(r), the relative efficiency is then just the ratio of the selection accuracy from each scenario.

This was extended further through the inclusion of genotyping costs of the 1000 candidates

for each strategy assuming a SNP assay genotyping method. This was done by dividing

the predicted selection response of each strategy by the log of the genotyping cost. While

costs vary according to locale, number of samples, and specific technology, we chose pricing

that appeared reasonable given trends over the past decade[30]. Therefore, each scenario

was assessed with respect to the relative efficiency and the relative efficiency divided by

the log of the genotyping costs (Table 4.3).

4.3 Results

QTL Scan

All scanning models converged successfully and picked up multiple QTL for each pheno-

type (Table 4.2). The final QTL models exhibited a better goodness of fit in contrast to

the null model. This was reflected both in the change of the AIC as well as reduction

in background genetic variance in each final model, though, this was trait dependent.

Between 53 and 56% of the genetic variance was partitioned away from the background

genetic term between the null and final model across traits. Among the traits tested, dry

matter content appeared to improve most through the incorporation of the 10 identified

QTL (Table 4.2).
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In total, 35 QTL peaks were detected but given overlap between traits, this comprised 33

unique QTL (Table 4.2). Total tuber yield detected the largest number of QTLs (14 QTL)

with tuber volume and dry matter content detecting 11 and 10, respectively. The QTL

variance varied between 10 and 62% of the total genetic variance among all phenotypes

but the median proportion of variance was highest in drymatter content (36.0%) followed

by total tuber yield (30.1%) and average tuber volume (29%) (Figure 4.2). There were

multiple QTL clusters detected for all three phenotypes comprising chromosome 1 for

dry matter content (chr01:83523334 and chr01:86604310), chromosome 8 in tuber volume

(chr08:46811267 and chr08:47889222), chromosome 4 in total yield (chr04:60035708 and

chr04:64373508).
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Examining all detected QTL, varying QTL effect size was observed with respect to mag-

nitude and direction (Figure 4.3). The largest QTL effects were observed in total tuber

yield with effects as large as 30% of the mean. The QTL observed in dry matter content

also tended to be smaller in magnitude than those observed in tuber volume and total

tuber yield. Two correlated QTL were observed for dry matter content and total tuber

yield on chromosome 3 (chr03:52583805) and on chromosome 11 (chr11:37618884) (Fig-

ure 4.1). Both QTLs had a relatively large QTL variance (Figure 4.2) and were negatively

correlated between total tuber yield and dry matter content (Figure 4.3).
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Genomic Prediction Models

Turning to each predictive strategy, the GW scenario performed consistently better than all

other strategies and represented the maximum prediction potential that could be attained

(Figure 5.4). It also appears to closely mirror the phenotype heritabilities and performance

observed in previous studies (See Adams, De Vries, and Van Eeuwijk [16]). Conversely,

the model used in PC were consistently the worst performing with observed prediction

accuracies between 0.24 and 0.34 across phenotypes. The MA models not only surpassed

the negative control (PC), but followed closely with the performance observed in the GW

model with ρ’s between 0.53 and 0.68 across traits. The PC strategy had the highest

variability in ρ during cross-validation due likely to the large probe sampling variance.

Examining these results relative to the GW scenario, MA had a far larger relative efficiency

for the three traits targets (0.89 - 0.95) in contrast to PC (0.42 - 0.43) (Table 4.3). Looking

to genotyping costs, the cost ratios varied very little between MA and PC strategies; both

strategies were within two orders of magnitude cheaper than the GW genotyping strategy.

All relative efficiencies were less than 1 but when genotyping costs were considered, the MA

was considerably higher for all traits (1.41 - 1.48) indicative of higher selection efficiencies

per log cost. This was in contrast to the PC scenario which had very low relative efficiency

per log cost.

4.4 Discussion

An important exercise for any breeding program is the careful analysis of goals for trait

improvement in light of the genetic variation present, the statistical architecture of the

trait, and available resources available to a program. Examining the particular question

of genotyping technology and selection methods, we provide a template for evaluating

the efficiency of breeding strategies. In this paper, we were able to detect multiple QTL

which captured a large portion of the genetic variance in multiple tuber phenotypes. The

merit of these QTL were then tested through against a genome-wide regression strategy

and a random marker-based selection strategy as a negative control. Selection responses

were examined for all scenarios with respect to unit gain and unit gain per unit cost. This

represents an invaluable procedure for assessing the benefits of two selection methods in

an operational breeding program.

Selecting Quantitative traits

The first criteria for the success of quantitative trait selection is the degree of genetic

variability for the trait in question, in other words, the trait’s heritability. Based upon

the results of this study and previous works[31] we know that all phenotypes studied here

are highly heritable and capable of genetic improvement. Based on prediction accuracy

(Figure 5.4) and consideration of selection costs (Table 4.3), we found credible evidence

that both MAS and genome-wide selection would be successful selection methods for

the traits studied here. Regarding genome-wide selection, this was in line with what

other studies have observed for these traits in potato[16,17]. However, the efficiency of

the MA strategy for quantitative trait selection needs further consideration. While MAS
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Figure 4.4: Prediction accuracy results from 5-fold cross validation for qtl mapping (qtl),

genome-wide regression (GW), and marker-assisted selection with 12 random SNPs (PC). Error

bars contain one standard deviation around the average Pearson correlation coefficient.

is an older technology and prone to lower selection accuracies, it is still potentially an

effective selection method if sufficient genetic variation can be found. In our QTL mapping

procedure, over half the genetic variation was accounted for in the final QTL model, and

yet, the relative efficiency was as high as 0.95. This could be a consequence of incorporating

large effect QTL which carry most of the relevant information for prediction. This was in

contrast to the PC control which, while having a similar number of SNPs used for selection,

offered little in way of selection response. So given that there are still large effect QTL

segregating among candidates, the MA strategy is suitable in selection if well designed

markers are being used.

Table 4.3: The relative efficiency (RE), genotyping cost ratio (CR) and relative efficiency per

log cost (RELC) for the marker-assisted selection (MA) and the single marker per chromosome

strategies (PC) relative to the genome-wide selection scenario (GW) for dry matter content

(DM), average tuber volume (TV), and total tuber yield (TY).

MA PC

Phenotype RE CR RELC RE CR RELC

DM 0.91 0.010 1.48 0.42 0.012 0.66

TV 0.89 0.013 1.41 0.43 0.012 0.68

TY 0.95 0.014 1.47 0.43 0.012 0.69
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MAS versus genome-wide selection: Costs and complexity

When considering which of these strategies would be more appropriate for employing in a

hybrid potato breeding program, multiple questions need to be considered. Most of these

center around the maturity of the breeding program and the priority of targets. Most

crop breeding programs are more conservative with genetic variation loss, and therefore,

would likely utilize a selection strategy which guarantees the highest selection accuracy

possible[32,33]. In the context of these two tested scenarios (MA and GW), this would lean

towards the genome-wide prediction approach. However, there are other programs that

could be less risk-averse with regard to loss of genetic variation so long as it allows for

selection response (or unit selection response per unit cost) to be maximized by some

other means. We observed that when considering genotyping costs, the MA strategy was

more efficient per log cost for all three trait targets (Table 4.3). When a cost penalty is

introduced, any affordable technology that borders with the performance of genome-wide

regression becomes immediately interesting for adoption. So for breeding programs which

value greater or more cost-efficient short-term gains, a marker-assisted selection approach

is worth consideration for quantitative trait selection.

Operational considerations

These scenarios are presented as is with no formal consideration of other operational

questions which could be relevant for their effective adoption. For example, we used a

population where QTLs could be identified, however, this is of course not guaranteed.

The success of QTL identification in a breeding program is dependent on many inter-

related questions: population mapping or family mapping[34], having dedicated mapping

populations or using extant material, and the number of individuals used[14]. Even after

QTL identification, there are common pitfalls in maintaining a marker in a MAS program

such as recombination between the QTL and marker, ensuring universal probe annealing

across relevant genetic backgrounds, and maintaining these targets alongside other impor-

tant genes necessary for a candidate’s portfolio. Genome-wide prediction methods in this

regard, are more straightforward, as model training, testing, validation, and retraining

are regular procedures as breeding populations develop over time. However, an unappre-

ciated logistical challenge with such predictive workflows is proper investment in data

management and well engineered data pipelines as the size of datasets accumulate each

year. The creation and maintenance of such digital infrastructure for genomic workloads

requires expertise outside of the genetical and statistical domain and could be a liability

if not sufficiently planned accordingly[35,36].

4.5 Conclusions

Complex traits in field crops include some of the most economically valuable targets for

trait improvement such as biomass partitioning, abiotic stress resistance, and crop yield.

Therefore, identifying schema which maximize the rate of genetic progress in candidate

selection is an indispensable activity for breeding programs. Here we focused our attention

on three important yield phenotypes in potato and found that MAS could serve as an

93Digging up QTL: Evaluating the efficiency of marker-assisted selection in hybrid potato

C
ha

pt
er

 4



affordable selection methodology in the place of genome-wide predictive methods. Such a

low-cost technology lends itself to allocation bottlenecks common to breeding programs

where the number of candidates are large, a scenario common to multiple stages of a

hybrid breeding program. Tools like MAS are thus still a valuable part of the breeders

toolbox for genetic improvement in hybrid potato.
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Evaluating Multiallelism for Genomic  

Prediction Applications in Potato



Abstract

Potato breeding must be improved in order to hasten the release of higher-yielding and

more robust potato varieties. The development and wider adoption of genetic tools like

genomic prediction depend on high quality and high-throughput genotyping platforms

in order to estimate the genetic value of a candidate. Rapid improvement of the potato

genome sequence and genotyping platforms are both a boon and problem for breeders as

a higher volume of high quality marker data needs proper methodological applications

to make it useful. Of specific interest to the authors of this paper is the use of multial-

lelic marker information, whether identity-by-state (using haplotags, HT) or identity-by-

descent (IBD), and if it offers benefits over that of biallelic variants (using single nucleotide

polymorphisms, SNPs) for the prediction of genomically estimated breeding values for

tuber yield in potato. Consideration over model choice is also worthwhile given the hi-

erarchical structure of multiple alleles to a given locus must be interrogated to ensure a

proper representation of the statistical architecture. We considered traditional shrinkage-

based models (ridge regression, LASSO), group-wise modified models (grouped LASSO),

and advanced kernel approaches (Gaussian Kernel). Using phenotypic and genotypic data

from a hybrid potato breeding program, we found that multiallelic-based predictors could

be used to achieve adequate prediction accuracy for both IBD (total tuber yield: 0.65 -

0.67) and haplotag (total tuber yield: 0.71 - 0.75) probesets with the latter being generally

more accurate in total tuber yield, tuber size and dry matter content. All prediction mod-

els using the biallelic probeset (SNP) were the most performant across all traits. Model

choice had a significant impact on prediction accuracy and error with the Transformed

Gaussian Kernel performing best across each trait. These findings suggest that while mul-

tiallelic marker information can offer better discriminative power in many breeding related

applications, this is not necessarily the case for model-based genetic assessment. To our

knowledge, this research represents a first evaluation of multiallelic predictors for genomic

prediction applications in potato.

5.1 Introduction

Genetic improvement in potato (Solanum tuberosum) is a topic which has garnered much

interest in recent decades. It includes issues related to large progeny variances, choice

of propagation systems, significant genotype by environment interactions, and the funda-

mental biology of the crop[1–3]. For over a century, the challenges around potato’s evolution

in particular have come to the forefront beginning with its notable aversion to inbreeding

and tetrasomic inheritance[4,5]. It was not until the advent of technologies like molecular

sequencing that the effects of potato’s polyploidization were seen in full with strong ev-

idence of accumulated deleterious mutations, and genomic variation more generally[6–9].

This is exemplified by a large number of SNPs/indels (1 SNP variant per 29 basepairs)

as well as a large quantity of structural variants (over 560,000 in one pan-genome) when

sampling the Solanum genepool[10,11]. This also extends to important functional regions in

potato. Examples include genes controlling maturity (stCDF ), tuber shape (StOFP20 ),

and self-incompatibility (sli)[12–14].
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The state of functional variation in the Solanum genepool naturally has implications

for genetic applications in potato. Since the release of the first potato genome, multiple

molecular strategies have been deployed successfully including KASP, microarrays, untar-

geted genotyping-by-sequencing (GBS), and recently targeted GBS methods[15–18]. The

latter approach is especially interesting for potato as it makes marker design amenable

to hyper-variable regions where multiple haplotypes are present. This is already being

leveraged in platforms like PotatoMASH (Potato Multi-Allele Scanning Haplotags), a

targeted amplicon sequencing strategy which was developed with the express purpose of

genetic discovery in potato[19]. The fundamental unit of capture are a group of variants

that constitute a short-range haplotype, or to use the language of[20], a haplotag. The

use of haplotags over traditional SNP variants has been shown to offer better statistical

power in genetic modelling applications (e.g. GWAS) and have already been used for QTL

discovery for multiple traits in potato including unreduced pollen, tuber eye depth, and

tuber number[21–23].

If we want to consider multiallelic effects in potato, haplotags represent an identity-by-

state (IBS) approach where any estimated effect is based upon the sampled DNA sequence.

An alternative to this would be to infer the ancestral state of that piece of DNA rela-

tive to it’s population history. Within population genetics, this is otherwise known as

identity-by-descent (IBD)[24]. Increasing interest in IBD-based methods have coincided

with the emergence of popular multi-parental population designs such as the NAM or

MAGIC which enable parametrizing genetic models according to multiple founder ef-

fects[25,26]. Over the past decade, this interest has extended from structured balanced

pedigrees to that of arbitrary design thanks to Hidden-Markov based approaches such as

those found in RABBIT[27]. These methods become immediately interesting with deeper

and more complex pedigrees such as those found in breeding programs[28,29]. Despite inter-

est by breeders, there are scant studies which have evaluated their feasibility in a breeding

program where strong forces like genetic drift and selection make breeding populations

deviate significantly from these more idealized multi-parental populations[26,30].
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Table 1 Description of four probesets used in hybrid prediction

(Top) The four predictor sets with the number of hybrid observations, the num-

ber of loci, and the number of predictors derived from each marker type. These

include the original short-sequence based haplotags (HT), identity-by-state single

nuclear polymorphisms (SNP), sparse single nuclear polymorphisms (sSNP), and the

founder-derived identity-by-descent variants (IBD or IBDVs). (Bottom) Diagram of

the haplotag model for all 811 probes used in this study. The amplicon sequence is

composed of a 75 base pair target region which contains a variable number of dis-

tinguishing variants. The haplotag alleles are treated as is while both SNP and IBD

datasets are based upon the constituent variants. The IBDVs are then the proba-

bility of a variant in question having descended from a given founder line. In this

example, this region is heterozygous for founders 2 and 3 for all five variants within

the amplicon sequence.

ID Hybrids Markers Predictors

HT 783 811 2596

SNP 783 2612 2612

sSNP 783 1748 1748

IBD 783 1748 19518

It is clear that both haplotag and IBD variants have been useful in many genetic ap-

plications in potato[31,32]. However, to date, neither have been tested in genome-wide

prediction for diploid or polyploid potato. There has also been little examination at ben-

efits of IBD marker information over that of IBS when both leverage multiallelism. We

therefore consider germplasm from a diploid potato hybrid breeding program to examine

the following questions: (1) Whether multiallelic markers are more informative then their

biallelic counterparts, (2) Are there statistical model paradigms which better exploit the

multiallelic markers, and (3) whether IBD markers are more useful over IBS markers in a

hybrid breeding schema. We interrogate these questions using a targeted GBS amplicon

platform to derive haplotags (HT), SNP variants (SNP), estimated IBD profiles (IBD),

and a SNP subset (sSNP) to evaluate benefits of a particular marker paradigm (See Table

1). We investigate popular shrinkage based methods (e.g. ridge regression, LASSO, Kernel

regression) as well as group-wise models for the multiallelic markersets (group-LASSO).
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Figure 5.1: Diagram of a simple hybrid breeding schema with founder lines (FLs) at pedigree

origin, descendent parent lines (PLs) at the crossing block and derived hybrid crosses (F1).

We measure the impact of marker and model choice in a hybrid breeding scenario where

we predict F1 yield performance for several tuber traits in potato seedlings (Figure 5.1).

Similar to previous studies[33], we restrict ourselves to three important yield components

in potato for genetic interrogation, i.e., total tuber yield (TY), average tuber volume

(TV), and tuber dry matter content (DM).

5.2 Material & Methods

Phenotypic Description

For this study, we utilized data from an active hybrid breeding program (Figure 5.1). We

used 1,038 F1 hybrids created from intercrossing of 554 parent lines. These lines were

developed through pedigree selection of an initial inter-crossing of founder lines followed

by subsequent rounds of selfing, and strong selection pressure[34]. These hybrids were

evaluated in four yield trials in 2019 and 2020, all of which were true potato seed (TPS)

transplants. These four trials have been described in full in[33] with the same spatial

modelling strategy leveraged here to derive the best linear unbiased predictions (BLUPs)

for each hybrid over all trials. We chose three phenotypes which demonstrated consistent

heritabilities in this population. This included tuber dry matter content (DM), average

tuber volume (TV), and total tuber yield (TY). These BLUPs were then used in the
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following phenotypic model:

ỹ = µ+ gi + gj + sij + εij

where ỹ is the hybrid BLUP, µ is the across-trial mean, gi and gj are the general com-

bining abilities of the maternal and paternal lines i and j, respectively, sij is the spe-

cific combining ability of those parents, and εij is the residual of that cross. The gen-

eral and specific combining abilities were treated as random effects and considered IID

(g ∼ N(0, σ2
gca) s ∼ N(0, σ2

sca)). The pooled residual variance across the four trials was

used to estimate the residual variance (σ2
ε). From this model, we extracted GCAs and

variances for later reference (Figure 5.2).

Marker Analysis

Using the dataset described in[33], marker data was collected on 416 of the original 554

parental lines along with 13 founder lines which gave rise to this population. These lines

were genotyped with a targeted genotyping-by-sequencing technology (SeqSNP) developed

by LGC[35] which included 811 targeted probes with a varying number of haplotypes per

haplotag locus (on average, 6 haplotypes per haplotag). All other marker predictors were

derived from these haplotag sequences (HT). Variants were extracted from the HTs for the

416 inbred lines resulting in 2612 SNP predictors which became our IBS SNP probeset.

Basic variant filtering was performed on the SNP set including minor allele frequency

(maf ≥ 0.05) and missingness (miss ≤ 0.1) with mean imputation performed on missing

calls.

These 2612 SNPs together with their pedigree were then used to estimate identity by de-

scent (IBD) profiles with respect to the 13 genotyped founders. This was done using a Hid-

den Markov Modelling framework, RABBIT, a modular genetics software implemented in

Julia with linkage map, marker quality control, simulation, and other genetic facilities[27].

We constructed a simple analytical pipeline composed from three function calls beginning

first with magicfilter followed by magicimpute, and finally magicreconstruct using

the forward-backward algorithm. At model convergence, we assessed the haplotype prob-

abilities (i.e. The probability of a founder’s DNA at a given locus), and removed regions

of low confidence (p < 0.5). Lastly, we derived the expected founder allele dosage in the

hybrid from their parental haplotype expectations (T) and the pedigree design matrix (Z)

through simple matrix multiplication (ZT). In our analysis, we found evidence of increased

sparsity in specific regions, particularly on chromosomes 1 and 5 (Supplementary Section

1.). This complicated any comparison of the IBD and SNP datasets as any difference in

model performance could now be the product of ascertainment bias[36]. To ensure that

our evaluation of IBD-based predictors was valid, we filtered on those SNP variants which

passed through both RABBIT’s quality control and post-pipeline filtering. This marker

sparse SNP markerset (sSNP) was then tested allowing for a proper comparison to the

IBD set.

Both SNP and sSNP predictors were encoded by their minor allele dosage {AA = 0, Aa

= 1, aa = 2} with each site centered around zero by subtracting 2pi. However, for both
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multiallelic datasets (HT and IBD) we used the additive multi-allelic encoding prescribed

by[37] and[38] for the genetic partitioning of multi-allelic genotypes. First, an incidence ma-

trix was constructed from the genotypes, or what is often referred to as one-hot encoding

in the machine learning literature. Because we were only interested in estimating the h−1

allelic effects for each locus (otherwise the model would be over-specified), incidences of

the most predominant allele were removed. We then took twice the allelic frequency of

each haplotype at each locus and subtract the allelic dosages from it to center each pre-

dictor around zero (See Supplementary Section 2). Hybrid allele and haplotype dosages

for SNP, sSNP, and HT markersets were constructed analogously to the IBD set with

the parent allele dosages and pedigree design matrix. In the end, we were left with four

different marker sets for testing (Table 1).

Statistical Modeling

To evaluate the general benefits of multiallelic information, we tested multiple modelling

frameworks. All models here are extensions of the standard shrinkage-based methods

where we regress our hybrid performance directly on some set of predictors (ỹ = Xβ+ e).

The only difference lies in how β was estimated and the contents of X. Beginning with the

simplest, we conducted a ridge regression based analysis where the solution for β (i.e. our

allele substitution effects) are found with:

β||y − Xβ||22 + λ||β||22

This is tantamount to ordinary least squares (OLS) with the addition of a shrinkage

parameter (λ) with L2 regularization on β. A popular alternative to ridge regression is

the least absolute shrinkage and selection operator, or the LASSO:

β
1

2
||y − Xβ||22 + λ||β||1

It deviates from the ridge only in the extra ℓ1 penalty on β which is equivalent to
∑p

i |βi|.
This ensures that some predictors are selected while others are fixed to 0. For both ridge

regression and LASSO models, we used the glmnet R package which invokes an elastic

net approach where the ridge (α = 1) and lasso (α = 0) are special cases of a general

bridge model[39].

Because our IBD and HT predictors have an inherent biological structure between them,

it would be worthwhile to have it reflected in the model as well. If there is a particular

region or gene which has some effect on a phenotype, it would be useful to group all alleles

for that locus. One effective approach for this would be the group Lasso[40]. Adapting the

same notation from above, the group LASSO can be expressed as:

β
1

2
||y − Xβ||22 + λ

J∑
j=1

√
pj||βj||2
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where the ℓ1 penalty has been replaced with an ℓ2 penalty for each group of alleles at a

locus j multiplied by the square root of the number of alleles at that site (
√
pj). Estimation

of the HT and IBD allelic effects was done using the gglasso R package[41]. Estimated

parameters were measured for all LASSO models (See Supplementary section 3).

The last predictive method we tested was the Gaussian Kernel framework proposed by[42].

The primary motivation was to evaluate if the construction of a kernel with multiallelic

marker information better captures cryptic epistasis which could benefit genome-wide

prediction. The transformed Gaussian Kernel estimates the joint distribution for the

bandwidth and form parameters through a Markov Chain Monte Carlo (MCMC) Gibbs

sampler. The bandwidth parameter is central in the estimation of the Gaussian Kernel

and the form parameter is essentially equivalent to the inverse of the shrinkage parameter

used in earlier models. We adapted the scripts provided by[42] with a total MCMC iter-

ations of 77,000 and a burn-in of 2,000. Sampled parameter posterior distributions were

also collected for each trait (See Supplementary section 4).

Model evaluation

All model paradigms and predictor types were tested with a simple 5-fold cross-validation

procedure with 50 replications. The same folds were used across tested models for valid

comparisons across each run. Because we were assessing the accuracy of models which

were extensions of the linear model, we used traditional model performance statistics[43].

These include the prediction accuracy (Pearson correlation coefficient), statistical bias

(the regression coefficient of the across-trial hybrid BLUP on its predicted value βỹ,ŷ),

and the per cent root mean square error of prediction (100 ×
√
E ((ỹ − ŷ)2)/µ) where

each error is scaled by the trait mean. All measures for model performance are provided

for each tuber trait studied here (Figure 5.2).

5.3 Results

Using the same BLUPs for the 1,038 hybrids of the multi-environment trial datasets

from[33], we were able to estimate the genetic variance and pooled residual variance for

these three traits (Figure 5.2). All heritabilities were high with average tuber volume

being the highest among the three variates. From this model we were also able to estimate

general combining abilities for the 416 parental lines used in the hybrid crossing block.

Because some parental lines were not genotyped, a significant fraction of hybrids were

excluded from subsequent analysis. Therefore, 783 hybrids were retained for IBD triage

and genetic modelling.

The RABBIT pipeline converged providing haplotype profiles for all 416 inbred lines.

Founder composition per inbred was quite variable, however, a core of founder back-

grounds was observed. Observing the IBD profile for parent line’s PL960 and PL314

(bottom and top 1% percentiles for average tuber volume GCA), they appeared to share

a common core composed of founder line’s FL1, FL2, and FL3. Differential founder con-

tribution between these two inbreds was also observed with large contributions of founder

FL5 in PL960 on chromosomes 1, 2 and 5, and large contributions of founder FL4 in
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Figure 5.2: The full genetic variance (2 ·σ2
gca+σ2

sca), pooled residual variance, and heritability

for dry matter content (DM), average tuber volume (TV), and total tuber yield (TY) along with

the distribution of predicted general combining abilities (GCAs) for each. The +1/-1 standard

deviations of the GCAs are given for each trait.

Trait σ2
G σ2

ε H2

DM 2.49 0.78 0.76

TV 38.31 5.18 0.88

TY 23.80 4.88 0.83

DM TV TY
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Figure 5.3: The genome-wide identity by descent profiles of (a) the best parental line (“PL314”)

and (b) the worst parental line (“PL960”) with respect to average tuber volume.

PL314 on chromosomes 4, 9, 10, 11, and 12. It is also worth noting the large chromosome

blocks with little to no recombination appeared to have occurred since initial founder

crossing. This was most apparent on chromosome 11 in both inbreds which inherited two

different founder backgrounds.

Looking to predictive performance of our various markerset types, we found that the SNP-

based datasets performed the best across traits and were particularly superior using the

transformed Gaussian Kernel method (Figure 5.4). Generally, the HT markerset was less

performant than SNP and sSNP, but these differences were negligible especially in dry

matter content. Additionally, we found very little difference between the ridge regression

and LASSO models. The IBD probeset consistently under-performed with respect to pre-

diction accuracy regardless of model or trait tested. We saw minor improvement between

the LASSO and grouped LASSO for the IBD predictors, but this was only observed in

dry matter content. Considering also the prediction error, the Gaussian Kernel models

had consistently the lowest error for all trait predictor combinations with exception of

the grouped LASSO in drymatter content (Table 5.2). Differences in predictive bias ap-

peared to be negligible aside from higher rates detected in the LASSO models, but this

was generally to be expected.

5.4 Discussion

Examining the first from our set of questions, the biallelic-based predictors (both SNP

and sSNP probesets) exhibited the greatest modelling accuracy within our cross-validation
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Figure 5.4: Median prediction accuracy for dry matter content (DM), average tuber volume

(TV), and total tuber yield (TY) over all models including ridge regression (RR), LASSO (LS),

group LASSO (GLS), and the Gaussian Kernel (GK) as well as over each predictor type including

short range haplotypes (HT), founder identity by descent probabilities (IBD), SNPs (SNP), and

a sparse SNP set (sSNP). The best model within predictor type is given in bold while the best

model across predictors is underlined.
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Table 5.2: Prediction Accuracy (PA), prediction bias and the per cent root mean square error

(RMSE) for dry matter content (DM), average tuber volume (TV), and total tuber yield (TY).

This was done over all models including ridge regression (RR), LASSO (LS), group LASSO

(GLS), and the Gaussian Kernel (GK) as well as over each predictor type including short range

haplotypes (HT), founder identity by descent probabilities (IBD), SNPs (SNP), and a sparse

SNP set (sSNP). The best model within predictor type is given in bold while the best model

across predictors is underlined.

DM TV TY

Model PA Bias RMSE PA Bias RMSE PA Bias RMSE

SNP

RR 0.74 1.01 5.78 0.76 1.00 16.60 0.74 1.01 22.85

LS 0.74 0.90 5.80 0.76 0.88 16.89 0.74 0.95 22.86

GK 0.75 1.02 5.68 0.78 0.98 15.90 0.76 1.00 21.97

sSNP

RR 0.73 1.01 5.80 0.76 1.00 16.55 0.73 1.01 23.07

LS 0.74 0.91 5.83 0.77 0.89 16.68 0.73 0.96 23.26

GK 0.75 1.01 5.69 0.79 0.99 15.77 0.76 1.00 22.15

HT

RR 0.73 1.02 5.87 0.75 1.00 17.09 0.72 1.00 23.54

LS 0.73 0.93 5.85 0.74 0.88 17.57 0.71 0.89 23.98

GLS 0.72 0.98 5.91 0.73 0.96 17.50 0.71 0.96 23.97

GK 0.74 1.03 5.71 0.77 0.98 16.43 0.75 1.01 22.56

IBD

RR 0.65 0.99 6.48 0.71 1.01 18.12 0.65 1.00 25.73

LS 0.65 0.81 6.66 0.70 0.86 18.45 0.67 0.88 25.46

GLS 0.67 0.94 6.36 0.70 0.91 18.31 0.67 0.88 25.36

GK 0.67 1.04 6.38 0.71 1.03 18.02 0.67 1.05 25.25
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Figure 5.5: The founder origin composition and general combining ability of the top five and

worst five performing parental lines with respect to average tuber volume (TV). Distribution of

all predicted general combining abilities are provided as a reference.

schema and were stable across statistical models (Figure 5.4). The lack of significant differ-

ences between the SNP and sSNP probesets suggest that differences in model performance

due to genome coverage are negligible between 2600 and 1700 SNPs. Taking this further,

the increased prediction error observed with the IBD predictor set then was not the prod-

uct of ascertainment bias of filtered regions, but rather the information content of the

haplotypes themselves (Table 5.2). In contrast to our IBD set, our haplotag-based set

of predictors performed generally better and were nearly identical to the other predictor

types; this was most apparent for tuber dry matter content (Figure 5.4). This poses an

interesting question of why the HT set is generally identical across models for dry matter

content but not so for other traits. One potential explanation could be that the statistical

architecture, or genetic complexity, of dry matter content is less than that of the other

yield components can be generalized well by both the HT and SNP/sSNP probesets in con-

trast to yield components like tuber volume and gross yield. Additionally, the prediction

of tuber volume or total tuber yield could be improved by a haplotag parameterization

which considers the relationship of alleles within a locus. One potential solution could

to integrate the structural distance between haplotag alleles into a variance-covariance

matrix for each haplotype effect[38].

Turning to our second question, there were a few findings with respect to model choice.

For our three tuber characteristics, there was very little difference between the ridge

regression and LASSO models with exception of a slight increase in prediction bias in the

latter (Table 5.2). For almost all trait and predictor types, the Gaussian Kernel performed

best minimizing the prediction error with exception of the IBD predictors for dry matter
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content. The stable performance of the Gaussian Kernel across traits is worth highlighting

as this has been observed in other crops as well. Whether frequentist[44] or Bayesian[45],

reproducing Kernel Hilbert spaces are flexible and allow for trait-specific tuning outside a

general variance component. Moreover, kernel-based methods are even competitive with

deep learning methods which continue to gain popularity in the GP/GS space[46]. We were

also particularly interested in whether grouped-penalization methods could better exploit

the probe and allele structure in the haplotag and IBD probesets. However, no benefit was

observed between the group LASSO and LASSO with exception of the aforementioned

IBD predictors for dry matter content. There, the group LASSO performed best with

respect to the accuracy and total error. Having said this, the difference observed between

the group LASSO and Gaussian Kernel were negligible.

Touching on the final question, IBD-based predictors performed worse than their IBS

counterparts in the SNP, sSNP, and HT probesets. To interrogate potential causes, there

are multiple explanations. First is the problem of founder choice and which stage of a

breeding program you want to consider the founding generation. While perhaps obvious

to the reader, there should be sufficient marker variation (i.e. variation via IBS) between

founders in order to both estimate IBD-based origin and in order for it to be useful in

genetic applications. Simulation studies confirm that the benefits of IBD-based marker

effects are most pronounced when there is sufficient marker diversity in the founding

population[21]. Not only does marker variation need to be present, but there must also

be relevant genetic variation for the model to pick up on. Studies in barley have shown

that when the QTL effects are nearly identical among founders, modelling on founder

effects will not yield benefits over that of simpler IBS formulations[47,48]. So in order

to maximize the utility and accuracy of IBD information in a breeding program, we

would need to identify the generation which offers the greatest genetic contrast among

some set of intermediate genotypes. There could be alternatives to this through certain

pre-processing methods such as structuring founder effects by the genetic relationship

of the founders (via IBS or IBD) or even transforming these effects through spectral

decomposition as recommended by[29]. However, this leads to issues of interpretability

of the estimated parameters. Several population-specific factors such as a early selection

intensities might also be related to the underperformance of the IBD probeset in our

genome-wide prediction scenario.

Regardless of whether multiallelic data are used in a statistical model, its utility in a

breeding program is not bound there. Extending our example from Figure 5.3 to include

the 5th and 95th percentiles for tuber volume GCA, we can examine their founder line

composition (Figure 5.5). Evidently, those parental lines with larger tuber volume GCAs

tend to be over-represented by the founder FL4 while those parental lines with the smallest

tuber volume GCA appear to share large compositions of founders FL3 and FL5. While

the IBD information was not able to offer any benefits in the context of GP/GS, this does

not mean it is unable to express insight to a breeder regarding their material. Genome-

wide prediction is crucial for informed selection and advancement of germplasm, but there

is still information which influences decision making even if it does not enter the linear

mixed model. Activities like breeding strategy development (e.g. maintaining breeding
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pool genetic variance) or breeding cycle evaluation (e.g. evaluating the impact of previous

selection cycles) could both benefit with the introduction of IBD information.

5.5 Conclusion

As potato breeding progresses through the big-data era, it is crucial for geneticists and

breeders to assess which information best informs them of a candidate’s genetic potential.

With regard to molecular technologies, the primary questions ought to focus on adequacy

of a marker platform for a specific segment or program along with whether it is an ap-

propriate choice given the crop’s genomic complexity. Next then, is how that technology

could best be leveraged to predict genetic value, whether it be a simple monogenic tar-

get like biotic resistance or a traditionally complex trait such as yield fractions. The key

findings of this paper suggest that SNP variants are sufficient for genome-wide prediction

in hybrid potato. The use of multi-allelic marker information such as our haplotag probe-

set are also possible and offer a unified prediction approach with a powerful genotyping

strategy. IBD-based predictors also succeeded in the prediction of hybrid yield, though

with a noticeable penalty. Future work should consider further modelling strategies and

alternative parameterisations for multi-allelic probesets (whether IBS or IBD) to ensure

marker information is used efficiently.
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5.6 Supplementary Material

Founder Origin Sparsity

After the conclusion of the RABBIT pipeline, founder origin sparsity was assessed genome-

wide using a rolling-window over average number of sites which had no confident haplotype

call (probability under 0.5). This showed a high degree of missing haplotype calls on

chromosome’s 1 and 5 (Sup Fig S1).
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Figure S1: Smoothed sparsity of founder-origin alleles for chromosome’s 1 and 5.

Multiallelic Marker Matrix Parameterization

For both haplotag and IBD based markersets, let us assign each allele some identifier {a,
b, c} to denote genotypic states with the former representing a haplotype sequence of 75

basepairs in length and the latter being an assigned founder origin. We then consider two

loci (l1 and l2) with the reference allele (a) being either the reference haplotag allele or

the most prevalent founder allele in the population. The multiallelic incidence matrix is

centred using the cross product of a column vector of 1’s

1T
4 = (1, 1, 1, 1)T


and a vector

of allelic frequencies excluding the reference allele


p =


l1b l1c l2b
3
8

1
4

1
2


.




l1 l2

g1 aa ab

g2 cc bb

g3 bb aa

g4 ab ab


 ⇒




l1a l1b l1c l2a l2b

g1 2 0 0 1 1

g2 0 0 2 0 2

g3 0 2 0 2 0

g4 1 1 0 1 1


 ⇒




l1b l1c l2b

g1 0 0 1

g2 0 2 2

g3 2 0 0

g4 1 0 1


 ⇒
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1T
4


2p−
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g1 0 0 1

g2 0 2 2

g3 2 0 0

g4 1 0 1
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
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This centred matrix of either IBD founder or haplotag alleles was then used in subsequent

genome-wide regression models.

LASSO and GROUP LASSO

For the LASSO (LS) training runs, the degrees of freedom and estimated λ parameter

were recorded. This is shown for all traits in (Sup Fig S2). For the grouped LASSO (GLS),

the predictive accuracy of that training run is also captured and shown only for the IBD

probeset in (Sup Fig S3).

Sampled Posterior Distributions for Gaussian Kernel parameters

The Markov Chain Monte Carlo estimation of our parameters for the Transformed Gaus-

sian Kernel are shown over all runs in (Sup Fig S4) and (Sup Fig S5). These represent

the sampled joint posterior distributions of the bandwidth and form parameters ((ĥ, ϕ̂))

and the estimated genetic and residual variances ((σ̂g,˜σ̂e)), respectively.
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6
General Discussion



6.1 Introduction

Hastened genetic progress in potato is dependent on the continued development and

application of quantitative genetics methodology in potato breeding. Like many vegetable

crops, the application of statistical genetic theory has only received significant attention

the past two decades in potato. Before this, complex trait improvement in conventional

potato breeding was reliant on phenotypic selection and marked by several inefficiencies

including underpowered field evaluations and long breeding cycles[1]. With the continued

application of technologies that have had positive success in other field crops, increased

genetic improvement in potato is possible. These include both methods such as variance

component estimation, genomic prediction, selection index theory as well as the importing

of other breeding schemas like recurrent selection or line breeding.

In this thesis, I consider the conversion of clonal tetraploid potato to a diploid hybrid crop

as an exercise of applied biometrical methods. To our knowledge, this thesis is the first to

interrogate the genetic architecture of a large F1 crossing block in diploid hybrid potato.

Moreover, these past experimental chapters also took the opportunity to assess the ade-

quacy of multiple statistical methods in the estimation and prediction of genetic value in

this novel crop. I first examined the genetical properties of the F1 hybrid seedling trials

including genetic correlations between multiple tuber yield components (chapter 2;[2]).

I also utilized multiple forms of genetic information to assess the family history of the

inbred parental lines. This included the use of pedigree and molecular marker information

(chapter 3;[3]) as well as identity by descent profiles (chapter 5) to evaluate the population

structure of these parental lines. After having estimated these genetic parameters, I tested

multiple predictive modelling methodologies testing the potential benefits of predicting

dominance effects (chapter 3;[3]), the utility of marker assisted selection for complex traits

(chapter 4), and various multiallelic parameterisations for genome-wide regression (chap-

ter 5). These topics cover an important range of topics for modern selection methods in

a potato breeding program.

Here I provide a synthesis of the previous four experimental chapters with two major

aims. I first wish to identify the most important findings of this research, and second,

outline the direct implications of our research on potato breeding more generally. I then

conclude this thesis with reflections on future research.

Biometrical analysis of field trials

A core activity in breeding programs is the regular evaluation of new parental combina-

tions to screen for genetically improved offspring. Identification of suitable and informative

trialling locations ensures an unbiased and representative assessment of a candidate’s per-

formance. For this reason, within-trial and multi-environmental trial design is so heavily

emphasized in modern crop literature for sufficient statistical power and optimal resource

allocation[4]. This permits proper extraction of spatial and other non-genetic components

in a field trial and unbiased evaluation of genotype performance. From this successful spa-

tial analysis, it was then possible to measure the genetic parameters of interest whether

it be comparison of genotype means, or the estimation of genetic correlations between
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traits.

In conventional potato breeding, formal designed trials are reserved for the 3rd or 4th clonal

generations when enough clonal propagule can guarantee sufficient replication[5,6]. This is

in contrast to other field crops where true seed is the predominant source of germplasm and

allows for suitable replication after the initial cross or selfing[7]. An overlooked property of

hybrid breeding in potato is the potential of leveraging true seed and the ability to conduct

trialing on multi-plant plots over traditional tuber-sown hills[8,9]. The latter tend to be

underpowered, with insufficient precision to support early selection. Thus, true potato seed

could be a powerful alternative resource in breeding germplasm evaluation. [10,11]. This

is not without negative consequences, chief among them, being the poor correlation in

multiple tuber traits between the seedling and clonal generations[12–14]. This is addressed

in full in Section 6.2, but suffice it to say that the field evaluation of hybrid potato via

seedling transplants provides opportunities for explicit field design with sufficiently high

precision for multiple tuber phenotypes[15].

In chapter 2, such an exercise was conducted in the form of a multi-trial analysis on

several hundred F1 hybrids. A penalized splines based procedure was used for spatially

de-trending our hybrid observations for three tuber phenotypes. These de-trended phe-

notypes were then placed in a multivariate linear mixed model for the estimation of the

genetic (co-)variances for the GCA, SCA, and several interactive effects. In chapter 3,

this was followed up with a traditional linear mixed modelling procedure where multi-

ple row column designs with various residual structures were tested on an augmented

dataset[16]. The BLUEs and standard errors from these models where then used in a full

genomic model where genomically estimated BLUPs were evaluated in a cross-validation

schema. While the spatial modelling procedures from chapter 2 and chapter 3 were de-

rived from two different frameworks, little to no difference was found between the use of

semi-parametric Spline functions and structuring our residual variance. Previous studies

have also suggested these approaches as equivalent with exception of the ease of a single

model-fitting over the testing of multiple linear mixed models[17]. Both modelling proce-

dures from these chapters follow the general form of a two-stage mixed model analysis

where trials are independently analyzed followed by an combined analysis on the geno-

typic means (most commonly) together with weights on those genotypic observations[18].

Two-stage approaches are understood to be generally less accurate than their single stage

counterparts especially with greater model complexity[19]. All this being said, single-stage

approaches tend to be unwieldy in their specification and computation and the conse-

quences of a two-stage approach are unlikely to change any inferential conclusions from

these two chapters[20].

A core concept in hybrid breeding is the ability to assess the potential of hybrid crosses

on the basis of parental value. In the case for phenotypic selection, general combining

abilities tend to be the primary mode which communicates a line’s value[21]. In chapter

2, GCAs were generated for 400 parental lines in multiple tuber traits and found that

the GCAs sufficiently captured between 59 and 71 per cent of the observed phenotypic

variation in the F1 screening trials. The use of GCA for selection is not unique to hybrid

crops with many examples of their use in tetraploid potato in many modern applica-
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tions as well[22,23]. This is despite many tetraploid studies reporting a large proportion

of non-additive genetic effects controlling tuber qualities like tuber size, tuber yield, and

marketable yield[24–26].

From chapter 2, some insight around the genetic architecture of yield components was

gleaned in the form of genetic correlations. This was not just expressed in terms of a

single genetic component over the hybrids, but explicitly in terms of the additive and

non-additive genetic covariance (ΣG = 2 ·Σgca +Σsca). This is worth re-emphasis as there

are many complex traits in potato which must undergo selection together in a breeding

program [27]. The capacity to decompose the relationships between these correlated traits

offers insight to breeders. Additionally, hybrid breeding schemas could benefit from such

information to aid in breeding schema design and pool development strategy. Multivariate

modelling can also augment genomic prediction in hybrid breeding schemas making it a

valuable tool both for inference and predictive applications[28].

Genomic prediction in hybrid potato

Genomic prediction has emerged as a cornerstone of modern crop breeding, offering un-

precedented precision in estimating genetic merit by leveraging genome-wide marker data.

By modelling molecular markers with phenotypic records, genomic prediction enables

breeders to identify superior parental combinations and hybrid crosses with greater ac-

curacy and efficiency than traditional pedigree-based methods. This section explores the

application, advantages, and limitations of genomic prediction in hybrid potato breeding,

drawing on insights from our experimental chapters to explore its role in accelerating

genetic gain in potato.

Multiple chapters in this thesis addressed genomic prediction applications in hybrid

potato. In chapter 3, the genetic models partitioned into GCA and SCA from chapter 2

were built upon with molecular marker information to structure each genetic component.

Multiple genomic models were then tested in a predictive application testing a simple

and full genetic model (GCA, and GCA+SCA, respectively) for the same tuber traits

from chapter 2 along with tuber dry matter content. Testing the predictive model per-

formance between each model showed no additional benefit through the addition of the

SCA component in the model. Additionally, the magnitude of genetic residual variance

relative to the SCA variance suggested other possible higher-order genetic interactions,

most notably in total tuber number and dry matter content. Despite this, genomic pre-

diction was sufficiently powerful solely on the basis of GCA in the prediction of a hybrid’s

genetic value.

These prediction models were extended further in chapter 5 by examining several other

statistical paradigms and assessing any benefits to multiallelic marker information. Spe-

cific attention was taken to examining the utility of identity-by-descent (IBD) information

derived from deep pedigree information linking ancestral founders to the parents of hybrids

along with multiallelic identity-by-state (IBS) information. Both types of marker infor-

mation were compared with conventional biallelic SNPs using traditional shrinkage-based

models along with more complicated kernel prediction. The performance of SNP-based

prediction models were superior over their multiallelic counterparts for all traits. Marked
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differences in prediction accuracy were especially apparent between the SNP and IBD

models. Similarly, little differences between the different modelling methods were found

with exception that the Gaussian kernel tended to maximize prediction accuracy regard-

less of trait and markerset. These results would suggest that in the context of genomic

prediction, simpler marker parameterizations tend to yield more consistent prediction

outcomes. Despite these results, multi-allelic marker information are likely to continue to

have a prominent role in inferential applications such as multi-parental population (MPP)

mapping[29].

Methods of selection

Modern breeding programs are met with unbounding choice with regard to different tech-

nologies. This is especially true for molecular marker and marker-based methods of se-

lection. Marker-assisted selection (MAS) and other marker-based techniques have revo-

lutionized modern breeding programs by enabling precise selection of desirable traits at

early stages of development. In the context of hybrid potato breeding, these methods

leverage molecular markers to identify and select parental lines with favorable alleles,

thereby accelerating genetic gain.

The topic of selection strategy in hybrid potato was inspected in chapter 4. The exercise

comprised of comparing several molecular marker-assisted strategies based upon their

relative efficiency which primarily depended on the prediction accuracy of the underlying

model used. The primary aim was to assess whether marker-assisted selection could be

as efficient as the genome-wide regression models utilized in chapter 3. Three strategies

were considered: a marker-assisted selection strategy (MA), genome-wide prediction (GW),

and a single-SNP control strategy (PC). Each of these were used to predict the value of

an inbred parent. Based upon a forward-selection procedure, 33 unique QTL were found

across three traits (with total tuber number being excluded). These QTL were able to

pick up between 54 and 56 per cent of the total genetic variation and were the basis for

prediction in the models used in MA. When examining each strategy’s selection accuracy,

the GW strategy was evidently superior for all three traits with the relative efficiency of

MA being between 0.89 to 0.95 relative to GW. Because these strategies have different costs

associated with them, primarily related to genotyping cost, these were also considered.

When the genotyping costs were integrated into the relative efficiency, the MA appeared

more favourable.

6.2 Wider Implications

Hybrid Breeding Schema

Two important questions broached in chapter’s 2 & 3 dealt with the nature of gene

action in hybrid potato and what population and breeding strategy should be leveraged

to effectively breed for complex trait improvement. Both of these questions impact the

future of what kind of hybrid crop potato might be. While the scope of this thesis is

limited by the relatively narrow genetic background sampled to initialize these inbred
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populations[30], these results can still be taken into consideration to inform the strategy

of a hybrid breeding program.

One of the major findings chapter 2 was a distinct lack of SCA variance found among the

panel of 806 hybrids. This was further confirmed in chapter 3 in a genomic model were the

SCA variance was smaller than both the GCA and genetic residual variance components.

As remarked in these chapters, this would indicate a lack of non-additive gene action at

work among our panel of F1 hybrids. This could be characteristic of very little population

structure among the inbreds (as confirmed by the population-based analyses in chapter

3), however, this explanation is not wholly satisfactory. It has been observed in other

hybrid crops that SCA variance tends to be more present in a complex trait architecture

where heterotic pools are not genetically distinct[31]. Contrary to this, my results follow

the more general pattern where the dominance variance appears to be nothing more than

a sort of ”residual” with most of the genetic variation being allocated to the additive

variance[32]. As a complementary argument, there are also many examples of higher-order

genic interactions which manifest in statistical models as additive genetic variance[33,34].

This too could be contributing to what was observed earlier in both phenotypic analyses

and subsequent predictive modelling. It is worth acknowledging that this whole discussion

hinges on the assumption of a direct relationship of estimated statistical and genetic

parameters derived therefrom[35]. It is out of scope to defend this premise of applied

genetics here, but there are many examples of such genetic parameters being accurate

enough to guide decision-making in breeding applications[36,37]. In other words, “While

these [assumptions] are formally unrealistic, methods work.”[38].

Perhaps most pertinent to the discussion of hybrid breeding is with regard to heterotic

pool development and the expediency of multiple ’pools’ in potato. The development of

pools in crops like maize or sorghum was a relatively unguided process where complemen-

tation between distinct genetic groups was first observed often with pedigree-breeding,

and then further developed with more formal methods of population improvement[39]. Hy-

brid crops are primarily the product of a multi-pool system, however, this is dependent

upon multiple conditions related both to complex trait improvement and the additional

costs of logistics in multi-pool breeding. Multiple simulation studies have examined the

topic of heterotic pool development and are worth consideration for potato. Simulation of

multiple tetraploid and diploid breeding program designs found that a two pool strategy

based around GCA-based selection was effective in an inbred-hybrid program. However,

this was dependent on the trait’s degree of dominance in addition to hybrid schemas being

more capital intensive[40]. The authors also remarked on the sensitivity of this strategy

not only to cycle length (especially if reliant on phenotypic-based screening), but also the

time required to generate fully inbred pools.

The question of how pools should be generated is also open for deliberation. In terms

of quantitative trait improvement, multiple splitting strategies have been suggested to

be equivalent including even random pool assignment, at least among selfing crops[41]. A

more important consideration than genetic differentiation among pools in potato will be

the market segment requirements. These will strongly govern pool development around

trait targets which are widely discordant. For example, it would be likely cumbersome
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to produce parental lines for ware and quick service markets from the same pool based

upon the diverging product profiles of each[42]. Rather than seeing heterotic pooling as

some necessity, it is instead the working out of a comprehensive strategy dependent on the

robust production of inbred lines, strong fertility characteristics, and a reliable cytoplasmic

male sterility mechanism[43,44]. These are the core factors which are decisive to the choice

of single, two, or other multi-pool breeding schemas. The topic of fertility is considered

further in Section 6.3.

Multivariate applications for potato breeders

Multivariate methods have already proven to benefit animal and crop breeding by en-

abling simultaneous improvement of multiple traits while delineating their genetic, envi-

ronmental, and residual correlations. These approaches are particularly valuable in potato

breeding, where traits such as tuber yield, tuber quality parameters, and disease resis-

tance often exhibit complex interdependencies. By integrating genetic covariances, breed-

ers can design selection indices that maximize genetic gain across traits, thereby opti-

mizing resource allocation and accelerating progress toward breeding objectives. While

these methods have been widely adopted in other field crops, their application in potato

remains under-explored.

To lend some credence to multivariate selection in potato, let us consider what multivari-

ate selection would involve using the trait genetic covariances reported from chapter 2

(Figure 2.5) including estimated GCA covariance matrices together with their full pheno-

typic variance matrix (P). Assuming the GCA variances estimated here would be roughly

equivalent to those estimated from a test cross schema in a hybrid breeding program

(G ≈ Vgca), the selection response on inbred parents could be estimated for future inbred

development using the multivariate breeder’s equation as expressed by[45]. If we performed

truncation selection on average tuber volume (stv = 2 cm3) with no direct selection on

total tuber yield and tuber number constant (sty = 0 tonnes · Ha−1 & stn = 0 tubers),

and conducted inter-mating between selected candidates, then the expected selection re-

sponse (R) next test cross cycle could be estimated as:

R = G · P−1 · S

R =



11.54 7.27 4.95

7.27 11.13 67.2

4.95 67.2 629.51


 ·




0.17 −0.22 0.02

−0.22 0.34 −0.03

0.02 −0.03 0


 ·



2

0

0




R =



1.09

0.64

0.07




This would indicate an increase of 1.1 cm3 in tuber volume next test cross cycle with a

minor increase in total tuber yield and little change in tuber number. Note that not only

has this increased our selection response when used over the univariate alternative (0.9

= h2s), but we are also able to evaluate the impact of indirect selection among the other

traits. This is invaluable both in forecasting and breeding strategy development. More
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attention is needed here to make these methods more practical to wield as well as scalable

in applied settings. With regard to practicality, selection indices are one of the primary

tools used to reduce a breeder’s multi-dimensional trait space into a singular index with

a variety of methods proposed[46,47]. Speaking to implementability, the most challenging

step in this process is the estimation of the trait genetic covariance. This tends to become

quite unwieldy using traditional linear mixed modeling methods in higher-dimensional

spaces making other estimation methodology more attractive[48,49].

This same exercise has utility in other facets of potato breeding. One recurrent hurdle in

potato evaluation is the lack of genetic correlation between the initial seedling stages and

subsequent clonal generations[50]. These differences are not restricted to tubers from these

generations but are present earlier with major differences in plant architecture suggesting

altered sink-source dynamics between generations[51]. This is true both for phenotypic

evaluation and genetic parameter estimation and all this significantly constrains early

selection efficiency within potato breeding programs[8,52]. Multivariate estimation of a

candidate’s genetic value (relevant in clonal programs) or breeding value (relevant for

both clonal and hybrid breeding schemas) jointly across multiple generations could be

a valuable extension of multivariate selection. The estimation of these inter-generational

covariance structures together with traditional multivariate methods could potentially

augment forecasting the potential of a varietal candidate earlier in selection cycles.

Successful genomic prediction in hybrid potato

Genomic prediction has already accelerated genetic progress in multiple hybrid crops[53].

Chapters’ 3, 4, and 5 have several implications for genomic prediction applications

in potato as a hybrid crop. Considering factors related to parameterization of genetic

model or type of modelling framework (what I will call more generally, model choice), it

is not the decisive factor in the outcome of genomic prediction strategy. Having reviewed

extensions of the traditional GBLUP, various shrinkage-based estimation methods, and

one implementation of the Gaussian kernel, similar performance was observed with only

marginal improvement between models. This is in keeping with many similar studies in

other row crops as well as observed in tetraploid potato[54–58]. Whether the model is an

extension of GBLUP or a new member of the Bayesian alphabet, there is no clear or

distinct advantage observed for most traits.

As documented in other crops, often more important than the specific genetic parame-

terisations of a model is the actual composition of its training set[59]. In many breeding

programs, training sets often arise from the breeding material itself utilizing previous

breeding cycles to estimate the population genetic covariance or marker effects for a ge-

nomic model. Within hybrid breeding schemas, training sets are frequently developed

from test cross blocks which often have some factorial structure (e.g. t testers by x new

candidates) or sparse modification[60]. These are used both for the selection of novel lines

within pools as well as for the prediction of hybrid crosses. Chapters’ 3, 4, and 5 all

utilized four field trials which utilized just under 800 F1 hybrids which were the progeny

of 456 inbred parents in a sparse mating design. While it could be demonstrated in an

earlier chapter that the genetic models based upon these training sets were technically
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identifiable [61], the sparsity of the crossing block likely led to bias in the estimation of our

genetic variances and of any predictions of the genetic effects[62]. Despite this, our training

set still enabled genomic prediction of hybrid performance and can likely be improved with

further optimization. Aside from incorporating future cycles to augment the training set,

there are many other methods relevant to increasing the phenotypic and genetic variance

in a training set[63–65].

Related to training set composition is the topic of molecular marker information density.

These questions are often pursued along the lines of predictive benefits in genomic mod-

elling, the hope being that all genetic variation can be interrogated by some ideal probe-

set. While this cannot be fully achieved[66], molecular marker composition is a worthwhile

question in efficient selection applications. In Chapter 4, I considered a procedure for

comparing classical marker-assisted selection over genomic prediction for several quanti-

tative traits. One of the primary conclusions of this research was that there are multiple

complex traits in potato which could be effectively selected for with only a handful of

molecular markers. This schema was relatively simple and could be augmented through a

more robust simulation of costs, genotype-by-environment effects, and trial design[67]. A

point should also be made regarding our higher marker densities, that being, these were

still quite low. Many predictive modelling studies have used marker densities in the mag-

nitude of hundreds of thousands or million of molecular markers[68,69]. Having said this,

even tetraploid studies have shown that small marker panels are still capable of yielding

acceptable results in genomic prediction and other trait discovery applications which is

in keeping with what I found in my experimental chapters[70,71].

Aside from marker density, molecular marker content has captured the attention of many

geneticists. Whether it be the inclusion of functional genetic information, enrichment of

major QTL, or multi-omic data, all seek to include biologically relevant information to

bolster genetic applications[72–74]. In this vein, Chapter 5 attempted genomic prediction

based upon multiallelic predictors through the inclusion of haplotag and IBD profiles.

Strategies for the development of multiallelic probe design and genetic models have become

a topic of interest in potato as an answer to potato’s genomic diversity[75]. While recent

pan-genome studies have shown less haplotype diversity among released potato varieties

(particularly among European cultivars), potential applications for multiallelic molecular

data are still to be identified[76]. Statistical models developed with the haplotag probeset

showed nearly identical performance with models using traditional SNP-based predictors.

These results would suggest little benefit in the inclusion of multiallelic predictors for

genome-wide prediction based upon my survey of models used here. The performance of

the IBD models were notably lower than expectation, but as noted already, this could

be the product of high uncertainty for a subset of ancestral founders. Whether or not

IBD information can extend genomic prediction applications, it is worthwhile to reiterate

that founder composition in a breeding program can be utilized in pre-breeding efforts,

understanding selection outcomes, and genetic diversity management.
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6.3 Future research

There are many facets of potato breeding that have not been sufficiently addressed by

current quantitative genetic frameworks. Here future applications of quantitative genetics

are considered with particular emphasis on their role in improved fertility, pre-breeding

methodology, and breeding risk assessment for more robust potato breeding.

Fertility Mechanisms

Fertility is a crucial factor for any seed-based crop. The success of hybrid breeding systems

are particularly dependent on seed cost price which is chiefly the product of affordable and

reliable seed production systems[77,78]. Most research in potato fertility up until this time

has rightly been focussed on large effect loci like Sli or important genes in wider fertility

modules like StCDF1 [79–81]. As these loci continue to be used and fixed in breeding pop-

ulations, an important future step will be to survey a broader array of relevant traits in

diploid potato and assess them beyond QTL[82]. The typical targets for fertility in hybrid

crops are pollen shed, sufficient pollen viability, and synced male and female flower open-

ing, such that seed production is unencumbered[13,83]. In conjunction with these traits, a

viable cytoplasmic male sterility (CMS) system is also crucial for F1 hybrid seed produc-

tion. Not only does this aid in circumventing female line emasculation costs & minimizing

F1 seed contamination, but also reduces berry set in the F1 field crop thus eliminating

seed-borne volunteering post harvest. Recently, a CMS system has been proposed for hy-

brid potato using the antherless locus, Al, on chromosome 6 with male sterility expressed

in germplasm containing the P cytoplasm[44]. Hybrids with P cytoplasm and homozygous

at the antherless with alal showed significantly lower rates of berry set and less seed yields

relative to fertile hybrids. One operational concern with such a strategy is that it requires

not only a single locus to be fixed in both maternal and paternal lines, but all maternal

lines must also contain the P cytoplasm. It should also be noted that while there is not a

clear elucidation of cytoplasm’s exact role on agronomic and economic traits, there is evi-

dence of cytoplasm affecting maturity, starch content, and late blight[84]. This would have

serious ramifications if transferring a P cytoplasm to a breeding program’s elite maternal

lines has an associated plastid-drag synonymous to the use of QTLs contained in large

introgression regions. Further validation of the CMS model can help assess cytoplasm

substitution’s risk on other economic traits in hybrid potato.

Pre-breeding for Quantitative Improvement

The role of pre-breeding is often neglected with regard to complex trait improvement of

potato. Pre-breeding strategies in diploid potato are particularly challenging as you are

frequently interested in novel material with a higher ploidy. Pre-breeding has at least three

problems: (1) How new germplasm should be screened, (2) How should ploidy reduction

be done, and (3) How should that material be incorporated into a breeding program.

None of these questions are very straightforward with regard to a diploid potato breeding

program and is decorated by multiple hazards. In a more familiar crop breeding scenario,

such as maize, if a new program is being initiated, evaluating a base population of lan-
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draces before introgressing into your breeding program is a sensible strategy for trait

improvement[85]. However, in diploid populations, novel tetraploid germplasm must first

be subjected to androgenesis or prickle pollination before dihaploids can be introduced

into a program[86,87]. This process not only disrupts the original trait architecture of that

original tetraploid donor, but these dihaploids frequently bear little to no resemblance to

the original donor making their original evaluation dubious.

Multiple screening approaches have been suggested, all of which, depend on molecular

marker information of some form. One approach proposed in banana and potato suggests

an extension of GBLUP whereby multi-ploidy training sets could enable prediction from

the 4x to 2x ploidy levels[88,89]. The prediction accuracy observed in these studies appear

modest, but whether the endeavour of dedicated tetraploid field evaluation for an aug-

mented across-ploidy training set is altogether justified is unclear. To avoid this, the IBD

estimation methodology from chapter 5 could be considered as a potential methodology

for linking the genetic value of dihaploids to their tetraploid forbearer’s. IBD estimation

of deep pedigrees in diploids has been realized in both simulated populations as well

as real[90]. Additionally, IBD estimation has been conducted in shallow structured pop-

ulations in tetraploids[91,92]. Very little methodological development would be needed to

extend the IBD tracing from tetraploid to related dihaploids enabling the estimation of

allelic effects (in diploid populations) from specific tetraploid haplotypes. If a novel donor

has already been introgressed into a program, IBD profiles could be leveraged and even

extended to related tetraploids.

Both these methods essentially seek to explain the performance of diploids by some molec-

ular proxy in the tetraploid either through a genetic covariance structure or via explicit

IBD probabilities. One last consideration for future improvements in pre-breeding is cap-

tured in what is often called the next stage of breeding or “Breeding 4.0” [93]. The central

premise is that a crop’s ideotype can be designed from the ground up based upon a

library of known functionally annotated haplotypes which are then combined into an op-

timal cultivar via cis or transgenic technologies[94]. Breeding is no longer a practice of

finding the proverbial needle in the haystack, but is instead the direct forging of a variety

from constituent components. This would make the role of pre-breeding primarily focused

on identifying those components. Recent endeavours in diploid potato breeding could be

described as examples of such crop design, most notably,[95]. Populations are screened on

the basis of functional genetic load based upon some algorithmic method (e.g. SIFT), and

are then used to hasten the process of inbred production. Whether this approach can pro-

duce a sufficient volume of inbreds to initialize a breeding program is to be seen, but it is

a tool which is already being used with the intent to design future potato cultivars.

Formalization of Risk

When considering a novel technology or more efficient breeding schema, the first question

often asked is “What kind of genetic gains can be expected with this implementation”?

This is sensible but without asking “what are the risks of such an implementation” bio-

metricians run the risk of optimistic forecasting. This addendum is especially pertinent for

potato breeders due to many of the aforementioned challenges, chief among them, envi-
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ronmental sensitivity[96]. Formalizing the estimation of explicit risk of a breeding strategy

is the province of quantitative genetics and thus deserves greater attention. For example,

decreasing the cycle length of a schema by reducing the number of years of trial evaluation

is a classic route used for increasing genetic gain. However, this also stands to increase the

uncertainty around a candidate if they have been exposed to an insufficient number of en-

vironments. Embracing other tools might also bring risk to the forefront. Factor analytic

and random regression models have been lauded for their ability to assess genotype stabil-

ity and adaptability, and offer incredible potential for evaluation in potato[97,98]. Looking

to methods utilized outside of plant breeding such as the use of hazard models could also

be useful for assessing the long-term stability of a potential potato candidate[99].

6.4 Conclusion

I present here a first examination into the quantitative nature of several complex traits in

hybrid potato. Additionally, through the survey of a variety of statistical models, I offer

a framework for evaluating hybrid potato genetic architecture, genotype-by-environment

interaction, and genetic progress. This thesis has also demonstrated the transformative

potential of biometrical methods in advancing hybrid potato breeding. Our findings under-

score the importance of building on traditional statistical formulations for both inferential

and predictive applications in potato breeding. These insights not only bridge critical gaps

in potato breeding but also align with broader trends in crop improvement, where quan-

titative genetics and genomic technologies are reshaping traditional paradigms. Moving

forward, the integration of these methods into breeding programs promises to enhance pre-

cision, reduce cycle times, and unlock the full potential of hybrid potato as a sustainable

crop for future agriculture.
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Summary

Potato (Solanum tuberosum L.) currently stands as the world’s third most important

food crop after rice and wheat. Potato provides essential nutrition and calories to bil-

lions of people globally. Its tubers are prized not only for their versatility in culinary

applications but also for their nutritional value, offering a rich source of carbohydrates,

vitamins, minerals, and antioxidants. Beyond its role as a staple food, potato serves as

a critical raw material for industrial applications including starch production, processed

foods, and bio-based materials. Despite its essential role in international food security,

genetic improvement of potato faces formidable challenges and is constrained by multi-

ple biological and market-related factors. The crop’s tetraploid nature, clonal propagation

system, and complex genetic architecture complicate breeding efforts and negatively affect

innovation. Furthermore, potato’s susceptibility to numerous pests and diseases, coupled

with its sensitivity to environmental stresses, necessitates continuous genetic innovation.

These realities coupled with long breeding cycles characteristic of clonally propagated

crops hamper the creation of novel potato varieties. Hybrid and diploid breeding systems

have been proposed as a potential solution which could circumvent some of the issues fac-

ing traditional clonal breeding. Hybrid breeding systems are inherently true seed based

which allow for faster propagation and multiplication rates in a breeding pipeline. True

potato seed (TPS) can be leveraged in replicated early yield and multi-environmental

trialling resulting in higher quality evaluations of important traits such as yield. This in

turn increases the accuracy and potentially the speed of selection earlier in the breeding

cycle. The use of TPS further enables the utilization of methodologies such as quantitative

trait locus (QTL) mapping and genomic prediction (GP) which depend on high quality

phenotypic data. The adoption of TPS transforms the traditional potato breeding schema

into a data-driven program. However, this is all contingent on several genetic assumptions

in how hybrid potato behaves. That includes a sufficient level of heterotic vigour, high

heritabilities among complex traits, and consistent uniformity in the F1 hybrids. Char-

acterising these factors are crucial for any implementation of hybrid potato. My thesis

assesses these questions in the following form:

In Chapter 1 I begin with a brief introduction of the evolutionary and recent cultivated

history of potato. This is followed by a justification for genetic improvement in potato lay

out current popular breeding methods for clonal potato. This includes an examination of

specific factors of potato’s biology which directly inform breeding; factors such as potato’s

tetraploidy, obligate clonal propagation, and deleterious mutation load. I then focus on

hybrid breeding methodology and propose where it could potentially augment genetic

153Summary

Su
m

m
ar

y



gain. However, to properly evaluate whether hybrid breeding is possible in potato, a proper

quantitative evaluation must be made using extant material. This chapter concludes by

describing this knowledge gap and the aims of this thesis.

A central component of hybrid breeding is the ability to conduct multi-environmental

trials (MET) and the capacity to retrieve accurate estimates of merit (e.g. best linear

unbiased predictor) with suitable heritabilities to warrant use as a selection criteria in

a breeding program. Chapter 2 examines this core premise for the first time in hybrid

potato utilizing METs from an active breeding program. I and my coauthors begin with

a thorough description of the trial data as it is one of the largest hybrid potato METs

published to date. We showcased a two-step statistical evaluation of the MET where

intra-trial effects were first estimated and fitted for all observations. This was followed

by a secondary multi-trial model where the spatially-resolved yield data was used to

estimate multiple genetical parameters, namely general and specific combining ability

(GCA & SCA respectively). We found that modelling yield on GCA of the parents was

sufficient for all yield components studied. All traits had significant SCA effects indicative

of non-additive genetic effects which could not be captured by parental effects alone.

We also examined the genetic architecture of these yield components via a multivariate

linear mixed model methodology. This procedure allowed us to delineate these genetic

correlations into additive and non-additive components. These results identified average

tuber volume as a potentially useful trait for long-term yield gains in a hybrid potato

program.

Because the trial data from Chapter 2 was sufficient for estimating genetic parameters

for hybrid potato, it was natural to extend the use of this trial data to other applications as

well. Hybrid breeding is often improved through the use predictive methodologies such as

genomic prediction which can increase selection accuracy, offer pre-selection capabilities,

and shorten breeding cycles. Because of this, examining the current capacity of genomic

prediction methods in potato dataset is critical for any hybrid program going forward. To

this end, Chapter 3 built on the two-step phenotypical modelling approach of Chapter

2 through the incorporation of molecular marker information. To assess the quality of

the molecular marker data, we conducted a thorough marker filtering analysis along with

an examination of population structure among the parental lines. We found moderate

population structure among the parental lines indicative of minor parental grouping, but

no proper pool structure. We then created two genomic models mirroring the structure

of the GCA and GCA+SCA models from Chapter 2. While the full GCA+SCA model

should be selected on the basis of the likelihood ratio test and similar criteria, there was

little gain in model performance through the incorporation of the SCA dominance matrix

for the yield components considered.

The results of Chapter 3 confirm that breeding values for parental lines had suitable

accuracy for multiple yield components and could be predicted from a genomic GCA

model. However, while genomic selection is undeniably efficient for the prediction of com-

plex traits, high density molecular marker sampling are often the largest expense and

logistical bottleneck when genomic selection is used. This makes genomic selection cost

prohibitive especially in scenarios where pre-selection is done with thousands of potential
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candidates. In such environments, marker-assisted selection (MAS) becomes much more

interesting for large pre-selection panels. To investigate the utility of MAS for complex

traits in hybrid potato, we consider a few selection scenarios in Chapter 4. Specifically,

we examine the selection efficiency of a MAS strategy using previously identified QTL for

several yield components versus a genome-wide selection schema. While we found that

the MAS schema was less efficient than genome-wide selection, this was not guaranteed

when cost was integrated into the selection efficiency statistic. One of the major findings

of this chapter is that MAS is not only possible for complex traits in hybrid potato, but

potentially favourable if a program is sensitive to genotyping costs.

Both Chapter’s 3 & 4 utilized a mid-density panel of biallelic SNPs which is standard

both in genetic theory as well as for most marker-based applications in crop plants. All this

said, there has been much interest in the use of multi-allelic marker information for popu-

lar genomic analyses including genomic prediction applications. This is especially true in

potato where the genomic diversity is cited as a justification for incorporating multiallelic

information in genomic models. Chapter 5, my final experimental chapter, examined the

utility of multiallelic molecular marker information for genome-wide predictive models.

We examined multiple forms of multiallelic marker information, namely, identity-by-state

(IBS) marker haplotags and estimated founder origin identity-by-descent (IBD) variants.

Using a traditional cross validation methodology, we tested both forms of multiallelic

marker data against biallelic SNP information for a profile of yield components. Interest-

ingly, there was no gain in model performance using the haplotag markerset with a clear

decrease in performance using the founder IBDs as model predictors. We outline a few

potential reasons for these results and offer alternative applications outside the prediction

of GEBVs. A major finding was that multiallelic marker information have little merit in

the genomic prediction of yield in potato.

I conclude this thesis with a general discussion and retrospective in Chapter 6. I take

the time to examine the implications of these results for future hybrid potato breeding

and locate questions which are still unaddressed at this point in time.
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